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Abstract

How to deal with the presence of weather affected data is an unavoidable topic in the processing of
optical imagery. Clouds and cloud shadows significantly alter the spectral signatures obtained from
satellite data, which often leads to problems for any kind of scientific analysis. In this research there has
been elaborated on two different kind of problems: The detection of clouds and cloud shadows and the
mitigation of the effect caused by cloud shadows.

Most of existing operational cloud detection algorithms are so-called rule-based. Their performance is
highly variable and they have their limitations. A new promising research was done by [Mohajerani and
Parvaneh!(2019), where a convolutional neural network (CNN) named ’Cloud-Net’ was developed. In this
study we have elaborated on this CNN, by converting the analysis to Sentinel-2 data and making significant
modifications on the model setup. The results have been compared to the ESA Scene Classification
Map (SEN2COR algorithm). It was found that for the detection of clouds the overall CNN accuracy
outperforms the ESA Scene Map (95.6% vs. 92.0% respectively). For the detection of cloud shadows the
modified Cloud-Net model also gave better results (90.4% vs. 84.4%).

Previous work on cloud shadow correction algorithms show rather complex and inconvenient methods,
where the only goal was to remove the effect of the shadow. If one is interested to also correct for
illumination effects, to make it more aligned to a predetermined ground truth, new possibilities arise
which allows for simpler and more direct methods. Two proposed methods have been investigated in this
study. The first method, called ’decomposition of components’, investigated the use of a single formula.
The affected cloud shadow pixel is corrected based on the RGB difference with a ground truth image,
and a single correction factor that was determined based under the assumption that cloud shadows cause
a homogeneous alteration effect in a small area. The second method, called the ’CNN based method’,
presents a totally new idea by changing the Cloud-Net model to a regression model, in order to correctly
alter cloud shadow affected pixels. The performance of both methods was quantified by the structural
similarity index measure (SSIM). It was found that the decomposition of components method has the
most potential, showing significant improvements on the correction of cloud shadow affected areas.
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1 Introduction

1.1 Cloud and cloud shadow detection

Clouds and cloud shadows are an unavoidable topic in the processing of optical imagery. To accurately
detect these phenomena is a key component for scientific analysis. Clouds significantly alter the spectral
signatures obtained from satellite data, which often leads to the false identification of land cover change
(Tarrio et al., [2020). It is still not straightforward however how to develop good working cloud detection
algorithms. This is due to their high spectral heterogeneity, and the spectral and temperature variability
of the underlying surface. Most of the existing operational cloud detection algorithms, are so-called rule-
based. This means that the corresponding algorithm depends on specific intensity thresholds, and rules
that are carefully tailored for a given satellite platform and sensors. An approach like this is also sensitive
to variations in atmospheric conditions, and to absolute surface reflectance values (Segal-Rozenhaimer
et al.,[2020). In the studies of [Tarrio et al.[(2020), [Ipia et al.| (2020) and Domnich et al.|(2021) different
cloud detection algorithms for Sentinel-2 imagery have been compared. In their comparison they all had
three of these classical rule-based algorithms in common: FMask, MAJA and Sen2Cor. Three different
labels were assigned to each scene: clear, cloud and cloud shadow. Tarrio et al.|(2020) used a total of 6
Sentinel-2 scenes , distributed across the Eastern Hemisphere. [Ipia et al.[(2020) investigated 5 areas in
the Amazon region, so an approach from a more regional point of view. Domnich et al.|(2021) selected
21 scenes spread across Northern Europe. Table [I.1]shows a summary of the overall accuracies found in
each study.

Table 1.1: Overall cloud and cloud shadow detection accuracies found in literature.

Algorithm | Tarrio et al.[(2020) acc.(%) 7Ipia et al.| (2020) acc. | Domnich et al.| (2021) acc.
FMASK 81.2 B 1 90 - | 81 -
SEN2COR | 77.8 79 82

MAJA 82.0 69 71

Comparing the results, the overall performance is quite different per paper. In some cases, a more than
10 percent difference is present. The most consistent algorithm is Sen2COR, varying in performance
from 77.8 to 82 percent. The results of table [I.1|show that the performance of a rule-based algorithm is
highly variable, depending on the type of scenes one chooses to evaluate the model on. These kind of
rule-based models are designed in order to achieve the highest accuracy possible on a global scale. This
means however that the accuracy can be highly variable from one region to another.

In most cases, one is interested in a limited amount of scenes to perform a cloud and cloud shadow
detection on. It is possible to try out all of the rule-based models, and then select the one that works
best. The problem here however, is that the accuracy that can be achieved is still limited. Also, if one
selects multiple regions it is likely that multiple algorithms need to be used, since the suitability of each
algorithm varies from one region to another. It is desired to have a cloud detection algorithm that is
more robust than the rule-based algorithms, with a high accuracy and a low bias for the regions of interest.

A promising research has been done by Mohajerani and Parvaneh| (2019), where a convolutional network
called *Cloud-Net’ was developed. An overall accuracy of 96.48% was achieved. This surpassed the



FMASK algorithm, which achieved an accuracy of 94.89%, on the same dataset. The idea is to elaborate
on the work that has been done by the authors of this paper. A new version of Cloud-Net will be presented,
and the results will be compared to the SEN2COR algorithm, or the so-called ESA Scene Map. From
the literature, this model gave the most consistent results, and another advantage is that it is the most
accessible one. In our study, the CNN has been used for the training of two binary classification models.
One for thick clouds and one for cloud shadows. Thick clouds are defined as clouds where it is impossible
to see any of the surface below. Although the main architecture of the network has remained intact, there
are still some major other components that have been altered in this study.

The main difference, as already mentioned, is the training of two binary classification models. This
has been done instead of the original setup, where one model was used for the classification of seven
different classes. The second difference is that the training has been done on Sentinel-2 data instead of
Landsat, which allows for a higher resolution analysis. Thirdly, different input bands have been used
compared to the original model. In the study of Mohajerani and Parvaneh| (2019), only the RGB-NIR
band combination was tried. In this project, two different band combinations are used: RGB-NIR for
cloud detection and RGB-NIR-SWIR for cloud shadow detection. The motivation will be elaborated on in
chapter 3.3. Lastly, some main network hyperparameters have been changed like loss function, number of
iterations, learning rate etc. The characteristics of the machine learning model, and the main differences
with the classical rule-based algorithms, will be elaborated in chapter 2. After that a description of
the data and the full method will be explained. A summary of the results will then be presented, and
compared to the results of the ESA Scene Classification Map (SEN2COR algorithm) on the same dataset.



1.2 Cloud shadow mitigation

When an area is covered by thick clouds, the only option is to discard these clouds from the dataset.
However, when there are thin or so-called cirrus clouds present, as well as cloud shadows, it is in some
cases still possible to extract features from the data. In order to do this, a correction needs to be applied on
the masked areas. In this project the mitigation of cirrus clouds will not be covered, but the cloud shadow
issue has been investigated. The subject of cloud shadow mitigation on optical imagery is something
that has been investigated before, by Nagare et al.[(2018)) or[Shahtahmassebi et al.| (2013)) for example.
Although The corrected images look better, some improvements can still be done. However, one big
problem lies in the complexity of these algorithms. In the research of |Nagare et al.| (2018)) for example,
the method detects clouds in an image and derives their transmittance. For each cloud pixel, the method
then locates the corresponding shadow pixel in the image plane. Next, it derives the Attenuation Factor
for the direct Solar Irradiance (AFSI) value from the cloud transmittance values, and corrects the shadow
pixel. Besides its complexity, it is also required that a cloud and the shadow coexist in an input image,
which is not always the case. The reason behind this complexity is to make sure that the only correction
that is applied, is the removal of the cloud shadow effect. However, for the end goal that is set for this
project we are also interested in the modification of illumination effects, which means that there might be
easier ways to overcome this cloud shadow issue.

This project has been done in collaboration with Aresys, on which some more information will be given
in the next section. For one of their projects it is important to keep track of a certain commodity like
coal or iron ore, and it is desired to monitor the structural changes over time. The commodity tracking
algorithm is aligned to a certain set of conditions, so in order to achieve its highest potential not only
the shadow effect needs to be removed, but also the illumination effects have to be modified, in order to
make it fit the ground truth where the model is based on. Performing a RGB modification that does not
only remove the shadow effect, but also corrects for the illumination difference with the clear ground
truth day, allows us to formulate more simple and direct ways to deal with the described problem. Two
different methods have been proposed, that have been investigated in this study.

The first approach is based on the decomposition of components that together form a cloud shadow
("decomposition of components method’). With decomposition we mean that a cloud shadow pixel
can be reconstructed by a summation of different components. These components include the pixel
values of the same area on a clear day, the illumination effect, and the cloud shadow effect itself. A
RGB correction is carried out on a cloud shadow area, where this correction is based on the difference
with a so-called ground truth image. This ground truth image is formed by taking the average RGB
reflectances, from a combination of five clear days. The images on which the corrections are applied are
relatively small (2.5 by 2.5 km), and therefore the assumption is made that the shadow effect in this area
is the same for each pixel labelled as cloud shadow. From the median reflectance values for these pixels,
a correction factor is retrieved. The final formula and setup of this experiment are described in chapter 3.7.

The second approach is a machine learning based method (CNN based method’). With this method it
is tried to overcome the requirement of a ground truth image, by performing a direct correction on the
cloud shadow area. In order to achieve this, the Cloud-Net model has been changed from a classification
to a regression model. For the training the ground truth values are needed, but we aim that after training
the model knows how to correct cloud shadow affected areas, without having these reference values.
Since Cloud-Net was originally designed for classification, there are probably other models that might
work better. Due to the limited amount of time however, the same architecture has been used for this task,
and it should be considered to be a first step in a new approach.



1.3 Collaboration with Aresys

This Master Thesis has been carried out in collaboration with the Earth Observation Department of Aresys,
a company specialised in Remote Sensing located in Milan. They participate in system engineering and
data analytics, for a wide range of geospatial applications, and have clients like ESA and Airbus.

Google Earth

Figure 1.1: Google Earth image of Qinhuangdao port, China. Coal storages indicated within the red lines.

As already mentioned in the previous section, one of the projects they are currently involved in is the
monitoring of stockpiles, like coal and iron ore. These stockpiles are monitored with the use of Sentinel-2
data, and they are stored in harbors like the Qinhuangdao port in China, as indicated in figure[I.1} The
main goal here is to create accurate time series of the amount of a certain commodity. The benefits
are clear, for replacing today’s survey based methodology with a much faster method based on satellite
observations. This will then allow stakeholders to get a more transparent and up-to-date view of the market.

The project is still in an early stage, but what is desired to have for Aresys is a model that can mask clouds
and cloud shadows. Another useful tool is a possible correction model for the cloud shadows. This will
be an important preprocessing step in order to obtain only clear, non-weather affected datasets. This
is also where the theoretical and practical parts come together. From a scientific view it is interesting
to improve on the detection of clouds and cloud shadows, on a local level. Also the new cloud shadow
correction methods are something that can have added value. From a practical view it is useful, since the
outcomes of this research can potentially improve on real world applications, like commodity tracking.



1.4 Research objectives

The main objective of this project is to find out if a CNN is able to outperform the SEN2COR algorithm
on a local scale, and to define to what degree it is possible to correct the effect of cloud shadows. More
specifically, this corresponds to the following goals:

* Make an adapted version of the Cloud-Net model that outperforms the SEN2COR algorithm by at
least 1 percent, on the identification of clouds and cloud shadows on a Sentinel-2 dataset.

* Make an investigation of the suitability of different cloud shadow correction methods. Then define
to what degree a correction is possible, and which method has the most potential.

The following research questions are proposed:

* Is it possible for a Convolutional Neural Network, to locally outperform the SEN2COR algorithm
on the classification of clouds?

* Is it possible for a Convolutional Neural Network, to locally outperform the SEN2COR algorithm
on the classification of cloud shadows?

» To what degree is it possible to correct for the effect of cloud shadows, and which method has the
most potential?

1.5 Thesis Outline

As already described in the introduction, this thesis consist of two major parts: The identification of
clouds and cloud shadows and the correction of cloud shadows. To begin with in chapter 2, some
background information will be provided on the ESA rule-based classification algorithm. Then some
general information on convolutional neural networks will be discussed, followed by a description of the
Cloud-Net network that has been used in this research. Then in chapter 3 the complete methodology,
for the cloud and cloud shadow classification and the cloud shadow mitigation, will be discussed. A
description of the data will also be included. The results of the Cloud-Net algorithm and the cloud shadow
corrections are presented in chapter 4. Chapter 5 consists of a discussion, followed by the conclusions in
chapter 6.



2 Problem Background

2.1 SEN2COR: a rule-based classification algorithm

The Sentinel-2 Level-2A processing provides Level-2 products, from which one product is the so-called
Scene Classification (SC). SEN2COR aims at providing a pixel classification map. Part of this SC map
are the labels ’cloud shadows’ and ’cloud high probability’, which are the two targets we will also aim
for with the Cloud-Net CNN. The SEN2COR algorithm is based on a series of threshold tests, that use
as input top-of-atmosphere reflectance from the Sentinel-2 spectral bands. In addition, thresholds are
applied on band ratios and indexes. The algorithm uses the reflective properties of scene features to
establish the presence or absence of clouds in a scene. 2013)
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Figure 2.1: Level 2 Cloud/Snow Detection Algorithm Sequence (ESA, [2021).



Figure 2.1] shows the steps that are taken, in order to obtain a final cloud mask image. The thresholds are
stated in the rhombus shapes. The empty boxes, like indicated on the left side, indicate that a pixel is
considered cloud/snow free. In the literature it is stated that when a pixel is considered to be a potential
cloud, and passes rhombus 6, it moves on to the spatial filtering box, after which the final cloud mask is
created. Besides the detection of thick clouds, we are also interested in the detection of cloud shadows.
Not all the details of the model will be discussed here, but the cloud shadow mask is constructed using
“geometrically probable” cloud shadows. These are derived from the final cloud mask, sun position and
cloud height distribution, and “radiometrically probable” cloud shadows derived from the radiometric

properties of the pixels 2021).

Distribution of possible
cloud shadows
(high probability is dark)

The shadows
distance is derived Cloud
from Sun elevation (from final cloud
angle and top- mask)
cloud height
distribution

Sun azimuth
direction \

O

Figure 2.2: Iustration of geometrically cloud shadow probability model 2021).

Figurd2.Zillustrates the idea behind the construction of the geometrically probable cloud shadows. Based
on the sun’s azimuth direction and the distance from the cloud, a cloud shadow probability is defined.
The light grey clouds indicate a low cloud shadow probability, the black clouds a high cloud shadow

probability.

Exa i f ctral shapes (B0O2, BO ( 8A, B11. B12)
/ '"‘\
U ". N\
§ - —o Reference shadow curve
¥ b --s-- Shadow curve envelop
v | \\\ —— Vegetation
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Pixel non vegetated
Potential shadow (non vegetated)

Figure 2.3: Tllustration of radiometric cloud shadow probability model 2021).

The idea behind the radiometric cloud shadow probability model is shown in[2.3] The radiometric input
is obtained by identifying potential cloud shadows or “dark areas”, based on a reference shadow spectral



shape defined with bands B02, BO3, B04, BOSA, B11 and B12. This reference dark spectrum was built
from a large range of cloud shadows examples on different type of land covers. Pixels with a spectrum
close or darker than the reference shadow spectral shape, are considered as potential cloud shadows.

Original image

Map of potential
cloud shadows

Mask of “possible”
Cloud shadows

Final Shadow mask

Figure 2.4: Schematic view of the algorithm for cloud shadow mask generation (Louis, 2021}).

The sequence of processing steps to generate the final cloud shadow mask is shown in Figure[2.4] The
final cloud shadow mask is obtained by multiplying the result of the radiometric branch (left side) by the
result of the geometric branch (right side).



2.2 Cloud-Net: Convolutional Neural Network for the detection of clouds
and cloud shadows

Cloud-Net is a convolutional neural network (CNN), developed by [Mohajerani and Parvaneh| (2019). It
was designed to perform pixel classification on satellite images, originally trained and applied on Landsat
data. To completely cover an explanation on the working of a CNN, is too much to cover for this project,
but some basic principles are good to know. A basic explanation is covered in the next sections, followed
by a more in deep explanation of some Cloud-Net properties.

A CNN is composed of two major parts:

¢ Feature extraction

¢ (Classification

Forward: Cloud Detection

Backward: Parameter Learning
Figure 2.5: Example of a CNN for the detection of clouds (Wu & Shil [2018).

Feature extraction

From this part of the architecture the network derives its name. Convolution in a CNN is performed
on an input image, using a filter or a kernel. This filter, which is a small matrix of values, performs a
mathematical operation on the input image sliding from the left top to the right bottom. This results in a
so-called feature map. In a single network multiple feature maps are generated, as can be seen in figure
[2.5] On each feature map, an activation function and a possible pooling layer (not further discussed here)
are then applied. The output will then be used as input for the next layer. The different feature maps try
to capture the different properties that describe the label the model is trying to predict. In figure 2.5] for
example, the model tries to predict for each pixel whether it is a cloud or not. The different filters will try
to capture the different features. These filters, together with a corresponding bias, are random for the first
iteration. They are then updated after one full cycle of computations throughout the network. These filter
values, together with the biases are called the weights.

Classification

The final output layer gives the output probabilities for each class. In case of the cloud detection example
shown in figure 2.5] this will range from 0 to 1. Since weights are randomly assigned for the first training
example, output probabilities are also random. The probabilities that are predicted by the networked are
then compared to the true values, or the so-called targets that the network should predict. These often
involves a lot of manual labelling, so assigning the corrected labels to each image that one wants to use
as input for the training. The error of the CNN prediction is then computed, for which different formula’s



or so-called loss functions can be used. A common loss function is the mean squared error, which gives
the following formula:

Total error = Z \/ (target value — output probability)? (2.1

After the error is computed, backpropagation is used in order to calculate the gradients of the error, with
respect to all the weights in the network. Then gradient descent is used to update all filter values and biases,
to minimize the output error. The weights are adjusted in proportion to their contribution to the total
error. If the network is capable of learning to predict the correct values associated with certain input data,
the output error should keep decreasing and is expected to converge to a minimum. How many iterations
are needed in order to reach a minimum is highly variable per case, and is depending on many fac-
tors, like the quality of the network, quality of the data, correlation between the features and the target, etc.

A process that is common for CNN’s is called hyperparameter tuning. This is a process, where the
main network parameters are optimized. These parameters include batch size, learning rate, number of
iterations etc. There are different ways to perform hyperparameter tuning, one of the most common ones
is called grid search. An elaboration on this grid search and the implementation in this study is described
in chapter 3.3.

Cloud-Net architecture

Now that the general properties of a CNN have been discussed, some specifics of the Cloud-Net model
will be stated in this section. As described earlier, the Cloud-Net model is able to perform end-to-end
pixel classification on satellite imagery. A total of 12 hidden layers is present, as visualized in figure
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Figure 2.6: Architecture of the Cloud-Net model (Mohajerani & Parvaneh, 2019).

This is a so-called U-Net architecture. The design was originally proposed in[Ronneberger et al.| (2015),
and was used for biomedical image segmentation. U-Net has proven to give high performance results,
and over the years a lot of variations have been proposed for a wide range of applications. One of the
advantages of using a U-Net structure is that it works with very few training samples, and it gives high
performance for segmentation tasks. Secondly, an end-to-end pipeline processes the entire image in the
forward pass, and directly produces segmentation maps. Because of this U-Net preserves the full context
of the input images, which is a major advantage when compared to patch-based segmentation approaches

(Alom et al., 2018).

For the input it is required to select a combination of x different bands, in the original paper 4 was used.
From this 16 output channels are created after the first convolution, which is achieved by the use of 16
filters, each filter having a x dimensional shape. As can be seen in the top part the schematic overview,
the number of output channels in the next hidden layer is doubled and this process is continued to a total
of 1024. This part is called the contracting arm and is responsible for extracting features and producing
deep low-level features of the input image. The bottom part of the architecture is the other arm and is
called the expanding arm. This is designed to utilize those features and retrieve cloud and cloud shadow
attributes, recover them, and finally generate an output mask in the last layer.

Figure 2.6 shows down pointing arrows drawn from the contracting arm to the expanding arm. These are
so-called short cut connections. Before moving to the next layer in the contracting arm, the feature map
from the expanding arm is added (the shapes are the same which makes this possible). This helps the
network to preserve and utilize the learned contexts from the earlier layers. As a result, the network is
capable of capturing more cloud features. Another effect of the short cut connections is that the training
process is accelerated, by preventing the network from experiencing the vanishing gradient phenomenon
during backpropagation. The vanishing gradient phenomenon occurs, when many components of the
gradient of the loss function get very close to zero. This causes a stall in the updates of the parameters
associated with these layers, since the algorithm uses the gradient to calculate its next step. The problem
also tends to get worse as the number of hidden layers increases (Roodschild et al., 2020).
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Another important property of the Cloud-Net model is the drop-out function that is applied on the output
of hidden layer 7, the step moving from the expanding arm to the contracting arm. The idea behind this
dropout function is to prevent the network from over-fitting. Over-fitting is a common issue in networks
that have many hidden layers and therefore a lot of parameters. Dropout is a technique for addressing this
issue. This technique was successfully applied with several types of neural networks and it shows signifi-
cant improvements (Srivastava et al., 2014)). In Cloud-Net a 2D dropout function is used, which means
that instead of single elements, entire channels are zeroed out. The motivation behind this is described in
Tompson et al.| (2015). Since our network is fully convolutional and natural images exhibit strong spatial
correlation, the feature maps are also strongly correlated, and in this setting standard dropout fails. In
Cloud-Net, the probability p that a channel is set to zero, is set to 0.15. This value is preserved in this study.
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Selection of Sentinel-2 input bands

The original Cloud-Net model uses a four channel input from the Landsat 8 satellite: The blue,green,red
and near infrared (NIR) bands. It was assumed by the authors that this combination would work best.
One can try different band combinations however, and also the number of input bands is variable. Table
2.1|shows an overview of all the Sentinel-2 bands present.

Table 2.1: Overview of available Sentinel-2 bands.

Sentinel-2 bands Central wavelength (um ) | Resolution (m)
Band 1- Coastal aerosol 0.443 60
Band 2- Blue 0.490 10
Band 3- Green 0.560 10
Band 4- Red 0.665 10
Band 5- Vegetation Red Age 0.705 20
Band 6-Vegetation Red Age 0.740 20
Band 7- Vegetation Red Age 0.783 20
Band 8- NIR 0.842 10
Band 8A- Vegetation Red Edge | 0.865 20
Band 9- Water vapour 0.945 60
Band 10- SIR-Cirrus 1.375 60
Band 11- SWIR 1.610 20
Band 12- SWIR 2.190 20

Table shows an overview of all the Sentinel-2 bands, with their corresponding central wavelength
and resolution. A high resolution is desired to have. Band 2,3,4 and 8 (RGB+NIR) are all 10m resolution
bands, which would therefore be suitable input bands for the Cloud-Net model. Band 5,6,and 7 have a
20m resolution, but are focused on vegetation monitoring. Bands 9 and 10 have a resolution of 60m,
which is considered too low. Bands 11 and 12 are two short wave infrared (SWIR) bands with a reso-
lution of also 20m, and are therefore also considered to be potential useful bands for the CNN. Based
on this information, a total of 6 bands is considered potentially suitable: BO2, BO3, BO4, BO8, B11 and B12.

The first band selection that needs to be defined is for the cloud detection model. It is well known that
clouds are clearly distinguishable in the visible spectrum, therefore the RGB channels will be included. In
Tan and Tong|(2016) it is argued that cloud regions usually have higher NIR values than that of non-cloud
regions. Therefore also the NIR band is included. In Baetens et al.|(2019) it is explained that the SWIR
bands are useful for separating clouds from snow, where clouds will show higher SWIR values than
snow. In this research, there is no snow present in the data. Therefore these bands are not considered
useful for cloud detection here. In the literature, there were no other functions found for the SWIR bands,
regarding cloud detection. Therefore the final bands that will be used are: B02, BO3, BO4 and BOS.

The second band selection, concerns the cloud shadow detection model. Just like clouds, cloud shadows
are also clearly distinguishable in the visible spectrum. In Zhu and Helmer| (2018)) it is stated that for
cloud shadows, direct solar radiation is blocked by clouds, so the shadow pixels are illuminated by
scattered light. Because the atmospheric scattering is weaker at longer wavelengths, the NIR and SWIR
bands of shadow pixels are much darker than surrounding clear pixels. Therefore it is assumed, that the
NIR and SWIR bands contain useful information, in order to detect cloud shadows. This means that a
total of six bands will be used for the CNN model: B02, B0O3, B04, B0S, B11 and B12.
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3 Methodology and data

3.1 Cloud and cloud shadow detection flowchart

In this chapter, the methodology of the training of a CNN that was followed will be discussed, as well as
the correction of the cloud shadows. The process of cloud and cloud shadow detection is visualized in

figure
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Figure 3.1: Flowchart for the cloud and cloud shadow detection analysis.

The flowchart follows the traditional approach of a supervised machine learning model. After obtaining
the raw data, the first that needs to be done is labelling the images and pre-processing the dataset. Then
the pre-processed data is split into training and testing data. After defining the model setup, training can
be done. Then the trained parameters are applied on the testing data, which will allow for a final analysis
on the performance of the model. Some of the steps stated in the flowchart, will be elaborated on in the
next sections.
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3.2 Cloud and cloud shadow detection data

1) Data collection

The Sentinel-2 data that has been used in this research is downloaded from Sentinel Hub EO Browser
(Sentinel-Hub, 2021)). The highest quality products have been selected, and these are the level 2A products.
Six different locations have been chosen, shown in figure 3.2}
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Figure 3.2: Areas of interest, for both training and testing for the detection of clouds and cloud shadows. 6
locations in total: Rotterdam Port (Netherlands), Geonoa Port (Italy), Negev desert (Israel) Qinhuangdao Port
(China), Aoshan Bay (China) and Lanshan Rizhao (China).

Multiple locations and dates have been selected. In this study, we also try to perform a cloud shadow
mitigation experiment, and for this an area with stable targets is needed (the details behind this part will
be explained in chapter 3.6). These stable targets were found in the Negev desert. The other selected
areas are ports or areas close to a port.
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2) Preprocessing

Before feeding the data to the network, we need to preprocess the data. The first thing we would like to
do is to apply a normalization. For neural networks it is convenient to have input values between 0 and 1
(Brownlee, [2020). A way to achieve is to use the following normalization:

_ r—min(x)
o7 max(z) — min(z)’ S

A second step is to divide the images into smaller sub images. This in order to stack the different images
together, forming the final so-called tensor. In order to form this tensor the dimensions of the different
images need to agree. Each image has been divided into sub images of 256 by 256 pixels. This is
approximately 2.5 by 2.5 km.
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3) Manual labeling of images

An important step in the cycle of the CNN training, is to acquire labelled data. For this project we
have decided to do manual labeling. This allows for more freedom on how to classify certain features,
and since there are some areas that are of greater interest for Aresys, it leaves also wider choice on the
selection of which datasets will be used for training. The annotation tool that has been used is called
CVAT (Computer Vision Annotation Tool), and is open source and free to use (Sekachev et al., 2020).
Figure[3.3|shows an example of how the annotation is done.

Figure 3.3: Example of label annotation input (top) and output (bottom) in CVAT, corresponding to a Negev desert
scene. In the bottom image white areas indicate annotated clouds, green colored areas indicate cloud shadows.
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4) Training and testing data

The dataset needs to be split in two parts, with one part for training and one for testing. This will be done
two times, so two different training/testing sets will be constructed, with one for the cloud detection and
one for the cloud shadow detection. This has been done because the features (clouds and cloud shadows)
are not distributed evenly over the entire dataset. There is a total of 236 individual tensors or images, that
can be chosen from to use for either training or testing.

Table 3.1: Overview of all the scenes, used for the classification of clouds and cloud shadows. The number of
training (tr) and testing images (tst) are indicated for each scene.

Location Date Left top coordinate | Cloud tr | cloud tst | shadow tr | shadow tst
Qinhuangdao 2017-08-13 | 119.6717,39.9443 0 1 0 1
Qinhuangdao 2018-06-14 | 119.6724,39.9592 2 0 2 0
Qinhuangdao 2019-03-31 | 119.6737,39.9427 - - 0 1
Qinhuangdao 2019-08-30 | 119.6519,39.9576 3 0 2 0
Qinhuangdao 2019-07-14 | 119.6717,39.9443 - - 1 0
Qinhuangdao 2021-05-01 | 119.0475,39.8755 9 2 - -
Qinhuangdao 2021-05-11 | 119.6724,39.9592 - - 0
Aoshan Bay 2020-09-28 | 120.6652,36.5542 13 2 14 1
Aoshan Bay 2019-12-19 | 120.7517,36.4979 - - 0 2
Genoa 2020-09-28 | 8.9288,44.4309 0 3 0 3
Genoa 2020-12-07 | 8.9288,44.4305 0 1 3 0
Genoa 2021-03-19 | 9.5821,44.4269 28 0 27 3
Lanshan Rizhao | 2019-11-03 | 119.3094,35.3033 6 0 2 0
Lanshan Rizhao | 2020-07-10 | 119.3496,35.1355 0 2 - -
Lanshan Rizhao | 2020-07-20 | 119.3496,35.1355 - - 3 0
Lanshan Rizhao | 2021-02-15 | 119.3312,35.1600 1 0 0 1
Lanshan Rizhao | 2021-04-16 | 119.1824,35.3014 - - 6 0
Negev Desert 2021-01-20 | 34.7399,30.4571 21 0 26 0
Negev Desert 2021-02-24 | 35.1854,30.3379 0 8 0 9
Negev Desert 2021-04-10 | 35.5567,30.4420 - - 4 0
Rotterdam 2021-03-26 | 4.2516,51.8848 2 0 - -
Rotterdam 2021-05-30 | 4.2516,51.8848 0 1 0 1
Total - - 85 20 91 22

Table [3.1] gives an overview of the entire dataset, and how the selection for training and testing data has
been made. The procedure that was followed, was to individually analyze each image and add it to the
cloud or cloud shadow training/testing set, when around 20 percent of image was covered by either one
of these features (with the exception of a few images), and the label annotation was done correctly. These
constrains resulted in 105 useful images for cloud detection and 113 for cloud shadows. A common
training/testing ratio is 80-20 (Kalkman, |[2021)) which has also been used in this study.

Table 3.2: Number of pixels labelled as cloud and cloud shadow.

pixels labelled as cloud (%)

pixels labelled as cloud shadow (%)

Training

27

21

Testing

21

21

The supercomputer that has been used is called Lisa (SURFsara, 2021). The Lisa system is a cluster
computer consisting of several hundreds of multi-core nodes, running the Linux operating system. The
system is installed and maintained by SURFsara. The Lisa system is used for the SURFsara service
Research Capacity Computing Services (RCCS).

18




3.3 Selection of model parameters

Some main features of the original Cloud-Net model have been preserved. These include the number of
hidden layers, pooling functions, activation functions, etc. There are other model parameters however
that one can change, and this has also been done for the training of this network. An overview of these
so-called hyperparameters are given in table[3.3]

Table 3.3: Neural network parameter settings.

batch size 5

Loss function Binary cross entropy loss
Number of iterations | 7000

Learning rate 0.0001

Optimizer Adam

Grid search is a very computationally expensive process, and the budget available on the cluster computer
is limited. Still some different combinations regarding batch size, number of iterations and learning rate
have been tried. For the batch size 3,5 and 8 have been tried. For the number of iterations 5000,7000 and
9000. For the learning rate 0.001, 0.0005 and 0.0001. The options that worked best are given in table
An important note to make, is that the original Cloud-Net model was designed to classify 6 classes.
In this project two binary classification models are generated, which makes it more logic to switch the
loss function to binary cross entropy loss. The last parameter stated above is the optimizer. The Adam
optimizer has been selected, which is an extension to stochastic gradient descent. It has recently seen
broader adoption for deep learning applications in computer vision, and natural language processing
(Brownlee, 2021)).
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3.4 Analysis of the results

After the output files have been downloaded from the Lisa server, the results can be analyzed. These
results are also compared to the output given by the SEN2COR algorithm, or the so-called ESA Scene
Classification Map. The weights from the trained CNN model are applied on the testing set. In combina-
tion with the labels, this then allows us to define an overall accuracy of the model

TP 4+ TN
TP + TN +FP +FN’

accuracy = (3.2)

where TP is the number of true positive pixels, TN is the number of true negative pixels, FN is the
number of false negative pixels and FP corresponds to the number of false positive pixels. These classes
will also be represented in a confusion matrix.

Besides accuracy, there are also other quality indicators that will be used: precision, recall and F1
scores. Precision is the ratio of correctly predicted positive observations to the total predicted positive
observations:

TP

TP +FP (3-3)

precision =

Recall is the ratio of correctly predicted positive observations to the all observations in actual class - true:

TP
l=——. 3.4
reca TP 1 FN (3.4)

Then finally, the F1 scores will be computed. This is a so-called harmonic mean of precision and recall:

2 x (recall * precision)

F1 score = 3.5)

recall + precision
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3.5 Workflow cloud shadow mitigation

For the cloud shadow mitigation, there are two proposed methods. A flowchart with both the decomposi-
tion of components and CNN-based method, are given in figure 3.4]

Decomposition
of components
method

RGE correction Analysis of the results

shadow classification
(see CNM flowchart)

Raw data with stable Cloud shadow mask +
targets ground truth data

Create ground truth
data

CMN based
method

Testing data

Analysis of the results

Trained model
parameters

f

Model setup job submission

Training data

Figure 3.4: Flowchart for the mitigation of cloud shadows.

The first step is to find stable targets and to collect data. From this raw dataset a cloud shadow mask
needs to be performed, and a corresponding ground truth image needs to be created. The masking of
cloud shadows will be done with the trained CNN model.

The decomposition of components method is shown in the top arm. The formula that was used will be
explained in section 3.7. The bottom arm corresponds to the CNN based method. Here the steps are
similar to the classification flowchart. The data is split into training and testing data, and after training
has been done, the trained parameters combined with the testing data allow us to analyze the results.
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3.6 Cloud shadow mitigation data

1) Motivation for area of interest

As described in the introduction, it is desired to have stable targets that do not change over time. It was
also already discussed that these targets were found in the Negev desert, but the motivation will be given
here. The main reason for selecting this area, is the remote location where no human intervention is
present. Within this large area, smaller areas have to be selected. The choice was made to select regions
where stable rocky mountains were present.

Figure 3.5: Impression of the Negev Desert, Israel (Giamberini & Provenzale, [2018).

Figure [3.3 gives an impression of these rocky, dusty mountains that are located in the Negev desert. As
can be seen from this figure, the geometry of these mountains show strong similarities with the geometry
of a commodity storage location. One important difference however is that these Negev mountains are
stable over time. In order to verify this, a preliminary analysis has been carried out where the RGB
spectrum of 4 different clear days have been compared.

The method that has been selected, in order to compare the similarity between two images, is called the
structural similarity index measure or ’SSIM’. The measure between two windows x and y of common

size NxN is 2019):

(2papty + 1)(20ay + c2)
(8 + 1+ e1)(@3 +3+ea)

SSIM(x,y) = (3.6)

Where . is the average of X, p, the average of y, o2 the variance of x, 05 the variance of y, 0, the
covariance of x and y, ¢; and ¢y are two variables to stabilize the division with weak denominator. This
method is a common quantitative way of measuring the similarity of two images. The full background of
this formula will not be discussed, but the main idea is that the outcome of this formula is a product of
luminance, contrast and structure. The outcome is a unitless number between -1 and 1, where 1 means
that two images are identical, and -1 that the match is perfectly imperfect 2020). Consider the
results of one scene where four different dates have been selected.
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(c) 2021-01-25

Figure 3.6: Sentinel-2 true color images taken on 4 different dates of a roughly 7 by 3 km area in the Negev desert.

(d) 2021-01-30

0 1.00 0 1.00
100 100
( 0.99 0.99
200 ‘ 200
0.98 0.98
300 300
0.97 0.97
400 400
500 096 500 0.96
600 600
0.95 0.95
0 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700
(a) Blue SSIM 2021-01-10 & 2021-01-15 (b) Blue SSIM 2021-01-10 & 2021-01-25
0 - 1.00 0 - 1.00
i ] ]
oy TP PN P e W
1001 DL B, 100 N oy e
/i 0.99 A % 0.99
3% ey )7 = By
200 Fofiaf o 4 200 o -
€A a0 /-. . 0.98 - 0.98
300 N, 300
0.97 - 0.97
400 4 : 400
s00{4 .7 096 5009 - 0.96
" a
600 1 600
0.95 0.95
0 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700

(c) Red SSIM 2021-01-10 & 2021-01-15 (d) Red SSIM 2021-01-10 & 2021-01-30

Figure 3.7: Structural similarity index measure of 4 different scenes at the Negev desert. Top 2 images display a
blue SSIM analysis and the bottom two a red SSIM analysis.
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Figure 3.7 shows 4 sub figures of the Negev desert, where the structural similarity index measure (SSIM)
has been examined on 4 different scenes, shown in figure[3.6] The top two images show two blue SSIM
analyses, and the two bottom images contain two red SSIM analyses. All four images show SSIM values
close two 1. From this it can be concluded that the target is stable and can therefore be used for the cloud
shadow mitigation experiments.

Next to the fact that it can be demonstrated when two images are similar, we also like to prove when two
images are clearly not identical. Let’s therefore analyze the same scene, but with one cloudy and one
clear day:
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Figure 3.8: Structural similarity index measure of a cloudy versus a clear day. A blue and a green SSIM analysis
are presented.

Figure [3.8|shows the blue and green SSIM outcomes corresponding to the cloudy vs. non-cloudy day.
From these images it is easy to indicate at which areas a cloud or cloud shadow is present. From this an
important second conclusion can be stated, that whenever a cloud shadow is present, the SSIM analysis
is able to easily capture this feature.

2) Data collection & ground truth creation

In order to perform the cloud shadow mitigation experiment, the next step is to collect all the data. The
first scene that will be used is the example area of the previous section, including the black spots. A
day with quite some cloud shadows present was found on April 1, 2019. The second scene is the region
displayed in figure [3.3|that was taken on January 20,2020.

The ground truth is then computed by finding 5 clear days of both scenes and taking the average RGB
values. Both scenes have thereafter been divided into smaller images of 512 by 512 pixels. The first
scene then generates 1 image and the second one 12 images.
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3.7 Decomposition of components method for cloud shadow mitigation

The decomposition of components method aims to perform a RGB correction, by the use of a single
computation, on areas that have been labelled as cloud shadow. The motivation behind the used formula
and a description of the process, will be given in this section. A cloud shadow affected pixel can be
described by the following formula:

RGB affected = RGB clear + ARGB shadow + ARGB illumination + ARGB structural (3.7)

The composition of this formula is quite straightforward. Whenever a cloud shadow pixel is present, this
pixel can be reconstructed by a combination of the clear non- weather affected RGB value that can be
found in a clear image, the alteration caused by the shadow, the illumination difference with the clear
day and any other structural changes of a target. Structural changes can be any change that causes a
permanent alteration of a pixel. When there is a load of coal stockpiles present in a harbor for example, a
pixel will be permanently altered, whenever a new load is added or when some of it is removed. For this
experiment, it is desired to make this term negligible. This can be done by finding a stable target that
doesn’t change over time, like explained in the previous section. That a target can change is something
that needs to be taken into account however, or more concrete: how to make sure that a RGB correction
on a cloud shadow pixel is a correction taken only the shadow and illumination effect into account? This
is something that can be achieved by taking the median cloud shadow value of an image into account. In
many images the cloud shadow looks like a homogeneous feature. Therefore the assumption is that the
shadow effect in an image can be considered the same. Since each image is only a 2.5 squared kilometer
area this assumption can hold ground. The next step is to formulate this assumption into a formula that
can be applied to actually perform the correction. The A RGB shadow term is something that cannot
be found directly but we can take the median RGB values of each pixel of an image indicated as cloud
shadow however. This will then give the following:

RGB affected + RGB Clearg = RGB cleary 4+ (RGB clearp + Ashadow median + Aillumination)

This can then be rewritten:

RGB Clearg = —RGB affected+RGB cleary +(RGB clearg+Ashadow median+Aillumination)
(3.8)
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3.8 CNN based method for cloud shadow mitigation

The main idea of the CNN based cloud shadow mitigation model is to use a modified version of the Cloud-
Net model. The main change that needs to be made here is to switch from a binary classification model to
regression. With the classification models it was only desired to know whether a certain pixel was a cloud
or a cloud shadow. Now we do not only want to know the label, but also how to correct the altered RGB
values. Therefore the labels have been changed from binary numbers to a range of values, which indicate
the difference between the reflectance value on a cloud shadow compared to a clear day. When there is
no cloud shadow present, the label value will be zero. After the reflectance differences between the cloud
shadow and clear ground truth value have been taken, the numbers are normalized between 0 and 1 by us-
ing formula 3.1. Some parameters were changed like the loss function that was changed to *'mean squared
error’ (MSE) and learning rate that was changed to 0.00001, which was found to give better performances.

For the training of the data, 5 different scenes with cloud shadows from the Negev desert have been
selected. For each date a ground truth was again created by taking the average RGB reflectance values
from corresponding clear non-cloudy days. One change that has been made is to divide all the images
into smaller tiles of only 128 by 128 pixels. Then from visual inspection each image was analyzed in
order to decide whether at least around 20% cloud shadow was present. This gave a total of 44 images
that will be used for the training. In total there are three different models to be trained: One for the blue,
one for the green and one for the red reflectance correction.

3.9 Cloud shadow mitigation analysis of results

After the correction has been applied, the final step is to analyze the results. The quality of the correction
will be determined, by using the SSIM comparison. The formula is stated in a previous section in equation
3.6. The outcome gives each pixel a value between -1 and 1, where 1 indicates a perfect match. The
average SSIM value per color channel for all 13 images will be computed, for the pixels where a RGB
correction is applied on. The average SSIM values before and after the correction, will then be compared
to each other.

A second analysis on the cloud shadow corrected areas, will also be performed. This involves the use of
histograms, where three different features per histogram will be plotted: The reflectance values of the
cloud shadows, the reflectance values of the clear ground truth scene (on the same locations where a
cloud shadow in the other image is present), and thirdly the reflectance values of the corrected cloud
shadows. The reflectance overlap with the ground truth, before and after correction, will be computed
(255 bins, since normal color intensities range from 0 to 255). An important note to make here, is that this
analysis is done in order to show the effect of the correction, but one should be careful with conclusions
about the performance. If a correction is carried out correctly, it is expected that the new reflectance
values, show a overlap close to 100% with the ground truth reflectances. When a correction is not carried
out correctly however, there can still be a relatively high overlap. A small offset will be visible, meaning
that the wrong pixels overlap. Therefore, if one wants to make conclusions regarding the performance
of the correction, it is wise to also look at the histograms from visual inspection, and only consider a
correction to be good when the overlap is very high. In this study the SSIM analysis will be used as the
main performance metric.
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4 Results

4.1 Cloud classification

For the testing phase, regarding the cloud detection, a total of 20 images was used. The 6 locations that
were chosen are: Rotterdam Port (Netherlands), Geonoa Port (Italy), Negev desert (Israel) Qinhuangdao
Port (China), Aoshan Bay (China) and Lanshan Rizhao (China). An overview of all the scenes is given in
the data section, table[3.1] The predictions were compared to the same manual labelled image, which is
considered to be the ground truth. Table .2 summarises the results, figure .1| shows the corresponding
confusion matrices.

Table 4.1: Test results of the Cloud-Net model and the SEN2COR algorithm, for the classification of clouds.

Classification model | Overall accuracy(%) | Precision (%) | Recall (%) | F1 score (%)
Cloud-Net 95.6 89.1 90.0 89.5
SEN2COR 92.0 67.3 93.1 78.1

Cloud-Net Final acc.=95.6% SEN2COR Final acc.=92.0%

clouds
clouds

Actual label
Actual label

no_clouds
no_clouds

clouds no_clbuds clouds no_cllouds
Predicted label Predicted label

(a) (b)
Figure 4.1: Confusion matrices for the Cloud-Net model on the left and the SEN2COR results on the right.

It can be concluded that Cloud-Net outperforms the ESA Scene Map, or so-called SEN2COR algorithm.
Consider table 4.1 where all the scores except the recall are higher for Cloud-Net. The overall accuracy
is 3.6% higher (95.6% versus 92.0% respectively), but especially the precision score is much higher
(89.1% versus 67.3%). An analysis of one of the individual scenes is presented in figure [d.2]
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Figure 4.2: Thick clouds classification results, example of one of the testing images. Left top: True color image.
Right top: Manually annotated labels (ground truth). Left bottom: Cloud-Net prediction. Right bottom: ESA

Scene Map (SEN2COR).

The cloud detection results of figure were taken at Genoa. The overall CNN accuracy of 98.2% is
slightly better than the output of the SEN2COR algorithm of 97.6%, but the difference is quite small.
There are some spots that SEN2COR seemed to have missed, but in general it can be stated that both
results are of equal quality. Let’s also consider a scene where a clear difference in performance is present.
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Figure 4.3: Thick clouds classification results example of one of the testing images. Left top: True color image.
Right top: Manually annotated labels (ground truth). Left bottom: Cloud-Net prediction. Right bottom: ESA
Scene Map (SEN2COR).

In figure the cloud classification results of another scene are presented. It can be seen that the
SEN2COR algorithm now significantly performs worse. The CNN has a higher overall accuracy of
96.6% versus 90.7% respectively. Especially the precision of 91.1% versus 65% is much higher for the
Cloud-Net model. The results for all individual scenes are given in appendix A. For some scenes, there
is a significant difference in performance, for others the differences are relatively small. Before diving
into a possible explanation of this, the results of the cloud shadow detection will be discussed in the next
section.

29



4.2 Cloud shadow classification

For the testing phase, regarding the cloud shadow detection, a total of 22 images was used. Table {.2]
summarises the results, including the corresponding confusion matrices in figure 4.4

Table 4.2: Test results of the Cloud-Net model and the SEN2COR algorithm, for the classification of cloud
shadows.

Classification model | Overall accuracy(%) | Precision (%) | Recall (%) | F1 score (%)

Cloud-Net 90.4 76.2 75.7 76.0

SEN2COR 84.4 28.2 81.6 41.9
Cloud-Net Final acc.=90.3% SEN2COR Final acc.=84.4%

shadow
shadow

Actual label
Actual label

0.98

no_shadow
no_shadow

shadow no_sHadow shadow no_sHadow
Predicted label Predicted label

(a) (b)
Figure 4.4: Confusion matrices for the Cloud-Net model on the left and the SEN2COR results on the right.

Comparing the different statistical analyses, it can be concluded that also in this case the Cloud-Net
model outperforms the SEN2COR algorithm. The overall CNN accuracy of 90.4% is significantly higher
than the 84.4% of the SEN2COR algorithm. What is most striking however, is the huge difference
in precision performance. The Cloud-Net model has a 76.2 % precision score, versus only 28.2% for
SEN2COR. This indicates, that whenever a cloud shadow pixel is present, the SEN2COR algorithm has
difficulties with detecting it. The only score where SEN2COR is better than Cloud-Net, is the recall
(81.6 % versus 75.7% respectively). An analysis of some individual scenes is presented in the next section.

30



True color image

100

150 +

200 4

250 A .
0 50

100 250

120

200

(a)

Cloud-Net prediction

100 +

150

200

100 150 200 250

Figure 4.5: Cloud shadow classification results example of one of the testing images. Left top: True color image.
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Right top: Manually annotated labels (ground truth). Left bottom: Cloud-Net prediction. Right bottom: ESA

Scene Map (SEN2COR).

Figure4.5|illustrates the cloud shadow classification results for one of the testing images. The Cloud-Net
model achieved here an overall accuracy of 96.5%, and the SEN2COR an accuracy of 96.2%. In this
scene, there are a few spots that the SEN2COR algorithm missed, but in general the performance is

similar to Cloud-Net. Let’s also consider another scene, where there is a big difference visible.
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Figure 4.6: Cloud shadow classification results example of one of the testing images. Left top: True color image.
Right top: Manually annotated labels (ground truth). Left bottom: Cloud-Net prediction. Right bottom: ESA
Scene Map (SEN2COR)

In Figure it can be seen that the SEN2COR algorithm was not able to capture any of the cloud
shadows. The Cloud-Net prediction is also not perfect, but is able to capture at least most of the cloud
shadow pixels. The individual scores per scene are summarised in appendix B. From this it becomes
clear, that the SEN2COR algorithm has the same problem with the other desert scenes.

What is the reason that the Cloud-Net model outperforms the ESA Scene Map? The setup of the two
models is totally different, as described in chapter 2. One of the most fundamental differences between
the Cloud-Net model and the SEN2COR algorithm, is that Cloud-Net takes information from adjacent
pixels into account when determining if a pixel is a cloud shadow or not. This is not the case for the
SEN2COR algorithm, where each pixel is analysed individually. It is therefore interesting to investigate
what happens when the spatial context is not taken into account.
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This can be done by modifying the Cloud-Net model, and change the kernel size to 1. This means that
each pixel is analysed individually and the spatial context is ignored. The model structure and setup
are remained intact. An overview of the different performances is given in table 4.3} The new CNN
predictions, for the same two scenes shown before, can be found in figure [d.7]

Table 4.3: Test results of the modified Cloud-Net model and the SEN2COR algorithm, for the classification of
cloud shadows.

Classification model | Overall accuracy(%) | Precision (%) | Recall (%) | F1 score (%)
Cloud-Net, modified | 81.9 40.5 56.5 47.2
SEN2COR 84.4 28.2 81.6 41.9

True color image Cloud-Net prediction

0 0
50 50 1
100 100 A
150 1 150
200 ~ 200
250 . 250
0 50 100 1540 200 250 0 50 160 150 200 250
(a) (b)
True color image Cloud-Net prediction
I > 0
.
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200 200
250 250
0 50 100 1540 200 250 0 50 160 150 200 250
© (d)

Figure 4.7: Cloud shadow classification results for the modified Cloud-Net model. Left top: True color image
scene 1. Right top: CNN prediction scene 1. Left bottom: True color image scene 2. Right bottom: CNN
prediction scene 2
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What is interesting to see, is that the modified Cloud-Net model model is still able to make good predictions
for scene 1, but totally fails on scene 2. The same behavior was found for the SEN2COR algorithm, and
this also holds for the other desert scenes. From this it it can be concluded, that the performance for
cloud shadow classification in desert scenes is increased, when the information of the surrounding pixels
is taken into account. The results for the individual scenes are given in appendix C.
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4.3 Cloud shadow mitigation

Decomposition of components method

The experiment was carried out on 13 images, all of 512 by 512 pixels, as described in the previous
chapter. A summary of the results for the average SSIM scores, and the overlap of the histograms with

the ground truth, are presented in table 4.4 and table [f.3| respectively.

Table 4.4: Overall SSIM scores (decomposition of components method).

SSIM score before correction | after correction
Blue reflectances 0.17 0.59
Green reflectances | 0.18 0.68
Red reflectances 0.18 0.67

Table 4.5: Overall histogram overlap scores (decomposition of components method, 255 bins).

Histogram ground truth overlap

before correction (%)

after correction (%)

Blue reflectances

6.7

78.2

Green reflectances

8.3

87.9

Red reflectances

10.6

88.4

From the tables above, it can be stated that the RGB modification has resulted in a significant improvement.
The overall blue SSIM score (unitless range between -1 and 1) has improved from 0.17 to 0.59, and the
green/red reflectances have improved from 0.18 to 0.68/0.67. The overlap between the histograms of the
corrected and ground truth image has also increased. On average increasing from around 8% overlap to

almost 85%. Consider the results of one of the individual scenes, presented in figure [4.9]
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Figure 4.9: Clouds shadow mitigation results. Left top: Clear day ground truth. Right top: Weather affected image.
Left bottom: Cloud-Net prediction. Right bottom: Cloud shadow mitigation results.

Figure[4.9|displays the cloud shadow mitigation results on one of the scenes. The first step is to verify that
the CNN prediction on the shadow locations are accurate. From visual inspection it can be concluded that
this is the case, except for some shadows on the edges. Then the formula on the cloud shadow correction
is applied, giving the right bottom image as final result. The areas that used to be dark spots are now
much lighter and are now more aligned with the ground truth image. Also consider the histograms
corresponding to this scene.
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Figure 4.10: Blue, green and red reflectance histograms, showing the difference between the cloud shadow affected
area and the clear ground truth, as well as the effect of performing the cloud shadow correction.

Figure [4.10] shows the RGB histograms, where the effect of the RGB modification becomes visible. The
data that was downloaded from Sentinel Hub EO Browser was in 16 bit format, meaning that the RGB
reflectances range from 0 to 65535. The cloud shadow areas are represented in blue and the clear ground
truth values in red. There is a clear difference visible in each histogram. What is desired to see is that
after the cloud shadow correction the histograms become more aligned. This correction is captured in
the green colored reflectance values. What can be seen is that at the right top and bottom histograms
(green and red reflectances respectively), corrected and clear day reflectances do now very well overlap
each other. At the left top histogram however, (blue reflectances) there is a clear peak in the clear day
reflectances, that is not very well captured in the correction. In general it can be said that the correction
is quite good, with an average increase in overlap from 1.5% to 78.2%. The results of the other scene
will not be described here, but can all be found in appendix D.

CNN based method

The testing of the CNN based method has been done on the same 13 images. The results are summarized
in table 4.6 and table 4.7

Table 4.6: Overall SSIM scores (CNN based method).

SSIM score before correction | after correction
Blue reflectances 0.17 0.20
Green reflectances | 0.18 0.20
Red reflectances 0.18 0.24
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Table 4.7:

Overall histogram overlap scores (CNN based method, 255 bins).

Histogram ground truth overlap

before correction (%)

after correction (%)

Blue reflectances 6.7 55.3
Green reflectances 8.3 72.3
Red reflectances 10.6 71.6

Comparing the two tables, there is a clear difference visible. Regarding the SSIM scores, there is only a
small improvement visible, with on average only a 0.04 improvement after correction. This indicates
that the RGB modification only had a small effect on the mitigation of the shadow effect. The histogram
overlap however, shows a significant increase, on average around to around 66%. In the previous chapter
it was stated that a very high overlap is needed, in order to conclude that a correction has been carried
out correctly. The results of one of the individual scenes is presented in figure d.11]
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Figure 4.11: Clouds shadow mitigation results. Left top: Ground truth image Right top : Weather affected image.
Bottom: Cloud shadow mitigation results
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From visual inspection it can be seen that the location of the cloud shadows is determined quite accurately
but that the quality of the correction is lower compared to the decomposition of components method.
Here the SSIM score is only 0.1 while the decomposition of components method gave a score of 0.44.
The color of the corrected areas do not very well match the ground truth image and there are also some
light blue spots visible that should not be there. We also consider the corresponding histograms.
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Figure 4.12: Blue, green and red reflectance histograms showing the difference between the cloud shadow affected
area and the clear ground truth, as well as the effect of performing the cloud shadow correction.

Here the problem of the histogram overlap quality indicator becomes clear. It can be seen that the RGB
values have been shifted towards the ground truth values, but the shift has not been carried out correctly.
There is a clear increase in overlap visible (on average from 1.5% to 59%), but the wrong pixels are
overlapping. This explains why the SSIM score has improved only a little bit while the histogram overlap
has increased a lot.

The results for the other Negev desert scene can be found in appendix E. Overall it can be concluded that
the decomposition of components method gives better results. The average SSIM value after correction
of 0.65 clearly outperforms the 0.21 score of the CNN based method. The advantage of the CNN based
method would be, that once the model is trained, there is no ground truth image needed to perform a
correction. In order to make that work however, the performance of the model should be increased a lot.
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5 Discussion

The results indicate that the adapted version of Cloud-Net is able to locally outperform the SEN2COR
algorithm, on the classification of both clouds and cloud shadows. On the classification of clouds, the
overall accuracy is 3.6% higher (95.6% vs. 92.0%), and for the classification of cloud shadows, the
overall accuracy is 6% higher (90.4% vs.84.4%). Regarding the cloud shadow mitigation in the Negev
desert area, a decomposition of components and CNN based method were proposed. It was found that
the decomposition of components method gave better results. The SSIM score here resulted in an average
improvement from 0.18 to 0.65 for the RGB color channels. The CNN based method only gave a very
small improvement, from 0.18 to 0.21.

5.1 Performance difference Cloud-Net and SEN2COR

One of the most fundamental differences between the Cloud-Net model and the SEN2COR algorithm is
that Cloud-Net takes the spatial context into account, for the classification of clouds and cloud shadows.
It was demonstrated that without using the information of adjacent pixels, the overall accuracy for cloud
shadow detection, dropped from 90.4% to 81.9%, a significant difference. This finding agrees with the
original motivation behind the construction of CNN’s, that was proposed by |LeCun et al.| (1999), one of
the first authors on neural networks: "Images have a strong 2D local structure: variables (pixels) that are
spatially nearby are highly correlated. Local correlations are the reasons for the well known advantages
of extracting and combining local features before recognizing spatial or temporal objects, because con-
figurations of neighboring variables can be classified into a small number of relevant categories (e.g.
edges, corners...).

Another important difference is that a CNN learns to distinguish features directly from the data, while with
rule-based algorithms we need to define ourselves what information is important and what not. With a lot
of trial and error we are usually able to construct a model that is a reasonable approximation of the truth,
but there is still a lot of information that we miss. A good example of this is demonstrated by [Tshitoyan
et al.[(2019). The authors developed a deep learning algorithm that analyzed text from old material
science papers. Without any explicit insertion of chemical knowledge, the algorithm captured complex
materials science concepts such as the underlying structure of the periodic table and structure—property
relationships in materials. Furthermore it was demonstrated that the model can recommend materials
for functional applications several years before their discovery. This suggests that latent knowledge
regarding future discoveries is to a large extent embedded in past publications. From this it can also be con-
cluded that deep learning algorithms are very good in filtering relevant information, and how to interpret it.
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5.2 Cloud and cloud shadow detection in other areas

This study focused on local performance of the Cloud-Net and SEN2COR algorithm, but what are the
limitations if we consider other scenes?

The SEN2COR algorithm is already calibrated to perform cloud and cloud shadow detection on a wide
variety of scenes on a global level. This makes it very easy to use from a practical point of view. As it
was demonstrated in the results however, the SEN2COR algorithm sometimes completely misses the
complete presence of certain features. Compared to other rule-based methods like FMASK and MAJA,
SEN2COR is the most consistent one, as was demonstrated in table[I.T] Still this study showed that the
performance can vary a lot. When you encounter such an issue for a particular scene, there is nothing
to do about it. The parameters of the SEN2COR algorithm are fixed. In other words: The SEN2COR
algorithm is easy to use and widely applicable, but when any issues are encountered for a particular
scene, there is no flexibility to adapt the model.

In order to use the Cloud-Net model for a particular scene, the CNN needs to be trained first with the
proper training data. The final model in this study is adapted to a variety of scenes, summarised in table
This model can be used but chances are that the result is not very good. If one wants to take maximal
advantage of the CNN, the model must be trained first with the right data. This procedure of course
also includes the manual labelling, preprocessing etc. This can be time consuming but will result in a
model that is highly likely to outperform the SEN2COR algorithm on the scenes of interest. The pro’s
and con’s of the CNN are opposite to that of the SEN2COR algorithm: Cloud-Net is not easy to use and
the process is time consuming, but there is high flexibility on the setup and the results are much likely to
outperform the SEN2COR algorithm.

5.3 Evaluation of cloud shadow mitigation quality indicator

One of the issues that was encountered in this study, was how to evaluate the performance of a cloud
shadow mitigation model. One can always use visual inspection, but a more quantitative analysis is
preferred. In Nagare et al.| (2018)) one of the quality indicators was a correlation coefficient with a
reference image. There was no elaboration on the exact formula however. In Richter and Muller| (2005)),
a shadow correction method was proposed, but the quality was only examined from visual inspection.
There is also not a lot of literature available in general on this topic. Another important point is that there
are two possible options for the desired output: Only correct for the effect of shadows and make it match
the rest or the image, or correct for the effect of shadows and illumination effects and make it match a
reference image. The second option was chosen in this study.

The most important quality indicator in this study is the SSIM method. As far as we know this method
has not been used before for the evaluation of cloud shadow correction models. This model for image
comparison was originally proposed by [Wang et al.|(2004), to make an quantitative analysis on digital
image distortion. Here it was argued that there are already some convenient and easy to use quality
metrics like mean squared error (MSE) or peak signal-to-noise ratio (PSNR), but that they are not very
well matched to perceived visual quality. The SSIM method overcomes that issue, and that is why we
believe that this method has strong potential for the evaluation of cloud shadow corrections. Most papers
on this subject still rely heavily on visual inspection, and the SSIM method can be very good in capturing
the perceived quality of a correction. This is also in line with the results presented in this study, where
a properly corrected cloud shadow area gave higher SSIM values and also looked better from visual
inspection. In the work of Wang and Li|(2010) , a distortion of an image was evaluated with both the
absolute error and the SSIM output. It was concluded that the SSIM output better reflects the spatial
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variations of perceived image quality.

To evaluate cloud shadow corrections based on the histogram overlap is to our knowledge something
completely new. It also turned out not to be the most convenient metric. As it was demonstrated, only
a very high histogram overlap indicates a good correction. However, the amount of overlap needed to
consider a correction good, has not been quantified. From visual inspection it is interesting to see how
the color intensities have shifted, but it is hard to define a good quality metric from the resulting overlap.

5.4 Possible improvements on CNN based method for cloud shadow cor-
rection

It was demonstrated that the CNN based method gave little improvement on the correction of cloud
shadows. The SSIM values increased on average only from 0.18 to 0.21. There are multiple possibilities
why this corrections were so poorly. A few options will be discussed.

The first reason is that machine learning was never a good idea to tackle the problem. Nowadays there is
a lot of data available and different machine learning techniques can be used to make sense of this data.
That doesn’t mean however that these models are always working. When there is simply no correlation
between the input data and the labels or the correlation is too small there is nothing that a CNN or other
deep learning model can do. In the case of this project the CNN should learn how to correct cloud
shadow affected pixels, based on the reflectance value. It is not unlikely that this is something the CNN
can simply not learn. From an intuitive point of view it makes sense that it is quite advanced not only to
identify a cloud shadow affected pixel, but also to learn how much to alter the RGB reflectance value in
order to remove this shadow effect.

A second option is that the architecture of the CNN is not fitting the problem. The model was originally
designed to perform well on classification problems and it has now been changed to a regression model.
Perhaps the results would be better if the number of layers is changed, other activation functions are
used, different filter sizes are tried etc. This is something one can spend a lot of time on to find out the
best set-up of a particular model and there was not enough time in this project to do that. It would be
interesting to investigate different CNN architectures to find out if there are better options.

A third and final option is the amount of training data that was used. More data to train the model will
usually give you better results on the testing data. The amount of data needed in order to get a well
performing model is highly varying from one project to another. As was already discussed before, the
correction of cloud shadows is a more complicated task than just the detection. Therefore, it is a plausible
theory that a larger dataset is needed in order to get the model working well.
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6 Conclusions and recommendations

This study can be divided into two major parts. The first part aims to use a modified CNN in order to
improve on the classification of clouds and cloud shadows. The second part explores the mitigation of
the effect of cloud shadows, where two methods have been proposed. The outcome of each research
question will be summarised.

1) Is it possible for a Convolutional Neural Network, to locally outperform the SEN2COR algorithm
on the classification of clouds?

For the training of the CNN on the classification of clouds, 85 images (each image 256x256 pixels)
have been used, with a B02-B03-B04-B08 band combination. 20 images were selected for testing and
the results were compared to that of the SEN2COR algorithm. It was found that the Cloud-Net model
outperforms the SEN2COR algorithm. The overall accuracy was higher (95.6% vs. 92.0%), surpassing
the goal of outperforming the SEN2COR algorithm by 1%. The precision was also higher (89.1% vs.
67.3%) and also the F1 score was better (89.5% vs. 78.1%). Only the recall score of the SEN2COR
algorithm outperformed the Cloud-Net model (93.1% vs. 90.0%).

2) Is it possible for a Convolutional Neural Network, to locally outperform the SEN2COR algorithm
on the classification of cloud shadows?

91 images were used for the training of cloud shadows, with a B02-B03-B04-B08-B11-B12 band combi-
nation. 22 images were selected for testing. It was again found that the Cloud-Net model outperformed
the SEN2COR algorithm. This time the differences were even bigger. The overall accuracy of the CNN
was much higher (90.4% vs. 84.4%). This means that also in this case the goal of outperforming the
SEN2COR algorithm by at least 1%, is achieved. Better results were also found in the precision score
(76.2% vs. 28.2%) and F1 score (76.0% vs. 41.9%). Again, only the recall score of the SEN2COR
algorithm was higher than Cloud-Net (81.6% vs. 75.7%). An investigation was also done on why the
CNN performs better. It was shown that when the kernel size was reduced to 1, the results significantly
became worse. The overall accuracy dropped to 81.9%.

3) To what degree is it possible to correct for the effect of cloud shadows, and which method has the
most potential?

Two proposed cloud shadow mitigation methods have been tested on 13 different images of 512 by 512
pixels. The names given to the correction models were *’decomposition of components’ and ’CNN based
method’. The structural similarity index measure (SSIM) was used as the main quality indicator. It was
demonstrated that with the decomposition of components method the blue SSIM values increase from
0.17 to 0.59. The green and red SSIM values both increase from 0.18 to 0.68. From visual inspection
this significant improvement was also visible, with colors more aligned with the reference image.

The CNN based method significantly performed worse. The blue and green reflectances only increased
from 0.18 to 0.20, and the red reflectances from 0.18 to 0.24. From visual inspection it also became
clear that the colors did not match the ground truth image. Therefore, it can be concluded that the
decomposition of components method has the most potential for the mitigation of cloud shadows.
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4) Recommendations for future work

* Investigate if it is possible for a CNN to outperform the rule-based algorithms on a global scale.
This means that a very large amount of images need to be labelled in order to represent as many
different scenes as possible. If proven successful, one can skip the training phase and perform a
direct classification on the scene of interest.

* Elaborate on the architecture of Cloud-Net. In this study some hyperparameters have been tweaked,
but there are still many options in the setup that can be changed. For example, the number of
hidden layers can be altered, the dropout value can be changed, kernel size etc. This is a very
computationally expensive process, but can result in better performances.

* Continue on the exploration of different performance metrics to evaluate the effect of a cloud
shadow mitigation method. In this study the SSIM method was introduced, but it is interesting to
see if there are other metrics that are also able to accurately capture the quality of a correction.

* Apply the decomposition of components method on a non-stable target. For most applications the
target is not stable and will change over time. A logical step in future work would therefore be to
also investigate this shadow mitigation method on non static scenes.

* Investigate if it is possible to improve on the CNN based method for the correction of cloud
shadows. As a first step we would recommend to add more training data and see if this gives
better results. A second step would be to change the setup of the model. We would recommend to
look into the main architecture of the the CNN and make some major changes, like the number of
hidden layers and the kernel size.
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Table Al: Cloud classification results presented for each individual test image.

Index || CNN acc | ESA acc ||| CNN prec | ESA prec ||| CNNrec | ESArec ||| CNNF1 | ESAF1
1 98.2 97.6 93.5 91.0 98.7 98.6 96.0 94.6
2 99.0 98.8 89.0 85.8 95.8 96.8 92.2 91.0
3 92.6 91.3 89.1 87.2 94.6 93.6 91.8 90.3
4 92.1 89.5 78.3 71.4 93.0 90.0 85.0 79.7
5 97.3 97.1 78.1 66.4 78.3 84.6 78.2 74.4
6 96.6 90.7 91.1 65.0 93.0 88.3 92.0 74.9
7 97.5 96.9 63.9 443 84.9 95.8 72.9 60.5
8 98.7 98.4 34.0 20.7 80.7 64.6 47.8 31.3
9 91.2 78.8 72.1 244 95.4 99.6 82.1 39.2
10 94.2 90.2 90.9 67.8 89.1 97.0 90.0 79.8
11 97.2 96.7 97.7 51.0 70.3 94.8 81.8 66.3
12 100 100 100 100 100 100 100 100
13 93.9 83.1 70.3 5.9 92.3 94.3 79.8 11.8
14 96.9 96.9 95.9 83.4 85.2 95.2 90.3 88.9
15 93.9 92.2 94.3 63.0 79.7 98.2 86.4 76.8
16 93.9 75.1 94.7 274 88.2 99.9 914 43.0
17 89.5 80.3 86.6 45.8 83.2 92.8 84.9 61.3
18 954 95.4 99.4 99.0 95.2 95.5 97.3 97.2
19 98.0 97.8 90.4 89.2 80.2 78.8 85.0 83.7
20 96.0 93.8 88.1 81.5 76.3 65.6 81.8 72.7
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Table B1: Cloud shadow classification results presented for each individual test image.

Index || CNN acc | ESA acc ||| CNN prec | ESA prec ||| CNNrec | ESArec ||| CNNF1 | ESAF1
1 89.9 90.2 42.5 18.2 57.8 834 48.3 29.9
2 76.0 86.7 91.0 52 36.2 68.9 52.0 9.6
3 93.6 91.5 83.6 71.6 88.1 88.7 85.4 79.3
4 92.5 94.2 82.2 38.4 57.3 99.5 67.8 554
5 86.5 89.6 89.1 0.7 42.8 71.8 57.9 14.7
6 93.2 96.7 79.9 86.9 60.2 80.6 68.8 83.7
7 96.9 98.6 80.7 84.1 57.2 81.1 66.6 82.6
8 95.7 96.9 63.8 84.5 66.6 72.2 65.4 77.0
9 93.3 90.9 854 86.4 83.5 75.0 84.1 80.3
10 96.5 96.2 96.2 93.7 87.6 87.8 91.7 90.7
11 95.8 89.5 914 63.4 92.1 94.2 92.0 75.8
12 81.8 90.2 73.7 94.3 57.2 71.5 63.7 81.4
13 90.2 68.4 78.7 0 88.9 - 83.0 -

14 78.2 57.2 55.6 0 90.2 - 68.6 -

15 88.8 65.5 76.3 0 89.5 - 82.3 -

16 99.2 96.7 74.8 0 99.8 - 86.3 -

17 88.0 54.3 75.6 0 97.1 - 85.0 -

18 81.7 51.7 64.9 0 96.3 - 76.5 -

19 96.5 90.6 64.7 0 96.9 - 77.9 -

20 93.1 72.2 94.3 2.6 83.6 100 88.2 50.1
21 93.5 95.0 90.8 0 43.1 - 58.4 -

22 88.7 94.6 69.2 68.5 51.5 81.7 58.7 74.5
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Table C1: Cloud shadow classification results for Cloud-Net model with kernel size 1.

Index | Accuracy | Precision | Recall | F1 score
1 87.1 92.7 46.9 62.3
2 34.6 99.9 17.3 29.5
3 94.0 87.6 86.0 86.8
4 95.1 62.9 80.4 70.6
5 83.7 95.3 38.7 55.0
6 96.2 74.9 83.8 79.1
7 98.3 84.0 77.1 80.4
8 96.4 71.0 73.0 71.9
9 93.3 86.6 82.9 84.7
10 96.1 99.4 84.0 91.1
11 95.8 90.2 93.3 91.7
12 88.1 89.7 68.0 77.3
13 68.8 1.0 96.6 2.2
14 57.3 0.3 98.9 0.7
15 65.7 0.5 100 1.0
16 96.7 2.0 100 4.1
17 54.8 1.0 99.7 2.1
18 52.0 0.7 97.2 1.2
19 90.6 0.5 100 1.0
20 80.3 31.0 99.8 474
21 95.4 9.1 91.4 16.6
22 82.2 81.0 37.5 51.2
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Table D1: SSIM values for each individual scene before and after correction, for the decomposition of components

method.
Index || Blue before | Blue after || Green before | Green after || Red before | Red after
1 0.29 0.17 0.27 0.57 0.28 0.57
2 0.15 0.60 0.17 0.68 0.18 0.69
3 0.14 0.74 0.16 0.75 0.16 0.73
4 0.15 0.64 0.17 0.64 0.17 0.61
5 0.17 0.50 0.16 0.71 0.16 0.75
6 0.16 0.64 0.17 0.70 0.18 0.70
7 0.17 0.50 0.19 0.56 0.19 0.54
8 0.14 0.65 0.16 0.70 0.17 0.69
9 0.18 0.62 0.18 0.70 0.18 0.68
10 0.08 0.82 0.08 0.84 0.08 0.82
11 0.22 0.70 0.24 0.72 0.24 0.70
12 0.16 0.54 0.18 0.62 0.20 0.61
13 0.16 0.57 0.18 0.66 0.19 0.66
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Table E1: SSIM values for each individual scene before and after correction, for the CNN based method.

Index || Blue before | Blue after || Green before | Green after || Red before | Red after
1 0.29 0.09 0.27 0.10 0.28 0.12
2 0.15 0.21 0.17 0.22 0.18 0.28
3 0.14 0.25 0.16 0.23 0.16 0.29
4 0.15 0.24 0.17 0.23 0.17 0.28
5 0.17 0.19 0.16 0.22 0.16 0.23
6 0.16 0.20 0.17 0.18 0.18 0.24
7 0.17 0.23 0.19 0.20 0.19 0.27
8 0.14 0.21 0.16 0.19 0.17 0.23
9 0.18 0.16 0.18 0.15 0.18 0.19
10 0.08 0.09 0.08 0.10 0.08 0.11
11 0.22 0.26 0.24 0.26 0.24 0.30
12 0.16 0.25 0.18 0.23 0.20 0.29
13 0.16 0.25 0.18 0.26 0.19 0.32
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