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A Decision Tree Approach for Identifying the 
Optimum Window Size for Extracting Texture 

Features from TerraSAR-X Data 
John Richard OTUKEI, Thomas BLASCHKE and Michael COLLINS 

Abstract 

Synthetic Aperture Radar (SAR) texture is an important derived variable for improving 
land cover classification accuracy from SAR data. However, a number of factors affect the 
amount and quality of texture information obtained from radar data and these include: the 
window size, data type, the size of grey level quantisation, displacement and the look 
direction. The main aim of this study was to determine the optimum window size for the 
extraction of texture features from TerraSAR-X (TSX) data and to study the effect of 
different window sizes on the classification accuracy of the selected land cover types. A 
new approach based on Decision Trees (DTs) was explored to determine the optimum 
window size for SAR texture analysis and the results compared with those obtained using 
Transformed Divergence (TD) and Jeffries Matusita (JM) statistical distance measures. In 
all the three approaches, a window size of 11 by 11 was found to be the most appropriate. 
Generally, the classification accuracy increased with the size of texture window. However, 
in all the three approaches, there was little increase in classification accuracy beyond a 
window size of 11 by 11. 

1 Introduction 

Synthetic Aperture Radar (SAR) data provide complimentary information for land cover 
mapping, especially in tropical regions often affected by cloud cover. This is because of the 
ability of radar signal to penetrate through cloud cover (ROSENQVIST, SHIMADA et al. 2000, 
STANKIEWICZ 2002). Several studies have been carried out to explore the potential of SAR 
for land cover classification (CHAND & BADARINAHTH 2007, JOOST & HOEKMAN 1999, 
KUPLICH 2006, RAUSTE 2005, ROSENQVIST,SHIMADA et al. 2000, STANKIEWICZ 2002, 
SAATCHI & RIGNOT 1997, WASKE & BRAUN 2009, SHUPE & MARSH 2004, PIERCE, BERGEN 

et al. 1998, DELL' ACQUA, GAMBA et al. 2009). A major challenge of data acquired by SAR 
systems is the limited number of polarisations, which directly affects the amount of 
information extracted from radar images. The SAR image texture has been used in some 
studies to improve on the identification and classification of land cover types from SAR 
data with limited polarisations (SOARES, RENNO et al. 1997, HEROLD, HAACK et al. 2004, 
HAACK & BECHDOL 2000, RYHERD & WOODCOCK 1996, SIMARD, SAATCHI et al. 2000). 
While it is acknowledged that SAR texture plays a significant role in improving the land 
cover classification from SAR images, the analysis of SAR texture is in itself complex.  

First, defining texture is almost as difficult as measuring it (MATHER 2004). Perhaps the 
simplest definition is that texture is the frequency of tonal change in an image (LILLESAND, 
KIEFER et al. 2008).The difficulty in defining the term texture has led to a large number of 
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possible texture measures that can be computed for remote sensing data analysis. Generally, 
SAR texture can be categorised as: SAR specific textures (SARTEX), textures based on 
grey level co-occurrence matrices (GLCM) and textures based on image histogram 
(HISTEX). Secondly, there are a number of factors to be considered prior to texture 
derivation. This includes the selection of appropriate window size, data type, the grey level 
quantisation, displacement and the look direction. The effect of the aforementioned 
parameters on  the performance of texture features have been studied and details can be 
found in the work of CLAUSI (2002). However, there is less available information on the 
methodology for selecting the most appropriate window size for texture derivation. The 
general observation is that a large window size provides more accurate classification 
results. Nevertheless, such a general statement may not be helpful in selecting the 
appropriate window size for texture derivation. As a result, existing studies suggest window 
sizes of 13×13 (HAACK & BECHDOL 2000), 15×15, 31×31, 61×61 (BLOM 1982), and 13×13, 
21×21, 29×29 (HEROLD, HAACK et al. 2004). This presents diversity in the possible window 
sizes, making it difficult to define the most appropriate window size for a given task. 
Additionally, while such window sizes have been recommended based on specific studies 
and other SAR data, none were based on TerraSAR-X (TSX) data analysis. Accordingly, 
this study set out to determine the most appropriate window for derivation of TSX texture 
using Decision Trees (DTs). Furthermore, there is no existing study that has shown the use 
of DTs for determining the optimum window size for texture derivation using any SAR 
data.  

2 Study Area 

The study area is the Bwindi Impenetrable National Park (BINP) located in South Western 
Uganda and covers an area of approximately 331km2. It is located within 0053’S-1008’S 
and 29035’E-29050’ E. The BINP lies at the edge of the great Western Rift Valley and is 
part of the highest blocks of the Kigezi and Rukiga Highlands. It lies east of the Democratic 
Republic of Congo (DRC) border, about 29 km by road North West of Kabale, 20 km north 
of Kisoro, and 40km south east of Lake Edward. The landscape is rugged and characterized 
by deep narrow valleys with steep sided hills. The area has a wide altitude range, from 
1160m at the tip of the northern sector to 2607m at the Rwamunyonyi hill on the south-
eastern edge of the Park (UNESCO 2009). The vegetation in the park is characterised as an 
afromontane forest which is considered to be the rarest forest vegetation type on the 
continent and surrounded by small subsistence farmlands.    

3 Materials and Methods 

3.1 Data  

Two scenes of Enhanced Ellipsoidal Corrected (EEC) TSX data, with a spatial resolution of 
2.75m were used for the analysis. The two scenes dated December 4, 2009 and December 
15, 2009 comprised of a Horizontal-Horizontal (HH) and Vertical-Vertical (VV) 
polarization. The TSX space mission is known to be the first German project to be 
implemented under private-public partnership (PPP) between the German aerospace centre 
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(DLR) and the EADS Astrium GMbH. The TerraSAR-X instrument is an active phased 
array X-band system with a centre frequency of 9.65GHz (NONAKA, ISHIZUKA et al. 2008).   

3.2 Pre-processing 

Pre-processing operations involved mosaicking of the two original TSX scenes as well as 
extraction of SAR texture features. For this study, nine textures based on GLCM listed in 
Table 1 were selected for assessing the most appropriate window. The textures were 
derived using the HH polarisation of the TSX data. Overall, 16 window sizes were 
examined: 3×3, 5×5, 7×7, 9×9, 11×11, 13×13, 15×15, 17×17, 19×19, 21×21, 23×23, 
25×25, 27×27, 29×29, 31×31, 61×61. This range of window sizes was designed to cover all 
the recommended window sizes from existing studies. In all cases, directional invariant 
textures were computed using a displacement of 1 and grey level quantisation of 32. 

3.3 Analysis of the appropriate window size 

Analysis of the appropriate window size was done using the Jeffries Matusita (JM), 
Transformed Divergence (TD) and Decisions Trees (DTs). 

3.3.1 Jeffries Matusita and Transformed Divergence  

The JM and TD are statistical distance measures that have been used in remote sensing 
applications to show not only the separability between any given two signatures computed 
using any given combination of bands, but also to perform band optimisation (MATHER 

2004). The mathematical formulations of JM and TD, according to ERDAS (2009) are as 
follows: 
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The subscripts i, j are the signatures of the selected classes, Ci and Cj are the covariance 
matrices of i and j, µi and µj are the mean vectors of i and j, ln is the natural logarithm, tr is 
the trace function  and T is the matrix transpose. Both the JM and TD have lower and upper 
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bounds of 0 and 2 respectively, which are multiplied by 1000 in Erdas Imagine software to 
give a range of 0-2000. In either case, the ranges show how well the classes are separable. 
The upper bounds indicate very high separability between classes while lower bounds show 
non-separable classes. Accordingly, the intermediate values show varying degrees of 
separability. 

In order to investigate the appropriate window size for extraction of TSX features using the 
JM and TD, representative samples of selected land cover classes were delineated. The 
selected classes were open water (OW), degraded wetland (DW), dense forest (DF) and 
farmland (F). These classes represented both uniform and heterogeneous classes. All the 
nine texture features were used as input variables. Pairwise separability was computed 
using the JM and TD algorithms and the results were used to select the appropriate window 
size. 

Table 1:  Textures based on GLCM 
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3.3.2 Decision Trees 

DTs are non-parametric classification approaches that do not require assumptions about 
data distribution (OTUKEI & BLASCHKE 2010). They are characterised as data mining tools 
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which are used in machine learning for solving classification problems and other related 
tasks (Quinlan, 1993). The structure of DTs comprise one root node, a number of interior 
nodes and a set of terminal nodes linked using decision stages (OTUKEI & BLASCHKE 2010, 
TSO & MATHER 2001). Consequently, the construction of DTs follows a multi-stage and 
sequential approach to problem solving (MAHESH & MATHER 2003). It involves the 
recursive partitioning of space defined by the training dataset into homogenous subsets on 
the basis of the data supplied by either one or more features. This results in either univariate 
or multivariate DTs. In order to assign unknown value to one of the given classes, a 
decision rule is needed at each node. For univariate DTs, this can be of the form: 

 
  

Where:  xi  is the measurement vector of n selected features, ai  is the vector of coefficients 
of linear discriminate functions and c is the threshold value. DTs are an attractive method 
for analysis of TSX since they are not constrained by normal distribution assumptions 
required for parametric classifiers. Furthermore, studies have shown that DTs perform 
better or at least produce results of comparable accuracies to those obtained using  
traditional classification approaches (OTUKEI & BLASCHKE 2010).  

The analysis of window size using DTs was performed by computing the kappa statistic 
which is one of the parameters used to express land cover classification accuracy. Prior to 
image classification, data representing each of the selected classes were prepared in a 
format readable in WEKA (Waikato Environment for Knowledge Analysis) software. A 
classification was performed using the J48 decision tree classifier, a WEKA imple-
mentation of Quilan’s C4.5 DT classifier (BOUCKAERT, FRANK et al. 2010, WITTEN & 

FRANK 2005). At any given window size, the classification kappa index (  ) was noted. In 
each case, a 10-fold cross validation was adapted and the resulting kappa values were used 
to assess the appropriate window for texture analysis. 

4 Results and Discussion  

Figures 1 and 2 show the relationships between texture window size and interclass 
separabilities derived using the JM and TD algorithms. The resulting curves of separability 
indices plotted against the window sizes show both an exponential and saturating 
behaviour. Some existing studies have also reported similar patterns (JENSEN 1996). The 
maximum separation between OW and other classes was achieved using a window size of 
3×3 for both JM and TD approaches. The ease in separating OW and other classes can be 
attributed to the homogeneity in the OW class resulting in low SAR intensity variance. 
However, different window sizes were required to attain maximum separation for other 
class pairs. For the case of TD, a window size of 9×9 was the minimum size required to 
attain maximum separation for all the class pairs. On the contrary, the JM approach 
required a window size of 17×17 to attain a maximum separation between DF-DW and 
DW-F, while DF-F required window size of 31×31.  

The observed difference between the separability of  DF-F at 17×17 and 31×31 window 
sizes was only 0.2. This suggests that a window size of 17×17 provides an acceptable 



Identifying the Optimium Window Size for Extracting Texture Features 471 

separability for the DF-F class pair. It can be observed that separating DF and F was 
difficult due to the high heterogeneity in both classes leading to high SAR intensity 
variance. As a result, large texture windows would be required to attain maximum 
separability. Figure 3 shows the relationship between the kappa indices derived using the 
DT approach with the varying window sizes. Similar to the JM and TD, an exponentially 
increasing curve was observed implying that classification accuracy increased with the 
texture window size. Absolute kappa indices however, showed that a maximum kappa 
index was achieved using a window size of 19×19. Window sizes of 11×11 up to 17×17 
also provided high kappa indices of 0.9. 

 

Fig. 1:  Window size analysis based on JM distance measure 

 

Fig. 2:  Window size analysis based on TD distance measure 
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Fig. 3:  Window size analysis based on DTs 

Overall, with the exception of TD approach, it was not easy to identify a single appropriate 
window size for separating all classes using the curves shown in Figures 1 and 3. This was 
due to the exponential nature of the curves. Accordingly, a new concept of rate of change 
(ROC) was introduced to facilitate visualisation and selection of the appropriate window 
size. The result of this analysis is shown in Figure 4. A drastic decrease in the ROC was 
observed up to a window size of 11×11 for JM and TD and 9×9 for the DTs. Beyond these 
values, no significant difference was noted within each curve. In order to minimise the 
reduction of information caused by large window sizes as well as to increasing the 
classification accuracy, a window size of 11×11 was considered appropriate for all the three 
methods used.  

 

Fig. 4:  Relationship between ROC of Kappa, JM, and TD with window size 
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5 Conclusion  

The main aim of this study was to investigate the most appropriate window size for 
derivation of TSX texture and to investigate the effect of varying window size on 
classification accuracy of land cover. Based on the results obtained using TD and JM 
separability measures, as well as those obtained using DTs, it was concluded that a window 
size of 11×11 s provides the most appropriate for TSX texture extraction. Additionally, the 
DT approach provides high potential for texture window analysis since it is not affected by 
parametric assumptions that are difficult to meet using SAR data. Besides, the DTs provide 
an indication of classification accuracy since the kappa statistics is used instead of 
interclass separabilities. However, it is important to note that the window size is a function 
of classes of interest. Large window sizes are required for classes with high TSX intensity 
variance, while small window sizes are appropriate for classes with low SAR intensity 
variance.  
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