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Abstract— In ground-based remote sensing cloud image observation, images with the highest possible resolution are captured
to obtain sufficient information about clouds. However, when
features are extracted and classification is performed on the
basis of the original images, a high-resolution probably means a
high (or even more, unacceptable) computation cost. In practical
application, a simple and commonly adopted method is to appropriately resize the original image to a version with a decreased
resolution. An inevitable problem is whether useful information
is lost in this resizing operation. This paper demonstrates that
information loss is inevitable and poor classification results may
be obtained from the analysis of local binary pattern (LBP)
histogram features. However, this problem has been always
neglected in previous studies, and the original image is arbitrarily
resized without any criterion. In particular, the histogram features based on LBPs actually reflect the distribution of features.
Thus, a criterion based on the Kullback–Leibler divergence
between LBP histograms from the original and resized images
and a penalty term imposed on the resolution are proposed to
select the resolution of the resized image. The optimal resolution
of the resized image can be selected by minimizing this criterion.
Furthermore, experiments based on three ground-based remote
sensing cloud image data sets with different original resolutions
validate this criterion by analyzing the LBP histogram features.
Index Terms— Cloud image
Leibler (KL) divergence, local
resolution selection.

classification, Kullback–
binary patterns (LBPs),

I. I NTRODUCTION

C

LOUDS are the external reflection of the combined
effect of atmospheric dynamics, heat, and hydrological
cycle. Clouds play an important role in predicting the climate,
the Earth’s energy budget balance, and the hydrological cycle
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with solar and terrestrial radiation [1]–[3]. Accurate cloud
observation is an essential and challenging issue in weather
forecasting, climate models, and flight service [4]–[6]. Clouds
are generally observed via three ways including space-based
satellite, air-based radiosonde, and ground-based remote sensing observations.
Accurate satellite remote sensing observation with different spatial and temporal resolutions is widely utilized in
large-scale surveys [6]–[10]. For example, NASA’s satellite
has shown that 70% of the world’s atmosphere is covered
with clouds [11]. However, as [6], [7] indicated, satellite
observations cannot provide sufficient temporal and spatial
resolutions for localized and short-term cloud analysis over
a particular area, such as local weather prediction [6], [7].
In this case, small clouds may be easily overlooked, and
low or thin clouds are easily confused because of their similar
brightness and temperature [2], [12], [13]. Although air-based
radiosonde remote sensing observation is advantageous in
detecting cloud vertical structures, it is considerably costly,
and the less number of detections is difficult to meet the
requirements of actual cloud detection. The deficiencies of
air-based radiosonde and space-based satellite remote sensing
observations have resulted in the popularity of ground-based
remote sensing observation, particularly the ground-based
cloud image observation, which can provide a strong support
for satellite and radiosonde observations. These images are
available at a low cost and a high resolution and provide
accurate local cloud information.
Thus, the analysis of ground-based remote sensing cloud
images has drawn considerable attention in recent years. In the
cloud image classification task, feature extraction and selection
is the first and key step. Many useful techniques for feature
extraction and selection, such as histogram features based on
local binary patterns (LBPs) are developed [3], [14]–[21].
Theoretically, for each image, these features can be easily
extracted. Nevertheless, in image classification, a contradiction may occur when extracting features from high-resolution
images. On one hand, the images with the highest possible
resolution are captured to obtain sufficient information about
images. On the other hand, when extracting features from the
images, a high-resolution probably means a high computation
cost. For example, LBP feature extraction is performed by
comparing each pixel with its neighbor pixels. Moreover,
the high resolution may make the high computation cost of
this technique unacceptable.
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Fig. 1. Cloud images with five categories: 1. clear sky, 2. patterned clouds,
3. thick dark clouds, 4. thick white clouds, and 5. veil clouds.

Fig. 2. LBP stem plots for images of clear sky, patterned clouds, thick
dark clouds, thick white clouds, and veil clouds with different resolutions of
80 × 80 and 125 × 125 pixels.

In practical image processing, a simple and commonly
adopted method is to appropriately resize the original image
to a version with a decreased resolution and to extract features
from this decreased image. An inevitable problem is what
degree the original image should be resized to and whether
useful information is lost in this resizing operation. However,
this problem has been always neglected in previous studies and
the original image is always arbitrarily resized without any
criterion. Useful information is also inevitably lost, thereby
leading to poor classification results. An example is used to
validate this point.
Example: A remote sensing cloud image database with
five cloud types provided by [22] and [23] is adopted to
demonstrate that the extracted LBP features and the corresponding classification results are different for different image
resolutions. Some representative images from each category
are shown in Fig. 1. The detailed description of this database
can be found in Section IV.
Fig. 2 shows the LBP histogram features extracted from five
cloud images with resolutions of 80×80 and 125×125 pixels.
The figure clearly shows that the extracted LBP features from
original and resized images differ for four classes, namely,
patterned, thick dark, thick white, and veil clouds. This finding
indicates that the resizing process will inevitably result in
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information loss. Furthermore, this difference resulting from
the resizing of images leads to a large classification error of
cloud types. The classification accuracy exhibits a significant
decrease from 65.5% to 58.2 % as the resolution is resized
from 125 × 125 to 80 × 80.
Nevertheless, a considerable percentage of important information is retained in the resized images, as shown in the
LBP stem (Fig. 2) for the clear sky. Thus, a compromise
solution is to appropriately resize the original cloud image to a
version with a decreased resolution with minimum information
loss. That is, the resizing degree is the key, and a measure
should be provided to measure the difference between the
original and resized images. In particular, a histogram is
actually an approximation of the probability density function,
which reflects the distribution trend of different descriptors.
From the statistical data analysis perspective, the distribution
of data indicates the intrinsic property of data. Meanwhile,
the distribution of data provides a reminder that the difference
in different image resolutions should be measured from the
distribution perspective. Because it is the only way to evaluate
real information loss. Thus, Kullback–Leibler (KL) divergence
is the natural choice for measuring the distance of two
distributions.
However, a problem is encountered when the KL divergence
is directly used to select the resolution of the resized image.
Because the KL divergence achieves minima when the resized
image is utilized as the original image. Thus, in this paper,
a criterion based on the compromise of the KL divergence
between the original and resized images and the resolution
function restriction is proposed to select the resolution of the
resized image.
The remainder of this paper is organized as follows.
Section II briefly reviews LBP histogram features and the KL
divergence, and Section III describes the proposed criterion
based on the compromise of the KL divergence between
the original and resized images and the resolution function
restriction. Section IV presents the experimental results as
well as the details of the experiments. Section V gives the
conclusions of this paper.
II. KL D IVERGENCE B ETWEEN LBP H ISTOGRAM
F EATURES F ROM O RIGINAL AND R ESIZED I MAGES
A cloud image is a natural texture image. Texture features
can naturally be extracted from cloud images to perform
modeling in the cloud classification tasks. In view of the
sensitivity of natural texture image to the changes in illumination conditions, Ojala et al. [14] proposed the rotation
and histogram equalization invariant features by studying the
contrast of center and neighbor pixels in a local texture image,
which are referred as to LBPs. Since their introduction, LBPs
have gained a significant attention because of their simplicity
and efficiency. In particular, Ojala et al. [14] pointed out
that the main contribution of their work lies in recognizing
that uniform LBP patterns are fundamental properties of local
image texture. The term “uniform” refers to the uniform
appearance of the LBP, and the uniform patterns provide a
vast majority, sometimes over 90%, of the texture patterns in
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examined textures. Thus, the uniform LBP features are adopted
in this paper.
Furthermore, [14]–[21] showed that the discrete occurrence
histogram of the LBPs computed over an image is a very
powerful texture feature. By computing the occurrence probability of these patterns, the microstructures detected by LBP
(e.g., edges, corners, and spots) and statistical approaches can
be effectively combined, because the histogram estimates the
underlying distribution of these patterns. Thus, the comparison
among different LBP histogram features extracted from the
original and resized images is actually a comparison of two
distributions. KL divergence is the natural choice for measuring the distance of two distributions because it is the only way
to evaluate real information loss.
Therefore, in this section, we first briefly introduce the
commonly used LBP histogram features in the literature.
Then, the KL divergence between histogram features from the
original and resized images is presented.
A. Histogram
A histogram is an accurate graphical representation of the
distribution of the numerical data. The histogram was first
introduced in [24] and is a kind of bar graph. In constructing a
histogram, the first step is to “bin” the range of values. That is,
the entire range of values is divided into a series of intervals,
and the number of values that fall into each interval is counted.
The bins are usually specified as consecutive, nonoverlapping
intervals of a variable [25].
If the bins are of equal size, then a rectangle is erected
over the bin with the height proportional to the frequency.
A histogram may also be normalized to display “relative”
frequencies. Then, the histogram shows the proportion of cases
that fall into each of several categories, with the sum of the
heights equaling 1.
In view of the histogram that reflects the distribution information of the data, the features based on the histogram are
widely used in this domain. Then, the popular uniform LBP
histogram features in image processing will be introduced.
B. LBP Histogram Feature
Ojala et al. [14] presented a gray scale and rotation invariant
texture operator based on the LBPs to analyze the texture
images. Specifically, if gc denotes the gray value of center
pixel, and g p , p = 0, . . . , P−1 is the gray values of P equally
spaced neighboring pixels on a circle of radius R(R > 0) from
a circularly neighbor set, the LBP operator that characterizes
the spatial structure of local image texture is given by
P−1

s(g p − gc )2 p
(1)
LBP P,R =

having at most two 0/1 transitions, by defining a uniformity
measure U , the uniform gray scale and rotation invariant
texture descriptor
⎧can be expressed as
P−1
⎪

⎪
⎨
s(g p − gc ) if U (LBP P,R ) ≤ 2
(3)
LBPriu2
P,R =
p=0
⎪
⎪
⎩P + 1
otherwise
where
U (LBP P,R ) = |s(g P−1 − gc ) − s(g0 − gc )|
P−1

|s(g p − gc ) − s(g p−1 − gc)|.
+

(4)

p=1

For simplicity, the LBPs mentioned in the remainder of this
paper refer to the uniform LBPs. In the case of (8, 1), (16, 2),
and (24, 3), the types of uniform LBPs are 10, 18, and 26,
respectively.
C. KL Divergence
As shown in Fig. 2, the histogram type feature vector actually exhibits the distribution of features. Thus, the comparison
among different histogram features extracted from the original
and resized images with varying resolutions is actually a
comparison of two distributions. Logically, the KL divergence
commonly applied in the information field is used to measure
the difference between two histogram feature vectors with
varying resolutions.
Specifically, if H1 = (H1[i ]) and H2 = (H2[i ]), i =
1, . . . , T denotes the histogram feature vectors extracted from
original and resized images with varying resolutions, respectively, where T is the size of feature vector, the KL divergence
between H1 and H2 can be given as

H1[i ]
DKL (H1H2 ) =
.
(5)
H1[i ] log
H2 [i ]
i

It is noted that this divergence is unsymmetrical, because
DKL (H1 H2) is obviously unequal to DKL (H2 H1). Thus,
a symmetrical KL divergence is also provided in this paper.
It is defined as the average of the divergences from H1 to H2
and from H2 to H1 , that is,
DKL (H1H2 ) + DKL (H2H1 )
.
(6)
DSKL (H1, H2 ) =
2
Furthermore, in order to gain an overall measure to all
training images, an average KL divergence is defined as
1  (k)
DSKL (H1, H2 )
(7)
DAKL =
n
k

(k)
DSKL (·)

denotes the KL divergence for the kth image,
where
and n is the size of training data set.

p=0

where


1 x ≥0
s(x) =
0 x <0

III. C RITERION FOR THE R ESOLUTION S ELECTION
(2)

and a factor 2 p is assigned for each sign s(g p − gc ).
In particular, Ojala et al. [14] demonstrated that the uniform
LBPs can occupy the vast majority, even over 90% of all the
patterns in simple textures. In view of the uniform patterns

A. Criterion Based on KL Divergence
Intuitively, the KL divergence would be an ideal selection criterion for the resolution of the resized image when
implementing the extraction of histogram features. However,
this criterion always selects the original image or the image
closest to the original image, because the KL divergence
achieves minima when the resized image is utilized as the
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original image. That is, this divergence will always select the
original image or the image closest to the original image.
Moreover, when the resolution increases and becomes close to
the resolution of the original image, the KL divergence gradually diminishes. If a function that becomes large as resolution
increases is imposed on the KL divergence, then this restricted
KL divergence will not gradually become large as the increase
in resolution by compromising these two functions. Thus,
in this paper, a criterion based on the compromise of the KL
divergence between the original and resized images and the
resolution function restriction is proposed
1  (k)
DSKL (Hr0 , Hr ) + λ f (r )
(8)
DReKL (r ) =
n
k

(k)
DSKL (·)

where
refers to the symmetrical KL divergence for
the kth image, r0 and r are the resolutions of original and
resized images, respectively, f (·) is a function of r , and
λ is a tuning parameter, which determines how much penalty
should be imposed. By minimizing the DReKL (·), the optimal
resolution of the resized image can be obtained, that is,
r̂ = arg min DReKL (r ).
r

(9)

B. Tuning Parameter Selection
The optimal resolution can be determined by minimizing the
criterion presented in (8). However, the tuning parameter λ
in (8) is unknown. Moreover, different λ values will yield
different results. This means that in this selection process,
the selection of an appropriate tuning parameter is critical.
Typically, a tuning parameter, which achieves the best
performance under a given measure, is considered as the
optimal one in the candidate set {λ, λ ∈ }. Generally,
two class techniques of tuning parameter selection exist. One
uses information criteria, such as the Akaike Information
Criterion [26], and Bayesian Information Criterion [27]–[29],
to select a tuning parameter. The other uses techniques based
on various cross-validations (CVs) [30]–[32], such as the
K-fold CV (usually K = 5 or 10). Among these techniques,
K-fold CV-based methods are especially appreciated because
of their simplicity and superior properties. Thus, this paper
adopts the K-fold CV to select the tuning parameter.
Specifically, the training data set D is split into K disjoint
and equal-sized blocks, denoted as Tk , k = 1, 2, . . . , K . Let
Dk be the training set obtained by removing the elements
in Tk from D. This produce is repeated K times, such that
each the element in the training data set repeated same times
for training and testing. Then, the average accuracy based on
K-fold CV can be written as
K
1  1   
λ
(10)
L A Dk , r̂ D
,λ ,zj
Acc(λ) =
k
K
nv
k=1

z j ∈Tk

λ , λ), z ) denotes the loss
where n v ≈ n/K , L(A(Dk , r̂ D
j
k
function returned by algorithm A trained on the set Dk and
tested on the set Tk for k = 1, 2, . . . , K
1  (z j )
λ
r̂ D
= arg min
DSKL (Hr0 , Hr ) + λ f (r )
(11)
k
r nt
z j ∈Dk

for a given λ, n t = n − n v .
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TABLE I
KL D IVERGENCE B ETWEEN F EATURES W ITH D IFFERENT
R ESOLUTIONS ON SWIMCAT D ATABASE

By minimizing the average performance measure on K different training and test data sets, the optimal tuning parameter
based on the classification error rate can be expressed as
λ̂ = arg min Acc(λ).
λ

(12)

Remark: The selection of λ is actually closely related
to the selection of the resolution r . The selection process
can be simply described as follows. First, for any λ ∈ ,
λ s are selected using (11), where  is a candidate
K optimal r̂ D
k
tuning parameter set. Then, the algorithm A is trained and
the loss function L is computed using the cloud images
λ on the respective data set D . The
with the resolution r̂ D
k
k
average classification performance Acc(λ) is obtained. Finally,
the optimal λ is selected from all λ ∈  with minimum
Acc(λ).
IV. E XPERIMENTS
For the purpose of obtaining the validation results, three
public benchmarking ground-based remote sensing cloud
image databases with different original resolutions of 125 ×
125, 821 × 821, and 2272 × 1704 are adopted in this paper.
With these databases, we first demonstrate that the difference
between two LBP histogram features with different resolutions
is significant. Then, the selection of the resolution is performed
by using the proposed resolution selection criterion. Finally,
the reasonability and effectiveness of the proposed selection
criterion are validated by a confidence interval technique.
All codes used in this paper can be publicly available from
https://github.com/wangy-sxu/Slection-of-resolution.
A. Experiment #1
1) SWIMCAT Database: References [22], [23] released a
database called Singapore Whole-sky IMaging CATegories
(SWIMCAT) database with five different sky conditions. Some
representative images from each category are shown in Fig. 1.
The SWIMCAT database is available for public download
from http://vintage.winklerbros.net/swimcat.html. All images
are captured in Singapore over a period of 17 months from
January 2013 to May 2014, with a resolution of 125 ×
125 pixels in PNG format. A total of 550 patches comprising
five cloud sky conditions are selected in this database. The
sample sizes are 157, 62, 176, 95, and 60 for images of five
cloud types, respectively.
2) KL Divergence Between Two Histograms: Table I illustrates the average KL divergences between two histogram
features from the original and resized cloud images for all
the samples. First, we can see that the difference in histogram
features with varying resolutions is apparent. Second, as the
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TABLE II
KL D IVERGENCE B ETWEEN LBP F EATURES W ITH VARYING
R ESOLUTIONS FOR E ACH C LASS IN THE C ASE OF
P = 16, R = 2 ON THE SWIMCAT D ATABASE

Fig. 4. Changes of DReKL with the change of resolution in the case of
(a) (P,R) = (8,1) and (b) (P,R) = (16,2).
TABLE III
C LASSIFICATION R ESULTS FOR D IFFERENT R ESOLUTIONS IN THE
C ASES OF (8,1) AND (16, 2) ON THE SWIMCAT D ATABASE

Fig. 3.

Changes of classification accuracy with the change of λ.

resolution decreases, KL divergence gradually increases. For
example, when the resolution decreases from 125 × 125 to
100×100, the differences of two LBP features with resolutions
of 125 × 125 and 100 × 100 are 0.0065. However, the differences of two LBP features with resolutions of 125 × 125 and
10 ×10 reach up to 1.7254. The change of the KL divergences
is in three orders of magnitude as the change of resolutions
from 100 ×100 to 10 ×10. Third, as the radius R of circularly
neighbor set and the number P of neighboring pixels get
larger, the KL divergence of two different resolutions also
becomes larger.
Table II presents the results of average KL divergence for
each class in the case of (P, R) = (16, 2). As shown in
Fig. 2, the original and resized images with different cloud
types exhibit various characteristics in the LBP histogram.
This phenomenon will be explained further in this section.
The difference in KL divergences is significantly large among
different classes. For example, even though it is in the case
of small resized images with 100 × 100 and 80 × 80, the KL
divergences for classes 2, 3, 4, and 5 are about three or four
times of that for class 1.
For the case of (125×125) versus (10×10), it is an exception
that the KL divergences for almost all the classes suddenly
become very large. Except for this case, class 4 exhibits small
changes for the KL divergence. The KL divergences for other
classes are double or even more of that for class 1 in almost
all situations.
3) Optimal Resolution Selection: Table I illustrates that the
values of KL divergence vary from 0.01 to 5, however, the
resolutions change from 100 to 10. They are not in the same
order. Thus, we set f (r ) = log(r ). The optimal resolution can
be determined by minimizing the criterion presented in (8).
However, an appropriate tuning parameter should be first
determined by using the technique shown in (10) and (11).
Fig. 3 shows the changes in average classification accuracy
based on five-fold CV with the change in λ. The accuracy
reaches the maximum at λ ∈ [0.25, 0.45] and [0.05, 0.35]
for the cases of (P, R) = (8, 1) and (16, 2), respectively.

After the λ value is determined, the optimal resolution can
be selected by using (8). The results are shown in Fig. 4.
From Fig. 4(a) and (b), we can see that the curves of DReKL
exhibit similar trends for all λs in the interval [0.25, 0.45]. The
optimal resolutions of 80 × 80 and 100 × 100 with minimum
DReKL are obtained in the cases of (8, 1), and (16, 2), respectively. This finding indicates that the resolutions of the original
images can be decreased by approximately 59.0% and 36.0%,
which will greatly reduce the computation cost when extracting the LBP features. However, there is a problem that this
resizing of resolution is safe or not. More investigation is
required to determine whether this change would affect the
classification performance. The most straightforward approach
is to use statistical tests of significance or confidence interval
to determine whether their difference is significant [33]. This
paper adopts the simplest confidence interval with the form
of mean±standard deviation (Std). Table III gives the average
accuracy and standard deviation of five-fold CV for different
resolutions and combinations of (P, R) with a support vector
machine classifier.
In the case of P = 8, R = 1, when the cloud image
is resized from 125 × 125 to 100 × 100 and 80 × 80,
the corresponding confidence intervals are crossed. This finding indicates that the differences between the corresponding
LBP features from the original and resized images are not statistically significant. However, other situations [(125 × 125) vs
(60 × 60), (125 × 125) vs (40 × 40), (125 × 125) vs (20 × 20),
and (125 × 125) vs (10 × 10)] exhibit a significant difference
between the original and resized images. This result indicates
that the resolution of the original image can be resized to
80 × 80 during the extraction of LBP feature in the case of
P = 8, R = 1 for diminishing the computational cost without
losing information.
However, for the case P = 16, R = 2, the original image is
resized only to 100 × 100, because all of the other confidence
intervals do not overlap with that in the situations of 125×125
and 100 × 100 as given in Table III.
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Fig. 5. Classic all-sky images of the five sky condition classes: cirriform,
cumuliform, stratiform, clear sky, and mixed cloudiness.
TABLE IV
KL D IVERGENCE B ETWEEN F EATURES W ITH D IFFERENT
R ESOLUTIONS ON THE TCI D ATABASE

Fig. 7. Changes of DReKL with the change of resolution at (a) λ = 0.2 and
(b) λ ≥ 0.5.
TABLE V
C LASSIFICATION R ESULTS FOR D IFFERENT R ESOLUTIONS
IN THE C ASE OF (8,1) ON THE TCI D ATABASE

Fig. 6.
Changes of classification accuracy as the change of λ in the
case of (8,1) on the TCI database.

B. Experiment #2
1) TCI Database: Total-sky Cloud Image (TCI ) set was
obtained from the total-sky cloud imager [34], which is located
in Tibet (29.25N, 88.88E). The TCI, developed by the Chinese Academy of Meteorological Sciences, is programed to
acquire images at fixed intervals, and all images are stored
in color JPEG format with a resolution of 821 × 821 pixels.
Fig. 5 displays an example of such all-sky images observed
from August 2012 to July 2014. The database is available in http://icn.bjtu.edu.cn/visint/ resources/CloudImages.
Five common sky conditions (cirriform, cumuliform, stratiform, clear sky, and mixed cloudiness) are defined in this
database [35]–[37]. The data set contains 1000 independent
images per cloud class.
2) KL Divergence: First, the change trend that the KL
divergence between original and resized cloud images gradually increases as the resolution decreases is similar to that
on the SWIMCAT database by comparing Tables I and IV.
However, the changes in KL divergence are flat compared
with the changes in the SWIMCAT database. For example, corresponding to the increase in KL divergence from
0.0065 to 1.7254 in the case of P = 8, R = 1, it changes
only from 0.0032 to 0.2451 as the images are resized from
721 × 721 to 121 × 121. Furthermore, the changes in KL
divergence are also small as P and R get larger.
3) Optimal Resolution Selection: Similar to that presented
in Section IV-A, the tuning parameter λ should be first
selected. Fig. 6 shows a different result from that shown
in Fig. 3. In this data set, the accuracy exhibits an initial

decrease and subsequent increase after the first increase until it
becomes stable corresponding to an increase of λ. This finding
indicates that the accuracy curve presents two local maxima.
The local maximum classification accuracies are achieved at
λ = 0.2 and λ ≥ 0.5.
Fig. 7(a) shows that the optimal resolution is achieved at
r = 571×571. However, in the case of λ ≥ 0.5, the resolution
can be resized to the minimum 121 × 121 for all λ as shown
in Fig. 7(b).
The confidence intervals of classification accuracy with
different resolutions are provided in Table V. From Table V,
we can see that when the cloud image is resized from 821×821
to 721 × 721, 621 × 621, and 571 × 571, the corresponding
confidence intervals are crossed. The resolution of the original
image can be safely resized to 571 × 571. This conclusion is
consistent with the selection of λ = 0.2. Correspondingly,
if the optimal resolution is selected on the basis of λ ≥ 0.5,
then a wrong conclusion may be obtained. Because the difference between the original images and the image with 121 ×
121 resolution is statistically significant (the corresponding
confidence intervals are not crossed), although their difference
is small.
C. Experiment #3
1) German Database: For further validating the effectiveness of the proposed criterion, 1500 images with a high
resolution of 2272 × 1704 pixels, captured during a transit
of the German research vessel “Polarstern” (ANT XXIV/1)
from Germany to South Africa in autumn 2007, are used
in this experiment [38]. In the course of this expedition,
different climate zones in several seasons were crossed and,
therefore, the acquired data cover a wide range of possible
sky conditions and solar zenith angles. This database is
provided by the Leibniz Institute of Marine Sciences at the
University of Kiel [2], [39]. Please contact Andreas Macke
(macke@tropos.de) for the download of this database.
Seven sky conditions, namely, cirrus and cirrostratus, cirrocumulus and altocumulus, stratocumulus, cumulus,
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TABLE VII
C LASSIFICATION R ESULTS FOR D IFFERENT R ESOLUTIONS
IN THE C ASE OF (8,1) ON THE G ERMAN D ATABASE
Fig. 8. Seven sky condition classes: cirrus and cirrostratus, cirrocumulus
and altocumulus, stratocumulus, cumulus, cumulonimbus and nimbostratus,
stratus, and clear sky for German database.
TABLE VI
KL D IVERGENCE B ETWEEN F EATURES W ITH D IFFERENT
R ESOLUTIONS ON THE G ERMAN D ATABASE

Fig. 10. Changes of DReKL as the change of resolution at (a) 0.45 ≤ λ ≤ 0.5
and (b) λ ≥ 0.7.

Fig. 9. Changes of classification accuracy with the change of λ on the
German database.

cumulonimbus and nimbostratus, stratus and clear sky are
defined in this database. The sample sizes for each class are
279, 364, 112, 255, 217, 106, and 167, respectively. Some
examples of the cloud images are shown in Fig. 8.
2) Experimental Results: First, the change in the KL divergence between the original and resized cloud images exhibits
a behavior similar to that on the TCI database with the
change in resolution. Corresponding to the rapid increase
in KL divergence with the decrease in resolution on the
SWIMCAT database, the KL divergence shows a slow change
on this database. When the cloud images are resized from
2272 × 1704 to 472 × 354, the KL divergence is only changed
from 0.0092 to 0.3326 as shown in Table VI.
For tuning parameter selection, the midsection of the curve,
as shown in Fig. 9, exhibits a local peak at λ ∈ [0.45, 0.50].
The optimal classification accuracy is achieved on λ ≥ 0.7.
Furthermore, Fig. 10 shows that, when λ = 0.45, 0.46,
and 0.47, the optimal resolution is 1672 × 1254, but it is
1472 × 1104 in the case of λ = 0.48, 0.49, and 0.50. For the
situation of λ ≥ 0.7, the optimal resolutions are all minimum
resolutions.
In order to give an exact conclusion, a validation result
based on the confidence interval is given in Table VII. Clearly,
the original images can be safely resized to 1672×1254. When
the original images are resized to 1472×1104, the information
loss may occur because their confidence intervals are not
crossed. That is, the resolution can be appropriately selected as
λ = 0.45, 0.46, and 0.47. The selection of λ ≥ 0.7 will make
the selection of the resolution too liberal. Moreover, a wrong
conclusion may be obtained. However, one exceptional case
occurs as shown in Table VII. The confidence intervals

corresponding to the resolutions of 2272 × 1704 (original
images) and 672 × 504 are crossed. This finding indicates that
the difference between the original and resized images is statistically nonsignificant from cloud classification perspective.
Further work is underway to explore the reasons.
Remark: By comparing Tables III, V, and VII, we found that
the average classification performances in experiment #1 are
all superior to that in experiments #2 and #3. This is because,
first, the cloud patch in experiment #1 is only a small patch of
the whole cloud image, which contains less noise; however,
the cloud images in experiments #2 and #3 are all total-sky
images, and the cloud image in experiment #3 even contains
the disruptive factors such as ship superstructures or towering
edifices. Second, the raw images in experiments #2 and #3 are
square or rectangular in shape, but the interesting part is that
the sky is circular, and, thus, the black areas would affect
the classification performance. Third, the types of the cloud
images in experiments #2 and #3 are more complicated and
indistinguishable than that in experiment #1. For example,
the mixed cloudiness type in experiment #2 contains multiple
types of clouds, which is easily confused with the single
cloud type.
D. Impact of the Choice of the Parameters on Three
Different Types of Cloud Experiments
In this section, we discuss the impact of the choice of the
parameters on three different cloud classification databases.
Tables VIII and IX illustrate the experimental results in the
case of (8, 1) and (16, 2), respectively. For different types of
cloud experiments, the impact of the choice of the parameters
exhibits a large change. A measure of resized rate is defined as
Resized rate
Resolution of original image−Resolution of resized image
.
=
Resolution of original image
In the case of (8, 1), when λ = 0.1, the cloud images
exhibits the most compression of 36.0% on the SWIMCAT
database; however, it is only two-thirds and half of that on
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TABLE VIII
C HANGES OF S ELECTED R ESOLUTION AND R ESIZED R ATE OF C LOUD
I MAGES W ITH THE C HANGE OF λ IN THE C ASE OF (8, 1)

Fig. 12. Changes of DReKL with the change of resolution at (a) f (r) =
log(r) and (b) f (r) = (r)1/2 on the SWIMCAT database.

TABLE IX
C HANGES OF S ELECTED R ESOLUTION AND R ESIZED R ATE OF C LOUD
I MAGES W ITH THE C HANGE OF λ IN THE C ASE OF (16, 2)

Fig. 13. Changes of DReKL as the change of resolution on the (a) SWIMCAT,
(b) TCI, and (c) German databases.
Fig. 11.
Changes of classification accuracy with the change of λ at
(a) f (r) = log(r) and (b) f (r) = (r)1/2 on the SWIMCAT database.

the SWIMCAT database for the TCI and German databases.
As the λ changes from 0.1 to 0.6, the resized rate of cloud
images achieves maxima. The images are compressed about
89.8% on the SWIMCAT database; however, the resized rate
of image compression even achieves 97.8% and 95.7% on the
TCI and German databases.
In the case of (16, 2), the changes of the resized rate are
slower than that in the case of (8, 1). For example, the resized
rate of cloud images is 89.8% at λ = 0.6 in the case of (8, 1);
however, it is only 59.0% in the case of (16, 2), and when
λ = 1.0 it is also only 77.0% on the SWIMCAT database.
E. Selection of the Function f (r )
In the proposed criterion, the selection of the function f (r )
is very important. The computational cost will be largely saved
if the function f (r ) is appropriately selected, although, in principle, the function f (r ) can be any monotonously increasing
function of resolution r . For example, the experimental results
of f (r ) = log(r ) and f (r ) = (r )1/2 on the SWIMCAT
database well validate this point.
From Fig. 11(a), we can see that the λ changes from
0 to 2 by 0.05 in the search process of the optimal λ for the

function f (r ) = log(r ); however, the search step length of λ
is 0.005 for the function f (r ) = (r )1/2 shown in Fig. 11(b).
The computational cost will be largely reduced by setting the
f (r ) = log(r ). In this paper, the f (r ) = log(r ) is selected
in all three experiments. Furthermore, Fig. 12 shows that the
same optimal resolution of 80×80 is obtained for two settings
of f (r ) = (r )1/2 and f (r ) = log(r ).
F. Experimental Results on the Ratio of Red
and Blue Channels
As shown in [40], the images with the red/blue (R/B) ratio
channel are more discriminatory than the gray-scale images.
Thus, we have performed the analysis of the performance of
KL divergence on this channel in the case of P = 8, R = 1.
The experimental results also show that the average classification performances on the R/B ratio channel images are
all superior to that on the gray-scale images for all three
databases.
First, appropriate tuning parameters are determined by using
the technique shown in (10) and (11) for the SWIMCAT,
TCI, and German three databases. They are λ ∈ [0.05, 0.13],
0.17 and 0.08, respectively. After the λ value is determined, the optimal resolution can be selected. The results
are shown in Fig. 13. From Fig. 13(a), we can see that
the curves of DReKL exhibit similar trends for all λs in the
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TABLE X
C LASSIFICATION R ESULTS FOR D IFFERENT R ESOLUTIONS
IN THE C ASE OF (8,1) ON THE R/B R ATIO C HANNEL

and histogram of the oriented gradient. The influence of the
resolution on the tasks of image recognition, detection, and
retrieval will also be investigated.
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