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Abstract

Several projects and already-operative observatories aimed at detecting High Energy Cosmic Rays (HECR)
are/will be equipped with instruments to monitor the atmosphere. Since cloud presence can affect the night-
time indirect measurements of the HECRs and Cherenkov radiation, it is crucial to know the meteorological
conditions during the observation period of the HECR detectors. Several meteorological satellites already
provide useful information, however to obtain accurate reconstructions of the detected events it is more
suitable using devices that operate synchronously with the main detector. To this purpose, infrared cameras
that acquire images of the whole field of view are thought to support the atmosphere monitoring during
observations from both space and ground. Meaningful parameters, like cloud coverage and cloud top/bottom
height, can be retrieved from the analysis of those data. Multi-spectral information are typically analyzed
and combined to obtain cloud masks for each image, where a cloudy/cloud-free probability flag is associated
with each pixel. These algorithms normally use several spectral bands that are not always available in
non-meteorological sensors. Th a different approach is presented in this paper. It only relies on the gray
level values of the image pixel, and it can be applied on thermal infrared as well as visible images acquired
from both space and ground. To test the method on real cloudy scenes, images from polar satellite and
all-sky data archives are considered, and the results are compared to the corresponding cloudiness masks
provided by the same data repositories.
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1. Introduction

Accurate cloud observations and their property
analysis are necessary to understand the climate
system, to validate models and to monitor weather
change. Nevertheless the role that clouds play in
the Earth radiative balance it is not the only as-
pect that other scientists apart from the meteo-
rologists, are interested in. Cloud presence has in
fact, a great influence on the detection of high en-

ergy cosmic rays and Cherenkov radiation, from
ground and from space. Future space-based mis-
sions such as the Joint Experiment Missions for
Extreme Universe Space Observatory (JEM-EUSO)
[1] [2], already operative observatories from ground
such as the Pierre Auger Observatory [3] and fu-
ture ground-based projects such as Cherenkov Tele-
scope Array (CTA) [4], and Astrofisica con Spec-
chi Replicanti a Tecnologia Italiana (ASTRI) [5],
need to include suitable systems to monitor the
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cloud coverage in the field of views of their tele-
scopes. The night-time observations of the fluores-
cence light produced when an UCHR reaches the at-
mosphere can be affected by the presence of clouds,
depending on their height and depth. This is one
among the reasons why cloud coverage [6], cloud
top height [7] and cloud top temperature [8] de-
tection still represent a challenge for the scientific
community. The light intensity and the temporal
evolution of the detected events can be correctly re-
constructed if the data acquired by the atmosphere
monitoring system (such as LIDAR - Light Imag-
ing Detecting And Ranging, infrared cameras and
so on) are elaborated to provide all the necessary
information. In this article we focused our atten-
tion on the extraction of cloudiness coverage from
images of satellite and ground cameras.

In most common approaches multi-spectral in-
formation are typically analyzed and combined
to obtain cloud masks for each image, where a
cloudy/cloud-free probability flag is associated with
each pixel. These algorithms normally provide
information by way of multispectral test results,
but all bands are not always available in non-
meteorological sensors. Therefore a different ap-
proach is presented in this paper that relies only on
the gray level values of the image pixel, and for this
reason it can be applied on thermal infrared as well
as visible images.

We aim at detecting cloudiness map taking into
account the following considerations: regarding the
relations between clouds and the Earth surface,
clouds often show higher reflectance and lower tem-
perature values than the underlying Earth surface;
simple visible and infrared window threshold ap-
proaches are generally reliable in cloud detection
but not always sufficient; some cloud types such
as thin cirrus and low-level stratus at night, and
small-scale cumulus are difficult to detect because
of insufficient contrast with the surface radiance.
Cloud edges increase difficulty since the instrument
field of view is not completely cloudy or clear.

In this paper we tackle the cloudiness coverage
detection with the purpose of achieving results as
accurate as possible by using only one feature, the
brightness temperature pixel value as an example.
The proposed solution is based on three main steps:

• Brightness Temperature histogram analysis for
detecting the K main modalities of the image;

• Pixel Region Clustering through K-means;

• Cloud segmentation through a simple thresh-
olding.

The rest of the paper is organized as follows: in
section 2 an overview of the state of the art methods
for cloud detection is given; in section 3 each step of
the proposed method is described; in section 4 the
most important findings are highlighted; section 5
ends the paper with conclusions and future works.

2. State of the art

Most of state of the art methods on cloud de-
tection can be grouped as follows: radiometric fea-
ture based; multispectral band based; multiple im-
age based (different dates); contextual pixel and
texture based; object classification based; machine
learning and deep learning methods.

Satellite imagery products such as those from
MODIS (Moderate Resolution Imaging Radiome-
ter) [23] and AATSR (Advanced Along-Track Scan-
ning Radiometer) [9] data, and from satellite mis-
sions like Sentinel-3 [10], provide cloudiness masks,
extracted as a result of both radiative and atmo-
spheric property analysis. The cloudiness masks
are with different spatial resolution depending on
the camera sensor, and are obtained by combining
a big amount of info from several bands.

Zhu et al. [6] proposed a method for the im-
provement and expansion of the Function of Mask
(Fmask) Algorithm. Foga et al. [11] created a
new validation dataset consisting of 96 Landsat 8
scenes, representing different biomes and propor-
tions of cloud cover. They found that CFMask, a
C code based version of the Fmask algorithm, and
its confidence bands have the best overall accuracy
among many algorithms tested using several vali-
dation data.

A method for detecting cloud contamination in
radiances measured by high-spectral-resolution in-
frared sounders is proposed by McNally and Watts
[12]. Other than classic research methods involved
to detect cloud clearing or cloud parameters, Mc-
Nally and Watts proposed to detect cloud in radi-
ance data by infrared sounders.

In [13] the authors perform cloud detection by
employing visual saliency methods, based on vi-
sual attention mechanisms. The document in [14]
describes all 36 channels from MODIS for multi-
spectral approaches to cloud detection. Bulgin et
al. [15] presented five cloud detection algorithms
over land based on dynamic threshold or Bayesian
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techniques, applicable to AATSR instrument and
compared these with the standard threshold based
cloud detection scheme. Bulgin et al. [16] also pro-
posed a Bayesian image classification scheme for
discriminating cloud, clear and sea-ice observations
at high latitudes to improve identification of areas
of clear-sky over ice-free ocean for SST retrieval.

A novel multilevel cloud detection method based
on deep learning is proposed by Xie et al. [17] for
remote sensing images. It consists of a simple linear
iterative clustering (SLIC) method and a Convolu-
tional Neural Network (CNN) with two branches,
they are combined to predict superpixels as one of
three classes including thick cloud, thin cloud, and
non cloud. Yabuki et al. [18] focused their effort on
developing a cloud detection method from whole-
sky color images. The method is based on spectral
contrast between the RGB components of color all-
sky images. The work presented by Chauvin et al.
[19] is about the improvement of the cloud cover
estimation, which is the main step in direct normal
irradiance forecasting on all-sky imagery.

3. Materials and Methods

The main task of the method is to provide a
general method for cloud coverage reconstruction
starting from images taken by a camera sensor. Al-
though our approach is not strictly dependent on
the chosen band, here we propose an application
on the thermal band because of more interest for
the above mentioned astrophysical projects. The
overall scheme of the method is as follows:

• Image Histogram Analysis to detect the K
main Modalities;

• Pixel Clustering (K-Means) based on Gray
Level Intensity analysis;

• Threshold-based Binarization to obtain the
Cloudiness Mask.

We started from the following considerations: the
brightness temperature values of BT image pixels
are in most cases function of the real temperature
of the area captured on an infrared sensor camera;
the hotter the region captured, the higher the BT
pixel value is expected. Since clouds are generally
cooler than most elements (all but land ice) cap-
tured on an infrared camera, it is expected to find
coherent values with respect the BT intensity val-
ues. Therefore, the cloudy pixels show lower BT

values (or at most equal) than the sea surface, soil,
vegetation pixels. Hence, BT values change with re-
spect to different macro-categories (high, low, mid-
dle cloud, sea, land); high cloud pixel (figure 1) and
low cloudy pixel (figure 2) usually show lower BT
values than the sea surface pixels (figure 3).

3.1. Histogram Analysis
As it can be seen in figures 1-3, the elements of in-

terest for atmospheric monitoring such as sea, high,
middle and low clouds are characterized by distinct
gray-level intensity values. Our aim is to detect
clouds from BT images by considering the gray-
level distribution. For this purpose we started by
analyzing the histogram of the images looking for
a direct relation between the image modalities and
the elements of interest of our research, that is the
clouds.

As an example, in figure 4 is shown an histogram
that provides a complete description of the gray-
levels of a MODIS image taken on 7 January 2018
including details related to small signal fluctua-
tions. Since we are interested to analyze the main
modalities of the histogram, we decided to use a
straightforward histogram sub-sampling. The idea
behind the sub-sampling is to extract the most im-
portant peaks of the histogram by neglecting the
smallest fluctuations. To accomplish this, a simple
signal sub-sampling is sufficient to highlight only
the most prominent fluctuations of the given sig-
nal. So it is intuitive to compute the number of
K main modalities of an image as the number of
peaks from the resulting histogram (see the number
of peaks in figure 5). The size of the sub-sampling
step has been experimentally determined, further
details will be given in the next sections.

3.2. Pixel Clustering
In our work we adopt the k-means algorithm [20]

to clustering pixels of the images. For our purpose
we assume that the k parameter to be used with k-
means algorithm, corresponds to the number of the
main modalities described in the previous section.

K-means allows to label each pixel value within a
corresponding cluster, this is the first step to visual-
ize the structural elements of the image (low, mid-
dle and high clouds, land and sea), as it can be seen
in figure 7. New pixel values are assigned within the
normalized range [0,1] and they are functions of the
original gray-level intensity values. Let’s consider,
just for instance and sake of clarity, that an image
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Figure 1: Bightness Temperatures from MODIS, taken using
the 11-µm band on 22 March 2017 - 17:04:05 UTC

Figure 2: Brightness Temperatures from MODIS, taken us-
ing the 11-µm band on 22 March 2017 - 17:04:05 UTC

mainly contains pixels of elements such as clouds
(low, middle and high), land and sea. It is observed
that pixels falling within land and sea regions will

Figure 3: Brightness Temperatures from MODIS, taken us-
ing the 11-µm band on 22 March 2017 - 17:04:05 UTC

Figure 4: Histogram of the BT image from MODIS taken
using the 11-µm band on 7 January 2018 -12:00 UTC

often show intensity values different from the ones
falling within cloudy regions. Following this hy-
pothesis on the correspondences between the clus-
ters and the regions of the image, we expect that
pixels laying on the same region will be labelled
with the same label values. In a nutshell, we can
say that we use k-means clustering as a sort of la-
belling step to generate a labelled image. By com-
paring the images in figures 6 and 7 we can see that
pixel label values still maintain a coherent relation
with respect to the original pixel intensity values.
It means that the overall performance of k-means
by using a proper K value related to the number of
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Figure 5: Histogram sub-sampling allows to detect the K
main modalities of the BT Image

the main modalities is able to achieve good results
in terms of image labelling.

It is necessary to mention that the performance
of k-means on the images we treat depends on sev-
eral factors. It comes out that the best conditions
for a good clustering are when the intensity val-
ues of each region are well separated. The worst
case is when pixels of regions such as sea and low
cloud regions have quite similar temperature values,
giving rise to a sort of misleading clustering. The
aforementioned case is when we have both clouds
and sea-ice, differentiating the spectral signatures
of cloud and sea-ice is a well known problem in the
remote sensing community. When pixels belonging
to different atmospheric categories (i.e. sea and low
clouds) are assigned to the same cluster it means
that two different classes are mixed up together.
This case is just to describe how much important is
the role played by the clustering phase.

3.3. Thresholding
As mentioned in the previous section, we adopt

the k-means algorithm to cluster the pixels of BTs.
For a given image, the K-means algorithm returns
an image labelled with values falling into the con-
tinuous range [0,1]. The values are functions of
the real temperature of the regions captured by the
cameras. In most of the cases we noticed a cer-
tain distance between the hottest regions (sea and
land) and the coldest regions (clouds) in terms of
pixel gray-level intensity. Since k-means returns
clustered pixel values as a function of BTs, we set
the lowest label value as threshold to be applied to
obtain a binary cloud mask. The idea behind our
choice is that in most cases we have at least three
atmospheric elements (sea, cloud, land). Our pre-
liminary experimental results show that clouds are

Figure 6: Input BT image taken by MODIS using the 11-µm
band on 7 January 2018 - 12:00 UTC

usually cooler than seas and lands, they are clus-
tered with the lowest labels into the range [0,1].
With the exception of land, sea and lake ice, most
BT images show cloud regions having lower gray-
scale values than other regions. Since clouds and
sea-ice may have some similar spectral signatures
we have been dealing with the building of a new
classifier suited for the recognition of clouds from
sea ice. If we refer to I(k) as the gray-scale value of
the clustered pixels of an image, for a given number
of clusters N we choose the threshold value Th as
in equation 1.

Th(s) = Min{I(k) : k = 1, ...,N} (1)

Therefore, for each image, the lowest cluster label
value is set to be the threshold value. In the next
section a more detailed description of the experi-
mental results will be given in terms of precision
and recall with respect to the binary masks from
MODIS repositories.

4. Results and Validation

A set of data across several repositories of re-
mote sensing images has been used to validate our
proposed method. We conducted several tests on
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Figure 7: Clustered BT image

Figure 8: Cloudiness Mask extracted by our Method

images coming from MODIS onboard Terra and
Aqua satellites [23] and ground based images from
PRISMA (Prima Rete per la Sorveglianza sistem-
atica di Meteore e Atmosfera) project [21]. Sev-
eral products, such as MOD06 and MOD32 [22] of

Figure 9: MODIS Cloud Mask used as Ground-truth
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Figure 10: Overall system performance with precision and
recall metrics

MODIS, provide the corresponding cloud mask for
any given BT image with a good reliability since it
is computed by using several features from both ra-
diative and non-radiative processes. Precision and
recall metrics ((2), (3)) give an effectiveness mea-
sure by considering the number of TP (True Posi-
tives), FP (False Positives), FN (False Negatives).
We obtained Precision and Recall values by com-
paring the results of our method with the MODIS
masks used as ground-truth.

A quite general and qualitative evaluation can be
carried out by analyzing the images in figures 6-9
where we show the input BT image from MODIS
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(figure 6) the clustered image (figure 7), the cloudi-
ness mask (figure 8) and the ground-truth reference
(figure 9).

Precision =
T P

T P + FP
(2)

Recall =
T P

T P + FN
(3)

Precision and recall values remain at substantial
levels, 90% precision and %75 recall on average. It
means that our system is able to detect high number
of true positive (TP) but still shows a non negligible
number of false negatives (FN).

Summing up we can say that a general pur-
pose method based on low level image processing is
proposed respectively through the detection of the
main modalities of the image, the k-means cluster-
ing of the pixels and a simple binarization based
on an adaptive threshold value as a function of the
cluster label values. The proposed method has been
evaluated over some images from MODIS reposi-
tory, it comes out that we still need to improve
the detection of the lowest clouds of the regions
of interest in some phase misclassified with regions
other than clouds. We need to work on boosting
the difference between non cloudy pixels and the
pixels falling within the lowest cloud regions (i.e.
discriminating pixels belonging to regions showing
quite similar spectral signatures). Since our first
interest was to maintain a cloud free conservative
approach in estimating the sky cloud coverage we
chose the lowest clustering label value as threshold
value. It is likely that this choice makes us lose
some true positives from those regions showing BT
values close to sea and land pixel values.

We have also been working with all-sky images,
that is a particular kind of images taken from
ground, we have been focusing our attention on the
images within Prisma project. Preliminary studies
and results of Prisma data are encouraging but we
still need some preprocessing step to keep the scene
clear of static objects such as antennas.

5. Conclusions

The proposed method allows to achieve good per-
formance in terms of cloud detection accuracy on
remote sensing imagery products such as those from
MODIS, using only information from BT images.
As shown by the quality metrics in figure 10, the
method reaches good overall precision and recall.
Despite a low number of false positives, there is

Figure 11: An all-sky infrared image taken from Prisma
project

still a non negligible number of false negatives given
by the some misclassified pixels likely belonging to
those regions showing quite similar spectral signa-
tures. In future works a further experimentation
will be needed to improve the overall accuracy in
the cloud detection by adopting several clustering
methods other than k-means like superpixel cluster-
ing and k-medoids and combining the results with
a voting mechanism system.
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