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Summary

Cloud masking of multispectral satellite images is a key primary task for analyzing and generating
products based on Earth observation data. Traditionally, the problem of cloud masking has been tackled
using tailored algorithms specifically designed for each independent satellite. We seek to explore the
problem from a novel multisensor and multitemporal perspective: firstly, we want to design algorithms
that easily exploit time series data for cloud detection; secondly, we wish to understand the extent to
which machine learning models trained on a given satellite imagery can be applied to other data sets. By
doing this, we want to increase the applicability of machine learning models for solving cloud detection
problems.

1 Introduction and motivation

Monitoring and understanding the Earth’s climate system is one of the main challenges in science today.
Earth observation through remote sensing is an essential tool for studying the processes occurring on
the Earth’s surface and their interaction with the atmosphere. Earth monitoring using satellite images
has long been applied in many societal, environmental and economical applications including: land use
monitoring[1], detecting deforestation and invasive vegetation[2, 3], detecting illegal logging, monitoring
surface water reservoirs [4, 5], estimating temperature or ocean salinity or post-catastrophe intervention
among others.

A new generation of Earth observation (EO) satellites, such as Landsat-8, Sentinel-2 and Proba-V,
is providing vast amounts of data in the form of multispectral images, which could potentially help us
to better understand and monitor our environment and its changes. In addition, private companies are
widening the EO satellite landscape, thus indicating that many new products and applications are on
their way.

1.1 Motivation for Cloud detection in Remote Sensing

The presence of clouds in multispectral images hampers the operational use of satellite data at a global
scale since undetected clouds often cause a significant number of perturbations. Hence, cloud masking
is one of the first important steps toward obtaining reliable image time series of the Earth’s surface and
the further derived products.

Cloud masking is still an unsolved problem: the Proba-V cloud detection round robin experiment1 is
a vivid example of this. The operational Proba-V algorithm based on static thresholds underperforms in
many situations causing a significant impact on a wide range of applications for vegetation monitoring.
For that reason, the European Space Agency (ESA) organized a dedicated Round Robin exercise to
evaluate more advanced cloud detection schemes. We participated in this exercise with an approach
based on neural networks, which results are published in [6, 7].

As we see, proliferation of new satellites will need further development of algorithms and method-
ologies to systematically transfer knowledge from previous satellites to new instruments. This fact has
been scarcely explored and will be the main issue of this PhD Thesis proposal.

2 Methodology

Machine learning approaches to cloud masking have proven to be successful in many cases, such as
Bayesian methods [8], fuzzy logic [9], neural networks [10], or kernel methods [11]. It is well known
that these statistical approaches outperform threshold based approaches provided enough labeled data
[6, 12, 13]. However, most satellites still rely on threshold based approaches for their operational
algorithms. This is partly because threshold approaches are simpler to understand and to implement
and machine learning approaches still have problems that limit their applicability on operational settings.
In the following section we highlight some of these problems. These problems constitute the the research
questions we plan to address in this Thesis.

1https://earth.esa.int/web/sppa/activities/instrument-characterization-studies/pv-cdrr
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3 Goals

1. Effectively exploit the time dimension. Time series cloud detection (i.e. using multiple
collocated images from different acquisitions dates) has been disregarded in the literature due to the
great amount of data and computational resources that it requires. In addition, supervised machine
learning is practically impossible in this setting since it requires labelling the whole time series from
many different locations. On the other hand, multiple-scene cloud masking is a fundamentally
easier problem than single scene cloud masking since location of clouds within an image normally
changes with time whereas the surface remains (more or less) stable.

2. Effectively exploit the spatial dimension. The most common approaches for cloud masking
are pixel based. That is, each pixel is classified independently given its spectral signature. While
this approach has advantages from a computational perspective it discards a great amount of
information from the surrounding pixels. Convolutional neural networks (CNN) use a hierarchical
stack of spatial convolutional filters to learn from surrounding pixels. CNNs have become one
of the most promising methods for both general image classification tasks [14, 15] and image
segmentation [16, 17]. Beyond the high classification accuracy shown in many problems, deep
CNN present interesting properties for remote sensing image processing since they learn the most
relevant spatial features for the given problem directly from the available data, i.e. a previous
custom feature extraction step is not required [18]. This capacity for extracting high level features
make them capable of transferring learning representations from different domains [19, 20, 21].

3. Find alternatives to apply supervised machine learning algorithms when we lack of
(sufficient) labeled data. Simultaneous collocated information about the presence of clouds
within an image is usually not available or requires a great amount of manual labor. The recent
success of convolutional neural networks are partly because of the proliferation of public big labeled
datasets. Recently the NASA has released three manually labeled cloud masking datasets from
Landsat 7 and Landsat 8 [22, 23, 24]. In addition we identified and generated other labeled datasets
for MERIS[13], Sentinel 2[25], and Proba-V[26]. Using this datasets we can study transfer learning
within different satellites. We believe this could greatly improve the applicability of machine
learning based cloud detection on operational settings since the algorithms can be deployed even
without any real image from the current satellite (and even before the satellite is launched).

4. Exploit big datasets with kernel methods. Kernel methods (KMs) have proven to be excel-
lent modeling tools for nonlinear classification and regression problems [27, 11]. However, their
application to EO data is hampered by their inability to exploit large training sets.

5. Take advantage of the uncertainty estimations of machine learning models. Recent work
[28, 29] shows that it is possible to extract meaningful probabilistic information from standard CNN
models. Is that information useful in the transfer learning setting?

4 Contributions

In this section we summarize the main contributions of the Thesis so far and how they relate to the afore-
mentioned problems we seek to address. The purpose is to publish these studies as independent journal
articles. Some of this contributions have already been presented as preliminary works in conferences.

• Cloud masking in remote sensing image time series using the Google Earth Engine
platform. This contribution has been presented in preliminary works in [30, 26]. In this paper we
will present a cloud detection and cloud removal algorithm that exploits previous collocated images
and: 1) it takes advantage of the Google Earth Engine platform to overcome the computational
limitations of time series cloud detection; 2) it is physically sensible; and 3) it is validated in the
Landsat 8 Biome dataset[23] producing state-of-the-art results. We plan to submit this contribution
to the special issue of the Google Earth Engine platform to be published in the Remote Sensing
MDPI journal on July 2018.

• Transfer learning with Convolutional Neural Networks for multispectral image cloud
masking. This seeks to be the main contribution of the Thesis. Firstly, in the conference works:
[31, 32] we demonstrated that CNN for cloud masking of Proba-V satellite images outperformed
both the operational Proba-V cloud detection model and the standard, pixel based machine learn-
ing approach presented in [7]. Secondly, the conference work [33] that will be presented this year
in the IGARSS 2018 conference shows that CNNs trained on Landsat 8 data from the Biome
dataset[23] and applied on Proba-V data outperform the current operational Proba-V cloud de-
tection model. This model has the advantage that it does not use any real Proba-V image for
training. In addition, if we fine tune this network with few Proba-V images it outperforms all pre-
viously mentioned works. We plan to extend this work using additional Landsat datasets [22, 24]
for journal publication.

• Optimizing kernel ridge regression for remote sensing problems. This contribution is also
a conference work that will be presented in IGARSS 2018 student contest [34]. Kernel methods
have been really successful in remote sensing problems because of their ability to deal with high
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dimensional non-linear data. However, they are computationally expensive to train when a large
amount of samples are used. In this work, we modified the kernel ridge regression (KRR) training
procedure to deal with large scale datasets. In addition, the basis functions (support vectors) in
the reproducing kernel Hilbert space are defined as parameters to be also optimized during the
training process.

5 Thesis schedule

Table 1 contains a detailed overview of the thesis schedule.

Milestones 2016-17 2017-18 2018-19
Literature review x x
Papers:
CNN for ProbaV x x
Scaling KMs x x
Transfer learning x
Transfer learning and uncertainty estimation x
Toolboxes & databases x x
Stays x
Conferences & Summer schools x x x
Thesis writing x x

Figure 1: Thesis schedule
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