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brightness regions in satellite images. However, the threshold is only for brightness
components, we also use Grab cut and k-means algorithm to perform more detailed

classifiers. The classifier is built upon the support vector machine (SVM), and th
image is within a cloud region. The experimental results show that the propo
satellite image. With the combination of HoG texture feature and the lipear

99% of accuracy.
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INTRODUCTION

In mid-2017, the National Spa
(NSPO) successfully lau
developed satellite FOR

high-quality optical satellite self-
made CMOS digital image S isisa
major milestone in echnology in
Taiwan. The digital i ORMOSAT-

etry, disaster
commercial services.
de limited power, so

mages. To save the power

of satell this paper propose a cloud
detection method and a satellite attitude planning
algorithm to help reduce the cloud appearance in

satellite images.

In order to avoid consuming too much energy in
the cloud detection, we use subsidiary low-resolution
camera with lower energy consumption to perform
cloud detection and decrease the shots in high-
resolution camera. The method developed by this
research can be divided into three parts, one is image
processing, highlighting the possible areas of the
cloud layer, followed by Grab cut and SVM for cloud
layer detection, confirming the cloud layer area, and
finally, importing machine learning and cloud

Wi Through the cloud detection system we

eloped, we can find out the locations of the cloud
layer and find a reasonable satellite attitude planning
0 obtain high-resolution satellite images in a more
power-saving way. Fig. 1 shows the main flow of the
proposed system.

RELATED WORK

In 2004, Pergola et al. proposed a method to detect
volcanic ash clouds using thermal infrared
information coming from AVHRR bands captured by
satellite [1], and the sample images are shown in Fig.
1. In 2006, Lu et al. proposed a method to detect
clouds and hazes in IKONOS image with 0.8-meter
panchromatic and 4-meter multispectral bands [2].
The sa[npl‘e imagg is s_rlgwn in Fig .2.
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Fig.1. Infared cloud image with pseudo colors in different
range: @ 250K~300K; (b) 270K~305K
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Fig.1. The flow chart of our proposed cloud detection method in satellite image

L
Fig.2. sample image from IKONO satellite
In 2015, Li et al. proposed a method to find thick
clouds in satellite images of spectrum reflection [3].
They first divide the image into multiple small blocks,
as shown in Fig. 3., and use multiple support vector
machines (SVM) to detect clouds.

(@)

In 2016, Bao et al. pro
method using the Gaofen
e band), and
strated in Fig.

(a)
Fig.4. Scenarios for images chosen from Gaofen-1 dataset: (a)
clouds; (b) water.

In this paper, we propose a method to detect clouds
in RGB color image, and infrared, spectrum
information are not required.

3. CLOUD DETECTION
This section proposes a method for cloud detection.
The purpose of image pre-processing is to filter

complex background im
the cloud layer. Then, us
contour extraction, and

obtain simplified cloud urs.

The image
clouds in the i

s at filtering the
image is binarized by
e cloud layer is usually
htness pixel, the Otsu
to filter out the pixels of the
ver, Otsu’s method only uses

the cloud layer detected using Otsu’s
some pixels are misjudged. Therefore,
onsider using thresholds in HSV color space
tead of OTSU only. A flowchart of the proposed

od is shown in Fig. 5.

Compared with the cloud layer obtained by OTSU,
the result obtained by computing the HSV color space
is better, as shown in Fig. 6. In addition, the HSV
operation can be combined with the standard
deviation to automatically select the HSV threshold.
We have obtained ideal thresholds by experiment: H:
0~255, S: 0~50, V: 100~255. A result by applying the
thresholds to a satellite image with cloud is shown in
Fig. 7.

In addition to the HSV color space, we also
conducted experiments in the RGB color space [6].
We found that the optimal thresholds are Red:
120~255, Green: 120~255, Blue: 120~255, and the
segmentation result is shown in Fig. 8.

In the above results, there are much noises
included. To remove the noise, the mathematical
morphological methods including erosion and
dilation operation are applied. In an erosion operation,
if a target is too small, it will be eroded. To remove
the noise and keep the shape of the detected cloud,
we use an erosion operation followed by a dilation
operation, and the result is as shown in Fig. 9, where
the structural element used in the operations isa 3 x 3
square.

m
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Fig.6. The preprocessing result using Otsu’s method: (a)
original image; (b) processed binarized image with white pixels
above the threshold computed by Otsu’s method

@) (b)
Fig.7. Preprocessing by setting thresholds in channels of HSV
color space: (a) original image; (b) processed binarized image
with white pixels above thresholds in HSV color space

(b)
Fig.8. Preprocessing by setting thresholds in the RGB €olor
space: (a) original image; (b) processed binarized image with
white pixels above thresholds

4 ¥
(b) (©)
Fig.9. Noise removal using opening operation: (a) original
image; (b) binarization using HSV threshold; (c) after using
opening operation

3.2. Clouds Layer Segmentation

A natural image has multiple Gaussian components.

To find the foreground, we use the Grab cut method
[7] to find the appropriate cutting points that separate
the Gaussian components belonging to the foreground

and background to segment the foreground of the
image.

For advanced image segmentation, we apply the
Gaussian mixture model (GMM) theory. In the GMM
theory, there are multiple Gaussian components in a
natural color image that some belong to the
foreground while others belong to the background. To
differentiate the two parts, the energy minimization is
applied to find an optimal cut for these components.

The image consists of pixels z,, in RGB color space
with n pixels. We denote m as the weights, u as the
mean value, and X as the covariance. Vector k =
{ki, kg ik, o kY with Rye{1,2,..,N}
typically

E(a, k,0,z) = U(a,k,6,2) +V(a,z) (@)

where

U(a, k,0,2) = Z —logm(ay,, k,)

" 1

+ glog det 2(ay,, k,) @)

+ E [Zn

= Au(a’fl’ kn)]TZ(am kn)_l [Zn

— u(an, ky)]
The parametersiare
= {rle fe), (2, k), 2(a, k),a =01,k =1,..,K}
with 2K Gaussian components for the background
and foreground distributions

From-the definitions above, the flow of the Grab Cut
algorithm is formulated as follows:

Algorithm 2: FP-growth

1 Initialize a trimap T with only Tz, and the
foreground is set to T, = @. Set T, = Ty, which is
the complement of the background.

2 ForneTgseta, =0;forneTy, seta, =1

3 For each n in Ty, assign GMM components to

pixels. k,, < argmin D, (&, ky, 0, Z,)
kn

4 Learn GMM parameters from data z 6 =

argminU(e, k, 6, z)
0

5 Use minimum cut to solve:

min minE(a,k,09,2)
{anm€eTy} k

6 Repeat the process until convergence.

Fig.10. Flowchart of Grab Cut

In the graph theory, the optimal cut is the minimum
cut in the component graph, and it is equivalent to the
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maximum flow. The Graph Cut is a method to find
the minimum cut, which is also a useful method for
image segmentation. An illustration of the Graph Cut
concept is shown in Fig. 11.
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Fig.11. Energy minimization of an image by Grab Cut, each
elliptic object represent a Gaussian component: (a) the relation
between energy and iteration; (b) before energy minimization;
(c) after energy minimization

However, sometimes it is unable to find the
optimal cut by a single operation. Therefore;®the
iterative Graph Cut, called Grab Cut, is a method
perform energy minimization iteratively. Gr
segments the foreground and background

iteration, it optimizes the segmentation
iteration. The optimization i

two iterations, the result
optimized segmentation is
segmentation result fi
12.

Fig.12. Cloud region segmentation by Grab Cut: (a) original
image; (b) result image;

Grab Cut performs foreground segmentation on a
pixel basis rather than setting thresholds on the entire
image. As a result, there are less noise pixels in the
Grab Cut segmentation result compared to the RGB
and HSV segmentation methods. The comparison is
shown in Fig. 13.

(b) binarization using RGB

Grab Cut

3.3. Clouds Conto

After the clo mented, examine each
separated etermine whether it is

pixels adjacent to other regions in
image obtained from previous steps.
components are extracted in the binary
ough the border following method proposed
i et al. [8]. The connected components are
d as contours, and are shown in Fig. 14.

@

(b)

Fig.14. Finding the connected component of a cloud through
border following; (a) a segmented cloud image using Grab Cut;
(b) borders obtained by border following method marked in
green, and the minimal bounding boxes of the borders are
marked in blue

The border following method often extract cloud
regions with coarse and complex edges, which is not
suitable for contour analysis. Therefore, use the
convex hull algorithm to simplify the contours of the
cloud. First, use the border following algorithm to
find the coarse edge of the cloud, and use the edge
pixels as input for the convex hull algorithm. The
convex hull algorithm finds the smallest polygon that
frames the contours, and a sample result is shown in
Fig. 15(b).
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(b)

Fig.15. Simplify the cloud contour using convex hull: (a)
original image; (b) cloud with simplified contour marked in
blue

3.4. Clouds Texture Analysis

After extracting each separated cloud regions, use
the local binary patterns (LBP) method [9] to analyze
the texture of a region. The LBP is performed as
follows: choose a pixel as the center point, and
compare its brightness value with its 8 neighboring
pixels. For the 8 pixels, if its value is greater than the
center point, set its value to 1, otherwise set to 0;
second, the form the 8 pixels into a binary sequence,
and convert it to a decimal digit as the new value of
the center point. There are two advantages of this
method: (1) illumination changes will not affect the
results of LBP; (2) calculation is simple and fast, and
can be used on real-time systems. Fig. 16 shows the
texture extracted by LBP, Fig. 17 shows the fest:ure
extraction results of two non-cloud samples, and*Fig.
18 shows the feature extraction results of three clo
samples.

Fig.17. Some examples of non-cloud texture extraction: (a), (c)
are the cloud region samples; (b), (d) are the extracted texture
features

cloud texture extraction: (a), (c), (e)
les; (b), (d), (f) are the extracted

ayer Classification
oud image is extracted by the above
use the statistics of the Histogram of
gradients (HOG) [10] to numericalize the
. We use the Support Vector Machine (SVM)
to build a classification model for clouds; SVM
inds a maximum margin between the cloud data
points and non-cloud data points in the feature space.
However, the training data may present a non-linear
distribution in the feature space, which is linearly
inseparable and is impossible to divide by a hyper-
plane from SVM. Therefore, we choose linear core
transfer function and RBF function to map the data
points to a higher dimension feature space as a
solution [12], and the implementation is shown in Fig.
19.

Fig.19. Feature space mapping example: original data are into
the feature space of higher dimension

The experimental result for the building the
classifier is shown in Table 1. According to the
results, the best combination of building a cloud
classifier is the using HoG feature with linear core
transfer function in SVM. The accuracy of cloud
classification is 99.8% with the best combination.
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Table.1. The Accuracy of the Cloud Classifier Using SVM

Feature
_Gray HoG
Kernel Histogram
Linear 645/749 748/749
=86.1% =99.8%
674/749 692/749
RBF = 90.0% - 92.3%

4.

CONCLUSION AND FUTURE WORK

In this paper, we proposed a method for cloud
detection in satellite images. First, we use thresholds
from Otsu’s method, RGB and HSV color space.
Subsequently, Grab Cut, a GMM based method is
used to separate foreground and background Gaussian
components. Also, LBP is used to extract texture
features. To build a cloud classifier, we use the LBP
combined with SVM with linear core transfer
functions to establish a classifier which 99.8% of
cloud classification accuracy. However, according to
our statistics on 13,037 cloud image datasets, the
Grab Cut algorithm currently used has an average
execution time of 27.6 seconds in a single cloud
image. Therefore, the detection speed should be
reduced for real-time applications. In the future, we
will introduce the object recognition method based on
deep learning that does not require preprocessing
steps, and has the capability of generating feature and
locating the clouds automatically.
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