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INTRODUCTION

The 21st century is slowly progressing towards the construction of a more sustain-
able future thanks to increased awareness of environmental issues, advancements in green
technology, and a growing commitment from both individuals and organizations to reduce
their carbon footprint. Central to this movement are the United Nations’ Sustainable
Development Goals (SDGs), which provide a comprehensive framework for achieving a
sustainable future by 2030 (United Nations| n.d.).

One of the most pressing challenges on this journey towards sustainability is the signif-
icant pressure on agricultural and natural resources, driven by increasing population and
consumption in recent years (Foley et all 2011). In 2022, 2.4 billion people did not have
access to nutritious, safe and sufficient food all year round while our current agricultural
systems are degrading water, land, biodiversity and climate on a global scale (FAO)| [2023;
Foley et al. 2011). It is also expected that almost 600 million people will be chroni-
cally undernourished in 2030, an increasing number during the past years that are closely
related to the recent COVID pandemic and still ongoing Ukrainian war (FAO, [2023).
Agriculture plays a crucial role in the sustainabile transition, particularly in achieving
SDG 2 (Zero Hunger) and SDG 12 (Responsible Consumption and Production). It is
therefore clear that the agricultural sector needs to be well understood and managed in

order to fulfill the world’s consumption needs with respect to the Earth’s limited resources.

Remote sensing offers the capability to gather information for monitoring and mapping
crops across spatial and temporal scales that are challenging to achieve through in situ
methods (Bahrami et al., 2022)). Diverse sensor technologies and observation platforms
have been developed to monitor Earth’s surface. Optical remote sensing for crop moni-
toring was firstly used in the early 1970s with the first Landsat satellite (Becker-Reshef
et al., 2010). With spatial, spectral and temporal resolution getting better through the
years, these types of sensors as well as radar sensors have since been used extensively for
agricultural purposes (McNairn et al., [2014).



CHAPTER
ONE

LITERATURE REVIEW

This chapter presents a summary of current scientific knowledge related to the thesis
topic, guiding the formulation of its scientific contribution, experimental protocol, and

result interpretation.

1.1 Agricultural challenges

With sustainable development at the center of most recent debates, agriculture faces a
dual challenge: reducing agricultural intensity to minimize its environmental impact while
maintaining sufficient yields to meet the world’s consumption needs. One key aspect of
addressing this challenge lies in accurate crop production forecasts, which play a vital
role in ensuring food security and anticipating production shortfalls (Jayne and Rashid,
2010). Early and precise yield projections not only limit food price volatility but also

increase resilience against food insecurity (Jayne and Rashid, [2010)).

Moreover, sustainable agriculture emphasises on effective soil management practices.
For instance, different intensive tillage techniques have strong influence on the soil biology
and crop production, its monitoring should therefore become of great importance in agri-
cultural sciences (Satalino et al., [2018). Tillage operations affect multiple land dynamics
such as soil erosion, run-off and infiltration, carbon sequestration and water and carbon

dioxide exchanges (Foley et al., |2011)).

1.1.1 Croplands in Belgium

All of the above holds particular significance in Belgium, where over 40% of the coun-
try’s surface is dedicated to agricultural crop fields (Statbel, 2021)) with an even higher

percentage in the silty, sandy silty and condroz regions for Wallonia as shown on Figure

LI



Campine
31%

Herbaceous
region 30%
High
Ardenne
36%

menne
37%

Ardenne
30%

Jurassic
region
33%

(% UAA/Total surface area)

.
30% 35% 40% 45% 50% 55% 60% 65%

Figure 1.1: Share of agriculture surface in land use in Belgium in 2022 (Statbel, [2023)).

Belgium faces a challenge concerning the peri-urban nature of its agricultural areas
with competition from housing, industrial zones, and infrastructure development (Diplo-

matie Belgium| 2023). This might lead to geographical proximity between rural and

agricultural areas exposing housings to higher risks of flooding and mudflows if agricul-

tural lands are not well managed.

Belgium also operates within the framework of the Common Agricultural Policy (CAP)
of the European Union (EU), aligning its agricultural practices with broader EU strate-
gies and objectives. Some of the CAP 2023-2027 objectives are: climate change action,

environmental care, landscape and biodiversity preservation and the forming of vibrant

rural areas (European Comission, n.d.).

With the potential negative effects on the environment and biodiversity of intensive
soil tillage practices and the high agricultural density of the country, Belgium has to put

double effort in managing and monitoring soil preparation techniques.

In Belgium, a diverse range of crops are cultivated, but some of the most common
spring crop types found in Wallonia are sugar beets, potatoes, and maize, as identified
by the 2021 Land Parcel Identification System (see Section . The following study will
concentrate on these specific species. Table [1.1] illustrates the crop calendar for selected

spring crop types during a standard year.



Table 1.1: Crop calendar of the main spring crops encountered in Wallonia in 2011 (Bield-
ers et al., 2011

Jan | Feb | Mar | Apr | May | Jun | Jul | Aug | Sep | Oct | Nov | Dec

Beet
Potato
Maize

‘ Sowing ’ ‘ Mid-season ] ] Harvest ‘

1.1.2 Soil management practices: conventional and conservation

agriculture

The two following sections (1.1.2] & [L.1.3)) are widely based on the "LBRAI2106 -
Phytotechnie" course given by Pierre Bertin at the faculty of Bioscience Engineering,
UCLouvain (Bertin, [2023]).

When discussing soil management practices, two main groups of methods can be iden-
tified: conventional tillage practices and alternative methods. Conventional methods
primarily involve various tillage techniques, while alternative methods include shallow
ploughing and reduced tillage techniques. Each approach has its own set of advantages

and disadvantages.

Conventional tillage techniques

The conventional approach can be subdivided in four methods, each one using dif-
ferent tools. Firstly, the deep ploughing (Figure method which involves burying
organic amendments and residues, destroying weeds, and loosening the soil to a depth
of 20-30 cm using a plow. This is the only method that is overturning the upper soil
layers. Secondly, the light cultivator tool (Figure smoothens the furrows left by the
ploughing, working at a depth of 5 to 15 cm to homogenize the soil and destroy possible
germinated weeds. Thirdly, the rotative harrow (Figure is an animated tool with a
vertical rotation axis that mixes soil at a surface level of 10 to 15 c¢m, preparing seedbed.
This tool is suitable for wetter soils but increases risks of soil compaction. Finally, the
clod breaker roll (Figure can be used to further homogenize the soil, flatten larger

clumps and ensure proper seed-soil contact.

Advantages of conventional tilling activities include the effective burial of organic
amendments like lime, manure, crop residues, and pesticide residues, thereby incorpo-
rating them into the soil. Additionally, they help in the creation of a fine soil structure
through exposure to frost action, enhance soil aeration via mineralization, and facilitate

drainage due to fast spring warming.



However, these methods also harbor several drawbacks, including deep soil compaction
and the formation of a plow pan. They can bring long-lived weed seeds to the surface,
which may germinate years later. Moreover, the high energy costs and carbon footprint
associated with ploughing pose significant concerns. Excessive mineralization can lead to
the loss of organic matter and biological activity, further exacerbating soil erosion and

nitrogen loss.

(¢) Rotative harrow (d) Clod breaker roll

Figure 1.2: Different tools commonly used in conventional farming soil management prac-

Soil management in conservation agriculture

Conservation agriculture is mainly defined through three important principles: limited
tillage, winter cover crops and crop rotation and diversification. Several alternatives to
conventional ploughing methods exist. Two main sub-groups can be identified: shallow
ploughing and beneficial management practices (BMPs). Shallow ploughing involves us-
ing narrower plows with smaller shares to disturb the soil less deeply, thereby reducing
the creation of compacted plow pans. Beneficial management practices involve minimiz-

ing or eliminating ploughing. This approach is gaining popularity in both conventional



and conservation agriculture, with approximately 50% of wheat and rapeseed fields not
being ploughed conventionally in Wallonia. Three main categories of BMPs can be fixed.
Firstly, pseudo-ploughing, which mimics the effects of deep ploughing (> 15 cm) without
soil overturning. This technique helps to alleviate soil compaction without fully disturb-
ing the soil layers. Secondly, a light cultivator tool (< 15 cm) can be used to perform
very light soil work, implying the soil is not deeply compacted. Finally, the direct sowing
method consists in the planting of seeds into untilled soil.

Advantages of BMPs include time savings during crucial periods of the year, fuel econ-
omy with potential savings of up to 30% with reduced tillage and up to 60% with no-till
practices, soil structure improvement leading to reduced compaction and erosion, and

enhancement of biological activity, especially when combined with vegetation cover.

Nevertheless, BMPs also present several notable disadvantages, including the require-
ment for more observation and expertise, challenges in weed management, longer crop
rotations, and higher risks of fusarium and other diseases transmitted by non-buried crop
residues.

1.1.3 Sowing practices: a matter of precision

Soil management is crucial for a successful sowing. Clods on the soil surface should
be of approximately 5 cm to better resist to compaction while allowing regular germina-
tion. The seedbed should be a fine layer of soil overlaying an uncompacted soil for good
drainage. Two mistakes to avoid are seeding too deep and excessively fine soil preparation

(risk of crusting). Seeding depth should also be adapted according to soil moisture.

Different sowing machines exist, used for different purposes and crop types. Preci-
sion seeders allow precise control of the distance between each seed on the field. This is
crucial for plants with significant individual growth that don’t tolerate close competition
from neighbouring plants. Examples include root crops such as beets, chicory or spinach.
Standard seeders, on the other hand, do not offer the control of seed spacing. Seed rates
are calculated per hectare, but seed distribution may not be precise. This seeding method

is more suitable for crops like cereals that tolerate competition.

Beet seeds are small and fragile, requiring stronger attention to meticulous soil prepa-
ration and strict control of germination to avoid loss, with an emergence rate of 70 to
80%. Choosing the sowing period involves a compromise: sowing too early in the season
increases the risk of early vernalization, while sowing too late reduces sugar yields. Due
to climate change, sowing, which occurs in mid-April, can sometimes already take place
in March. Seeds for potato and maize (mainly silage maize in Wallonia) are less fragile

and require less attention regarding seed quality. Rougher soil preparation is preferable,



to limit evaporation. Sowing generally takes place later in the season, around mid-April
or early May. Let’s note that focus is here set on the details concerning selected spring
crop types for the study, but all of above mentioned techniques can also be applied for

winter crops in Wallonia.

1.2 Evolution and improvements in agricultural remote

sensing technologies

1.2.1 SAR remote sensing: basic principles applied to soil moni-

toring

While presence of clouds remain a major drawback for optical sensors, radar remote
sensing has the ability to acquire day-and-night images under almost all-weather con-
ditions due to the use of an active radiation source in the microwave frequency range
(Van Tricht et al., 2018). The Synthetic Aperture Radar (SAR) technology is widely
spread in radar remote sensing and uses the motion of the instrument in order to attain
satisfactory ground resolution. As the SAR device moves, multiple recordings from dif-
ferent antenna positions are processed to form a synthetic aperture, enabling the creation
of detailed images not easily achievable with a fixed physical antenna, which should be

much larger in size (Campbell and Wynne, |2011)).

The recent availability of satellite imagery data acquired with large spatial and tem-
poral resolutions opens new perspectives for identifying soil management activities over
crop fields, which can happen in space and time. SAR imagery is also very well known
for its abilities to detect surface roughness and soil dielectric properties, being linked to
soil moisture (Hadria et al., 2009; McNairn et al., [1996). The soil roughness influences
the backscattering type and therefore the intensity of the returned signal. More specifi-
cally, C-band SAR response is very sensitive to changes in structure during seed and fruit
development (McNairn et al., 2009).

Figure highlights how different surface roughness types will impact the signal
returned to the sensor. A smooth surface will reflect a large amount of the energy in
the specular direction, letting little to no signal reach the antenna. On the other hand,
a rough surface will diffuse the incident wave in all directions (Baghdadi et al [2012b)).
This effect is directly related to the relationship between the wavelength of the signal and
the roughness level, as described by the Rayleigh criterion. According to this criterion,
a smooth surface is characterized by a phase difference smaller than one quarter of the
signal wavelength (Defourny, [2022)). Given that the signal must travel a two-way path

to reach the sensor again after being scattered, the mathematical expression of a smooth
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surface stands as described as follows:

rmsh < (1.1)

8 cosb;

where rmsh represents the surface roughness, defined as the root mean square height
relative to a perfectly smooth surface, A the signal wavelength and 6; the angle of incidence
(EO Collegel [2023).

Specular reflection Mix of specular and diffuse Diffuse reflection
reflection
%%A M/ Z W
Smooth Moderately rough Very rough

Figure 1.3: Radar reflection from smooth, moderately rough, and very rough surfaces,
highlighting specular and diffuse reflection principles in radar backscattering (Sabery
et al., 2021)).

1.2.2 Polarimetric SAR data to estimate soil parameters

As mentioned in the above section, radar sensors send pulses in the microwave fre-
quency. This microwave spectrum can be separated in different bands depending on their
frequency range (or associated wavelength range). Some of the main radar frequency
bands are described in Table [.2]

Table 1.2: Main SAR frequency bands used in remote sensing and their associated fre-
quency and wavelength range (AMS) 2022).

Frequency band Frequency range Wavelength range

(GHz) (cm)
L 1-2 15-30
S 2-4 7.5-15
C 4-8 3.75-7.5
X 8-12 2.5-3.75

L-band SAR data has been widely used for soil properties characterisation under
canopy (Mattia et al.,[2009) but with development of observation frequency and availabil-
ity of C-band SAR imagery, multiple studies have been conducted to extract soil moisture
information from mono- or multi-polarization C-band SAR data (Alvarez-Mozos et al.,
2006; Baghdadi et all [2002, |2006; Paloscia et al., 2008]). C-band measurements are im-
pacted by factors such as soil surface roughness and humidity (Chomé et al., 2016).
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Changes in backscattering coefficients serve as indicators of soil surface activities like
ploughing and sowing, fluctuations in soil moisture levels, and the growth or removal of
crop canopy (Lemoine et al.,; 2002; McNairn et al., [1998). Tilling the agricultural soils
can therefore either increase roughness, with an initial tillage pass on untilled land, or
decrease roughness, as seen with a secondary or tertiary tillage aimed at preparing the
seedbed (Robertson et al., 2023).

Past studies had shown that the most optimal way of estimating soil moisture and
surface roughness for one polarization and one radar wavelength are obtained using SAR
images acquired with two different incidence angles (20° and 40° for example) (Bagh-
dadi et al., 2006; Srivastava et al.; 2003). Nowadays, the great majority of SAR sensors

are polarimetric, meaning they can capture data for multiple polarizations simultaneously.

As also previously introduced through the Rayleigh criterion, roughness in microwave
modeling is expressed as the statistical variation of soil surface indicated by the root mean
square height (rmsh) and correlation length (1) (Robertson et al., [2023). The inversion
approach, characterized by a backward working methodology that starts from observed
effects or data to deduce underlying causes or processes, has frequently been used in the
estimation of soil parameters (Baghdadi et al., 2012a; Satalino et al., 2002). This method
can be applied using physical or statistical models to estimate soil parameters from SAR

images.

A commonly used physical model to estimate soil moisture and surface roughness is
the Integral Equation Model (IEM) with a validity domain in C-band close to common
range of roughness values encountered for agricultural surfaces: k rmsh < 3 (with rmsh
being the root mean square height and k the radar wave number = 1.11 em™! for a
5.3 GHz frequency) (Fung et al., 1992)). Typical rmsh values for bare soils in agriculture
range from 0.5 to 4 cm (Baghdadi et al., [2012a)).

In this continuity and knowing that the estimation of such variables is a complex and
nonlinear process, artificial neural networks have been applied to the process by using
simulated radar backscattering coefficients through the IEM. With addition of a priori
information, decent results could be obtained reaching an accuracy of 0.5 cm (Root Mean
Square Error) for surface roughness for values of rmsh lower than 2 cm. For higher rmsh
values, the neural networks underestimate the surface roughness (Baghdadi et al., 2012a)).
Although the IEM is a commonly used and most adequate model for soil parameter
estimation, several other models exist for these purposes including the Advanced Integral
Equation Model (AIEM), the Oh model, and the Dubois model (Choker et al., [2017)).
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1.3 Change detection and monitoring of soil prepara-

tion activities using SAR

When farmers till, sow and harvest their fields, soil is disturbed and this disturbance
can be measured by SARs (McNairn et al., 2022)).To fully understand and accurately de-
tect seedbed preparation, it is important to analyze the changes in soil roughness within
a specific crop field. Furthermore, with new European policies such as the CAP, which is
pushing towards principles of Conservation Agriculture (CA), farmers are encouraged to
adopt BMPs such as little to no tillage (Robertson et al., 2023). Satellites are one way to
monitor BMP adoption.

Most of current SAR satellites typically provide a revisit period between image acquisi-
tions ranging from days to weeks (Robertson et al., [2023). Satellite imagery can therefore
offer the ability to capture changes in field conditions throughout the busy harvesting and
seeding periods (McNairn et al.l 1996)).

1.3.1 First tillage change detection applications

Most researchers investigating the monitoring of tillage activities have primarily con-
centrated on recovering the root mean square backscatter intensity (McNairn et al.,|{1996),
identifying changes in backscattering caused by tillage (McNairn et al., [1998)), or incor-
porating SAR images into classifiers (Azzari et al., |2019; Luotamo et al., 2022)). Use of
different polarization implements (HH for horizontal send and horizontal receive, VV for
vertical send and vertical receive and VH for vertical send and horizontal receive) allows
to retrieve different signals and thus extract different information. Although change in
HH over time on multiple images could be detected and associated with primary tillage
(McNairn et al., [1998)), presence of crop residue also affected scattering. This is why re-
searchers proposed to classify tillage using both SAR and optical imagery. This highlights
the challenge and complexity of using SAR backscatter alone (Robertson et al., 2023)).

1.3.2 Radar and optical imagery: a hybrid method

Combining radar (e.g. Sentinel-1 VH) and optical imagery such as Landsat 5,7 and
8 (Azzari et al) 2019) or Sentinel-2 (Satalino et al. 2018) allows to acquire additional
information on vegetation or crop residue presence on the field by using different spectral

indices such as NDVI, to only name one.

Some research projects (Satalino et al., |2018) focus on using optical imagery to ex-
clude bare or scarcely vegetated areas (over a certain NDVI value) and then using VH
backscatter at two different resolutions to analyse roughness changes and identify the
reason of change based on a particular thresholding pattern detailed in Table [I.3] Other

10



authors (Luotamo et al. 2022)) used Sentinel-1 VV and VH intensity and two optical in-
dices derived from Sentinel-2 data to extract and classify different tillage practices or crop
cover types using different classification techniques, with Random Forest (RF) achieving

the best overall accuracy with 70% for the six defined classes.

Table 1.3: Thresholding of VH backscatter changes at High (AV Hyr) and Medium Res-
olution (AV Hy r) with thxx being the threshold value at a certain resolution (Satalino
et al., 2018).

Thresholding Reason of change

—thyr < AVHyg < thygr No change

AV Hgr > thgr and Roughness change likely
—thyr < AVHyg < thyr due to ploughing

AV Hypr > thyr and Soil moisture change likely
—thyr < AVHygr < thygr due to precipitation

AV Hygr < —thyg and Roughness change probably due to
—thyr < AVHygr < thygr | seedbed preparation after ploughing

1.3.3 Coherent change detection (CCD) for agricultural activities

The main disadvantages of the previous techniques rely in their own limitation of using
only SAR backscatter (intensity or amplitude) and do not exploit information concerning
the phase of the radar wave, which is a valuable peice of information (Robertson et al.,
2023)). Interferometric SAR (InSAR) coherence is a measure of the signal decorrelation
between pairs of consecutive SAR acquisitions, making it a great metric for change de-
tection (De Vroey et al., 2021)).

Coherent change detection is a technique that uses both intensity and phase informa-
tion to detect change between two SAR images. For example, an image acquired before
tillage practices and an image acquired after tillage would be decorrelated in phase and in-
tensity (Robertson et al;2023)). This method has demonstrated better sensitivity to small
roughness changes (Preiss and Stacyl 2006) but requires that image pairs are acquired in
the exact same geometry. Coherence () can be computed as follows (Khabbazan et al.|,
2019; |Voormansik et al., [2020)):

) (1.2

(LIT)(L13)

where I; and I, are two complex SAR images (from different dates), () indicates an en-

semble averaging and * is set as the complex conjugate.Values of coherence always range
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from 0.0 (total decorrelation) to 1.0 (total correlation).

CCD is thus applied to two consecutive acquisitions and the ouput results of a change
product with lower coherence values for tilled or harvested lands between image acquisi-
tions (Robertson et al., 2023). Let’s still keep in mind that harvesting and tillage are not

the only field activities that can create decorrelation.

Several studies have proven that change in InNSAR coherence levels, either a loss from a
high level or a notable gain from a lower level, are closely related to substantial change in
the surface structure of agricultural fields induced by land and soil management activities
such as seedbed preparation during the spring season or harvest in the later fall season
(Shang et al., 2020; Nasirzadehdizaji et al., |2021). A recent study which focused on the
detection of mowing events on grassland parcels (De Vroey et all 2021) developed three
jump detection methods for coherence time series (Figure [1.4)).

Mean shift (Figure ): This first method consists in a sliding averaging window
of maximum size d. It allows to smooth the signal while still highlighting important shifts
through time such as jumps. Every raw value 7; is replaced by the average of [T;_,,, Ti1r,|
resulting in a smoothed value ms(T;), with 7 and 79 being respectively the number of
points before and after, included in the window and adapted depending on the local vari-
ance of the signal. A jump is detected when the difference between ms(7T;) and ms(T;11)

exceeds a certain threshold.

Linear regression (Figure [1.4b): With this second method, time series are being
smoothened by a linear regression on an asymmetrical sliding window. In this case, each
raw value T; is compared to the previous smoothed values Ir(T;) obtained by the linear
regression on |T;_g, ..., T;_1, T;] allowing to detect sudden increases when compared to the
preceding signal trend. Again, a jump is considered when the difference between the raw

and the previous smoothed value exceeds a fixed threshold.

Two means (Figure [L.4kc): This last jump detection method is based on a sta-
tistical hypothesis with a sliding window of even size d. The null hypothesis Hj is the
approximation by the mean value of the complete window mean(|T} : Ty]). The alterna-
tive hypothesis H; is the approximation by a "step model" creating two means for the
first [T} : Ty/2] and second half [T;/541 : Ty] of the window. A statistical function can be

computed as follows:
<SSROfSSR1>
k1 —ko
Fstat ==

SSRq
d—k1

where SSR[0, 1] and k[0, 1] respectively are the Sum of Squared Residuals and the number

(1.3)
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of parameters of Hy 1. A probability density function is then computed and a p-value is
retrieved for each date. A p-value below a certain threshold results in the rejection of the
null hypothesis Hy. In that case, and if the following mean value is higher than the the
first, a jump is detected.

o (a) Mean shift . (b) Linear regression N (c) Two means
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Figure 1.4: Visual representation of the three coherence jump detection methods where
a jump occurs at 7;. (a) The mean shift method with a window size (d) of 9, where
the difference between the smoothed values is evaluated by the red arrow, (b) the linear
regression method of window size (d) of 4, where the raw value T; is compared to the
preceded smoothed value and (c) the two means method with a window size (d) of 8
comparing the null (Hy) and alternative hypothesis (H;) (De Vroey et all 2021).

Even though all three methods showed similar performances and robustness, mowing
detections based on VV coherence smoothed by linear regression with a window of d = 6

were slightly more precise and accurate.

Similarly to these three jump detection methods, coherence downfalls can also be

detected using the same principle.

1.4 Algorithms for crop classification

During past decades, a large amount of methods for classification have been used for
scientific research purposes. Among them, K-Nearest Neighbour (KNN) (Cover and Hart,
1967)), Suport Vector Machines (SVMs) (Cortes and Vapnik, 1995)) and classification trees
ensembles such as Random Forest (RF) (Breiman, |2001) are some of the most used tech-

niques.

1.4.1 K-Nearest Neighbours: simple yet powerful

The k-Nearest Neighbour algorithm classifies new data points based on the majority
class of their nearest neighbours in the feature space (Mucherino et al.|2009). The model,
like many other classification algorithms, consist of two distinct phases: the training phase
and the prediction phase. The training phase is quite different from other classification
algorithms since it doesn’t build an explicit model from the training dataset, it simply

memorizes its features and class labels. The prediction phase consists of the assignment
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of a certain class to an unlabeled data point. For this phase, the distance between the
new point and all existing points in the dataset is computed by the algorithm. Equations
[[.4] [T.5] and [I.6) highlight some of the distance metrics that can be used with different

impacts on the final classification.

Euclidean: d(z,y) = (1.4)
Manhattan: d(z,y) = Z |z; — il (1.5)

i=1
Minkowski: (d(x,y) = Z(m - yi|)p> ! (1.6)

=1

with d(z,y) the distance between the two points, z; and y; the coordinates of these two

points, n the number of dimensions and p an integer parameter (Haviluddin et al., 2020)).

The algorithm then identifies the k-nearest neighbours and assigns the class label of
the majority of them to the new data point. Figure[I.5]shows an example of the prediction

phase class assignment, where B is the new unknown point.

Figure 1.5: Schematic 2D representation of the KNN classification process with two
classes. (a) A 1-NN decision rule where the new data point B is assigned to the red
square class and (b) a k-NN decision rule where & = 3 and B is assigned to the blue
circles class.

1.4.2 Support Vector Machine: high-dimensional spaces

The SVM classification process works by finding the optimal hyperplane after pro-
jection in a high dimensional space that best separates different classes in the feature
space . As for KNN classification, the process starts with collecting labeled
training data from which a feature selection process will be performed to keep only fea-

tures relevant for distinguishing different classes. The training phase consists in a first
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part where selected features are mapped into a higher-dimensional space using a kernel
function, the second part then aims to find the hyperplane that maximizes the margin
between the classes. This hyperplane is the decision boundary that best separates the
classes. Support vectors are the data points that lie closest to the hyperplane and are cru-
cial in defining the optimal hyperplane. The decision function of the SVM then calculates
the class label of a new data point based on its position relative to the optimal hyperplane.
Figure [1.6] allows a clear and visual representation of the mentioned characteristics of a
SVM classification.

o Support S
vector _ -
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-

Figure 1.6: Schematic visualisation of the main SVM characteristics (Mathworks, n.d.).

The SVM algorithm handles non-linear classification tasks by using different kernel
functions like polynomial, radial basis function (RBF), or sigmoid to map data into higher-
dimensional spaces where linear separation is possible. Although the SVM classification
method is particularly designed for binary classification, it can be extended using tech-

niques like one-vs-one or one-vs-all to handle multiple classes efficiently.

1.4.3 Random Forest: a decision tree ensemble

Random Forest is a powerful ensemble learning technique which constructs numerous
decision trees by leveraging random subsets of the dataset and features (Biau and Scornet;,
2016). Firstly, the algorithm randomly selects samples from the dataset with replacement.
This process is called bootstrap sampling or bagging (short for bootstrap-aggregating).
Each decision tree of the model is then trained on a different bootstrap sample. For each
one of the trees, at each node, a random subset of features is selected from the total feature
set in order to introduce diversity in the trees and prevent overfitting. Each decision tree

is then grown and stops when its maximum depth is reached, involving recursive data
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splitting based on the most informative features. During the prediction phase, each tree
classifies the input data, and the final prediction is determined by majority voting among
all the trees in the forest. Figure [I.7] gives a schematic representation of the global

functioning of a random forest classifier.

DECISION TREE-1 DECISION TREE-1 DECISION TREE-1

l } l

RESULT-1 RESULT-2 RESULT-N

|—>| MAJORITY VOTING / AVERAGING | <_|

FINAL RESULT

Figure 1.7: Schematic visualisation of the process of a Random Forest algorithm classifi-

1.4.4 Comparison between KNN, SVM and RF': pros and cons

Table [I.4] compares the three above-mentioned classification methods, highlighting

their respective advantages and disadvantages (Boateng et al., [2020)).
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Table 1.4: Advantages and disadvantages of K-Nearest Neighbour, Support Vector Ma-
chine and Random Forest classification algorithms (Boateng et al., 2020)).

Algorithm Advantages Disadvantages
e Slow inference time,
e Simple to understand and especially with large
implement datasets
E’Niﬁe% e No training phase e Sensitivity to irrelevant
eighbors .
e Effective for small, features and noisy data
well-structured datasets e Difficulty in setting
optimal K value
e More complex
hyperparameter tuning
e Effective in e Less interpretable
sfupg)ort high—dimenSional Spaces Compared to simpler
ector
. e Robust to overfitting and models
Machines .
noise e Can be computationally
intensive with large
datasets
e Robust to noise and e Can be sensitive to
overfitting hyperparameter tuning
e Good performance with e Not as interpretable as
Random small datasets some other models
Forest o
e Less sensitive to Small ° Slower inference time
changes in training data compared to simpler
e Scalable for large datasets models

1.4.5 Accuracy metrics for classification

When computing classifications, different accuracy metrics can be extracted to eval-
uate the classifier’s performance (Harikrishnan| [2019). These metrics are computed de-
pending on the amount of True Positive (TP), True Negatives (TN), False Positives (FP)
and False Negatives (FN). Among the possible accuracy metrics, Overall Accuracy (OA)

stands out as the most common one and is computed following Equation [L.7]

TN +TP
TN+TP+ FN + FP

However, overall accuracy isn’t a perfect metric, especially when handling unbalanced

Overall Accuracy = (1.7)
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data. Overall accuracy does not differentiate between the types of errors (false positives
and false negatives) and treats all misclassifications equally.

To provide a more detailed analysis of the classification’s performance, precision (Equa-
tion |1.8)) and recall (Equation [1.9) can be computed. Precision measures the positive
predictive value, approaching 1 as the number of false positives decreases. Recall (or sen-

sitivity) indicates the true positive rate, approaching 1 as the number of false negatives

decreases.
TP
Precision = ———— 1.
recision TP FD (1.8)
TP
l= ——— 1.
Reca TP+ FN (1.9)

Ideally, in a good classifier, both precision and recall need to be close to one, which

also means that FP (false positives) and FN (false negatives) are near zero.

Fl-score (Equation [1.10)) takes into account precision and recall by computing a har-
monic mean and is high only when both of the metrics are high. This makes F1 a great

metric for accurate classification.

Precision x Recall
F1- =2 1.10
seore " Precision + Recall (1.10)

Even though above described metrics are based on binary classification, the same
principle can be easily extended to multi-class classification using the one-vs-rest approach

to calculate per class metrics.

1.5 Conclusion on current scientific knowledge

This literature review highlights the pressing agricultural challenges of balancing sus-
tainable practices with maintaining high yields to meet global food demands. The evolu-
tion and advancements in remote sensing technologies, particularly SAR, offer promising
solutions for monitoring soil preparation activities and crop classification. Various change
detection methods, notably InSAR. coherence, have been extensively employed to track
temporal changes in soil conditions. Moreover, the diversity of classification algorithms,
each with its own advantages and disadvantages, offer useful insights into their applica-

bility in early-season crop classification through SAR-derived soil properties data.
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CHAPTER
TWO

OBJECTIVES

The main objective of this master thesis is to assess the individual and combined
contributions of X-band and C-band SAR data for seedbed preparation detection and
early-season crop classification for the most common spring crops growing in the Belgian

southern region.

Being able to retrieve such information in the early stages of the season can be very
useful for multiple reasons. Firstly, being able to detect sowing dates could assist farm
advisory services in monitoring and quantifying sowed areas in the early stages of the year,
particularly during years when all sowing schedules are disrupted by weather events. The
2024 Belgian Crop Growth Monitoring (BCGMS) early-season report (BCGMS, 2024)
emphasizes that spring cereal, maize, beet and potato sowing activities have been sig-
nificantly delayed due to intense rain episodes in late April and May. Secondly, some
agricultural models (e.g. decision support tools) could use this information to promptly
assist farmers. This could be the case for the model predicting the yield, the nitrogen
uptake by the plant, or disease vulnerability. In addition to improve food security by
allowing better crop modelling, the goal is also to gain independence from administrative
farmers’ declarations, which are often released too late in the season to provide guidance
on soil management practices. Moreover, multiple stakeholders related to the agricultural
sector can find a lot of interest in such information. For example, agricultural insurance
companies could use the detected sowing period to verify if farmers did or not follow the
classic agricultural calendar in case of yield losses. This can also be interesting on a po-
litical aspect, mainly as part of the CAP of the EU, to monitor conservation agriculture

practices and potentially improve or build new agricultural policies.

The following chapters will mainly be structured around the two main objectives of

detecting seedbed preparation and classifying crops early in the growing season.
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CHAPTER
THREE

MATERIALS AND METHODS

This chapter presents a detailed explanation of materials and methods used to achieve
the previous objectives. It starts by giving context to the research area, describes the data,
and walks through the steps taken to process it, ultimately leading to the computation of

the final results.

3.1 Study area: Beglian’s silty region

The study is performed on agricultural fields in Wallonia, Belgium’s Southern region
covering 16 901 km? of the country. In 2022, Used Agricultural Area (UAA) covered 738
927 ha in Wallonia which represents 44% of the region and 54% of the country’s total UAA
(SPW Agriculture] n.d.)). More specifically, focus is set on agricultural fields located in
the area of Gembloux, Walhain and Perwez (Figure mostly for proximity reasons for
in-situ data collection (see Section . Additionally, the agricultural silty region where
these cities are located is also a very dense region in terms of agricultural fields as seen in
Section [I.1.1] Figure [I.I} Since the study focuses on the use of both C-band and X-band
SAR imagery, the study area will be set at the intersection of both TerraSAR-X and
Sentinel-1 (sensors used for the study, see Section footprints (Figure [3.1)), resulting

in an area of 450 km?2.

The silty region is the largest agricultural region in Wallonia, covering 3 941 km?2. This
region has very rich and fertile soil which is the main reason of its agricultural density
compared to other regions of Wallonia (Figure [3.2)). This area is known for its intensive
cultivation of major crops like cereals, sugar beet and potatoes with half of the cereal
production in Wallonia taking place in the silty region. In 2022, the silty region counted
4 652 farms, of which 3 920 are classified as professional, representing 84%. Among these,
just over half specialize in large-scale crop farming, while 18% combine large-scale crop

farming with livestock farming (SPW Agriculture, n.d.)).
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Figure 3.1: Map of agricultural regions of Belgium with location of the area of interest
(AOI) in the Walloon region near the cities of Gembloux, Walhain and Perwez at the
intersection of TerraSAR-X and Sentinel-1 footprints in this area. The AOI mainly covers
the silty region but also presents small bits in the Condroz and the sandy silty region.
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Figure 3.2: Share of total area used for agriculture by agricultural regions in 2022. The
silty region is represented at the top of the chart and the vertical red line is showing the

mean value for the Walloon region (SPW Agriculture, n.d.).

3.1.1 Soil characteristics: fertility in the silty region

The main soil types composing the area of interest are either silty soils with favor-

able natural drainage or silty soils with moderate or imperfect natural drainage (SPW|

n.d.). Silty soils are very fertile and offer several benefits for agriculture. Thanks to their

medium-sized particles, silty soils provide better water retention than sandy soils which al-
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lows them to retain moisture for longer periods of time during drought. Moderate drainage
also allows preventing waterlogging and promotes healthy root development (Clark, 2023)).

On the other hand, silty soils can also be easily compacted due to their fine particles
which reinforces the need to reduce tillage activities. Fortunately, addition of organic mat-

ter can help improve structure and fertility resulting in lower compaction and improving

soil aeration (Warren and Taylor;, 2017)).

3.1.2 2021 agricultural season: a cold spring and wet summer

Since the study primarily centers on the spring period of 2021, during which in-situ
data was gathered (refer to Section|3.2.1)), climate details are more specifically considered
for that specific timeframe.

The 2021 spring season has been a very cold season with an average temperature of
8.8°C compared to a normal season average of 10.5°C between 1991 and 2020 (Figure
[3.3). With temperatures going from -2.7°C (06,/03) to 25.6°C (09/05) in Uccle, the spring
period of 2021 has been the third coldest spring since 1991 2021]).

season average: 8.8°C (normal: 10.5°C)
absolute minimum: -2.7°C (06/03), absolute maximum: 25.6°C (09/05)
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Figure 3.3: Average daily temperature in Uccle for the 2021 spring season. The black
line indicates the normal average temperature between 1991 and 2020. Red and blue bars

respectively indicate higher or lower anomalies (IRM) 2021)).

The overall rainfall during the spring of 2021 pretty much matched the usual cumu-
lative average of 165.6 mm in Uccle, but there were some notable monthly differences
(Appendix [A] Figure . March and April turned out drier than normal, while May
brought a lot more rain (IRM], [2021)). On the other hand, June and July have been ex-
tremely wet months with some intense rain periods (Figure . These abundant rains

triggered numerous flooding disasters not only in Belgium but also in neighboring Western
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European countries such as France, the Netherlands, and western Germany. The total
flooded area in Western Europe was estimated to be around 1.92 km?, with agricultural
land accounting for 64.4% of it (He et al., |2022). These events had significant short and

long-term repercussions on agriculture. Grain, rapeseed, and flax crops were swept away,

grain quality suffered, and harvests were unsuccessful due to flooding (He et al., 2022).
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Figure 3.4: Daily and cumulative precipitation in Uccle for June 2021 (a) and July 2021
(b). Blue bars are representing daily observations with darkness depending on precipi-
tation intensity. The dashed line shows the cumulative average between 1991 and 2020

while the full line shows cumulative observations (IRM} 2021)).

As for sun exposure, the spring season of 2021 was slightly sunnier than usual, totaling

535 hours and 45 minutes of sunstroke compared to the typical average of 495 hours and

19 minutes in Uccle (IRM, 2021).
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3.2 Available data

3.2.1 In-situ data collection

An intensive field campaign was conducted in 2021 by two researchers from the Ge-
omatics Research team of UCLouvain, Diane Heymans and Jean Bouchat, to collect ref-
erence data on 170 fields between March 26th and May 31st (Figure . Seven field
visits were conducted during this period, approximately 11 days apart, to align with the
revisit period of TerraSAR-X. During each visit along the pre-established itinerary, fields
were observed from the road, and the cover status of each parcel was recorded as either
"covered" or "bare soil". In case of "bare soil" status, three possibilities could occur: soil
was in a management phase (either "deep ploughing" or "prepared seedbed" state), pres-
ence of crop residuals or visibility of mounds. In that last case, details regarding shape,
height, and line spacing of the mounds were collected. Finally, as soon as crop type was
distinguishable, it was noted with four "principal" crop types being beets, potatoes, maize
and wheat.
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Figure 3.5: Map of visited fields (yellow) during the 2021 field campaign highlighting the
campaign itinerary (red).

A Land Parcel Identification System (LPIS) is a digital system used to record all agri-
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cultural parcels in the European Union Member States. It is a crucial tool in the CAP
for verifying eligibility for area-based subsidies, which totaled around 45.5 billion euros
in 2015 (European Court of Auditors, 2016). The LPIS dataset assigns an ID to each
parcel and also provide useful information concerning the parcel use and cover type. The
anonymized registry of agricultural parcels can vary from year to year and is accessible

annually on the Wallonia geoportal (Geoportail Wallonie, n.d.).

Since the field campaign was conducted in spring 2021, only the 2020 LPIS data was
available at that time of the year and fields were therefore identified following the pre-
vious year dataset. As parcels not only change IDs from year to year, their shape can
vary resulting in parcels being smaller, larger, split or merged from a year to another.
Transition from 2020 LPIS reference data used for the field campaign to 2021 LPIS data
is made using a GIS software. By extracting the centroid of each 2020 parcel and spa-
tially joining it to the 2021 LPIS layer, link could be made between the two datasets.
This method worked well for small fields size changes and merged fields but had to be
manually verified for fields being split in two or more fields from 2020 to 2021. In that
case, the 2021 field presenting the same cover as the 2020 field was kept. If split fields
were covered by the same culture in 2021, either the closest field to the road or largest
field was kept. After presented processing steps, the final field campaign dataset consists

of 166 parcels allowing a clear link between 2020 and 2021 parcels identification numbers.

From the 166 visited fields, 38 are classified as beets, 26 as potatoes, 23 as maize and
one as spring cereal (oat) in the Walloon LPIS. The 78 remaining fields are either winter

crops or less common cultures.

3.2.2 SAR imagery: X-band and C-band

As previously mentioned, the aim of this study is to evaluate the contribution of C-
band and X-band SAR imagery for seedbed preparation detection and early-season crop
classification. In this case, chosen sensors are TerraSAR-X for X-band imagery and the

Sentinel-1 constellation for C-band imagery.

TerraSAR-X

TerraSAR-X is a radar satellite born from the partnership between DLR (the German
Aerospace Center) and Airbus Space and Defense, launched in June 2007 and who began
its operations in January 2008. With a wavelength of 31 mm (frequency of 9.65 GHz),
TerraSAR-X is an X-band SAR sensor capable to record data with a spatial resolution up
to 1 m, regardless of weather and lighting conditions (ESA| n.d.b). The satellite follows
a sun-synchronous dusk-dawn orbit at an altitude of 514 km allowing a revisit period of
11 days.
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A total of 10 acquisitions, were specifically ordered and acquired from March 26 to the
third of July 2021 in Stripmap Mode (SM) with a Ground Sampling Distance (GSD) of
3.5 m and an incidence angle ranging from 49.03 to 49.90 degrees. The signal is recorded
in dual polarization mode, covering VV and VH polarizations. The swath width of the

products is 30 km for a length of 50 km.

Products are pre-processed at EEC level (Enhanced Ellipsoid Corrected) which cor-
responds to the highest level of processing available. Reference points and a Digital Ele-
vation Model (DEM) are applied for the geocoding allowing a quick and highly accurate
overlay with other spatial data (Airbus, n.d.). In addition, a Radiometric Enhancement
(RE) is applied, which intentionally decreases spatial resolution to reduce speckle (caused
by the interference of the radar waves scattered back from the target area) and obtain
a better radiometric resolution of about 1.5 dB (DLR} n.d.). Finally, radiometric cali-
bration is applied using ESA’s Sentinel Application Platform (SNAP) (ESA} 2022) and
the Sentinel-1 Toolbox (S1ITBX) in order to convert the image pixel values from digital
numbers (DN) to the standard geophysical measurement unit of radar backscatter(NASA|
n.d.). Final products consist of two-band raster files respectively storing sigma nought ()
values for VH and VV polarizations. Sigma nought stands as the normalized backscat-
tering coefficient, which measures the intensity of the radar signal reflected back to the

SENnsor.

Sentinel-1

The ESA Sentinel-1 constellation (Sentinel-1A & Sentinel-1B) from the EU Copernicus
program operates in C-band at a centre frequency of 5.405 GHz (wavelength of 5.55 cm)
(ESA| n.d.a). Sentinel-1 allows a revisit period of 6 days thanks to the twin sensors (S1A
& S1B), which were still operational in 2021 (S1B’s mission has ended since December
23, 2021). Level-1 Single-Look Complex (SLC) acquisitions were collected between March
17th and July 15th in Interferometric Wide (IW) and descending mode and pre-processed
using previous mentioned SNAP software. Products have a GSD of 10 m and signal is
recorded in dual polarization mode (VV and VH). A total of 20 acquisitions are selected
following the relative orbit number 37. Sentinel-1 data also offers valuable information
on the phase of the returned signal. Allowing to compute interferometric coherence, a
change metric presented in Section [3.3.2]

The pre-processing steps to obtain backscattering coefficients (o) for VV and VH

polarizations are applied as follows:

1. TOPSAR split;

2. orbit file application;
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thermal noise removal;
calibration to ¢¥;

TOPSAR deburst; and

S A T

TOPSAR merge.

3.2.3 Precipitation data

As soil moisture strongly influences radar backscattering (Hadria et al., 2009; McNairn
et al., [1996) it is crucial to consider its precise monitoring in the study area. To achieve
this, precipitation data is retrieved from the Agromet platform. Agromet was established
by the Waloon Agronomic Research Center (CRA-W) in collaboration with the Royal
Meteorological Institute (RMI) and universities of Gembloux and Louvain. The purpose
of this online platform is to assist farmers in gathering real-time agro-meteorological data
(precipitation, sub-soil temperature, wind speed and direction, etc.) at high spatial (1
km?) and temporal (hourly and daily) resolution (CRA-W| n.d.). Over 30 meteorological
stations belonging to the PAMESEB network cover the Waloon region and historical data
as well as predictions can easily be displayed and downloaded using the Agromet API or
by directly downloading data from the website in Excel, CSV or JSON formats.

Based on the study area and period, precipitation data from the station located in
Louvain-la-Neuve is collected, as it is the closest to the area of interest (~5 km), for the

period of time starting in early March and ending in late July 2021.

3.3 Data processing

3.3.1 Field polygons

In order to reduce the influence of edge effects that could occur due to variations in
terrain near the boundaries of each field, an inner buffer of 20 m is applied to each field
polygon. By excluding these potentially noisy areas, the future analysis will focus on the
core characteristics of each parcel, leading to more accurate and representative statistics.
Additionally, applying this inner buffer helps to reduce possible pixel contribution from
the edges of the polygon, ensuring that only complete pixels within the polygon contribute

to the computation of statistics.

3.3.2 Zonal statistics, indices and coherence

The main extracted feature for each radar imagery pixel is sigma nought (o), the
normalized backscattering coefficient, which measures the strength of the radar signal

reflected back to the sensor. The signal intensity is recorded for VH and VV polarization.
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This section will detail the process to obtain the different features that will characterize

each crop field through time.

Zonal statistics

Based on the above mentioned sigma nought backscatter coefficient, zonal statistics
are performed on raster data derived from both TerraSAR-X and Sentinel-1 sensors (see
Section within the area of interest. Zonal statistics are computed through parcel
averaging, extracting a single value for each parcel and enabling speckle reduction for
the analysis. Using Python coding language, a function is created to compute summary
statistics, including mean, standard deviation, median, minimum and maximum values
for both VV and VH polarization by overlaying each radar imagery onto the agricultural
field boundaries. These zonal statistics serve as a robust tool for extracting meaningful
information from radar imagery and will be valuable for temporal evolution analysis. Let’s
note that backscattering coefficients are converted in dB, the common backscattering
coefficient unit, following Equation

o” [dB] = 10 x log,(c”) (3.1)

In addition to computing summary statistics for each polygon, a criterion is imple-
mented to reject polygons that do not include a minimum of 50 pixels of the radar image.
This criterion ensures that the analysis focuses only on polygons with sufficient spatial
coverage of the radar data. By excluding polygons that fail to meet this requirement, the
analysis maintains a robust and meaningful representation of the parcels, enhancing the
reliability of the derived statistics and insights. More discussion and comparison about
this rejection criterion is presented in Section [5.2.1] Moreover, in order to capture the
true temporal evolution of each field and as the sensors footprints can slightly move from
one acquisition to another, it is important to exclude fields that aren’t covered by every

acquisition.

Radar indices

In addition to backscattering statistics, several radar indices can be computed based
on the VV and VH mean backscattering coefficients. Among these radar indices, the
Cross-polarization Ratio (CR) and Dual-polarization Radar Vegetation Index (DpRVI)
are known to be very useful SAR vegetation dynamics indices (Vreugdenhil et al., [2020;
Mandal et al., [2020). Equations and respectively indicate how CR and DpRVT are
computed, with o¥,; and 0¥, already converted in dB.

0

CR [dB] = ‘;g—H (3.2)
Vv
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Interferometric coherence

Coherence analysis is a fundamental aspect of this study, providing important insights
into temporal changes occurring through time and space. Coherence is using intensity
data of radar imagery and more specifically determined by the phase difference between
two radar images acquired over the same area (Robertson et al.; 2023). This metric serves
as a strong indicator of the consistency of these phase differences, allowing the detection
of subtle changes in surface features. The computation of interferometric coherence has

been detailed in Section [1.3.3]

Similarly to the process applied to the backscattering coefficient, different statistics
of coherence values are computed for each field including mean, standard deviation, min-
imum and maximum. This allows to extract spatial and temporal information about
coherence and create more features for classification purposes. Despite its significance for
change detection, coherence could only be applied to Sentinel-1 data for this study as the
processing level (EEC) of the provided TerraSAR-X imagery didn’t allow access to phase

information, making coherence computation unfeasible.

3.3.3 Time series

Given the study strongly focuses on the early detection of seedbed preparation and crop
classification, the temporal analysis of each field and crop type characteristic becomes of
great importance. Time series analysis captures and allows to visualize temporal dynamics
of a certain feature and compare it between different classes (here, crop types). This
approach not only facilitates the detection of temporal trends or changes but also serves
as a first insight on how data evolves through time, providing a better understanding of

the temporal dynamic shaping the study area over time.

3.4 Seedbed preparation date detection

The first part of this work consist of the detection of the seedbed preparation period,

closely related to the sowing date.

3.4.1 Coherence time series

Coherence is an easy to understand variable as it reflects change over time with a scale
from 0 to 1 (0 being related to important change and 1 to totally unchanged surfaces). A
sowing phase transitioning from a deeply ploughed to a prepared seedbed soil is subject to

strong change in soil roughness and could be detected using coherence time series (Shang
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et al., [2020; Nasirzadehdizaji et al. [2021). An important downfall in coherence should
be detected transitioning from a deep worked soil to a smooth and more homogeneous
parcel surface. This downfall can be detected by locating the coherence minima on the
early-season period. As the coherence can only be computed when information on phase is
available, focus will be set on parcels covered by the selected Sentinel-1 footprint, making

only C-band data considered for this part of the study.

3.4.2 In-situ data

The field campaign data collected information on the management status for every
visited parcel. This information, linked to the LPIS, allows to create some sort of soil
management status evolution through time for each visit date during the campaign. Three
different soil management status have been identified from March 26 up to May 31: "deep
ploughing", "prepared seedbed" and "covered". In this case, the transition from "deep
ploughing" to "prepared seedbed" is of interest meaning fields go from intensive soil work
to seedbed preparation during that period of time of roughly 10 days (field revisit period
during campaign). The "prepared seedbed" state for potato fields corresponds to the

formation of potato hills.

By grouping fields by crop type, it is possible to define inside clusters depending on
a common transition period. The visited fields estimated sowing period’s distribution for
each crop type is presented in Table[3.1} Unfortunately, no data was retrievable for spring
cereals as no transition from intensive soil work to seedbed preparation was recorded for
all of the visited fields. Moreover, considering that only one of the visited fields was
categorized by the LPIS as a spring cereal field (oat, in this case), the representativeness
would be very low regardless. Some fields could unfortunately not be assigned to a
sowing period due to no clear recording of a transition from "deep ploughing" to "seedbed

prepared" state.

Table 3.1: Number of fields being sown for each crop type (beet, potato and maize) be-
tween each visit during the 2021 field campaign. The period refers to the time between two
field visits where soil management status transitions from "deep ploughing" to "prepared
seedbed". The most dominant cluster for each crop type is highlighted with a different
color. The date format is set as mm-dd.

Sowing period Beet | Potato | Maize
03-26 to 04-07 23 0 0
04-08 to 04-19 1 0 2
04-20 to 04-27 1 12 6
04-28 to 05-08 7 1
05-09 to 05-20 0 1 0
Insufficient information/Outlier | 13 6 11
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3.5 Early season crop type classification

Next to seedbed preparation detection, early season crop type classification constitutes
the second objective of this master thesis. The temporal aspect of this point will be studied

with cumulative increase in the amount of input data given to the Random Forest model.

3.5.1 Feature extraction

The main purpose of the study is to have an accurate classification as early as pos-
sible in the season, again putting strong focus on the temporal aspect. This is why it is
crucial to see how the classifier evolves depending on the amount of information given to
the classification model. In other words, see how the classification results evolve through

time after the first acquisition data is given.

To achieve this, it is necessary to sequence the features that will serve as input for
the classification model. Indeed, as the aim is to evaluate temporal evolution each of the
input features have to be gradually added depending on the acquisition date. The point is
to run the classifier once with the first acquisition features, then again with the two first
acquisition features, etc. until the whole range of acquisitions during the period of time
of the study is covered. Input features for each acquisition are VV & VH o backscatter
(mean and standard deviation), CR, DpRVI and VV & VH coherence for C-band data
(mean and standard deviation) for a total of 6 and 10 features by parcel respectively from
TerraSAR-X and Sentinel-1.

3.5.2 Random Forest classification

In the case of this study, the chosen classification algorithm is Random Forest. Ran-
dom Forest stands out as an optimal choice for various reasons (Boateng et al., 2020).
Firstly, its robustness to noise and overfitting makes it suitable for datasets character-
ized by noise or imbalance. Moreover, the algorithm exhibits notable performance even
when dealing with small datasets and shows reduced sensitivity to minor fluctuations in
the training data, a feature particularly advantageous compared to models like the KNN
algorithm. Furthermore, it offers valuable insights into feature importance, facilitating
model interpretation and fitting. Despite being slower relative to simpler models, Random

Forest remains scalable for large datasets, thereby proving its applicability on wider areas.

The Random Forest algorithm is implemented in Python using the RandomForest-
Classifier class through the Scikit Learn library’s ensemble module. The number of trees
for each classification is set at 500 with a maximum depth of 20. The training and testing

datasets are split following a 80/20 distribution.
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Working with unbalanced data is a common challenge in real-life scenarios, where nor-
mal or common instances often vastly outnumber abnormal or uncommon ones (Chawla
et al.,2002). The Synthetic Minority Over-sampling Technique (SMOTE) addresses this
issue by generating synthetic examples of the minority class, effectively rebalancing the
training dataset for the classification. Unlike traditional over-sampling methods, such as

replication, SMOTE expands decision regions in feature space without risking overfitting
(Chawla et al., 2002).

Finally, two important metrics are extracted for each classification: F1 score and the
Mean Decrease in Impurity (MDI). While Overall Accuracy (OA) is very commonly used
in scientific literature for classification, F'1 score is often of application for imbalanced data
(Huilgol, 2019). This metric is therefore preferable in this particular case. The MDI is a
measure of variable importance in tree-based ensemble methods, such as Random Forests.
It quantifies the contribution of each input variable to the overall predictive performance
of the ensemble. Basically, a high MDI value indicates that a variable is more important
for prediction, as it leads to greater reductions in impurity when used in splitting nodes

during tree construction (Louppe et al., 2013).
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CHAPTER
FOUR

RESULTS

The following chapter presents the results of the detailed study and is divided in three
main parts: the time series analysis as data exploration, the seedbed preparation detection
and the early-season crop classification performance analysis. While this chapter presents
some minor discussion points for clarity, the majority of the results discussion, comparison
and critical analysis will be addressed in Chapter

4.1 Time series: a first visual analysis

Time series provide valuable visual aids for gaining a preliminary impression and
understanding of the temporal behavior of a specific signal, variable, or feature over time.
In this case, the focus is set on identifying potential differences in temporal evolution

among different crop types, namely beet, maize, and potato in the area of interest.

4.1.1 TerraSAR-X time series

The dataset comprises 10 TerraSAR-X acquisitions and their derived features, includ-
ing VV & VH backscatter, CR and DpRVI. Figure illustrates the temporal behavior
of the mean CR in decibels (left vertical axis) and the evolution of hourly precipitation
in millimeters per square meter (right vertical axis) throughout the 2021 spring season.
Other TerraSAR-X time series are presented in Figures through of Appendix [B]
The CR evolution reveals a globally similar trend for every crop type with noticeable
differences at specific times of the season, particularly in early April when the CR for
potato fields drops lower than for beet and maize fields, and at the beginning of June
when all three crop types seem to diverge after experiencing a drop of approximately one
decibel.

Precipitation data shows a significant peak, almost reaching 30 mm/m?, in early June,

with substantial precipitation also occurring throughout the rest of the month. The
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correlation between CR values and precipitation is challenging to identify clearly due to
the long revisit period of the TerraSAR-X satellite. Even though increase in CR can be
observed after high precipitation events, the causal effect can’t be fully confirmed only

based on this information.
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Figure 4.1: Mean evolution of the TerraSAR-X Cross-polarization Ratio (CR) and hourly
precipitation through the 2021 spring season for all parcels of each studied culture (beet,
maize, potato).

Plots showing the different TerraSAR-X mean time series with associated standard

deviation are available in Appendix |B| (Figures to .

4.1.2 Sentinel-1 time series

Figure |4.2]illustrates the mean evolution of the CR derived from Sentinel-1 backscatter
information (left vertical axis) and hourly precipitation in mm per square meters (right
vertical axis) through the 2021 season. Other time series features are available in Appendix
(Figures to 8.13). The CR values for all crops exhibit noticeable increases and
decreases at different times of the season, with an overall common trend in the early
season characterized by a shared drop followed by a significant increase in early June.
Precipitation data mirror those presented for TerraSAR-X time series, except that the
Sentinel-1 time series extend further into the season, highlighting important precipitation
events occurring in July. Whether the increase in CR values starting in June is related

to precipitation or to vegetation development isn’t clear to drop to specific conclusions.

Plots presenting the different Sentinel-1 mean time series with associated standard

deviation are available in Appendix [B| (Figures to [8.19).
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Figure 4.2: Mean evolution of the Sentinel-1 Cross-polarization Ratio (CR) and hourly
precipitation through the 2021 spring season for all parcels of each studied culture (beet,
maize, potato).

4.2 Seedbed preparation detection

The seedbed preparation detection section will here present two main phases: a testing
phase using field campaign data and time series from both sensors and a second phase
that will extend results on a wider area.

4.2.1 Sample fields: TerraSAR-x & Sentinel-1

For this initial testing phase, only sample fields extracted from the field campaign are
under consideration. Specifically, the focus is placed on visited fields that share the same
sowing period according to the collected data. For each crop type, the most representative

sub-group with regards to the sowing period has been retained, as previously highlighted
in Table B.1] of Section [3.4.2

TerraSAR-X

Figure presents TerraSAR-X time series for mean VV & VH backscatter data in
decibels respectively for beet, maize and potato fields of the field campaign. A buffer
surrounding the line showcases the standard deviation around the mean value for each
acquisition. The estimated sowing period extracted from the field visit campaign is show-
cased as an orange vertical stripe. The large revisit period between each acquisition does
unfortunately not allow to create a clear link between that estimated sowing period and
the signal evolution.
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Figure 4.3: Mean evolution and associated standard deviation of the TerraSAR-X VV
(green) & VH (red) backscatter (0%, & o¥,) for all sample fields that share the same
sowing period (vertical orange stripe) for each studied crop type.

Sentinel-1

Figures [4.4] [4.5], and [4.6] depict the same information, but applied to Sentinel-1 time
series with the addition of VV & VH coherence, represented respectively in blue and
purple. Backscatter values exhibit significant fluctuations over time translating the vary-

ing intensity of the returned signal, closely related with soil roughness and moisture.
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These backscatter values present a local minimum occurring in the early season coin-
ciding with the designated sowing period for each crop type, although beet fields show a
lower backscatter value in late April. Conversely, coherence values tend to vary less signif-
icantly over time, still showing a noticeable drop during the sowing period, often followed
by an increase. This trend is particularly pronounced in the VV coherence time series,
where a substantial drop is immediately succeeded by a significant increase. This result
isn’t surprising knowing coherence is a metric of change between two acquisitions, an
important downfall therefore highlights a disturbance in soil roughness and/or soil mois-

ture, typically occurring when a crop field transitions from deep soil work to a prepared

seedbed.
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Figure 4.4: Mean evolution and associated standard deviation of the TerraSAR-X VV
(green) & VH (red) backscatter (oV., & o¥-) and VV (blue) & VH (purple) coherence
for all field campaign beet fields that share the same sowing period (vertical orange stripe).
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Figure 4.5: Mean evolution and associated standard deviation of the TerraSAR-X VV
(green) & VH (red) backscatter (¥, & o¥-) and VV (blue) & VH (purple) coherence

for all field campaign maize fields that share the same sowing period (vertical orange
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Figure 4.6: Mean evolution and associated standard deviation of the TerraSAR-X VV
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4.2.2 Sentinel-1 footprint

Following the results presented in the previous section, the detection of seedbed prepa-
ration can be extended to the complete Sentinel-1 footprint selected for the study to vi-
sualize the spatial and temporal distribution of detected seedbed preparation dates for
each crop type of interest. The applied principle involves extracting the date at which
VV coherence was at its lowest point between March 15th and May 31st, considered as

the interval of time in which sowing activities take place.

Figure [£.7) illustrates this spatial distribution on the sensor’s footprint for beet fields,
with color intensity indicating a later detected date in the season. The distribution plot
in the lower part of the figure reveals a predominant number of fields being prepared for
sowing in the first days of April. The distribution map exhibits a slight concentration of

later detected fields in the South-West part of the footprint.
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Figure 4.7: Spatial distribution map of the seedbed preparation date detected on the
Sentinel-1 footprint for beet fields. The color intensity indicates the detected date with a
stronger intensity being related to later dates. The bar plot shows the temporal distribu-

tion in number of fields, keeping the same color scheme.

Figure [4.8| showcases the same information for maize fields on the S1 footprint. The
map shows no particular trend in distribution while the bar plot highlights some hetero-

geneity in the seedbed preparation date, being slightly concentrated around late April
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and early May.
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Figure 4.8: Spatial distribution map of the seedbed preparation date detected on the
Sentinel-1 footprint for maize fields. The color intensity indicates the detected date with
a stronger intensity being related to later dates. The bar plot shows the temporal distri-

bution in number of fields, keeping the same color scheme.

Finally, Figure [4.9| exposes spatial and temporal heterogeneity in seedbed preparation

detection for potato fields on the S1 footprint, with larger concentration on late April and

early May.
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Figure 4.9: Spatial distribution map of the seedbed preparation date detected on the
Sentinel-1 footprint for potato fields. The color intensity indicates the detected date
with a stronger intensity being related to later dates. The bar plot shows the temporal
distribution in number of fields, keeping the same color scheme.

4.2.3 Validation

The only available validation data found is extracted from the CRA-W agrometeorog-
ical report of the 2021 spring season (BCGMS, 2021)). The report shows a histogram
(Figure of the temporal distribution in number of fields by observed sowing period
for 162 beet fields in the Walloon region. In addition to that, a more detailed table re-

trieves some basic statistics for each agricultural region. Table [4.1] shows given statistics

for the silty and Condroz regions (S1 footprint agricultural regions).

Table 4.1: Statistics of sowing dates (2021) for beet fields in the Silty region and the
Condroz (BCGMS, 2021]).

Nb of fields | Mean | Min. | Max.
Silty region 78 04-05 | 03-24 | 04-23
Condroz 18 04-08 | 03-29 | 04-24
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Figure 4.10: Histogram of beet sowing dates observed in the IRBAB network for 162 fields
(BCGMS, [2021).

This histogram can be directly compared to the previously presented graph on the
lower part of Figure [4.7| which also presents a peak during the first days of April and a
secondary, much smaller peak around the 20th of April.

When applying the detection methodology to all fields visited during the campaign,
an accuracy of 93.75% is achieved (n = 32) with the 20 m inner buffer and the minimum
threshold of 50 pixels applied. The two fields for which the detected seedbed prepara-
tion date falls outside the observation period of the field campaign consistently show a
minimum VV coherence value one acquisition later than expected. The wrongly detected
fields are one beet field and one potato field. With the low amount of fields available and
knowing the detection methodology has been developed using part of this data, it is hard

to consider these accuracy results as reliable validation.

4.3 Early-season crop classification

The early-season crop classification constitutes the main focus of this study, emphasiz-
ing the usefulness of such data in assisting farmers with their crop management practices,
as well as in facilitating fast decision-making and monitoring for both farmers and public
institutions. This section presents Random Forest classification results using the F'1 score
metric with various scenarios of input data for the algorithm. An F1 score of 0.8 will serve
as the minimum reference for a reliable classification. Moreover, feature importance is
also plotted for the classification in the format of a MDI importance metric, highlighting

which features are the most effective at dividing the input data into distinct classes.
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In order to insure data representativeness and evaluate the impact of the criteria on
classification, different minimum number of pixels per field thresholds are applied to both
sensors acquisitions during the classification process. Table gives the corresponding
minimum surface for each pixel threshold value for both TerraSAR-X (3.5 m ground

sampling distance) and Sentinel-1 (10 m ground sampling distance).

Table 4.2: Minimum surface covered in ha corresponding to every minimum pixel value

threshold per field for TerraSAR-X and Sentinel-1.

min. 50px | min. 100px | min. 150px
TerraSAR-X | min. 0.06 ha | min. 0.12 ha | min. 0.18 ha
Sentinel-1 min. 0.50 ha | min. 1.00 ha | min. 1.50 ha

As class distribution is not properly balanced (see Tables[.3|&[4.4), SMOTE is applied
to the training dataset in order to have the same amount of training samples per class for

each Random Forest classification shown in the present section.

4.3.1 TerraSAR-X

Table[4.3]displays the class distribution for beet, maize, and potato fields for each mini-
mum field size scenario (50, 100 and 150 minimum pixels per field) applied to TerraSAR-X
images. As the threshold value increases, fewer fields are retained, and the remaining fields

are the ones occupying larger areas.

Table 4.3: Class distribution for each crop type (beet, maize, potato) on the area of
interest depending on the minimum image pixel threshold set by field for TerraSAR-X.

no threshold | min. 50px | min. 100px | min. 150px
Beet 710 617 606 298
Maize 612 470 432 396
Potato 643 540 532 525

Figures 4.11} 4.12] and [4.13| display the evolution of the F1 score for Random Forest

classification for each class and for respective threshold values of 50, 100, and 150 min-

imum pixels per field. The evolution is made with the cumulative addition of feature
data depending on the acquisition date. An average F1 score is also plotted, showing the

evolution of the mean F1 score for the classification.

While the general trend for each plot and crop type is towards an increase in the F1
score, notable differences can be observed between crops. For instance, beet fields tend to

achieve a reliable score earlier than the other crop types, while maize fields often encounter
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more challenges in being accurately classified earlier than June. Moreover, notable differ-

ences appear depending on the minimum pixels per field value, with the minimum of 100

pixels achieving best overall results for early classification of each crop type.
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Figure 4.11: Evolution of F1 score for Random Forest classification of beet, maize, and
potato crops on the area of interest with cumulative addition of TerraSAR-X acquisition
data, while maintaining a minimum threshold of 50 pixels of image per field.
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Figure 4.12: Evolution of F1 score for Random Forest classification of beet, maize, and
potato crops on the area of interest with cumulative addition of TerraSAR-X acquisition

data, while maintaining a minimum threshold of 100 pixels of image per field.
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Figure 4.13: Evolution of F1 score for Random Forest classification of beet, maize, and
potato crops on the area of interest with cumulative addition of TerraSAR-X acquisition
data, while maintaining a minimum threshold of 150 pixels of image per field.

Figure displays the top ten most important features contributing to the classi-
fication process in the scenario of a minimum pixel threshold of 50. VH and VV mean
backscatter emerge as the most influential features for this classification. Additionally,
the plot provides insights into the temporal aspect of each feature, clearly highlighting
that the most important features for classification are derived from the data of the two

most recent acquisitions.

Feature importance plots for the two other threshold values have similar hierarchy

with some slight changes in MDI importance index values. These plots are available in

Appendix [B] Figures & [8.21]

Finally, Figure depicts F1 score evolution plots for each crop type with a mini-
mum pixel threshold value of 50 pixels of TerraSAR-X image per field. Each plot results
from a different classification, where the input data progressively exclude the earliest ac-
quisitions. For example, the upper left plot displays the classification as detailed in Figure
while the upper right plot uses the same methodology but removes the first acqui-
sition. These results provide insights into the potential importance (or lack thereof) of
the initial acquisitions in the classification process. In this case, removing the first image
has little impact on the F'1 score results and even slightly improves the scores for maize
and beet fields in late April. Conversely, classifications starting from the third and fourth
acquisitions (mid- and late April) significantly affect the F1 score for every crop type in
the early season. Every score drops by at least 0.1 compared to the classification using

the complete acquisition data (upper left).
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Figure 4.14: Top ten of most important features for the Random Forest classification
of beet, maize, and potato crops using TerraSAR-X data on the area of interest, while
maintaining a minimum threshold of 50 pixels of image per field.
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Figure 4.15: F1 score evolutions for the Random Forest classifications of beet, maize, and
potato crops on the area of interest with cumulative addition of TerraSAR-X acquisition
data. Fach plot shows classification performance where the input data progressively
exclude the earliest acquisitions. A minimum threshold of 50 pixels of image per field is

applied.
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4.3.2 Sentinel-1
Area of interest (AOI)

Similarly to the previous detailed process for TerraSAR-X, Table [4.4] presents the class
distribution for beet, maize, and potato fields for each minimum pixel threshold scenario
(50, 100, and 150 minimum pixels per field) applied to Sentinel-1 images. As the threshold
value increases, fewer fields are retained, and the remaining fields are the ones covering

larger areas.

Table 4.4: Class distribution for each crop type (beet, maize, potato) on the area of
interest depending on the minimum image pixel threshold set by field for Sentinel-1.

no threshold | min. 50px | min. 100px | min. 150px
Beet 710 567 476 405
Maize 612 325 204 152
Potato 643 531 457 398

Figures to provide a visual representation of the F'1 score evolution for each
studied crop type, along with the associated average F'1 score evolution for 50, 100, and

150 minimum pixels of Sentinel-1 image per field.
Overall, potato and beet fields experience a significant increase in F1 score in early

April, while maize fields tend to plateau and even exhibit notable declines during the

month, indicating challenges in achieving accurate classification quickly in the season.
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Figure 4.16: Evolution of F1 score for Random Forest classification of beet, maize, and
potato crops on the area of interest with cumulative addition of Sentinel-1 acquisition
data, while maintaining a minimum threshold of 50 pixels of image per field.
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Figure 4.17: Evolution of F1 score for Random Forest classification of beet, maize, and
potato crops on the area of interest with cumulative addition of Sentinel-1 acquisition
data, while maintaining a minimum threshold of 100 pixels of image per field.
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Figure 4.18: Evolution of F1 score for Random Forest classification of beet, maize, and
potato crops on the area of interest with cumulative addition of Sentinel-1 acquisition
data, while maintaining a minimum threshold of 150 pixels of image per field.
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The most important features for the Random Forest classification using Sentinel-1
C-band data are VV and VH backscatter related features with mean VV coherence also
having significant importance in the accurate classification of each crop type. Again,
important features are also features derived from late season data. Figure shows the
top ten most important features in the case of a 50 minimum pixels threshold value. Plots
for threshold values of 100 and 150 pixels are available in Appendix [B] Figures &
5. 20
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Figure 4.19: Top ten of most important features for the Random Forest classification
of beet, maize, and potato crops using Sentinel-1 data on the area of interest, while
maintaining a minimum threshold of 50 pixels of image per field.

Figure shows F1 score evolutions for different classifications, using different sets
of Sentinel-1 acquisitions input data and progressively excluding the first images of the
dataset. Even though slight changes in F1 score appear when removing the first four
images, significant impact is only noticed when starting from the sixth image (22nd of
April). Indeed, F1 scores for beet and potato fields are strongly impacted, losing around a

tenth compared to F1 scores at the same time using the complete dataset of acquisitions.

Complete Sentinel-1 footprint

Given that the area defined by the S1 footprint encompasses a wide distribution of
fields in the silty region (see Figure in Section , an extended classification has
been applied to all fields within the footprint to evaluate the significance of data quantity
for the training process of the classification algorithm. The class distribution within the
complete Sentinel-1 footprint comprises 1510 beet fields, 993 maize fields, and 1416 potato
fields, following the 50 minimum pixels per field threshold. After applying an 80-20 split
for training and testing samples and using SMOTE on the training dataset, each class in

the new training sample comprises 1208 samples.
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Figure 4.20: F1 score evolutions for the Random Forest classifications of beet, maize, and
potato crops on the area of interest with cumulative addition of Sentinel-1 acquisition data.
Each plot shows classification performance where the input data progressively exclude the
earliest acquisitions. A minimum threshold of 50 pixels of image per field is applied.

Figure illustrates the evolution of the F1 score derived from the Random Forest
classification with the cumulative addition of Sentinel-1 data covering the entire footprint.
Beet fields achieve sufficiently accurate classification (F1 score above 0.8) less than a week
after the mean sowing date for beet fields on this same area, the F1 score then stabilizes
until late May. Maize and potato fields exhibit a less pronounced increase in F1 score in
the early season, with a slower rate of increase over time. An almost constant divergence
is observed for each crop type until late May or early June, where F1 scores appear to

converge.
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Figure 4.21: Evolution of F1 score for Random Forest classification of beet, maize, and
potato crops on the complete Sentinel-1 footprint with cumulative addition of Sentinel-1
acquisition data, while maintaining a minimum threshold of 50 pixels of image per field.

4.3.3 Sentinel-1 reduced frequency for comparison purposes

In order to compare Sentinel-1 and TerraSAR-X classifications properly, it is necessary
to compare them at the same level. This is why a virtual reduction of revisit period is
applied on Figure [£.22] resulting in a total of 10 Sentinel-1 acquisitions instead of 20 with
a fake revisit period of 12 days (as if only either S-1A or S-1B were available), almost
matching the TerraSAR-X revisit period.
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Figure 4.22: Evolution of F1 score for Random Forest classification of beet, maize, and
potato crops on the area of interest with cumulative addition of a reduced amount of 10
Sentinel-1 acquisitions data, while maintaining a minimum threshold of 50 pixels of image
per field.
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4.3.4 TerraSAR-X and Sentinel-1 data combination

Finally, the combination of both TerraSAR-X and Sentinel-1 data is displayed on
Figure to evaluate how it performs. Again, only the closest Sentinel-1 acquisition
to each one of the TerraSAR-X acquisitions is kept to combine both data for the same
period of time and create a total of 16 features (10 for S1 and 6 for TSX) per field for

each acquisition date.
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Figure 4.23: Evolution of F1 score for Random Forest classification of beet, maize,
and potato crops on the area of interest with cumulative addition of a combination of
TerraSAR-X and Sentinel-1 acquisitions data, while maintaining a minimum threshold of
50 pixels of image per field.

Figure 4.24] reveals that the top nine out of the ten most important features in the
classification, resulting from the combination of TerraSAR-X and Sentinel-1 data, are
related to TerraSAR-X data. Only the tenth most important feature is associated with
Sentinel-1 data. Additionally, all of the top ten features are also referring to features

derived from the last acquisitions data.

Figure [4.25] shows different F1 score evolutions using the combination of Sentinel-1
and TerraSAR-X acquisitions derived data. Each plot is the result of a different Random
Forest classification process, with progressive removal of the first acquisitions data. Some
notable impacts are observed on F1 scores of beet and potato fields with a classification
starting from the fourth acquisition, in late April, when compared to the initial classifi-

cation (upper left plot).
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Figure 4.24: Top ten of most important features for the Random Forest classification
of beet, maize, and potato crops using Sentinel-1 and TerraSAR-X data on the area of
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Figure 4.25: F1 score evolutions for the Random Forest classifications of beet, maize,
and potato crops on the area of interest with cumulative addition of TerraSAR-X and
Sentinel-1 acquisitions data. Each plot shows classification performance where the input
data progressively exclude the earliest acquisitions. A minimum threshold of 50 pixels of
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image per field is applied.

Finally, in order to understand how the final Random Forest classification operates,
it is insightful to render confusion matrices, which visualize the predicted labels for each
class of crop type. Figure [£.20] displays the first four confusion matrices of the combined
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classification with Sentinel-1 and TerraSAR-X data, employing the usual minimum 50
pixels threshold value.

The first matrix (Figure indicates a tendency to misclassify beet and maize fields
as potato fields, or to classify beet fields as maize fields. This trend quickly diminishes in
the second matrix (Figure , where a substantial number of beet fields are correctly
classified, although maize fields still suffer from misclassification as potato fields. The
overall trend fades throughout the classification process to achieve an almost perfect

classification in the end. The remaining six matrices are available in the Appendix [B]
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Figure 4.26: Four first confusion matrices derived from the Random Forest classification
of beet, maize, and potato crops on the area of interest with cumulative addition of a
combination of TerraSAR-X and Sentinel-1 acquisitions data, while maintaining a mini-
mum threshold of 50 pixels of image per field.
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4.3.5 Classification accuracy: summary

To summarize the computed results, Table outlines the earliest acquisition date at

which the F1 score of each classification scenario reaches 0.8, a threshold arbitrarily set

to describe reliable classification.

Table 4.5: Earliest acquisition date at which the F1 score of each Random Forest classifica-
tion process for beet, maize and potato fields on the area of interest reached 0.8. Different
scenarios are considered for TerraSAR-X (TSX) and Sentinel-1 (S1) with varying thresh-
olds of minimum pixels covering each field. Color intensity related to the acquisition date
is darker when the score is reached earlier in the season and lighter when the score is

reached later in the season.

Beet | Maize | Potato
.TSX 05-20 | 06-22 05-20
min. 50px
TSX
st 100 04-06 | 06-11 05-31
. Len 04-17 | 06-22 05-20
min. 150px
. 2l 04-04 | 06-09 04-22
min. 50px
S1
min. 100px 04-04 | 06-15 05-04
S1
min. 150px 04-04 | 06-15 04-22
S% o 04-04 | 06-09 05-10
10 acquisitions
TSX
and S1 04-06 | 05-20 04-28
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CHAPTER
FIVE

DISCUSSION

This chapter discusses the previously presented results, providing a critical analysis
for the two main objectives of the study. Additionally, a section is dedicated to the main

limitations and future perspectives of the studied subject.

5.1 Seedbed preparation detection with InNSAR coher-

ence time series

Recent agrometeorological reports provided by the CRA-W and the RMI have proven
the importance and the challenge of providing accurate sowing dates in the early season.
As of mid-May 2024, the CIPF (Walloon advisory service for maize) estimated that only
30% of the maize fields were sown, emphasizing the difficulty of providing a precise quan-

tification of sown surface under varying wet weather conditions (BCGMS| 2024).

The study results unfortunately demonstrate that the long revisit period and the
lack of coherence computation capabilities of TerraSAR-X are the two main reasons why
seedbed preparation detection has been challenging with the available X-band data. Time
series of VV and VH backscatter values fail to reveal a precise and clear enough trend
in the signal to identify a seedbed preparation phase that aligns with the sowing period

observed in the field campaign data.

On the other hand, C-band data obtained from Sentinel-1 with a close revisit period
enables a more precise visualization of temporal dynamics compared to TerraSAR-X. It
clearly highlights drops in VV and VH backscatter, as well as VV and VH coherence,
matching the field campaign sowing period. This is particularly evident in the VV co-
herence time series, where coherence values rapidly transition from high to low and then
back to high again, indicating a significant change in soil properties (here, roughness and

moisture content) from a period of time to another. Based on these preliminary results,
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a strong hypothesis is formed that the seedbed preparation date can be detected by iden-
tifying the acquisition date for which the VV coherence value is the lowest between the
15th of March and the 31st of May (considered as the seedbed preparation period).

The full extension to every beet, maize, and potato field covered by the selected
Sentinel-1 footprint reveals the spatial and temporal distribution of the detected date
for each crop type. However, the lack of reliable validation data makes it challenging to
definitively evaluate the accuracy of the chosen detection method, although the BCGMS
report plots and statistics appear to align with the results outputs for beet fields. Apply-
ing the process to all visited fields during the campaign returns an overall accuracy over
93% but the reliability of this result is still compromised mainly due to the small sample

size.

It is also essential to highlight that the detected "date" actually corresponds to a
Sentinel-1 acquisition date at which the VV coherence is at its lowest within a fixed time
period. In reality, the seedbed preparation occurs between the previous acquisition date
and the detected one, resulting in a detected seedbed preparation period rather than a
precise date. This underscores the importance of a close revisit period for the detection

of seedbed preparation, in order to achieve a very narrow period detection.

5.2 Early-season crop classification

The early-season crop classifications show promising results, comparing the use of
different radar sensors and their respective characteristics alongside with different pre-

processing parameters.

5.2.1 Impact of the minimum pixel threshold on classification re-

sults

Firstly, TerraSAR-X and Sentinel-1 present very different class distributions for each
crop type and minimum pixel value due to their respective GSD. Indeed, since TerraSAR-
X allows a finer GSD compared to Sentinel-1, more fields can be kept under the minimum
pixel per field constraint for each crop type. This leads to a greater discrimination in
fields for Sentinel-1 C-band data, therefore impacting the total size of the training sam-
ple of the model and consequently, output results. When comparing TerraSAR-X and
Sentinel-1 classification results, the 150 and 50 minimum pixel scenarios will be consid-
ered respectively for TerraSAR-X and Sentinel-1 as they are the closest in terms of class
distribution. Let’s also note that since maize fields are generally smaller fields compared

to potato and beet fields, the minimum pixel per field constraint impacts this crop type
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even more in class distribution when increasing the threshold value.

The impact of the minimum pixel threshold for every field can be significant depending
on the sensor. There is a clear trade-off between applying a higher threshold for better
signal-to-noise ratio for each crop type and reducing the threshold value to include a larger

number of fields for the training of the model.

For example, the difference between the 50 and 100 threshold value for TerraSAR-X
can be seen as an increase in representativeness rather than a downside effect to shrinking
training data since all three crop types globally perform better through the evolution of
their F'1 score. The 150 pixel threshold also leads to some global better results but pe-
nalizes maize in the early season due to a lower number of fields represented in the data,

which goes in the opposite direction of the fixed objective of early classification.

On the other hand, Sentinel-1 data shows a slightly different reaction to the pixel
threshold value. By again comparing the 50 and 100 pixel thresholds, a clear down-
shift in potato and beet field classification performance is observed in the early season
while maize fields presents slightly higher F1 scores during that same period. The 150
pixel threshold F1 score evolution clearly highlights the impact of unbalanced data for
classification, showing strong variations in F1 score for maize (152 fields) while potato
and beet fields (respectively 398 and 405 fields) classify better than the two first examples.

Even though SMOTE is applied to the training dataset to mitigate the effects of im-
balance, it does not totally correct it. Indeed, oversampling can sometimes amplify noise
that can be present in the initial dataset and the quality of synthetic samples might also

vary, especially for underrepresented classes such as maize fields in this case.

Overall, the major impact on classifications will be the imbalance between classes
in the input dataset. A clear trade-off exists between signal quality and the number of
fields of each class, showing varying results depending on the amount of pixels covering
each field and depending on the sensor’s ground sampling distance. Results based on
the complete Sentinel-1 footprint have also shown that the input dataset size is of great

importance, allowing a larger training dataset.

5.2.2 X-band and C-band: respective contributions and compar-

ison

Previous results highlighting the seedbed preparation period for each crop type have
shown that a large majority of beet fields have their fields prepared for seeding in the first
days of April while maize and potato fields are mostly prepared in the late days of April
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or begin May. These periods of time can strongly be related to sudden increases in F1
score when looking at classification results. For example, beet fields are quickly classified
accurately in early April while F1 score increases more rapidly in the first days of May
for potato and maize fields. Based on this, it seems important to put attention to these
sowing dates when comparing classification results in time. It is still important to remem-
ber that even though almost all beet fields are sown during the same period of time, it
isn’t the case for potato and maize fields which present a much more heterogeneous distri-

bution in sowing dates. The mean sowing period for each crop type will serve as reference.

While TerraSAR-X performs well for the classification of maize fields on the overall
early season for a pixel threshold value of 50, its performance deteriorates as this value
increases to 150 (T'SX threshold value for comparison with S1). In that case, its classi-
fication performance aligns more closely with the Sentinel-1 F1 score evolution, reaching
a score of 0.6 in early May and 0.8 in mid-June, about two weeks after the mean sowing
date of maize fields. Concerning potato fields, Sentinel-1 reaches a plateau nearing an F1
score of 0.8 during the early stages of April, roughly two weeks before the mean sowing
date while TerraSAR-X results exhibit a similar plateau approximately a month later in

the season.

These particular differences between sensors could be explained by the physical prop-
erties of C-band and X-band. Indeed, C-band uses a lower frequency signal allowing better
sensitivity to sub-surface soil layers (up to several tens of centimeters into the ground)
while X-band data is sensitive to the monitoring of smaller-scale surface features. Potato
and maize fields are managed very differently, with the formation of hills on potato fields
while maize parcels can present much smoother surfaces, playing crucial role in classifica-

tion of both crop types.

Feature importance results converge for both C-band and X-band, commonly stat-
ing that VV & VH backscatter play significant roles in accurate classification but more
importantly that the most discriminant features are the ones extracted from the latest
acquisitions. These final acquisition dates in late June and early July coincide with signif-
icant vegetation growth above the soil, which varies by crop type. This variation impacts
the backscattering signal, potentially explaining the importance of these acquisitions in

the classification process.

Finally, as the temporal resolution of Sentinel-1 allows finer details in time series and
consequently F1 score evolution visualization, a virtual reduction of the revisit time is
applied by simulating a revisit period of 12 days to match TerraSAR-X’s 11 days revisit
period as closely as possible. When comparing Sentinel-1 F1 score evolution with the

actual revisit period of 6 days and the simulated 12 days revisit period, some important
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plateaus are reached a few days earlier in the season due to more precise temporal infor-
mation. For example, maize fields reach the 0.8 F1 score level slightly before June, while
this plateau is reached a few days later when the temporal resolution is doubled. This
emphasizes the importance of temporal resolution in a situation like agriculture assistance

where having precise information a few days earlier can be of great importance.

5.2.3 Combination of X-band and C-band: multi-frequency as a

solution?

TerraSAR-X and Sentinel-1 have respectively revealed some opposite advantages and
disadvantages for the three crop types classification. But what if combining both of their

data could be a possible solution to extract the best of X-band and C-band information ?

Results indicate that combining the fine surface information from X-band data with
the sub-surface information from C-band data yields the best results per class for early-
season classification. Beet fields surpass the 0.8 F1 score value in early April, only days
after the mean sowing period, maize fields achieve it in mid to late May, two to three
weeks after the mean sowing period and potato fields reach it during the last days of

April, roughly matching the mean sowing period of that culture.

Feature importance analysis highlights TerraSAR-X data as the most discriminant
sensor for the accurate classification. However, it’s important to note that these feature
importance results are related to the global classification and primarily focus on the last

acquisitions for the most important features of the classification.

All of this highlights the importance of multi-frequency data for classification purposes,
combining both strengths of the physical properties of each frequency band to achieve early

and accurate classifications.

5.2.4 Importance of first acquisitions for early classification

Different classifications performed starting at various points in time have revealed in-
teresting performance gaps. Indeed, the F1 score evolution plots illustrate how the model
performs with the cumulative addition of data. Results indicate that for both sensors,
removing acquisitions before mid-April does not significantly affect overall performance.
This finding suggests that, in the context of this study, data gathered before mid-April is

not crucial for early-season crop classification.

This insight is valuable for several reasons. Economically, reducing the need for early-
season data acquisitions can lower costs, as radar products are not always freely available

and can be expensive. Additionally, focusing on mid-April and later acquisitions allows
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for more targeted and efficient use of resources, both in terms of data processing and

storage.

5.3 Limitations and perspectives

Even though results look promising, several improvements could be applied to make

global performance more accurate and extend the study on wider objectives.

Firstly, lacking of coherence computation possibilities for X-band data through TerraSAR-
X consists of a huge loss of information. Coherence has been of great interest for the
seedbed preparation detection and even though TerraSAR-X offers a longer revisit period
showing fewer temporal details, a rough seedbed preparation period could have been es-
timated through coherence time series. Computing coherence on TerraSAR-X data could
have been valuable to be able to compare time series and seedbed detection results, espe-

cially knowing that X-band is very sensitive to smaller scale roughness.

Even though seedbed preparation could be detected well for a few of the campaign
fields, lack of larger validation for the complete Sentinel-1 footprint makes it hard to
quantitatively estimate the accuracy of the detection, possibly highlighting some further

limitations to coherence seedbed preparation detection.

As mentioned in Section [3.1.2] the months of March and April 2021 were drier than
usual, allowing farmers to enter fields early in the season and sow at earlier stages. Addi-
tionally, the 2021 spring season was also one of the coldest recorded in Uccle since 1991,
which might lead to slower or delayed vegetation growth on crop fields. These two factors
emphasize the significant role of climate conditions in agriculture and can have a substan-
tial impact on crop classification performance, raising concerns about the reproducibility
of the model.

As observed with the combination of seedbed preparation period detection and classifi-
cation results, the changes in soil roughness due to preparation for seeding can significantly
improve classification accuracy (for example, beets could stand out early in the classifi-
cation thanks to early seedbed preparation). An interesting future perspective could be
to explore how classification accuracy evolves for each crop type when all crops are sown

around the same period of the season.

Future studies could explore new horizons by evaluating performances of other clas-
sification algorithms and comparing them to Random Forest. It is also important to
remember that this study only focuses on three very distinct culture types and that ex-

panding the scope of seedbed preparation detection and classification to include other
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crop types such as cereals, flax, etc., could have very different effects and provide new
insights. Moreover, comparing the achieved results for 2021 with results that could be
obtained for other years would help highlight potential inter-annual variations in weather

or agricultural calendar for example.
Finally, this study could extend its scope to include the detection of tilled and untilled

crop fields. This perspective is crucial for future agricultural management, particularly

in the context of conservative agriculture, which is a focal point of the CAP.
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CHAPTER
SIX

CONCLUSION

The main objective of this master thesis was to evaluate the individual and combined
contributions of X-band and C-band SAR data for early-season crop classification and de-
tection of seedbed preparation activities with specific focus on the three most dominant
spring crops in Wallonia: beet, maize, and potato. For this purpose, SAR acquisitions
from TerraSAR-X and Sentinel-1 have been acquired and treated, backed up by an inten-

sive field campaign conducted in 2021 in the area of Gembloux.

A seedbed preparation detection method based on VV coherence drop showed promis-
ing results in visualizing spatial and temporal distribution of seedbed preparation activ-
ities. Unfortunately, no clear validation data could reliably quantify the effectiveness of
this method. Still, this first result provided valuable information for a better understand-
ing of crop classification performances. Indeed, crop classification results using C-band
or X-band have highlighted that the sowing period goes hand in hand with improvement

of classification performance for that same period.

More globally, Random Forest classifications have mainly highlighted three important
parameters in favor of better classifications: the need of an at least roughly balanced
dataset, the importance of the sowing period and the non negligible role of high tem-
poral resolution. Additionally, best overall results were achieved using a combination of
TerraSAR-X and Sentinel-1 acquisitions, mixing small-scale roughness sensitivity of X-
band data and the sensitivity to sub-surface soil layers of C-band data. In this particular
case, beet fields could be accurately classified in early April, potato fields in late April
and maize fields in the last weeks of May. This highlights the importance of the use of
multi-frequency information to accurately classify selected crops as soon as possible in

the growing season.

While several improvements can be applied to further evaluate the impact of certain

choices made during this study (classification algorithm, minimum pixels thresholds, ...),
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presented results offer a promising step forward in agricultural monitoring using SAR
imagery. Seedbed detection and early-season crop classification can act as valuable tools
for assisting farm advisory services, agricultural insurance companies, improving or build
new agricultural policies, running yield or nitrogen uptake models, etc. All of these
perspectives can play various roles in improving food security but also insuring a more

sustainable agricultural sector.
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A Materials and methods

season total: 165.6 mm (normal 165.6 mm)
number of days of precipitation: 43 days (normal: 43.5 days)
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Figure 8.1: Daily and cumulative precipitation in Uccle for the 2021 spring season. Blue
bars are representing daily observations with darkness depending on precipitation inten-
sity. The dashed line shows the cumulative average between 1991 and 2020 while the full

line shows cumulative observations (IRM} 2021)).
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Figure 8.2: Mean evolution of the TerraSAR-X VV backscatter (60,,) and hourly precip-
itation through the 2021 spring season for all parcels of each studied culture (beet, maize,
potato).
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Figure 8.3: Mean evolution of the TerraSAR-X VH backscatter (o¥;) and hourly precip-
itation through the 2021 spring season for all parcels of each studied culture (beet, maize,
potato).

viil



30

_1.0 E
154 25
E
~2.01
= 20 E —e— Beet
= - —*— Maize
— o
> S —&— Potato
~251 =
"é 15 8
N o
P S Precipitation
IS o
2 301 S
102>
=)
[}
-3.51 T
F5
~4.0
. . . . . . . 0
5 © 5 © & o &
N 2 S N Q N Q
&,0“‘ N \;6” &,0" \;QQ’ \},0“3 \’,6\
{ { Q) Q) Q) Q) Qv
» » Y » > > »
Datetime

Figure 8.4: Mean evolution of the TerraSAR-X DpRVI and hourly precipitation through
the 2021 spring season for all parcels of each studied culture (beet, potato, maize).
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Figure 8.5: Mean evolution of the TerraSAR-X VV backscatter (oV,,) with standard
deviation buffer through the 2021 spring season for all parcels of each studied culture
(beet, potato, maize).
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Figure 8.6: Mean evolution of the TerraSAR-X VH backscatter (0¥ ;) with standard
deviation buffer through the 2021 spring season for all parcels of each studied culture
(beet, potato, maize).
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Figure 8.7: Mean evolution of the TerraSAR-X CR with standard deviation buffer through
the 2021 spring season for all parcels of each studied culture (beet, potato, maize).
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Figure 8.8: Mean evolution of the TerraSAR-X DpRVI with standard deviation buffer
through the 2021 spring season for all parcels of each studied culture (beet, potato, maize).
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Figure 8.9: Mean evolution of the Sentinel-1 VV backscatter (¢{,,) and hourly precipita-
tion through the 2021 spring season for all parcels of each studied culture (beet, maize,
potato)).
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Figure 8.10: Mean evolution of the Sentinel-1 VH backscatter (o{,;) and hourly precipi-
tation through the 2021 spring season for all parcels of each studied culture (beet, maize,
potato).
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Figure 8.11: Mean evolution of the Sentinel-1 DpRVI and hourly precipitation through
the 2021 spring season for all parcels of each studied culture (beet, potato, maize).
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Figure 8.12: Mean evolution of the Sentinel-1 VV coherence and hourly precipitation
through the 2021 spring season for all parcels of each studied culture (beet, maize, potato).
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Figure 8.13: Mean evolution of the Sentinel-1 VH coherence and hourly precipitation
through the 2021 spring season for all parcels of each studied culture (beet, maize, potato).
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Figure 8.14: Mean evolution of the Sentinel-1 VV backscatter (o¥,) with standard devi-

ation buffer through the 2021 spring season for all parcels of each studied culture (beet,
potato, maize).
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Figure 8.15: Mean evolution of the Sentinel-1 VH backscatter (o) with standard devi-
ation buffer through the 2021 spring season for all parcels of each studied culture (beet,
potato, maize).
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Figure 8.16: Mean evolution of the Sentinel-1 CR with standard deviation buffer through
the 2021 spring season for all parcels of each studied culture (beet, potato, maize).
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Figure 8.17: Mean evolution of the Sentinel-1 DpRVI with standard deviation buffer
through the 2021 spring season for all parcels of each studied culture (beet, potato, maize).
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Figure 8.18: Mean evolution of the Sentinel-1 VV coherence with standard deviation
buffer through the 2021 spring season for all parcels of each studied culture (beet, potato,
maize).
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Figure 8.19: Mean evolution of the Sentinel-1 VH coherence with standard deviation
buffer through the 2021 spring season for all parcels of each studied culture (beet, potato,
maize).
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Figure 8.20: Top ten of most important features for the Random Forest classification
of beet, maize, and potato crops using TerraSAR-X data on the area of interest, while
maintaining a minimum threshold of 100 pixels of image per field.
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Figure 8.21: Top ten of most important features for the Random Forest classification
of beet, maize, and potato crops using TerraSAR-X data on the area of interest, while
maintaining a minimum threshold of 150 pixels of image per field.
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Figure 8.22: Top ten of most important features for the Random Forest classification
of beet, maize, and potato crops using Sentinel-1 data on the area of interest, while
maintaining a minimum threshold of 100 pixels of image per field.
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Figure 8.23: Top ten of most important features for the Random Forest classification
of beet, maize, and potato crops using Sentinel-1 data on the area of interest, while
maintaining a minimum threshold of 150 pixels of image per field.
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Figure 8.24: Last six confusion matrices derived from the Random Forest classification of
beet, maize, and potato crops on the area of interest with incremental addition of a com-
bination of TerraSAR-X and Sentinel-1 acquisitions data, while maintaining a minimum
threshold of 50 pixels of image per field.
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Multi-frequency SAR time series for the detection of seedbed
preparation and early-season crop classification

Boland Basile

In the context of the sustainable development goals driving 21st-century
debates, agriculture faces the challenge of reducing environmental impact
while meeting global consumption needs. This study focuses on the use of
multi-frequency SAR imagery, more specifically X-band and C-band data,
to evaluate their individual and combined roles in achieving seedbed
preparation detection and early season classification for common spring
crops cultivated in the southern region of Belgium, including beet, potato,
and maize. A seedbed preparation detection method is developed based
on the date associated to the minimum VV coherence point between
mid-March and late May. These first results are promising and allow to
highlight homo- and heterogeneity in spatial and temporal distribution of
sowing events between the different cultures. Concerning crop
classification, combining C-band and X-band data yields the best results,
achieving reliable classification of beet fields in the beginning of April,
potato fields by late April, and maize fields by late May. Balanced class
distribution, sowing date, and temporal resolution are identified as crucial
factors for early classification performance. Seedbed preparation detection
and early-season crop classification can serve as valuable tools to build a
more sustainable agricultural sector by predicting yield shortenings through
agricultural models, providing farmers with helpful management practices
and monitor soil preparation activities.

UNIVERSITE CATHOLIQUE DE LOUVAIN
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