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A B S T R A C T

Fine scale land cover classification of urban environments is important for a variety of applications. LiDAR data
has been increasingly used, separately or in conjunction with other remote sensing data, for providing land cover
classification due to its high geometric accuracy as well as its additional radiometric information. An important
issue in the classification of remote sensing data is the inevitable imbalance of training samples, which usually
results in poor classification performance in classes with few samples (minority classes). In this paper, a synergy
of sampling techniques in data mining with ensemble classifiers is proposed to address the data imbalance
problem in the training datasets. Several sampling strategies, including under-sampling the majority classes,
synthetic over-sampling the minority classes, hybrid-sampling, and under-sampling aggregation are examined.
The results from two different datasets show superior performance of ensemble classifiers when integrated with
sampling techniques. In particular, under-sampling aggregation and hybrid sampling coupled with random
forests resulted in 16.7% and 5.5% improvements in the G-mean measure in two experimental datasets ex-
amined.

1. Introduction

In the past decade, airborne LiDAR data has been increasingly used
for terrain modelling and classification of ground objects. Apart from its
independence from an external source of illumination, the inclusion of
elevation information in LiDAR data compensates for common pro-
blems with optical images such as effects of shadow and relief dis-
placement (Yan et al., 2015). More recently, the complete backscattered
signal provided by full-waveform LiDAR systems has shown promising
advantages compared to discrete return systems (Mallet and Bretar,
2009). These advantages include the provision of range measurement
with higher accuracy (Jutzi and Stilla, 2006; Parrish et al., 2011) and
the possibility for retrieval of additional returns from weak and over-
lapping pulses (Mallet and Bretar, 2009). In addition, radiometric
characteristics of targets, e.g. target cross-section, can also be retrieved
from waveforms (Azadbakht et al., 2016b, 2014; Wagner et al., 2006).
Therefore, the capability of waveform LiDAR systems in yielding both
geometric and physical information of targets makes them advanta-
geous for a broad range of applications. Even though full-waveform
LiDAR was mainly developed for vegetation studies (Hancock et al.,
2015; Hovi and Korpela, 2014), efforts have recently been made for

utilization of such data in land cover classification of urban areas
(Alexander et al., 2010; Azadbakht et al., 2016a, 2015; Mallet et al.,
2011; Niemeyer et al., 2011).

Since targets in urban environments are of different size, shape and
abundance, the possibility of recording a similar number of samples
from different objects is limited. In addition, classes of interest are
occasionally located only in certain parts of the study area (Silva et al.,
2017). This causes an imbalanced distribution of samples over different
object classes (Galar et al., 2012; Lu et al., 2016). Such an imbalanced
distribution of the samples largely influences the accuracy of supervised
classification methods (Mellor et al., 2015). This is because classifiers
generally attempt to reduce the overall error during the training phase
(Galar et al., 2012; Silva et al., 2017). Consequently, the classification
results are more favorable for the majority classes with larger numbers
of samples in the training set, while the minority classes are identified
with lower accuracy. This problem is more challenging when the under-
sampled class (e.g. in specific land cover detection from remote sensing
data) is of high interest.

The remainder of this manuscript is organized as follows. In Section
2, we present the related work. We explain the components of our
feature dataset, the ensemble methods employed in this study, the
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performance evaluation measures and the sampling techniques to be
combined with the classifiers in Section 3. The two datasets and the
detailed results are presented in Section 4. Subsequently, in Section 5,
we discuss the results. The concluding remarks and the future research
directions are given in Section 6.

2. Review of related research

2.1. Machine learning approaches for imbalanced datasets

To address the data imbalance problem, a variety of techniques
have been developed through modification of the classifier algorithm or
the training set itself (Chawla et al., 2002; Han et al., 2005; He and
Garcia, 2009; Seiffert et al., 2010; Tang and He, 2015). For example,
Galar et al. (2012) conducted research on applying several techniques
to alleviate the class imbalanced problem, where cost-sensitive en-
sembles as well as combinations of sampling techniques and ensemble
classifiers were investigated on binary classification problems. The
authors reported satisfactory results for the integration of ensemble
classifiers and random under-sampling. In another study, He and Garcia
(2009) reviewed different strategies to tackle data imbalance, including
active learning, cost-sensitive learning and kernel-based learning
methods in addition to their combinations with sampling techniques.
Zhu et al. (2017) also conducted a thorough comparison of state-of-the
art methods to address data imbalance problems and they pointed out
outstanding outputs of ensemble learning methods.

Another category of reported methods to address data imbalance is
one-class learning (Manevitz and Yousef, 2001; Raskutti and
Kowalczyk, 2004), in which the classifier is particularly designed with
the purpose of a single class recognition via training only samples from
the class of interest. The one-class SVMs, for example, were applied to
document classification by Manevitz and Yousef (2001) in comparison
with other one-class classifiers and the authors pointed out that the
performance of the one-class SVM was comparable to the one-class
neural network approach. Although the one-class algorithms may re-
quire less training samples, the performance can be artificially biased in
favor of the class of interest (Silva et al., 2017).

Semi-supervised learning (Chapelle et al., 2006) is also known as an
alternative approach, where a combination of labeled and unlabeled
data are provided for some samples, in which the unlabeled samples are
generally used to improve the classification accuracy. Mu noz-Marí
et al. (2010), for example, presented modifications of the kernel and
cost functions of one-class SVM and standard SVM classifiers, respec-
tively, to detect the classes of interest from remote sensing images
under different circumstances. Satisfactory results were reported when
dealing with underrepresented labeled samples (Mu noz-Marí et al.,
2010).

2.2. Review of related research on classification of LiDAR data in urban
environments

Land cover classification via small-footprint LiDAR data has been
considered promising due to its specific advantages in elimination of
shadow and relief displacement (Yan et al., 2015). There have been
several studies in the literature reporting the applications of LiDAR data
in classification of urban areas (Alexander et al., 2010; Guo et al., 2011;
Mallet et al., 2011; Niemeyer et al., 2011). In this section, a brief review
of related research is provided.

Chehata et al. (2009a) reported the application of full-waveform
and discrete return LiDAR data to classify an urban area. The error rates
for vegetation and natural ground classes were high, with the latter
class suffering from a low number of samples in the training dataset.
Alexander et al. (2010) investigated the classification of waveform
LiDAR data over an urban area through application of a decision trees
classifier, and it was reported that high accuracy was achieved through
adoption of the backscatter coefficient. However, such classifiers are

known to be area specific. In Mallet et al. (2011), an SVM classifier was
applied to LiDAR data of an urban area by restricting the targets to
three major land cover classes (buildings, vegetation and ground),
where three techniques for feature selection were utilized. In optimal
conditions, an average accuracy of over 95% was reported, revealing
errors mainly on building edges (wrongly labelled as trees) or on the
ground (wrongly labelled as buildings or trees).

Simultaneous usage of LiDAR data and aerial images has also been
reported for classification of urban scenes. For example, Chehata et al.
(2009b) used a combined feature dataset of LiDAR and an aerial or-
thoimage while considering similar classes of targets as in Chehata et al.
(2009a). Higher error rates were reported for the minority class of
natural ground; these were 55.6% with an SVM classifier and 34.4%
with the random forest classifier, which will be henceforth simply re-
ferred to as random forests. The results from re-applying random forests
over the dataset using only important features showed a higher error
rate for vegetation than natural ground. This can be explained by the
exclusion of features that are probably more discriminative for the
former class. In another study, by Guo et al. (2011), random forests was
applied to a combination of waveform LiDAR data and an optical image
over an urban area in order to discriminate buildings and trees from
natural and artificial ground surfaces. The training data set was ex-
tremely imbalanced, resulting in inferior performance for the minority
classes even though an overall accuracy of 95% was reported. The
omission (commission, respectively) errors of about 28% (15%) and
30% (15%) were reported for vegetation and natural ground classes,
respectively. Similarly, a combined feature dataset of LiDAR data with
dissimilar point densities and an aerial image was considered by Buján
et al. (2012) through application of object-based classification over five
land covers in an urban area. However, a limited number of reference
samples (75 pixels per class) were taken to assess the classification
results. Confusion of buildings with high vegetation on one hand, and
low vegetation with bare ground on the other hand were observed.

The contextual information of adjacent points was also utilized by
Niemeyer et al. (2014) through adoption of a Conditional Random Field
(CRF) framework in conjunction with random forests to identify seven
classes of land cover (grass, pitched roofs, flat roofs, roads, trees, low
vegetation, and façades), and to subsequently extract building foot-
prints. Inferior results were reported for grass and façades, in terms of
both producer's and user's accuracies, whilst for trees a low producer's
accuracy was achieved. Inclusion of contextual information resulted in
a slight improvement in the overall accuracy (∼2%) as well as in per-
class measures for some classes, while user's accuracy for façades was
increased significantly, by 10%.

Imbalanced distribution of samples in LiDAR datasets has rarely
been properly addressed in the literature. In an effort made by
Weinmann et al. (2015), classification of two terrestrial LiDAR datasets
of urban environments was reported. Even though the datasets were
significantly imbalanced, the training datasets were simply rebalanced
by taking constant numbers of samples from all classes. Using an
identical number of training samples resulted in considerably lower
user's accuracies for minority classes, while improving producer's ac-
curacy. User's accuracies of less than 10% and 33% were reported for
two minority classes in one dataset, and less than 10% for three min-
ority classes in the other dataset. This can be either linked to the
training samples from the minority classes not being representative of
that class, or due to the information deficiency for majority classes
when minority classes are over represented, since low user's accuracy of
minority classes mean samples from majority classes have been wrongly
labelled as members of these minority classes. Therefore, using a con-
stant number of samples from different classes in the training set may
not result in the desired accuracy, particularly for skewed datasets. He
et al. (2017) proposed a two-step classification approach to overcome
the problem of imbalanced training samples in mobile LiDAR data by
first merging the minority classes into one category, and then classi-
fying these into specific classes in a second step. It was shown that the
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two-step approach achieves a higher accuracy for minority classes as
compared to the conventional one-step approach. Matikainen et al.
(2017) investigated a new multi-wavelength LiDAR system, the Optec
Titan, in automatic classification and map updating and they reported
high classification accuracy in an urban area. However, per-class per-
formance of the object-based classifier was deficient for two under-re-
presented classes (i.e. gravel and rocky areas).

Sensitivity of the random forest classifier to training data imbalance
in remote sensing was confirmed by studies conducted by Millard and
Richardson (2015) and Dalponte et al. (2013), where the majority
classes were treated favorably in terms of classification accuracy
(Dalponte et al., 2013). Colditz (2015) found that superior performance
of the random forest classifier is achieved by allocation of training
samples proportional to the area of classes. Through allocation of equal
training samples for a binary classification scheme, Jin et al. (2014)
reported an increase in producer's accuracy for the minority class, while
taking proportional samples from over- and under-represented classes
favored user's accuracy for the minority class. Mellor et al. (2015) ex-
amined random forest performance in experiments conducted on both
binary and multi-class classification scenarios of remote sensing data.
Different balance ratios were adapted between the two classes in the
binary classification scheme, without changing the total number of
samples in the training dataset. A similar strategy for one multiclass
scenario was considered, whereas the quantity of the most difficult and
the best classes were increased and decreased, respectively, at constant
percentages (5%, 10%, 25%, 50%, 75% and 90%). It was pointed out by
the authors that per-class classifier performance can be boosted through
establishing imbalance in the training dataset by a concurrent increase
of samples in the most difficult class and a reduction of samples from
the easiest class (Mellor et al., 2015). Therefore, Belgiu and Drăguţ
(2016), after reporting inconsistent results from the literature, re-
commended investigation of the training samples effect on the random
forest classifier in the classification of remote sensing data.

Of the methods so far introduced to address the data imbalance,
sampling techniques have attracted interest and promising results have
been reported (Galar et al., 2012; Lu et al., 2016; Van Hulse et al.,
2007). However, to the best of the authors’ knowledge, no effort has yet
been made to comprehensively apply combinations of sampling tech-
niques with classifiers in the context of land cover classification using
remote sensing data. Therefore, the objective of the current work is to
investigate the integration of sampling techniques and ensemble clas-
sifiers to provide a fine scale classification of various land covers in
urban environments using features extracted from full-waveform
LiDAR, where a synergy of geometric, radiometric and pulse shape at-
tributes form the feature dataset. We evaluate and compare four sam-
pling methods, and report results that indicate the improved perfor-
mance of ensemble classifiers when combined with sampling methods.

3. Methodology

In this section, an overview of the classification approach, the fea-
ture dataset used in the experimental program and the classifiers em-
ployed is presented. Four sampling techniques are described. These can
be integrated with the utilized classifiers to mitigate the problem of
imbalanced training data. Suitable measures for unbiased accuracy
assessment of the methods are also discussed.

3.1. Feature dataset

A feature dataset comprised of 38 attributes was considered in this
research. The extracted features ranged from geometric and radiometric
features to waveform features describing pulse characteristics. The
generation of a point cloud from waveforms was performed by using a
sparsity-based deconvolution approach (Azadbakht et al., 2016b,
2013).

Geometric features extracted from each point include normalized

height, slope, aspect and curvature (including profile curvature and
plan curvature). In addition, the points surrounding each individual
point were considered using two different neighborhood types, cy-
lindrical and spherical, defined either by the radius or the number of
neighbors. The reason for combining features from two different
neighborhoods is that each neighborhood type is appropriate for certain
targets (Azadbakht et al., 2016a). The three normalized eigenvalues (e1,
e2, e3) and their derivatives such as anisotropy Aλ, planarity Pλ, omni-
variance Oλ and scatter Sλ, which describe the underlying structure of
the neighborhood, are considered as follows (Chehata et al., 2009a;
Mallet and Bretar, 2009; Weinmann et al., 2015):
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The retrieved calibrated waveforms (Azadbakht et al., 2015) serve
as input to calculate the radiometric characteristics of targets along the
laser beam. In this research, the shape preserving piecewise cubic
Hermite polynomial (PCHIP) (Fritsch and Carlson, 1980) function is
fitted to the retrieved signal, where the area under each pulse is con-
sidered as the target cross-section of the regarded target on the ground.
Apart from the target cross-section σ and the backscatter coefficient γ,
the amplitude A and the total cross-section of the complete waveform
σtot are also included in the feature set, where the latter is calculated as
an integral over the whole waveform bins by fitting the same function
to the whole waveform. Note that the maximum amplitude is con-
sidered for each pulse.

The geometry of the retrieved waveform includes information about
the underlying target characteristics. Instead of fitting a single para-
metric function, e.g. Gaussian, to each pulse, two exponential functions
are fitted to the two tails of each pulse. These two functions describe the
growth and decay rates, from the starting point to the peak and from
the peak to the ending point of each pulse, respectively. The pulse peak
is considered as the global maxima within the interval from one end to
the other. The center of mass (Cx, Cy) is representative of the pulse
shape and its skewness level, as well as the pulse width. It is calculated
by discretising the pulse and calculating each component with regard to
the pulse length. The location of this point changes with alterations in
pulse shape and it moves towards left or right for asymmetric pulses,
depending on the skewness of the pulse (Azadbakht et al., 2016a). The
calculated areas from the start point to the peak, and from there to the
end-point of each pulse are calculated where the connecting line from
the center of mass (Cx, Cy) to the maximum amplitude value is con-
sidered as the border of the two areas. The estimated areas are nor-
malized with respect to the total area of each pulse, and also to the
summation of the two sub-areas. These two features can provide further
insight into the pulse shape and its skewness towards each side. Table 1
summarizes the feature dataset.

3.2. Classification of targets and the problem of imbalanced training
samples

To train and evaluate a classifier, a ground truth data set is needed,
which can be created by manual labelling of the point cloud. To enable
training and evaluation of the classifier using the same ground truth
dataset, a k-fold cross-validation scheme has been adopted, in which the
dataset is divided into k groups (or folds) of roughly equal size, and in k
iterations the classifier is trained using k− 1 folds and tested by the
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remaining fold. Finally, aggregation of the classification outputs of each
testing fold shapes the ultimate result of all observations within the
dataset.

Of the ensemble classification algorithms, bagging (including bag-
ging and random forests) and boosting ensembles are considered for the
classification of urban environments with varied numbers of classes.
Bagging is based on creating bootstrapped subsets of the training set,
training a classifier (e.g. decision tree) using each subset, and ag-
gregating the classification results, e.g. by majority voting. Given N as
the number of trees, we generate N different bootstrapped training
datasets from repeated sampling of the training data. The majority vote
of the N trees is then considered as the class label for a given ob-
servation (James et al., 2013). Random forests extend the bagging al-
gorithm by introducing a mechanism for selecting a suitable subset of
features to construct each tree (Belgiu and Drăguţ, 2016; James et al.,
2013; Khoshelham et al., 2013). Accordingly, random forests reduce the
correlation between trees by using a subset of features. In this research,
the number of features at each split is estimated according to the out-of-
bag (OOB) error using the tuneRF function available in the Random-
Forest package (Liaw and Wiener, 2002) in R (R Core Team, 2017),
which is more reliable than using a constant number (Belgiu and
Drăguţ, 2016).

Similar to bagging and random forests, boosting also works based on
a combination of an ensemble of weak classifiers. However, in boosting,
training samples are weighted such that misclassified samples have a
higher chance of being selected in subsequent classifications and the
weak classifier is sequentially applied to the weighted dataset, where
the final prediction is produced through combining such weak classi-
fiers (James et al., 2013). Boosting methods are known to decrease the
bias and variance of classification simultaneously, whereas bagging and
random forests only work on decreasing the classification variance
while the bias of any individual tree is similar to the bias of the whole
model (Belgiu and Drăguţ, 2016; Galar et al., 2012; Hastie et al., 2013).

Boosting methods are capable of handling imbalanced samples, due to
their inherent characteristics in training sequentially and, therefore,
improving the classifier performance at each step (Seiffert et al., 2010).
However, this is not guaranteed because problematic samples could be
from other classes, and not only from minority classes. Unlike the other
two methods, increasing the number of trees may cause overfitting of
the boosting model (James et al., 2013; Rodriguez-Galiano et al., 2012),
in addition to increasing both the computational complexity and the
sensitivity to outliers (Belgiu and Drăguţ, 2016). For a variety of pro-
blems, boosting outperforms bagging, however, random forests, as a
modification of bagging, can perform similarly to boosting, with the
advantage of being simpler in terms of tuning its parameters and de-
manding shorter training time (Hastie et al., 2013). Of different variants
of boosting, AdaBoost.M1 and AdaBoost.M2, the most common algo-
rithms (Freund and Schapire, 1996) have been utilized, being respec-
tively implemented in the R environment (R Core Team, 2017) using
the adabag package (Alfaro et al., 2013) and in the Matlab software
package using the Fitensemble function. The two classifiers perform
similarly for binary conditions (with only two classes), but handle
multi-class problems differently (Freund and Schapire, 1996).

Although these ensemble classifiers are characterized by their in-
herent sampling mechanisms, they are generally vulnerable to an im-
balanced distribution of the training samples (Dalponte et al., 2013;
Galar et al., 2012). In this research, the integration of different sam-
pling strategies with the four ensemble classifiers described above is
investigated, with the aim being to overcome the data imbalance pro-
blem.

3.3. Performance measures

The commonly used measure of classification performance is the
overall accuracy (OA) defined as the ratio of the number of correctly
classified samples to the total number of samples. Another common
measure is the kappa statistic, which is defined to deal with correct
classifications that have arisen by chance. These measures do not
properly reflect the classification performance for minority classes with
few samples. Consider a two-class data set with 95% of the samples
from one class and the remaining portion from the other class. A simple
classifier, which labels all samples as belonging to the majority class,
will have an overall accuracy of 95%, while all the minority samples
will be misclassified. Therefore, the OA and the kappa index should be
adopted with caution, and additional measures should be considered
for per-class accuracy assessment.

User's and producer's accuracies are common measures of per-class
classification accuracy. The Fβ-measure is a combination of user's and
producer's accuracies, with β≥ 0 as a balance indicator between these
two. It is defined per-class as follows:

=
+

+
F

β
β

(1 ). User's.Producer's
. User's Producer'sβ

2

2 (6)

To evaluate the overall performance of a multi-class classifier, the
geometric mean (G-mean) of the producer's accuracies of all classes
(Sun et al., 2006) is considered as a standard evaluation measure:

∏− = = …G i i nmean Producer's( ) , 1, ,n (7)

Here, the G-mean measure of producer's accuracies provides an
appropriate figure to describe the general performance of classifiers
because producer's accuracies are not completely independent (Sun
et al., 2006). According to Eq. (7), a small G-mean measure is an in-
dicator of inferior performance of the classifier for at least one class.
Therefore, if samples from the classes, except those from an individual
class, are correctly classified a small G-mean measure will be obtained.
In this study, mutual usage of the G-mean measure and OA (or Kappa
index) is considered in the evaluation of sampling fractions in order to
achieve the optimal performance for both majority and minority

Table 1
Feature dataset used to this study.

Feature Definition

I Intensity from point cloud
ei− SD1.5(CD2) Normalized eigenvalues in a spherical (cylindrical)

environment of radius 1.5 (2) m
Aλ− SD1.5(CD2) Anisotropy in a spherical (cylindrical) environment of radius

1.5 (2) m
Pλ− SD1.5(CD2) Planarity in a spherical (cylindrical) environment of radius

1.5 (2) m
Oλ− SD1.5(CD2) Omnivariance in a spherical (cylindrical) environment of

radius 1.5 (2) m
Sλ− SD1.5(CD2) Scatter in a spherical (cylindrical) environment of radius 1.5

(2) m
Ret No . Pulse (return) number
No. Rets Total number of returns
Ne Ret No ./ No. Rets
A Pulse amplitude
σ Backscattered cross-section of a pulse
σtot Total backscattered cross-section of a waveform
γ Backscattered coefficient
ALσ (ARσ) Pulse area fraction (left/right side) normalized by the whole

area under the pulse
AL (AR) Pulse area fraction (left/right side) normalized by the

summation of these two left/right areas
EL(ER) Pulse growth (decay) rate
nDSM Normalized DSM
Slope Surface slope
Aspect Surface aspect extracted from waveforms
Curvature Surface curvature
CurvaturePlan Surface plan curvature
CurvatureProf. Surface profile curvature
L Pulse length
AspectLAS Surface aspect extracted from point cloud
Cx Center of mass (time)
Cy Center of mass (amplitude)
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classes. Note that receiver operating characteristic (ROC) curves are not
used here as they usually tend to deliver an optimistic assessment of
classifiers performance, especially for minority classes in extremely
skewed data (He and Garcia, 2009).

3.4. Integration of sampling techniques with classifiers

Several data sampling techniques have been proposed in the lit-
erature to address the problem of data imbalance (Chawla et al., 2002;
Han et al., 2005; Lu et al., 2016; Seiffert et al., 2010; Van Hulse et al.,
2007). The main intention of such techniques is to balance the dis-
tribution of the training data, through the placement of more emphasis
on minority classes and attempting to alleviate the biased performance
of the classifiers towards the majority classes. In this research, different
balance ratios between samples from all classes are taken into account
in order to achieve the optimal outcome, since a uniform distribution
with a similar number of samples from each class (equal to the number
of samples in the absolute minority class) cannot always result in op-
timal results (Lu et al., 2016), especially, when class ratios (minority:
majority) are extremely skewed (Seiffert et al., 2010).

3.4.1. Under-sampling of majority classes
Random under-sampling (RUS) of the majority classes is performed

by randomly selecting a fraction of samples from each majority class
prior to the training. Different fractions of samples from each class can
result in different accuracy levels, at least for those classes with similar
characteristics. Although RUS reduces the training time, exclusion of
samples can result in information deficiency (Galar et al., 2012; Seiffert
et al., 2010).

A variant of the boosting algorithm that integrates RUS with the
AdaBoost.M2 classifier (Freund and Schapire, 1996) is RUSBoost
(Seiffert et al., 2010), which is particularly developed for dealing with
imbalanced training data. Through the integration of RUS and boosting,
the performance of the learner is improved for imbalanced training
data. Throughout iterations of Adaboost, higher weights are assigned to
misclassified samples, with the aim of correctly classifying these sam-
ples in subsequent iterations. In RUSBoost, random under-sampling of
the majority classes facilitates a balancing of the training dataset, while
Adaboost improves the classifier performance by using these balanced
data (Van Hulse et al., 2007). This sampling occurs at each iteration of
the boosting procedure.

3.4.2. Synthetic over-sampling of minority classes
Random oversampling (ROS) undertakes a balancing of the training

dataset by simply reproducing samples from minority classes via sam-
pling by replacement. However, having replicated similar samples, such
techniques cause the problem of overfitting as new samples do not
expand the borders of the decision area (Chawla et al., 2002; Galar
et al., 2012). The Synthetic Minority Oversampling Technique (SMOTE)
(Chawla et al., 2002) is a well-known technique that seeks to balance
the data by generating synthetic samples from minority classes, instead
of replicating samples from these classes. Synthetic samples are gen-
erated by considering the over-sampling index (the k nearest neighbors)
from the same minority class (see Fig. 1), and interpolating new sam-
ples somewhere along the connecting lines between them (Chawla
et al., 2002; Galar et al., 2012; Van Hulse et al., 2007). Therefore, larger
decision regions will be created for minority classes, which subse-
quently improves the decision rule leading to better consideration of
minority samples (Galar et al., 2012).

In theory, the combination of Boosting with over-sampling, e.g. by
SMOTE, can improve the classification of samples from minority classes
through targeting these samples during the boosting procedure. In
practice, however, this combined approach has not been evaluated for
the classification of remote sensing data in complex urban environ-
ments.

3.4.3. Hybrid sampling
In order to avoid the common problems of applying sampling

techniques separately (e.g. information loss), a combination of under-
sampling and over-sampling techniques is also considered with the
purpose of improving the classification performance. In fact, hybrid
sampling benefits from both sampling techniques, since either can
perform satisfactorily in different situations, subject to the conditions of
the data (Lu et al., 2016). This hybrid technique integrates SMOTE to
oversample the minority classes, and uses under-sampling to subsample
the majority classes at the same time.

3.4.4. Under-sampling aggregation
In order to compensate for information deficiency while im-

plementing under-sampling techniques, the training procedure is im-
plemented over different subsets of the majority classes, while the same
set of minority classes is included. In this research, at each step of the k-
fold cross-validation, the training set that comprises (k− 1)n/k samples
is randomly divided into m splits. Here, only samples from majority
classes are further divided into m partitions (Mjk,m), while all samples
from the minority classes are left unchanged (Mnk). Therefore, at each
iteration of the k-fold cross-validation, the classifier is trained m times
over a set = =Mjn {Mj , Mn }k m k i k i

m
, , 1 comprised of different subsets of the

majority classes and the same samples from minority classes in kth
training set. Thus, m different models are trained at a time and the final
model is built as a combination of all m models for every fold of the
cross-validation. Also, the final prediction of the observations in the
remaining fold (test set) is made through application of the combined
model. In this way, data deficiency from majority classes can be
avoided and there is also no need to generate additional synthetic
samples from minority classes. This can be considered as a model si-
milar to the EasyEnsemble algorithm (Liu et al., 2009), where the
classifier is trained with different subsets of the majority class. How-
ever, EasyEnsemble has been designed for binary imbalance problems,
where the number of majority subsets is equal to the number of min-
ority samples.

4. Experimental evaluation

4.1. Datasets

Two different datasets have been utilized to examine the perfor-
mance of the presented classifiers over urban areas. These comprised
full-waveform data along with the derived point clouds acquired over
Stretton and Woodridge, Queensland, Australia in October 2013. The
data sets will be referred to simply as Stretton and Woodridge. The
general specifications of the Riegl LMS-Q560 instrument used to collect
both datasets include a wavelength of 1550 nm, pulse repetition fre-
quency (PRF) of 240 kHz, laser beam width of 0.5mrad and a range
(flying height) of less than 300m. As shown in Fig. 2, the urban test

Fig. 1. Graphical description of SMOTE with k=5.
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areas contain various land covers including houses, green areas (trees
and low vegetation) and asphalt surfaces. The sample fractions shown
in Fig. 3 for different classes in the two datasets illustrate the sig-
nificantly imbalanced distribution of samples over the different object
classes. In both datasets, over 90% of the samples are distributed be-
tween only four classes, while the remaining 6–7 classes are re-
presented altogether by less than 10% of the samples. As seen in Fig. 3,
more sudden changes of sample fractions are revealed in the case of
Woodridge, representing a heavier imbalanced dataset as compared to
Stretton. The total number of observations available for Woodridge and
Stretton are 120,312 and 192,553 points, with approximately 10 and 13
points per square metres, respectively.

4.2. Classification results for the original datasets

The classifiers considered are first examined over the integrated
feature dataset extracted using the two different neighborhood types,
namely cylindrical and spherical. The bagging, AdaBoost.M1,
AdaBoost.M2 and random forests were trained and evaluated on the
two datasets using the evaluation scheme presented in Section 3.2. The
number of trees were set to 500 as the common value for random forests
and bagging (Belgiu and Drăguţ, 2016), while 200 trees were used to
train Adaboost.M1 and AdaBoost.M2. Table 2 shows the overall accu-
racy, kappa index and the G-mean measure for the four classifiers. As
seen, random forests and bagging seem to achieve results of higher
accuracy than AdaBoost.M1, while AdaBoost.M2 outperforms the other
classifiers, particularly in terms of the G-mean measure. The G-mean
measure of the classifiers for Woodridge and Stretton indicates that the
OA and Kappa indices are measures of the classifier performance that
are too optimistic in situations where the distribution of samples is
imbalanced. The G-mean measure of AdaBoost.M1 over both datasets
was zero due to having producer's accuracies of zero for some minority
classes.

Table 3 shows the per-class performance of random forests and
AdaBoost.M2, as the superior classifiers, for both datasets in terms of
user's and producer's accuracies. The producer's accuracies are corre-
lated with the sample abundance for each class, and hence, lower
producer's accuracies are obtained for minority classes with smaller
sample proportions in the datasets. This is more apparent in the case of
Woodridge, where the sample distribution is highly skewed. For ex-
ample, both random forests and AdaBoost.M2 provide producer's ac-
curacies of less than 10% for the concrete class. This is mainly due to
the high similarity between the features of this class and those of the
grass class, which is in favor of the latter with a larger number of
samples in the training dataset. Similar confusion between other pairs
of classes can result in poor performance of classifiers for minority

classes.

4.3. Classification results for the sampling scenarios

To evaluate the under-sampling strategy, five different sampling
fractions of the majority classes were considered. Fig. 3a,b illustrates
the sampling scenarios for both datasets compared to the original dis-
tributions, where the fifth sampling condition includes an equal number
of samples for all classes, corresponding to the class with the fewest
number of samples. As shown, the sampling scenarios RUS3 and RUS4
represent almost balanced distributions over all classes, providing a
near unbiased contribution of samples from the classes into the training
procedure.

The SMOTE algorithm was applied with an over-sampling index
(number of synthetic samples generated for each real sample) of up to
five, to avoid generating an excessive number of synthetic samples
along the linking paths to the neighbors. Table 4 shows the over-sam-
pling index for the datasets, which ranges from 0 to 5 depending on the
sample distribution in each dataset.

Sampling from both majority and minority classes is examined as a
hybrid scenario for the considered classifiers. For minority classes, an
over-sampling was applied based upon SMOTE with the over-sampling
index k (number of neighbors) of up to five, as shown in Table 4. An
under-sampling was then applied to all classes with ratios described in
Section 4.3 (RUS1-4). Fig. 3c,d shows the sample proportions for the
four hybrid scenarios for both datasets.

The under-sampling aggregation strategy was investigated with two
choices for the number of sub-folds m: 5 and 10. Fig. 3e,f shows the
sample fractions in these two cases of sub-folds in comparison with the
sampling fractions within the original training datasets.

The four classifiers were trained with the four sampling options
applied prior to the training step. The overall performance of the
classifiers with different sampling options is indicated in Tables 5–8.
Even though the differences between the OA and Kappa measures are
trivial for the two datasets under all sampling scenarios, the G-mean
measures vary significantly. This illustrates that the former measures
are not appropriate indicators in imbalanced datasets for assessing the
performance of classifiers. In Tables 5, 7 and 8 a gradual decrease of
both OA and Kappa measures is seen by reducing/increasing the frac-
tion of samples from majority/minority classes, while the G-mean value
shows a steady increase from RUS1 to RUS5, from HYB1 to HYB4, and
from 5 sub-folds to 10 sub-folds, indicating an improvement of per-class
producer's accuracies. For example, the increase of the G-mean mea-
sures for random forests integrated with under-sampling (see Table 5),
compared to the same measure from this classifier without performing
under-sampling (67.6% and 86.0% respectively for Woodridge and

Fig. 2. Study areas: Woodridge (left) and Stretton (right).
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Stretton), is from around 4.4% and 2.3% in RUS1 to 16.9% and 3.5% in
RUS5, respectively. This highlights the effectiveness of the under-
sampling strategy in improving the producer's accuracies of the min-
ority classes, when dealing with imbalanced datasets. In the case of
AdaBoost.M2, in both datasets, the RUS3 and RUS4 scenarios yield
improved G-mean measures, especially for Woodridge with its more
imbalanced distribution. In these two sampling scenarios, the OA values
are similar to the same measure in the original datasets, representing an

insignificant decrease in accuracy for the majority classes.
As seen in Table 6, random forests and bagging perform better than

AdaBoost.M1 over both datasets when combined with SMOTE, while
AdaBoost.M2 outperforms the rest in all circumstances, especially in
terms of the G-mean measure. As seen in Table 7, a combination of
hybrid sampling with bagging, random forests and AdaBoost.M1 clas-
sifiers improves the G-mean measures in both datasets compared to the
corresponding values in the original datasets. The AdaBoost.M2

Fig. 3. Sample proportions (in %) of different classes in: (a, b) under-sampling majority classes, (c, d) hybrid sampling, and (e, f) under-sampling aggregation for
Woodridge and Stretton.
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classifier, on the other hand, produces improvement in the G-mean
measure only when it is accompanied with the HYB3-4 hybrid sampling
scenarios. Generally speaking, bagging and random forests outperform
both AdaBoost.M1 and AdaBoost.M2 in terms of the G-mean measure,
especially for Woodridge. Furthermore, OA and Kappa indices experi-
ence less reduction through HYB1-4 in the case of AdaBoost.M2. These
two indicate that integration of AdaBoost.M2 with hybrid sampling
scenarios does not measurably improve per-class performance for the
minority classes. As seen in Table 8, partitioning the training dataset
into more sub-folds results in an increase of the G-mean value and this
is matched by a decrease in magnitude of both the OA and Kappa
measures. Similar to under-sampling the majority classes and synthetic
over-sampling the minority classes, AdaBoost.M2 performs better than
the other classifiers in terms of the measures considered for both da-
tasets.

Figs. 4–7 show the variations of the Fβ-measure (β=1, 2) across the
classes for the two datasets. As shown in the figures, a slightly better
performance of AdaBoost.M2 in most under-sampling scenarios is evi-
dent when considering user's and producer's accuracies with equal
weights, i.e. the F1-measure. The difference between AdaBoost.M2 and
the other classifiers gets more apparent towards RUS4. By placing
higher emphasis on producer's accuracies through the F2-measure, the
classifiers all yield larger values for almost all sampling options. This is
an indication of improvement in the producer's accuracies via integra-
tion of under-sampling with the classifiers. In both datasets, RUS3 and
RUS4 sampling scenarios yield the best results in terms of the F2-mea-
sure. Even though RUS5 results in the best G-mean measure for both
datasets, the Fβ-measures reveal deficiencies in the classifiers for this
sampling option. This is attributed to the reduction in user's accuracies,
particularly for the minority classes, which is due to not enough
training samples being used to train the classifiers. This study supports
evidence from previous observations (Jin et al., 2014) that using an
equal number of samples from the minority and majority classes im-
proves producer's accuracy for minority classes. The inferior perfor-
mance of the AdaBoost.M1 classifier is evident in both datasets.

As seen in Fig. 5, the F2-measure shows only slight improvement

over the F1-measure when using SMOTE, which implies that the pro-
ducer's accuracies are not improved substantially for the minority
classes. In the case of Woodridge, the F2-measure for random forests,
integrated with over-sampling, shows better performance than this
classifier applied to the original training dataset.

For hybrid sampling, AdaBoost.M2 shows the better per-class per-
formance, followed by random forests and bagging, as measured by the
Fβ-measures in both datasets (Fig. 6). The integration of hybrid sam-
pling with these classifiers, however, does not result in any substantial
improvement in the Fβ-measures.

As seen in Fig. 7, random forests and bagging show essentially the
same performance for both datasets, when integrated with the under-
sampling aggregation method. The boxplots of AdaBoost.M2 are dis-
tinguished by a lower variability. In both cases, the F2-measure shows
improvement over the F1-measure in the integration of under-sampling
aggregation, with the classifiers indicating higher values for producer's
accuracy than for user's accuracy. The boxplots of the F2-measure of the
classifiers applied to the original training datasets show a marginal
performance deterioration compared to the F1-measure, which can be
linked to the inability of the classifiers to yield the desired level of per-
class performance through having small producer's accuracies. The re-
sults in Table 8 confirm the inferior performance of the Adaboost.M1
classifier.

It is noticeable that the out-of-box instances with the worst Fβ-
measures in Figs. 4–7 are all representative of the class concrete in
Woodridge.

4.4. Cross comparison of the sampling methods

In order to select the optimal performance for the combination of
different sampling methods with the classifiers, OA values for such
scenarios were plotted against the corresponding G-mean measures, as
shown in Fig. 8. The curves in Fig. 8 show how OA and G-mean

Table 2
OA, Kappa, and G-mean measures (in %) for different classifiers over the da-
tasets.

Classifier Woodridge Stretton

OA Kappa G-mean OA Kappa G-mean

Bagging 96.5 94.8 68.4 97.2 96.2 85.6
Random forests 96.6 95.0 67.6 97.4 96.5 86.0
AdaBoost.M1 93.1 89.6 – 92.7 90.1 –
AdaBoost.M2 97.0 95.5 70.4 98.0 97.3 89.5

Table 3
Per class performance of random forests and Adaboost.M2 over the two datasets in terms of user's and producer's accuracies (in %).

Class Woodridge Stretton

Random forests AdaBoost.M2 Random forests AdaBoost.M2

Producer's User's Producer's User's Producer's User's Producer's User's

Asphalt 98.7 98.6 98.9 98.9 99.4 99.5 99.6 99.6
Vehicle 74.1 84.4 79.3 87.1 88.5 92.3 91.5 93.6
Concrete 9.4 71.2 9.9 69.6 74.8 92.7 79.5 94.3
Flat roof 88.9 91.9 90.6 93.7 95.0 97.5 96.7 98.5
Grass 99.1 92.8 99.1 93.0 98.9 95.6 99.0 96.6
Medium vegetation 67.5 76.2 72.8 78.6 63.3 87.2 71.2 90.0
Pitched roof 97.7 98.3 98.1 98.6 98.8 98.8 99.1 99.2
Power lines 71.7 92.8 73.8 92.2 – – – –
Tree 99.6 98.3 99.6 98.6 98.7 96.3 99.2 97.1
Wall 59.2 76.8 69.1 76.7 70.0 92.9 79.3 89.5
Swimming pools 79.6 93.3 83.4 95.4 83.3 95.2 85.7 94.1

Table 4
Over-sampling index per class for the two datasets.

Class Woodridge Stretton

Asphalt 0 0
Vehicle 5 4
Concrete 3 2
Flat roof 2 2
Grass 0 0
Medium vegetation 3 2
Pitched roof 0 0
Power lines 4 –
Tree 0 0
Wall 4 5
Swimming pools 5 5
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measures of different scenarios vary with the changes in the distribu-
tion of the training data. For all scenarios in which the original training
dataset was utilized, the minimum G-mean measures coincide with the
maximum OA values. The G-mean values, however, increased as a re-
sult of changing the data distribution. The optimal distribution for sy-
nergy of the classifiers with each sampling method occurs at points that
provide mutually maximum values of both OA and G-mean measures.
Considering both measures simultaneously, the under-sampling ag-
gregation integrated with AdaBoost.M2 has the best performance in
both datasets. For Woodridge, random forests integrated with the
under-sampling performs better than does random forests integrated
with hybrid sampling. Aggregation of random forests with hybrid
sampling produces higher values for both OA and G-mean measures

than does integration of random forests with under-sampling for
Stretton. Fig. 9 shows the Fβ-measures for the combination of different
sampling strategies with random forests and AdaBoost.M2. For each
sampling scenario, the variant that achieved the best results, based on
what is shown in Fig. 8, is shown as the indicator of that approach.

As shown in Fig. 9, most sampling strategies improve the perfor-
mance of both classifiers in terms of the F2-measure, but not the F1-
measure. This means that sampling strategies improve producer's ac-
curacy at the price of a slight decrease in user's accuracy. In the case of
Woodridge, the F1-measure of the worst performing class (concrete)
was almost doubled by random forests coupled with under-sampling
(RUS4), RUSBoost (RUS4) and the combination of under-sampling

Table 5
OA, Kappa, and G-mean measures (in %) for different under-sampling options.

Measure Classifier Woodridge Stretton

RUS1 RUS2 RUS3 RUS4 RUS5 Original RUS1 RUS2 RUS3 RUS4 RUS5 Original

OA Bagging 96.4 96.1 95.5 93.9 89.4 96.5 96.9 96.7 96.0 94.5 94.6 97.2
Random forests 96.6 96.3 95.8 94.4 89.7 96.6 97.3 97.1 96.5 95.3 91.0 97.4
AdaBoost.M1 93.1 92.8 92.4 89.7 85.4 93.1 92.6 91.5 90.6 88.8 73.5 92.7
AdaBoost.M2 96.3 96.4 96.6 95.6 88.4 97.0 97.2 97.3 97.4 96.9 94.3 98.0

Kappa Bagging 94.8 94.2 93.5 91.2 84.9 94.8 95.9 95.6 94.6 92.8 92.8 96.2
Random forests 95.0 94.6 93.9 91.9 85.4 95.1 96.4 96.1 95.3 93.7 88.2 96.5
AdaBoost.M1 89.8 89.5 88.9 85.3 79.6 89.6 90.1 88.7 87.6 85.2 66.7 90.1
AdaBoost.M2 94.6 94.8 94.9 93.6 83.6 95.5 96.3 96.4 96.6 95.9 92.4 97.3

G-Mean Bagging 73.2 76.5 79.2 82.4 84.3 68.4 88.1 89.1 90.0 90.4 90.3 85.6
Random forests 72.0 75.5 77.3 81.5 84.4 67.6 88.3 88.9 89.4 90.5 89.5 86.0
AdaBoost.M1 16.4 28.6 47.3 64.9 77.3 – – 37.9 67.0 71.5 75.2 –
AdaBoost.M2 66.2 68.8 72.2 79.3 85.7 70.4 86.1 87.1 89.0 90.4 91.5 89.5

Table 6
OA, Kappa, and G-mean measures (in %) for the integration of synthetic over-
sampling (SMOTE) with the classifiers for Woodridge and Stretton.

Measure Classifier Woodridge Stretton

SMOTE Original SMOTE Original

OA Bagging 96.1 96.5 96.9 97.2
Random forests 96.5 96.6 97.4 97.4
AdaBoost.M1 92.9 93.1 92.2 92.7
AdaBoost.M2 96.7 97.0 97.8 98.0

Kappa Bagging 94.3 94.8 95.8 96.2
Random forests 94.8 95.0 96.5 96.5
AdaBoost.M1 89.5 89.6 89.6 90.1
AdaBoost.M2 95.2 95.5 97.0 97.3

G-Mean Bagging 70.2 68.4 86.7 85.6
Random forests 69.9 67.6 88.2 86.0
AdaBoost.M1 46.8 – 59.9 –
AdaBoost.M2 73.6 70.4 91.1 89.5

Table 7
OA, Kappa, and G-mean measures (in %) for different hybrid sampling options.

Measure Classifier Woodridge Stretton

HYB1 HYB2 HYB3 HYB4 Original HYB1 HYB2 HYB3 HYB4 Original

OA Bagging 95.7 95.0 94.0 91.0 96.5 96.4 95.8 94.9 92.8 97.2
Random forests 96.1 95.5 94.5 91.8 96.6 96.9 96.5 95.6 93.7 97.4
AdaBoost.M1 90.9 87.9 83.7 76.1 93.1 90.3 89.6 88.1 84.0 92.7
AdaBoost.M2 96.5 96.5 96.3 96.1 97.0 97.5 97.5 97.1 96.9 98.0

Kappa Bagging 93.8 92.8 91.4 87.2 94.8 95.2 94.4 93.2 90.5 96.2
Random forests 94.3 93.5 92.1 88.3 95.0 95.8 95.3 94.1 91.6 96.5
AdaBoost.M1 86.8 82.8 77.2 67.6 89.6 87.2 86.3 84.4 79.3 90.1
AdaBoost.M2 94.8 94.8 94.6 94.3 95.5 96.7 96.6 96.0 95.8 97.3

G-Mean Bagging 73.8 76.3 79.2 82.0 68.4 89.5 89.6 90.6 90.1 85.6
Random forests 72.9 76.4 78.8 83.0 67.6 89.6 90.9 91.4 91.5 86.0
AdaBoost.M1 58.2 63.8 66.2 67.8 – 66.2 70.0 73.0 74.2 –
AdaBoost.M2 68.9 69.9 71.5 73.4 70.4 89.3 89.1 89.6 90.2 89.5

Table 8
OA, Kappa, and G-mean measures (in %) for different sub-folding options.

Measure Classifier Woodridge Stretton

5 sub-
folds

10
sub-
folds

Original 5 sub-
folds

10
sub-
folds

Original

OA Bagging 95.1 92.5 96.5 96.0 93.9 97.2
Random forests 95.5 93.0 96.6 96.4 94.5 97.4
AdaBoost.M1 92.6 90.9 93.1 91.3 88.3 92.7
AdaBoost.M2 95.7 93.0 97.0 96.8 95.0 98.0

Kappa Bagging 92.9 89.2 94.8 94.6 91.9 96.2
Random forests 93.4 89.9 95.0 95.2 92.8 96.5
AdaBoost.M1 89.2 86.9 89.6 88.5 84.7 90.1
AdaBoost.M2 93.8 90.0 95.5 95.8 93.3 97.3

G-Mean Bagging 80.4 83.5 68.4 90.5 90.6 85.6
Random forests 80.2 84.3 67.6 91.0 91.1 86.0
AdaBoost.M1 40.6 57.3 - 68.2 73.1 –
AdaBoost.M2 82.2 85.7 70.4 92.5 92.8 89.5
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Fig. 4. Boxplots of Fβ-measures (β=1, 2) for five under-sampling options with bagging, random forests, AdaBoost.M1 and AdaBooost.M2.

Fig. 5. Boxplots of Fβ-measures (β=1, 2) for the integration of over-sampling with Bagging, Random forests, AdaBoost.M1 and AdaBoost.M2.
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Fig. 6. Boxplots of Fβ-measures (β=1, 2) for the integration of hybrid-sampling with Bagging, Random forests, AdaBoost.M1 and AdaBoost.M2.

Fig. 7. Boxplots of Fβ-measures (β=1, 2) for the integration of under-sampling aggregation with Bagging, Random forests, AdaBoost.M1 and AdaBoost.M2.
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aggregation (5 sub-folds) with Adaboost.M2. The latter scenario
showed less reduction of the same measure on average for other classes
(both majority and minority classes) compared to performing Ada-
boost.M2 on the original training dataset. SMOTE over-sampling in-
tegrated with Adaboost.M2 showed a similar F1-measure boxplot to that
obtained from Adaboost.M2 on the original training dataset across
Stretton.

Tables 9 and 10 show the improvements and deteriorations in the G-
mean and OA values of the best classification scenarios for Woodridge
and Stretton. As seen in the tables, in general, the improvement in the
G-mean value is more pronounced than the reduction in OA. The under-
sampling (RUS4) coupled with both bagging and random forests
yielded superior performance in terms of the G-mean measure across
Woodridge, where both resulted in approximately 14% gain in the G-
mean measures when compared to the implementation of the same
classifiers without the contribution of the sampling technique (Table 9).
These were followed by the combination of under-sampling aggregation
(5 sub-divisions) and random forests, providing 12.6% increase of the

Fig. 8. OA versus the G-mean measure for combination of different sampling scenarios with random forests and Adaboost.M2 classifiers in: (a) Woodridge and (b)
Stretton.

Fig. 9. Boxplots of Fβ-measures (β=1, 2) for all selected scenarios versus random forests and AdaBoost.M2, Woodridge and Stretton.

Table 9
Differences (Δ in %) in the G-mean and OA values for combinations of the
classifiers and the sampling strategies to the classifiers trained by the original
imbalanced dataset, Woodridge.

Sampling scenario Bagging RFC Adaboost.M2

ΔG-mean ΔOA ΔG-mean ΔOA ΔG-mean ΔOA

RUS.4 14.0 −2.6 13.9 −2.2 8.9 −1.4
RUS.5 15.9 −7.1 16.8 −6.9 15.3 −8.6
HYB.3 10.8 −2.5 11.2 −2.1 1.1 −0.7
HYB.4 13.6 −5.5 15.4 −4.8 3.0 −0.9
SMOTE 1.8 −0.4 2.3 −0.1 3.2 −0.3
Under-Aggr (5 sub-

folds)
12.0 −1.4 12.6 −1.1 11.8 −1.3

Under-Aggr (10 sub-
folds)

15.1 −4.0 16.7 −3.6 15.3 −4.0
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G-mean measure. Compared to the original classifiers exclusive of the
sampling strategies, the loss in OA was 2.6%, 2.2% and 1.1% for the
combinations of under-sampling (RUS4) with bagging and random
forests, and the under-sampling aggregation (5 sub-divisions) combined
with random forests, respectively. In the case of Stretton, as seen in
Table 10, hybrid sampling (HYB3) combined with both random forests
and bagging, and the combination of random forests with under-sam-
pling aggregation (5 sub-divisions) resulted in 5.4%, 5% and 5% rises in
the G-mean measure, with the related loss in OA being 1.8%, 2.3% and
1%, respectively.

Even though the combination of random forests with both under-
sampling (RUS5) and with under-sampling aggregation (10 sub-divi-
sions) lead to, respectively, 16.8% and 16.7% rises in the G-mean
measure, it was accompanied by 6.9% and 3.6% reductions of OA, re-
spectively, thus making the former scenario less appropriate. In contrast
to both random forests and bagging, the Adaboost.M2 classifier resulted
in considerably less improvement of the G-mean measure (ΔG-mean)
when combined with under-sampling and hybrid sampling techniques.
Integration of SMOTE over-sampling with the Adaboost.M2 classifier,
however, resulted in a marked improvement in the G-mean measure in
comparison with those obtained from its combinations with bagging
and random forests, except for Stretton where SMOTE combined with
random forests showed a better improvement of the G-mean measure.

Fig. 10 shows two schematic classification outputs for AdaBoost.M2
coupled with under-sampling aggregation and hybrid sampling com-
bined with random forests for Woodridge and Stretton, respectively. In
the case of Woodridge, concrete samples were wrongly classified as

grass due to the high similarity of their feature vectors as well as the
grass class being significantly over-represented, which causes the clas-
sifier to be trained in favor of the grass class. This was mitigated by
integration of the classifiers with the introduced data sampling tech-
niques. A large number of building samples in the training dataset for
Stretton caused the tree samples to be wrongly classified as buildings, in
areas with high point density. This could also be attributed to the local
geometric structure of the point clouds, where dense points within tree
crowns share similar characteristics with building roofs. This error was
also reduced through using the presented methods.

5. Discussion

The quantitative comparisons indicated that the classifiers are sen-
sitive to the distribution of training samples and direct exploitation of
state-of-the-art classification methods cannot guarantee achievement of
high accuracy when the dataset is substantially imbalanced. Data im-
balance is invariably apparent when dealing with remote sensing data
covering complex environments with unevenly distributed feature tar-
gets, such as in urban areas. This issue is more critical when treating a
large number of targets at fine scales.

It is noticeable that implementing Adaboost.M2 on original training
datasets showed superior performance as against bagging, random
forests, and Adaboost.M1 in terms of both the G-mean measure and OA
across both datasets (Table 2). Better G-mean values of the Ada-
boost.M2 classifier over the training dataset without taking sampling
techniques into account can be linked to the sequential nature of
boosting, where placing higher emphasis on hard samples at each step.
When evaluating models using the G-mean measure, Adaboost.M2
combined with under-sampling aggregation (both 5 and 10 sub-divi-
sions) showed satisfactory results for both datasets (Table 8). Further-
more, for Woodridge, random forests and bagging also emerged with
high G-mean values when they were combined with under-sampling
aggregation (under 10 sub-divisions) (Table 8), in addition to the ag-
gregation of random forests with hybrid sampling (HYB4) (Table 7).
Across Stretton, good performance of hybrid sampling (HYB3-4) com-
bined with random forests was evident (Table 7). The Adaboost.M2
integrated with either under-sampling or hybrid sampling techniques
did not improve the G-mean measure as much as did the combinations
of such sampling strategies with bagging and random forests (Table 10).
In addition, the final G-mean values of Adaboost.M2 combined with
hybrid and under-sampling techniques were also less than those ob-
tained for random forests and bagging coupled with these sampling
techniques (Tables 5 and 7). SMOTE over-sampling and under-sampling

Table 10
Differences (Δ in %) in the G-mean and OA values for combinations of the
classifiers and the sampling strategies to the classifiers trained by the original
imbalanced dataset, Stretton.

Sampling scenario Bagging RFC Adaboost.M2

ΔG-mean ΔOA ΔG-mean ΔOA ΔG-mean ΔOA

RUS.4 4.8 −2.7 4.5 −2.1 0.9 −1.1
RUS.5 4.7 −2.6 3.5 −6.4 2.0 −3.7
HYB.3 5.0 −2.3 5.4 −1.8 0.1 −0.9
HYB.4 4.5 −4.4 5.5 −3.7 0.7 −1.1
SMOTE 1.1 −0.3 2.2 0.0 1.6 −0.2
Under-Aggr (5 sub-

folds)
4.9 −1.2 5.0 −1.0 3.0 −1.2

Under-Aggr (10 sub-
folds)

5.0 −3.3 5.1 −2.9 3.3 −3.0

Fig. 10. Classified point cloud by (a) under-sampling aggregation (5 sub-folds) integrated with AdaBoost.M2, Woodridge; and (b) random forests combined with
hybrid sampling (HYB3), Stretton.
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aggregation, on the other hand, both showed better G-mean values
when accompanied by Adaboost.M2, compared to their combinations
with bagging or random forests (Tables 6 and 8).

In a multiclass classification, per-class performance depends on how
class samples are representative of that class in the feature space, as
well as on the class ratios among similar classes. For example, the two
multi-class classification circumstances presented here both include two
classes of similar feature spaces, namely the concrete and grass classes,
and the corresponding (binary) class ratios of 7:93 and 13:87. As shown
in Table 3, and as expected, a better per-class accuracy level of the
minority class (concrete) was achieved for Stretton, due to a less ex-
tremely imbalanced class ratio of the two similar classes.

Overall, the experimental results support the hypothesis that com-
bining sampling methods with the classifiers improves per-class clas-
sification accuracy. Different sampling approaches were examined in
this study to improve classification accuracy; including under-sampling
majority classes, synthetic over-sampling of minority classes, hybrid
sampling, and under-sampling aggregation.

6. Concluding remarks

In this paper, the classification of LiDAR data covering urban en-
vironments with a variety of land cover classes was investigated.
Identification of a large number of classes is a challenge due to both the
unavailability of a sufficient number of samples from all classes, and an
increase of between-class similarities for some pairs of classes. Full-
waveform LiDAR features including geometric, radiometric and pulse
attributes with ensemble classifiers, bagging, random forests and
boosting (AdaBoost.M1 and AdaBoost.M2) have been investigated.
Even though high OA and Kappa indices were obtained for the original
datasets, inspection of per-class performance as well as distribution of
samples from all classes revealed poor performance of the classifiers for
minority classes. Therefore, concurrent usage of such measures with the
G-mean measure is recommended to inspect the overall performance of
a classifier.

Based on the results obtained, it can be concluded that the combi-
nation of sampling techniques with ensemble classifiers improves the
classification accuracy of minority classes. This issue is important in
fine scale classification when the number of classes is large and the
distribution of samples is extremely imbalanced. The proposed techni-
ques for balancing the training dataset warrants further investigation
for other sources of remote sensing data in future research. The op-
timum class ratios of both majority and minority classes should also be
investigated, even though this issue is essentially related to data dis-
tribution. Moreover, appropriate measures that were utilized in this
paper are recommended for reporting the performance of classification
methods.
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