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ABSTRACT: Accurate cloud-type identification and coverage analysis are crucial in understanding Earth’s radiative bud-
get. Traditional computer vision methods rely on low-level visual features of clouds for estimating cloud coverage or sky
conditions. Several handcrafted approaches have been proposed; however, scope for improvement still exists. Newer deep
neural networks (DNNs) have demonstrated superior performance for cloud segmentation and categorization. These
methods, however, need expert engineering intervention in the preprocessing steps—in the traditional methods—or human
assistance in assigning cloud or clear-sky labels to a pixel for training DNNs. Such human mediation imposes considerable
time and labor costs. We present the application of a new self-supervised learning approach to autonomously extract rele-
vant features from sky images captured by ground-based cameras, for the classification and segmentation of clouds. We
evaluate a joint embedding architecture that uses self-knowledge distillation plus regularization. We use two datasets to
demonstrate the network’s ability to classify and segment sky images—one with ~85000 images collected from our
ground-based camera and another with 400 labeled images from the WSISEG-Database. We find that this approach can
discriminate full-sky images based on cloud coverage, diurnal variation, and cloud-base height. Furthermore, it semanti-
cally segments the cloud areas without labels. The approach shows competitive performance in all tested tasks, suggesting
a new alternative for cloud characterization.

SIGNIFICANCE STATEMENT: Cloud macrophysical properties such as cloud-base height and coverage determine
the amount of incoming radiation, mostly solar, and outgoing radiation, partly reflected from the sun and partly emitted
from the Earth system, including the atmosphere. When this radiative budget is out of balance, it can affect our climate.
Reporting sky conditions or cloud coverage from ground-based sky-imaging equipment is crucial in understanding
Earth’s radiative budget. We present the application of a novel artificial intelligence approach to autonomously extract
relevant features from sky images, for the characterization of atmospheric conditions. Unlike previous strategies, this
novel approach requires reduced human intervention, suggesting a new path for cloud characterization.

KEYWORDS: Cloud cover; In situ atmospheric observations; Machine learning;
Other artificial intelligence/machine learning

1. Introduction areal coverage. Even bigger errors are caused by the limited
vertical range. For instance, in conditions with a clear sky
or few clouds, the instrument cannot detect the presence of
upper-level clouds (Wagner and Kleiss 2016). Human observ-
ers have used laser-beam ceilometers for years to measure the
height of clouds. Nevertheless, visual estimates are still
needed to determine the amount of cloud. The challenge of
automating the data from such sensors is not only to process
mospheric processes. Reporting the sky conditions, cloud e height accurately but also to provide a representative de-
type, and cloud cover from the ground is a conventional prac- scription of the amount of cloud coverage (NOAA 1998).
tice in the United States that is performed by Automated Sur-  gjpce the atmosphere is in motion, to get a representative ob-
face Observing System (ASOS) (NOAA 1998). However, gervation similar to what a human observer delivers, one
ASOS identifies cloud cover by looking at the temporal distri-  jeeds to process the ceilometer signal over a 30-min time pe-
bution of ceilometer measurements over an hour time period,  rjod. To be sensitive to the latest changes in sky conditions,
which provides incomplete information about cloud cover  the most recent 10 min of the data have to be processed twice
and type, especially when multiple cloud layers are present.  (double weighted) (NOAA 1998). Ceilometer observations
When skies are heterogeneous, errors result from the limited  are recorded only if the cloud base is 3660 m (12 kft) above

ground level (AGL) or less. As a result, cirrus clouds are sys-

tematically ignored despite their significant impact on the ra-

Corresponding author: Dario Dematties, ddematties@anl.gov diative budget (Liou 1986; Wagner and Kleiss 2016).

Clouds are among the most dominant factors driving the
global climate system (Boucher et al. 2013). They affect the
energy balance of Earth’s atmosphere, by absorption, reflec-
tion, and scattering of the incoming shortwave solar radiation
and by absorbing and emitting outgoing longwave radiation.
Different types of clouds are the manifestation of different at-
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FIG. 1. Data collection device. (left) Sage node that includes cameras, microphones, and weather and air quality stations. (middle) Fish-eye
sky-facing (top) camera. (right) A full-sky view high-resolution image.

Sky-facing cameras provide a much more complete view of
the sky and cloud cover (Fig. 1).! Automated cloud cover de-
tection is not routinely done from these cameras on an opera-
tional basis. However, much progress has been made in
automating cloud classification from sky-facing cameras using
traditional statistical, image-processing, and classical machine
learning methods, such as edge and texture detection, naive
Bayes, and k-nearest neighbor (KNN), and the recent break-
throughs in deep learning (DL) with convolutional neural net-
works (CNNs) (Wacker et al. 2015; Calbé et al. 2001; Zhang
et al. 2018). The foundations of these methodologies rely on
mimicking expert human observers either by using the specific
and explicit choices of the feature-detection algorithms and
thresholds, in the classical methods, or by using a large la-
beled dataset for supervised machine learning.

Regarding classical methods, cloud cover is commonly esti-
mated from the images by using a ratio of red to blue channels
with either a fixed threshold or varying thresholds depending
on the lighting conditions or sector of the sky (Long et al.
2006; Huo and Lu 2009; Yang et al. 2012). A variable red—
green difference feature using red and green channels was
also proposed by Li et al. (2019) to tackle cloud detection for
ground-based sky images. Image-processing algorithms are
used to consider the visual appearance of clouds, such as the
sharpness of cloud edges, texture, fibrousness, and size (Peura
et al. 1996; Liu et al. 2011). For instance, many traditional
image-processing methods utilize color to pinpoint clouds
from the clear sky. Some of the methods establish fixed or
variable thresholds in the ratio between blue and red channels
(Kreuter et al. 2009; Long et al. 2006; Heinle et al. 2010;
Souza-Echer et al. 2006). Combinations of statistical and
machine learning (ML) models are also used for cloud cover

! Sage Cyberinfrastructure for Al at the Edge (https:/sagecontinuum.
org/).

and cloud-type estimation (Tian et al. 1999; Calbé et al. 2001;
Zhuo et al. 2014). KNN classifiers combine several features of
images (i.e., the statistical color and texture, solar zenith an-
gle, cloud coverage, the visible fraction of solar disk, radiative
features, and the existence of raindrops in the images) to pro-
duce cloud cover and cloud-type classification from sky cam-
eras (Wacker et al. 2015; Kazantzidis et al. 2012). Yet classical
machine learning methods need human intervention for ob-
taining relevant features before classification. DL methods,
on the other hand, automate the process of feature extraction
by applying end-to-end optimization, typically through back-
propagating errors. The features subsequently extracted by
the network are not determined by using human engineering
expertise because they are blindly fine-tuned by a loss func-
tion applied at the top of the system—that is, no human inter-
vention is in the pipeline (LeCun et al. 2015).

Because of the demands of solar energy farms for more effi-
cient and accurate estimation of cloud cover, many new DL
approaches have been developed (Wang et al. 2020a; Xie et al.
2020; Park et al. 2021). For instance, Onishi and Sugiyama
(2017) proposed a deep CNN approach for the estimation of
cloud coverage. Additionally, Zhang et al. (2018) proposed a
new CNN model for ground-based meteorological cloud classifi-
cation. DL has also been used for cloud classification (Kurihana
et al. 2019a) and cloud segmentation (Xie et al. 2020).

Currently, DL methods are divided into two main categories:
supervised and unsupervised learning. Most CNN-based cloud de-
tection and segmentation approaches are built on the supervised
learning method, which requires a large number of pixelwise la-
bels; this labeling of images is time consuming and labor intensive.

We note that supervised learning could bias the algorithms,
limiting the capacity of the networks to learn more subtle fea-
tures hidden in the nuances of input data (Cabrera et al. 2014;
Sun et al. 2020; Karimi et al. 2020). Supervised learning re-
stricts the network to predicting only oversimplified labels, such
as cloud, sky, or sun, assigned by humans (Xie et al. 2020).
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In contrast, unsupervised learning needs only the input im-
ages to be properly trained (Guo et al. 2021). For example, an
autoencoder method can extract cloud features from multiple
satellite images and classify the features using hierarchical ag-
glomerative clustering (HAC) without the use of labels (Kurihana
et al. 2019b, 2021).

CNNs are the de facto choice in this regard. They use the
typical encoder/decoder scheme and can be applied as an un-
supervised strategy through a deep convolutional autoen-
coder (Kurihana et al. 2019a) or through a supervised strategy
training the network to classify each pixel in the input image
(U-Net) (Xie et al. 2020).

While deep neural networks generally require large training
datasets, research has shown that U-Nets can be trained with a
smaller dataset and still achieve comparable performance—in
some cases with as few as 30 pairs of images. For tasks with small
training datasets available, data augmentation is used on the
training images. This allows the networks to learn invariant rep-
resentations to such augmentations, without the need to see these
transformations in the annotated image corpus (Ronneberger
et al. 2015).

Several aspects in all the cited approaches can be improved.
First, the task of the autoencoders is to reconstruct the input
image as reliably as possible. Therefore, an autoencoder has
to learn to capture as much information as possible rather
than as much relevant information as possible. This means
that if the most relevant information for a particular task is
only a small fraction of the input, the autoencoder will possi-
bly end up losing much of that information.

On the other hand, U-Net tends to present redundancy be-
cause the paired layers in the network extract similar-level
features (Guo et al. 2020). As a response, Oktay et al. (2018)
proposed attention U-Net, which implicitly learns to suppress
irrelevant regions in an input image while highlighting salient
features useful for improving the segmentation task.

In this work, we address all these issues. First, we address
label scarcity by applying self-supervised learning (SSL) for
cloud characterization. Second, instead of training the net-
work to the heavy task of reconstructing the input as in au-
toencoders, we use a joint embedding architecture, applying
acute augmentation strategies to gather the most relevant in-
formation behind the identity of clouds. Third, instead of inte-
grating U-Net with attentional mechanisms, we directly use a
transformer network, utilizing its attentional maps to generate
self-supervised cloud segmentation.

An additional major motivation for this work is large-scale
energy-efficient sensing of cloud conditions in regions that
have limited network connectivity. It is hence important to be
able to infer the conditions at the physical location, rather
than transporting images to be processed elsewhere. Edge
computing (Wang et al. 2020b; Chen and Ran 2019; Beckman
et al. 2016; Cao et al. 2020) is a new processing paradigm that
collocates powerful and efficient computing hardware and the
sensors that provide the data. Therefore, edge computing is
well suited for large-scale distributed cloud analysis, where
pretrained ML models can be deployed at the edge for gener-
ating inferences. Unfortunately, supervised learning is not
conducive to learning at the edge since the data collected by
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edge devices have no labels. The self-supervised approach
presented in this work can be trained on the images collected
at the edge without having to transfer the bulky image data.
The natural extension of this work is to deploy an application
at the edge to learn in situ from the data collected.

2. Methods
a. Self-supervised learning

Self-supervised learning is a combination of supervised and
unsupervised learning. It is like unsupervised learning in the
sense that it does not need to use labels provided by human
judgments in the dataset. On the other hand, it is like super-
vised learning in that it uses labels, but they are self-extracted
from the dataset and not provided by humans. SSL has seen
applications in cloud classification and characterization (Fabel
et al. 2022; Kurihana et al. 2019a). These applications use ei-
ther the U-Net architecture (Fabel et al. 2022) or an autoen-
coder (Kurihana et al. 2019a). In the case of U-Net for SSL,
several pretext tasks are assigned to the learning process, such
as filling cropped areas or increasing the image resolution
(Fabel et al. 2022). In the autoencoder case, the pretext task is
the reconstruction of the original image after reducing the di-
mensionality by encoding the input. The goal is to get the en-
coding to condense as much information as possible in order
to reconstruct the input image (Fabel et al. 2022).

In the realm of computer vision (CV), SSL has shown tre-
mendous advancements in reducing the amount of labeled
data required to achieve state-of-the-art performance. In this
area, we can find works such as a simple framework for con-
trastive learning (SimCLR; Chen et al. 2020b), swapping as-
signments between multiple views of the same image (SWAV;
Caron et al. 2021a), bootstrap your own latent (BYOL; Grill
et al. 2020), simple Siamese network (SimSiam; Chen and He
2020), and Distillation No labels (DINO; Caron et al. 2021b).
The common approach in these methods is to present differently
augmented versions of the same image to different branches of a
joint embedding architecture. In some cases, such branches could
share weights while others could just share the architecture, de-
pending on the approach. Different architectures or even modali-
ties could be used for different branches, too (Bardes et al. 2022).
The main point in all these approaches is to train the networks to
be invariant to the augmentations presented at the input by
teaching them to ignore such augmentations. The hope is that by
following such an invariance goal, the networks can acquire im-
portant features from the statistical structure of the data.

b. Data
1) SAGE CAMERA

A Sage node (Fig. 1), deployed at the Atmospheric Radia-
tion Measurement (ARM) user facility’s Southern Great
Plains (SGP) atmospheric observatory (36.7°N, 97.5°W), hosts
a sky-facing XNF-8010RV X series camera manufactured by
Hanwha Techwin America. Using the 1.6-mm fish-eye lens
for this study, the Sage node recorded 2048 X 2048 pixel full-
color images every 30 s.
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FIG. 2. Experimentation profile. (a) A joint embedding model architecture of DINO by Caron et al. (2021b). (b) Once trained, the feature
vectors returned by DINO’s inference process are clustered using different techniques, such as SOMs and k-means. Because DINO
distributes feature vectors corresponding to different image properties in different zones of the outputs, different clusters will represent
images with different visual properties. We use the attentional maps from the ViT in DINO to generate unsupervised segmentation of

clouds.

2) CEILOMETER

Measurements of cloud-base height (CBH) from a collo-
cated ceilometer (less than 300 m from the camera) over the
SGP C1 site were available up to a 7.7-km altitude during
October-December 2021 (Morris 2016). The ceilometer is an
autonomous, ground-based active remote sensing instrument
that detects multilayer clouds by transmitting near-infrared
pulses of light and receiving the backscattered signal from
cloud droplets that reflect a portion of the energy toward the
ground (Morris 2016). The ceilometer uses multiple overlap-
ping pulses to provide CBH estimations every 16 s. The CBH
for the clear-sky condition is reported when the backscattered
signal is not detected, because a low signal-to-noise ratio pro-
duces a missing signal for the sensor. During the study period,
74.4% of the readings corresponded to clear sky, 22.5% of the
readings detected one cloud base, and 2.9% detected two
cloud bases. In total, 25.6% of the readings detected cloud ba-
ses and passed all the quality checks.

c. Model architecture

As is the standard trend in the SSL for CV, we adopted a
joint embedding architecture. A joint embedding is composed
of two branches containing one network each. Such networks

can share their weights in the branches (Chen et al. 2020b), or
they may have different weights but use the same architecture
(Caron et al. 2021b). Alternatively, the branches can contain
completely different architectures, even processing different
modalities (Bardes et al. 2022).

As shown in Fig. 2a, the networks contrast different aug-
mented versions of the same image (x; and x,). In this work,
we use the model developed by Caron et al. (2021b). We are
particularly interested in the architecture because of its sim-
plicity and its capacity to cluster images of different character-
istics in different isles in the output feature space. The use of
transformers as the main processing element in the branches
allows us to use its attentional maps to generate masks for
cloud segmentation. Another main feature of the Caron et al.
(2021b) model is its capacity for generating semantic segmen-
tation of images without labels (Fig. 2b).

As can be seen in Fig. 2, the main strategy presents two
branches with two networks using the same architecture [a vi-
sion transformer (ViT)]. One is called the student, while the
other is the teacher. Both networks are randomly initialized,
but only the student backpropagates its errors in an attempt
to mimic the output activity of the teacher. The student tries
to follow the frozen teacher adjusting its weights progressively
while the teacher is just making inferences thanks to its stop
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gradient (sg). Occasionally, the teacher updates its weights us-
ing the student weights, incorporating them into its architec-
ture by an exponential moving average (EMA).

The aim of the task—imposed by the loss function—is to
produce outputs as similar as possible in both branches, disre-
garding the augmentations present at the input. The idea is
that the network learns to ignore changes in color, brightness,
size, position, and so on imprinted in the augmented versions
and acquires the main features of the original images to invar-
iantly recognize the objects present in them.

Even though the reasoning behind this mechanism is ap-
pealing, inherent problems arise when training networks to
use it. Collapse is a recurrent phenomenon in this kind of
learning paradigm. To satisfy the demands imposed by the
loss function, the networks end up ignoring their inputs, just
producing an identical constant output in both branches. Un-
der such conditions, the outputs perfectly satisfy the loss de-
mands, but they do not carry any information about the
inputs. This is a catastrophe from the perspective of the main
goals of the analysis of the data.

One of the main elements that distinguish one method
from others inside the SSL approaches is the strategy used to
avoid collapse. They can use contrastive loss (Chen et al.
2020b), clustering constraints (Caron et al. 2021a), stop gradi-
ent (Grill et al. 2020; Chen and He 2020; Caron et al. 2021b),
or different batch normalization techniques (Bardes et al.
2022). We used stop gradient plus centering and sharpening.
Centering and sharpening are applied at the output of the
teacher network Caron et al. (2021b). While centering pre-
vents one dimension from dominating and encourages col-
lapse to the uniform distribution, sharpening has the opposite
effect. Centering, sharpening, and EMA help the networks
avoid collapse in the learning process.

d. Training procedure

We trained the joint embedding using ~85 000 sky images
of size 2048 X 2048 pixels from October to December 2021.
During training, the augmentations received by the teacher
and student were composed of cropped versions of the origi-
nal images. There were crops plus resized, Gaussian blur, so-
larization, flip, and color jitter. All augmentations were
applied randomly. There were two different kinds of random
crops and resizes: global and local crops. Global crops
spanned from 40% to 100% of the original images, while local
crops spanned from 5% to 40% of the original images. The
teacher received only global crops, while the student proc-
essed all (global and local) crops. For each sample, we used 2
global crops plus 8 local crops. The idea is that by processing
local crops, the student can grasp the semantic information of
the objects in the scene while mimicking the teacher that pro-
cesses only global information. We also used a small ViT with
~21 million parameters and a patch size of 16 pixels.

The network was trained for 200 epochs, during which the
loss was reduced from 11.1 in epoch number 0 to 2.20 in epoch
number 199. A copy of the checkpoint was saved every 20
epochs. Through a visual inspection of the attentional maps
returned by the network, we discovered that even though the
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loss was reduced epoch after epoch, the semantic maps de-
scribed the clouds better for the first epochs than for the last
ones. Consequently, we chose the checkpoint saved after ep-
och 0 for running our experiments.

This counterintuitive phenomenon of progressive loss re-
duction accompanied by less expressive attentional maps
could have its origins in the adequacy of the pretext augmen-
tation for the dataset applied in this research. In fact, the aug-
mentations used to train the model here were similar to the
ones used to train the original model on ImageNet. Neverthe-
less, these two datasets have completely different statistical
distributions. Despite its evident importance, the exploration
of better pretext tasks for the characterization of full-sky at-
mospheric conditions is outside the scope of this research.

e. Attention/feature maps

Transformers are the state of the art in most natural language
processing (NLP) benchmarks (Devlin et al. 2019; Radford et al.
2019; Brown et al. 2020). In recent years, they have also become
prominent in CV applications (Carion et al. 2020; Chen et al.
2020a; Dosovitskiy et al. 2020).

In transformers, attentional maps are matrices that indicate
the level of influence that different parts of the input have
on a portion of the input under analysis. For instance, in
NLP, the model analyzes each word in a sentence by paying
attention to the most influential words—for the word under
analysis—in the same sentence. In CV, the input image is
divided into nonoverlapping patches, and the analysis of each
patch consists of paying attention to the surrounding patches
in the same image, which could be more influential for pre-
dicting certain features in the patch under analysis. This archi-
tectural aspect of transformers allows us to conduct quantitative
but also qualitative visual inspections of the behavior of the
network.

Figure 2b shows attentional maps and their corresponding
masks. The green squares are the attentional maps inside the
network. Our transformer configuration has 6 heads. We take
each attentional map as a probability and consider only a cer-
tain probability to compose the masks. The different heads
pay attention to different aspects of the images. For instance,
head 0 highlights clouds and the dark periphery of the image
ignoring the sun, head 1 strongly highlights the sun and
clouds, and head 2 highlights the dark border of the image
and some portions of the sky. Head 3 highlights the border
and the sky. Head 4 is similar to head 3, accurately ignoring
the fish-eye perimeter. Head 5 highlights the sun and clouds,
markedly ignoring the dark periphery. Thus, the mask can be
produced for cloud, sun, and clear sky by using these atten-
tional maps.

3. Results and discussion
a. Unlabeled images

1) OUTPUT FEATURE SPACE

In Fig. 3, we present a visualization of the behavior of the
output feature vectors returned by the model for different in-
put images. As can be seen in the figure, from simple pretext
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PCA1

FIG. 3. Output feature map from DINO’s inference process. For visualization purposes, we uti-
lized PCA to bring the 384 dimensions of the output feature vectors from the model to the two
principal components and plotted a subsample with 5000 points in this chart. From simple pre-
text tasks, the network is able to acquire feature vectors organized in the space by different

properties.

tasks (like the ones explained in sections 2c,d) the model pro-
duces output vectors whose zones are highly correlated with
the appearance of the full-sky images.

The model distributes images with different properties in
different zones of the output feature space. For instance, on
the left of the space, we can mostly see clear-sky images, while
on the right, overcast sky images are prevalent. As we move
up on the left of the space, the atmospheric conditions pro-
duce images with increased blueness. The limits of such a phe-
nomenon can be found at the top of the space, where images
are mostly crepuscular—darker blue—as can be deduced
from the figure. As we move to the center of the space, clouds
start to appear gradually in the sky. In the center are several
zones with different properties. Some zones return sky images
with clustered clouds, while others show altostratus clouds.?
In the middle is a cluster that contains mostly the night-vision
sky of our camera, as can be seen in the image. On the right side
of the map, we can see mostly overcast skies. At the bottom, we
have a delimited cluster of points with different altostratus clouds.

The training process of the network in itself promotes its in-
variance to certain modifications or different points of view of

2 Altostratus are large midlevel sheets of thin clouds.

the images. As can be seen in Fig. 4, even when the model is
highly sensitive to certain aspects affecting the appearance of
the sky images—for instance, clear-sky images on the left and
overcast skies on the right—it is highly invariant to other as-
pects of the image appearance.

In Fig. 4, we can see how, independent of the rotation, posi-
tion, or even the form of the fish-eye sky image, the location
of the output vector corresponding to such an image in the
feature space is stable. The figure shows that independent of
the position of the sun and clouds in the scene, the model will
end up categorizing each image by other aspects such as its
cloud coverage and kind of clouds. This cloudy image repre-
sents a stable pattern for the model, and it is evidenced in the
stable position of the output in the feature space regardless of
the different modifications applied to the input.

2) CLUSTERING

We applied a clustering algorithm to the samples of the out-
put feature space returned by the model. We processed the
384 component vectors from the model using principal com-
ponent analysis (PCA) with maximum-likelihood estimation
(MLE), which uses a Bayesian model selection to determine
the true dimensionality of the data (Minka 2000). The dimen-
sionality of the output was automatically reduced to 383
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FIG. 4. Invariance of the algorithm to rotations, translations, and deformations of the same image. Each example is a specific augmenta-
tion from the same original image. For each augmentation example, there is an output feature space with the exact location of the output
vector as an orange point. The coordinate values of the output vector are shown accordingly next to each example. Beyond differences in
the rotations, translations, and deformations, the output vectors mostly keep the same position in the feature space.

components. We then pursued the clusterization of the sam-
ples. It was difficult to find appropriate parameters for den-
sity-based spatial clustering of applications with noise
(DBSCAN) to get a sensible number of clusters; it turned out
to be either one or more than 100 clusters, which did not rep-
resent the underlying atmospheric conditions in the dataset.
After several experimental repeats conducting clusterization
and visual inspection of the atmospheric conditions of the sky
images in the different clusters, we concluded that 20 clusters
had the best representation of the different atmospheric
conditions. In this regard, the self-organizing map (SOM)
presented a more acute division of the clusters in correla-
tion with the visual appearance of sky images than did
k-means. This conclusion was guided by a global visual in-
spection of the images in the different clusters as well. We
validated our selection with additional quantitative experi-
mentation (Figs. 6-8).

We used the new space and trained a two-dimensional SOM
grid of 5 nodes X 4 nodes. We chose this dimensionality be-
cause it has a better distribution of nodes in a two-dimensional
grid than does the alternative combination, such as 10 X 2.
Then we classified each image in the dataset by applying the
KNN algorithm using the prediction inference from the SOM
nodes. In Fig. 5, we can see a set of 20 fish-eye full-sky images
organized in a grid structure of 5 rows and 4 columns. Each
image is a representative sample extracted from 20 clusters
obtained by applying SOM clustering to the output feature
vector returned by the model.

As can be seen in this figure, the properties of the output
feature map in Fig. 3 are reflected by the grid. First, in row 4,
we can see completely overcast images, while in row 0, we see
mostly clear-sky ones. Again, the blueness of the sky increases
as we move from D to A in row 0. Row 0 column A holds the
crepuscular images also shown in Fig. 3 at the top of the map.
As in Fig. 3, we have a smooth transition from a clear sky in
row 0 to an overcast sky in row 4. In the middle rows, we ob-
serve different partially cloudy images.

In Figs. 6-8, we present a statistical analysis of the clusters
shown in Fig. 5. In the analysis, we support the visual inspection

conducted over the images gathered by the different clusters in
the SOM shown in Fig. 5.

First, we processed the same dataset using an already
trained U-Net (Park et al. 2021). We used the segmentation
prediction from U-Net and computed the cloud coverage for
each image in the dataset.

In Fig. 6 we can see the mean cloud coverage values for
each cluster in Fig. 5. Figure 6 presents a coordinate system

A B

D

5 v

490

FIG. 5. A'5 X 4 grid from a SOM of 20 nodes when using dimen-
sionality reduction by PCA with MLE to 383 dimensions. Each sky
image is a representative sample from each cluster in the SOM.
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FIG. 6. Mean cloud cover and standard deviation for each SOM cluster using U-Net.

coherent with Fig. 5. Again, we have a 5 X 4 grid in which
each bar represents the mean cloud coverage computed by
U-Net in such a cluster together with the corresponding stan-
dard deviation (STD) in Fig. 5. The bottom horizontal axis in
Fig. 6 shows the cloud coverage. Each bar in the chart corre-
sponds to a different cluster in the SOM. Coordinate 1 in the
SOM is the vertical axis. Coordinate 2 in the SOM is the hori-
zontal axis. One of the SOM grid coordinates shows a clear
orientation related to the mean cloud coverage returned by
U-Net. U-Net agrees with the cloud coverage percentage pre-
sented by Fig. 5, where a smoothly increasing cloud coverage
is produced as we move from row 0 to row 4 in both figures.

Consequently, one of the dimensions in the SOM is aligned
with cloud coverage. This is the vertical axis in Fig. 5. Since in
Fig. 6 we show only information related to the mean cloud
coverage computed by U-Net, we have no way of knowing
what could be indicating the other dimension—the horizontal
one—in the SOM grid. It is also hard to judge from the im-
ages in the grid in Fig. 5 what the horizontal dimension is indi-
cating. Furthermore, there might be additional features along
the vertical axis beyond cloud coverage. Indeed, our represen-
tative images in the clusters in Fig. 5 show great variability for
the different clusters, which might well be indicating different
atmospheric conditions.

To address this issue, in Fig. 7 we show the diurnal hourly
frequency of the sky images collected by different nodes in
the SOM. In this figure, we can observe that, except for D4,
column D is highly influenced by dawn images of the sky.

From Fig. 7, A0 is a node that concentrates mostly dawn or
dusk images. A visual inspection of such a node allows us to
observe that this effectively captures most of the dark blue
crepuscular images. They could be cloudy or clear sky, but
most of them are dark blue crepuscular since they present
sunrise or sunset situations (Byrd 2014).

A similar scenario is shown by node A4, which captures
most of the night-vision images from our camera. Figure 5
shows a night-vision sky image fully covered by clouds in clus-
ter A4, while Fig. 7 shows a sharp peak at 0700 local time. In
those cases, A4 is collecting early-morning night-vision im-
ages from the camera.

A global inspection of Fig. 7 allows us to see that, beyond
certain exceptions in each column, the model poses a diurnal
ordering in the horizontal dimension of the SOM shown in
Fig. 5. Generally, the tendency changes from morning to eve-
ning as we move from column D to column A. This effect is
evident in Fig. 5, but it also can be seen in Fig. 7, where
column D is highly populated with morning skies. Then, in
column C, this tendency changes to mostly afternoon skies
but with a more uniform diurnal distribution. Column B re-
flects a more acute inclination toward evening, and in column
A such an inclination is even more acute.

Such a diurnal variation represents a clear tendency in the
model to sort sky images by the diurnal cycle. Yet there
are remarkable cases in which the different kinds of clouds
are playing a major role. In some cases, the atmospheric con-
ditions given by different kinds of clouds are taken into
account by the algorithm when distributing images in the hy-
perdimensional output space. In this regard, nodes A3 and B3
gather most of the complex configurations of cumulus clouds.
Node A4 gathers most of the night-vision sky images, while
node AO has most of the very early or late (sunrise/sunset)
crepuscular images (Byrd 2014). Likewise, node B0’s main
feature is that it has the darkest blue clear skies.

Figure 8 shows the distribution of CBH corresponding to
the sky images shown in Fig. 5 using a collocated ceilometer.
We sampled CBH measurements for periods of at least 10 min
of consecutive occurrences of the SOM node. The frequency
of sampled periods (f) and percentages missing CBH meas-
urements (NA) for each node are shown at the top of Fig. 8.
Missing measurements correspond to the clear-sky conditions
and low signal-to-noise ratio.

As expected, clear-sky nodes are the ones with the most
missing measurements. Nodes CO and DO are the ones with
fewer cloud episodes, both with 99% of missing measure-
ments. We also have nodes B0 with 97%, D2 with 95%, Al
with 90%, C1 with 88%, and C2 with 87% of missing meas-
urements. These nodes concentrate most of the clear-sky im-
ages in the dataset.

In agreement with Fig. 6, there is a general tendency of
clear-sky measurements to decrease as we move from 0 to 4
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F1G. 7. Diurnal variation (0700-1700 LT) of the hourly cluster frequency shown in Fig. 5. The logarithmic y axis shows downward bars
when the values are less than 1%.

in each column. Some exceptions exist, such as nodes A0, A3,
and B3. Even when node AO is located in row 0, which is
mostly clear sky, it has a higher cloud concentration, popu-
lated mostly with early-morning and late-evening images.
Most of the clouds found in this node are below 2.5 km. A3
and B3 present a lower percentage of cloud concentrations.
Those nodes concentrate most of the cumulus-like clouds in
B3 (2000 m) and altocumulus in A3 (>2500 m).

On the other side of the spectrum, taking into account the
nodes with more cloudy events, we can see that for rows 3
and 4, there is a tendency of altostratus clouds to dominate
the scene as we move from A to D. This can be seen in Fig. 8,

where altitudes above 5000 m dominate when we move from
A to D. When there are enough cloud events to draw more
accurate statistics, such as in row A, we can see a clear ten-
dency along the horizontal dimension that shows a greater
preponderance of higher-altitude (altostratus) clouds as we
move from A to D. This is exhibiting a qualitatively different
clustering property of the algorithm, which is highlighting
cloud type, beyond cloud coverage or diurnal variation.

The dataset of full-sky images analyzed in this section was
collected by using our equipment shown in Fig. 1. Such data do
not have labels characterizing the different visual appearances
highlighted by the network. Therefore, the representative
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FIG. 8. Frequency distribution of lowest cloud-base height for the clusters shown in Fig. 5. The CBH measurements are sampled only
for the periods when the cluster was present for 10 min or longer. On average, around 75% of the CBH are reported missing because of
the clear-sky conditions and low signal-to-noise ratio. The valid CBH observations in each cluster () and the percentage of missing CBH

measurements (NA) are given at the top of each panel.

features emerging in the analysis have been determined by
visual inspection of the images.

b. Labeled dataset
1) CLUSTERING

We have tested and validated the model using approxi-
mately 85000 images collected from a sky-facing camera.
The model has been shown to be able to cluster different
atmospheric conditions in different zones on the output
feature space in an invariant manner (Fig. 3). The invari-
ance of the model has been shown by conducting different
modifications to the input images and observing that their
output feature vectors map to similar spaces in the output
feature map (Fig. 4). Nevertheless, the question of the ro-
bustness of the model properties for different images col-
lected with different camera specifications remains open.
Therefore, we conducted additional experiments on a dif-
ferent dataset. To that end, we used the WSISEG-Database,

which contains 400 uncropped whole-sky images and corre-
sponding labels.’

We conducted inference on the 400 images, obtained a new
output feature space, and clustered it using the k-means algo-
rithm. By visual inspection, we picked 7 clusters as a good
number given the characteristics of the output feature space.
We distributed the images to different clusters and computed
the mean cloud coverage for each cluster using the labels of
the images. We noticed that with this number of clusters,
k-means was able to distribute images in different clusters in
coherence with the physical appearance of the sky images,
better than when using other clusterization methods such as
SOM and DBSCAN. This conclusion was reached by using
visual inspection of all the images in the dataset. Basically, the
cloud coverage is the percentage of pixels in an image labeled

3 In these annotation images, cloud, clear sky, and undefined
areas are marked with gray values 255, 100, and 0, respectively.
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F1G. 9. Computation of mean cloud coverage and STD for 7 clusters obtained using dimen-
sionality reduction by PCA with MLE (Minka 2000) to 383 dimensions and k-means clustering.
Each column of images is composed of four random samples from the corresponding clusters (from
0 to 6). Cloud coverage is computed by using image labels. The dataset used, WSISEG-Database,
includes 400 whole-sky images and manual-marked labels. Source at CV-Application (2021).

as cloud, relative to the sum of cloud plus clear-sky pixels.
Consequently, the mean cloud coverage is the mean of the
cloud coverage of all the images inside the same cluster.

Figure 9 shows how the algorithm distributed the images in
the different clusters. The top bars show the mean cloud cov-
erage for each cluster. In the bottom, we show a column with
four random images collected for each cluster. The idea in the
bottom array of images is to visually show atmospheric condi-
tions for each cluster beyond the cloud coverage shown at the
top in the bar plot.

We highlight two important aspects from Fig. 9. First, from
the 7 clusters, clusters 0, 1, 4, and 5 clearly show different
cloud coverage conditions. This situation can be seen not only
in the bar plot but also in the example images at the bottom.
For instance, cluster 0 concentrates a higher percentage of al-
tostratus clouds with more extensive clouds than the ones in
cluster 1. Clusters 1 and 4 hold mostly cumulus-like clouds;
cluster 1 has more scattered cumulus, while cluster 4 is more
concentrated and has larger cumulus and more cloud cover-
age. Cluster 5 is populated mostly with clear-sky images.

Second, clusters 2, 3, and 6 cannot be separated by just con-
sidering cloud coverage. Nevertheless, by visual inspection,
one can see a clear differentiation between such clusters

based on different aspects of the clouds. For instance, in clus-
ter 3, the presence of the sun is minimal. This cluster is char-
acterized by very dark skies. On the other hand, in cluster 6,
sunlight has the strongest presence in the scene. In the middle
between those two extremes is cluster 2, where there is some
sunlight.

One of the important aspects here is that the model was
able not only to catch what human observers evaluated when
labeling this dataset regarding the cloud coverage conditions,
but also to make sense of other important aspects of atmo-
spheric conditions such as the presence of sunlight in cloudy
images. These aspects of the atmospheric conditions of clouds
were never injected into the model as input information dur-
ing training. Furthermore, these images were never used to
train the model, and they have camera specifications different
from those used for training the algorithm.

2) SEGMENTATION

We used the attentional maps from the network architec-
ture to produce different kinds of segmentation from the 6
different heads of the network. In Fig. 10, we can see two ex-
amples from two heads in the two rows of the figure. On the
left (first column), we have the attentional maps; in the second

Unauthenticated | Downloaded 11/06/23 07:27 PM UTC



12 ARTIFICIAL INTELLIGENCE FOR THE EARTH SYSTEMS

VOLUME 2

FIG. 10. Two examples of cloud segmentation produced by DINO in two rows. (first column) Attentional map, (second column) segmentation
produced from the attentional map in the first column, and (third column) WSISEG-Database label. (fourth column) Original image.

column, we show the masks produced for segmentation from
the attentional maps information; and in the third column, we
show the labels produced by humans. On the right, we show
the original image. To compute the masks, we convert the at-
tentional map into a probability by normalizing it. Then we
establish a threshold fixing a real number between 0 and 1.
This number represents the percentage in the probability
mass to be considered as an active mask. The rest is consid-
ered as void of mask.

In the first row of Fig. 10, we can see that the attentional
map is highlighting everything except the clouds and sun. In
this way and from such an attentional map, we can configure
a mask that is the negative of the clouds as shown when compar-
ing the mask with the label. In the second row, the situation is
exactly the opposite. The attentional map is highlighting only
the clouds and sun. The mask obtained shows a positive similarity
with the label.

To analyze the characteristics of the masks produced by the
model, we compared the masks with the labels produced by
humans. The labels in the WSISEG-Database contain three
classes: cloud, sky, and sun plus periphery, as can be seen in
Fig. 10. We conducted the comparison by computing the total
number of correctly predicted pixels (cloud plus sky) and di-
vided that number by the total number of pixels (cloud plus
sky).

We computed this average similarity for each cluster shown
in Fig. 9, producing a sweep of thresholds to generate the
masks from 10% to 90% of the probability mass in the atten-
tional maps.

In Fig. 11 we show four different examples in four rows.
For each row, on the left, we present a plot of bars showing
the mean similarity of the segmentation produced by the
masks for different values of the threshold (from 10% to
90%) computed on each cluster. An arrow on the horizontal

axis indicates the threshold for which the highest similarity is
obtained.

On the right, we show an example from the same cluster
with four images from right to left. The first image is the at-
tentional map, the second is the mask generated from the at-
tentional map using the most accurate threshold, the third is
the label, and the fourth is the real image.

For example, in the first row of the figure we present on the
left the performance of head 2 of the network for the images
in cluster 0 in Fig. 9 (around 50% of cloud coverage, with a
considerable percentage of altostratus clouds). We chose 40%
as the best-performing threshold of the masks with a similarity
above 60%. On the right, we have an example from cluster 0,
whose similarity matching the label is about 75% using the
optimal threshold.

In the rest of the rows of the same figure, we present other
examples for other clusters in Fig. 9. In the second row, we
have an example for cluster 1, which is mostly partially cloudy
(<40%) with small cumulus-like clouds. Even though the sim-
ilarity representing the label is 75%, the attentional map in
head 3 is paying attention to more subtle aspects of the sky
image beyond a restrictive cloud/no-cloud dichotomy. An
important aspect to take into account is that head 3 is masking
out not only the sun, but also all the clouds that are more
affected by the sunlight. In the third row of the figure, a similar
situation is shown. Again, sunlight and everything affected by
sunlight are marginally ignored by the network.

The third and fourth rows show more extreme situations
such as clear-sky images (cluster 5, <20% cloud coverage)
and overcast images (cluster 6, ~90% cloud coverage). Simi-
larity when matching the generated masks with the labels is
above 80% in both cases.

In Fig. 11, for some segmentations the border part of the
predicted mask (second column) is not always the same. In
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FIG. 11. Performance stats of the segmentation produced by the model accompanied by individual images as examples. (left) Segmenta-
tion similarity taking as reference the labels produced manually by humans. One head was chosen from the six heads of the model in each
example. Vertical axes show the segmentation similarity; horizontal axes show the threshold level to compose the predicted mask (1 is
10%, 2 is 20%, ... 91is 90%). (right) The first image is the corresponding attentional map of the head. The second image is the predicted
mask computed using the threshold and the attentional map. The third image is the label produced by humans. The fourth image is the
original sky image. Taking the first row of the figure as an example, a threshold of 40% to compute the predicted mask gets the best per-
formance for all the images in cluster number 0. Such images present altostratus clouds, as can be seen in the example on the right. The
segmentation computed using 40% of the probability mass in the attentional map has a 75% coincidence with the label produced manually
by humans. The mean average for all the images in the cluster is around 65%, as shown by the bars on the left.
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some cases, the border part is active, while in others it is in-
active, reflecting the fact that the attentional values are
above or below the imposed threshold, respectively. Never-
theless, the values do not affect the similarity computation
since the pixels in such areas are not taken into account in
the computations.

For reference, we note that Xie et al. (2020) reported a seg-
mentation accuracy of 96.24% (on average on the same data-
set). This value was obtained through a supervised approach
that was validated by using only 60 images collected from the
same camera. We highlight that even though the network pro-
posed in our work never received those images during train-
ing, it was still able to semantically segment clouds from the
sun and clear sky. This fact is even more remarkable when we
take into account the fact that the images in this dataset were
captured from different cameras with likely very different
specifications. Furthermore, since the method used in this pa-
per never used such images during training, we were able to
test it on the complete dataset of 400 images.

4. Conclusions and future scope

In this paper, we proposed the use of a recently developed
SSL method for sky condition monitoring. We demonstrated
that the performance of a novel joint embedding architecture
for the characterization and segmentation of ground-based
all-sky-view red-green-blue (RGB) images is a viable strategy
without the restrictive need for harvesting labels produced by
humans. We showed that this architecture can acquire acute
features of atmospheric conditions, such as cloud coverage,
cloud altitude, and their diurnal distribution. The CBH infor-
mation is also useful for the probabilistic height assignment
(low, mid-, and high) to the cloud motion vectors from the
camera images (Raut et al. 2023).

We also showed that the attentional maps of a pretrained
network with our full-sky imagery equipment keep perfor-
mance resemblance in completely new datasets captured with
cameras with different specifications. In fact, with completely
different images from a different camera, the algorithm shows
a zero-shot learning performance and can cluster the new da-
taset for different atmospheric conditions, such as cloud cov-
erage and sun cloud illumination. Furthermore, this zero-shot
property is also demonstrated by the network showing com-
petitive performance segmenting clouds.

These kinds of SSL approaches are in their nascent stage,
but they hold the potential to reduce the requirement for hu-
man intervention, not only in meteorological observations,
but also in the labeling process to train new automatic methods.
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