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Abstract—A new algorithm for cloud cover estimation has been formulated and developed based on the synthetic control index, called the grayness rate index, and an additional algorithm step of adaptive filtering of
the Mie scattering contribution. A setup for automated cloud cover estimation has been designed, assembled,
and tested under field conditions. The results shows a significant advantage of the new algorithm over currently commonly used procedures.
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INTRODUCTION
Cloud cover (CC) is a key parameter in shortwavelength radiation parameterization [3]. In sea- and
ground-based observations, CC is commonly estimated visually following the technique [1], which
results in large uncertainties due to observer subjectivity. This prevents the use of these observations for both
short-wave radiation estimation and validation of
cloud parameters in reanalysis [5]. To automate observations and increase their accuracy, modern estimation techniques should be used, which are based on,
e.g., data from wide-angle optical images of the visible
sky hemisphere. Common sequentially produced
packages for CC estimation can be of two types: packages with spherical mirrors equipped with standardangle digital cameras and packages with fisheye lenses
with viewing angles from 150° to 180° in the vertical
plane and 360° in the horizontal plane. The peculiarities of digital shooting and algorithms used force one
to use a sun-shading device (sun tracker) in the packages. Different techniques for CC estimation are similar except for the way of calculating the control index.
The algorithms described in [7, 8] calculate the index
by the equation Ri = R (R and B are the red and blue
B
components of pixel color in the RGB model). Useful
pixels of an image are classified by discrimination with
an empirically selected threshold value of this index
Rithresh = 0.8. The algorithm [10] uses the so-called
SkyIndex, calculated as SI = B − R . The threshold
B+R
for classifying useful image pixels as CLEAR SKY and

CLOUD has been also selected empirically: SI thresh =
0.23. Again, CC is defined as

⎡N
⎤
(1)
CloudCover = 10 int ⎢ cloud ⎥ ,
⎣ N total ⎦
where Ncloud is the number of pixels classified as
CLOUD and Ntotal is the total number of useful image
pixels.
More complex schemes similar to SkyIndex have
been published; however, their use allows just an insignificant increase in CC estimation accuracy while
solving only one of the problems typical of the observation method:
the need of sun-shading devices use;
classification of the solar disk and the region
around it as cloudy area;
low sensitivity to thin clouds;
effect of water drops on the lens in the resultant allaky images.
According to studies, though the accuracy of these
algorithms is acceptable in some special cases, in general they result in a statistically biased distribution as
compared to human-observed values (Fig. 1).
It should be noted that CC estimation for each
image can be manually corrected adjusting the thresholds Rithresh and SI thresh , trying to achieve a statistically
unbiased result as compared to human-observed values. However, the width of the distribution remains
quite significant and there is no sense in automating
observations in that case.
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Fig. 1. Frequency of deviations of CC estimates by SkyIndex algorithm from observer evidence (based on data from 45th cruise
of R/V Akademik Ioffe, 60° N, Atlantic Ocean, September 17–25, 2014).

PACKAGE FOR CC ESTIMATION
A novel device has been designed for complete
automation of CC estimation. The basic principle of
wide-angle imaging of the visible sky hemisphere
remains unchanged: the key recording element is a
digital optical camera with a wide-angle fisheye lens
having viewing angles of 180° in the vertical plane and
360° in the horizontal plane. Ship rolling is an important factor, which introduces errors in all radiation
measurements [2]. A principal difference is the use of
an externally-mounted unit positioning system, which
allows shooting under rolling conditions at the
moment when the package is leveled. In addition, the
externally-mounted unit is equipped with a GPS
detector, which data allow calculation of the solar elevation at the shooting moment. Further positioning of
the solar disk in an image is carried out with a special
block of the image processing algorithm. This allows
the external unit to be designed without a sun tracker
and mechanical stabilization and orientation systems.
CC ESTIMATION ALGORITHM
To exclude the disadvantages of common algorithms, we have developed a new technique for CC
estimation based on a new synthetic index, which we
call the grayness rate index (GrIx). This index meaning
is opposite to saturation in the HSV color model [6]:

StdDev(R,G, B )
(2)
,
Y
where R, G, and B are the color components of a pixel
in the RGB model and Y is the color brightness. The
function StdDev(R, G, B) is interpreted as the degree
GrIx = 1 −

of spread of (R, G, B) values, which is analogous to the
pixel saturation. Normalization to the intensity is used
to eliminate the brightness dependence of the index.
The resulting GrIx values observed in the images are
within the range [0, 1]. Comparison of the indices Ri,
SI, and GrIx has shown that the last index is the most
sensitive to saturation gradients. Thus, this index
allows a significant increase in the reliability of discrimination of thin clouds without adjustment of the
threshold GrIxthresh.
The block that estimates and, if necessary, filters
the effects of sunlight scattering in the atmosphere in
the part described by the Mie scattering is an individual branch of the GrIx algorithm (Fig. 2). The model
used to estimate the Mie scattering contribution to
image pixel saturation is empirical and adaptive. The
model parameters are estimated for each image using
statistical parameters of both the image (the distribution of GrIx values of pixels of the useful area of an
image: median (m) and percentile 5 (p5)) and the optical camera used (density of the number of images over
the space (m, p5) (Fig. 3) and image clustering results
by the K-means algorithm [4] on the features space
(m, p5) with a Euclidian metric of distance (Fig. 3)).
Image clustering on the space (m, p5) allows the
following classification of images (Fig. 3).
Class 1: images without the solar disk and cloud
gaps (or sparse gaps); there is no sense in estimating
and filtering the Mie scattering contribution to distinguish thin clouds;
Class 2: images where the solar disk is highly probable and the fraction of clear sky is quite high for the
Mie scattering contribution to be estimated and filtered in order to distinguish thin clouds;
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Fig. 2. Contribution of Mie scattering as background of useful signal. GrIx values along cross section passing through solar disk
are shown.
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Fig. 3. Density of number of images over space (m, p5) (left) and space (m, p5) clustering for camera used on 45th cruise (right).
Figures 1–4 show clustering classes 1–4, respectively.

Class 3: images where it is difficult to detect the
solar disk by statistical parameters; an individual
branch of the GrIx algorithm has been developed for
this class, which estimates the probability of the presence of the solar disk in an image and the need to filter
the Mie scattering contribution;

For example, the event (image) marked by the triangle in Fig. 3 relates to class 2, which entails estimation and filtering of the Mie scattering contribution
and compensation of distortions introduced by it to
the useful signal for CC signal estimation. Then, the
image pixels are discriminated using GrIxthresh.

Class 4: usually defective images with foreign
objects or images taken at nighttime.

Observations were carried out on the 45th cruise
the R/V Akademik Ioffe under the MORE observation
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Fig. 4. Frequency of deviations of CC estimate by GrIx algorithm from observer evidence (based on data from 45th cruise).

program [9] in the Atlantic Ocean along 60° N from
September 17 to 25, 2014. The cloud observation technique corresponded to that described in [1]. Digital
recording of clouds was carried out and additional data
of the above-described CC estimation package were
recorded concurrently. According to the aforementioned technique, the statistical parameters of each
image and the optical camera were calculated from the
resulting set of digital all-sky images. Space (m, p5)
was clustered using the K-means algorithm [4]. The
results of image classification by this clustering were
used for CC estimation by the GrIx technique.
To estimate the reliability of the results, deviations
of the values calculated by the GrIx algorithm from
human-observed values were analyzed (Fig. 4). The
frequency of deviations shows that the technique used
for CC estimation yields a more reliable result compared with common algorithms (Fig. 1). Accuracy is
increased due to the use of the synthetic control index
GrIx and the method suggested for filtering the Mie
scattering contribution to the field of the useful signal.
The study has demonstrated that the advantages of the
GrIx algorithm are independent of image brightness,
which allows this algorithm to be used in a wide range
of weather and illumination conditions, as compared
to common algorithms.
Detailed analysis has shown that cases of CC
underestimation by the GrIx algorithm with deviations
from human-observed values by –10 to –4 classes
(using 10-classes CC scale) are caused by factors
related to the observation procedure, in particular,
with observations and shooting at a solar elevation less
than 5°, which results in high errors in any case. No
parameterizations of solar radiation are usually developed for these values of solar elevation. Another factor

that affects the accuracy is the use of images from
class 4 of clustering of the space (m, p5) (such images
are inapplicable as source data). The developed algorithm allows automated long-term monitoring of CC.
The data obtained can be used both to validate visual
observations and directly calculate short-wave radiation f luxes. In addition, this package, once further
improved, should allow measurement of many
extremely important cloud parameters, in particular,
optical depth and cloud base height, which cannot be
measured in conventional ways. In particular, additional study of the data obtained on the 45th cruise of
the R/V Akademik Ioffe makes it possible to talk
about the potential of estimating the cloud base
height with two synchronous images from two optical
cameras of the described package and the optical stereoscopic effect. These data will make it possible to
determine cloud type using the cloud base height.
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