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Abstract: In this paper, we aim to identify factors affecting susceptibility to drought-induced cracking
in levees and use them to build a machine learning model that can identify crack-prone levees on
a regional scale. By considering the key relationship between the size of cracks and the moisture
content, we observed that low moisture contents act as an important driver in the cracking mecha-
nism. In addition, factors which control the deformation at low moisture content were seen to be
important. Factors that affect susceptibility to cracking were proposed. These factors are precipitation,
evapotranspiration, soil subsidence, grass color, soil type, peat layer thickness, soil stiffness and
levee orientation. Statistics show that the cumulative precipitation deficit is best associated with
the occurrence of the cracks (cracks are characterized by higher precipitation deficits). Model tree
classification algorithms were used to predict whether a given input of the factors can lead to crack-
ing. The performance of a model predicting long cracks was evaluated with a Matthews correlation
coefficient (MCC) of 0.31, while a model predicting cracks in general was evaluated with an MCC
of 0.51. Evaluation of the model trees indicated that the peat thickness, the soil stiffness and the
orientation of the levee can be used to determine crack-proneness of the levees. To maintain validity
and usefulness of the data-driven models, it is important that asset managers of levees also register
locations on which no cracks are observed.

Keywords: drought; levees; hydrology; machine learning

1. Introduction

Many countries in the world are prone to flooding, e.g., the Netherlands, where the
majority of its area is located below sea level. For this reason, most of the country relies
on flood defense strategies which mostly comprise levees and other man-made flood
defenses in order to achieve acceptable flood risk frequencies. Climate change-induced
sea level rise and increasingly intense precipitation are expected to increase loads on flood
defenses [1]. In addition, persistent dry periods caused by an increase in temperature
in combination with less precipitation might lead to a decrease in the performance of
existing levees [2], and evidence has shown that sustained drought periods are a hazard
for levee stability [3]. For example, in the town of Wilnis, a levee breached in 2003, due
to excess evaporation during the summer, which caused a weight reduction such that
the levee became sufficiently light to initiate a horizontal sliding mechanism driven by
the adjacent water course [4]. Another example was seen in 2008, when the Millennium
Drought occurred in Australia. Heavy rainfall after a long period of drought caused failure
of a riverbank section of a length of 150 m. As well as this direct failure, the integrity of
300 km of levees was threatened [5].
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During sustained dry periods, cracks are observed on levees [6]. When crack depths
grow, e.g., the crack reaches dimensions in the order of meters, the levee may become at risk
of failure due to macrostability due to an intersection of the crack and a potential sliding
plane [7]. Horizontal sliding of the levee, macro-instability and subsidence due to drought
are depicted in Figure 1A–C, respectively.

p

(A) (B)

(C)

Figure 1. Cross sections where possible drought-induced failure mechanisms are illustrated.
(A) shows the mechanism of horizontal sliding. (B,C) depict macro-instability and subsidence
due to drought, respectively.

Another effect is that the presence of cracks influences infiltration processes in peat and
clay soils in the form of preferential flow paths [3,8], leading to changes in pore pressure
and a decrease in the effective stresses [9]. Furthermore, in cases of extreme precipitation,
cracks may fill with water, exerting additional loads on the levees [9]. Past studies have
shown the mechanical behavior of cracks which was induced by dry conditions [10] on the
scale of the cracks themselves. As a result of the increase in awareness of drought hazards,
levee asset managers in The Netherlands have begun inspecting the levees during dry
periods more frequently. The choice for the specific levees which are inspected is usually
based on expert judgment. With the frequency of drought events increasing, it is important
to predict and detect the occurrence of cracks in clay and peat levees so that components
of the flood defense system resilience such as resistance, absorption and adaptation are
strengthened. This will also allow the improvement of inspection and monitoring systems
which at the moment are conducted based on periodic human visual evaluations.

In this study, we explore the potential of a data-driven approach that allows us
to understand not only the drivers of cracking on clay and peat levees, but also their
spatial distribution. For infrastructural asset management purposes, machine learning
models are currently regularly applied to assess the condition of infrastructure assets.
In pavement engineering for example, artificial neural networks and random forests were
used for detecting and classifying cracks in pavement structures [11]. Research on dam site
suitability [12] has shown that the application of machine learning techniques contributes
to a better accuracy in determining suitable sites than the application of present decision-
making tools only. For flood defenses, Jamalinia et al. [13] examined the possibility of
using earth observation within a random forest framework to identify vulnerable levee
locations. Vegetation and deformation were shown to be strongly correlated with the
response of a levee to water content and therefore cracking on a hypothetical levee and able
to be used in a random forest framework. However, site-specific information needed to be
input. Other research has shown [14] that machine learning models can be successful in the
prediction of soft soil foundation settlement in levees. The insights gained from the research
allow for the application of the data-driven methods to flood defense asset management.
The aim of this paper is to leverage the available inspection datasets of levee cracking and
to combine them with pre-identified local environmental factors which better correlate to
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the observations in building a machine learning model that can help to identify crack-prone
levees which have not been inspected. The added benefit of this knowledge comes in the
form of improved asset management and therefore a lower hazard of drought. The paper
is structured as follows: Section 2 outlines the literature study on proposing factors that
contribute to the cracking mechanism. Section 3 presents the methodology used to collect
data, develop a machine learning (random model tree classification algorithm) method to
identify vulnerable levees and to generate hazard maps. In Section 4, we elaborate on a
case study used to demonstrate the method. Section 5 then presents the results. Section 6
discusses the results and the conclusions are presented in Section 7.

2. Factors Affecting Susceptibility to Cracking

Periods of drought tend to decrease the phreatic level in a levee due to seepage,
increasing the depth of the unsaturated zone at the top of the levee [15]. Shrinkage in
the levee typically occurs in two phases in time [6,16]; the first in which only subsidence
(vertical deformation) is observed and a second one in which vertical and horizontal (not
necessarily equal) deformation takes place [17]. During the first period, horizontal stresses
are reduced, but remain below the level where cracking can occur. The second phase is
initiated after the occurrence of the first crack. Figure 2 displays both stages, in which t0
represents the matrix dimensions after the subsidence stage, and t after subsidence and
isotropic shrinkage. The soil cross sectional area after isotropic shrinkage is V, leaving V∗

as the cracked cross sectional area.
In general, peaty and clay soils shrink substantially when they are subjected to drying

conditions, with peat soils shrinking more. In the unsaturated zone of a soil, drier conditions
cause the occurrence of matrix suction [16]. The suction in the matrix pulls the particles
closer to one another, decreasing the volume, while increasing the density. Soils tend to
show different characteristics during either drying or wetting [18], which can result in
nonlinear behaviour and potentially irreversible shrinkage.

(A) (B)

𝑡0

𝑡0

𝑡

𝑡

𝑉∗

𝑉

Figure 2. (A) shows the first stage of soil shrinkage due to drying conditions where only subsidence
occurs. (B) shows the second phase, in which isotropic shrinkage [17] is expected.

By formulating relationships for both the first and the second phase, Pyatt [17] derived
an expression for the fraction of the cracking volume V∗ with respect to the initial soil
volume V. In this expression, the gravimetric soil moisture content at cracking initiation θ0
is a parameter dependent upon the type of soil (peat in that case). Cracking is initiated when
the value of gravimetric soil moisture content θ is lower than θ0. In an ideal situation, we
could reach the goal of this paper if θ0 and θ were constantly known in time and space. This
information is, however, not generally available on a detailed scale, and can be dependent
on the materials, material state (stress, water content, etc.) and history. Therefore, several
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factors which influence either θ0 or θ are considered and reviewed as potential proxies to
be used later due to their physical relevance and availability. Figure 3 presents an overview
of the considered factors that affect susceptibility to cracking.

Soil class
Soil flexibility
Peat thickness

Soil subsidence

NDVI

Levee orientation

Precipitation Evaporation

Precipitation deficit

Figure 3. The discussed potential proxies and their relevance with respect to levees.

2.1. Precipitation Deficit

The definition of drought varies in literature and several indices have been formulated
to quantify it [19]. For example, the Dutch meteorological institute KNMI defines drought
as a longer period characterized by less precipitation than evaporation. The precipitation
deficit is seen as an absolute quantification of this and is considered a key driver for low
values of θ. The precipitation deficit is obtained by subtracting the potential evaporation
from the precipitation, in which the potential evaporation is estimated according to the
method of Makkink [20], taking into account solar radiation and the mean daily temper-
ature [21]. Thanks to weather stations which record frequently, this parameter can be
considered at a high temporal resolution, but at a lower spatial resolution (kilometer scale)
despite a widespread distribution of weather stations in the Netherlands. The Standardised
Precipitation Evapotranspiration Index (SPEI) is an indicator used for the quantification
of drought, which is calculated by computing the precipitation deficit and transforming
it to the standard normal distribution of precipitation deficit in time. It considers the
precipitation deficit for a given period in the year and compares it to the precipitation
deficit for the same period over the previous years.

2.2. Soil Subsidence Rate

Vertical shrinkage can be used to indicate whether either of the two phases shown in
Figure 2 is occurring (either on or under the levee) and whether the soil is susceptible to
shrinkage. Since only soil subsidence is observed in the first shrinking phase (when θ is
decreasing, but still greater than θ0), it may act as an indicator for (future) cracking. In most
global locations, high-temporal-fidelity data are not available, therefore, an annual average
value is considered to be available here.
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2.3. NDVI

Vegetation plays a significant role in the water balance of a soil, and is found on
the outer surface of regional levees in the Netherlands in the form of grass. The root
zone extracts moisture from the soil in order to complete photosynthesis [22]. As this
process produces chlorophyll, the grass gains a more intense green color. A low θ is
therefore represented by a less intense green color. A measure of the color of vegetation
is the Normalized Difference Vegetation Index (NDVI), and it can be computed using
satellite imagery. It is regularly applied in drought-monitoring studies [23]. The NDVI is
computed as:

NDVI =
NIR − Red
NIR + Red

(1)

where NIR represents the spectral reflectance measurement of the near-infrared spectrum,
and Red—the reflection in the (visible) red range of the visible light spectrum. There can be
a time delay expected between a low θ and the NDVI values.

2.4. Soil Class/Type

Different soil types are associated with different soil behavior, including the shrinkage
behavior [24] and, therefore, cracking. The upper layers immediately below a levee can
partially control the water drainage and deformation and, therefore, can be considered as a
potential proxy. The considered proxy is defined as a nominal variable.

2.5. Peat Layer Thickness

The thickness of shrinkage-susceptible layers in the levee strongly influences the
cracking potential. As peat has the highest ability to shrink, the thickness of any peat layer
in the upper (unsaturated) part of the soil body is considered.

2.6. Soil Stiffness/Flexibility

The kinematic resistance of a soil matrix to a mechanical load is accounted for as
the soil stiffness. It is expected that a high stiffness of the soil is correlated with a low θ0,
as the soil does not significantly deform after changes in suction and, therefore, horizontal
stresses do not easily become tensile. As the soil column is layered and layer thickness is an
important aspect in the deformation, the soil flexibility can be used. The soil flexibility [25]
is defined as the irresistance of a soil layer to settlements due to a load (units m/kPa).

2.7. Levee Orientation with Respect to the Sun

The orientation of a levee influences the exposure to solar energy. A levee with a
southerly facing sloping face may receive more solar energy, enhancing the evaporation.
This has not been accounted for in the precipitation deficit, which has a kilometer-scale
spatial resolution. The orientation of the levee is therefore assumed to be an independent
driver for cracking.

3. Method

Figure 4 shows a schematic overview of the methodology. Firstly, a database was
obtained in which observed cracks from manual levee inspections were included. This
database was thereafter extended with the possible proxies presented in Section 2. Cor-
relation studies were then conducted to investigate which of those factors can contribute
to a prediction of the occurrence of cracks. Model tree classification algorithms were then
used to generate a model to predict whether a crack occurs for a given input of proxy
variables. The structure of the model trees was finally extracted and used to define hazard
indicators, which act as the foundation of identifying crack-prone levees and visualizing
those in hazard maps.
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Observational crack 

data retrieval and 

cleaning (Section 

3.1)

Assigning proxy 

data to observations 

(Section 3.2)

Correlation analysis

(Section 3.3)

Generation of tree 

models and hazard 

indicators 

(Section 3.4)

Proxy data retrieval

(Appendix A)

Generation of 

hazard maps

(Section 3.5)

Figure 4. Visual schematization of the methodology followed in this paper. A data-based under-
standing of the spatial distribution of crack-prone levees is manifested in the form of hazard maps.
The subparagraph in which the element indicated in the figure is elaborated upon more thoroughly
is shown between parentheses.

3.1. Observational Data Retrieval on Cracks and Proxies

The first step in the construction of the database consisted of the retrieval of obser-
vations of drought-induced cracks. The database needs to include the physical locations
and time of observed cracks. It is preferred that this database consist of spatiotemporal
coordinates on which cracks were registered (positives), as well as coordinates on which
no cracks (negatives) were observed. In the case that the amount of positives highly out-
classes the negatives (or vice versa), a random sampling method is necessary to balance
the database, since the amounts of positives and negatives differ significantly. Since the re-
trieved database mainly consisted of positives, random negatives were generated. To avoid
points that have nearly identical spatiotemporal coordinates, but are registered as both
positives and negatives, intervals were constructed enclosing the positives in space and
time. The method implies negative samples outside these intervals. After obtaining the
database, cleaning it is necessary in order to verify that no (unjust) double registrations
are stored. The presence of those might impact the outcome of the classification algorithm
as too many positives would lead the algorithm to classify more levees as crack-prone
than is realistic. After the retrieval of the observational data on cracks, data related to the
proxy variables were retrieved. The proxy data were included in the inspection database by
evaluating the data at the spatiotemporal coordinates of the crack observations. For proxies
with temporally changing characters, e.g., the precipitation deficit, an observation with
coordinates (x, y, t) is needed. For time-independent properties, e.g., the peat thickness,
observations only had to be evaluated on spatial coordinates (x, y). Figure 5 depicts the
above discussed procedure.



Sustainability 2022, 14, 6820 7 of 23

NDVI (t)

Peat thickness

Soil subsidence

Soil stiffness

Soil class

Aspect

Positive
(𝑥, 𝑦)

Proxy data extracted and assigned 
to the observations

Negative 
(𝑥, 𝑦)Positive 

(𝑥, 𝑦, 𝑡)
Positive 
(𝑥, 𝑦, 𝑡)

Negative 
(𝑥, 𝑦, 𝑡)

Precipitation 
deficit  
day 1

Positive 
(𝑥, 𝑦)

Time series extracted and assigned 
to the observations

Precipitation 
deficit  
day 2

Precipitation 
deficit  
day 3

Figure 5. A graphical representation of the manner in which the proxy data were assigned to the
observations. The left figure depicts that the observations (both positives and negatives) are evaluated
on their spatiotemporal coordinates to extract precipitation deficit time-series for all observations
in the database. In the figure, three rasters (corresponding to the 3 days) are shown. In reality,
however, 5 years’ worth of data was extracted. The right figure depicts that the observations were
only evaluated on their spatial coordinates in order to extract and assign the remaining proxy data.
Multiple NDVI rasters were retrieved, however, since the NDVI is a time-dependent proxy. For every
observation, the NDVI raster generated on the nearest date (in time) was evaluated. In this manner, a
single value was assigned to the observations, where the precipitation deficit data were assigned as a
time-series to the observations.

3.2. Correlation Analysis

The individual prediction capacity of the proxies was determined by computing
the Cramérs V correlation [26] between the proxies and the state of the observations.
By computing the Cramérs V, we facilitate in the association between nominal (categorical
variables without order) and ordinal (categorical variables with order) proxies, as well as
numerical ones, resulting in a homogeneous comparison between the association of the
proxies. Since the precipitation deficit over a period of time may affect the susceptibility
of a levee to crack, a time lag correlation analysis was performed. The Cramérs V value
was computed for the cumulative precipitation deficit and the state of the observations
for lengths of time of a single day prior to the observation until 249 days prior to the
observation. The period which had the maximum Cramérs V value was selected as the
proxy and assigned to the database.

3.3. Generation of Tree Models

A model tree classification algorithm [27] was used in order to train models. A decision
tree model was applied in order to allow for an investigation of the input proxies and
binary value of cracking or not. Model trees make predictions by evaluating a given
dataset and defining decision rules that split the dataset, creating new subdatasets (nodes).
The algorithm attempts to define the decision rules such that the resulting nodes contain
as much of one prediction variable (in this case positives/negatives) as possible, in which
a node containing only positives is called a pure node. The Gini impurity [27] measures
the impurity of a node, where a pure node is evaluated with a Gini impurity of 0, while
an (utmost) impure node is evaluated with a Gini impurity of 0.5. The Gini impurity
is defined as a measure of how often a randomly chosen element from a set would be
incorrectly labeled if it were randomly labeled according to the distribution of labels in
the subset [28]. The algorithm keeps splitting the nodes until no further decrease in Gini
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impurity can be gained (see Figure 6 for a graphical representation). New predictions are
made by following the decision rules and classifying the prediction variable as the variable
that makes up the majority of the resulting node. A part of a given dataset can be used
to construct the decision tree (training set), whereas the remaining dataset can be used to
evaluate the performance of the decision tree (test set).

Database containing positives 
and negatives

Only positives Only negatives

Database containing more 
positives than negatives

Equal amount of 
positives and 

negatives

More positives 
than negatives

Perfect split Adverse split

𝑥 > 0𝑥 < 0 𝑥 > 10𝑥 < 10

Figure 6. The figure depicts a database in which all instances are associated with an x value. The left
side of the image shows a small decision tree in which a split is defined such that only pure nodes
are left. This is a perfect split as the resulting nodes are both evaluated with a Gini impurity of 0.
Since no further decrease in impurity can be gained, the resulting nodes are not split subsequently.
The right side shows a small decision tree in which no decision rule can be defined that decreases the
average Gini impurity of the resulting nodes. The node is, therefore, not split. The color of a node
indicates whether the majority is made up of positives (blue) or negatives (orange). The intensity of
the color represents the purity of the node.

The model was trained to predict the state of an observation, given evidence in the
form of the proxy variables. Feature importances [29] were calculated to express the weight
of the proxies when the observation state had been predicted. Proxies of which the feature
importance was equal to (nearly) 0 can be removed from the database. The performance
of the models was thereafter quantified by computing the model accuracies [29] and the
Matthews correlation coefficient (MCC), which is defined as [30]:

MCC =
TP · TN − FP · FN√

(TP + FN)(TP + FP)(TN + FP)(TN + FN)
(2)

in which TP, TN, FP and FN are defined as true positives, true negatives, false positives
and false negatives, respectively. The MCC was further investigated by constructing
confusion matrices [29]. The confusion matrices show the amount of TP, TN, FP and
FN in each cell of the matrix. By constructing this matrix, one easily observes to what
extents the models correctly predict either positives or negatives (or both). An iterative
process was used in order to construct decision trees with a limited depth (defined as
pruning) to avoid overfitting of the data and safeguard interpretation. Iteration is necessary
for the convergence to a balance between the generalization of the model and preferred
performance. Easily in time predictable proxies which distinguish positives and negatives
in the model trees were extracted and the criteria resulting in positives were defined
as hazard indicators. In this work, this means that all deterministic proxies directed to
positives were defined as hazard indicators. For insight in the performance metric, MCC
values close to 0 indicate that the model guesses randomly [31], given the interval [−1, 1]
and values near 0.5 are good indicators.

3.4. Generation of Hazard Maps

In order to generate spatial insight into crack-prone levees, random points have been
sampled in space throughout the area of concern (see Section 4) on levee locations. Each
point was assigned the values of the hazard indicator corresponding to that coordinate
(for example, the NDVI at that location, if it were a hazard indicator that can distinguish
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between positive and negatives). Points for which data were assigned that do not meet the
hazard indicators were eliminated from the database. This resulted in points in space repre-
senting locations of which the data meet the hazard indicators criteria. These remaining
points were then projected perpendicularly onto the levees, after which they were split up
into sections of 100 m. By counting the number of sampled points projected upon the levee
sections, the crack-proneness of the sections was quantified. For comparison, an empirical
hazard map was created, in which the observed cracks over the years were projected onto
the same levee segments.

4. Case Study

A database was obtained which consisted of observations of cracking from the wa-
terboard Hoogheemraadschap Delfland (HHD) during the years 2018, 2019 and 2020.
Information from previous years was also obtained, however, this was not used due to
data inconsistencies, such as missing spatial coordinates. HHD is responsible for the asset
management of primary and secondary levees within a part of the province of South Hol-
land in the Netherlands. The inspectors increase the inspection frequency between April
and September (their fixed definition of the dry season) to gain an improved insight in the
location of the cracks in the levees. Figure 7A shows a plot of the area HHD is responsible
for (outlined in black), along with the observed cracks during the different years. In the past,
HHD performed an expert judgment analysis for the purpose of understanding the spatial
crack-proneness of the levees. The analysis resulted in a selection of levees which all were
subdivided in three different drought-proneness ranks. The geographical configuration of
the ranks is displayed in Figure 7B.

(A)

Cracks 2018
Cracks 2019
Cracks 2020

(B)

Rank 1
Rank 2
Rank 3

Figure 7. (A) presents locations of observed cracks during drought inspections conducted in the years
2018, 2019 and 2020. (B) presents the inspected levees during the dry periods per rank. The boundaries
of the area which is administered by HHD are shown in black.

The levees belonging to Rank 1 are inspected during the dry season when the SPEI [32]
value calculated for the KNMI station at Rotterdam is lower than −1. Levees belonging to
both Rank 1 and 2 are inspected when the SPEI values are lower than −1.75. All ranked
levees are inspected when a SPEI value lower than −2.25 is observed.

4.1. Inspection Database

Every two weeks, HHD evaluated the SPEI value to decide upon the levees which
were inspected. The inspectors walk along the selected levees and register all observed
anomalies, which involve the occurrence of cracks and several observations other than
cracks as well (large local subsidence, for example). When the observed anomaly concerns a
crack, the dimensions and the location of the crack on which specific part of the levee were
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usually registered, as well. Finally, the direction of the crack with respect to the orientation
of the levee on which it is situated was recorded. Due to inconsistencies in this part of
the database, these last 3 aspects were not defined as prediction targets in this case study,
however with improved data collection, these could be included within this methodology.

4.2. Generation of Negative Observations

The inspection procedure of HHD results in a database which only contains registra-
tions of positives, as negatives were not registered. Since classification methods are used to
predict the occurrence of drought-induced cracks, it was necessary that locations in space
and time of negatives had to be acquired as well. To obtain these, two different models were
constructed, for which the negatives were generated differently. For Model 1, the negatives
were generated by defining all cracks with a length of less than 2 m as a negative. This also
facilitates reducing the amount of false negatives within the database, as it might occur that
inspectors miss cracks with small dimensions during the visual inspections. Larger cracks
also tend to more significantly negatively influence the structural integrity of levees [3],
making it more interesting to be able to predict them. To obtain the negatives for Model
2, a sampling technique was used, which considered the spatiotemporal coordinates of
positives and sampled negatives at a significant distance of the positives both in space and
time. As the number of negatives was significantly greater than the number of positives in
Model 2, an oversampling technique [33] was used to decrease the difference in the number
of positives and negatives.

4.3. Database with Proxies

Table 1 displays an overview of all information corresponding to one observation in
the database, after the proxies were assigned to the inspection database. Since the locations
and date of observations were only used for assigning the proxy variables, the information
was dismissed from the database. Table 1 shows all information used in the classification
model tree algorithms. For a complete elaboration on the retrieval and the technicalities,
the reader is referred to Appendix A.

Table 1. All the proxies which were accounted for in the study.

Proxy Definition

Precipitation deficit Cumulative precipitation deficit over computed period

Aspect Anticlockwise angle of the levee with respect to the west

Soil flexibility Deformation of the soil when loaded mechanically

Soil class Nature and constitution of topsoil

Peat thickness Thickness of the upper peat layer of a levee

Soil subsidence Average annual subsidence between 2015 and 2019

NDVI Difference between near-infrared and red light

5. Results
5.1. Time Lag Correlation Analysis of the Precipitation Deficit

Figure 8 shows the lagged correlation results for the period against the state of the
observations (crack observed or not). The peaks of the correlations are marked with a red dot.
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Figure 8. Cramérs V plotted against the period over which the cumulative precipitation deficit is
calculated. A high value indicates a clear distinction between positives and negatives. The curves
show a similar form, in which an obvious peak is observed (period of a few days). Between a period
of 100 and 200 days, an almost constant Cramérs V is observed, indicating that this interval is equally
adequate for separating positives from negatives.

Both curves show a similar form. Model 1 is characterized by lower Cramérs V values
than Model 2. Both models feature an initial peak after approximately 4 days, followed
by a sharp decrease until approximately 20 days, and then a slow increase and plateau to
200 days, followed by a rapid decrease. The global peaks of the curves, however, are found
on different locations, with Model 1 peaking at the first local peak and Model 2 peaking in
the second local peak. This implies that different periods of cumulative precipitation history
should be used depending on the classification target. The maximum correlations are found
at a period of 4 days and 123 days for Model 1 and Model 2, respectively. The corresponding
correlation values are equal to 0.44 and 0.65, respectively.

5.2. Correlation Matrix

Figure 9 shows an overview of the correlation matrix among the proxies. Note that
the soil stiffness is represented by “Flexibility”.

The correlations indicate that the cumulative precipitation deficit is best correlated
with the state of the observation of Model 2 (defined as Observation state 2), quantified
by a Cramérs V of 0.65 (as seen in Figure 8). Note that a Cramérs V value of 0.65 is not
extortionately high, while it is a relatively high value among the data set. This implies
that the considered proxies are not that extortionately great at distinguishing between
positives and negatives by themselves, whereas the precipitation deficit is best at this. It is
also observed that the peat thickness performs worst at distinguishing the positives and
negatives. By itself, the peat thickness therefore has the lowest predictive capacity, together
with the aspect.

It must be stated however, that the Cramérs V values only indicate the association
between the proxies and the observation state themselves. The association between multiple
proxies and the observation state should be modeled with a different statistic measure.
In this research, this was achieved by evaluating the performance of the model trees as
a whole.

Figure 10 demonstrates scatter plots of all the proxy variables which are represented
by numerical variables (categorical variables cannot be plotted on numerical axes). Scatter
plots for all possible pairs of proxy variables were plotted, and the color of the points
represents the positives (orange) and negatives (blue). In the diagonals, the data of the
proxy variables are visualized by constructing histograms and again separating positives
from negatives. For the sake of clarity, only the scatter plots for Model 1 are presented.
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Figure 9. Heat map displaying the Cramérs V correlations. Observation state represents the state of
the observations according to Model 1 or 2.
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Figure 10. Scatter plots for all numerical values representing the proxy variables. The axes depict the
proxies that are plotted against one another. The diagonals depict the histograms of the individual
proxy variables (observation state according to Model 1). Note that the values of the subsidence rate
have been multiplied by 106 for visual purposes.
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Here, it can be seen that the precipitation deficit shows a distinction between the
positives and the negatives. When the proxy is plotted against the various other ones,
the positives are most of the time characterized by a high precipitation deficit. This
distinction confirms the observation seen in Figure 9, stating that the precipitation deficit is
evaluated with the highest Cramérs V correlation against the state of the observations.

Figure 11 displays the generated decision tree constructed for Model 1 (cracks with a
length greater than 2 m are considered as positives). All nodes split the observations upon
‘less than’ criteria, corresponding to one particular proxy. Whenever the considered proxy
value of an observation meets this criterion, the observation is assigned to the left branch.
By following the nodes, an observation eventually ends within a root node, classifying
it as either a positive or negative. Along with the criterion, the remaining number of
observations is given, the amount of positives against negatives and the Gini impurity.
The Gini impurity of a node is also indicated by the intensity of the color of nodes. Intensely
orange nodes are nodes containing a large number of negatives samples, while intensely
blue nodes are nodes containing a large number of positive samples.

Figure 11. Decision tree corresponding to the prediction of positives and negatives (according to
Model 1). The precipitation deficit is shown with ‘Cumulative’ in the figure (as well as in Figure 12).
The colors indicate whether the positives (blue) or negatives (orange) make up the majority of the
node. The intensity of the color indicates the purity of the node. White nodes (the first ones) are
therefore quantified by a high Gini impurity. From this model tree, it is observed that the tree becomes
balanced after the first split to the right. From this, we learn that cracks larger than 2 meters are not
observed on soil bodies characterized by a low flexibility.

For Model 2, the exercise of pruning led to a tree with a depth of 4 (see Figure 12).
The top node of the decision tree, which is for this model split upon the precipitation deficit,
is now characterized by a Gini impurity of exactly 0.5. This value represents the most
impure node. This is due to an oversampling technique, as it resulted in an equal number
of positives and negatives.
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Figure 12. Decision tree corresponding to the prediction of positives and negatives (according to
Model 2). The colors indicate whether positives (blue) or negatives (orange) make up the majority of
the node. The intensity of the color indicates the purity of the node.

In general, it can be observed that Model 2 performs better at splitting the positives
and negatives, as the top node is split into nodes that clearly are orange and blue. After the
first split, the colors hold on consistently, except for the blue node in the orange branch after
being split upon the peat thickness. Both trees indicate that the positives and negatives
can be split upon the peat thickness, as peat thickness values greater than 31 (Model 1)
and 32.5 (Model 2) are associated with positives. Splitting upon the aspect in Model 1
results in a separation into a orange and blue node, which is not observed in Model 2.
The node in latter model splits an already blue node, however, limiting the separative
capacity of the proxy. Additionally, it is seen that in both models, the precipitation deficit
splits the observations in the same manner, as positives are in both cases associated with
high precipitation deficit values. An important difference, however, is that Model 1 first
splits upon the soil flexibility, whereas Model 2 first splits upon the precipitation deficit.

This suggests that according to the data, no long cracks are observed upon levees with
a flexibility lower than 0.335 m/kPa. Exceedance of the soil flexibility leads the database to
a split upon the precipitation deficit. Non-exceedance does not seem to imply negatives,
as a peat thickness of at least 31 cm may still induce cracking. This value of the peat
thickness is close to the peat thickness value of 32.5, as seen in Figure 12, corresponding to
Model 2. This suggests that, both for long cracks and cracks in general, this minimum peat
thickness value is an important proxy when identifying crack-prone levees.

Figure 13 displays the feature importances of the proxies within the decision tree. It is
observed that the precipitation deficit is quantified with the highest feature importance in
the case of Model 2. For Model 1, it is observed that the soil flexibility is quantified with
the highest feature importance. The soil flexibility is quantified with a feature importance
of 0.05 in the case of Model 2. The feature importances also indicate that the NDVI is
significant for Model 2 only. It seems that the peat thickness holds almost equal feature
importance for both models. This indicates that the soil flexibility performs better at
predicting positives in Model 1, in which large cracks are considered. This indicates that
the occurrence of large cracks can be predicted better by understanding the soil flexibility of
levees. Cracks in general, however (in Model 2), are more easily separated from non-cracks
by the precipitation deficit.
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Figure 13. Feature importances corresponding to the decision tree. The horizontal axis denotes the
relative weight of proxies in classifying the samples.

Table 2 shows the indicators computed for both models. It can be seen that, in general,
Model 2 performs better than Model 1. This is in accordance with the correlations which
were observed in Figure 8. The better performance of Model 2 can be explained by the
extremely high feature importance of the precipitation deficit, as seen in Figure 13. Model
2 can, therefore, attain good separation between the observations using only the data
of one proxy variable, whereas Model 1 requires the data of multiple proxy variables.
The requirement of multiple proxy variables increases the number of required splitting
nodes, which increases the likelihood that samples contain data that cannot be split easily.
This results in less pure nodes and hence a lower performance.

Table 2. Performance indicators for Model 1 and Model 2.

Model 1 Model 2

Train set accuracy 0.64 0.77

Test set accuracy 0.68 0.73

Precision 0.82 0.89

Recall 0.68 0.60

MCC 0.31 0.51

Cross validation accuracy 0.59 0.67

Figure 14 depicts the confusion matrices for both models, both in absolute values and
normalized values. From left to right, top to bottom, are the TN, FP, FN and TP given.
Large values in the diagonals are, therefore, preferred, as this increases the performance of
the models.

It is seen that Model 1 performs slightly better at predicting positives than in the
case of Model 2. Model 2, however, performs significantly better at predicting negatives.
Since Model 2 cumulatively performs better at predicting either negatives or positives,
the performance of the model is evaluated with a greater value of the MCC (see Table 2).
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Figure 14. Confusion matrices for both models. The top two matrices show the regular matrices,
whereas the bottom two show normalized matrices. The values are normalized with respect to the
sum of the horizontal cells.

5.3. Hazard Indicators

Hazard indicators were extracted from the decision trees corresponding to both mod-
els. Hazard indicators for Model 1 concerned the peat thickness, the aspect and the soil
flexibility. For Model 2, only the peat thickness was defined as a hazard indicator. Figure 15
display the hazard indicators as single-node decision trees.

Model 1 Model 2

Figure 15. Hazard indicators corresponding to Model 1 and Model 2, which were extracted from
the constructed tree models. The above-shown proxy variables are easily predictable in time (due
to their constant-in-time character, hence, they are defined as hazard predictors (the range that
leads to positives)). Levees situated on soils that meet these criteria are expected to be prone to
drought-induced cracks.

5.4. Hazard Maps

Figure 16 shows the constructed maps for both models. Since the model tree of Model
2 only resulted in one hazard indicator, levees satisfying that indicator were highlighted.
In the figures below, the color scale represents the amount of sampled points which were
projected upon the levee segments after the points were assigned the hazard indicator
data and potentially eliminated. For example, a sampled point which was located upon a
coordinate characterized by a peat thickness smaller than 31 centimeters (see Figure 15)
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was eliminated. If a levee segment is characterized by a value of 4, this implies that four
remaining points were projected onto that specific segment after the elimination procedure.

Model 1 Model 2
Peat thickness > 32.5 centimeter
Peat thickness < 32.5 centimeter

0
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8

10
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14

16

Figure 16. Hazard maps for Model 1 (left) and Model 2 (right). In Model 1, hazard is quantified
with numbers. Large numbers represent crack-prone levees, whereas a value of 0 is associated with
complete absence of proneness. Model 2 performs a binary classification, in which the red levees are
defined as crack-prone.

Figure 17 shows the empirical hazard maps and the Delfland ranks for comparison
against the hazard maps constructed using the model trees.

Empirical hazard map Delfland ranks
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Figure 17. The (left) image shows the constructed empirical hazard map. The (right) image shows
the Delfland ranks for comparison with the other maps.

The empirical hazard map (see Figure 17) shows that fewer levees are indicated as
hazardous when compared with the hazard map constructed from Model 1. It is, however,
important to understand that cracks are only observed on levees where inspections are
conducted, potentially leading to a confirmation bias. The hazard map corresponding
to Model 1 does suggest that more levees might be prone to cracks than considered by
HHD at the current moment. From Figure 16, we observe that more extreme crack-prone
regions according to Model 1 coincide with the crack-prone regions according to Model 2.
This may, however, be due to the fact that the peat thickness and soil flexibility cannot be
seen as independent variables. Notice that the constructed hazard maps were constructed
with deterministic, static variables, as the precipitation deficit and NDVI are represented
by stochastic variables which are hard to predict. As an improvement on this model,
accurate weather forecasting can be used in order to use the model for real-time operational
hazard-based asset management.
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6. Discussion

The identification of proxy variables directly related to the cracking mechanism and
the identification of potential cracking locations yields insights which add to our under-
standing of the drought-induced crack-proneness of levees. The identification of the proxy
variables mainly focuses on describing the moisture content and the moisture content at
cracking. Since the precipitation deficit was calculated with the Makkink evaporation,
the temperature and radiation were already taken into account. For the purpose of improv-
ing the quality of this research, while potentially decreasing the required amount of data
and data processing, it is advised to investigate the possibilities of applying databases in
which the soil moisture content itself is expressed on a regional scale.

Figure 8 shows the impact of varying the period over which the precipitation deficit is
calculated to optimize distinctiveness between expecting cracks and expecting no cracks.
The curves display peaks at two different locations. The two peaks also differ in Cramérs V,
resulting in a better performance of Model 2. From this, we learn that a period of 4 days
should be used for the prediction of levees with long cracks, whereas a period of 123 days
should be used for the (better) prediction of levees with cracks in general. The figure shows
that periods longer than 200 days cannot distinguish between positives and negatives. This
observation could be explained by the fact that 200 days prior to April (start of dry period
according to HHD), the levees are exposed to winter conditions. Model 2 shows a higher
optimal Cramérs V than Model 1. One might argue that cracks in general are then easier
to predict solely based on precipitation deficit (also given the higher MCC of Model 2),
however, this greater value might also be due to the application of an oversampling
technique. Sampling negatives over periods in which cracks were not observed may as
well have sampled them in drier periods, which automatically distinguishes positives in
wetter periods and negatives in dryer periods.

Figure 9 shows that the most important factor identified in this study for the cracking
process is the precipitation deficit, as both observation states 1 and 2 are best correlated
with that proxy. This complies with the observation that the volumes of cracks tend to
increase during dry periods [3], as cracks with large dimensions are more likely to be
observed during inspection. After the precipitation comes the soil flexibility, which is
the second best correlated with both observation states. We observe from Figure 10 that
these higher Cramérs V values originate from the clearest distinction between positives
and negatives, especially valid for the precipitation deficit. Positives are characterized
by higher precipitation deficits, while negatives are characterized by lower precipitation
deficits, which is an expected result. The high associations among the subsidence rate, peat
thickness and soil flexibility themselves could be due to the fact that the databases contain
mutual information, as a high peat thickness should be correlated with the soil flexibility
from a physical point of view.

For Model 1, it is important to notice that an aspect of 184 degrees is defined as a hazard
indicator, as this value indicates that the slope of the levees is directed southwards towards
the sun (for most of the day). Model 2 shows that for a precipitation deficit of at least 331 cm,
all observations in the database are defined as positives. This is unexpected, as this implies
that all levees would be expected to crack. This may be due to the arbitrary definition
of the dimensions of the cracks, implying that expected cracks might be characterized by
dimensions in the order of millimeters. Since it is assumed that these dimensions do not
pose a hazard to levee stability, it is not preferred to predict those. Proper insight into the
relationship between crack dimensions and levee stability decrease will contribute to a
machine learning framework in which the focus lies more on risk instead of only hazard.
According to the performance indicators displayed in Table 2, Model 2 performs better with
respect to all indicators. However, this high performance may be due to the combination of
the random sampling of negatives and the oversampling techniques. Since the (sampled)
negatives formed the minority of the database, random sampled observations were used
as a basis for the oversampling technique. Obtaining validated negatives (by inspectors)
might help to avoid such errors in the future. Despite the fact that Model 1 performs worse
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at the performance indicators, from Figure 14, we observe that Model 1 performs better at
true positives. This is a desired property, as we aim to identify crack-prone levees.

As the dimensions of the cracks in general are arbitrary, this may imply that cracks
with dimensions in the order of millimeters may also occur on the levees. This implies
that accurate monitoring of the peat thickness and soil flexibility allows for a spatial
understanding of the crack-proneness of levees. When this information is combined with
real-time monitoring of the spatial precipitation deficit, the model trees can be utilized for
operational hazard-based asset management of the levees. An investigation in the field was
organized as a first attempt to validate the findings of the model trees. The investigation
was conducted during the winter season and no (remnants of) cracks were observed on the
levees defined as hazardous by both the model trees and on which cracks were observed
more frequently during inspections. From this, we can conclude that the cracks close during
the winter season, from which we learn that asset management focused on drought-induced
cracks should be performed during a defined dry season. This season may be a fixed period
of the year, but it is advised to define this according to the precipitation deficit values found
in the model trees. As the trees indicate that a precipitation deficit of approximately 300 mm
acts as a hazard indicator, it is advised that inspections focused on drought begin when this
value is observed for an arbitrary coordinate. During the dry season, it is advised that the
absence of cracks on levees is registered as well in order to obtain a database with reduced
likeliness of false negatives. At last, when levees are not inspected frequently in the dry
season while the model tree defines them as hazardous, they should be inspected to verify
the crack-proneness. When this is not the case, the inspections result in true negatives that
can be used to update the model trees.

7. Conclusions

A method for building a data-driven model is presented which helps to predict levees
prone to cracking by combining observational available databases with local environmental
factors, which where found to correlate best with the cracking physical process. Proxies
were identified which correlated best to a levee cracking observational dataset without
necessarily implying causation. We present different correlation studies to understand
how the precipitation deficit and the flexibility of a soil allowed us to identify them as
important proxies for the prediction of the cracking process. The precipitation deficit, for
example, was calculated approximately between periods of 5 and 120 days prior to the date
of observation, which showed the highest correlation with the occurrence of the general and
long crack types, among all evaluated potential proxies. The correlation study showed that
a cumulative precipitation deficit period of 123 days is best at predicting the occurrence of
cracks in general, while a period of 4 days is found for longer, stability-endangering cracks.

Based on the obtained model trees of the data driven model, it was concluded that
long cracks are not observed on levees for which the soil flexibility was smaller than
0.355 m/kPa, while this is not the case for cracks in general. In addition, the data show that
longer cracks are more often found on levees of which the slope is oriented towards the
southern side. For both longer cracks and cracks in general, the model trees state that a
peat thickness of the upper layer of at least 31 cm indicates that levees are susceptible to the
formation of cracks. Levees composed of soils which have peat layers thinner than 31 cm
do not seem to crack for precipitation deficit values lower than 311 mm.

The model trees indicate that insight in the peat thickness, the orientation of the levee
and the soil stiffness can be used as easily quantifiable proxies to identify areas that are
prone to longer cracks. The model trees also show that for crack susceptibility in general,
insight in the peat thickness suffices (with the precipitation deficit being a highly indicative,
but not easily quantifiable proxy).
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The following abbreviations are used in this manuscript:

FN False Negative
FP False Positive
HHD Hoogheemraadschap Delft
KNMI Koninlijk Nederlands Meteorologisch Instituut
MCC Matthews Correlation Coefficient
NDVI Normalized Difference Vegetation Index
SPEI Standardized Precipitation Evaporation Index
TN True Negative
TP True Positive

Appendix A. Data Retrieval

Appendix A.1. Precipitation Deficit

Daily precipitation and evaporation raster files were retrieved from the website of Me-
teobase (http://www.meteobase.nl/) between September 2020 and January 2021. The me-
teorological data are based upon radar data calibrated with KNMI measuring stations [34].
The evaporation raster data express the quantity according to the Makkink estimation [35].
The evaporation raster files are characterized by a grid size of 100 × 100 m and a daily tem-
poral precision, whereas the precipitation is characterized by a grid size of 1 × 1 km and an
hourly temporal precision. The data were extracted for the period of 2018 until 2020 parallel
to the inspection observations. The raster was chosen outside the borders of the HHD area,
such that precipitation and evaporation time series were obtained corresponding to the
locations of all observations. All observations were then assigned to the closest nodes of the
rasters, such that every observation was appointed with a precipitation and evaporation
time series. By subtracting the evaporation from the precipitation, a precipitation deficit
time series was obtained for all the spatial coordinates of the database. Every observation
was then evaluated in time by considering its temporal coordinates. By going back in
time from the temporal coordinate of an observation, a cumulative precipitation deficit
was obtained. The period over which we consider the deficit is still ambiguous in this
manner. Since it is preferred to find a period which best distinguishes the positives from
the negatives, the Cramérs V [26] correlation was computed for precipitation deficits for a
period of 1 day to a period of 250 days.

Appendix A.2. Digital Elevation Model

A digital elevation model (DEM) was obtained from the website of Actueel Hoogtekaart
Nederland (https://www.ahn.nl/) in September 2019. The accessed version is the AHN3

http://www.meteobase.nl/
https://www.ahn.nl/
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which was built with data retrieved between 2014 and 2019. Raster files with a grid size
of 5 × 5 m were downloaded, expressing the elevation of a grid with respect to NAP.
By applying an algorithm from GDAL [36], the direction of a slope with respect to the west,
defined as aspect, was computed with the use of the DEM raster files. By using the newly
obtained map, the aspect values were assigned to the observations in the database based
on spatial coordinates.

Appendix A.3. Soil Flexibility, Soil Class and Peat Thickness

The three proxies were retrieved as data in the form of time-independent raster or
vector maps. The soil flexibility [25] is defined as the irresistance of a soil to settlements
due to a load on top. This map specifically defines this as the deformation of a square
meter soil in meters when loaded with 16 kPa. The database was constructed by using
measurements and expert judgment [25], and is characterized by a grid size of 250 m by
250 m. The soil class map [37] was downloaded from the Bodemregistratie Ondergrond
(BRO) and presents the nature of the soil in the upper layer (peat, clay etc.) as nominal
data. The third map [38] indicates the peat thickness of the upper layer of the soil. The data
present the peat thickness as a raster with a grid size of 50 m and were collected with
digital soil mapping, field work and geostatistical techniques for area covering statements.
The proxies were assigned to the inspection database by sampling from the maps by using
the spatial coordinates of the observations.

Appendix A.4. Soil Subsidence

The soil subsidence was accounted for with the use of the Bodemdalingskaart (Bodem-
dalingskaart.nl, 2020). The map was constructed with the use of Sentinel 1 images and
InSAR techniques, local GPS sensors and a selection of measuring points for gravity. The el-
evation of the soil is given over the period of 2015 to 2019 as time series with steps of 16
days. Since many Delfland observations were made in 2020, the instantaneous subsidence
corresponding to the time coordinates of the observations could not be assigned. For this
reason, the choice was made to convert the time series to a yearly rate of deformation in
millimeters per year. The underlying assumption is that this rate is driven by the presence
of the local amount of peat. Since the InSAR technique measures the points for a several
billion locations within the Netherlands, the measuring points closest to the inspection
observations were assigned. In this manner, all inspection observations were assigned a
yearly rate of deformation.

Appendix A.5. NDVI

The NDVI was computed by using Sentinel 8 imagery downloaded from the USGS
Earth Explorer web service. By utilizing the fourth and fifth band observed by the satellites,
we were able to calculate the NDVI for a given area [39]. Since the color of vegetation varies
over time, multiple images of the same area (South Holland) were retrieved. The grid
size of the raster files is 30 m, and the temporal precision approximately 16 days. For a
given time coordinate of an observation, an image was used which was taken closest
in time. Assignment of the NDVI was then performed by the spatial coordinate of that
particular observation.
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