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The pose determination between nanosatellites and the cooperative spacecraft is essential for swarm in-orbit services. Time-
of–flight (ToF) sensors are one of the most promising sensors to achieve the tasks. This paper presented an end-to-end
assessment of how these sensors were used for pose estimation. First, an embedded system was designed based on the ToF
camera with lasers as a driven light source. Gray and depth images were collected to detect and match the cooperative
spacecraft in real time, obtaining the pose information. A threshold-based segmentation was proposed to find a small set of the
pixels belonging to reflector markers. Only operating on the defined active pixel set reduced computational resources. Then,
morphological detection combined with an edge following-based ellipse detection extracted the centroid coordinate of the
circular marker, while the center-of-heart rate was calculated as the recognition condition. Next, the marker matching was
completed using a deterministic annealing algorithm, obtaining two sets of 3D coordinates. A singular value decomposition
(SVD) algorithm estimated the relative pose between the nanosatellite and the spacecraft. In the experiments, the pose
calculated by the TOF camera reached an accuracy of 0.13 degrees and 2mm. It accurately identified the markers and
determined the pose, verifying the feasibility of the ToF camera for rendezvous and docking.

1. Introduction

Spacecraft pose determination is aimed at acquiring the rel-
ative pose of the active spacecraft like nanosatellites to the
target [1]. The target pose is identified by six parameters rep-
resenting the translation and rotation of the relative motion
[2]. It is fundamental information in the filtering scheme of
relative navigation, determining the relative state between
the chaser and target. Spacecraft pose determination is
essential in many mission scenarios, such as nanosatellite
formation flying, active debris removal, and swarm services
[3–5]. It contributes to executing further relative navigation
maneuvers autonomously in these scenarios.

Now, different sensors and markers are explored for
spacecraft pose estimation [4, 6]. Electrooptical (EO) sensors
are the best option to implement pose determination in close
proximity. Some of the sensors are active such as the light
detection and ranging (LIDAR) system and passive like

monocular and stereo cameras [7, 8]. They can estimate the
6-DOF (degrees of freedom) pose of a chaser orbiting in close
proximity. When using these sensors for cooperative pose
determination, the space target is equipped with artificial
markers easily detected and recognized in the acquired data-
sets. These markers can be also active or passive, such as light
emission diodes (LEDs) and regular geometry reflector
markers (RGRMs). They are located on the target surfaces
based on specific known patterns. Although many different
sensors and markers can be used for spacecraft pose estima-
tion, this paper will investigate the unique problem of using
ToF sensors for pose estimation with RGRMs.

ToF cameras with anti-interference, automatic illumina-
tion, and low power consumption are increasingly applicable
to cooperative target pose estimation [3, 9, 10]. The typical
ToF camera consists of two primary components: (1) a laser
and accompanying transmit optics and (2) the receive optics
and detector [11, 12]. In this type of sensor, the laser
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generates a pulse covering the entire field of view (FOV). This
laser pulse is then reflected by objects within the FOV of the
laser to transmit optics. Some reflection can return to the
detectors, which are only sensitive to light at the laser’s wave-
length. Since the detectors in a ToF camera are an array of
many small detectors (the pixels on the focal plane), two pieces
of information consisting of laser return intensity and laser
time of flight are obtained at each pixel. Therefore, a ToF cam-
era can generate two images at the current frame by one shot
[3, 13–15]. A laser return intensity image resembles photo-
graphing the same scene using a black and white camera with
a flashbulb in a dark space. The latter image contains the range
at each pixel, creating 3D point clouds of the observed target.
Such capability can reduce the distortion of sensor data caused
by the fast relative motion between the target and camera.
Moreover, the ToF camera has the advantages of high frame
rate, easy calibration, small and simple structure, and high
integration [16]. They are conducive to its actual applications
in space missions.

Therefore, this paper developed the pose determination of
cooperative spacecraft using a ToF camera. Cooperative pose
determination means that a nanosatellite with a ToF camera
as the chaser performs relative navigation to the target space-
craft equipped with cooperative reflector markers. The reflec-
tors are placed at known positions on the target [17, 18].
Therefore, in a ToF pose determination system, the reflectors
must be found in the ToF imagery and then matched with a
catalog of reflectors stored onboard the nanosatellite, that is,
the reflector identification. Once each reflector is identified,
pose estimation between the sensor and reflector catalog
frames is available. The ToF camera simultaneously imple-
ments position and attitude measurements by multiple reflec-
tors on the known target in cooperative pose determination.

Furthermore, this paper focused only on the close-range
portion (<15m) of cooperative pose determination, where
multiple reflectors are simultaneously visible. For executing
an instantaneous pose measurement from the ToF data, a
three-step process was presented as follows: (1) extract candi-
date reflectors from ToF imageries, (2) match the candidate
reflectors to a known catalog, and (3) estimate the transforma-
tion best mapping the catalog reflector positions to observed
reflector positions. Furthermore, themain contributions of this
work are presented as follows:

(1) An embedded measurement system was developed for
cooperative spacecraft pose determination. It consists
of a ToF camera, a pose determination algorithm, a
target with eight reflectors, a turntable, and a software

(2) Using the characteristics that the reflecting intensity
of reflectors is higher than the background, a
threshold-based segment was proposed to find a
small set of pixels that are likely to belong to a reflec-
tor. The computational resources can be greatly
reduced by only operating on a subset of the raw
image

(3) Circular reflectors were used in this paper, and mor-
phological and ellipse detections were combined to

extract the centroid coordinate of the reflector. Then,
center-of-heart rates were computed as the reflector
recognition condition

2. Measurement System Composition

2.1. Hardware System. The hardware system is composed of
an embedded ToF module, a power supply system, a cooper-
ative target, and an upper computer, as shown in Figure 1(a).
The background of the target is designed as black, and the
reflectors are designed as white (Figure 1(c)). The reflectors
of the target are divided into two groups according to their
sizes, and each group of reflectors is composed of four circu-
lar markers with a configuration of “L.” Specially, the diam-
eter of the markers numbered 1 to 4 is 35mm, and that of
those numbered 5 to 8 is 80mm. The height of the markers
numbered 1, 3, 4, and 7 relative to the background is
100mm, and that of those numbered 2, 5, 6, and 8 relative
to the background is 150mm. The information is manifested
in Figure 1(c).

The designed ToF camera uses eight 850nm lasers as the
driving light source (the model of driving light source: 8 ×
SFH 4715S made by the OSRAM Company) to detect the
target at a farther distance. The ToF camera contains gray-
scale and depth modes. In the gray mode, ToF works the
same way as ordinary cameras, which receive passive light
source imaging in a gray map with a resolution of 320 ×
240. In depth mode, ToF uses the active light source gener-
ated by a laser to obtain the depth data of the target directly
and arranges the data according to the image matrix to form
a depth map with a resolution of 320 × 240. The hardware
composition of the designed ToF camera is shown in
Figure 1(b). A 24V regulated power supply powers the
ToF module, and an ARM with Linux operating system is
embedded in the module. Relying on the capability of ambi-
ent light suppression under high light intensity environ-
ments (the high light environment is defined as 10000 Lux
and normal light environment is defined as 1000 Lux), the
EPC660 is chosen as the ToF chip (the chip parameters:
320 × 240 pixels, 20 μm× 20 μm/pixel, the size is 6:4mm ×
4:8mm, and diagonal length is 8mm). The lighting source
is VCSEL (vertical cavity surface-emitting laser), with the
laser having high power and high stability. The lens’s focal
length is designed as 6.5mm, the horizontal FOV is designed
as 52.4 degrees, and the vertical FOV is designed as 40.6
degrees (the detailed design process is given later). After
receiving instructions from the upper computer, images are
transmitted to the computer through the network cable.

The overall weight of the ToF camera is 1 kg. The work-
flow of ToF is as follows: 850nm active light source is sent
according to the set frequency; 850nm light reflected by the
target is received and collected; AD converts the received
reflected light energy; the time difference between the emitted
light and the reflected light is calculated based on the phase
difference to obtain the distance of the target.

Since the operating range of the ToF camera in this paper is
set within 15m, the optical system of the ToF needs to design
the optical aperture size and FOV according to the distance
of the relative moving target, and the size of the FOV needs
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to be based on the area of the target identification point. The
relative movement range of the platform is determined to
ensure that the identification point of the cooperative target
always remains within the FOV in the measuring range. Then,
the designed indicators of the optical system are as follows:

(1) The wavelength λ = 850 μm

(2) The caliber is 20mm

(3) The light-source divergence angle is 90°

Then, GE refers to the transmitting optical system of the
ToF. The receiving (imaging) optical system on the right is
GR ;GE =GR is the distance from the measured target to
the camera; BE, BR refer to the areas covered by GE and GR
, respectively; bR is the chip size; gR is the distance from
the chip to the lens (image distance); and f LR is the focal
length of the lens. According to the lens imaging theory,
f LR can be calculated as

f LR =
GR

1 + BR/bR
: ð1Þ

As for measuring ranges, the near field is 0.27m~15m
and the far field is 12m~100m. Imaging lenses are sepa-
rately designed on this basis. When determining the focal
length of lens, the change of BR with GR is calculated to
obtain the number of target pixels on the imaging chip, as
follows:

BR = bR ·
GR

f LR
− 1

� �
: ð2Þ

During the calculation process, bR is divided into bR1 =
6:4mm and bR2 = 4:8mm corresponding to the long and
short sides of the chip, respectively. The sizes of the corre-
sponding images are BR1 and BR2. Then, the total number
of pixels in the circular area is

pcir =
π D/2ð Þ2
BR1 × BR2

× 320 × 240: ð3Þ

The total number of pixels in the entire rectangular tar-
get is

prec =
990mm × 550mm

BR1 · BR2
× 320 × 240: ð4Þ

The ToF requires that the characteristic area of the target
is clearly imaged within the range of 0.27m~15m, aiming to
obtain the distance and angle information of the target, GR
= 0:27m. Considering a certain margin, BR = 240mm. The
resolution of the sensor chip is 320 × 240. The total pixel
points are 76,800. The size of a single pixel point is 20 μm
× 20 μm, and the size is 6:4mm × 4:8mm. Then, the cases
of covering the long and short sides of the imaging chip
are considered.

(i) bR = 64mm, and the focal length of lens is 7mm

(ii) bR = 4:8mm, and the focal length of lens is 5.3mm

Thus, the ToF receiving optical system uses a lens with a
focal length of 6.5mm. At this time, the horizontal FOV is
52.4 degrees and the vertical FOV is 40.6 degrees.

2.2. Software System. The ToF system software consists of
embedded server software and upper-computer client appli-
cation software. The embedded server software runs on the
Linux operating system of the embedded ToF. It completes
hardware initialization, raw depth data, and grayscale data
processing receiving and responding to client. Hardware
working parameter settings, depth, and grayscale image data
can transfer request and output functions. The embedded
server software is the running interface, and the device runs
automatically when powered on. The client application soft-
ware system is performed by a customized version QT5.9.4
implemented in C++, including the drivers for gray and
deep image acquisition, processing, target detection, and
pose solutions, as shown in Figure 2. To debug the pose
measurement algorithm, the depth map, grayscale map,
and pose results are directly manifested on the interface of
the upper computer. In the meantime, the software visuali-
zation window can view the depth value corresponding to
each pixel.

In the working mode, the ToF camera transmits the
grayscale and depth maps to the upper computer alternately.
After obtaining image data, the pose determination algo-
rithm outputs the pose, consisting of three steps.

(1) Reflector detection: segment reflectors from the gray
image and extract the centroid coordinates of the
target. Meanwhile, the depth information of the cen-
troid is also extracted from the depth image

(2) Reflector matching: assign the observed candidate
reflectors to catalog reflectors through deterministic
annealing in Markov random field (MRF).

(3) Pose calculation: input the 3-D coordinates of the
matching reflectors, and then use SVD to calculate
the rotation matrix R and position vector t.

2.3. ToF Measurement Model. A ToF camera with frame S
observes a reflector with a known position in the target cat-
alog with frame C which is shown in Figure 3. Such a mea-
surement model is simplified as [3]

y = RC
S x + t, ð5Þ

~y = RC
S x + t + ϵ, ð6Þ

where ~y ∈ℝ3 is a reflector position in the ToF frame S, x ∈
ℝ3 is the position of the corresponding reflector in the target
catalog frame C (i.e., as found in the reflector catalog), RC

S
describes the rotation from the target catalog frame C to
the ToF frame S, t is the position of the origin of the target
frame C with respect to the ToF frame S, and ϵ is the
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measurement error. Therefore, the pose can be described by
RC
S and t.
The laser pulse of the ToF reflected off a reflector follows a

line-of-sight direction of −y/kyk, projects onto the ToF focal
plane, and illuminates some of the pixels. The pixel coordi-
nates of the point illuminated by this laser return on the image
plane are defined as ½u, v�. The image plane is an imaginary
plane parallel to the ToF focal plane and is placed in front of
the optical center of the ToF receive optics. It creates an image
similar to that of an observer along the ToF boresight direction
at the lens (Figure 3). Moreover, pixel columns are defined by
integer values of u, and pixel rows are defined by integer values
of v. Therefore, the point ½u, v� is related to the measuring line-
of-sight direction by a pinhole camera model. Then, any point

½u, v� is converted to an equivalent horizontal angle φ and
vertical angle ω by

tan φ =
up − u

f × sx
,

tan ω =
vp − v

f × sy
,

ð7Þ

where ½up, vp� refer to the coordinate of the principle point, sx
and sy are the x- and y-axis scale factors in units of pixel/
length, and f is the focal length of the receive optics. Observing
the ToF images at the pixel coordinates ½u, v� yields the corre-
sponding measuring depth ρ. Therefore, a measured 3-D
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point is expressed in the ToF frame S, as

y = ρ
u
uk k u =

tan φ

tan ω

1

2
664

3
775: ð8Þ

The results of Equation (8) can be used to construct an
analytic expression for the measuring covariance in terms of
readily available ToF measurement statistics. Define the bear-
ing by the unit vector e:

e ==
u
uk k : ð9Þ

Therefore, the measurement is given by

~y = y + ϵ = ρ + δρð Þ e + δeð Þ, ð10Þ

where δρ and δe are depth and line-of-sight measuring errors,
respectively. How to eliminate these errors will be introduced
in Section 5.2.

3. Cooperative Reflector Extraction

3.1. Image Preprocessing. Reflector markers on the coopera-
tive targets are made of special reflective materials so that
the reflecting intensity is higher than the background [3,
17–19]. The gray threshold and filtering intensity threshold
are used to segment the gray image twice, and the region
where the reflector markers are located is defined as the
active pixel set.

3.1.1. Raw Gray Threshold. The first component is to find an
effective pixel set of N pixels (such that N ≤Nmax) that are
likely to belong to a reflector marker. The computational
resources required of the nanosatellite can be greatly
reduced by only operating on a small set of the original
image, so that this useful set is defined as active pixel set A
. It follows that the member pixels in A must be selected
such that no useful pixels are missed. The following process
is designed on how to find A by using the characteristic that
reflectors are made of special reflective materials so that the
reflecting intensity is higher than the background.

First, apply a threshold operation It to the raw gray
image I to check all pixel positions Iðu, vÞ ≤ It , where It is
the raw gray threshold, as shown in Figure 4(a). It = 0:38
× Imax = 114:66 is adopted in our experiments, where Imax
is the maximum value of grayscale. Note that the choice of
the threshold is based on empirical values according to light
intensity environment and the reflecting intensity of reflec-
tor markers. Each reserved pixel is stored in a data structure
containing the image plane coordinates as well as the range
and intensity value for each pixel. The size of A is limited
to Nmax = 120 × 100. If more pixels exist in thresholding
operations than those allowed in A , a sort is performed,
and pixels are discarded from the dimmest to the brightest
until the number of pixels is reduced to the maximum allow-
able in A , as shown in Figure 4(b).

3.1.2. Filtered Intensity Threshold. The gradient operator and
two-dimensional Gaussian function with standard deviation
σ are defined, respectively, as

∇2 =
∂2

∂x2
+

∂2

∂y2
, ð11Þ

G x, yð Þ = e− x2+y2ð Þ/2σ2ð Þ: ð12Þ

Substituting Equation (12) into Equation (11) obtains the
following expression:

∇2G x, yð Þ = x2 + y2 − 2σ2

σ4

� �
e− x2+y2ð Þ/2σ2ð Þ, ð13Þ

where ∇2Gðx, yÞ refers to the Laplacian-of-Gaussian filter.
Then, a negative Laplacian-of-Gaussian (nLoG) filter is
applied to a gray image, as

g x, yð Þ = −∇2G x, yð Þ� �
× f x, yð Þ, ð14Þ

where f ðx, yÞ is a gray image. The convolution is only executed
for the pixels in A . It constitutes a significant computational
saving. The active pixel set is a bright blob which is suitable
for segmentation with the nLoG operator. The nLoG operator
response value of a bright blob is great because of the character-
istic of center-surround mechanism of the nLoG operator. The
pixels are located in decreasing order, and a second threshold is
adopted based on the filtered intensity (keep all pixel locations
Jðu, vÞ ≥ Jt, where Jt is the filtered intensity threshold; Jt =
0:02 × gðx, yÞ = −185:58 is used in our experiment), as shown
in Figure 4(c).

For the depth image, the range is corrected by the recursive
time-domain median method as Dðu, vÞ =midðD1ðu, vÞ,D2ð
u, vÞ,⋯,Dkðu, vÞÞ, where Dkðu, vÞ represents the range of the
k-th depth image in pixel coordinates ðu, vÞ. After image pre-
processing, the active pixel setA contains the image plane coor-
dinates, raw intensity, filtered intensity, and depth of each active
pixel. For the final quicksort step, pixels in the set are ordered by
decreasing filtered intensity from the brightest to dimmest. In
construction, the intensity of all pixels not contained in A is
assumed to be zero.

3.2. Finding Candidate Reflector. The second component is to
find the candidate reflector blobs in a single preprocessed ToF
image. The contiguous blobs of the preprocessed image are
searched in A using the following three criterion:

(1) The maximum grayscale in the blob is higher than
Ipeak , and the minimum one is greater than It . Note
that the Ipeak = 155 and It = 114:66 are used in our
experiments

(2) The maximum filtered intensity in the blob is higher
than Jpeak , and the minimum one is greater than Jt .
Note that the Jpeak = −125 and Jt = −185:58 are used
in our experiments
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(3) The number of member pixels is between the
dependent values Hmin = 95 and Hmax = 225

The output of this step is a list of pixels belonging to the
L brightest candidate reflector blobs [3]. A few attractive
observations are made relating these criteria to concepts
from mathematical morphology. The first two criteria are
equivalent to morphological reconstruction, while the third
criterion is assessed by connected component analyses.
Then, suppose that four binary images are created as

B1 u, vð Þ =
1, I u, vð Þ ≥ It ,

0, I u, vð Þt < It ,

(

B2 u, vð Þ =
1, I u, vð Þ ≥ Ipeak,

0, I u, vð Þ < Ipeak,

(

B3 u, vð Þ =
1, J u, vð Þ ≥ Jt ,

0, J u, vð Þ < Jt ,

(

B4 u, vð Þ =
1, J u, vð Þ ≥ Jpeak,

0, J u, vð Þ < Jpeak:

(

ð15Þ

Since the reflectors adopted in this paper are circular, and
their sizes are known, the contiguous blobs can be labeled to
obtain the center. The pixels of the blobs with the same label
can be counted, and the eccentricity and centroid of each blob
can be calculated. Finally, the reflectors can be screened by
finding the contiguous blobs with the number of pixels between
Hmin and Hmax, and the eccentricity meets the conditions.

3.3. Ellipse Detection for Reflector Confirmation. The third
component is confirming the detected reflector blobs.
Although the detection method based on morphology is
simple, it risks missing detection. When the detected num-
ber of marks does not match the designed number, the
ellipse detection method is adopted to confirm and supple-
ment. Generally speaking, ellipse detection comprises three
steps: edge segments, line segments, and ellipse.

An adaptive edge detector [20] is first applied to generate
edge maps without clarifying the low and high thresholds in
the edge segment detection procedure. Thus, it could achieve
better accuracy throughout different light conditions. Then,
we use a curvature predictive edge-linking detector to extract
segments from the edge maps. It uses the curvature of the

last 12 points to predict the trend of the current segment.
After that, an edge-thinning method [21] is used to get
one-pixel-wide segments.

In the line segment detection procedure [22], we use a
length-based line segment detector. By combining the length
error and the proportion of directions, this detector could
translate the edge segments into a series of line segments.
Moreover, three elliptical conditions are applied to obtain
potential elliptical arcs. Suppose that a line segment is given
from the previous step, and M denotes the number of line
segments. In the m-th line segment, Nm denotes the number
of pixels. The n-th point of the m-th line segment will be
denoted by Pm,n, where ðm = 1,⋯,MÞ and (n = 1,⋯,Nm).
For the m-th line segment, we split it into individual ellipti-
cal arcs at the connection point Pm,n for the following condi-
tions [23].

(i) Point condition (PC): at least five points exist to fit
an ellipse, so we will delete the line segment which
contains no more than Thnc pixels.

(ii) Angle condition (AC): ξm,n is the angle from the two
aligned vectors in clockwise. We break the m-th line
segment at Pm,n where jξm,nj > Thvc. Thvc = 5 is
adopted in our experiments

(iii) Curvature condition (CC): an ideal elliptical arc
traces an ellipse with a sequence of points. There-
fore, the curvatures of the connected points should
be of the same sign. We break them-th line segment
at Pm,n on condition that ξm,nξm,n+1 < 0

Next, a neighborhood segment grouping [21] is used to
merge near distance segments to extract more complete and
informative elliptical arcs for ellipse detection. tr is a thresh-
old determining if two-line segments are in a close range, and
tr = 0:06 × image diagonal is adopted in experiments. There
are four-line segments from the partial enlarged view, and
they all meet the threshold tr . AC and CC determine if two-
line segments can be connected. Then, the parameters of
these ellipses are estimated by the ElliFit [24].

3.4. Computing Candidate Reflector Centroids. The final
component is to compute candidate reflector centroids [3].
Further, the counterimage C counts the number of frames
in which each pixel was found to belong to a candidate
reflector. Now, a simple persistence check can be performed

Gray image

(a) The original gray image (b) Raw intensity threshold (c) Filtered intensity threshold

Threshold segmentation Laplacian-of-gaussian filter

Figure 4: Image preprocessing on test image.
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by only keeping pixels with a counter value above Cmin: For
the pixels passing this check, the processed intensity image I
and simplified depth image D are divided by the
counterimage.

Then, the orientation and range to the candidate reflec-
tors is computed. The orientation can be derived from the
centroids of the remaining contiguous blobs within the
mean raw intensity image I. Given an exceptional blob Bi,
the centroid ½uo, vo�i is calculated using a weighted-average
algorithm on I:

uoð Þi =
1
χ

〠
u,v½ �∈Bi

uI u, vð Þ, voð Þi =
1
χ

〠
u,v½ �∈Bi

vI u, vð Þ,

χ = 〠
u,v½ �∈Bi

I u, vð Þ:
ð16Þ

The depth ρi to the possible reflector described by the
blob Bi is computed by finding the average depth of the
blob’s member pixels:

ρi =
1
Si

〠
u,v½ �∈Bi

D u, vð Þ, ð17Þ

where Si is the number of pixels in Bi. A penalty score qi for
each centroid is computed based on the size, shape, and
intensity of the blob. Then, we use qi to check each centroid
whether it meets qi ≤ qmax, dmin ≤ dw ≤ dmax, and dmin ≤ dh
≤ dmax, where qmax = 0:9 is the max penalty score and dw
and dh are defined as the width and height of Bi, respectively.
When all the checks are passed, the blob is considered as a
candidate reflector, as shown in Figure 5.

During calculating the above target center, the eccentric-
ity and centroid of the connected domain are used to screen
out the target center. As mentioned above, the method is
simple and prone to errors under the interference of image
background noise. To improve the robustness of the compu-
tation, the results of ellipse detection are used to further
enhance and confirm the center of the reflector. The ellipse
equation can also be described as

Ax2v + 2Bxvyv + Cy2v + 2Dxv + 2Eyv + F = 0, ð18Þ

where ðxv, yvÞ is the image coordinate and ½A, B, C,D, E, F�
are fitted parameters derived from the ellipse. Then, the
coordinates of the ellipse centroids are rewritten in the qua-
dratic form, as

xv yv 1ð Þ
A B D

B C E

D E F

2
664

3
775

xv

yv

1

2
664

3
775 = Pv′QvPv = 0: ð19Þ

Next, the eigenvalue and eigenvector of the matrix Qv
are calculated. Set the eigenvalue and normalized eigenvec-

tor of Qv as

μ1, μ2, μ3ð Þ,
f1, f2, f3ð Þ:

ð20Þ

The values of P = ½e1, e2, e3� and λ1, λ2, λ3 are determined
as follows:

(1) μ1, μ2 are set as the same signs (plus or minus), k
μ1k ≥ μ2, and λ3 = μ3

(2) If e3×½0 0 1�T > 0, e3 = f3 or e3 = f3

(3) λ2 = μ2, e2 = f2 ; λ1 = μ1 ; e1 = e2 × e3

The ellipse cone in the standard space is obtained, and
the range of the centroids can be calculated as

z = R

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
λ1j λ2j j + λ3j jð Þ

λ3j j λ1j j + λ3j jð Þ
s

, ð21Þ

where R refers to the radius of mark points. Finally, the
mean values of ðuoÞi, ðvoÞi, and detected ellipse centroids xi
, yi are solved, taking these values as the centroids of the final
markers. The range of ρi is analogous to solve.

4. Feature Matching

4.1. Definition of Matching Sets. Suppose that η catalog
reflectors and γ observed reflectors are introduced in Equa-
tions (5) and (6). Define L = f0, 1, 2,⋯, ηg as the catalog
reflectors [3, 25]. Then, the Euclidean distance between
two catalog reflectors is given by

C relativeij = xi − x j, i, j ≠ 0, ð22Þ

where i, j ∈ f1, 2,⋯, ηg denote the i-th and j-th catalog
reflector.

Second, R = f1, 2,⋯, γg represents the observed reflec-
tors. Similarly, the Euclidean distance can be expressed as

O relativekl = ~yk − ~yl, ð23Þ

where ~y is defined in Equation (6) and k, l ∈R refer to the k
-th and l-th observed reflectors. Therefore, the pose

Gray image

(a) The original gray image (b) Candidate reflector centroids

Candidate reflector centroids

Figure 5: Finding candidate reflector centroids.
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determination is to find the mapping g from R to L

g : R⟶L , ð24Þ

where g = fg1, g2,⋯, gγg is a candidate configuration of the
Markov random field G [26–28].

Since the set G of reflector assignments is the MRF, then,
the MRF will be used to find the probability that the k-th
observed reflector can correspond to the i-th catalog reflec-
tor, Gk =L i, given the assignments of the neighboring
observed reflectors. For more compact notations, a candi-
date realization Gk =L i is given by gki. Therefore, the
MRF computes the probabilities

p gkijgN k

	 

∀i, k, ð25Þ

where N k represents the indices of neighbors of the k-th
observed reflector. pðgkijgN k

Þ can be expressed by the Gibbs
distribution [29, 30]:

p gki gN k

���	 

=

exp −1/T∑c∈Ck
Vc g gkijð Þ� 

∑η
h=0 exp −1/T∑c∈Ck

Vc g gkhjð Þ�  , ð26Þ

where T is the system temperature, Ck is the set of cliques
involving the k-th observed reflector, and VcðgjgkiÞ is the
clique potential of g given that the value of Gk is set to L i.
Given T and Ck, pðgkijgN k

Þ is the unique distribution that
maximizes the system entropy.

4.2. Deterministic Annealing. The Gibbs distribution is
derived from an energy minimization perspective, where
one seeks to minimize the Helmholtz free energy [3]. Equa-
tion (26) can be derived from solving the following optimi-
zation problem:

min H = E − TS, ð27Þ

where H is the Helmholtz free energy, E is the internal
energy, T is the system temperature, and S is the Shannon
entropy. Thus, the distribution from Equation (26) is the
unique distribution that minimizes E. Based on Equation
(26), as T becomes highly large, an equal probability appears
that Gk exists in any of the η + 1 different states described by
L = f0, 1, 2,⋯, ηg

lim
T⟶∞

p gki gN k

���	 

=

1
1 + η

 ∀i, k: ð28Þ

Therefore, the annealing process can be initiated at a
high temperature, with an a priori assumption of a uniform
probability distribution across all possible reflector assign-
ments. By constant iteration, the temperature is reduced
based on a cooling schedule [31] given by

T m+1ð Þ =
1
τ
T mð Þ, ð29Þ

where m is the iteration number and τ > 1 is the cooling
parameter. Although a logarithmic cooling schedule TðmÞ

∝ log ðm + 1Þ has been shown in theory to guarantee
convergence to the global minimum, it generates a rate of
convergence unacceptably slow for real-time applications.

Finally, for the form of the Gibbs distribution, it is clear
that the probability of the lowest energy state tends toward
one (and the probability of all other states tends toward
zero) as T becomes highly small. It can be mathematically
expressed as

lim
T⟶0

p gki gN k

���	 

=

1, Eik =min
j

Ejk,

0, otherwise:

8<
: ð30Þ

With the temperature iteratively decreasing, an ideal
configuration is guaranteed to reach eventually.

4.3. Algorithm Implementation. In this section, the determin-
istic annealing is implemented as the element assignment of
a matrix. First, suppose that the conditional probabilities are
arranged into a matrix A:

A =

A10 A11 ⋯ A1η

A20 A21 ⋯ A2η

⋮   ⋱ ⋯

Aγ0 Aγ1 ⋯ Aγη

2
666664

3
777775, ð31Þ

Aki = p gki gN k

���	 

: ð32Þ

Therefore, the sum of each row is one based on Equation
(31). Define the parameter ψ as the inverse temperature ψ
= 1/T . It follows the form of Equation (29), as

ψ m+1ð Þ = cψ mð Þ: ð33Þ

This expression is used to reduce the temperature as the
algorithm is constantly iterated. Then, any particular tem-
perature iteration is defined as

F mð Þ
ki =

exp −ψ mð Þ 〠
γ

l=1
〠
η

j=1
A m−1ð Þ
l j ρ2kil j − α2

	 
" #
, i ≠ 0,

1, i = 0,

8>><
>>:

ð34Þ

where the constant α is a penalty parameter. Equation (26)
at the same iteration can be rewritten as follows:

p gki gN k

���	 
 mð Þ
= A mð Þ

ki =
F mð Þ
ki

∑η
h=0 F

mð Þ
kh

, ð35Þ

where k ∈R = f1, 2,⋯, γg and i ∈L = f0, 1, 2,⋯, ηg. Then,
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Fki forms the matrix F:

F mð Þ =

F mð Þ
10 F mð Þ

11 ⋯ F mð Þ
1η

F mð Þ
20 F mð Þ

21 ⋯ F mð Þ
2η

⋮   ⋱ ⋯

F mð Þ
γ0 F mð Þ

γ1 ⋯ F mð Þ
γη

2
6666664

3
7777775
: ð36Þ

Based on Equation (36), the matrix AðmÞ is computed by
normalizing each element in FðmÞ by summing its rows. Fur-
thermore, the independent row normalizations are easily
parallelized, and this method can be highly facilitated by
realizing a field-programmable gate array. As mentioned
above, if ψð0Þ is chosen small enough, the initial values in
A are given by

A 0ð Þ
ki =

1
1 + η

 ∀i, k: ð37Þ

Further, if the temperature slowly decreases in iterations
according to Equation (33), Equation (30) demonstrates that
all values in A tend to be zero or one [3].

5. Pose Estimation Based on Singular
Value Decomposition

5.1. Pose Estimation. First, the objective function is selected
as follows [3, 32–33]:

min J R, tð Þ = 1
2
〠
m

i=1
wiyi − Rxi + tð Þ2, ð38Þ

where m is the number of the matching pairs and wi is a
weight. This function seeks the R and tminimizing weighted
measurement residuals. Taking the variations of t and set-
ting the result as zero yields

t = �y − R�x,

�x ≜ ∑m
i=1 wixi
∑m

i=1 wi
, �y ≜ ∑m

i=1 wiyi
∑m

i=1 wi
:

ð39Þ

Then, the following operations are defined as

~x ≜ x − �x = x −
∑m

i=1wixi
∑m

i=1wi
, ~y ≜ y − �y = y −

∑m
i=1wiyi
∑m

i=1wi
,

yi − Rxi2 = yi − Rxið ÞT yi − Rxið Þ = yTi − xTi R
T� �

yi − Rxið Þ
= yTi yi − yTi Rxi − xTi R

Tyi + xTi R
TRxi:

ð40Þ

Because R is an orthogonal matrix, yTi R, xixTi RTyi are
scalars and yTi yi, xTi RTRxi are constants. RTR =1 and yTi R
xi = xTi RTyi are obtained. Hence, the expression is written

as follows:

min ~J = −〠
m

i=1
wi~yTi R~xi = −tr RST

� �
: ð41Þ

Define S ≜ ∑m
i=1wi~yi~xTi . The singular value decomposi-

tion of S is given as

S = 〠
m

i=1
wi~yi~x

T
i =UΣVT , ð42Þ

where U and V are the singular vectors of S and Σ is the sin-
gular value of S. The eigenvectors of SST constitute U and V,
and the eigenvalues constitute ΣTΣ. The following expres-
sion is obtained as

min ~J = −tr R ΣVT� �TUT
	 


= −tr ΣUTRV
� �

: ð43Þ

Since U, R,V are orthogonal matrices, Y =UTRV is also
an orthogonal matrix. Then, the maximum trace is calcu-
lated as

tr ΣYð Þ =
σ1 ⋯ 0

⋮ ⋱ ⋮

0 ⋯ σn

2
664

3
775

y11 ⋯ y1n

⋮ ⋱ ⋮

yn1 ⋯ ynn

2
664

3
775 = 〠

n

i=1
σiyii ≤ 〠

n

i=1
σi:

ð44Þ

The maximum trace is required to minimize ~J . When
yii = −1, R can be calculated. The det ðUÞ det ðVÞ = −1 corre-
sponding to the above situation.

UTRV =

1 0 0

0 1 0

0 0 det Uð Þ det Vð Þ

2
664

3
775: ð45Þ

The optimal estimation for Rˆ is obtained as

Rˆ =V

1      

  1    

    ⋯  

    1  

      det VUT� �

2
666666664

3
777777775
UT : ð46Þ

Therefore, the optimal estimation for tˆ is implemented
based on Equation (39), as

tˆ = �y − Rˆ�x: ð47Þ

5.2. Optimization of Error. The ToF measurement system
can obtain an initial pose estimate Rð0Þ and tð0Þ by the
SVD. According to Equation (10), pose errors should be
considered for optimization. Suppose the measured line-of-
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The ground truth
of attitude angle

The roll angle

The yaw angle

The pitch angle

The L-shaped marker

The side of the
turntable

The front of the
turntable

The TOF camera

Figure 6: Semiphysical experimental system.

(a) Results of 5 reflectors in different poses

(b) Results of 6 reflectors in different poses

Figure 7: Reflector detection results.
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sight direction to the i-th observed reflector is given by ~ei.
This section is aimed at iteratively reprojecting the expected
measurements in the observed line-of-sight directions to
improve pose estimation performance. As mentioned above,
the initial guess in iterations is the measured reflector posi-
tions ~y obtained by the centroid algorithm.

Performing the expected measurements in the observed
line-of-sight direction creates a new measurement for the
next iteration

~y k+1ð Þ
i = ~eTi R kð Þxi + t kð Þ

	 
h i
~ei, ð48Þ

where RðkÞ is the rotation matrix from the target frame to
ToF frame at the k-th iteration, tðkÞ is the vector from the

ToF to target at the k-th iteration, and ~yðkÞi is the measure-
ment of the i-th reflector at the k-th iteration. Therefore,
the residuals are defined as

ε kð Þ = 〠
m

i=1
R kð Þxi + t kð Þ − ~y kð Þ

i : ð49Þ

This iteration continues until the change of εðkÞ drops to
the threshold. That is, εðk+1Þ − εðkÞ < 0:002.

6. Results

6.1. Experimental System Composition. The experimental
system in Figure 6 consists of a three-axis turntable, a ToF
camera, a target, and a software. The ToF camera is installed

Table 1: Pose at 697mm.

X (mm) Y (mm) Z (mm) Pitch (°) Yaw (°) Roll (°)

Average 2.193 –10.457 697.604 –0.382 –2.653 –2.528

Maximum 2.399 –10.315 699.269 –0.056 –1.406 –2.087

Minimum 1.515 –11.323 693.924 –1.143 –2.851 –2.613

Fluctuation range 0.884 1.008 5.345 1.087 1.455 0.526
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Figure 8: Pose curve at 697mm.
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on the docking surface of the turntable, and the installation
matrix is known [34]. The target is fixed, and the center dis-
tance from the camera is known. In the initialization, the
turntable is set to zero, and the center of the target is parallel
to the center of the ToF that the attitudes are considered to
be zero. Then, the ToF rotates with the turntable and out-
puts true values. It is connected to the upper computer,
and the relative pose between the camera and target is mea-
sured in real time using the measurement algorithm.

6.2. Target Detection. First, the effectiveness of the detection
method is verified based on the two groups of reflector
markers. The first group consists of 5 reflectors, and 6 reflec-
tors constitute the second group. Under various pose trans-
formations, the proposed identification algorithm can
effectively segment the reflectors and locate their centers,
as shown in Figure 7. The experimental results show that

the maximum pixel error of reflector segmentation is 0.2
pixels and that of center point extraction is only 0.06 pixels.

6.3. System Stability. During in-orbit applications, the stabil-
ity of the measurement system is crucial. Then, the stability
of the system is tested using two groups of typical distance
settings. The experiments have collected data for approxi-
mately 6000 seconds at 697mm. Table 1 lists the average,
maximum, and minimum values of the pose at 697mm.
Figures 8 and 9 manifest the results that the random errors
of the measuring system are universally small, validating its
high stability. Similarly, Table 2 lists the mentioned values
at 5712mm. The ToF camera can also realize high system
stability while measuring the cooperative target pose at a rel-
atively long distance (Figure 10). As shown in Table 1, the
fluctuation range of the position is in millimeters and the
fluctuation range of the attitude exceeds 1°. It is found in
Figure 8 that the pose has singularities at 1079 s and 4396 s
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Figure 9: Pose curve at 697mm with singular point removal.

Table 2: Pose at 5712mm.

X (mm) Y (mm) Z (mm) Pitch (°) Yaw (°) Roll (°)

Average 5.097 −2.381 5712.362 3.823 1.324 −2.053
Maximum 5.192 −2.231 5713.362 4.101 1.473 −1.998
Minimum 5.007 −2.552 5711.246 3.583 1.179 −2.114
Fluctuation range 0.185 0.321 2.116 0.518 0.294 0.116
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due to the disturbance. After removing the singular data, the
analysis results show that the random error is small and the
system has high stability, as shown in Table 3 and Figure 9.

6.4. Pose Optimization. Initially analyzing the pose, high pre-
cision appears in the roll angle measurements, but the pitch
and yaw angles are highly coupled due to uncoaxial imaging
ToF with the turntable. Furthermore, the ToF and target
plane parallel calibration can affect measurement results.
Modifying the attitude calculation algorithm eliminates the
couple, while the accuracy and stability of the results are
highly provided. The system with the modified algorithm
adopts the standard Eigen library, and arbitrary attitude
changes are given as the input, generating an attitude trans-
formation matrix.

Figure 11(a) shows the changing curves of roll angle at
the true value of 20.3°. The roll angle ranges from −20.22°
to −20.3° with a mean value of −20.251°. Rangefinder mea-
surements have an initial value of 0.1° and a rolling value
of 20.4°. The difference between measured and true values
is 0.05°. It is less than 0.15°, meeting the accuracy require-
ments. Figure 11(b) shows the true roll angle at 36°. The roll

angle ranges from −35.94° to −36.04° with a mean value of
−35.986°. The initial and rolling values of rangefinder mea-
surements are 0.1° and 36.1°, respectively. The difference
between the measured and true values is highly small as
0.014°.

The changes of pitch angle at 3.9° are manifested in
Figure 12(a). The angle ranges from −3.9° to −4.01°, while
the average is −3.959°. The initial measurement is −0.5°,
and the pitching value is 3.4°. The measured and true values
differ for 0.057°, which is less than 0.15° and meets the
requirements. Then, Figure 12(b) manifests the pitch angle
changes at 3.0°. The angle ranges from −2.9° to −3.1° with
a mean value of −2.999°. The initial value is −0.5°, and the
pitching change is 2.5°. The difference is 0.001°, completely
meeting the requirements.

Figure 13(a) shows yaw angle changes at 2.67°. The yaw-
ing range is 2.62°~2.68°, while the mean value is −3.957°. The
computed truth value is 2.65°, and the difference is 0.02°.
The difference between the measured and true values is less
than 0.15°, which meets the accuracy requirements. Then,
the yaw angle changes at −0.954° are demonstrated in
Figure 13(b). It ranges from −1.1° to 0.9° with an average
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Figure 10: Pose curve at 5712mm.

Table 3: Pose at 697mm with singular point removal.

X (mm) Y (mm) Z (mm) Pitch (°) Yaw (°) Roll (°)

Average 2.193 –10.457 697.606 –0.383 –2.654 –2.528

Maximum 2.399 –10.315 699.269 –0.056 –2.456 –2.454

Minimum 2.021 –10.638 695.158 –0.646 –2.851 –2.613

Fluctuation range 0.378 0.323 4.111 0.590 0.395 0.159
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of −0.981°. The truth value is −0.954°. The measured and
true values differ for 0.027°, also meeting the accuracy
requirements.

6.5. Comparison with Ground Truth. As shown in
Figure 14(a), the difference of the ToF’s measured values is
consistent with that of the turntable, validating a high accu-
racy in measuring results in the Z-axis direction. When the
distance is over 5m, the measuring error is 2.5mm. It meets
the accuracy requirement of 28.3mm. The Z-value error
increases when the distance is less than 5m, which exceeds
the requirement. The error increases can be the following:
(1) the calibration error of the target itself: the number of
pixels occupied by the target identification in the image
plane increases as the distance is close, introducing the cen-
troid pixel deviation; (2) the target installation error: since
the target and 6-DOF platform may not be strictly calibrated
in a parallel plane, the measured Z-value increases as the
range decreases at a long distance; (3) the installation posi-
tion error of the ToF: when farther from the platform center,
the measuring errors will be larger.

In Figure 14(b), the difference between the measured
values of ToF and those of the platform is consistent. It indi-
cates that the results in the X-axis direction are of high accu-
racy. The measurement errors at points 8 and 9 are relatively
large, while the other points meet the accuracy requirements.
At points 8 and 9, Z = 644:6 and Z = 474:4 and the measured
X-axis errors are −11mm and −7mm, greater than the accu-

racy requirement of 6mm. However, the error of 7 points
corresponding to 8 points is −1mm, and that of 10 to 9 is
−1mm, both reaching the desired accuracy. Moreover, the
mean value of 7 and 8 points is −5mm, and that of 9 and
10 is −4mm, also meeting the accuracy requirements.

Figure 14(c) demonstrates the similar cases in the Y-axis
direction. The measurement error at point 8 is relatively
large, while the errors at other points all meet the require-
ments. The error of point 8 is the y-axis direction error mea-
sured at Z = 644:6, which is -17.8mm, greater than the
accuracy requirement of 6mm. In contrast, the errors of
point 7 and point 9 are reduced to 0mm, meeting the accu-
racy requirement.

Figure 14(d) manifests this consistent and high accuracy
of ToF in roll angle measurements. Due to the parallel rela-
tion between the uncalibrated target and ToF, and coaxis
between the uncalibrated ToF and 6-DOF platform, the
short-range measuring accuracy is greatly affected. Three
points fail to meet the requirements at 3, 8, and 10, while
the corresponding errors at 4, 7, and 9 points are kept within
the desired accuracy.

Affected by the relative position calibration of the target,
the ToF, and the 6-DOF platform, yaw and pitch angles are
significantly coupled as the platform’s yaw and pitch posi-
tions change. The results have errors and can be restricted
by the conditions of the 6-DOF platform test. In this case,
the yaw and pitch accuracy are not analyzed. Based on the
experimental analyses, the error of the original data collected
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by the ToF is small. Moreover, the target detection algorithm
is accurate and effective, while the pose is accurate.

7. Conclusions

This work provided an overview of the challenges on coop-
erative pose determination with a ToF camera at close
ranges. Then, a detailed end-to-end description to design a
ToF measuring system was presented. The designed mea-
surement system consisting of a three-axis turntable, a ToF
camera, a target, and a software was aimed at estimating
the pose of the spacecraft. The results indicated that the sys-
tem is stable and has high pose estimation accuracy. It needs
to be explained that a few limitations exist in the proposed
scheme. For instance, the self-designed ToF is applicable in
a closer range, and its measuring range should be extended
for more applications. Besides, the algorithm only considers
a simple structure of reflectors on the target, so the proposed
scheme with a complex structure and configuration reflec-
tors can be explored. In the future, some work will concen-
trate on these aspects.
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