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Abstract. In this paper we describe an airport ground movement
surveillance network. Airport ground videos are captured by multiple
cameras, and than transmitted to the airport control center based on
the optical fiber network. On the high-performance servers in the con-
trol center, various intelligent applications process video data, visualize
the processing results and provide them to the air traffic controllers as a
reference for airport management. Moving object detection is the founda-
tion of many video based intelligent applications in airport surveillance.
We propose detecting the moving objects in the airport ground by the
use of the prior knowledge, that is, the airport ground made of cement
has a gray-white color distribution. Based on this fact, firstly we use
a dual-mode Gaussian distribution to fit the color distribution of the
ground. Next, based on the fitted distribution we build a prior model,
where pixels near the class boundary are more likely to be classified as
the foreground. Finally, the prior model is used to detect moving targets
within a Bayesian classification framework. Experiments are conducted
on the AGVS benchmark and the results demonstrate the effectiveness
of the proposed moving object detection algorithm.
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1 Introduction

With the continuous growth of civil aviation traffic, the airport ground is get-
ting busier and crowded. The airport must be more intelligent to face operation
and capacity challenges. Compared with the common Secondary Radar or Auto-
matic Dependent Surveillance-Broadcast (ADS-B) [1], video data contains more
information, so video based intelligent surveillance is more promising in the next
generation of airport management system. Since the airport ground is very broad,
it needs a network of multiple cameras to cover the whole monitoring area. Fur-
thermore, the coding and transmission of video data must be considered in such
a video surveillance system. In the control center, various intelligent applications
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Fig. 1. Illustration of the airport ground video surveillance network.

can be developed based on video data, e.g. visual guidance and conflict alert.
The foundation of most such applications is moving object detection [2], which
alms to extract the moving targets on the ground from video sequences.

In this paper we present an airport ground movement surveillance network.
Multiple cameras form a monitoring network covering the whole airport ground.
Captured video data is transmitted to the airport control center based on a
dedicated optical network. The video data format is H264. For various intelligent
applications running in the control center, we propose a method of moving object
detection which is specially used for ground surveillance. This method takes use
of the prior knowledge in ground, that is, the airport ground made of cement
has a gray-white color distribution. Based on this fact, firstly we use a dual-
mode Gaussian distribution to fit the color distribution of the ground. Next,
based on the fitted distribution we build a prior model, where pixels near the
class boundary are more likely to be classified as the foreground. Finally, the
prior model is used to detect moving targets within a Bayesian classification
framework. Experiments are conducted on the AGVS benchmark [5] to evaluate
the effectiveness of the proposed method.

The rest of the paper is organized as follows. The airport ground movement
surveillance network is shortly described in Sect. 2. Section 3 presents details of
the proposed moving object detection algorithm. Experimental results are shown
in Sect. 4, followed by the conclusion in Sect. 5.

2 Proposed Surveillance Network

The airport ground movement surveillance network is shown in Fig. 1. Multiple
cameras including both fixed and PTZ cameras, are installed around the airport.
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Fig. 2. Spliced video in the airport ground video surveillance network.

Captured videos in the form of H264 are transmitted to the control center with
a dedicated high-speed optical fiber network. In the control center, video data
is processed and displayed on a large screen. Since the airport ground is very
broad and the field of view of a single camera is limited, it is necessary to splice
the videos based on the camera’s geometry relationship. The spliced video is
shown in Fig. 2. Based on the splice video, various intelligent applications can be
developed. Next we introduce the proposed moving object detection algorithm,
which is able to support high-precision upper applications.

3 Moving Object Detection

The most widely used strategy in moving object detection is unsupervised sta-
tistical modeling, which has been studied for more than twenty years. In recent
years, the supervised moving object detection based on deep learning is rising,
but this method has not met the requirements of real applications. Some sta-
tistical methods only model the background [3], while others build multi-layer
models for the scene, such as bilayer modeling [4]. Our method belongs to the
category of bilayer modeling. Since the prior knowledge of the airport ground
is employed in our method, the proposed method is more accurate than the
previous methods.

3.1 Overall Framework

First we give some notations. Let Z* = {z!} be a frame at time ¢, each pixel z! is
a 3-tuple RGB vector, where i is the position index of pixels. For ease of notation,
we may omit the superscript and subscript in case of no confusion. Let L = {l;}
be a binary silhouette map, where {; € {F, B}, with F = 1 denoting foreground
and B = 0 referring to background. In the Bayesian classification framework,
moving object detection is the Maximum Posterior Probability (MAP) estima-
tion of P(L|Z)

P(L|Z) o< P(Z|L)P(L), (1)

where P(Z|L) and P(L) are the likelihood term and smoothness term, respec-
tively. In our method, a prior model is presented and used in conjunction with
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Fig. 3. (a) is one frame from sequence S19 in the AGVS benchmark, and (b) is the
gray histogram of (a). (c) is the fitted dual-model Gaussian distributions of (b). (d)
shows the prior model with different o.

the traditional bilayer model for classification. Therefore, the likelihood term in
Eq. 1 consists of two terms

P(Z|L) = Py (Z|L) P,(Z|L), (2)

where Pj(Z|L) and P>(Z|L) separately correspond to the prior model and the
traditional bilayer mdoel. Next, we introduce each model in our method, the
smoothness term and the optimization of Eq. 1.

3.2 Prior Model

The prior model is based on the prior knowledge in the ground, that is, miss-
detections of moving object detection in ground surveillance are mainly caused
by the camouflage phenomenon, which means the foreground and background
share similar color distributions. Furthermore, the camouflage in ground surveil-
lance occurs between the gray-white airport ground and airplanes dominated by
white. In other words, the gray-white areas have a higher probability of cam-
ouflage occurrence. We compute the gray histogram of Fig. 3a, as shown in
Fig. 3b. Figure 3a is from the AGVS benchmark, which is a special dataset for
the research of airport ground surveillance. We can see that there are two sig-
nificant peaks in the gray histogram. Because the airport ground is the main
area in all videos of AGVS, we can infer that the two peaks in each histogram
correspond to the gray and white areas of the airport ground, respectively. based
on the least square method, we use a bimodal Gaussian distribution to fit the
gray histogram

ph(Zi) = Z&)TN(Zi;[)’T7&T)) (3)
r=1

where @, is the weight of each Gaussian component, and [i,- and &,. are the mean
and standard deviation of the ith Gaussian component.

We compute the dual-model Gaussian distribution of Fig. 3b, as shown in
Fig. 3c. It can be seen that this bimodal model does reflect the probability of
camouflage occurring in different gray pixels to a certain extent, because the
largest camouflage probability is at the gray and white pixels of the ground, and
the larger the gray difference from the ground pixel, the smaller the probability
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of camouflage occurrence. Next, we define the prior model as the conditional
probability of o

ZZ|U Zwr Zz;ﬂraa)a (4)

where @, and fi,- are the same as in Eq. 3, o is a variable parameter, and the
two Gaussian components have the same o. The prior model with different o is
shown in Fig. 3d. We can see that when o is small, the camouflage probability of
different pixels varies greatly (black curve), while when o is large, the camouflage
probability difference of pixels becomes small (red curve). When o is infinite, the
camouflage probability of all pixels is equal, which means this prior model does
not work.

We have known that in the case of camouflage, classification tends to the
background. The purpose of designing the prior model is to force the classifi-
cation to the moving object when camouflage occurs, thus compensating the
algorithm for the background bias. This is achieved by P;(Z|L) in Eq. 2. Let
a = max[py(z;)] and 8 be the scale factor, first we define two probability items
based on the prior model, 5(1 4 pn(zi|o)/a) and B(1 — pr(z;|o)/a). The scale
factor # determines the absolute difference between the two probability terms.
Next we construct P;(Z|L) with the two probability items as

)t (5)

Pr(zilo) Ph(2ilo)

P(2iL) = [T 130+ 220y pnlalo)

In the framework of MAP, the meaning of Eq. 5 is that, if 3(1 + pp(zi|o)/@)

is larger than (1 — px(zi|o)/a), z; is more likely to be classified as foreground.
It can be seen that Eq. 5 does achieve our goal that the greater the camouflage

probability, the higher the probability of being classified as foreground.

3.3 Traditional Bilayer Model

The traditional bilayer model is used in conjunction with the prior model for
classification. We construct the bilayer model with the same manner as in [6],
where a non-parametric model is separately kept for the background and fore-
ground. Assuming the foreground probability and background probability based
on the bilayer model are p(z;) and py(z;), respectively, the P»(Z|L) in Eq. 2 is

constructed as
P (Z|L) = pr (zi) . (6)

3.4 Smoothness Term and Optimization

The smoothness term allows to enforce the spatial coherence of pixel labels into
the classification process. We use the Potts smoothness term as in [7]. Now we
have all the probability terms in Eq. 1, and the MAP estimation of P(L|Z) is
the final result of moving object detection. We convert the MAP estimation to
an energy minimization problem. There have been many graph cut methods for
energy minimization, and we use the a-expansion method in [8].
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Fig. 4. Left to right: two frames in SI and S21, ground truth, KDE [12], KNN [10],
Bodids [6] and the proposed method, respectively.
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Fig. 5. Left to right: two frames in S72 and 520, ground truth, SOBS [15], PBAS [14],
CodeBook [11] and the proposed method, respectively.

4 Experimental Results

Comparative experiments are shown in this section. Ten state-of-the-art unsu-
pervised algorithms with available public codes are chosen for comparison: SuB-
SENSE [9], KNN [10], Bodids [6], CodeBook [11], KDE [12], ViBe [13], PBAS
[14], SOBS [15], GMM [16], FGMM [17]. The AGVS dataset is used as the bench-
mark dataset. Next, we separately describe the experimental setting, qualitative
analysis and quantitative analysis.

4.1 Experimental Setting

There are several parameters in the proposed method, e.g. @y, W9, i1, fi2, , B
and o. Among them, @y, @, f11, flo and « are learned from the gray histogram
during the operation of the algorithm. Therefore, two parameter, 6 and o, needs
to be tuned in our method. An empirical way is adopted in our method to set the
two parameters, that is, optional values of one parameter are tested while with
the other parameter fixed, and we choose the one resulting in the best detection
result by visual observation. With such a method, we set the two parameters as
(6 =0.11 and o = 3.

4.2 Qualitative Analysis

The detection results of some algorithms are shown from in Fig. 4 and Fig. 5.
Mild camouflage is shown in Fig. 4, where the white-dominated airplanes are
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Fig. 6. Detection performance of 11 algorithms on AGVS.

moving on the gray area of the ground. We can see that the detection results by
the proposed method are the most complete. The camouflage in Fig. 5 is more
severe than in Fig. 4. The aircraft in Fig. 5 are all white, and the ground area
they pass through is also bright white. Therefore, the detection defect of each
comparison algorithm in Fig. 5 is very serious. The proposed method is effective
for this severe camouflage, and its detection results are still the most complete.
In fact, in addition to camouflage, Fig. 4 and Fig. 5 contain other challenges,
e.g. shadow. It can be seen that the presented method is invalid for shadow.

4.3 Quantitative Analysis

We choose RE, PR and F-measure (FM) for quantitative comparison of detection

accuracy:
TP TP

E=—"__ PR=— "
R TP+ FN’ R TP+ FP

and
2 x RE x PR

RE+PR '’

where TP, FP and FN are the numbers of true positives, false positives and
false negatives, respectively. Higher RE means less detection defects, and higher
PR indicates less detection noises. FM is the comprehensive result of RE and
PR. When both RE and PR are close to 1, FM is also close to 1. When either
RE or PR deteriorates, FM will also decrease.

Average RE, PR and FM of all methods on the AGVS dataset are shown in
Fig. 6. PTZ videos are not considered, because unsupervised algorithms cannot
deal with this problem. We can see that the proposed method has the best
RE on all sequences, and compared with other algorithms, the RE is much
improved. This means the defect detection due to camouflage is greatly improved
by our method. Particularly, the presented method does not have the best PR
on most sequences, which indicates the increase of false positives compared with
other algorithms. As shown in Fig. 4, increased false positives are mainly the
missclassified shadowed pixels. This problem may be resolved by using shadow
removal as post-processing. Regarding with the computational time, our method
can achieve the processing speed of 15 FPS on Intel i7 processor, which meets
the requirements of practical applications.

FM =
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5 Conclusion

An airport ground movement surveillance network was introduced in this paper.
This system consisted of three parts, multiple cameras, optical fiber transmission
and control center. There was multiple intelligent applications in the control cen-
ter and moving object detection was the basis of most such applications. A new
moving object detection algorithm was proposed by the use of the prior knowl-
edge of airport ground. This method included a prior model and the traditional
bilayer model, and the final classification was achieved via energy minimization.
Experimental results on the AGVS benchmark demonstrated the effectiveness
of the proposed method.
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