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Chapter 1

Introduction

Agriculture serves as the cornerstone of our society’s food supply, naturally establish-
ing itself as a pivotal economic sector. However, while the sector is of vital importance
on a global scale, developing countries face unique challenges that are often an obstacle
to their agricultural progress. Limited access to modern technology, insufficient finan-
cial resources, and inadequate infrastructure create barriers to the implementation of
effective agricultural policies.

Accurate and up-to-date agricultural monitoring systems have become indispensable
for the effective implementation of agricultural policy. A critical element of these sys-
tems lies in precisely determining the spatial extent and location of agricultural fields.
Mapping the agricultural landscape serves as a valuable tool for predicting yields and
undertaking long-term planning, ultimately enhancing the resilience of agriculture.
Gathering this data facilitates the calculation of crop yields, identification of crop types,
the creation of seasonal crop maps, compilation of agricultural statistics and develop-
ment of host of other applications. Using the example of the Common Agricultural
Policy (CAP) in European countries, it can also play a vital role in monitoring farmers’
practices and assessing their eligibility for subsidies and support.

At present, the census of agricultural parcels in Europe is carried out by farmers them-
selves, who delineate the boundaries of their parcels and provide information regard-
ing their contents. This census is aggregated in a collective database commonly known
as the Land Parcel Identification System (LPIS). Each country in the European Union
has its own LPIS, which is updated annually. However, the issue with this traditional
method lies in its cost, time-consuming nature, and susceptibility to human errors. In-
tegrating such a method into developing countries therefore seems an impractical task.

Meanwhile, there has been an ongoing effort to automate repetitive tasks in the field
of computing. In recent years, machine learning has emerged as a central player in
this endeavor, introducing a variety of new algorithms and innovative approaches.
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Satellite remote sensing researchers have naturally risen to the occasion to address the
challenges inherent in their discipline. The semantic labeling of satellite images holds
significant promise across a spectrum of applications, including land-use planning,
land-cover analysis, deforestation, and numerous others. Such applications involve
laborious repetitive tasks that, if automated, could see the field of remote sensing ad-
vancing at an unprecedented rate. One compelling illustration of the effectiveness of
machine learning in the context of remote sensing is the automated detection of field
boundaries. In fact, considering an alternative data collection method for agricultural
plots could enhance the efficiency of agriculture monitoring systems, especially for de-
veloping countries.

Automated extraction of field boundaries can not only strengthen agricultural mon-
itoring systems in developed countries, but also and above all provide developing
countries with access to essential decision-support tools, making a significant contri-
bution to improving food security. In regions where resources are limited, but where
it is essential to develop agricultural policies that guarantee the resilience of produc-
tion systems, this innovative approach appears to be a fundamental and transforma-
tive solution. By taking advantage of automated technology, developing countries can
overcome their limitations and make informed decisions that promote sustainable agri-
cultural practices and, consequently, strengthen global food security.

Several studies have been carried out on the automatic detection of agricultural parcels.
The use of convolutional neural networks has shown state-of-the-art results in this
area, but in order to be effective, these artificial intelligence models must first undergo
training, which requires a very significant amount of input field data. The objective of
this master’s thesis is to assess the extent to which field data required for deep learn-
ing training can be minimised by substituting it with data generated through a conven-
tional, unsupervised image segmentation algorithm accessible on eCognition software.
This evaluation is performed using the ResUNet-a convolutional neural network. The
chosen study area is situated in Wallonia, Belgium, leveraging the accessibility of data
derived from its LPIS, known as the anonymous agricultural parcel system.
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Chapter 2

Literature review

Computer vision is a captivating and rapidly evolving field at the intersection of ar-
tificial intelligence (AI) and image processing. At its core, computer vision strives to
replicate human vision, enabling computers to recognize objects, detect patterns, and
make sense of visual data. Through the use of sophisticated algorithms and machine
learning techniques, computer vision systems can identify objects (Deng et al., 2020),
track movements (Krishna et al., 2021), gauge distances (Aldalil, 2021), and even assess
the facial expression of individuals depicted in images (Canedo and Neves, 2019).

Machine learning, an integral part of computer vision, plays a crucial role in enabling
computers to learn from data. This means that instead of being explicitly programmed
to perform tasks, computer vision systems can be trained on vast datasets, via the de-
velopment of a model, to recognise patterns and make predictions (Theodoridis, 2020).

2.1 Image segmentation

In general terms, image segmentation involves the task of separating objects within an
image. Before the advent of machine learning, various more traditional methods were
used for this purpose. These algorithms aimed to divide images into meaningful re-
gions or objects based on specific criteria, such as color, intensity, or texture (Cremers
et al., 2007; Muñoz et al., 2003). While these traditional approaches represented im-
portant milestones in computer vision, they often faced limitations in handling object
occlusions, perspective and obscured boundaries with respect to other image parts in
real-world scenes (Wang et al., 2022b).

As the demand for more precise and detailed image analysis grew across diverse fields,
the computer vision community recognised the need for more advanced segmentation
techniques. This need gave rise to instance and semantic segmentations, which leaded
to a new era of image understanding. These techniques surpassed the capabilities of
their predecessors by not only identifying objects and regions but also differentiating



4 Chapter 2. Literature review

between individual instances of objects and providing pixel-level labeling of images.

These traditional techniques are still used for a variety of reasons. The first is that, for
Earth observation scientists wishing to use more advanced models such as those en-
abled by deep learning, the barriers to entry remain high (Hoeser and Kuenzer, 2020),
but also because various softwares used in remote sensing provide easy access to these
classic segmentation methods. Another reason is that these methods have lower com-
putational costs and generally do not require training data, which is considered the
biggest limitation of machine learning. The last reason is that these traditional methods
are still of interest, and come into play at various stages even when machine learning
is used, in order to boost the performances (Wang et al., 2022b). For example, the use
of such methods can occur at the post-processing stage, as was the case in the Wald-
ner and Diakogiannis (2020) study for the extraction of field boundaries. While the
ResUNet-a convolutional neural network is capable of strictly identifying field bound-
aries, it is not necessarily capable of generating closed boundaries. Therefore, two
post-processing methods are proposed in their study to extract individual fields: the
first is the threshold-based cutoff method and the second is watershed segmentation.

2.1.1 Edge-based vs. region-based methods

Segmentation techniques rely on two fundamental pixel properties concerning their
local neighborhood: discontinuity and similarity. The presence of pixel discontinuity
leads to the development of edge-based methods, while the existence of pixel similar-
ity gives rise to region-based methods. In practical applications, a hybrid approach
combining both edge and region informations is often used to improve segmentation
accuracy (Muñoz et al., 2003).

Edge-based segmentation focuses on identifying abrupt changes in intensity, color or
texture within an image. These changes indicate potential boundaries between differ-
ent objects or regions. Common techniques involve the use of edge detection operators
such as Sobel, Canny or Scharr. The output of edge-based segmentation is often a bi-
nary edge map that highlights detected boundaries at the pixel level (Kaganami and
Beiji, 2009). While effective at highlighting discontinuities, edge-based methods can be
sensitive to noise and struggle to handle occlusions because they focus primarily on
detecting boundaries without explicitly defining regions (Cremers et al., 2007).

Region-based segmentation, on the other hand, focuses on grouping pixels into re-
gions with similar characteristics. This can include similarities in intensity, color or
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texture. Methods such as thresholding, clustering and region growing algorithms are
used to identify and group pixels that share these common properties (Kaganami and
Beiji, 2009; Zhu and Yuille, 1996; Mittal et al., 2022). Region-based segmentation tends
to be more robust to noise because it considers the overall properties of a group of
pixels rather than individual pixels (Zand et al., 2016).

2.1.2 Canny operator

Several edge-based methods are available, ranging from basic algorithms such as Sobel
or Scharr to more complex techniques such as Canny (Shrivakshan and Chandrasekar,
2012). The Canny edge operator is considered as the most performative edge detector
compared to others, and is frequently employed as a standard for evaluating alterna-
tive contour-based operators (Watkins and van Niekerk, 2019).

The Canny method employs a multi-step procedure that can be summarised as fol-
lows : image filtering, image gradient graduation, non-maximum suppression, check-
ing and connecting edges (Rong et al., 2014). The Canny edge detector starts the pro-
cess by smoothing the image to remove any noise. It then calculates the gradient of
the image to emphasise areas with high spatial derivatives. The algorithm then tra-
verses along these regions, suppressing pixels that do not reach the maximum value
(non-maximum suppression). The gradient array is now further reduced through hys-
teresis. Hysteresis is used to track along the remaining pixels that haven’t been sup-
pressed. This involves the use of thresholds: if the value exceeds a certain threshold,
it’s considered to be an edge (Juneja and Sandhu, 2009).

2.1.3 Watershed segmentation

Traditionally, watershed segmentation (WS) is primarily applied to elevation maps but
can also be extended to non-elevation data (Beucher and Meyer, 1993). The watershed
transform is a region-based segmentation approach that operates on a grayscale im-
age with a single layer. The underlying concept draws inspiration from geography,
envisioning a landscape or topographic relief being submerged by water, where wa-
tersheds represent the divide lines between regions influenced by rainfall (Young, 1983
; Roerdink and Meijster, 2003).

In practice, there isn’t a single algorithm claiming to perform watershed segmenta-
tion. Over time, various alternative algorithms have been developed to address spe-
cific needs and enhance performance in different applications. Notably, these develop-
ments aim to mitigate challenges like over-segmentation and interference, which are
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issues encountered with the traditional watershed segmentation algorithm (Wu and
Li, 2022).

As a result, multiple algorithms assert the generation of watersheds, but they often
produce distinct objects. Watershed approaches can be topographic, viscous, stochas-
tic, with or without apparent contours, and can be defined on images where nodes are
weighted or on graphs where edges are weighted (Meyer, 2012).

2.1.4 Multi-resolution segmentation

The multi-resolution segmentation (MRS) algorithm is a region-based procedure that
maximises the homogeneity within objects while minimising the average heterogene-
ity between objects (Watkins and van Niekerk, 2019). The procedure follows a mutual
best fitting approach by starting with image objects of one pixel and repeatedly merg-
ing them based on a user-defined homogeneity criterion such as scale, shape and com-
pactness. These parameters are combined to contribute together to the determination
of a stopping threshold for intra-object homogeneity based on input layers. Conse-
quently, this threshold defines the size and shape of the resulting image objects (Baatz
and Schäpe, 2000; Benz et al., 2004).

Among the parameters used by the MRS algorithm, the scale parameter is of partic-
ular importance. Its proper selection is considered crucial, as it regulates the relative
size of the image objects, which directly affects the accuracy of the results (Kim et al.,
2008; Myint et al., 2011). In general, smaller values of the scale parameter result in
relatively smaller image objects, while larger values result in correspondingly larger
objects.

A review of the existing literature indicates the existence of a quantitative, semi auto-
matic method for selecting optimal values for image segmentation parameters through
the use of genetic algorithms. However, it is noteworthy that these semi-automated
techniques have not yet been fully integrated into widely used mainstream image seg-
mentation software (Duro et al., 2012). Nonetheless, there is no universally accepted
method to identify the segmentation parameters that provide optimal pixel grouping,
which implies the geographic object-based image analysis (GEOBIA) is still highly in-
teractive and includes subjective trial-and-error methods and arbitrary decisions (Di-
akogiannis et al., 2020).
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2.2 Instance and semantic segmentations

Within the realm of computer vision, two essential subfields have emerged as crucial
components: instance segmentation and semantic segmentation.

Instance segmentation is a specialised computer vision task that not only identifies
objects in an image but also distinguishes between individual instances of the same
object class. Semantic segmentation, on the other hand, focuses on labeling each pixel
in an image with a specific class or category, therefore resulting in a classification. Un-
like instance segmentation, it doesn’t differentiate between individual instances of the
same object class but provides a detailed understanding of scene images. Semantic
segmentation has diverse applications, from medical image analysis to environmental
monitoring.

Instance segmentation can be seen as a combinaison of semantic segmentation and
object detection, it therefore produces more meaningful inference of images and gives
richer output.

2.2.1 Pixel-based vs. object-based classifications

The classification techniques can be categorised into two broad approaches for image
analysis. One method of classification is based on pixels, while the other is based on
objects. Pixel-based analysis has traditionally been the go-to approach for remotely
sensed imagery classification, although object-based image analysis has become more
prevalent (Blaschke, 2010).

Pixel-based methods operate by considering the properties of individual pixels in iso-
lation, without considering their relationship to neighboring pixels. As a result, the
initial classification in these methods is based exclusively on the spectral signature of
the pixel, without taking into consideration other variables or the context of surround-
ing pixels (Zhou and Troy, 2008). This narrow focus on the spectral value of each pixel
can lead to issues like image speckle and overall inaccuracies, especially when dealing
with very high-resolution images. The speckle effect, also known as salt-and-pepper ef-
fect, occurs due to significant local differences in spatial patterns between neighboring
pixels (Myint et al., 2011). Because each pixel is treated independently in pixel-based
approaches, nearby pixels with similar appearances may be assigned different classes,
contributing to the problem (Kelly et al., 2011).



8 Chapter 2. Literature review

Object-based image analysis (OBIA) provides a viable alternative to traditional pixel-
based approaches for analysing and classifying remote sensing data from medium to
high spatial resolution satellite imagery (Baatz et al., 2004; Benz et al., 2004). Indeed,
numerous publications argue that object-based classification holds greater promise for
categorizing higher resolution imagery compared to pixel-based methods (Oruc and
Marangoz, 2004 ; Willhauck et al., 2000).

In OBIA, pixels are organised into objects or segments based on a criterion of homo-
geneity, either in terms of spectral or spatial characteristics. Object-based classification
currently depends on the outcome of an image segmentation algorithm : in contrast to
pixel-based classification methods that directly classify individual pixels, object-based
classification begins by aggregating image pixels into spectrally homogeneous image
objects using an image segmentation algorithm and then proceeds to classify these
individual objects (Liu and Xia, 2010). The use of objects has several advantages, as
these entities contain not only spectral information, such as the average band values
for each object, but also various geographic and geometric features, such as the shape,
length, adjacency and internal characteristics of the objects (Baatz et al., 2004). These
additional attributes contribute to a knowledge base for sample objects which give far
more informations than that of individual pixels. This enriched information can be
used to develop a rule-based classification process (Whiteside et al., 2011).

2.2.2 Classifiers

Several classifiers have emerged as cutting-edge methods in the field of classification.
The machine learning evolution provides popular non parametric classifiers like Ran-
dom Forest (RF), Support Vector Machine (SVM), K-Nearest-Neighbors (KNN), con-
volutional neural networks (CNN), and various others. Classifiers can be categorised
as either supervised or unsupervised, depending on whether they depend on labeled
training samples or not. In the context of this thesis, only supervised classification has
been used.

Random Forests

A RF classifier is a powerful machine learning method that combines multiple decision
trees to make predictions. As shown in Niemeyer et al. (2014), it has gained popularity,
particularly in the field of remote sensing, due to its robustness and high classification
accuracy. Ma et al. (2017) also conducted a review of various supervised object-based
classifiers and showed that Random Forest had the highest performance among the
methods evaluated, with SVM closely following. However, other studies claim that
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SVM outperform (Huang et al., 2002) or at least equal RF techniques (Pal, 2005).

The basic idea of a RF is to construct several decision trees using different subsets
of the training data and input features, and then combine their results using a major-
ity voting mechanism. Once the classifier has been trained on labelled data, it can be
used to make predictions on new unlabelled data (Belgiu and Drăguţ, 2016). Decision
trees are hierarchical tree structures that represent a series of decisions based on certain
variables. Each node in the tree represents a decision based on a variable, and each leaf
node represents a final prediction (Belgiu and Drăguţ, 2016). Decision trees are sensi-
tive to the specific data used to train them and can suffer from overfitting and outliers.
It can occur in different ensemble tree models when using Random Forests with sig-
nificantly different tree structures and splitting variables. Thus, the final prediction
by voting reduces overfitting when classification problems occur (Sheykhmousa et al.,
2020).

Support Vector Machines

SVMs are considered to be a robust and versatile supervised non parametric learning
technique that is particularly well suited to address challenges in remote sensing ap-
plications (Mountrakis et al., 2011). Most supervised learning schemes struggle due to
the need for large training samples (Chi et al., 2008), whereas SVMs exhibit a remark-
able ability to handle small training datasets, consistently yielding higher classification
accuracy (Mantero et al., 2005).

The basic idea behind SVMs is to find an optimal hyperplane that can efficiently sepa-
rate the labelled data instances in a feature space into discrete, predefined classes. This
hyperplane is determined to maximise the margin, which is the distance between the
hyperplane and the nearest points of each class, also known as support vectors. The
maximum margin ensures better generalisation of the model to new, unlabelled data
and is often referred to as the optimal separation hyperplane; it minimises misclassifi-
cations by defining a decision boundary that matches the training examples (Vapnik,
1998). The iterative learning process refines the classifier to establish an optimal deci-
sion boundary capable of separating both training samples and simulation data under
the same configurations (Zhu and Blumberg, 2002).
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Convolutional Neural Networks

SVM and RF methods have long been at the forefront of remote sensing applications,
but in recent years considerable progress has been made in the field of CNNs (Diako-
giannis et al., 2020). A CNN is a type of feed-forward neural network designed for
automated feature extraction. Its basic concept involves the construction of multiple
layers, each using convolutional operations, which work collectively to automatically
learn hierarchical features from the data, eliminating the need for manual feature ex-
traction. The hierarchical structure is inspired by visual perception, where artificial
neurons correspond to biological neurons and each layer captures increasingly abstract
representations. Activation functions within the CNN simulate the biological barrier,
allowing only relevant information to pass to the next neuron above a certain thresh-
old. Loss functions and optimisers are integral components designed by researchers to
guide the CNN as it learns and refines its parameters during the training process (Li
et al., 2022). This explanation is deliberately brief, as the following chapter deals with
the subject in depth, as this is at the heat of this thesis.

2.3 Convolutional neural networks

CNNs are a special kind of neural network (NN) adapted to the analysis and process
of images. It’s part of what is called deep learning, which is a branch of machine learn-
ing that has proven valuable for solving difficult problems such as recognising objects
in images or language. In recent years, the use of such neural networks has become
popular in a variety of application domains. The reason for this enthusiasm is that
image classification with deep neural networks has been improving steadily over the
years until it has produced promising results. The research of Krizhesvky et al. (2001)
marked a considerable turning point with AlexNet, an 8-layer CNN that won the Ima-
geNet challenge in 2012. This network demonstrated that the crucial point for making
big networks to work is the availability of large training sets (Theodoridis, 2020). Im-
portant research papers have since shown even larger and deeper neural networks (He
et al., 2016 ; He et al., 2020).

Unless otherwise stated, all the general theory related to neural networks presented
in this section comes from the course CS231n : Convolutional Neural Networks for Vi-
sual Recognition (Karpathy, 2016) given at Stanford University. The theory related to
the ResUNet-a model is taken mainly from studies conducted by Ronneberger et al.
(2015), Diakogiannis et al. (2020) and Waldner and Diakogiannis (2020).
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2.3.1 How a neural network works

Neural networks, inspired by the structure and function of the human brain, are com-
putational algorithms designed for pattern recognition. They excel at learning intricate
relationships between specific features and making generalisations, inferences and as-
sociations that may elude human perception.

The human brain is a vast network of hundreds of millions of neurons connected by
synapses. Activation of a neuron occurs when a critical mass of synapses connected to
it is stimulated, resulting in the generation of an outgoing signal via output synapses.
The intricate connectivity between these millions of neurons and synapses fundamen-
tally shapes cognitive processes and behaviour. In artificial neural networks, biological
neurons find their counterparts in artificial neurons whose connections are established
through synapses with adjustable weights.

The activation of an artificial neuron depends on two key factors:

• Weights: These represent the synaptic strengths used to combine inputs to the
neuron. These weights are dynamically adjusted as the neural network learns.

• Activation function: This is the computational operation that determines the
response of the artificial neuron. It can be as simple as a threshold function that
defines the conditions under which neurons are activated.

Together, these neurons form different layers within the neural network architecture.
Within each layer, a given neuron can be modulated by neurons in the previous layer,
using their outputs as inputs. This inter-layer connectivity allows information to prop-
agate through the network, facilitating the complex processing and transformation of
input data across successive hierarchical levels. When all the inputs of a layer are con-
nected to all the nodes of the next layer, the neural network is said to be fully connected,
as shown in Figure 2.1. Other neural network models exist such as convolutional and
recurrent neural networks, which have the advantage of being easier to train due to
the smaller number of neurons.
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input
layer

hidden layer

output
layer

FIGURE 2.1: Example of fully connected neural network

The layered configuration of neural networks is designed to facilitate data clustering
and classification. The NN operates by iteratively adjusting its internal parameters, in
particular the weights of the neurons, through a training process. This adjustment is
guided by the minimisation of a specified loss function as explained below.

2.3.2 Key-concepts of neural networks

Activation function

The activation function is a mathematical expression that determines the output of a
neuron within a neural network. It serves as a crucial component in deciding whether
a neuron is activated or remains inactive and thus, if the input signals is transmitted
to the next layer. Modern neural networks widely use nonlinear activation functions
because they facilitate complex data learning and accurate prediction. Figure 2.2 illus-
trates two of the most commonly employed activation functions.
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FIGURE 2.2: Sigmoid and ReLU : two of the most commonly employed
activation functions
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The sigmoid function is often used because of its computational simplicity and its abil-
ity to constrain output values, preventing them from becoming too large. However, a
notable limitation of classical activation functions, including the sigmoid, is their sus-
ceptibility to the vanishing gradient problem. This problem consists of exponentially
decreasing gradients during backpropagation, which prevents the effective learning of
early layers in deep neural networks and hinders the ability of the model to capture
complex patterns.

The Rectified Linear Unit (ReLU) is an alternative activation function that consists in
replacing all negative values by zeros. By maintaining only the positive values, only
the activated features are transmitted to the next layer. It has been reported that in
the context of deep networks, the use of ReLU nonlinearity in the hidden layers can
significantly speed up the training time (Theodoridis, 2020). It allows to generalise the
learning and diminish the noise within the network.

Loss function

The loss function is a mathematical function that measures the difference between the
predicted output and the actual output for a given input data sample. A loss function is
also referred as a cost function. The goal of the loss function is to provide a quantitative
measure of how well the model is performing in predicting the correct output, it is used
to guide the optimisation process by providing feedback on how well it fits the data.

Gradient descent

Gradient descent, on the other hand, is an optimisation algorithm used to minimise
the loss function. The idea behind gradient descent is to iteratively update the model
parameters in the direction of steepest descent of the loss function, until a minimum is
reached. In other words, gradient descent is a process of finding the optimal values of
the model parameters that result in the smallest possible value of the loss function.

When adopting a gradient descent scheme to minimise a nonconvex cost function,
the algorithm can converge to either a local or to a global minimum. However, this is
not necessarily bad news, if the local minimum is deep enough, convergence to such a
local minimum can correspond to a good solution (Theodoridis, 2020).

Back propagation

Backpropagation involves a forward pass where input data is processed through the
network to generate predictions, followed by the calculation of the error between these
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predictions and the actual target output using a specified loss function. The error is
then propagated backwards through the network and the weights and biases are up-
dated using gradient descent to minimise the error. This iterative process is repeated
until the model converges on a set of parameters that produce accurate predictions on
the training data. Backpropagation enables neural networks to learn and adapt, and
plays a crucial role in optimising deep learning models.

2.3.3 Typical architecture of a convolutional neural network

A CNN differs from a classical neural network in its specialized architecture tailored
for processing images with spatial arrangements. A CNN is built with two main types
of blocks: convolutional and pooling layers (Figure 2.3).

Input layer

Output layer

Convolutional
layer

Pooling
layer

Pooling
layer

Convolutional
layer

Fully 
connected

layer

Feature maps

FIGURE 2.3: Standard CNN architecture

Convolutional layer

The convolutional layer is the most important building block of a CNN. This layer al-
lows the extraction of image features by the application of filters.

The input image is composed of pixels with an associated value in order to obtain
a matrix. This matrix is then multiplied by a filter, also a matrix, which moves from
pixels to pixels from left to right and from top to bottom until the image has been
completely crossed (Figure 2.4).
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FIGURE 2.4: Standard representation of a convolution matrix with stride
and padding hyperparameters

The result of the multiplication of each filter’s cell is summed and divided by its total
number of cells. This final smaller matrix is called a feature map. The continuous slid-
ing of the filter across the width and height of the input image is called a convolution,
in fact the filter convolves across the image. The output of this operation is a single
value that represents the activation of the corresponding neuron in the output feature
map.

During the training process, the CNN learns to adjust the values of the filter weights
in order to extract useful features from the input images. The filters are learned by
minimizing a loss function that measures the difference between the predicted output
of the CNN and the true labels of the training data. This is typically done using back-
propagation and gradient descent optimization.

The filter is not set manually, the convolution layer learns by itself during training
which filters are most useful to perform its task. Moreover, the layers above will learn
to combine them into more complex patterns (Géron, 2019).

Some spatial arrangements can be programmed by the user. These options to con-
trol the convolution layer are commonly called hyperparameters and are illustrated in
Figure 2.4:

• The stride : The stepover achieved by the filter can be specified. Indeed, when
the stride is 1, it means that the filter slides one pixel at a time. The larger the step
size, the smaller the output feature map will be. In other words, this parameter
enables to control the amount of volume that will be output.
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• The zero padding : In order for a layer to have the same height and width as the
previous layer, it is common to add zeros around the inputs. This hyperparame-
ter can be convenient in some situations. No padding leads to a size reduction of
the output volume.

Pooling layer

The function of the pooling layer is to reduce the computational load, the memory us-
age and the number of parameters that the network needs to learn. A pooling neuron
has no weight, all it does is aggregate the inputs using an aggregation function such as
the max or mean (Géron, 2019).

Like the filter in the convolution layer, a sliding window moves along the input and
selects the largest value (in the case of max pooling), this value is the only one in the
considered window to be propagated to the next layer while the others are dropped
(Figure 2.5). The stride, the size and the padding can be adjust such as a convolutional
layer.
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FIGURE 2.5: Example of max pooling

2.3.4 Description of ResUNet-a architecture

A U-Net backbone architecture

The ResUNet-a model is a deep convolutional neural network that uses a U-Net en-
coder/decoder backbone. Like any convolutional neural network, the structure of U-
Net consists of a multitude of mathematical operations illustrated in Figure 2.6.
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FIGURE 2.6: U-Net architecture (Ronneberger et al., 2015)

The descending segment of the U-shaped structure compresses the data by reducing
the spatial dimensions, allowing the network to capture complex features through the
repeated application of two 3x3 convolutions (unpadded), each followed by a rectified
linear unit (ReLU) and a 2x2 max pooling operation with a stride of 2 for downsam-
pling. At the same time, the number of feature channels is doubled at each downsam-
pling step (Ronneberger et al., 2015).

In contrast, the ascending part of the U-shaped structure involves expanding the data
to restore the original spatial dimensions of the input, resulting in a high-resolution
segmentation map. This process includes steps such as upsampling the feature map,
a 2x2 convolution that halves the feature channels, concatenation with the cropped
feature map from the contraction path, and application of two 3x3 convolutions with
ReLU activation at each step. Cropping is essential due to the loss of boundary pixels
in each convolution. The final layer uses a 1x1 convolution to map each 64-component
feature vector to the desired number of classes, summing to a network with a total of
23 convolutional layers (Ronneberger et al., 2015).
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ResUNet-a architecture

The difference between U-Net and ResUNet-a lie in the fact that the second one in-
corporates residual blocks (He et al., 2016), atrous convolutions (Diakogiannis et al.,
2020), pyramid scene parsing pooling (Zhao et al., 2017) and multi-tasking inference
(Diakogiannis et al., 2020).

As proposed by He et al. (2016), the UNet architecture’s building blocks are replaced
with modified residual blocks of convolutional layers. These residual blocks play a
crucial role in mitigating the challenges associated with vanishing and exploding gra-
dients in deep architectures.

To enhance understanding across different scales, each residual building block also
incorporates multiple parallel atrous convolutions with varying dilation rates. The in-
clusion of these diverse-scale layers aims to capture object features at various receptive
field scales, with the expectation that this strategy will improve performance by recog-
nising correlations among objects at different locations in the image (Diakogiannis et
al., 2020).

Moreover, the integration of the pyramid scene parsing (PSP) pooling layer further
enhances the network’s performance by incorporating background context informa-
tion (Zhao et al., 2017).

Lastly, the ResUNet-a model offers two variations, ResUNet-a d6 and ResUNet-a d7,
allowing multi-task inference. These variations differ in their depth, determined by the
number of layers (Diakogiannis et al., 2020). ResUNet-a d6 has six residual building
blocks in the encoder followed by a PSP Pooling layer while ResUNet-a d7 has seven
building blocks instead. The ResUNet-a model, as used by Diakogiannis et al. (2020)
in the context of field delineation, is set up to produce four different tasks : 1) a map
of the probability of each pixel to be in a field; 2) a map of the probability of each pixel
to be a boundary; 3) a map of the distance to the closest boundary; 4) a reconstruction
of the input image in the Hue-Saturation-Value (HSV) color space. The architecture of
the model is shown in Figure 2.7.
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FIGURE 2.7: The ResUNet-a architecture used in the context of field delin-
eation

The different types of layers, forming together the architecture of ResUNet-a, can be
summarized as:

Conv2D layer : represents a standard 2D convolutional layer featuring a kernel size of
3 and a padding of 1.

Batch Normalisation (BN) layer : represents a 2D convolution layer, featuring a kernel
size of 3 and a padding of 1, followed by a batch normalisation. A BN is a technique
that significantly enhances the speed, performance, and stability of artificial neural net-
works by subtracting the batch mean of the output of a previous activation layer, and
dividing it by the batch standard deviation (Ioffe and Szegedy, 2015).

ResBlock-a layer : is a residual unit that facilitates the transmission of information
from the layers in the contracting path to the corresponding segments of the expanding
path (He et al., 2016). In contrast to standard residual units, characterized by a single
branch comprising two consecutive convolution layers, ResBlock-a features four par-
allel branches of atrous convolutions with progressively higher dilatation rates. These
branches enable the processing of information at various scales (Waldner and Diako-
giannis, 2020).

PSP Pooling layer : accentuates contextual information through the application of
maximum pooling at four distinct scales (Zhao et al., 2017). The initial scale involves
global max pooling. In the second scale, the feature map is partitioned into four equal
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areas, and max pooling is applied within each of these areas, a pattern repeated for the
subsequent two scales. The multiple scales are respectively 256, 128, 64 and 32 in the
ResUNet-a model.

Upsample layer : is a layer in the expanding segment that doubles the size of the
feature map while the number of filters is halved. The upsampling is done by interpo-
lation and is followed by a Conv2D layer and a batch normalisation.

Combine layer : is a layer that receives two inputs, each featuring the same number
of filters in every feature map. It concatenates these inputs and generates an output at
the identical scale, maintaining the same number of filters as each of the input feature
maps.

Output layer : performs multiple tasks with conditioned inference. Four correlated
tasks are produced by the model in the study of Diakogiannis et al. (2020) : field extent
map, field boundaries map, distance to the nearest boundary and reconstruction of the
input image in HSV color space (see section 4.6.3).

Loss function

The loss function used in the ResUNet-a model is the Tanimoto loss and is based on
the DICE coefficient. It’s defined as the average of the Tanimoto distance T(p, l) and
its complement T(1 − p, 1 − l):

T̃(1 − p, 1 − l) =
T(p, l) + T(1 − p, 1 − l)

2
(2.1)

with
T(p, l) = ∑i pili

∑i
(

p2
i + l2

i
)
− ∑i (pili)

(2.2)

where p ≡ pi ∈ [0; 1] represents the vector of probabilities for the ith pixel, and li are
the corresponding ground truth labels (Waldner and Diakogiannis, 2020).

For multiple segmentation tasks, the complete loss function is defined as the average
of the loss of all tasks:

T̃MTL(p, l) = 0.25
[
T̃extent (p, l) + T̃boundary (p, l)+

T̃distance (p, l) + T̃reconstruction (p, l)
] (2.3)
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Waldner and Diakogiannis (2020) demonstrated in their study that the Tanimoto loss
outperforms the standard Dice or the cross-entropy losses. The Tanimoto distance with
complement maintains an equilibrium between tasks and accelerates the training con-
vergence regardless of weights initialisation.

2.4 Image segmentation evaluation metrics

In the context of image segmentation and object detection, it’s crucial to understand
key concepts like True Positive (TP), False Positive (FP), False Negative (FN), and
True Negative (TN). These concepts help in evaluating the performance of models by
analysing the predictions in relation to the ground-truth bounding boxes.

True Positive (TP) refers to instances where both the predicted and actual values are
positive. In object detection, this signifies a correct detection of a ground-truth bound-
ing box, which represents the annotated region corresponding to the target object. Con-
versely, False Positive (FP) occurs when the predicted value is positive, but the actual
value is negative. In object detection, this implies the model has detected the presence
of an object that does not exist or has localized it inaccurately. False Negative (FN) is
the case where the predicted value is negative, but the actual value is positive. In object
detection, this signifies a failure to detect a ground-truth bounding box despite its ac-
tual presence. True Negative (TN) corresponds to instances where both predicted and
actual values are negative. In the context of object detection, TN might represent areas
correctly identified as not containing an object. These concepts can be represented in a
confusion matrix (Figure 2.8).
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FIGURE 2.8: Confusion matrix
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2.4.1 Pixel-based metrics

Precision and Recall

Precision and Recall are specific measures of the performance of a model in the context
of classification, image segmentation and object detection. They are often applied at
the level of instances, objects, or categories in various computer vision tasks.

Precision is a metric that quantifies the accuracy of positive predictions made by a
model. Precision is calculated as the ratio of true positives to the sum of true positives
and false positives. A high precision indicates that when the model predicts the pres-
ence of an object, it is likely to be correct, which is particularly important when false
positives are costly or undesirable. Precision can be written as :

Precision =
TP

TP + FP
(2.4)

Recall, in the other hand, measures the ability of a model to capture all the relevant
instances of a class. It is calculated as the ratio of true positives to the sum of true
positives and false negatives. A high recall indicates that the model is effective at
finding most of the actual positive instances. Recall can be written as :

Recall =
TP

TP + FN
(2.5)

Overall Accuracy

The overall accuracy (OA) is a way of measuring how well a classification model per-
forms. It’s the most commonly used metric for classification models. Calculating the
OA consists to take the number of pixels that were predicted correctly by the model
and divide it by the total number of pixels. This gives a number between 0 and 1,
where 1 means that the model made no mistakes and correctly classified every pixel.
The OA is defined by

OverallAccuracy =
TP + TN

TP + TN + FP + FN
(2.6)

This metric should be used in conjunction with other metrics to get a more comprehen-
sive understanding of the model’s performance. The OA does not distinguish between
types of error, and its result may also vary if the classes analysed are unbalanced. If a
majority class is always predicted with high accuracy, the overall accuracy score will
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be high, whereas the model does not necessarily perform well for minority classes. Ex-
plained in another way, the OA can have a high accuracy even if the precision or recall
has a low value. The use of other metrics therefore enables a deeper understanding of
the model by better identifying its errors and taking into account the different biases
associated with this single metric.

F1-Score

In many scenarios, a trade-off exists between precision and recall. For a more balanced
evaluation, the F1-Score, which is the harmonic mean of precision and recall, can be
employed. The F1-Score, or DICE score, provides a consolidated metric that considers
both precision and recall, making it particularly useful in situations where there is an
imbalanced dataset. The F1-score is defined by

DICE =
2 · Precision · Recall
Precision + Recall

(2.7)

Such as the OA, the DICE score ranges from 0 to 1, where 1 means that the model made
perfect predictions.

Matthews Correlation Coefficient

The Matthews correlation coefficient (MCC) is a metric that indicates the correlation
between the predictions and the validation data. It stands out as the most reliable pixel
metric for evaluating binary segmentation. In their study, Chicco and Jurman (2020)
assess that the MCC provides a high score only when predictions show favourable
results in all four categories of the confusion matrix (Figure 2.8). This score is propor-
tional to both the size of the positive elements and the size of the negative elements
within the dataset. The MCC is defined by

MCC =
TP · TN − FP · FN√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(2.8)

and ranges from -1 to 1, where 1 means that the model made perfect correlation.

2.4.2 Object-based metrics

Intersection over Union

The Intersection over Union (IoU) metric is based on the Jaccard Index, a coefficient
for gauging the similarity of datasets. The IoU is used to evaluate the performance
of object detection algorithms by measuring the overlapping aera between a predicted
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bounding box Bp and a ground-truth bounding box Ba divided by the area of union
between them for a given object (Padilla et al., 2020), which is defined by

IoU(Bp, Ba) =
area(Bp ∩ Ba)

area(Bp ∪ Ba)
(2.9)

The IoU metric is commonly used as a measure of the accuracy of an object detection
algorithm. A higher IoU indicates a better match between the predicted bounding box
and the ground-truth bounding box as shown in Figure 2.9. In practice, a threshold
value t of the IoU is often set to determine whether a predicted bounding box is con-
sidered a true positive or a false positive. The IoU value needs to be greater or equal
to the threshold t to consider the detection of the given object as true positive, other-
wise it’s considered as false positive (Mahdi et al., 2020). The value of IoU is always
between 0 and 1. By convention, a predicted bounding box Bp is considered as being
reasonably good if IoU (Bp, Ba) ≥ 0.5 (Ng, 2018).

FIGURE 2.9: Illustration of the predicted bounding box Bp and the
ground-truth bounding box Ba associated with the IoU score (Amidi and

Amidi, 2019)

For the purposes of this thesis, the IoU metric is derived into two different metrics: the
IoUmedian and the IoU50. The IoUmedian is obtained by taking the median of the IoUs
while IoU50 is the number of objects whose IoU is greater than 50% divided by the
number of objects in the reference dataset.

RecRatesoft

Based on the Jaccard index, like the IoU, Pavlova et al. (2021) have introduced the
RecRatesoft metric which, unlike the other metrics explained above, does not suffer
from over- and under-segmentation errors. Initially, the RecRate index consists of cal-
culating a one-to-one correspondence between two objects f i

ref and f j
pred, the first com-

ing from a reference dataset and the other from the prediction of a deep learning model.
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Under the conditions that J( f i
ref, f j

pred > 0.5) and that these objects do not overlap, the

objects f i
ref and f j

pred are considered to correspond to each other. The RecRate index is
thus defined by

RecRate = 2 · None2one

Nexp + Nref
· 100% (2.10)

where None2one corresponds to the number of one-to-one matches found between f i
ref

and f j
pred elements, Nref and Npred corresponding to the total number of objects in the

reference and prediction datasets.

The RecRate index is sensitive to false positives and false negatives, which is already
an improvement on the IoU metric given that the latter does not take into account
the number of false positives. However, the RecRate index is sensitive to over- and
under-segmentation and penalizes for merge/split errors. The RecRatesoft counters
this drawback as it does not take only the one-to-one correspondences between the
elements f i

ref and f j
pred into account. RecRatesoft is defined by the following criterion:

Ω(a, b) = max
{

S(a ∩ b)
S(a)

,
S(a ∩ b)

S(b)

}
(2.11)

which generates a set of correspondences between the objects in the reference and pre-
diction sets.

The f i
ref object corresponds to the f j

pred object if both of the following conditions are
true:

f j
pred = argmax

f∈ fpred

(
Ω

(
f i
ref , f

))
(2.12)

Ω
(

f i
ref , f j

pred

)
≥ 0.5 (2.13)

Conversely, the f j
pred object corresponds to the f i

ref object if the following two condi-
tions are true:

f j
ref = argmax

f∈ fref

(
Ω

(
f i
pred , f

))
(2.14)

Ω
(

f i
pred , f j

ref

)
≥ 0.5 (2.15)

It allows multiple objects in the reference dataset to correspond to an object in the
prediction, and multiple objects in the prediction to correspond to an object in the
reference data, thus ignoring over- and under-segmentation errors. The RecRatesoft is
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therefore finally defined by

RecRateso f t =
NΩ

ref
Nref

· 100% (2.16)

where NΩ
ref corresponds to the number of objects in the reference set that are part of the

matching set, denoted FΩ, and where Nref corresponds to the total number of objects
in the reference set. Comparing the differences in results between RecRatesoft and IoU
shows the importance of over- and under-segmentation errors.

2.5 Related work

The use of deep learning in the context of remote sensing has attracted significant inter-
est in the latest years. Various studies have been conducted with CNN for the detection
of agricultural fields, but also for other applications (Brodrick et al., 2019).

A first study, freed from advances in deep learning and conducted by Watkins and
van Niekerk (2019), compares and evaluates multiple OBIA techniques for automat-
ically delineating agricultural field boundaries, using multi-temporal Sentinel-2 im-
agery. The authors combine two edge detection algorithms (Canny and Scharr) and
three image segmentation algorithms (watershed, multi-resolution, and multi-threshold)
to conduct six experiments. The results show that the watershed segmentation (WS),
combined with Canny edge detection, produces the most accurate field boundaries.
The Canny edge detection algorithm performs better than the Scharr algorithm, pro-
viding finer field boundary edges. The WS is found to be more suitable than multi-
resolution segmentation (MRS) and multi-threshold segmentation for delineating agri-
cultural field boundaries. The study concludes that the multi-temporal approach,
using the combination of Canny edge detection and WS, holds potential for accu-
rately delineating field boundaries, and acknowledges the limitations of the Sentinel-2
imagery’s relatively low spatial resolution for mapping small, narrow, or irregularly
shaped fields. The research findings suggest that applying the Canny edge detection
algorithm and WS on a larger scale in other agricultural environments could yield fa-
vorable outcomes.

Another relevant study has been conducted by Diakogiannis et al. (2020) concerning
the delineation of field parcels located in South Africa, this time using deep learn-
ing. The authors used the model ResUNet-a to analyse satellite images and identify
three different outputs: the extend of fields, the field boundaries and the distance to
the closest boundary. They observed that the model’s performance and its ability to
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generalise greatly improve by asking the algorithm to reconstruct the three correlated
outputs precited. They first used a single monthly composite image from Sentinel-2 as
input and obtained highly accurate results on individual fields identification, but only
by achieving post-processing techniques such as thresholding or watershed segmen-
tation. In a second time, the researchers discovered that using multiple images taken
over a season helped to reduce the temporal variations of accuracy without recali-
bration. The ResUNet-a model has been shown to accurately detect field boundaries
and discard irrelevant boundaries, and thereby outperforming conventional edge fil-
ters. For South African fields averaging 13 ha, the average accuracy (F1-Score) is 92%.
Moreover, 99% of the fields used during training are well identified, both in terms of
their shape and position.

Another research conducted by Waldner et al. (2021) presents a method, DECODE (DE-
tect, COnsolidate, and DElinetate), which automatically extracts accurate field bound-
ary data from satellite imagery using deep learning based on spatial, spectral, and
temporal indices. The researchers introduce a new CNN, FracTAL-ResUNet, and two
uncertainty metrics to characterize the confidence of the field detection and field de-
lineation processes. The study demonstrates the performance and scalability of the
method by extracting fields across the Australian grains zone with an overall pixel-
based accuracy of 87% and an overall field-based accuracy of up to 88%. Additionally,
the authors trained a model on data from South Africa and found that it transferred
well to unseen Australian landscapes, indicating the operational maturity of large-
scale field boundary extraction based on deep learning.

Still using the FracTAL-ResUNet model, a study conducted by Wang et al. (2022a)
explores the challenges and solutions for automated field delineation in smallholder
agricultural systems. The authors addresses the lack of field boundary datasets in
smallholder systems due to small fields requiring high-resolution satellite imagery and
a lack of ground labels for model training and validation. The study aims to overcome
these challenges by combining transfer learning and weak supervision and demon-
strates the success of these methods in India by generating efficiently 10,000 new field
labels. The researchers used a state-of-the-art neural network pre-trained on France
field boundaries and then fine-tuned on India labels, achieving a median Intersection
over Union (IoU) of 86% in India. They also experimentally show that pre-training
in France reduces the number of India field labels needed to achieve a given perfor-
mance level by as much as 20x when datasets are small. The study found that training
on partial labels is preferable when labeling resources are constrained and that multi-
temporal but lower-resolution PlanetScope imagery outperformed the consensus of
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multiple months of imagery in India. The findings of this work suggest that by effi-
ciently collecting partial labels and using transfer learning, smallholder fields can be
delineated at large geographic scales.

Previous research has also explored the use of fully convolutional networks and com-
binatorial grouping to map agricultural parcels in smallholder farms (Persello et al.,
2019). Two study areas was analysed, in Nigeria and Mali. Accurately mapping agri-
cultural resources in these regions can be difficult due to the small plot size (< 2 ha),
irregular field shapes with unclear boundaries, and seasonal variations in surface re-
flectance. The researchers used very high resolution (VHR) satellite imagery and em-
ployed the SegNet model, a convolutional neural network that can learn complex fea-
tures in the image and identify sparse field contours accurately. A hierarchical seg-
mentation was derived from the contours using the oriented watershed transform and
by iteratively merging adjacent regions based on the average strength of their common
boundary. Finally, field segments was obtained by adopting a combinatorial grouping
algorithm exploiting the information of the segmentation hierarchy. Their proposed
method shows promising results, delineating field boundaries automatically with F-
scores higher than 70% and 60% in the two study areas in Nigeria and Mali, respec-
tively, thereby outperforming alternatives methods.

In another work, Jong et al. (2022) also proposed a new approach, this time using an
adversarial training framework to improve field boundary prediction. They trained a
ResUNet model as a generator in a traditional generative adversarial network (GAN)
setup to induce a "well-formed boundary style" on the distribution of model outputs.
The results showed that adversarial training substantially improved boundary qual-
ity and performance, particularly by reducing the need for post-processing methods.
However, the transfer of the trained model to label-scarce regions in Brazil showed
limited success, in contrary to Waldner et al. (2021).

In conclusion, the different studies presented highlight the progress and potential of
deep learning in remote sensing for agricultural land delineation, with different method-
ologies and models showing promising results. These promising results are one of the
arguments for choosing the ResUNet-a model to answer the question posed in this
thesis. Since then, other newer and more promising models have emerged, such as the
FracTAL-ResUNet model, but ResUNet-a has a less complex structure and therefore
has the advantage of being more accessible in the context of this thesis.
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Objectives

Numerous studies have shown that deep learning models excel at image segmenta-
tion and classification, outperforming more traditional methods. The use of such deep
learning models for the delineation and extraction of agricultural parcel boundaries
makes no exception. In this domain, Waldner and Diakogiannis (2020), among others,
have shown very satisfactory results in evaluating the performance of a convolutional
neural network called ResUNet-a. However, the problem remains that these advanced
models require a very large amount of training data to excel at their task. For field
boundary delineation, the lack of field data to train the ResUNet-a model can quickly
become a limiting factor in addition to the associated computational cost. The main
objective of this research is to assess whether it is possible to partially replace field
data with data obtained using traditional image segmentation algorithms, which do
not require field data as input, without affecting the performance of the ResUNet-a
convolutional neural network. This research therefore seeks to answer the question:

To what extent are field data dispensable for training the ResUNet-a neural network in au-
tomatic field boundaries delineation ?

To answer this question, several objectives are pursued.

The first one is to preprocess the images that make up the dataset for training and
validating the ResUNet-a model and on which an image segmentation algorithm is ex-
ecuted. The preprocessing includes three steps : cloud mask application, NDVI calcu-
lation and composites aggregation. The images used come from the Sentinel-2 satellite
and focus on Wallonia in Belgium, as access to existing data is a prerequisite for this
work. However, part of the ambition is to apply this deep learning model to regions of
the world where data is absent or scarce.

The second objective is to apply a multi-resolution segmentation on the pre-processed
images. The aim of this phase is to obtain a segmentation of existing agricultural
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parcels using the MRS algorithm via the eCognition software, as opposed to the seg-
mentation of agricultural parcels obtained manually by farmers. To improve segmen-
tation, a SVM classification is also applied to differentiate the field class from the non-
field class.

The third objective focuses on the ResUNet-a convolutional neural network and is
composed of several steps, including training, inference and instance segmentation
among others. Multiple models are trained. Some is trained from scratch, i.e with-
out transferring the learning of a pre-trained model, with different percentages of field
data. These trained models from scratch corresponds to a supervised training, while
other models, named mix, are first pre-trained with data obtained by an algorithm,
corresponding to self-supervised training, and then trained with different percentages
of field data.

The final objective is therefore to analyse the performance of the different models, and
requires the use of image segmentation evaluation metrics selected in the literature re-
view. The evaluation of the model performance consists precisely in quantifying the
volume of field data that can be dispensed with for the training of the model without
reducing its capacity to delineate field boundaries.
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Material and methods

This chapter details the comprehensive process of data collection and experimenta-
tion undertaken to address the central question posed in this thesis. The section 4.1
presents the chosen study area followed by the time period (4.2), while the section 4.3
presents the different datasets collected and their characteristics. The section 4.4 covers
all the preprocessing techniques used to generate the different inputs required for the
eCognition segmentation and for the training and evaluation of the ResUNet-a model.
Finally, while the penultimate section (4.5) explains the processes used for the eCog-
nition segmentation, the last one (4.6) covers the entire methodology specific to the
ResUNet-a model, from its training to the evaluation of its performance.

4.1 Study aera

The study area, located in Wallonia in the south of Belgium, is intented to cover the
diversity of agricultural fields present in Wallonia. Wallonia has a temperate oceanic
climate characterized by moderate temperatures, abundant cloud cover and frequent
precipitation. The study area includes three distinct training zones and an inference
zone (Figure 4.1). The interest is to teach the convolutional neural network to recognize
all the features of field plots which have particularities according to the region.

4.1.1 Brabant and Hennuyer plateaus

The Hennuyer plateau and the Brabant plateau are characterized by lowlands with
large fertile areas. These two regions can be generalized as being the silty plateaus of
Wallonia even if the Hennuyer region presents some more sandy-silty zones. Such a
relatively flat surface as well as the agricultural richness of the soils of the silty region
favored the intensive production of large-scale crops. The average surface area of fields
in this region is 2.41 hectares.
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4.1.2 Hesbaye

The region of Hesbaye is very fertile with soils rich in silt and clay which make them
well drained. The Hesbaye is a rather flat region particularly known for its vast culti-
vated fields as far as the eye can see, they are also often called openfields. The average
surface area of fields in this region is 2.99 hectares.

4.1.3 Ardennes

The Ardennes region is very hilly, its relief has been shaped by the Meuse River and
numerous rivers. The Ardennes are known for the important presence of forest massifs
and its grasslands on steep grounds. Its significant topography makes the Ardennes
more of an extensive agricultural region, and rather based on livestock and forestry.
The average surface area of fields in this region is 2.33 hectares.

Inference

Training zones :
Brabant & Hainaut plateaus

Hesbaye

Ardennes

FIGURE 4.1: Location of the three training and inference zones forming
the study area in Wallonia
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4.2 Study period

The selected study period runs from September 2018 to September 2019, covering a full
annual agricultural season. This duration is deliberately chosen to capture the diver-
sity of crops, as the land is sown in both winter and summer. However, not all months
of the year are included in the training of the ResUNet-a model for several reasons.
Firstly, the optical imagery provided by Sentinel-2 is hindered by the clouds and other
atmospheric phenomena. As a result, some monthly composites cannot be used due to
the presence of significant cloud cover. The second reason is the computational cost of
using too many images to train the model. Therefore, only certain months are selected,
namely September, April, May, June and July. September is crucial to capture the soil
when winter crops are sown, while April provides information on their growth and
spring sowing. May, June and July correspond to the summer growing season.

It should be noted that the lack of images at certain times of the year is a legitimate
criticism in the context of this study. In fact, certain seasons are completely absent
from the table, in particular winter and spring. However, the aim of this work is only
to evaluate whether the training of the ResUNet-a model can do without a certain per-
centage of field data for its training by replacing it with algorithmic data, and therefore
does not aim to optimize an efficient ready-to-use model.

4.3 Data collection

4.3.1 Satellite data

The choice of satellite data is crucial in the evaluation of an artificial intelligence model
and especially for the monitoring of agriculture which evolves over time and depend-
ing on the weather. For this reasons, it is necessary to choose a satellite with a high
frequency revisit and a sufficient image resolution to discriminate the objects to iden-
tify. Sentinel-2 imagery is chosen. It has a five-day global revisit frequency that allows
to obtain a higher probability of obtaining cloud-free images. In addition, Sentinel-2
images have a resolution of 10 meters for the red, green and blue bands as well as the
near-infrared (NIR), which is important to be able to identify the smallest agricultural
fields. All the Sentinel-2 bands are summarised in Table 4.1.
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TABLE 4.1: Spectral bands of Sentinel-2 and its resolutions

Band Band name Wavelength range [µm] Resolution [m]

B01 Coastal/Aerosol 0.43 - 0.45 60
B02 Blue 0.45 - 0.51 10
B03 Green 0.53 - 0.59 10
B04 Red 0.64 - 0.68 10
B05 Vegetation Red Edge 0.70 - 0.74 20
B06 Vegetation Red Edge 0.74 - 0.78 20
B07 Vegetation Red Edge 0.78 - 0.85 20
B08 NIR (Near-Infrared) 0.85 - 0.88 10

B08a Narrow NIR 0.85 - 0.88 20
B09 Water Vapor 0.93 - 0.96 60
B10 SWIR - Cirrus 1.36 - 1.38 60
B11 SWIR 1.57 - 1.66 20
B12 SWIR 2.10 - 2.29 20

The images from September 2018 to September 2019 are acquired by ESA and provided
by the Geomatic research lab of UCLouvain. Only the Level-2A (L2A) images of the
bands B02, B03, B04 and B08 are extracted. The L2A product provides orthorectified
Bottom-Of-Atmosphere reflectance, with sub-pixel multispectral registration. It also
includes the Scene Classification (SCL) masks, which are used to categorise or classify
different types of land cover or clouds (see section 4.4.1).

4.3.2 LPIS

The LPIS for Wallonia, namely the Système Intégré de Gestion et de Contrôle (SIGeC), is
managed by the Walloon public service (SPW), which includes the identification of
farmers and the parcels they farm. This reference data layer is provided on an annual
basis. The crops and plots declared in place on 31 May of the year are listed in a
shapefile vector format, which is made available to the public in the course of the
following year in the form of an anonymous parcel layer. The anonymous agricultural
parcel layer used for the models’ training is the SIGeC for the year 2019.

4.4 Preprocessing

Once the Sentinel-2 images are collected, a number of steps are required to obtain the
inputs needed to train the ResUNet-a model and carry out the segmentation on eCog-
nition. An overview of the preprocessing stages can be seen in Figure 4.2. The 5-layer
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NDVI composite is used for ResUNet-a while the multiband composites are used for
eCognition. All steps are performed using Python with the numpy and rasterio li-
braries. The bands selected for this study are the 10m resolution B02, B03, B04 and B08
and the SCL resampled from 20m to 10m.

Free-clouds
images

Sentinel-2
Imagery
L2A level

NDVI 
monthly

composites

Clip ROI
SCL mask Aggregation

NDVI 
images

NDVI
calculation

NDVI 
composite 
(5 layers)

Stacking

Multiband monthly 
composites (RGB + NIR)

Aggregation

FIGURE 4.2: Overview of the preprocessing workflow

4.4.1 Cloud mask application

The first step is to clip the Sentinel-2 tiles according to the region of interest and then
apply the SCL mask. The mask is generated using different spectral bands in the
Sentinel-2 image and is used to identify different features on the Earth’s surface, in-
cluding the presence of clouds, cloud shadows, water, snow, etc. Each pixel in the
image is assigned to a specific class based on its spectral content, only the vegetation,
no vegetated, water and unclassified classes are retained in this work.

The red, blue, green and near-infrared bands have a resolution of 10 meters. Since
the SCL mask has a resolution of 20 meters, the cloud masks must first be upscaled
from 20 to 10 meters before being applied, using the nearest neighbour resampling
method. The different images generated are saved in TIF format for each individual
band.

4.4.2 Normalised Difference Vegetation Index calculation

The next step is to calculate the Normalised Difference Vegetation Index (NDVI) from
measured reflectances in the red and near-infrared bands (B03 and B08 respectively).
The NDVI is a widely used numerical indicator in remote sensing that quantifies the
presence of healthy green vegetation in a given area, ranging from -1 to 1, with higher
values indicating healthier vegetation. It is particularly useful for monitoring changes
in vegetation over time and space.
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The NDVI is calculated as follows:

NDVI =
(NIR − Red)
(NIR + Red)

=
(B08 − B03)
(B08 + B03)

(4.1)

4.4.3 Composites

From the NDVI images generated, all images belonging to a given month of the year
are combined to compute the values forming a monthly composite for the three train-
ing zones and the inference zone. The median method allow to combine the valid
NDVI values and to exclude pixels classified as clouds. The median computation lim-
its the impact of extreme values for clouds potentially unmasked, which would greatly
affect the final result of the composite if the mean method were used. Each composite
is assessed visually in QGIS, with quality assessment based on several criteria: overall
cloud coverage and potential poorly cloud mask correction (presence of artefacts or
unmasked clouds).

A monthly composite is only selected if the respective composites for all the zones
for the same month meet the quality criteria. Therefore, the composites for the follow-
ing months are selected for the four zones: September, April, May, June and July.

For each zone, the median monthly composites are stacked to obtain a single image
of five layers (one layer for each month), resulting in four composites of five layers
each. Based on the full-size composites of the three training zones (Figure 4.3), the im-
ages are also truncated to obtain composites with 2, 3, 4, 5, 10, 25, 50 and 75% of field
data remaining in order to train the ResUNet-a model with different volume of field
data (see section 4.6.1 for more explanations). Before the storage in TIF format, all the
NaN values are converted to -1 in order to fit with the model.

In addition, multiband composites are generated from the cloud-free images, still using
the median method, to perform the eCognition segmentation (see Section 4.5). Multi-
band composites include the RGB and NIR bands.
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FIGURE 4.3: The 5-layer NDVI composites of the three training zones and
their cut-outs
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4.5 eCognition segmentation

4.5.1 Software

The algorithms used to segment and classify agricultural plots are based on eCognition.
Marketed by Trimble, it’s an advanced commercial software designed to automate the
analysis and interpretation of satellite imagery. It provides a range of capabilities, in-
cluding pixel-based object creation, production of larger objects from existing objects,
image segmentation and object classification.

4.5.2 Field segmentation and classification

The input used for the segmentation is a monthly multiband composite of April 2019,
which includes all three training zones. The choice of the image is based on a visual
quality criterion, the April image is thus chosen because of its minimal cloud cover
and the great local contrast between parcels it provides. The use of multiband imagery
allows optimal use of the segmentation algorithm, as the weight of each image layer
can be adjusted in its operations. Prior to segmentation, the NDVI is calculated from
the red and infrared bands, enriching the image with layers of red, green, blue, near-
infrared and NDVI.

MRS algorithm generates polygons on the image according to predefined parameters.
Once these parameters have been defined, the algorithm groups the pixels or objects
at each iteration to form clusters that best meet the specified criteria. The parameters
include the shape, compactness and scale.

The segmentation is performed in several steps, as shown in Figure 4.4, and illustrated
further in Figure 4.5. An initial segmentation is performed at a pixel scale to create
pixel clusters in the form of small objects. A classification is then performed to distin-
guish between field and non-field areas, thus improving the second segmentation of
the plots at an object scale.

Fields
Multiband
monthly

composite

Non-fields

SVM classification

eCognition 
segmentation

MRS
Small clusters

MRS

FIGURE 4.4: Overview of the eCognition segmentation
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The classifier used is a SVM algorithm, chosen because of its ability to handle small
training datasets, unlike most supervised training algorithms as explained in section
2.2.2. In the context of this work, it’s important to be able to do a segmentation with-
out a significant volume of training data, and therefore to be able to generate a small
training dataset in a short time. To train the classifier, 15 field samples and 10 non-field
samples are manually selected, all corresponding to clusters of the first segmentation
and representing as many different patterns as possible. The classification is assessed
by visual interpretation, distinguishing the majority of fields and non-fields without
excessive optimisation, in order to avoid the exclusion of fields existing but not recog-
nized by the algorithm.

A second segmentation is then performed at the object level by applying a filter to con-
sider only the class of fields. This step involved grouping the clusters created during
the first segmentation into larger objects, potentially representing cultivated parcels.

4.5.3 Parameters

The main parameters to be taken into account for a MRS are the scale, the shape and
the compactness. The scale determines the interspectral variation between objects and
therefore their size. A higher value results in more variation and therefore larger ob-
jects. For the shape, the value must be between 0 and 1. A value close to 0 favours
colour as the determining factor in agglomeration, while a value close to 1 gives more
weight to the shape homogeneity of the objects. Lastly, the compactness must be also
between 0 and 1. A value close to 1 corresponds to a circular object, while a value
close to 0 is suitable for more elongated shapes. In addition to these three main pa-
rameters, the weight allocated to each layer of the image can be modified, the higher
the weight which is assigned to a layer the more of its information is used during the
segmentation process. All the parameters used are shown below in Table 4.2.
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TABLE 4.2: Parameters used for the MRS at the pixel and object levels

Parameters Pixel level Object level

Scale 20 40
Shape 0.6 0.7

Compactness 0.8 0.6

Layers Weights

Red 1
Green 1
Blue 1
NIR 1

NDVI 5

In eCognition, these parameters are chosen iteratively by trial and error, given that no
universal method has been found to identify the most optimal segmentation parame-
ters as explained in section 2.1.4. The final result is therefore chosen on the basis of an
overall observation of all agricultural plots in the three training zones.

For classification, the SVM uses a linear kernel and a C parameter of 2, which is the
default value proposed by eCognition. According to the software, the C parameter is
a regularisation parameter that controls the trade-off between achieving a low training
error and a low testing error, thus influencing the penalty for misclassifying training
examples.
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FIGURE 4.5: Illustration of the segmentation and classification stages per-
formed on eCognition software
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4.6 ResUNet-a

4.6.1 Method overview

To pursue the objective of this Master’s thesis, the ResUNet-a model is used and trained
several times independently with different input data for comparison purposes. For
the sake of clarity, these different versions of the model are referred to as projects so as
not to confuse them with the ResUNet-a model in its general sense.

The method consists of comparing the predictions of different projects, each trained
with a different type of training and volume of field data. To make the following clear,
two types of input are required to train a model: raster images corresponding in this
thesis to the 5-layer NDVI composites, and a shapefile of the field plots (the eCogni-
tion segmentation or the LPIS, depending on the project). The Figure 4.6 illustrates the
whole methodology for a better understanding.

Initially, the Pre-training project is built. This project consists of a self-supervised learn-
ing, i.e the model is trained on data generated by an algorithm (the eCognition seg-
mentation). Once the Pre-training project is obtained, its learning is transferred to new
projects called Mix. Based on the pre-training, these Mix projects are in turn trained
with supervised learning, i.e on a set of input data where each field plot has an as-
sociated label thanks to the LPIS, corresponding to the field data. They are therefore
trained with both self-supervised and supervised learning. The different Mix projects
differ solely in the amount of field data used during their supervised training. These
different projects are called Mix 100, Mix 75,... depending on the percentage of field
data used as input for training the projects. To reduce the amount of field data, the
composites are truncated as described in section 4.4.3.

A final set of projects is then constructed and trained with supervised learning only.
These projects are trained from scratch, i.e. without transferring the learning from the
Pre-training project. These projects are called Scratch 100, Scratch 75,... in the same way
as the Mix projects. A Mix project and a Scratch project with the same percentage are
thus trained on the same composites (Figure 4.3), but the first includes a pre-training
stage with eCognition segmentation and the second does not.

Once trained, each project makes a prediction on an inference image, a 5-layer NDVI
composite, corresponding to new data. The accuracy of these predictions is then eval-
uated using the metrics OA, F1-Score, MCC, IoU and RecRatesoft. All the intermediate
stages are explained below.
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FIGURE 4.6: Overview of the method used from the training to the perfor-
mance evaluation of ResUNet-a
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The projects created can thus be summarized as follows :

Pre-training : this project involves training the model solely with algorithmic data, i.e
the eCognition segmentation. It serves as the basis for the creation of the Mix projects.

Mix 100, 75, 50, 25, 10, 5, 4, 3 and 2 : these projects include the transfer learning of
the Pre-training project, on which it is then trained using respectively 100%, 75%, 50%,
25%, 10%, 5%, 4%, 3% and 2% of field data.

Scratch 100, 75, 50, 25, 10, 5, 4, 3 and 2 : these projects involve training the model
solely with field data, i.e. the LPIS shapefile. The Scratch 100 can be considered as the
baseline as it is trained only with field data and the full-size composites. The number
of each project corresponds to the percentage of field data used as input.

The Figure 4.7 shows a visual summary of the inputs used in each project.
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FIGURE 4.7: Summary of the inputs of each project
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4.6.2 Model

The ResUNet-a model is built using the mxnet deep learning library under the GLUON
API (Diakogiannis et al., 2020) and is used in the context of this thesis through the Cen-
ter for High Performance Computing and Mass Storage (CISM) of UCLouvain. The
model used in this thesis corresponds to that employed by Diakogiannis et al. (2020),
the ResUNet-a d7 model.

There are 5 stages to run the model :

1. Creation of an instance mask from a shapefile

2. Generation of training data from the image and instance mask pair

3. Training of a ResUNet-a model

4. Inference with a trained model

5. Generation of fields in a vector format with instance segmentation

The five steps used for each project are described below.

4.6.3 Instance mask and training data creation

Based on reference shapefile and rasters which hold the targeted characteristics, an
instance mask is created and paired with each small chip produced by chopping the
raster images. The reference shapefile and the rasters used for the different projects
differ and are summarized in the Figure 4.7.

Once satellite images and instance masks are paired, training and validation data can
be extracted from them. The training set is used by definition to train the model while
the validation set serves as a separate subset for fine-tuning the hyperparameters and
providing an unbiased evaluation of the model during training by avoiding overfit-
ting. Images are automatically split into validation (10%) and training sets (90%). Im-
age areas with missing values are automatically not used as training or validation data.

The version used is ResUNet-a in multitasking mode, that is, the model learns mul-
tiple tasks at once. The model thus produces four correlated tasks, as illustrated in
Figure 4.8 :

1. The field extent mask (the probability of each pixel to be in a field)

2. The field boundary mask (the probability of each pixel to be a boundary),
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3. The distance to the closest boundary

4. The reconstruction of the input image in the Hue-Saturation-Value space.

Aerial Image Extent Mask Boundary Mask Distance Mask

0.2 0.5 0.8
NDVI

0.2 0.5 0.8
Cropland probability

0.2 0.5 0.8
Boundary probability

0.2 0.5 0.8
Normalised distance to
the closest boundary

FIGURE 4.8: Example of a 256x256 chip with its related extent, boundary
and distance masks

4.6.4 Training

Once the 256x256 chips have been created, a normalisation process is applied to the
input images, as neural networks like to have inputs between 0 and 1. This helps
the neural networks to converge faster during training and thus achieve better per-
formance (Waldner and Diakogiannis, 2020). By default, the model use the training
images to derive the means and standard deviations to use.

This step also includes a data augmentation processing to introduce variance in the
training. As explained by Waldner and Diakogiannis (2020), this augmentation in-
volves geometric transformations to ensure that the algorithm is exposed to slightly
different images in each iteration. The purpose of data augmentation is to mitigate
overfitting, a phenomenon in which a machine learning model adapts excessively to
the training dataset, capturing specific details rather than effectively generalising and
making predictions on images it has never encountered. During this augmentation
process, each image and its corresponding ground truth mask are randomly rotated at
different angles with a random centre, and zoomed in or out based on a random scale
factor. Any parts of the image remaining outside the frame after these transformations
are filled using reflect padding.

The projects are trained with an Adam optimizer (Kingma and Ba, 2017) and an ini-
tial learning rate of 0.001. Every 25 epochs, the learning rate decreases by a factor of
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0.316. The projects are trained during 110 epochs and are optimised on the basis of the
MCC metric on the extent of the 10% of data used for validation. The weights with the
highest MCC on field extent within the 110 epochs is retained for each project.

4.6.5 Inference

Inference zone

 
September

April

May

FIGURE 4.9: Illustration and location of the 5-layer NDVI composite used
for inference

Once the training process is complete, the trained model can be used to make predic-
tions on an inference image through a simple forward pass. The inference image of this
study is a 5-layer NDVI composite that hasn’t been used during the training (Figure
4.9).
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Convolutional neural networks use contextual information to make predictions, and
it is expected that their accuracy in classifying objects will vary depending on the lo-
cation of the object within the input image. Objects located in the centre of the input
images are expected to be well classified because their context is described uniformly
in all directions. However, objects located near the edges of the input images may face
challenges because they are missing parts of their context, potentially leading to mis-
classifications.

To address this issue, Diakogiannis et al. (2020) generate input images using a mov-
ing window of size 256 with a step size of 64 in each direction. This effectively varies
the position of the image objects within the input images. The inference is then per-
formed on all sets of input images and the results are averaged using the arithmetic
mean. This approach aims to mitigate the potential misclassifications caused by the
varying contextual information near the edges of the input images.

4.6.6 Instance segmentation for individual fields extraction

While the ResUNet-a convolutional neural network is capable of strictly identifying
field boundaries, it is not necessarily capable of generating closed boundaries. An
important step in extracting individual fields is therefore the application of instance
segmentation.

Two post-processing methods introduced by Waldner and Diakogiannis (2020) include
one based on thresholding and the other on watershed segmentation. Both use multi-
ple semantic segmentation results and are data-driven, allowing automatic optimisa-
tion with a small reference sample. The cutoff method generates individual fields by
thresholding and combining the boundary mask and the extent mask, while the wa-
tershed method extracts fields by all segmentation masks in a watershed algorithm.
Waldner and Diakogiannis (2020) conclude that both approaches produce similar re-
sults.

The watershed segmentation is chosen for this work because of a deeper understand-
ing of the method provided by previous readings on the watershed algorithm, where it
has shown satisfactory results, ensuring its reliability (Watkins and van Niekerk, 2019;
Wang et al., 2022a). The basics of the algorithm have already been explained in the
previous section 2.1.3.
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4.6.7 Performance evaluation

The different projects are assessed using metrics at pixel and object levels. The met-
rics used include OA, F1-Score, MCC, IoU and RecRatesoft, which are explained in the
previous section 2.4, and are applied to the instance segmentation. The pixel-based
metrics used are based solely on the field extent and not the field boundaries.

The resolution of the Sentinel-2 bands used is 10 metres. Therefore, field plots smaller
than 0.09 hectares are excluded from the calculations to limit the impact of image res-
olution on the performance assessment.
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Chapter 5

Results

This chapter provides a comprehensive overview of the outcomes derived from the
methodology described in Chapter 4. The first section focuses on the training of the
different projects in short, followed by the evaluation of their performance. The per-
formance evaluation includes qualitative observations on the inference results as well
as the analysis of the various metrics selected beforehand. The Mix and Scratch projects
are first evaluated individually before their different performances are compared in or-
der to highlight the effects of pre-training the ResUNet-a model. Finally, a comparison
is made between the segmentation performed on eCognition and that performed by
ResUNet-a.

5.1 Training

As mentioned above, the projects are trained during 110 epochs and optimised based
on the MCC metric on the extent of the validation set. The weights with the highest
MCC on the extent field within the 110 epochs are selected for each project, ensuring
the selection of the most optimal model.

The Scratch 100 project, or baseline, is used as an example in Figure 5.1, which shows
the different metrics that can be used to select model weights. It can be seen that the
metrics give similar curves and would have had little impact on the choice of weights.
The weights for the baseline project are selected at epoch 108 with a maximum MCC
of 0.8513 for the field extent. Optimum training for all projects is usually achieved be-
tween the 100th and 110th epochs.

Figure 5.1 shows a number of significant downward peaks, most of which correspond
to the start of a new learning rate cycle. A significant upward peak occurs from the
fourth cycle onwards, after which variations in the MCC between epochs become
marginal and where the optimal model is selected.
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FIGURE 5.1: Evolution of the different metrics during the 110 epochs of
training where the red line indicates the optimal model according to the

MCC Extent

By cutting the 5-layer NDVI composites used as inputs for training the ResUNet-a
model as explained in section 4.4.3, the number of labelled field plots could be re-
duced for training the different projects. Figure 5.1 summarises the number of labelled
field plots used as inputs for each Mix and Scratch project, showing a decrease of over
100,000 labelled fields for training between projects containing 100% and 2% of the
5-layer NDVI composites.

TABLE 5.1: Number of field plots per zone used for training according to
the project index, i.e. the percentage of field data used for training

Project index Brabant & Hainaut plateaus Hesbaye Ardennes TOTAL

100 30 460 37 050 39 746 107 256
75 23 799 31 282 27 985 83 066
50 16 924 22 550 18 293 57 767
25 8 179 11 503 10 082 29 764
10 3 936 5 786 3 736 13 458
5 2 056 2 846 1 995 6 897
4 1 658 2 376 1 723 5 757
3 1 311 1 814 1 440 4 565
2 922 1 175 1 088 3 185
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5.2 Performance evaluation

As introduced in the previous sections, the different projects are trained on a training
set corresponding to 90% of the three training zones with the remaining 10% serving
as a validation set. The models are then evaluated on an inference zone corresponding
to the test set, which comprises 2,522 field plots covering 311 km², i.e. approximately
3% of the study area in terms of number of fields and 6% in terms of surface area.

 
Extent

Boundary

Distance

 
   

Prediction 100%

LPIS 2019

FIGURE 5.2: Example of results for the entire inference zone. From left
to right: the NDVI monthly composite of April 2019, the prediction ob-
tained for the Mix 100 project and the associated instance segmentation

compared with LPIS 2019
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An example of the results obtained for the entire inference zone is given above in Fig-
ure 5.2, but the interpretation is done on a zoom in Figure 5.3 for better visualisation.

Figure 5.3 shows an example of predictions where from the second to the fourth row
of figures, the predictions are in the form of color composites representing the extent,
boundaries and distance masks. At first glance, the predictions of the Mix and Scratch
projects show only slight differences depending on the amount of field data used for
training. Comparing the third and fourth rows of Figure 5.3, we can see that training
with 2% of field data makes the field boundaries slightly blurred, the intermediate per-
centages are thus not shown in the figure due to the small gradient of variation. Com-
paring the different instance segmentations in the fifth and sixth row gives a clearer
picture of the differences; the projects trained with 2% of field data more occasion-
ally appear to over-segment the field parcels compared to the LPIS and to the projects
trained with 100% of field data. In addition, the ResUNet-a model sometimes detects
field plots that do not exist when compared to the NDVI image of the first row, this
phenomenon is visible in the lower right part of the instance segmentations.

When comparing the Mix and Scratch projects, only minimal differences are visible
to the naked eye. When comparing the segmentation instances, Scratch 2 seems to suf-
fer more from noise than Mix 2. However, no statement about the effect of pre-training
can be made on the basis of qualitative observation, a quantitative analysis is necessary.

Finally, the most glaring observation that can be made qualitatively is that the LPIS
segmentation is not a perfect reference in itself. In fact, the second line of the figure
highlights existing parcels that were detected by the ResUNet-a model but not declared
and therefore not included in the LPIS. However, the number of undeclared parcels in
the study area is not sufficient to have a real impact on model learning.
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LPIS 2019
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Prediction 2%

Prediction 100%
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FIGURE 5.3: Zoom on the NDVI monthly composite of April 2019 and
the predictions obtained for Mix and Scratch projects trained with 2% and
100% of field data, as well as the associated instance segmentations com-

pared with LPIS 2019

The following sections provide a quantitative analysis.
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5.2.1 Scratch projects

As shown in Table 5.2, the pixel-based metrics and the RecRateso f t scores show very
similar results regardless of the number of field plots used to train the projects. The
standard deviation shows that the deviation from the mean is particularly low for OA
and RecRateso f t. Furthermore, although this standard deviation is slightly higher for
MCC and DICE, the analysis of the results by project shows no correlation between the
amount of field data used for training and the performance of the ResUNet-a model.
Nevertheless, both IoU50 and IoUmedian have a higher standard deviation than the oth-
ers. For the latter, we can see that the results decrease by about 14% and 12% respec-
tively between the Scratch 100 and Scratch 2 projects, showing a decrease in model
performance as the number of fields used for training decreases.

TABLE 5.2: Performance assessment on the pixel- and object-based metrics
for the projects from scratch, i.e. without pre-training

Scratch projects

Metrics 100% 75% 50% 25% 10% 5% 4% 3% 2% mean std dev

OA 83.03 82.01 81.58 82.03 82.68 81.73 81.00 81.97 81.14 81.91 0.66
DICE 68.44 67.51 66.92 67.38 68.28 66.30 64.72 67.29 65.12 66.88 1.29
MCC 62.60 61.86 61.13 61.58 62.69 59.69 57.29 61.45 57.95 60.69 1.96
RecRateso f t 97.18 97.50 97.15 97.03 96.91 96.00 94.89 97.34 96.27 96.70 0.84
IoU50 65.74 66.57 65.66 63.64 64.63 56.62 56.42 56.15 52.22 60.85 5.43
IoUmedian 76.72 78.23 76.37 75.42 76.45 69.19 68.64 69.90 65.23 72.91 4.66

The different projects from scratch achieved an average OA of 82%. Although this
value is satisfactory in itself, it is not sufficient to judge the real performance of the
model. Indeed, if we compare it with the DICE and MCC scores, which have aver-
age results of 67% and 61% respectively, we quickly see the limitations of OA, which
is particularly sensitive to unbalanced classes. For object-based metrics, RecRateso f t

averages 97%. This softer measure ignores errors due to over- or undersegmentation,
showing that this is the main problem the model suffers from. As mentioned above,
the accuracy of the IoU50 increases from around 52% to 66% between training with 2%
of field data and training with 100% of field data, while the accuracy of the IoUmedian

increases from around 65% to 77%. If we relate these results to the number of fields
used to train the model, we see that around 10,000 additional field labels are needed
to obtain an improvement of around 10%. Beyond 10,000 additional field labels, the
performance improvement is marginal.
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5.2.2 Mix projects

As shown in Table 5.3, the different Mix projects achieve an average Overall Accuracy
of 82%, while the DICE and MCC metrics are around 67% and 61% respectively. For
the object-based metrics, RecRateso f t averages 97%, still showing that the main errors
are due to over- and under-segmentation. Both IoU50 and IoUmedian show a decrease
in model performance with the reduction in field data used for training, but the pro-
gression is less pronounced than for the Scratch projects, this can be seen in a lower
standard deviation. There is a difference of 7% and 5% between Mix 2 and Mix 100
projects for IoU50 and IoUmedian respectively.

TABLE 5.3: Performance assessment on the pixel- and object-based metrics
for the Mix projects, i.e. with pre-training

Mix projects

Metrics 100% 75% 50% 25% 10% 5% 4% 3% 2% mean std dev

OA 81.50 81.95 82.09 81.80 82.54 81.53 81.71 81.74 81.68 81.84 0.32
DICE 66.62 67.18 67.30 67.02 68.11 66.57 66.70 67.15 66.90 67.06 0.47
MCC 60.59 61.24 61.33 61.07 62.50 60.44 60.52 61.42 60.95 61.12 0.63
RecRateso f t 97.38 97.07 97.42 97.18 97.46 96.75 97.11 97.42 97.07 97.21 0.24
IoU50 65.74 65.86 64.99 63.20 63.01 61.26 60.31 61.78 58.76 62.77 2.47
IoUmedian 77.12 77.00 75.73 74.78 75.26 74.46 73.47 74.78 72.05 74.96 1.60

5.2.3 Pre-training

The results for the pre-training assessment of the model, carried out solely with the
eCognition segmentation, are lower than for the other projects (see Table 5.4). The OA
is around 70%, while the DICE and MCC are around 53% and 43% respectively. For the
object-based metrics, RecRateso f t equals 92%, and both IoU50 and IoUmedian are around
23% and 32% respectively. These results are expected given that the pre-training is
self-supervised.

TABLE 5.4: Performance assessment on the pixel- and object-based metrics
for the pre-training

Metrics Pre-training

OA 69.78
DICE 53.26
MCC 43.05
RecRateso f t 92.27
IoU50 21.85
IoUmedian 32.28
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5.2.4 Training from scratch vs. transfer learning

Regarding to the pixel-based metrics, we observe in Figure 5.4 that the performance of
the different projects varies very little with the number of field labels used for training.
But also, the performance is almost identical with and without pre-training. The vari-
ations obtained between the Mix and Scratch projects for the pixel-based metrics are
too small to confirm that pre-training has a real effect on the performance of the model.

Looking at the object-based metrics, both IoU50 and IoUmedian, we can see that below
a certain number of labelled fields, the performance of the Scratch projects drops dras-
tically while pre-training limits the drop in model performance. Indeed, starting from
13,000 to 3,000 labelled fields used for training, the IoU50 and IoUmedian drop by 13%
and 11% respectively for the projects trained from scratch, whereas they drop by only
4% and 3% respectively when using transfer learning. For smaller training set sizes,
the use of transfer learning in conjunction with an image segmentation algorithm can
therefore significantly improve model performance. Over 13,000 labelled fields, per-
formances with pre-training and from scratch are in the same order of magnitude.

The differences in results between the pixel-based and object-based metrics show that
little data is required to obtain a deep learning model capable of distinguishing be-
tween fields and non-fields, but that the instance segmentation of the different fields
is less effective with a smaller amount of training data. The RecRateso f t remains rela-
tively stable for all projects, indicating that projects without pre-training and with little
data produce more under- and over-segmentation errors, and therefore poorer instance
segmentation.
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FIGURE 5.4: Evolution of pixel-based and object-based performance met-
rics according to the number of labelled fields used for training
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5.2.5 eCognition vs. ResUNet-a

By applying the MRS algorithm to the inference area using the same method and the
same parameters as for the training zones (see section 4.5), it can be seen visually in Fig-
ure 5.5 that the method cannot be generalised to other areas without refining the initial
parameters. The result of the eCognition segmentation associated with the orthophoto
shows the difficulty in determining the boundaries of the field parcels, giving rise to
more random shapes than during the segmentation of the training zones (see Figure
4.5 in Chapter 4). There is also a poorer classification between fields and non-fields,
as shown in the top right of the images in Figure 5.5, which has an impact on the final
segmentation result.

eCognition segmentation LPIS 2019

FIGURE 5.5: Illustration of the eCognition segmentation performed on the
inference zone with the same method and parameters as the training zones

Quantitatively, the eCognition segmentation shows mixed results. For pixel-based
metrics, the Overall Accuracy is around 59% and the DICE and MCC coefficients are
around 48% and 38% respectively. For object-based metrics, the IoU50 is around 42%
and the IoUmedian is around 62%. The RecRateso f t, meanwhile, approaches 97%, as do
the ResUNet-a projects.

TABLE 5.5: Comparison between eCognition, Pre-training, Scratch 2, and
Mix 2 predictions

Metrics eCognition Pre-training Scratch 2 Mix 2

OA 58.67 69.78 81.14 81.68
DICE 47.86 53.26 65.12 66.90
MCC 38.21 43.05 57.95 60.95
RecRateso f t 97.07 92.27 96.27 97.07
IoU50 42.39 21.85 52.22 58.76
IoUmedian 62.45 32.28 65.23 72.05



5.2. Performance evaluation 61

Comparing the segmentation performed on eCognition using the MRS algorithm and
the pre-training project, which corresponds to training the ResUNet-a model only with
the eCognition segmentation, we can see that the ResUNet-a pre-training performs
slightly better for pixel-based metrics, but is much worse than the eCognition segmen-
tation for object-based metrics. These results highlight the good ability of ResUNet-a to
classify pixels into fields and non-fields, as well as its difficulty in accurately delineat-
ing field contours. However, if we compare the results of the eCognition segmentation
with those of the Scratch 2 project, we can see that the ResUNet-a model, thanks to
supervised training, quickly outperforms the classical segmentation algorithm, even
on a small dataset (around 3,000 labelled fields in the case of the Scratch 2 project). As
previously observed, the results of the Mix 2 project show that the transfer learning
of a pre-trained model can further improve the performance of ResUNet-a on a small
training dataset.
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Chapter 6

Discussion

The results of the study provide a nuanced perspective on the feasibility and effec-
tiveness of replacing field data with algorithmically generated data for training the
ResUNet-a model. While some findings suggest potential challenges, others reveal
promising insights and highlight the context-dependent nature of this approach.

6.1 Effect of training dataset reduction

Observations on pixel-based metrics reveal minimal disparity in model performance
between the different projects trained, despite the reduction in the number of labelled
fields used for training. Both Scratch and Mix projects show similar trends. While the
Overall Accuracy shows promising results, the MCC and the DICE coefficient show
more mixed results, which makes it difficult to draw any definitive conclusions.

Object-based metrics offer a more insightful analysis. Both IoU50 and IoUmedian scores
decrease as the number of labelled fields used for training decreases. About 10,000
additional field labels are required to achieve an improvement of around ten percent,
but the improvement becomes marginal beyond these 10,000 additional field labels.
It suggest that the ResUNet-a model performs reasonably well even when the size of
the training dataset is drastically reduced. The RecRatesoft, a softer measure that ig-
nores the errors due to over- and under-segmentation, highlights some challenges for
the model given its high scores. ResUNet-a performs well in semantic segmentation,
effectively distinguishing between fields and non-fields, and thus demonstrating its
ability in classification tasks, but has limitations in instance segmentation, where the
individual delineation of fields is performed.
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6.2 Effectiveness of pre-training

A comparison between the projects trained from scratch and the Mix projects under-
score the contribution of pre-training to the performance of the model. As described
above, a notable trend is the decline of IoU50 and IoUmedian as the number of labeled
fields for training decreases. This decline is more pronounced for projects trained from
scratch compared to pre-trained projects. The biggest drop occurs between 13,000 and
3,000 labelled fields; While IoU50 and IoUmedian experience a decrease of approximately
13% and 11% respectively for the projects trained from scratch, the decline is limited by
4% and 3% respectively for the pre-trained projects. Beyond 13,000 labeled fields, both
pre-training and from scratch performances converge, suggesting that transfer learn-
ing has a substantial impact on smaller training sets but has a diminishing influence on
larger datasets. This insight highlights the potential of transfer learning as a valuable
tool, particularly in scenarios where data scarcity is a significant challenge.

6.3 Effectiveness of deep learning

Applying the MRS algorithm to the inference area, with the method and parameters
used for the three training zones, reveals the main weakness of traditional image seg-
mentation algorithms in the context of geographic object-based image analysis. The
main drawback is the lack of a universal method for automating the selection of op-
timal values for image segmentation parameters. The use of subjective trial and error
methods makes it difficult to develop a method that can be generalised to an entire
large study area. The larger the study area, the more the field and landscape character-
istics vary, making the selection of the few image segmentation parameters a complex
task.

Deep learning offers an effective solution to this drawback, as it is able to automati-
cally learn the relevant features from the input data, eliminating the need for manual
feature refinement. This is particularly beneficial in scenarios where field boundary
features can be complex and difficult to express using hand-crafted features, such as
for large study areas. Deep learning also provides end-to-end learning, which elimi-
nates the need for breaking down the task into multiple stages and designing separate
algorithms for each step as was required for eCognition segmentation.

The results obtained by the ResUNet-a model are more promising, demonstrating the
model’s ability to identify field plots even with a small training dataset. Nonetheless,
despite the limitations of traditional image segmentation algorithms, the results of this
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thesis have shown that they can be useful to improve the performance of a deep learn-
ing model in the case of a lack of field data.

6.4 Limitations and error sources

The study carried out reveals certain limitations, suggesting possible improvements to
increase the reliability of the results in the future.

The ResUNet-a model was pre-trained with algorithmically generated data using multi-
resolution segmentation, and the SVM classifier was used for field and non-field clas-
sification. However, the choice of these algorithms was partly subjective, taking into
account the literature review and the practicality of the different techniques. Although
MRS and SVM algorithms are relatively easy to learn, other approaches have been
shown to be effective. For example, Watkins and van Niekerk (2019) reports promis-
ing results from combining watershed segmentation with the Canny method, an edge
detection operator. Selecting the best performing method would therefore require an
in-depth study, including variations in the use of different algorithms as well as input
images. A method may be effective on multiband composites, but less effective on
NDVI, false colour or single-date images. In addition, the performance of algorithms
can vary depending on the characteristics of the region studied. Improving field seg-
mentation using algorithms requires a balance to be struck between the cost involved
and the results obtained.

Another limitation stems from the specific methodology of ResUNet-a. Each project
was trained only once, whereas it would have been preferable to subject them to sev-
eral training cycles and to average their results in order to reduce their slightly random
nature. However, this did not prevent the trends observed for each project from being
highlighted.

In addition, other more general improvements can be considered, such as the use of
higher resolution satellite imagery for more accurate detection of small field plots and
narrow shapes. The optimisation of a more efficient cloud mask would also be benefi-
cial to reduce the effects of artefacts and minimise the impact of unmasked clouds on
image quality. In addition, it is always worth pointing out that the LPIS segmentation
has some anomalies due to undeclared parcels, and that an error-free reference shape-
file is preferable for an accurate assessment of the model’s performance. However,
there are not enough undeclared parcels in the study area to have a significant impact
on the results of this work.
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6.5 Perspectives

Future work should focus on improving the proposed approach by addressing the
inherent limitations mentioned above and exploring broader applications. A critical
area to be explored is the assessment of the transferability of the model to different
geographical regions, with a focus on developing countries where resource constraints
and limited data availability are common challenges. An iterative approach could also
be developed, combining manual digitisation of agricultural parcels and pre-training,
and iteratively enriching the training dataset based on the quality of the predictions
obtained.

In conclusion, despite the existing challenges, the proposed pre-training approach is
promising, especially when data limitations hinder deep learning capabilities. Its po-
tential usefulness in developing countries, where resource constraints and data scarcity
are prevalent, underlines the value of the results obtained. However, the contribution
of pre-training using an algorithmically generated training dataset is strictly limited to
regions where field data is almost non-existent.

More globally, the results of the study show the significant benefits of using a deep
learning model to delineate agricultural parcels, not only for developing countries, but
also for all countries that do not have an annual parcel system like the LPIS type. Us-
ing the ResUNet-a model significantly reduces the need for manual digitisation based
on visual interpretation by up to 90% (from 100,000 to 10,000 labelled fields approx-
imatively). Manual digitisation is a costly process that requires the use of very high
resolution data, such as VHR imagery, to ensure optimal accuracy. The deep learning
approach therefore results in significant savings in both manpower and image acqui-
sition costs, without compromising performance, which appears to be only slightly
lower.

Despite the promising results, the transfer learning from a model trained in a region
with abundant field data to regions with insufficient data, as studied by Wang et al.
(2022a), could lead to better results than using traditional segmentation algorithms for
pre-training. Certainly, an in-depth study of deep learning could contribute to the cre-
ation of appropriate and effective solutions that can improve agricultural monitoring
practices and promote sustainable agricultural development in countries without an-
nual parcel system.
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Conclusion

Accurate field delineation is critical to the implementation of up-to-date and accurate
agricultural monitoring systems. Faced with challenges such as limited access to field
data and modern technology, developing countries need innovative solutions to ensure
effective monitoring of their agricultural systems. The traditional method of manual
parcel delimitation, as used in Europe, is proving too costly, time-consuming and error-
prone to be applicable in developing countries. In this context, the use of deep learning
could meet the needs of these countries, but one drawback is that it requires a very sig-
nificant volume of field data to be effective.

The main objective of this thesis was therefore to train a deep learning model using
a classical unsupervised image segmentation algorithm, with the aim of minimising
the need for large amounts of field data for training through the use of transfer learn-
ing. This research was carried out in Wallonia, Belgium, taking advantage of the large
amount of field data provided by its LPIS.

Sentinel-2 images were collected and processed for the study. They were used to train
the ResUNet-a model and to obtain a segmentation of agricultural parcels using a MRS
and a SVM classification, both available in the eCognition software. A first ResUNet-a
project was trained with the eCognition segmentation. Its learning was then trans-
ferred to other ResUNet-a projects, making them pre-trained and on which they were
then trained with field data. Several comparisons were made, including between the
performance of pre-trained and non-pre-trained projects, between different projects
using different sizes of labelled field datasets, and between the classical image seg-
mentation algorithm and the ResUNet-a model.

The results of this study provided a balanced perspective on the feasibility and ef-
fectiveness of the approach. In its general form, ResUNet-a performs well in seman-
tic segmentation, effectively distinguishing between fields and non-fields, and thus
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demonstrating its ability in classification tasks, but has limitations in instance segmen-
tation, where the individual delineation of fields is performed. However, despite the
reduction in the number of fields labelled for training, the ResUNet-a model proved
surprisingly resilient, only registering a significant drop in performance when the in-
put data was drastically reduced. This observation was true for both pre-trained and
non-pre-trained projects. However, an important key finding is that there was a more
noticeable drop in performance for models trained from scratch compared to those
pre-trained, especially for small training datasets, while pre-training becomes less rel-
evant as dataset size increases. These results highlighted the potential of this approach
in regions where field data is almost non-existent.

The approach studied could therefore be beneficial to all countries that do not have an
annual parcel system, enabling significant savings in both manpower and image acqui-
sition costs by reducing the need for manual digitisation based on visual interpretation
by up to 90%, with only a slight decrease in model performance. Deep learning proved
to be a robust solution, offering automatic feature learning and end-to-end learning ca-
pabilities, overcoming the drawbacks of traditional segmentation approaches that rely
on manual feature refinement and multiple stages processing.

Nonetheless, despite the promising results of the approach studied, in-depth study
of deep learning, including the transfer learning from a region with abundant field
data to another where data is scarce, could help to create more appropriate and effec-
tive solutions for providing countries, without annual parcel system like the LPIS, with
accessible decision-making tools in the field of agriculture.
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To what extent are field data dispensable for training the ResUNet-a neural
network in automatic field boundaries delineation?

Zoé Kempenaers

Accurate field delineation is critical to the implementation of up-to-date and
accurate agricultural monitoring systems. Faced with challenges such as limited
access to field data and modern technology, developing countries need
innovative solutions to ensure effective monitoring of their agricultural systems.
The traditional method of manual parcel delimitation, as used in Europe, is
proving too costly, time-consuming and error-prone to be applicable in
developing countries. In this context, the use of deep learning could meet the
needs of these countries, but one drawback is that it requires a very significant
volume of field data to be effective. The main objective of this thesis is
therefore to train a deep learning model using a classical unsupervised image
segmentation algorithm in order to minimise the need for large amounts of
field data through the use of transfer learning. This research is carried out in
Wallonia, Belgium, taking advantage of the large volume of field data provided
by its LPIS. The ResUNet-a neural network is used and trained several times
independently, with different types of training and amounts of field data,
resulting in a number of different versions of the model. Comparison of the
performance of each model shows that pre-training a model with
algorithmically generated data can substantially improve performance, but only
for small training datasets. The study also demonstrates the resilience of the
ResUNet-a model through its ability to perform despite the drastic reduction in
the number of labelled fields used for training. The approach studied could
therefore be beneficial to all countries that do not have an annual parcel
system, enabling significant savings in both manpower and image acquisition
costs by reducing the need for manual digitisation based on visual
interpretation by up to 90%, with only a slight decrease in model performance.
Deep learning proved to be a robust solution, offering automatic feature
learning and end-to-end learning capabilities, overcoming the drawbacks of
traditional segmentation approaches that rely on manual feature refinement
and multiple stages processing. Nonetheless, despite promising results, the
approach studied is not necessarily the most effective. In-depth study of deep
learning, and in particular transfer learning from a region with abundant field
data to another where data is scarce, could help to create more appropriate and
effective solutions for providing countries, that do not have an annual parcel
system, with accessible decision-making tools in the field of agriculture.
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