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Abstract

Sub-Saharan Africa is the center of the world’s population growth but is particularly vul-
nerable to food shortages. In the framework of collaboration between the Institut National de
la Statistique du Mali (INSTAT) and UCLouvain, the goal is to achieve a better understanding
of agricultural dynamics and improve agricultural statistics. Automatic field extraction from
satellite imagery is an essential tool to achieve agricultural landscape mapping, which acts
as a decision-support tool to help improve food security. A newly acquired set of reference
agricultural field delimitations of 16.000km? has been prepared by the Malian partner of the
Institut d’Economie Rurale (IER) in order to make the first step in that direction. This thesis
aimed to evaluate the performance of an automatic field extraction methodology from High
Resolution satellite images, in the context of smallholder agriculture, which is characteristic of

the sub-Saharan region.

The methodology relies on a Deep Learning model trained with satellite images from 2021
captured by the Planet satellite and the reference dataset. The first step consisted of realizing
a calibration analysis to set the best hyperparameters for the model training. The baseline
method was then evaluated with carefully selected metrics showing the performance of our
model. The last step includes an assessment of the model’s portability within Africa, as well
as an exploration of possible improvements by adjusting the quality of the input data and the

imagery’s spatial resolution.

Overall, the results were mixed. The model is mostly capable of finding the fields’ extent
but struggles to capture field boundaries correctly. The portability of the model is promising,
but it suffers from land cover and topography differences. A major drawback is the lack of
reliability of the reference dataset. Finally, recommendations and improvement opportunities

were discussed for a potential continuation of experiments.



Acknowledgements

Many people have contributed to the production of this master’s thesis. I'd like to start by
thanking them in the most appropriate way.

First of all, I would like to thank my supervisor, Pierre Defourny, for his precious advice
and recommendations throughout this master’s thesis. His patience and confidence helped
me to keep the boat on course when it was about to sink. I am also extremely grateful to
Quentin Deffense, who helped me with numerous discussions to drive the project forward, and
his availability was greatly appreciated.

I’d like to thank my Viennese friends Niels and Jules, who have helped me through this last
year with renewed motivation, and with whom I've spent so much wonderful time during the
first semester.

Thanks to my close friends from Les Raclures and the NSV team. Our friendship is always
a source of entertainment and a ray of light for me, and I hope we’ll continue to have great
times together in the years to come.

Thank you, Ana, for your much-needed presence over these last few chaotic years. I hope
you've found your way.

Thanks to my family for their unconditional love and presence, and for those unforgettable
summer holidays.

I hope the readers, Mr Bogaert and Mr Radoux, enjoy reading this thesis as much as I

enjoyed writing it.

Computational resources have been provided by the supercomputing facilities of the Uni-
versité catholique de Louvain (CISM/UCL) and the Consortium des Equipements de Calcul
Intensif en Fédération Wallonie Bruxelles (CECI) funded by the Fonds de la Recherche Scien-
tifique de Belgique (F.R.S.-FNRS) under convention 2.5020.11 and by the Walloon Region.

i



Contents

Contents|

[List of Figures|
[List of Tables

ACronyms
(1 _Introduction|

513 o
[2.1 Instance Segmentation| . . . . . . . .. ..o
[2.2  Semantic segmentation| . . . . ... ..o Lo

2.2.1  Overall Definitionl . . . . . . . . . ... o
[2.2.2  Pixel-based vs object-based classification| . . . . . . . . ... .. ... ..
[2.3  Classical image segmentation methods| . . . . . . . .. .. ... ... ... ...
[2.3.1 Edge based segmentation methods| . . . . .. ... ... ... ... ...
[2.3.2  Region-based segmentation methods| . . . . . . .. ... ... ... ...
2.4 Deep Learning based image segmentation methods|. . . . . . . . . . .. ... ..
[2.4.1 AlexNet, VGGNet & GoogleNet| . . . . . ... ... ...
[2.4.2  Fully Convolutional Networks| . . . . . .. ... .. ... ... ... ...

[2.6.1 Evaluation methods for image segmentation| . . . . . .. ... ... ...
[2.6.2  Supervised Objects metrics] . . . . . . . . .. ... L.
I2ltil;i l i:;s:l lllszlligzill .................................

[3 Objectives|
I;i'l g;g:llg:liil s;‘zll! f:};tl ------------------------------------
[3.2 Objectives| . . . . . . . . .

[4.1.1 Region of interest| . . . . . . . . .. . ... ...
[4.1.2  Reterence datasets collection and quality controll . . . . . . . . . .. ...
[4.1.3  Planet Data Pre-processingl . . . . .. ... ... .. ... ... .....
[4.1.4 Additional images|. . . . . . . . ...

il

iii

vii

viii



CONTENTS

4.2.2 Baseline methodl . . . . . . . . ... 31

K23  Performance evaluationl. . . . . . . ... ... oo 35

[4.2.4 Additional experiments|. . . . . . . . ... L 36

4.2.5 Softwares usedl . . . . . .. ... 37

4.2.6 _ Flowchartl . . . . . . . . . ... 38

5 _Results and discussion| 39
(.1 Baseline method resultsl . . . . . . . . . . . ... 39
[b.1.1  Calibration analysis results|. . . . . . . .. ... ... ... ... ..... 39

b.1.2 Assessment of the baseline method . . . . . .. .. ... ... ... ... 44

[>.2 Additional analysis| . . . . . ... o1
b.2.1 Quality Test Set assessment| . . . . . . . . ... .. ... ... 51

[5.2.2  Very High Resolution images|. . . . . . . . .. .. ... ... ... .... 52

[5.2.3  Model portability within Atrical . . . . . .. .. ... ... ... ... 53

[>.3  Discussion and perspectives| . . . . . . ..o Lo 55
6__Conclusion| 58
[Bibliography| 59
[A Additional material and methods figures| 70
[B_Results of the baseline method| 73

v



List of Figures

[2.1 Possible ways of realising instance segmentation| . . . . . . . ... ... ...

[2.2  Relationship between objects under consideration and spatial resolution: (a) low

[ resolution: sub-pixel approaches required since pixels are much larger than objects.

(b) medium resolution: sizes of the pixels and the objects are equal, and pixel-

by-pixel approaches are appropriate. (c) high resolution: because pixels are much

smaller than objects, they must first be rationalized into groups of pixels and finally

objects. From Blaschke (2010).| . . . . . ... ...

2.3 Atrous Spatial Pyramid Pooling (ASPP). ASPP uses multiple parallel filters running

at various rates to classify the central pixel (orange) to deal with multi-scale features.

Different colors are used to indicate the effective Field-Ot-Views. Source: Chen,

Papandreou, Kokkinos, et al. (2018).] . . . . ... .. ... ...

[2.4  U-net architecture. Fach blue box corresponds to a multi-channel feature map. The

[ number of channels 1s denoted on top of the box. The x-y-size 1s provided at the

| lower left edge of the box. White boxes represent copied teature maps. T'he arrows

| denote the different operations. Source: Ronneberger et al. (2015). . . . . ... ..

11

[2.5 Classification of evaluation criteria in image segmentation. From Wang et al. (2020). 13

4.1 Location of the ROIs inside the malian territory,. . . . . . . .. ... ... ... .. 21
4.2 Location of the main ROI. T'he border between the Sikasso and the Koulikoro region |
[__1s wvisible in the bottom left corner inside the ROLl. . . . . ... ... ... ... .. 22
4.3 Average monthly precipitation and temperature in Koutiala, from Climate data for |
| cities worldwide - Climate-Data.org (2023)).f . . . . . . . .. ... ... 22
4.4 Illustration of the problem related to the split between sub-perimeters tor the data |
| segmentation. T'he yellow segment lines trace the delimitation between those imag- |
[ INATY SQUATES.| . « v v o o v i e e e e e e e e e e e 24
4.5  Zoom on the quality controlled reference dataset displaying the field size of each |
[ individual polygon. The complete dataset is available in |[Additional material and |
| methods figuresl|. . . . . . . .. 25
[4.6  Zoom on the Quality set. The complete Quality set is available in [Additional mate- |
| rial and methods figures|| . . . . . . . . ... 26
4.7 Illustration of the remaining aggregates present on the Planet satellite images.| . . . 26
(4.8 Data augmentation example. T'he left image represent the original, and the right |
[ the corresponding rotated and zoomed in image.|. . . . . . . ... ... ... ... . 28
4.9  Flowchart of the complete methodology applied throughout this master’s thesis.| . . 38
[>.1  Validation metrics comparison obtained with different monthly associations.| 40
[>.2  Analysis of the variability ot the validation metrics using the same LR for every model.| 41
[>.3 Influence of the starting LR on the validation metrics.| . . . . ... ... ... ... 41
[>.4  Comparison of prediction maps with and without the HSV layer.| . . . . . . . . .. 42

[>.5 Comparison of prediction maps with enhanced recognition of boundaries and extent. 43




LIST OF FIGURES

the reference layer are dlsplayed according to their area. The rose Values on the

prediction raster correspond to the extent, and the green/yellow to the boundaries| 45
5.8 Zoom (1) over an area of special interest in the results| . . . . . . . ... ... ... 46
5.9 Zoom (2) over an area of special interest in the results| . . . . ... ... ... ... 47
5.10 Zoom (3) over an area of special interest in the results| . . . . ... ... ... ... 48
5.11 Zoom (4) over an area of special interest in the results| . . . . . . . ... ... ... 49
[>.12 Prediction raster from the testing ot a model trained with VHR Maxar images. The |
| rose values correspond to the extent, and the green/yellow to the boundaries|. . . . 52
[>.13 Zoom over an area of special interest in the results from the VHR images . . . . . . 53
[>.14 Map of the results over the Sikasso region. T'he extractd fields and fields from the |
| reference are displayed according to their area.. . . . . . . . . ... ... L. 54
[>.15 Example of data corruption over the Sikasso region. The False Color composite from |
[ November shows unusual values). . . . . . . . ... ... 0 0L 55
A.1 1-month Precipitation according to CPC (Mar. 21 - Apr. 20, 2021)|. . . . .. . .. 70
A.2 1-month Precipitation according to CPC (Oct. 26 - Nov. 25, 2021)] . . . . ... .. 71
[A.3 Complete quality controlled reterence dataset displaying the field size of each indi- |
[ vidual polygon.| . . . . . . .. 71
[A.4 Complete Quality set displaying the field size of each individual polygon. . . . . . . 72
[B.1 Validation metrics comparison obtained with different monthly associations.| 73

8.2 Analysis of the variability of the validation metrics using the same LR for every model.| 74

.3 Influence of the starting LR on the validation metrics.| . . . . ... ... ... ... 74
B.4 Influence of the starting LR on the validation metrics, zoom around a LR of 1072 . 75
[B.5 Scheduler parameters for the weight decays (0.31%). Number of epochs after which |
[ the LR decreasel . . . . . . . . . . 75
(.6 Comparison of validation metrics with and without the HSV layer.| . . . . . . . .. 76
[B.7  Comparison of validation metrics obtained with enhanced recognition of boundaries |
[ and extent) . . ... 76
[B.8  Reterence Quality Test Set|. . . . . . . .. .. ... oo 77

vi



List of Tables

b.1 Quantitative assessment of the baseline method using pixel-based and object-based

vil



Acronyms

CNN Convolutional Neural Network

DL Deep Learning

FCN Fully Convolutional Network

FPR False Positive Rate

GEOBIA Geographic Object-Based Image Analysis
HR High Resolution

LR Learning Rate

MCC Matthew’s Correlation Coefficient
NDVI Normalised Difference Vegetation Index
NIR Near InfraRed

OA Overall Accuracy

OBIA Object-Based Image Analysis

RGB Red Green Blue

ROI Region Of Interest

RS Remote Sensing

SSA Sub-Saharan Africa

VHR Very High Resolution

viii



Chapter 1: Introduction

Smallholder agriculture is the foundation of food production in Africa. About 90% of
the food produced in developing countries comes from this complex agricultural system. In
2016, there were 51 million farms in Africa, 80% of which were less than 2 hectares in size
(Lowder et al., 2016). Yet, the number of farms is still increasing while combined with a
drop in farm size (Eastwood et al., 2010). Meanwhile, Africa has become the center of the
world’s demographic growth, and its population could reach 26% of the world’s population
by 2050 (Abramova, [2022). Sub-Saharan Africa (SSA) is considered to be an area of great
concern, as it is particularly vulnerable to food shortages (Economist, [2017). In this context,
crop monitoring and mapping systems are essential decision-support tools to help improve
food security in developing countries. Agricultural landscape mapping is useful to realize yield
predictions and perform long-term planning to make agriculture more resilient.

The production of an object-based map of agricultural land parcels would allow access
to various applications: improvement of agricultural statistics, sampling design for yield esti-
mation, cadastral application, and crop insurance, among others. However, accessing such a
map is a significant challenge in smallholder agriculture areas for various reasons: small field
size, mixed cropping, heterogeneity in management practices, landscape fragmentation, and the
widespread presence of trees within the fields.

In recent years, Remote Sensing (RS) has emerged as one of the major tools in the imple-
mentation of such systems. Especially, automatic field extraction from satellite imagery is a
high-interest task as it would reduce the reliance on time-consuming manual operations. This
was previously done in various countries worldwide but is still not achieved in SSA and other
smallholder farming areas. With the emergence of High-Resolution (HR) images, new methods
are now being developed using Deep Learning (DL) models to accomplish the objective. This
master’s thesis attempts to develop the best methodology for extracting fields in the context
of smallholder agriculture.

The master’s thesis starts with a broad literature review about segmentation methods, with
a special interest in DL methods. This will be followed by a brief introduction to the context
of this thesis and a statement of objectives. Afterwards, the materials and methods will be
presented, followed by the results and their associated interpretation, as well as a discussion of

prospects for improvement.



Chapter 2: Literature review

This chapter reviews the state of the art in the field extraction and agricultural segmen-
tation domain. This will allow us to precisely define the thesis’ scientific contribution based
on what has been previously achieved and develop an appropriate protocol. It begins with the
definition of instance segmentation and the methods to achieve it in the RS context. The image
segmentation techniques will be detailed, followed by the relevant post-processing techniques.
Performance metrics to assess a field extraction result will then be outlined. Finally, related
work carried out in recent years will be presented, and the scientific contribution of the thesis

will conclude the section.

2.1 Instance Segmentation

Instance segmentation is the computer vision task which aims to identify and delineate each
individual object within an image. It is one of the most challenging tasks in computer vision as
it requires correctly identifying each object, while also precisely segmenting each instance. In
the RS context, only a few different object types are found on satellite pictures as the resolution
doesn’t allow for the precise identification of every element. Typically, buildings, water bodies,
fields, forests, and other land cover types are common elements that can be discriminated.
Instance segmentation is commonly used, for example, to realize field extraction and obtain a
complete agricultural parceling to improve agriculture monitoring (Yan et al., 2014; Waldner et
al.,2020; Zhong et al., [2023). Field extraction can be either realized by a state-of-the-art Mask
R-CNN model (He et al., 2018]) with a one-step procedure or with a two-step procedure starting
with semantic segmentation followed by post-processing of the result. Figure [2.1] schematically
illustrates the ways through which instance segmentation can be achieved.

A distinction needs to be made between object-detection methods and semantic segmentation,
as they can sometimes be confused. Object-detection algorithms aim to split the image into
distinct real-life objects. Thus, two neighboring pixels of the same class could belong to two
different instances or regions. For instance, when there are two merged cars in an image, object-
detection methods need to distinguish between them as separate entities. On the other hand,
in the semantic segmentation domain, those two merged cars would simply be part of the same

class. However, object-detection algorithms are rare in agricultural monitoring applications (Li
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Figure 2.1: Possible ways of realising instance segmentation

et al., 2020). Crops are typically separated by field boundaries, which makes semantic segmen-
tation a relevant method to use because the distinctions between the fields are already visible
in the image. Instead, an appropriate post-processing method is employed to obtain instance
segmentation, using the boundaries as frontiers between fields. The following sections describe

the methods used to achieve instance segmentation using semantic segmentation.

2.2 Semantic segmentation

This subsection introduces the concept of semantic segmentation and highlights the advan-

tages of object-based classification over pixel-based classification.

2.2.1 Overall Definition

Image segmentation can be defined as a process of partitioning the image into some non-
intersecting regions such that each region is homogeneous and the union of no two adjacent
regions is homogeneous. More formally, Pal et al. (1993)) and Spirkovska, |1993| explained:

"If F' is the set of all pixels, and P() a uniformity (homogeneity) predicate defined on groups
of connected pixels, then segmentation is a partitioning of the set F' into a set of connected
subsets of regions (57, S, ..., S,) such that

S =Fnwitho: ;NS =0, wnVi#j

n

i=1
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The uniformity predicate P(S;) = true for all regions (S;) and P(S; N S;) = false, when S;
is adjacent to S;."

Semantic segmentation is therefore informally defined as the task of labeling each pixel of
a segmented image. This part of computer vision has recently become an essential method in
various scientific fields, being used for a variety of tasks such as medical image diagnostics, au-
tomatic mapping of landslides, or pedestrian detection (Pham et al., 2000, Qi et al., 2020). In
the remote sensing field, applications of modern semantic segmentation include environmental
monitoring, crop cover and type analysis, tree species identification, and building classification
in urban spaces. More details can be found in reviews by Dey et al. (2010), Guo et al. (2018]),
and Yuan et al. (2021]).

2.2.2 Pixel-based vs object-based classification

The two main classification techniques that emerged since the late 1980’s are the pixel-based
image analysis and the object-based image analysis. Pixel-based classification uses multispectral
information to label a pixel to a class, based on spectral similarities between the pixels from
the same class. In the meantime, various classifiers have emerged as state-of-the-art methods in
classification. One can cite models like Support Vector Machine (SVM), K-Nearest-Neighbors
(KNN), Maximum Likelihood Classifier (ML), Random Forest (RF), and Neural Networks (NN)
(Khatami et al., 2016).

The major historical drawback to those techniques is that they do not use contextual and
textural information. As a result, pixel-based classification suffers from the so-called ’salt-and-
pepper’ effect, caused by not taking information from the neighboring pixels. In addition to
lowering the global accuracy of the map, it can lead to a significant decrease in the appreciation
quality of the classification. For example, a regular land cover classification user could easily
recognize himself in a situation where he is confronted with a pixel of urban area appearing
in the middle of the Amazon forest. Taking into account the surrounding areas, such a situa-
tion would not occur. However, some techniques used to improve classification accuracy have
been developed over the years, gradually improving the results obtained with the pixel-based
classification methods. Thus, a majority filter can be applied to reduce the ’salt-and-pepper’
effect. Texture, slope, and elevation data can be considered to add extra spatial information.
A survey of image classification methods and techniques to improve classification performance
has been conducted by Lu et al. (2007).

With the advent of metric Very High Resolution (VHR) imagery, Object-based classification
was required to classify the image into meaningful objects. In the field of remote sensing
(RS), this approach is part of the field known as Geographic Object-Based Image Analysis
(GEOBIA), distinguishing it from Object-Based Image Analysis (OBIA) found in fields such

as Computer Vision and Biomedical Engineering (Blaschke, 2010). Further information about

4
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this semantic separation can be found in Hay et al. (2008). The GEOBIA field aims to replicate
visual interpretation of RS images through automated or semi-automatic methods. As a result,
more accurate and reproducible information is produced, subjectivity is reduced, and there are
decreases in labor and time expenditures. Object-based classification is currently reliant on the
outcome of an image segmentation algorithm. Pixels are grouped into spectrally homogeneous
image regions called Segments. These so-called "object candidates’ are then subjected to further
processing steps to be transformed into meaningful objects and subsequently classified. The
processing steps encompass spatial, textural, and contextual features, serving as supplementary
observations to the spectral signature. Ultimately, since image-objects reflect "meaningful"
geographic entities or occurrences at various scales, they become the fundamental analytical
units.

Blaschke (2010) demonstrated that there are two major trends contributing to the increase in
OBIA-related publications: First, the availability of VHR satellite data. The launch of satellites
like IKONOS and QuickBird has resulted in numerous publications since 2001/2002. VHR
images enable objects of interest to be significantly larger than the pixel size. As illustrated
in Blaschke (2010) (Figure [2.2), only situation (c) allows for clear object identification; the
other two situations present insufficient pixel sizes to identify, classify, or characterize observed
objects. One can categorize this as a HR situation. Conversely, situations (a) and (b) are
considered low-resolution images, where the object is smaller than the resolution cells (Blaschke
et al., 2014)). According to the Shannon sampling theorem cited by Blaschke (2010), to ensure
that an object will be entirely independent of its random position and orientation relative to
the sampling scheme, it should be approximately one-tenth of the pixel’s size. However, it
is challenging to find other sources that corroborate this formulation. More recently, VHR
airborne cameras and LiDAR data have reinforced this trend, and GEOBIA is now primarily
applied to all VHR and sub-metric images. Objects are then composed of many pixels, making
visual validation feasible. Satellites ranging from WorldView-4 with a spatial resolution of
30cm to Planet with a resolution of 3.7m are considered part of the VHR domain covered by
GEOBIA.

The popular object-based computer software package called ’eCognition’ was released in
2000. This object-based environment analyzes images using semantic information to interpret
them correctly. Neighboring pixels are grouped into meaningful objects using color, texture,
shape, and/or size (Geospatial, |2022)). Due to its success, other commercial software develop-
ments were realized afterward, such as Feature Analyst in 2002 (Opitz et al., 2008) and SAGA
in 2004 (Boehner et al., 2006). By providing easy access to a large number of researchers,
these software packages contributed significantly to the growth of object-based classification
techniques.

In the agricultural context, many studies have been conducted to compare the accuracy
of pixel-based and object-based methods. For instance, Castillejo-Gonzalez et al. (2009) used

images from the Quickbird satellite in the south of Spain to discriminate among 10 crops. The
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Figure 2.2: Relationship between objects under consideration and spatial resolution: (a) low
resolution: sub-pixel approaches required since pixels are much larger than objects. (b) medium
resolution: sizes of the pixels and the objects are equal, and pixel-by-pixel approaches are
appropriate. (c¢) high resolution: because pixels are much smaller than objects, they must first
be rationalized into groups of pixels and finally objects. From Blaschke (2010).

spatial resolution was 0.7 m, and four initial spectral bands were available. Results showed that
object-based classification provides systematically better Overall Accuracy (OA) and Kappa
coefficient than pixel-based classification, even with the use of a 5x5 majority filter to reduce the
'salt-and-pepper’ effect. Depending on the chosen classifier, it starts from an OA 25% higher
with the parallelepiped classifier, to a much smaller difference (<2%) with the Maximum-
Likelihood classifier. Castillejo-Gonzélez et al. (2009) suggests that VHR imagery increases
intraclass spectral variability and results in a reduction in classification performance using
pixel-based classification methods. Indeed, Duro et al. (2012)) used HR images from SPOT-
5 to classify broad land cover classes over agricultural landscapes. They showed that based
exclusively on OA, there is no advantage to using object-based analysis over pixel-based analysis
with decametric resolution, as the results were not statistically different. More recently, Belgiu
et al. (2018) used the Time-Weighted Dynamic Time Warping Algorithm (TWDTW) in three
different regions across the world to differentiate crop types. Using Sentinel-2 time series for
cropland mapping, the algorithm was tried with both object- and pixel-based classification.
They report that OB-TWDTW outperformed PB-TWDTW in all test areas in terms of the
quality of the classification outputs, as measured by the overall accuracy metric, and in terms
of computational time. More generally, it is recognized that object-based classification methods
provide more accurate results and more attractive classification maps in the context of VHR

image processing.

2.3 Classical image segmentation methods

To perform GEOBIA semantic segmentation, one can use the traditional two-step scheme,
consisting of image segmentation followed by an object classification using the segments result-
ing from the segmentation. Simple object classification won’t be covered here as it falls outside

of the scope of this study. Alternatively, one-step semantic segmentation can be performed
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using a DL algorithm (see Section . This section explores the classical image segmentation

techniques that are still used in the RS context.

2.3.1 Edge based segmentation methods

The goal of edge-based segmentation methods is to identify edges between homogeneous
regions and define segments as the areas within these edges. Edges are considered boundaries
between image objects and are situated where abrupt changes in the image values occur. Since
edges are local features, they are determined based on local information (Pal et al.,|1993). Edge
detection methods were categorized by Davis (1975) into two groups: sequential and parallel
processing. In a sequential approach, the decision of whether a pixel is an edge or not is
influenced by the previous decisions made by the detector. Conversely, in a parallel approach,
the decision is solely based on the central pixel and some of its neighboring points. Various types
of elementary parallel operators exist, such as the Roberts, Sobel, and Prewitt gradient, as well
as the Laplacian operator. Canny (1986) subsequently developed a mathematical approach to
edge detection based on three criteria aimed at optimizing edge detection. The first criterion is
a low error rate. Detecting all edges in images while minimizing erroneous responses serves as
significant performance indicators in the field of edge detection. The number of false positives
and false negatives should be minimized. The second criterion involves accurately locating the
edge on the image. In other words, the distance between the detected edge’s location and the
"true center" of the edge should be minimized. The final criterion is the requirement for a
single response per edge on the image. For a comprehensive survey and comparison of existing
edge detectors, readers are directed to the paper authored by Heath et al. (1997)).

In most circumstances, the Canny detection algorithm gives superior results among the
classical edge detection techniques (Nguyen et al., |2000, Pellegrino et al., 2004). Essentially,

this process is composed of these key steps:
1. Smooth the image with an appropriate Gaussian filter to reduce desired image details.
2. Determine gradient magnitude and gradient direction at each pixel.

3. If the gradient magnitude at a pixel is larger than those at its two neighbors in the gradient

direction, mark the pixel as an edge. Otherwise, mark the pixel as the background.

4. Remove the weak edges by hysteresis thresholding.

Although the Canny edge detector is the most rigorously defined operator and is widely
used, some typical problems remain. For instance, the removal of weak edges through hystere-

sis thresholding relies on fixed values. In images with rich edge information, the adaptability of

7
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the Canny edge detector is less than ideal, potentially leading to the omission of crucial infor-
mation. Therefore, additional adjustments and optimization methods have been incorporated
into the original Canny edge detector to enhance its detection outcomes (Ding et al., 2001; Rong
et al., 2014). Various applications of edge-based segmentation can be found in the literature.
For instance, Dai et al. (2019)) employed the Canny edge detector to identify terrace elevations
in the Loess Plateau in China. However, it is primarily employed as a preprocessing step in
hybrid methods for object detection. The resulting edge matrix can be used as a foundational
element for more advanced object construction techniques, such as region-based algorithms or

graph models.

2.3.2 Region-based segmentation methods

Region-based segmentation algorithms use another way to regroup pixels with similar prop-
erties into meaningful objects. Instead of looking for abrupt changes in the image that charac-
terize edges, they look for shared traits among neighboring pixels. They can be mainly separated
into those two categories: region growing and region merging. Region growing techniques (also
called bottom-up approaches) start from an initial set of seed pixels, and recursively aggregate
the surrounding pixels using a similarity criterion, until a target threshold is reached (Kotaridis
et al., [2021). Among region-growing algorithms, Mean Shift is a powerful procedure used to
locate image modes corresponding to homogeneous region centers. The mode centers are de-
tected by iterative weighted mean estimation. Two bandwidth parameters hg, h, for spatial
and spectral kernels are then used to identify the pixel in the basin of attraction of the modes
(Demirovi¢, [2019). On the other hand, region merging and splitting proceed to first divide
the image into subregions where the similarity criterion fails. Then, the resulting objects are

merged into a set of approximated objects under a merging criterion.

2.4 Deep Learning based image segmentation methods

The advances in DL algorithms acted as a paradigm shift in the image processing research
field. Particularly, the development of Convolutional Neural Networks (CNNs) and Fully Con-
volutional Networks (FCNs) rapidly became state-of-the-art methods in semantic segmentation
of remote sensing (RS) images, yielding noteworthy results across several applications.

DL methods are a set of representative learning techniques involving multiple processing
stages of representation (LeCun et al., [2015). They essentially consist of a multi-layer organi-
zation that processes input data into higher and more abstract levels. At each level, relevant
features are extracted using a non-linear module and then fed into the subsequent layer. This

arrangement is commonly referred to as a deep neural network as it emulates the organization
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of our neural system, characterized by numerous layers. Each layer is connected to the next
one through an activation function a and a set of parameters ;. Very complex behaviors can
be learned with the coordination of a sufficient number of these transformation layers. A key
advantage of DL is its independence from human engineering during model training (LeCun
et al., 2015)). Consequently, it can readily exploit increases in available computation and data.

In the context of satellite RS imagery, several recent papers have focused on DL methods
applied to semantic segmentation (Neupane et al., 2021 Yuan et al., 2021; Wang et al., 2022]).
We will examine some of the presented model architectures and explain the fundamental ideas
behind them.

2.4.1 AlexNet, VGGNet & GoogLeNet

AlexNet, VGGNet and GoogLeNet were some of the first CNN’s used in image classification.
Their structure is based on a series of convolutional layer and fully-connected layers, with
pooling operations in between. The fundamentals behind those technical terms will be explained
in the section AlexNet (Krizhevsky et al., 2017) brought some major contributions in the
evolution of CNNs :

e use of the Rectified Linear Unit (ReLU) activation function, computationally efficient ;
e use of overlapping max pooling, using a stride smaller than the filter size ;

e introduction of the dropout technique in the fully-connected layers to reduce the overfit-

ting.

VGGNet (Simonyan et al., 2015) was developed three years later, largely based on AlexNet’s
structure. VGGNet favours smaller filters to reduce the number of weights needed to train
the model, and hence the training complexity. GoogLeNet (Szegedy et al., 2015) differs from
the two mentioned models with the introduction of the inception module. Basically, it applies
three filters of different size to the same input, and concatenate the result using a max-pooling
operation. The original Googl.eNet model has nine inception modules and three regular con-
volutional layers. It is therefore already way deeper than the two previous models.

Those three models are worth mentioning as they are at the basis of the more complex

FCNs largely used in the semantic segmentation domain.

2.4.2 Fully Convolutional Networks

Long et al. (2015) introduced the FCN for semantic segmentation purpose. As the name
suggest, the FCN differs from the CNN by the presence of only convolutional layers and pooling
layer (Sultana et al., 2020). A general structure for FCN models consists of two components,
an encoder and a decoder. Encoders are directly similar to CNNs and extract feature maps.

These features are then converted by decoders into dense label maps with the same dimensions
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as the input image. Where the encoding part is relatively constant, different methods emerged
in order to realize the decoding part. Some of the state-of-the-art models will be introduced

together with their key features and advantages.

Chen et al. and their DeepLab model was one of the first introduced FCN. The
encoding part is based on the original VGG16 model (Simonyan et al., with the addition
of ’atrous’ convolution to capture a larger field of view and hence providing a better supplied
context to the network. Atrous convolutions are kernel filters where spaces are left in between
sampled pixels. The width of the filter is defined by the rate. To handle both small and large
objects, they used a pyramid pooling method, which consists to extract the features using var-
ious spatial rate in the atrous convolution layers. The features extracted by each filter are then
fused to generate the final result. The proposed "atrous spatial pyramid pooling" (DeepLab-
ASPP) is illustrated in Figure The decoding part is then made of a fully connected pairwise
Conditional Random Field (CRF), described by Krihenbiihl et al. (2011
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Atrous Spatial Pyramid Pooling

Input Feaure Map //ﬁ 74 /

Figure 2.3: Atrous Spatial Pyramid Pooling (ASPP). ASPP uses multiple parallel filters running
at various rates to classify the central pixel (orange) to deal with multi-scale features. Different
colors are used to indicate the effective Field-Of-Views. Source: Chen, Papandreou, Kokkinos,

et al. (2018]).

The UNet model is a U-shaped semantic segmentation network with a contracting path and
an expansive path (Ronneberger et al., . The contracting path extracts feature maps and
condenses spatial information as a traditional CNN. The contracted feature map is then the
input for the expansive path, which applies an up-convolution. It consists of an up-sampling of
the feature map following by 2x2 up-convolution that halves the number of feature channels.
The result is then concatenated with the correspondingly cropped feature map from the con-
tracting path, and two 3x3 convolutions followed by a ReLU are applied (Ronneberger et al.,
. The global architecture is illustrated in Figure Those concepts will be explained

10
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Figure 2.4: U-net architecture. Each blue box corresponds to a multi-channel feature map.
The number of channels is denoted on top of the box. The x-y-size is provided at the lower left
edge of the box. White boxes represent copied feature maps. The arrows denote the different
operations. Source: Ronneberger et al. (2015)).

more in details in the section E.11

SegNet (Badrinarayanan et al., [2017)) is also made of a encoder-decoder architecture. The
encoder is based on the VGG16 CNN and extracts feature maps and condenses the spatial
information. In each layer, a convolutional operation is performed, followed by a max-pooling
operation using a 2x2 filter with stride 2, i.e. the filter moves by 2 pixels between consecu-
tive operations. In addition, the element index (i.e., position of an element within the filter
window) from the max-pooling operations are stored and used in the up-sampling process of
the decoder network. The decoder network follows a symmetric structure to the encoder. As
the output should be of same size as the input image, the decoder uses the index to recover
spatial information and improve the boundary accuracy. For instance, a 2x2 low-resolution
feature map is scaled up to a 4x4 matrix. The elements of the 2x2 map are placed to the posi-

tion where they were previously pooled from the 4x4 matrix in the corresponding encoding layer.

Many other Deep Learning models exist in the semantic segmentation domain, but it would
be laborious and inappropriate to present all of them in this literature review. For more details
and specificities of all the models, the reader could consult Ma et al. (2019), Hao et al. (2020)),
Sultana et al. (2020), Yuan et al. (2021), Neupane et al. (2021), Wang et al. (2022)) and Mo
et al. (2022).

11
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2.5 Post-processing methods for image segmentation

As the neural networks might produce discontinuous boundaries, post-processing methods
are necessary to generate closed boundaries and isolate individual fields. Those methods exploit

the semantic segmentation outputs to achieve instance segmentation.

2.5.1 Cutoff method

Waldner et al. (2020) employed the cutoff method, which involves using thresholding tech-
niques on probability maps for fields and boundaries layers (extent mask and boundary mask)
in an image. This approach aimed to separate and identify individual fields within the seg-
mented image. By applying a threshold to the extent map, the method was able to detect
field boundaries and differentiate them from non-field objects. Moreover, a threshold was also
applied to the boundary mask to enhance the definition of boundaries between neighboring
fields. The method then computed the symmetric difference between these two binary layers,
effectively identifying pixels present in either of the layers but not in their intersection. As a

result, this technique produced distinct fields with well-defined, closed boundaries.

2.5.2 Watershed transformation

The watershed transformation is a powerful algorithm that is also related to a region-based
segmentation method. Applied on a greyscale image, it seeks for pixel and regional similarities.
The gradient image is usually used in the watershed transformation because the main criterion
for the segmentation is the homogeneity of the gray values of the objects present in the image.
The image is viewed as a topographic map that is flooded by water from its minima. A
dam is then built between any two basins that join as long as the water continues to flood.
When the procedure is complete, i.e. when the entire topographic map is filled in water, each
basin represents an image object. However, as the image is typically noisy, the algorithm is
likely to suffer from over-segmentation. Some alternatives were developed to tackle this over-
segmentation problem, including marker based methods, topological distance, shortest path
algorithms or spanning trees, described in Meyer (2012). As this algorithm has been chosen as

our post-processing technique, it will be explained in details in section

2.6 Performance metrics

As more and more segmentation algorithms are being proposed, it is important to discuss
the assessment methods to fix the scope and be able to compare different models between each
other. However, there is presently no fixed consensus about evaluation methods in the image

segmentation field. This section will hence try to review only the most used methods and

12
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metrics in the semantic segmentation domain. For more extensive studies on the topic, one can
consult Chen, Ming, et al. (2018]), Costa et al. (2018) and Jozdani et al. (2020).

2.6.1 Evaluation methods for image segmentation

Zhang (1996) is one of the first to submit a survey on evaluation methods for image seg-
mentation, and Chen, Ming, et al. (2018)) as well as Wang et al. (2020) used it as a support to
publish their own conception of the evaluation methods. They all present a similar hierarchy
of evaluation criteria (Figure [2.5)).

Subjective S ;
- ) | Supervised
Ewvaluation > .
Evaluation
Evaluation Indirect | |Empirical
Method Evaluation Evaluation
| Objective Unsupervised
Evaluation Evaluation

Direct . Analytical
Evaluation Evaluation

Figure 2.5: Classification of evaluation criteria in image segmentation. From Wang et al. (2020)).

The subjective evaluation is, as its name suggests, a qualitative evaluation where the seg-
mentation results are appreciated by a human eye. The main disadvantage of this approach is
that visual assessment is nonobjective by nature. The evaluation made by a human evaluator
to another will notably vary as each individual has its own unique criteria to assess the quality
of the segmented image. Therefore, this method requires a large number of reviewers to be
representative of the population, and ends up to be a laborious and time consuming process.

In the RS field, direct evaluation is not really used, as it is the evaluation of the performance
of the segmentation algorithm, and not of its results. As the computing time and spatial
complexity could be relevant to discriminate two models presenting extremely close results,
it is definitely not the first highlighted argument. The indirect evaluation on the other hand
judges an algorithm by another mean. The performance of the segmentation result is assessed
by calculation or experiment, such as evaluation metrics. This quantitative evaluation can be
divided into supervised and unsupervised assessment, on whether a reference dataset is needed
or not. Only the supervised methods will be developed here, as we plan to use a reference for

evaluation purpose.

2.6.2 Supervised Objects metrics

The process of supervised evaluation is divided into 3 steps: establishment of a reference
dataset, object matching, and discrepancy calculation (Chen, Ming, et al., 2018). The refer-

ence dataset R for a segmentation purpose consists of a sufficient amount n of vector polygons

13
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objects, and can be expressed as R = {r;; i« = 1,...,n}. It is usually obtained through vi-
sual interpretation of remotely sensed images in a similar region than the used one for the
training purpose, or digitalized from field data. Because it is subject to manual manipulation,
it is a subjective and time-consuming task. Once the reference dataset is fixed, it is right to
extract the overlapping object set, S; = {s;; area(s; Nr;) # 0}, which regroups a spatial
overlapping relationship between each reference object and its corresponding segmented ob-
ject(s). Ideally, each reference object should be referred to one and only one corresponding
object, but in most case, a large number of objects will have multiple overlapping instances,
and it is therefore necessary to set a selection process to obtain the best corresponding object
set S iue = {5j; max(area(s; Nrj)),s; € S;} (Chen, Ming, et al., 2018). The Maximum
Overlapping Area Method is a standard method developed by Lucieer et al. (2002)), which link
the overlapping object that has the largest overlapping area with the reference object. This
method is widely used for its simple principle and as it matches only one object to each refer-
ence object, while requiring low computation complexity. Chen, Ming, et al. (2018]) exposes a
few more Object Matching methods that won’t be covered here.

Next, the selection of the discrepancy index is subject to a lot of debates, and there is
currently no consensus. To simplify, the supervised methods can be divided into geometric and
non-geometric methods (Costa et al., [2018). Geometric methods rely on quantitative metrics
that outline geometric correspondence between detected objects and referenced polygons. The
position, shape and area are compared and there should be ideally no difference among them.
Those metrics are usually based either on overlapping area and/or the distance between their
centroids. Non-geometric methods don’t require an overlay operation between a polygon from
reference data and an object resulting from the segmentation. They either focus on the content
of the objects, such as representing the segmented object in the spectral space or use a classifier

to classify the segmented objects. Some of the key geometric indices will be presented here after.

The Area Fit Index (AFI) defined by Lucieer et al. (2002)) is based on the Maximum
Overlapping Area Object Matching method presented earlier. It assesses the segmentation

result by comparing the area of the reference and its corresponding object :

area(r;) — area(s;)

AFLI s SJ'GS;Mam

area(r;)

The value of the AFT index for the ideal segmentation is 0. If the AF'I; is positive, it indicates
that the reference object is over segmented, while a negative value express undersegmentation.
The global AFI index corresponds to absolute the mean of all AF'I; indices.

Zhang et al. (2015)) introduced two metrics by adapting the Precision and Recall measures.
Precision measures the quality of the segments generated (part of the generated segment that
is rightly in the reference object) while the Recall measures how well the reference object is

represented by the segment, such as :

14
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area(r; N s;)

.. B ' *
Precision;; = » 85 € 57 Mag

area(s;)

area(r; N s;)

Recall;; = 1 € Ry

area(r;)
Then, they combined those two indices using the weighted mean by area of all Precision;; and
Recall;; to obtain an index to express the quality of the segmentation, F-measurepg. a is set
to 0.5 to give the same weight to both Precision and Recall. The closer from 1 F-measurepr

is, the optimal the segmentation result is.

1
F-measurepr = T T
Precision + (1 - a) Recall

The Quality Rate (QR) index, defined by Weidner (2008]), compares the overlap area to the
union area of the reference and the corresponding object. The bigger the union is in compare to
the intersection, the worst the index is. It ranges from [0, 1] and 0 is the ideal value, when union
— intersection. To obtain the global index, compute the absolute mean of all QR;; calculated
as follow :

QR.,:l_m s. €S

“ area(r; Us;)’ 7~ 1Mo

Yang et al. (2015)) introduced the Segmentation Evaluation Index (SEI) defined by :

(

2 2
\/(1 . area(riﬁSj)> + (1 _ M) , S5 € SCZ- N Sdz

area(r;) area(s;)

SEL; =

1 s Sj%SCidei

\
with S¢; = {s; : area(r; N's;)/area(s;) > 0.5}, Sd; = {s; : area(r; N s;)/area(r;) > 0.5}. This
ensures that the corresponding object shares 50% of its surface with the reference object, while
the reference object follows the same rule. The global SET index is then the mean of the SEI;;,

and the segmentation is considered as best when SET tends to 0.

Those metrics are all very restrictive concerning the over- and the under-segmentation.
Following the same approach, Pavlova et al. (2021]) introduced the RecRate index, which consists
to count the number of correctly matched reference and predicted objects, with a one-to-one
correspondence. To do so, they used the Jaccard coefficient and considered that two field f, 7

and fi ., match if J(fl,,, fi..4) > 0.5, with :

S(anb)
J = —=
(.0) S(aUb)
Under the condition J(a,b) > 0.5, the set F,.; <> F.;, can be designed as one-to-one corre-

spondence if the fields from F,;, do not overlap. The RecRate is then defined as :
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NOTL@ one
RecRate = 2——2"2" 4 100%
Nref -+ Nemp

with the set N, e20ne €xpressing the number of correspondences in the One-to-one set. However,
they also introduced a second metric, the RecRategof:, which ignores the errors due to over-

and under-segmentation. The following criterion is defined :

area(r; Nsj) area(r; N s;)

Q(a,b) = max{ }

The field f},; corresponds to the field f! ., = argmaz(Qf..;, f)), under the condition Q(f,f, f1cq) >

area(r;) = area(s;)

0.5 . Similarly, the field f;md following the same rule. The sets F..; and F},.s are so computed,
and it allows multiple correspondences. This correspondence set is denoted as Fq, and the
number of ref fields from this set by N,% ’ The RecRategof; is then defined as :

Q
Nref
ref

However, this set does not take the False Positives into account, i.e., fields from the prediction

RecRateg,r = * 100%

dataset S; that do not share 50% of area with any field from the reference dataset. Those are
denoted as Frp = S; \ F. The False Positive Rate (F'PR) metric accounts for those missing
fields :

NFP
ref

with Npp being the number of fields in the Fy set. In the context of a imperfect reference

FPR = * 100%

dataset, this metric could be really useful to understand how well the testing area is covered.

An attentive reader could easily observe similarities between the indices, and understand
why there is actually no consensus for one or the other index. It is partly due to the fact that
it is still arguable what is known as an "optimal" segmentation (Jozdani et al., 2020). Because
land objects have varied structures and properties, optimal segmentation cannot be generated
universally. Each land objects has therefore its own interpretation of "optimally segmented".
The term "optimal" in the context of segmentation is therefore very application-dependent and
should be carefully defined for each application considering the needs and requirements of the

research project.

2.6.3 Pixel metrics

Along with object metrics, it is quite common to evaluate the segmentation result using a
rasterised version of the result, as the pixel metrics are broader recognised than object metrics
in the assessment process. Most of the pixel metrics are derived from the confusion matrix,

resulting from the comparison of the rasterised result and the corresponding rasterised reference
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dataset. For each class, True Positives (TP), True Negatives (TN), False Positives (FP), and
False Negatives (FN) are counted and then used to compute performance metrics. The sim-

plest methods are probably the OA, the Precision and the Recall, following those respective

equations :
TP +TN
OA = i
TP+TN+FP+ FN
Precision — TP
recitsion = TP n FP
TP
="
fecall = 571N

OA corresponds to the total number of right predictions divided by the total number of predic-
tions. Preciston describes the number of correctly predicted pixels divided by the total number
of pixel predicted within the class, and Recall describes the number of correctly predicted pixels
divided by the number of pixels truly belonging to the class. Those three metrics are between
0 and 1, 1 expressing the perfect prediction result. The Fl-score (or DICE coefficient) and the

Intersection over Union (IoU) are two similar metrics computed as so :

- 2% TP
— Score =
TP+ FP+ FN
TP
TolU —
U= TP T FPTFN

Both metrics are also between 0 and 1 and the Fl-score represents the harmonic mean of
Precision and Recall. Lastly, Matthew’s Correlation Coefficient (MCC) is the most robust pixel
metric in the bina,ry[l segmentation assessment. Indeed, Chicco et al. (2020) indicates that the
MCC, is a more reliable statistical rate [in the context of binary classification| which produces
a high score only if the prediction obtained good results in all of the four confusion matrix
categories (true positives, false negatives, true negatives, and false positives), proportionally
both to the size of positive elements and the size of negative elements in the dataset. MCC
indicates the correlation between the predictions and the reference data, and ranges from —1

to 1, with 1 being the perfect correlation. It is calculated as :

TP+TN —-FPx*xFN

MCC =
V(TP +FP)x(FP+ FN)* (TN + FP) x (FN + FN)

2.7 Related work

The scientific literature contains numerous studies on the extraction of agricultural fields,

the delimitation of borders and the mapping of crops. It would be very long and inappropriate

'Field - non-field, boundary - non-boundary
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to list all of the existing studies in the domain. Therefore, hereafter are listed some recent

researches using state-of-the-art technologies in the field extraction domain.

Persello et al. (2019) is one of the first to use DL for agricultural field delineation from
satellite images in the smallholder agriculture context. They used a SegNet model to detect
field boundaries with panchromatic images from WorldView-2 and -3 satellites of Very High
Resolution (0.5m) in both Nigeria and Mali. The post-processing was realised by a Water-
shed Transform followed by a clustering technique to merge the most similar adjacent regions.
Their results were promising, with F-scores higher than 0.7 and 0.6. Their proposed technique
competes favourably against state-of-the-art computer vision contour detection algorithms in
terms of accuracy. However, the ROIs were only respectively 6km? in Nigeria and 30km? in
Mali, which cannot capture all the differences in land cover and topography, that are some-
times massive in those countries. Zhenrong et al. (2019)) developed in the same year another
DL semantic segmentation model based on DeepLabv3+. Their study only use the RGB bands
from WorldView-2 with very high spatial resolution (1m), on a 1.500km? ROI located in China.
The agricultural system can be considered as smallholder agriculture, as the mean field area
is 2 ha. Using some specific zones for validation purpose, they achieved Kappa = 0.9 and an
OA of 95%. Their results outperformed every traditional machine learning methods, and other
standard DL models (SegNet, UNet, PSPNet, DeelLabv2). Waldner et al. (2020 used their
model developed in Diakogiannis et al. (2020)) to realise a large field extraction in South-Africa.
They used 10 Sentinel-2 tiles with 10m resolution to train a ResUNet-a model, followed by
a watershed transform for the post-processing. They achieved state-of-the-art results, with a
MCC over 82%, and their model showed good space and time generalization capacities. As
the field sizes were large with an average of 13 ha, they suggest it would be interesting to test
the model in the smallholder agriculture context. Another type of interesting models are the
Mask R-CNN (He et al., 2018), usually used to perform object detection, but have the poten-
tial to produce closed boundaries in a single step process. Zhong et al. (2023) introduced the
MSMTransformer network, based on Mask2Former, to perform field extraction. Using Jilin-1
imagery with a spatial resolution of around 1m, they achieved very promising results, proving

that Transformer architecture has excellent performance in field extraction from RS images.
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3.1 General context

In the framework of collaboration between the Institut National de la Statistique du Mali
(INSTAT, 2023) and UCLouvain, the goal is to achieve a better understanding of the agri-
cultural dynamics in this fast-growing region of the sub-Saharan region and improve the agri-
cultural statistics. Achieving the cartography of the agricultural fields throughout the whole
country would be a huge improvement to the food security. It would allow to be way more
precise in the area estimation and yield predictions thanks to the superiority of vector lay-
ers on raster layers in biophysical variable retrieval and surface measurements respectively. A
newly acquired set of reference agricultural field delimitation dataset (2021) of 16.000km? has
been prepared using VHR visual interpretation by the Malian partner team of the Institut

d’Economie Rurale (IER, Bamako) in order to make the first step in that direction.

3.2 Objectives

The overall aim of this research is to evaluate the performance of a field extraction method-
ology in the context of smallholder agriculture using a DL model on large-scale HRV satellite
images. The first specific objective is to assess the field boundary accuracy obtained from a
trained DL model from monthly Planet mosaics. The second specific objective investigates the
model portability over a different region and the possible improvements by adjusting various
components of the extracting field boundary models, including the quality of the input data
and the imagery’s spatial resolution.

The methodology will proceed with a calibration process, including the selection of the
monthly mosaics and the tuning of hyperparameters, a validation process to qualify the model
calibration, and post-processing optimization. The careful selection of segmentation perfor-
mance metrics for assessing model results is also crucial, as explained in section 2.6l Due to the
limitations of the reference dataset, a reasonably reachable target would be a dataset with a

good prediction with respect to field location but not too severe regarding boundary accuracy.
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This chapter extensively describes the methods and input data selected in this research. The
input data and its sources will be discussed, the pre-processing and the chosen methodology

will be justified, and the additional experiments will be described.

DL terminology was employed in the redaction of the thesis. During the training phase, the
deep learning model learns from the labeled data to optimize its parameters so that it can make
accurate predictions on the training dataset. After each epoch, the trained model’s performance
is evaluated using the validation dataset. It is used for hyperparameter tuning and model
selection. Finally, the testing set is a separate dataset used to evaluate the model’s performance

on unseen data, and simulate how well the model will perform in real-world scenarios.

4.1 Materials

In this section, the Regions Of Interest (ROI) will be first introduced (section [4.1.1)) to give
a brief description of the geographical context. The reference dataset will then be presented,
along with its associated methodological problems due to the collection process (section .
The satellite data that served as primary input and the joined pre-processing steps will be
addressed next (section [1.1.3). The additional images used for the alternative experiments

were obtained through different processes and will also be presented in the section [1.1.4]

4.1.1 Region of interest

Two ROIs are defined, based on the reference datasets provided by the Institut d’Economie
Rurale (IER, Bamako). Both are located in the southern part of Mali, as shown on
The main ROI is located in the south of Mali, on the border between the Koulikoro and Sikasso
regions, with approximately 95% of the ROI falling within the Sikasso region. It is a square
of 1.600 km? with the center located approximately 50 km west of the city of Koutiala, in the
administrative circle sharing the same name. Koutiala is a major center for cotton production
in Mali, mostly used for export purposes. Aside from that, various cereals are cultivated, such
as millet, sorghum, and maize (Lambert, [2018). Some villages are located within the ROI,

but none of them exceeds a few tens of thousands of inhabitants (Mali: Institut National de
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Figure 4.1: Location of the ROIs inside the malian territory.

la Statistique, |2012). The figure shows the main ROI on the Malian territory.

Geographically, the area is situated in the Sudanian Savanna Zone, which serves as a transi-
tional area between the Sahara Desert to the north and the more forested regions to the south.
The region experiences a dry season from November to April, followed by a rainy season from
May to November, which significantly impacts agricultural practices in the area. According
to the Koppen-Geiger climate classification, the ROIs fall into the BSh classification. Figure
[M.3] illustrates the average precipitation distribution over the year in the city of Koutiala. The
onset of the cropping season is marked by the first rainfall, which can vary with the years. As
only the 2021 year is analyzed here, it is important to take the local variation that occurred
specifically that year into account. The USDA data show that the 2021 season started
on the 20th of March and ended around the 20th of November (see Figures and in

[Additional material and methods figures|). It is important to note that the landscape is a mix-

ture of flat plains, gentle slopes, and occasional small hills, which play a role in shaping the
agricultural context of the region (Lambert, 2018). The ROI is crossed by numerous tributaries
of the Niger River, such as the Banifing-Lotio River. These small rivers have a major influence

on agriculture, with farmers flooding the region to cope with the lack of rainfall.

The second ROI is used for validation purposes in an additional experiment. Located 130
km south of the main ROI, which is also 60km west of the city of Sikasso, the field density
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Figure 4.2: Location of the main ROI. The border between the Sikasso and the Koulikoro region
is visible in the bottom left corner inside the ROI.
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Figure 4.3: Average monthly precipitation and temperature in Koutiala, from Climate data for
cities worldwide - Climate-Data.org (2023)).

is lower, and a few larger cities are present in the area. This area will be used to assess the

portability of the model within a nearby area, between two relatively similar landscapes. It
will be detailed later in Section 1.2.4.3
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4.1.2 Reference datasets collection and quality control

The reference dataset used for this research consists of fields manually digitized in the ROI
presented before, obtained from the Institut National de la Statistique of Mali (INSTAT, 2023)).
The 50.230 fields located in the 1600 km? square were delineated using VHR images, mostly
from Google Maps as a primary source and from Bing as a second source. The images from
Google Maps in the ROI are from 2021, but the exact satellite source is not made public. These
are mosaic images that were recomposed using images from different periods of the year, to
achieve the best visual output. However, it is actually not possible to find the exact date on
the Bing mosaics. After a quick visual analysis, it seems obvious that Bing images are older
than Google images. As a significant part of the reference fields were also delimited using Bing
images as a primary source, it results in some spatial inconsistencies in the delimitation due
to the year difference. For the sake of efficiency, the team in charge of the field delineation
process proceeded by square of 5 km side, with a few different interpreters in charge of all the
squares. The intermediate 25 km? squares were then not merged properly, resulting in straight
ends of all the field boundaries every 5km, both horizontally and vertically. Furthermore, it is
quite challenging to harmonize the visual interpretation of different interpreters with different
perceptions of what is a field boundary or not. An unambiguous delineation would have re-
quired buying a VHR imagery time series to capture the seasonal contrasts. In some regions, all
differences are considered, and the fields are then very small, where other interpreters preferred

to keep larger fields. The figure [£.4] illustrates those differences by way of example.

These problems are unfortunately impossible to completely solve, as it would require analyz-
ing the 1.600 km? ROI again. To partially address the issue, two processes were implemented.
First, all the intermediate perimeters of 25km? were manually merged together. The ROI was
extensively scanned every 5 km both horizontally and vertically on the 40 km length, and every
unnatural field boundary found was edited to match the Google satellite image correctly. Some
areas in particularly bad shape were also manually corrected, such as a large region where no
field was referenced at all. After the application of those modifications, a new total of 52.107
polygons was obtained. The fields have a mean of 12.467 m?, i.e. 1,2 ha, with a standard devi-
ation of 12.410 m?. This is mostly due to a few really big fields in the ROI, as the interquartile
range is 11.154 m?2. It is important to understand that the ’corrected’ reference dataset is still
not complete. This impacts the generalization capacity of the model outside its training area.
Indeed, in the context of DL, every mistake in the reference weights doubles, as the model not
only misses the correct label but also learns that it is actually part of another class. This leads
to the overfitting of the model to corrupted labels, due to its capability of learning any complex
function (Song et al., 2022). The complete quality-controlled reference dataset is presented
on Figure [A.3] in [Additional material and methods figures, while the figure is a zoom for

visualization purposes.
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Figure 4.4: TIllustration of the problem related to the split between sub-perimeters for the
data segmentation. The yellow segment lines trace the delimitation between those imaginary
squares.

Secondly, a smaller area was more precisely analyzed, and each field was examined to ensure
that the boundaries were correctly drawn. This small area of interest was used for the cali-
bration analysis and is referred to as the Quality Set. The set comprises 1.903 fields covering
an area of 50km? for training and 819 fields covering an area of 19km? for testing purposes.
Its location has been chosen to represent the reference data as faithfully as possible, with the

presence of forests, villages, and water bodies. As for the reference dataset presented before,

the complete Quality Set is presented on figure [A.4]in [Additional material and methods figures|,

while the figure [4.0]is a zoom for visualization purposes.

The quality-controlled reference dataset was then split into a training, a validation, and a
testing set. 12.563 fields were selected to compose the testing set, which constitutes 24% of
the dataset, and the remaining features correspond to the training and validation sets (training
data). The reference dataset was rasterized at the same resolution as the input Planet satellite
data (see Section to match the pixel size. It results in >75 million reference pixels. This
so-called ’reference mask layer’ is then used during the training process to create three other

reference raster layers: a binary layer of the extent of fields, a binary layer of the field bound-
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Figure 4.5: Zoom on the quality controlled reference dataset displaying the field size of each
individual polygon. The complete dataset is available in [Additional material and methods|
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aries, with a 10-m buffer applied, and a distance transform layer with respect to the closest
boundary layer. Distances were normalized per field so that the largest distance was always

one within each field. Those three layers are used to calculate the loss during the model training.

A second reference dataset was collected to cover the second ROI. This reference dataset
will only be used for validation purposes in one of the additional experiments. It is made up
of 31.527 fields manually digitized, as for the first reference dataset. It suffers basically from
the same issues as the first reference dataset, but no correction was applied as it would request

more days of work than were actually available.

4.1.3 Planet Data Pre-processing

The VHR images were collected from the Planet Basemaps program (Planet, . It
consists of small mosaic images of the year 2021. Planet images were chosen thanks to their
free availability and attractive spatial resolution (4.77m). The images are composed of 5 bands
(Blue, Green, Red, NIR, and an alpha band for transparency) with surface reflectance values.

As they are not daily images but mosaics, the images are mostly cloud-free. The assembling
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Figure 4.6: Zoom on the Quality set. The complete Quality set is available in
[material and methods figures|

and correcting process of the mosaics is not detailed by Planet, and some cloud aggregates are

still visible on some images. An example of those aggregates can be seen in figure [4.7]
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Figure 4.7: Illustration of the remaining aggregates present on the Planet satellite images.

The first preprocessing steps consisted of merging the small images together into a single image

for each month, covering completely the ROI, and then cropping it so that it matches exactly
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the extent. Then, the extents of the training and testing sets were used to crop the full image
to have one training and one testing image per month. Once the alpha band has been removed,
the images will be concatenated to form stacks of three-month images (both training and test-
ing stacks). As it is not possible to process all the images at once due to the GPU’s limited
memory, the training stack was divided into a set of 256 x 256 pixel images, each with the
right amount of bands (12 bands for a three-month stack). Input images on the borders were
discarded for the training process due to their incompleteness. The total number of images for
the baseline method (see Section was 12.672 images, split with 10% being the validation
images and the rest being the training images. As a reminder, training images are used to
train the deep neural network, and validation images are used for parameter tuning within the
training process. The last preprocessing step is the element-wise standardization of the input
data. The standardization of the data prior to the training of the neural network is necessary,
because neural networks are sensitive to the scale of the input variables. Wan (2019) found
that gradient optimization methods converge faster when features have a zero mean and unit

variance.

Data augmentation was also used to add some extra variety to the input data. Two opera-
tions are conducted at random: each pair of image and ground truth is zoomed in or out, and
rotated with a random center. A reflector padding is used to fill in the parts of the image that
are left out of the frame after the transformation. The data augmentation methodology comes
from Diakogiannis et al. (2020]). The figure illustrates the data augmentation result.

4.1.4 Additional images

Some extra images needed to be collected or processed to complete the additional analysis
(see Section 4.2.4). The first analysis assesses the possibility of using VHR images for field
extraction in smallholder agriculture. Maxar images (Maxar, |2023|) from 2021 with 1m spatial
resolution were used. Despite the advantageous resolution, some drawbacks could affect the
result of the analysis. The absence of the NIR band is seen as a major problem, as this band
forms the basis of several spectral indices that can be used to distinguish vegetation from other
types of land cover. The image is not a single image, but rather a mosaic made of multiple
small images with different dates. This is done to obtain a cloud-free image, but at the cost of
abrupt changes between two neighboring zones. The training zone is the same as for the Quality
Training Set. However, the testing zone is different from the Quality Test Set, as the mosaic
in that location was not usable. The last analysis, exploring the portability of the model in
nearby areas, needs the same Planet image type as the one used for training. Basemap Planet

images covering the second ROI were collected.
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Figure 4.8: Data augmentation example. The left image represent the original, and the right
the corresponding rotated and zoomed in image.

4.2 Methods

The section discusses the selected model and the methodology followed to tackle the ob-
jectives. An in-depth explanation of the model and its architecture will be given first (section
. Several experiments were conducted to evaluate the pertinence of the model to extract
field boundaries in a smallholding agricultural landscape. The baseline method (section

uses an association of three Planet mosaics and explores the influence of the monthly associa-
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tions chosen, as well as the variation of the hyperparameters chosen, according to a set of pixel-
and object-wise metrics, in order to maximize the concordance between the reference and the
predicted fields. Additional experiments were conducted in order to generalize the approach to
various data types, and assess the portability of a field extraction DL model to relatively nearby
locations in Mali. They are presented in section [£.2.4] The list of software and packages used
for the fulfillment of the thesis is available in Section L2.5l The section ends with a flowchart

resuming the complete methodology, from the data preprocessing to the accuracy assessment.

4.2.1 Model selection

The model chosen is the ResUNet-a model developed by Diakogiannis et al. (2020). Indeed,
as it has obtained state-of-the-art results in a large-scale application in the field extraction
process, the evaluation of its generalization capabilities to smallholder agriculture is an area
of interest. As briefly introduced in the section 2.7, ResUNet-a is a FCN. The architecture is
complex and made of various blocks designed to achieve a specific operation. The model is

made out of the following components:

1. UNet backbone architecture (section [2.4.2)), i.e., the encoder-decoder paradigm ;
2. Residual blocks as building blocks of the UNet architecture (He et al., 2016) ;

3. To enhance comprehension at different scales, each residual building block incorporates

multiple parallel atrous convolutions (Chen et al., 2017)) with varying dilation rates ;

4. Pyramid Scene Parsing pooling (PSPPooling) Zhao et al., 2017 to include contextual

information ;
5. Multitask learning, the algorithm simultaneously learns four complementary tasks.

Diakogiannis et al. (2020]) introduced two ResUNet-a models, the ResUNet-a D6 and the
ResUNet-a D7. The difference lies in the number of residual building blocks: ResUNet-a D6 has
six residual blocks of them followed by a PSPPooling layer, where ResUNet-a D7 has instead
seven residual blocks followed by either a Max Pooling layer (D7v1) or a smaller PSPPooling
layer (D7v2). This comes at the cost of a larger number of parameters (160 million for the D7
vs. 52 million for the D6). Waldner et al. (2020]) demonstrated that the results they obtained in
their field extraction process, which is a close procedure from what is implemented here, were
slightly better with the ResUNet-a D7(v2) model. Therefore, only this model was retained for

further analysis.

The layer types in the ResUNet-a model have the following function, as described by Di-
akogiannis et al. (2020) :
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The Input layer takes the input image, which is a 256 x256 raster with a mutable number of
bands.

The Conv2DN layer consists of a 2D convolution layer with a kernel size of 3 and padding of
1, followed by a batch normalization layer. Batch normalization is an effective technique used
to address the internal covariate shift problem in neural networks. It works by normalizing
the output of the preceding activation layer, subtracting the batch mean, and dividing it by
the batch standard deviation. This process significantly improves the speed, performance, and

stability of artificial neural networks (Szegedy et al., 2015)).

The ResBlock-a layer implements the principles of residual units (He et al., 2018), which
involve incorporating skip connections between layers to enhance the information flow from the
initial to the final layers. Rather than employing a single residual branch composed of two con-
secutive convolution layers, ResBlock-a employs up to four parallel branches with progressively
larger dilation rates. This enables simultaneous processing of the input in multiple fields of

view. The selection of dilation rates is determined by the size of the input feature map.

The PSPPooling layer, inspired by the pyramid scene parsing pooling technique (Zhao et al.,
2017)), focuses on capturing contextual information. It achieves this by employing maximum
pooling at four distinct scales. The first scale involves global max pooling, while in the subse-
quent scales, the feature map is divided into four equal areas, and max pooling is performed
independently in each of these areas. This process continues for the remaining two scales. Con-
sequently, this layer effectively encodes information about prominent contextual features across

various scales.

The Upsample layer involves two main steps. Firstly, it performs an initial upsampling of
the feature map using interpolation. Subsequently, a Conv2DN layer is applied. During the
upsampling process, the size of the feature map is doubled, while the number of filters in the

feature map is halved.

The Combine layer accepts two inputs, each having feature maps with an equal number of
filters. It combines these inputs by concatenating them and generates an output that preserves

the same scale and number of filters as each of the input feature maps.

The Output layer performs multiple tasks with conditioned inference and generates four out-
put layers: the extent mask, the boundary mask, the distance mask, and the reconstruction of
the original image in the Hue-Saturation-Value (HSV) space. The network graph is designed to
leverage the inference results from previous layers. The process begins by combining the first

and last layers of the UNet. The distance mask is the initial output, computed without utilizing
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PSPPooling. Next, the boundary mask is produced by combining the distance transform with
the last UNet layer using PSPPooling. The extent mask is generated by combining the dis-
tance mask and boundary mask with the output features. Additionally, a parallel fourth layer

reconstructs the initial input image, which helps reduce model variance (Diakogiannis et al.,
2020).

4.2.2 Baseline method

The baseline method aims to achieve the best possible prediction result on the Testing
Set, according to both a visual appreciation and a set of chosen metrics (presented in the
section [4.2.3). The common setup includes a ResUNet-a D7(v2) model initialized with the
Xavier initializer (Glorot et al., 2010), and the Adam optimizer (Kingma et al., 2017). Models
were trained using Tesla A100 GPUs for a maximum of 80 epochs, depending on the analysis.
The batch size was set to 16 due to memory limitations. The Tanimoto loss function used
for the training is presented in detail in the next section. Once the calibration analysis was
done, the last model was trained on the complete Training set with the best training setup.

See Hecht-nielsen ((1992)) and Chauvin (1995) for explanations of the process of training a CNN.

4.2.2.1 Calibration analysis

The process asks for an extensive calibration analysis, aiming to choose the best input
images and tune the hyperparameters. To do so, the Quality Training Set was used, as the
reference dataset is completely reliable, and it is approximately 50 times faster to train a model
on this set than on the full Training Set. The selection was made on the basis of the validation
metrics, namely the Extent Accuracy, the MCC Extent, the Boundary Accuracy, and the MCC
Boundary. MCC and Accuracy are chosen because they are, respectively, the most robust and
most used metrics in binary segmentation assessment. The calibration analysis was carried out

in the following order:

1. Find the best monthly mosaic association ;
2. Identify the best Learning Rate (LR) approach ;

3. Set the best loss combination.

The parameter settings that gave the best result according to the validation metrics were

then retained for subsequent evaluations.
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1. Selection of monthly mosaic set

This first analysis looks to select input data that gives the best results. A choice needed to
be made, as the use of more than 12 bands was not possible as the memory needed jumped
above 50 Gb of storage, therefore making the training impossible to complete with our available
resources. As a reminder, every mosaic is composed of 4 bands (RGB and NIR), which means
that up to 3 months could be associated. All twelve monthly mosaic images were available,
except for April, due to the many remaining clouds on the mosaic. After a visual examination,
the analysis was carried out on the months between May and November, as a combination of
those months seems the most appropriate to discriminate crops for the rest of the land cover.
It is directly related to the seasonality presented in section The use of multiple months
was found to be relevant, as more information is available with 3 images (12 bands) than on
a single image (4 bands). The validation metrics gave up to a 0.07 difference between MCC
Extent and a 0.04 difference between MCC Boundary. However, this addition comes with a
new issue: the reconstruction of the HSV image uses only three bands. Although the HSV
image is not mandatory to achieve the segmentation process, Diakogiannis et al. (2020]) showed
that it helps to reduce the model variance and make sure that all fine details are preserved. An
assessment was thus made to see if the result without the HSV layer output was indeed helpful
in our study case, and we concluded it is useful (see section for the results and explanations
about the loss further down here). A selection was arbitrarily set to use the 3 NIR bands (4th,
8th, and 12th) for the image reconstruction, assuming that those bands carry the most useful
information to perform an accurate segmentation. The models were trained for 20 epochs with
a constant LR of 107 3.

2. Learning Rate tuning

The second analysis covers the influence of the choice of the initial LR on the model re-
sults.Bengio (2012) indicates that this is often the single most important hyperparameter, and
one should always make sure that it has been tuned. The analysis is divided into three parts:
the measure of the variation between two runs with the exact same model, the selection of the
appropriate starting learning rate, and the relevance of the addition of a Weight Decay (WD)
approach. The first step is to measure how much the results can vary between two runs of the
same model. Indeed, optimization methods in DL often involve stochastic algorithms, subject
to random variation. The Adam optimizer makes no exception to the rule, and variability
arises from the combination of mini-batch sampling and adaptive learning rates for individual
model parameters (Kingma et al., [2017). Plus, the Xavier initialization induces a random ini-
tialization of the weights of the neural network connections, with values drawn from a specific
distribution.

The second step consisted of training multiple models with various starting LRs in order to
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select the one to keep for further analysis. Three different LRs were initially tried: 1073, 1074
and 1075. A consecutive study around the best LR (1073) was then conducted to take the
analysis a step further. Five learning rates between 5 x 1073 and 5 % 1074 were used to make

the final starting learning rate choice.

The last step consists of analyzing the relevance of using a Weight Decay (WD) approach
in the training process. The method adds a weight decay parameter to the learning rate in
order to decrease the neural network weight and bias values by a small amount in each train-
ing iteration when they are updated. Four different settings were tested with the same factor
(O,3162)E| . after 10 epochs, after 20 epochs, after 40 epochs, and no decrease at all.

3. Loss Analysis
This last analysis explores the influence of the Loss composition on the results. Diakogiannis
et al. (2020) introduced the Tanimoto loss as a loss function based on the DICE coefficient.
They showed that, thanks to gradient flow lines that are geodesics, the Tanimoto loss achieves
the best results among the loss’ family based on the DICE coefficient, in the context of DL
models training. As for Waldner et al. (2020)), our loss function relied on the Tanimoto loss,
defined as the average of the Tanimoto loss T'(p, 1) and its complement T'(1 —p, 1 —1), such as :

~ Tp,))+T(1—p,1—1

with

Zi pili
Zz(pflg) —>_i(pili)

where p = p; € [0, 1], represents the vector of probabilities for the ith pixel, and ith are

T(p,1) =

the corresponding ground truth labels. For multiple segmentation tasks (here Extent mask,
Boundary mask, distance to boundary layer, and HSV reconstitution layer), the complete loss

function is defined as the weighted average of the loss of all tasks :

wl * TEactent + w2 * TBoundary + w3 * TDistance + w4 * THSV

> wi

Tyst(p:l) =

with weights initially set to one.
As previously discussed, the use of multiple images in a single stack for training purposes
raises questions about the HSV reconstruction. Hence, a comparison between a model trained

with and without the use of HSV was made to assess the importance of HSV in our context.

As previously discussed, the HSV used in our case is made up of the three NIR bands (from

!The factor is such that every two decreases, the LR drops by 10%
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each of the monthly mosaics). The resulting loss function without the HSV layer was defined

as:

1 TExtent + 1 TBoundary + 1% fDistance + 0= fHSV
3

TMST(p7 l) =

Secondly, a double weighting of the Extent and the Boundary was also tested, to switch the
focus on either of those outputs. Indeed, despite the boundary having the largest weight in
the loss calculation, the MCC values were still half as high as the Extent MCC. Two different
manipulations were tried to correct those differences: doubling the weight of the Boundary to
increase the training focus on this task, and doubling the extent focus to balance the distribu-
tion of loss. The resulting loss follows the same scheme as the loss without HSV, with varying

weight coefficients.

4.2.2.2 Inference methodology

Once the model is fully trained, the prediction on the testing stack can be realized. The
model can be applied to any 256x256 image with a simple forward pass through the network.
As the testing stack is not divided into 256x256 images, a sliding 256x256 window is applied
in practice. However, convolutional neural networks use contextual information for prediction,
which means that the classification accuracy of a pixel will depend on its location. This re-
sults in homogeneous 256x256 windows on the predicted image, without any relation between
neighboring windows. To compensate for this location-related issue, a 64-pixel slide in every
direction was applied. The final class probability vector is obtained using the average of all
prediction views. The same principle is implemented on the side of the image, with a reflect

padding at a size of 128 pixels (Diakogiannis et al., [2020)).

4.2.2.3 Post-processing

Although ResUNet-a learns to detect field boundaries, it is not capable of generating au-
tomatically closed boundaries, which is required to extract individual fields. The watershed
method raises field boundaries and therefore lets us achieve instance segmentation and ob-
tain individual fields. The method delineates individual fields by considering the outputs of
ResUNet-a as a topographic map. Water is then filled into the map, starting at each local
minima, until it reaches a certain height threshold. Fields stop growing in a direction when the
threshold is reached or if a border hits the boundary of another object. The local minima are
found using the distance map, the topographic surface is defined by thresholding the extent
mask, and the boundary threshold is set by the boundary mask. The threshold selection was

made using visual appreciation of the result, followed by a manual calibration around the initial
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thresholds. The selection criteria for the process were the performance metrics that are pre-
sented in the next section (Section [4.2.3). To compute the metrics, fields smaller than 1.000m?
where removed from both the reference and the prediction datasets, as well as fields larger
than 800.000m?2. It represents less than 1% of the polygons for the quality controlled reference
dataset but around 15% for the prediction dataset. In addition, a 2-pixel buffer (around 10m)
was applied to the reference boundary mask layer (see section to reduce the strictness of

the evaluation.

4.2.3 Performance evaluation

As explained in Section [2.6.2] the evaluation of a segmentation result is all but a trivial task.
The optimal segmentation concept is subject to a very application-dependent appreciation, and
should be defined for each application considering the needs and requirements of the research
projects. In our case, as the reference dataset is not perfect, an optimal result would consist of an
agricultural parceling that is not too severe about the under- and over-segmentation. Indeed,
Section introduces the several problems linked to the reference dataset and its lack of
precise boundaries. Therefore, a realistic segmentation result would have a good prediction
with respect to extent, but would not be too severe with respect to boundary accuracy. The
evaluation will be both qualitative and quantitative. This would also allow to visually control
the results.

The qualitative assessment of the results will consist of a close visual analysis of the tested

area, under the prism of the following criteria:

Completeness and False Positive ;

Consistency and Coherence of the area ;

Likelihood of the field boundaries ;

Over and Undersegmentation.

Qualitative evaluation gives us a vision of the results that is partly distinct from the reference
dataset, which in our case is not totally reliable. In the quantitative assessment, the evaluation
of the quality of the extent and the boundaries has been separated, in order to have a distinct
evaluation between the detection of the boundaries and the detection of the extent of the field.
This gives a concrete view of the results concerning boundaries, which the model finds harder to
learn. Model accuracy was evaluated using both pixel-based and object-based metrics. Those
metrics were chosen to provide the most comprehensive information on the results and because

of their high visibility for comparison with further studies. Pixel-based accuracy was computed
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from the confusion matrix with the help of a few different metrics : MCC, the F1-score, Preci-
sion and Recall, and the OA (see Section [2.6.3)).

Object-based accuracy was evaluated using a few different metrics. The first two metrics
are, respectively, Prediction and Recall, introduced earlier (Section [2.6.2)). Precision is a
measure of the under-segmentation, while Recall expresses the over-segmentation (Costa et al.,

2018). Those two metrics are then combined in the F-measurepr as follows:

1
; + (]‘ - Oé) Reiall

Precision

The third object-based metric we use is the RecRates, . Introduced in Pavlova et al. (2021),

F-measurepr =

it ignores the errors due to over- and under-segmentation. It goes along with the FPR, which,
as its name suggests, counts the number of fields from the prediction dataset that do not share

area with the reference dataset. Both metrics have already been extensively described in Sec-
tion [2.6.2

4.2.4 Additional experiments

The previous research set the baseline method for field boundary extraction in the context
of smallholding agriculture. This next section gathers some extra experiments trying different
types of input data, as well as exploring the generalization capabilities of the baseline method

in nearby space of the same variety.

4.2.4.1 Impact of the quality of the reference dataset on the segmentation results

This additional analysis examines the influence of the quality of the reference dataset on the
segmentation results. As explained in the Section[£.1.2] the complete reference is far from being
a reference on which we can 100% rely. To estimate how far this reference dataset deviates
from the truth, the Quality Set was compared to the original reference segmentation. As for
the baseline method, the performance evaluation will be both quantitative and qualitative. In
addition, a prediction on the validation set will be made using a model trained on the Quality
Set. This illustrates the variability of landscape architecture and therefore the importance of a

large amount of training data.

4.2.4.2 Very High Resolution images in the context of smallholding agriculture

segmentation

VHR images allow access to way more information about the image than HR images. One

can easily distinguish the trees, the roads, and even the details on the buildings. A ResUNet-a
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will be trained using Maxar images resampled to 1m of spatial resolution on the Quality Set.

4.2.4.3 Assessing the model portability within nearby area

Finally, we assessed the model’s generalization capabilities using the secondary ROI as a
testing area. Planet images of the same resolution as for the baseline method were used to

extract field boundaries with the best model resulting from the baseline method.

4.2.5 Softwares used

The ResUNet-a model was implemented by Diakogiannis et al. (2020|) using the MXNET
deep learning library, under the GLUON API. The model was trained using one Tesla A100
GPU in the CISM facility (see |[Acknowledgements). Additional Python libraries were used

for georeferencing manipulations such as gdal, geopandas, osgeo, rasterio and Orfeo toolboz.
Matplotlib and OpenC'V were used for visualisation and image processing. Finally, QGIS was

used for visual analyses of satellite images.
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4.2.6 Flowchart

The figure [£.9)shows a schematic overview of the whole methodology for the Basline method.
The calibration analysis indicates multiple runs of slightly different models in order to achieve
the best result. The process using the Quality Set is essentially the same, with the addition of

an extra manual field boundary correction.
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Figure 4.9: Flowchart of the complete methodology applied throughout this master’s thesis.
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Chapter 5: Results and discussion

This chapter will gather all the results obtained with the methodology described in the
previous section. The baseline method and its calibration will be addressed first, followed by
the final results obtained with the best model implementation. The impact of the reference
dataset will then be presented in the Quality Set assessment. Finally, the additional analysis
shows the influence of changes in the data input and the generalization capabilities. The
chapter will be concluded by a broad discussion of the results and some key elements to explore

in further work.

5.1 Baseline method results

This section starts by giving the results of the calibration analysis to obtain the last imple-
mentation parameters. It is followed by the final product obtained from the baseline method

and its accuracy assessment.

5.1.1 Calibration analysis results

The results from the calibration analysis will be detailed in the following section. Some
graphs are present directly in the text, while the rest are displayed in Section [B|: Appendix B.

1. Selection of the monthly mosaic set

The validation metrics concerning the chosen month’s association as training input do not
lead to a clear dominance of one association over the others. Even if the performance of the
models were still improving after 20 epochs, we assumed that the convergence of the models
would follow a similar curve between the different associations, as we couldn’t assure full train-
ing for all associations. One can see in Figure[5.1]that the increase in the metrics is the same for
all the associations. Results are very close when we look at the extent captured by the groups
tested, and it is hard to make a single choice regarding those metrics. However, looking at the
boundaries, we can clearly see that two associations stand out from the rest: the May-August-
October and the May-August-November. The difference in the MCC Boundary is more than
5%, which suggests the importance of the August month in the boundary identification. The
association May-August-November was therefore selected to conduct the following analysis:

these results are in line with what is expected. May is the early season image corresponding
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to field preparation, while August is the peak of the vegetation and November is the harvest

time, providing a good contrast between crops and fields sown at different dates.
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Figure 5.1: Validation metrics comparison obtained with different monthly associations.

2. Learning Rate tuning

The first step explores the random variance from training iterations due to initialization.
The figure illustrates the variability between different training sessions with the same pa-
rameters. If we take a look at the variations when the model has fully converged (around
25 epochs here), we see that the variations are greater in extent than the boundaries. The
variations concerning the extent are around 2% for the OA and 4% for the MCC, which is two
times greater than for the Boundary, where only around 1% is observed for the accuracy and
2% for the MCC. It is therefore important to note that minor differences between two runs

with distinct parameters cannot be sufficient to discriminate one from the other.

The second step explores various LR for model training and aims to select the one with the
best results. The figure 5.3 shows the result obtained with the three initially tested learning
rates. We clearly see that the metrics are way better using the 1073 LR, especially regarding
the boundaries. A second manual calibration was tested using various learning rates around
1073 (Figure in Appendix B). No significant gain is observed using other learning rate

values than 1073, we chose therefore to keep this value for further analysis.
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Figure 5.2: Analysis of the variability of the validation metrics using the same LR for every
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Figure 5.3: Influence of the starting LR on the validation metrics.

The third step looks at the potential benefits of using a decaying learning rate in the training

process. We found that adding a scheduler to reduce the learning rate after a certain number of
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epochs is not necessarily beneficial for the good training of the model. In this case, the Quality

Set responds with an abrupt stop of increase when the learning rate is reduced (figure |B.5]).

3. Loss Analyses

The Loss Analysis tests different loss compositions during the training and looks for the
composition giving the best results, according to the performance metrics and the visual as-
sessment, in the first case. First, the Loss Analysis shows us the clear impact of the HSV layer
in the loss calculation on the results. On the one hand, Figure (Annexe B) shows us the
difference in the validation metrics for a training with and without the HSV layer. Curiously,
except for the MCC Boundary, it is hard to distinguish any relevant difference between the two
runs. Indeed, we saw that differences between two runs with the same parameters can lead to
up to 2% differences in accuracies. On the other hand, the visual assessment of the result on
Figure |5.4] shows a clear difference in the prediction realized on the test set. We clearly see
that the HSV layer adds coherence to the predicted field extent area, and that the sides of the
fields are more fragmented when working without the HSV layer. Moreover, even within the
field extent area, the borders between fields are regular, and more discontinuities are visible on
the prediction image without the HSV layer. Therefore, we concluded that the use of the HSV

is crucial during the training process of the ResUNet-a model.
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Date : 07 July 2023
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Figure 5.4: Comparison of prediction maps with and without the HSV layer.

The second analysis focused on the distribution of the weights between the losses. As a
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reminder, the loss is initially calculated as a balanced average of the four tasks, i.e., Extent
mask, Boundary mask, distance to boundary, and HSV layer. Here, the weights were doubled,
respectively, for the Extent and the Boundary masks to increase their impact on the training
process. Both operations lead to a significant increase in accuracy for their specific tasks. The
MCC Extent with the weighted loss by the extent is around 2% bigger than the balanced aver-
age loss (see Figure in Annexe B). A visual comparison was then conducted to assess if one
of the other models led to a better prediction result. The figure [5.5 shows both predictions side
by side on the Quality Test set, and the figure in Annexe B shows the reference Quality
Test set. At first glance, we can see that the boundaries are much smoother on the prediction
with the increased Boundary recognition. Also, boundaries are thinner and more direct. On the
other hand, the prediction with increased Extent recognition presents a larger field area, but it
also seems more chaotic. A few predicted field pixels are found in the middle of the non-field
in the north part of the image and in the central part of the image. We clearly see a separation
between the north and south on the image on the right, which is a river. The separation is
much more tenuous and less visible on the left image, which doesn’t properly reflect the refer-
ence. The results were then compared with the initial balanced average loss (visible on Figure

b.4{with HSV), and the prediction using increased Boundary recognition remains the best result.
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Figure 5.5: Comparison of prediction maps with enhanced recognition of boundaries and extent.

After the calibration analysis, the inputs chosen are the monthly association May-August-
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November, and the method is conducted using a fixed learning rate of 1073, with the HSV layer
based on the three NIR bands, and the Tanimoto Loss doubly weighted on the boundary.

5.1.2 Assessment of the baseline method

The figure presents the validation metrics calculated on the Validation set. The extent
related metrics first start to increase, moving from 56% to 62% for the MCC, but after the 10th
epoch, the value starts to decrease. This is probably due to an overfitting of the model over
the Training set, which the Validation set is independent from. Concerning the boundaries,
even if the global accuracy doesn’t seem to improve, the MCC value continues to increase after
the 10th epoch. The OA is calculated from every correctly classified pixel (binary classification
here), and the classes are unbalanced. There are way more non-boundary pixels than boundary
ones. Therefore, the accuracy can be quite high, but the result is not that good. The MCC is a
robust metric to watch in this situation. The selected model is the one with the highest MCC
extent. The boundary threshold parameters of the watershed extraction were empirically tuned
to find the best visual result, in accordance with the criteria presented previously (section.
Quantitative assessment was then carried out using the post-processed shapefile resulting from

the extraction.
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Figure 5.6: Validation metrics for the baseline method. The model chosen is the one with the
best result in terms of MCC extent, represented by the vertical red line.

The figure presents the final results obtained with the baseline method on the complete
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Test set. After the post-processing tasks (see Section [4.2.2.3), 18.185 fields were extracted from
the Test set, with an average area of 11 ha. The reference layer gathers 12.023 fields with an
average of 15 ha. The Test set is 40x11km in size.
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Figure 5.7: Final result obtained with the baseline method. The extracted fields and fields from
the reference layer are displayed according to their area. The rose values on the prediction raster
correspond to the extent, and the green/yellow to the boundaries.
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5.1.2.1 Qualitative assessment

The qualitative assessment is made based on the criteria presented in Section At first
sight, no significant difference stands out in the covered area. The field extents seem quite
similar on the extracted and reference layers. By going more into details, one can identify
some areas where the model finds fields where the reference doesn’t indicate so (False Posi-
tive). However, after a quick look at the Planet and Google Satellite images, it is easy to see
that most of those False Positive are in fact fields, which points out once more the weakness
of the reference layer. The most obvious example is at the bottom right of the image, where
the reference layer stops 5 fields higher than the extracted layer. On the other hand, some
areas are also missed by the model in certain specific environments, : where lots of trees are
to be found in the middle of the field plot (Figure . It is, however, not a major concern as

this involves a very small part of the area, and the model still identifies around 60% of the fields.
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Figure 5.8: Zoom (1) over an area of special interest in the results.

The most notable difference is the field size. One can see in Figure that the reference
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layer gathers larger fields than the extracted layer. This means that the model is likely to suffer
over-segmentation, if we consider the reference layer completely reliable. On Figure[5.9] a wide
band of fields in the shape of an "L" is made of fields bigger than 20ha on the reference and
mostly of fields smaller than 20ha for the extracted layer. When looking at both satellite im-
ages, it is hard to draw a quick conclusion on which segmentation is better. The truth probably
lies somewhere between over-segmentation of the extracted fields and under-segmentation of

the reference layer.
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Figure 5.9: Zoom (2) over an area of special interest in the results.

Regarding the field boundaries, it is hard to draw any global conclusion at first sight by
viewing the entire testing area. Depending on the land architecture, the boundaries can be
very close to the reference layer or, on the other hand, very different from it. This is why the
results will be presented with two distinct examples illustrating each of the situations. The first
image shows a situation when the extracted boundaries are similar to the manually referenced

ones (Figure [5.10)). Also, this area has been chosen to have a good-quality reference layer. On
(Fig good-quality y

47



CHAPTER 5. RESULTS AND DISCUSSION

first impression, we clearly recognized the square pattern present on the image on both layers,
and it is also confirmed by the two satellite images from Planet and Google. The same lacks
previously explained are to be found on this image: when fields are heavily tree charged, the
model struggles to consider the field plot as such. The extracted layer recognized pretty well
the structures, such as roads and villages, on the image. Concerning the field sizes, we clearly
find more small field plots on the extracted image than on the reference layer, which is a sign
of over-segmentation. They are usually either located on the edge or in small clusters. We also
see at the bottom right of the image some fields in the middle of a bare area, where nothing is
cultivated, that can be considered as False Positives. Overall, the impression of this small area
(size of 2.522.5km) is good, with some differences not dramatically affecting the quality of the

zone.
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Figure 5.10: Zoom (3) over an area of special interest in the results.

The second image shows us a larger area (5x5km) with completely different land manage-
ment (Figure [5.11)). The broad central zone gathers very small field plots with lots of paths
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in between. The crop type is also different from the previous image. We see on the reference
layer that some fields are missing in the southern part of the zone. Moreover, the False color
composite image is also characterized by a large, darker area. It doesn’t seem to affect the
model that much, as almost all fields are still present. However, the south of the central zone
is not well delimited by the model, as the fields are really big and merged together. Around
90% of the extent is still found, but this particular zone suffers from under-segmentation. We
cannot consider this area well segmented by the model, as too many errors are to be found.
This area is, however, particular, and this is the only place where such a big difference is found

in the entire test set.
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Figure 5.11: Zoom (4) over an area of special interest in the results.
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5.1.2.2 Quantitative assessment

The table presents the final metrics obtained on the entire Test set with the baseline
method. With the pixel-based metrics, Extent and Boundaries should be considered indepen-
dently, while the object-based metrics return a global index for the segmentation. About the
Extent, OA is equal to 79.17%. The Fl-score and the MCC give, respectively, 79.57% and 0.58,
and the Precision and Recall are equal to 77.56% an 81.69%. About the Boundaries, the OA
reaches 77.55%, while the Fl-score and the MCC are equal to 50.07% and 0.36. The Precision
and Recall are equal to 44.62% and 57%. This clearly demonstrates the limitations of the OA
when classes are unbalanced, like in the boundary case. The object-based metrics show very
interesting results. First, the Precision and Recall are respectively 69.15% and 71.53%, which
means that the generated segments have a good overall quality, and that the reference objects
are well represented by their corresponding extracted fields. The resulting F-measurepg is there-
fore 70.32%. The RecRateg,, which, as a reminder, excludes the under- and over-segmentation
errors, gives 86.63%. This goes with a FPR of 40.66%. Those results clearly demonstrate that
the model struggles to be completely reliable on the boundary detection. They need to be
treated with caution, as the reference layer presents a large number of missing fields (around
10% in estimation), especially at the edge of the images, as presented before. All the reference
boundaries are not marked on the reference layer, which also suffers from under-segmentation.
Considering the limitations of the data, it is hard to extend the quantitative analysis of the

results as the reference is not totally reliable.

Table 5.1: Quantitative assessment of the baseline method using pixel-based and object-based
metrics.

Metrics Global Fields Boundaries
Pizel-based metrics

Overall Accuracy / 79.17 77.55
F1-score / 79.57 50.07
MCC / 0.58 0.36
Precision / 77.56 44.62
Recall / 81.69 57.04
Object-based metrics

Precision 69.15 / /
Recall 71.53 / /
F-measurepg 70.32 / /
RecRategg 86.63 / /
False Positive Rate 40.66 / /
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5.2 Additional analysis

This section brings together the results of the additional analysis carried out after the basic
method. The assessment of the Quality set will be conducted first, followed by various analyses
that test the results obtained with different types of input data, and explore the generalization

capacities of the chosen method.

5.2.1 Quality Test Set assessment

This analysis explores the benefits of having access to a high-quality reference layer by
comparing the respective results obtained with the Quality set and its corresponding non-
modified set (called Original set hereafter). Two models were trained for 200 epochs with the
optimal parameters retrieved from the baseline method. The Test layer was also improved, like
the Quality set, with rigorous control over the extent and boundaries of the fields present in
the area. The table shows the final results obtained with both sets.

Table 5.2: Quantitative assessment of the Quality Test set using pixel-based and object-based
metrics.

Quality Set Original Set
Metrics Global Fields Boundaries | Global Fields Boundaries
Pizel-based metrics
Overall Accuracy / 87.92 76.52 / 87.92  74.42
F1-score / 90.13 49.92 / 89.82  48.76
MCC / 0.76 0.35 / 0.75 0.32
Precision / 85.22 48.85 / 87.35  46.74
Recall / 95.64 51.04 / 92.44  50.78
Object-based metrics
Precision 49.12 / / 47.81 / /
Recall 80.54 / / 76.82 / /
F-measure 61.02 / / 58.93 / /
RecRate soft 95.39 / / 93.02 / /
False Positive Rate 16.42 / / 14.92 / /

When looking at the pixel-based metrics, results are surprisingly close, especially about the field
extent. Indeed, the MCC varies only by 0.01, and the other field-related metrics have the same
behavior. The pixel-based Recall is very high for both the Quality and Original sets, which
indicates that both sets recognized pretty well the extent of this region. For the pixel-based
Precision, we see that the value is even higher for the Original set than for the Quality set. This
goes along with the FPR also lower for the Original set. About the boundaries, we see a bit more
variation, with the Quality set being obviously more accurate than the Original set. Obviously,
Overall Accuracy is still not relevant to interpret in the context of Boundaries. For the MCC,
a variation from 0.32 to 0.35 is observed when correcting the Original set, which is not very

much, and the same can be said of the Fl-score. This analysis does not allow us to conclude
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that the changes made to the Original set to correct it brought a clear improvement. Even if the
boundaries seem to better reflect reality, this goes with a surprising decrease in extent quality.
That is quite an unexpected result, because the original set can not be considered confidence
data in the training of a model. This needs to be relativized, however, as the Quality set is
only 1.903 fields large, and although the validation is close to it, some differences are still found
between the two areas. For instance, the validation area includes more wooded zones. They

have been identified as areas of concern in the assessment of the baseline method (section|5.1.2)).

5.2.2 Very High Resolution images

The second additional analysis tries to use VHR images (1m spatial resolution) for the
training of a ResUNet-a model. The figure displays the results in the validation area. One
can see at first glance that the obtained results are not exploitable. The predicted raster is
made up of an inconsistent extent prediction, and the boundaries are not even visible on the
edge of the field extent.
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Figure 5.12: Prediction raster from the testing of a model trained with VHR Maxar images.
The rose values correspond to the extent, and the green/yellow to the boundaries.

When zooming in at field size, the issues can be better identified. First, the visible squares
correspond to the inference method using sliding windows to make the prediction. The visual
impact is much greater than with the basic method. This is probably due to the fact that
many of the squares have no fields at all, which is less the case with Planet’s images, since

the resolution is five times greater. In addition, the trees in the middle of the plots are all

52



CHAPTER 5. RESULTS AND DISCUSSION

singularly identified as boundaries, resulting in small areas included in the actual plot. This
problem could be solved by an appropriate post-processing method that removes boundaries
of a certain shape and size. The model also still struggles to correctly identify the extent.
Some bare areas or even roads are falsely classified as fields. This could probably be solved
by increasing the training of the model. In conclusion, a separate assessment of the ability of

VHR images to perform field segmentation at large scales should be carried out.
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Figure 5.13: Zoom over an area of special interest in the results from the VHR images

5.2.3 Model portability within Africa

The model’s portability across space was estimated with images from the second ROI (see
4.1.1)), which is located 130km south of the main ROI. The result was obtained using the best

model resulting from the baseline method.

The figure presents the prediction realized over the entire ROIL. The first impression
the extracted fields layer gives is that it is sparser than the reference layer. Indeed, especially
in the center of the ROI, lots of fields are missing, where the north and west parts of the image
seem to correspond quite well. After a deeper analysis, it was found that one of the monthly
Planet mosaics was not in good shape (November). The values were corrupted at some loca-
tions, giving those rose values on the False Color composite visible on figure [5.15] The quality
assessment will therefore be conducted only on the first north half of the result. Most of the
extent is shared with the reference layer, and no major difference is to be found. The number of

False Positive doesn’t seem high, with the majority of the extracted fields also being referenced.
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Figure 5.14: Map of the results over the Sikasso region. The extractd fields and fields from the
reference are displayed according to their area.

However, the completeness of the result is not great. In each area where fields are found, more
are marked on the reference and can be seen using the Planet and Google satellite images.
About the boundaries, the large elements (roads, villages, etc.) are found by the model, and
the limits are well respected. Inside the field extent, plots are not properly delimited, and fields

can’t be considered correctly segmented.

Looking at the quantitative metrics, the pixel metrics are in line with the visual assessment
the MCC extent is 0.56, and 0.31 for the boundaries. But the field Recall is only 48.69%,
which supports the visual assessment about the completeness. The Precision is on the other
side 78.27%, which suggests that found fields are mostly also present on the reference layer.

In this case, the OAs are not relevant at all, as the area is less densely populated with field
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Figure 5.15: Example of data corruption over the Sikasso region. The False Color composite
from November shows unusual values.

plots (see[l.1.1]). Lots of pixels are correctly classified as "non-field" (or "non-boudary"), which
draws the metric really high. About the object-based metrics, the RecRateg. is only 58.76%,
which is also in line with the completeness argument. The false positive rate is nevertheless
high at 23.78%. Precision and Recall indicate that found fields are mostly in line with their
corresponding reference objects, and the F-measurepr gives us their combined score for com-

parison with further studies.

5.3 Discussion and perspectives

The results show that there is still room for improvement in the large-scale field extraction
process in the context of smallholder agriculture. The baseline method gives us a good approx-
imation of the agricultural land segmentation but cannot be considered completely reliable.
Especially regarding the field extent, the results were promising, as no major difference was
found between the reference and the predicted layer. Moreover, the visual assessment confirms
the accurate representation of reality by the field extent and mitigates the difference obtained
with the reference layer. However, the boundary predictions were not really on point, showing
drastic differences with reality in some large areas of the prediction zone. Nevertheless, some

areas were particularly well delimited by the model, showing some encouraging signs. As a
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Table 5.3: Quantitative assessment of the Sikasso region using pixel-based and object-based
metrics.

Metrics Global Fields Boundaries
Pizel-based metrics

Overall Accuracy / 88.51 90.33
Fl-score / 60.03 35.94
MCC / 0.56 0.31
Precision / 78.27 41.89
Recall / 48.69 31.47
Object-based metrics

Precision 62.55 / /
Recall 67.32 / /
F-measurepg 64.85 / /
RecRateg; 58.76 / /
False Positive Rate 23.78 / /

reminder, the reasonably reachable target for this project was set to be a dataset with a good
prediction with respect to field location, but not too severe regarding boundary accuracy. This

is roughly the description of what was achieved with the baseline method of the master’s thesis.

The secondary objective was to explore the generalization capacities of the methodology
through the use of better input data quality, using VHR images, and assess the model’s porta-
bility over a different region. The additional analyses gave mixed results. The benefit of using
better reference data couldn’t really be proved in this specific study, which asks for further ex-
aminations. The use of VHR images with the ResUNet-a model was not a success. The model
struggles to identify both the field extent and the boundaries, and a specific assessment of the
ability of VHR to perform field segmentation at a large scale should be conducted. The porta-

bility of the model within Africa gives good results, but suffers from a lack of correct input data.

Several sources of error have been identified. The most important drawback is the lack of
confidence in the input data. Without an appropriate reference dataset, the DL model will
classify features incorrectly and quickly overfit to match corrupted labels due to its ability to
learn any complex function. This reduces the quality of the prediction and affects the met-
rics. In addition, the reference test set is also unreliable, resulting in inaccurate measurements.
Qualitative assessment is therefore the best way to validate the results in this case. Large-scale
application means that the chosen ROI is more likely to be composed of several landscapes,
each with its associated land-use reflecting value. This adds complexity to the input data and
makes model training harder. In this case, high-quality data is even more necessary. This
is directly related to another source of error that comes from the calibration analysis of the
Quality set. The Quality set is only about 3% in area of the quality controlled set. Although it

was chosen because of its heterogeneity in the landscape, it cannot realistically be considered
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representative of the whole dataset. The optimized parameters found with the Quality set are
therefore unlikely to be the same as the optimal parameters for the complete dataset. A quick
assessment of the optimal parameters applied to the reference dataset was, however, done in
order to check if the overall response of both sets was the same, which was the case. Another
source of error is the use of more than four bands in the training of the ResUNet-a model.
The model was initially built to receive a 4-band input (RBG and NIR), and the HSV layer is
supposed to be made out of the three RGB layers. Here, the HSV layer is built using the three
NIR layers from each of the used months, which causes it to take a different value from what it

is supposed to take. This changes the weight associated with this output in the loss calculation.

A few recommendations can be made to improve the methodology. In the input image, it
would be useful to measure the influence of the blue band in the training process. The blue
band has low discriminating power when speaking about different vegetation species (USGS,
2023). With the soil being mainly covered by vegetation species in the SSA region, it might be
beneficial to remove it. The results obtained using a spectral index such as NDVI could also be
assessed, as it requires less computational power thanks to the combination of the information
of two major bands (red and NIR) within one band. The first obtained result could also be
used to update the reference layer in a sort of self-validation loop in the absence of certainty
about the reference data. The automation of the post-processing method to select the threshold

giving the best metrics could also be a slight improvement to the project.
Finally, it would be necessary to compare the results with other state-of-the-art modelling

approaches. The models from the related studies presented in section could be used on the
same area to check whether ResUNet-a performs best in the SSA.
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Chapter 6: Conclusion

This thesis aimed to evaluate the performance of an automatic field extraction methodology
from High Resolution satellite images in the context of smallholder agriculture. The method-
ology relies on a Deep Learning model trained with satellite images from 2021 captured by the
Planet satellite and the reference dataset. The first step consisted of a calibration analysis to
set the best hyperparameters for the model training. The baseline method was then evaluated
with carefully selected metrics showing the performance of our model. The last step includes
the assessment of the model’s portability within Africa, as well as an exploration of possible

improvements by adjusting the quality of the input data and the imagery’s spatial resolution.

Overall, the results were mixed. The model is mostly capable of finding the fields extent,
but struggles to capture field boundaries correctly. Nevertheless, some areas were particularly
well delimited by the model, showing a promising improvement perspective with high quality
data. The portability of the model is decent, but it suffers from land cover and topography
differences. The use of Very High Resolution images was not a success, as the model is not
capable of correctly identifying fields extent and boundaries. Major drawbacks are the lack of
reliability of the reference dataset and the complexity of the agricultural arrangement, with the

field area being on average 1.2 ha.
Finally, recommendations and improvement opportunities were discussed for a potential

continuation of experiments. Comparing the results with other state-of-the-art modeling ap-

proaches would also be beneficial.
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Appendix A: Additional material and

methods figures
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Figure A.1: 1-month Precipitation according to CPC (Mar. 21 - Apr. 20, 2021).
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Figure A.2: 1-month Precipitation according to CPC (Oct. 26 - Nov. 25, 2021).
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Figure A.3: Complete quality controlled reference dataset displaying the field size of each
individual polygon.
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Figure A.4: Complete Quality set displaying the field size of each individual polygon.
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Appendix B: Results of the baseline
method
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Figure B.1: Validation metrics comparison obtained with different monthly associations.
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Figure B.2: Analysis of the variability of the validation metrics using the same LR for every
model.
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Figure B.3: Influence of the starting LR on the validation metrics.
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Figure B.4: Influence of the starting LR on the validation metrics, zoom around a LR of 1073,
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Figure B.5: Scheduler parameters for the weight decays (0.31%). Number of epochs after which
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Figure B.6: Comparison of validation metrics with and without the HSV layer.
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Figure B.8: Reference Quality Test Set
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Automatic field extraction using deep learning in the context
of smallholder agriculture

Gauthier Heroufosse

Sub-Saharan Africa is the center of the world’s population growth but is
particularly vulnerable to food shortages. In the framework of collaboration
between the Institut National de la Statistique du Mali (INSTAT) and
UCLouvain, the goal is to achieve a better understanding of agricultural
dynamics and improve agricultural statistics. Automatic field extraction from
satellite imagery is an essential tool to achieve agricultural landscape
mapping, which acts as a decision-support tool to help improve food security.
A newly acquired set of reference agricultural field delimitations of 16.000km2
has been prepared by the Malian partner of the Institut d’Economie Rurale
(IER) in order to make the first step in that direction. This thesis aimed to
evaluate the performance of an automatic field extraction methodology from
High Resolution satellite images, in the context of smallholder agriculture,
which is characteristic of the sub-Saharan region.

The methodology relies on a Deep Learning model trained with satellite
images from 2021captured by the Planet satellite and the reference dataset.
The first step consisted of realizing a calibration analysis to set the best
hyperparameters for the model training. The baseline method was then
evaluated with carefully selected metrics showing the performance of our
model. The last step includes an assessment of the model’s portability within
Africa, as well as an exploration of possible improvements by adjusting the
guality of the input data and the imagery’s spatial resolution.

Overall, the results were mixed. The model is mostly capable of finding the
fields’ extent but struggles to capture field boundaries correctly. The portability
of the model is promising, but it suffers from land cover and topography
differences. A major drawback is the lack of reliability of the reference dataset.
Finally, recommendations and improvement opportunities were discussed for
a potential continuation of experiments.
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