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CHAPTER 1. INTRODUCTION

1 Introduction

Forests contain more than 80% of living biomass [SBP05, p. 587], allowing them to
store large amounts of emitted carbon [Pan+11]. Storage of CO2 is one element
of the roadmap towards minimizing CO2 emissions [YD20, p. 6f.]. Minimizing CO2

emissions is crucial, as a rising concentration of greenhouse gas (GHG) emissions
in the atmosphere leads to global warming and climate change [YD20, p. 4]. As a
result of climate change, global agricultural production is declining due to reduced
rainfall, seasonal variability, and rising temperatures, making many parts of the world
unsuitable for commercial agriculture due to increased drought [SY16; YD20].

Consequently, resources to monitor and manage forests as a key ecosystem to mitigate
the effects of climate change are urgently needed.

Figure 1 Forest mask on 10m resolution Sentinel-2 imagery

In the past, historical maps were the main resource for spatial information about
land cover and land use [Mun+14; BSG15]. Comparisons between these maps help
to study changes in land cover. This process, however, is very time-consuming and
not applicable at scale [SIN89; Yan+14]. With the recent availability of frequent
remote sensing (RS) data, analyzing the earth’s surface has become easier. Instead
of comparisons, time-series analysis led to scalable results of higher quality [Ban+14].

One important application of RS in forest management is the creation of forest masks.
Forest masks are forest cover segmentation maps [Van+21]. These maps are useful
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CHAPTER 1. INTRODUCTION

to monitor the ecosystem and manage it accordingly. Moreover, forest masks might
be used to filter existing maps, like canopy height maps [Pau+24], to estimate the
forest biomass [Cha+14].

One global forest mask is that of Hansen et al. [Han+13]. It shows the tree cover,
depicted as the canopy closure of all vegetation taller than 5 meters, in the year 2000
with a resolution of 30 meters. However, the improvable resolution, which results in
lower-quality results, in addition to the outdated data, creates the need for newer,
improved forest masks.

Hansen et al.’s forest mask was obtained using a time series analysis. More specifi-
cally, it has been created through the aggregation of data from different timestamps
(mulitdate composition) and the implementation of a decision tree classifier [Ban+14].
This approach is unprecedented, because machine learning (ML) techniques, which
involve training algorithms to recognize patterns and make predictions based on data,
were commonly used during the time of creation [Ma+19]. Since then, deep learn-
ing (DL), a subset of ML that utilizes neural networks with many layers to model
complex patterns in data, has been widely used within RS [Zhu+17; Li+18; Ma+19].
The efficacy of DL has been demonstrated in the domain of computer vision and,
subsequently, in RS as well [LBH15].

Other than advancements in techniques applied in RS, the data available has also
seen improvement. Hansen et al. used data provided by Landsat-1, “the first Earth-
observing satellite to be launched with the express intent to study and monitor our
planet’s landmasses”1. Today, many more space programs are dedicated to collecting
data about Earth. Namely, the Copernicus2 program of the European Union (EU).
Copernicus’ Sentinel-2 mission3 uses two orbiting satellites to produce data about
the earth’s surface with more frequency and higher resolution than Landsat-1.

Using the recent advancements within the field of RS, the research goal of this thesis
is the development of an updated forest mask for Germany of 10-meter resolution
using Sentinel-2 data with labels from Hansen et al. [Han+13] (see Figure 1).

The remaining thesis is outlined as follows: Section 2 revisits the literature for the
fields of RS (Section 2.1) and DL (Section 2.2), which are necessary as a background
for the remaining thesis. Section 3 will give insight into the data used to fulfill the
research goal. Section 4 explains the methods used to approach the goal. The pre-
sentation of results ranges from Sections 5-8. Section 5 will provide all the necessary
means to develop a base model capable of deriving the first forest mask. Section 6

1 https://landsat.gsfc.nasa.gov/satellites/landsat-1/
2 https://www.copernicus.eu/en/about-copernicus
3 https://copernicus.eu/copernicus/sentinel-2
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CHAPTER 1. INTRODUCTION

will introduce the Many-To-One U-Net, a novel modification to the U-Net, capable
of processing more spatial information. Section 7 will clarify challenges with the data
and introduce a regularization strategy applied to address these challenges. In Sec-
tion 8, a superordinate final comparison of the results from the previous experiments
is carried out. Section 9 will put the results into the research context and explain
possible drawbacks. Lastly, Section 10 will give a comprehensive overview of the
thesis.

Table 1 Notation

X, X(tr), X(val), X(te) Dataset, training set, validation set, test
set

x Sample features
y label / ground truth
ŷ label prediction (one-hot vector)
p̂ probability prediction (softmax output)
L Loss function
α Activation function
λ Hyperparameter
θ Model weights
Mθ Model

3



CHAPTER 2. RESEARCH BACKGROUND

2 Research Background

This section provides a comprehensive overview of the key concepts and advancements
in the field of remote sensing and deep learning, outlining the resources utilized for
the research goal.

2.1 Remote Sensing

RS has been defined many times. Campbell and Wynne define RS broadly as the
“gathering of information at a distance” [CW11, p. 4]. They go on to define it more
precisely as “the practice of deriving information of Earth’s land and water surfaces
using images acquired from an overhead perspective, using electromagnetic radiation
in one or more regions of the electromagnetic spectrum, reflected or emitted from the
Earth’s surface” [CW11, p. 6].

In RS, the detection and discrimination of objects or surface features involve the
process of capturing and measuring the radiant energy that is reflected or emitted by
these objects or materials. This radiant energy is part of the electromagnetic spec-
trum, which includes a range of wavelengths from visible light to infrared wavelengths
that are invisible to the human eye [AD05].

The necessary data is typically obtained using satellites, which have been used to re-
peatedly examine Earth’s whole surface since 1972 with the launch of Landsat 1
[CW11, p. 15]. Another prominent source of data are unmanned aerial vehicles
(UAV), commonly referred to as drones. Their lower cost and more flexible de-
ployment are an advantage over satellites [Osc+21].

RS provides essential means for a wide variety of applications. Examples include (i)
sustainable agriculture and (ii) disaster monitoring.

(i) The Crop Acreage and Production Estimate (CAPE) project estimates
the pre-harvest crop area on a district level and further forecasts the
harvest using remote-sensing data [Dad+02].

(ii) The Disaster Management Support Program (DMSP) combines different
remote data sources covering flood monitoring and land use to identify
endangered settlements and support measures or assess potential dam-
age [NVR07].

Advances in technology allow satellites to obtain large volumes of data, so much so
that a single satellite data center gathers several terabytes of data every day [Ma+15].

4



CHAPTER 2. RESEARCH BACKGROUND

The introduction of big data in the field of RS enables the use of DL to gain valuable
insights from the data [Zho+17].

Prior to applying DL in the field, ML techniques like support vector machines (SVM)
[CV95] and random forests (RF) [Ho95] received much attention for various tasks,
including image classification [Ma+19].

Starting in 2014, successes in recognition, object detection and semantic segmentation
on large-scale images have led the use of DL to take off within the RS community
[Zhu+17; Li+18; Ma+19].

Zhang, Zhang, and Du concluded that “DL is actually everywhere in RS data anal-
ysis: from the traditional topics of image preprocessing, pixel-based classification
and target recognition, to the recent challenging tasks of high-level semantic feature
extraction, and RS scene understanding” [ZZD16].

2.2 Deep Learning

Goodfellow, Bengio, and Courville defined DL as systems “that allow computers to
learn from experience and understand the world in terms of a hierarchy of concepts,
with each concept defined through its relation to simpler concepts” [GBC16, p. 1].
DL is part of ML, the category for techniques that improve from experience and
data. The unique aspect of DL is its assumption of a hierarchical representation of
the environment. Artificial intelligence (AI) is even broader and also includes rule-
based systems, like simple chatbots (take ELIZA [Wei66] as an example) that do not
improve with experience [Ong17]. Figure 2 provides an overview of the relationships.

Artificial Intelligence
(AI)

Machine Learning
(ML)

Deep Learning
(DL)

Figure 2 Definitions within the AI land-
scape showing DL as a subdiscipline of ML
[GBC16, p. 9]

DL uses a multilayered network to pro-
cess an input given through an input
layer in order to process a given task’s
result within the output layer. The num-
ber of processing layers between the in-
put and output layers, which are known
as hidden layers, can be quite extensive.
Hence, the name, deep learning. Each
layer in the network is composed of nodes
(neurons) connected to the neurons of
the prior and following layers by connec-
tions, to which a weight is applied.
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CHAPTER 2. RESEARCH BACKGROUND

A popular example to illustrate the hierarchical abstractions deep neural networks
(DNN) learn is handwriting recognition with the MNIST dataset [LeC+98; Den12].
A dataset containing 60 000 of handwritten images of the digits 0− 9. Deriving from
Goodfellow et al.’s definition, the DNN learns the digit representation through simpler
concepts. Meaning that a first layer might be interested in the presence or absence of
edges or curves. A second layer examines composites like crosses or circular shapes
[LBH15]. The network will adjust to the representations that help it classify the
handwritten images the best by minimizing the loss function.

Tasks performed by DNN, other than classification, include semantic segmentation.
Semantic segmentation is described as a next step from coarse to fine inference
[Gar+17]. According to Garcia-Garcia et al., its goal is to “make dense predictions
inferring labels for every pixel; this way, each pixel is labeled with the class of its
enclosing object or region” [Gar+17].

2.2.1 Supervised Learning

LeCun, Bengio, and Hinton state that “the most common form of ML, deep or not,
is supervised learning (SL)” [LBH15]. In a SL scenario, each item in the dataset is
paired with the ground truth, also referred to as the target [GBC16, p. 103]. The
training process is designed as follows:

Feed-forward

Output
Layer

Hidden
Layer

Input
Layer

Figure 3 Architecture of a feedforward Neural Network
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CHAPTER 2. RESEARCH BACKGROUND

In the training process, the input data is fed forward through the network. In the
feed-forward 1. each neuron receives the weighted signal θjkyj from the prior neurons.
j denotes the previous layer’s neurons and k the current layer’s neurons. 2. computes
their sum zk = ∑j∈H θjkyj + bk with H being the prior hidden layer, bk a bias, and 3.
determines the neuron’s activation using an activation function α by computing α(zk).
By forwarding the input through the whole DNN this way, the model’s predictions
resemble those in the output layer. Figure 3 shows an exemplary architecture of a
feedforward neural network.

Neural networks (NN) do not necessarily need to be feedforward networks; the cate-
gory of NN that implements a feedback loop within the network constitutes the field
of recurrent neural networks (RNN) [GBC16, p. 164].

Error determination

The output of the model (e.g., in a classification task, a vector with probabilities for
each class) is then compared to the ground truth using a loss function. In classifi-
cation, the cross entropy (CE) is typically used [HB21]. It is shown in Equation 2.1
[Tia+22], with y being the ground truth and p̂ the network output. As the ground
truth is a one-hot vector, meaning one dimension (the true class) is 1 with the rest
being 0, only the calculation in the positive dimension affects the result. Because
in that dimension yj = 1, the loss can be put as −log(p̂j) with regard to j as the
dimension of the target class. The logarithm exponentially increases the penalty for
predictions of the true class that are further from 1 (100%).

LCE(y, p̂) = −∑
j

yj ⋅ log p̂j (2.1)

In tasks identifying a single class (e.g., forest or no forest), the Binary Cross Entropy
(BCE) (Equation 2.2) [HW20] is applied. BCE additionally penalizes high confidence
in the wrong class [HW20].

LBCE(y, p̂) = −∑
j

yj ⋅ log p̂j + (1 − yj) ⋅ log(1 − p̂j) (2.2)

Backward Pass

The backward pass is typically done using backpropagation. Backpropagation is the
most popular learning rule for supervised learning [Hec89; Wer90; LH91; Rum+95].
With backpropagation, the effect of each weight on the loss function is recursively
propagated back through the network, starting from the output layer. Formally speak-
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ing, backpropagation computes the partial derivative δL
δθij

for each weight [Wer90].
The chain rule simplifies the differential (see Equation 2.3) [GBC16, p. 203ff.] with z

being the weighted sum of the neuron’s input as described in the forward pass.

δL

δθij

=
δL

δaj

δaj

δzj

δzj

δθij

(2.3)

Gradient Descent

Using the gradient derived from backpropagation, the gradient step performs the
update on the actual weight [Rud17]. The gradient’s property to show the steepest
slope is used to minimize the error (go in the opposite direction). The basic formula
is given in Equation 2.4 [Rud17] with η being a factor by which the old weights are
updated.

θt+1 = θt − η ⋅ ∇L(θt) (2.4)

Three different types of gradient descent are differentiated depending on the data
on which the gradient is computed. Stochastic gradient descent (SGD) works by
computing the gradient step for each training sample, as shown in Equation 2.5
[Rud17]. In contrast, regular gradient descent computes the step for the whole batch
[Rud17]. While SGD is quicker than regular gradient descent, it lacks in performance.
Mini-batch gradient descent strikes a balance between performance and speed by using
a subset of the entire training set for each iteration [Rud17].

θt+1 = θt − η ⋅ ∇L(θt; x(i); y(i)) (2.5)

The basic algorithm is no longer used in practice [Qia99]. More evolved optimizers
are introduced in the following.

RMSProp. By adapting the learning rate for each weight dimension, RMSProp
(Equation 2.6 [HT12]) can find a more efficient trajectory to local and global minima.
A moving average of the squared gradient for each weight is used for the adapted
learning rate [HT12]. The idea is that dimensions with large steps in each iteration
are adjusted proportionally to the other dimensions. s keeps the moving squared
gradient averages parameterized by β. Hinton and Tieleman recommend using β = 0.9
[HT12]. ϵ assures that the value beneath the root is non-zero and is therefore kept
at a small value, typically 10−8 [Cho+20].
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st = βst−1 + (1 − β) ⋅ ∇L(θt) ⊙∇Lθ(θt)

θt+1 = θt − η ⋅ ∇L(θt)
√

st + ϵ
(2.6)

Adam. Adam (Equation 2.7 [KB17]) has become the standard optimizer for DL
applications [Wil+18]. Similar to RMSProp, Adam uses adaptive learning rates for
the different weights. Other than keeping the moving average of squared gradients
s, it also uses the moving average of gradients m. The addition of m introduces a
component of similar to momentum [Qia99]. Due to their initialization as vectors of
zeros, the moving averages are biased toward zero at the beginning of training, so
bias-corrected estimates m̂ and ŝ are calculated [KB17].

mt = β1mt−1 + (1 − β1) ⋅ ∇L(θt)

st = β2mt−1 + (1 − β2) ⋅ ∇L(θt) ⊙∇L(θt)

m̂t =
mt

1 − βt
1

ŝt =
vt

1 − βt
2

θt+1 = θt − η ⋅ m̂t ⊘
√

ŝt + ϵ

(2.7)

Gradient descent is not limited to its application in DL; hence, the notation often
uses F instead of L as a generic objective function.

2.2.2 Convolutional Neural Networks

Other than DNN, or Artificial Neural Networks4 (ANN), Convolutional Neural Net-
works (CNN) [LeC+89] are designed to deal with grid-like input data like time series
(one-dimensional) or images (two or three-dimensional) [GBC16, p. 326]. Although
DNNs can also, in theory, process this form of data, in practice, computational com-
plexity hinders effective results [ON15]. Consider the MNIST example again: The
shape of the handwritten images in the MNIST dataset is 28 × 28 × 1, as each pixel
is presented as a neuron in the input layer; over 100 000 weights would connect it to
a first hidden layer of 128 neurons. While this seems like a lot, most datasets depict
higher resolution and colored images, reinforcing the need for a different approach.

4 Artificial Neural Network is a more general term and includes NNs that are not considered to
be deep due to the number of hidden layers.
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CHAPTER 2. RESEARCH BACKGROUND

Key to CNN is the convolution operation [GBC16, p. 326]. The operation performs an
element-wise multiplication between a pooled area of the input and a kernel before
summing up the resulting matrix. The kernel is a n × n matrix, whose values are
changed during training.

The mathematical formula for this operation is written in Equation 2.8 [GBC16,
p. 328]. Most ML libraries actually do not implement convolution but cross-correlation
(Equation 2.9 [GBC16, p. 329]). The difference is that cross-correlation has no flipped
kernel, whereas convolution only has it to keep its commutative property used in
proofs [GBC16, p. 328f.].

Input Data   

Pooled Matrix Kernel    

element-wise
multiplication

Figure 4 Convolution operation (∗) [ON15]

(K ∗ I)(i, j) = ∑
m
∑
n

I(i −m, j − n)K(m, n) (2.8)

(K ∗ I)(i, j) = ∑
m
∑
n

I(i +m, j + n)K(m, n) (2.9)

By moving the kernel across the whole input data, the activation map is generated
pixel by pixel. The step size of the kernel in each iteration is called the stride [LBH15].
Note how the activation map is smaller in size than the input data. Furthermore,
pixel values close to the edge are actually used less than those in the center of the
input data [Li+20b]. To overcome these drawbacks, CNNs use zero-padding. Es-
sentially, extending the input data with edges of value 0 [Has19]. Underlining the
necessity of zero-padding Goodfellow, Bengio, and Courville point out that “without
zero padding, we are forced to choose between shrinking the spatial extent of the
network rapidly and using small kernels–both scenarios that significantly limit the
expressive power of the network” [GBC16, p. 343].

CNNs are composed of convolutional layers. Each convolutional layer is implemented
by three stages. The first stage performs several convolutions, as just described. The
second stage, analogous to ANNs, performs a nonlinear activation. Typically, the
rectified linear unit (ReLU) function or modifications that mitigate the dying relu
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[Lu+20] problem are used, as these have provided promising results [Aga19]. The
third stage implements pooling [ON15].

Pooling. Pooling applies a summary statistic to a specific point of the output and its
adjacent values [GBC16, p. 335]. Similar to the kernel in the convolution, the pooling
layer will hover over the corresponding activation map. Take max-pooling as an exam-
ple, as this is typically used within the pooling layer of the CNN [Chr+19]. Like the
name suggests, the max-pooling layer will apply the MAX function [ON15]. Average-
pooling likewise determines the average value across the pooling layer. Pooling’s
ability to reduce the spatial dimension is why it is also referred to as downsampling.
This reduction is the main purpose of pooling, as it leads to less computational over-
head [GK20; Zaf+22]. Additionally, pooling’s ability to primarily maintain the most
important features makes it less vulnerable to overfitting the training data [WG15].

The convolutional layers in a CNN are followed by fully connected layers, similar
to those in an ANN. These layers are used to perform tasks such as calculating
classification probabilities [ON15]. To make the input data processable for the fully
connected layer, it is transformed into a one-dimensional vector in a flatten layer.

2.2.3 Neural Network Architectures

Most practical applications in the field of DL use existing NN architectures [Liu+19;
LLZ19] rather than creating new ones from scratch, as these established architectures
have shown state-of-the-art performances [RFB15; KSH12]. Other work may modify
these familiar architectures to suit their use-cases better [Seo+20; SS19].

These widespread architectures were categorized by Minaee et al. for the domain of
semantic segmentation [Min+20]. Encoder-decoder-based architectures are particu-
larly popular for semantic segmentation [Min+20] and are also used in RNNs and
Generative Adversarial Networks (GAN) [Goo+14].

Encoder-decoder networks are composed of two parts, namely the encoder and the
decoder. The encoder’s purpose is to produce a low resolution representation of the
image fed to the net. “The problem lies on learning to decode or map those low-
resolution images to pixel-wise predictions for segmentation. This part is named
decoder and it is usually the divergence point in this kind of architectures” according
to Garcia-Garcia et al. [Gar+17].

U-Net

The U-Net is such an encoder-decoder-based model. The U-Net architecture (see
Figure 5) developed by Ronneberger, Fischer, and Brox is the most popular for
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image segmentation and was originally designed for medical purposes. Its design
allows for less computational power needed and the creation of many patches from
a single data sample using data augmentation, resulting in less data needed to train
the model [RFB15].

Since being introduced, U-Net has been used in many different domains beyond
medical imaging. RS applications include the segmentation of buildings [ZLW18],
sea-land [Sha+19], or roads [WM22].

Conv 3x3, ReLU

Conv 1x1

Copy and Crop

2x2 Max-Pooling

2x2 Upsampling

Figure 5 U-Net architecture with the encoder on the left, passing the bottleneck at
the bottom, and decoding on the right [RFB15]

Both the encoder and decoder consist of four blocks, with each block having two
convolution layers. The difference is that the encoder uses 2×2 max-pooling to down-
sample the image size while keeping the important features. The decoder upsamples
the image in each block with a 2x2 convolution [RFB15]. Skip-connections between
the encoder and decoder encourage keeping important features in the upsampling
process [HT21].

Further architectural contributions are of such significance that they are used as build-
ing blocks in various models [Gar+17]. With encoder-decoder architecture, a general
practice is to substitute the encoder with such building blocks; these substitutions
are called the backbone [Du+20].

Residual Deep Neural Networks

Residual deep neural networks, or ResNets [He+15a], are often employed as a back-
bone. For this reason, a U-Net with a ResNet backbone has also been labeled ResUNet
[Qi+20].

ResNets solve the problem of optimizing very deep NN. Optimizing deep NNs has
been proven to be challenging, so in practice, they perform worse than shallow NNs
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[He+15a]. The authors argued that deep NNs could perform at least as well as a
corresponding shallow NN if the layers were copied and the remaining layers propagate
the input to remain the same, essentially mapping the identity.

Figure 6 illustrates the basic building block, which forms the basis of ResNets, and
shows how ResNets mitigate challenges regarding very deep networks. Given the
identity x per skip-connection, only the residual F(x) is actually trained. Due to the
initialization of weights, this part tends to be rather small, so only adjustments to x

are learned in ResNets.

weight
layer

weight
layer

Figure 6 Architecture of ResNet Basic Building
Block [He+15a]

In contrast to ResNet archi-
tectures with a depth of 18
or 34 layers, deeper architec-
tures (more than 50 layers)
use bottleneck building blocks
with a slightly different design
[He+15a]. These target con-
cerns pertain to computation-
ally heavy training times with
regard to the depth of the model.

2.2.4 Pre-Training or Random Initialization

The incorporation of existing architectures also allows for the adoption of weights pre-
trained from models that have been previously trained on different datasets. This
raises an important question: Pre-training5 or random initialization?

Recent years have shown a trend towards the pre-training and fine-tuning paradigm
[HGD18]. Instead of training a model from scratch, the model uses pretrained weights
of large datasets. The intuition being that the model benefits from a jump start.
Low-level features like edges are already “understood” by the model from the start.
Converging to the higher-level task therefore becomes faster. Additionally, a lack
of training data is compensated by the large amount of data that can be used for
pre-training [HGD18].

Pre-training and fine-tuning with model weights achieved on the ImageNet [Den+09]
dataset has become the standard for computer vision problems [Li+20a] due to state-
of-the-art performance on object detection [Ren+16] or segmentation tasks [He+18;
Che+17].

5 Since the pre-trained weights were learned on a different dataset, literature also uses the term
transfer learning [Ben12; WKW16].
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Prior to the rise of pre-training and fine-tuning, models were trained from scratch.
He, Girshick, and Dollár questioned the validity of the original approach given the
new standard [HGD18].

Experiments show that random initialization is no worse than pre-training when
training for long enough and utilizing normalization strategies [HGD18]. He, Gir-
shick, and Dollár show that if the classification task is distinct from the pre-trained
one, performance might even be inferior to training from scratch [HGD18; Ngi+18].
Contrary to this, Yosinski et al. show that transferring weights from distant tasks
does lead to better results [Yos+14].

2.2.5 Hyperparameter Tuning

Hyperparameter tuning or search (more on that later) is about finding the appropriate
set of hyperparameters λ in order to achieve the best training results.

More formal, given the learning algorithm A of the model M, which takes in the
training data X(tr) and a set of hyperparameters λ. The optimal hyperparameters
λ∗ (Equation 2.10 [CD15]) are set so that the objective function F performs best on
the test data X(te) [CD15].

λ∗ = arg min
λ
F(λ;A, X(tr), X(te),L) (2.10)

Typically, the test data is reserved for final evaluation, while an additional dataset,
the validation set, is used during the tuning process. The idea is to assess differ-
ent hyperparameter configurations on the validation set. After identifying the best-
performing configuration, its generalizability is confirmed using the test set [BB12].

While literature regarding pre-trained models describes the task as hyperparame-
ter tuning [HGD18; Li+20a; Zop+20], literature outside the context of pre-training
describes it as hyperparameter search [CD15]. Both refer to the same task. “The
fine-tuning process is not different from learning from scratch, except for the weights’
initialization” [Li+20a].

Popular options for hyperparameter tuning include grid search, bayesian algorithm,
and genetic algorithm [AL21].

Grid Search. Grid search generates every possible combination across a prede-
fined parameter space, thus creating a comparison between the cartesian product
of hyperparameter settings. A drawback of grid search can be seen in the expo-
nentially increasing possibilities when adding points within the parameter space. An
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overly comprehensive grid search quickly leads to computationally infeasible runtimes
[YS20].

Bayesian Algorithm. The bayesian algorithm is defined by an iterative process
using two components: a surrogate model and an acquisition function. The surrogate
model builds the distribution model of obtained results; the acquisition function uses
this representation and decides for the next points to test in the parameter space to
update the model again [YS20].

Genetic Algorithm. Genetic algorithm (GA) resembles the idea that fitter indi-
viduals are more likely to survive and pass on their genes to following generations. In
hyperparameter optimization, each chromosome is represented by a hyperparameter.
The algorithm initializes the first generation in which each individual is evaluated;
better-performing individuals will then pass their genes to the following generation
using mutation operations [YS20].

2.2.6 Regularization

Kukačka, Golkov, and Cremers define regularization as “any supplementary technique
that aims at making the model generalize better, i.e. produce better results on the
test set” [KGC17]. As NNs are trained using the training set, a general difficulty in
ML is that the model does not only demonstrate good performance on the training
set; it must especially demonstrate good performance on data it has not previously
seen, which is resembled by the test set. The phenomenon of only performing well
on the training data, but poorly on new data, is known as overfitting [Die95].

Early definitions for regularization were limited to regularization terms [Bis95]. These
terms were added as a sort of penalization to the existing loss function [KGC17].

Take weight decay [KH91] as an example. Weight decay is the most popular regular-
ization term [KGC17]. Equation 2.11 [KH91] shows the addition of weight decay to
an error function E. As the model tries to minimize the loss function, the addition of
∑i θ2

i suppresses weights from growing too large, unless really necessary. Thus finding
a small weight vector as a solution [KH91]. λ is a parameter determining the strength
of the penalty.

LX(θ) = E(Mθ(xi), yi) +
1
2λ∑

i

θ2
i

´¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¶
Weight Decay

(2.11)
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With newer definitions, regularization is not limited to regularization terms but vari-
ous aspects of DL. Equation 2.12, provided by Kukačka, Golkov, and Cremers, formal-
izes the loss function further to illustrate all the different categories for regularization
[KGC17].

arg min
θ

1
∣X(tr)∣

∑
(xi,yi)∈X(tr)

E(Mθ(xi), yi) +R(. . . ) (2.12)

R(. . . ) A classical regularization term independent of the target (see Equation 2.12)

X(tr) A modification of the training data itself (e.g., dropout [Sri+14] or batch
normalization [IS15])

E(. . . ) An error function with regularizing effect (e.g., dice loss [Fid+18])

Mθ The chosen model’s network architecture (e.g., through pooling)

arg min Optimizing procedures that are more likely to find flatter local minima (e.g.,
weight decay [KH91])

Note that regularizations are not mapped 1-1 to the different categories but can serve
in multiple categories.

The Problem of Label Noise

The effect of overfitting is significantly more obstructive in the case of noisy data.
Which leads to regularization playing a central role in the research of label noise
[Liu+20; Son+22]. Label noise is one of the main challenges when working with
real datasets [FV14; Son+22]. Label noise refers to any disturbance between the
relationship of features and the corresponding class [Hic96].

Because of costly labeling [Han+21], real datasets show noise rates ranging from
8% to 35% [Son+22]. In addition, labeling can also be complex to the point where
even domain experts are unable to label the data correctly [FV14]. Label noise can be
further differentiated in feature noise and class noise. Feature noise, namely, describes
a corruption in the features of a sample. Class noise is concerned with wrong labels
[ZW04; FV14].

Memorization

In the case of noisy datasets, a phenomenon widely discovered is memorization. State-
of-the-art models tend to be able to recall each training sample by memory. Exper-
iments even proved this phenomenon on completely random data with no relation
between features and target [Zha+17].
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Figure 7 Memorization causing the
model to overfit unseen data in later
epochs as seen by the accuracy.

Memorization occurs only later in the
training of a NN (see Figure 7). In earlier
training, the model “focuses” on learn-
ing the easier patterns found in the data
[Arp+17].

Early Learning Regularization

Early Learning Regularization (ELR) is
a framework designed to address the
challenges of learning with noisy labels,
particularly to prevent memorization.
ELR leverages the “early learning” phase, during which memorization has not yet
taken place [Liu+20]. The underlying hypothesis is that during this “early learning”
phase of training, the model is better able to discern the true label of noisy data.

In practice, ELR utilizes the model’s early notion of correct labels using the target
estimation ti (Equation 2.13 [Liu+20]), a practice common in unsupervised learning
[MCJ06], when no label is available. This approach is also used in semi-supervised
learning [LA17], where only some labels are available.

The target vector keeps a moving average of the model’s predicted probabilities for
each sample i. These probabilities are outputs of the softmax ( exp(θi)

∑j exp(θj) [GBC16,
p. 181]) or sigmoid6 ( 1

1+exp(x) [LeC+12, p. 17]) for binary classification. The influence
of more recent predictions of the model on the target vector is factorized by β ∈ [0, 1].
k resembles the kth training iteration.

ti(k) = βti(k − 1) + (1 − β)p̂i(k) (2.13)

LELR(θ) = LCE(θ) +
λ

n

N

∑
i=1

log(1 − ⟨p̂i, ti⟩) (2.14)

Equation 2.14 [Liu+20] shows the regularization term applied to the cross-entropy
loss (Equation 2.1) in ELR. ⟨p̂i, ti⟩ denotes the dot-product between the predicted
probabilities p̂i and the moving target vector ti. λ is a factor that determines the
weight of the regularization term. The logarithm is used to counter the exponentiality
of the softmax function [Liu+20].

6 In the field of AI, sigmoid serves as an alias for the logistic function (see https://pytorch.
org/docs/stable/generated/torch.nn.Sigmoid.html). This notation is also preserved in
this thesis.

17

https://pytorch.org/docs/stable/generated/torch.nn.Sigmoid.html
https://pytorch.org/docs/stable/generated/torch.nn.Sigmoid.html


CHAPTER 2. RESEARCH BACKGROUND

The effect of the regularization becomes notable when looking at which circumstances
trigger a high penalty. Consider a classification task with a target distribution for
sample i [0.2, 0.7, 0.1] in an early training iteration. This means early iterations
generally had high confidence for class two. In the scenario, noise caused wrong
annotations for the sample of class one, the real ground truth is indeed class two.
Now let’s consider a (i) first scenario in which the model’s predictions tend towards
the noisy label of class one and (ii) a scenario in which the model’s predictions are
mostly aligned with the target distribution of earlier iterations.

(i) The model predicts [0.55, 0.35, 0.1] for the falsely labeled sample. ELR’s
term within the sum (log(1 − ⟨p̂i, ti⟩)) will subtract ∼ 0.45 as the regu-
larization term.

(ii) The model predictions are more aligned with the moving target, as it
estimates [0.3, 0.65, 0.05]. The same term considered in (i) now results
in ∼ −0.73.

The second scenario (ii) shows how the “early learning” phase assumptions correct
the model’s loss for noisy labels when aligned with the target distribution, actively
preventing memorization. Note that a negative loss is not a problem in model train-
ing. While typical regularization terms [KH91; Tib96] add a penalty to the existing
loss, ELR compensates the loss by subtraction.

Early-Stopping

An implicit regularization strategy is early stopping. Early stopping is a technique
used to automatically determine the optimal training time for DL models, with the
goal of preventing overfitting by stopping training when the validation error no longer
improves [GBC16, p. 243f.]. A more detailed description of the algorithm is described
in Appendix A.1.

2.2.7 Evaluation Metrics

“Evaluation metrics play an important role in assessing the outcomes of segmentation
models” [Jad20]. To overcome biases and misleadings of individual metrics, different
metrics provide a more extensive view of the results. Typical evaluation metrics for
binary segmentation are seen in Table 2, with TP referring to pixel correctly classifies
as true and TN accordingly to correctly as false classified pixels. FP to pixel falsely
classified as true or false in case of FN .

While accuracy (Equation 2.1) has a broad focus on positive and negative labels, IoU
(equivalent to the Jaccard Index (JI)) (Equation 2.2) focuses on correctly predicting

18



CHAPTER 2. RESEARCH BACKGROUND

Accuracy [CJ22] T P+T N
T P+T N+F P+F N (2.1)

Intersection over Union (IoU) [Cho24] T P
T P+F P+F N (2.2)

F1 [Sch+21] 2⋅T P
2⋅T P+F P+F N (2.3)

Table 2 Evaluation Metrics

positive class predictions. The F1 score (Equation 2.3) looks similar to the IoU, but
its purpose is to show the harmonic mean of precision ( T P

T P+F P ) and recall ( T P
T P+T N ).

Precision shows the ratio of true positive items to all positively predicted items.
Recall, on the other hand, shows the relationship between true positives and all
positives within the ground truth [Fer+18].

Figure 8 Exemplary ROC curve illustrat-
ing how AUC is calculated based on differ-
ent decision thresholds

The area under curve (AUC) for the re-
ceiver operating characteristics (ROC)
graph, short AUC-ROC, is one of the
most popular evaluation metrics within
the ML community [HKN19]. Instead of
comparing the model’s final prediction ŷ

it looks at how well p̂ fits the labels on
different decision boundaries. Measuring
the true positive rate ( T P

T P+F P ) and false
positive rate ( F N

T N+F N ) for different deci-
sion thresholds, the ROC curve is con-
stituted, and the AUC for this curve de-
picts the model’s performance as seen in
Figure 8 [Faw04].

19



CHAPTER 3. DATA

3 Data

The development of an updated forest mask is based on two main datasets. The
first is satellite data obtained from the Sentinel-2 satellite, while the second is the
forestcover2000 dataset provided by Hansen et al. [Han+13].

(a) Sentinel-2 (b) Hansen et al. forest mask

Figure 9 The feature dataset (a) with multiple timestamps for the same ground
truth (b)

Sentinel-2 Data

The Sentinel-2 mission, part of the Copernicus program, has two satellites orbiting
the earth. Each point on the equator is visited with a frequency of 5 days, which
enables to monitor changes in the Earth’s surface. The data is organized in tiles, with
each tile covering a surface area. Due to the frequency of data collection, each tile
holds multiple timestamps (see Figure 9a). The data used in the thesis is from 2020
and has 12 bands ranging from colors (red, green, blue) with 10-meter resolution to
near- and short-wave infrared of 20-meter resolution and 60-meter resolution coastal
aerosol [GIS19]. Resulting in its input shape RR×C×H×W with C equal to 12 and R
(revisits) ranging from 22 to 47. Since satellites are prone to errors, some of the
data is faulty. Furthermore, in some cases, clouds hinder clear vision of the surface
area and complicate the use of data analysis. The utilized dataset contains 104 832
samples with height and width of 128 pixels. The samples mostly covered Western
Germany and parts of the Netherlands, Belgium and Luxembourg.

Hansen forest mask (forestcover2000)

The Hansen et al. forest mask depicts the relative canopy tree cover of each pixel,
ranging from 0 to 100 (see Figure 9b). The forest mask has a resolution of 30 meters.
The forest cover is from the year 2000, so any deviations from the satellite imagery
will result in noisy data labels. It is available as input space RH×W .
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4 Methodology

This section introduces the approach followed to achieve the research goal. An illus-
tration of the methodology is resembled in Figure 10.

Figure 10 Illustration of the approach consisting of (1) data collection and prepro-
cessing to build database objects; (2) training and tuning of two U-Net models, of
which one has to be modified in order to use sequence input; and (3) introducing
regularization to mitigate the effects of the noise within the data used.

4.1 Data Collection and Preprocessing

First, the necessary data has to be stored in a way that it is available to preprocess
the data further. To ensure computational efficiency, the features as well as the
ground truth are cropped. Two dataset objects will be implemented, the difference
being their feature set. The Mean Dataset will take in the average values over every
timestamp to create a single feature map. The Sequence Dataset will maintain the
feature shape of different timestamps. The Hansen et al. label will be converted to
consist of only binary values using a given threshold. This is necessary to classify the
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images correctly in the semantic segmentation task. Lastly, both dataset objects will
be divided into a training set, a validation set and a test set.

4.2 Model Development and Training

Using the Mean Database, a basic U-Net [RFB15] is first trained using the train
set. Different hyperparameter settings are evaluated on the validation set using grid
search. The best-performing model is trained with early stopping in place and used
for the final results.

The Sequence Database is used to train a U-Net model modified to take in sequences
as input. Therefore, a novel variant of the U-Net architecture will be introduced.
Following the same procedure as the first model, after utilizing a grid search to find
the best performing hyperparameters, early-stopping provides the model used for
final results. Due to the similarities between the two models, a comparison will assist
to evaluate the added value the sequential representation of the data will provide.
The intuition being that the different timestamps will give the model a broader image
of the “reality”, which leads to more accurate segmentation.

4.3 Preventing Memorization

The time difference between the creation date of the Hansen et al. forest mask (2000),
and the data observed by Sentinel-2 (2020) causes noise within the data. The result-
ing effect of memorization will be addressed using explicit regularization, preventing
this effect. ELR will be implemented and tested to validate the regularization’s ef-
fectiveness. As ELR has been developed for the classification task, modifying the
approach is necessary to make it viable for semantic segmentation.

A final comparison can evaluate both the added value of the sequential satellite
imagery and the added value of the regularization. As a result, the experiments
will lead to a more optimal forest mask trained using more recent data with higher
resolution than currently available forest masks.
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5 Base Model

In this section, a simple model based on the U-Net architecture capable of masking
forests is developed. The data is preprocessed, and experiments are conducted.

5.1 Data Preprocessing

The base model acts on aggregated data, which allows for easier use later in the
training process. This aggregation is part of the preprocessing.

Famili et al. clearly divide the preprocessing into two subprocesses: solving problems
with the data and preparing the data for data analysis [Fam+97].

Step 1: Solving problems with the data

Figure 11 Mean over multiple times-
tamps ignoring values of zero within the
features

The inaccuracy of satellite data must be
addressed. An average over the times-
tamps of a single sample without ad-
dressing pixel values of zero overcomes
errors in the data, as well as mitigat-
ing the noise caused by clouds. This ag-
gregation is shown in Figure 11. Note
how the clouds of the original images are
slightly visible in the top left.

Another option is to take the median
without zeros and thus mitigate more of
the outliers. Intuitively, this would be
more sensitive to the high values created
by clouds; however, experiments showed
comparable results as to the mean. Fur-
thermore, the median calculation was computationally more intensive.

In a next step, the values are normalized to the ranges 0-1 for computationally efficient
processing with CUDA. Min-max normalization is a popular method that preserves
the relationship between the original data [HKP11].

T̂c =
Tc −min(Tc)

max(Tc) −min(Tc)
(5.1)
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Equation 5.1 [PS15] shows the min-max normalization over a channel c, with T being
a sample’s tensor and T̂ the normalized tensor.

For the forest mask, a threshold is needed to provide binary targets for the segmen-
tation task. After manually looking up different thresholds, a value of 20% tree cover
was chosen.

Step 2: Preparing for Data analysis

The average of the satellite data samples were stored offline, resulting in an 8x increase
in training speed in comparison to aggregating the images on loading. Moreover, both
features and labels were cropped to H = 128 and W = 128, to allow for feasible batch
sizes.

5.2 Experiments

A U-Net implementation was imported from the pytorch segmentation models7 pack-
age as the base model. This implementation allows for ResNets as encoders of the
U-Net. In addition, the model can be initialized using pre-trained weights established
on the ImageNet dataset [Den+09].

5.2.1 Model Comparison

Prior to the search or tuning of a set of hyperparameters, it is first necessary to
determine which model architecture to utilize and whether pre-trained weights should
be used. To evaluate this decision, each of the most prominent ResNet encoders
[WTJ21] was trained using the preprocessed dataset (see Section 3).

ResNet34 ResNet50 ResNet101

pre-trained 87.24 86.74 87.20
random-init 86.09 85.83 86.10

Table 3 Validation Accuracy (%) after 15 training epochs using different encoder
models as well as weight initializations. The achieved validation accuracies are not
comparable to the final ones due to use of uncropped data.

Using ResNet34 with already pretrained weights on the ImageNet dataset [Den+09]
yields the best results (Table 3), which leads to further experiments using this com-
bination.

7 https://smp.readthedocs.io/en/latest/models.html
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The finding of pretrained models to establish higher accuracy, especially with this
short training time (epochs = 15), is aligned with findings by He, Girshick, and
Dollár. “Pre-training has enabled state-of-the-art results on many tasks, including
object detection, image segmentation, and action recognition” [HGD18].

5.2.2 Hyperparameter Tuning

In the following experiments, grid search has been used to evaluate the parameter
space due to its simple application both conceptually and technically. Furthermore,
Alibrahim and Ludwig provide comparable results across the different techniques,
with only GA having slightly superior results [AL21].

In a first run, different optimizers were evaluated using the previously selected model
on the preprocessed datasets. Because of computationally limited resources, only
regular mini-batch gradient descent, RMSProp [HT12] and Adam [KB17] have been
considered on the learning rate set η = {0.1, 0.01, 0.001}.
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Figure 12 Comparison of Optimizers and Learning Rates on Validation Accuracy
(%) over 30 training epochs

Figure 12 shows the optimizers’ validation accuracy with a batch size of 16. Adam
proves to be the best-performing among the three optimizers, as well as the most
stable. Regular gradient descent shows the worst accuracy on the validation set, as
it only crosses 85% accuracy in two iterations with η = 0.1. This, however, might be
lucky shots attributed to the high fluctuation. While also presenting high variance,
RMSProp‘s validation accuracy is well competing with Adam.
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6 Many-To-One U-Net

This section introduces the Many-To-One U-Net (M2O U-Net). A modification of
the U-Net [RFB15] capable of using sequential data as it’s input to gather higher
qualitative information for segmentation than with an aggregated representation of
the input data.

6.1 Fusion Block

A Fusion Block fundamentally addresses the challenge of effectively reducing the
dimensionality of sequential data for further passing the data through the U-Net.
Such Fusion Block has been introduced by Cornebise, Oršolić, and Kalaitzis [COK22]
and was also adapted by Wolters, Bastani, and Kembhavi [WBK23]. Both used the
sequential data format for scaling the original images’ resolution in the field of Super-
Resolution.

Figure 13 Structure of the Fusion Block, which reshapes the given input along
the channel dimension and outputs the data’s original form, except for halving the
dimension of revisits. The representation of only three channels is for illustration
purposes only; in practice, all channels are used.

A propagation through the Fusion Block proceeds as follows:

1. Input Concatenation: The input sequences are first divided into two
parts of equal length across the dimension of revisits. The second part is
then concatenated to the first across the channel dimension.

2. Convolutional Layer: The concatenated data is processed through a
residual block [He+16] and a 2D convolutional layer, which captures in-
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tricate features and reduces the channel dimension back to the original.
Afterward, the PReLU activation function [He+15b] transforms the result-
ing feature maps.

3. Final Reshape: Finally, the data is reshaped to its original shape, with
revisits being halved (RB×R//2×C×H×W ).

The halving of revisits in each iteration creates the need for multiple propagations
in case more than two revisits are fused into a scalar representation. Ideally, revisit
length as powers of two (meaning log2(x) ∈ Q) are used. Otherwise, black feature
samples will be used as padding to reach a sufficient number of revisits.

6.2 Model Architecture

In the M2O U-Net, a sequence of Fusion Blocks is placed before passing output data
through the encoder of the U-Net. In comparison to the base model (see Section
5), the best representation to use for the U-Net is learned instead of given as an
aggregated sample. The data is propagated through a Fusion Block iteratively until
the revisits dimension is fully consolidated.

Figure 14 Architecture of the M2O U-Net consisting of a Fusion part, the ResNet
encoder, and the decoder as originally found in Ronneberger, Fischer, and Brox’s
U-Net.
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Figure 14 demonstrates the architecture of the M2O U-Net. The input sequence is
first fused in the Fusion part. For the example of 8 revisits 3 Fusion Blocks are
necessary to provide the encoder with the correct input shape reduced in the revisits
dimension (RB×C×H×W ). This learnable representation of the input data is encoded
using a ResNet [He+15b]. Due to the results in Section 5, here ResNet34 is employed
as the encoder. The decoder of the M2O U-Net was kept the same as in the original
U-Net [RFB15].

To ensure comparability with the base model, the modification is integrated with
the pytorch segmentation models U-Net design. The ResNet34 encoder structure is
therefore aligned with the base model, as well as the usage of pre-trained weights.

6.3 Data Preprocessing

Following the procedure in Section 5.1, the preprocessing is divided in Famili et al.’s
two steps [Fam+97].

Step 1: Solving problems with the data

Problems with the data constitute (i) the difference in sequence length, which should
be equally arranged for the model, and (ii) noise, which has been addressed before.

Both problems are addressed using the Sequence Selection procedure (see Algorithm
1).

Algorithm 1 Sequence Selection
1: Input: x ▷ List of revisits
2: Input: seq_length ▷ Desired length of the sequence
3: Output: sequence ▷ Resulting sequence
4: non_black_samples ← [sample for sample ∈ x if sample ≠ 0]
5: non_black_samples ← sort(non_black_samples, key =max)
6: sequence← non_black_samples[∶ seq_length]
7: if len(sequence) < seq_length then
8: num_to_duplicate← seq_length − len(sequence)
9: sequence← append(sequence, random.choice(sequence, num_to_duplicate))

10: return sequence

The algorithm selects a sequence length of revisits with the lowest max values. This
is done because cloud coverage results in very high pixel values; selecting the revisits
with the lowest maximum most likely selects revisits that are not prone to showing
cloud coverage. In case the demanded sequence length surpasses the available non
black image data, random samples are duplicated to ensure a consistent data format
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across the dataset. Normalizing the input data as well as converting the targets to
binary format is done analogously to the base model preprocessing (see Section 5.1).

Step 2: Preparing for Data analysis

Similarly, the data has been cropped and stored offline. Note that cropping has been
done in advance of Sequence Selection. Therefore, selecting error-free input data is
even more likely.

6.4 Experiments

In the following, multiple experiments using the M2O U-Net are conducted.

6.4.1 Optimal Sequence Length
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Figure 15 Loss comparison for different sequence lengths
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Figure 16 Validation Accuracy (%) for different sequence lengths

Despite the implementation using a selective procedure to determine the input data,
the question “Is more data generally better?” arose. Especially considering the data’s
noisy nature. To answer the question, multiple training iterations were performed
using sequence lengths of 4, 8, 16, and 32 over 15 epochs to determine the optimal
sequence length.
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Figure 15 shows how more revisits in the feature set generally reduce the loss. How-
ever, the degree of change from 16 to 32 revisits is minimal, showing that the explicit
selection of revisits that are more likely to be error-free is effective.

The validation accuracy depicted in Figure 16 confirms this behavior. A sequence
length of 4 provides the worst accuracy on the validation set, while 8 revisits show
superior accuracy, and 16 revisits prove to be even better. Doubling the information
from 16 revisit sequences (R = 32) does not enhance the performance. Consequently,
a sequence length of 16 revisits is chosen for further experiments. Although more data
can be beneficial, it also incurs increased computation time due to the mandated use
of multiple fuzes.

6.4.2 Hyperparameter Tuning

1 2 3 4 5

40

50

60

70

80

90

Epoch

Va
lid

at
io

n
A

cc
ur

ac
y

(%
)

Adam
RMSProp

Mini-Batch

Figure 17 Using different
optimizers with the M2O
U-Net over 5 epochs with
learning rate η = 0.001

The extent of hyperparameter tuning was kept the
same as with the base model. This means measuring
Adam, RMSProp, and regular mini-batch gradient de-
scent on the dataset. The covered parameter space is
limited to η = 0.001. This is due to a diverging perfor-
mance observed using learning rates higher than 0.001.
Figure 17 shows the results of the hyperparameter tun-
ing process. Again, Adam [KB17] performs the best,
closely followed by RMSProp [HT12], except for an un-
usual drop in the 5th epoch. As a result, the Adam
optimizer is used in further experiments.

6.4.3 Alternative Attempts

Prior to the development of the M2O U-Net, exper-
iments with a different model architecture were con-
ducted. In this architecture, instead of using the Fu-
sion Block before propagation through the encoder, in-
tegrated the Fusion Block at the skip-connections be-
tween the encoder and decoder of the U-Net. Various training iterations have shown
that this architecture cannot compete with the original U-Net using aggregated sam-
ples, as showcased in Section 5. These experiments lead to the assumption that
utilizing the U-Net with sequential data is not easily done. A comprehensive review
of the architecture’s comparison to the base model can be found in Appendix A.2.
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7 Challenges in Model Training

This section explores noise within the provided dataset and experiments with means
to prevent the noise from impairing the model’s performance.

7.1 Noisy Data

For the forest segmentation task, noisy data constitutes a main challenge. Noisy
data is (i) observed in feature noise seen in cloud cover and (ii) in the outdated data
resulting in label noise.

(i) Cloud cover prevents the satellite from observing the ground truth of the
Earth’s surface. Furthermore, cloud shadows result in further feature
noise. The challenge of cloud cover is well-known in RS [PTH11], and
many approaches to remove cloud effects on satellite images have even
been developed [San+20].

(ii) The outdatedness of label data causes ground truths that falsely label
forest cover where there is none on actual data and vice versa. Figure
18 demonstrates an example of feature noise resulting in positive labels
for forest, where the labels should be negative (no forest).

(a) Sentinel features from 2020 (b) Hansen et al. label from 2000

Figure 18 Feature noise caused by part of a forest that has been deforested since
2000.
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7.2 Early Learning Regularization for Semantic Segmentation

The presence of noise within the data results in the model memorizing these false
labels later in training. To mitigate the effects of noisy data, Early Learning Regu-
larization has been applied to both the base model and the M2O U-Net model.

Since ELR is originally applied to classification tasks, modifying the loss calculation
was required. First, because of the difference in classification and segmentation.
Second, because of the case of binary classification instead of multi-classification.

Figure 19 Target estimation in ELR for
classification [Liu+20].

The proposed regularization by Liu et
al. uses the softmax class predictions to
build the target estimate for each class
[Liu+20] (see Figure 19). With seg-
mentation, such predictions are available
for each pixel across the samples in the
batch. Therefore, the target estimation
comes with two options for the scope.
The target could (i) be based on the
overall class distribution per batch (t ∈
RB) or (ii) even further be differentiated
to evaluate the target across each pixel
position for the batch (t ∈ RB×H×W ). Fig-
ure 20 illustrates both approaches.

(a) Approach 1: Calculating the target us-
ing the feature mean predictions.

(b) Approach 2: Calculating the target us-
ing the feature’s means further differenti-
ated per pixel location.

Figure 20 Two different target estimation approaches for semantic segmentation.

Because of the binary ground truth, CE (Equation 2.1) has been switched with BCE
(Equation 2.2). Furthermore, the counterprobability has been explicitly included in
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the calculation of the regularization term. A code extract showing the implementation
of ELR for semantic segmentation with binary labels using the batch mean can be
seen in Appendix A.3.

The comparisons between the different approaches (Figure 21 & Figure 22) illustrate,
except for some small variations, that there is no considerable difference between
adapting ELR on a more general batch dimension or also differentiating the target
on the pixel locations.

The difference in validation loss can be partly explained by random circumstances
in the training of neural networks. Which is supported by the fact that the training
loss shows less variance.

The validation accuracy paints a similar picture. Although the 3rd and 5th epochs
show a temporal drop in performance for both approaches, the general performance
is mostly equal. Due to less computational overhead, the on batch approach is kept
for the final results.
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Figure 21 Loss comparison of two ELR approaches suitable for semantic segmenta-
tion over 20 epochs
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Figure 22 Validation Accuracy (%) comparison of two ELR approaches suitable for
semantic segmentation over 20 epochs

Other regularizations related to ELR, like Co-Teaching [Han+18] or MentorNet [Jia+18],
were found not to be applicable to semantic segmentation at their base.
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7.3 Prevention of Memorization

In this section, the prevention of memorization during model training is analyzed by
comparing BCE and ELR using the base model over a long training period.
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Figure 23 Validation Accuracy comparison for Binary Cross Entropy and ELR over
150 epochs

The experiment (Figure 23) is conducted over 150 epochs to provide a comprehensive
view of the long-term performance of each method. The plot indicates that the
validation accuracy for BCE declines significantly after approximately 90 epochs.
This decline suggests that the model begins to overfit, memorizing the training data
rather than generalizing from it. ELR, on the other hand, maintains a more consistent
validation accuracy throughout the 150 epochs. This consistency implies that ELR
is effective in mitigating the effects of memorization. The results highlight that
while BCE is the standard loss function and does not inherently aim to prevent
memorization, ELR demonstrates a clear advantage in sustaining higher validation
accuracy over a long training period.
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8 Overall Comparison

This section provides a final comparison between the M2O U-Net (Section 6) and
the base model (Section 5). Furthermore, the added value of using the adapted ELR
(Section 7.2) is examined.

Model Metric BCE ELR

Base Model

Accuracy (%) 86.111 ± 0.790 86.441 ± 0.013

IoU 0.498 ± 0.013 0.492 ± 0.006

F1 0.802 ± 0.001 0.804 ± 0.002

AUC-ROC 0.930 ± 0.002 0.907 ± 0.06

Many-To-One
U-Net

Accuracy (%) 86.218 ± 0.300 85.970 ± 0.458

IoU 0.469 ± 0.040 0.487 ± 0.017

F1 0.793 ± 0.014 0.799 ± 0.003

AUC-ROC 0.929 ± 0.001 0.912 ± 0.003

Table 4 Average test evaluation metrics for the four different combinations using
ELR and BCE on both the base model and M2O U-Net with early-stopping (patience
= 5, min_delta = 0.01). Three training runs were taken with each model. The
training runs took 14–28 epochs, lasting between roughly 4.5 and 9.3 hours. One
run, which only trained 11 epochs, got filtered out because of assumptions that the
run stopped too early due to the early-stopping configuration.

The results (Table 4) provide a mixed picture. While ELR improves the accuracy of
the base model, it does not in the case of the M2O U-Net.

The base model generally performs better in terms of IoU and F1 score, whereas the
M2O U-Net shows a slight advantage in accuracy with BCE and AUC-ROC with
ELR. These differences can not be attributed to the architecture, but rather to the
variance in the results. Overall, the base model is slightly superior to the M2O U-Net
in consideration of the metrics used.
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Figure 24 Comparison between each model’s prediction for randomly selected sam-
ples within the test set

Figure 24 gives deeper insight into the prediction of each model. Note that while
Hansen et al. depict the relative tree cover on a scale of 0–100, the predictions estimate
the probability of forest, with p̂ > 0.5 leading to a positive estimation. Therefore, the
values of Hansen et al. and the models, here outlined by the intensity of a pixel,
should not be directly compared, but rather the general assumption between ground
truth and prediction.

The most notable difference is in the comparison of predictions made with BCE and
ELR. Predictions with ELR are less faded and more clearly differentiate a structural
outline. This may be because it relies less on the ground truth and more on the
model’s early intuition.

The difference between the base model and the M2O U-Net is only visible with ELR.
The M2O U-Net has clearer predictions regarding the negative pixel classification,
while the base model seems to be less decisive for the pixels, especially visible in the
third image. In the upper left of the third image, label noise is depicted in the ground
truth. All models correctly estimated the region to have no forest.
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9 Discussion

In this section, I present a detailed analysis of the findings of this thesis and place
them within the context of the existing literature, highlighting their significance and
relevance. Furthermore, I address the limitations encountered during the research
process and discuss how these limitations may have influenced the results. Lastly, I
provide clear recommendations for future research directions.

9.1 Implications of Findings

No Clear Recommendation. Although the main approaches (base model & M2O
U-Net) significantly differ in the input data shape and the way the data is handled,
a clear recommendation based on the comparisons is not establishable. The results
show similar performance with a slight favor for the base model; a clear pattern is not
depicted. I suggest further research to evaluate the M2O U-Net based on different
datasets that (i) have less noise within the data, and (ii) have various sequence
lengths available for experimentation. This way, more external factors are eliminated
from the equation, targeting the effect of actively training a collective representation
instead of basic aggregation.

ELR vs. Early Stopping. The evaluation metrics show no apparent difference
between the use of BCE and ELR. One question that arises from the results is: What
is the benefit of ELR when early stopping is used? With early stopping, the model is
less prone to memorizing the noisy data, but ELR is designed to do just that. It may
be that ELR is beneficial because the models are on the verge of memorization when
early stopping comes into effect, but this would need to be verified. The prediction
maps (Figure 24) give an idea of an existing benefit even with early stopping, this
illustrated difference needs more exploration for clearer insights.

Integration of Sequential Data in U-Net. My findings underline the certain com-
plexity constituted in integrating sequential data in the U-Net architecture. While ex-
isting research has already incorporated sequential data with U-Net [COK22; AR19],
my experiments suggest that a similar integration yields undesirable results (Ap-
pendix A.2). The M2O U-Net, while using sequential data, does not really interfere
with the U-Net’s original logic. Attempts at incorporating recurrent logic with long
short-term memory (LSTM) [HS97] were unsuccessful and therefore not covered in
the thesis. I consider LSTM to be more applicable to the case of continuing a time
series, which was not the case here. I suggest further research to explore the causes
for worse performance with the model used in Appendix A.2.
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9.2 Limitations

Limited Hyperparameter Tuning. The hyperparameter-space was very limited.
Only three optimizers have been analyzed: Regular mini-batch gradient descent,
RMSProp and Adam using three learning rates η ∈ {0.1, 0.01, 0.001}. Two factors
mainly contributed to this decision, which interact in a reinforcing feedback loop. (i)
The computation time needed for a single experiment (further explained in the next
point) and (ii) that for comparison purposes the base model and M2O U-Net should
conduct the same hypertuning process, meaning each expansion of the parameter
space increases the computation time twofold. I urge further research to increase
hyperparameter search, especially for ELR, which was basically left out of hyperpa-
rameter search in this thesis. This could help to explore the real added value of the
regularization more.

Extensive Computation Times. The models’ architecture using a ResNet encoder
demands longer computational processing. Nevertheless, the most significant factor is
the data itself. The Sentinel-2 data shape, including 12 channels and multiple revisits,
is very extensive. Although preprocessing the data could reduce the computational
time during training significantly, the process of taking the data, transforming it,
and storing it could also take up to 12 hours. The reduced time varies depending on
what data format was used, but also took between 5-9.5 hours approximately and
depending on the epochs used. Such expensive computations forced me to be very
decisive with the experiments conducted.

Especially with ELR, memorization could not have been explored enough. A defi-
nite representation of the memorization effect is expressed with long training times.
Additionally, training runs without ELR have to run just as long in order to provide
comparability. Apart from one experiment showing a mitigating effect for memoriza-
tion, more experiments could give deeper insight into how to mitigate memorization
further. Such experiments were too computationally expensive.

Dependency on Hansen et al. Label. The model learns to predict forest seg-
mentation based on the Hansen et al. [Han+13] target. While I am aware of the noise
within the data, which I mainly attribute to the creation date of the forest mask, I
generally assume the target to be correct. Different sources have expressed concerns
with Hansen et al. forest mask due to (i) its forest definition and (ii) classification
errors.

(i) With Hansen et al., forest is defined as “all vegetation taller than 5-
meter in height”, not following the Regulation on Deforestation Free
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Products8 (EUDR) definition of forests. This is problematic as it also
includes monocultures of oil palms, rubber, or eucalyptus, which pose
threats to tropical biodiversity [Tro+14].

(ii) Even crops that are outside the definition, like rice or sugarcane, are
classified as forests. According to Cunningham, Cunningham, and Fa-
gan all row crops show an error of being classified with more than or
equal to 89% tree cover [CCF19]. While classification errors have been
revealed mostly in tropical areas, it still raises questions about the qual-
ity of the mask.

9.3 Future Directions

Some points were already mentioned in Implications of Findings (Section 9.1), namely
putting the M2O U-Net to experiment on other datasets with less data noise, com-
paring ELR’s effect for classification and segmentation and diagnosing error causes
as depicted with the alternative approach.

Subsequently, various existing architectures can be applied to the preprocessed dataset.
While I intentionally based the forest mask on the U-Net architecture, considering
its proven effectiveness and existing results [Sha+19; Liu+19], other segmentation
models might offer superior performance, especially given the sequential nature of
the data. Evaluating similar models, such as V-Net [MNA16] or recurrent models,
could provide deeper insights and potentially better results.

On top of that, I encourage researchers to further investigate the memorization effect
and ELR’s ability to mitigate it. As early stopping supposedly stops updating the
model weights at a point where generalization is achieved, it is unclear whether ELR
provides a benefit in that case. The memorization effect, which is handled by ELR
loss, comes into effect only later. Subject to future research might be to evaluate
ELR and BCE during a learning phase not visually affected by memorization.

8 https://green-business.ec.europa.eu/deforestation-regulation-implementation_en
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10 Conclusion

The research goal of developing an updated forest mask for Germany of 10-meter reso-
lution based on Sentinel-2 data can be seen as fulfilled. A model capable of processing
satellite data in common format to mask forests has been developed. Even though
the experiments cover mostly smaller scale segmentations, a higher scale forest mask
can equally be established without difficulty (see Appendix A.4). This forest mask
establishes a higher resolution than previous forest masks (10-meter resolution) and
is based on imagery of 2020, making it more up-to-date than previous forest masks.
Data from all over the world can be used as input to the model. However, as the cli-
mate conditions of the input data become more different from those in Germany, the
performance of the model most likely decreases. Monitoring the ecosystem becomes
easier with the use of this forest mask. On a higher note, by managing the ecosystem
accordingly, consequences of climate change can be mitigated.

To further enhance the robustness of this study, several key contributions have been
made:

● A base model has been provided that effectively segments forests using ag-
gregated satellite data.

● An algorithm of sequence selection suitable for remote sensed data has been
conceptualized and implemented, addressing issues introduced by cloud
cover and faulty satellite data.

● A novel modification to the U-Net architecture, the M2O U-Net, has been
introduced. This architecture establishes a comprehensive understanding of
the ground truth from sequential data using a Fusion Block, with experi-
ments showing results similar to the base model with aggregated data.

● ELR has been applied to the field of semantic segmentation, with various
experiments conducted to evaluate its effects. These experiments show ELR
to mitigate memorization effectively, but leave question to its effect with
early stopping.

Overall, this study not only provides a valuable tool for monitoring the ecosystem in
Germany but also provides resources for further research in the interdisciplinary field
bridging machine learning and remote sensing.

40



APPENDIX A. APPENDIX

A Appendix

A.1 Early Stopping in detail

Algorithm 2 Early Stopping [GBC16, p.244]
1: Input: Initial parameters θ0, number of steps between evaluations n, patience p
2: Initialize:
3: θ ← θ0, i← 0, j ← 0, v ←∞ ▷ variables for operation
4: θ∗ ← θ, i∗ ← i ▷ variables to save optimum
5: while j < p do
6: Update θ by running the training algorithm for n steps.
7: i← i + n
8: v′ ← LX(val)(θ)
9: if v′ < v then

10: j ← 0
11: θ∗ ← θ
12: i∗ ← i
13: v ← v′

14: else
15: j ← j + 1
16: return θ∗, i∗

Algorithm 2 illustrates the early stopping procedure. It starts with initial weights
θ0, training steps between evaluations n, and a patience parameter p. Key variables
are initialized: θ for current parameters, i for total training steps, j for the patience
counter, and v for the best validation error, initially set to infinity. The best weight
set θ∗ and steps i∗ are also stored. The algorithm updates θ by training for n steps,
increments i, and calculates the validation error v′. If v′ is better than v, j resets to
0, and θ∗, i∗, and v are updated. If v′ does not improve, j increments. This continues
until j reaches the patience p, indicating no improvement for p evaluations. The best
parameters θ∗ and training steps i∗ are then returned.

A.2 Alternative Attempt: Review

The incorporation of the Fusion Block at the skip-connections of the U-Net shows
worse performance than the base model (Section 5). Figure 25 clearly shows how us-
ing the aggregated sample on the original U-Net leads to less loss right from the start.
With longer sequences, the model results in higher losses, providing the assumption
that increased use of the Fusion Block limits performance9. This assumption is rein-
forced by the results seen in Figure 26. More revisits used for the segmentation task
9 Remember that with longer sequences, more iterations through the Fusion Block are necessary

to fuse it into a scalar shape, squeezing the dimension of revisits.
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generally result in worse pixel accuracy. Only the R = 2 case closely resembles the ac-
curacy of the base model; this, however, cannot be credited to the higher information
quality provided by multiple timestamps.
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Figure 25 Loss comparison for different sequence lengths
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A.3 Early Learning Regularization for Semantic Segmentation with Bi-
nary Labels

Code 1 Code extract showing the ELR forward pass for semantic segmentation with binary labels.
def forward(self, index, output, label):
# Check if CUDA (GPU support) is available and move tensors to GPU if so
if self.USE_CUDA:
output = output.cuda() # Move output tensor to GPU
label = label.cuda() # Move label tensor to GPU
index = torch.tensor(index).cuda() # Convert index to tensor and move to GPU
# Clamp the output values to avoid extreme values
y_pred = torch.clamp(output, 1e-4, 1.0 - 1e-4)
y_pred_ = y_pred.data.detach() # Detach the tensor from the computational graph
# Update the target using a running average with the current prediction
self.target[index] = self.beta * self.target[index] + (1 - self.beta) * y_pred_.mean()
# Calculate the binary cross-entropy loss between prediction and label
ce_loss = F.binary_cross_entropy(y_pred, label)
# Calculate the ELR (Early Learning Regularization) term
elr_reg = (
(1 - (self.target[index] * y_pred +
(1 - self.target[index]) * (1 - y_pred)))
.log()
).mean()
# Combine the cross-entropy loss and the ELR term to get the final loss
final_loss = ce_loss + self.lamb * elr_reg
return final_loss

The forward method implements Early Learning Regularization for binary semantic
segmentation. It first checks for CUDA availability, moving tensors to the GPU if
available. The output tensor is clamped to avoid extreme values and then detached
from the computational graph. The target is updated using an exponential moving
average with parameter β. Binary cross-entropy loss between the predictions and
true labels is calculated, followed by the ELR term, which regularizes early learn-
ing. The final loss, a combination of binary cross-entropy and ELR, is returned for
backpropagation 1.

A.4 Large Scale Forest Mask

Figure 27 shows a large image, which was propagated through the base model as a
single input. The model output shows accurate forest segmentation unaffected by
the input scale. Therefore, with no computational limitations, detailed forest masks
can be achieved on any scale.
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(a) Sentinel-2 rgb converted image data (b) Model output on scale [0,1]

Figure 27 Large scale forest mask based on Sentinel-2 data
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