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Abstract: The increased feature space available in object-based classification environments (e.g.,
extended spectral feature sets per object, shape properties, or textural features) has a high potential
of improving classifications. However, the availability of a large number of derived features per
segmented object can also lead to a time-consuming and subjective process of optimizing the feature
subset. The objectives of this study are to evaluate the effect of the advanced feature selection
methods of popular supervised classifiers (Support Vector Machines (SVM) and Random Forest (RF))
for the example of object-based mapping of an agricultural area using Unmanned Aerial Vehicle
(UAV) imagery, in order to optimize their usage for object-based agriculture pattern recognition
tasks. In this study, several advanced feature selection methods were divided into both types of
classifiers (SVM and RF) to conduct further evaluations using five feature-importance-evaluation
methods and three feature-subset-evaluation methods. A visualization method was used to measure
the change pattern of mean classification accuracy with the increase of features used, and a two-tailed
t-test was used to determine the difference between two population means for both repeated ten
classification accuracies. This study mainly contribute to the uncertainty analysis of feature selection
for object-based classification instead of the per-pixel method. The results highlight that the RF
classifier is relatively insensitive to the number of input features, even for a small training set size,
whereby a negative impact of feature set size on the classification accuracy of the SVM classifier was
observed. Overall, the SVM Recursive Feature Elimination (SVM-RFE) seems to be an appropriate
method for both groups of classifiers, while the Correlation-based Feature Selection (CFS) is the best
feature-subset-evaluation method. Most importantly, this study verified that feature selection for
both classifiers is crucial for the evolving field of Object-based Image Analysis (OBIA): It is highly
advisable for feature selection to be performed before object-based classification, even though an
adverse impact could sometimes be observed from the wrapper methods.

Keywords: classification; object-based image analysis (OBIA); feature selection; SVM-RFE; CFS;
random forest; support vector machines; high-resolution image
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1. Introduction

Feature selection is considered an important step within a classification process because it
improves the performance of the classifier and reduces the complexity of the computation by removing
redundant information [1]. Feature selection has been widely applied in remote sensing image
classification in general [2,3], and for hyperspectral data in particular [4,5]. With the extended feature
space derived from segmented objects (e.g., extended spectral feature sets per object, shape properties,
or textural features) [6,7], object-based classification may increase the complexity of the classification
and the demand for computing power. An additional challenge is avoiding the time-consuming
step of calculating all available features and the subjective process of artificial feature selection when
determining optimal features, besides some other specific issues of object-based image analysis (e.g.,
object scale and training set size) [8,9].

Previous investigations have increasingly applied several advanced feature selection methods to
object-based image analysis. Duro et al. [10] implemented feature selection by calculating the variable
importance score using the Random Forest method. Stumpf and Kerle [11] and Puissant et al. [12]
implemented an iterative backward elimination, whereby the least important 20% of variables,
according to the variable ranking derived from the Random Forest method, were eliminated at
each iteration to determine the optimal feature subset. The splitting rule for the decision tree was
formerly used as the attribute selection measure [13] and has been used in several studies to train
the decision tree model, while decision tree classifiers were widely applied to object-based image
analysis [14,15]. For example, Vieira et al. [16] used the highest normalized information gain measure
to select the attribute, and then selected the best model using cross-validation evaluation, while
Pefa-Barragén et al. [17] used the chi-square (x?) statistic measure as the decision rule. Furthermore,
Yu et al. [18] and Ma et al. [9] used the Correlation-based Feature Selection (CFS) method to implement
dimensionality reduction of the object features prior to classification. Novack et al. [2] used four
advanced feature selection algorithms to identify the most relevant features for the classification of
a high-resolution image but did not further assess these methods and their respective performance
relative to each other.

The above-mentioned studies consistently agree on the benefit (i.e., complexity reduction or
accuracy improvement) of prior feature selection in object-based classification, but not all mentioned
studies actually obtained an accuracy improvement, due to some fuzziness in object-based classification
(e.g., the widespread usage of fuzzy classifiers and especially selection and parameterization of the
segmentation methods as such). Furthermore, previous research for other high-dimensional data (e.g.,
hyperspectral data) revealed that parts of this uncertainty may be related to the effects of particular
combinations of feature selection methods with different supervised classification methods [5,19].
Some studies claimed that SVM classifiers are insensitive to the dimensionality of the data-set [4,20,21],
while Weston et al. [22] and Guyon et al. [23] observed an increase in classification accuracy through
dimensionality reduction. From these somewhat contradictory findings, we may conclude that feature
selection is predominantly regarded as having positive effects on the classification accuracy, but
may cause a degree of uncertainty, particularly in SVM-based classifications. Similarly, studies on
RF classifiers also yield some ambiguity regarding the effects of feature selection for object-based
classification. This is important since, next to SVM, RF methods have gained popularity in object-based
classification [11,12]. For example, Duro et al. [24] proved that RF with prior feature selection
performed better than without feature selection, but Li et al. [19] suggested that RF is a stable
object-based classification method with and without prior feature selection. In fact, Li et al. [19]
never observed a statistically significant difference of classification accuracy between selected feature
subsets and all features. Thus, it seems that feature selection in object-based classification reveals a
research gap: There is no common consensus about the general effects of the combination of feature
selection methods and object-based classification.

Image segmentation processes for the delineation of agriculture from Unmanned Aerial Vehicle
(UAV) images have been in operational use for several years, e.g., for precision agriculture [25,26]. UAV
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images are usually different to other images (typically only RGB bands, very high spatial resolution,
radiometric differences). Furthermore, due to laws and regulations, UAVs are mostly flown in areas
without human presence (no urban areas) and where visual control is possible (open areas)—this results
in an abundance of applications in agricultural areas compared to others. Subsequently, the ability to
map agricultural areas at high spatial resolution encourages agriculture monitoring, combining UAV
images with object-based methods, which contributes fundamental understanding to the available
object-based classification methods.

This study mainly aims to analyze the uncertainty of various feature selection methods for
object-based classification, instead of a similar evaluation for the per-pixel method. Based on
the previous assessment of classification methods for agricultural areas using high-resolution
images [19,24], this study now specifically focuses on assessing the effect of feature dimensionality and
training set size on SVM and RF classifiers for different feature selection methods, including the filter
method, wrappers, and embedded methods. The carefully designed assessment strategy provides new
insight into the effect of different feature selection methods, and the statistical methods used assist in
detecting the significant differences in mean classification accuracy. To our knowledge, this study is
the first systematic evaluation of advanced feature selection methods in combination with the SVM
and RF classifiers regarding object-based classification.

2. Methods

2.1. Study Area and Data Set

The study was conducted in the eastern suburbs of the city of Deyang, which is located in the
Sichuan basin of China. The site extends approximately 10 x 5 km?, and land cover types are typically
agricultural. In the study area, a UAV data set covering approximately 10 x 5 km? was acquired
with a Canon 5D 2 camera, at a height of around 750 m in August 2011. To subsequently produce a
Digital Orthophoto Map (DOM), two standard map sheets of 500 x 500 m (0.2 m spatial resolution
and RGB bands) were generated using digital photogrammetry software [27]. For the evaluation of
feature selection methods, we selected both standard map sheets as study areas to enhance the results.
Study area 1 (Figure 1a) mainly consists of cropland (38%) and woodland (43%), and also contains
6% buildings, 5% bare lands and 2% roads (Figure 1b). Study area 2 (Figure 1c) mainly comprises
cropland (45%) and woodland (37%), and also contains 5% water, 4% buildings, 4% bare land, and
1% roads (Figure 1d). All percentages of the thematic classes were calculated using a reference layer
derived from manual interpretation (see Figure 1b,d).
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Figure 1. Study area in the southwest of China showing the plot acquired by the UAV images.
(a) Digital ortho image of area 1 overlaying a segmentation layer at a scale of 100; and (b) the reference
layer. (c) Digital ortho image of area 2 overlaying a segmentation layer at a scale of 100; and (d) the
reference layer.

2.2. Segmentation and Features

The multi-resolution segmentation algorithm [28] implemented in the eCognition software
package (Trimble Geospatial) was used to generate objects; the weights of colour and shape were set to
0.9/0.1, respectively, while those of smoothness/compactness were set to 0.5/0.5 (standard settings).
The image (of which all three bands were weighted equally) was segmented at a medium scale
parameter (homogeneity threshold) of 100, which was determined based on a previous classification
assessment in terms of specific segmentation scale parameters [19]. 32 features were calculated within
eCognition for each object, including spectral, texture and shape features, to subsequently implement
in the feature selection algorithms.

The details of the selected features are given in Table 1. The spectral features comprised the
mean and standard deviation of the object spectrum, along with the maximum difference and feature
brightness. The shape measures consisted of the geometrical features provided by each segmented
object, such as area, asymmetry, border index, compactness, density, elliptic fit, main direction,
rectangular fit, shape index and roundness. The texture features of this study are based on the Haralick
analysis (the gray-level co-occurrence matrix (GLCM) and gray-level difference vector (GLDV)) and
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are dependent upon all directions, namely, angle 2nd moment, contrast, correlation, dissimilarity,
entropy, mean and standard deviation.

Table 1. List of object features.

Feature Type Feature Names Description
Mean blue, mean green, mean red, max difference, Spectral features were used to evaluate the first (mean),
Spectral standard deviation (std. dev.) blue, std. dev. green, second (standard deviation) of an image object’s
std. dev. red, brightness pixel value.

GLCM (Gray-Level Co-occurrence Matrix)
homogeneity, GLCM contrast, GLCM dissimilarity,
GLCM entropy, GLCM std. dev., GLCM correlation,

GLCM ang. 2nd moment, GLCM mean, GLDV
(Gray-Level Difference Vector) ang. 2nd moment,
GLDV entropy, GLDV mean, GLDV contrast

Texture features are derived from texture after Haralick
based on the Gray-Level Co-occurrence Matrix or
Gray-Level Difference Vector.

Texture

Shape features refer to the geometry information of
meaningful objects, which is calculated from the pixels
that form it. An accurate segmentation of the map is
necessary to ensure the use of these features successfully.

Area, compactness, density, roundness, main
Shape direction, rectangular fit, elliptic fit, asymmetry,
border index, shape index

2.3. Feature Selection Algorithms

In this study, we implemented eight feature selection methods, including five filter methods
(Gain ratio, Chi-square, SVM-RFE, CFS, and Relief-F), two wrapper methods (RF wrapper and SVM
wrapper), and one embedded method (RF). We assessed the methods by dividing them into two
categories according to the feature selection results (feature importance ranking and feature subset).
All feature selection methods were integrated into a C# platform using version 3.7.9 of WEKA [29] or
version 3.1.1 of R to be executed automatically.

(1) Gain ratio

The gain ratio is an extension of the information gain measure, which attempts to overcome the
bias that the information gain measure is prone to selecting features with a large number of values [13].
Thereby, the information gain measure is used as an attribute selection measure of the decision tree and
is obtained by computing the difference between the expected information requirement, classifying
a tuple in tuples, and the new information requirement for attribute A after the partitioning. The
measure of the expected information requirement is given by [13].

Info(D 21 pilog,(pi) €]

where m is the number of distinct classes; p; indicates the probability by calculating the proportion of
belonging to class C; in tuples D. The new information requirement for attribute A is measured by

Infoa(D i’D’ Info(D]-) 2)

where v indicates that D was divided into v partitions or subsets, {D1,Dy,---,Dy}. Thus, the
information gain measure Gain(A) for attribute A can be calculated by the formula.

Gain(A) = Info(D) — Infos(D) 3)

Then, a “split information’ function was used to normalize the information gain measure Gain(A).
The split information function was defined by

o |D ‘| D)l
SplitInfo,(D Z x log, O] 4)
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Finally, the gain ratio is calculated as the information gain measure Gain(A) divided by the split
information measure SplitInfo(A), thatis

Gain(A)
Splitinfos(D)

The larger the gain ratio obtained, the more important the represented features are.

GainRatio(A) = )

(2) Chi-square feature evaluation

The chi-squared method can implement the comparison tests of independence [30]. For feature
selection, chi-squared feature evaluation was used to assess the worth of a feature by calculating
the chi-squared score of the classes, to obtain the ranking list of all features. Discretization was
employed for the numeric attributes (making them discrete), in order to use the chi-squared statistic
to find inconsistencies in the data [31]. The chi-square score of a feature was computed using the
following formula.

_ i i \Mij — Hij) ,ul]) ©)
i=1j=1 Hij

where c is the number of classes; r is the number of the discrete intervals for the particular feature, and

n; is the observed frequency of the samples in the ith interval and jth class. If n; = 25:1 n;j indicates

the samples number in the ith interval for a feature; n j= Yiq n;j indicates the samples number for

class j; n is the total number of samples; then yi;; = n; - n;/n indicates the expected frequency of n;;.

(3) SVM recursive feature elimination (SVM-RFE)

SVM-REE is an iterative procedure of backward feature elimination, which utilizes the cost
function | = (1/2) Hw||2 as the ranking criterion and the SVM as the base classifier [23]. We herein
aim to derive a feature ranking list to compare with the other filter models, so the feature with the
lowest ranking score was removed one at a time instead of eliminating more features. The outline of
the algorithm is as follows: Firstly, the SVM classifier was trained using training objects to optimize
the weights w; with respect to |, where w; indicates the corresponding ith component of w. Secondly;,
all features were ranked using the ranking criterion (wi)z (the square of the weight calculated by the
SVM). Finally, the feature with the smallest criterion was eliminated at each iterative step to generate
the ranking list of all features.

(4) Relief-F

Relief-F is another algorithm evaluating the worth of a feature and has provided superior
performance for many applications of feature quality evaluation [32]. The Relief-F method uses
training instances randomly sampled from the data with attribute values and the class value to
calculate the weight vector w representing the quality of all features [33]. The weight as the feature
evaluation criterion of the Relief-F method was computed based on such feature’s probability of
distinguishing among the classes, whereby a larger expected weight indicates an increased relevance
of the feature for the classes [32]. Firstly, all weights w[A] are set to zero, and then a randomly selected
instance Ri is used to search nearest hit H and nearest miss M. The quality estimation w[A] was
decreased when it is not desirable to separate two instances with the same class using the attribute A.
In contrast, the quality estimation w[A] was increased when the attribute A was enabled to distinguish
two instances into different classes values. In this study we implemented Relief-F in the WEKA
environment [29].
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(5) Random forest

The feature evaluation approach based on random forest is known as an embedded method [5]
and provides a variable importance criterion for each feature by computing the mean decrease in
the classification accuracy for the out of bag (OOB) data from bootstrap sampling [34]. Assuming
bootstrap samples b =1, ... , B, the mean decrease in classification accuracy Dj for variable x; as the
importance measure is given by

0:1\»—\

B
Z Roob Roob (7)

where R%°? denotes the classification accuracy for OOB data (9°” using the classification model Tj;
and quh is the classification accuracy for OOB data EZ;?b permuted the values of variable x; in Ezf’h G
=1,..., N). Finally, a z-score of variable x; representing the variable importance criterion could be

computed using the formula z; = , after the standard deviation s; of the classification accuracy

Dj
si/VB
decrease is calculated. In this work, the feature evaluation procedure was performed automatically
using the R package ‘RRF".

(6) Correlation-based feature selection

Unlike the feature evaluation methods mentioned above, a feature subset was evaluated simply
by using the filter algorithm Correlation-based Feature Selection (CFS). The CFS assessed the worth of
a set of features using a heuristic evaluation function based on the correlation of features, and Hall
and Holmes [35] claimed that a superior subset of features should be correlated with classes highly
uncorrelated to each other. Thus, the criterion of a subset can be evaluated using the following formula

k?cf
k+ k(k — 1)7ff

merits =

®)

where f indicates the feature; c is the class; 7 f denotes the mean feature correlation with classes; Trf
indicates the average feature inter-correlation; and k denotes the number of the attributes in the subset.
In addition, the best first search was used to explore the feature space, and the five consecutive fully
expanded non-improving subsets were set to a stopping criterion to avoid searching the entire feature
subset space. In this study, the WEKA package was used to implement this feature selection algorithm.

(7) RF/SVM Wrapper

In general, the wrapper methods were employed to evaluate the subset subset of variables, to
detect the best feature subset [36]. A learning scheme was implemented for the wrapper methods to
evaluate attribute sets, and the accuracy of the learning scheme was estimated using cross-validation
to detect the best subset [37]. Subsequently, a set of features producing the highest accuracy by
cross-validation was identified as the optimal feature subset. Many previous studies preferred to select
SVM as the learning scheme due to its superiority compared to the other classifiers [12,38], but the
RF classifier has also recently been used [39]. Since RF and SVM classifiers were employed as the
classification techniques tested in this study (see Section 2.4), we tested two wrapper methods, and
the learning schemes were set to RF and SVM classifiers, respectively, to achieve the best possible
classification performance for feature selection. For the SVM wrapper method, we implemented John
Platt’s sequential minimal optimization algorithm [40] and trained the support vector classifier with
default parameters in the WEKA classifier package. For the RF wrapper method, we implemented
the random forest algorithm using the default parameters in the WEKA classifier package. For both
methods, the wrapper strategy was conducted within the WEKA attribute selection package.
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2.4. Classification Procedure

2.4.1. Sampling and Validation

All segmented objects were firstly labelled by a GIS-based overlay ratio rule between the
segmented layer and reference layer [19], stating that an object is assigned to the class covering
>50% of the reference polygon, and hence the stratified random sampling was able to be carried out.
Subsequently, a training set ratio of 30% sampling was applied to each stratum to randomly obtain the
training objects for constructing the classification model. Then, both supervised classifiers (see next
Section 2.4.2) were applied using these sampling objects. A polygon-based accuracy assessment method
should be used in object-based classification because of the uncertainty of segmented objects [41],
and we therefore employed the reference polygons as validation samples to generate the confusion
matrix by calculating the correctly part area of classified object between the classified objects and the
reference polygons.

2.4.2. Classification Techniques

According to our previous systematic comparison [19], Random Forest (RF) and Support Vector
Machines (SVM) are highly suitable for GEOBIA classifications, and the expected general tendency of
the overall accuracies declining with increasing segmentation scale is confirmed. Therefore, RF and
SVM classifiers were employed to evaluate the performance of different feature selection methods.

(1) REF classification

RF combines several classification trees as a new ensemble classifier and has been widely used in
the field of remote sensing classification due to its superior performance [9,11,12,42,43]. The bagging
method is used to generate a training dataset to grow each tree. The unlabelled objects are classified
by assigning them to the most frequently voted class. The RF classifier requires two parameters to
construct the prediction model: the number of decision trees and the number of variables used at each
split to make the tree grow. The number of 479 trees was selected for this study (which seems to be a
regular value for the RF classifier according to Rodriguez-Galiano et al. [44]), and one single randomly
split variable was used to make the trees grow. The package ‘randomPForest” in R was employed to
realize the RF classifier.

(2) SVM classification

Support vector machine, which is a non-parametric supervised statistical learning classifier,
has become increasingly popular in remote sensing classification [4,45,46]. In this study, the R
package ‘e1071’, which integrates the LIBSVM library [47,48], was implemented to carry out the
SVM algorithm using the radial basis function (RBF) kernel, while kernel trick may improve the
classification performance compared to linear SVMs. Then, the grid-search method was used to
find the best pair of parameters (the penalty parameter C and the kernel parameter y) where best
cross-validation accuracy is observed. Therefore, the uncertainty derived from the parameters of
SVM classifier may be avoided by using the best classification result. A coarse grid consisting of a
two-dimensional parameter space (the function is fun = 29 whered = —4, —1.5, —1, ... ,4is for C, and
d=—4,-35,-3,...,1is for y) was used for each classification to speed up the grid-search process.

2.5. Statistical Inference

In this study, a two-tailed t-test is used to determine if two population means derived using
all features and those derived from the selected features are equal. After visually evaluating the
change pattern of the classification accuracy with a different number of features derived from five
feature-importance-evaluation methods, the two-tailed t-test was applied to two groups of accuracies
(ten of independent accuracies for each group respectively) generated using all features and the
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ranked list of features using five feature-importance-evaluation methods, to find the least number of
features necessary for achieving a comparative accuracy with that derived using all features. For three
feature-subset-evaluation methods, we used the two-tailed t-test to determine whether the optimal
feature subset could significantly improve the classification performance compared to that derived
using all features for a different training set size. Finally, the ten best accuracies of the selected features
were compared to that derived using all features. In general, if the absolute value of the test statistic
is greater than the critical value of 1.96, we reject the null hypothesis and conclude that the two
population means are different at the 0.05 significance level.

3. Results and Discussion

This study only evaluated the feature selection methods, instead of individual feature importance
analysis, since our previous studies [9] determined some specific important features for agricultural
information extraction. The comparison of feature selection methods for object-based classification
was divided into two parts within this study, due to the different types of results obtained from the
feature selection process (e.g., the ranked feature list and optimal feature subset), including the analysis
of feature-importance-evaluation methods and feature-subset-evaluation methods. Regarding the
feature-importance-evaluation methods, five algorithms (Gain ratio, Chi-square, SVM-RFE, Relief-F
and Random Forest) were used to obtain the ranked list of the features, and then each feature was added
individually for classification according to the ranking list. Concerning feature-subset-evaluation
methods, the optimal feature subset from three feature selection algorithms (CFS, RF Wrapper and SVM
Wrapper) was used for each classification, to assess the effect of training set size and both classifiers.

3.1. Evaluation of Feature-Importance-Evaluation Methods

Figures 2 and 3 show the change patterns of the classification accuracy for both classifiers in
both areas, as a different number of features was used and the training set size varied. The mean
overall accuracy of ten classification iterations with a fixed number of features and the same training
set size was calculated for the different feature-importance-evaluation methods. The mean overall
accuracy initially tended to increase rapidly with an increasing number of features used. After a certain
threshold was reached, the classification accuracy remained stable, even if more features were added.
Furthermore, a slightly different classification performance was observed between both classifiers for
varying training set sizes, even the use of different feature selection methods. For area 1, when the
training set size was less than 60 objects, the classification accuracy of the SVM classifier rose to a peak
with the additional features and thereafter declined when adding more features (Figure 2), which is in
line with earlier findings for hyperspectral data studies [5]. A similar pattern was also observed in area
2 (Figure 3). However, for both areas, the RF classifier overall outperformed the SVM classifier, and the
classification accuracy was relatively stable with the variation of features when small training set sizes
were used. Therefore, it was further evident that the RF classifier is less sensitive to the effect of data
dimensionality compared to the SVM classifier, even though a small training set size was used, and
Li et al. [19] proved that either classifier could be used with limited training samples. It should also
be noted that our results do not agree with the early findings that SVM is insensitive to the Hughes
effect, but are in line with Pal and Foody [5], who determined that SVM classification is influenced
by the number of features used. We assumed that additional features could compensate for the lack
of training samples for the RF classifier and that SVM is prone to the Hughes effect for object-based
classification with the lack of training samples regardless of the use of additional features.

We can note that the results varied dramatically between several training set sizes, but slightly
different performances were still observed between feature selection algorithms with respect to the
limitations of features. For example, the performance when using a small number of features highly
depends on the feature-importance-evaluation methods, while different feature selection methods
likely imply a different ranked list of features, even when the same training set size is used [37]. A
two-tailed t-test was used to compare the difference of the statistical significance between the means of
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the respective accuracies generated using all features and those derived from the ranked list of the
features (Table 2) to obtain a sound conclusion. Table 2 shows the results of the statistical significance
tests achieved using a training set size of 300 objects for area 1, which is likely insensitive to the Hughes
effect (the dimensionality of the data) according to the previous analysis. The results highlight that the
efficiency of the feature selection methods was different when a small number of features was used,
because the comparable accuracy with a full feature set was achieved by requiring a different number of
features, and also different performance was observed in a small number of features for each algorithm
even using the same classifier. For both classifiers, Gain Ratio and SVM-RFE were better than the other
feature-importance-evaluation methods because of the lower statistical values obtained when using a
small number of features (Table 2). However, regarding the efficiency of feature selection for the RF
classifier, it was evident that SVM-RFE and Chi-square are both appropriate feature selection methods.
The differences leveled out when a smaller number of features (8 features) was used compared to
the other three algorithms (Table 2). For the SVM classifier, all five feature-importance-evaluation
methods achieved a comparable accuracy with the full feature set when eight features were used
(Table 2). These results are similar to those of Ghosh & Joshi [49], who proved that the accuracy could
saturate and show no change after the inclusion of the first ten variables when using RFE technique
with transformation variables (e.g., principal component). Therefore, it seems that the SVM-RFE
method may be suitable for the RF classifier, while Gain Ratio and SVM-RFE are both suitable for the
SVM classifier.
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feature-importance-evaluation methods with different training set sizes for both classifiers.
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feature-importance-evaluation methods with different training set sizes for both classifiers.

Table 2. Summary of the test for the differences between the classifications with feature subsets
following an ascending order and that derived from the full feature set. The statistical value was
derived from a two-tailed t-test. The difference is significant at the 0.05 significance level if the absolute
value of the test statistics is greater than 1.96. The positive number indicates that the mean accuracy
of the full feature set was better than that derived from the selected subset, otherwise the subset

was better.
Gain Ratio Relief-F RF SVM-RFE Chi-Square
Number of Features

RF SVM RF SVM RF SVM RF SVM RF SVM
2 5.81 515 2632 1511 2335 29.82 9.68 7.14 9.87 27.13
4 4.09 413 1751 1382 7.05 8.54 4.95 3.72 6.53 6.17
6 2.82 2.5 6.05 3.54 3.06 2.72 5.26 2.52 6.33 6.52
8 2.49 1.47 1.98 1.53 2.39 0.55 1.37 —-135 0.82 0.64
10 201 —-0.13 194 0.48 015 -038 135 —134 -023 -0.15
12 1.04 —-006 076 —0.69 —-0.74 —-0.08 1.05 —-194 034 0.7
14 1.14 —-127 196 —-029 —-046 —-098 067 —098 0.8 —0.02
16 032 —-046 1.06 —-067 —-011 —-094 124 —-081 023 —0.08
18 086 —051 154 —-1.1 016 —-039 032 —-0.71 -—-035 —-0.65
20 003 —-099 0.87 0.5 0.52 —-0.7 1.85 —-0.02 -15 -091
22 -133 —-036 04 0.09 041 -046 099 —-027 =207 0.85
24 —-0.03 —-057 4.09 -053 -019 -036 042 —-057 —-0.72 —1.58
26 -0.15 -231 1.02 -055 084 —-042 12 -1.89 092 -043
28 -076 —1.83 073 —-0.74 0.6 —-066 08 —-116 —-062 -0.13
30 -032 —-175 147 —-059 182 —-052 222 0.02 0.03 0.18

3.2. Evaluation for Feature-Subset-Evaluation Methods

The mean overall accuracy curves and the standard errors for three feature-subset-evaluation
methods are reported in Figures 4 and 5. Irrespective of the strategies of combination between feature
selection methods and classification algorithms employed, these results are in line with the established
fact that the mean accuracy increases and the standard error declines along with an increasing training
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set size [9]. Furthermore, the statistically significant difference between the overall accuracies derived
from the three feature-subset-evaluation methods and that generated using all features was assessed
using a two-tailed t-test method. For the RF classifier, the results highlighted that the classification
performance using the selected features of CFS was in most cases significantly similar to that derived
using all features, while the statistically significant negative impact of feature selection was frequently
observed for both wrapper methods (Figure 4). It could be attributed to the sensitivity of the RF to
limited training samples, as the method greatly benefits from a larger sample size [50]. For the SVM
classifier, the results yielded that there was generally no statistically significant difference in the overall
accuracy between using features selected with the three feature-subset-evaluation methods and the
full feature set (Figure 5), especially for a small training set size, since the composition of support
vectors could not be changed significantly by adding more training instances to span the separating
hyperplane [51]. Thus, the SVM classifier seems to benefit from the three feature-subset-evaluation
methods even though no statistically significant accuracy improvement occurred, because the reduced
features were nonetheless able to improve the efficiency of the classification process.

I
oo
1

g
(o)}
1

Overall accuracy
o
~
1

—B—CFS, RF
—A— RF-Wrapper, RF

0.5 1 —>— SVM-Wrapper, RF
—6—All RF
0.4 T T T T T T
0 50 100 150 200 250 300
Number of training samples
20 40 60 80 100 200 300
CFs -2.01 -1.21 -0.82 -1.22 0.66 0.11 2.16
RF-wrapper -1.13 -3.21 -2.85 -2.17 -1.46 2.1 -2.64
SVM-wrapper -4.29 -3.66 -2.18 -1.67 -1.03 248 -2.62

Figure 4. The overall accuracy versus the training set size obtained by the different feature subset
using the RF classifier. The statistical value derived from a two-tailed f-test reveals whether there is a
significant difference in the classification accuracy between the selected feature subset and the full set
of features.
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Figure 5. The overall accuracy versus the training set size obtained by the different feature subsets
using the SVM classifier and the statistical value derived from a two-tailed ¢-test reveals whether there
is a significant difference in the classification accuracy between the selected feature subset and the full
feature set.

3.3. Comprehensive Evaluation for All Feature Selection Methods

In order to assess all feature selection methods considered in this study, the statistically significant
difference between the best accuracy obtained using the selected features and that derived from the
full feature set was evaluated using a two-tailed t-test, as well as an assessment of the responses of
all considered feature selection methods and both classifiers versus the parameter of the training
set size (Table 3). In terms of the three feature-subset-evaluation approaches, only one optimal
feature subset could be derived for single sampling, while a series of feature subsets were likely to be
derived from the ranked feature list for the feature-importance-evaluation methods, and we therefore
considered that the best classification accuracy was obtained from this optimal feature subset for the
feature-subset-evaluation approaches. In Table 3, decimal numbers may occur in brackets for these
three feature-subset-evaluation approaches, because the number of features is here represented by
the mean number of the selected features based on the ten classification repetitions. The number of
optimal features was not necessarily consistent for each classification repetition, due to the changing
training samples.

Regarding the comparison between the two types of results of feature selection, features acquired
from feature-importance-evaluation always had a positive effect on the performance of the object-based
classification, whichever classifiers were used, while a negative impact was frequently observed for
a feature subset derived from the two wrapper methods. It seems that the wrapper methods do
not retain the superiority for object-based classification, which is claimed in per-pixel hyperspectral
data [37,52,53]. Additionally, the three feature-subset-evaluation methods tended to use small numbers
of features as the optimal feature subset, in particular for both wrapper methods, while the other
feature-importance-evaluation methods proved that relatively large numbers of features were likely to
achieve the best classification accuracy (Table 3). We assume that this is related to the overestimation
of the performance of the classifier, due to the point-based cross-validation in the process of the
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wrapper method [54,55], so that the best accuracy was mostly achieved for smaller numbers of
features, especially when the learning scheme of the wrapper method was an RF classifier. Following
Johnson [56], we also presented this issue using a point-based accuracy assessment method for
cross-validation of wrapper-based feature selection within an object-based classification, since the
segmented object is not necessarily represented as only one class because of the possible occurrence of
mixed objects [9]. In a future study, we recommend a polygon-based accuracy assessment method to
be used for cross-validation in the process of wrapper-based feature selection.

On the other hand, the best classification accuracy was generated from the ranked features.
This was significantly better than that derived from the full feature set and demonstrates that feature
selection carries the potential of improving the object-based classification, even though the classification
accuracies using feature-subset-evaluation methods have no superiority to those derived using all
features, due to the limited features determined. Thus, it seems that feature-importance-evaluation
methods are more appropriate for object-based classification, and the wrapper methods are necessary
to employ a polygon-based cross-validation.

For feature-importance-evaluation methods, the RF classifier benefited significantly from RF
and SVM-REFE feature selection methods, whereas no significant improvement was observed for
both other methods (Gain ratio and Relief-F) (Table 3). Contrarily, the SVM classifier can obtain
the most significant improvement from all five evaluated feature-importance-evaluation methods.
Moreover, if the goal is to optimize the accuracy of object-based classification, we may suggest using
feature-importance-evaluation methods, while feature-subset-evaluation methods did not significantly
improve the classification accuracy in any case. In addition, our experiment (using a maximum of
32) revealed that the optimal number of input features for obtaining the best classification is between
15-25 features for the RF classifier. However, in most cases that used the feature-importance-evaluation
methods in combination with the SVM classifier, the results revealed that relatively small feature sets
(10-20) achieved the best accuracy.
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Table 3. Summary of the differences between the best accuracy for the selected feature subsets and that derived using all features. The statistical value was derived
from a two-tailed t-test, and the difference is significant at the 0.05 significance level if the absolute value of the test statistic is greater than 1.96. The positive number
indicates that the best mean accuracy for the feature subsets was better than that derived using all features, otherwise the latter was better than the former. The values
in brackets are the number of features used for the best classification accuracy.

20 Objects 40 Objects 60 Objects 100 Objects 200 Objects 300 Objects

RF SVM RF SVM RF SVM RF SVM RF SVM RF SVM

15;1:; 0.35(28) 4.2(16) 0.69(28) 24(18)  0.0084(28)  3.1(12) 0.46(22) 42(14)  —052(16)  2.2(18) 0.63(22) 2.7(26)

Relief-F  0.26(24) 3.7(8) 1.2(26) 3.1(20) 1.8(16) 3.6(20) 0.49(24) 4.4(24) 0.89(22) 2.4(16) 0.35(22) 2.1(18)

RF 2.02(18) 4.6(8) 1.4(30) 2.5(12) 1.9(26) 5.1(20) 2.3(16) 3.8(10) 2.1(22) 2.6(20) 1.2(12) 1.5(14)

SVM-RFE  1.83(8) 4.8(12) 1.6(28) 2.4(14) 3.3(26) 4(10) 2.2(10) 3.4(8) 2.7(14) 3(18) 1.1(18) 2.2(12)

Chi-square  1.74(30) 3.6(18) 3.7(20) 1.1(14) 0.69(30) 3.1(12) 1.7(18) 5(12) 1.8(30) 2.6(24) 1.1(22) 3.1(24)
CFS —201(29)  039(3)  —121(4.6) —072(4.6) —082(54) 042(5.9)  066(75)  291(63)  0.11(8.1)  1.38(8.4) 2.16(9)  —0.95(9.2)
wrf;per ~1.133)  042(25) -321(3.8) 036(3.9) —2.85(32) 05935) —146(54) 176(44) —21(5.6) —13852) —2.64(62) —3.07(5.6)
SVM —429(3)  —097(2) —3.66(3.8) —18@3.7) —2.184.1) —041(55.1) —1.03(7) —011(6) —248(67) —057(64) —2.62(69) —4.796.1)

wrapper
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4. Conclusions

In this study, several advanced feature selection methods were assessed for an object-based
classification of agricultural areas using UAV imagery and RF and SVM classifiers. A major conclusion
is that the RF classifier is relatively insensitive to the dimensionality of the data, and the SVM classifier
benefits more from a feature selection analysis regarding accuracy, especially for small training set sizes.
Moreover, SVM is easily affected by the number of input features, namely the Hughes phenomenon,
when small training samples are used.

The results also highlight that it is crucial to select an appropriate feature selection method
since the performance varied greatly in most cases. For example, with feature-importance-evaluation
methods, a comparable accuracy was initially obtained using different numbers of features, while the
various classification accuracies were achieved with the same number of features (Table 1). For the
RF classification using both wrapper methods, a statistically significant reduction in accuracy was
observed, mostly independent of training set size (Figure 4). Thus, CFS may be an appropriate
feature-subset-evaluation method, as a reduced data set can yield a similar classification accuracy
compared to that derived from the full feature set. Finally, the results of feature-importance-evaluation
methods demonstrate that object-based classification can benefit from undertaking a feature selection
analysis before classification, but one may anticipate that a polygon-based cross-validation could
be even more suitable to further improve the feature selection for object-based classification for the
wrapper method.

For the classification procedure using feature-importance-evaluation methods, 15-25 input
features are likely to produce the best classification results for the RF classifier in most cases. For the
SVM classifier, 10-20 input features generally produce the best results, depending on the feature
selection algorithm and the training set size. The idea about the wrapper method has not been
proven in previous studies, and the authors therefore hope that these findings support the further
advancement and maturation of OBIA classification methodologies. In future work, we therefore expect
that wrapper methods with polygon-based cross-validation may further improve the performance of
wrapper methods on object-based classification.
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