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Abstract— With the booming development in aerospace tech-
nology, the video satellite which observes the live phenomena on
the ground by video shooting has gradually emerged as a new
Earth observation method. And remote sensing comes into a
“dynamic” era with the demand for new processing techniques,
especially the near-real-time tracking and geo-positioning algo-
rithm for ground moving targets. However, many researchers
merely extract pixel-level trajectories in post-processed video
products, resulting in fairly limited applications. We regard
the video satellite as a robot flying in space and adopt
the SLAM framework for the positioning of ground moving
targets. The designed framework is based on the representative
ORB-SLAM and we make improvements mainly in feature
extraction, satellite pose estimation, moving target tracking
and positioning. We coordinate a moving fishing boat with
GPS-RTK (Real-time Kinematic) devices and a video satellite
observing it simultaneously for verification and evaluation of
our method. Experiments demonstrate that our framework
provides reasonable geolocation of the moving target in satellite
videos. Finally, some open problems and potential research
directions are discussed.

I. INTRODUCTION

The rapid improvement in aerospace technology in recent
years has brought some new methods for Earth observation,
such as the nano video satellites, which have attracted
widespread attention in remote sensing. Many commercial
nano video satellites have been launched, such as the SkySat
constellation launched by Planet Labs(first in 2013), the Jilin-
1 constellation launched by Changguang Satellite Technol-
ogy Co., Ltd.(first in 2015), and the Zhuhai-1 constellation
launched by Obita aerospace technology Co., Ltd.(first in
2017). Video satellites usually gaze at a particular area on the
ground for a period of time and output a video. Compared
with static images and general videos captured by human
beings or robots, it has some unique characteristics, such
as high-definition (usually 4K resolution), high frame rate
(usually more than 20 frames per second). And observed
dynamic objects in satellite videos are usually with simple
moving patterns (lines, smooth curves), small sizes (within a
dozen pixels), and weak textures. All these signatures make
the satellite video a brand-new object to tackle. Especially,
the method for near-real-time tracking and positioning of
moving targets plays a significant role in applications of
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satellite videos. Related research has emerged in recent years,
but there is still a gap between present work and practical
demands. The processing of satellite videos is generally as
follows: satellites first capture the video of the ground and
downlink it to the ground station for data production and
analysis. Then some tracking algorithms are performed on
video products for pixel-level trajectory of moving targets
instead of the real geographic position. The whole procedure
may take several hours to days, but few studies take into
account the influence on applications introduced by this time
delay. As aforementioned, it is more important to estimate the
geolocation of moving targets in near-real-time rather than
merely focusing on dynamic phenomena in satellite videos.

For near-real-time tracking and positioning of moving
targets in video satellites, we regard the satellite in space
as a flying robot and try to achieve our goal by combining
the SLAM framework with satellite video processing meth-
ods. Considering the characteristics and limited computing
resources of satellites, we choose simple and effective al-
gorithms as possible. Modifications and improvements are
made based on the representative ORB-SLAM [1]. Our work
and contribution are mainly in the following three aspects:
• An efficient feature is modified for fast extraction and

matching in satellite video frames.
• A practical transformation procedure is derived for

estimating the absolute pose of video satellites.
• A novel tracking and positioning method is designed for

moving targets in satellite videos.
The main components of this paper are as follows: Section

2 introduces the work related to this paper, and Section 3
is the specific description and algorithm of the framework.
Section 4 is an experiment based on a satellite video, and
detailed discussion of open issues and research directions is
in Section 5. Finally, Section 6 is the summary and outlook.

II. RELATED WORK

Many tracking methods for moving targets in videos have
been proposed in computer vision and intelligent perception.
According to the sensor platform, it can be roughly divided
into the drone platform and ground platform. On drone
platforms, a framework for tracking and locating ground
moving targets was proposed based on vision, AHRS (At-
titude and Heading Reference System), and GNSS (Global
Navigation Satellite System) [2]. However, it tracked and
located ground moving vehicles with a small resolution of
480×320 pixels. Another tracking framework was designed
based on the IMU and camera [3]. But it got the position of
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the moving target relative to a certain landmark rather than its
real position. Compared with these methods, another tracking
method was developed based on optical flow [4]. It did not
require prior knowledge of moving targets but increased the
calculation to a certain extent. Some other methods were
also studied with different goals. For example, the location
of the moving target relative to the drone was tracked for
automatic navigation and obstacle avoidance (e.g., moving
people), rather than focusing on the moving target and
its real position [5]. And a tracking method focusing on
the “interaction” between moving targets and drones was
proposed similarly [6]. They made the drone constantly
adjust its pose with the movement of the target to maintain
the tracking state. As for ground platforms, a tracking method
suitable for general videos based on SURF features was
introduced [7]. And many methods for vehicle tracking on
roads for autonomous driving were studied in [8], [9], [10].
Although video satellites and drones share similarities while
they also have many differences, which may lead to a fail-
ure directly applying “drone methods””ggg”. As mentioned
earlier, moving targets in satellite videos usually have small
sizes and simple moving patterns. Some tracking algorithms
for satellite videos have been proposed considering these
properties. It can be generally divided into four categories:
background subtraction method, frame differencing method,
optical flow method, and their variants. Based on foreground
motion segmentation, a method for moving ship detection
was proposed [11]. And a tracking method for vehicles was
designed by fusing a kernel correlation filter and a three-
frame difference method [12]. Based on optical flow and
Gabor filters, a three-stage tracking method for the ship was
also developed [13]. While a more accurate detection method
for vehicles was proposed by combining the optical flow
method, the HSV color space, and multi-frame difference
methods at the same time [14]. Besides these methods, there
are also some variant methods. For example, the improved
tracking method considering the characteristics of moving
targets in satellite videos and trajectory predictions [15],
[16], the new DBM (Detection Box Model) method for
moving target detection based on image enhancement and
box detection [17]. However, related research was mostly
performed on satellite video products, and only the pixel
of the moving target was tracked instead of its geographic
location. For example, the satellite video was used to extract
vehicles, which shows its potential for traffic flow analysis
[18]. But the work might be far from practical applications
due to the time delay between processing and traffic.

Inspired by the tracking methods for drones, we combine
the SLAM framework with satellite video processing meth-
ods. Specifically, we design a novel framework for near-real-
time tracking and positioning of moving targets in satellite
videos based on the ORB-SLAM and make improvements
and additions in three aspects: feature extraction and match-
ing, satellite pose estimation, moving target tracking and
positioning. To our best knowledge, few studies combine
these methods while some generally related work exists.
For example, SLAM was applied for satellite proximity

operations, docking process [19], [20], and landing on the
moon combining with LiDAR [21]. But they are not designed
for video satellites and positioning of moving targets.

III. THE PROPOSED FRAMEWORK

As shown in Fig. 1, the framework mainly includes
three modules: pose estimation, target tracking, and geo-
positioning. In pose estimation, we primarily apply visual
SLAM methods to estimate the pose and motion of the satel-
lite, providing necessary data for target positioning. In target
tracking, an improved multi-template matching is performed
for the pixel-level trajectory of the moving target. Finally, in
geo-positioning, we calculate the three-dimension position of
the target and transform it into the world coordinate based
on estimated satellite poses and tracked pixels.

Fig. 1. The overview of the proposed ground moving target tracking and
positioning framework for video satellites.

A. Feature Extraction and Matching

After a large number of experiments as shown in Table II,
we find the SIFT [22] has a better performance and gets more
matches with the same number of feature points compared
with the ORB. And corners extracted by DoG (Difference of
Gaussian) usually have a better distinguishability in satellite
videos. While the ORB used in ORB-SLAM only calculates
Oriented-FAST corners, resulting in higher efficiency. The
slight change in illumination and geometry between video
frames in a short period gives us the opportunity to find
a trade-off between efficiency and performance for feature
extraction and matching. We combine the advantages of
SIFT and ORB, adopt DoG for extracting corners, and
BRIEF (Binary Robust Independent Elementary Features) for
description. The DoG kernel is defined in (1):

DoG = Gσ1 −Gσ2

=
1√
2π

(
1

σ1
e−(x

2+y2)/2σ 2
1 − 1

σ2
e−(x

2+y2)/2σ 2
2

)
(1)

Where σ1 and σ2 are standard deviations of the Gaussian
distribution. For evenly distributed features, we discard the
octree method used in ORB-SLAM due to a large amount
of computation brought by the high resolution of satellite
videos and divide the whole image into several blocks
straightforwardly. And we use Hamming distance as the
similarity metric for the BRIEF descriptor, which is the
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same with ORB-SLAM. Finally, the Brute-Force matching
is executed due to limited number of feature points.

B. Satellite Pose Estimation

Generally speaking, the pose of the satellite can be ob-
tained from the carried attitude sensor and GPS sensor.
However, these measurements may not be very accurate
due to reasons such as extreme operational environment,
accuracy limit in measurement, poor hardware quality in
some low-cost micro/nano satellites. To solve this problem,
we introduce the visual odometry in SLAM to video satellites
for pose estimation. Sensors and the visual odometry work
at the same time, and we fuse the measured data and the
estimated pose together for a more accurate pose.

1) Relative pose estimation: Due to the small displace-
ment of the video satellite between frames compared with
scene depth(orbit altitude), which may lead to a little dispar-
ity and a decline in perception of subtle depth changes on
the ground. We make a reasonable assumption according to
common practice for some UAVs: we regard the local ground
area captured by the video satellite as a plane, which means
we ignore the variation of ground elevation. For example,
video satellites generally run in an SSO (Sun-synchronous
Orbit) around 500 km, the distance between frames is about
15.8 km with the first cosmic velocity if we estimate the
pose every two second. The depth is around 31.6 times
the displacement between two frames. The significance of
this assumption is that we can simplify the process to a
certain extent by directly using the homography H for frame-
wise motion estimation instead of an essential matrix E or
fundamental matrix F , avoiding the selection of F and H
during monocular initialization in ORB-SLAM. On the other
hand, we eliminate the scale ambiguity of the monocular
SLAM by introducing the GPS measurements, as shown in
Fig. 2. Usually, the GPS sensor measures the position and
velocity of the satellite in WGS84 (World Geodetic System
1984), an ECEF (Earth-centered, Earth-fixed) system com-
monly used in cartography and satellite navigation. And there
are different methods to recover the scale leverage on GPS
measurements. One is that using a couple of measurements
from GPS to get the scale factor and applying it for the rest
of the time like the monocular initialization in ORB-SLAM.
The other is using the measurements continuously for frame-
wise pose estimation. While a visual loop closure for global
optimization is not feasible to eliminate the sacle drift and
error accumulation at present due to the unique one-way
movement of satellites, we integrate the GPS measurements
by the latter method.

Fig. 2. The elimination of scale ambiguity by using GPS measurements.

The scale factor s between the estimated translation and
real translation can be calculated by (2):

s = |~T |/|~t| (2)

Where ~T is the real translation vector (red solid line in Fig.
2) and~t is the estimated translation vector (orange dotted line
in Fig. 2) of the satellite between frame F1 and F2. However,
interpolation is needed for time synchronization between the
camera and GPS sensor. For example, we obtain the GPS
data every 80 frames in the Zhuhai-1 video satellite due to
a frequency of 20 Hz in video shooting and 0.25 Hz in GPS
measurement. For better results, we interpolate by Lagrange
polynomials, as written in (3):

pt =
k

∑
j=0

p j

(
k

∏
i=0,i 6= j

t− ti
t j− ti

)
(3)

Where pt is the satellite position at a discrete time t.
2) Absolute pose transformation: For objects in space,

the orbital motion is commonly described in J2000, an ECI
(Earth-centered Inertial) system which does not move with
Earth. After obtaining the relative pose between frames based
on the homography H, we get corresponding pose in world
coordinate by a series of transformations, involving the trans-
formation from ECI system to ECEF system. Specifically,
it takes four steps to transform the estimated relative pose
between frames to the absolute pose in WGS84, as shown
in Fig. 3. In this paper, RB

A refers to the rotation from A to
B or the pose of B with respect to A.

Fig. 3. The transformations for the absolute satellite pose estimation.

For step 1(blue), the rotation Rre f
cur is just the relative pose

we estimated using the homography H. For step 2(orange),
the rotation Rbody

re f between the camera and satellite is de-
termined by the satellite assembly and measured before the
launch. For step 3(green), we can obtain the rotation RJ2000

body
from the quaternion, which is measured in J2000 by attitude
sensors on satellites. For step 4(red), the rotation RWGS84

J2000
between J2000 and WGS84 can be calculated by using the
EOP (Earth Orientation Parameters), which is a collection of
parameters that describe irregularities in the rotation of Earth.
And it is measured, predicted, and published regularly by
specialized agencies such as IAU (International Astronomical
Union). Finally, we can write all steps together in (4):

RWGS84
cur = RWGS84

J2000 RJ2000
body Rbody

re f Rre f
cur (4)

C. Moving Target Tracking and Positioning

Considering the characteristics of satellite videos and con-
ventional algorithms, we design a tracking and positioning
method for large moving targets(such as planes, ships) in
satellite videos. The flow is outlined in Fig. 4.
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Fig. 4. The flow of our tracking and positioning method for moving targets
in satellite videos.

We first employ the frame differencing and contour ex-
traction to find the initial pixel location of the moving target
and generate multiple templates from different angles. Based
on this, the multi-template matching is performed in a small
search window to find the best matching result. Then the
local pixel result in the search window is converted to the
global pixel result in the whole image. In this process,
smooth motion constraints are also performed for checking.
The tracking result is added to the trajectory if it meets
the constraints. Finally, triangulation and geo-positioning are
conducted based on the global pixel result and estimated
motion of the video satellite.

1) Target tracking: We initially obtain the pixel location
of the moving target based on the improved frame differenc-
ing method, and further generate multi-angle templates by
the contour extraction. The flow of the algorithm is shown
in Fig. 5 (Here we generate eight templates from different
angles). More specifically, we get a potential moving target
mask based on frame differencing and filter the noise by
erosion operations. Then we regard the result with max
response as our object of interest and generate templates,
because large moving targets (such as planes, ships) are very
rare in single satellite video. However, it may lead to unstable
initialization if the video contains many tiny moving targets
such as cars, but it is not the case we design the method for
at present. A more detailed discussion is in Section 5.

Fig. 5. The generation procedure for multi-angle templates.

For a more continuous contour, we set 0.8Gmax as the
empirical binarization threshold after a large number of

experiments, where Gmax is the maximum gray-scale value
in a search window. And we adopt correlation coefficients as
the similarity metric for matching. The evaluation function
R(x,y) between the template and image is defined in (5):

T
′
(x,y) = T (x,y)−

∑x′ ,y′ T (x
′
,y
′
)

w×h

I
′
(x,y) = I(x,y)−

∑x′ ,y′ I(x
′
,y
′
)

w×h
R(x,y) = ∑x′ ,y′ T

′
(x
′
,y
′
)× I

′
(x+ x

′
,y+ y

′
)

(5)

Where T (x,y) and I(x,y) represent the template and image
respectively. w and h are the width and height of the template.
A larger R means a better matching result. And we choose
the best result from all templates. For a better tracking
result and less computation, we also adopt the dynamic
search window strategy, which means the search window for
template matching in the next frame is determined by the
previous tracking result, as written in (6):{

Xi+1 = Xi + xti−d
Yi+1 = Yi + yti−d (6)

Where (Xi,Yi) and (Xi+1,Yi+1) are the pixels of the upper
left corner of the i-th and (i+ 1)-th search window in the
whole image. (xti,yti) is the local pixel of the matched target
in this window. d is the window size. We also derived the
smooth motion constraints based on the continuity of the
physical motion on the ground, as written in (7). It indicates
the maximum pixel range that an object can move between
frames. The tracking result may be uncommon and wrong if
it flashes outside this range.

Rangemax = ceil
[

5v
18 f g

]
(7)

Where f is the FPS (Frames Per Second) in a satellite
video; g is the GSD (Ground Sample Distance), the unit
is m/pixel; v is not the real velocity but the common
speed of the moving object set by user for determining the
window size, the unit is km/h, some objects and Rangemax
are shown in Table I. ceil[·] means rounding up the result. In
actual application, it is achieved by comparing the Euclidean
distance between two trajectory points with Rangemax.

TABLE I
MAX RANGES OF SOME COMMON OBJECTS WITH GSD 2M, FPS 24.

Objects Velocity (km/h) Rangemax
Cars in express way 120 1(0.69)

High-speed trains 350 3(2.02)
Cruise ship 30 1(0.17)

Planes 800 5(4.62)

As aforementioned, the method is designed for tracking
large single moving target in satellite videos based on multi-
template matching. It may fail under some conditions, such
as the moving target with rapid movement changes, small
sizes, weak contours, similar objects.
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2) Positioning model: The geographic position of the
target is usually solved by the collinearity equation, which
needs iterations based on DEM (Digital Elevation Model)
and parameters that maybe not easy to obtain [23]. Therefore,
few researchers calculate the location during the tracking
of moving targets. However, we achieve this by using the
triangulation and rigid transformation based on the estimated
satellite poses and tracked pixels, avoiding the dependence
on DEM and collinearity equation.

The positioning model mainly includes two stages: con-
verting the pixel point to the camera coordinate and then
transforming it into the world coordinate. As shown in Fig. 6,
at time t1, the camera is at C1 and shoots the reference frame.
After a period, it is at C2 by a rotation R and translation
t and shoots the current frame. P1

w and P2
w are geographic

positions of the ground moving target at t1 and t2. P1
t , P2

t
are the tracked pixels. P1

c , P2
c are corresponding points in

the camera coordinate. P1
p is the pixel in the current frame

transformed from P1
t using R and t.

Fig. 6. The transformation of the positioning model for tracked points.

Based on the pinhole camera model, P1
c can be calculated

theoretically by (8). Here P1
t is in homogeneous form.

P1
c = zK−1P1

t (8)

Where K is the intrinsic matrix of the camera, including
the focal length and principal point. However, z is unknown
and can not be solved by a single image. But with the
estimated motion of the satellite (rotation R and translation
t) and the tracked pixel P1

t , P1
c can be calculated by trian-

gulation. The only thing needs to be noticed is that the two
tracked pixels P1

t and P2
t should not be used as the matching

point pair for triangulation because of its inconsistent motion
with the other static matching pairs. Here we obtain P1

p
by transforming P1

t into the current frame according to
the estimated R and t, and then use P1

t and P1
p as the

corresponding points to calculate P1
c . Besides, due to the

high orbit and small parallax between video frames, we do
not triangulate points frame by frame, but with a proper time
interval to guarantee the accuracy of triangulation. We derive
the relationship between the orbit altitude and corresponding
intervals based on satellite orbit dynamics, as shown in (9):{

vs =
√

GM
R+h

Tint =
h

rvs

(9)

Where the interval Tint (unit:second) is calculated by the
orbit altitude h(unit:km), the ratio of max effective depth
to baseline r and the velocity of the satellite vs(unit:km/s).
While vs is calculated by the Newtonian gravitational con-
stant G, the mass of Earth M, the radius of Earth. The
remaining step is to transform the P1

c from camera coordinate
into the world coordinate through rigid transformations. To
facilitate continuous transformations, we choose the trans-
formation matrix T to express rotation R and translation t
together. For three-dimension transformations, T is a 4× 4
matrix, and we use a similar notation with rotation for
consistency, where T B

A indicates the transformation from A to
B. The transformation from the camera coordinate to WGS84
is shown in Fig. 7 (Rotation has been described previously
and is omitted here).

Fig. 7. The transformation from the camera coordinate to WGS84.

GPS sensors measure the position of the satellite in
WGS84, which is the translation tbody

WGS84. And T body
WGS84 can

be obtained by combining tbody
WGS84 and estimated Rbody

WGS84. As
mentioned before, both the translation tcam

body and rotation Rcam
body

between the camera and the satellite will be measured before
the launch, which composes T cam

body. The transformation matrix
T cam

WGS84 can be written as (10):

T cam
WGS84 = T cam

bodyT body
WGS84 (10)

Finally, multiplying the P1
c in the camera coordinate and

inverse transformation TWGS84
cam , we can get the geographic

position P1
w in the world coordinate, as written in (11):

P1
w = (T cam

WGS84)
−1P1

c = (T body
WGS84)

−1
(T cam

body)
−1P1

c = TWGS84
cam P1

c (11)

After obtaining the P1
w, it can be further transformed into

the geodetic coordinate using (12):
L = atan(Y

X )

B = atan( Z+e
′2Nsin3θ√

X2+Y 2−e2acos3θ
)

H =

√
x2+y2

cosB −N

(12)

Where θ = atan Z·a√
X2+Y 2·b

, N = a√
1−e2sin2B

, e2 = a2−b2

a2 ,

e′2 = a2−b2

b2 . (X ,Y,Z) is the world coordinate of a certain
point and (B,L,H) is the corresponding geodetic coordinate
in latitude, longitude, and elevation. N is the prime vertical
radius. e and e′ are the first and second eccentricity of Earth
ellipsoid. a and b are the long and short half axis of Earth
ellipsoid. And we estimate the real heading and velocity
based on positioning results while only pixel-level velocity
can be obtained in tracking.

IV. EXPERIMENTS

In this section, we first evaluate the feature extraction
and matching performance of our method. Then we verify
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the feasibility of our framework with a satellite video. Data
specifications, error metrics, experiment set, and comparisons
are detailed in related parts. Because it is not feasible to
test our framework directly on a running video satellite, all
experiments are performed on a consumer laptop configured
with Intel Core I5-8300H CPU @ 2.3GHz, 8GB memory,
and Ubuntu 16.04 operating system.

A. Evaluation of Feature Extraction and Matching

From the practical application, we evaluate our method
in 200 frames of four different ground types(cities, harbors,
etc.) and compare it with ORB and SIFT which are imple-
mented in OpenCV Library, as shown in Table II. For fair
comparison, we extract 10,000 keypoints for every frame
without any acceleration tricks or hardware.

TABLE II
THE EVALUATION OF OUR METHOD IN 200 FRAMES WITH DIFFERENT

GROUND TYPES (TIME UNIT: SECOND).

Feature
Mean time of

feature extraction
and description

Mean time of
matching

Mean
matching rate

ORB 0.21 0.43 21.79%
SIFT 2.00 5.13 56.34%
Ours 1.97 0.41 51.86%

Compared with ORB, we extract better features and
achieve a higher matching rate. And we achieve similar
performance with SIFT while much faster in matching due
to the use of binary descriptors. In this scenario, our method
is a good trade-off between efficiency and quality for feature
extraction and matching in satellite videos.

B. Verification of Our Framework

1) Data specifications and metrics: To verify and evaluate
our framework, we coordinated commercial satellite compa-
nies and personnel on the ground to observe the same moving
target simultaneously. We rented a fishing boat and installed
GPS-RTK (Real-time Kinematic) equipment on it sampling
rate of 1 Hz for ground truth measurement and tracking. And
Zhuhai-1 video satellite was used for shooting a video with a
GSD of 1.98 m and FPS of 20, which runs at the orbit of 550
km at a speed of about 7.58 km/s. Yantai City was selected
as the imaging area, which is located in the northeast of the
Shandong Peninsula(China) with a range of 37.60N-37.56N
in latitude, 121.37E-121.49E in longitude, as shown in Fig.8.

We assess the positioning accuracy by calculating the Root
Mean Square (RMS) of absolute positioning error (APE)
and relative positioning error (RPE) inspired by [24]. APE
is the position difference of the estimated trajectory and
ground truth, which reflects the absolute position accuracy
in the long-term. And we subtract the mean positions from
trajectories to remove the influence of absolute positioning
and get the normalized estimated trajectory and ground truth
with the mean position of (0,0). RPE is calculated by the
difference of them, which reflects the local consistency of
positioning. APE and RPE are written in (13):

Fig. 8. One frame of the satellite video we use for experiments. (a)
The fishing boat we used for tracking. (b) The multi-angle templates and
corresponding matching results.

 APE =
√

1
n ∑

n
i=1(pi−gi)2

RPE =
√

1
n ∑

n
i=1((pi− p̄)− (gi− ḡ))2

(13)

Where pi is the i-th estimated position and gi is the i-th
ground truth, p̄ and ḡ are the mean positions of the estimated
trajectory and ground truth respectively. n is the number of
observations. We also calculate the accuracy of estimated
speed and orientation using (14):

Accest = 1− Errorest

Meantruth
(14)

Where Errorest is the RMSE of the estimated speed or
orientation, Meantruth is the mean value of the ground truth,
and Accest is the accuracy of the estimation.

2) Experiment set-up and results: We extract 10,000
feature points in video frames for relative pose estimation
and calculate the absolute pose using EOP published by IAU.
Eight templates with a difference of 45 degrees between each
other are applied for tracking. And we think the triangulation
is reliable within the range of 40 times baseline, resulting in
an interval of 1.81 s for tracking and positioning calculated
by (9) and set to 2 s in practice. Finally, thirty frames
are selected every forty frames while the whole experiment
video contains about 1,500 frames(one minute). Absolute
positioning results are shown in Fig. 9, where orange dots
represent the estimated trajectory, and blue dots represent the
ground truth. The absolute positioning error of the moving
boat is summarized in Table III.

Fig. 9. Absolute tracking and positioning results of the fishing boat.
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TABLE III
THE COMPARISON FOR APE & RPE OF THE MOVING FISHING BOAT

USING OUR METHOD AND THE GENERAL POSITIONING ACCURACY OF

ZHUHAI-1 WITH THE CONTROLLING OF GCPS (UNIT: METER).

Item X direction Y direction Planar
Absolute Max error 111.60 59.30 123.65

positioning Min error 91.57 50.37 107.72
accuracy RMSE 103.86 55.95 117.97

Variance 26.59 7.23 12.65
Relative Max error 12.16 5.51 12.19

positioning Min error 0.50 0.01 0.63
accuracy RMSE 5.12 2.59 5.74

Variance 6.60 1.61 6.83
General Max error 33.45 18.74 34.59

positioning Min error 0.03 0.92 7.51
accuracy of RMSE 12.41 9.50 15.63

Zhuhai-1 Variance 85.78 30.56 59.57

We statistically analyzed the max error, min error and
calculate the RMSE and variance of all estimated points in x
direction, y direction and plane, respectively. The estimated
trajectory and ground truth of the fishing boat are basically in
the same area with an APE of 117.97 m in this experiment.
It can be seen that there are some systematic errors between
the estimated trajectory and ground truth, resulting in an
overall shift in absolute positions. We have a good relative
positioning result with an RPE of 5.74 m, as shown in Table
III and Fig. 10. After eliminating the influence of absolute
positioning, an overlap of the normalized estimated trajectory
and normalized ground truth is shown in Fig.10(c). And
CE90 (Circular Error at 90th percentile) is also selected
for evaluating the relative positioning accuracy, as shown in
Fig.10(d). CE90 is the circular error at the 90th percentile of
all position errors and is a widely adopted error metric for
geolocation accuracy in remote sensing. The CE90 of our
RPE is 8.6 m, which means that a minimum of 90 percent
of the points has an RPE less than the stated value.

And we have a better result in the estimation of speed. The
RMSE of the estimated speed is 0.34 m/s (1.22 km/h) with
a variance of 0.003, while the boat moved at a mean speed
of 4.42 m/s (15.91 km/h). And the accuracy of the estimated
speed is 92.31 %, calculated by (14). The direction of the
motion is estimated with an RMSE of 0.02 rad (1.15 ◦) and a
variance of 7.54×10−5. As shown in Fig. 9, the fishing boat
moved with a approximate uniform linear pattern, leading to
a very small variance in ground truth and estimated values.

We can not compare the results directly with the afore-
mentioned conventional method, because the establishment
of rigid geometric imaging model needs some parameters
which are not feasible to us at present. However, we are
provided with the general positioning accuracy of Zhuhai-1
video satellite, which is evaluated using conventional method
with the controlling of Ground Control Points(GCP), as
shown in Table III. We can evaluate our results indirectly
to some extent. With the controlling of GCPs, the absolute
positioning accuracy of Zhuhai-1 generally reaches about
15.63 m. However, we do not know the accuracy without

Fig. 10. Analyses for RPE of the fishing boat. (a) The RPE along the
x direction. (b) The RPE along the y direction. (c) The comparison of
the normalized ground truth and normalized estimated trajectory. (d) The
distribution of RPE calculated by CE90. The pink circle is the CE90 of 8.6
m, which means that 90 percent of the points are less than it.

GCPs, which is usually larger than it. For our method,
we achieve a reasonable result for positioning without the
help of GCPs, which is more general in application and
efficient in processing. And compared with the provided
general positioning accuracy, we achieve a smaller variance
and a more stable performance. Last but not least, geo-
positioning is finished in near real-time rather than post-
processing like conventional methods. In the following work,
we will use other video satellites(such as JiLin-1, SkySat-2)
for a thorough comparison.

V. DISCUSSION

We propose a tracking and positioning framework for
ground moving targets in satellite videos leverage on SLAM
and achieve fair results, while there is still room to improve.
We first analyze factors influencing the positioning accuracy,
then discuss open issues and related research directions.

Due to the complexity of the entire process, the positioning
accuracy is affected by many factors, which we summarize in
three aspects: pose estimation, target tracking, triangulation
and transformation. Pose estimation is mainly affected by
the accuracy of sensor measurements, the visual odometry of
SLAM, and different fusion strategies. And target tracking
is affected by different size, shape and moving pattern of
moving objects. The accuracy of triangulation is affected
by the estimated pose and feature matching. Finally, the
accuracy of parameters used in transformation, such as EOP
parameters, camera intrinsic, also play a important role for
final accuracy.

To facilitate related follow-up research, we list some open
problems and potential directions for this topic.

1) The evaluation and fusion of sensor and visual odom-
etry data. How to eliminate the error in measurements is
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meaningful. And how to select the proper interval of frames
for pose estimation is also critical. Finally, the evaluation of
the accuracy and uncertainty of data and fusion with different
weights according to reliability is also a problem.

2) Tracking for different moving targets. We track large
single objects in this paper. While there may be two research
directions: a accurate instance-level tracking method for
multiple targets considering the efficiency, a general method
for targets with different sizes and shapes.

3) Global optimization. Due to the unique one-way mo-
tion of satellites, we do not find a visual loop closure
conventionally adopted in SLAM, resulting in the lack of
global optimization in this paper. However, it is important
for eliminating systematic and accumulative errors.

4) Consideration practical environment of satellites. Some
simplifications are made for research in this paper. We
think the satellite runs stably at a smooth orbit, ignoring
complex factors (such as the non-spherical gravitational field
of Earth) that influence satellite motion, and high-frequency
jitter. And we use the mean radius of Earth and ignore
the earth rotation in a short time. Meanwhile, we make the
assumption that frames are taken in the same plane on the
sea level. However, it does not hold in some cases, leading
a decline of positioning accuracy. It is necessary to refine
these simplifications and assumptions for a better result.

5) Analysis on operational domain. It is also important
to clarify the operational domain in real applications. And a
better simulation environment for experiments is also needed
for convenient experiments.

We are currently exploring ideas in the aforementioned
directions for a better positioning accuracy and framework.

VI. CONCLUSION

In this paper, we propose a tracking and positioning frame-
work for ground moving targets in satellite videos. After
some experiments, our framework is proved to be feasible,
and reasonable results have been achieved. Compared with
other related research, our framework can run in near-real-
time and positioning moving objects in the world coordinate
(such as WGS84), which greatly improves the value and
application potential of satellite videos. However, due to the
complicity of the entire process, we present initial ideas and
preliminary version of the framework in this paper, and there
are still some open issues need to be solved. Finally, potential
directions and planed work are discussed.
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