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Thematic maps representing the characteristics of the Earth’s surface have been 
widely used as a primary input in many land related studies. Classification of 
remotely sensed images is an effective way to produce these maps. Selecting proper 
number of samples and classification method are essential issues to produce 
accurate thematic maps. In the literature, many classification algorithms have been 
developed and their performances have been analyzed for different data sets. In 
this study, support vector machines (SVMs) and decision trees (DTs), relatively 
new and widely used methods, were applied to produce land use/land cover 
thematic map of the study area, which covers the center of Trabzon province of 
Turkey. Training data sets at various sizes were used to investigate the effect of the 
training set size on the classification accuracy. Variations in the classification 
performances were analyzed using overall classification accuracy and Kappa 
coefficient derived from the error matrix. Furthermore, McNemar’s and z tests 
were employed to determine the statistical significance of differences in classifier 
performances depending on the training sample size. Results showed that 
classification performances of SVMs and DTs improved till a certain level

Keywords: Support vector machines, decision trees, accuracy comparison, 
McNemar’s test. 

1. Introduction

Remote sensing technologies provide valuable information for various land re-
lated studies. One of the effective and commonly used methods for extracting such 
information from the remotely sensing imagery is classification process. The pri-
mary output of the classification process is a thematic map representing different 
features of the Earth’s surface. These maps are used as a base map in many global 
and regional studies (e.g. environmental modeling and land-use planning). There-
fore, having an accurate thematic map has crucial importance in order to achieve 
the desired goals of the studies. Classification of remotely sensed imagery consists
of complex and multi-stage steps including determining an appropriate classifica-
tion method, training sample selection and accuracy assessment. Several factors 
(e.g. classification strategy, parameter selection and data characteristics) have sig-
nificant impacts on the classification results, which should be considered carefully 
by the analyst in the each step (Kavzoglu, 2009). A suitable classification proce-
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dure and a sufficient number of training samples are essential prerequisites for 
accurate classification result (Lu and Weng, 2007).  

There are two fundamental procedures that can be used for classification of an 
image, which are supervised and unsupervised classification techniques. Supervised 
classification, which is the process of using training data for assigning class labels 
to unknown pixels, has been widely used in remote sensing arena. In the literature, 
it is generally underlined that there is a strong relationship between classification 
accuracy and training data sets used in the learning stage of supervised classifica-
tion method (Zhuang et al., 1994; Foody, 1999; Pal and Foody, 2010). Foody and 
Mathur (2006) indicated that the accuracy of a supervised image classification is a 
function of the training data used.

In this study, it was focused on the size of the training set, and its impacts on 
classification performances of two well-known and relatively new supervised clas-
sification methods, namely, support vector machines (SVMs) and decision trees 
(DTs). Classification results were compared using overall accuracies and Kappa 
coefficient values. In addition of these comparisons, McNemar’s and z tests were
used to determine whether there was a statistically significant difference between
classification results.

2.   Study area and Data Sources 

The study area chosen for this research covers approximately 2.5 km2

3.   Methodology 

area lo-
cated in the south part of Trabzon province, Turkey. A pan-sharpened Quickbird 
satellite image of 1735-pixel by 1442-pixel covering the study area was used to 
determine land cover and land use types. The image, which was acquired in May
2005, was registered to the UTM (zone 37, ED50 datum) projection system by 
applying a first-order polynomial transformation. Several maps and aerial photo-
graphs were used to create ground reference maps. Additionally, field surveys were 
applied using a handheld GPS to collect ground reference information. After the 
detailed analysis of ground reference data, it was decided that mainly seven land 
use and land cover types covers the study area, which are water, bare soil, urban, 
road, pasture, forest and shadow.     

In the literature, numerous classification algorithms have been introduced and 
their classification performances were analysed with different satellite images (Jain 
et al., 2000; Lu and Weng, 2007; Jia et al., 2011). In this study, two outstanding 
methods, namely support vector machines and decision trees, were applied for the 
classification of high resolution Quickbird imagery to produce the land use and 
land cover thematic map of the chosen study area.

Support vector machines (SVMs) are one of the supervised learning algorithms
based on statistical learning theory (Vapnik, 1995). The main goal of the SVMs for 
any classification problems is to construct a hyperplane separating two classes 
optimally. The method employs optimization algorithms to locate the optimal 
boundaries between classes (Huang et al, 2002). SVMs algorithms have been suc-
cessfully used in may remote sensing studies (Kavzoglu and Colkesen, 2011a;
Mountrakis et al., 2011). Kernel functions are used for mapping nonlinearly sepa-
rable data (e.g. remotely sensed images) into a higher dimensional space to define 
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the optimal hyperplane. Kernel functions commonly used in SVMs can be gener-
ally aggregated into four groups; namely, linear, polynomial, radial basis function 
and sigmoid kernels. However, radial basis functions have been widely preferred 
for the classification of the classification of remotely sensed images. It was also 
used in this study to classification of high resolution Quickbird image.  

Decision  trees (DTs) are defined  as  a  classification  technique that recur-
sively  partitions  a  data  set  into  smaller  subdivisions on  the  basis  of  a  set  of  
tests  defined  at  each  node in  the  tree (Friedl and Brodley, 1997). DTs based on 
the “divide and conquer” strategy are supervised learning algorithms that have been 
recently used in remote sensing applications (e.g. Friedl et al., 2010, Boulila, 
2011). DTs use a multi-stage approach for the class label assignment. The labelling 
process is considered to be a chain of simple decisions based on the results of se-
quential tests rather than a single, complex decision (Pal and Mather, 2003). In this 
study, C4.5 algorithm was employed for the construction of decision trees. C4.5 
builds decision trees from a set of training data using the concept of information 
entropy.

Variations in the classification performances of the each method were analyzed 
using overall classification accuracy and Kappa coefficient derived from the error 
matrix. In addition to these accuracy measures, significance of the differences in 
classification performances was analyzed through McNemar’s tests based on nor-
mal and chi-squared distributions. McNemar’s test is a non-parametric test based 
on confusion matrices at 2 by 2 in dimension. For related samples, McNemar’s test 
could be useful to estimate the statistical significance of the difference between two 
proportions (Foody, 2004; Kavzoglu and Colkesen, 2011b). Since Kappa coeffi-
cient does not satisfy the assumption of independence, Kappa based z-test is not 
suitable for cases in which related samples are utilized. If the statistic values are 
greater than critical table value (i.e. critical value of chi-squared test is 3.84 and 
critical value of the normal test statistic is 1.96 at 95% confidence interval), the 
difference in performances in terms of classification accuracy is said to be statisti-
cally significant.

4. Results and Discussions

In this study, performance of support vector machines and decision trees was in-
vestigated with the various sizes of training data on a land use and land cover iden-
tification problem. In order to achieve desired objectives of this study, different size 
of training data sets were created by random pixel selection strategy using an in-
house program. As a result, eight training data sets of various sizes (i.e. 700, 1.750, 
3.500, 7.000, 10.500, 14.000, 17.500 and 21.000) were used to investigate the ef-
fect of the training set size on the classification accuracy. In addition, a test data set 
including 14.000 pixels was produced to evaluate the performances of classification 
methods for any given training data set. At this point, it should be noted that the 
same training and test data sets were employed for all classification experiments.  

SVMs with radial basis function kernel were used for the classification of the 
satellite image. For the selection of optimum parameters of SVMs (i.e. regulariza-
tion parameter and kernel width) cross validation approaches were performed. It 
was observed that the regularization parameter (C) takes values between 500 and 
1.500 for the variation in training data. Moreover, the optimal values of the kernel 
width were determined for different sample sizes ranging from 0.1 to 1. The chang-
es in overall accuracies and Kappa coefficients corresponding to increasing training 
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set size were given in Figure 1. It can be seen from the figure that classification 
performances of SVMs improved till a certain level considering training set size. 
Highest overall accuracy of 89.79% was achieved with the training data set con-
taining totally 10,500 pixels (1,500 pixels per class). It should be noted that after 
this critical point, the classification accuracy showed downward trend, that is, it 
was negatively affected with the increasing number of training pixels. Moreover, it 
can be said that in the case of limited number of training pixels, SVMs produced 
higher classification accuracies than DTs. 

SVMs 81.40
(0.78)

85.70
(0.88)

88.20
(0.86)

89.04
(0.87)

89.79
(0.87)

88.61
(0.87)

88.43
(0.86)

88.57
(0.86)

DTs 79.09
(0.75)

83.41
(0.81)

84.71
(0.82)

86.19
(0.84)

88.39
(0.86)

88.30
(0.86)

88.14
(0.86)

88.33
(0.86)

FFigure 1: Classification accuracies for SVMs and DTs methods related to number 
of training samples. Note that values within parentheses indicate Kappa values.

With the use of eight training data sets, DTs models were constructed and their 
classification performances on the test data set were shown in Figure 1. Similar to 
SVMs performance, the highest overall accuracy of 88.39% was calculated with the 
use of 10,500 training pixels. After that point, DTs models produced lower overall 
accuracies same as SVMs classification. It should be noted that performances of 
both methods for more than 10,500 training samples were similar to each other. At
this point, McNemar’s test was employed to determine the statistical significance of 
differences in classifier performances (Table 1). When these results were analyzed, 
it was found that differences in classification accuracies of SVMs were statistically 
significant till 10,500 samples. After this critical number differences in classifica-
tion accuracies were statistically insignificant. On the other hand, test results also 
showed that the classification performances of DTs were unstable with increasing 
training set size till the critical pixel size of 10,500.

McNemar’s tests (i.e. normal test statistic (z) and chi-squared distribution ��2 ))   
were also employed to determine differences between SVMs and DTs classification 
results to test whether classification performances statistically significant or insig-
nificant with respect to increasing training data size (Table 1). The test statistics 
greater than the critical values are shown as "Yes" in Table 1. According to z-
statistic, accuracy differences of SVMs classifications were significant until the 
critical training set size of 7,000. Considering chi-square test results, 10,500 train-
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ing samples were determines as critical in SVMs classification. The difference in 
the performances by the DTs classification was statistically significant up to a criti-
cal level of 10,500 samples, in parallel to z-statistic results. On the other hand, two 
training set sizes (i.e. 3,500 and 10,500 pixels) were determined as critical for the 
DTs classification in terms of chi-square test statistic. When classification perform-
ances of SVMs and DTs were analyzed, it was found that after the critical training 
size of 10,500, both classifiers showed similar classification performances and 
differences in classification performances were statistically insignificant.

TTable 1: Statistical test results for the classification methods. Note that all tests 
were two-tailed, critical values for z-statistic and McNemar’s tests for 95% confi-

dence interval are 1.96 and 3.84, respectively.

Result-1 Result-2 
jiij

jiij

nn
nn

z
�

�
� � �

jiij

2
jiij2

nn
nn

�
�

�
�

Significant ? 

z �
SVM1 vs. SVM2

2

81.40 85.70 6.8992 11.8335 Yes Yes
SVM2 vs. SVM3 85.70 88.20 4.4053 8.5088 Yes Yes
SVM3 vs. SVM4 88.20 89.04 1.5726 4.5385 No Yes
SVM4 vs. SVM5 89.04 89.79 0.4851 1.6164 No No
SVM5 vs. SVM6 89.79 88.61 0.3207 1.3093 No No
SVM6 vs. SVM7 88.61 88.43 0.3450 1.1272 No No
SVM7 vs. SVM8 88.43 88.57 0.2652 1.0660 No No

DT1 vs. DT2 79.09 83.41 6.5861 8.8926 Yes Yes
DT2 vs. DT3 83.41 84.71 2.1072 2.6753 Yes No
DT3 vs. DT4 84.71 86.19 2.4698 3.2785 Yes No
DT4 vs. DT5 86.19 88.39 3.9101 5.2514 Yes Yes
DT5 vs. DT6 88.39 88.30 0.1581 0.2236 No No
DT6 vs. DT7 88.30 88.14 0.2885 0.4102 No No
DT7 vs. DT8 88.14 88.33 0.3411 0.4808 No No

SVM1 vs. DT1 81.40 79.09 3.4464 4.8624 Yes Yes
SVM2 vs. DT2 85.70 83.41 3.7603 6.1813 Yes Yes
SVM3 vs. DT3 88.20 84.71 6.0389 8.3300 Yes Yes
SVM4 vs. DT4 89.04 86.19 5.1394 7.0888 Yes Yes
SVM5 vs. DT5 89.79 88.39 0.7447 1.1318 No No
SVM6 vs. DT6 88.61 88.30 0.5823 0.8952 No No
SVM7 vs. DT7 88.43 88.14 0.5259 0.7527 No No
SVM8 vs. DT8 88.57 88.33 0.4499 0.6704 No No

5.   Conclusion 

Supervised classification algorithms require adequate number of training samples 
to determine model parameters. Therefore, training sample size has crucial role in
classification accuracy estimated for resulted maps in the case of supervised classi-
fication strategy. In this study, the effect of training set size was investigated for the 
performance of two popular classification methods, namely support vector ma-
chines (SVMs) and decision trees (DTs). Results verified the robustness of the 
SVMs classifier in the case of limited training samples. In other words, it was ob-
served that SVMs produced more accurate results for limited number of samples, 
compared to DTs. Moreover, SVMs and DTs classifiers showed similar perform-
ance for more than 10,500 training pixels that can be regarded as optimal for the 
data set considered here. In addition, statistical tests results supported the finding 
that classification performances of SVMs and DTs improved till a certain level and 
the difference in classification accuracy was statistically significant when training 
samples are limited. 
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