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We model surface runoff and drainage discharge water outﬂow from agricultural ﬁelds.
We use machine learning techniques in order to accurately predict the outﬂow.
The physical-based models are with high complexity of input and calibration.
Our models overcome the issue with input complexity with comparable performances as physical-based models.
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a b s t r a c t
The estimation of the pollution risk of surface and ground water with plant protection products applied on ﬁelds
depends highly on the reliable prediction of the water outﬂows over (surface runoff) and through (discharge
through sub-surface drainage systems) the soil. In previous studies, water movement through the soil has
been simulated mainly using physically-based models. The most frequently used models for predicting soil
water movement are MACRO, HYDRUS-1D/2D and Root Zone Water Quality Model. However, these models
are difﬁcult to apply to a small portion of land due to the information required about the soil and climate,
which are difﬁcult to obtain for each plot separately.
In this paper, we focus on improving the performance and applicability of water outﬂow modeling by using a
modeling approach based on machine learning techniques. It allows us to overcome the major drawbacks of
physically-based models e.g., the complexity and difﬁculty of obtaining the information necessary for the calibration and the validation, by learning models from data collected from experimental ﬁelds that are representative
for a wider area (region).
We evaluate the proposed approach on data obtained from the La Jaillière experimental site, located in Western
France. This experimental site represents one of the ten scenarios contained in the MACRO system. Our study focuses on two types of water outﬂows: discharge through sub-surface drainage systems and surface runoff.
The results show that the proposed modeling approach successfully extracts knowledge from the collected data,
avoiding the need to provide the information for calibration and validation of physically-based models. In addition,
we compare the overall performance of the learned models with the performance of existing models MACRO and
RZWQM. The comparison shows overall improvement in the prediction of discharge through sub-surface drainage
systems, and partial improvement in the prediction of the surface runoff, in years with intensive rainfall.
© 2014 Elsevier B.V. All rights reserved.

1. Introduction
The quantity and quality of surface and ground water affect the
ability of aquatic environments to sustain healthy ecosystems, while
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an abundant supply of clean water is a basic requirement for many of
its fundamental uses on which humans depend. Between 80% and 85%
of human population uses groundwater as a drinking water supply
(Bedient et al., 1999). Furthermore, the consumption of water for
human needs is approximately doubled every 20 years, while, on the
other hand, new sources of water are becoming scarcer and polluted
water is becoming more expensive to remediate. Thus, the protection
of surface and ground water is crucial for human and ecosystem health.
Industry and agriculture, as the main water polluters, affect water
quality through both point and diffuse-source pollution. The former
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mainly refers to industrial or sewage treatment plants, while the latter
comes from many diffuse-sources (e.g., surface runoff and discharge
through sub-surface drainage systems for surface water, and inﬁltration
for ground water). Furthermore, several studies have shown that agriculture acts as the main diffuse-source polluter because of the use of
plant protection products (referred to as pollutants in the remainder
of the paper). These products are applied on a ﬁeld scale in accordance
with conventional agricultural management and practices (Capel et al.,
2001; Holvoet et al., 2007).
Diffuse-source pollution is a process characterized by random occurrence and uncertain discharge of pollutants, variable temporal pollution
loads, and is difﬁcult to simulate and forecast (Zhenyao et al., 2012). It is
a complex process, the modeling of which involves many phases:
identiﬁcation of pollutant transfer pathways, prediction of the possible
pollutant transfer and assessment of water pollution risk. Eventually,
the modeling helps in selection and application of speciﬁc mitigation
measures by providing the decision-making process with additional
information about the water status and facilitating the pollution risk
reduction.
The main transfer pathways of diffuse-source pollution at the ﬁeld
scale are surface runoff, discharge through sub-surface drainage systems (referred to as drainage discharge in the remainder of the paper)
and lateral seepage (lateral hypodermic ﬂow on the non-permeable
soil substratum). Furthermore, inﬁltration is identiﬁed as a direct pollutant transfer path in ground water (Brown and van Beinum, 2009;
Holvoet et al., 2007). The results of the study by Brown and van
Beinum (2009) have shown that surface runoff and drainage discharge
make a signiﬁcant contribution to the pollution of surface waters. In
addition, drainage discharge appeared as a relevant route for pollutant
transport in six out of ten environmental scenarios representative of
agricultural conditions across Europe (FOCUS, 2001).
The estimation of pollutant transfers (further referred to as water
outﬂows in this paper) at the ﬁeld level is mainly physically-based
modeling approaches, combining a theoretical description of different
water outﬂows in the soil and data from ﬁeld experiments (used for calibration and validation of the models). As a disadvantage of such
models, Bredehoeft (2005) notes that while the foundations of such
modeling are conceptual models, new empirical data typically render
invalid predictions. Moreover, he suggests that the solution of this
problem is twofold: to collect as much data as feasible and to keep the
possibility to change the structure of the conceptual models open.
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In the last 20 years, several physically-based models of water outﬂow processes have been developed (Gerke and van Genuchten,
1993). The most frequently used models for predicting soil water outﬂows are the physically-based models MACRO (Larsbo and Jarvis,
2005), HYDRUS-1D/2D (Šimůnek and van Genuchten, 2008) and the
Root Zone Water Quality Model (Ahuja et al., 2000). A common methodological problem of physically-based models is their parameterization, which can be very time-consuming and expensive due to the
requirements for calibration of speciﬁc data. Such data are typically
obtained from laboratory analysis of the examined soil types, such as
designation, thickness, texture, soil structure, pH, organic carbon
content or bulk density in order to estimate hydraulic conductivity
and water retention. Furthermore, today's monitoring technology
allows collecting large amounts of data that can be used by the models
in tuning their predictions or to build new and more accurate models.
However, the use of such collected data would require complex structure revisions of the existing physically-based models [e.g., Larsbo and
Jarvis (2005), Šimůnek and van Genuchten (2008), Ahuja et al.
(2000)], which is impractical.
We aim to avoid the methodological limitations of physically-based
models and to exploit the large amount of existing empirical data
collected in experimental ﬁelds. We employ recent advances in
information technologies for modeling drainage discharge and surface
runoff as the two main pollutant pathways to surface water from hydromorphic agricultural ﬁelds. In particular, we propose to use a modeling
methodology based on machine learning and data mining techniques to
describe the water outﬂow through the soil and to make accurate
predictions of the amount of drained and surface runoff water from
agricultural ﬁelds.
Machine learning is a methodology that holds a lot of promise for the
ﬁeld of environmental sciences (Debeljak and Džeroski, 2011). It studies
methods that build predictive models (in the form of decision trees,
decision rules, linear equations, etc.) from examples (instances)
described with the values of their features (independent variables)
(Fig. 1). As an additional evaluation of our new modeling approach,
we compare the performance and predictions of our models with
those of the physically-based models MACRO and RZWQM, applied to
the same case-study (La Jaillière, France) for the same time period.
The remainder of the manuscript is organized as follows. In
Section 2, we introduce the machine learning methods we used in
our research. Section 3 gives a description of the case study, while

Fig. 1. Scheme of modeling approach using machine learning methodology.
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Section 4 describes the experimental design and dataset. In Section 5,
we present the learned machine learning models, we show the results
of their empirical evaluation and compare them with the results of
selected existing models. Finally, we present conclusions and directions
for further work in Section 6.

polynomial regression, which is implemented in the CIPER tool
(Pečkov et al., 2006). A brief description of these methods is given
below.

2. Methodology

Linear regression is a method that constructs a linear Eq. (1), which
expresses the target variable as a weighted linear combination of the
input (independent) variables. The terms that appear in the equation
are input variables, while weights are real numbers that give a different
importance to each term. The weights are calculated from the training
set in the process of learning the model. A comprehensive study of
this technique has been provided by Lawson and Hanson (1995).

Machine learning is a sub-ﬁeld of artiﬁcial intelligence that focuses
on development of methods (algorithms) whose performance automatically improves with experience (Anderson et al., 1986). Modeling with
machine learning methods is a data-driven modeling approach and can
be used to automate the acquisition of knowledge (in this case, knowledge about soil hydrology), i.e., to automate the construction of descriptive (unsupervised learning) and predictive (supervised learning)
models. Machine learning methods extract patterns from possibly
large data sets, the representation of which is a function that can have
different forms, e.g. clusters of instances, decision trees, rules, equations,
or probabilistic graphical models. Such models are meant to complement or even replace the knowledge-driven models that describe the
physical behavior of the observed process.
The input of data mining algorithms is commonly given in the form
of a single ﬂat table (such as a spreadsheet table) comprising a number
of variables or features (columns) and instances or examples (rows). It
can be divided into three separate datasets: training, validation and
testing dataset. The training dataset is used for learning the models.
The validation set is used to select the proper parameters of the learning
algorithm in order to obtain the best predictive performance. Finally,
the testing set is used to objectively estimate and report the predictive
performance (Fayyad, 1996).
Supervised machine learning methods construct a function that
maps each instance (a vector of input variables) from the input/instance
space to a output (target) value (Fig. 1). The construction of the function
that maps the input values to output values takes as input example pairs
of input/output values. In other words, the goal in supervised learning is
to construct a model that is able to predict the value of a variable that is
of a special interest (called dependant or target variable). Depending on
the type of the target variable, we can distinguish between two major
supervised learning tasks: regression and classiﬁcation. If the values of
the target variables are from a continuous scale, then the task at hand
is regression. On the other hand, if we have nominal values, deﬁned as
a ﬁnite set of values, then the task at hand is classiﬁcation. In this
study, we deal with the task of regression, since the focus is on
predicting the amount of water outﬂow at the ﬁeld scale.
One of the important issues that need to be considered when learning models is overﬁtting of the model on the training data. This means
that the model is trained to give very good predictions for the instances
in the training data (i.e., very high training performance), while it gives
poor predictions on the instances in the test data (i.e., very low testing
performance). In other words, overﬁtting can be seen as a proxy of the
generalization ability of the learned models. Therefore, we need to
select a model that generalizes well on the testing data, i.e., a model
that has a high predictive performance on the testing data. To achieve
this goal, various learning constraints need to be applied in the model
construction phase. These learning constraints are speciﬁc for the different learning algorithms. Below, we describe the speciﬁc constraints for
each algorithm.
Supervised machine learning comprises a variety of regression approaches or methods, such as linear regression (Draper and Smith,
1981), regression and model trees (Quinlan, 1992), support vector
machines for regression (Cortes and Vapnik, 1995) and ensembles of
different regression models (Breiman, 1996). In accordance with our
research goals, we consider linear regression, regression and model
trees, and ensembles of regression and model trees as the most suitable
regression methods. All of the methods applied here are implemented
in the WEKA data mining suite (Witten and Frank, 2005), except the

2.1. Linear regression

f ðx1 ; x2 ; x3 ; …; xn Þ ¼ a0 þ a1  x1 þ a2  x2 þ a3  x3 þ … þ an  xn

ð1Þ

A major drawback of this method is its assumptions of linearity since
most of the modeled systems in the domain of environmental sciences
are complex non-linear processes. This drawback causes learning of
linear equations with poor generalization abilities. On the other hand,
overﬁtting is a potential issue for linear regression if the observed
system is a simple linear process and can be controlled by using a
parameter that penalizes the higher values of the weights due to the
balance in the learned model (Ridge parameter).
However, due to the so-called Occam's razor principle (Anderson
et al., 1986) (as simple as possible, but no simpler), we used linear
regression models as baseline models for making comparisons with
other regression methods.
2.2. Polynomial regression
Polynomial regression models are represented by polynomial equations. These are simple models and yet can be highly accurate on standard regression tasks. Despite the fact that piecewise regression
models (e.g., regression and model trees) prevail over simple ones, the
simple polynomial equations can be induced efﬁciently and have competitive performance with piecewise models. The algorithm we use for
inducing polynomial equations from data is called CIPER — Constrained
Induction of Polynomial Equations for Regression (Pečkov et al., 2006).
It heuristically searches through the space of possible equations for
solutions that satisfy the initially given constraints. The output of
CIPER consists of a polynomial equation that satisﬁes the complexity
constraints and ﬁts the data best.
In the space of polynomial equations of arbitrary degree, we can
always ﬁnd a polynomial without any error on the training data.
However, such equations will be very complex and strongly overﬁtted
on the training data (and consequently low generalization power). To
ﬁnd an optimal trade-off between complexity of the model and wellﬁtting the data, CIPER uses Minimal Description Length (MDL) principle
as a search heuristic (Pečkov et al., 2006). Furthermore, CIPER allows
controlling the complexity of the models by constraining the righthand side of an equation by limiting the maximum depth of a single
term and maximum number of terms. In our analysis, we constrained
the learning process by controlling the maximum depth of a single
term and select the value that maximizes the performance of the
learned model.
2.3. Decision trees
A decision tree (Anderson et al., 1986) is a model expressed as a
recursive partition of the instance space. The decision tree consists of
edges and nodes that form a rooted tree. This is a directed tree, with a
node called a root that has no incoming edges. All other nodes have
exactly one incoming edge. A node with outgoing edges is referred to
as an internal or test node. All other nodes are called leaves (also
known as terminal or decision nodes). A node is labeled with an input
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variable name and an arc with a valid value of the input variable associated with the node from which the arc originates. Each leaf is labeled
with a class (prediction for the target variable) or assigned with a real
value. In the decision tree, each internal node splits the instance space
into two or more sub-spaces according to a certain discrete function of
the input variable values. In the simplest and most frequent case, each
test considers a single variable, such that the instance space is
partitioned according to the variables' value. In the case of numeric
variables, the condition refers to a range.
Terminal nodes (leaves) of a tree contain models deﬁning the values
of the target variable for all instances falling in a given leaf. Given a new
instance, for which the value of the target variable should be predicted,
the tree is interpreted from the root. In each inner node, the prescribed
test is performed, and according to the result, the corresponding subtree is selected. When the selected node is a leaf, the value of the target
variable for the new instance is predicted according to the model in this
leaf.
Decision trees can be easily overﬁtted to the training data. This can
be resolved by a technique called pruning, which constrains the growth
of the tree structure using the “minimal number of instances in a leaf”
(Nmin) parameter of the algorithm implementation. This parameter
requires tuning since very low values may introduce overﬁtting, while
high values can generate very simple decision trees that underﬁt the
observed system.
A regression tree is a decision tree that contains simple model in the
leaves (constant real values). The predicted value in a leaf is deﬁned
during the learning process as the average of the values of the target
variable for the instances that reach the particular leaf. On the other
hand, model trees are decision trees whose leaves contain linear regression models that make better predictions than the single constant in
regression tree leaves.
Due to the structure of the decision tree and linear regression
models in its leaves, the complexity of model trees is one of their disadvantages and a reason in some circumstances to consider regression
trees instead of model trees. However, model trees have an advantage
over regression trees in terms of predictive performance. Finally,
model trees are able to make predictions outside the range of the target
variable encountered in the training instances, which is not the
case with regression trees. In this study, we used the algorithms M5
(Quinlan, 1992) and M5P (prime) (Wang and Witten, 1997) for
learning regression and model trees.
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The learning of ensembles consists of two steps. In the ﬁrst step, we
learn the base models that make up the ensemble. In the second step we
combine the base models (or their predictions) into a single prediction.
The base models need to be diverse, i.e., make different errors on the
same learning instances. Combining identical or very similar models
clearly will not improve the predictive accuracy of the base models.
Moreover, it increases the computational cost. Learning diverse models
and combining their predictions can result in more accurate predictions
as compared to the predictions of identical or very similar base models.
The most commonly used technique for combining the outputs for
classiﬁcation models is voting, which combines the predictions of the
base models according to a static voting scheme that does not depend
on the training data or the base models. In the case of regression, we
take the average or a linear combination of the models' outputs.
The most prominent ensemble learning approaches are bagging
(Breiman, 1996), boosting (Freund and Schapire, 1996), and random
forests (Breiman, 2001). In our study, we use the bagging approach, as
it can be used to learn ensembles of both regression and model trees.
Bagging is an approach for learning multiple predictive models and
using them to get an aggregated prediction. The aggregation averages
over the base predictive models outputs. The multiple base predictive
models are learned on different bootstrap replicates. If the training set
causes signiﬁcant changes in the models learned, then bagging can
improve the predictive performance of the base predictive models.

3. Case study
Our case study is the experimental site La Jaillière, situated in
Western France and run by the technical institute ARVALIS - Institut
du végétal (Fig. 2). It is one of the ten representative agricultural areas
in the EU chosen for the purposes of assessment of the Predicted
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2.4. Ensemble methods
Ensemble methods are machine learning methods that construct a
set of predictive models (e.g., regression trees or models trees) and
combine their outputs into a single prediction. In literature, ensembles
are also referred to as multiple classiﬁer systems, committees of classiﬁers, classiﬁer fusion, combination or aggregation (Džeroski et al.,
2009). The main idea is to follow the behavior of wise people when
making critical decisions. Namely, they usually take into account the
opinions of several experts rather than relying on their own judgment
or that of a single trusted advisor. The same principle is followed by
ensemble methods: learning the entire set of models and then combining their predictions. This approach is computationally more expensive
than learning just one simple model, but the predictions are usually
more accurate.
From a statistical point of view, when we learn a model on some
data, this can result in a good predictive performance on the training
data. However, even if the performance of the model on training data
is good, this does not guarantee good performance on unseen data. By
building ensembles, taking into account several models, and averaging
their predictions, we can reduce the error when predicting a dependent
variable of unseen data. Therefore, overﬁtting and underﬁtting are not
an often issue, but it is recommended to tune the parameter settings
to learn the best performing model.

Not drained fields
Drainedfields
Measurementstations
Runoff traps

T7
T8
La Chapelle St Sauveur T9

St Sigismond
Ingrandes

b

Solar Panel
Data Acquisition Unit
Automatic Sampler

Soil Surface

Runoff / Drainage
Water Inlet

Flow meter

Waste

Fig. 2. Scheme of the La Jaillière experimental site: a) location of ﬁelds, monitoring water
stations, and runoff traps and b) monitoring water station.
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Environmental Concentration in surface water of active substances
under Directive 91/414/EC and Regulation (EC) No 1107/2007 (E.U.C.,
2007). The site has been established in 1987 for studying the inﬂuence
of agricultural management practices on water quality. A total of
96,426 collected daily records of water outﬂows make the experimental
site unique and of great importance in Europe.
The soil at the experimental site consists of gleyic cambisols, lying on
an alterite of sandstone schist, present widely in the West of France. The
arable layer contains sandy silt loam surmounts and a layer of clay loam
accumulation. The alterite between 50 and 100 cm depth represents a
natural obstacle to water inﬁltration. This impermeable layer is responsible for a surface water table during winter, the amplitude and duration
of which depends on the winter rainfall course. According to clay illuviation, the clay content of the upper layer is less important than that of
the lower layers. Organic matter content is about 2% in the upper layer
and decreases in the lower layers. Water content at ﬁeld capacity varies
from 20% to 23% according to layers and ﬁelds.
The La Jaillière site is considered as a representative region in Europe
with shallow silt clay soils (FOCUS, 2001). Such representation gives an
opportunity to use the learned models across the region where this site
is representative for. The hydraulic pathways of La Jaillière soils are
consistent with more than 90% of tile-drained hydromorphic soils in
France, with an area of approximately 3.1 million hectares (AGRESTE,
2000). The climate at the site is of oceanic type, with average temperature of 7.7 °C per agricultural season, lasting from 1st September to 31st
August (hereafter referred to as a campaign). The mean precipitation for
the study period (1987–2012) per campaign is 717 mm and the mean
reference evapotranspiration for the study period per campaign is
712 mm (as measured at the meteorological station of La Jaillière,
1987–2012) (Fig. 3).
The site is an agricultural area divided into north and south parts.
Each part contains blocks of ﬁelds. In our study, we have included data
from 11 ﬁelds, where 10 ﬁelds are used to collect drained and/or surface
runoff water, while the 11th ﬁeld (T2) is used as a reference ﬁeld.
The surface area of the ﬁelds ranges from 0.34 to 1.08 ha and is
cultivated following a traditional winter wheat/corn crop rotation.
Most of the ﬁelds (T3, T4, T5, T6, T7, T8, T9, T10 and T11 (Fig. 2)) are
equipped with an individual tile drainage system (for drainage
discharge collection) and/or surface runoff traps consisting of metal cuttings placed at the ﬁeld edges to collect surface runoff water. There are

drainage trenches between the ﬁelds to avoid surface water to pass
from ﬁeld to ﬁeld. The tile drains are located at a depth of d = 0.9 m
below the soil surface, with a spacing of 10 m (Branger et al., 2006). The
amount of water outﬂow from drainage system and surface runoff is
measured separately for each ﬁeld. The meteorological data were collected from two meteorological stations at La Jaillière (ARVALIS-Institut du
végétal, 2010): the old station from 1982 that is situated 1.4 km from
the ﬁelds, and a new station from 2005 that is located at the
experimental site and has been operating since January 1st 2006.
4. Experimental setup
The aim of our study is to build models from existing datasets using
different machine learning techniques to address the task of modeling
drainage discharge and surface runoff water outﬂow at the ﬁeld scale.
In addition, we compare the achieved performance against that of the
state-of-the-art physical-based models MACRO (Larsbo and Jarvis,
2005) and RZWQM (Ahuja et al., 2000).
First, we pre-processed the collected data and derived new input
variables that could be useful for better description of the water
outﬂow. Second, we established an experimental setup based on two
regression problems and six methods (described above). The two
regression problems correspond to the two water outﬂow types
(drainage discharge and surface runoff on the ﬁelds with installed
drainage system). Finally, for each of the twelve modeling tasks, parameter tuning of the machine learning algorithms was performed,
resulting in over 2000 experiments (runs of the algorithms).
4.1. Data
For the purpose of our data mining experiments, we assembled the
dataset in accordance with water outﬂow type, which yields one dataset
for drainage discharge and one for surface runoff water outﬂow on the
ﬁelds with drainage systems installed. The independent variable set is
the same for both regression problems (surface runoff and drainage
discharge) and is given in Table 1.
The datasets comprise meteorological measurements, agricultural
practices and crop management, and water outﬂows records. All data
has been collected on a daily basis. Based on this, we have expanded
the range of independent variables that can be used for better

Fig. 3. Variability of rainfall, reference evapotranspiration, and temperature within the selected case study.
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Table 1
The variables for modeling drainage discharge and surface runoff water outﬂow.
Variable

Description

Temp
TempAx

Average air temperature for the day of measurement
Average air temperature for the day of measurement and x days
before, where x = {1, 2, 3, 4, 5}
TempNx
Average air temperature for the x-th day before the measurement,
where x = {1, 2, 3, 4, 5}
Rainfall
Cumulative rainfall for the day of measurement
RainfallAx
Cumulative rainfall for the day of measurement and x days before,
where x = {1, 2, 3, 4, 5}
RainfallNx
Cumulative rainfall for the x-th day before the measurement, where
x = {1, 2, 3, 4, 5}
Evp
Cumulative evapotranspiration for the day of measurement
EvpAx
Cumulative evapotranspiration for the day of measurement and x
days before, where x = {1, 2, 3, 4, 5}
EvpNx
Cumulative evapotranspiration for the x-th day before the measurement, where x = {1, 2, 3, 4, 5}
Irrigation
Cumulative irrigation for the day of measurement
IrrigationAx Cumulative irrigation for the day of measurement and x days before,
where x = {1, 2, 3, 4, 5}
IrrigationNx Cumulative irrigation for the x-th day before the measurement,
where x = {1, 2, 3, 4, 5}
Crop
Crop present on the ﬁeld at the day of measurement
CDCoef
Crop development coefﬁcient for the day of measurement
Season
Weather season {Autumn–winter, spring or summer}
Days
Num. of days since the beginning of the campaign (1st September)

description of the outﬂow process, as described below. The datasets do
not include data about the soil content and texture, since we are aiming
to learn models, which perform well and best predict the water outﬂows only from data that are permanently monitored (e.g., weather
conditions and agricultural practices).
Meteorological measurements include the daily cumulative
amounts of rainfall and evapotranspiration and the daily average, lowest and highest air temperature. We expanded this range of variables
by taking a history of up to 5 days (from the day of consideration),
both cumulative and daily values for the rainfall and evapotranspiration.
Similarly, we considered average and daily averages for the temperature. These are described in the ﬁrst six rows of Table 1.
The agricultural practices and crop management data include the
crop present on the ﬁeld for each daily record. Crop management data
were extended with the crop development coefﬁcient, which incorporates crop characteristics and averaged effects of evaporation from the
soil and describes the crop development phase. It is represented as a numeric variable that takes values between 0.0 (initial phase under typical
growing conditions) and 1.0 (late pre-harvesting phase). Furthermore,
irrigation is represented with both daily records and a history of up to
5 days in the same way as meteorological measurements.
Finally, the weather seasons have been described with one descriptive
variable taking value from the ﬁnite set of possible seasons (autumn–
winter, spring, summer), and one numerical variable that represents
the number of days since the start of the agricultural campaign (1st of
September). A summary of the complete set of variables is given in
Table 1.
The data were collected since the campaign 1987/1988 until the
campaign 2010/2011, resulting in datasets of 78,894 records for drainage discharge and 70,128 records for surface runoff water outﬂow.
The numbers differ since drainage discharge was collected from 9 ﬁelds
(T3, T4, T5, T6, T7, T8, T9, T10, T11), while surface runoff was collected
from 8 ﬁelds (T3, T4, T6, T7, T8, T9, T10, T11).

in terms of their performance. In discussion, we compare the performance of the best learned model with the performance of the stateof-the-art models for each water outﬂow type separately.
In linear regression, we tune the “Ridge” parameter, which regulates
the overﬁtting to the data by regularization and prevents unreasonably
complex solutions/equations. In regression and model trees, we tune
the parameter Nmin. This parameter helps keeping the size of the decision trees reasonable, which also prevents overﬁtting to the data. The
ensembles consist of with unpruned decision trees, since we maximize
the variance in the predictions among baseline models (regression and
model trees) and overﬁt a baseline models to a small portion of the
input space. However, we tune the parameter that controls the number
of baseline models within an ensemble (Ntree), which helps to identify
the plateau where performance converges and prevents learning a
complex model. A summary of the parameter tuning experiments is
given in Table 2.
We evaluate the constructed models using separate pre-deﬁned
validation and test datasets, and randomly split train and test datasets
by using 10-fold cross validation. Namely, the complete datasets are
divided into three subsets: train, validation, and test data sets. The
division was made in accordance with the campaigns. The train dataset
consists of records from the campaigns 1987/1988–2004/2005, the
validation dataset covers the campaigns 2005/2006–2007/2008, and
the test dataset consists of the remaining campaigns, 2008/2009–
2010/2011. On the other hand, 10-fold cross validation randomly splits
the whole dataset in ten folds and takes 9 of them for learning purpose,
while the last one is used for testing and evaluation of the performance
of the learned model. This approach is repeated ten times, each time
leaving out a different test fold. The model's performance is calculated
as an average across all ten iterations. The cross-validation is repeated
ten times, due to the randomness included in the process of fold's
selection. Such approach results in a stable assessment of the expected
performance of the models.
The performance is evaluated using three performance metrics: Root
Mean Squared Error (RMSE), Root Relative Squared Error (RRSE) and
Pearson's correlation coefﬁcient (r). RMSE is a measure that captures
the squared residuals over the total number of instances:

RMSE ¼

sX
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n
ðp −ai Þ2
i¼1 i
n

;

ð2Þ

where n is the number of instances (examples), pi is the predicted value
for the i-th instance and ai is the actual (measured) value of the i-th
instance.
RRSE measure expresses the squared residuals relative to the residuals
of simple average model and it is deﬁned as:
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
uXn
u
ðpi −ai Þ2
;
RRSE ¼ t Xi¼1
n
ða −aÞ2
i¼1 i

ð3Þ

where n is the number of instances (examples), pi is the predicted value
for the i-th instance, ai is the actual (measured) value of the i-th instance

Table 2
Summary of parameter tuning experiments.

4.2. Experiments
For the two modeling task (drainage discharge and surface runoff),
we ﬁrst perform preliminary data analysis to tune the parameters of
linear regression, polynomial regression, regression trees, model trees,
and bootstrap sampled ensembles of regression and model trees.
Then, we compare the models learned with each of the tuned methods
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Linear regression
Polynomial regression
Regression tree
Model tree
Bagging (regression T.)
Bagging (model T.)

Parameter

Range (step)

Ridge
Term depth
Min. number of instances
Min. number of instances
Number of trees
Number of trees

[1.0E−10, 1.0E−3] (1.0E−1)
[2–6] (1)
[4–500] (1)
[4–500] (1)
5, 10, 25, 50, 75, 100, 250, 500
5, 10, 25, 50, 75, 100, 250, 500
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and ā is the average of the values in the target variable of the training
data sets.
Pearson's correlation coefﬁcient captures the correlation between
the observed and predicted values of the target variable:
Spredicted=observed
r ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ ;
Spredicted  Sobserved

ð4Þ

where
Xn
Spredicted=observed ¼

Xn
Spredicted ¼

i¼1

i¼1

ðpi −pÞðai −aÞ

ðpi −pÞ2

n−1

n−1

;

ð5Þ

;

ð6Þ

Xn
Sobserved ¼

i¼1

ðai −aÞ2

n−1

;

ð7Þ

n is the number of instances (examples), pi is the predicted value for the
i-th instance, ai is the actual (measured) value of the i-th instance, p is
the average of the predicted values and ā is the average of the values
in the target variable of the data sets used for test.
The experimental design is as follows. The models are learned on the
train dataset using the deﬁned range of parameter values for each algorithm. Then, we select the best tuned models, one from each method
used, and overall best performing models using their RRSE measured
on the validation dataset. Furthermore, we report the performance
(RRSE) of the selected models on unseen data from the test dataset
in order to avoid a biased selection. Finally, we perform a crossvalidation of the best learned models in order to estimate the stability
of their performances.
We consider additional comparison of the best performing models
learned with machine learning with the physical-based models

a

b

c

d

e

Fig. 4. Error proﬁles resulting from tuning of parameters of each method used in the study, both for training and validation data: a) linear regression performance for different values of the
ridge parameter, i.e., 1.0E−i, where i = 3, 4, 5, 6, 7, 8, 9, 10; b) polynomial regression models with RRSE obtained by varying the term depth in the interval [2–6]; c) regression tree
performance for different values of the parameter Nmin; d) model tree performance for different values of the parameter Nmin; and e) bagging ensembles of regression (BRT) and
model tree (BMT) performance by varying the Ntree parameter. T/V stands for Train and Validation data.
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MACRO and RZWQM. Both models are applied with their initial values
of parameters. Additionally, MACRO is calibrated using soil hydraulic
parameters, which outperforms the simulations of MACRO with initial
values of the parameters.

Table 3
Summary of models' performance on each data set for predicting drainage discharge.
The values of the tuned parameters of the algorithms are given in the brackets. LR
stands for linear regression, PR for polynomial regression, RT for regression tree,
MT for model tree, BRT for bagging of regression tree, and BMT for bagging of model
tree.

5. Results
In this section, we report the results obtained by the learned models
in terms of their predictive performance. We report the results for both
the drainage discharge and the surface runoff water outﬂow, and
discuss their applicability with additional comparison with the results
obtained by the MACRO and RZWQM models.
For each type of water outﬂow, we ﬁrst report the outcome of the
step where the algorithms' parameters were tuned. Next, we compare
the best performing models obtained by each method described in
the experimental design. Finally, we discuss the overall results of the
empirical evaluation.

397

Training dataset

Validation dataset

Testing dataset

Cross-validation

Corr.
RMSE
RRSE
Corr.
RMSE
RRSE
Corr.
RMSE
RRSE
Corr.
RMSE
RRSE

LR
(1.0E−8)

PR (3)

RT (19)

MT (5)

BRT
(100)

BMT
(100)

0.63
1.62
77.99
0.61
1.57
79.07
0.61
1.56
79.5
0.61
1.52
79.14

0.76
1.56
41.79
0.77
1.05
54.77
0.75
0.99
46.9
0.76
1.51
41.79

0.93
0.78
37.46
0.89
0.88
44.32
0.87
0.94
49.15
0.90
0.85
44.21

0.96
0.59
28.3
0.93
0.74
37.43
0.90
0.82
42.7
0.93
0.70
36.46

0.98
0.45
21.50
0.96
0.58
29.50
0.93
0.70
36.60
0.95
0.61
32.01

0.98
0.45
21.50
0.96
0.58
29.50
0.93
0.70
36.60
0.95
0.61
31.97

5.1. Drainage discharge
Each machine learning method has been applied with various values
of its corresponding parameters. With such processing, we tuned the
initial parameters of the methods, which improves the models' performance. Fig. 4 shows the relation between the parameter values and
the performance of the models for each of the six types of models.
In the case of linear regression, values of the “Ridge” parameter
smaller than 1.0E−9 lead to models that are overﬁtted to the training
data set and perform poorly on new unseen records. Values greater
than 1.0E−4 result in models that underﬁt the data. Therefore, the optimal range for the “Ridge” parameter is the interval [1.0E−4, 1.0E−9],
where the best value is 1.0E−8 (Fig. 4a).
Tuning the Nmin parameter of regression and model trees shows that
low values of around 20 instances in the leaves are optimal for these
methods, resulting in models with high performances (Fig. 4c, d).
Tuning the ensembles, i.e., bagging of model/regression trees,
includes tuning the number of trees in ensembles of unpruned decision trees (Ntree). In such settings, we allowed each particular base
model (regression or model tree) to overﬁt to a particular subspace of the instances, behavior of which is well observed and
learned by the learned base model. On the other hand, by varying
the Ntree parameter we estimate the optimal number of total subspaces on which the input space is divided. Fig. 4e shows that the
models learned with ensembles consisting of 100 regression or 100
model trees have best predictive performance, regarding the performance and complexity. Namely, the performance of the models converges in a plateau which does not make signiﬁcant improvements if
the number of trees is further increased. Finally, the choice of the
baseline model, regression or model trees, does not affect the performance of the ensembles.
Table 3 and Fig. 5 show the RRSE, RMSE and Pearson's correlation
values for the best performing drainage discharge models. Fig. 5
presents the overall performance over test data set, while Table 3
presents the model performance for each data set separately.
The ensembles learned with bagging of regression and model trees
have the best performances (Fig. 5). Furthermore, the performance
decreases slightly when applied on new unseen data as compared to
the performance on the training data set (Table 3). Namely, the RRSE
shows that the ensembles signiﬁcantly improve the predictive performance of the learned models compared to the simple model,
i.e., simple average of the target variable, while RMSE reveals the low
deviation of the residual distribution (0.58 and 0.70 for validation and
test set, respectively) compared to the standard deviation of the target
variable, which are 1.382 and 1.455 for validation and test set, respectively. Finally, the correlation coefﬁcient shows that ensembles perform
well in matching the trajectory of the observed values for the target
variable with the trajectory of the predicted values.

The conclusions are further conﬁrmed with the performance obtained by cross-validation, values of which do not differ from those obtained
by time-based sampling of the training, validation and test sets. Furthermore, the random sampling process reveals the difference among best
performed learned ensemble models. Bagging of regression trees
shows higher variability in performance over ten different randomly
sampled test datasets compared to bagging of model trees. Therefore,
for further discussion we consider the model learned with bagging of
model trees as best performing machine learning model.

a

b

Fig. 5. Performance summary of the best drainage discharge data mining models, over
validation dataset: a) models' performances expressed with relative error (RRSE) and
b) models' performances in terms of the Pearson's correlation coefﬁcient.
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a

b

c

d

e

Fig. 6. Error proﬁles resulting from tuning of parameters of each method used in the study, both for training and validation data: a) linear regression performance for different values of the ridge
parameter, i.e., 1.0E −i, where i = 3, 4, 5, 6, 7, 8, 9, 10; b) polynomial regression models with RRSE obtained by varying the term depth in the interval [2–6]; c) regression tree performance for
different values of the parameter Nmin; d) model tree performance for different values of the parameter Nmin; and e) bagging ensembles of regression (BRT) and model tree (BMT) performance
by varying the Nmin parameter. T/V stands for Train and Validation data.

5.2. Surface runoff
For the modeling of surface runoff water outﬂow, we used the same
methodological steps as for the modeling of drainage discharge
described in the previous subsection. Fig. 6 shows the error proﬁles of
the data mining methods resulting from tuning the algorithm parameters. High variability of the performance of regression and model trees
can be observed as the Nmin parameter values are varied.
On the other hand, ensembles have a robust performance over the
Ntree parameter range considered where we do not consider any significant variability. The ridge parameter of linear regression was tuned to
1.0E− 9, while regression and model trees performed best when the
minimal numbers of instances in the leaves were set to 26 and 16,
respectively.
The high variability of the error in the case of regression and model
trees gives a ﬁrst insight into the quality of the collected data. The error
variation for lower values of the parameter Nmin emphasizes the presence of noise in the target variable and existence of high variability

Table 4
Summary of models' performance on each data set for the task of surface runoff water
outﬂow prediction. The values of the tuned algorithm parameters are given in the
brackets. LR stands for linear regression, PR for polynomial regression, RT for regression tree, MT for model tree, BRT for bagging of regression tree, and BMT for bagging
of model tree.

Training dataset

Corr.
RMSE
RRSE
Validation dataset Corr.
RMSE
RRSE
Testing dataset
Corr.
RMSE
RRSE
Cross-validation
Corr.
RMSE
RRSE

LR
PR (3)
(1.0E−9)

RT (26) MT (16) BRT
BMT
(100) (100)

0.41
0.32
91.22
0.39
0.32
92.07
0.38
0.30
92.50
0.38
0.30
92.43

0.68
0.25
73.28
0.63
0.27
77.87
0.60
0.26
80.09
0.59
0.26
80.96

0.41
0.56
85.00
0.35
0.43
111.69
0.46
0.35
160.29
0.46
0.48
152.18

0.75
0.23
67.03
0.69
0.25
72.57
0.67
0.24
74.76
0.64
0.25
77.14

0.89
0.18
50.68
0.82
0.21
59.89
0.80
0.20
61.63
0.74
0.23
67.68

0.89
0.18
50.68
0.82
0.21
59.89
0.80
0.20
61.63
0.74
0.22
67.85
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a

b

Fig. 7. Performance summary of the best drainage discharge data mining models, over validation dataset: a) models' performances expressed with relative error (RRSE) and b)
models' performances in terms of the Pearson's correlation coefﬁcient.

among its values, observed under similar circumstances. Furthermore,
this is conﬁrmed by the ﬁnal performance of the learned models,
which is bad and does not change much between the training and
unseen data (Table 4).
Overall, the data mining models show lower predictive performance
as compared to those for the task of drainage discharge prediction. The
difference is high for regression and model trees as well as for ensembles of regression and model trees. Linear and polynomial regressions
show very poor performance, similar or even worse than the performance of the average value predictors of the surface runoff water
outﬂow.
The models learned with bagging of regression and model trees have
the lowest root relative squared error and the highest correlation
coefﬁcient (Fig. 7). Therefore, we can conclude that these models outperform the rest. The cross-validation additionally strengthens the
performance and conﬁdence in behavior of bagging with model and regression trees and reveals the advantage of the latter when we consider
the variability in performance among the ten randomly sampled test
datasets.
5.3. Discussion
The results presented above give a clear insight into the possibilities
of considering machine learning and data mining techniques for modeling environmental data, in particular water outﬂow from permanently
collected data (e.g., weather conditions, agricultural practices and
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general characteristics of ﬁelds), excluding expensive ﬁeld analysis.
The performance, expressed through RRSE, RMSE and correlation
coefﬁcient, emphasizes the strength of the learned models in their
predictive task, while models' structures (except ensembles) give
insights in the importance of the variables in the process of water outﬂow from the ﬁeld. The learned models for both drainage discharge
and surface runoff emphasized the importance of the cumulative
amount of rainfall from past four and ﬁve days, as well as average
temperature from a short period of two and three days in the past.
Evapotranspiration has been ignored since it is correlated to both rainfall and temperature, while irrigation events are pretty rare and occur
during the dry period of a campaign, when the water capacity of the
soil is high. The crop management and ﬁeld characteristics appear to
be less important for the process of water outﬂow in our case study.
In order to strengthen our ﬁndings, we compare the obtained performance from our best performing model (bagging of model trees) with
commonly used state-of-the-art models MACRO and RZWQM for
modeling both drainage discharge and surface runoff (Fig. 8).
For the task of modeling drainage discharge, the bagging of model
trees and RZWQM with default values of the parameters shows similar
performance over the test data set. Namely, RZWQM performs slightly
better in terms of the root relative square error, while the correlations
are effectively the same (Fig. 8a). MACRO exhibits far lower performance with relative error of 130%, which in fact means that it performs
worse than the simple model that predicts the average of the target
variable in the training data set.
Fig. 9 shows the simulations of these three models for the task
of drainage discharge, along with measured data for the campaign
2009/2010 at ﬁeld T4. A considerable difference in the curves is observed and none of them represents an exact match of the measured
data. The RZWQM simulation performs very well in terms of timing of
the peak outﬂows and, in some cases, their amplitudes. The data mining
model predictions match the measured data within the period with
many drainage events well, while roughly approximates the drainage
discharge during the beginning of the campaign. On the other hand,
MACRO, with calibrated parameters, only gives a rough approximation
over the entire campaign, completely missing the main peaks of
extreme drainage events.
For the task of modeling surface runoff, we compare the performance of our machine learning models with the performance of
RZWQM. Fig. 8c shows a considerable difference in the error of the
two models, measured in terms of RRSE. This difference in RRSE values
is directly visible as a qualitative difference in the simulation shown in
Fig. 10, where RZWQM overestimates the surface runoff during the
winter period and predicts zeros in the rest of the campaign. On the
other hand, the bagging ensemble of model trees makes good predictions during the winter periods and overestimates surface runoff outﬂow in the beginning of the campaigns. In general, it follows the
dynamics of the surface runoff outﬂow in most of the periods within
the campaign.
The applicability of the learned models differs a lot from the applicability of the state-of-the-art models. Namely, the MACRO and RZWQM
are developed to cover a wide range of scenarios, regarding soil and climate conditions, while our learned models are ﬁtted to data available
from La Jaillière experimental site, which is a representative experimental site for one scenario (out of ten) deﬁned by FOCUS working group
and covered by the MACRO model. Therefore, the similar behavior can
be observed if the learned models are applied on each other agricultural
ﬁeld that belongs to the deﬁned scenario, where the La Jaillière experimental site is representative for.
The limited applicability of the learned modes over a single region or
similar regions can be considered as a general limitation of the proposed
approach when modeling environmental data. Namely, to cover all ten
scenarios included in the MACRO model, we need data collected from
each representative experimental site. Otherwise, the proposed
approach cannot be applied. In such cases, state-of-the-art models or
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a

b

c

d

Fig. 8. Comparison of the performances (RRSE and Pearson's correlation) of the best data mining models for predicting drainage discharge (a and b) with the performance of MACRO and
RZWQM and learned models for predicting surface runoff (c and d) with performance of RZWQM, over data collected in the T4 ﬁeld for the period 2008–2011.

analysis of simulation of such models can be considered. A guidance for
analysis and combination of simulations from environmental process
using machine learning and data mining is given by Trajanov (2010).
Finally, the value of the proposed modeling approach increases
when we consider the complexity of the input data for the physicallybased state-of-the-art models. They require more speciﬁc data (besides
the meteorological data and agricultural practices),such as organic
carbon content, properties of each horizon in the soil, texture and bulk
density for parameter estimation of thermal capacity, hydraulic conductivity and water retention, in order to produce reliable predictions.

6. Conclusion

Fig. 9. Simulations of the drainage discharge with the best data mining model, MACRO and
RZWQM, and their comparison with measured data for the ﬁeld T4 during the campaign
2009/2010.

Fig. 10. Simulation of the surface runoff outﬂow with the best data mining model and
RZWQM and their comparison with measured data for the ﬁeld T4 during the campaign
2009/2010.

In the last few decades, several physically-based models for simulating water movement through the soil have been developed for
various scales of application. These models are mainly physicallybased and heavily rely on the theory incorporated with the expert
knowledge. However, they accomplish the requirement of accurate
simulations, if given precisely measured data. On the other hand,
the development of information technology has allowed data to be
collected efﬁciently from various data sources (e.g., agricultural
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ﬁelds). These data can be used for improving the performance of
existing models or the development of new models that will be
able to compete with the existing ones. The evolution of data collection and storage technologies gave us an opportunity to apply advanced data mining techniques to the tasks of modeling water
outﬂow in agricultural ﬁelds.
In this manuscript, we presented the application of data mining
and machine learning techniques in the domain of agriculture to describe and predict water outﬂow (drainage discharge and surface
runoff) from a ﬁeld. The methods described were applied on the
case study of La Jaillière, an experimental site located in Western
France and owned by ARVALIS-Institut du végétal. The experimental
ﬁelds are equipped with modern tools for collecting data concerning
agricultural practices, crop management, meteorological and water
outﬂow data.
The results conclusively conﬁrm the suitability of data mining and
machine learning techniques for using the existing collected data to
learn models that describe and predict values of the observed processes,
in this case water outﬂow from agricultural ﬁelds. We have demonstrated that data mining techniques can overcome the major drawbacks of
the existing physically-based models, which require complex data
inputs in order to improve their descriptive performances and validity
for local speciﬁcs.
The proposed approach has been additionally compared to the
physically-based MACRO and RZWQM state-of-the-art models. The
learned models clearly outperform the MACRO model, while the
RZWQM model has overall comparable performance, but predicts
the water outﬂow better over the beginning of the campaign and in
late spring. On the other hand, our approach outperforms RZWQM
when modeling surface runoff. In most of the cases RZWQM predicts
no surface runoff, and small amounts of water during the winter period,
while the predictions made by our approach consistently match the
measured data.
In further work, we will apply our approach also to the problem of
modeling the concentration and ﬂux of plant protection products in
water outﬂow. The application will ﬁrst cover the same case study,
i.e., the La Jaillière experimental site. We will later apply the same
approach to different case-studies across Europe.
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