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Abstract

Clouds play a significant role in the global climate
system, influencing the energy balance of the Earth’s
atmosphere through absorption, reflection, and scat-
tering of incoming shortwave solar radiation, and ab-
sorption and emission of outgoing longwave radiation.
Different types of clouds result from different atmo-
spheric processes, and accurately identifying and ana-
lyzing cloud coverage is essential for understanding the
Earth’s radiative budget. While traditional computer
vision methods and newer deep neural network (DNN)
approaches have been used for cloud segmentation and
categorization, these methods often rely on subjective
human labeling of cloud or clear sky pixels for training.
This can bias the algorithm’s performance or hinder the
extraction of relevant information from sky images. In
addition, labeling cloud images can be a tedious pro-
cess. In this work, we present a self-supervised learn-
ing approach for autonomously extracting relevant fea-
tures from sky images captured by ground-based cam-
eras for the classification and segmentation of clouds.
Our approach aims to overcome the limitations of tradi-
tional methods and DNNs by using self-knowledge dis-
tillation and regularization to learn features from the
data without the need for human labeling. We evalu-
ate the performance of our approach on two datasets
and demonstrate its ability to accurately classify and
segment clouds.

Extended Abstract

In machine learning, two popular strategies are su-
pervised and unsupervised learning. Supervised
learning involves adjusting the parameters of the al-
gorithm by comparing the predictions made by the
algorithm to ground truths, or actual labels pro-
vided by humans for each sample in the data. Un-
supervised learning does not have labels, only sam-
ples. The algorithms must therefore adjust their
parameters using the statistical distribution of the
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Figure 1: A joint embedding model architecture.

data itself. Self-supervised learning is a combina-
tion of supervised and unsupervised learning. It
is similar to unsupervised learning in that it does
not require labels provided by humans in the data
set. However, it is similar to supervised learning in
that it uses labels, but they are self-extracted from
the data set rather than provided by humans. Our
self-supervised learning approach utilizes a joint
embedding architecture and self-knowledge distil-
lation to learn features from sky camera images
without the need for human labeling (Caron et al.,
2020, 2021; Dematties et al., 2022).

This architecture consists of two branches, each
containing a network (Fig. 1). The networks in the
branches can share weights, have different weights
but the same architecture, or have completely dif-
ferent architectures. Our model consists of two Vi-
sual Transformers (ViT) using the same architec-
ture. The transformers allows for the creation of
attentional maps, which can be used to generate se-
mantic segmentation of images without labels. One
network is called the student and the other is the
teacher. Both networks are randomly initialized,
but only the student backpropagates errors in an
attempt to mimic the output of the teacher. The
student tries to follow the frozen teacher, adjusting
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its weights progressively, while the teacher makes
inferences using self-generated weights. Occasion-
ally, the teacher updates its weights using the stu-
dent weights, incorporating them into its architec-
ture using exponential moving average (EMA).
The goal of the task, as determined by the loss

function, is to produce outputs as similar as pos-
sible in both branches, regardless of the augmen-
tations present in the input. The idea is that the
network learns to ignore changes in color, bright-
ness, size, position, etc. and instead focuses on
the main features of the original image to invari-
antly recognize the objects present in it. However,
the SSL approach can sometimes result in collapse,
where the network ignores its inputs and produces
identical constant outputs in both branches. To
avoid collapse, the model uses stop gradient, center-
ing, and sharpening, as well as EMA. Attentional
maps, which are created using transformers, can be
used to conduct both quantitative and qualitative
analysis of the network’s behavior. By examining
the attentional maps, masks can be generated for
clouds, sun, and clear sky. The different clouds
may be tracked in the different attention maps us-
ing cloud tracking methods (Raut et al., 2022). We
apply a two-dimensional self-organizing map grid
of 5 by 4 nodes on this new feature space and
classified each image in the dataset using the k-
nearest neighbor algorithm based on the prediction
inference from the self-organizing map nodes. Our
approach demonstrates the ability to discriminate
full-sky images based on cloud coverage, diurnal
variation, cloud base height, and semantically seg-
ment cloud areas without labels (Dematties et al.,
2022). We test the approach on two datasets: one
with approximately 85,000 images collected from
our ground-based camera and another with 400 la-
beled images from the WSISEG-Database following
(CV-Application, 2021; Park et al., 2021). We also
show examples of attention maps for satellite im-
ages (Fig. 2).
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