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Abstract: The emerging satellite videos provide the opportunity to detect moving objects and
track their trajectories, which were not possible for remotely sensed imagery with limited temporal
resolution. So far, most studies using satellite video data have been concentrated on traffic monitoring
through detecting and tracking moving cars, whereas the studies on other moving objects such
as airplanes are limited. In this paper, an integrated method for monitoring moving airplanes
from a satellite video is proposed. First, we design a normalized frame difference labeling (NFDL)
algorithm to detect moving airplanes, which adopts a non-recursive strategy to deliver stable detection
throughout the whole video. Second, the template matching (TM) technique is utilized for tracking the
detected moving airplanes in the frame sequence by improved similarity measures (ISMs) with better
rotation invariance and model drift suppression ability. Template matching with improved similarity
measures (TM-ISMs) is further implemented to handle the leave-the-scene problem. The developed
method is tested on a satellite video to detect and track eleven moving airplanes. Our NFDL
algorithm successfully detects all the moving airplanes with the highest F; score of 0.88 among
existing algorithms. The performance of TM-ISMs is compared with both its traditional counterparts
and other state-of-the-art tracking algorithms. The experimental results show that TM-ISMs can
handle both rotation and leave-the-scene problems. Moreover, TM-ISMs achieve a very high tracking
accuracy of 0.921 and the highest tracking speed of 470.62 frames per second.

Keywords: satellite videos; moving airplane detection; moving airplane tracking; template matching;
similarity measures

1. Introduction

In the last decade, new satellite sensors capable of capturing videos have been developed and
launched [1-12]. Unlike satellite images, the temporal resolution of a satellite video is determined
by its frame rate. For example, the sensors onboard SkySat satellites can film panchromatic videos
with a frame rate of 30 frames per second (fps) at one-meter spatial resolution [13], which means the
sensors’ temporal resolution is approximately 0.03 s. Satellite videography offers a new perspective for
earth observation and enables important applications such as moving object detection and tracking,
which may not be fully achievable using traditional satellite images.

Moving object detection and tracking has been a hot topic in the remote sensing community [14-17].
Traditional studies utilized very high spatial resolution satellite images to monitor moving objects
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by taking advantage of the time gap between different sensors on the same satellite [14,16]. Due to
the short time lag (e.g., only 0.2 s for Quickbird satellites), very limited dynamic information can
be provided. In contrast, satellite video data possess a much longer duration of up to 90 s, which
enables continuous detection and tracking of moving objects in a long period of time. A successful
application of satellite video data is traffic monitoring, which can be achieved by a standard two-step
procedure [4,7,12]. First, the locations of moving cars are extracted by a moving object detection
algorithm. Second, detected cars are tracked in the frame sequence to estimate their motion properties,
such as speeds and trajectories.

Using satellite video data to detect moving objects may encounter similar challenges as ordinary
videos [18], such as foreground aperture, camouflage, and parallax motion. Although existing
algorithms can address such problems with various adaptive models [1,3,10], stable detection may not
be achieved for the early stage of the video [19]. Ideally, moving object detection and tracking algorithms
should be integrated into a unified method so that the outcomes of detection can automatically provide
the initial locations of moving objects immediately for tracking. However, most studies in remote
sensing utilize standalone tracking algorithms with the initial locations of moving objects being
manually defined [2,5,6,8,9,20]. Moreover, the concentration of most tracking algorithms is on
suppressing model drift, which happens when the tracked location of an object deviates from the
correct one. However, their performance under more complex conditions, such as rotation and
leave-the-scene, has not been fully tested.

While attention in satellite videography has been given primarily to cars, airplanes have not
been treated in much detail due to limited data availability. Encouragingly, more and more video
satellites are being launched recently. Chang Guang Satellite Technology Co., Ltd, the vendor of Jilin-1
satellite video data, aims to establish a constellation of 138 satellites that achieves a 10-minute revisit
capability for any location on earth. With increased data availability, satellite videography possesses
great potential for the aviation industry in the foreseeable future. Satellite videography can monitor
areas that cannot be covered by air search radars due to the curvature of the earth. Moreover, satellite
videography can be used to capture stealth aircraft designed to be invisible for air search radars because
the stealth of an aircraft is achieved by its surface coating, which can absorb radar waves but cannot
absorb visible light waves.

In this study, we have developed an integrated method for detecting and tracking moving
airplanes in a satellite video. The method consists of two algorithms: First, an algorithm named
normalized frame differencing labeling (NFDL) is designed to provide stable detection throughout the
satellite video. Second, the detected moving airplanes are tracked by template matching (TM) in the
frame sequence. In this stage, improved similarity measures (ISMs) are devised to achieve both better
rotation invariance and model drift suppression. This paper is structured as follows. In Section 2,
we introduce the research background of satellite videography on moving object detection and tracking.
The experimental data and proposed method are presented in Section 3. The experimental results
for detecting and tracking eleven airplanes are reported in Section 4 and then discussed in Section 5.
Finally, Section 6 concludes this paper.

2. Background

2.1. Moving Object Detection Algorithms

In the context of moving object detection, pixels of moving objects are called the foreground, and
pixels of stationary objects, as well as unwanted moving objects, are called the background. Detecting
moving objects in each video frame is conducted by subtracting background pixels from the whole
video frame [21,22]. Based on Cheung and Kamath [23], background subtraction algorithms can
be grouped into non-recursive and recursive algorithms. A non-recursive algorithm uses a series
of previous video frames to estimate the temporal variation of each pixel, and a pixel significantly
deviating from the estimated variation is considered as foreground [23]. Using a SkySat satellite
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video, Kopsiaftis and Karantzalos [4] compared pixels in the current frame to the average of hundreds
of previous frames for moving car detection. However, the average of previous frames contains
information from both the background and foreground, which may reduce the detection accuracy.
Ahmadi et al. [7,12] treated the median value of previous frames as the background by assuming that a
pixel stays in the background for most of the previous frames, which may not be satisfied for the pixels
of slow-moving objects.

A recursive moving object detection algorithm builds a background model for each pixel and
frequently updates it based on the detection outcome of each input frame [23]. Yang et al. [3] detected
moving cars in a SkySat satellite video by introducing saliency-enhanced video frames into a Visual
Background Extractor (ViBe) [19,24]. Zhang et al. [10] also employed ViBe to detect moving cars with
an emphasis on eliminating parallax motion. Shi et al. [1] presented an Improved Gaussian-based
Background Subtractor (IPGBBS) to detect moving airplanes in a satellite video. Compared with ViBe,
IPGBBS has a better performance on false alarm suppression, but it may not provide satisfactory
detection for low-contrast objects (termed camouflage problem). In general, the success of a recursive
algorithm highly relies on background model adaption [22]. During this process, sufficient input
frames are required before a background model can achieve stable detection [24], which is not always
available for satellite video data with a duration of only up to 90 s.

2.2. Moving Object Tracking Algorithms

Moving object tracking has been widely studied in computer science [25-29]. Despite the
great success in tracking with ordinary videos, algorithms from computer science may encounter
new problems with satellite video data [2,8], such as low-resolution targets, similar background, and
extensive geographic coverage. Du et al. [6] fused Lucas-Kanade optical flow with the HSV color system
and the integral image to track targets in satellite videos. Hu et al. [20] proposed a tracking method
incorporating the regression model and convolutional layers. Based on kernelized correlation filter
(KCF) [26], one of the most popular tracking algorithms in computer science, Shao et al. [2] composed
a special velocity correlation filter that integrates the velocity feature and an inertia mechanism for
satellite video object tracking. In another study by Shao et al. [8], a hybrid kernel correlation filter
was proposed, which employs optical flow and histogram of oriented gradient features in a ridge
regression framework. While the approaches proposed in [2,6,8,20] are concentrated on single object
tracking, Guo et al. [5] developed a multi-object tracking approach with a high-speed correlation filter
and a Kalman filter (CFKF). CFKF can deliver stable tracking under various conditions, including
background similarity, occlusion, motion blur, etc.

So far, the focus of satellite video tracking studies has been on suppressing model drift [2,5,20].
To deal with this, post-tracking processing, such as the Kalman filter and inertia mechanism, is often
adopted, which utilizes the previous motion characteristics of the objects to constrain the subsequent
tracking process. Although most of the existing tracking approaches can address model drift with
promising accuracy, their performance was only tested on objects moving in approximated straight
lines. Their performance under complex conditions, such as rotation and leave-the-scene, remains
unknown. To effectively track rotating objects, Shi et al. [1] proposed a rotation-invariant multi-object
tracking algorithm named primary scale invariant feature transform keypoint matching (P-SIFT KM).
The advantages of P-SIFT keypoint are their high distinctiveness, repeatability, and rotation invariance.
However, the high homogeneity of an object may cause model drift in tracking, leading to reduced
tracking accuracy.

3. Materials and Methods

3.1. Satellite Video Data and Preprocessing

The test satellite video in this study is provided by Chang Guang Satellite Technology Co., Ltd.
The original satellite video was acquired by a Jilin-1 satellite in Dubai, United Arab Emirates between
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25°1’2” N, 55°2’3” E and 25°1’34” N, 55°2’5” E. The satellite video has a duration of 25 s, with a frame
rate of 10 frames per second (fps) and a spatial resolution of about 1 m. The original video is cropped to
cover most of the Dubai International Airport. The dimension of each cropped true-color frame is 1060
by 2750 pixels. Since our method is designed to be applicable for both true-color video (Jilin-1) and
greyscale video (SkySat) data, each true-color frame of the cropped video is converted to grayscale by:

F = 0.2989 + F, + 0.5879 + Fy + 0.114+ F, 1)

where F;, Fq, and F;, represent pixel values in the red, green, and blue bands, respectively. From the
second frame, all frames are geometrically aligned to the first frame to compensate for the movement of
the satellite platform. This step is automatically conducted through a keypoint matching technique [30].
Specifically, SIFT keypoints extracted from two frames are matched based on the similarity of their
feature vectors. Then, the coordinates of the matched keypoint pairs are used to estimate the
transformation for the alignment. Figure 1 shows the first and the last (250th) frames of the aligned
satellite video with all eleven moving airplanes. Airplanes 1-8, and 10 (in red rectangles) are sliding,
whereas Airplanes 9 and 11 (in blue rectangles) are sliding and rotating. Airplane 5 slides for a short
distance (~5 pixels) in the early 80 frames. We cannot see Airplane 10 in the last frame because it
leaves the scene in the middle of the video around the 90th frame. There are three benefits of using this
video to test our moving airplane detection and tracking method. First, the video contains airplanes of
various sizes, from large four-engine airplanes (e.g., Airplane 1 has 60 x 80 pixels) to small two-engine
airplanes (e.g., Airplane 8 has 20 x 25 pixels). Second, airplanes in this video demonstrate different
motion patterns, including slide and slide with rotation. Third, this video can test the developed
method with the leave-the-scene (Airplane 10) problem.

Figure 1. The first frame (a) and the last frame (b) of the aligned satellite video. All eleven moving
airplanes are labeled. Airplanes 1-8 and 10 in red rectangles are sliding, whereas Airplanes 9 and 11
in blue rectangles are sliding and rotating. Airplane 5 slides for a very short distance in the early 80
frames, and Airplane 10 leaves the scene around the 90th frame of the video.
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3.2. Methods

This subsection describes our method for moving airplane detection and tracking in full details.
After frame alignment, normalized frame differencing labeling (NFDL) is used for moving airplane
detection. The initial detection outcome is boosted by a morphological closing operation and an area
filter. The templates of detected moving airplanes are input for tracking through template matching
with improved similarity measures (TM-ISMs). In this process, both the template and the region of
search of each airplane will be continuously updated if the airplane remains in the scene. Otherwise,
the tracking will be terminated. An overview flowchart of the proposed method is shown in Figure 2.
Section 3.2.1 introduces the NFDL algorithm for moving airplane detection. Section 3.2.2 presents the
moving airplane tracking algorithm TM-ISMs. Section 3.2.3 analyzes the computational complexity of
the TM-ISMs algorithm. Section 3.2.4 conducts an experiment to verify the rotation invariance of the
improved similarity measures. Section 3.2.5 lists the metrics used to assess the performance of the

developed method.
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Figure 2. Flowchart of the proposed moving airplane detection and tracking method.
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3.2.1. Moving Airplane Detection by Normalized Frame Difference Labeling

Recursive moving object detection algorithms such as ViBe [19,24] and IPGBBS [1] usually require
sufficient input frames to adapt the background model before it can achieve stable detection, which is
undesired for a satellite video of short duration (up to 90 s). In contrast, our NFDL algorithm adopts a
non-recursive strategy for moving airplane detection that does not require background model adaption.
In order to detect moving airplanes in frame F; (the query frame), another frame F, (the reference
frame) is selected from the video to be compared with Fq. Their normalized difference image, denoted
by Ayorm, is calculated as:

A —min(A)
max(A) —min(A)

A=F,~F ®)

X 255 )

norm —
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where A is the arithmetic difference array and the numerator in Equation (2) means each element in A
is subtracted from the minimum value in A.

The potential range of A is [-255,255], and it is rescaled to Ay, With the range of [0,255] by
Equation (2) so that negative differences, positive differences, and small differences (either positive or
negative) are transformed to small positive values, large positive values, and medium positive values,
respectively (Figure 3a,b). Then, the k-means clustering technique [31] is employed to group pixels
of Ayorm into three clusters. Based on their value ranges, these three clusters are further labeled with
1 (large positive values), —1 (small positive values), and 0 (medium positive values). An example
of normalized difference image labeling is shown in Figure 3¢, where green, red, and black pixels
represent labels 1, —1, and 0, respectively. Theoretically, these different labels are caused by different
combinations of pixel values in F; and F; (Table 1). For example, the normalized difference between a
bright pixel (BRT) and a dark pixel (DRK) is a large positive value and thus labeled as 1. The normalized
difference between a dark pixel and a background pixel (BCK) is a small positive value and thus
labeled as —1. Moreover, pixels labeled with 0 may represent either bright or dark pixels, but the small
differences indicate that they are part of stationary objects. Therefore, only pixels labeled as 1 or -1

may compose moving airplanes.

L
~ -
| —— _]
80 100 120 140 160 180 200 220 240
Brightness value

2

reuency
g

Log of f

(a) (b) (c)

Figure 3. Normalized difference image labeling: (a) normalized difference image between two frame
subsets containing the same moving airplane; (b) frequencies of the normalized differences, (c) the
k-means clustering technique groups normalized differences into three clusters labeled by 1 (green), —1

(red), and 0 (black).
Table 1. Possible combinations causing different pixel labels.
1 0 -1
E, BRT BRT BCK BRT DRK BCK DRK DRK BCK
F, BCK DRK DRK BRT DRK BCK BRT BCK BRT

BRT: bright; BCK: background; DRK: dark.

To identify bright moving airplanes, we first extract pixels labeled with 1 to form a binary image I;.
Connected component labeling is then utilized to group spatially connected pixels in I; into different
objects [32]. From the first column of Table 1, we can see that some objects in I; represent bright
moving airplanes, whereas the others represent the background. Compared with the background,
the boundary pixels of a bright airplane should have larger values than surrounding pixels; otherwise,
the airplane cannot be observed. This criterion can be used to screen the objects in I;. Specifically,
for an object A in I;, its boundary pixels, denoted by set B(A), is obtained by:

B(A) = A- (ASB)

with Ae B = {z|(B), € A} )
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where z is a pixel in A, B is a structuring element of 3 X 3 pixels, and operator — means set differencing.
For the pixel z(x,y) in the set B(A), its second-order derivative in F;, denoted by V2f(x,y), takes the
form:

Vi, y) = fx+ 1L y) + fx=Ly) + flx, y+ 1) + f(x,y—1) —4f(x, v) (5)

Since a bright airplane exhibits much larger pixel values than its surrounding pixels, V2 f(x, y)
should be negative when the pixel z(x,y) resides on the boundary. If pixels in B(A) all have negative
second derivates, object A should have overall brighter boundaries than its surrounding pixels, and it is
thus determined to be a bright moving airplane. Otherwise, object A is determined to be the background.
In practice, instead of using the pixel-wise operation illustrated by Equation (5), we conduct a much
faster operation to obtain the second-order derivatives of F; in one calculation through the convolution
with the Laplacian kernel. Let the first matrix in Figure 4 represents a subset of F;;, in which object
A (inside the black polygon) has bright boundary pixels (red numbers). By convolving this matrix
with a Laplacian kernel of 3 X 3, these boundary pixels will have negative values as output. Due to
incomplete detection and the mixed-pixel problem, it may not be possible that all the pixels of B(A)
represent the real boundary. A solution to this problem is to verify if the majority of B(A) are boundary
pixels. We choose to use the 75th percentile of B(A) as an indicator of a bright moving airplane. If this
number is negative, object A is determined as a bright moving airplane; otherwise, it is determined as
the background.

81 80 81 75 73 90 89 71 —4 4 -7 4 19 -18 -—17 56
80 81 81 75 73 90 89 81 7 -3 -6 4 19 -18 -7 7
8 80 81 75 73 90 89 82 0 1 o -16 13 83 99 121 -18 -6 19
80 87|171 170 1750 90 89 88 1 —4 1= 20 63 |[—167 —70 —177 | 163 0 -9
82 80179 189 190 169| 89 83 0 1 o0 -13 108 |(-106 —-23 —-54 -—-138 | 74 18
75 80| 170 194 173 16989 84 22 85 [-58 —64 38 —155 | 75 14
80 80 [169 180 177] 90 89 89 -5 89 |-165 —105 —192 [ 165 1 -4
80 80 81 75 73 90 89 90 0 1 169 214 227 -—18 2 -4

Figure 4. The Laplacian of an image subset containing object A. If A is a bright airplane, its boundary
pixels should all have negative values of Laplacian.

The preceding procedure can similarly apply to the extraction of dark moving airplanes. First, pixels
labeled with —1 are extracted to form a binary image I_;. Second, for each objectin I_;, the second-order
derivative of its boundary pixels are collected. If the 25th percentile of these second-order derivatives
is positive, the object is determined as a dark moving airplane. Otherwise, the object is determined as
the background. Subsequently, all moving airplanes are obtained by taking the union of bright moving
airplanes and dark moving airplanes.

In order to obtain a satisfactory detection, the time interval between F; and F, plays an important
role. The acceptable minimum time interval should meet the following criterion: during this interval, a
moving airplane should be able to travel a distance longer than its length. Otherwise, the airplane may
be partially detected or contains holes or gaps due to the foreground aperture problem [1,18]. Ideally,
the time interval for detecting an airplane should be determined according to the average speed of
the airplane, i.e., the slower the airplane is moving, the larger the time interval is required. However,
such prior knowledge is not available, and the speeds of airplanes can vary in an extremely wide
range. With a short test video of only 250 frames, the longest time interval is chosen in our algorithm.
Specifically, Frame 250 (the last frame) is chosen as the reference frame F, when detecting moving
airplanes in Frames 1-125, whereas Frame 1 (the first frame) is chosen as the reference frame when
detecting moving airplanes in Frames 126-250.

To further deal with the foreground aperture problem, a morphological closing operation is used
to fill possible holes and gaps. Additionally, undesired small false alarms may exist with detected
airplanes. These false alarms result from the radiometric variation of pixels in two differencing frames
(mainly caused by the sun glint) and the imperfect geometrical registration. Therefore, the detection
outcomes are further screened by an area filter with a threshold, which is set to be smaller than an
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airplane while larger than any false alarm. A detected object with an area smaller than the threshold
will not be considered as a moving airplane and thus be excluded from the future tracking process.

3.2.2. Moving Airplane Tracking by Template Matching

In this study, the template matching (TM) technique is adopted to track moving airplanes.
Specifically, the cropped image of each detected moving airplane is referred to as a template
and compared with subsets of each input video frame to find the new location of the airplane,
which maximizes the similarity with the template. For each moving airplane, its template extent is
initially defined based on the bounding box extracted by NFDL and frequently updated by tracking
the airplanes in the frame sequence. Since the geographic coverage of a satellite video frame can be
extremely large, it would be computationally costly to locate a template over an entire frame. It is
necessary to define a region of search (ROS) in an input frame for each template. For an airplane in
frame F;, the upper left and lower right coordinates of its region of search, ROS;, is represented as

ROS; = (UL—¢—Ly, LR+ e —Ly) (6)

where UL and LR represent the upper left and lower right coordinates of the template, respectively, €
controls the size of ROS;, and L; is the translation estimated by the previous tracking of the airplane.
The template is moved pixel by pixel in ROS; to calculate the similarity with each overlapped
subset [33,34]. Traditional similarity measures (TSMs) have been used for TM [35-37], such as
normalized cross-correlation (NCC), zero-mean normalized cross-correlation (ZNCC), and normalized
squared difference (NSD). Collectively, they are referred to as TM-TSMs. When an airplane in ROS;
has a different orientation to the same airplane in the template, the tracking may easily fail due to the
low rotation invariance of these TSMs [38,39]. To address this, we improve their rotation invariance
based on the following observation. Given some degree of rotation of an object, pixels closer to the
rotation center will move less from their original positions, whereas pixels farther away from the
rotation center will move more. Therefore, to enhance the rotation invariance, during the computation
of similarity, the pixels closer to the rotation center should be given higher weights, whereas pixels
farther away from the rotation center should be given lower weights. This is achieved by introducing a
Gaussian weighting plane in the similarity calculation, wherein the center of the Gaussian weighting
plane has the highest weight because it corresponds to the rotation center, which remains constant in
the rotation, and the weights for other pixels are inversely related to their distance from the rotation
center. The Gaussian weighting plane G of a template is defined as:

—|d?

G = [3(1t,0)] i g1, 0) = Aexp( S5

) @)
where (m, n) is template size, A the amplitude, and d the Euclidean distance from pixel (1, v) to the
center of the template. Figure 5 illustrates Gaussian weighting planes with different standard deviation
o (from 5 to 30 with an increasing step of 5) and a constant amplitude of 1. With a smaller o, higher
weights are more concentrated toward the center of the Gaussian weighting plane. In contrast, with a
larger o, higher weights are spread out across the Gaussian weighting plane. Intuitively, the standard
deviation o should be estimated according to the degree of rotation. For an object with a large rotation
angle, since the relative movement of the pixels farther from the rotation center is larger, only pixels
very close to the center should be given higher weights, so a smaller ¢ should be chosen. In contrast,
for a slightly rotated object, the relative movement of the pixels farther from the rotation center is
comparatively less, and thus those pixels should also be given higher weights, so a larger ¢ should
be chosen.
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Figure 5. Gaussian weighting planes with ¢ values of 5, 10, 15, 20, 25, 30, and a constant amplitude of 1.

Subsequently, the developed Gaussian weighted normalized cross-correlation (GWNCC) between
a template Z and a subset S, is calculated as:

Zx,y Zg (xr y)SG (x/ y)
\/Zx,y ZG2 (x/ y) * Zx,y SG2 (x/ y)

®)

YGWNCC =

where Z; and S; are Gaussian weighted Z and S, respectively. Since GWNCC is a variation of NCC, it is
also within the range of [0, 1] with 1 indicating Z and S are identical. Similarly, the Gaussian weighted
zero-normalized cross-correlation (GWZNCC) is developed to improve the rotation invariance of
ZNCC. Since the ZNCC has a range of [-1, 1], the GWZNCC is rescaled to the range [0, 1] by:

Zx,y[ZG (x/ ]/) - T_G] [ZG(x/ y) - %]

\/Zx, y[ZG (x/ ]/) - Z_G]2 Zx,y[SG (x, y) - %]z

) )

yewznce = max(0,

where Z; and Sg are the mean values of Zg and Sg, respectively, and the max function converts
negative values to 0. Additionally, the developed Gaussian weighted normalized squared difference
(GWNSD) can also be defined by:

Zx,y (ZG (xr y) - SG(xr y) )2
\/Zx,y ZG2 (X, y) * Zx,y SGZ (x/ y)

yewNsp = 1 — (10)

where ygwnsp is within the range of [0, 1] with 1 indicating Z and S are identical. By using one of the
improved similarity measures, all subsets in ROS; are compared with Z to form a similarity matrix
SIM; = [y] (m—m41)x(n'—n-+1), Where (m’,n) represents the size of ROS;. In SIMy, the location of highest
similarity, py, is found by:

pr = nim]xSIMt(i, i) (11)

When an airplane is leaving the scene or occluded by another object, the similarity at p; drops
dramatically. This situation can be monitored by applying a predetermined threshold A to the calculated
similarity. Specifically, p; is determined as the new location of the moving airplane if the similarity at p;
is larger than A; otherwise, the tracking for this airplane is terminated. In practice, the value of A should
be carefully selected. If A is too small, the tracking may not be terminated when the airplane leaves the
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scene. If A is too large, other types of movements such as slide and rotation can be mistakenly treated
as leave-the-scene.

3.2.3. Computational Complexity Analysis

Collectively, we name GWNCC, GWZNCC, and GWNSD as improved similarity measures (ISMs).
The computation of TM-ISMs mainly composes of Gaussian weighting plane definition and similarity
calculation. For an airplane template of size (m1,1), the Gaussian weighting plane is calculated after
moving airplane detection with the complexity of O(mn), which poses very little impact on the overall
computational cost. With an airplane template of size (1m,n), the complexity to find the best match in a
ROS of size (m’,n’) is O((m’ — m + 1)(n’ — n + 1)). Since the ISMs are improved based on TSMs, they
demonstrate the same level of complexity as their counterparts.

3.2.4. Rotation Invariance Assessment

Collectively, we name GWNCC, GWZNCC, and GWNSD as improved similarity measures
(ISMs). Compared with TSMs, ISMs are expected to exhibit better rotation invariance. To verify this,
an experiment is conducted with three airplanes of different sizes (labeled with 1, 4, and 8 in Figure 1).
Subsets of the airplanes are cropped from a video frame. Each subset is artificially rotated from —40° to
40°, with an increasing step of 10° (Figure 6). We then calculate the similarity between each subset and
its rotated version by separately using TSMs and ISMs. Meanwhile, the value of o is set from 1 to 20,
with an increasing step of 2 for optimization. The results will be discussed in detail in the next section.

\- -

(@) (b
Figure 6. Three airplanes of different sizes for rotation invariance assessment. (a) airplanes of different
sizes, and (b) examples of their rotated versions.

3.2.5. Accuracy Assessment Metrics

The result of moving airplane detection is assessed by the standard quantitative metrics, including
true positives (TP), false positives (FP), false negatives (FN), precision, recall, and F; score. Precision,
re-call, and F; score are defined as:

" TP
precision = TP+ EP (12)
TP
recall = TP—f——FI\] (13)
precision  recall
Fq score = 2= (14)

precision + recall

Note that if a moving airplane is split into multiple parts, only one part is treated as TP, while other
parts are treated as FPs. This consideration can help us to assess the integrity of the detected airplanes.
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We use the area under the curve (AUC) of the precision plot to assess the result of moving airplane
tracking. The precision plot is defined as the proportion of frames where the center location errors
(CLE) are under a range of thresholds. According to Wu et al. [40], CLE is defined as the Euclidean
distance between the center of tracked bounding boxes and the center of ground truths. In general,
when the tracked bounding boxes are closer to the ground truths (smaller model drift), smaller CLEs
are obtained, leading to a larger AUC.

4. Experimental Results

The developed method is utilized to detect and track the eleven moving airplanes in the satellite
video. The first subsection compares the results of NFDL with those of existing algorithms used
for detecting moving objects with satellite videos. The second subsection presents the results of the
rotation invariance assessment. The third subsection presents the results of moving airplane tracking
by using TM-TSMs and TM-ISMs and compares the performance of TM-ISMs with six state-of-the-art
algorithms designed for either ordinary video tracking or satellite video tracking.

4.1. Results of Moving Airplane Detection

As discussed before, the time interval between the query frame and the reference frame is
the key role for NFDL, and a large time interval can effectively address the foreground aperture
problem. Therefore, for each query frame, its most distant frame is selected as the reference frame.
The performance of NFDL is compared to that of both ViBe and IPGBBS. ViBe and its variants have the
highest accuracy for moving car detection in satellite video data [10,23], while IPGBBS has the highest
accuracy for detecting moving airplanes compared with Codebook [41], Mixture of Gaussian [42],
and ViBe [19,24]. The suggested parameter values used for ViBe and IPGBBS are obtained from [1]
and [3], respectively. The preliminary detection results of these three algorithms are further boosted by
the morphological closing with a structuring element of 7 X 7 pixels and an area filter with a threshold
of 60 pixels, which is smaller than the smallest airplane while larger than the false alarms. The boosted
results of moving airplane detection in the 1st, 67th, 154th, and the 248th frames are shown in Figure 7,
and corresponding quantitative evaluations are summarized in Table 2. Since ViBe and IPGBBS cannot
detect any object in the 1st frame, their demonstrated precision and recall for this frame are obtained as
the averaged performance of the other three frames.

GT

ViBe

IPGBBS

Our

(2) (®) (© (d

Figure 7. The moving object detection results in the 1st (a), 67th (b), 154th (c), and 248th (d) frames.
Red circles, yellow circles, and green rectangles represent ground truths, FNs (missing detection), and
FPs (incorrect detection), respectively.
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Table 2. Quantitative evaluation results of moving airplane detection.

Frame ID 1 67 154 248 Total  Frame ID 1 67 154 248  Average
GT 11 11 9 9 40
ViBe 0 8 9 9 26 0.77 0.67 0.75 0.90 0.76
IPGBBS TP 0 8 8 9 25 Precision 0.84 0.73 0.89 0.90 0.83
Our 11 10 9 9 39 0.92 0.71 0.82 0.75 0.80
ViBe 0 4 3 1 8 0.91 0.73 1.00 1.00 0.65
IPGBBS FP 0 3 1 1 5 Recall 0.87 0.73 0.89 1.00 0.63
Our 1 4 2 3 10 1.00 091 1.00 1.00 0.98
ViBe 11 3 0 0 14 0.84 0.70 0.86 0.95 0.70
IPGBBS FN 11 3 1 0 15 Fy score 0.86 0.73 0.89 0.95 0.71
Our 0 1 0 0 1 0.96 0.80 0.90 0.86 0.88
GT: ground truth.

The first row of Figure 7 displays the 40 ground truths (in red circles) in four selected video frames.
Both the 154th and 248th frames contain nine moving airplanes after Airplane 5 has stopped and
Airplane 10 has left the study area. The second to fourth rows of Figure 7 demonstrate the detection
results by using ViBe, IPGBBS, and our algorithm, while FNs (missing detection) and FPs (incorrect
detection) are inside yellow circles and green rectangles, respectively. Since both ViBe and IPGBBS
adopt recursive background models, they cannot detect all the airplanes in the early stage of the video
(1st and 67th frames). In the 154th frame, ViBe detects all moving airplanes with 3 FPs, while IPGBBS
detects eight of the nine airplanes with 1 FP. Since ViBe produces more FPs than IPGBBS over the four
selected frames, it possesses lower average precision and F; score. In the 1st, 154th, and 248th frames,
NFDL successfully detects all the moving airplanes. Compared with both ViBe and IPGBBS, NFDL has
the highest values of recall for all four frames. Overall, NFDL yields the most accurate detection result
with the highest recall of 0.98 and the highest F; score of 0.88.

The detected extent of an airplane is directly utilized for defining its template and thus greatly
affects the subsequent tracking process. When an airplane is only partially detected, its defined
template may not contain the whole airplane. Figure 8 shows the zoom-in view of all the airplanes
detected by the three algorithms in the 248th frame. In terms of preserving the shapes of airplanes,
ViBe has the poorest performance, whereas the NFDL algorithm demonstrates the best performance.
Therefore, NFDL is expected to deliver the best templates for tracking.

—

Figure 8. Zoom-in view of detected moving airplanes in the 248th frame. (a) ViBe, (b) IPGBBS, (c)
Our algorithm.

nl s

4.2. Rotation Invariance Assessment

In Section 3.2.4, three airplanes of different sizes (small, medium, and big) are selected from the
test video to calculate the similarity with their rotated versions using TSMs and ISMs. The results are
summarized in Figure 9, where green lines represent TSM similarities, and 3D surfaces represent ISM
similarities. In each subfigure, the highest similarity is observed when the rotation degree is 0, which
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is because an airplane is compared with itself. With an increased rotation angle, the similarities of
all measures decrease, especially for ZNCC (second row of Figure 9). With the same rotation angle
and an appropriately small value of o, all 3D surfaces are higher than the corresponding green lines,
indicating ISMs possess better rotation invariance than TSMs. For all ISMs, their resultant similarities
decrease with the increase of 0. When ¢ is unduly large, the similarities of GWZNCC and GWNSD
drop dramatically and could be even lower than their counterparts. With increased o, the similarities
of GWNCC decrease with a lower rate than that of both GWZNCC and GWNSD, which means that
GWNCC has the best performance for maintaining high rotation invariance. Additionally, there is
no clear pattern between airplane size and the calculated similarities. GWNCC and GWNSD have
the best performance with the small airplane and the worst performance with the medium airplane,
whereas GWZNCC has the best and worst performance with the big airplane and the small airplane,
respectively. Overall, high rotation invariance is observed when ¢ is in the proper range of [3,7] for all
airplanes. Within this range, all the ISMs maintain very high similarities (higher than 0.85) even with a
large rotation angle of 40°, demonstrating notably better rotation invariance than their counterparts.

GWNCC & NCC for small airplane GWNCC & NCC for medium airplane GWNCC & NCC for big airplane
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Figure 9. Similarities calculated by TSMs (green lines) and ISMs (3D surfaces) for the selected small
airplane (a), medium airplane (b), and big airplane (c), respectively.

4.3. Results of Moving Airplane Tracking

From the detection result in the first frame (the fourth row of Figure 7a), templates of the eleven
moving airplanes are extracted (after omitting the only FP in the green rectangle). We first compare the
tracking results by using TM-TSMs and TM-ISMs. The take-off or landing speed of an airplane is lower
than 300 km/h, and the longest distance an airplane travels between two consecutive frames (0.1 s)
cannot be longer than 8.3 m. For this reason, the value of ¢ is set at 10 pixels (about 10 m) to make sure
it is larger than the longest inter-frame travel distance. The value of ¢, which controls the size of ROS,
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is set to 20 pixels to compensate for the varying speeds of airplanes. Based on Figure 9, the Gaussian
weighting planes are created with a standard deviation (o) of 5. With this standard deviation, all the
ISMs maintain similarities higher than 0.85. Therefore, the threshold A for TM-ISMs is set to 0.8, which
is slightly lower than 0.85 to accommodate mixed pixel and lossy compression problems. Figure 10
shows the tracking results in the last frame when Airplane 10 has left the scene. The green bounding
boxes represent ground truths from the first frame of the video. The magenta bounding boxes show
the tracking results using TM-TSMs, and the red bounding boxes demonstrate the tracking results
using TM-ISMs. For Airplanes 1-9 and 11, we calculate the total CLEs between ground truths and
tracked bounding boxes over all frames, and the resultant AUCs are summarized in Table 3.

Airplane ID  GT ZNCC NSD GWNCC GWZNCC GWNSD

2

B S A
4
s
6
7
. O N S O
9

=T 1~

Figure 10. Results of tracking airplanes in the last frame. Green bounding boxes represent ground
truths in the first frame. Magenta and red bounding boxes demonstrate the tracking results by using
traditional similarity measures and improved similarity measures, respectively.

Table 3. Quantitative evaluations of the tracking results by using TM and P-SIFT KM algorithms.

Algorithm TM-TSMs TM-ISMs
Similarity NCC ZNCC NSD GWNCC GWZNCC GWNSD
measure
AUC 0.672 0.684 0.708 0.921 0.921 0.912

Based on TM-TSMs, only Airplanes 2—4 are successfully tracked with small model drift, whereas
the tracking for other airplanes results in large model drift. Due to the low rotation invariance of TSMs,
model drift is aggravated by the rotation. Consequently, the largest model drift is observed from the
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tracking of Airplanes 9 and 11, which are sliding and rotating. As a result, all TM-TSMs produce
small AUCs. In contrast, TM-ISMs successfully track all the eleven airplanes with small model drift.
For TM-GWNSD, the model drift for Airplane 9 is a few pixels larger than that of TM-GWNCC and
TM-GWZNCC. This is indicated in Figure 9c, where GWNSD demonstrates slightly lower rotation
invariance than GWNCC and GWZNCC for the big airplane. Overall, all TM-ISMs produce larger
AUC:s than their counterparts, and both TM-GWNCC and TM-GWZNCC exhibit the largest AUCs
of 0.921. Additionally, there are no tracked bounding boxes for Airplane 10 with TM-ISMs because
the tracking process is terminated as soon as the airplane leaves the scene. Therefore, TM-ISMs have
successfully solved the leave-the-scene problem.

Table 4 summarizes the AUCs of TM-ISMs and state-of-the-art algorithms, including kernelized
correlation filter (KCF) [26], P-SIFT keypoint matching (P-SIFT KM) [1], minimum output sum
of squared error (MOSSE) [29], tracking-learning-detection (TLD) [28], multiple instance learning
(MIL) [27],and Meanshift [25]. The fourth column of Table 4 gives the average tracking speed
represented by the average number of frames per second (FPS) for each airplane, and the last column
gives the total run time for tracking all the eleven airplanes in the test video. In our experiment, both
MOSSE and TLD lost Airplane 10 before it leaves the study area. Therefore, their capability to handle
the leave-the-scene problem is unknown. Table 4 shows that TLD possesses the lowest AUC of 0.289.
P-SIFT KM, MIL, and Meanshift fail to terminate the tracking after Airplane 10 leaves. Both TM-NCC
and TM-ZNCC achieve a very high AUC of 0.921, comparable to that of KCF. More importantly,
all TM-ISMs demonstrate the fastest tracking speed among all algorithms, especially TM-GWNCC,
which is approximately nine times faster than KCF.

Table 4. Quantitative evaluations of different tracking algorithms.

Algorithm Leave-the-Scene AUC FPS RT
KCF [26] v 0.950 53.60 51.10
P-SIFT KM [1] X 0.895 21612 12.67
MOSSE [29] unknown 0.466 93.48 29.30
TLD [28] unknown 0.289 2.63 1041.44
MIL [27] X 0.913 7.99 342.80
Meanshift [25] X 0.831 31.23 87.70
TM-GWNSD v 0.912 448.28 6.11
TM-GWZNCC v 0.921 39241 6.98
TM-GWNCC V 0.921 47062  5.82

RT: runtime in seconds.

The trajectories of moving airplanes are depicted based on the tracking results with TM-GWNCC
(Figure 11). Each trajectory is derived by sequentially connecting the airplane’s tracked locations in
all frames. These trajectories agree well with the visual observation of the test video. Specifically,
the trajectories of Airplanes 1-8 and 10 demonstrate only slide with no evident rotation, whereas the
trajectories of Airplanes 9 and 11 show both slide and rotation.
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Figure 11. Trajectories of 11 moving airplanes delineated on the first frame.

5. Discussion

In moving airplane detection, normalized frame differences are grouped into three clusters.
After comparing the performance of existing clustering algorithms, k-means was chosen for two
reasons. First, k-means can run very fast over a large video frame (especially compared with
DBSCAN [43]), preferable for real-time detection. Second, the number of clusters is preset with
k-means rather than automatically estimated as in many other algorithms. Similar to some of the
other algorithms, k-means may fail to provide reasonable clustering when pixel labels are extremely
unbalanced. Although k-means always delivers the desired result in our test video, NFDL would
benefit from a more effective clustering algorithm to deal with the imbalanced data problem.

For traditional remote sensing studies, the data processing speed may not be a major concern
because data is often processed after being transmitted back to a ground station. In satellite videography,
many tracking tasks can be time-sensitive, and thus real-time processing is desirable. The high efficiency
of our method shows great potential for real-time monitoring if deployed onboard video satellites.
In this case, a ground station can choose to directly receive the real-time locations of moving objects
instead of large-volume video data if so desired.

For a spaceborne platform, the quality of its remote sensing data can be impacted by inclement
weather, which will inevitably limit the performance of the proposed method. In cases of heavy cloud
and dust, the contrast of the delivered satellite video may be degraded, and NFDL may miss the
small airplanes because they can be easily melted into the background. With the ongoing resolution
improvement of satellite videography and the increased satellite video data availability, our moving
airplane detection and tracking method can further take advantage of these developments to deliver
better performance. Our tracking algorithm is tested in only one satellite video in this study. With the
increased revisit capability of satellite videography, how to identify and track the same airplane in a
sequence of videos remains an interesting research question.

6. Conclusions

Satellite videography, as an emerging technology, provides a new perspective to observe the
earth’s surface, which enables us to monitor moving objects from space. While attention has been
given to detect and track moving cars, airplanes have not been treated in much detail. This paper
describes a method to detect and track moving airplanes in a satellite video. First, we developed a
Normalized Frame Difference Labeling (NFDL) algorithm for moving airplane detection. NFDL adopts
a non-recursive strategy to provide stable detection throughout the whole video. Second, we used
template matching to track the detected moving airplanes in the frame sequence. In this stage, the
rotation invariance of TSMs was improved by introducing a Gaussian weighting plane. An experiment
was conducted by applying the developed method to detect and track eleven moving airplanes in the
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test video. For moving airplane detection, NFDL produced the highest recall and F; score and also
demonstrated the best capability to preserve the shapes of detected airplanes. For moving airplane
tracking, all the ISMs demonstrated notably better rotation invariance than their counterparts, which
contributed to more accurate tracking with better model drift suppression. With the fastest tracking
speed, TM-ISMs achieved tracking accuracy better than or comparable to state-of-the-art algorithms.
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