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Abstract- Automatic target detection in satellite images is a
challenging problem due to the varying size, orientation and
background of the target object. Airship recognition in remote
sensing images is a meaningful task. It remains challenging
due to the difficulty of obtaining appropriate representation of
airships for recognition. To solve this problem, we propose a
novel approach that is based on spatial frequency visual
saliency analysis and convolutional neural networks. First,
airbase is identified using spatial-frequency visual saliency
analysis algorithm that is based on a CIE Lab color space to
reduce the interference of backgroundand efficiently detect
well-defined airbase regions in broad-area remote-sensing
images. Second,an airship segmentation network is designed
to obtain refined airship segmentation results. Then, a
keypoints’ detection network is proposed to acquire airship’
directions and bounding boxes. At last, apply a template
matching method to identify airships. Experiments show that
the proposed method outperforms the state-of-the-art methods
and can achieve more than 98% accuracy on the challenging
data set.

I. INTRODUCTION

Due to the increasing ability to acquire remote-
sensing images using various satellites and sensors, the
detection of valuable targets from high spatial resolution
remote-sensing images has become one of the most
fundamental but challenging research tasks in recent years.
However, human image analysts are unable to search targets
by heavy manual examination due to the overwhelming
number of remote-sensing images that are available on a daily
basis. Thus, the need for automatic algorithms to preprocess
the remote-sensing data and to extract meaningful information
is critical.

An airbase, as an important traffic and military
facility, has important practical value for the fields of aircraft
navigation, military reconnaissance, and aircraft autopilot. The
automatic detection of airbase will have a significant impact
on the recognition of aircraft. Previous studies on airbase
detection can be grouped into the following two categories:
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studies that are based on edge detection and studies that are
based on image segmentation.

Han et al. in [2] proposed a method based on graph
search strategy and improved Hough Transform for detection
of oil tanks in satellite imagery. Yildizet al. in [3] employed
Gabor feature and used SVM classifier to detect different
aircrafts. Gabor filter is also employed by authors in [4,5] for
road crack detection in aerial images and settlement zone
detection is satellite images respectively. Hsieh et al. in [6]
employed Zernike moments, aircraft contour and wavelets and
used SVM classifier for the detection of aircrafts in satellite
images. Most of the methods discussed above use hand-crafted
features and work effectively in their scenes only. Deep
learning is a very effective method for learning optimum
features directly from huge training dataset automatically.
Now a day in numerous applications computer vision along
with deep learning have outperformed humans. Furthermore,
the use of Graphical Processing Units (GPUs) has decreased
the training time of deep learning methods. Large databases of
labelled data and pre-trained networks are now publicly
available.

An automatic target detection method based on
EdgeBoxes and Convolutional Neural Networks (CNN) is
proposed in this paper. Fig. 1 illustrates the conceptual level
block diagram of the proposed system. We use EdgeBoxes to
produce object proposals in the initial stage. The candidate
objects proposed by EdgeBoxes are filtered using some
geometric checks while maintaining high recall rates. We then
feed the potential object proposals to CNN for automatic
feature extraction and classification. Finally, the performance
of our method is evaluated on a large military target dataset
which contains aircraft and non-aircraft patches for training
and test satellite images from Google Earth.

The proposed algorithm can be used for detection of
any type of targets. However, we have only detected aircrafts
so far due to availability of the aircraft dataset. The literature
related to detection of any military target is of interest here.
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The proposed target detection system is explained in
detail in Section Il. The experimental analysis is presented in
Section Il followed by conclusion and future prospects in
Section IV.

1. THE PROPOSED TARGET DETECTION
SYSTEM

The proposed framework for target detection system
is shown in Fig. 1. The FLS is approximately divided into four
parts. First, low resolution images are generated by a Gaussian
pyramid. Second, by converting an image to CIE Lab space,
we obtain a saliency map by spatial-frequency visual saliency
analysis

Third, saliency map is transformed to binary map
after threshold segmentation, which produces the initial ROIs
of the images. With binary map, we can compute the area for
each connected region and extract the connected regions with
the area of the topfive. Last, we adopt color and intensity
features combined with the Hough transform to exclude
images which do not include the airport region, and for images
which contain airports, the well-defined airport region is
detected by its salient value.

We detect objects in input image using EdgeBoxes
and apply geometric checks to select military targets among
the object proposals. A well-trained CNN is used to extract
features of the proposed objects and classify them as aircraft
or non-aircraft objects.
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Fig 1 Block diagram
A.AIRBASE DETECTION MODEL:

In this paper, we adopt a spatial-frequency visual
saliency analysis algorithm, which introduces a frequency
enhancement filter to sharpen edges. First, the CIE Lab color
space [22], rather than the RGB color space, has been chosen
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for saliency detection, as the fact that the Lab color space is
uniform and similar to the human perception, with a
luminance channel and two-chromatic channels (RG and BY).
Given an image |, as previously mentioned, the grayscale of
an airport region is usually lighter than the grayscales of its
surroundings; thus, the role of the luminance channel in
saliency detection is more important than the role of the other
two channels. In the two-chromatic channels, we use a
Gaussian blurred version to eliminate fine texture details in the
spatial domain to achieve a fast speed. For the luminance
channel, we adopt a high-frequency enhancement Butterworth
high-pass filter to compute feature maps. An image can be
described as an amplitude spectrum and a phase spectrum in
frequency domain as shown in (1), whereas a phase spectrum
retains some important features of an image, such as the edge
information.

Flu,v) = |F{yq))e*) (1)

where|F(u, v)| is the amplitude spectrum and ®(u, v)
is the phase spectrum. If we only use the phase spectrum and
disregard the amplitude spectrum, the received feature map
will contain part of the background information, which is
unfavorable for thefollowing segmentation. High-pass filter
can sharpen the edge of targets and maintain the edge
information by attenuating and suppressing the low-frequency
component. If we use a high pass filter, the image quality may
not be satisfactory due to the substantial noise and suppressed
salient features. To enhance image details and reduce noise,
the high-frequency enhancement Butterworth high-pass filter
is adopted. The n-order Butterworth high-pass filter with a
cutoff frequency of DO is defined as

1
I+ [Do/ D )"

H{w ) = @

Where
Diww) = [(u— _ﬂg"’i}? + {v— %{}2]152

represents the distance between the midpoint of
frequency domain (u, v) and the center of frequency rectangle
(M2, N2), n is the order of filter (n = Lis adopted in this paper),
and DO is the cutoff frequency (DO is 0.04% of the image size
in this paper). Given an image with width W and height H
pixels, the final saliency map can be formulated as follows:

SM(QEU} = | |IL - Iﬂ(mr _'U)||+ ”Ia - Ia(wr y}l
+ |1 = T, 2| (3)
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where IL (x, y) is the image pixel vector value of the
luminance channel that is filtered by the high-frequency
enhancement Butterworth high-pass filter, la(x, y), Ib(x, y) is
the corresponding image pixel vector value of two-chromatic
channels, IL , la, Ib is the mean feature map vector, and _ -
is the L2 norm. Equation (3) summarizes our approach, and
the received saliency map, which has highlighted salient
region with well defined boundaries, is a complete resolution
saliency map with the same size of the original image. After
threshold segmentation with the Otsu operator, the saliency
map is transformed to binary map for target extraction.
Considering the larger size of an airport target, we choose to
extract the connected regions with the area of the top five
among all connected regions in an image as the target
candidates. Finally, we adopt color and intensity features
combined with Hough transform to exclude images that do not
include the airport region, and for images which contain
airports, target candidates are identified based on salient value.
As the gray value of an airport target is lighter than its
surroundings, we treat the target that involves the highest
salient value among the five connected regions as the airport
target and label the airbase region with a red rectangle.

B.AIRCRAFT RECOGNITION MODEL
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|

Fig 2 CNN Framework used for feature Extraction and
classification in the proposed method

CLASSIFICATION

A. Candidate Objects Proposal using EdgeBoxes

The edge information of objects is very useful in
remote sensing because it contains very prominent and concise
attributes as shown. The EdgeBoxes technique presented in
[14] leverages the edge information to detect objects. In
EdgeBoxes, a single score from contours confined in a
bounding box of the candidate object is calculated and edges
with high affinity are grouped together using a greedy
approach. The affinity between two groups is given by:

a(Si‘S]‘) = |CGS(8]' - 8“) COS(ej — 8]] )IY (4)

where3i and i represents the pairs of groups,

(5

ithe mean orientation of a group Siand the angle between
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mean positions of groups i and Siis represented by Oij.
The sensitivity of affinity to orientation variations is
controlled by y. The score of a bounding box of a candidate
object is given by:

Zi (W (5;)m;)

B = = o By )¥

()

where width and height of a box are represented by

W and I]hrespectively, the sum of magnitudes of all edges

M The value of

5

in a group b is represented by
wp, (5;)e [0, 1]

normalize the score, the magnitude of edges from b'™ hox

indicates whether b contains ~ior not. To

centered in D is subtracted to improve the accuracy of

EdgeBoxes:
D pinl™)

by’ = by, —
b D 2(by+ b (6)

Where b™  has height and width equal to
hh bw
2 and 2 respectively. For further details on EdgeBoxes, the
reader is referred to [14].

B. Candidate Objects Selection

The candidate objects proposed by EdgeBoxes are
very large in number for classification by CNN. We apply
some geometric checks to discard the objects which are
unlikely to be aircraft objects. The patches of aircraft in
satellite images are generally small in size and square shaped,
thus the objects with very large or very small area and high
aspect ratio are discarded. The objects left behind in geometric
filtering are passed to the CNN for automatic feature
extraction and image classification.

C. Feature Extraction and Classification using CNN

The Convolutional Neural Network (CNN) is a
modern deep learning method which is being widely used for
image analysis tasks such as image classification and object
detection and segmentation. Krizhevskyet al. [18] achieved
excellent recognition rates on Large Scale Visual Recognition
Challenge dataset using standard backpropagation for training
a deep CNN.

A CNN consists of several layers: convolutional,
activation and pooling layers in alternation followed by a fully
connected layer that produces the output. Unlike typical neural
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networks, only a small region of input neurons known as
Local Receptive Field (LRF) is connected to the hidden
neurons. LRF is translated across the image using convolution
to map the input to hidden neurons. The hidden layers in CNN
learn to detect different features in an image. The weights and
biases for all neurons is a hidden layer are the same. Thus, all
hidden neurons detect the same features such as edges and
blobs in different regions of an image, making the CNN
tolerant to translation of objects in an image. Activation
transforms the output of each neuron by using activation
functions such as Rectified Linear Unit (ReLU) which maps
the output of a neuron to the highest positive value, or if the
output is negative, ReLU maps it to zero. Pooling reduces the
dimensionality of the feature map by condensing the output of
small regions of neurons into a single output, thus simplifying
the following layers and reducing the number of parameters to
learn. The final layer connects the neurons from the last
hidden layer to the output neurons which produce the final
output. The class probabilities are determined by the value of
each node in the final layer.

Fig. 2 represents the proposed architecture of CNN.
There are a total of five layers, i.e. two convolutional and two
pooling layers in alternation followed by a fully connected
layer. There are 6 filters of mask size 5x5 in first
convolutional and 12 filters in second convolutional layer.
Pooling layer field has a size of 2x2. A sigmoid activation
function processes the output of the last layer to generate class
labels.

I11. RESULT AND PARAMETER ANALYSIS

Fig 4 Airbase region detection
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Fig 5 Airship recognition

The quantitative evaluation of the proposed method is
based on computing accuracy, as shown in below equation.
Here Acc represents accuracy; TP denotes the number of true
positive samples; TN denotes the number of true negative
samples; FP denotes the number of false positive samples; and
FN denotes the number of false negative samples

TP + TN

A0 = 5 T4 P 4 I @

true positive ratio (TPR) and the false positive ratio (FPR) are
defined as

TF
e

(8.9)

High TPR and low FPR usually contradict each other.
Because the receiver operating characteristic (ROC) curve has
the ability to show the comparison of TPR and FPR as
classification decision criterion changes, it is widely adopted
to compare the performance of two different classification
systems. The area beneath the curve, which is referred to the
ROC area, is also a reflection of the classification
performance. Thus, a large ROC area indicates better
performance Another quantitative measurement is based on
the precision, recall, and F-measure, as denoted as P, R, and
FEf . Their definitions are given as follows:

TF
P=_—" _ w100%
TP + FP ’
TF
rF.-u
By =14+ 5% ——=——.
Fi-P4 R (10-12)
Paramatars Walua
Pracizion 00706
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In our experiment, we display classification results
based on these measurements.
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Fig 6 ROC curve

By using this curve we conclude that proposed
method achieved 98% accuracy.

IV. CONCLUSION

Automatic target detection in satellite imagery has
great significance in military applications. In our work, we
propose spatial frequency visual saliency analysis algorithm
and CNN for classification in satellite images. CNN
effectively learns optimum features directly from huge amount
of data automatically. Moreover, CNN is invariant to minor
rotations and shifts in the target object. Encouraging
experimental results have been obtained on a large dataset.
The high precision and recall rates show the optimum
performance and robustness of our system in complex scenes.
In our future work, we will try to improve the performance of
our system and lower the computational cost. We will also
apply it in other areas where target detection is used.
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