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A B S T R A C T

Soil drainage conditions are highly important to farmers and the environment. To map drainage classes effi-
ciently, several analytical approaches, such as decision tree classification, can be used. Decision tree classifi-
cation can be improved by combining the predictions of several trees with boosting and bagging techniques. This
study tested the relative performance of boosting and bagging for the prediction of drainage classes.
Furthermore, as drainage classes form an ordered series rather than unrelated classes, differential costs for
misclassification were tested in combination with each technique. Decision tree models were trained from 1135
observations of soil drainage classes and validated using leave-one-out cross validation and a hold-out validation
sample with 567 observations. The best model was achieved using bagging combined with differential costs for
misclassification (overall accuracy = 52.0%). On the other hand, differential costs for misclassification reduced
the overall accuracy of boosted decision trees from 50.8% to 49.2%. The best models obtained with boosting and
bagging were used to produce maps of drainage classes on a national extent. The maps predicted the same
drainage class in 81% of the study area. Finally, with boosting as well as bagging, the models had a high usage of
the predictor variables wetlands, slope to channel network, clay content, land use and geology.

1. Introduction

Soil drainage conditions, defined as the degree and frequency with
which the soil matrix is free of water saturation, are highly important to
farmers, environmentalists and policy makers. They affect plant growth,
soil biota, the leaching of nutrients, the release of greenhouse gases, and
the preservation of archaeological artefacts (Gambrell et al., 1975; Levine
et al., 1994; Nuutinen et al., 2001; Smith et al., 2003; Van de Noort et al.,
2002; Watson et al., 1976). The poorest natural drainage conditions are
found in wetlands, where the depth to the groundwater is shallow. In
other areas, the natural drainage condition is usually the result of the
topography and the soil texture, as a fine texture can hinder the in-
filtration of water. As insufficient soil drainage can severely reduce crop
growth, it is often ameliorated by artificial means such as ditching and
subsurface drain pipes in agricultural fields (Brady and Weil, 1996). The
artificial drainage systems can in turn affect the hydrologic cycle and all
of the processes above, as they alter the natural drainage conditions of
the soil (Ernstsen et al., 2015; Schelde et al., 2006). In order to ensure
optimal agricultural practices and protect the environment, knowledge
about the soil drainage conditions is needed. However, the knowledge is
often found lacking, and assessments will usually have to rely on the
farmer's experience or time-consuming field work.

As an alternative, soil drainage can be digitally mapped by various
analytical approaches, of which a large number have been applied over
the last decades. Bell et al. (1992, 1994), Kravchenko et al. (2002) and
Liu et al. (2008) mapped soil drainage classes using discriminant ana-
lysis. Bell et al. (1992, 1994) mapped three generalized drainage classes
for a 144 km2 area in Pennsylvania, USA based on soil observations and
maps of geological and topographic variables. The study found the
achieved accuracy of 74% was higher than the accuracy achieved with
a conventional soil survey of the same area (69%).

Kravchenko et al. (2002) mapped three generalized drainage classes
for a 20 ha area in Illinois, USA based on soil observations and maps of
topographic variables and soil electrical conductivity. The study used
discriminant analysis, indicator kriging, and cokriging, finding that
discriminant analysis and cokriging provided the best results. Liu et al.
(2008) mapped three drainage classes for two adjacent fields in On-
tario, Canada based on soil observations. The variables used included
topographic variables, apparent soil electrical conductivity and remote
sensing imagery obtained during bare soil conditions. Niang et al.
(2012) mapped five drainage classes for a 167 km2 area in Quebec,
Canada, using soil profiles and data derived from remote sensing
images as input data. The study tested the results obtained with dis-
criminant analysis versus the results using decision tree classification,
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and found that decision tree classification provided the best results.
Decision tree classification was also used by Cialella et al. (1997) and
Lemercier et al. (2012). Cialella et al. (1997) mapped five drainage
classes for a 24 km2 boreal forest site in Maine, USA. The training and
validation data used in the study were sampled from a map of drainage
classes derived from a conventional soil map, and the predictor vari-
ables included topographic variables and NDVI from satellite imagery.
Lemercier et al. (2012) mapped four drainage classes for a 4645 km2

area in Brittany, France. The model was trained on points extracted
from detailed soil maps of smaller areas, combined with layers of to-
pographic variables, geology, land use, data from gamma-ray spectro-
metry and a map of soil parent material. Zhao et al. (2008) mapped
seven drainage classes for a 14.5 km2 area in New Brunswick, Canada
using an artificial neural network (ANN) with DEM derived topographic
variables and soil parameters derived from a coarse resolution con-
ventional soil map as input. The study used drainage classes from a high
resolution conventional soil map for training and validation. Zhao et al.
(2013) proceeded to map seven drainage classes for Nova Scotia, Ca-
nada (55,000 km2) using the ANN from the previous study, an ANN
trained on observations from the new study area, and a linear trans-
formation model with models for 12 different landforms. The study
found that the ANN from the previous study predicted the drainage
classes poorly, while the linear transformation model had the best
prediction. Other methods used include logistic modelling used by
Campling et al. (2002) and unsupervised classification used by Peng
et al. (2003). Campling et al. (2002) mapped six drainage classes for a
589 km2 area of South Eastern Nigeria based on soil observations. The
study found that the best predictions were achieved by combining
terrain and vegetation information. Peng et al. (2003) mapped three
drainage classes for a 57 ha area with bare soil in Maine, USA using
topographic variables and spectral images from several sources. The
study found that the best predictions were achieved with high-resolu-
tion imagery.

Decision tree classification is a machine learning technique, which
works by recursive partitioning of a dataset in order to arrive at a
homogenous classification of a target variable. At each split the algo-
rithm aims to reduce the entropy of the target variable in the resulting
datasets by choosing the optimal split from of a number of independent
variables. The technique has several advantages, as it is computation-
ally inexpensive, makes no assumptions about the distribution of the
predictor variables and is robust towards missing data and redundant
predictor variables (Mitchell, 1997; Quinlan, 1996; Rokach and
Maimon, 2005; Tan et al., 2014). As single decision trees are usually
weak classifiers, it is common to combine the predictions of several
decisions trees to obtain a better predictive performance by means of
ensemble techniques such as boosting or bagging (Bauer and Kohavi,
1999; Dietterich, 2000). Of the previous studies using decision tree
classification for mapping drainage classes, Cialella et al. (1997) and
Niang et al. (2012) used single decision trees, while Lemercier et al.
(2012) used stochastic gradient boosting, which combines boosting and
bagging.

Apart from the prediction of soil drainage classes, decision tree
classification has been successfully applied to map other categorical soil
variables in a large number of studies (Adhikari et al., 2014; Chaney
et al., 2016; Giasson et al., 2011; Kheir et al., 2010a; Kheir et al., 2010b;
Lagacherie and Holmes, 1997; Lemercier et al., 2012; Moran and Bui,
2002; Odgers et al., 2014; Scull et al., 2003; Taghizadeh-Mehrjardi
et al., 2014). The technique has most frequently been applied to map
soil types, but alternative uses have included Cu-content classes and
fertility classes (Chen and Ma, 2010; Zhang et al., 2008).

By default, decision tree classification does not take similarities
between the predicted classes into account, and treat the cases as either
correctly or incorrectly classified. However, in the case of drainage
classes, some misclassifications can be more severe than others. For
example the misclassification of a poorly drained soil as a moderately
well-drained soil is closer to reality than misclassifying it as a well-

drained soil, and would have practical implications for the soil man-
agement. Some decision tree algorithms can be altered by im-
plementing differential costs for misclassification (Drummond and
Holte, 2000; Kuhn et al., 2015; Ting, 1998), and it is conceivable that
this method may improve the prediction of drainage classes.

In Denmark, soil drainage conditions are divided into five classes:
very well-drained soils (DC1), well-drained soils (DC2), moderately
well-drained soils (DC3), poorly drained soils (DC4), and very poorly
drained soils (DC5). These classes are mainly defined from morpholo-
gical characteristics such as the presence and depth of pseudogley, re-
duced horizons and histic epipedons (Madsen and Jensen, 1988). The
classes have been used in the description of soil profiles but have not
previously been mapped in any areas of Denmark.

The study aims at mapping the drainage classes of Danish soils on a
national extent by means of decision tree classification. It will test the
relative effects on predictive performance of boosting vs. bagging and
investigate how the performances of each of the two techniques are
affected by the implementation of differential costs for misclassifica-
tion.

2. Materials and methods

2.1. Study area

Denmark is located in northern Europe with a total area of
42,895 km2. The landscape is generally flat with a mean elevation of
31 m above sea level. The climate is temperate with a mean annual
temperature of 8.7 °C in the years 2001–2010, ranging from 1.5 °C in
the winter to 16.3 °C in the summer. The mean annual precipitation was
approximately 770 mm, ranging from about 650 mm in the eastern part
of the country to about 875 mm in the western part of the country
(Wang, 2013).

The geology consists mostly of loamy Weichselian moraine in the
eastern part of the country and sandy glacial outwash plains and
Saalian moraine in the western part. The dominant soil types are
Luvisols and Podzols in the eastern and western parts of the country
respectively (Jacobsen, 1984). Historically, topographic maps have
shown wetlands covering> 20% of the country. The wetlands com-
prised meadows in river valleys and along the coast, salt marshes in the
south-western part of the country, raised sea beds in the northern part
of the country, and sinks in kettled moraine landscapes. However, due
to drainage activities in the 19th and 20th centuries, the extent of
wetlands has been much reduced. Historically, They have also been
present in moorlands, where placic horizons could hinder the infiltra-
tion of water (Madsen et al., 1992).

The main land use is agriculture, which accounts for 66% of the land
area, followed by natural vegetation (16%) and urban areas (10%)
(Statistics Denmark, n.d.).

2.2. Training and validation data

1702 soil profiles were used as input data. 860 profiles were located
along a major gas pipeline, and 841 profiles were located on a 7 km grid
(Fig. 1). The soil profiles along the gas pipeline were described in the
years 1981–1985, while the 7 km grid was investigated in the years
1987–1989 (Madsen et al., 1992). The soil profiles were dug to a depth
of 1.5–1.8 m, or less if a water table or bedrock was encountered<
1.8 m from the surface. The profiles were photographed and described
according to “A key To Soil Profile Description” (Madsen and Jensen,
1988), which is an adaptation of FAO's” Guidelines For Soil Profile
Description” (FAO, 1977) for Danish conditions. The descriptions in-
cluded horizon sequence, depth, colour, texture and other character-
istics, and samples were collected from the horizons in order to measure
the physical and chemical properties of the soil.

The drainage classes assigned during the original surveys were used
for 1697 profiles. Five profiles which did not a have a drainage class
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assigned to them during the surveys had their drainage classes de-
termined from the profile description and pictures. The drainage classes
are defines as (Madsen and Jensen, 1988):

• DC1 (Very well-drained soils): Soils with no hydromorphic features
in the upper 120 cm.

• DC2 (Well-drained soils): Soils with pseudogley at 80–120 cm or
weak signs of temporary water stagnation in the upper 120 cm.

• DC3 (Moderately well-drained soils): Soils with gley at 80–120 cm,
pseudogley at 0–80 cm or clear signs of temporary water stagnation
at 40–120 cm.

• DC4 (Poorly drained soils): Soils with a reduced horizon at
80–120 cm, gley at 0–80 cm, an organic-rich A horizon, a histic top-
horizon, a water table at 50–100 cm during the summer in most
years or clear signs of temporary water stagnation at 0–40 cm.

• DC5 (Very poorly drained soils): Soils with a reduced horizon at
0–80 cm or a constant water table at 0–50 cm.

Two thirds of the data were used for training, and one third for
validation. The data were split using a stratified random split in order to
ensure equal proportions of drainage classes in the training data and the
validation data (Table 1). The most common drainage class in the input
data is DC3 with 37.5% of the profiles, while DC5 is the rarest drainage
class with 4.3% of the profiles.

2.3. Predictor variables

In the study, 31 predictor variables were used (Table 2). A LiDAR
based DEM in 1.6 m resolution was aggregated to 30.4 m resolution by
calculating the mean value of the 19 × 19 cells covered by each of the
cells in the new layer. 15 topographic parameters were derived from the

30.4 m DEM. Horizontal distance to channel network was calculated as
the two-dimensional Euclidean distance to vector layers of water-
courses, lakes and the sea. Slope to channel network calculates the slope
angle to the hydrologically nearest waterbody as arctan (Vertical dis-
tance/Horizontal distance), with surface flow direction taken into ac-
count. Depth to groundwater was calculated from a groundwater table
modelled at a 500 m resolution (Henriksen et al., 2012). The ground-
water table was resampled to a 30.4 m resolution by means of bilinear
interpolation and subtracted from the DEM. Multiresolution valley
bottom flatness was calculated as described by Gallant and Dowling
(2003).

Layers of soil clay contents were calculated in four depth intervals
by aggregating clay contents predicted by Adhikari et al. (2013), using
weighed averages of the finer intervals used in the original study.
Cropping history was extracted from digital field maps with farmers'
declarations for area payments for the period 2011–2014 (The Danish
Agrifish Agency, 2014). The crops were classified as either drainage-
dependent, possibly drainage-dependent or drainage-independent, and

Fig. 1. Training and validation datasets used in the study and the drainage classes of the soil profiles. The location of the study area is shown in the upper left corner.

Table 1
Number of soil profiles per drainage class for the whole dataset and the training and
validation datasets.

DC Name Whole
dataset

Training data Validation data

1 Very well-drained soils 331 221 110
2 Well-drained soils 286 191 95
3 Moderately well-drained

soils
639 426 213

4 Poorly drained soils 373 248 125
5 Very poorly drained soils 73 49 24
Total 1702 1135 567
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the number of years with each crop category was counted. The number
of years with drainage-independent crops was subtracted from the
number of years with drainage-dependent crops, while the number of
years with possibly drainage-dependent crops was not used in the final
layer. Choropleth maps of geology at 1 m depth (Jakobsen et al., 2015),
geo-regions (Adhikari et al., 2013), landscape elements (Madsen et al.,
1992), Corine Land Cover 2012 land use (European Environment
Agency, 2014) and wetlands (Greve et al., 2014) were used. The geo-
logical map was reclassified to 11 classes and the land use map was
reclassified to 5 classes.

The spectral indices NDVI (Normalized Difference Vegetation
Index), NDWI (Normalized Difference Water Index), NDMI (Normalized
Difference Moisture Index), and SAVI (Soil Adjusted Vegetation Index)
were derived from a mosaic of Landsat 8 images in 30 m resolution
from 10 scenes recorded during March 2014 (NASA Landsat Program,
2014), which was the only month during which cloud free images could
be obtained for all of Denmark. The indices were calculated as:

=
−

+
NDMI NIR IR

NIR IR (1)

=
−

+
NDVI NIR RED

NIR RED (2)

=
−

+
NDWI NIR G

NIR G (3)

=
−

+ +
+

∗

SAVI NIR RED
NIR RED L

L(1 )
(4)

NIR: Near infrared (Band 5); IR: Infrared (Band 6); RED: Red (Band
4); G: Green (Band 3). L: Factor set to 0.5.

The maps of the spectral indices were resampled to the same re-
solution as the DEM derived variables using bilinear interpolation, and
the vector maps were converted to raster layers with the same resolu-
tion. The clay contents, geology and land use of the soil profiles used as
training and validation data were derived from observations from the
soil profiles, while the remaining predictor variables were extracted
from the map layers.

2.4. Models

Two predictive models were trained using the C5.0 decision tree
algorithm (Quinlan, 1993). The first model combined trees by means of
boosting and is henceforth referred to as the boosted model, while the
second model combined trees by means of bagging and is henceforth
referred to as the bagged model. In the creation of both models the ef-
fects of differential costs for misclassification were tested.

Table 2
Predictor variables used in the study.

Predictor variable Description Mean (range)/number of classes Reference

Topography
Blue spot analysis Depth of sinks 0.1 (0.0–92.5)
Depth to groundwater Depth to upper groundwater table 5.8 (0.0–126.0) (Henriksen et al., 2012)
Detrended elevation model Elevation minus the mean elevation within a 4 km radius 1.0 (−57.9–105.4)
Direct insolation Potential incoming solar radiation calculated for a single year

(kWh)
1269 (122–1707)

Elevation LiDAR produced elevation of the land surface 30.9 (−39.5–170.5) (National Survey and Cadastre,
2012)

Flow accumulation Number of upslope cells 60 (1–110,908)
Horizontal distance to channel

network
Calculates the horizontal distance to the nearest waterbody 279 (0–4401)

Mid-slope position Covers the warmer zones of slopes 0.27 (0–1)
Multiresolution valley bottom flatness Calculates depositional areas 4.3 (0.0–10.9) (Gallant and Dowling, 2003)
Reclassified slope aspect Slope aspect reclassified into 8 general directions 8 classes
SAGA Wetness Index Topographic wetness index with modified catchment area 14.5 (6.9–19.1) (Böhner et al., 2002)
Slope aspect Direction of the steepest slope from the North 181.1 (0–360)
Slope gradient Local slope gradient (degrees) 1.6 (0.0–90)
Slope to channel network Slope (degrees) to the hydrologically nearest waterbody 1.0 (0.0–78.9)
Topographic wetness index Calculated as TWI = ln(a/tan b): where a is flow accumulation,

and b is local slope gradient
5.87 (−15.83–63.30)

Valley depth Extent of the valley depth 7.5 (0.0–89.9)
Vertical distance to channel network Calculates vertical distance to waterbodies 1.4 (0.0–45.9)

Landsat 8 derived indices
NDMI Normalized difference moisture index 0.08 (−1–1) (NASA Landsat Program, 2014)
NDVI Normalized difference vegetation index 0.52 (−1–1) (NASA Landsat Program, 2014)
NDWI Normalized difference water index −0.54 (−0.99–1) (NASA Landsat Program, 2014)
SAVI Soil adjusted vegetation index 0.29 (−0.29–0.72) (NASA Landsat Program, 2014)

Choropleth maps
Geology Scanned and registered geological map (Scale 1:25,000) 10 classes (Jakobsen et al., 2015)
Geo-regions Scanned geographical regions map (Scale 1:100,000) 7 classes (Adhikari et al., 2013)
Landscape elements Landform types (Scale 1:100,000) 12 classes (Madsen et al., 1992)
Wetlands Shows the presence of wetlands, central wetlands and peat

(Scale 1:20,000)
4 classes (Greve et al., 2014)

Soil texture
Clay content (0–30 cm) Clay content (%) for 0–30 cm soil depth 8.1 (0.0–51.2) (Adhikari et al., 2013)
Clay content (30–60 cm) Clay content (%) for 30–60 cm soil depth 10.1 (0.0–62.7) (Adhikari et al., 2013)
Clay content (60–100 cm) Clay content (%) for 60–100 cm soil depth 11.2 (0.0–59.1) (Adhikari et al., 2013)
Clay content (100–200 cm) Clay content (%) for 100–200 cm soil depth 10.9 (0.0–57.1) (Adhikari et al., 2013)

Land cover
Cropping history Years with drainage dependent crops minus years with drainage

independent crops
1.6 (−4–4) (The Danish Agrifish Agency,

2014)
Land use CORINE land cover data adopted in Denmark (Scale 1:100,000) 5 classes (European Environment Agency,

2014)
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Boosting assigns weights to the instances in the training set.
Instances which are misclassified are assigned higher weights, and a
new classifier is learned. Thereby, instances which are consistently
misclassified are assigned higher weights with each iteration, causing
the algorithm to focus on the instances that are difficult to classify. The
final prediction is a weighted vote between the classifiers of the en-
semble (Freund and Schapire, 1996).

Bagging draws a number of bootstrap samples from the training
data and builds a classifier from each bootstrap sample. The predictions
of the classifiers are then combined by simple voting (Breiman, 1996).
Probabilistic bagging is a variant of the method wherein the class
probabilities predicted by the individual classifiers are averaged. The
method has been shown to provide better performance than ordinary
bagging in most cases (Bauer and Kohavi, 1999).

In the original C5.0 algorithm, the splits of the decision tree are
chosen in order to reduce entropy (Quinlan, 1993). Ting (1998) pro-
posed a cost sensitive version of the C5.0 algorithm's predecessor C4.5.
In this approach the instances in the training data are assigned weights,
which are proportional to the cost of misclassifying the class to which
the instance belongs. The algorithm then chooses the splits which
minimize the costs associated with the resulting classification. In a
classification task with m classes, the costs for misclassification are
given in a matrix of size m*m, wherein the rows indicate the predicted
classes and the columns indicate the reference classes. The off-diagonal
elements give the costs for misclassification and the diagonal elements
are zero as they represent the cost for correct classification. The method
for differential costs for misclassification is included in the C5.0 R
package (Kuhn et al., 2015). In order to take into account the fact that
drainage classes form an ordered series, costs equal to the absolute
differences between the predicted and the reference drainage classes
were used (Table 3).

In the optimization of the boosted model, decision trees were grown
with and without differential costs for misclassification. In each ex-
periment, the number of trees grown was varied from one (no boosting)
to 100 in order to find the optimal number of boosting trials within this
range. The final model was chosen as the model with the best perfor-
mance on the validation data. The performance was measured as
overall accuracy (OA) and kappa (K), treating the drainage classes as a
categorical variable:

=
∑ =OA

E
N

i
m

ii1
(5)

m: number of drainage classes; Eii: sum of diagonal elements; N: total
number of observations.

= −
−

−
K OA

p
1 1

1 e (6)

pe: hypothetical probability of chance agreement.
In addition, the performance was measured as mean absolute error

(MAE) and relative error (RE), treating the drainage classes as a nu-
meric variable:

∑= −
=

MAE
n

o y1 | |
i

n

i i
1 (7)

oi: observed value of observation i; yi: predicted value of observation i;
n: number of observations.

Expected error (EE):

=
∑ ∑ −

= =EE
j k n n

N

| |j
m

k
m

j k1 1
2 (8)

j: predicted drainage class; k: observed drainage class; nj: number of
predictions of drainage class j; nk: number of observations of drainage
class k.

=RE MAE EE/ (9)

In the optimization of the bagged model, decision trees were also
grown with and without differential costs for misclassification.
Furthermore, the effects of ordinary bagging and probabilistic bagging
were tested. When probabilistic bagging was used, tree pruning was
turned off as recommended by Bauer and Kohavi (1999). Probabilistic
bagging was not used in conjunction with differential costs for mis-
classification as the implementation of differential costs prevents the
calculation of class probabilities (Kuhn et al., 2015). As a result, a total
of three experiments were carried out. In each experiment, bagging was
repeated 30 times with an ensemble of 100 trees grown in each re-
petition. In order to ensure comparability, the same 30 sets of 100
bootstrap samples were used in each experiment. Each model had its
performance evaluated from the validation data based on Eqs. (5) to
(9). The final model was chosen as the model with the best performance
on the validation data.

The two final models obtained using boosting and bagging were
furthermore validated by leave-one-out cross validation. The two
models had their ability to predict the individual drainage classes
measured as map unit purity (MUP), which is the probability that the
predicted class matches the observed class, and class representation
(CR), which measures how well the observed class was predicted by the
model:

=
∑ =

MUP
X

Xj
jj

j
m

jk1 (10)

=
∑ =

CR X
Xk

kk

k
m

jk1 (11)

Xii: diagonal value for each class in one row; Xkk: diagonal value for
each class in one column; Xjk: sum of values in one row or column.

The two metrics are identical to the user's accuracy and the pro-
ducer's accuracy, respectively, but the former terminology is adopted as
recommended by Lark (1995). Eqs. (10) and (11) were calculated on
the validation data and the results of the cross validation.

The model uncertainties associated with the predictions given by
the two final models were calculated from the class probabilities. When
ordinary bagging was used, class probabilities were calculated as the
proportion of trees in the model predicting a given drainage class. The
model uncertainty was calculated as the expected mean absolute de-
viation from the predicted drainage class for a given point:

∑= −
=

Model uncertainty q r p| |
k

m

q
1 (12)

q: drainage class with the predicted probability pq; r: drainage class with
the highest probability (the predicted drainage class for the point).

The model uncertainty was calculated for all instances in the cross
validation. The boosted and the bagged model were then used to pro-
duce maps of drainage classes and model uncertainties for the non-
urban land area of Denmark.

Table 3
Matrix with differential costs for misclassification of drainage classes.

Reference DC

1 2 3 4 5

Predicted DC 1 0 1 2 3 4
2 1 0 1 2 3
3 2 1 0 1 2
4 3 2 1 0 1
5 4 3 2 1 0
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3. Results

3.1. Model optimization

Boosting improved the performance for all performance metrics, as
evaluated by Eqs. (5) to (9) (Fig. 2). The four performance metrics
showed similar patterns of improvement. The largest gains in perfor-
mance were observed in the first iterations after which they decreased
until performance reached a plateau. The model using differential costs
for misclassification performed better than the model with equal costs
when the number of boosting iterations was low. However, the model
using differential costs for misclassification lost its advantage as the
number of boosting iterations increased. From a number of boosting
iterations of 37 and onwards, the model with equal costs for mis-
classification was the best model as evaluated by OA, K, MAE and RE. It
reached its best performance at 61 boosting iterations as indicated by
all four performance metrics. Therefore, the model with equal costs for
misclassification and 61 boosting iterations was selected as the final
boosted model.

Bagging produced variable performances for each method with
large overlaps between most of the methods (Fig. 3; Table 4). The mean
OA was similar for the three methods. The highest mean K was achieved
with differential costs for misclassification with the ensembles using
equal costs for misclassification and ordinary bagging achieving the
second-highest mean K. The lowest mean MAE was achieved using
probabilistic bagging with the ensembles using equal costs for mis-
classification in combination with ordinary bagging producing the
second-lowest mean MAE. Lowest RE was achieved with differential
costs for misclassification with the ensembles using equal costs for
misclassification in combination with ordinary bagging producing the
second-lowest mean RE. The method using differential costs for mis-
classification produced the most variable performances. This method

produced the best as well as the worst performances for each of the four
performance metrics.

The single ensemble with the best performance was found using
differential costs for misclassification. This ensemble had the best of all
performances measured both as OA, K, MAE and RE. This ensemble was
therefore selected as the final bagged model.

3.2. Model performance

Once the two models had been optimized, the final bagged model
had a better performance than the final boosted model. This was ob-
served in the validation sample as well as the cross validation as
evaluated by all four performance metrics (Table 5). Both models had a
poorer performance in the cross validation than in the validation
sample.

For each drainage class, the cases which were misclassified were
mostly classified as± 1 drainage class of the reference drainage class,
with the only exception being DC1, which was mostly misclassified as
DC3 (Table 6). For the boosted model 85.5% of the cases in the vali-
dation sample and 81.4% of the cases in the cross validation were
predicted within± 1 drainage class of the reference DC. For the bagged
model, 86.4% of the cases in the validation sample and 81.3% of the
cases in the cross validation were predicted within± 1 drainage class
of the reference drainage class.

DC1, DC3, and DC4 were generally predicted well, while DC2 and
DC5 were poorly predicted (Table 7). DC3 had the highest CR and MUP
in both the validation sample and cross validation of both models. DC5
had the lowest CR and MUP in the validation sample of both models,
and DC2 has the lowest CR and MUP in the cross validation of both
models.

In the validation sample, the bagged model had a higher CR and
MUP than the boosted model for all drainage classes with the exception
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Fig. 2. Performance of each method relative to the number
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of DC2. In the cross validation, the boosted model had the highest CR
for DC2 and DC5 and the highest MUP for DC1 and DC5. In all other
cases the bagged model had the highest CR and MUP in the cross va-
lidation.

The MUP and CR were lower in the cross validation than in the
validation sample for all drainage classes with only two exceptions: For
DC5, the cross validation generally indicated a better prediction than
the validation sample, and DC3, as predicted by the bagged model, had

a higher CR in the cross validation than in the validation sample. MUP
was generally lower than CR for DC1 and DC3. For the other drainage
classes MUP was higher than CR.

Both in the boosted and the bagged model, the frequency of DC3
was overpredicted, especially in the cross validation (Fig. 4). The pre-
dicted frequencies of DC1 and DC4 were more or less equal to the
frequencies in the reference data (whole dataset, see Table 1), while the
frequencies of DC2 and DC5 were strongly underpredicted.

The cases which were correctly classified in the cross validation
generally associated with low model uncertainties in both the boosted
and the bagged model (Fig. 5). The model uncertainties generally in-
creased with the absolute prediction error up to an absolute prediction
error of three. Cases with a prediction error of four had lower model
uncertainties associated with them than cases with a prediction error of
three. Only three cases in the cross validation of each model had a
prediction error of four.

3.3. Predictor variables

The usage of the predictor variables in the two models was similar
(Spearman's rank correlation = 0.91, n = 31, p < 0.05). The five
most used predictor variables were the same in the boosted and the
bagged model: wetlands, slope to channel network, clay content
(100–200 cm), land use, and geology. These five predictor variables
were on average used for> 50% of the training cases in the individual
trees of the two models (Table 8). Furthermore, geo-regions and the
vertical and horizontal distances to the channel network were all
amongst the ten most used predictor variables in both models.

Cropping history was the least used predictor variable in both
models, and was the only predictor variable with a total usage
of< 95%. Also its mean usage of 1.7% was much lower than the usage
of the second least used predictor variable (mid-slope position).
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Table 4
Mean value and range of the performance achieved with each bagging method.

Method OA; mean
(range)

K; mean
(range)

MAE; mean
(range)

RE; mean
(range)

Equal costs 0.498
(0.481–0.513)

0.294
(0.269–0.317)

0.697
(0.665–0.725)

0.593
(0.562–0.614)

Differential
costs

0.498
(0.473–0.520)

0.296
(0.258–0.330)

0.698
(0.656–0.725)

0.591
(0.553–0.613)

Probabilistic
bagging

0.498
(0.480–0.519)

0.289
(0.262–0.319)

0.694
(0.661–0.720)

0.597
(0.572–0.616)

Table 5
Performance of the boosted and the bagged model based on the validation sample and the
cross validation.

Metric Validation sample Cross validation

Boosting Bagging Boosting Bagging

OA 0.508 0.520 0.471 0.489
K 0.313 0.330 0.259 0.280
MAE 0.672 0.656 0.757 0.744
RE 0.572 0.553 0.642 0.631
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Furthermore, the spectral indices (NDMI, NDVI, NDWI and SAVI), de-
trended elevation model, slope aspect (raw and reclassified), topo-
graphic wetness index and valley depth were amongst the least used
predictor variables in both models.

Landscape elements, elevation, and slope gradient had a higher
relative usage in the boosted model than in the bagged model with a
rank difference of six or more, while clay contents at 0–30 cm and
60–100 cm and direct insolation had a higher relative usage in the
bagged model than in the boosted model.

The clay content at a depth of 100–200 cm generally increased from
DC1 to DC3 and decreased from DC3 to DC5. The slope to the channel
network generally decreased with the drainage class (Fig. 6).

Glacial and aeolian sands were generally the geologies most closely
associated with well-drained soils, while freshwater peat and marine
clay were mostly associated with poorly drained soils. During the ori-
ginal investigations, two profiles with buried peat horizons at a depth of
approximately 1 m were classified as DC1 and DC2, respectively. The
two profiles had drainage classes assigned to them based on the col-
luvial deposits covering the peat. However, their geological class was
freshwater peat, as it was defined at a depth of 1 m.

The land use class natural vegetation was mostly associated with
either well-drained (DC2) or very well-drained soils (DC1), while wet-
land vegetation was almost exclusively associated with poorly drained
(DC4) or very poorly drained soils (DC5). Most soils in agricultural
areas were moderately well-drained (DC3). The soil drainage classes
generally increased from non-wetland areas through the classes wet-
lands and central wetlands to peat areas, with increasing frequencies of
DC4 and DC5 and decreasing frequencies of DC1 and DC2 (Table 9).

3.4. Mapping

The boosted and the bagged model produced similar maps (Fig. 7).
The agreement between the drainage classes mapped by the two models

Table 6
Confusion matrices for the boosted model and the bagged model, tested on the validation
sample and with cross validation.

Boosting: Validation sample

Reference

Prediction DC1 DC2 DC3 DC4 DC5 Total

DC1 60 23 18 12 1 114
DC2 15 20 14 6 0 55
DC3 29 46 151 46 4 276
DC4 6 6 30 57 19 118
DC5 0 0 0 4 0 4
Total 110 95 213 125 24 567

Bagging: Validation sample

Reference

Prediction DC1 DC2 DC3 DC4 DC5 Total

DC1 65 24 19 13 3 124
DC2 13 16 13 4 0 46
DC3 28 49 154 45 0 276
DC4 4 6 27 59 20 116
DC5 0 0 0 4 1 5
Total 110 95 213 125 24 567

Boosting: Cross validation

Reference

Prediction DC1 DC2 DC3 DC4 DC5 Total

DC1 111 45 41 22 3 222
DC2 21 15 29 21 0 86
DC3 69 103 303 98 7 580
DC4 20 28 53 95 28 224
DC5 0 0 0 12 11 23
Total 221 191 426 248 49 1135

Bagging: Cross validation

Reference

Prediction DC1 DC2 DC3 DC4 DC5 Total

DC1 115 51 45 27 3 241
DC2 16 12 16 13 1 58
DC3 72 102 319 94 7 594
DC4 18 26 46 104 33 227
DC5 0 0 0 10 5 15
Total 221 191 426 248 49 1135

Table 7
CR and MUP for each DC calculated from the validation sample and by cross validation for the boosted model and the bagged model.

Boosting Bagging

Validation sample Cross validation Validation sample Cross validation

DC CR MUP CR MUP CR MUP CR MUP

1 0.55 0.53 0.50 0.50 0.59 0.52 0.52 0.48
2 0.21 0.36 0.08 0.17 0.17 0.35 0.06 0.21
3 0.71 0.55 0.71 0.52 0.72 0.56 0.75 0.54
4 0.46 0.48 0.38 0.42 0.47 0.51 0.42 0.46
5 0.00 0.00 0.22 0.48 0.04 0.20 0.10 0.33
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was 81%, and the mean absolute difference between the mapped
drainage classes was 0.27. In both maps, DC3 was the dominant drai-
nage class on the loamy tills of eastern Denmark, and DC4 was the
dominant drainage class in wetlands areas. In western Denmark, the
maps showed a mixture of drainage classes with DC1 and DC2 in high-
lying sandy areas and DC3 and DC4 in clayey areas and low-lying areas.
DC5 was rarely found in the maps and exclusively in wetland areas.

The proportions of the drainage classes in the maps produced by the
two models were similar. The bagged model predicted higher propor-
tions of DC1, DC3, and DC4 and lower proportions of DC2 and DC5.
DC3 was the most common drainage class with> 45% of the mapped
area in both maps, followed by DC4, which covered approximately 25%
of the mapped area in both maps. DC5 was only present in approxi-
mately 2% of the mapped area in both maps (Fig. 8).

Maps of the five most used predictor variables are shown for an
example area in northern Denmark in Fig. 9, and the predicted drainage
classes for the same area are shown in Fig. 10. For both models, DC4
was the dominant drainage class in wetland areas. On the glacial till,
which is mostly sandy in this area, DC1 and DC2 were the dominant
drainage classes, with DC1 predicted for the areas with the lowest clay
contents and the largest slope to the channel network. A large portion of
these areas are covered with natural vegetation. On the marine de-
posits, both models predicted a mixture of DC2 and DC4. Although it
was the most frequently predicted drainage class on a national scale,
DC3 was rarely predicted for the example area with only a small pre-
sence in areas with clayey till and intermixed with DC2 and DC4 on the
marine deposits. The edges between the drainage classes were in many
cases abrupt. For example, DC2 was found directly next to DC4 in the
marine deposits of the example area, and in other areas DC1 was ob-
served next to DC3 or DC4. The predictions of the two models were
similar, but the boosted model generally predicted a larger presence of
DC4 in the marine deposits not classified as wetlands, while the bagged
model predicted a larger presence of DC1 on the sandy till.

The maps of the model uncertainties for the boosted and bagged
models generally showed the same patterns. The mapped model un-
certainties of the boosted and bagged models are significantly positively
correlated (R2 = 0.88, n = 4.2*107, p < 0.05). The mean model un-
certainties were 0.71 ± 0.29 for the boosted model and 0.49 ± 0.15
for the bagged model (± 1 standard deviation). In general, model
uncertainties were larger in western Denmark than in eastern Denmark.
High model uncertainties were mostly found in areas with ambiguity in
the predictor variables such as low-lying sandy areas not classified as
wetlands, along the edges of river valleys, and in areas with inter-
mediate clay contents (Fig. 10). On the other hand, low model un-
certainties were found in wetland areas, in sandy areas high above the
nearest waterbody, and in areas with high clay contents.

4. Discussion

4.1. Model optimization and performance

When boosting was applied, the best model was achieved with equal
weights for misclassification while the best model produced by means
of bagging was achieved with differential costs for misclassification.

It could be argued that the best bagged ensemble was achieved with
differential costs for misclassification only because the ensembles using
differential costs for misclassification had a larger variation in perfor-
mance. However, the method produced the highest mean K and lowest
mean RE. Overall, the ensembles using differential costs for mis-
classification were only outperformed by the other methods, when
performance was evaluated by MAE. It is noteworthy that the inclusion
of differential costs for misclassification did not reduce OA and K. Ting
(1998) found that differential costs would reduce the model's ability to
predict the correct class since the model would instead seek to minimize
the costs. However, the costs implemented in this study are not arbi-
trary but instead represent real differences between the drainage
classes. For this reason, the costs may guide the model towards the
correct predictions.

The reasons for the detrimental effect of differential costs for mis-
classification on the performance of boosted decision trees are not clear.
However, both boosting and differential costs for misclassification work
by means of case weights (Freund and Schapire, 1996; Ting, 1998), and
it is possible that the enforced dual purposes of the case weights de-
creases the effectiveness of the boosting process.

The results of the cross validation were not used for model opti-
mization and selection, and therefore they probably represent a less
biased estimate of model performance. The cross validation confirms
the better performance of the bagged model. Bauer and Kohavi (1999)
found that boosting generally performed better than bagging over a
long range of applications, but not uniformly so. This finding was
confirmed by Dietterich (2000), who also found that boosting per-
formed best, when the level of noise in the dataset was low. On the
other hand, if a large degree of classification noise was present, bagging
generally outperformed boosting. It is possible that the better perfor-
mance of the bagged model in this study is due to classification noise in
the dataset, arising from subjective judgements and temporal variation.
The profiles in the dataset were described over a period of eight years
by a large number of investigators, and the drainage classification re-
quires a degree of subjective judgement. For example, the distinction
between DC2 and DC3 requires discrimination between “weak” and
“clear” signs of water stagnation in the soil. It is also possible that the
profiles were more likely to be classified as DC4 and DC5 during wet
seasons, as the groundwater level would be higher.

Fig. 5. Box plot showing model uncertainty versus the absolute prediction error (both using the numeric value of the drainage classes) of the leave-one-out predictions of the boosted
model (A) and the bagged model (B). Whiskers mark 1.5 IQR (interquartile range) distances from the boxes.
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Table 8
Predictor variables ordered by their mean usage (% of training cases) in the
boosted model and the bagged model. The means are based on the individual
trees in the models.

Boosted model

Variable Usage

Land use 93.6
Geology 76.0
Slope to channel network 72.7
Wetlands 71.2
Clay content (100–200 cm) 69.5
Geo-regions 46.0
Landscape elements 38.2
Blue spot analysis 34.9
Horizontal distance to channel network 34.6
Vertical distance to channel network 28.4
Depth to groundwater 27.5
SAGA Wetness Index 26.8
Slope gradient 26.5
Clay content (60–100 cm) 25.3
Clay content (30–60 cm) 23.0
Elevation 21.0
Clay content (0–30 cm) 19.7
Multi-resolution valley bottom flatness 18.9
Direct insolation 18.4
Valley depth 17.8
Reclassified slope aspect 16.7
Flow accumulation 16.2
NDMI 14.2
Topographic wetness index 13.9
Slope aspect 10.1
Detrended elevation model 10.1
NDWI 10.0
NDVI 9.5
SAVI 9.4
Mid-slope position 9.1
Cropping history 1.7

Bagged model

Variable Usage

Wetlands 68.9
Slope to channel network 65.8
Clay content (100–200 cm) 65.7
Land use 63.2
Geology 63.1
Horizontal distance to channel network 46.6
Geo-regions 45.3
Clay content (60–100 cm) 45.0
Vertical distance to channel network 39.8
Clay content (0–30 cm) 35.4
Blue spot analysis 30.7
SAGA Wetness Index 30.3
Direct insolation 29.8
Depth to groundwater 29.0
Clay content (30–60 cm) 28.9
Landscape elements 28.5
Flow accumulation 28.3
Multi-resolution valley bottom flatness 28.1
Slope gradient 26.9
NDMI 26.0
Valley depth 24.0
Elevation 22.3
Topographic wetness index 21.5
SAVI 19.0
Slope aspect 16.6
Reclassified slope aspect 16.6
Detrended elevation model 15.2
NDWI 14.9
NDVI 11.8
Mid-slope position 11.7
Cropping history 1.7
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Overall, the performance achieved in this study is poor when
compared to other studies mapping drainage classes (Table 10). The
overall performance, as evaluated by all four performance metrics, only
compares favourably with Zhao et al. (2013), while the achieved K was
also higher than the values achieved by Zhao et al. (2008) and
Lemercier et al. (2012). A reason for the poor performance may be the
size of the study area, as it is the largest to date with the exception of
Zhao et al. (2013). The number of drainage classes may also have had
an influence, as some of the best performances were achieved by studies
mapping only three drainage classes. However, Niang et al. (2012),
Campling et al. (2002) and Niang et al. (2012) achieved better per-
formances with a higher or similar number for drainage classes. It is
furthermore possible that classification noise may have affected the
performance, as explain above. The overall performance suggests that
the produced maps are not reliable, if knowledge of the exact drainage
class is required. However, they do display the general patterns well,
and, for practical purposes, the associated maps of prediction un-
certainties give an indication of the reliability of the maps in specific
areas.

4.2. Mapping

The maps produced are generally consistent with a priori knowledge
about soil drainage. For example, poorly drained soils (DC4 and DC5)
are found in wetland areas while well-drained soils are found in sandy
upland areas, and moderately well-drained soils (DC3) are found in
relatively clayey areas. However, a clear bias is present in the predicted
drainage classes as the most frequent drainage class DC3 is over-
predicted while the least frequent drainage classes DC2 and DC5 are
underpredicted.

The underprediction of rare classes is often seen when decision tree
classification is used (Chawla, 2003; Cieslak and Chawla, 2008). Deci-
sion trees have a bias towards more general splitting rules, meaning
that rare classes, which are often very specific, are predicted poorly
(Holte et al., 1989). Furthermore, the presence of noise in the dataset
will make cases with different classes appear similar, leading them to be
classified as the majority class (Weiss, 1995). Common solutions in-
clude balancing the dataset by “downsampling” (dropping cases from
the majority classes), “upsampling” (repeating cases from the rare
classes), and the generation of new synthetic cases (Alhammady and
Ramamohanarao, 2004; Chawla, 2003; Haibo and Garcia, 2009). Other
studies have proposed changes to the induction of the decision trees by
changes to the pruning method, splitting criteria, and the calculation of
class probabilities (Chawla, 2003, Cieslak and Chawla, 2008). Lastly,
the implementation of differential misclassification costs can be used
for imbalanced problems, as they can make it more costly to misclassify
rare classes (Haibo and Garcia, 2009; Ling and Sheng, 2010). The last
solution would most likely be complicated, if the differential costs for
misclassification were also employed to take into account similarities
between the classes, as in the present study.

The underprediction of DC5 is most likely related only to its rarity in
the training dataset, as it is the least frequent drainage class. On the
other hand, the underprediction of DC2 is probably related to the
overprediction of the majority class, DC3, as about half of the cases
classified as DC2 are predicted as DC3 in the validation dataset and the
cross validation (Table 6). For the most important predictor variables,
DC2 occupied an intermediate position between the more frequent
classes DC1 and DC3 (Table 9, Fig. 6), leading it to be easily mis-
classified.

The abrupt borders between some of the mapped drainage classes
are unexpected, as the logical pattern would be a gradual progression of
drainage classes. For example, an occurrence of moderately drained
soils would be expected between well-drained soils and poorly drained
soils. This may partly be explained by the use of categorical variables,
which cannot reproduce this pattern, as three of the five most used

Fig. 6. Box plots of the clay content at a depth of 100–200 cm and the slope to the channel network relative to the drainage classes of the profiles used in the study. Whiskers mark 1.5 IQR
(interquartile range) distances from the boxes.

Table 9
Drainage class distribution in percentages of the geological classes, land use classes and
wetland classes of the soil profiles used in the study.

Drainage class (%) 1 2 3 4 5 n

Geological class
Aeolian sand 38.0 14.1 16.9 23.9 7.0 71
Freshwater clay 3.6 17.9 25.0 32.1 21.4 28
Freshwater sand 19.2 4.1 16.4 47.9 12.3 73
Freshwater peat 2.6 2.6 0.0 60.5 34.2 38
Marine clay 0.0 0.0 30.0 50.0 20.0 20
Marine sand 5.9 14.7 11.8 50.0 17.6 34
Glacial clay 10.7 17.4 54.7 16.0 1.2 758
Glacial sand 34.3 19.9 28.7 15.0 2.1 341
Meltwater clay 12.5 29.2 29.2 25.0 4.2 24
Meltwater sand 27.0 17.5 24.8 26.7 4.1 315

Land use class
Agriculture 15.5 17.0 41.1 22.6 3.7 1364
Natural vegetation 39.5 17.6 25.9 14.6 2.3 301
Wetland vegetation 0.0 2.7 0.0 56.8 40.5 37

Wetland class
Non-wetlands 21.3 18.4 41.4 17.3 1.6 1425
Wetlands 13.2 11.8 19.1 41.4 14.5 152
Central wetlands 9.6 7.2 22.9 43.4 16.9 83
Peat 0.0 0.0 2.4 64.3 33.3 42
All 19.4 16.8 37.5 21.9 4.3 1702
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predictor variables (geology, land use and wetlands) are categorical. It
may also be related to the bias towards majority classes mentioned
above. For example, DC2 might not appear between DC1 and DC3,
because the model does not predict the class as often as it appears in the
training data. In the example area, the abrupt change from DC2 to DC4
found in areas with marine sand may be due to the fact that DC3 is rare
for this geological class (Table 9).

It is noteworthy that DC5 is better predicted in the cross validation
than in the validation sample in opposition to the other drainage
classes. As the pattern is repeated in the boosted model as well as the
bagged model, it may be due to differences between the training sample
and the validation sample. For example, in the training dataset, DC4
and DC5 had slope to channel values of 0.50 ± 0.62 and 0.30 ± 0.45
(± 1 standard deviation), respectively, while in the validation dataset,
they had slope to channel values of 0.62 ± 0.93 and 0.60 ± 0.86
(± 1 standard deviation), respectively. A Wilcoxon rank sum test
showed that the difference was statistically significant in the training

dataset (p < 0.05, n = 297), but not in the validation dataset
(p > 0.05, n = 149). In effect, the distinction between DC4 and DC5
was more easily determined in the training dataset than in the valida-
tion dataset, leading to a better prediction of DC5 in the cross valida-
tion. The difference between the two datasets is accidental, as the split
was random. However, for rare classes such as DC5, differences in the
predictor variables can occur.

4.3. Predictor variables

The high importance of the wetland layer as a predictor variable
was not surprising as wetlands are defined by poor drainage conditions.
As seen from the results, the layer effectively separated DC4 and DC5
from the other drainage classes. It is noteworthy that no other mapping
studies of drainage classes have used similar layers (Bell et al., 1992,
1994; Campling et al., 2002; Cialella et al., 1997; Kravchenko et al.,
2002; Lemercier et al., 2012; Liu et al., 2008; Niang et al., 2012; Peng
et al., 2003; Zhao et al., 2013; Zhao et al., 2008). The reason may be
that similar layers did not exist for the study areas in question as in-
tensive field work would be needed to produce them.

The most important topographic variables were related to the re-
lative position of water bodies (slope to channel network, vertical dis-
tance to channel network, and horizontal distance to channel network).
A clear relationship was observed between slope to channel network
and the drainage classes. Similar predictor variables were found to be
important when mapping drainage classes in other studies (Bell et al.,
1992, 1994; Kravchenko et al., 2002; Lemercier et al., 2012; Zhao et al.,
2013; Zhao et al., 2008).

Variables containing information about the parent material were
generally important. Geology was one of the top predictor variables,
geo-regions were important in both models, and landscape elements
were somewhat important. The soil drainage classes were clearly re-
lated to geology as poorly drained soils were mostly found on marine
and freshwater deposits while well-drained soils were more often found

Fig. 7. Maps of the drainage classes predicted by the boosted model and the bagged model.
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on sandy deposits. Despite their usefulness, variables relating to the
parent material have rarely been used in other mapping studies of
drainage classes. Bell et al. (1992) used a geological map, Zhao et al.
(2013) used a map of landforms, which was conceptually similar to the
landscape element layer in the present study, and Lemercier et al.
(2012) used maps of geology and soil parent material in the prediction.
In all three studies, maps related to the parent material were found to
be important.

Land use was an important predictor variable while cropping his-
tory was the least used variable. This indicates that the land use is re-
lated to the soil drainage conditions while crops grown on the fields are
largely unrelated to the soil drainage conditions. The latter conclusion
is surprising as some crops are highly sensitive to poor drainage con-
ditions (Collaku and Harrison, 2002; Ren et al., 2014; Watson et al.,
1976). The layer of cropping history only contained information about
agricultural areas. This may have lead the algorithm to choose other
variables for the splits. The C5.0 algorithm can handle missing values,
but has a preference for informative variables. Furthermore, the drai-
nage classes are defined from soil morphological characteristics, which
may remain unchanged when the poor drainage conditions are

ameliorated, for example through the installation of a subsurface
drainage system. Therefore, drainage dependent crops could theoreti-
cally be grown on a soil with a drainage class which indicates that the
soil is poorly drained. Despite its usefulness, land use has only been
used to map drainage classes in two studies (Lemercier et al., 2012;
Niang et al., 2012).

Clay content was found to be important to the soil drainage classes
especially at lower depth intervals (60–100 cm; 100–200 cm). The in-
crease in the clay content from DC1 to DC3 is probably related to the
low hydraulic conductivity of the clayey soils causing stagnation of
water in the soil matrix. On the other hand, the lower clay contents of
DC4 and DC5 relative to DC3 may be due to the prevalence of DC4 and
DC5 in wetland areas, where the soil drainage conditions are mostly
controlled by the water table, while DC3 is generally found outside
wetlands, in areas where the drainage conditions are mostly controlled
by the soil texture. Predictor variables relating to the soil texture were
only used to map drainage classes in the studies of Zhao et al. (2008)
and Zhao et al. (2013). In both cases the soil texture was derived from
conventional soil maps.

The low importance of the topographic wetness index is surprising,

Fig. 9. Maps of the five most used predictor variables in a 19 × 19 km example area in northern Denmark.
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as it is known to correlate with soil drainage (Ågren et al., 2014). Other
studies found the topographic wetness index, or modified versions of it,
to be either somewhat important (Campling et al., 2002; Liu et al.,
2008; Zhao et al., 2008) or highly important (Lemercier et al., 2012) for
the prediction of drainage classes. The reason for the low importance of

the topographic wetness index may be that the models had a preference
for the similar SAGA wetness index, which is an important variable in
both of the final models. However, in this study the SAGA wetness
index is the 12th most important variable in both models, while in the
study of Lemercier et al. (2012), it was the second most important
variable. A reason for this contrast may be the relative flatness of the
study area in the present study, as the study area of Lemercier et al.
(2012) had a larger range in variation and was characterized by steep
slopes. It is therefore likely that topography plays a less obvious role in
the present study. Secondly, the present study included a number of
variables, which were not used by Lemercier et al. (2012), such as
wetlands, slope to channel network, clay contents and blue spot ana-
lysis, which were found to be more important than the SAGA wetness
index.

The spectral indices (NDMI, NDVI, NDWI, SAVI) had a low im-
portance in this study. This is surprising, as spectral imagery and other
remote sensing products were found to be highly important to the
mapping of drainage classes in other studies (Campling et al., 2002;
Cialella et al., 1997; Lemercier et al., 2012; Liu et al., 2008; Niang et al.,
2012; Peng et al., 2003). In some cases the success of remote sensing
products may be related to the fact that the studies were carried out on
bare soil at a field scale (Liu et al., 2008; Peng et al., 2003). The study

Fig. 10. Drainage classes and the associated uncertainties predicted by the boosted model and the bagged model for the example area shown in Fig. 9.

Table 10
Performance achieved in the present study (cross validation) compared to the perfor-
mance achieved in other studies mapping drainage classes. The values are taken as pre-
sented by the authors or calculated from the data presented, when available, based on
Eqs. (5) to (9).

Study OA K MAE RE Classes

Bell et al. (1992, 1994) 0.74 3
Cialella et al. (1997) 0.81 0.72 0.33 0.32 5
Campling et al. (2002) 0.71 0.71 6
Kravchenko et al. (2002) 0.65 0.42 0.41 0.51 3
Peng et al. (2003) 0.76 0.62 3
Liu et al. (2008) 0.87 0.70 0.13 0.26 3
Zhao et al. (2008) 0.51 0.25 0.55 0.62 7
Lemercier et al. (2012) 0.52 0.27 4
Niang et al. (2012) 0.60 0.40 5
Zhao et al. (2013) 0.34 0.10 0.83 0.79 7
This study 0.49 0.28 0.74 0.63 5
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area of Cialella et al. (1997) was dominated by natural vegetation,
which was found to correlate with the soil drainage conditions. In
contrast, this study was carried out on a national scale with a thick
vegetation cover and varying land uses, which may explain the in-
sufficiency of spectral indices as a predictor variable. Perhaps a large
bare soil image could be obtained by combining images from several
points in time, as a large part of the agricultural area of Denmark is
tilled. The high revisit time of many newer satellites could make this
possible. For example, the Sentinel-2 mission will have a revisit time of
2–3 days at mid-latitudes once both satellites are launched (European
Space Agency, n.d.). With a large bare soil image at hand, soil drainage
conditions could probably be mapped more accurately using spectral
imagery. Furthermore, Lemercier et al. (2012) used data from gamma-
ray spectrometry, which is not as strongly affected by the vegetation
cover as electromagnetic radiation in the visible to mid-infrared range
(Schetselaar and Rencz, 1997; Wilford et al., 1997). It is likely that the
inclusion of gamma-ray spectrometry would have improved the pre-
diction of soil drainage conditions in the present study.

It is noteworthy that the studies which used remote sensing pro-
ducts generally did not include the variables, which were found to be
most important in the present study, namely geology, land use, slope
and distance to channel network, wetlands and clay content. The only
exceptions to this rule are the studies of Campling et al. (2002), who
used the horizontal distance to the channel network, Niang et al.
(2012), who included a land use map, and Lemercier et al. (2012), who
used layers with distances to the channel network, geological variables
and land use.

5. Conclusions

The effect of implementing differential costs for misclassification
depended on the ensemble technique in use. When combined with
bagging, the differential costs for misclassification provided a slight
increase in the performance. On the other hand, the performance of
boosted decision trees deteriorated, when differential costs for mis-
classification were in use. The best model was achieved using differ-
ential costs for misclassification combined with bagging.

Despite the advantage of the bagged model, the results of the two
final models were very similar both in terms of the predicted drainage
classes and the associated uncertainties. For both models, the mapped
uncertainties were related to the prediction error thereby providing an
indication of the reliability of the maps. Additionally, both models had
a high usage of the predictor variables wetlands, slope to channel
network, clay content (100–200 cm), land use, and geology. Despite
their high importance in other studies, remote sensing products had a
low importance in this study.

Soil drainage classes can be mapped with many different techni-
ques, and it cannot be ruled out that other techniques could predict
drainage classes more accurately than decision tree classification. For
this reason it would be relevant to test other methods as well, such as
ANNs, for the prediction of drainage classes.

Overall, decision tree classification with differential costs for mis-
classification is an interesting technique for digital soil mapping. It is
likely that the method also could be used for soil class mapping as it
would be able to include similarities between soil classes. However, it
should generally be tested against decision trees with equal costs for
misclassification, as the results may vary.
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