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Ground-Based Cloud Detection Using Graph
Model Built Upon Superpixels
Cunzhao Shi, Member, IEEE, Yu Wang, Chunheng Wang, and Baihua Xiao

Abstract— Cloud detection plays an important role in
climate models, climate predictions, and meteorological services.
Although researchers have given increasing efforts on cloud
detection, the performance is still unsatisfactory due to the
diverse nature of clouds. Considering the fact that one source
of information (color or texture) is not enough to segment cloud
from clear sky, in this letter, we propose a novel ground-based
cloud detection method using graph model (GM) built upon
superpixels to integrate multiple sources of information. First,
we use the superpixel segmentation to divide the image into a
series of subregions according to the color similarity and spatial
continuity. Next, adjacent superpixels are merged according to
their similarity of extracted features. Finally, we build a GM
on the merged superpixels by considering each superpixel as a
node and adding edges between neighboring ones. The unary
cost is set according to the classification score of Random
Forests, while pairwise cost reflects the penalties for color and
texture discontinuity between neighboring components. The final
segmentation could be acquired by minimizing the cost function.
Moreover, the algorithm is computationally efficient as we use
the superpixels rather than raw pixels as computation units.
Experimental results demonstrate the effectiveness and efficiency
of the proposed method for cloud detection.
Index Terms— Cloud detection, color, graph model (GM),
segmentation, superpixel, texture.

I. I NTRODUCTION
LOUDS are one of the most important forces of Earth’s
heat balance and hydrological cycle. They play an
important role in climate models, climate predictions, and
meteorological services. However, the existing ground-based
cloud observations, such as cloud classification and cover
evaluation, are conducted by professionally trained observers
who manually estimate the coverage [1], [2], which causes
extensive human efforts and might suffer from ambiguities
due to the different standards of multiple observers. Therefore,
automatic cloud cover evaluation is in great need. To achieve
this goal, the cloud pixels should be segmented from the clearsky pixels so that the cloud cover could be estimated by
counting the total cloud pixels. In this letter, we focus on the
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Fig. 1.

Some examples of ground-based cloud images.

cloud detection task, which classifies each pixel as cloud or
clear-sky element. However, the task is quite challenging due
to the various illumination conditions, the diversity of cloud
form, and the vague boundaries between cloud and sky. Fig. 1
shows several ground-based cloud examples. As we can see,
precisely detecting the cloud is particulary difficult.
A lot of ground-based cloud image capturing devices
have been developed for collecting cloud images, such as
the whole sky imager [3], [4], total sky imager [5], [6],
whole sky camera [6], infrared cloud imager [7], and all-sky
imager [8]. Based on the images acquired from various
devices, researchers have proposed many methods to deal with
ground-based cloud detection. The existing methods could
be roughly classified into two categories: fixed threshold
algorithms and adaptive threshold ones. For fixed threshold
algorithm, a fixed threshold is chosen to distinguish cloud from
clear sky. Long et al. [6] proposed to use a certain ratio of R
over B intensity from a red–green–blue (RGB) image for cloud
detection. Specifically, pixels with R/B values greater than 0.6
are identified as cloud, and they are identified as clear sky
otherwise. Kreuter et al. [9] proposed to use a more suitable
different threshold of 0.77 on the R/B for identifying clouds.
Other algorithms are proposed to classify the cloud based
on other color features, such as saturation [10], difference
value [11], and the Euclidean geometric distance [12]. The
fixed threshold methods would fail when the images have
uneven illumination caused by changeable sky conditions.
To overcome the drawbacks, Yang et al. [1] investigated
several adaptive threshold algorithms. Besides, neural network
model [8] and superpixel segmentation [13] are also applied
for cloud detection. Recently, Liu et al. [14] proposed the
automatic graph cut algorithm for cloud detection. Although
these methods could achieve better performance, there is still
a long way to go for real-world applications.
In order to better segment cloud from clear sky, one source
of information (color or texture) is not enough. Thus, multiple
sources of information, such as color, texture as well as
the contextual information, should be integrated to achieve
better performance. To this end, in this letter, we propose a
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Flowchart of the proposed method.
Fig. 3.

novel ground-based cloud detection method using graph model
(GM) built upon superpixels (GMS) to integrate multiple types
of information. First, we use the superpixel segmentation
method proposed in [15] to divide the image into a series
of subregions (a superpixel) according to the color similarity
and spatial continuity. The following computation is based
on the superpixels rather than the raw pixels, which greatly
reduces the computation complexity, since the total number of
superpixels is only several hundred. Next, adjacent superpixels
are merged according to their similarity of extracted features
(texture and color). Finally, we build a GM on the merged
superpixels by considering each superpixel as a node. The
unary cost is set according to the score of a trained Random
Forests [16], while pairwise cost reflects the penalties for color
and texture discontinuity between neighboring components.
The final segmentation could be acquired by minimizing the
cost function. Experimental results demonstrate the effectiveness of the proposed method for cloud detection.
II. P ROPOSED A LGORITHM
Fig. 2 shows the flowchart of the proposed method. To integrate multiple types of information, we propose a novel
ground-based cloud detection method using GMS. The proposed algorithm consists of three stages: 1) superpixel segmentation (SS) according to the color similarity and spatial
continuity; 2) adjacent superpixel merging (SM) according
to their similarity of extracted features; and 3) graph model
construction and cloud segmentation by mimimizing the cost
function. The details of each procedure are given as follows.
A. Superpixel Segmentation
Superpixel segmentation technique divides the image into a
set of irregular regions, each of which is called a superpixel.
As the pixels of a superpixel have similar color or texture, we
could consider the superpixel as a computation element in the
following procedure. Considering the effectiveness as well as
the efficiency, we use simple linear iterative clustering (SLIC)
proposed in [15] to get the superpixels. SLIC is an adaptation
of k-means for superpixel generation, with two important
advantages. First, the number of distance calculations in the
optimization is dramatically reduced by limiting the search
space to a region proportional to the superpixel size. This
reduces the complexity to be linear in the number of pixels
N and to be independent of the number of superpixels k.
Second, a weighted distance measure combines color and
spatial proximity while simultaneously providing control over

Example of superpixel segmentation results with different r values.

the size and compactness of the superpixels. Readers could
refer to [15] for details of the SLIC algorithm.
The only parameter of the SLIC algorithm is k, the desired
number of approximately equally sized superpixels, or the initial superpixel size r . We give several superpixel segmentation
results with different r values in Fig. 3. As we can see, as the
cloud pixels are diverse and discrete, a relatively smaller r
value could ensure that the pixels inside a superpixel are all
cloud or clear-sky elements. Thus, in the experiments, we
set r to 10.
B. Adjacent Superpixels Merging
The initial superpixel extraction results are usually oversegmented as shown in Fig. 3. If we build GM on the initial
superpixels, the contextual information might be limited and
the computation complexity also increases. Thus, we merge
the adjacent superpixels, which have similar features to form
a set of new superpixels. To this end, we need to extract a
feature vector to represent each initial superpixel. Bags of
visual word (BOW) framework [17] is used to extract the
feature, which is widely used for feature representation in
computer vision community. The idea is to represent objects
as histograms of feature counts. This is achieved by grouping
the low-level local descriptors collected from an image corpus
into a specified number of clusters (codewords) using an
unsupervised algorithm, such as k-means. One can then map
each local descriptor extracted from an image onto its closest
visual word and represent the image by a histogram over
the vocabulary of visual words. The feature dimension of the
representation is determined by the size of the codewords and
is irrelevant to the dimension of local descriptors. We choose
scale-invariant feature transform (SIFT) [18] to describe the
texture information and RGB for color information. SIFT
extracts a set of 128-D gradient histogramlike feature vectors
that are invariant to rotation, scaling, and translation. In this
letter, we use 500 codewords for SIFT and 150 codewords for
RGB, and thus the feature dimension for texture and color is
500 and 150, respectively. We use h iSIFT and h iRG B to represent
the SIFT and RGB features, respectively.
To merge the adjacent superpixels, we need to define a
similarity score for each pair of the superpixels. The score
for a superpixel pair (i , j ) is defined as [19]
1
S(i, j ) = 1 − 

i αi




j
α1 ∗ D h iSIFT , h SIFT




j
+ α2 ∗ D h iRG B , h RG B + α3 ∗ A(i, j ) (1)
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where αi is the constant weight to control the proportion of
different features, D(a, b) is χ 2 distance between a and b, and
A(i, j ) is the proportion of the image area that superpixels
i and j jointly occupy. In the experiments, we set α1 , α2 ,
and α3 to 0.475, 0.475, and 0.05 by cross validation.
Once the scores are computed, the algorithm merges the two
most similar superpixels together into a new larger superpixel
and the scores are updated accordingly. The merging continues
until a certain threshold for the similarity score S to be
reached. The third image in Fig. 2 shows an example of the
new superpixels after merging.

721

Fig. 4. Comparative results of only using the unary term and after using
the GM optimization. (a) Cloud image. (b) Results of using Random Forests
classification score. (c) Final segmentation results after energy optimization.
The mislabeling cloud and sky pixels in (b) in red and yellow rectangles are
correctly segmented in (c).

C. Cloud Segmentation via Graph Model
In order to incorporate different information sources as well
as the contextual constraints, we construct a GM on the merged
superpixels. An undirected graph G = (V, E) is composed of
nodes (vertices V ) and undirected edges (E) that connect these
nodes. Suppose that each superpixel as a node in the undirected
graph and the edges exists between neighboring superpixels.
There are two terminals, the background and the foreground
terminals linking to each node. Each edge in the graph is
assigned a nonnegative weight as the cost of cutting the edge.
Thus, the cloud detection problem could be formulated as a
segmentation problem by labeling the cloud superpixels as 1
(foreground) and clear-sky superpixels as 0 (background).
Let V be all the nodes in the graph and N be the
set of pairs { p, q} of the neighboring nodes in V . L =
{L 1 , L 2 , . . . , L p , . . .} is a binary vector whose components
L p specify the label of node p in V . Each L p could be either
1 (foreground) or 0 (background). We define the cost function
for each segmentation L as [20]


U p (L p ) + λ
B{ p,q} ∗ δ(L p , L q ) (2)
E(L) =
p∈V

where

{ p,q}∈N


δ(L p , L q ) =

1 if L p = L q
0 otherwise.

(3)

The coefficient λ is a tradeoff factor between the unary cost
U (L) and the pairwise cost B(L), which is set to 1 in the
experiment.
1) Unary Cost: Unary cost function measures the individual penalties for labeling node p as foreground (cloud) or
background (clear sky) and each node has two cost weights
U p (1) and U p (0), corresponding to linking cost to foreground
and background, respectively. If the possibility of the superpixel being cloud is very high, say, close to 1, the cost weight
U p (1) should be small and U p (0) should be large. Considering
the fast speed and relatively better generalization performance,
we choose Random Forests [16] as the superpixel classifier.
To train the Random Forest classifier, we collected 15 000 positive training samples and 14 000 negative ones of superpixels
extracted from 40 cloud images, which are not included in
the test set. We use the Random Forests toolkit [21] to train
the classifier. 500 decision trees are trained with the default
parameters. The BOW-based color feature h iRGB is used to

represent each superpixel. Let R p be the classification score
of superpixel p. We define the unary cost as
U p (1) = 1 − R p

(4)

U p (0) = R p .

(5)

The definition means that the higher of R p , the smaller of the
cost for labeling it as foreground, the larger of the cost for
labeling it as background and vice versa.
2) Pairwise Cost: As only using the unary information is
not credible enough in labeling the superpixels, contextual
information should be incorporated. We use the pairwise cost
function B(L) to reflect penalties for discontinuity between
neighboring components. SIFT-based texture and RGB-based
color feature are used to define the pairwise cost


β × Dist + (1 − β) × Disc
(6)
B{ p,q} = exp −
2 × σ2
where Dist and Disc are the Euclidean distance of h iSIFT
and h iRGB of nodes p and q, respectively. β controls the
relative weight of the color and texture feature. This function
means that if the color and texture characteristic of the two
neighboring areas are similar, the cost of assigning different
labels is large and vice versa. In the experiment, we set
σ and β to 0.2 and 0.1 by cross validation.
Now the target of the cloud detection problem is to find a
segmentation L ∗ that minimizes the cost function
L ∗ = arg min(E(L)).

(7)

L

Considering the high-speed and relatively satisfactory performance, the max-flow/min-cut algorithm [22] is used to
optimize the cost function to get the cloud segmentation result.
Fig. 4 gives the results of only using the Random Forests prediction score to segment the superpixels and the segmentation
results after optimizing the GM. Comparing Fig. 4(b) and (c),
we can see that after GM-based optimization, the mislabeling
cloud and sky pixels in Fig. 4(b) are correctly segmented
in Fig. 4(c).
III. E XPERIMENTAL R ESULTS AND A NALYSIS
In this section, we first introduce the database we collected
for cloud detection and the evaluation protocol. Then, we
evaluate the effect of the intermediate stages of the proposed method. Finally, we compare our method with several
existing cloud detection methods.
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TABLE I

A. Database
We choose our data set from the Kiel data set provided
by Kiel University, Kiel, Germany [11]. The main equipment used to capture the all-sky images is a digital camera
equipped with a fisheye lens, which can provide a field of
view larger than 180°. Its aperture is f/1.2, the exposure
time is 1/ 200, ISO is 100, and focal length is 8 mm. The
camera is set to capture one cloud image per 15 s. More
information about the camera can be found in [23]. In this
letter, we crop the centric area of an all-sky image and
normalize each image to 300 × 300 pixel as shown in Fig. 1.
We choose 100 images with various amounts of cloud as our
test set. Meteorological experts manually segment the cloud
images into binary masks, which are severed as the ground
truth. A subset of the data set could be downloaded from
https://github.com/sucizia/CloudSegmentationDataset.

R ESULTS OF THE I NTERMEDIATE S TAGES OF THE M ETHOD

TABLE II
C OMPARISON R ESULTS OF GMS W ITH O THER E XISTING M ETHODS

B. Evaluation Protocol
We use the following protocol to measure how well each
algorithm matches the ground truth:
DTcloud + DTsky
(8)
N
where DTcloud and DTsky are the numbers of the correctly
detected cloud pixels and clear-sky pixels, respectively. N is
the total number of pixels in the ground-based image.
P=

C. Evaluation of the Intermediate Stages of the Method
The proposed ground-based cloud detection method GMS
consists of SS, SM, and GM as illustrated in Section II.
We evaluate the performance of GMS by omitting some
intermediate stages in several ways.
1) R/B ratio, which directly uses R/B ratio to segment the
image. Threshold is set to 0.6.
2) SS + R/B ratio, which uses R/B ratio to segment the
initial superpixels. We set the threshold to 0.6.
3) SS+RF, which uses Random Forests classification score
to segment the initial superpixels.
4) SS + SM + R/B ratio, which uses R/B ratio to segment
the merged superpixels. 0.6 is used as the threshold.
5) SS+SM+RF, which uses Random Forests classification
score to segment the merged superpixels.
The results of GMS and the aforementioned methods are
shown in Table I. As we can see, SS + R/B achieves better
performance than R/B, showing the effectiveness of using
SLIC-based superpixel as the computation unit. The results
show that SS + SM + R/B and SS + SM + RF outperforms
SS + R/B and SS + RF, demonstrating the effectiveness of the
proposed SM strategy. Besides, SS + SM + RF outperforms
SS + SM + R/B considerably, showing the effectiveness of
Random Forests for classifying cloud and clear sky. GMS also
outperforms SS+SM+RF, further demonstrating the effectiveness of the GM, which incorporates contextual information.
D. Comparison With Other Methods
In this section, we compare the proposed GMS with the
following five existing cloud detection methods.

Fig. 5.

Comparative results of GMS with five cloud detection methods.

1) R-B Difference Threshold (Diff) [10]: The pixels with
B − R > 30 are classified as clear sky; otherwise, they
are classified as cloud.
2) R/B Ratio Threshold (Ratio) [6]: The pixels with
R/B > 0.6 are classified as cloud; otherwise, they are
classified as clear sky.
3) Adaptive Threshold (Adap) [1]: The threshold is
calculated on the R-B feature image by the Otsu
algorithm [24].
4) Superpixel segmentation (SPS) [13]: We use the
optimized parameters suggested in this letter.
5) Automatic graph cut-based method (AGC) [14]: We use
the optimized parameters suggested in this letter.
We list the results of GMS and the comparison methods in Table II. The results show that the proposed
method outperforms three threshold-based methods considerably. The proposed GMS also outperforms the recently
proposed superpixel-based method [13] and the graph cutbased method [14], further demonstrating the effectiveness
of the proposed pipeline. Fig. 5 shows several segmentation
results of the six methods. As we can see, the “Diff” and
“Ratio,” which use the fixed threshold could not adapt well
under different weather conditions. The fixed threshold is
either too large or too small, leading to mislabeling cloud or
clear sky. For “Diff,” the threshold is too small for the image
in the fourth row in Fig. 5, whereas for “Ratio,” the threshold
is too small for the images in the first, third, and fourth rows
in Fig. 5. As the “Adap” uses a single threshold on the whole
image, it could not deal with images with uneven illumination
(the result in the fifth row in Fig. 5).
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The average time to segment a cloud image on our personal
computer with Intel Core i7-3540M CPU is less than 1 s. The
superpixel segmentation takes up most of processing time. As
the GM is built upon superpixels, the GM optimization time
for each image is 3 ms on average.
IV. C ONCLUSION
In this letter, we propose a novel ground-based cloud
detection method using GM based on superpixels to incorporate multiple sources of information. Comparative experiments of the different stages of the methods demonstrate the
effectiveness of the SLIC-based superpixel segmentation and
the proposed SM strategy using texture and color features.
Furthermore, the results show that the GM based on superpixels integrating multiple types of information gives the best
performance. Comparison results with other existing methods
further demonstrate the effectiveness of the proposed GMS for
ground-based cloud detection.
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