DELFT UNIVERSITY OF TECHNOLOGY

MASTER THESIS

Predicting drought-induced cracks
in dikes with artificial intelligence

\
{\ o /Q .
ISINAZ
\ %'\ 000 \; '”.’
SN /i =
NWiXNWWAYER

AUTHOR: )
SHANIEL ANISHDOEBE CHOTKAN



Predicting drought-induced cracks in
dikes with artificial intelligence

Author: Shaniel Anishdoebé Chotkan
Student number: 4399862
Thesis committee: Dr. ir. Juan Pablo Aguilar Lopez TU Delft

Ir. Raymond van der Meij Deltares
Ir. Wouter Jan Klerk TU Delft
Dr. ir. Phil J. Vardon TU Delft
Ir. Juan Chacon Hurtado TU Delft

<]
TUDelft

Delft
University of
Technology



1ii

Abstract

A sustained period of drought may induce different failure mechanisms within peat
dikes. Prior to failure, cracks develop on top of the dikes, serving as indicators for
failure. The purpose of this thesis is to predict the occurrence of the drought-induced
cracks in space and time, by using a data-driven approach. Regional dikes are usu-
ally made out of peat (and clay), resulting in the focus on regional dikes. Periods of
drought cause a significant amount of evaporation within a soil matrix, while little
precipitation is observed. Due to the net outflow of water particles, the soil shrinks.
Vertical shrinkage causes the dike body to subside, while horizontal shrinkage causes
the cracking mechanism. A low moisture content is therefore assumed to be the main
reason for cracking. Drought is represented by using the precipitation deficit. The soil
subsidence is assumed an early indicator for the cracking mechanism. The health of
vegetation as a cover on the dike body serves as an indicator for the moisture content,
which is quantified using the NDVI. The peat width of the upper soil layer also acts as
a driver for the cracks. Furthermore, the soil class and soil flexibility were accounted
for, the latter defined as the resistance of a soil to deform when loaded with a pressure.
At last, the orientation of the dike was accounted for, by considering it with respect to
the south.

Waterboard Delfland provided a database in which observations in the dry seasons
of 2018, 2019 and 2020 were registered. The amount of kilometers that is inspected
is based upon the SPEI value. The dikes which are inspected per SPEI threshold are
called lists and are based upon the sensitivity of dikes to drought. The variables were
assigned to the database, such that each observation corresponded with a precipita-
tion deficit, the rate of soil subsidence, a peat width, a soil flexibility, an NDVI value,
a soil class and an orientation in degrees. Correlations indicated that the precipita-
tion deficit, the soil flexibility and the peat width are strongest correlated with the
occurrence of cracks. Three decision trees were constructed to predict under which
circumstances cracks will and will not occur. One model predicts cracks in general,
the second long cracks and the third deep cracks. Cracks in general are mostly caused
by a high precipitation deficit. Lower precipitation deficits in combination with a high
peat width can still result in cracks. For long cracks it is seen that the soil flexibility is
leading, as a certain threshold must be exceeded in order for long cracks to develop.
When the threshold is exceeded, whether long cracks will occur mainly depends on
the precipitation deficit. When exceeded, a high peat width causes the cracks to occur,
together with a negative rate of soil deformation (subsidence). When the deep cracks
are considered, a high precipitation deficit again is leading, where a high peat width
induces cracks and a low NDVI as well.

The performance of the model predicting long cracks was evaluated well using the
Matthews correlation coefficient. This model was therefore chosen to be validated
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by first comparing it with lists from Delfland. Using the time-independent variables
given within the decision tree, hazard maps were created indicating areas which are
prone to cracks. The hazard maps show great similarity with the lists from Delfland.
Contrary, the output of the decision tree was also used to create a map which high-
lights areas from Delfland which are in general resistant to drought. None of those
areas coincide with the lists, indicating that no unnecessary inspections are done dur-
ing the dry season. Second, the work was validated by doing observations on the field
in the Delfland area. No cracks were observed in the prone to crack areas, leading to
the belief that in general the cracks closed due to these winter circumstances. Some
areas were indicated as being prone to drought, while the risk of breaching is not high
due to a low water level difference and no (close) urban environment. This confirms
that the maps highlight hazard and not risk. Areas not highlighted by the maps, in
which cracks were registered, showed signs of macro-instability.

For starters, in the future it is advised that inspectors register the observations for all
dike segments. This implies that an observation of no cracks also should be registered
explicitly. This creates a database in which the likeliness of false negatives is reduced,
increasing the validity of the models. Second, during inspections a distinction should
be made between drought-induced cracks and macro-instability-induced cracks. Fi-
nally, it is advised to do the field observations again during the dry season, as cracks
are more likely to be observed, therefore better indicating the validity of the hazard
maps.



Abstract

Een aanhoudende periode van droogte kan faalmechanismen in veendijken veroorza-
ken. Voorafgaand aan falen ontwikkelen er scheuren aan het oppervlak van de dijk,
waardoor deze als indicatoren voor de faalmechanismes worden gezien. Het doel van
deze thesis is om de scheuren in ruimte en tijd te voorspellen met behulp van data-
driven modellen. Omdat regionale dijken doorgaans uit veen (en klei) bestaan, ligt
de focus van het onderzoek op deze dijken. Periodes van droogte veroorzaken een
grote hoeveelheid verdamping in een bodemlichaam, terwijl weinig neerslag valt. Als
gevolg van een netto uitstroom van watermoleculen krimpt het bodemlichaam. Ver-
ticale krimp resulteert in zakking van het dijklichaam, terwijl horizontale krimp ver-
antwoordelijk is voor het scheurproces. Een laag bodemvochtgehalte wordt dan ook
gezien als de voornaamste reden dat het scheuren plaatsvindt. Droogte wordt in het
onderzoek gerepresenteerd met het neerslagtekort. Aangenomen wordt dat bodemza-
kking een vroege indicator is voor het scheurmechanisme. De gezondheid van veg-
etatie bovenop de dijk fungeert als een indicator voor het bodemvochtgehalte, wat
gekwantificeerd is door middel van de NDVI waarde. De veendikte in de bovenste
grondlaag wordt ook gezien als een drijfveer voor de scheuren. Daar bovenop zijn de
grondsoort and bodemflexibiliteit onderzocht, waarvan de laatste is gedefinieerd als
de weerstand van grond tegen deformeren ten gevolge van een drukkracht. Tenslotte
is de oriéntatie van de dijken bepaald door deze in graden te berekenen ten opzicht
van het zuiden.

Waterschap Delfland voorzag van een database waarin observaties gedurende het
droge seizoen in 2018, 2019 en 2020 zijn geregistreerd. Het aantal geinspecteerde kilo-
meters wordt gebaseerd op de huidige SPEI waarde. De dijken die geinspecteerd wor-
den per overschreden SPEI drempel zijn gebaseerd op de droogtegevoeligheid van de
dijken. De beschreven variabelen die van invloed zijn op het scheurproces, zijn in
de vorm van data toegewezen aan de database. Elke observatie beschikt daardoor
over een neerslagtekort, een snelheid van bodemdaling, een veendikte, een bodem-
flexibiliteit, een NDVI waarde, een grondsoort en een oriéntatie in graden. Corre-
laties wijzen erop dat het neerslagtekort, de bodemflexibiliteit en de veendikte het
sterkst gecorreleerd zijn met het optreden van scheuren. Drie decision trees zijn gecon-
strueerd om te voorspellen onder welke omstandigheden de scheuren optreden. Eén
daarvan voorspelt algemene scheuren, de tweede lange scheuren en de derde diepe
scheuren. Algemene scheuren worden voornamelijk veroorzaakt door een hoog neer-
slagtekort. Lagere neerslagtekorten in combinatie met grote veendiktes resulteren
ook in scheuren. Voor lange scheuren geldt dat deze niet optreden in dijken met een
lage bodemflexibiliteit. Bij een grote waarde daarentegen worden de lange scheuren
grotendeels bepaald door een hoog neerslagtekort. Een grote veendikte en absolute
bodemdaling kunnen ook resulteren in de lange scheuren. Voor de diepe scheuren
geldt dat een hoog neerslagtekort wederom leidend is, in combinatie met een grote
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veendikte en een hoge NDVI waarde.

De prestatie van het model dat lange scheuren voorspelt is goed geévalueerd met de
Matthews correlatie coéfficient. Om deze reden is ervoor gekozen om deze verder te
valideren door deze naast de lijsten van Delfland te zetten. Door de tijdsonafhanke-
lijke variabelen uit de decision tree te gebruiken, zijn kanskaarten geplot, waarin de
kans op dijkscheuren is uitgezet. De kaarten kennen veel gelijkenis met de lijsten.
Daarnaast is er ook een kaart gecreéerd waarin dijken worden weergegeven die re-
sistent worden geacht tegen de scheuren. Geen gelijkenis werd gevonden, wat als
bewijs dient voor dat er geen structureel onnodige inspecties worden gedaan in de
zomer. Bovendien is er een validatie verwezenlijkt door te observeren in het veld van
Delfland. De droogtegevoelige dijken toonden geen (restanten van) scheuren, waaruit
geconcludeerd kan worden dat deze sloten door de laatste winteromstandigheden.
Verscheidene gebieden werden uitgelicht als kansrijk op scheuren, terwijl het risico
van doorbreken laag is door een laag verschil in waterniveau en geen nabije wonin-
gen. Dit bevestigt dat de kaarten kans uitzetten en niet risico. Gebieden waar scheuren
werden geobserveerd die niet werden uitgelicht op de kaarten, toonden sporen van
macro-instabiliteit.

Ten eerste wordt er geadviseerd om in de toekomst observaties te registreren voor alle
dijksegmenten. Dit impliceert dat dijksegmenten waar geen scheuren geregistreerd
worden ook geregistreerd worden. Dit reduceert de waarschijnlijkheid op false neg-
atives in de database, waardoor de validiteit verhoogt. Ten tweede is het aanbevolen
om tijdens de inspecties het verschil aan te duiden tussen scheuren geinduceerd door
droogte en door macro-instabiliteit. Als laatste is het raadzaam om de veldobservaties
opnieuw te doen in het droge seizoen.
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Chapter 1

Introduction

1.1 Flood defences in the Netherlands

A signi cant part of the Netherlands is located underneath sea level, which is known
to result in a prominent ood risk. Flood defences and hydraulic structures are built
in order to protect mankind from hydraulic parameters reaching extreme levels and
causing great damage. Designers of aforementioned constructions are obliged to fol-
low severe agreements, especially after the ood disaster which occurred in 1953
known under the name Watersnoodramp. The event shook the entire country alarm-
ing civil engineers upon the manner in which they designed constructions.

Climate change plays a major role in the ood hazards, and hence in the design of
ood defences. Consequences of climate change include an increase in global temper-
ature and in relative sea level rise. The rst mentioned consequence in combination
with less frequent precipitation results in an increase in drought, which rst gained
national attention in the summer of 2018 (Sluijter, 2018). The dry circumstances cause
levees to decrease in weight, due to the extreme evaporation. This is speci cally the
case for peat/clay dikes, as the presence of the cracks may directly induce a failure
mechanism because of the soil characteristics of peat. The failure of the dike in Wil-
nis in 2003, which caused signi cant damage (Baars and Kempen, 2009), took place
because of the drought. Before failure a considerable amount of cracks was observed.
Some of those cracks can be seen in Figure 1.1. A hypothesis which arises from this
observation is that the occurrence of cracks acts as an indicator for the failure mech-
anism. A proper understanding of the occurrence and prediction of the cracks might
hence result in better asset management of the dikes. Better asset management of the
dikes subsequently results in a greater ood safety for the Netherlands.

FIGURE 1.1: Sky image of the dike breach in Wilnis. (NOS, 2015)



2 Chapter 1. Introduction

Not much was known about the cause of the failure mechanism. In addition, as a
result of the 'demolition’ the initial conditions became unknown. An important fact
derived from the event was the presence of a great knowledge gap with respect to
this phenomenon. Academics became aware of the importance of the information and
thus research into this speci c topic began.

1.2 Problem statement

What made the year 2003 distinctive as it was, is the sustained drought during the
summer months. Drought can be de ned in multiple ways and from different per-
spectives (meteorological or hydrological). The year 2018 turned out to be one known
for its intense dry conditions. The years 2019 and 2020 follow the trend (N.Kramer
et al., 2019) and one can therefore conclude that coming years may be as dry as these
ones, if not drier. These dry conditions cause the dikes to crack, like the one in Wilnis.
When the cracks develop speci c dimensions, the stability of the dike gets endan-
gered. One challenge in monitoring this is the scale of the ood safety systems. In the
Netherlands almost 18.000 kilometers of defences form the complete ood defense
system. Monitoring all these kilometers frequently is a daunting task, even when this
is done only in the dry period. A better understanding in the spatiotemporal charac-
teristics of the cracks might therefore result in better asset management practices and
inspection planning of the dikes along with a safer society.

One of the main obstacles in grasping the physics behind the cracking mechanism is
its physical complexity. Factors which are believed to be driving their development
(evaporation, precipitation etc.) are uncertain and therefore represented as stochastic
variables. In addition, the soil parameters are solely known on larger spatial scales.
A consequence of this is the absence of accurate physical models able to explain the
development of the cracks.

1.3 Objective and research questions

An alternate approach to problems where the necessary physics aren't yet understood
is by applying statistical methods. The application of statistical methods particularly
increases in current times, as people become aware of the relevance of big data. This
rising awareness has led to more data creation which is bene cial to these statistical
models. A eld which is gaining more attention as time passes is machine learning.
The technique is a subbranch of arti cial intelligence in which the created model often
becomes more accurate as more data becomes available.

The occurrence of the cracks was modelled by gathering relevant data, which was
done after an initial assessment of the driving factors. The Dutch waterboards, which
are responsible for keeping the dikes safe, can use this model in order to optimize their
policy. Waterboards in the Netherlands monitor the dikes by doing visual inspections

on a regular basis. During dry periods observed cracks are registered within a user
friendly portal. These registrations form the basis for a large database which was
used in the machine learning models. The reaction of the waterboards following the
observations is mainly based upon minimizing the risk of failure. This implies that

drought-sensitive dikes are thoroughly inspected upon the cracks. Dikes made out of
mainly peat are known for cracking most frequently. According to the waterboards

however, dikes rarely consist only of peat because the lower layers are usually made
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out of clay. Peat is a relatively light material which is the main reason that it cracks as
easily. This mechanism will later on be elaborated in more detail. The main research
question which arises from this information is de ned as follows.

"How can drought-induced cracks in peat/clay dikes be predicted
using machine learning to enhance ood defence asset management?”

To answer this, the present work splits the sub-questions in order to simplify the pro-
cess of answering. In order to de ne these questions, a most global overview must be
clear of the elements which are necessary to answer the research question. At rst the
mechanism of cracking must be (more) thoroughly understood, which can be done
by a literature study as this phenomenon has already been investigated before. Lit-
erature studies will also be done to gain knowledge regarding the machine learning
algorithms. Second, the data will be investigated such that it can be related to the
formation of cracks in space and time. Finally, the insight gained in the formation of
the cracks will be applied to asset management such that recommendations can be
produced which aim at improving dike maintenance. The sub-questions can then be
formulated according to the explained process.

1. “What are the physical effects of drought on crack development in peat/clay
dikes and what are the relevant drivers? “

2. "What variables can be used as proxies for predicting cracks in
peat/clay dikes and how? “

3. "How can a machine learning data-driven model be built to predict cracking in
peat/clay dikes?”

4. "How can this model be validated and applied to facilitate asset management?”

1.4 Methodology

The rst section of the thesis is concerned with the driving factors behind the forma-
tion of cracks which are induced by drought. Insight was gained by doing a literature
study which resulted in a speci ¢ amount of drivers. The second part of the literature
study dives into the machine learning mechanics. After the literature study, a pro-
vided inspection database was investigated thoroughly. Figure 1.2 shows an overview
of the full methodology.

The database consists of cracks (and similar) observations which have spatial and tem-
poral coordinates. This database was provided by waterboard Del and as they per-
form drought inspections on a frequent basis throughout the summer. The drivers
were translated to data which is in accordance with these spatiotemporal coordinates.
Some of the drivers may not seem relevant to the cracking criteria directly but are
correlated to some extent. These variables are therefore called proxy variables (Wick-
ens, 1972). The major difference between different proxy variables is whether they
represent time-dependent or xed in time variables. The rst is the case for soil char-
acteristics whereas the second one invokes precipitation and evaporation. These time-
dependent variables were analysed as time-series in which the temporal coordinate
of a speci ¢ crack will be normative for the nal value which was substituted in the
database.
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FIGURE 1.2: Flow scheme displaying the methodology used in the thesis. The
methodology can be subdivided in literature study, data collection, data analysis +
machine learning and nally asset management.

The time-series data were aggregated or averaged before observation of the crack, de-
pendent upon the physical meaning of the variable. Correlation analyses and correla-
tion products clarify how the parameters could be de ned such that they correspond
best with the to be predicted target. The time-independent variables were simply as-
signed to the observations database based upon their locations.

After the database was constructed different models were de ned. The different mod-
els each predict their own amount of details after which a performance evaluation
points out the most valuable model. Correlation analysis were used in this context to
highlight variables contributing to the occurrence of the cracks as major stakeholders.
The output of the chosen model is then evaluated numerically, in order to relate the
physics to the judgement of the model. This nal model is then capable of predicting
the time and locations of potential cracks based upon several criteria corresponding
the drivers. These criteria were afterwards applied to the full control area of the rel-
evant waterboard to discover potential hazardous areas. At last, different sites of the
Del and were visited in real life to validate some of the input variables and output of
the chosen machine learning model.

1.4.1 Deliverables

The main goal of the thesis is to predict the spatiotemporal coordinates of potential
cracks within peat/clay dikes. New data can be fed to the model to predict where
the cracks might be observed in space and time. This text document supports the
work which is done in the programming language and various other software. All
ndings along with thoughts which have led up to the nal results are documented
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as well. The results will be formulated such that one without machine learning or
programming experience is able to interpret them as well.

1.5 Thesis outline

This rst chapter is followed by two chapters in which the ndings of the literature
studies is reported. The second chapter concerns the physics related with the crack
formation mechanism. The process itself is studied thoroughly allowing for a proper
de nition of the variables contributing to the occurrence of the cracks. The third chap-
ter displays the ndings of the literature studies regarding the machine learning al-
gorithms. Different algorithms are addressed after which one of those is chosen. The
mechanics and mathematics de ning the model are elaborated upon as well.

The fourth chapter introduced the database which is used for the research. Water-
board Del and provided it. The fth chapter then makes the relation between the
de ned crack drivers and the database. The proxy variables, representing the drivers,
are converted to numerical data which are added to the database. The chapter con-
cludes by displaying the nal database and its contents.

The last chapters correspond to the application of machine learning and the applica-
tion of its results. The sixth chapter generally shows the built models and its perfor-
mance evaluations. As multiple models were built, a choice was made for which the
argumentation is given as well. The seventh chapter relates the output to the asset
management of the ood defences. It addresses locations which are prone to crack-
ing and compares them to the policy of Del and. The last chapter in general displays
images which were taken during the eld trip. Important ndings are reported in the
chapter as well. The last two chapters of the thesis state the discussion and conclusion.






Chapter 2

Cracking Mechanism

2.1 Risks imposed by drought

The Netherlands is known for laying mostly beneath sea level. Since dikes are usually
made out of material in the adjacent riverine area, the dikes are often made out of
clay and/or peat (generally a mixture of both). A great difference between peat and
clay is their hydraulic conductivity. Where clay in general is a less permeable soil,
peat is known to work in the opposite way. Peat mostly consists of organic material
and air, which results in its high capacity to shrink (Wong, Hashim, and Ali, 2008). In
behalf of this characteristic, the volumetric weight of peat is signi cantly lower than
that of other soils. As a result of the low weight the soil body is sensitive to horizontal
sliding among other geomechanical failures (Zwanenburg et al., 2012). The sliding
mechanism speci cally happened during the failure in Wilnis in 2003, as can be seen
in Figure 1.1. According to the waterboard Hoogheemraadschap van Del and (HHD),
the upper parts of the dikes are usually made out of peat whereas the core out of clay
(see Figure 2.1). The waterboard dike inspections are in general done visually, which
causes that the detected cracks are usually located on top of the dike.

FIGURE 2.1: Simpli ed cross section of the dikes as assumed for this thesis.

It should be noted that in general cracks also develop in dikes due to macro instability.
This mechanism occurs as either the inner slope or the outer slope becomes unstable
(Baars and Kempen, 2009). This instability is caused by an insuf cient friction force
resisting against the overturning moment. Normally the Bishop method is used to
numerically evaluate this phenomenon (Dai and Shen, 2002). Due to (partial) rotation
of the dike when a macro instability mechanism occurs, cracks develop. The location
of the crack on the dike depends on whether the inner slope or outer slope exerted an
insuf cient amount of friction. The cracks caused by this mechanism are not (deliber-
ately) predicted in this research.
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2.1.1 Dike stability endangered by drought

Drought in dikes can cause failure mechanisms in multiple ways. The failure mecha-
nism which occurred in Wilnis was due to reduction in the counterweight of the dike
(Baars, 2004). The organic material in peat consists of many pores potentially resulting
in a lower volumetric weight than that of water itself. To maintain suf cient dike sta-
bility, it is therefore necessary that peaty dikes consist of a minimum amount of water.
Drying of the peat eventually causes the density of the material to be lighter than that
of water. This results in the peaty soil oating upon the body of water, inducing a
situation in which the soil slides downwards (Warburton, Holden, and Mills, 2004).
This process is aroused when a dike body completely runs out of water. Normally
extraction of water implies an increase in cohesive forces between the soil particles
(Verruijt and Broere, 2002). Complete absence of water however removes the possi-
bility of cohesion at all. An entirely dry soil will therefore have no cohesive strength
(Kemper and Rosenau, 1984).

The geometrical properties of the cracks themselves can also cause instability of the
dikes (Jamalinia, Vardon, and Steele-Dunne, 2020). Cracks which develop with an
orientation perpendicular to the dike, may cause the dike contact between the piezo-
metric head on both sides of the dike. This occurs when the dike has a suf cient
length and depth. Contact between the piezometric heads induces a ow from high
to low head. During (extreme) precipitation events this also causes preferential ow
(Nimmo, 2020). This preferential ow can generate friction which results in micro
instability of the slope (Morogushyn, Merz, and Apel, 2009). Another effect is the in-
crease in pore pressure due to the ow of water. As total pressure is the sum of the
pore pressure and effective stress and remains constant, a reduction in the effective
stress is observed (Baars and Kempen, 2009). This reduction is inherent to a decrease
in shear strength (Terzaghi, 1936). See Figure 2.2 for an illustration of the different
explained failure mechanisms.

FIGURE 2.2: Cross sections where the possible failure mechanisms are illustrated. Sub gure

(A) shows the situation in which horizontal sliding of the complete dike body occurs, due to

loss in weight. In sub gure (B) an example of macro-instability is shown. Sub gure (C) shows

a relative subsidence of the dike body, which can be induced by either subsidence of the dike
or an increase in outer water level.
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2.2 Crack formation mechanism

The main driver behind the shrinkage of a soil is the extraction of water (Verruijt and
Broere, 2002). The moisture evaporation may be caused by multiple sources such as
the sun and transpiration from nearby ora. When the water is drained from the soil
matrix, the soil particles tend to move close to each other such that the soil matrix in-
creases in density while it decreases in size. The decrease in size occurs in horizontal
direction as well as in the vertical direction. The amount of size decrease is dependent
upon the lutum and organic compound concentration within the soil, and is not nec-
essarily equal in horizontal and vertical direction (Akker et al., 2013).

As the soll is relatively weak in the rst drying phase, the matrix only decreases in
vertical dimension. This is mainly because the self weight of the soil compensates for
the reduction in horizontal dimension. When the dry circumstances cause the tensile
stresses to be greater than the pressures due to self weight, the size reduction becomes
isotropic, implying that the matrix decreases in both vertical and horizontal direction
(with equal rate). Figure 2.3 displays an overview of the manner in which the soil
cracks and subsides (Akker et al., 2013).

FIGURE 2.3: The mechanism by which drought induces cracks and subsidence in the

soil matrix. (a) Shows the matrix where the soil is still saturated whereas (b) shows

the extreme situation in which all the water particles are extracted due to evaporation
(Jamalinia, Vardon, and Steele-Dunne, 2020) .

The self weight of the soil is a compensating force against the formation of cracks.
Because there is little to none self weight at the top of a soil body, the cracks are at its
most wide at the top of the soil. The self weight in a soil column varies linearly with
respect to the depth. Therefore soils adjacent to the deeper parts of cracks are pressed
together with more force. For this speci c reason 'V' shaped cracks are generated in
dikes. The following factors are contributing to the formation of cracks within a soil
matrix (Akker et al., 2013):

« The nature of the material, which directly implies the amount of lutum and or-
ganic material.
* The stage of ripening of the soil.

« The position of the material within a speci c soil body. Deeper in the soil column
the shrinkage is expressed more in the vertical component.
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» The moisture content within the soil matrix. The moisture content is greatly
determined by the water pressure.

The rst two factors are dependent upon the type of soil and its vertical composition
(of the subsoil). The second factor corresponds to the visual properties of the soil.
These factors are accounted for by subdividing the dikes into soil classes and their
color. The third factor describes the geometry of the cracks themselves. As this is a
great detail it will not be accounted for in the research. The last factor, the moisture
content, is assumed as the most important one. It is also the one which is affected most
directly by drought.

2.3 Drought-induced cracking indicators

It can be formulated that the moisture content is the most important indicator when
cracking of dike soils is considered. In hydrology, the water balance of a soil acts as a
foundation to compute the moisture content. Nowadays, techniques to compute the
moisture content on regional scale based upon satellite imagery are in development
(Leng et al., 2017). Since they are not yet released in public, indicators for the moisture
content and hence the cracking are used. These indicators are from here on out called
proxies. Attributes are general properties of the cracks. A proxy is therefore always
an attribute, but not vice versa.

2.3.1 Soil subsidence

Vertical shrinkage is used as an indicator based on the kinematics depicted in Figure
2.3. The physical process describing settlement of a soil is quite complex (Biot and
Clingan, 1941). Open sources exist which use INSAR techniques to measure the ele-
vation of the earth. The technique makes use of various satellites circling the earth.
Interferometry techniques allow for thousand of observations in the order of seconds
(Hanssen, 2001).

The map covers the full area of the Netherlands in terms of the deformation in mil-
limeters with horizontal resolutions in the order of millimeters (Cuenca et al., 2011).
Discussions exist regarding the application of the INSAR data to contexts like this one
(Perski, 1998). Extensive research has been done however to investigate whether In-
SAR data can be used to monitor the condition of dikes. The use of soil subsidence
obtained using the technigue was discussed extensively. After simulating frequently
occurring dike orientations bodies it was found that the INSAR data turns out to be
accurate (I. E. et al., 2019).

2.3.2 Precipitation De cit

Whereas subsidence of the soil happens (approximately) simultaneously with crack-
ing of the soil, it can be stated that a decrease in the moisture content happens before
those two phenomena. A decrease of moisture content occurs when the out ux of
water is bigger than the in ux. Laboratory studies have shown that the moisture
content decreases due to evaporation happens linearly for constant drying conditions
(Tang et al., 2011). Constant drying conditions ( xed temperature) in this case sim-
ulate 'drought'. The concept of drought is ambiguous, as there is no formal scien-
ti ¢ de nition. It is therefore necessary to de ne one which relates to the cracking

of soil bodies properly. According to Koninklijk Nederlands Meteorologisch Instituut
(KNMI), drought can be de ned as a longer period characterized by less precipitation
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than evaporation (Sluijter, 2018). For this thesis, drought will be de ned as the precip-
itation de cit D(t) for a longer period of time. Equation 2.1 de nes the instantaneous
precipitation, where P(t) and E(t) are de ned as the precipitation and evaporation
respectively.

D(t) = P(t) E(t) (2.1)

The precipitation and evaporation are usually expressed in days. Drought related
studies however are often de ned on the scale of months or years (McKee, Doesken,
and Kleist, 1993). It is therefore more convenient to consider the cumulative conju-
gates of both variables. When Equation 2.1 is integrated over a speci c period one
obtains the following:
Zy,
D period = . P(t) E(t)dt (2.2)
1

The period which was used depends on the results of the later correlation analyses. It
needs to be said that the evaporation in both equations represents the potential evap-
oration. The potential evaporation can be estimated using the Makkink or Penman
formula (Bruin and Lablans, 1998). Itis de ned as the amount of induced evaporation
in the case of suf cient water. Therefore drought can be regarded as a positive value
of the potential evaporation while the precipitation equals zero. Nowadays, a com-
monly used drought indicator is the SPEI value (Begueria et al., 2014). It considers the
precipitation de cit for a given period during the year and compares it to the same
period over the past (tens of) years. It is then de ned as the (standard normal) prob-
ability that the observed precipitation de cit occurs. In terms of a physical cracking
mechanism, the water in ow and out ow are relevant (Jamalinia, Vardon, and Steele-
Dunne, 2020). As the SPEI values only indicate probabilities computed for greater
periods and areas, it is less convenient in terms of this mechanism. Hence, in the case
of the predictions of potential cracks the precipitation de cit is used.

FIGURE 2.4: Precipitation and potential evaporation time-series for Rotterdam. Data
was extracted from the KNMI Database.

The time-series shown in Figure 2.4 yields in theory solely for one single location. In
this research spatial coverage of precipitation is preferred, which in the case of the
measuring stations requires interpolation. This is not preferred however, as interpo-
lating precipitation with insuf cient locations can result in inaccurate values (G. Q.

and Salas, 1985). Therefore the Meteobase database was chosen, where the relevant
precipitation and Makkink variables have been pre-processed in raster data format.
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2.3.3 \Vegetation Index

Regional dikes are usually covered by a layer of grass. Vegetation plays a signi cant
role in the water balance of a soil (Gerten et al., 2004). The root zone extracts mois-
ture from the soil in order to account for the photosynthesis. As this process produces
chlorophyll, the grass tends to gain a more intense green color. It can hence be stated
that a suf cient amount of soil moisture is inherent with green vegetation. Nowadays,
remote sensing is able to gain a considerable amount of spatial information from satel-
lite imagery.

Different indicators are available allowing for the quanti cation of the intensity of the
color green in a satellite image. The index which is most widely used is the NDVI
(Normalized Difference Vegetation Index). Past research indicates that the index is an
adequate way of quantifying hydrological drought (Peters et al., 2002), as the color of
vegetation is indeed correlated to the absence of moisture. The index is de ned as the
'greenness' of a speci c type of land and is usually applied for agricultural purposes.
Satellite imagery is used to calculate the index, according to Equation 2.3.

NIR RED

The terms in Equation 2.3 represent different bands from the electromagnetic spec-
trum. NIR stands for Near Infrared and RED stands for visible red light. Image pro-
cessing can be used to calculate the NDVI. The index lies between -1 and 1. Negative
values correspond to inanimate objects, whereas the value of a positive number is cor-
related with the healthiness of the vegetation. Figure 2.5 displays the NDVI value for
a location within the Netherlands.

FIGURE 2.5: NDVI values for a soil in the Netherlands. Raster resolution of 100 x 100
meters.

The NDVI is based on the capacity of plants to re ect and absorb light. While chloro-
phyll strongly absorbs visible light, the cell structure of leaves strongly re ects near-
infrared light. Because of this property, Equation 2.3 is capable of quantifying the
amount of greenness within one cell. The way in which the equation is formulated,
causes the domain of the output to lay between -0.2 and 1. Figure 2.6 shows what
the NDVI is able to indicate when considering its value. The hypothesis states that
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higher values indicate healthy, hence moist, vegetation. Relevant for this research is
that lower NDVI values (between 0 and 0.33) are related to increased probabilities of
cracking. Itis then expected that crack observations tend to show relatively low NDVI
values.

FIGURE 2.6: The correlation between the color of vegetation and the
NDVI (Peters et al., 2002).

The Landsat 8 mission is the most recent satellite which has been launched into space.
It has more bands than its predecessor allowing for the calculation of more parameters.
The Landsat 8 covers the full area of the Earth. Because of the orbital period (the
time in which it travels one full rotation cycle), one speci ¢ point at earth is observed
twice per month. This allows for the time-series for the cracks, as the resolution of the
satellite camera is 30 meters by 30 meters. The temporal resolution is not that precise
however. This is not a problem as the dynamics of the NDVI are on a greater scale
(Martinez and Gilabert, 2009).

2.3.4 Soil characteristics

All variables which have been de ned up until now are time-dependent, hence the
evaluation of their behaviour in time is necessary for an analysis. Soil characteristics
of the speci c dike bodies nonetheless are assumed xed intime. One could imply that
the following variables also vary over time. For this research they are assumed inde-
pendent in time. Soils are classi ed based upon their grain distribution and gradation
(\Verruijt and Broere, 2002). What distinguishes the Netherlands from other countries
is its great amount of peat. As speci ed earlier, peat may sometimes have a density
smaller than water. For this thesis, the soil characteristics are de ned as follows:

1. Soil classes as de ned according to the BRO (Basisregistratie Ondergrond) Ned-
erland. The subdivision of the soils is based upon the median grain size and
examples of classes are peat and clay. Their database covers all of the Nether-
lands.

2. Research institute Deltares published a map in which the strength of the soils is
given (Erkens, 2010). The strength is de ned as the subsidence of a square meter
of soil when subjected to a load of 16 kilo Newtons per square meter. From this
point onwards this variable will be called the soil exibility.

3. Wageningen University holds a large database containing soil related informa-
tion. A great part of this information exist in the form of maps. A map which
was retrieved for this research is one which shows the width of peat in the upper
2 meters of the soil (Jansen, 2016). As the cracks usually develop in the upper
layer of the soil, it is expected that high values in this map are correlated to in-
creased cracking potential.
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2.3.5 Dike orientation

Using an elevation map of the Netherlands, many computations can be done. For this
case, the map is used to compute the orientation of the dike with respect to the west.
It can be reasoned that dikes of which the orientation lies perpendicular to the sun, re-
ceive more solar energy than dikes with a different orientation. One might argue that
the evaporation within a dike body already takes this aspect into account, implying
that the precipitation de cit proxy is suf cient to take orientation into consideration.

In this case this is however not true. The evaporation les are estimated using the
Makkink equation (Bruin and Lablans, 1998).

FIGURE 2.7: Top view of the dike body with respect to the sun. When the orien-

tation of the dike is not perpendicular to the incoming radiation path, the solar

energy is spread over a larger area. This implies less incoming radiation per unit
area of dike body.

The Makkink equation comes in multiple forms. The one which is used in this equa-
tion is de ned as (Bruin and Lablans, 1998):

1 RsS
MKT 5+ g

Epmk = (2.4)
The Makkink constant Cy is equal to 0.63 in this case. The latent heat of water evap-
oration is de ned as | , whereas s and g represent the slope of the saturated vapour
pressure curve and psychrometer constant respectively. See the literature (Bruin and
Lablans, 1998) for the derivation of the equation and the exact values of the constants,
as it is not elaborated upon in full detail here. The variable in Equation 5.3 most ad-
equately representing drought is the net short wave solar radiation Rs. In contrast to
the long-wave radiation, is represents the solar energy emitted by the sun. See Figure
2.7 for the relation between the orientation of the dike body a and the amount of radi-
ation received per unit length of the dike.

A perpendicular orientation of the dike body implies the shortest length possible be-
tween two solar rays. This implies that the intensity per unit length is at the greatest
value possible. Every rotation of the dike body increases this length, which decreases
the radiation per unit length. There is also the possibility that the value of a exceeds
90 degrees. This implies that the inner slope of the dike is situated on the 'dark’ side
of the sun, hence most of the time laying in the shadow. It is not true that for these
values no solar radiation is received by the dike body. As the position of the sun is
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not stationary, in theory the orientation changes over time for one location on Earth.
Taking this into account however will require overly complex computations. As the

sun follows the equator, it will therefore be seen justi ed to compute the orientation

of the dike with respect to the south. Geometrically this implies that the position of
the sun is assumed to remain constant somewhere south of the Netherlands.

2.4 Overview of the crack formation proxies

See Figure 2.8 for an overview of the proxies which will be accounted for in this re-
search. The soil characteristics of the dike are given as the soil classS, soil exibility
F and moisture content g. The soil subsidences is assumed to be a function of these
variables. Further is the color of the grass c a function of g. The precipitation P(t)
and evaporation E(t) are both dependent upon time, and the orientation ais given per
dike section. According to Equation 2.2 the precipitation and evaporation together
form the precipitation de cit.

FIGURE 2.8: A dike section shown along with all different proxy variables assumed
to be in uencing the cracking mechanism.
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Chapter 3

Arti cial Intelligence

3.1 Background Information

Nowadays, the eld of arti cial intelligence (Al) is gaining popularity at a high rate. It
makes good use of the abilities of computers allowing them to process large amounts
of information at higher speeds than humans. Some describe Al as a mixture between
psychology, mathematics and computer science. Al attempts to mimic the human
mind in the way that one learns (Nilsson, 2014). One of the founders of modern Al
de nes it in the following manner: " Al is the study of agents that receive percepts
from the environment and perform actions" (Russel and Norvig, 2016).

The majority of Al techniques are based upon the retrieval of data, after which the
agent learns from it to uncover the relationships such that it is able to make predictions
in the future when new data is collected. A eld of Al is called machine learning,
under which deep learning can be classi ed. Figure 3.1 displays a Venn diagram in
which the relationship between the three techniques is given.

FIGURE 3.1: Venn diagram displaying two major sub types of Arti cial
Intelligence; machine learning and deep learning. Figure is based upon
image of (Robins, 2020)
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3.1.1 Machine learning vs. deep learning

Machine learning is a newer sub type of arti cial intelligence. It is based upon the
way in which humans subconsciously learn; by experience. The eld gains its com-
putational intelligence by using (large amounts of) data, which acts as the experience.
The human behind the machine, needs to supply it with suf cient data in order for the
machine to be able to learn from it. Various algorithms exist, which analyze the data
using its own mathematics.

Machine learning can be described by the process above, by supplying a machine with
input and output, after which the algorithm is used to nd relationships in the data.
These relationships can then be used to predict output of new data. An intense part of
machine learning is called Feature Engineering, where the machine learning specialist
engineers the data such that it ' ts' in the machine learning algorithms. This requires
expertise from the specialist, as he or she needs to know about the concepts which are
to be predicted. Deep learning is a subset of machine learning, where deep-layered
networks are created. Those neural networks allow for an automatic recognition of
the importance of certain features (Goodfellow et al., 2016).

FIGURE 3.2: Schematic overview of a neural network, which is con-
structed in deep learning (Opperman, 2019)z

For the deep layers to be built more data is hecessary, but this does result in a higher
accuracy. Processing the vast amount of data also requires more computational power,
which can be a major deciding factor in the choice for an algorithm. Choosing which
one of the two to use also depends on the hardware aspects of the processing com-
puter. A highly complex algorithm may be unnecessary when a relatively small dataset
is utilized. The larger training time in deep learning models may also hinder the speed
at which aresearch is done. When the output of a deep learning model is not preferred
one has to go through the whole process again, which implies running the model. Ta-
ble 3.1 shows a summary of the comparison between the two.

From initial conversations with waterboard members, it was estimated that the amount
of relevant observations would be below 1000. Aside of that, certain machine learning
algorithms keep the complexity of the model to a minimum to maintain interpretabil-
ity. Given that the observations are provided by a waterboard (who also leads the in-
spections), machine learning was chosen (also considering the previous algorithms).
This way the models can facilitate the employees in the waterboard themselves. More
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speci cally, a machine learning algorithm is chosen in which the interpretability is
kept considerably high. Interpretability in this sense implies the capacity to relate the
mathematics to the physical processes describing the cracking mechanism.

Machine learning Deep learning
Data requirement Lesser data Vast amount
Accuracy Lesser accuracy High accuracy
Training Time Less time Longer
Hardware dependency CPU GPU
Hyperparameter tuning Limited tuning capabilities | Tuning in various ways

TaBLE 3.1: Comparison between machine learning and deep learn-
ing (https://dzone.com/articles/comparison-between-deep-learning-
vs-machine-learning)

3.2 Machine learning

Machine learning algorithms are used in everyday life, for example by email agents
which determine whether a certain mail can be de ned as spam, which is a called a
classi er. The prediction of a numerical target on the other hand is called regression.
The different types of machine learning are given in Figure 3.3.

FIGURE 3.3: The different types of machine learning. Based on
https://idapgroup.com/blog/types-of-machine-learning-out-there/

Which of the different types of machine learning is to be used depends on what must
be predicted (as predictions could be de ned as the sole purpose of machine learning).
As reinforcement learning is not really suitable for this case, its fundamentals will not
be discussed.

3.2.1 Unsupervised machine learning

Unsupervised machine learning consists of making predictions when no example out-
puts are known. The main applications are dimensionality reduction and clustering
of data (Kassambara, 2017). The rst technique considers databases with high dimen-
sions, trying to reduce dimensions while maximizing the amount of information kept.
This is usually applied when one wants to reduce the volume of a database, which
will most probably not be the case in this context (as the database will be consider-
ately small).
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Clustering of data aims at grouping by considering the different attributes. Accuracy
of the algorithms might be increased by labeling the data, however then the process
would just change into supervised learning. The reason that this not often happens is
the cost of labeling data (Kassambara, 2017). As it is given that waterboards register
the observations while doing the inspections, the data is labeled. The application of
unsupervised learning is therefore not necessary.

3.2.2 Supervised machine learning

Supervised machine learning implies that there is a certain database in which the in-
put and expected output of the variables are known beforehand. As can be seen from
Figure 3.3, supervised machine learning can be used for both classi cation and regres-
sion (Kotsiantis, Zaharakis, and Pintelas, 2007). The rst aiming at the prediction of a
category (class) while the latter predicts a numerical value. Which one of the two is

applied will be decided in a larger stage of the research, when the waterboard obser-
vation database has been inspected more thoroughly. Supervised classi cation allows
for the categorizing upon cracks / no cracks, or dangerous cracks / non-dangerous

cracks.

Applying regression could be done to make predictions regarding the dimensions of
the cracks. This becomes interesting when the model is able to predict dimensions of
which they are expected to be dangerous to the stability. Figure 3.4 graphically shows
the difference between supervised learning and unsupervised learning. The colors
in the left image show that the labels are known beforehand. The black line is the
separation made by the algorithm.

FIGURE 3.4: The graphical difference between supervised and unsu-
pervised machine learning. Based upon (Qian et al., 2019)

Training versus test data

Machine learning uses predicted data to evaluate the performance of the model. What
is usually done is that a ratio of approximately 70/30 is chosen to split the dataset. The
bigger part will be called the training set and the smaller one the test set (Miller and
Guido, 2019). The training set is applied to the algorithm at rst, after which the
algorithm will build the model. One will then act as if the labels of the test data are
unknown, and use the model built with the training data to test whether test input is
used correctly in predicting the output (as this is actually known). The simplest form



3.3. Algorithms 21

of evaluating the performance of a model is by counting the correctly predicted labels
in the test set. By comparing it with the test size the model accuracy is obtained.

FIGURE 3.5: Graphical representation of the ratio in which the dataset
is usually split for the train data and test data.

Considering the right ratio is a complex process as not being careful in this process
either so-called under tting or over tting may occur. De ning the whole database
as the training set leads to over tting (Muller and Guido, 2019). It will for example
account for outliers which is not preferred in terms of generalization. Over tting a
model generally implies that too great focus lies on the training data. This results in
the model not being capable of predicting new unforeseen data.

By using too less training data, the model will not able to learn all the necessary rela-
tions in the dataset. This is called under tting. In order to build a correct model, one
has to nd the correct balance under tting and over tting.

FIGURE 3.6: When building a model, the sweet spot between under tting
and over tting must be found. Based on (Miller and Guido, 2019).

3.3 Algorithms

Multiple algorithms exist in the eld of machine learning. Table 3.2 shows 5 of the

many algorithms which can be used to model the dataset. It is advised to start with
the simpler machine learning algorithms to get a grasp of the data set (especially when
the dataset is quite large). A usual way of approaching machine learning problems
is by starting with either nearest neighbors or linear models. When these models
deliver a stable output one can proceed to more complex ones (Muller and Guido,
2019). Decision trees split the data up into different subsets by answering yes/no
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questions (Muller and Guido, 2019). As these questions concern the data, the answers
(the subsets) to the question involve the physical processes of the system. For this
reason, physical processes can easily be retrieved from the structure of the decision
tree. Decision trees were therefore chosen as the algorithm used in this research.

Supervised algorithm Description
k-NN algorithm is the simplest machine
k-Nearest learning algorithm. The model
Neighbors galg '

nds the closest data point in the dataset
Models which make predictions by using a
linear function of the input features
These models learn parameters
by looking at each feature
individually and collect per-class statistics
Splits the data up
by binary questions
Kernelized Support Predicts output by a hierarchy
Vector Machines of if/else questions

Linear Models

Naives Bayes
Classi ers

Decision Trees

TABLE 3.2: Table displaying ve of the various supervised machine
learning algorithms (Muller and Guido, 2019)

3.4 Decision Trees

Decision tree learning is an algorithm in which the model sequentially splits the data
until nal classes are obtained. As the algorithm is mathematically not complex it
does little time to train a model (Mller and Guido, 2019). Decision trees can also be
visualized easily which accompanies the interpretation of the model. In a decision
tree, one starts at the top and follows the structure downwards by answering yes or
no questions. A simple decision tree is shown in Figure 3.7.

FIGURE 3.7: Example of a simple decision tree in which a database is
classi ed upon 4 animals (Muller and Guido, 2019) .

3.4.1 Splitting Procedure

According to the gure, the database consists of whether certain animals (hawks, pen-
guins, dolphins and bears) have either feathers or nns and whether they can y. By
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answering the questions one ends in one class at the bottom. In decision trees, the
blocks are called nodes, where the top one is called the root node. The root node
should split the data upon the class which splits the orginal data best. In an ideal case,
the data is split in half. When one aspires for such a con guration a well balanced tree
is constructed. The nodes underneath the top node are called internal nodes. At last,
the nodes in which the nal labeling takes place are called leaf nodes.

Multiple algorithms exist which allow for the modelling with decision trees. They are

all based upon the same concept; splitting the data such that the amount of homogene-
ity in the next node is maximized. The difference in the methods is often the procedure
in which in the ef ciency of splitting is quanti ed. Popular decision trees which are
applied are the ID3, ID4.5 and CART (Classi cation and Regression Trees) algorithms
(Rokach and Oded, 2008). In this research sk-learn was used, which is based upon an
optimized version of CART (Pedregosa et al., 2011).

3.5 Model evaluation

When the model is constructed different methods exist to validate the performance.
In the case of classi ers the simplest way to evaluate the performance is by comparing
the correctly guessed test data with respect to the test size. This model evaluation can
then be done by computing the test accuracy according to Equation 3.1.

test samples classi ed correctly

test accuracy = .
y test sample size

(3.1)

Equation 3.1 hence de nes the test accuracy as the amount of test samples classi ed
correctly normalized to the total amount of samples in the test set. While at rst this
method is an easy one at evaluating the performance of the model, some aspects of it
cause it to be incomplete a describing the performance. At rst, splitting the database
in a training and test set may cause bias for the manner in which the splitting process
was done. When the model is built to classify upon a binary target where the database
is unbalanced, this may be relevant. The database might be unbalanced when binary
classi cation diverges strongly from a 50/50 ratio. When a 90/10 classi cation ratio

is ‘chosen’, it is likely that the model will overestimate the probability of the target
which has more samples in the database (Burnaev, Erofeev, and Papanov, 2015).

3.5.1 k-fold Cross Validation

The rst method which increases the robustness of the evaluation is k-fold Cross Val-
idation (CV). It is still based upon splitting the database in a test set and train set, but
it considers a new test set (so a new train set as well) after evaluating the test accuracy
(Rokach and Oded, 2008). After evaluating the different test sets, the k-fold accuracy
is de ned as the average accuracy of the different test sets.

3.5.2 Pruning

A general rule in the eld of machine learning states that the complexity of a certain
model is correlated to the amount of hyper-parameters which describes a speci c al-
gorithm. When decision trees are considered, the maximum depth is for example one
of those hyper-parameters. One may choose to reduce the depth of the tree as much
as possible. This process is called pruning of the decision tree (Reed, 1993). Pruning
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FIGURE 3.8: Graphical representation of the process in which
k fold validates the performance of the database.

a decision tree at rst generalizes the system, which avoids the possibility of over t-
ting. Second, it tends to safeguard the interpretability of the model. The scikit learn
package in Python is capable of doing the grid search automatically (Pedregosa et al.,
2011). This on one hand removes the necessity of trial-and-error, while it may result
in a model which is not interpretable. In this research, an optimum is sought in the
middle of the two.

3.6 Bagged Trees

Decision trees tend to overt data relatively fast (Ali et al., 2012). For this reason
new algorithms were developed, aiming at overcoming this bottleneck. Bootstrap
aggregating, or bagging, is a general concept in statistics where the ambition lies in
reducing the variance of a statistical learning method (Ali et al., 2012). In the context
of decision trees this involves either constructing more trees or updating the rst one
introducing new splitting rules. In general, these methods perform better than the
decision trees themselves (Ali et al., 2012). Two often used bagging algorithms are the
random forest and gradient boosted trees. As more literature is available concerning
the former, the random forest algorithm is chosen.

3.6.1 Random forests

The algorithm is constructed with the basis of decision trees and the application of row
sampling (Ali et al., 2012). From the complete dataset, a subset is generated by ran-
domly selecting an amount of rows. By generating multiple trees a process is formed
in which outliers are outweighed by the majority of the trees. This tends to generalize
the model better than the decision trees. For this reason the random forests usually
perform better than decision trees (Ali et al., 2012).

The amount of rows is one of the hyper-parameters. From this subset of data a de-
cision tree is constructed. Again, the CART algorithm is used, implying that for this
algorithm the maximum depth can be limited as well. After the construction of the
decision tree as second one is constructed, based upon a new random selection of
rows. The amount of constructed decision trees is a hyper-parameter as well. The
algorithm eventually decides by counting the output of the trees. In the case of classi-
cation, the class gaining the majority of the 'votes' is selected as the nal prediction.
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See Figure 3.9 for an illustrative overview displaying the mechanics behind a random
forest. Usually, random forests are built of more decision trees than an amount of 3.
For simplicity and for safeguarding clarity 3 trees were chosen for this example.

FIGURE 3.9: The manner in which a random forest is built. In
the example, a forest size of 3 is chosen.

3.7 Resampling

In machine learning practices it often occurs that a classi cation dataset is unbalanced.
This implies that the amount of different classes with respect to the total database is
not uniformly distributed (Burnaev, Erofeev, and Papanov, 2015). In the case of a
binary classi cation this could be the case when the ratio of positives against nega-
tives equals a ratio of for example 0.01 (where the negatives form the majority of the
database). In these cases the model will in general predict outcomes well, as it learns
that it should just always predict that the outcome is a negative observation. The dis-
advantage of this model is that it will in general not predict the positives correctly.
And often it is then precisely the case that that the class forming the minority is the
variable of interest. In those cases a method exists to compensate for this unbalanced
dataset which is called resampling (Nagidi, 2020). The most often used techniques are
undersampling and oversampling. They are appropriate for balancing a majority or
minority respectively. See Figure 3.10 for an illustrative example of both methods.

In every case, both methods can be used to balance a dataset. Undersampling bal-
ances a dataset by randomly selecting subsets of the class forming the majority. These
subsets are then aggregated to create a newer version of the speci ¢ class. Figure 3.10
shows an example in which the new class is made equally large as the (former) mi-
nority. A disadvantage of this technique is that a considerable amount of information

of the majority class is lost in the process. The new total database is therefore sig-
ni cantly smaller than the original one. A prerequisite of this technique is that the
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original database is suf ciently large in order to 'justify’ dismissing information.

Oversampling balances a dataset by duplicating the class which forms the minority
of the database. In this manner the minority class is a subset which is used to create
a new class. The size is made approximately equal to that of the majority class. This
technique does not dismiss information, contrary to undersampling. As such, the
prerequisite which is valid for undersampling does not hold for oversampling.

FIGURE 3.10: lllustrative overview of the undersampling and
oversampling methods.
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