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Abstract 
The creation and classification of segments for object based urban land cover mapping is the key goal 

of this master thesis. An algorithm based on region growing and merging was developed, 

implemented and tested. The synergy effects of a fused data set of SAR and optical imagery were 

evaluated based on the classification results.  

The testing was mainly performed with data of the city of Beijing China. The dataset consists of SAR 

and optical data and the classified land cover/use maps were evaluated using standard methods for 

accuracy assessment like confusion matrices, kappa values and overall accuracy. The classification for 

the testing consists of 9 classes which are low density buildup, high density buildup, road, park, 

water, golf course, forest, agricultural crop and airport. 

The development was performed in JAVA and a suitable graphical interface for user friendly 

interaction was created parallel to the development of the algorithm. This was really useful during 

the period of extensive testing of the parameter which easily could be entered through the dialogs of 

the interface.  

The algorithm itself treats the pixels as a connected graph of pixels which can always merge with 

their direct neighbors, meaning sharing an edge with those. There are three criteria that can be used 

in the current state of the algorithm, a mean based spectral homogeneity measure, a variance based 

textural homogeneity measure and fragmentation test as a shape measure. The algorithm has 3 key 

parameters which are the minimum and maximum segments size as well as a homogeneity threshold 

measure which is based on a weighted combination of relative change due to merging two segments. 

The growing and merging is divided into two phases the first one is based on mutual best partner 

merging and the second one on the homogeneity threshold. In both phases it is possible to use all 

three criteria for merging in arbitrary weighting constellations. A third step is the check for the 

fulfillment of minimum size which can be performed prior to or after the other two steps. 

The segments can then in a supervised manner be labeled interactively using once again the 

graphical user interface for creating a training sample set. This training set can be used to derive a 

support vector machine which is based on a radial base function kernel. The optimal settings for the 

required parameters of this SVM training process can be found from a cross-validation grid search 

process which is implemented within the program as well. The SVM algorithm is based on the 

LibSVM java implementation. Once training is completed the SVM can be used to predict the whole 

dataset to get a classified land-cover map. It can be exported in form of a vector dataset. 

The results yield that the incorporation of texture features already in the segmentation is superior to 

spectral information alone especially when working with unfiltered SAR data. The incorporation of 

the suggested shape feature however doesn’t seem to be of advantage, especially when taking the 

much longer processing time into account, when incorporating this criterion. 

From the classification results it is also evident, that the fusion of SAR and optical data is beneficial 

for urban land cover mapping. Especially the distinction of urban areas and agricultural crops has 

been improved greatly but also the confusion between high and low density could be reduced due to 

the fusion.  
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1 Introduction 

1.1 Rationale for the research 
In various parts of the world urbanization is causing rapid and drastic changes of the environment in 

and around existing cities. For example in China the urban population has grown from around 30% in 

1990 to almost 50% in 2010. These drastic changes in only a few decades certainly come along with a 

severe environmental impact. Effective and efficient means for investigating and monitoring this 

process need to be developed. 

Another problem is the availability of data. Especially optical images often have a problem with 

clouds, which can greatly decrease the quality and interpretability of an image. Here SAR data can 

help a lot since it is not as dependent on weather situations. Additionally a benefit from the different 

characteristics of the sensors and the information they capture can be expected. 

Remote Sensing enables us to gather a lot of information about the surface of our planet in very 

short time. As often in the field of Geoinformatics this creates an enormous amount of data. This 

thesis is one step towards automation in urban land-cover mapping to generate information and gain 

knowledge from this data more efficiently. 

The traditional way of treating this kind of problems in remote sensing is tightly coupled to the pixel 

domain. In the last decade however more and more approaches with object based techniques have 

been undertaken and numerous comparisons yield better performance of object based approaches. 

Some examples in land cover mapping are Bhaskaran et al. (2010) who made an urban classification 

with Ikonos data, Weih & Norman (2009) who used aerial and Spot-5 imagery for land cover 

mapping and Matinfar et al. (2007) who did the same with Landsat 7 ETM+ data. These findings and 

problems with the quality of pixel based classifications in my own research let me to the decision to 

work with object based methods for further research. 

The idea of object based analysis of images however is already present in science since at least the 

70’s. Early ideas and approaches are summarized in Haralick and Shapiro (1984), the continuation of 

the development can be further followed in Pal and Pal (1993). Especially from those papers it is 

evident that object based image analysis is not an exclusive remote sensing problem but applicable in 

many other fields. A more recent approach to define OBIA is given by Hay and Castilla (2006) and my 

own interpretation follows here. The object based methods put one more layer of abstraction 

between the actual data in form of a raster of pixels. This raster is via an algorithmic step 

transformed into a set of segments that are supposed to as good as possible approximate real 

objects or areas on the grid. The benefit of these segments is that they make more information 

available to the analyst. Beside the mere spectral information of the pixels it is now possible to work 

with properties like the geometry, the spatial context of several objects as well as textural 

information over the surface of the individual segments. A very good overview, of at least optical 

recent developments in the field of remote sensing for OBIA, is given by Blaschke (2010). A recent list 

of work with SAR data can be found in my own literature review in section 2.2. From this it is evident 

that region growing and merging algorithms are also widely used in SAR image segmentation and are 

hence a natural starting point for a combined solution of SAR and optical data.  

In remote sensing the market of image segmentation software is almost monopoly like dominated by 

nowadays Trimble’s eCognition software which is based on the algorithm proposed by Baatz & 
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Schäpe (2000). This software is widely used in the remote sensing community and provides 

reasonable segmentation results. In my opinion it has two major drawbacks, for the first it is quite 

expensive and secondly it is quite intransparent for the user how exactly the resulting segments are 

computed, making a justification of parameter selection impossible. That the selection of parameters 

is important for the outcome of the segmentation and in a further step of cause also the 

classification is evident for example from Gao et al. (2011), who made a survey on the impact of 

parameter selection for segmentation on classification accuracies. 

In order to have the most possible freedom in researching and developing, a new program is going to 

be developed, solving the issues of object detection and classification of those objects by means of 

land cover and land use types. 

1.2 Research Objectives 
The focus of this work lies in the effective and efficient combination of SAR (synthetic aperture 

RADAR) and multi-spectral optical data already in the segmentation step. During this process it is also 

important, to evaluate the synergy effects of the fused data over individually processed data sets. It 

is further of interest, to see which of the variables used for generating homogeneity measures are of 

greatest and crucial importance for the generation of segments and how the application of those 

affects the post segmentation classification.  
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2 Literature review 
 

2.1 SAR and optical Data fusion for Land-Cover/Use-Mapping 
 

There is a large variety of remote sensing sensors with different advantages and disadvantages 

regarding their technology and produced data available. The outcome of analysis based on remotely 

sensed data as a combination of different data sources can be maximized by utilizing the different 

characteristics of sensors. An overview of early approaches from the 90’s over sensors with medium 

spatial resolution can be found in Franklin & Wulder (2002).  

Examples of successfully applied data fusion can among others be found by Ban (2003) where she 

combined a time series of ERS-1 and Landsat TM images for agricultural classification of 8 different 

crop types, finding that the fusion of sensors is superior to single sensor processing as well as an 

improved robustness of classification using artificial neural networks in comparison to a maximum 

likelihood classifier. A similar survey was undertaken by McNairn et al. (2009) using Radarsat 1, 

Envisat ASAR, Spot 4 & 5 and Landsat 5 data, explicitly pointing out the advantage of fused data sets 

over single sensor surveys. Ban et al. (2010) made use of Quickbird and Radarsat data for urban land 

cover mapping fusing the data on a decision level after segmentation mainly to solve confusion 

problems of specific classes in the Quickbird image by the aid of Radarsat, which proofed to be very 

successful on specific classes. Corbane et al. (2008) combined Radarsat with Spot 4 and Envisat ASAR 

with Spot 5 imagery for the purpose of rapid urban mapping. They started with individual texture 

analysis of the images and the actual fusion was performed afterwards using a fuzzy decision rule set. 

Their results also yield potential in fusing optical and radar data. Another interesting article is given 

Pacifici et al. (2007) summarizing the results of the GRSS Data Fusion Contest of 2007 where the 

participants were provided with ERS 1 &2 as well as Landsat 5 & 7 data. The winning algorithm was 

based on neural network, where the fused input was derived from principle component analysis of 

the individual datasets. 

Except Y. Ban et al. (2010) paper all other quoted papers in this section are making use of pixel based 

techniques, in the recent years however object based approaches have taken over due to their 

advantages by adding the information created by a larger group of pixels. 
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2.2 Segmentation approaches 
 

The information gain besides spectral statistics of an object is due to information about texture, the 

shape and even the spatial context of several objects. The developed algorithms can roughly be 

divided into three groups Blaschke et al. (2005): Pixel based (e.g. thresholding techniques), edge 

based (i.e. determine boundaries of segments to define those) and region based segmentation 

techniques such as region growing, merging and splitting. The growing techniques start generating 

segments from the pixel domain by local homogeneity criteria. The splitting techniques work the 

other way around and in extreme cases start with one segment representing the whole image which 

is then subdivided. In both cases, growing and splitting, often a merging phase follows putting 

together adjacent segments if they are sufficiently alike based on statistical measures representing 

e.g. spectral and textural information. A good review of applications with optical data is given by 

Blaschke (2010). The most applied approach since it is implemented in eCognition Trimble (2011) 

and Berkely Image Segmentation BerkEnviro (2011), is based on Benz et al. (2004). Minor differences 

of their performance can only be due to propriety changes within the closed source code Clinton et 

al. (2010). A variety of segmentation procedures has been proposed utilizing one or more of the 

previously stated properties for the segmentation of SAR images. Yang et al. (2008) proposed a 

method using a combination of Markov-Random-Field and Region Adjacency Graphs for 

segmentation of optical and SAR data, X. Zhang et al. (2008) used a combination of spectral 

clustering techniques for segmentation of SAR data, Quan et al. (2008) experimented with a 

combination of probabilistic neural networks and multiscale autoregression, Galland et al. (2009) 

segmented high resolution airborne SAR data as well as mid resolution ERS-1 using Fisher-

Distributions, Tan et al. (2009) used a different approach based on MAP classification and anisotropic 

diffusion smoothing and Liu et al. (2010) created a multi-objective immune clustering ensemble 

technique (MICET) which is also performed for segmentation on SAR data. Further examples of 

specific interest for this work are given by Z. Wang et al. (2010), who proposed a method utilizing 

spectral information as well as shape measures for a statistical region merging process based on 

optical data. Barbieri et al. (2010) used an entropy based approach which works with the texture of 

an optical data object, Gu et al. (2008) used polarimetric SAR data in a statistical region merging 

procedure where Y. Wang et al. (2010) used a clustering approach utilizing clustering techniques in 

Tensor space, Carvalho et al. (2009) used another method for SAR images also growing and merging 

regions. 

A very interesting paper for the evaluation of segmentation results is given by H. Zhang et al. (2008). 

It names the problems of current techniques and gives hints for future improvements by for example 

combining some of the existing methods. Marpu et al. (2010) showed a method for estimating over 

and under segmentation which was tested on 12 different segmentation implementations and might 

be a promising method for segmentation evaluation in general. 
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2.3 Post-Segmentation classification methods 
 

Of particular interest is finally also the topic of classification for the purpose of land cover mapping. 

Commonly used techniques in the field of remote sensing are e.g. Maximum-Likelihood-Classifier 

(MLC), Nearest-Neighbor-Classifier, Neural-Networks (NN) of different kinds, decision and rule based 

methods as well as Support-Vector-Machines (SVM). Due to characteristics of the dataset as well as 

the classes sought to be found classifiers based on specific assumptions on data distribution such as 

the widely used MLC, are not used. This decision was supported by Huang et al. (2002), who 

compared SVM with neural networks, MLC and decision tree classifiers on multispectral Landsat and 

Modis images. Key findings were that SVM though the slowest method performed best especially 

with large input data sets in terms of bands. Pal & Mather (2003) performed an evaluation of 

classifiers for land cover mapping as well, finding that the SVM performed significantly better than 

neural network or MLC applied on different scenes of ETM+ data. Melgani & Bruzzone (2004) 

evaluated the performance of various SVM classifiers in comparison to nearest neighbor and radial 

base function neural network classifiers. Additionally they also explored different voting schemes for 

multi class SVMs. Their results yield best performance of a SVM using a RBF kernel and the best 

voting scheme was found to be the one against one approach. Further comparison on different 

classifiers on multi-temporal SAR data can be found in Waske & M. Braun (2009). Due to the 

previous quoted papers and findings, the focus of this work lies on support vector machines, in short 

SVM, on which Mountrakis et al. (2010) gives a very good overview regarding remote sensing 

applications in general. Among many other they quote Waske & S. van der Linden (2008), which 

shows a post-classification data fusion of SAR and optical data using SVM. Interesting is also the 

previously quoted paper of Ban et al. (2010) in this context, since they apply a rule based scheme to 

merge two SVM classified data sets for improved accuracies of specific classes. A good entry point in 

the actual use of SVMs is Hsu et al. (2010), who give a good and practical introduction in SVM in the 

LibSVM software package. A deeper and more general description and tutorial of SVM can be found 

in Burges (1998). 

Finally Foody (2002) gives some important clues how to perform and report classification accuracy 

assessment.
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3 Study Area & Data Description 

3.1 Study Area 
The main study area of this work is the city of Beijing in China. Beijing is located in the north eastern 

part of China in the equally named province of Beijing. It is the capital of china and has a population 

of around 8 million people (only counting the city). The topology of the city itself is rather flat, but on 

the north and western bounds of the city large mountains can be found. Towards the south and east 

the landscape is open until it reaches the sea which at its closest point is roughly 150km away from 

the city center. Due to limitations in the processable amount of data the focus is on the city center of 

Beijing including the international airport north east of the center. 

3.2 Data Description 

  

Figure 1 Example of input date set: Left ENVISAT ASAR AP VV/HH/VV July 15th 2008, Right HJ-1B Nir/R/G April 26th 2009 

The data covering this area is provided mainly by two satellite missions. The SAR data was acquired 

by ESA’s ENVISAT mission and its ASAR sensor and the optical data by the Chinese HJ-1B satellite. The 

SAR data is of dual polarized character in the polarizations HH and VV and available in multi-temporal 

time series covering summer and autumn of the year 2008. Optical images were available for a 

similar period in the following year i.e. 2009. An example of each of those is given in Figure 1 and a 

list of the whole used data set is given in Table 1. 

The main research was done using a co-registered image stack of five radar images of two bands 

each as well as one optical image of four bands.  
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Sensor type Observation time Available 
bands 

Pixel spacing 
[m] 

Band width 

ENVISAT 
ASAR/AP 

2008-07-15 
14:16:01.56 

HH, VV 12.5 x 12.5 32 BIT 

ENVISAT 
ASAR/AP 

2008-07 31 
14:13:26.67 

HH, VV 12.5 x 12.5 32 BIT 

ENVISAT 
ASAR/AP 

2008-09-01 
14:07:45.04 

HH, VV 12.5 x 12.5 32 BIT 

ENVISAT 
ASAR/AP 

2008-09-23 
14:16:01.56 

HH, VV 12.5 x 12.5 32 BIT 

ENVISAT 
ASAR/AP 

2008-10-09 
14:13:26.67 

HH, VV 12.5 x 12.5 32 BIT 

HJ-1B 2009-04-26 B, G, R, NIR 30 x 30 8 BIT 
Table 1 Overview of main testing data 

Additionally several test runs were performed on 10 m SPOT data (Figure 2) and 1 m terrasarX data 

(SAR). These dataset were covering various parts of the city of Shanghai in the very east of China. 

  

Figure 2 Example of Spot image over central Shanghai 10m resolution 
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3.3 Land-use/cover types 
The land use and cover types considered for this research or focusing on urban classes since 

urbanization is the main study object in the selected case studies during this thesis. Nine classes are 

taken into consideration. Some of them are plain land cover classes such as forest and water but the 

bigger part are typical land use classes such as park, high and low density buildup, golf course as well 

as road and airport. Here is a complete list of the classes which were subject to identification during 

this research. In Figure 3 some examples from the different data sets for each class are displayed. 

1 Low density buildup 

This class is characterized by areas covered by a mixture of vegetation and small houses as well as 

small roads.  

2 High density buildup 

High density buildup is defined by large building blocks with rather small roads and little to no 

vegetation around. Additionally a fairly dense cluster of small houses can also fall into this category 

as well as mainly industrial areas. 

3 Road 

Major roads and highways are classified into this class. 

4 Park 

Vegetated areas of small elevation such as bushes and grass fields with some small paths or low trees 

are classified into this class.  

5 Water 

All surfaces covered by water bodies are categorized into the water class. 

6 Golf course 

Those are typically grass fields in very healthy state identified by extreme low backscatter and very 

high reflectance in the near infrared spectrum. 

7 Forest 

All surfaces covered by trees. 

8 Agricultural crops 

This class contains all kinds of agricultural crops as well as bare land. 

9 Airport 

This class is defined by the typical characteristics of runways at airports. 
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Low density buildup 

High density buildup 

Road 

Park 

Water 

Golf course 

Forest 

Agricultural crops 

Airport 

Figure 3 Class definition examples: From left to right, optical, unfiltered SAR and filtered SAR 
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4 Methodology 
 

Figure 4 gives an overview of the methodology which can be divided into three main phases. The first 

phase is the preprocessing to make the input data ready for further processing. The 2nd step is the 

segmentation and the 3rd step the classification. The following sub sections will give a closer 

description to all of those steps. 

  

Figure 4 Overview of the methodology. The processing is divided into three steps indicated by the 
dashed lines. 
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4.1 Data pre-processing 
 

4.1.1 Orthorectification of SAR data 

The SAR data needs to be orthorectified before co-registration is possible to reduce the influence of 

terrain to a minimum. Other geometric distortions due to rotation of the earth and sensor specific 

systematic errors are already corrected in the level 1 product received from ESA and thus do not 

need to be handled here. The Orthorectification requires a DEM of the observed scene which is used 

to correct for effects created from the terrain.  

4.1.2 Radar stacking 

Once this step is performed for every SAR scene they can be co-registered. Those steps where 

performed using ESA’s NEST software (Next ESA SAR Toolbox). Co-registration means that based on 

one master image all other images pixels are transformed to exactly match the master image’s pixels. 

Since the transformation usually does not occur in steps of whole pixels and also small rotations 

might be necessary the resulting pixels should be calculated from the overlapping original pixels. This 

interpolation was performed using cubic convolution. This is computational a lot more demanding 

than for example nearest neighbor re-sampling but since the pixel to pixel correlation in SAR images 

is low this method should not be applied (Henderson, Lewis 1998). 

4.1.3 Co-registration of optical and radar data 

Finally the optical and the radar data also need to be co-registered to be able to be processed 

together in a meaningful way. This step was performed using PCI Geomatica’s Ortho-Engine tool. 

There points are selected manually on both, the optical image and the SAR stack. Based on those 

points, transformation parameters are calculated and applied. 

4.1.4 Speckle Filtering 

Speckle is characteristically a significantly higher or lower value than its surrounding values. To 

reduce the effect of speckle which results in more homogeneous images a multi-temporal speckle 

filter was applied. This was like the previous step performed in NEST. Since speckle is a statistical 

phenomenon created in the processing steps of creating a SAR image it occurs not normally in the 

same locations. When having a good co-registered image stack, this characteristic can be used to 

reduce the speckle by outlier detection within the same pixel location and its direct neighbors over 

the whole stack. When I later speak of filtered and unfiltered images this always refers to if the SAR 

bands used for processing are speckle filtered or not. 

  



P a g e  | 12 

 

4.2 Segmentation 

4.2.1 Region growing & merging 

The algorithm is based on a region growing and merging approach as proposed by Baatz & Schäpe 

(2000). Region growing is always the first step and creates a first set of segments. This process is 

usually constraint by threshold parameters describing the allowed difference in spectral, textural and 

shape measures as well as a maximum size. 

A good overview about applicable measures can be found in Jensen (2005, Ch. 9). 

Sometimes the growing step is preceded by a seed selection operation. Seeds are the pixels selected 

as the origin of a growing region. Seeds can for example be selected as centroids of a preliminary k-

means clustering or grey-level thresholding. 

Once the growing phase is finished the second step, the region merging is started. Since a segment 

now already consists of a number of pixels it starts to have a more reliable characteristic and 

comparison on measures for texture and shape become more meaningful than in the growing phase. 

If the similarity of those measures for two neighboring segments is high enough then they can be 

merged together into a new segment. This process is usually repeated until all segments reached a 

maximum size or do not have any more suitable merging partners in there direct neighborhood. 

One of the key advantages of the region growing and merging approach is that it works on a local 

scale not utilizing any global features, which makes it very applicable on images with very different 

characteristics in different parts of it. This makes it an optimal choice for the analysis of urban 

environments, which definitely show a variety of different characteristics. 

An overview is given in Figure 5. 

  

Region merging (Thresh holding) 

Assignment of isolated pixels 

Region growing (Mutual best neighbors) 

Figure 5 Overview of segmentation processing steps 
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4.2.2 Seed selection 

As described above seed selection can be introduced prior to region growing and merging to 

optimize the growing step. In the current version of the developed algorithm however seed selection 

is not applied. To initialize the growing phase all pixels in the image are considered as segments and 

to improve performance during the growing phase they already have a set of neighbors defined, 

which is selected by a 4 – neighborhood scheme. This means the pixels adjacent to the north and 

south as well as east and west are added to this set of neighbors prior to the growing phase. This has 

an impact on the segmentation because later on all checks are only performed on segments saved in 

the neighbor set.  

4.2.3 Core segmentation 

Based on the initial segments as defined in the previous section the growing phase is started. The 

constraining parameter for this phase is the segment maximum size parameter, where size is 

interpreted as the number of pixels a segment consists of and not as its area as derived from the 

geocoded pixel resolution. Only neighboring segments are subject to possible merges. And only if 

two segments are each other’s best merging partners they are actually merged. This arises of cause 

the question, how a best merging partner is defined? The best partner is found from the weighted 

sum of up to three merging criteria. All of those three criteria share the property that the smaller 

their value is, the greater is the homogeneity of two segments. Additionally, in the case of perfect 

homogeneity, all of them are equal to zero. 

 

 

The mean test is defined by the minimum average change of mean per band in percent after merge 

in comparison to the segments state prior to the merge. This definition allows in contrast to the one 

in Baatz & Schäpe (2000) an easy fusion of the data since the test is performed on a relative scale 

rather than on an absolute one.  
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growing the next segment from the initial set of segments starts to grow. Since the segments are 

internally stored in a hash-map the order they are processed in is unpredictable, but tests (around 50 

runs at different dates and different machines) have shown that subsequent runs with exactly the 

same parameters always produce the same results. So consistency and repeatability are assured! 

Once the growing phase finishes the merging is triggered. This phase is optional and only considered 

if a threshold parameter greater than zero is provided. Instead of looking for mutual best fits now the 

list of neighbors is searched for possible merging partners where the homogeneity measure after the 

merge is below the given threshold. The homogeneity measure in this step can be composed of three 

features in the current version. The merge-indicator as stated above for the mean, a similar merge-

indicator for the change in variance as a texture measure and a shape-compactness measure, which 

is adapted from Jensen (2005). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

When composing those measures, weights can be applied to find the optimal combination. Usually 

spectral and texture measures should be weighted much higher than the shape measure. 
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Once the region growing and merging is completed finally all unassigned pixels and segments below 

a minimum segment size parameter are merged to their best neighbor. This step is considered last to 

minimize the error introduced through outliers on the classification result.  

If the input data is not filtered and has a characteristic like speckle it is better to first aggregate 

segments until the fulfill the minimum size criteria changing the order of Figure 5 as displayed in 

Figure 6. 

  

Region merging (Thresh holding) 

Assignment of isolated pixels 

Region growing (Mutual best neighbors) 

Figure 6 Overview of segmentation with minimum size first 
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4.3 Classification 

4.3.1 SVM 

The support vector machine is a machine learning technique originally designed for solving binary 

class problems. The key idea is to map the input data into a higher dimensional space where the two 

desired classes can be separated by a hyper-plane. The most important criteria for finding this plane, 

is to maximize the margin, i.e. the distance of the data points to this hyper-plane. The next important 

fact is that one only needs those data points that are on this border line. These are the data points 

giving the method their name, the so called support vectors. If it is possible to find a plane that 

separates the two classes in a way that all support vectors on one side of the plane have the same 

class, linear separability is given. In most real world examples however the situation is different. In 

remote sensing the no of classes to be distinguished is usually bigger than two. In most cases it is also 

hard to find linear separable classes. To solve those more complex situations different kind of kernel 

functions can be defined. One of the most commonly used is the so called radial base function. This 

function is also used in this work. It has two parameters that most often denoted as C and  in the 

literature. C is a penalty constant or regulation parameter for non-linear problems and gamma is a 

parameter specifically used in the radial base function. The next issue is then how to solve the multi 

class problem. Two of the most common approaches are the one against all and the one against one 

approach. In the first case each individual class is tested against the rest of the training samples. In 

the second case each class is tested against all other classes individually and a scoring function for 

each class is used to evaluate the final winning class of all tests. Melgani & Bruzzone (2004) evaluated 

4 of the possible solutions and found that the one against one approach works best in combination 

with a radial base function and hence I decided to use the same approach. The support vector 

machine implementation used in this work is called LibSVM. 

LibSVM is an open source library implemented in many different programming languages. The most 

important and widely used ones are for C++, Matlab and JAVA. Since my program is written in JAVA, I 

used the corresponding library to fully integrate the code into my program. This even gives the 

freedom to manipulate the provided source code. The library can be divided into two parts one is the 

core which contains all kinds of definitions and algorithms and the other part contains routines for 

training, predicting, scaling and testing using those elements from the core implementation. I did not 

change the core implementation but almost completely rewrote the routines to fit them to my own 

data structure. The reason for rewriting the code was that the provided routines always work on text 

file basis. It is however much more efficient to work directly from the memory and thus make full use 

of the own data structure. Prior to any further calculation linear scaling parameters are found to 

transform every band of the input data into the range of [-1, 1]. Scaling is recommended step when 

working with LibSVM to avoid problems with very large numbers. This is especially valid for SAR data 

which can easily cover the whole 32 bit range and thus can contain values of around 4*10^9. An 

overview of the classification phase is given in Figure 7. 

4.3.2 Training 

The first step necessary for performing a classification with the aid of a SVM is the generation of 

training set. This step is aided by a graphical user interface. A training set should contain samples 

showing every possible valid member of a desired class. Here it seems to be more important to select 

different features representing the same class than creating a rather homogeneous training set. The 

training set must be larger than the number of folds used in the cross validation step. For the data 
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set used while developing and testing the program a suitable number of samples was found to be 

around 20 objects per class. As a replacement for in situ data or observations for the correct 

assignment of training segments Google Earth was used. Google Earth provides the possibility of 

displaying images of approximately a decade into the past and was thus very useful because in 

almost all cases images very close to the acquisition dates +/- one month could be found for 

comparison purposes while picking the training segments. This is very important since the city of 

Beijing mainly used as a study area for this thesis, has undergone a lot of changes during the period 

the acquired images show, due to the development of infrastructure for the Olympics in 2008. 

4.3.3 Cross validation / grid search 

Cross validation is used to see how consistent the selected training areas are and in combination with 

grid search to find the optimal parameters for C and gamma required for the SVM based on a Radial 

Base Function kernel or in short RBF-kernel. Since the main intent of this thesis is to develop a 

segmentation algorithm the investigation on suitable SVM kernels is limited to some 

recommendations from the literature reviewed papers and there from the “Practical Guide to 

Support Vector classification by Hsu et al. 2003 (updated 2010)”. 

The grid search is based on a logarithmic search of the parameters c and gamma where the search 

space is defined by the user. Usually I picked 0 – 20 on a logarithm of basis 2 for C and -5 to 15 for 

gamma with the same basis. 

The cross validation was performed in 5 folds. 

4.3.4 Prediction 

As a result of the training and cross validation step a model for prediction is generated using the best 

fitting parameters for C and gamma. This model is then used to predict the whole dataset which 

means that every segment gets a suitable class assigned.  

  

Prediction of whole dataset 

Visualization (PCI) 

Selection of Training Segments (10 – 20 per class) 

Grid Search(C,) by Cross Validation 

Figure 7 Overview of classification processing steps 
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4.4 JAVA Implementation 

4.4.1 Basic Structure 

The implementation is designed in the so called MVC-Design (Model-View-Controller). This aims to 

separate describing code (objects) from the interface, in this case a graphical user interface written 

with the standard library SWING and finally the logical or operational part of the code which contains 

for example the algorithm for segmentation or classification. 

Developing in this way has the clear advantage of exchanging or adding additional components to 

the program, does not create the need to rewrite everything. 

To maintain some order in the saving of the source files packages for those different parts are used 

and thus create also physical separation of the files according to the underlying theoretical concept. 

The base package is edu.kth.gis under this a tree structure of a number of sub packages is introduced 

as also can be seen from Figure 8.  

 

  

Figure 8 List of packages 
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Besides the code saved in those packages which is mainly written by myself, with the exception of 

some classes within the svm package and one class in the images package, there is also a large 

number of external libraries from various open source projects facilitated to ease the creation of a lot 

of required features around the segmentation, for example the import of geo-tiff images or the 

export of the calculated geometries into shape file format. A detailed description of when which 

library is used is given in the corresponding sections. See Figure 9 to get an overview of those 

libraries: 

  

Figure 9 List of external libraries 
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4.4.2 Image processing 

The image processing is one of the key elements in order to get access to the data required to 

perform segmentation. It is also very important for an immediate visual interpretation of the quality 

of the created segments. 

The library used for the handling of images is JAI (Java Advanced Imaging) and for the import JAI-

imageio which is an extension to JAI supporting all kind of image format to be converted into 

PlanarImage which is the internal representational class for images within JAI. Even though JAI 

provides some support for geo-tiff, one more class under an open-source license is used to get easier 

access to the geo-keys (GeoTiffIOMetadataAdapter from Mike Nidel). 

In the current version the data needs to be provided in tiff or geo-tiff format to make segmentation 

possible. The latter is required if the calculated segments should be geo-referenced. 

I created the class TiffUtil as a static handler for reading images from a tiff-file and added several 

methods for image manipulation, mainly used for improvement of the displayed images. Those are 

methods for rescaling an N-Bit image to an M-Bit image where N and M are arbitrary numbers, 

thresholding of histograms for gray scale trimming and finally histogram equalization or 

normalization for optimal use of the available gray-levels for displaying purposes. It should be noted 

however that all those manipulations are only performed on the image object displayed on the 

screen. The segmentation algorithm works on unchanged data from the input file. 

Other methods extract the geo-reference from a geo-tiff and store it in a GeoCode object or perform 

edge-detection on the input image (see additional features). 
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4.4.3 Graphical User Interface (GUI) 

Almost every part of the written code can be accessed via a graphical user interface. The interface is 

divided into two frames. The initial frame (Figure 10) is designed for input and output operations as 

well as giving an overview on the input data. When starting the program an empty frame is shown. 

From the menu bar it is possible to open an image file via a predefined open dialog. As soon as the 

file selection is confirmed another dialog pops up showing all available bands. From this dialog it is 

possible to select three bands that are used for display purposes. When the desired bands are 

selected they are displayed in the ContentPane of initial frame as a RGB color composite. The band 

selection dialog and the frame with the loaded image can be seen in the figure below. A false color 

composite with near infrared (3), red (1) and green (2) of the city center of Beijing China is loaded 

there. 

 

Figure 10 Screenshot of startup GUI with band selection dialog for display purposes. 

The image is embedded in a so called scroll pane which makes it possible to display and navigate 

images exceeding the size of the frame. The image enhancement for displaying purposes is executed 

automatically in the background. 
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Once an image is loaded the second opening of the second frame (Figure 11) can be triggered by 

performing a segmentation operation. The second frame first of all displays the segmentation result 

as a vector overlay over the displayimage previously shown in the first frame. In its menubar it 

contains menus for export of segments, display options, selection of training samples for svm and 

finally execution of svm. 

 

Figure 11 Screenshot of segmentation GUI with segmentation parameter dialog. 

Currently the calculated segments can be saved in ESRI shape format. The shapes have then 

information attached regarding which class was assigned, as well as a unique identifier for each 

segment. Additionally a csv file is saved which contains all the additional information created within 

the JAVA program. Those are the mean and variance values for every band in every segments, as well 

as the area and the perimeter of every segment and of cause again the unique identifier and the 

assigned class. It is also possible to just store the csv file and do not save the shp file. This can be 

utilized when one just wants to save the segments that where labeled prior to performing svm 

classification. It is then also possible to reload the attribute data from the csv file to edit training 

segments. This solution was necessary since the current implementation does not allow an efficient 

way of saving and reimporting the underlying java objects via any sort of serialization. 

The display options available from the view menu allow to zoom in and out as well as changing the 

color of the displayed segments. 

The class menu allow to select the class used while labelling segments by clicking on them. Labelled 

segments are redrawn with a new border corresponding to the color code associated to the selected 

class. Currently there is only one color table available. It is however planned to enable the user to 

create his own color schemes. The current table offers up to ten different colors and classes. 
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The SVM menu just contains a button to open the SVMDialog which contains 3 textfields as can be 

seen in the pictures (Figure 12).  

 

 

The first to text fields can take either a distinct value for gamma and c (left figure) as well as a range 

used for grid search on the best value of c and gamma (right figure). Alternativly the last text field 

can be used to adress libsvm with the standard commandline parameters as when using the 

precompiled version of libsvm. More information about how SVM is performed can be found in the 

classifcation section. 

One more feature that is only partly implemented yet is the edge detection. It contains so far only 

the filtering step. The results of those can be viewed by clicking on the perform button in the edge 

detection menu in the initial frame. A typical result can be seen in Figure 13. 

Figure 13 Screenshot of first filtering step for edge detection purposes. 

  

Figure 12 Screenshot of parameter selection for SVM classification. Left single values, Right grid search. 
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4.4.4 Import & Export features 

The main inputs for this program are geo-tiff formatted images. Geo-tiff is an extension to the tiff 6.0 

standard. It makes it possible to store so called geo keys as tiff tags to append geo reference 

information within a normal tiff file. This is a very handy solution since every image and geo 

reference are maintained in the same file and not scattered over several files. The main information 

used from those geo keys in the program are the EPSG code referring to the actual projection of the 

image as well as the geo reference and scale of the pixels. 

It is possible to select either several files each containing one band at once or selecting a single file 

with an arbitrary number of bands. 

The main output of this program is a shape file containing the calculated segments as well as a 

possibly assigned class either by manual labeling or as a result of the SVM classifier. The shape file 

also contains a unique key and measures for area and perimeter of the segment.  

It is also possible to export a serialized version of the internal representation of the segments but this 

is not recommend due to its inefficiency in terms of required space (several giga bytes).  

AS an alternative it is possible to export just a csv file containing all the attribute information of a 

segment but not its geometry. The attributes are the mean and variance of all bands as well as the 

class, key, area and perimeter. It is strongly advised to use this export and then if a classification 

result or training status is desired to be reloaded to recalculate the segments and then overload the 

attribute information using the saved csv file. This process is in the current revision much faster than 

loading the serialized version of the segments. 

 

4.4.5 Additional features: Edge detection 

Edge detection is feature that is planned to be utilized during the segmentation process. Currently 

only the first step of the edge detection is implemented. This is a filtering step. The current filter is a 

5x5 Sobel filter, which is applied on every band. The results of every band are then simply added up 

to generate the final aggregated filtering result. An example of a result is displayed in the end of the 

GUI section. There is no way yet to export those results since this is only an intermediate step to 

getting vectors from the edges. This vectorization however is not implemented yet. The filtering is 

implemented using the “gradiantmagnitude” operation provided from JAI and the aggregation is 

performed with the “Add” operation.  
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4.5 Accuracy Assessment 
The quality assessment is based on a post classification analysis of the created land cover map. For 

that purpose testing areas are defined and labeled according to their cover type. The whole accuracy 

assessment was performed using PCI Geomatica 10.3.2 and there specifically the tools for creation of 

classification training sites as well as the function for the maximum likelihood report which in 

contrary to what its name suggest is able to perform a comparison with any kind of given classified 

map to any kind of testing set, as long as both are provided in bitmap format. For that purpose the 

classified segments were converted to raster data using the polytoras tool with the same output 

resolution as the input data originally had. This has the consequence that the resulting raster fits 

exactly over the input data with no offset on a per pixel basis. 

4.5.1 Testing site selection 

The testing sites (Figure 14) for every class where selected with the goal to cover spots scattered 

over the whole testing scene and also trying to include every different representation of all given 9 

classes. Additionally it was also tried for every class in particular to have testing sites in all parts of 

the images as long as possible at least. There are for example no agricultural crops in the south 

western part of the imagery used as the primary test case. To gain a reasonable statistical reliability 

around 1500 pixels where chosen for every class in at least 10 different locations. 

 

Figure 14 Central Beijing and testing sites for quality assessment of classification. 
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4.5.2 Accuracy Parameters 

For the accuracy assessment some parameters give a global idea of the achieved accuracy such as 

kappa and the overall accuracy and others such as user’s and producer’s accuracy give a per class 

measure. Key to all of those parameters is the confusion matrix. This confusion matrix holds 

information about how well the individual classes are matching the testing sites and on a class by 

class basis how many pixels are identified correctly or with which other class they are confused. The 

rows give information about how many pixels within one class of the testing area for that class are 

misclassified whereas the columns show the number of pixels this class is taking from testing areas of 

other classes. These two kinds of information can be summarized on a per class basis as user’s and 

producer’s accuracy. The overall accuracy is a global measure of how many testing pixels are 

identified correctly. Sometimes also the average accuracy is used which is usually the average of the 

user accuracy for every class. Another very important measure is the so called kappa-value which is a 

measure of not randomness of the classification result where 0 means totally random result and 1 

totally systematic result. 

Kappa and the confusion matrix are generated from the classification report in PCI Geomatica. A 

small JAVA program extracts those values into a table form which is then imported into Microsoft 

Excel to compute the final values for Overall Accuracy as well as User’s and Producer’s Accuracy. 

Additionally there are also the cross validation results from the support vector machine. They are a 

result of internal prediction within the training samples of the machine. During this procedure the 

training samples are divided into so called folds of size n and each fold is used to predict the values of 

another fold. The rate of correct hits in percent is the result of this operation. In the current version 

of my program 5 folds are used. The cross validation can be seen as consistency check of the training 

set. It can however not serve as a replacement for the previously mentioned parameters, since it 

does not evaluate the performance of the final classification. 
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5 Results and Discussion: 

5.1 Segmentation 

5.1.1 Parameter influence 

The following three examples show how the three different main parameters affect the 

segmentation result. The images from a – d always show the result with increasing parameter value 

and the image e shows an overlay of those to point out differences more  clearly. 

The minimum size parameter defines the coarseness of the resulting segments. Single pixels and 

segments below this parameter are merged with their best fitting neighbor until the resulting 

segment is equal or above the minimum size. 

The maximum size parameter defines the growing limit of the segments. This parameter influences 

both the mutual merging as well as the threshold merging. 

The threshold value defines the allowed change of the merging criteria in percent. It is hence only 

affecting the outcome in the threshold merging step. 

For all parameter tests the algorithm was performed in the standard way. This means all pixels are 

initialized as individual segments knowing their direct neighbors. This is followed by the mutual best 

neighbor merging, the threshold merging and finally the minimum size merging. The table under 

each parameter shows the exact settings as well as the number of segments after each processing 

step and the overall processing time. Best neighbors were always selected by minimum change in 

mean.  

The tests were performed on an approximately 6 mega pixel large scene of 14 bands in 32 bit. The 

screenshots of the area around the Forbidden City cover only a small part of the scene used for the 

calculation. This selection was necessary to make the differences visible. 

When only working with mean values the results show almost no dependence between the selected 

parameters and the calculation time. Other factors like the size of the scene, the no of bands and the 

bandwidth are the dominant factors here. I will however show later that this is not valid when 

texture measures are included into the processing. 
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5.1.2.1 Changes in minimum 

size 

On first inspection (Figure 15) 

the performance of all 

parameters sets is similar. The 

main difference is the level of 

detail maintained after 

processing. The borders of 

larger objects like on the lakes 

or the channel around the 

Forbidden City are in all cases 

found correctly and no major 

errors could be found from 

visual inspection. Processing 

time is only slightly affected in 

the given setup (Table 2). The 

expected result of decreasing 

resulting segment count is 

validated. In general this count 

should be as low as possible 

without producing too many 

errors. The minimum size 

should be selected in a way 

that the number of pixels 

matches the desired size of 

smallest objects that should be 

detected. For the purpose of 

land cover mapping it is not as 

important as the other two 

parameters. For most of my 

test runs I selected 10 pixels for 

this parameter. It turned out 

that larger values highly reduce 

the determinability of linear 

features like roads and rivers. 

Parameter     Process       

Threshold Min Size Max Size Mutual Threshold Minimum Time [s] 

1 5 200 141508 141490 117885 206.909 

1 10 200 141508 141490 96992 204.224 

1 20 200 141508 141490 74258 206.711 

1 40 200 141508 141490 52663 208.715 

Table 2 Parameter settings for minimum size test runs a - d 

Figure 15 a – d individual results, e overlay of minimum size test. 

a b 

c d 

e 
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5.1.2.2 Change in maximum 

Size 

The visual inspection of Figure 

16 shows, that large 

homogeneous areas are more 

likely to be displayed as one 

object, when increasing this 

parameter (Table 3). This can 

best be seen on the lake in the 

lower left corner. In image a 

this lake is represented by a 

large no. of segments. In image 

b only 4 segments remain and 

in image c the lake is 

represented by one large 

segment. Since the lake is not 

bigger than 400 pixels there is 

no change when checking 

image d. The most significant 

change is observed in the 

transition from 100 to 200 

pixels. 200 pixels yield the best 

compromise between 

generality and error safeness 

and thus are selected as a 

default. This is of cause again 

dependent on the input image 

and must be determined on a 

case to case basis. 

Table 3 Parameter settings for maximum size test runs a-d. 

Parameter     Process       

Threshold Min Size Max Size Mutual Threshold Minimum Time [s] 

1 10 100 149806 149788 104788 205.922 

1 10 200 141508 141490 96992 204.224 

1 10 400 139799 139781 95346 204.987 

1 10 800 139594 139576 95150 208.239 

Figure 16 a – d individual results, e overlay of maximum size test. 

a b 

c d 

e 
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 5.1.2.3 Changes in 

threshold 

The threshold parameter has 

a direct influence of the 

homogeneity of the resulting 

segments. This can be seen 

very well (Figure 17 a – d 

individual results, e overlay 

of threshold test.) in the 

segments covering the lake 

directly west of the 

Forbidden City. Each increase 

in the threshold values 

(Table 4) drastically reduces 

the no. of segments after the 

thresholding step. It can also 

be observed that the lower 

segment count is at this 

point the lower is the 

amount of unassigned pixels 

or too small segments 

reduced in the last step. 

Changes in this value have a 

great effect on the outcome 

and should thus be done 

with caution. When only 

working with mean values, 

low values for this parameter 

(i.e. 1-5%) should be 

selected. When making use 

of the variance values up to 

20% can produce meaningful 

results. Especially streets 

tend to be merged with their 

surroundings due to the 

often low contrast.  

  

Parameter     Process       

Threshold Min Size Max Size Mutual Threshold Minimum Time [s] 

1 10 200 141508 141490 96992 204.224 

5 10 200 141508 106853 80181 204.011 

10 10 200 141508 61705 52135 211.068 

20 10 200 141508 37558 33993 206.167 

Table 4 Parameter settings for threshold test runs a - d 

Figure 17 a – d individual results, e overlay of threshold test. 

a b 

c d 

e 
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5.1.2 Input image influence 

There are a lot of factors influencing the outcome of segmentation. In the previous examples the 

parameters were explored. The next examples move the focus to the data or respectively the images 

used for segmentation. For this purpose the segmentation was performed with exactly the same 

parameters on different sets of input images over exactly the same area, with one exception, the 

high resolution image shown in the corresponding subsection is of Shanghai. 

The first test sample is a simple optical stack of 4 bands from the HJ1B satellite (red, green, blue & 

NIR). This one is compared to a SAR stack of 8 bands from the ENVISAT ASAR instrument in two 

polarizations (HH & VV) at 4 dates. The SAR data is filtered using a multi temporal speckle filter. It 

should be noted that these two different sources also provide differently resolved images. The 

optical image has 30 m x 30 m pixels whereas the SAR images are 12.5 m x 12.5 m pixels. 

The other comparison is focusing more on the preprocessing performed on the same data set and 

how that affects the outcome of the segmentation. The image stack consists of 14 bands whereof 10 

are SAR bands in two polarizations at 5 different dates and 4 of optical bands, which are the same as 

in the first example. The difference is created from the fact that in the first example the SAR data is 

filtered using a multi temporal speckle filter provided from ESA’s NEST software, whereas in the 

second case it is processed using the unfiltered intensity values. 

 Input Parameter     Process       

 Type Threshold Min Size Max Size Mutual Threshold Minimum Time [s] 

Optical 1 10 200 194146 85259 82280 111.935 

SAR 1 10 200 148550 148546 99807 171.626 

Filtered 1 10 200 141508 141490 96992 221.600 

Unfiltered 1 10 200 1467270 1462487 392052 355.058 
            Table 5 Overview of parameters and segmentation results for different input images. 

            Table 5 above shows the processing details for all of the four displayed examples in this 

section. All examples in this section are based on segmentation performed only with the mean values 

of each segment.  
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Filtered & unfiltered SAR data 

 

The most obvious difference 

between the filtered and the 

unfiltered image is the no. of 

segments found (Figure 18 a: 

Overvlay of filtered and unfiltered 

SAR in fused stack. b: filtered 

segmentation result and c:           

unfiltered segmentation result.). In 

the filtered case the interpreted 

images have much more 

homogeneous areas, making it 

much easier to find bigger objects 

with fewer segments. This can be 

seen at lakes in the top of scene as 

well as the airport in the lower left 

of it. This can easily explained from 

the speckle present in the 

unfiltered image, creating much 

more heterogeneous surfaces and 

thus more actual segments. The unfiltered image produced almost 4 times as many segments as the 

filtered data set. It should however be mentioned that speckle not necessarly is a bad thing and even 

can be utilized as a texture criteria during the segmentation process. This will be explored more in 

the next section. 

Figure 18 a: Overvlay of filtered and unfiltered SAR in fused stack. b: filtered segmentation result and c:           unfiltered 
segmentation result. 

a 

b c 
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Optical & SAR data 

 

The differences between the 

optical and SAR based 

segmentations are not as easy to 

be found as in the previous 

example. It seems that SAR 

provides better segments in 

naturally more homogeneous areas 

(Figure 19 a: Overvlay of optical and 

SAR. b: Optical segmentation result 

and c:SAR segmentation result.) like 

lakes airports and golf courses, 

whereas the optical image provides 

better approximations of the urban 

features. The lakes can be found in 

the center upper part of the scene, 

the airport in the lower left and the 

golf course to the right of the lakes 

(it appears bright red on the optical 

image). Overall the optical image 

produces approximately 20% less segments which thinking of the bigger resolution is not a big 

surprise.  

  

Figure 19 a: Overvlay of optical and SAR. b: Optical segmentation result and c:SAR segmentation result. 

a 

b c 
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Optical high resolution 

 

Figure 20 Spot-5 10m resolution. Examples from Shanghai. a: Harbor and Water, b: Rural area, c: Park and Urban, d: High 
Rise and Shadows. 

Figure 20 shows 4 scenes taken from a segmentation of the Shanghai image mentioned in the “Study 

Area & Data Description” section, Table 6 gives the applied parameter setting. The main purpose of 

those images is to show that the algorithm can also successfully be applied to other image sources of 

different kind. One has however to experiment with the settings to find a suitable setup. The whole 

scene consists of 6452088 pixels in four bands (8 bit). In the high resolution other issues arise like the 

shadows in the c and even more prominent in the d scene. 

WEIGHTING [%] Parameter     Process       

MEAN VAR 
Threshold 

Min 
Size 

Max 
Size 

Minimum Mutual Threshold Time [s] 

90 10 4 20 200 265202 111967 63118 452.937 
Table 6 Parameter settings for high resolution segmentation of a Spot-5 scene over Shanghai. 

  

a 

c d 

b 
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5.1.3 Algorithm step influence 

As described in the methodology section the processing regarding segmentation is divided into three 

major parts, the mutual merging, the threshold merging and the minimum size criterion. This section 

shows how the thresholding process is affected by different approaches. For the time being there are 

two fully functional criteria that can be used, the percentage of change in mean and the percentage 

of change in variance. They can also be combined through a weighting step.  

The data used for this comparison is exactly the same as for the parameter test. 

WEIGHTING [%] Parameter     Process       

MEAN VAR Threshold Min Size Max Size Mutual Threshold Minimum Time [s] 

0 100 10 10 800 139635 117174 81375 422.727 

10 90 10 10 800 139635 115972 80545 446.336 

20 80 10 10 800 139635 114205 79204 419.719 

30 70 10 10 800 139635 111188 77161 429.706 

40 60 10 10 800 139635 106340 74037 456.969 

50 50 10 10 800 139635 100280 69957 475.607 

60 40 10 10 800 139635 91339 63920 498.631 

70 30 10 10 800 139635 81492 57282 580.763 

80 20 10 10 800 139635 69134 49132 610.318 

90 10 10 10 800 139635 52131 38309 635.489 

100 0 10 10 800 139635 33210 26855 641.344 
Table 7 Overview of weighting and segmentation results. 

Table 7 above shows how, when keeping all other parameters constant, the weighting affects the 

segmentation outcome. One thing that is obvious from this table is that the processing time is 

reciprocal proportional to the final number of segments. This is a clear difference to the results from 

the parameter section where no such relation could be observed. The major reason for this is that 

the calculation time of the variance is dependent on the size of two possible merging candidates 

whereas the calculation for the mean is not. 

It should be noted that since the difference in percent of mean values is usually lower than that of 

the variance the sensitivity in relation to the threshold is also different. This can be seen from the 

following two pictures (Figure 21) which have a comparable amount of segments. The red segments 

are calculated using only the mean value in the thresholding step and an actual threshold of 6.5% 

whereas the green segments are calculated from 20% threshold based on variance alone (Table 8). 

Interesting is the fact, that those segments are not globally congruent, but show differences in 

certain areas. Some are marked with red ovals in the screenshots. Those differences are mainly 

occurring in rather homogenous areas like lakes and the airport on the image. In case of the airport 

the mean thresholding produced better segments, whereas in case of the lakes the variance worked 

better. Some areas are on the other hand almost identically received, for example the golf course to 

the right of the upper oval. Those kind of areas properly already in the mutual merging step well 

segmented and thus do not change much in the subsequent processing steps. Golf courses properly 

also have a rather stable condition because these areas are well taken care of and thus should 

produce very similar results also in the multi temporal series of the radar images. 
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Figure 21 Comparison of mean only and variance only processed image. 

 

WEIGHTING [%] Parameter     Process       

MEAN VAR Threshold Min Size Max Size Mutual Threshold Minimum Time [s] 

100 0 6.5 10 800 139635 54325 41991 286.157 

0 100 20 10 800 139635 62587 42756 600.940 
Table 8 Parameter and segmentation results of comparison. 

The image of Figure 22 is an overlay of the previous two images together with 30%, 70% weighted 

image from the first table. This image even though having a lot more segments in total has a very 

good detection of large homogeneous areas, but still does not merge heterogeneous areas into 

segments. This demonstrates the advantage of using a combined approach of mean and variance. 

The image in Figure 23 is another overlay to show the impact of utilizing the shape criterion during 

the growing phase. The applied parameter set can be seen in Table 9. 

WEIGHTING [%] Parameter     Process       

MEAN VAR SHAPE Threshold Min Size Max Size Mutual Threshold Minimum Time [s] 

90 0 10 10 10 800 542636 290037 145654 4903.47 

30 70 0               
Table 9 Parameter for shape test. 

It is evident that the processing time is quite long around 10 times more than when using only mean 

and texture as in table 7. This is especially important since the resulting segments do not seem to be 

better than a similar test run without the shape criterion. 



P a g e  | 37 

 

 

Figure 22 Overlay of mean (red) and var (green) only test with 30% - 70% weighted mixed processing (blue). 
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Figure 23 Overlay of mean and var (green) and mean, var and shape (purple) for comparison. 
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5.2 SVM-Classification 

5.2.1 Mean based segmentation 

5.2.1.1 Discussion of results 

 

The four images in Figure 24 Filtered radar (a) and optical (b) based classification 

as well as filtered fused (c) and unfiltered fused (d). present an overview of the 

different classification outcomes for the Beijing datasets. The upper row focuses 

on the two data sources and their individual processing whereas the second row 

shows how differently preprocessed data performs. It should be noted that those 

land cover maps presented here result from a mean only processing. Especially the 

unfiltered data can benefit quite a lot from including the variance as a merging 

criterion. On the next page two areas of Beijing are examined from a closer view, 

to point out the differences in the four classifications more distinctively. In Figure 25 Beijing Airport 

classification results.  you see Beijing International Airport and in Figure 26 Beijing Forbidden City 

classification results. the Forbidden City in the center of Beijing. 

Figure 24 Filtered radar (a) and optical (b) based classification as well as filtered fused (c) and unfiltered fused (d). 

a 

c d 

b 
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The radar image has a huge confusion 

between water and airport surfaces, 

which is no big surprise because both 

of them have characteristically low 

backscatter and are thus hard to 

identify with radar data alone. In the 

optical image a lot of the bare fields 

around the airport are classified as 

either high density or airport as well 

since the have a very bright reflection. 

Some of the agricultural surfaces are 

also misclassified as golf courses. On 

the other hand the actual golf courses 

are all clearly visible in the optical 

classification and thus well detected 

(mostly along the river banks in the 

south west). The filtered fused 

approach is definitely showing the best 

results around the airport. It has good 

representation of the airport itself as well as a good distinction between the surrounding urban and 

non-urban features. Both the optical and the filtered fused approach have a considerably smaller 

amount of fragmentation than the radar and unfiltered fused approach. The unfiltered approach has 

the best distinction between high and low density build-up but rather bad performance regarding the 

areas classified as airport. The distinction between parks and agricultural crops is also poor here. 

When looking at the city center, the general trends are the same. Especially the optical and the 

unfiltered fused classification show a strong over representation of roads. Both still detect well the 

water surfaces. Some of them (north of the ring road) are missing in the filtered fused approach as 

well as in the radar classification. On 

the contrary the major roads are very 

well approximated by the filtered 

classification. The small forest stands 

close to the water west of the 

Forbidden City as well as north of it are 

only detected correctly on the filtered 

fused approach as well. The radar 

result has a huge confusion between 

high and low density areas as well as 

parks and agricultural areas, which 

show only minor occurrence on all 

other classifications. The best result on 

this subset is clearly achieved by the 

classification based on the filtered 

fused dataset.  

Figure 25 Beijing Airport classification results.  

Figure 26 Beijing Forbidden City classification results. 

a 

c d 

b 

a 

c d 

b 
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5.2.1.2 Accuracy Assessment 

As mentioned earlier in the methodology section the accuracy assessment is based on the 

classification since it is hard to define global criteria for evaluating the quality of the segments 

directly. On the following two pages the confusion matrices with the user’s and producer’s accuracy 

are displayed for the four cases discussed in the previous section. 

Confusion Matrix with Producer's and User's Accuracy in % Pure SAR     

             Low dens  High dens Road Park Water Golf Forest Agri. Crop Airport User's 

           Low density 749 338 24 61 0 12 213 333 3 43,22 

High density  501 782 2 0 0 6 139 41 42 51,69 

Road 206 246 366 369 0 9 51 36 20 28,09 

Park 51 42 786 363 0 0 239 66 11 23,30 

Water 0 0 197 2 1297 97 0 0 233 71,03 

Golf course 0 0 244 9 367 860 0 42 23 55,66 

Forest 115 30 133 752 0 9 279 192 0 18,48 

Agri. Crop 66 51 49 325 0 0 158 1018 19 60,38 

Airport 21 67 65 21 1131 240 0 0 46 2,89 

Producer's 43,83 50,26 19,61 19,09 46,40 69,75 25,86 58,91 11,59 
 

                                 
Table 10 Confusion matrix of filtered SAR data for mean based processing. 

Confusion Matrix with Producer's and User's Accuracy in % Pure Optical     

             Low dens  High dens Road Park Water Golf Forest Agri. Crop Airport User's 

           Low density 899 204 24 357 0 0 9 237 0 51,97 

High density  0 1154 361 0 0 0 0 0 0 76,17 

Road 23 9 1268 0 0 0 0 0 0 97,54 

Park 108 0 0 1218 0 25 58 122 30 78,03 

Water 0 0 0 0 1822 2 2 0 0 99,78 

Golf course 0 0 0 22 14 1444 46 19 0 93,46 

Forest 0 0 0 87 213 48 1160 0 0 76,92 

Agri. Crop 13 2 0 170 98 177 30 1195 0 70,92 

Airport 2 488 158 0 0 0 0 2 940 59,12 

Producer's 86,03 62,14 70,02 65,70 84,86 85,14 88,89 75,87 96,91 
 

                                 
Table 11 Confusion matrix of pure optical data for mean based processing. 
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Confusion Matrix with Producer's and User's Accuracy in % Fused Filtered SAR   

             Low dens  High dens Road Park Water Golf Forest Agri. Crop Airport User's 

           Low density 1255 28 0 158 0 0 28 265 0 72,38 

High density  0 1360 155 0 0 0 0 0 0 89,77 

Road 40 328 933 0 0 0 0 0 0 71,71 

Park 271 3 0 1041 0 0 0 245 0 66,73 

Water 0 0 0 0 1824 0 0 0 0 100,00 

Golf course 0 0 0 19 0 953 36 537 0 61,68 

Forest 41 0 5 27 6 0 1313 118 0 86,95 

Agri. Crop 67 0 0 12 0 162 86 1360 0 80,62 

Airport 0 671 0 11 0 0 0 13 897 56,34 

Producer's 74,97 56,90 85,36 82,10 99,67 85,47 89,75 53,59 100,00 
 

                                 
Table 12 Confusion matrix of fused filtered SAR and optical data for mean based processing. 

 

Confusion Matrix with Producer's and User's Accuracy in % Fused Unfiltered SAR 

             Low dens  High dens Road Park Water Golf Forest Agri. Crop Airport User's 

           Low density 899 101 0 549 43 0 0 139 0 51,94 

High density  0 739 776 0 0 0 0 0 0 48,78 

Road 189 330 783 0 0 0 0 0 0 60,14 

Park 276 0 0 1073 0 0 62 147 0 68,87 

Water 0 2 0 2 1808 11 2 0 0 99,07 

Golf course 0 0 0 165 0 1340 25 15 0 86,73 

Forest 12 0 8 243 8 0 1175 63 0 77,87 

Agri. Crop 76 0 0 335 0 206 57 1011 0 60,00 

Airport 0 398 115 0 0 0 0 102 975 61,32 

Producer's 61,91 47,07 46,55 45,33 97,26 86,06 88,95 68,45 100,00 
 

                                 
Table 13 Confusion matrix of fused unfiltered SAR and optical data for mean based processing. 
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The four confusion matrices (Table 10 - Table 13) confirm many of the observations from the 

previous section. We can for example see that roads have a very high user’s accuracy of 97.5% in the 

optical image (Table 11), which means that almost all training samples of road are identified as such 

in this classification but on the contrary we have a much lower producer’s accuracy of only 70% 

meaning that a lot of other training samples are classified as road as well where they should not. 

High density suffers the most from this, which can also clearly be seen on the land-use maps of the 

optical and the unfiltered fused classifications. This problem does not occur in the filtered approach 

(Table 12). Here the producer’s accuracy of roads lies around 85%. This goes however to the cost of 

the identification of roads which are only found correctly in approximately 72% of the cases. This to 

me however is much more reasonable when thinking of the spatial extend of roads and building 

blocks in comparison to the resolution provided on the input data. Roads in many cases are just too 

narrow to be detected correctly. In many cases they are represented by mixed pixels and thus easily 

confused with other classes. This becomes most evident in the radar classification where roads are 

mixed with just about every other class and have the third weakest performance of all classes before 

park and airport which have the worst performances. The reasons for the bad performance of airport 

are discussed next to template one in the previous section well confirmed by the confusion matrix 

which shows that water produced almost as many pixels on airport training pixels as on the ones of 

water. 

Other findings from the confusion matrices are that both fused data sets have better distinction 

between the two built-up classes in comparison to both of the individual data sets. Globally 

according to the confusion matrices however the fused filtered approach is by far the best, with 

almost no misclassifications for those two classes. The water class seems to be the one easiest to 

identify and has close to perfect detection as well in the two fused approaches but is also very well 

defined in the optical result. Only the radar classification (Table 10) alone has some trouble with this 

class. Interesting is also that the unfiltered results (Table 13) performed better on golf courses than 

the filtered ones. In all cases where optical data is involved the general confusion between built-up 

classes such as high and low density as well as roads and airport and vegetation classes is very low, 

which is very useful when determining the borders between urban and non-urban areas. The main 

confusion, that remains, is to be found between low density built-up and agricultural crops. But since 

low density is defined as mixed pixels between vegetation and built-up at least in this level of 

resolution this is not surprising.   
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ENVISAT HJ-1B  Fusion Fusion 

    ASAR CCD2 Filtered Unfiltered 

      KTH-Segments SVM Cross-Validation 60,32% 90,48% 70,99% 81,13% 

 
Overall Accuracy 40,38% 77,83% 76,68% 68,75% 

 
Kappa Coefficient 0,32818 0,75067 0,73729 0,64847 

      eCognition Overall Accuracy 55,15% 71,48% 77,10% Not available 

 
Kappa Coefficient 0,39916 0,67920 0,74215 Not available 

            
Table 14 Overview of classification quality assessment. 

When looking at the overall accuracy (Table 14) it seems that the optical image of the HJ-1B satellite 

provides the best classification results very closely followed by the fused approach with the filtered 

SAR stack. But as seen from the analysis of the confusion matrices (Table 11 & Table 12) and the 

visual interpretation of the final land use maps (Figure 24 Filtered radar (a) and optical (b) based 

classification as well as filtered fused (c) and unfiltered fused (d). & Figure 25 Beijing Airport 

classification results. ) the fusion works slightly better in the most important classes and is thus to be 

favored in my opinion. The results from the comparison with eCognition also support this. Here the 

fused approach is clearly providing the best result and this with almost the same accuracy as 

achieved by my program. There was some trouble to provide a complete comparison of all four input 

image sets since eCognition had some trouble to handle the 32 bit data, especially in the case of 

unfiltered data. The attempt to process this data resulted in crashes of the software. The tests were 

run on a 32 bit Windows XP machine with eCognition 8. 

When comparing the cross validation results with overall accuracy it is obvious that as stated before 

they cannot serve as a replacement of the accuracy assessment with the help of confusion matrices. 

They are however an indicator for if it is useful to base the classification on a certain training sample 

set or not. In most recent tests where all the segmentation results are based on both mean and 

variance measures it seems that the cross-validation results tend to be higher on average. 

The kappa values although being slightly lower as the overall accuracies follow the same trend as the 

overall accuracies both from the KTH-segments as well as from the eCognition results. 

The overall accuracy and the kappa value of the SAR based classification are very low and far away 

from anything that could be used for real world applications. One possible reason is the 

preprocessing which was not performed in an optimal way. The SAR data was resampled too often 

which drastically decreases the originality of the data set. This even might have had an influence on 

the fused data set explaining why optical data alone performed slightly better. 
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5.2.2 By Mean and variance based segmentation 

5.2.2.1 Discussion of results 

Figure 27 Filtered radar (a) and optical (b) based classification as well as filtered fused (c) and unfiltered fused (d). 

Once again the four images (Figure 27) show the outcome of the classifications 

based on different input data. This time however the processing is not based on 

the mean value alone but on the variance as well. The images in the upper row 

present the results on radar and optical data processed individually whereas 

the second row presents the results when merging the datasets. In the left case 

the radar data was speckle filtered prior to processing and the right case such a 

filter was not applied. 

  

a 

c d 

b 
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The 3 areas of Figure 28 Comparison of 3 different areas: 1 Forbidden City, 2 Rural area, 3 Beijing 

International Airport a Radar image (VV-HH-VV), b Optical image (NIR, R, G), c Optical, d Fused 

unfiltered, e Fused filtered are chosen to represent all types of land cover and land use incorporated 

in this analysis. Those 3 areas are evaluated using 3 different classification results (c- e) as well as a 

selection of the input data in a and b. 

The first column is displaying a typical urban environment in the center of Beijing including the 

Forbidden City. The optical sample in 1c produces clearly too many roads and a road aligned with 

trees is classified as low density build-up. The two fused results in 1d and 1e have a better 

representation of the roads, especially in the unfiltered result of 1d. There however the borders 

between different land-cover classes are ill-defined which results in a massive overflow of for 

example water areas in neighboring areas. 

In the second column the performance can be compared in a rural area north-west of the city center. 

The area within the u-shaped river and west of it are low-density build-up. This is correctly classified 

in all 3 examples. South of it however are some industrial complexes that should be classified as high 

density which only worked out well in the 1e, the filtered fused result. In the unfiltered approach a 

huge confusion between park and agricultural crops is evident which does not appear in the optical 

or filtered fused result. The island on the lake in the top right corner is correctly identified in shape 

by both optical and filtered fused approach but classified correctly only in the latter. The big high 

density area in the bottom right corner is once again only well represented in the filtered fused 

result. This is also valid for the highway passing in the bottom left corner. 

In the third column finally Beijing’s international airport can be observed. The optical image shows a 

massive confusion between high-density build-up and airport surfaces and again roads with trees are 

classified as low density buildup or park areas. The unfiltered result in 3d has a lot of confusion 

regarding agricultural crops and airport as well as park areas. Additionally low density is 

overrepresented to the cost of high density buildup. The best representation is once again given by 

the filtered fused approach 3e. It has however some confusion between roads and high density 

buildup west of the airport. 
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Figure 28 Comparison of 3 different areas: 1 Forbidden City, 2 Rural area, 3 Beijing International Airport a 
Radar image (VV-HH-VV), b Optical image (NIR, R, G), c Optical, d Fused unfiltered, e Fused filtered 

a 

c 

d 

b 

e 

1 2 3 
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5.2.2.2 Accuracy Assessment 

The accuracy assessment in this section follows exactly the same criteria and order as previously 

when discussing the results of the mean based processing. 

Confusion Matrix with Producer's and User's Accuracy in % filtered SAR     

             Low dens  High dens Road Park Water Golf Forest Agri. Crop Airport User's 

           Low density 1170 177 0 55 0 0 144 187 0 67,51 

High density  289 988 0 0 0 0 226 12 0 65,21 

Road 579 92 343 111 0 0 94 79 0 26,43 

Park 27 19 512 468 81 20 279 156 0 29,96 

Water 46 0 0 0 533 157 67 0 1023 29,19 

Golf course 0 0 221 5 635 662 2 19 0 42,88 

Forest 201 38 97 599 0 60 350 164 0 23,19 

Agri. Crop 67 2 51 303 0 2 369 891 0 52,88 

Airport 123 13 16 0 274 312 13 27 815 51,16 

Producer's 46,76 74,34 27,66 30,37 35,00 54,58 22,67 58,05 44,34 
                       

Table 15 Confusion matrix of filtered SAR data classification based on mean and variance 

Confusion Matrix with Producer's and User's Accuracy in % Optical     

             Low dens  High dens Road Park Water Golf Forest Agri. Crop Airport User's 

           Low density 1206 14 0 16 80 0 49 369 0 69,55 

High density  0 811 558 0 0 0 0 18 129 53,50 

Road 163 10 991 49 87 0 0 0 0 76,23 

Park 129 129 0 1114 6 0 59 0 122 71,46 

Water 2 4 86 2 1733 0 0 0 0 94,85 

Golf course 86 0 0 3 0 1414 42 0 0 91,52 

Forest 2 0 23 122 8 0 1354 0 0 89,73 

Agri. Crop 135 147 0 84 0 222 125 972 0 57,69 

Airport 0 38 0 0 0 0 0 29 1526 95,79 

Producer's 69,99 70,34 59,77 80,14 90,54 86,43 83,12 70,03 85,88 
                       

Table 16 Confusion matrix of optical data classification based on mean and variance 

Although the quality of the processing of the SAR data has improved (Table 15) it is still below any 

acceptable result for all classes. There is also no big difference when filtering or not filtering the SAR 

data. Here only the confusion matrix of the filtered trial is displayed below in Table 19 however some 

general statistics of the unfiltered test run are listed. The optical result in Table 16 shows that it 

performed quite well in most of the vegetated classes with exception of the agricultural crops class 

which is properly due to the fact that it includes bare field grounds.   
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Confusion Matrix with Producer's and User's Accuracy in % Fused filtered SAR   

             Low dens  High dens Road Park Water Golf Forest Agri. Crop Airport User's 

           Low density 1139 104 36 125 35 0 28 265 0 65,76 

High density  0 1310 33 0 0 0 0 0 170 86,58 

Road 170 435 692 0 4 0 0 0 0 53,19 

Park 236 0 0 1193 0 0 117 12 0 76,57 

Water 0 0 46 0 1778 0 0 0 0 97,48 

Golf course 0 0 0 65 0 1479 0 0 0 95,79 

Forest 72 12 18 463 5 0 820 116 0 54,45 

Agri. Crop 24 0 0 300 0 57 0 1304 0 77,39 

Airport 0 22 0 3 0 0 0 72 1496 93,91 

Producer's 69,41 69,57 83,88 55,51 97,59 96,29 84,97 73,71 89,80 
                       

Table 17 Confusion matrix of fusion of filtered SAR and optical data classification based on mean and variance 

Confusion Matrix with Producer's and User's Accuracy in % Fused unfiltered SAR 

             Low dens  High dens Road Park Water Golf Forest Agri. Crop Airport User's 

           Low density 1178 52 0 425 0 0 61 17 0 67,97 

High density  0 1279 123 0 8 0 0 15 91 84,37 

Road 62 362 860 7 0 0 10 0 0 66,10 

Park 217 0 0 1195 0 0 100 48 0 76,60 

Water 0 0 2 0 1822 0 0 0 0 99,89 

Golf course 0 0 0 8 0 1322 54 161 0 85,57 

Forest 0 0 29 336 5 38 1013 87 0 67,18 

Agri. Crop 177 0 0 324 0 59 0 1126 0 66,79 

Airport 6 65 11 5 0 0 0 453 1050 66,04 

Producer's 71,83 72,75 83,90 51,96 99,29 93,16 81,83 59,05 92,02 
                       

Table 18 Confusion matrix of fusion of unfiltered SAR and optical data classification based on mean and variance 

Unfortunately especially the urban classes have a rather poor performance. High density is greatly 

mixed up with roads, which was also clearly visible Figure 27 b and Figure 28 Comparison of 3 

different areas: 1 Forbidden City, 2 Rural area, 3 Beijing International Airport a Radar image (VV-HH-

VV), b Optical image (NIR, R, G), c Optical, d Fused unfiltered, e Fused filtered c. Water had the 

highest score in both user’s and producer’s accuracy.  

Both the fused approaches seem to have quite similar performance in the urban classes and are 

performing better than the optical result there in most cases. The problems with airport and 

agricultural crops can also clearly be seen from the confusion matrix of the fused unfiltered approach 

in Table 17 as well as the problems between park, low density and agricultural crops. 
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The park class is also one of the weakest performers in the fused filtered result as can be seen from 

Table 16. High density has very little confusion with other classes besides roads. Low density has the 

strongest confusion with park areas. 

MEAN + VAR 
 

ENVISAT ENVISAT HJ-1B  Fusion Fusion 

    ASAR unfil ASAR CCD2 Filtered Unfiltered 

       KTH-Segments SVM Cross-Validation 57,08% 57,37% 81,98% 80,79% 78,45% 

 
Overall accuracy 43,35% 43,62% 77,98% 78,63% 76,05% 

 
Kappa Coefficient 0,36335 0,36486 0,75217 0,75921 0,73021 

       eCognition Overall accuracy Not available 55,15% 71,48% 77,10% Not available 

 
Kappa Coefficient Not available 0,39916 0,67920 0,74215 Not available 

              
Table 19 Accuracy comparison of all mean and variance based classifications 

All confusion matrices show some trouble with the road class indicating that this class is not well 

represented by any dataset. This is however taking the resolution of the input data into account, no 

big surprise. Other problematic classes are park and agricultural crops. The first one probably due to 

its definition somewhere between the classes of low density buildup and agricultural crops, the other 

one probably due to the inclusion of bare ground. 

The general statistics (Table 19) confirm the observations from the visual inspection of the previous 

section. This means that the filtered fused achieves the best result with almost 79%, followed by the 

optical approach with close to 78%, the unfiltered fused approach with 76% and finally the radar 

processing with 43-44%. 

The low performance of the SAR only processing can be explained similar as in the previous section. 

The final results including the variance measure perform also slightly better than eCognition now 

even when using the fused filtered dataset. The margin however is pretty small around 1.5% so there 

Figure 29 Comparison of Fused Filtered result with eCognition’s fused filtered result. 
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is no great significance yet. What can be seen from Figure 29 is additionally that the linear features of 

roads were better found in the eCognition result. 

It also seems that the testing data set might not represent all classes well enough and for a more 

reliable analysis should be increased further. 
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5.2.3 Comparison of Mean and Mean + Variance based Processing 

Figure 30 Comparison of mean and mean + variance processing. Top row: radar and optical input data with segment 
overlay (red mean based, yellow mean and variance based). Bottom row left: Classification of mean based processing. 
Bottom row right: Classification of mean and variance based processing. Both with segment outlines in black. 
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The four previous images (Figure 30) give an impression of the segmentation and the classification 

differences in dependence to weather the mean value is used as the main criterion for segmentation 

or a combination of mean and variance. The two first images show the two different segmentation 

results in an overlay with each other. The red segments are based on the mean value alone whereas 

the yellow segments result from the combination of mean and variance. The left image has a filtered 

radar image in the background and the right one a false color composite of HJ-1B. The segments 

however in all cases are based on the fused data set of 5 filtered radar scenes and 1 optical image, 

which as in previous sections consists of 14 bands. 

The first fact that is evident from the overlay is that the combination results in much bigger 

segments. This is especially when working on a regional scale much more desirable than having a 

large number of small segments representing the same class. The biggest improvement can be seen 

in the very dark areas in both images representing water bodies. When using the texture criterion 

those are represented with a very few but still rather accurate segments in comparison to a large 

number of segments over the same areas with the mean value alone. 

The lower two images represent the classification results together with the segments they are based 

on. The left image shows the result of the mean only segmentation and the right image shows the 

result of the combined approach. 

The water bodies are more or less equally well detected with some exceptions in both cases. Those 

exceptions are however not in the same locations. The mean value shows a better representation of 

the channel around the Forbidden City whereas the combined result has a better detection of the 

lakes west of the Forbidden City. The forested areas are slight underrepresented in the mean 

classification and slightly overrepresented in the combined one. Roads are overrepresented in both 

cases even though at least for this specific location slightly more for the combined approach. The 

mean result shows some confusion with high and low density buildup areas which is not present in 

the combined result. On the other hand there is some confusion between high density buildup areas 

and airport on the combined approach which cannot be found to that extend in the mean result. 

Both results show some confusion with agricultural crops within the Forbidden City.  

From visual inspection it can be said that the segmentation works better when incorporating the 

variance measure as well. The classification resulting from the segmentation however is of almost 

equal quality. 

For the whole testing site the accuracy of the classification including the variance as a texture 

measure is around 2% better (Table 21). Both results however are not accurate enough yet to predict 

land cover and use reliable enough for decision making purposes. There a minimum accuracy of 85% 

should be achieved. One measure indicating the better quality of the segments for classification 

purposes is the cross-validation accuracy which is around 10% higher for the combined approach. 

The confusion matrix in Table 20 is created by testing the two classification results against each other 

to get an idea of the agreement of the two classification approaches. The overall agreement 

measured by the overall accuracy of this test is only 57.03%. The only two classes that are predicted 

with sufficient agreement are water and high density buildup with 88.7% and 85.2% overlap.   
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Confusion Matrix in % Fused (Mean only) against Fused (Mean + Var)   

            Low dens  High dens Road Park Water Golf Forest Agri. Crop Airport 

          Low density 51,9 18,2 6,7 16,4 0,6 0,1 1,5 4,6 0,1 

High density  6,5 85,2 3,2 2,2 0 0 0 2,1 0,7 

Road 16,7 51,3 18,4 6,3 1,6 0,2 1,6 2,1 1,8 

Park 17,8 11,8 2,2 40,9 3 0,9 6,9 15,6 0,9 

Water 1,1 0,8 4,5 0,5 88,7 0,1 3,3 0,9 0,1 

Golf course 1,3 0,8 0,3 9,9 3,4 34,5 8,4 41,3 0 

Forest 16,1 6,3 12,4 10,7 6,4 1 37,1 9,7 0,3 

Agri. Crop 20,2 12,1 1,5 13,7 1,2 0,6 2,2 45,8 2,8 

Airport 0,9 60,2 1,4 3,2 0,1 0 0 4,3 30 

                    
Table 20 Confusion matrix of the two resulting fused filtered data sets from mean and a combination of mean and 
variance during processing, when tested against each other. 

 
MEAN ONLY MEAN + VAR 

 
Fusion Fusion 

  Filtered Filtered 

   SVM Cross-Validation 70,99% 80,79% 

Overall accuracy 76,68% 78,63% 

Kappa Coefficient 0,73729 0,75921 

      
Table 21 Accuracy comparison of the two classification results. 

Accuracy gain through variance ENVISAT HJ-1B  Fusion Fusion 

    ASAR CCD2 Filtered Unfiltered 

      

 

Overall accuracy 3,24% 0,15% 1,95% 7,30% 

 

Kappa Coefficient 3,67% 0,15% 2,19% 8,17% 

            

Table 22 Gain of accuracy when including the variance measure into the segmentation process. 

 From the global accuracy measures (Table 22) it is evident that all classification results improved 

from including the variance into the segmentation process. The biggest improvement was observed 

from the unfiltered data which now is much closer to the other results. This is interesting since it 

yields that with some further improvement it might be unnecessary to filter the data prior to 

processing. The benefit was much smaller for the filtered data and the optical approach yielding that 

the textural information is of much lower significance there. 
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6 Conclusion & Future Research 
 

6.1 Conclusion 

 
A segmentation algorithm that is able to detect objects in an image in a reasonable way has been 

found. In terms of accuracy it is compatible to state of the art implementations of segmentation 

algorithms like eCognition. 

The comparison of the results processed with the mean value alone and the processing including the 

variance as a texture measure have shown, that this is in general beneficial for all tested input data 

sets. The impact of the texture measure is of great significance only when applying on datasets 

containing unfiltered SAR bands. On optical data the gain was close to zero, yielding that texture 

information is not helpful, at least at this medium resolution of 30m. 

In the current state 3 parameters and the weighting of the up to three homogeneity criteria have to 

be chosen for performing the segmentation. This requires a good understanding of how the different 

parameters affect the segmentation but also how they influence each other. There is no absolute 

best selection of those parameters but it is dependent on the type of input date and its specifications 

like resolution and bandwidth. For example the SAR data needs to be handled completely different if 

it is not filtered. But with a suitable selection of parameters still quite good results can be achieved. 

Test runs utilizing the shape criteria have not produced any interesting results yet, mostly because 

the processing time is too long in the current state of the algorithm. 

First simple test runs with data from other sources and of other character indicate further that the 

algorithm can also be applied to those. The first trials with the Spot-5 image from Shanghai are very 

promising. 

The results show also that data fusion is working out very good with benefits over data sets from one 

sensor alone. It has to be noted however that this impact is much higher seen from a SAR perspective 

than from an optical one. The fusion was especially helpful for a better distinction of the urban 

classes. 

The applied classification technique using support vector machines also proved to be efficient. With 

the selection of only a few samples 10 – 15 per class good classification results can performed in a 

time frame of only around an hour. The processing of the training set and the following prediction of 

the whole data set only takes a couple of seconds. Since the SVM is fully integrated into the 

framework it can be performed very easy with a comfortable way of entering required parameters in 

Dialog boxes instead of command line input as required when working with native implementation of 

LibSVM. The implemented grid search also makes sure to find an optimal set of parameters for the 

RBF-kernel automatically without using heuristics.  

Despite the limitations a tool has been created that can create reasonable urban classifications on a 

similar performance level as state of the art software packages like eCognition and PCI Geomatica. 
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The development of this tool cannot be seen as finished yet, but rather as a starting framework for 

future research and development for both object detection and classification. 

 

6.2 Limitations 
Some aspects are not fully developed yet and need to be improved. One thing that is missing yet is 

the multi resolution component of the segmentation process which currently results in over or under 

segmentation of specific areas. Especially built-up areas tend to be over-segmented meaning there 

are too many segments representing the desired objects or areas. On the other hand when using less 

restricted threshold slimmer features likes streets and rivers tend to be merged with their 

surroundings. 

Another point is that the current implementation is dependent on that the whole scene fits into the 

RAM of the processing machine. Due to the current way of handling geometry features, which is fast 

but very memory craving, this limits the operations to scenes of between 6 and 7 megapixels 

depending on how many bands are involved. 

Related to this issue is the lack of an efficient way of importing and exporting segments in cases 

where only classification is desired to be performed. Currently segments can be saved into ESRI 

shape file format but not all information about the included pixels of a segment is saved then. Only 

the mean and variance value per band are stored. This means that the only way to get the segments 

is to process the image again, which can be very time consuming for large scenes. 

The main test data set of Beijing has not an optimal selection of times between the SAR and the 

optical data. The optical images of useful quality are only available in 2009 whereas the multi-

temporal SAR data is only available in 2008. To get rid of classifications errors due to the influence of 

changes in actual scene a closer time frame would be preferable. Another problem with the dataset 

is that the SAR part of it got resampled too often and thus almost certainly lost quality. 

The current version of the algorithm is also not utilizing all available features of objects like the 

neighborhood of a group of objects. In terms of the spectral features additional information like edge 

detection is also still missing. 
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6.3 Future research 
To get an even better understanding and idea of the performance of the current version the tests on 

other data sets need to be intensified. Some quick test runs have been performed on the SPOT data 

in 10m resolution and even terraSARX data in 1 m resolution. Those test runs showed that the 

processing is possible but its quality has not yet been tested extensively. One problem that is 

especially valid for terraSARX is the memory used by those large datasets, making it only possible to 

analyze very small areas right now. If this problem, also named in the limitations, can be solved, then 

the way is free for more extensive processing of terraSARX data, even in its high resolution and not 

down sampled to for example 10m resolution. 

As other research has shown (Ban et al. 2010) the use of rule based classification schemes can be 

quite useful for urban land cover and use mapping. Since there are objects available now, rules can 

be created utilizing features like topology, geometry and spectral information. This might be helpful 

to improve the distinction of critical classes. 

As mentioned in the methodology section, some very little effort has also already been made to 

include edge detection methods into the segmentation process. This can help to assist the growing 

and merging to not extend over definite borders. It might also be helpful for a better detection of 

linear features like roads and rivers that often are represented by sequences of single pixels and even 

just mixed pixels if too small.  

Finally the seed selection could be improved through data mining techniques prior to the actual 

segmentation. For example KNN-clustering or other similar methods could be utilized to fine more 

suitable start points for growing regions. 
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