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High-resolution satellite data for mapping landuse/land-cover in the rural-urban fringe of the 
Greater Toronto Area. 
 
ABSTRACT 
 
Landuse and land-cover classification from high resolution imagery has been seen as challenging by the 
remote sensing society.  The high variability from pixel to pixel makes the use of pixel-based classifiers 
obsolete. Object-based classifiers along with rule-based descriptors can be used to overcome these 
problems because they consider the spatial distribution and topological relationships of the pixels.  The 
identification of the landuse/land-cover classes based on objects and their spatial relationships can lead to 
a better classification results. The combination through fusion techniques of images with different 
resolutions can also be used to improve landuse/land-cover classification.   
 
The objective of this research is to evaluate pixel- and object-based approaches for landuse/land-cover 
classification and to identify which approach gives better results for high resolution imagery. 
 
QuickBird imagery covering the town of Richmond Hill, in the Greater Toronto Area (GTA), Ontario, 
Canada were used for landuse/land-cover classification. The classes considered were: water, low-density 
residential, transportation, contruction site, forest, golf course, corn, wheat, fallow, rapeseeds, pasture, 
parks, new low-density residential, commercial and industrial. The fusion techniques were used to merge 
Pan and MS images were performed as an initial step: RGB-HIS using PCI Geomatica and wavelet 
transform with IHS using Matlab and Erdas Imagery. Pixel-based classifiers, such as MLC and Contextual 
were compared to the object- and rule-based approach implemented in eCognition. It was found that the 
best pixel-based classification results were obtained from MLC using 1-4 channels (kappa coefficient 
0.80662 and overall accuracy 83.71%).  However, the classification from Wavelet-IHS Transformation 
fusion result implemented in Matlab with MLC (kappa coefficient 0.77637 and overall accuracy 81.10%) 
showed a balance between low loss of spectral information and the improved classification for objects not 
clearly defined in the original MS imagery.  
 
For the object-based and rule-based approach, it was found that a segmentation of 4 levels with the 
identification of major land-cover types in the smallest scale and the integration of rules for the 
identification of landuse classes in the other levels led to the best classification result for high-resolution 
imagery (kappa coefficient 0.8565, and overall accuracy 86.70%). However, rules that describe classes 
such as ‘parks’, ‘commercial’ and ‘industrial’ sites  have to be improved in order to increase the 
identification of these areas. 
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CHAPTER ONE 
INTRODUCTION 

 
1.1 Introduction 
 
Planning departments and decision makers need to acquire accurate information on urban landuse and 
land-covers and their change over time.  Remote sensing provides multi-spectral and panchromatic 
imagery with different resolutions that can suit different purposes.  The launch of high resolution satellites 
gives the opportunity to obtain details in a very large scale. 
 
Information on landuse/land-cover and their changes is an important element in forming policies regarding 
economic, demographic, and environmental issues at national, regional and global levels.  The Greater 
Toronto Area (GTA), like many other urban areas in the world, is experiencing rapid expansion and 
sprawling.  This has raised serious concerns on effects of these developments on terrestrial biodiversity, 
environment and quality of life in general.  The rural-urban fringe of the GTA is among the most rapidly 
changing elements in the landscape.  Mapping and monitoring these changes are thus of great importance 
for urban planning, conservation of biodiversity and sustainable management of land resources (Ban & 
Wu, 2005). 
 
Very little research has been done in the GTA using optical data in the recent years. One of the recent 
works on this area was done by M.A. Mir in the year 2004.  He investigated on the integration of 
temporal, spectral and spatial information for an improvement in the extraction of landuse and land-cover 
classes and change detection.  His research used Landsat TM, ETM+ and IRS-1D satellite images.  A 
study that uses high resolution imagery with the same purpose was seen as a further investigation in this 
research to provide more effective mapping and monitoring capabilities. 
 
QuickBird data can be used as a source of information for urban applications because it satisfies some 
main requirements such as: high geometrical resolution, multi-spectral capabilities, radiometric sensitivity, 
good positioning accuracy, revisit capabilities and large image size. (Volpe et al., 2003) 
 
The production of urban land-cover maps from high-resolution satellite imagery is a difficult task due to 
the complex nature and diverse composition of land-cover types found within the urban environment. The 
materials found in such environment include concrete, asphalt, metal, plastic, glass, shingles, water, grass, 
trees, shrubs, and soil, to list just a few. Moreover, many of these materials are spectrally similar, and this 
leads to problems in automated or semi- automated image classification of these areas. In addition, these 
materials form very complex arrangements in the imagery such as housing developments, transportation 
networks, industrial facilities, and commercial/recreational areas. Conventional methods for classification 
such as MLC only utilise spectral information and consequently have limited success in classifying high-
resolution urban multi-spectral images.  As many classes in the urban environment have similar spectral 
signatures, spatial information such as texture and context must be exploited to produce accurate 
classification maps. (Shackelford et al, 2003a) 
 
1.2 Research Objectives 
 
Considering the challenges in land-cover/landuse classification using high resolution satellite imagery, the 
objectives considered for this research are: 

1) Investigate the various fusion techniques for improving image quality in the extraction of 
landuse/land-cover classes. 

2) Evaluate the pixel-based classifiers using high resolution imagery for landuse/land-cover 
classification. 

3) Evaluate the object-based classifiers and the rule-based approach for landuse/land-cover 
classification.   

4) Determine which approach is better for landuse/land-cover classification of high resolution 
imagery. 
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1.3 Organization of the thesis 
 
Chapter 1 focuses on the general description of the research issue and the states the objectives of this 
research.  Chapter 2 gives a literature review on data fusion techniques and pixel-based classification.  
Moreover, a review on vegetation classification is specified.  Accuracy assessment measures are described 
in this section as well. Chapter 3 describes the object-based approach and its implementation in the 
software used for this part of the analysis. The description of the study area and the imagery used in this 
research is given in Chapter 4. Chapter 5 describes the methodology followed for data fusion techniques, 
pixel- and object-based classification.  In Chapter 6 the results obtained from the implementation of the 
methodologies are shown and discussed.  Finally, Chapter 7 gives the conclusions obtained from this 
study.  Recommendations for further studies are also presented in this section. 
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CHAPTER TWO  
REMOTE SENSING FOR LANDUSE/LAND-COVER MAPPING 

 
The launch of the new generation of high-resolution (less than 1m) commercial earth imaging satellites in 
late 1997 and after marked the start of a new era of space imaging for earth observations (Fritz, 1996).  
 
Among several commercial high-resolution imaging satellites, IKONOS (1m resolution) of Space 
Imaging, Inc, and OrbView-1 (1, 2 and 4m resolution) of The Orbit Sciences Corporation were launched 
in late 1999 and 2003 respectively. QuickBird of EarthWatch, Incorporated was launched in 2001. The 
imagery will maintain dominant spectral advantages demonstrated by lower resolution satellite imaging 
systems such as Landsat TM and SPOT. More important is that this new generation of high-resolution 
satellite imagery provides strong geometric capabilities that have not been available from previous 
existing satellite imaging systems. Specific geometric aspects of the imagery that are interesting to the 
mapping community include, for example, high-resolution, photogrammetric stereo capability, and revisit 
rate. With better than one-meter ground resolution, objects appearing in most digital national mapping 
products, such as Digital Elevation Models (DEM), Digital Orthophoto Quadrants (DOQ), Digital Line 
Graphs (DLG), and Digital Shorelines (DSL), can be represented in the imagery. The revisit rate of 1-4 
days, depending on satellites and latitude, makes it possible to map an area frequently without special 
flight planning and scheduling as required in aerial photogrammetric data acquisition. Stereo models thus 
formed are valuable for mapping product updating and accurate change detection. (Rongxing, 1998) 
 
2.1 Data Fusion Techniques 
 
Combining a variety of digital remote sensing data is referred to as “image fusion”.  Using the image 
fusion technique, different data can be integrated in order to obtain more information that can be derived 
from each of the single sensor data alone.  The most common case is the fusion of two images acquired by 
a multi-spectral sensor with a lower spatial resolution and a panchromatic sensor with a higher spatial 
resolution (Saraf, 1999; Mir, 2004).   
 
Modern Earth resource satellites have the capability to collect spatially co-registered panchromatic (PAN) 
and multi-spectral (MS) imagery which can be merged to produce imagery with the best characteristics of 
high spatial resolution and high spectral resolution.  
 
The fusion techniques should ensure that all important spatial and spectral information in the input images 
is transferred into the fused image, without introducing artefacts or inconsistencies, which may damage 
the quality of the fused image and distract or mislead the human observer. Furthermore, in the fused image 
irrelevant features and noise should be suppressed to a maximum extent. (Gungor et al., 2004) 
 
Image fusion can be performed at pixel, feature and decision levels according to the stage at which the 
fusion takes place. In pixel-based fusion, the data are merged on a pixel-by pixel basis.  Feature-based 
approach merges the different data sources at the intermediate level. Each image from different sources is 
segmented and the segmented images are fused together.  In decision-based fusion, the outputs of each of 
the single source interpretation are combined to create a new interpretation. (Gungor et al., 2004) 
 
According to Pohl and Genderen (1998), image fusion has been applied to digital imagery to achieve a 
number of objectives, such as:  

1. image sharpening; 
2.  improve geometric correction;  
3. provide stereo-viewing capabilities for stereophotogrammetry;  
4. feature enhancement;  
5. complement data sets for improved classification;  
6. detect changes using multi-temporal data;  
7. substitute missing information (e.g. clouds-VIR, shadows-SAR) in one image with signals from 

another sensor image; and, 
8. replace effective data.   
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Therefore, the efficient integration of temporal, spectral and spatial resolution information (from multi-
sensor imagery) is important for extracting landuse/land-cover classes and detecting changes. (Mir, 2004) 
 
Depending upon the purpose of a given application, (1) some users may desire a fusion result that shows 
more detail in colour, for better image interpretation or mapping; (2) some may desire a fusion result that 
improves the accuracy of digital classification; and (3) some others may desire a visually beautiful fused 
colour image, solely for visualization purposes.  Therefore, distinct techniques for mapping-oriented 
fusion, classification-oriented fusion, and visualization-oriented image are in demand. (Zhang, 2004b) 
 
Merging or fusing remotely sensed data obtained using different remote sensors must be performed 
carefully.  All datasets to be merged must be accurately registered to one another and resampled to the 
same pixel size (Chavez and Bowell, 1988).  Several alternatives exist for merging the data sets, including 
a) simple band-substitution methods, b) colour space transformation and substitution methods using 
various colour coordinate systems (e.g. RGB, Intensity-Hue-Saturation, Chromacity), c) substitution of the 
high spatial resolution data for principal component 1, d) pixel-by-pixel addition of a high frequency 
filtered, high spatial resolution dataset to a high spectral resolution dataset, and e) smoothing filter-based 
intensity modulation. (Jensen, 2005) 
 
A brief description of the fusion techniques is given below. A detailed description, however, can be found 
in: Chavez et al., 1991; King and Wang, 2001; Zhang, 2002, 2003, 2004a, 2004b ; Schiavon et al., 2003 ; 
Zhu et al., 2004 ; Garzelli et all, 2004; Tsai, 2003,2004; Gungor and Shan, 2004 ; Shamshad et al., 
2004;Vijayaraj et al., 2004; Nichol and Wong (2005), Jensen (2005). 
 
Band substitution is performed using interpolation methods (bilinear, cubic convolution, etc) to resample 
the Multi-spectral data (e.g. SPOT XS, Landsat TM, IKONOS, Quickbird, etc) and substituting either the 
green or red bands with the panchromatic (PAN) data. Jensen (2005) presented the fusion of SPOT multi-
spectral and pan data. The panchromatic data substitutes the green or red bands. The substitution can be 
done because the panchromatic data span the spectral region from 0.51 to 0.73 μm, having a record of both 
green and red bands.   This method has the advantage of not changing the radiometric qualities of any of 
the SPOT data. (Jensen, 2005) 
 
Colour coordinate systems different from RGB may be of value when presenting remotely sensed data for 
visual analysis, and some of these may be used when different types of remotely sensed data are merged.  
Two frequently used methods are the RGB to Intensity-Hue-Saturation (IHS) transformation (Chen et al., 
2003) and the use of chromatic coordinates (Liu, 2000a; Kulkarni, 2001). 
 
2.1.1 RGB - IHS Transformation 
 
In the intensity-hue-saturation colour coordinate system, the intensity (I) varies from black (0) to white 
(255) and is not associated with any colour.  The hue (H) represents the dominant wavelength of colour. 
Saturation(S) represents the purity of the colour. A saturation of 0 represents a completely impure colour 
in which all wavelengths are equally represented and which the eye will perceive as a shade of grey that 
ranges form white to black depending on intensity (Sabins, 1987).  Intermediate values of saturation 
represent pastel shades, whereas high values represent more pure, intense colours. (Jensen, 2005) 
 
Any RGB multi-spectral dataset consisting of three bands may be transformed into IHS colour coordinate 
space using an IHS transformation. This transformation is actually a limitation because many remote 
sensing datasets contain more than three bands (Pellemans et al., 1993).   
 
IHS transformation may be used to improve the interpretability of multi-spectral colour composites. When 
any three spectral bands of multi-spectral data are combined in the RGB system, the colour composite 
image often lacks saturation, even when the bands have been contrast stretched.  Therefore, some analysts 
perform an RGB-to-IHS transformation, contrast stretch the resultant saturation image, and then convert 
the IHS images back into RGB images using the inverse transformation.  The result is usually an improved 
colour composite.  (Jensen, 2005) 
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The IHS transformation is also often used to merge multiple types of remote sensing data.  The method 
generally involves four steps: 

1. RGB to IHS. Three bands of lower-spatial-resolution remote sensor data in RGB colour space are 
transformed into three bands in IHS colour space. 

2. Contrast manipulation. The high-spatial-resolution image is contrast stretched so that it has 
approximately the same variance and mean as the intensity (I) image. 

3. Substitution.  The stretched, high-spatial-resolution image is substituted for the intensity (I) 
image. A main justification used for replacing the intensity component with the stretched higher-
spatial-resolution image is that the two images are approximately equal to each other spectrally. 
(Chavez et al, 1991) 

4. IHS to RGB.  The modified IHS dataset is transformed back into RGB colour space using an 
inverse IHS transformation.  The justification for replacing the intensity (I) component with the 
stretched higher-spatial-resolution image is that the two images have approximately the same 
spectral characteristics. (Jensen, 2005) 

 
The colour distortion of IHS technique is often significant and can be reduced by matching the 
panchromatic to the intensity before the replacement and stretching the hue and saturation components 
before the reverse transform.  Zhang (2002) 
 
Ehlers et al. (1990) used this methodology to merge SPOT 20x20 m multi-spectral and SPOT 
panchromatic 10x10 m data. The resulting multi-resolution image retained the spatial resolution of the 
10x10 m SPOT panchromatic data, yet provided the spectral characteristics (hue and saturation values) of 
the SPOT multi-spectral data. The enhanced detail available from merged images was found to be 
important for visual land-use interpretation and urban growth delineation (Ehlers et al., 1990).   
 
In a similar study, Carper et al (1990) found that direct substitution of the panchromatic data for intensity 
(I) derived from the multi-spectral data was not ideal for visual interpretation of agricultural, forested, or 
heavily vegetated areas.  They suggested that the original intensity value obtained in step 1 be computed 
using a weighted average (WA) of the SPOT panchromatic and SPOT multi-spectral data; that is, 
WA={[(2 x SPOT Pan) + SPOT XS3]/3}.   
 
Chavez et al. (1991) cautioned that of all the methods used to merge multi-resolution data; the IHS method 
distorts the spectral characteristics the most and should be used with caution if detailed radiometric 
analysis of the data is to be performed. Similar findings were reported by Pellemans et al. (1993).  Chen et 
al. (2003) used the IHS transformation to merge radar data with hyper-spectral data to enhance urban 
surface features. Koutsias et al. (2000) used IHS-transformed Landsat 5 Thematic Mapper data to map 
burned areas. (Jensen, 2005) 
 
2.1.2 Chromacity Colour Coordinate System and the Brovey Transformation 
 
A chromacity colour coordinate system can be used to specify colour.  The coordinates in a chromacity 
diagram represent the relative fractions of each of the primary colours (red, green and blue) present in a 
given colour. The chromacity diagram is used for colour mixing, because a straight-line segment joining 
any two points in the diagram defines all of the colour variations that can be formed by combining the two 
colours additively. (Jensen, 2005) 
 
The Brovey transform may be used to merge or fuse images with different spatial and spectral 
characteristics. It is based on the chromacity transform (Gilliespie et al., 1987) and is a much simpler 
technique than the RGB-to-IHS transformation.  The Brovey transform also can be applied to individual 
bands if desired. The merged (fused) dataset will have the spectral characteristics of the multi-spectral data 
and the spatial characteristics of the high-resolution panchromatic data. (Jensen, 2005) 
 
Both the RGB-to-IHS transformation and the Brovey transform can cause colour distortion if the spectral 
range of the intensity replacement (or modulation) image (i.e. the panchromatic band) is different from the 
spatial range of the three lower-resolution bands.  The Brovey transform was developed to visually 
increase contrast in the low and high ends of an image’s histogram (i.e. to provide contrast in shadows, 
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water, and high-reflectance areas such as urban features).  Consequently, the Brovey transform should not 
be used if preserving the original scene radiometry is important.  However, it is good for producing RGB 
images with a higher degree of contrast in the low and high ends of the image histogram and for producing 
visually appealing images (ERDAS, 1999). (Jensen, 2005) 
 
The Brovey Transform has the limitation to use only 3 bands. The colour distortion is obvious and varies 
depending on the band combinations being fused. (Zhang, 2002) 
 
2.1.3 Principal Component Substitution 
 
In PCA (Principal Component Analysis) image fusion, dominant spatial information and weak colour 
information is often a problem due to the maximum variance of the principal component being replaced.  
Such replacement maximizes the effect of panchromatic image in the fused image.  Suggested solutions 
have been stretching the principal components to give a spherical distribution, or discarding the first 
principal component. The PCA approach is sensitive to the choice of area to be fused. (Zhang, 2002) 
 
Chavez et al. (1991) used principal components analysis applied to six Landsat TM bands. The SPOT 
panchromatic data were contrast stretched to have approximately the same variance and average as the 
first principal component image. The stretched panchromatic data were substituted for the first principal 
component image and the data were transformed back into the RGB space (Jensen, 2005) The stretched 
panchromatic image may be substituted for the first principal component image because the first principal 
component image normally contains all the information that is common to all the bands input to PCA, 
while spectral information unique to any of the input bands is mapped in the other n principal components 
(Chavez and Kwarteng, 1989).  
 
 
2.1.4 Pixel-by-Pixel Addition of High-Frequency information 
 
Chavez (1986), Chavez and Bowell (1988), and Chavez et al (1991) merged both digitized National High 
Altitude Program photography and SPOT panchromatic data with Landsat TM data using a high-pass 
spatial filter applied to the high-spatial-resolution imagery.  The resultant high-pass image contains high-
frequency information that is related mostly to spatial characteristics of the scene.  The spatial filter 
removes most of the spectral information.  The high-pass filter results were added, pixel by pixel, to the 
lower-spatial information of the higher-spatial-resolution data set with the higher spectral resolution 
inherent in the TM dataset.  Chavez et al. (1991) found that this multi-sensor fusion technique distorted 
the spectral characteristics the least. (Jensen, 2005) 
 
2.1.5 Smoothing Filter-based Intensity Modulation Image Fusion 
 
Liu (2000a, b) developed a Smoothing Filter-based Intensity Modulation (SFIM) image fusion technique 
based on the algorithm: BVSFIM = (BVlow x BVhigh)/BVmean, where BVlow is a pixel from the co-registered 
low-resolution image, BVhigh is a pixel from the high-resolution image and BVmean is a simulated low-
resolution pixel derived from the high-resolution image using an averaging filter for a neighbourhood 
equivalent in size to the spatial resolution of the low-resolution data.  For example, suppose the high-
resolution image consisted of SPOT 10x10 m panchromatic data and the low-resolution image consisted 
of Landsat ETM+ 30x30 m data.  In this case the BVmean value would be the average of the nine 10x10 
pixels centred on the pixel under investigation in the low-spatial-resolution dataset.  Liu (2000a) suggests 
that the SFIM can produce optimally fused data without altering the spectral properties of the original 
image if the co-registration error is minimal. (Jensen, 2005) 
 
2.1.6 Wavelet Transformation 
 
The wavelet-based multi-resolution fusion is based on the assumption that the missing information of the 
low-resolution images is linked to the high frequencies of the Pan image. The low-resolution images can 
enhance resolution, if they resume the missing high-frequency information. By this assumption we can get 
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high-resolution fusion images by inserting the high-frequency information into the low-resolution images.  
The wavelet multi-resolution analysis can decompose an image into a low-frequency coefficient and three 
high-frequency coefficients. The low-frequency coefficient at level n-1 can be decomposed into the 
coefficients at level n. We can get the low-frequency component of the original image by the inverse 
wavelet transform to the low-frequency coefficient. We can also get the high-frequency components of the 
original image by the inverse wavelet transform to the high-frequency coefficients.  (Zhu et al., 2004) 
 
The wavelet-based fusion can be performed in the following steps: 

1. Decompose a high-resolution panchromatic image into a set of levels. 
2. Replace a low resolution panchromatic with a multi-spectral band at the same resolution level. 
3. Perform an inverse wavelet transform to convert the decomposed and replaced panchromatic set 

back to the original panchromatic resolution level. (Hong et al., 2003) 
 
This method has its theoretical evidence that the values of the high-frequency component are much 
smaller than those of the low-frequency component. But the Pan high-frequency information is not 
necessarily suitable for the specific spectral domain of MS image to which the Pan high-frequency 
information is introduced. Therefore, it can bring spectral distortions of some degree to the fused image. 
Major concerns about this method are the selection of the number of decomposition levels and the 
reduction of spectral distortions. (Zhu et al., 2004) 
 
In the wavelet decomposition, the dimension of the newly decomposed image becomes half the size of the 
image at the previous level.  Therefore, an important part in the preparation phase is to make the 
proportion between the pixel spacing of the panchromatic and multi-spectral images to be a power of two. 
(Gungor et al., 2004) 
 
Wavelet-based fusion is a computationally intensive process.  It extracts spatial details from a high-
resolution panchromatic image, and then adds them into the multi-spectral bands.  In this manner, the 
colour distortion can be reduced to a certain extent, but the fused image appears like a result of a high-pass 
filtering fusion, e.g., the colour does not seem to be smoothly integrated into the spatial features.  Other 
disadvantages have also been reported, for example, the loss of spectral content of small objects. (Zhang, 
2002) 
 
Zhu et al. (2004) used the à trous algorithm because it is a shift-invariant wavelet transform which can 
better preserve the edges of the image. In the fusion of QuickBird data, the results showed that the spectral 
characteristics were preserved more effectively. 
 
2.1.7 Wavelet and IHS Transform 
 
With the objective to find a balance between enhancing the spatial resolution and preserving spectral 
colour information, Hong et al. (2003) proposed a method combining wavelet transform and IHS. IHS 
causes significant colour distortion, while wavelet fusion can cause some ringing effect or degradation of 
MS information.  Based on the strengths and shortcomings of the IHS and wavelet fusion, they tried to 
combine the strengths of the two methods to achieve a better fusion result. IHS transformation provides 
one possibility to preserve the colour information provided that the panchromatic image distribution is 
similar to intensity.  Wavelet transform can preserve the colour information while enhancing the spatial 
resolution.  Combining wavelet with IHS transformation makes it easy to preserve the colour information, 
because the transformation is done only in one channel, while generally wavelet transform is done on 
three channels separately. 
 
The wavelet and IHS fusion process can be performed in the following steps: 

1. Transform the multi-spectral image into the IHS components (forward IHS transform). 
2. Apply histogram match between panchromatic image and Intensity component (I), and get new 

panchromatic image (new Pan). 
3. Decompose the histogram-matched panchromatic image and Intensity component (I) to wavelet 

planes respectively. 
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4. Partially replace the LLP in the panchromatic decomposition with the LLI of the intensity 
decomposing resulting in LL’, LHP, HHP and HLP. 

5. Perform an inverse wavelet transform, and generate a new intensity. 
6. Transform the new intensity, together with the hue and saturation components back into RGB 

colour space (inverse IHS transform). 
 
In the fusion results using QuickBird and IKONOS data sets (Hong et al., 2003), visual and statistical 
comparisons demonstrate that the spatial detail is the same as those of other fusion methods (IHS and 
wavelet), but the colour distortion of the new method is significantly less than the others. It is important to 
mention that a minor colour distortion still remains. 
 
2.1.8 Comparison of Data Fusion Techniques 
 
Chavez et al., (1991) compared the IHS, PCA and HPF (High-Pass filter) procedures in merging Landsat 
TM and SPOT panchromatic data.  They mention that the IHS method distorted the spectral characteristics 
of the data the most; one reason could be that the assumption that the Pan image is similar to the intensity 
image is not always valid because it depends on the combination of the bands used (Chavez et al., 1991; 
Garzelli et al., 2004). In the case of PCA, the data were less distorted than the first method, and the 
assumption that PAN data are similar to the first component data remains semi-constant regardless of the 
subgroup combination.  However, a potential problem is that the spatial resolution of the PCA results may 
be affected because of the possible uneven mixing used to generate the first principal component image. 
The HPF method distorted the spectral characteristics of the data the least, the distortions were very 
minimal and difficult to detect.  A possible problem using this method is the kernel size, which has to be 
decided upon the acceptable size for merging the spatial resolution information without adding edge 
enhancement.  Edge enhancement should be done after the data are merged, regardless of the method used 
to merge the information, because often edges are seen in one spectral band and not in another. It was 
concluded that the HPF method generates results with as good a spatial resolution as does the IHS method.  
The best kernel size was approximately twice the size of the ratio of the different spatial resolutions. 
 
Garzelli et al. (2004) compared the IHS and MRA (multi-resolution analysis) to fuse Quickbird MS and 
Pan data.  They mention that IHS- and PCA-based methods yield poor results in terms of spectral fidelity 
where spectral responses are not perfectly overlapped with the Pan bandwidth (as it happens with 
IKONOS and QuickBird data). To overcome this inconvenience, methods bases on injecting spatial details 
only, taken from the Pan image without resorting to IHS transformation, have been introduced and have 
demonstrated superior performances.  It was concluded that the HPF method introduces spatial distortions 
and over-enhancement, while IHS also exhibits spectral distortion, especially in the blue band, and texture 
artefacts, noticeable on vegetation, originated by high pass components of the Pan image. The proposed 
methods, Spectral Distortion Minimizing (SDM) and Context-Based Decision (CBD), yield the best 
results, according to spectral and radiometric fidelity, correlation measurements, as well as in the visual 
analysis. 
 
Tsai (2003, 2004) compared different fusion methods like: High-Pass Filtering Addition (HPFA), High-
Pass Filtering Substitution (HPFS), High Frequency Modulation (HFM), Intensity-Hue-Saturation (IHS), 
Modified Brovey Transform (MBT), Principal Component Substitution (PCS), and Frequency Filtering 
Substitution (FFS). Colour Normalized Transformation (CNT), spectral balance preserving (SPB), and “à 
trous” additive wavelet decomposition (ADW)   Gathering all indicators, the analysis proved that the FFS 
approach performs the best among others in preserving satisfactory spectral fidelity and sharpening spatial 
and textural content.  
 
Zhang (2002) proposed a new solution that aimed for an optimum fusion result – with minimized colour 
distortion and maximized spatial detail. He mentions that common problems associated with the available 
techniques are the colour distortion of the fused image and that the fusion quality is operator and data 
dependent.  Different operators or data sets may lead to different fusion qualities. The fusion technique 
proposed used IKONOS and Landsat 7 data.  The methods investigated included IHS, PCA, arithmetic 
combination (Brovey Transform, Synthetic Variable Ratio-SVR and Ratio Enhancement-RE) and wavelet 
based fusion.  The results showed that the colour distortions tend in different ways for different data sets. 
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Another major reason for the insufficiency of available techniques for IKONOS fusion as well as Landsat 
7 fusion is the change of the panchromatic spectral range in comparison with SPOT or IRS panchromatic. 
Therefore, it is not a wonder that conventional fusion algorithms, which have been successful for the 
fusion of SPOT panchromatic and other multi-spectral images, cannot effectively fulfil the fusion of the 
new images. His proposed technique was based on least squares and was employed for a best 
approximation of the grey value relationship between the original multi, panchromatic and the fused 
images for a best colour representation. For different application purposes, three different fusion models 
were also developed: 

- spectral information preserving model, mostly for digital classification purposes; 
- spatial information preserving model, used for visual interpretation, image mapping, and 

photogrammetric purposes; and, 
- colour enhancement model, for visualization and GIS integration purposes. 

 
In the study carried out by Gungor et al. (2004), a pixel level multi-spectral image fusion process using 
wavelet transform was performed.  The fusion process was implemented in two categories: images 
collected by the same sensors at the same time (QuickBird Pan and MS), and images collected by different 
sensors (QuickBird and IKONOS). Other fusion techniques like PCA, Brovey and Multiplicative 
Transformation methods were used to evaluate the proposed wavelet transformation approach.  
Registration was used as a pre-processing to ensure that pixels in the input images exactly represent the 
same location on the ground when working with imagery from different sensors. A three-level wavelet 
decomposition was necessary for the panchromatic image so that its pixel spacing becomes the same as 
the multi-spectral images since the pixel spacing of the Pan image is four times less than the MS ones. The 
results showed that the colour distortion effect was the largest in Brovey method while multiplicative 
transformation gives the best result in terms of colour conservation. However, wavelet transform approach 
is superior to the three results, as the colours of the features in the original multi-spectral images are nearly 
the same in the fused image, even when images collected by different sensors are involved.  From the 2 
wavelets used, Haar and Daubechies (DB), the later gave a better spatial resolution in comparison with the 
former that caused the effect of squared feature boundary. 
 
Shamshad et al. (2004) compared IHS, PCA, multiplicative, Brovey and wavelet transform. All the 
methods were found to improve resolution and the features present in the multi-spectral image.  Wavelet 
transforms approach with single band and PC had best preserved the statistical parameters. 
 
Some authors in the literature used built-in functions that exist in the commercial software to fuse MS and 
Pan data.  Zhang et al. (2004a, b) used the Pansharp function in PCI Geomatica.  This algorithm achieves 
a maximal spatial detail causing a minimal colour distortion. The fused image was used for road extraction 
and demonstrated that their approach leads to better results for feature extraction. Nichol et al. (2005) used 
also this algorithm and compared it with other methods such as IHS, Brovey Transform and Smoothing 
based modulation (SFIM).  They also concluded that for feature extraction and change detection, the pan-
sharpening method leads to the best results. Zhang (2004b) mentioned that this statistics-based fusion 
technique solves the two major problems in image fusion: colour distortion and operator (or dataset) 
dependency.  It is different from existing image fusion techniques in two principle ways:  

1. It utilizes the least squares technique to find the best fit between the grey values of the image 
bands being fused to adjust the contribution of individual bands to the fusion result to reduce the 
colour distortion, and 

2. It employs a set of statistic approaches to estimate the grey value relationship between all the 
input bands to eliminate the problem of dataset dependency and to automate the fusion process. 

 
ERDAS and ENVI also offer algorithms for image fusion like IHS, Brovey Sharpening, PCA based 
Sharpening, and Wavelet based Sharpening. The wavelet function is similar to the method presented by 
Hong et al., 2003, adding a filter to remove the excess edges and any additive noise produced from 
merging – King et al. (2001). The wavelet algorithm used the orthonormal wavelet basis transform which 
is not shift-invariant and 4 levels of decomposition (King et al., 2001). Vijayaray et al. (2004) compared 
these methods using SPOT data.  It was concluded that the wavelet based sharpening gave the best results, 
indicating that these techniques may not be suitable for applications were the pan-sharpened images are 
used for certain spectral classification or segmentation but may be suitable for cartographic applications. 
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Table 2.1 Comparison of fusion methods 

Author IHS  PCA Wavelet Other method Best Results Data 
Chavez et 
al., (1991) 

y y n HPF HPF Landsat TM, 
SPOT Pan 

Zhang 
(2002) 

y y y Least squares, 
Brovey Transform, 
SVR, RE 

Least squares, 
data set 
dependant 

IKONOS 
and Landsat 
7  

Tsai (2003) y y n HPFA, HPFS, HFM, 
FFS, Brovey 

FFS QuickBird 

Garzelli et 
al. (2004) 

y n y (à trous) 
combined with 
CBD and 
SDM 

HPF CBD and SDM Quickbird 

Tsai (2004) y y y (à trous) HPFA, HPFS, HFM, 
FFS, CNT, SPB 

FFS Quickbird 

Gungor et 
al. (2004) 

n y y Brovey, 
Multiplicative 

Wavelet 
Transform, using 
DB wavelet 

QuickBird 
and 
IKONOS 

Shamshad 
et al. (2004) 

y y y Brovey, 
multiplicative 

Wavelet with PC 
and single band 

QuickBird 

Vijayaray 
et al. (2004) 

y y y (IHS and 
wavelet 
approach) 

Brovey Wavelet -IHS SPOT 

Nichol et 
al. (2005) 

y n n Brovey, Pansharp Pansharp SPOT and 
IKONOS 

 
2.2 Texture Measures 
 
Humans take into account context, edges, texture and tonal variation of colour when visually interpreting 
remotely sensed imagery. Conversely, most digital image processing classification algorithms are based 
only on the use of spectral (tonal) information (i.e. brightness values). Thus, it is not surprising that there 
has been considerable activity in trying to incorporate some of these other characteristics into digital 
image classification procedures. (Jensen, 2005) 
 
A discrete tonal feature is a connected set of pixels that all have the same or almost the same grey shade 
(brightness value).  When a small area of the image (e.g. 3x3 area) has little variation of discrete tonal 
features, the dominant property of that area is a grey shade.  Conversely, when a small area has a wide 
variation of discrete tonal features, the dominant property of that area is texture. Most researchers trying to 
incorporate texture into the classification process have attempted to create a new texture image that can 
then be used as another feature or band in the classification process.  Thus, each new pixel of the feature 
image has a brightness value that represents the texture at that location. (Jensen, 2005) 
 
Texture measures are based on statistical dependences between pixels within a certain region.  In practice, 
this region means pixels within a moving window (a kernel), and the textural measure is calculated for the 
centre pixel of this window (Spaak, 2003). There are several standard approaches to automatic texture 
classification, including texture features based on first- and second-order grey-level statistics and on the 
Fourier spectrum and measures based on fractals. (Jensen, 2005) 
 
2.2.1 Second-order Statistics in the Spatial Domain 
 
The second-order measures in the spatial domain describe statistical dependences between two pixels with 
a set lag (or distance) to a certain direction inside the kernel.  They describe characteristics for the 
autocorrelations of the pixels within the kernel. (Haralick, 1979) 
 
The higher-order set of texture measures is based on brightness value spatial-dependency grey-level co-
occurrence matrices (GLCM). A GLCM is a two-dimensional histogram of grey levels for a pair of pixels 
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(referenced, neighbouring) which are separated by a fixed spatial relationship (Haralick et al., 1973).  It 
approximates the joint probability distribution of a pair of pixels. The measures more widely used include 
the angular second moment (ASM), contrast (CON), correlation (COR), entropy (ENT) and homogeneity 
(HOM) (Jensen, 2005). Texture measures can be computed at either one of these four directions (0°, 45°, 
90°, 135°) as texture in certain direction may reveal unique information about a certain landuse/land-cover 
pattern.  If directional invariance of the texture measures is required, the GLCM’s with the specified 
spatial relationship at 4 directions are averaged for texture calculations (Conners and Harlow, 1980). The 
GLCM-derived texture transformations have been widely adopted and are often used as an additional 
feature in multi-spectral classification. The information content of texture feature images will highly 
depend on the spatial resolution of the original image, i.e. texture characteristics are changing with scale 
(Spaak, 2003; Jensen, 2005).   
 
Ban and Wu (2004) used texture measures to improve the classification accuracy of RADARSAT fine-
beam SAR images.  They concluded that mean texture performed better than other measures using MLC 
and ANN.  Combinations of various texture measures, which can extract unique spatial relationships 
showed improvement over single-set texture measure because of the different complementary information. 
The best result was achieved with combining Mean, Standard Deviation and Correlation for both 
classification methods used.  
 
Puissant et al. (2005) examined the potential of the spectral/textural approach to improve the global 
classification accuracy of intra-urban land-cover types. Texture analysis methods are often used to 
introduce the spatial information of different object classes into classification.  Several authors have 
demonstrated that structural and spectral information can lead to significant improvements in the 
classification accuracy of built-up areas. The output image generated by texture analysis is often classified 
directly or used as an additional band together with other multi-spectral bands in classification. Four co-
occurrence based texture measures were chosen regarding their applicability in urban areas: homogeneity, 
dissimilarity, entropy and angular second moment. As window size for texture analysis is related to image 
resolution and the contents within the image, it would be more appropriate to choose different window 
sizes according to the size of the features to be extracted. The results showed that for the IKONOS data set 
used the optimal index improving the global classification accuracy is the homogeneity measure, with a 
7x7 window size. Moreover, texture measure of homogeneity allows one to decrease the shadows. 
 
2.3 Pixel-Based Classification 
 
Landuse/land-cover classification based on statistical pattern recognition techniques applied to multi-
spectral remote sensor data is one of the most often used methods of information extraction.  (Narumalani 
et al., 2002).  This procedure assumes that imagery of a specific geographic area is collected in multiple 
bands of the electromagnetic spectrum and that the images are in good geometric registration.  (Jensen, 
2005) 
 
The actual multi-spectral classification may be performed using a variety of methods, including: 

- Algorithms based on parametric and nonparametric statistics that use ratio- and interval-scaled 
data and nonmetric methods that can also incorporate nominal scale data. 

- The use of supervised or unsupervised classification logic. 
- The use of hard or soft (fuzzy) set classification logic to create hard or fuzzy thematic output 

products. 
- The use of per-pixel or object-oriented logic, and 
- Hybrid approaches. (Jensen, 2005) 

 
Parametric methods such as Maximum Likelihood Classification and unsupervised clustering assume 
normally distributed remote sensor data and knowledge about the forms of the underlying class density 
functions.  (Duda et al., 2001).  Nonparametric methods such as Nearest Neighbour classifiers, Fuzzy 
classifiers, and Neural Networks may be applied to remote sensor data that are not normally distributed 
and without the assumption that the forms of the underlying densities are known (e.g., Firedl et al., 2002; 
Liu et al., 2002; Qui and Jensen, 2004). Nonmetric methods such as rule-based decision tree classifiers can 
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operate on both real-valued data (e.g. reflectance values from 0 to 100%) and nominal scaled data (e.g. 
class 1=forest; class 2=agriculture) (Tullis and Jensen, 2003; Stow et al., 2003). (Jensen, 2005) 
 
Supervised and unsupervised classification algorithms typically use hard classification logic to produce a 
classification map that consists of hard, discrete categories (e.g. forest, agriculture). Conversely, it is also 
possible to use fuzzy set classification logic, which takes into account the heterogeneous and imprecise 
nature of the real world.  Fuzzy classification is based on the fact that remote sensing detectors record the 
reflected or emitted radiant flux from heterogeneous mixtures of biophysical materials such as soil, water, 
and vegetation found within the pixel (Foody, 1996a, 1996b; 2000; Karaska et al., 1997).  The land-cover 
classes found within the pixel often grade into one another without sharp, hard boundaries.  Thus, reality is 
actually very imprecise and heterogeneous; that is, it is fuzzy (Ji and Jensen, 1999).  Instead of being 
assigned to just a single class out of m possible classes, each pixel in a fuzzy classification has a m 
membership grade values that describe the proportion of the m land-cover types found within the pixel 
(e.g. 10% bare soil, 10% scrub-shrub, 80% forest). This information may be used to extract more precise 
land-cover information, especially concerning the makeup of mixed pixels (Ji and Jensen, 1996; Foody, 
2002). (Jensen, 2005) 
 
In the past, most digital image classification was based on processing the entire scene pixel by pixel.  This 
is commonly referred to as per-pixel classification (Blaschke and Strobl, 2001). Object-oriented 
classification techniques allow the analyst to decompose the scene into many relatively homogeneous 
image objects (referred to as patches or segments) using a multi-resolution image segmentation process 
(Baatz et al., 2001).  The various statistical characteristics of these homogeneous image objects in the 
scene are then subjected to traditional statistical or fuzzy logic classification.  Object-oriented 
classification based on image segmentation is often used for the analysis of high-spatial-resolution 
imagery (e.g. 1x1 m Space Imaging IKONOS and 0.61x0.61 m Digital Globe QuickBird). (Jensen, 2005) 
 
Del Frate et al. (2004) used a neural network algorithm based on the Multi-Layer Perceptrons (MLP) 
architecture for supervised classification of QuickBird imagery into four classes: buildings, roads, 
vegetated areas and bare soil.  The best results were obtained with a 4-20-20-4 topology. Also an 
unsupervised analysis was performed using Kohonen maps, an automated method for unsupervised neural 
network classification.  The Kohonen maps clustering procedure consist of a mono-dimensional input 
layer of neurons, where the inputs to the neural network are applied, and a two-dimensional output layer 
of neurons, where the categorization of the inputs are formed. The best results were obtained with 36 
neurons distributed within a square cell of 6 x 6. The Kohonen maps were analyzed for discovery of new 
subclasses within those already established with the supervised algorithm. The results of the supervised 
classification were used for later change detection because of the high level of accuracy of the pixel 
classification. 
 
Schiavon et al. (2003) used a neural network algorithm for classifying QuickBird data to distinguish 
between four categories: buildings, roads, vegetated areas and bare soil.  The best results were obtained 
using a 4-12-12-4 topology.  It was observed that the sensitivity of backscatter coefficient to soil 
roughness can help in resolving some situations which appear ambiguous to a net only trained with 
reflectance data. 
 
Ban and Wu (2005) found that ANN classifier using combined Mean, Standard Deviation and Correlation 
texture images obtained the best results (Overall accuracy: 89.7%, Kappa:0.886) in comparison with the 
MLC using the same texture images (Overall accuracy: 88.55, Kappa:0.873). Five-date Mean images 
produced the best result among the texture measures examined. The results indicate that the performances 
of MLC and ANN are rather similar for the landuse/land-cover classification in the rural-urban fringe of 
Toronto using RADARSAT fine-beam SAR data. Post classification filtering, like the Mode Filter, was 
found to improve the classification results considerably. 
 
There are several contextual classification methods which can be used to classify an image using spatial 
information.  They make use of additional information, as well as the multi-spectral information from a 
classification unit. (Franklin and Peddle, 1990; Gong and Howard, 1990; Marceau et al., 1990) The 
fundamental assumption of contextual techniques is that geographical phenomena generally display an 
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order or structure such that certain classes of ground cover are likely to occur in the context of others. 
(Binaghi et al., 1997) 
 
Commonly used contextual classification methods use spatial features derived from spectral imagery in 
combination with the spectral bands of an image. (Franklin and Peddle, 1990; Gong and Howard, 1990; 
Marceau et al., 1990) This type of contextual classification approach usually requires a feature-selection 
procedure after the spatial features have been produced, it has some major drawbacks that only one 
spectral image can be used each time to extract spatial features and there are no effective ways to conduct 
spatial feature selection.  Other types of contextual classification methods include the compound-decision 
method, and the relaxation-labelling method. The compound-decision method represents a large group of 
neighbourhood-based classifiers which attempt to classify a pixel using not only its own values, but also 
those of its neighbours based on a stochastic modelling. (Gong and Howard, 1992)  The relaxation 
technique is based on a probabilistic iterative procedure for reducing ambiguities in the labelling of scene 
elements.  A preliminary per-pixel classification assigns to each pixel prior to likelihoods of belonging to 
predefined classes.  These initial probabilities are iteratively refined on the basis of probabilities of the 
pixel’s neighbours. (Binaghi et al., 1997) 
 
According to Sun et al. (2003), five strategies can be identified in contextual classification: 

1) methods based on the classification of homogeneous objects; 
2) techniques based on probabilistic relaxation, which allow the spatial properties of a region to be 

used in the classification process in a logically consistent manner; 
3) methods derived using compound decision theory and sequential compound decision theory; 
4) frequency-based contextual classification (these methods involve a data reduction algorithm, to 

convert multispectral data into a single image followed by applying a frequency-matching 
algorithm in classification); 

5) methods based on stochastic modelling of the distribution of classes in the scene. 
 
Gong and Howard (1992) proposed a contextual classification method (mentioned by Sun in the 4th 
strategy) which is carried out in two steps: 1) the number of grey-level vector in multi-spectral space is 
reduced using a data-reduction algorithm through rotating multi-spectral space into eigen space; as a 
result, the multi-spectral data is reduced to images of one feature dimension with the loss of relatively 
little information; 2) the grey-level vector-reduced image is then used in the frequency-based procedure 
with an appropriate pixel window size to derive land-use information.  Their algorithm was tested using 
SPOT HVR data over part of the rural-urban fringe of Toronto, Canada and the results showed that best 
overall classification accuracy (measured by the Kappa coefficient) obtained, using the proposed method 
with a pixel window size of 9 by 9 pixels, was 0.616 when a classification scheme with 14 land-use 
classes was used which is significantly better than an accuracy of 0.462 which was obtained by using 
MLC. 
 
However, they pointed out that two major problems exist for this method: firstly, two parameters, the pixel 
window size and the number of grey-level vectors to be used, are important in the frequency-based 
classification yet there is no effective indicator for the optimal pixel window size and the optimal number 
of grey-level vectors; secondly, the pixel window effect is a major problem of the frequency-based 
classification method which adds systematic spatial error patters to the land-use classification results along 
the class boundaries (Gong and Howard, 1992). 
 
2.3.1 Challenges with High-Resolution images for Landuse/land-cover Classification 
 
It is well known that multi-spectral information alone is not sufficient to discriminate objects of interest 
with multi-spectral imagery. This is even more accurate today with high resolution spectral images such as 
IKONOS and QuickBird data available on the market. Hence, in order to improve the object separability, 
discriminant features have been proposed such as first and second-order texture measurements, fuzzy 
contours, morphologic indices and transformations like normalized difference vegetation index (NDVI) 
and Tasseled Cap transform. (Leduc, 2004) 
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Because of the complex nature and diverse composition of land-cover types found within the urban 
environment, the production of urban land-cover maps from high-resolution satellite imagery is a difficult 
task. Conventional methods for classification of multi-spectral remote sensing imagery such as 
Parallelepiped, Minimum Distance from means, and Maximum Likelihood, only utilize spectral 
information and consequently have limited success in classifying high-resolution urban multi-spectral 
images. As many classes of interest in the urban environment have similar spectral signatures, spatial 
information such as texture and context must be exploited to produce accurate classification maps. 
(Shackelford and Davis, 2003a, 2003b) The geometry of the targets (e.g. roof structures, topography) and 
the heterogeneity of the objects themselves (e.g. roads with cracks or fillings) result in distinct spectral 
variation within these areas of homogenous land-cover. Accordingly, urban land-cover characterization 
from such data should apply an object-oriented rather than a pixel-based image analysis. Object-oriented 
classification is based on image segmentation and may results in a more homogenous and more accurate 
mapping product with higher detail in class definition. (Herold et al., 2002a, 200b) 
 
Shackelford and Davis (2003a, 2003b) used fuzzy classification to improve the results of MLC on 
IKONOS Pan and MS data fused by the Brovey Transform. The urban land-cover classes were: Road, 
Building, Grass, Tree, Bare soil, Water and Shadow.  The Shadow class was required to minimize the 
problem of shaded pixels in the urban environment (e.g. building shadows, being classified as Water). 
Texture measures such as entropy, data range, skewness and variance were evaluated using different 
window sizes to increase discrimination between certain spectrally similar classes. It was found that MLC 
of high-resolution multi-spectral imagery over urban areas produced significant amounts of 
misclassification errors between spectrally similar classes such as Road and Building classes. The results 
of the hierarchical fuzzy classification method were 10% more accurate than the ones from MLC. They 
suggested that an image segmentation approach combined with morphological feature operators may be 
used to improve the results. 
 
Herold et al. (2002a, 200b) explored an object-oriented approach to investigate the problems and 
challenges in high-resolution mapping and analysis of larger urban areas.  They used IKONOS images 
acquired in the Santa Barbara urban area. The overall accuracy achieved was 79% using the algorithms 
from eCognition software (object-oriented segmentation and hierarchical fuzzy classification). 
 
2.3.2 Vegetation Classification 
 
Some of the classes that were considered for this research are agriculture crops.  In this part of the 
literature review the major considerations for vegetation classification are described. 
 
Remote sensing can be useful for monitoring areas planted to specific crops, for detecting plant diseases 
and insect infestations, and for contributing to accurate crop production forecasts (Campbell, 2002). 
 
Vegetation classification can be done in several alternative avenues.  The most fundamental is simply to 
separate vegetated from non vegetated regions or forested from open lands.  Such distinctions, although 
ostensibly but very simple, can have great significance in some contexts, especially when data are 
aggregated over large areas or are observed over long intervals of time.  Thus national or state 
governments, for example, may have an interest in knowing how much of their territories are covered by 
forest or may want to make changes in forested land form one 10-year period to the next, even though 
there may be no data available regarding the different kinds of forest. (Campbell, 2002) 
 
Timing of flights can be a critical factor for some projects and may not always be under control of the 
analyst.  For example, mapping the understory in forested areas can be attempted only in the early spring 
when shrubs and herbaceous vegetation have already bloomed, but the forest canopy has not fully emerge 
to obscure the smaller plants from overhead views.  (Campbell, 2002) 
 
At smaller scales, an interpretation identifies separate cover types from differences in image tone, image 
texture, site and shadow.  Cover types may not match exactly to the classes in a classification system, but 
they form the interpreter’s best approximation of these categories for a specific set of imagery.  
(Campbell, 2002) 
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2.3.2.1 Crop Identification 
 
In many settings crops are usually observed planted in uniform, distinct fields, with a single crop to a 
field.  In this context, mature crops can often be identified on the basis of tone and texture.  In some other 
regions crops are planted in very small fields or many different kinds of crops are planted together in a 
single field.  Under such conditions crop identification may be much more difficult that in the typical mid-
latitude situation where fields are large and crops are homogeneous within fields. In other instances 
specific crops may tend to be grown in fields with distinctive sizes or shapes, due to the requirements of 
specialized planting, tilling, or harvesting equipment, or the need to control movement of irrigation water.  
Therefore interpreters may be able to use also the field size or shape as clues for the identification of 
crops. (Campbell, 2002) 
 
2.3.2.2 Spectral Behaviour of the Living Leaf 
 
Chlorophyll does not absorb all sunlight equally.  The chlorophyll molecules preferentially absorb blue 
and red light for use in photosynthesis.  They may absorb as much as 70 to 90% of incident light in these 
regions.  Much less of the green light is absorbed and more is reflected, so the human observer, who can 
see only the visible spectrum, sees the dominant reflection of green light as the colour of living vegetation. 
(Campbell, 2002) 
 
In the near infrared spectrum reflection of the lead is controlled not by plant pigments but by the structure 
of the spongy mesophyll tissue.  The cuticle and epidermis are almost completely transparent to infrared 
radiation, so very little infrared radiation is reflected from the outer portion of the leaf.  Radiation passing 
through the upper epidermis is strongly scattered by mesophyll tissue and cavities within the leaf.  Very 
little of this infrared energy is absorbed internally, most (up to 60%) is scattered upward (which we call 
“reflected energy”) or downward (“transmitted energy”).  Some studies suggest that palisade tissue may 
also be important in infrared reflectance.  Thus, the internal structure of the leaf is responsible for the 
bright infrared reflectance of living vegetation. (Campbell, 2002) 
 
At the edge of the visible spectrum, as the absorption of red light by chlorophyll pigments begins to 
decline, reflectance rises sharply.  This if reflectance is considered not only in the visible but across the 
visible and the near infrared, peak reflectance of living vegetation is not in the green but in the near 
infrared.  This behaviour explains the great utility of the near infrared spectrum for vegetation studies, and 
facilitates separation of vegetated form non vegetated surfaces, which are usually much darker in the near 
infrared.  Furthermore, differences in reflectivities of plant species often are more pronounced in the near 
infrared than they are in the visible, meaning that the discrimination of vegetation classes is sometimes 
possible by using near infrared reflectance. (Campbell, 2002) 
 
2.3.2.3 Vegetation Index 
 
Since the 1960’s, scientists have extracted and modelled various vegetation biophysical variables using 
remotely sensed data.  Much of the effort has gone into the development of vegetation indices – defined as 
dimensionless, radiometric measures that function as indicators of relative abundance and activity of green 
vegetation, often including leaf-area-index (LAI), percentage green cover, chlorophyll content, green 
biomass, and absorbed photosynthetically active radiation (APAR).  A vegetation index should (Jensen, 
2000): 

- maximize sensitivity to plant biophysical parameters, preferably with a linear response in order 
that sensitivity be available for a wide range of vegetation conditions, and to facilitate validation 
and calibration of the index; 

- normalize or model external effects such as Sun angle, viewing angle, and the atmosphere for 
consistent spatial and temporal comparisons; 

- normalize internal effects such as canopy background variations, including topography (slope and 
aspect), soil variations, and differences in senesced or woody vegetation (non photosynthetic 
canopy components); and  
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- be coupled to some specific measurable biophysical parameter such as biomass, LAI, or APAR as 
part of validation effort and quality control. 

-  
Vegetation indices (VIs) are based on digital brightness values; they attempt to measure biomass or 
vegetative vigour. A VI is formed from combinations of several spectral values that are added, divided, or 
multiplied in a manner designed to yield a single value that indicates the amount or vigour of vegetation 
within a pixel.  High values of the VI identify pixels covered by substantial proportions of healthy 
vegetation.  The simplest form of VI is a ratio between two digital values from separate spectral bands.  
Some band ratios have been defined by applying knowledge of the spectral behaviour of living vegetation. 
(Campbell, 2002) 
 
Band ratios are quotients between measurements of reflectance in separate portions of the spectrum.  
Ratios are effective in enhancing or revealing latent information where there is an inverse relationship 
between two spectral responses to the same biophysical phenomenon (figure below).  If two features have 
the same spectral behaviour, ratios provide little additional information (figure below a); but if they have 
quite different spectral responses, the ratio between the two values provides a single value that concisely 
express the contrast between the two reflectances.  (Campbell, 2002) 
 
For living vegetation, the ratioing strategy can be especially effective because of the inverse relationship 
between vegetation brightness in the red and infrared regions.  That is, absorption of the red light (R) by 
chlorophyll and strong reflection if infrared (IR) radiation by mesophyll tissue assures that the red and 
near infrared values will be quite different, and that the ratio (IR/R) of actively growing plants will be 
high.  Non vegetated surfaces, including open water, man-made features, bare soil, and dead or stressed 
vegetation will not display this specific spectral response, and the ratios will decrease in magnitude.  Thus, 
the IR/R ratio can provide a measure of photosynthetic activity and biomass within a pixel. (Campbell, 
2002) 
 
The IR/R ratio is only one of many measures of vegetation vigour and abundance.  The green/red (G/R) 
ratio is based upon the same concepts used for the IR/R ratio, although it is considered less effective. 
Although ratios can be applied with digital values from any remote sensing system, much of the research 
on this topic has been conducted using Landsat MSS data.  In this context, the IR/R ratio is implemented 
for Landsat 4 and 5 as (MSS 4/MSS 2), although some have preferred to use MSS 3 in place of MSS 4.  
One of the most widely use VIs developed by Rouse et al. in 1974 is known as the normalized difference 
vegetation index (NDVI): 

RIR
RIRNDVI

+
−

=  

This index in principle conveys the same kind of information as the IR/R and G/R ratios, but is 
constrained to vary within limits that provide desirable statistical properties in the resulting values.  
(Campbell, 2002; Jensen 2000) 
 
Although such ratios have been shown to be powerful tools for studying vegetation, they must be used 
with care if the values are to be rigorously (rather than qualitative) interpreted.  Values of ratios and VIs 
can be influenced by many factors external to the plant leaf, including viewing angle, soil background, and 
differences in row direction and spacing in the case of agricultural crops.  Ratios may be sensitive to 
atmospheric degradation.  Because atmospheric path length varies with viewing angle, values calculated 
using off-nadir satellite data vary according to position within the image.  (Campbell, 2002) 
 
2.3.2.4 Application of Vegetation Indices 
 
VIs have been employed in two separate kinds of research.  Many of the first studies defining applications 
of VIs attempt to “validate” their usefulness by establishing that values of the VIs are closely related to 
biological properties of plants.  Typically, such studies examined test plots during an entire growing 
season; then compared values of the VIs, measured throughout the growing season, to samples pf 
vegetation taken at the same times.  The objective of such studies is finally to establish use of VIs as a 
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means of remote monitoring of the growth and productivity of specific crops, or of seasonal and yearly 
fluctuations in productivity. (Campbell, 2002) 
 
Often values of the VIs have been compared to in situ measurements of the leaf area index (LAI), which is 
the area of leaf surface per unit area of soil surface.  LAI is an important consideration in agronomic 
studies because it measures leaf area exposed to the atmosphere, and therefore is significant in studies of 
nutrient transport and photosynthesis.  Values of VIs have also been compared to biomass, the weight of 
vegetative tissue. A number of VIs appear to be closely related to LAI (at least for specific crops), but not 
a single VI seems to be equally effective for all plants and all agricultural conditions.  Results of such 
studies have in general confirmed the utility of the quantitative uses of VIs, but details vary with the 
specific crop considered, atmospheric conditions, and local agricultural practices. (Campbell, 2002) 
 
A second category of applications uses VIs as a mapping device, that is, much more as a qualitative rather 
than a quantitative tool.  Such applications use VIs to assist in image classification, to separate vegetated 
from non vegetated areas, to distinguish between different types of densities of vegetation, and to monitor 
seasonal variations in vegetative vigour, abundance and distribution. (Campbell, 2002) 
 
The usage of the normalized difference vegetation index (NDVI) and related indices for satellite and 
airborne assessment of the Earth’s vegetation cover has been demonstrated for almost three decades.  The 
time series analysis of seasonal NDVI data have provided a method of estimating net primary production 
over varying biome types, of monitoring phonological patters of the Earth’s vegetated surface, and of 
assessing the length of the growing season and dry-down periods. (Jensen, 2000) 
 
2.3.2.5 The Red Shift 
 
Collins (1978) reported the results of studies that show changes in the spectral responses of crops as they 
approach maturity.  His research used high-resolution multi-spectral scanner data of numerous crops at 
various stages of the growth cycle.  Collin’s research focused upon examination of the far red region of 
the spectrum, where chlorophyll absorption decreases and infrared reflection increases.  In this zone, the 
spectral response of living vegetation increases sharply as wavelength increases, in the region from just 
below 0.7 µm to just above 0.7 µm brightness increases by about 10 times.   (Campbell, 2002) 
 
Collins observed that as crops approach maturity, the position of the chlorophyll absorption edge shifts 
toward longer wavelengths, a change he refers as the “red shift”. The red shift is observed not only in 
crops but also in other plants.  The magnitude of the red shift varies with crop type (it is a pronounced and 
persistent feature in wheat). (Campbell, 2002) 
 
Collins observed the red shift along the entire length of the chlorophyll absorption edge, although it was 
most pronounced near 0.74 µm, in the infrared region, near the shoulder of the absorption edge.  He 
suggests that every narrow band at about 0.745 µm and 0.78 µm would permit observation of the red shift 
over time, and thereby provide means of assessing differences between crops and the onset of maturity of 
a specific crop. (Campbell, 2002) 
 
Causes of the red shift appear to be very complex, and are not understood in detail.  Chlorophyll a appears 
to increase in abundance as the plant matures; increased concentrations change the molecular from in a 
manner that adds absorption bands to the edge of the chlorophyll a absorption region, thereby producing 
the red shift.  (Campbell, 2002) 
 
2.4 Accuracy assessment 
 
Evaluation of quality of a classification result is of high importance since it gives evidence of how well the 
generated or used classifier is capable of extracting the desired objects from the image.  Commonly, as a 
first evaluation, simple visual inspection can be used to evaluate the plausibility of the classification 
results.  Nevertheless, this is just a subjective method and thus hardly to be quantified or even capable of 
being expressed in comparable values. (eCognition user’s manual, 2004) 
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A classification is not complete until its accuracy is assessed (Lillesand and Kiffer, 1994).  Several 
measures are useful for assessing the correspondence between a thematic map and an independent set of 
validation pixels (i.e. accuracy matrix) (Fung and LeDrew, 1998; Congalton, 1991; Steele et al., 1998). 
The most useful of these include the Kappa statistic, overall accuracy, average producer’s accuracy, 
average user’s accuracy, per-class omission error and per-class commission error.  These are all extracted 
from the standard contingency tables derived from comparison of the classified image data with reference 
test (ground validation) data.  Most accuracy indexes are biased and affected by the ratio between the 
number of reference data points of the change and no-change category (Nelson, 1983).  Fung and Ledrew 
(1988) examined the use of different accuracy indexes, including overall, average and combined 
accuracies and the Kappa coefficient of agreement to determine an optimal threshold level for change 
detection images.  They recommended the Kappa coefficient because it considers all elements in the 
confusion matrix. (Mir, 2004) 
 
A confusion table can be derived by counting how many of the pixels classified as class i in the 
classification are of class k in the reference classification or ground truth samples.  This number is denoted 
by aik, corresponding to the row i and the column k of the table. This table, sometimes referred to as 
confusion matrix or error matrix, contains all the information about the relation between classification and 
reference classification. However, it is often useful to derive from it some characteristic numbers which 
simplify the accuracy assessment of the classification.  (eCognition user’s manual, 2004) 
 

Table 2.2 Error matrix in accuracy assessment 
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Overall accuracy OA is the proportion of all reference pixels which are classified correctly (the class 
assignment of the classification and the reference classification agree).  It can be computed from the 
confusion table by: 
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where n is the number of all reference pixels.  So OA is the sum of the diagonal entries of the confusion 
table divided by the number of all reference pixels.  Overall accuracy is a very coarse measure.  It gives no 
information about what classes are classified with good accuracy.  In fact, a classification with poor 
overall accuracy may find one certain class with high accuracy, although it confuses all others, and thus be 
of interest for certain applications.  Therefore, other measures are useful. (eCognition user’s manual, 2004; 
Lillesand and Kiffer, 1994) 
 
One such measure, producer’s accuracy PA (classi), estimates the probability that a pixel which is of class 
i in the reference classification is correctly classified.  It is thus for each class i the proportion of pixels 
where classification and reference classification agree in class i and the reference pixels are classified as 
this class.  As the total number of the pixels of class i in the reference classification is obtained as the sum 
of column i in the confusion table (eCognition user’s manual, 2004),  
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The producer’s accuracy is the number of correctly classified samples of a particular category divided by 
the total number reference samples for that category. It is a measure of the errors of omission. (Fung and 
LeDrew, 1988) 
 
Producer’s accuracy is actually a measure for the producer of a classification, which tells how well the 
classification agrees with the reference classification. It gives, however, no information about how well 
the classification predicts a class, i.e., it give no information about the probability that a pixel classified as 
class i is actually of class i.  This is the primary interest of a user of a classification and an estimate of this 
probability is thus called user’s accuracy UA (class i). This probability is estimated by the proportion of 
pixels where classification and reference classification agree in class i and the number of all reference 
pixels classified as class i by the classification.  Now the total number of pixels which are classified as 
class i is obtained by the sum of row i of the confusion table (eCognition user’s manual, 2004)): 
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It is computed by dividing the number of correctly classified pixels in each category by the total number 
of pixels that were classified in that category (the raw total). Producer’s accuracy will show the percentage 
of pixels of class i in the reference classification that were found by the classification. On the other hand, 
the user’s accuracy the percentage of reliability on the classification result.  The user’s accuracy is an 
alternative measure for individual category accuracy.    It is a measure of errors of commission.  (Fung and 
LeDrew, 1988; eCognition user’s manual, 2004). 
 
The average accuracy is an average of either all producers’ accuracies or of all users’ accuracies, 
depending on the type of information that is required.  (Fung and LeDrew, 1988). 
 
There is another accuracy measure which has attained wider interest: Cohen’s kappa coefficient. It is a 
discrete multivariate technique for use in accuracy assessment (Jensen, 2005).Whereas overall accuracy, 
OA, checks how many of all pixels are classified correctly, assuming that the reference classification is 
true, now it is assumed that both classification and reference classification are independent class 
assignments of equal reliability.  It is measures how well these classifications agree.  The big advantage of 
the kappa coefficient over overall accuracy is that kappa takes chance agreement into account and corrects 
for it.  Change agreement is defined as the probability that classification and reference classification agree 
by mere chance.  Assuming statistical independence, it is obtained for this probability the estimation 
(eCognition user’s manual, 2004): 
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With this the kappa coefficient is defined as: 
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 is the proportion of observed agreement and Pc as derived above is the proportion 

of chance agreement.  Note that the kappa coefficient may have negative values (whereas the other 
accuracy measures have a range between 0 and 1) and that kappa=1 means perfect agreement between 
classification and reference classification.  Rosenfield and Fitzpatrick-Lins (1986) define also the kappa 
coefficient by: 
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which can be used to assess the agreement of the two classifications for each class.  The kappa coefficients 
are often criticized for the assumption of statistical independence and should therefore be treated with 
care.  
 
The advantage of this measure as compared to overall accuracy is that uses all cells in the matrix and 
takes into account both errors of commission and omission (Jensen, 2005).  Consequently, it provides a 
more complete picture of the information comprising the contingency matrix. (Mir, 2004) 
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CHAPTER THREE 
OBJECT-BASED CLASSIFICATION 

 
The world in its complexity and manifold relationships cannot be grasped in full depth.  Creating models 
of the world or computer-based representations of its surface poses a series of problems. Our perception of 
an image’s content is mainly based on objects.  Once having perceived objects, we link them together by 
means of a complicated network made up by experience and knowledge. This very step was hardly 
implemented in image interpretation software.  There exist new approaches that not only consider objects, 
but also on objects’ mutual relations. (Blaschke et al., 2000) 
 
For so many years, pixel-based classification has been the norm. As the spatial resolution increases to as 
high as 1-4 m (e.g. IKONOS, QuickBird), the effectiveness of standard pixel based classifiers decreases 
because discrete land-cover patches are visually recognisable.  Pixel based classifiers exclusively use the 
digital number value of each pixel to determine which class that pixel belongs. Also shadows of trees or 
buildings and sun glint on roofs or windows complicate this.  Therefore, only the spectral information of 
the image is used to produce the classification.  Important variables like the spatial distribution and 
topological relationships of the pixels are not considered.  These variables however, become increasingly 
more significant with every spatial resolution improvement that is achieved by a new sensor. Each landuse 
category becomes a combination of different and spectrally distinct land-cover types, whereas the same 
land-cover can be present within different landuse classes. (May et al, 2003; Darwish et. al, 2003a; 2003b; 
Zhang and Wang, 2003; Van de Voorde et al., 2004) 
 
Currently, the prospects of a new classification concept, object based classification, are being investigated. 
The basic principle behind the new concept is to make use of important information (shape, texture and 
contextual information) that is present only in meaningful image objects and their mutual relationships and 
not in single pixels. (Darwish et. al, 2003a; 2003b)  
 
3.1 Definition 
 
Object-based classification allows the user to take not only spectral properties into account during 
classification, but also shape, texture and context information.  Object-based classification starts by 
segmenting the image into meaningful objects.  The resulting image objects “know” their neighbour-, sub- 
and super objects, which allow classification of relationships between objects. (Darwish et. al, 2003a; 
Willhauck, 2000)  
 
The two most evident differences between pixel-based image analysis and object-oriented analysis are:  

1. in object-oriented image analysis, the basic processing units are image objects (segments) not 
single pixel; even classification acts on image objects, and  

2. object-oriented approach uses soft classifiers that are based on fuzzy logic and not hard classifiers 
(Tadesse et al, 2003; eCognition user’s manual, 2004).  

 
One motivation for the object-oriented approach is the fact that the expected result of many image analysis 
tasks is the extraction of real world objects, proper in shape and proper in classification, which cannot be 
fulfilled by common, pixel-based approaches. (eCognition user’s manual, 2004) 
 
The software eCognition allows a polygon based classification process.  It is based on fuzzy logic, allows 
the integration of a broad spectrum of different object features, such as spectral values, shape and texture. 
(Wong et al., 2003) Some of its advantages are (eCognition user’s manual, 2004): 

- Beyond purely spectral information, image objects contain a lot of additional attributes which can 
be used for classification: shape, texture and – operating over the network – a whole set of 
relational/contextual information. 

- Multi-resolution segmentation separates adjacent regions in an image as long as they are 
significantly contrasted, even when the regions themselves are characterized by a certain texture 
or noise. Thus, even textured image data can be analyzed. 
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- Each classification task has its specific scale.  Only image objects of an appropriate resolution 
permit analysis of meaningful contextual information.  Multi-resolution segmentation provides the 
possibility to easily adapt image object resolution to specific requirements, data and tasks. 

- Homogeneous image objects provide a significantly increased signal-to-noise ratio compared to 
single pixels as to the attributes to be used for classification.  Thus, independent of the multitude 
of additional information, the classification is more robust. 

- Segmentation drastically reduces the sheer number of units to be handled for classifications.  Even 
if a lot of intelligence is applied to the analysis of each single image object, the classification 
works relatively fast. 

- Using the possibility to produce image objects in different resolutions, a project can contain a 
hierarchical network with different object levels of different resolutions.  This structure represents 
image information on different scales simultaneously.  Thus, different object levels can be 
analyzed in relation to each other.  For instance, image objects can be classified as to the detail 
composition of sub-objects. 

- The object-oriented approach which first extracts homogeneous regions and then classifies them 
avoids the annoying salt –and-pepper effect of the more or less spatially finely distributed 
classification results which are typical of pixel based analysis. 

 
An astonishing characteristic of object-oriented image analysis is the multitude of additional information 
which can be derived based on image objects.  Beyond tone, this is shape, texture, context, and 
information from other objects layers.  Using this information, classification leads to better semantic 
differentiation and to more accurate and specific results.  In a conceptual perspective, the available 
features can be distinguished as (eCognition manual, 2004): 

1. intrinsic features:  the object’s physical properties, which are determined by the pictured real 
world and the imaging situation – basically sensor and illumination.  Such features describe 
colour, texture and form of the objects. 

2. topological features: features which describe the geometric relationships between the objects or 
the whole scene, such as being left, right, or in a certain distance to a certain object, or being in a 
certain area within the image. 

3. context features: features which describe the objects’ semantic relationships, e.g., a park is almost 
100% surrounded by urban areas. 

 
Characteristic for the object-oriented approach is, finally, a circular interplay between processing and 
classifying image objects.  Based on segmentation, scale and shape of image objects, specific information 
is available for classification.  In turn, based on classification, specific processing algorithms can be 
activated.  In many applications the desired geoinformation and objects of interest are extracted step by 
step, by iterative loops of classifying and processing.  Thereby, image objects as processing units can 
continuously change their shape, classification and mutual relations. (eCognition manual, 2004) 
 
Similar to human image understanding process, this kind of circular processing results in a sequence of 
intermediate states, with an increasing differentiation of classification and an increasing abstraction of the 
original image information.  On each step of abstraction, new information and new knowledge is 
generated and can be used beneficially in the next analysis step.  Thereby, the abstraction not only 
concerns shape and size of image objects, but also their semantics.  It is interesting that the result of such a 
circular process is by far not only a spatial aggregation of pixels to image regions, but also a spatial and 
semantic structuring of the image’s content.  Whereas the first steps are more data driven, more and more 
knowledge and semantic differentiation can be applied in later steps.  The resulting network of classified 
image objects can be seen as a spatial, semantic network.  After successful analysis, much interesting, 
additional information can be derived just by processing requests over this network. (eCognition manual, 
2004) 
 
The object-oriented approach is in principal independent of the specific segmentation and classification 
techniques.  However, the right choice of processing methods can add a lot of power to the procedure, and 
the right training and classification methods can give the user the full advantage of the approach’s 
potential. (eCognition manual, 2004) 
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3.2 Segmentation 
 
When remote sensing data is analyzed digitally, together with thematic data in a GIS, true question arises 
as to what should be the minimum analysis unit: individual pixels, image regions, or map regions. To 
some extent this depends on the purpose of the analysis, but there are several factors that speak in favour 
of integrated analysis based primarily on map regions (Johnsson, 1994b): 
 

a) Image data are raw measurements, that can be generalized to map regions, using documented 
procedures and with known effects on the data.  The opposite (to apply the map attributes to the 
image regions) is more complex, since attributes intended for one set of regions have to be 
estimated for another set of regions.  The choice of method depends on the nature of the regions, 
and the relationship between the regions and the attributes of interest. 

b) The map attributes are generalisations that are valid on the level of the map regions, but are not 
necessarily valid in every single pixel. Local variations may occur that are not captured by the 
map attribute.  If an integrated analysis is based on pixels and not in maps regions there is a risk 
that the overall general relationship between map and image information is lost in noise and local 
variations, detectable in the satellite data, but not in the map. 

c) There is another more general aspect to the choice between pixels and map regions: when two 
data sets with different resolution are combined in the analysis, the data set with the coarser 
resolution must determine the resolution of the analysis.  In other words, the analysis should take 
place at the resolution of the map regions, not the pixels. 

d) The map regions represent meaningful units for analysis in terms of the application.  A forester, 
for example, is primarily interested in which forest stands have been logged, not which pixels.  A 
hydrologist may be basing his/her models on data that pertains to watersheds, and any ancillary 
information, e.g. derived from satellite data, must conform to the analysis units already used in 
those models.  Vector polygons that are equivalent to raster regions are sometimes meaningful 
units of analysis, whereas the pixels are not. 

e) By extraction of a few relevant values for given regions and analysis tasks, the amount of image 
data may be reduced. 

 
Segmentation can be used to obtain these map regions. In remote sensing, the process of image 
segmentation is defined as “the search for homogenous regions in an image and later the classification of 
these regions” (Darwish et. al, 2003b). Many different approaches have been followed; however, few of 
them lead to qualitative convincing results which are robust and applicable under operational settings.  
One reason is that segmentation of an image into a given number of regions is a problem with an 
astronomical number of possible solutions.  The high number of degrees of freedom must be reduced to 
the one or the few solutions which satisfy the given requirements.  Another reason is that in many cases 
regions of interest are heterogeneous, ambiguities arise and the necessary discerning information is not 
directly available.  Requirements concerning quality, performance – size of the data set and processing 
time – and reproducibility can be fulfilled at the same time only by few approaches. (eCognition manual, 
2004) 
 
Segmentation principally means the grouping of picture elements by certain criteria of homogeneity.  As 
the software classifies objects, not pixels, a first segmentation has to be made before the classification can 
be started. To obtain the segments suited for the desired classification, the segmentation process can be 
manipulated by defining which of the loaded channels are to be used and by what weight and including the 
following parameters (Willhauck, 2000; Hoffman, 2001): 

1. Weight of image channels.  It can be used to more or less weight one or more image channels’ 
influence on the object generation.  

2. Scale.  It is an abstract value with no direct correlation to the object size measured in pixel. It 
indirectly influences the average object size.  It determines the maximal allowed heterogeneity of 
the objects. The larger the scale parameter the larger the objects become. 

4. Colour.  It balances the colour homogeneity of a segment on one hand and the homogeneity of 
shape on the other.  A value of one on the colour side will result in very compact segments with 
higher colour heterogeneity. 
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5. Form. It controls the form features of an object by simultaneously balancing the criteria for 
smoothness of the object border and the criteria for object compactness. 

6. Level.  It determines whether a new generated image level will either overwrite a current level or 
whether the generated objects shall contain sub- or super-objects of a still existing level.  The 
order of generating the levels affects the objects’ shape (top-down vs. bottom-up segmentation). 

 
Using repeated segmentations with different parameters, a hierarchical network of sensible image objects 
is built.  Each object has knowledge of its neighbour-, sub- and super objects, which allows classification 
of relationships between objects.  To ensure the hierarchical structure of the network, two rules are 
mandatory (Willhauck, 2000): 

1. Object borders of higher levels are inherited by the sub levels, 
2. The segmentation process is restrained by super-object borders. 

 
Supplementary to the normal segmentation, two special types of segmentation are provided.  One is the 
knowledge-based segmentation, the other the construction of sub-objects.  The knowledge-based 
segmentation is a very important feature allowing the use of already made classifications as additional 
information for the merging of objects.  Segments of one class can be fused on the same level or a higher 
level that then is constructed.  The construction of sub-objects is used for special classification tasks like 
texture or form classifications based on sub-levels. (Willhauck, 2000) 
 
As the results of the image segmentation strongly depend on the image data and the assessment of the 
segmentation results depends on the classification task it is almost impossible to suggest well suited 
segmentation parameters in general.  (Hoffman, 2001) 
 
The segmentation process can principally be compared to the construction of a database with information 
of each image object.  The classification process therefore can be seen as a database query. (Willhauck, 
2000) 
 
Since the results of the image segmentation are influenced by the pixels’ size and DN-values in some 
cases applying pixel based image enhancement methods can be useful before working with eCognition.  
Thereby one has to keep in mind that each enhancement method causes a manipulation of the pixels DN-
values. In consequence the manipulation of the pixels’ DN-values leads to different segmentation results 
and might lead to falsified object properties especially if they are based on spectral DN-values (e.g. 
spectral mean values or standard deviations in a certain channel).  Nevertheless in some cases image 
enhancements might be useful if the shape of the objects of interest becomes visually better detectable and 
simultaneously the loss of spectral information is of less importance.  Especially IKONOS data with its 
4m MS channels and its 1m panchromatic channel is best suited to apply methods of transformational 
image merging, such as Principal Component Analysis. (Hoffman, 2001) 
 
When working with systematically disturbed image data or image data having speckle noise errors 
applying filtering methods on the image data might be useful as well.  Especially in cases when the 
disturbances lead to locally extremely varying DN-values.  Depending on the scale parameter noise and 
speckle errors can affect the segmentation result in two ways: the segments’ shape does not reflect the true 
shape of the objects of interest and the segments spectral statistics are falsified.  The first case usually 
leads to deformed image objects and thus to harder describable form properties while the latter case 
complicates the classification based upon (spectral) properties derived from the disturbed channel(s).  On 
the other hand enhancement methods which work on the channels histograms to enhance the image’s 
contrast are mostly not suited for working with eCognition.  This is because a manipulation of contrast 
leads to a modified heterogeneity and thus affects the segmentation respectively the shape of the generated 
image objects. (Hoffman, 2001)  

 
3.2.1 Scale 
 
Scale is a crucial aspect of image understanding.  Although in the domain of remote sensing a certain scale 
is always presumed by pixel resolution, the desired objects of interest often have their own inherent scale.  
Scale determines the occurrence or non-occurrence of a certain object class.  The same type of object 
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appears differently at different scales.  Vice versa, the classification task and the respective object of 
interest directly determine a particular scale of interest. (eCognition manual, 2004) 
 
A resolution commonly express the average size of area a pixel covers on the ground, while the scale 
describes the magnitude or the level of abstraction on which a certain phenomenon can be described.  
Thus, studying an image from different levels of scale instead of at different resolutions eases its analysis.   
In order to analyze an image successfully it is necessary to represent its content on several scales 
simultaneously and to explore the hierarchical scale dependencies among the resulting objects. It is 
obvious that these relationships and dependencies cannot be analyzed by just changing the resolution of 
the imagery.  This would, moreover, lead to the loss of a lot of useful information. (eCognition manual, 
2004) 
 
The choice of an appropriate scale, or spatial resolution, for a particular application depends on several 
factors.  These include the information desired about the ground scene, the analysis methods to be used to 
extract the information and the spatial structure of the scene itself.  
 
Woodcock and Strahler (1987) suggested that a graph showing how the local variance of a digital image 
for a scene changes as the resolution-cell size changes can help in selecting an appropriate image scale.  
Such graphs are obtained by imaging the scene at fine resolution and then collapsing the image 
successively coarser resolutions while calculating a measure of local variance. The local 
variance/resolution graphs of forested, agricultural and urban/suburban environments reveal the spatial 
structure of each type of scene, which is a function of the sizes and spatial relationships of the objects the 
scene contains.  At spatial resolutions of SPOT and Thematic Mapper imagery, local image variance is 
relatively high for forested and urban/suburban environments suggesting that information-extracting 
techniques using texture, context and mixture modelling are appropriate for these sensor systems. In 
agricultural environments, local variance is low, and the more traditional classifiers are appropriate. 
(Woodcock and Strahler, 1987) 

 
Because an ‘ideal’ object scale does not exist, objects from different levels of segmentation (spatially) and 
of different meanings have to be combined for many applications.  The human eye recognises large and 
small objects simultaneously, but not across totally different dimensions. From a balloon for instance, the 
impression of a landscape is dominated by the landuse pattern such as the composition of fields, roads, 
ponds and built up areas.  Closer to the ground, one starts to recognise small patterns such as single plants 
while simultaneously small scale pattern loses importance or cannot be perceived anymore. (Blaschke et 
al., 2000) 
 
In remote sensing, a single sensor correlated highly with a specific range of scales.  The detectability of an 
object can be treated relative to the sensor’s resolution. A rough rule of thumb is that the scale of image 
objects to be detected must be significantly bigger than the scale of image noise relative to texture.  This 
ensures that subsequent object-oriented image processing is based on meaningful image objects. 
Therefore, the most important characteristics of a segmentation procedure is the homogeneity of the 
objects.  Furthermore, the resulting segmentation should be reproducible and universal to permit 
application to a large variety of data. (Blaschke et al., 2000) 
 
Directly connected to the representation of image information by means of objects is the networking of 
these image objects.  Whereas the topological relation of single, adjacent pixels is given implicitly by the 
raster, the association of adjacent image objects must be explicitly worked out, in order to address 
neighbour objects. In consequence, the resulting topological network has a big advantage as it allows the 
efficient propagation of many different kinds of relational information.  (eCognition manual, 2004) 
 
Each classification task addresses a certain scale.  Thus, it is important that the average resolution of 
image objects can be adapted to the scale of interest.  Image information can be represented in different 
scales based on the average size of image objects.   The same imagery can be segmented into smaller or 
larger objects, with considerable impact on practically all information which can be derived from image 
objects.  Thus, specific scale information is accessible.  (eCognition manual, 2004) 
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This can be achieved, for instance by a hierarchical network and representation of image objects.  Besides 
its neighbours, each object also knows its sub-objects and super-objects in such a strict hierarchical 
structure.  This allows precise analysis of the substructures of a specific region and is not be possible 
without a strict hierarchical structure.  Furthermore, based on sub-objects, the shape of super-objects can 
be changed. By connecting the objects vertically, access to scale and advanced texture properties is 
possible.  The object hierarchy allows representation of image information in different scales 
simultaneously. (eCognition manual, 2004) 

 
It should be emphasized in this context that even single pixels or single-pixel objects are a special case of 
image objects.  They represent the smallest possible processing scale. (eCognition manual, 2004) 
 
3.2.2 The Class Hierarchy 
 
The class hierarchy eCognition’s frame for formulating the knowledge base for classifying image objects.  
It contains all classes of a classification scheme in a hierarchically structured form.  The relations defined 
by the class hierarchically structured form.  The relations defined by the class hierarchy manage the 
inheritance of class descriptions of child classes on one hand and semantic groups of the classes on the 
other.  Each class is represented by a semantic group. The semantic objects can have different 
relationships to each other.  (eCognition user’s manual, 2004) 

  
Figure 3.1 Hierarchical network of image objects in abstract illustration.  

(eCognition user’s manual, 2004) 
 

 Inheritance.  Class descriptions defined in parent classes are passed down to their child 
classes.  A class can inherit descriptions from more than one parent class.  Based on the 
same inherited feature descriptions, the inheritance hierarchy is a hierarchy of similarities.  
Its purpose is the reduction of redundancy and complexity in the class descriptions. 
(eCognition user’s manual, 2004) 
 

 Groups.  They represent the combination of classes to a class of superior semantic meaning. 
Beyond that, the Groups hierarchy has a direct functional implication: each feature which 
addresses a class is automatically directed to this class and all its child classes in the Groups 
hierarchy.  A class can be part of more than one group.  The group register displays the 
hierarchy of semantic meaning.  Its purpose is the combination of classes previously 
separated by the classification in a common semantic meaning. (eCognition user’s manual, 
2004) 
 

 Structure.  It differs slightly from the other two hierarchies, although the structure can have 
parallels to the Groups hierarchy.  Different classes can be put together in structure groups 
as a basis for classification-based segmentation. Its purpose is the fusion even of previously 
heterogeneous regions to single objects. (eCognition user’s manual, 2004) 

The Inheritance hierarchy and the Groups hierarchy essentially complement each other: while the 
inheritance hierarchy is used to subsequently separate and differentiate classes in the feature space, the 
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Groups hierarchy permits the meaningful grouping of the resulting classes. This structure of the class 
hierarchy is the basic reason for the abundance of semantic expression modes in eCognition. (eCognition 
user’s manual, 2004) 
 
3.2.3 General Image Segmentation Strategies 
 
In image segmentation the expectation is in many cases to be able to automatically extract the desired 
objects of interest in an image for a certain task.  However, this expectation ignores the considerable 
semantic multitude that in most cases needs to be handled to successfully achieve the result, or it leads to 
the development of highly specified algorithms applicable to only a reduced class of problems and image 
data. (eCognition manual, 2004) 
 
3.2.3.1 Bottom-up and Top-down Approach 
 
According to recent research in image understanding, image segmentation methods are split into two main 
domains: knowledge driven methods (top-down) vs. data driven methods (bottom-up). (eCognition 
manual, 2004) 
 
The top-down approach the multi-resolution segmentation starts with generating coarse and large image 
objects on the topmost image level using a relatively large scale parameter.  All objects of the 
subsequently generated lower levels then act as sub-objects of the top-most level objects which can also be 
understood as splitting the top-level-objects into smaller sub-objects. In this approach the user already 
knows what he wants to extract from the image, by he does not know how to perform the extraction. By 
formulating a model of the desired objects, the system tries to find the best method(s) of image processing 
to extract them.  The formulated object model gives the objects’ meaning implicitly.  (Hoffman, 2001; 
eCognition manual, 2004) 
 
The bottom-up approach operates inversely: the initial segmentation starts with generating small objects 
on the base level using a relatively small scale parameter.  All subsequently generated objects of the 
higher levels then act as super-objects of the base level objects which can be understood as aggregating 
the smaller sub-objects to larger super-objects. These methods can also be seen as a kind of data 
abstraction or data compression.  But, as with clustering methods, in the beginning the generated image 
segments have no meaning, they can better be called: image object primitives.  It is up to the user to 
determine what kind of real world objects the generated image objects represent.  (Hoffman, 2001; 
eCognition manual, 2004) 
 
The difference of both techniques lies in the generation of the image objects’ borders: while to top-down 
approach the outer outlines of the outer sub-objects are determined by the outlines of their super-objects in 
the bottom-up approach the outlines of the super-objects are determined by the outer outlines of their outer 
sub-objects. Another difference between these approaches is that top-down methods usually lead to local 
results because they just mark pixels or regions that meet the model description, whereas bottom-up 
methods perform a segmentation of the complete image.  They group pixels to spatial clusters which meet 
certain criteria of homogeneity and heterogeneity. (Hoffman, 2001; eCognition manual, 2004) 
 
Regarding the difference of both approaches the order of segmentation affects the overall image 
segmentation and thus should be determined by the main focus of the classification (the shape of the 
objects of interest) as well as by the used image data.  In any cases a high resoluted (fine segmented) base 
level can be useful for a textural analysis since in eCognition texture is described by colour and/or shape 
properties of sub-objects.  Having large objects on higher levels can be useful for the classification of sub-
objects if their spectral difference or ratio to the super-objects is significant – mostly in conjunction with 
contextual information or when using additional categorical data (e.g. cadastral information). (Hoffman, 
2001) 
Some of the algorithms implemented for segmentation include (eCognition manual, 2004):  

a. Global thresholding.  The spectral feature space is separated into subdivisions, and pixels of the 
same subdivision are merged when locally adjacent in the image data. Typically, this method 
leads to results of relatively limited quality.  Oversegmentation and undersegmentation – i.e., 
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separating into units which are too small or merging regions that do not belong to each other – 
take place easily without good control of meaningful thresholds.  Local contrasts are not 
considered or not represented in a consistent way and the resulting regions can widely differ in 
size. 

b. Region growing.  This algorithm clusters pixels starting from a limited number of single seed 
points. They depend on the set of given seed points and often suffer from a lack of control in the 
break-off criterion of the growth of a region. 

c. Knowledge-based approaches.  They try to incorporate knowledge derived from training areas in 
other sources onto the segmentation process.  These approaches mostly perform a pixel-based 
classification, based on the clustering in a global feature space.  Segments are produced implicitly 
after classification, simply by merging all adjacent pixels of the same class.  These approaches are 
typically not able to separate different units or objects of interest of the same classification.  
Furthermore, the information on which classification can act typically is limited to spectral and 
filter derivates. 

d. Watershed segmentation.  It got its name from the manner in which the algorithm segments 
regions into catchment basins.  Typically, the procedure first transforms the original data into a 
gradient image.  The resulting grey tone image can be considered as a topographic surface.  If we 
flood this surface from its minima and if we prevent the merging of the waters coming from 
different sources, we partition the image into two different sets: the catchment basins and the 
watershed lines.  The catchment basins should theoretically correspond to the homogeneous grey 
level regions of this image.  This method works for separating essentially convex and relatively 
smooth objects of interest that even may touch slightly in relatively homogeneous image data.  
When it works, it is convenient, fast and powerful.  However, for remote sensing, which typically 
contain a certain noise and not always strong contrasts, this method is typically not able to achieve 
appropriate results. 

 
A new patented segmentation procedure was implemented and multi-resolution segmentation was 
developed for eCognition.  It allows the largely knowledge-free extraction of homogeneous image object 
primitives in any chosen resolution, especially taking into consideration local contrasts. It generally can be 
applied to a very large range of data types; it works on an arbitrary number of channels simultaneously 
and is specially suited for textured or low contrast data such as radar or VHR images. (eCognition user’s 
manual, 2004) 
 
3.2.3.2 Different Weighting of Channels 
 
When working with data of different sources and/or with different content of the same location adjusting 
the channels’ weights during the image segmentation according to their contribution to the objects’ shape 
is expedient.  As a rule of thumb the stronger the objects of interest can be separated in a channel, the 
stronger the channel should be weighted.  In many cases the less correlated the channels are the more 
different (the more heterogeneous) their information is and thus the more differentiated their contribution 
to the object generation can be.  While the spectral channels of IKONOS usually have a certain 
correlation, weighting the spectral channels equally should be reasonable for the most applications. 
(Hoffman, 2001) 
 
3.2.3.3 Weighting Homogeneity of Shape vs. Homogeneity of Colour 
 
As in the urban areas mostly man-made features occur and they differ only little by their spectral 
properties regarding homogeneity of shape to generate image objects in several cases can lead to better 
results in terms of obtaining meaningful objects. This can be observed especially for strongly textured 
objects (e.g. different settlement areas) which typically hold a high spectral heterogeneity but their border 
lines are usually smooth. (Hoffman, 2001) 
 
3.3 Image Semantics – mutual relations between image objects 
One of the most important aspects of understanding imagery is information about context.  There are two 
types of contextual information:  
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1. global context, which describes the situation of the image; basically, time, sensor and location 
2.  local context, which describes the mutual relationships or the mutual meaning of image regions.   

It is obvious that the processing of context information is always consciously or subconsciously present in 
human perception and contributes essentially to its great capabilities. (eCognition manual, 2004) 
 
In order to receive meaningful context information, image regions of the right scale must be brought into 
relation.  This scale is given by the combination of classification task and the resolution of the image data. 
(eCognition manual, 2004) 
 
For example, one can think of the classification task to identify parks in very high resolution imagery.  A 
park is always a large contiguous vegetated area.  This different scale distinguishes parks from gardens.  
Additionally, parks are distinguished from pastures, for example by their embedding in urban areas. Single 
neighbouring buildings are not a sufficient condition to describe parks. However, their neighbourhood to 
single buildings is a suitable criterion for distinguishing gardens from pasture. (eCognition manual, 2004) 
 
The above simple description of parks shows how much the available context information depends on the 
scale of the structures which are brought into relation. This astonishing fact explains why it is so difficult 
or even impossible to describe meaningful context relations using pixel-based approaches.  Only 
representing image information based on image objects of the appropriate scale enables one to handle 
image semantics.  Additionally, in order to make image objects aware of their spatial context it is 
necessary to link them.  Thus, a topological network is created. (eCognition manual, 2004) 
 
This network becomes hierarchical when image objects of different scale at the same location are linked.  
Now each object knows its neighbours, its sub- and super-objects.  This additionally allows a description 
of hierarchical scale dependencies.  Together with classification and mutual dependencies between objects 
and classes, such a network can be seen as a spatial semantic network. (eCognition manual, 2004) 
 
The fact that image understanding always means dealing with image semantics was until now not 
sufficiently covered by the capacity of digital image analysis, especially in the field of remote sensing. 
(eCognition manual, 2004) 
 
3.4 Classification 
 
Object-based approaches do not operate directly on individual pixels but on objects consisting of many 
pixels that have been grouped together in a meaningful way by image segmentation. In addition to spectral 
and textual information used in pixel-based classification methods, image objects also allow shape 
characteristics and neighbourhood relationships to be used for the object’s classification.  However, the 
success of object-based classification approaches is very dependent on the quality of the image 
segmentation. (Shackelford and Davis, 2003a, 2003b) 
 
The classification supported by Definien’s eCognition software is often called per-parcel classification, 
because objects, or parcels of pixels, not single pixels area classified. Some the objects to be classified are 
larger than the traditional classification unit, i.e. a pixel, eCognition starts with the premise that the 
information needed to interpret an image is not found at the pixel level but rather in groups of pixels and 
their relation to each other.  A segmentation technique is performed prior the classification where small 
adjacent groups of pixels are identified.  A user inputted hierarchy of rules is then applied to classify the 
whole image.  Spectral properties, shape, size, texture and topological relationships are components that 
can be factored into the rules. (May et al, 2003; eCognition manual, 2004) 
 
The features used for classification can be divided into three categories (Willhauck, 2000): 

1. Object Features like colour, texture, form and area. 
2. Classification related features like relations to sub-objects, super-objects and neighbour objects 
3. Terms like Nearest Neighbour classifier or similarity to other classes. 

 
The classification process is controlled by a knowledge base that describes the characteristics of output 
object classes (in the form of fuzzy membership functions) (Darwish et. al, 2003b).  
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Fuzzy classification is also called a soft classifier and delivers not only the assignment of one class to an 
image object, but the degree of assignment to all considered classes.  The strategies for class assignment 
are transparent and therefore easier to adapt than if neural networks were being applied.  Fuzzy logic even 
supports the combining of very different kids of features within one class description by means of 
different logical operations. With respect to image understanding these soft classification results are more 
capable of expressing uncertain human knowledge about the world and this lead to classification results 
which are closer to human language, thinking and mind.  In other words, soft classifiers are more honest 
than their hard counterparts.  But unfortunately many applications using landuse or land-cover information 
are unable to handle soft classification results.  Thus, soft classification results must be hardened, which 
can lead to shammed classification truths and accuracies. (eCognition user’s manual, 2004)  
 
Fuzzy classification with its enhanced analysis of classification performance of class mixture, 
classification reliability and stability is possible, because fuzzy classification is one powerful approach to 
soft classification.  Its results are an important input for information fusion in current and future remote 
sensing systems with multidata sources.  The reliability of class assignments for each sensor can be used 
to find the most possible and probable class assignment.  A solution is possible, even if there are 
contradictory class assignments based on different sensor data, e.g., optical sensors are regarded as being 
less reliable than radar sensors if there is a heavy fog. (eCognition user’s manual, 2004) 
 
Class descriptions are performed using a fuzzy approach of Nearest Neighbour or by combinations of 
fuzzy sets on object features, defined by membership functions.  Whereas the first supports an easy click 
and classify approach based on marking typical objects as representative samples, the latter allows 
inclusion of concepts and expert knowledge to define classification strategies. (eCognition user’s manual, 
2004) 
 
Interactive editing of membership functions allows the formulation of knowledge and concepts.  Rule base 
development to form multidimensional dependencies is very clear and an adaptation is easily possible.  If 
a class can be separated from other classes by just a few features or only one feature, it is recommended 
the application of membership functions; otherwise the Nearest Neighbour is suggested. (eCognition 
user’s manual, 2004) 
 
The use of a Nearest Neighbour (NN) to define multidimensional membership function is advisable if it is 
intended to use several object features for a class description. Some of the reasons to use of NN include 
(eCognition user’s manual, 2004):   

a. It evaluates the correlation between object features favourably. 
b. Overlaps in the feature space increase with its dimension and can be handled much easier 

with NN. 
c. It allows very fast and easy handling of the class hierarchy for the classification (without 

class-related features). 
 

However, the feature space should also be kept as small as possible for a nearest neighbour classification 
if one wants to keep a reasonable number of sample objects for each class. 
 
After sufficient image segmentation the image objects are classified according to a user defined class 
hierarchy wherein the classes and their descriptions are organised by means of inheritance and semantic 
grouping.  Generating a class hierarchy in eCognition can be understood as generating a rule base wherein 
the user determines physical and semantic properties typical for the objects of a certain class.  Therefore 
the software offers two basic classifiers: a nearest neighbour classifier and fuzzy membership functions.  
Both act as class descriptors.  (Hoffman, 2001) 
 
While the Nearest Neighbour classifier describes the classes to detect by sample objects for each class 
which the user has to determine, fuzzy membership functions describe intervals of feature characteristics 
wherein the objects do belong to a certain class or not by a certain degree. For the class description a huge 
variety of object features can be used either to describe fuzzy membership functions or to determine the 
feature space for the nearest neighbour classifier.  A class then is described by combining one or more 
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class descriptors by means of fuzzy-logic operator or by means of inheritance or a combination of both.  
The whole process of image analysis with eCognition can be summarised as follows: (Hoffman, 2001) 
 

1. Creating a hierarchical network of image objects using the multi-resolution segmentation.  The 
upper-level image segments represent small-scale objects while the lower-level segments 
represent the large-scale objects. 

2. Classifying the derived objects by their physical properties.  This also means that the class names 
and the class hierarchy are representative with respect to: the mapped real-world, the image 
objects’ physically measurable attributes and the classification task.  Using inheritance 
mechanisms accelerates the classification while making it more transparent at the same time.  

3. Describing the (semantic) relationships of the networks’ objects in terms of neighbourhood 
relationships or being a sub- or super-object.   

4. Aggregating the classified objects to semantic groups which can be used further for a so called 
classification-based segmentation.  The derived contiguous segments then can be exported and 
used in GIS.  The semantic groups can also be used for further neighbourhood analyses. 

 
Independent from the approach to define a condition and independent from the complexity of the 
condition, the fuzzy system will deliver one single value as the degree of fulfilment of the condition.  This 
degree determines the result of the rule.  Thus, it is clear that one can deliberately combine conditions in a 
rule base, independent of whether they are defined by a combination of one-dimensional membership 
functions or by nearest neighbour.  This gives great flexibility: for each condition and class description, 
the best fitting method can be chosen. (eCognition user’s manual, 2004)   
 
Classification results can be differentiated and improved by using semantic context information: as soon 
as objects are classified according to their intrinsic and topological features, classification can be refined 
using semantic features – mostly by describing neighbourhood relationships or the composition of sub-
objects.  Some possibilities to perform analysis of image objects based on sub-objects include (eCognition 
user’s manual, 2004): 

a) Texture analysis based on sub-objects, classifying attributes of all sub-objects of an image 
object on average.  Attributes can for instance be contrast or shape. 

b) Line analysis based on sub-objects. 
c) Class-related features, which are relationships to classify sub-objects, such as the relative 

area of other image objects assigned to a certain class. 
 
The class hierarchy supports semantic grouping of classes. This can be used to assign classes of different 
attributes to a common class of superordinated semantic meaning.  In this case, the superior class does not 
need its own explicit class description. Urban green and urban impervious can be grouped to the class 
urban, for example.  A special advantage using this is to express context relations to the superior class: 
“embedded in urban” addresses urban green as well as also urban impervious objects. (eCognition user’s 
manual, 2004) 
 
Additionally, this class hierarchy allows a grouping of classes for the purpose of inheritance of class 
descriptions to child classes.  A class such as grassland can be differentiated by inheriting its class 
description to child classes such as urban green and agricultural grassland, for instance.  This gives 
structure to the knowledge base: the level of detail of a class description rises, the deeper the hierarchy 
branches. (eCognition user’s manual, 2004) 
 
With these possibilities the class hierarchy allows the efficient creation of a well-structured knowledge 
base of astonishing semantic richness.  Together with fuzzy classification this adds a lot of power to the 
object-oriented approach to image analysis.   
 
At the end the objects’ shape can be improved by classification and using knowledge-based segmentation.  
Usually this leads to new image objects with new properties and semantic relationships, which in turn can 
be classified according to they newly generated features. 
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3.4.1 Benefits 
 
Results from the pixel-based classifications usually show a kind of salt and pepper effect with single 
pixels being distributed in the classes while object-based results resemble a manually digitized map. The 
later ones are preferred because they come closer to the situation in the field.  (Willhauck, 2000) 
 
When more than one level is used, the existing objects from a first classification can be used with the new 
data, so no entirely new classification has to be made.  Any strong differences of one new object from the 
pixel values of the old one would indicate a change in this segment. This can simplify the whole working 
process by similarly making it more stable. (Willhauck, 2000) 
 
Multi-resolution segmentation produces highly homogeneous segments at arbitrary resolution and from 
arbitrary image data.  This allows application of this segmentation technique to different types of image 
data and problems.  Object-based classification enables the user to define complex rules bases on spectral 
characteristics and on inherent spatial relationships.  With the object-oriented approach, complex 
semantics can be developed based on physical parameters and knowledge about relationships.  Objects can 
be defined and classified by the structure and behaviour of similar objects.  Inheritance provides natural 
classification strategies for different kinds of objects and classes and allows for the communality of 
objects to the full advantage in modelling and constructing object systems. (Blaschke et al., 2000) 
 
3.4.2 Classification Strategies 
 
Two basic concepts of classification can be performed when working with eCognition: an elimination 
strategy and a selective strategy.  In the first case beginning with a coarse and mostly spectral 
classification (usually of the top-level objects) further classes are added to the class hierarchy which are 
described by additional criteria of form, texture or context and by inheritance.  In the most cases this 
technique leads to a complete image classification but makes it necessary to describe classes which are not 
of main focus in the classification. Although class hierarchies developed by this method might become 
complex their advantage lies in a logical and comprehensive structure.  When using contextual 
information the classes on which the contextual features refer to must be stable and as proof as possible. 
Hence creating classes of non-interest can be useful since they can give additional contextual information. 
In a final step the classes can be grouped to semantic classes of interest and non-interest. (Hoffman, 2001) 
 
In the selective strategy only the classes of interest are described, while all other objects which do not 
meet the criteria of the described classes remain unclassified.  To avoid misclassifications this technique 
needs the classes of interest to be described as accurate as possible (mostly by fuzzy membership 
functions). Therefore the user has to be aware of disjunctive properties for each class which in some cases 
might require appropriate a-priori information.  In comparison to the elimination strategy the class 
hierarchy of a selective classification is usually more compact (depending on the number of classes to 
detect).  On the other hand the complexity of the class descriptions rises since the objects of non-interest 
(unclassified) are the inverse of the classes of interest.  Hence the feature space and the locations of the 
classes of interest within feature space have to be outlined as accurate as possible.  Taking additional 
context into account can be beneficial as well in this approach. (Hoffman, 2001)  According to Hoffman 
(2001) no general strategy can be given. In fact finding a well suitable approach is more depending on the 
utilised data and its structure on one hand and on the other hand on the classification task and the scale of 
the objects of interest do occur.  Each strategy has its certain advantages and disadvantages but in any case 
semantic information can be used easily to enhance the final classification results. 

 
3.4.3 Object Features 
 
eCognition provides a number of features which can be used by means of fuzzy logic to build class 
descriptions.  Object features are obtained by evaluating image objects themselves as well as their 
embedding in the image object hierarchy. (eCognition user’s manual, 2004) 

a. Layer values.  These are features concerning the pixel channel values of an image object (spectral 
features). 
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b. Shape.  With these features the shape of an image object can be described using the object itself or 
its sub-objects. 

c. Texture.  They evaluate the texture of an image object either based on its sub-objects or on the 
grey level co-occurrence matrix or the grey level difference vector (GLDV) of the object’s pixels 
after Haralick. 

d. Hierarchy.  These features provide information about the embedding of an image object in the 
entire image object hierarchy. 

e. Thematic attributes.  These are attributes of the thematic layer objects.  This feature is only 
available if such a thematic layer has been imported into the project. 

 
They can be used in the classification as membership functions. In eCognition user’s manual there is a 
complete description of these features.  Some of these are: 
  
3.4.3.1 Layer values 
 
Mean.  Layer mean value calculated from the layer values of all n pixels forming an image object. Feature 
value range [0; depending on the bit depth of data], for 8 bit data the value range is [0; 255]. 
 
Brightness.  Sum of the mean values of the layers containing spectral information divided by their quantity 
computed for an image object (mean value of the spectral mean values of an image object). Feature value 
range [0; depending on the bit depth of data], for 8 bit data the value range is [0; 255]. 
 
3.4.3.2 Generic Shape features 
 
Area.  In nongeoreferenced data the area of a single pixel is 1.  Consequently, the area of an image object 
is the number of pixels forming it.  If the data is georeferenced, the area of an image object is the true area 
covered by one pixel times the number of pixels forming the image object.  Feature value range [0; scene 
size]. 
 
Length/width.  There are two ways to compute the length/width ratio of an image object. 1) The ratio 
length/width is identical to the ratio of the eigenvalues of the covariance matrix with the larger eigenvalue 
being the numerator of the fraction. 2) The ratio length/width can also be approximated suing the 
bounding box. The software uses both and takes the smaller of both results as the feature value.  Feature 
value range [0; 1]. 
 
Length.  The length can also be computed using the length-to with ratio derived from a bounding box 
approximation.  Another possibility which works better for curved image objects is to calculate the length 
of an image object based on its sub-objects.  Feature value range [0; depending on shape of the image 
object]. 
 
Width.  Also the width of an image object is approximated using the length-to-width ratio.  For curved 
image objects the use of sub-objects for the calculation is the superior method. Feature value range [0; 
depending on shape of the image object]. 
 
Border length.  It is defined as the sum of the edges of the image object that are shared with other image 
objects or are situated on the edge of the entire scene.  In nongeoreferenced data the length of a pixel edge 
is 1. Feature value range [0; depending on shape of the image object]. 
 
Density.  It can be expressed by the area covered by the image object divided by its ratio.  It is used to 
describe the compactness of an image object. The ideal compact form on a pixel raster is the square.  The 
more the form of an image object is like a square, the higher its density. Feature value range [0; depending 
on shape of image object]. 
 
Shape index.  Mathematically the shape index is the border length of the image object divided by four 
times the square root of its area.  Use the shape index to describe the smoothness of the image object 
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borders. The more fractal an image object appears, the higher its shape index. Feature value range [0; 
depending on shape of the image object]. 
 
Compactness. It is calculated by the product of the length and the width of the corresponding object and 
divided by the number of its inner pixels. Feature value range [0; inf]. 
 
Elliptic Fit.  As a first step in the calculation of the elliptic fit is the creation of an ellipse with the same 
area as the considered object.  In the calculation of the ellipse also the proportion of the length to the width 
of the object is regarded.  After this step the area of the object outside the ellipse is compared with the area 
inside the ellipse that is not filled out with the object.  While 0 means no fit, 1 stands for a complete fitting 
object.  Feature value range [0; 1]. 
 
Rectangular Fit. A first step in the calculation of the rectangular fit is the creation of a rectangle with the 
same area as the considered object.  In the calculation of the rectangle also the proportion of the length to 
the width of the object is regarded.  After this step the area of the object outside the rectangle is compared 
with the area inside the rectangle, which is not filled out with the object.  While 0 means no fit, 1 stands 
for a complete fitting object. Feature value range [0; 1]. 
3.4.3.3 Texture after Haralick 
 
The grey level co-occurrence matrix (GLCM) is a tabulation of how often different combinations of pixel 
grey levels occur in an image.  A different co-occurrence matrix exists for each spatial relationship.  To 
receive directional invariance all 4 directions (0, 45, 90, 135) are summed before texture calculations.  An 
angle of 0 represents the vertical direction, an angle of 90 the horizontal direction.  In eCognition texture 
after Haralick is calculated for all pixels of an image object.  To reduce the border effects, pixels bordering 
the image object directly (surrounding pixels with a distance of one) are additionally taken into account   
 
The calculation of “Texture after Haralick” is independent of the image data’s bit depth.  The dynamic 
range is interpolated to 8 bit before evaluating the co-occurrence.  However, if 8 bit data is used directly 
the results will be most reliable.  When using data of higher dynamic that 8 bit, the mean and standard 
deviation of the values is calculated.  
 
Homogeneity. If the image is locally homogeneous, the value is high if GLCM concentrated along the 
diagonal.  It weights the values by the inverse of the ‘contrast’ weight with weights, decreasing 
exponentially according to their distance to the diagonal. 
 
Contrast.  It is the opposite of ‘homogeneity’. It is a measure of the amount of local variation in the image.  
 
Entropy.  The value for ‘entropy’ is high, if the elements of GLCM are distributed equally.   
 
Angular Second Moment. High if some elements are large and the remaining ones are small. 
 
3.4.3.4 Hierarchy 
 
Level.  The number if the image object level an image object is situated in.  This is needed to perform 
classification on different image object levels to define which class description is valid for which level.  
Feature value range [0; number of image object levels]. 
 
Num sub-objects.  The number of sub-objects of an image object on the next lower level in the image 
object hierarchy. Feature value range [0; number of pixels of entire scene]. 
 
Existence of class.  It checks it the super or sub-object is assigned to a defined class.  Feature value range 
[0- false; 1-true]. 
 
3.4.4 Class Related Features 
These features refer to the classification of other image objects which are taken into account for the 
classification of the image object in question. 
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Relations to neighbour objects.  They refer to existing class assignments of image objects on the same 
level in the image object hierarchy. 
 
Relations to sub-objects.  These features refer to existing class assignments of image objects on a lower 
level in the image object hierarchy. 
 
Relations to super-objects.  They refer to existing class assignments of image objects on a higher level in 
the image object hierarchy. 
 
Membership to. In some cases it is important to incorporate the membership value to different classes into 
one class.  This function allows the explicit addressing of membership values to different classes. 
 
Classified as. It enables the user to refer to the classification of an object without regarding to the 
membership value. 
 
Similarity to classes. It helps to define a class description that is identical to another. 
 
Other features also include: 
- global features, referring to global statistical parameters of the scene and all the objects of a class or a 
group. 
- features for sub-object analysis, use form and texture of objects related to sub objects. 
 
3.4.5 Fuzzy Logic Operators 
 
Logical terms are used to combine fuzzy expressions, such as membership functions, nearest neighbour 
classifiers, similarities, and logical terms with standard fuzzy logic operators. (eCognition user’s manual, 
2004) 
 
And(min).  Fuzzy logical “and” operator using the minimum function. 
And(*).  Product of feature values. 
Or(max).  Fuzzy logical “or” operator using the maximum function. 
Mean(arithm.).  Arithmetic mean of the assignment values. 
Mean(geo.).  Geometric mean of the assignment values. 
 
3.4.6 Comparison of results 
 
Darwish et al. (2003a) tested the feasibility of using an object-based classification technique in extracting 
urban land-cover information from IRS and Landsat imagery.  They compared the results obtained from 
traditional classifiers with the ones obtained from the new classification technique. Two statistical 
classifiers, Minimum Distance and Maximum Likelihood, were executed using ERDAS Image 
classification module.  Three segmentation levels were used in eCognition to represent the image content 
in different scales (aggregation).  They concluded that object-based classification using IRS image 
produces best results to classify built-up area, river/lake, sea, cropland and rural hilly.  It was proposed to 
develop membership functions using different test sites. 
 
Willhauck (2000) used the object-oriented approach for forestry application in the argentine Nothofagus 
forests. SPOT multi-spectral data and aerial photos were used for land-cover classification and change 
detection. Maximum Likelihood Classifier was first used to identify the classes: water, non-forest, 
nothofagus Pumilio and nothofagus Antartica (2 forest types) for further comparison with the object-
oriented method. Three levels were used for the classification.  The first level was aimed to separate 
between water and non-water areas.  The second one used the red and near infrared channels for 
segmentation, for the separation of forest and non-forest. The objects with super-objects belonging to the 
class water were also classified as water. The third level was used to identify between the two forest types.  
Water and non-forest were classified according to their relation to their super-objects. The results showed 
that there was a 94.47% of general accuracy and 96.09% of average accuracy from the object based 
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approach compared to 90.95% of general accuracy and 93.21% of average accuracy from the pixel-based 
classification. The classification of the SPOT images could provide the base for a very efficient 
monitoring system. Change detection was successfully done using the aerial photographs and the result 
from the object-oriented classification. 
  
Arroyo et al. (2005) developed a 3-leveled hierarchical network of image objects for fuel classification of 
QuickBird imagery of the NW of Madrid Region. Level 1 consisted of the pixel-based classification, 
objects in level 2 were used to improve level 1 weak points, and finally the fuel type classification was 
developed in level 3, regarding all the information obtained in the previous levels.  Not only the spectral 
signature but also some spatial characteristics, such as shape, area and neighbouring objects, were 
considered as classification factors.  Besides, the simultaneous representation of image information on 
different scales allowed the propagation of many different kinds of relational information.  For example, 
pixels with reflective properties of trees were assigned the sub-object label of “tree” in level 1 but could be 
later subsumed either in class objects of “forest” or “grassland” in level 3, depending on the arrangement 
of neighbouring sub-objects. The best features for distinguishing urban areas, tracks and roads were 
“area”, “area of neighbouring objects” and “length/width”. 
 
Darwish et al. (2003b) tested various parameters for segmentation of IRS and Landsat imagery.  In the 
first project, 70% of the criterion was dependent on colour and 30% on shape.  The later factor was 
divided between compactness and smoothness in the ratio of 8 to 2. In the second project, more emphasis 
was given to colour (increased from 70% to 80%) and also the importance of smoothness was increased 
(from 20% to 40%). The results showed that IRS segmentation led to best classification accuracy using a 
value of 60% for the compactness parameter. 
 
Corr et al. (2003) used features like shape and size of objects to resolve ambiguities between some classes 
together with the fully polarimetric (decomposition properties entropy and alpha) and interferometric 
(coherence and interferometric height) data for image classification of SAR imagery.  The discrimination 
of the class “buildings” is particularly difficult, due to the variations over a single building signature 
caused by building and roof structures, the interaction with neighbouring or overhanging vegetation, and 
the effect of viewing direction. It was concluded also that the combination of information form more than 
one look direction can improve the overall classification.  Similarly, Benz and Pottier (2001) concluded 
that the ambiguities between classes can be resolved by geometric and context object features for SAR 
data. Object features like size, length/width and orientation, and number of neighbours and common 
border length were used for the classification. 
Shackelford and Davis (2003a, 2003b) worked with IKONOS imagery and fuzzy object-based 
classification and compared the result with traditional approaches.  The urban land-cover classes used for 
the pixel based classification were: road, building, grass, tree, bare soil, water and shadow. For classes that 
are spectrally similar, spatial information was used: entropy texture measure was used for tree/grass and 
contextual information was also included: length and width of connected components for road/building. 
Traditional approaches, such as MLC and fuzzy classification, had problems to separate the classes of 
roads and buildings.  Object-based classification was used to overcome this problem, introducing a non-
road Impervious surface class.  Shape based on skeletons, segment neighbourhood analysis and spectral 
statistics of objects were introduced to the classification process. It was proposed to work on decision 
rules for the identification of building segments to include features and rules to discriminate between 
different types of buildings, such as residential, commercial and industrial. May et al. (2003) obtained also 
good results using IKONOS imagery of Ontario, Canada using a 4-level segmentation. 
 
Zhang and Wang (2003) extracted land-cover classes from similar imagery as May et al (2003). The 
segmentation was used an ISOCLUST algorithm.  Dark roof, concrete/pavement, shadow, tree, grass, soil, 
corn and beans are some of the land-covers obtained using an unsupervised multi-spectral classification.  
Formulating knowledge-based rules including size, spatial content and shape were considered to obtain the 
landuse map with the following classes: residential, commercial, industrial, recreational, forested and 
agricultural. Trees, grass, shadows and pavements are important for the rules to define each landuse.  
These empirical rules were formed in terms of density and existence of the different land-covers and 
dependant on the size of the window used. Some difficulties to extract these rules, like the shadowed areas 
in the images because the features hidden under shadows of trees or buildings cannot be extracted.  They 
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concluded that the differentiation between suburban shopping mall and industrial land remains a problem. 
Bad classification occurs mostly along the borders between different landuse classes.  
  
Tadesse et al (2003) worked with Landsat ETM+ and compared the results of both approaches.  The 
segmentation parameters for the 3-level segmentation are shown in the following chart: 
 

Table 3.1 Segmentation parameters used by Tadesse et al (2003) 
Level Scale Colour Shape Smoothness Compactness 

1 5 0.7 0.3 0.9 0.1
2 10 0.5 0.5 0.5 0.5
3 25 0.7 0.3 0.9 0.1

 
The object-oriented approach produced a better classification result for the classes: water, commercial, 
residential, evergreen forest, mixed forest, deciduous forest, pasture, agriculture and bare land. 
 

Table 3.2 Comparison of results in object-based approach 
Author Data Pixel-based Classifier Object-Based Classifier 
   No. of 

Levels 
No. of 
classes 

Other Parameters 

Darwish et. 
al (2003a) 

IRS and 
Landsat 
imagery 

Minimum Distance and 
Maximum Likelihood  

3  5 Membership functions used to 
separate classes. 

Willhauck 
(2000) 

SPOT Maximum Likelihood 
Classifier 

3  4 First level used to separate 
water/non-water. Second level used 
near IR and IR channels to separate 
forest and non-forest. Third level 
used to identify forest types. 

Arroyo et 
al. (2005) 

QuickBir
d 

Supervised 
classification in 
ERDAS 

3 7 Used the result of the pixel-based 
classification as an input for the 
object-based approach. 

Darwish et. 
al, 2003b 

IRS and 
Landsat 
imagery 

Minimum Distance and 
Maximum Likelihood 

3 5 For segmentation, 70% was 
dependent on colour and 30% on 
shape; compactness and 
smoothness in the ratio of 8 to 2. 

Corr et al. 
(2003) 

SAR - Not 
specified 

3 Used shape and size of objects to 
separate spectrally similar classes. 

Benz and 
Pottier 
(2001) 

SAR - 5 15 Object features like size, 
length/width and orientation, and 
number of neighbours and common 
border length were used for the 
classification. 

Shackelford 
and Davis 
(2003a, 
2003b) 

IKONOS MLC, Hierarchical 
Fuzzy Classifier 

1 7 Shape based on skeletons, segment 
neighbourhood analysis and 
spectral statistics of objects were 
used to improve pixel-based results  

May et al. 
(2003) 

IKONOS - 4 4 NN was used for the extraction of 
water class. 

Zhang and 
Wang 
(2003) 

IKONOS Unsupervised 
multispectral 
classification 

4 12 Knowledge-based rules including 
size, spatial content and shape were 
used. The result from pixel-based 
approach was used for land-cover 
identification. 

Tadesse et 
al (2003) 

Landsat 
ETM+ 

MLC 3 9 Tested several segmentation 
parameters in 3 levels. 

 
3.5 Rule-based Descriptors 
 
Most of the applications in image processing still rely on concepts developed in the early 70s: 
classification of single pixels in a multi-dimensional feature space, and it is argued that they do not make 
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use of spatial concepts (Blaschke et al. 2000).  While many studies have managed to derive broad landuse 
types present in urban areas (e.g. residential, commercial, open spaces), difficulties were encountered 
when trying to accurately and precisely characterise the complex intra-urban patterns (e.g. distinguishing 
between different densities and patterns of residential landuse) (Fun and Chan, 1994; Johnsson, 1994a).   
 
If the full potential of the new image data sets for urban landuse mapping is to be realised, new inferential 
remote sensing analysis tools need to be applied.  This is because urban landuse is an abstract concept – an 
amalgam of social, economic and environmental factors – one that is defined in terms of function rather 
than form. The assumption underlying this approach is that the landuse functions can be distinguished on 
the basis of the differences in spatial distribution and pattern of land-cover forms. Thus the relationship 
between landuse in urban areas and spectral responses recorded in images is very complex and indirect, 
precluding the use of traditional classification approaches (Fun and Chan, 1994; Johnsson, 1994a; Barr 
and Barnsley, 1997; Bauer and Steinnocher, 2001).   
 
There relation between the classes and their spectral responses is direct and ambiguous in cases where the 
themes are defined in terms of land-cover types (e.g. grass, tree, soil, and water).  On the other hand, when 
they are described as different categories of landuse the relationship will generally be complex and 
indirect. For example, residential land in urban areas typically comprises a complex spatial assembled of 
tarmac and concrete roads, late and tile roofs, trees, grass, shrubs and bare soil – each of which exhibits a 
different detected spectral response.  This suggests that, to identify residential land in remotely-sensed 
images, the dominant land-cover type associated with each pixel must be established, and then the spatial 
arrangement of these land-cover labels in multi-pixel regions of the image should be examined. (Barr and 
Barnsley, 1997) 
 
In such cases, an alternative is to utilise a two stage approach for processing. In the first stage, the 
principal land-cover types present in the scene are derived. In the second stage, this information is 
analysed in a spatial context in order to distinguish between the different landuses present. (Bauer and 
Steinnocher, 2001; Barr and Barnsley, 1997) Zhang and Wang (2003) proposed that the urban landuse 
information could be inferred from the combination of several land-cover classes existing in a 
neighbourhood by a rule-based modelling process.  The inferring rules involve the percent composition 
ranges of compatible land-cover categories for a certain landuse class, the interrelationship of the 
compatible land-covers, and exclusion of incompatible land-covers. 
 
A prerequisite for the realisation of this approach is the extraction and classification of image objects.  
Early investigations found that the quality of morphological properties and spatial relations of image 
objects depend significantly on the accuracy of the initial land-cover classification (Barr and Barnsley, 
1997).  In particular it was found out that the land-cover classification of very high spatial resolution 
images resulted in a complex structural composition, which might inhibit the recognition of distinct urban 
landuse categories.  As studies have proven, high resolution data does not automatically lead to higher 
classification accuracy. This is due to the heterogeneity of objects within an urban area which leads to 
either misclassified pixels or unwanted details (Woodcook and Strahler, 1987; Bauer and Steinnocher, 
2001) 
 
Bauer and Steinnocher (2001) used IKONOS imagery, using the image adaptive image fusion (AIF) 
method to include the multi-spectral and panchromatic data. They performed a preliminary classification 
using MLC to obtain buildings, roads and open spaces.  The Structural Analysing and Mapping System 
(SAMS) was used for the analysis of the structures within the initial land-cover classification.  This 
software provided information which could be used for building a rule base for the final landuse 
classification. In SAMS, contiguous blocks of pixels with the same label are aggregated to discrete land-
cover objects.  Thereafter, the system processes the derived objects in order to compile a structural 
description of their morphological properties (e.g. area, compactness), as well as the spatial relations that 
exist between them (adjacency, containment).  
 
The set of rules from SAMS was afterwards used in eCognition where important semantic information 
necessary to interpret an image is not represented in single pixels, but in meaningful image objects and 
their mutual relationships. Membership functions were used to produce class descriptions, which consist 
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of a set of fuzzy expressions allowing the evaluation of specific features and their logical operation.  In 
this study, the classification process was focused on the features area, relative border length to (adjacency) 
and number of neighbours to define the rules.  They concluded that experiments with the object-oriented 
classification algorithm showed that the quality of the initial land-cover map has a strong impact on the 
resulting landuse classification.  (Bauer and Steinnocher, 2001) 
 
Barr and Barnsley (1997) used a graph theoretic data model, XRAG (eXtended Relational Attributed 
Graph) to represent the structural properties (morphological and symbolic) of, and relations (spatial, 
topological, non-topological, quantitative and symbolic) between, discrete regions identified in remote-
sensed imagery. This model allowed second-order thematic information about the scene to be inferred 
from an analysis of these properties and relations.  Their objective was to use this model to infer landuse 
from an initial land-cover map. The spatial relations of adjacency and containment along the 
morphological property area were used. 
 
Ton et al. (1991) mention that spatial knowledge deals with the spatial relationships (e.g. proximity, 
connectivity, and relative orientation) between various objects in the image; such knowledge has been 
widely used in the interpretation of aerial photographs.  Several authors have used spatial knowledge to 
recognize objects or airports and outdoor scenes.  The generation of spatial rules has been automated for 
aerial photographs but not for remotely sensed data, such as Landsat, possibly due to their complexity and 
the corresponding difficulty in the acquisition of spatial knowledge form domain experts. They developed 
a segmentation process based on spectral information and spatial knowledge.  A two stage approach 
similar to Barr and Barnsley (1997) was concluded to give the best result. 
 
Johnsson (1994a) used methods for describing properties of image objects originally developed within the 
field of computer vision where it has been used as a component in knowledge-based image analysis 
systems, i.e., systems developed to identify and describe objects and object relationships in images.  
Typical attributes for each segment are area, length of perimeter, compactness (area/perimeter2), degree 
and type of texture, or minimum bounding rectangle. Also four classification rules were designed and 
implemented in the expert system to determine if a segment is part of built-up land: 

1) IF the segment belongs to the spectral class bare soil and is smaller than 100 pixels, OR; 
2) IF the segment belongs to the spectral class coniferous forest and is smaller than 100 pixels, OR; 
3) IF the segment belongs to the spectral class deciduous forest and at least one of the neighbouring 

segments belong to any of the urban spectral classes, OR; 
4) IF the segment belongs to the spectral class grass and is smaller than 200 pixels. 

 
However, a more complex set of classification rules is needed to produce a robust and reliable result.  She 
emphasized on the need to find and implement other useful segment descriptors because of the errors 
introduced when the segments are not containing only one land-cover type. 
 
Two factors favour the use of object-oriented and knowledge-based methodologies for segment-based 
classification.  First, these methodologies provide the concepts to represent segments as objects that have 
certain properties and belong to certain classes, a representation that corresponds well to the way we 
intuitively think of segments.  Second, when the classification rules grow more complex, the tools for 
inference become useful as they allow for a flexible and dynamic implementation of the rules. (Johnsson, 
1994a) 
 
Matikainen (2005) used MLC classification for segments, rule-based interpretation for pixels and post-
classification for new segments (created from connected neighbouring pixels that belong to the same 
class). Some of the interpretation rules used were: 

1) If landuse is water  
Confirm water area 0.9999 

2) If landuse is field 
Confirm field 0.6 
Confirm water area 0.10 
Confirm urban area 0.15 
Confirm open areas 0.15 
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3) If class is urban area and any neighbour is forest and  
none of the neighbours is rice and  
none of the neighbours is garden and  
none of the neighbours is open 
 Confirm quarry 0.9999  

 
Van de Voorde et al. (2004) compared the traditional and object-oriented approach for a QuickBird image 
of the northern part of the city of Ghent, Belgium. For the per-pixel classification, texture measures like 
angular second moment, inverse difference matrix and entropy were used with window sizes of 5, 11 and 
for each of the four directions (horizontal, vertical, first and second diagonals). The Pan image was chosen 
to obtain the image primitives in the segmentation stage. The result from MLC, Pan image and MS bands 
were used for object-oriented classification. 
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CHAPTER FOUR 
STUDY AREA AND DATA DESCRIPTION 

 
The purpose of this chapter is to provide an overview of the study area and the data description used in 
this research. 
 
4.1 Study Area 
 
The study area lies in the Town of Richmond Hill. It is a town in the York Region north of Toronto, 
Ontario, Canada. It is part of the Greater Toronto Area. The southern part of the town has most of the 
industrial region, hotel areas and the “Chinatown”. The northern part is considered to be Old Richmond 
Hill because of the historical areas. In this area also most of the farm land is located. The central area 
locates the commercial sites, housing multiple malls, plaza’s and entertainment buildings, such as theatres 
and restaurants.  (Link 3, browsed May 17, 2006) 
 
Richmond Hill is one of the Greater Toronto Area’s fastest developing areas.  Residential construction is 
considered to be the number one issue in terms of development. (Link 2, browsed May 17, 2006) As the 
town is mostly a residential area, it does not have many attractions. Most of the town’s attractions are 
more cultural and academic. (Link 3, browsed May 17, 2006) 
 
The most important geographical feature of the town is the Oak Ridges Moraine.  The moraine is a further 
elevated region of loose soil and comprises a significant portion of its land area. Its porous nature permits 
the collection and natural filtering of waters that flow through it, which feeds the multiple underground 
aquifers.  While the town receives its water from the City of Toronto, these aquifers are an important 
source for those people that have their own wells in addition to surrounding communities.  The ability of 
the soil to hold so much water means that despite its comparatively high elevation, it has a very high water 
table which gives some problems to construction.  The moraine is also host to a staggering amount of 
biodiversity and in recent years there has been a considerable amount of pressure applied to governmental 
institutions to shield the area from development. (Link 3, browsed May 17, 2006) 
 
b) 

a)

Figure 4.1 Study Area. Source: a) Map of Canada (Link 6, browsed May 17, 2006);  
b) Town of Richmond Hill (Link 4, browsed May 17, 2006). 
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4.2 Data Description 
 
QuickBird Pan and MS data used for this research were acquired on July 18, 2002.  
 
The 1999 Orthophotos, 1: 50 000 NTDB maps and field data collected during July to October of 2002 was 
used to identify the areas that characterize the different land-cover classes. 
 
Image Information: 
The image database used in this research was created with 6 16u bits channels. The projection used was 
UTM 17T E012. 
Size of the Image: 

Upper Left 620412.1 E 4871097.0 N 
Lower Right 629572.3 E 4860162.3 N 

Window size: 0, 0, 13086, 15621;      Pixel size: 0.7 meters 
 
Finally, a new channel (channel 6) was created and the NDVI was computed. Using exporting tools in 
Geomatica, the image was changed to img file for object-based approach. In the exportation step, the 
NDVI was scaled to fit values from 0 to 10 000, because of importing problems in eCognition. 
 

Table 4.1 Description of imagery used in the research 
Channel Description Wavelength 
1 Pan Image 0.45 μm -0.90 μm 
2 MS 1 (blue channel) 0.45-0.52 μm 
3 MS 2 (green channel) 0.52-0.60 μm 
4 MS 3 (red channel) 0.63-0.69 μm 
5 MS 4 (infrared channel) 0.76-0.90 μm 
6 NDVI  
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CHAPTER FIVE 
METHODOLOGY LANDUSE/LAND-COVER CLASSIFICATION 

 
5.1 Geometric Correction of QuickBird Pan and MS images 
 
The geometric correction of the imagery was done using PCI Geomatica. The CGPs are used to determine 
the relationship between the raw image and the ground by associating the pixels (P) and the lines (L) in 
the image to the x, y and z coordinates on the ground. The quality of the GCPs directly affects the 
accuracy of the mathematical model, and thus, determines the outcome of the geocoding results. (PCI 
Geomatica, 2005) 
 
The Polynomial mathematical model was used in both cases. It uses a first through –fifth order polynomial 
transformation, which is calculated based on a two-dimensional (2-D) ground control points (GCPs).  This 
mathematical model produces the “best” fit mathematically to a set of 2-D GCPs on the image.  The 
polynomial equations are fitted to the x and y coordinates of the GCPs by using least squares criteria to 
model the correction in the image without identifying the source of the distortion. (PCI Geomatica, 2005) 
 
GCPs were collected using the NTDB vector data using the features that could be identified accurately, 
such as road intersections.  Pan imagery was registered to the database using nearest neighbour.  The 
georeferenced image created in the previous step was used to create GCPs. MS channels were registered 
to the database using cubic convolution. 
 
5.2 Landuse/land-cover Classification Schemes 
 
Land-cover refers to the type of feature physically present on the Earth’s surface, such as grass, concrete, 
and bare soil.  Landuse indicates the type of human economic activity on a particular land area, for 
example, residential and commercial.  Landuse is more difficult to identify directly from remotely sensed 
images.  However, landuse information can be indirectly obtained from the land-covers recognised from 
remotely sensed data.  The urban land-cover – landuse pattern is more complex because intense human 
activities occur in a limited space. (Zhang and Wang, 2003) 
 
The classification scheme used is based on the U.S. Geological Survey Land-Use/Land-cover 
Classification System for Use with Remote Sensor Data modified for the National Land-cover Dataset and 
NOAA Coastal Change Analysis Program (NOAA, 2004).  (Jensen, 2005) 
 

Table 5.1 Description of classes comparing the Original and Modified Scheme. 
Original Scheme Modified Scheme 
1. Water 1. Water 
 1.1 Open Water 

1.2 Perennial Ice/Snow 
 

2. Developed 2. Developed 
 2.1 Low-Intensity Residential 

2.2 High-Intensity Residential 
2.3 Commercial/Industrial/ 
Transportation 
 

 2.1 Low-Density Residential 
2.2 High-Density Residential 
2.3 Commercial 
2.4 Industrial 
2.5 Transportation 
(Roads/Railroads/Airport) 
2.6 Construction Sites  
2.7 New Residential Area  

3. Barren  
 3.1 Bare Rock/Sand/Clay 

3.2 Quarries/Strip Mines/Gravel Pits 
3.3 Transitional 

 

4. Forested Upland 4. Forest 
 4.1 Deciduous Forest  4.1 Deciduous Forest 
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4.2 Evergreen Forest 
4.3 Mixed Forest 

4.2 Coniferous Forest 

5. Shrubland  
 5.1 Shrubland  
6. Non-Natural Woody  
 6.1 Orchards/Vineyards, Other  
7. Herbaceous Upland Natural  
 7.1 Grassland/Herbaceous  
8. Herbaceous Planted/Cultivated 8. Herbaceous Planted/Cultivated 
 8.1 Pasture/Hay 

8.2 Row Crops 
8.3 Small Grains 
8.4 Fallow 
8.5 Urban/Recreation 
8.6 Grasses 

 4.1 Pasture/Hay/Alfalfa 
4.2 Fallow (grass and flowers) 
4.3 Wheat   
4.4 Corn  
4.5 Soya beans  
4.6 Rap Seeds  
4.7 Urban/Recreation Parks 
4.8 Urban/Recreation Golf Course 

9. Wetland  
 9.1 Woody Wetlands 

9.2 Emergent Herbaceous Wetlands 
  

 
5.3 Landuse/land-cover Classification – Pixel-Based Approach 
 
5.3.1 Data Fusion 
 
Data fusion techniques allow the integration of different information sources. We may take advantage of 
complementary spatial/spectral resolution characteristics.  (Chavez et al, 1991; Garzelli et al, 2004). The 
fusion techniques should ensure that all important spatial and spectral information in the input images is 
transferred to the fused images, without introducing artefacts or inconsistencies, which may damage the 
quality of the fused image and distract or mislead the human observer.  Furthermore, in the fused image 
irrelevant features and noise should be suppressed to a maximum extent. (Gungor et al, 2004) 
 
Depending on the purpose of a giving application, fusion results can improve detail in colour, sharpen the 
imagery, enhance features, substitute missing information (e.g. clouds) or improve accuracy of digital 
classification by adding complementary data sets. (Zhang, 2004b; Pohl and Genderen, 1998). The step 
after data fusion in this research is the landuse/land-cover classification of the imagery, thus the focus on 
fusion techniques was of improving the accuracy of digital classification.  
 
RGB-IHS and Wavelet combined with IHS Transform (ERDAS and Matlab implementation) were 
included in this research. No other fusion techniques were tested due to time, hardware and software 
availability limitations. 
 
5.3.1.1 RGB to IHS Transformation, IHS to RGB 
 
A general overview of the steps involving this technique is presented in the workflow below. 
A detailed description is presented in 2.1.1 RGB to IHS Transformation, IHS to RGB. 
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Figure 5.1 RGB-IHS fusion technique. 

 
Multi-spectral bands 4, 3 and 2 were used for the RGB transformation to IHS colour space because of the 
limitation of using maximum three channels in this step. This data fusion technique was fully implemented 
in PCI Geomatica V9.1. 
 
5.3.1.2 Wavelet and IHS Transform using Matlab 
 
A general overview of the steps involving this technique is presented in the workflow in Figure 5.2. It was 
based on the method presented by Hong et al. (2003). They designed this method with the objective to find 
a balance between enhancing the spatial resolution and preserving spectral colour information. It is based 
on a combination of strengths of the IHS and wavelet fusion, and trying to reduce the shortcomings of 
both methods. Wavelet transform can preserve the colour information while enhancing the spatial 
resolution. This method has been tested with QuickBird imagery and proved to obtain less colour 
distortion than with other fusion techniques. (Hong et al., 2003)  A detailed description of this algorithm is 
presented in 2.1.7 Wavelet and IHS Transform. 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5.2 Wavelet and IHS Transform fusion technique 
 

RGB transformed to IHS colour space 

Contrast stretch of Pan Image (use parameters from intensity channel) 

Substitute stretched Pan image (obtained from previous step) for the 
intensity channel. 

IHS to RGB colour space 

RGB transformed to IHS colour space 

Contrast stretch of Pan Image (use parameters from intensity channel) 

Wavelet Decomposition Pan stretched Wavelet Decomposition Intensity 

LHI LLI 

HHI LLI 

LHP LLP 

HHP LLP 

(1) 

(2) 

(3) 

Substitution of LLP with LLI 
LHP LLI 

HHP LLP 

(4) 

Inverse Wavelet Transform of the image obtained in the previous step.  
New Intensity is obtained 

(5) 

IHS to RGB colour space, using new Intensity, Hue and Saturation (6) 
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The software PCI Geomatica V9.1 was used for steps 1, 2 and 5. Multi-spectral bands 4, 3 and 2 were 
used for the RGB transformation to IHS colour space. The wavelet transform (steps 3 and 5) and 
substitution (step 4) were implemented in MATLAB version 7.0.4. 
 
The Rice Wavelet Toolbox (RWT) (Link 1, browsed August 19, 2005) provided functions for wavelet and 
inverse wavelet transform. It is a collection of Matlab M-files and C MEX-files for 1D and 2D wavelet 
and filter bank design, analysis, and processing. The original imagery had to be segmented in 12 parts 
because of hardware limitations. An explanation of this segmentation is presented in Appendix A. 
 
Major concerns about this method are the selection of the number of decomposition levels and the 
reduction of spectral distortions (Zhu et al., 2004). Visual comparisons of the RGB-HIS using this method 
lead to decide that four levels of decomposition was the best parameter to use for the wavelet technique. 
 
The new intensity was imported to PCI Geomatica and MOSAIC was used to merge the parts of the 
image.  Hue, Saturation and the new intensity channels were used in the inverse RGB transformation to 
obtain the final result. The Matlab code was modified to use images that are not of the size of 2n. In these 
cases, the image was resized to 4096, the value of zero was used for the cells added to matrix. The code is 
presented with detail in Appendix A. 
 
5.3.1.3 Wavelet and IHS Transform using ERDAS Imagine 
 
Spatial Enhancement toolbox in ERDAS 8.7 includes Wavelet Resolution Merge.  The dialog window 
asks for the Pan imagery (high resolution input file) and the multi-spectral input file (MS1-4). IHS was 
selected as the spectral transform parameter.  Multi-spectral bands 4, 3 and 2 were used for the RGB 
transformation to IHS colour space. Nearest Neighbour was used for the resampling technique. The 
implementation in ERDAS of this fusion technique has a limitation, no stretch in intensity or saturation is 
included.  This feature is only available in the IHS to RGB transformation module. 
 
5.3.2 Image Classification 
 
The classification scheme used is based on the U.S. Geological Survey Land-Use/Land-cover 
Classification System for Use with Remote Sensor Data modified by the Nation Land-cover Dataset and 
NOAA Coastal Change Analysis Program (NOAA, 2004; Jensen, 2005). The classes considered for the 
classification are described in the following table: 
 

Table 5.3 Classes considered for pixel-based approach. 
Name of class Description 
1.  Water Water bodies. 
2.  Low density residential Low density residential areas. 
3.  Transportation Highways, roads and railways 
4.  Construction Site Area prepared for construction. 
5.  Forest  Forest. 
6.  Golf Course Golf courses. 
7.  Corn Agriculture – Corn fields (all growing 

stages). 
8.  Wheat Agriculture – Wheat fields (mature). 
9.  Fallow Agriculture – Fallow (all growing stages). 
10. Soya Agriculture – Soya (early stage). 
11. Rapeseeds Agriculture – Rapeseeds (early stage). 
12. Pasture Agriculture – Pasture, hay, alfalfa and 

clover (early stage). 
13. Parks Parks (including grass and trees). 
14. New low-density residential  Low-density residential areas that were built 

recently and close to construction site. 
15. Commercial Commercial Areas. 
16. Industrial Industrial Areas. 



47 

Training data were selected and refined for all the considered classes. The same training data was used for 
all the pixel-based classifiers. Some comments about the training data should be mentioned: 

- Corn. One of the fields was in growing stage. The other two fields considered had height of 150 
to180 cm. These are homogeneous fields, but in some parts there was bare field. 

- Wheat.  Only one field was available for selecting testing areas. The field is homogeneous and at 
the mature stage. 

- Fallow. Only one field was available for selecting testing areas. The field is not homogeneous. It 
looked more like meadow (grass naturally grown). 

- Soya.  Three fields were mentioned in the field work as soya. Only two of them were considered. 
They had vegetation growth of 10 to 15 cm and some bare soil. 

- Rapeseeds. Three fields were mentioned in the field work as rapeseeds. Only two of them were 
considered. They had vegetation growth of 30 to 40 cm, some bare soil and corn stubbles. 

- Pasture. Only one field was available for selecting testing areas. The field is not homogeneous (a 
lot of dry vegetation) with bare field.  

Only MLC and Context classifiers were used, other classifiers were discarded because of hardware 
limitations. No further methodology was developed using pixel-based classifiers because the results were 
not optimal.  Object-based approach was investigated to improve the classification. 
 
5.3.2.1 MLC Classifier 
 
In MLC classification, the probability of a pixel belonging to each of a predefined set of m classes is 
calculated, and the pixel is then assigned to the class for which the probability is the highest. Its decision 
rule is one of the most widely used supervised classification algorithms. (Jensen, 2005) MLC classifier 
was performed using multi-spectral channels (1-4) and using fusion results of IHS-RGB transformation 
performed in Geomatica, Wavelet-IHS transformation in Matlab and Wavelet-IHS transformation from 
ERDAS Imagine. The software PCI Geomatica V9.1 was used to perform the image classification. 
 
5.3.2.2 Context Classifier vs. MLC Classifier 
 
Considering the benefits that contextual classifiers can provide, the results obtained from the previous 
section were compared with this classifier. The implementation of the contextual classifier follows the 
method described by Gong and Howard (1992). 

 
Figure 5.3 Context classifier 

 
Multi-spectral channels of the QuickBird imagery were used to perform the comparison between MLC 
and Context Classifier. The REDUCE algorithm using these channels was run for the segmentation, 
required as a previous step for the classifier. A subset of the original imagery was considered to have a 
size of 8192 x 8192 pixels, which is a limitation of the implementation of the context classifier in PCI 
Geomatica. The new image was decided according to the available field work information and the classes 
that needed to be included. Gong and Howard (1992) concluded that there is no effective indicator for the 
optimal pixel window size and the optimal number of grey level vectors.  Also, the pixel window effect is 
a major problem of the frequency-based classification method which adds systematic spatial error patterns 
to the landuse classification results along the class boundaries. (Gong and Howard, 1992) 
 
Context classifier was tested using a filter of 21 x 21 pixels. The window size for the filter was decided 
upon results obtained using different sizes. The pixel window size used in this classifier must be an odd 
integer between 3 and 21 (PCI Geomatica V9.1 Help Documentation). Detailed results of these tests are 
presented in the Appendix D. CONTEXT cannot classify (PWSIZE-1)/2 pixels along the edges of the 
image. If the output window borders the edge of the image file, then the output pixels along the edge are 
set to zero, to indicate unclassified or unknown pixels. Otherwise, these edge pixels are not changed. (PCI 

Number of grey-level vector in multi-spectral space is reduced. (REDUCE) 

Contextual classification using an appropriate window size. (CONTEXT ) 
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Geomatica V9.1 Help Documentation) This should was considered for accuracy assessment, using a mask 
where the borders of the image were not classified. 
 
It is mentioned in PCI Geomatica Help documentation that the algorithm used by REDUCE can be used as 
an efficient clustering procedure. Although the clustering accuracy is expected to be lower in theory than 
for most other types of clustering algorithms, such as K-means and ISODATA, in terms of the 
convergence error, REDUCE may still be used for quick exploration of the images to be classified. For 
segmentation, Isoclust algorithm was also considered to improve the number and quality of the clusters 
generated by REDUCE. 
 
Arroyo et al. (2005) used MLC results in the first level in the segmentation for fuel classification using 
QuickBird imagery. He used more levels to overcome this MLC level’s weak points. Matikainen (2005) 
used MLC classification for generation of segments in his research. In this research, MLC results were 
also considered for segmentation to inquire about the advantages and disadvantages of including this 
pixel-based classification in the formation of the clusters. The Isoclust algorithm was used with 100 
clusters, 10 iterations and moving threshold of 0.03 for all the imagery. The number of clusters was 
decided upon hardware limitations, the usage of more clusters led to corrupted results. 
 
5.4 Landuse/land-cover Classification – Object-Based Approach 
 
The object-based approach makes use of important information, such as shape, texture and context, which 
is present only in meaningful image objects and their mutual relationships and not in single pixels 
(Darwish et al, 2003a and 2003b). Bauer and Steinnocher (2001) & Barr and Barnsley (1997) proposed a 
two stage approach for processing. In the first stage, the principal land-cover types present in the scene are 
derived. In the second stage, this information is analysed in a spatial context in order to distinguish 
between the different landuses present. Zhang and Wang (2003) also proposed that the urban landuse 
information could be inferred from the combination of several land-cover classes existing in a 
neighbourhood by a rule-based modelling process.  The inferring rules involve the percent composition 
ranges of compatible land-cover categories for a certain landuse class, the interrelationship of the 
compatible land-covers, and the exclusion of incompatible land-covers. This two stage approach was used 
for the object-based classification implemented in this research using eCognition Professional LDH 4.0. 
 
5.4.1 Image Segmentation 
 
Object-based classification starts by segmenting the image into meaningful objects (Darwish et al, 2003a 
and 2003b).  Because an ‘ideal’ scale does not exist, objects from different levels of segmentation and of 
different meanings have to be combined for many applications. (Blaschke et al, 2000). A hierarchical 
network of four levels was created using the Multi-resolution Segmentation module in eCognition. The 
resulting image objects will have information about their neighbour-, sub- and super-objects, which allow 
classification of relationships between objects (Darwish et al, 2003a and 2003b; Willhauck, 2000). 
 
An initial segmentation was performed using a scale that allowed the separation of most of the 
transportation and low-density built-up objects. The MS-infrared was the only channel considered, and 
given a weight of 1. The scale and other parameters ware selected according to several tests using several 
values for them.  See Appendix F for more information about these tests. 
 
 

Table 5.4 Parameters for initial segmentation – Level 2. 
Parameter Value 
Scale 110 
Shape 0.3 
Compactness 0.5 
Smoothness 0.5 
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A prerequisite for the realisation of the two-stage approach (Bauer and Steinnocher 2001; Barr and 
Barnsley, 1997) is the extraction and classification of image objects. The initial segmentation should 
contain objects which can be easily identified by spectral properties or rules. In this level, the objects that 
were given more consideration were the ones from transportation and low-density built-up classes.  
Transportation objects should be in their majority long and should be separated from houses in the low 
density residential areas.  Most of the transportation objects were separated, but in some parts the 
segments were a mixture of minor roads and houses. A copy of this segmentation was placed in Level 3. 
 
Using the top-down approach for segmentation, a new detailed level was created – Level 1.  Sub-object 
analysis using the initial segmentation was selected with a scale parameter of 0.85. This level is meant for 
the classification of land-cover types, mainly agriculture, and some of the built-up classes that can be 
defined by spectral properties, such as construction site and bare field. 
 
Using the bottom-top approach for segmentation, a new coarse level was created – Level 4. This level was 
created to have a reference to large objects that can help distinguishing between big buildings and small 
houses, mainly for extraction of commercial and industrial areas. The same approach was considered for 
large vegetated areas inside residential places, it may help to separate parks. 
 
The parameters for this level are described below: 
 

Table 5.5 Parameters for segmentation in Level 4. 
Parameter Value 
Scale 200 
Shape 0.3 
Compactness 0.5 
Smoothness 0.5 

 
Regarding the choice of the segmentation approach, it is important to mention that the order of 
segmentation affects the overall image segmentation and thus should be determined by the main focus of 
the classification (the shape of the objects of interest) as well as by the used image data (Hoffman, 2001). 
After the segmentation was finished, a visual examination of the area was made. The objects like 
transportation and low density residential were separated successfully in level 2.  Level 3 was planed to be 
used to make improvements of the rule definition set. Level 1 had details to identify single trees in 
recreational areas. This level was intended to be used with the nearest neighbour classifier to identify the 
different crops of agriculture.  A combination of Level 1 and Level 4 contained objects to discriminate 
between large buildings (like commercial and industrial buildings) and low density residential areas.   
 

5.4.2 Image Classification 
 
An overview of the object-based methodology for the image classification is presented in the 
following work-flow: 
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Figure 5.4 Object-based methodology. 
 
5.4.2.1 Creation of abstract classes to identify levels. 
 
Four abstract classes (‘level1’, ‘level2’, ‘level3’ and ‘level4’) to identify the levels of segmentation were 
added, the expression Level under Hierarchy in Object Features was used to separate them. A detailed 
explanation of definition of the classes and their membership functions are presented in Appendix G.  No 
classification was required. 
 
5.4.2.2 Separation of agriculture, built-up and water classes in Level 2.   
 
Vegetation classification can start simply by separating vegetated from non-vegetated regions or forested 
from open lands. Such simple distinctions can have great significance in some contexts, especially when 
data are aggregated over large areas.  (Campbell, 2002) 
 
Willhauck (2000) used a first level to separate between water and non-water areas.  The second one used 
the red and near infrared channels for the separation of forest and non-forest. 

Separate agriculture, built-up and water classes 
Level 2, Classification without related features 

Creation of classes that describe agriculture and built-up. 
Level 1, Classification with related features.  Number of cycles: 1 

Classification of detailed description of agriculture and built-
up abstract classes. 
Level 2, Classification with related features.  Number of cycles: 3 

Extraction of big houses/buildings. 
Level 4, Classification without related features.   

Copy the information from level 4 to level 3 - big 
houses/buildings. 
Level 3, Classification with related features.   Number of cycles: 1 

Rules that were conflicting in level 2 applied in Level 3 to 
obtain final classification. 
Level 3, Classification with related features.  Number of cycles: 2 

Creation of classes that describe agriculture and built-up.   
Level 3, Classification with related features. Number of cycles: 1 

Creation of abstract classes to identify levels 
All levels 
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Following a similar method, the first separation will be for three major classes, agriculture, built-up and 
water. 
 
Membership functions were created for the three classes: ‘agriculture_lev2’, ‘built-up_lev2’ and 
‘water_lev2’. Membership values used with MS 1-4 channels for water were obtained from sample data. 
To separate between the agriculture and built up area, the NDVI was used.  
One of the factors considered to identify the correct values for NDVI to select agriculture was the red 
shift.  The magnitude of the red shift varies with crop type and it is a pronounced and persistent feature in 
wheat (Campbell, 2002). Initial tests didn’t include this phenomenon, and wheat mature fields were 
classified as built-up areas because of its spectral similarity with minor roads and bare field. NDVI values 
from 2020 to 10 000 were assigned to the agriculture class. Green and red bands also contributed with 
values from 0 to 505, and from 470 respectively.  A detailed explanation of definition of the classes and 
their membership functions are presented in Appendix H.  Classification without related features was 
used. 
 
5.4.2.3 Creation of classes that describe agriculture and built-up at Level 1.   
 
As mentioned before, a prerequisite for the realisation of the two-stage approach (Bauer and Steinnocher 
2001; Barr and Barnsley, 1997) is the extraction and classification of image objects.  Early investigations 
have found that the quality of morphological properties and spatial relations of image objects depend 
significantly on the accuracy of the initial land-cover classification.  
 
Willhauck (2000) used a third level for the separation of forest types from the broad class forest. Arroyo et 
al. (2005) used the results of a pixel-based classification as the first level for his analysis. Following a 
similar method, detailed classed for agriculture were created. Also classes that belong to built up area that 
can be separated only using spectral properties were defined.  Nearest Neighbour classifier was used in 
this level.  
  
Two abstract classes (‘agri_lev1’ and ‘built_lev1’) to connect information from Level 2 were defined.  
The following table gives a description of the definition of the agriculture classes for Level 1. 
 

Table 5.6 Description of agriculture – related classes for Level 1. 
Name of class Description 
bare-notused_lev1 Bare field, areas with dead vegetation, or with 

minor quantity of healthy vegetation. It is not dry 
soil or cleared area. 

corn_high_lev1 Corn, good growth 
corn_low_lev1 Corn, poor growth 
dark_grass_lev1 Grass with low reflectance. 
forest_con_lev1 Forest Coniferous 
forest_dec_lev1 Forest Deciduous 
grass_cut_water_lev1 Grass that is part of the golf courses, which is 

frequently cut and irrigated. 
grass_with_bare_lev1 Grass that has a lot of bare soil around. 
healthy_grass_lev1 Healthy grass. 
rapseeds_lev1 Rapeseeds 
shadow_lev1 Shadows from trees mainly. 
soya_lev1 Soya 
wheat_mature_lev1 Wheat in mature stage 

 
Training data for the agriculture classes were selected from the information obtained in the field work.  
Remembering the considerations related to the field work it can be mentioned that: 

- Corn. One of the fields was in growing stage. The other two fields considered had height of 150 
to180 cm. These are homogeneous fields, but in some parts there was bare field. The two classes 
need to be separated. 
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- Wheat.  Only one field was available for selecting testing areas. The field is homogeneous and at 
the mature stage. 

- Fallow. Only one field was available for selecting testing areas. The field is not homogeneous. It 
looked more like meadow (grass naturally grown). It had a lot of problem with bare-field and 
grass. The class was not considered any more. The land-covers created were: bare-field, grass 
with bare and healthy_grass_lev1. 

- Soya.  Three fields were mentioned in the field work as soya. Only two of them were considered. 
They had vegetation growth of 10 to 15 cm and some bare soil. 

- Rapeseeds. Three fields were mentioned in the field work as rapeseeds. Only two of them were 
considered. They had vegetation growth of 30 to 40 cm, some bare soil and corn stubbles. 

- Pasture. Only one field was available for selecting testing areas. The field is not homogeneous; it 
contains a lot of dry vegetation and bare field. It had a lot of problem with bare-field and grass. 
The class was not considered any more. The classes created to overcome this conflict were 
mentioned above. 

 
Cover types may not match exactly to the categories in a classification system, but they form the 
interpreter’s best approximation of these categories for a specific set of imagery (Campbell, 2002). This is 
the case of the new classes added to replace fallow and pasture. 
 
Shackelford and Davis (2003a, 2003b) & Zhang and Wang (2003) used pixel-based classification for 
classes that are not spectrally similar in built-up areas and agriculture areas also. Barn and Barnsley (1997) 
suggested that to identify residential land in remotely-sensed images, the dominant land-cover type 
associated with each pixel must be established, and then the spatial arrangement of these land-cover labels 
in multi-pixel regions of the image should be examined.  Following these methods, membership functions 
were created for the detailed built-up classes that are not spectrally similar. Nearest Neighbour classifier 
was not used at this stage because of results in conflicting fuzzy membership classification values. The 
following table gives a description of the definition of the built-up – related classes for Level 1. 
 

Table 5.7 Description of built-up – related classes for Level 1. 
Name of class Description 
bare field_lev1  Cleared area, very dry soil. 
construction site_lev1 Construction Site 
new_residential_lev1 New Residential 
small_built-up_lev1 Small built up (related to area) 
transp_lowden Built-up area that includes transportation, low density 

residential, commercial and industrial areas. 
 
Membership values for construction site, new residential and small built-up classes were obtained from 
sample data as proposed by Darwich et al (2003a). 
 
The following figure gives the description of the classes defined for Level 1. It shows the class hierarchy 
to separate the agriculture and built-up – related classes.  All the names of the classes have the suffix 
‘_lev1’ for identification purposes. 
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Figure 5.5 Class Hierarchy description for Level 1. 

 
Nearest neighbour classifier was considered for the classes described in the table below.  For the 
parameter of Nearest Neighbour Function Slope a parameter of 0.95 was set as a membership value at 
standard deviation.  Larger values result in more classified objects. 
 

Table 5.8 Classes included for the Nearest Neighbour Classifier. 
Name of class   
bare-notused_lev1 forest_con_lev1 healthy_grass_lev1 
corn_high_lev1 forest_dec_lev1 rapseeds_lev1 
corn_low_lev1 grass_cut_water_lev1 shadow_lev1 
dark_grass grass_with_bare_lev1 soya_lev1 
  wheat_mature_lev1 

Classification with related features with 1 cycle was performed. A detailed explanation of definition of the 
classes and their membership functions are presented in Appendix I. 
 
5.4.2.4 Creation of classes that describe agriculture and built-up at Level 3.   
 
The levels can only see the information from the immediate level above and below.  The 
‘agriculture_lev2’ and ‘built_up_lev2’ classes obtained in classification of Level 2 are needed for 
classification of Level 4, so intermediate classes in Level 3 should be created (‘agri_lev3’ and 
‘built_up_lev3’). The class ‘water’ was also included as it did not conflict with the classification, and was 
required in further steps. Existence of big-houses sub-objects from Existence of in Relations to super-
objects under Class-related features was used as a membership function for both classes.  Classification 
with related features with 1 cycle was performed.  A detailed explanation of definition of the classes and 
their membership functions are presented in Appendix J. 
 
5.4.2.5 Extraction of big houses/buildings in Level 4. 
 
The class ‘big buildings’ was used to extract the buildings that are candidates for their membership to 
commercial and industrial areas.  Following this discrimination, it is easier to separate between low 
density residential and commercial and industrial areas. 
 
The rules used to describe ‘big buildings’ class is described below: 
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Big buildings  
And(min)  
  Area, complete membership from 1700 m2.  
  Existence of built-up_lev3 super objects 
  GLCM Entropy (all dir.), Qb.img(2), complete membership from 5.5 to 9.15 
  GLCM Entropy (all dir.), Qb.img(3), complete membership from 6.3 
  GLCM Entropy (all dir.), Qb.img(4), complete membership from 5.9 
  GLCM Entropy (all dir.), Qb.img(5), complete membership from 6 to 9.1 
  Rectangular Fit, increasing membership from 0.34 
 
The features provided by eCognition software were analysed to identify which of them could be used to 
identify the ‘big buildings’ objects. The features that could give separability between this and other classes 
were included in the rule description for the ‘big buildings’ class. GLCM Entropy was used to try to avoid 
selecting objects that are not of interest, like low density built-up houses and some transportation objects. 
Not all the objects could be successfully separated; more rules have to be included in Level 2 to avoid 
conflicts with these objects. 
 
The following figure shows the description of the classes defined for Level 4. Only one class was defined 
under this level. 

 
Figure 5.6 Class Hierarchy description for Level 4. 

 
Classification with related features with 1 cycle was performed. A detailed explanation of definition of the 
classes and their membership functions are presented in Appendix K. 
 
5.4.2.6 Copy the information from level 4 to level 3 (big houses/buildings). 
 
The levels can only see the information from the immediate level above and below.  The big 
houses/buildings obtained in classification of Level 4 are needed for classification of Level 2, so an 
intermediate class in Level 3 should be created (‘big-houses_lev3’). Existence of big-houses super-objects 
from Existence of in Relations to super-objects under Class-related features was used as a membership 
function.  Classes ‘agri_lev3’ and ‘built_up_lev3’ were changed to inactive because they are not required 
in this step.  Classification with related features with 1 cycle was performed.  A detailed explanation of 
definition of the class and its membership function is presented in Appendix L. 
 
5.4.2.7 Classification of Level 2, with detailed description of agriculture and built-up abstract 
classes. 
 
The classes ‘agriculture_lev2’ and ‘built-up_lev2’ were changed to abstract in their definition windows 
because no object is required to belong to this classes, but to the detailed classes below them. A 
description of the classes related to agriculture defined for Level 2 is presented in the table below. 
 

Table 5.9 Description of agriculture – related classes for Level 2. 
Name of class Description 
bare-notused_lev2 Bare field, areas with dead vegetation, or with minor quantity of 

healthy vegetation. It is not dry soil or cleared area. 
corn_lev2 Corn  
forest_con_lev2 Forest Coniferous 
forest_dec_lev2 Forest Deciduous 
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golf_course_lev2 Golf courses 
grass_lev2 Grass 
grass_lowden_lev2 Grass close to low density residential houses 
rapseeds_lev2 Rapeseeds 
soya_lev2 Soya 
wheat_lev2 Wheat 

 
Rules considered to describe detailed classes for agriculture Level 2 are explained below: 
Bare-notused_lev2 
And(min)  
  Relative area of bare-notused_lev1 sub-objects, increasing membership to 1. 
Corn_lev2 
And(min)  
 Or(max) 
   Relative area of corn_high_lev1 sub-objects, increasing membership to 0.9. 
   Relative area of corn_low_lev1 sub-objects, increasing membership to 0.9. 
Forest_con_lev2 
And(min)  
  Relative area of forest_con_lev1 sub-objects, increasing membership to 0.95. 
Forest_con_lev2 
And(min)  
  Relative area of forest_dec_lev1 sub-objects, increasing membership to 0.95. 
Golf_course_lev2 
And(min)  
  Relative area of grass_cut_water_lev1 sub-objects, increasing membership to 0.95. 
Grass_lev2 
And(min)  
 Or(max) 
   Relative area of dark_grass_lev1 sub-objects, complete membership from 0.15. 
   Relative area of grass_with_bare_lev1 sub-objects, complete membership from 0.15. 
   Relative area of healthy_grass_lev1 sub-objects, complete membership from 0.15. 
Grass_lowden_lev2 
And(min)  
 Or(max) 
   Rel. area of grass_low_den_lev2 sub-objects (99 m), large membership values from 0.15. 
   Rel. area of low-density_lev2 neighbour-objects (200 m), complete membership from 0.16 
   Relative area of corn_low_lev1 sub-objects, complete membership from 0.2. 
   Relative area of golf_course_lev2 neighbour-objects (0 m), complete membership from 0.5. 
   Relative area of grass_cut_water_lev1 sub-objects, increasing membership to 1. 
   Relative area of rapseeds_lev1 sub-objects, complete membership from 0.5. 
   Relative area of soya_lev1 sub-objects, complete membership from 0.5. 
   Relative area of healthy_grass_lev1 sub-objects), complete membership from 0.5. 
   Relative area of grass_with_bare_lev1 sub-objects, increasing membership to 1. 
   Relative area of corn_high_lev1 sub-objects, complete membership from 0.2. 
   Relative area of wheat_mature_lev1 sub-objects, complete membership from 0.5. 
   Classification value of grass_lev2, increasing membership to 1.  
   Relative area of dark_grass_lev1 sub-objects, increasing membership to 1. 
Rapseeds_lev2 
And(min)  
  Relative area of rapseeds_lev1 sub-objects, increasing membership to 0.95. 
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Soya_lev2 
And(min)  
  Relative area of soya_lev1 sub-objects, increasing membership to 1. 
Wheat_lev2 
And(min)  
  Relative area of wheat_mature_lev1 sub-objects, increasing membership to 0.95. 
 
To overcome the limitations of nearest neighbour compared to other advanced classifiers, the class 
‘grass_lowden_lev2’ was used to avoid the misclassification of grass close to built-up areas to an 
agriculture class, such as corn, wheat, soya, etc. A description of the built-up related classes defined for 
Level 2 is presented in the table below. 
 

Table 5.10 Description of built-up – related classes for Level 2. 
Name of class Description 
bare field_lev2 Cleared area, very dry soil. 
cloud_lev2 Clouds 
comm&ind_lev2 Commercial and industrial areas 
construction site_lev2 Construction Site 
new_residential_lev1 New Residential 
dark_shadow_lev2 Shadow from clouds 
low-density_lev2 Low density residential 
roads_lev2 Abstract class to help the identification of transportation objects 
transportation_lev2 Transportation 

 
Rules considered to describe detailed classes for built-up Level 2 are explained below: 
Bare field_lev2 
And(min)  
  Existence of bare_field_lev1 sub- objects 
  Relative area of bare field_lev1 sub-objects, complete membership from 0.5 
Comm&ind_lev2 
And(min)  
 And(*) 
   Area, complete membership from 800 m2 
   Relative area of small_built-up_lev1 sub-objects, decreasing membership from 0.9 
  Border to grass_lev2 neighbour objects, complete membership from 0 to 5 m. 
  Border to grass_lowden_lev2 neighbour objects, complete membership from 0 to 5 m. 
  Existence of big-houses_lev3 super objects 
Construction_site_lev2 
And(min)  
  Existence of construction site_lev1 sub-objects 
  Relative area of construction site_lev1 sub-objects, complete membership from 0.06. 
Low-density_lev2 
And(min)  
  not bare field_lev2 
  not cloud-lev2 
  not comm&ind_lev2 
  not construction site_lev2 
  not dark_shadow_lev2 
  not transportation_lev2 
Roads_lev2 (abstract class) 
And(min)  
  Classification value of comm&ind_lev2, decreasing membership from 1. 
  not cloud-lev2 
  not dark_shadow_lev2 
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Transportation_lev2 
And(min)  
  Classification value of construction site_lev2, decreasing membership from 1. 
 Or(max) 
  And(*) 
    Compactness, complete membership from 1.8 to 2.5 
    Length/width, complete membership from 6.2 to 8.5 
  And(*) 
    Length/width, complete membership from 4 to 200 
    Length/width (line so), complete membership from 20 to largest value 
  And(*) 
    Compactness, complete membership from 3.35 to 53.5 
    Length/width, complete membership from 1 to 4 
 
The class ‘water’ had no change. The classes ‘cloud_lev2’ and ‘dark_shadow_lev2’ were introduced to 
avoid misclassification of the agriculture classes around clouds and their shadows. Membership values for 
these classes were considered from sample data. 
 
The following figure gives the description of the classes defined for Level 2. It shows the class hierarchy 
to separate the agriculture and built-up – related classes.  All the names of the classes have the suffix 
‘_lev2’ for identification purposes. 

 
Figure 5.7 Class Hierarchy description for Level 2. 

 
Classification with related features with 3 cycles was performed. A detailed explanation of definition of 
the classes and their membership functions is presented in Appendix M. 
 
5.4.2.8 Classification of Level 3, with detailed description of agriculture and built-up abstract 
classes.  
 
The classes ‘agr_lev3’ and ‘built-up_lev3’ were changed to abstract in their definition windows because 
no object is required to belong to this classes, but to the detailed classes below them. The membership 
function that relates the sub-objects for classes ‘agr_lev3’ and ‘built-up_lev3’ were changed to inactive. 
Parks had some built-up objects in their rule definition set, thus these membership functions were not be 
included. 
 
The class ‘big houses/buildings’ was changed to inactive because it was not used for this level. 
 
This classification was used to consider other rules that are conflicting with the previous step.  Some of 
these conflicting rules are related to commercial and industrial areas and the parking lots that are close to 
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it.  Parks also conflicted with grass in the low density residential regions. A description of the classes 
related to agriculture defined for Level 3 is presented in the table below. 

 
Table 5.11 Description of agriculture – related classes for Level 3. 

Name of class Description 
bare-notused Bare field, areas with dead vegetation, or with minor quantity of 

healthy vegetation. It is not dry soil or cleared area. 
corn Corn  
forest_con Forest Coniferous 
forest_dec Forest Deciduous 
golf_course Golf courses 
grass Grass 
grass_lowden Grass close to low density residential houses 
parks Parks 
parks_intial Class to identify baseball-fields and the area around it. 
rapseeds Rapeseeds 
soya Soya 
wheat Wheat 

 
Rules considered to describe detailed classes for agriculture Level 3 are explained below: 
Bare-notused 
And(min)  
  Existence of bare_notused_lev2 sub- objects 
Corn 
And(min)  
  Existence of corn_lev2 sub- objects 
Forest_con 
And(min)  
  Existence of forest_con_lev2 sub- objects 
Forest_dec 
And(min)  
  Existence of forest_con_lev2 sub- objects 
Golf_course 
And(min)  
  Existence of golf course_lev2 sub- objects 
Grass 
And(min)  
  Existence of grass_lev2 sub- objects 
Grass-lowden 
And(min)  
  Existence of grass_lowden_lev2 sub- objects 
Parks 
And(*)  
 And(*) 
  Or(max) 
   And(*) 
     Existence of low-density neighbour objects (29m) 
     Relative area of low density neighbour objects (29m), complete 

membership value from 0 to 0.15. 
    Not Existence of low-density neighbour objects (29m) 
  Or(max) 
   And(*) 
    Existence of transportation neighbour objects (29m) 
    Or(max) 
     And(*) 
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       Border length, complete membership value from 0 to 80 m. 
       Border to transportation neighbour objects, complete 

membership value from 0 to 10 m. 
     And(*) 
       Border length, complete membership from 80 m. 
       Border to transportation neighbour objects, complete 

membership from 0 to 50 m. 
     Relative area of transportation neighbour objects (29m), complete 

membership from 0 to 0.2. 
    Not Existence of transportation neighbour objects (29m). 
 Or(max) 
  And(*) 
    Classification value of grass-lowden, increasing membership to 1. 
    Distance to parks_intial neighbour objects, complete membership from 0 to 

50 m.  
   Classification value of grass-lowden, increasing membership to 1. 
   Classification value of parks_initial, increasing membership to 1. 
Parks_initial 
Or(max)  
  Classification value of baseball-field_lev3, increasing membership to 1. 
 Or(max) 
  And(*) 
    Classification value of transportation, increasing membership to 1. 
   Or(max) 
     Existence of baseball-field_lev neighbour objects (20m) 
     Relative border to baseball-field_lev3, complete membership from 0.1. 
 Or(max) 
  And(*) 
    Classification value of low-density, increasing membership to 1. 
   Or(max) 
     Existence of baseball-field_lev neighbour objects (20m) 
     Relative border to baseball-field_lev3, complete membership from 0.1. 
 Or(max) 
  And(*) 
    Classification value of bare-not-used, increasing membership to 1. 
   Or(max) 
     Existence of baseball-field_lev neighbour objects (20m) 
     Relative border to baseball-field_lev3, complete membership from 0.1. 
Rapseeds 
And(min)  
  Existence of rapseeds_lev2 sub- objects 
Soya 
And(min)  
  Existence of soya_lev2 sub- objects 
 
Wheat 
And(min)  
  Existence of wheat_lev2 sub- objects 

 
A description of the built-up related classes defined for Level 3 is presented in the following table. 
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Table 5.12 Description of built-up – related classes for Level 3. 
Name of class Description 
bare field Cleared area, very dry soil. 
baseball-field_lev3 Baseball fields 
cloud_lev3 Clouds 
comm&ind Commercial and industrial buildings 
commercial_industrial Commercial and industrial areas 
construction site Construction Site 
dark_shadow_lev3 Shadow from clouds 
low-density Low density residential 
new-residential New low density residential  
transportation_lev2 Transportation 

 
Rules considered to describe detailed classes for built-up Level 3 are explained below: 
Bare-field 
And(min)  
  Existence of bare field_lev2 sub-objects 
Baseball-field_lev3 
And(min)  
  Area, complete membership from 600 to 1500 m2. 
  Existence of construction site_lev2 sub-objects 
  Length/width, complete membership from 0 to 2. 
 Or(max) 
   Relative border to bare-not-used neighbour objects, complete membership from 0.3. 
    Relative border to construction-site neighbour objects, complete membership from 

0.2 to 0.4 
    Relative border to grass-lowden neighbour objects, complete membership from 0.3 
  Rectangular Fit, complete membership from 0.62 to 0.92. 
  Shape Index 
Cloud_lev3 
And(min)  
  Existence of cloud_lev2 sub-objects 
Comm&ind 
And(min)  
  Existence of comm&ind_lev2 sub-objects 
Commercial industrial 
And(min)  
  Distance to comm&ind neighbour objects, complete membership from 0 to 40 m. 
  Relative area of comm&ind neighbour objects (50m), complete membership from 0.1 
 Or(max) 
   Classification value of low-density, complete membership from 0.5. 
    Classification value of transportation, complete membership from 0.5. 
Construction-site 
And(min)  
  Existence of construction site_lev2 sub-objects, membership value of 0.98 
Dark_shadow_lev3 
And(min)  
  Existence of dark_shadow_lev2 sub-objects 
Low-density 
And(min)  
  Existence of low-density_lev2 sub-objects, membership value of 0.98 
New-residential 
And(min)  
  Classification value of low-density, complete membership from 0.5. 
  Relative area of construction-site neighbour objects (99m), complete membership from 
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0.2. 
Transportation 
And(min)  
  Existence of transportation_lev2 sub-objects 
 
The following figure gives the description of the classes defined for Level 3. It shows the class hierarchy 
to separate the agriculture and built-up – related classes.  Some of the names of the classes have the suffix 
‘_lev3’ for identification purposes.  The classes that do not have the suffix were used for the accuracy 
assessment. 

 
Figure 5.8 Class Hierarchy description for Level 3. 

 
Classification with related features with 3 cycles was performed. A detailed explanation of definition of 
the classes and their membership functions is presented in Appendix N. 
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CHAPTER SIX 
RESULTS AND DISCUSSION 

 
6.1 Geometric Correction of QuickBird Pan and MS images 
 
Pan imagery was corrected using 20 GCPs collected from NTDB vector data.  The registration was done 
using nearest neighbour.  The average RMS was 0.35 in X and 0.39 in Y direction. The following table 
shows the errors of the geometric correction. 
 
The georeferenced image created in the step above was used to create 20 GCPs. MS channels were 
registered to the database using cubic convolution. The average RMS was 0.13 in X and 0.12 in Y 
direction. The following table shows the errors of the geometric correction. 
 
6.2 Landuse/land-cover Classification - Pixel based approach 
 
6.2.1 Data Fusion  

 
The image was segmented into 16 areas to facilitate the location of the elements in the imagery.  Refer to 
appendix C for a visual explanation of these areas. Image fusion results were visually compared. Some of 
the areas of interest are shown in the following figures. Linear enhancement was used to show all the 
imagery. All the figures represent the comparison of data fusion results where a) MS 2-4 (false colour 
composite) b) RGB-HIS (PCI Geomatica), c) Wavelet and IHS Transform (MATLAB implementation) 
and d) Wavelet and IHS Transform (ERDAS Implementation). 

a)  b)

c)  d)
Figure 6.1 Comparison of fusion results (1).  

 
Figure 6.1 was taken from the upper left part of area 1 in the imagery. A small water body, a forest, a 
commercial area and the shadow of a cloud can be visualised.  The results showed in b) and c) provided 
clearer delimitations of the commercial building than d). The lines that identify the parking spaces are also 
included.  Visual comparisons of a) with b), c) and d) show that there is colour distortion. Results of b) 
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and c) are very similar.  The reduction of the colour distortion in c) compared to b) is not identifiable by 
visual aids.  For results from d) it can be said that there is very little information obtained from the Pan 
Imagery.  One can notice some delimitation in the circular road in the bottom and in the commercial 
building, but the sharpening of the borders on b) and c) show better boundaries for the objects. Bright pink 
and green pixels are added to the result of d).  These pixels were added by the algorithm in Erdas due to 
the lack of intensity and/or saturation stretch parameter; it is present in all shadows (clouds, buildings, 
etc.). The bright pixels in the forested area are also related to the shadow of the trees.   
 
Figure 6.2 was taken from the central part of area 15 in the imagery. The bright building is part of an 
industrial site. There exist low-density residential objects close to it.  
 
Similarly to the figure above, the results of b) and c) show sharpening of the borders of the objects.  For d) 
it is shown less amount of distorted colours, nevertheless some bright pixels are located in the houses from 
low density residential areas in the upper right part. White lines in the buildings that can be seen clearly in 
b) and c) can barely be seen in d), but it shows that some information from the Pan imagery is also 
included.  It is noticeable the amount of information added in b) and c) as the individual trees close to the 
low-density residential area can be identified. 
 

a)  b)  

c)  d)  
Figure 6.2 Comparison of fusion results (2).  
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a)  b)  

c)  d)  
Figure 6.3 Comparison of fusion results (3). 

 
Figure 6.3 was taken from the lower right part of area 1 in the imagery. It shows a road close to forested 
area. The ringing effect of the borders generated by the segmentation of the imagery implemented in 
Matlab can be identified in c).  In the lower part of c) a line generated by this effect can be seen.  Along 
this line, some distortion of the spectral information can be visually identified comparing it with the 
results of b).  Bright pixels are present in d) and not always due to the presence of a cloud or shadow of 
buildings or trees; they can be seen in the dark roads connecting the buildings with the road. 
 
Figure 6.4 was taken from the central right part of area 16 in the imagery. The field in the right bottom of 
the image is mature wheat.  Fallow is present in the other field.   The amount of information included in b) 
and c) can be identified by the presence well defined cars and the clear white divisions in the highway.  
These features are also present in d) but not with the same degree of clarity. The truck that is in the lower 
part of the highway did not get enough information from the Pan imagery, nevertheless the rest of the cars 
can be visualised clearly compared to a). 
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a)  b)  

c)  d)  
Figure 6.4 Comparison of fusion results (4). 

 
 
The results of the fusion techniques were only used in the first part of the landuse/land-cover classification 
in the pixel-based approach.  The result obtained from the Wavelet and IHS Transform fusion technique 
implementation in ERDAS was used for the initial work in the object-based approach. Some problems 
were encountered with the fused imagery, such as: 

- The scale parameter for the segmentation in Level 2 was 110, differing from the one used with the 
MS1-4 channels, which was 130. 

- The level for segmenting smaller objects were difficult to obtain because no combination of 
parameters could be found to extract similar results to Level 1 obtained with the MS1-4 channels. 

- The upper-most level to obtain large objects, like commercial and industrial areas were relatively 
easy to obtain, but with the limitation of not getting good segmentation for Level 1, no good 
differentiation between commercial, industrial and low density residential objects could be made. 

- It could be identified a colour distortion because the parameters used for membership values and 
the ones obtained from sample data were not the same compared to the ones used for MS1-4 
channels.  New values had to be considered. 

Considering the above drawbacks, further analysis of this imagery was stopped.  It is recommended that 
the results of the implementation in Matlab were used instead, thus the ringing effect due to the 
segmentation of the image has to be solved before the analysis is started. 
 
6.2.2 Image Classification 
 
6.2.2.1 MLC Classifier 
 
The results of the MLC classifier using different sets of imagery were compared. The accuracy assessment 
of these comparisons is described in the table below. A detailed description of the accuracy assessment is 
presented in the Appendix D. 
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Table 6.1 Accuracy assessment for MLC classifier. 

Image Data Overall 
accuracy 

Average 
accuracy 

Kappa 
Coeffient 

1. MS1-4 83.71% 73.21% 0.80662 
2. Wavelet-IHS fusion (ERDAS) 82.96% 71.47% 0.79783 
3. Wavelet-IHS fusion (Matlab) 81.10% 71.16% 0.77637 
4. IHS-RGB fusion 80.59% 70.32% 0.77064 

 
The best accuracy was obtained using MS 1-4 channels.  A visual analysis of the results has to be done in 
order to compare and identify why the fused imagery yielded lower accuracy. Table 6.4 shows the 
confusion matrix for the best classification result. 
 

Table 6.2 MLC Classification results. Image Data: MS 1-4 
 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 94.8 4.1   0.8         0.1   
Low 
den 

 25.2 47.3     0.1 0.5 0.5  0.8 2.2 0.8 20.4 2.2 

Trans  3.6 51.3           0.1 40.3 4.6 
Const    87.8  4.2        6.5  5.7 
Forest  0.3   90.8 94.6 1.6      3.0    
Golf  1.4   1.9 5.1 0.4      0.7 0.4   
Corn  0.6   1.3  85.8  0.1  0.2 4.8 2.1    
Wheat  0.2      95.1     0.1 0.1  4.6 
Fallo  4.9     0.2  81.3 0.1 0.1 4.3 9.1    
Soya  0.1       22.2 74.0  3.1 0.6    
Rap s  4.1    3.1    2.3 89.4  1.1    
Pastur  0.4     2.0  0.9 0.6  81.1 13.3 0.3  0.5 
Parks  7.4   9.4 9.6 5.1  1.7 1.1 0.9 16.8 47.8   0.1 
New 
res 

  6.0 7.4          71.0 1.4 14.1 

Comm  0.4 40.6           5.2 48.5 5.4 
Ind  1.0 36.0 0.4      0.1    0.9 8.7 52.8 
 
The kappa coefficients for all the classification results are high due to the limited field work, and thus 
limited testing areas.   The accuracy assessment measures showed that the Wavelet-IHS fusion technique 
implementation in ERDAS obtained the better result compared to its implementation in Matlab, using 
MLC for land-cover/landuse classification. A visual analysis of the imagery has to be considered to 
support the conclusion that this technique has successfully driven the classification. Initial conclusions of 
analysis of the results obtained in this fusion technique mentioned that there existed a loss of spectral 
information, addition of bright pixels (under clouds, shadows and dark built-up areas) and the Pan imagery 
contributed in a minor extent to the sharpening of the image. Figure 6.5 shows the classification result 
with the best accuracy of the complete study area. 
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Legend - Pixel-Based Approach 

Water  Fallow 
Low-Density Res.  Soya 
Transportation  Rapeseeds 
Construction Site  Pasture 
Forest  Parks 
Golf Course  New Low-Density  
Corn  Residential 
Wheat  Commercial 

  Industrial 
Figure 6.5 Image Classification result for MCL, using MS 1-4. 

 
The classes that had most of the problems were low density residential and parks.  Commission and 
omission errors are present with most of the rest of the classes.  The selection of trees, grass and houses 
for low density residential; and the selection of trees and grass for parks was the principal reason for this 
misclassification.  Golf course has the lowest producer’s accuracy because of the high variability in the 
land-covers considered for the training areas for this class.  The forested areas, grass and trees were 
selected for its definition.  It was not a good idea to have so different classes combined to define a landuse 
class with this pixel classifier. 
In general, the land-cover classes had very good classification results. The spectral similarity of the 
classes: low density residential, transportation, construction and industrial led to relatively large 
commission and omission errors.  
 
Some of the areas of interest are shown in the following figures. Linear enhancement was performed on all 
the imagery. All the figures represent the original imagery in a) False Colour Composite (MS 4,3,2),  and 
the comparison of MLC classifier results where b) MS 1-4, c) RGB-IHS, d) Wavelet and IHS Transform 
(MATLAB implementation) and e) Wavelet and IHS Transform (ERDAS Implementation). 
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Legend - Pixel-Based Approach 
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b)  c)  

d)  e)  
Figure 6.6 Results from MLC classifier (1). 

 
The figure 6.6 was taken from the lower right part of area 8 in the imagery.  It shows a mayor highway 
with a large building, grass and trees.   The building next to the highway (under the red circle) was 
classified as commercial in b) and e), with more definition in e).  It could be noticeable the loss of spectral 
information as the areas grass (under the grey circle) were classified as a mixture of pasture, parks, corn 
and golf course in b), c), d) and e). It was identified that with MLC the areas are more homogeneous, and 
with the fusion results, the classification of the pixels changes from parks to corn.  
 
The information from the Pan imagery contributed to the identification of the trees that are present in the 
area, and which were not classified with the original MS 1-4 channels.  There was a problem with the 
corn, pasture and soya, because it is conflicting with low grass.  Corn needed to be separated into two 
classes: poor growth and middle-growth corn.   The fusion result of e) had the most notable changes in the 
spectral information. The forested area was not identifiable as with the other two fusion methods. The 
bright areas of the highway were responsible of the misclassification of commercial areas. The highway 
had a greater variability along the asphalt; some lines of commercial classification could be located along 
it.  This pattern was not similar with b), c) and d). 
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Legend - Pixel-Based Approach 
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b)  c)  

d)  e)  
Figure 6.7 Results from MLC classifier (2). 

 
The figure 6.7 was taken from the central left part of area 8 in the imagery.  It shows corn and rapeseeds 
fields and a minor road. It could be noticeable again the problem with corn and grass (under the red 
circle). The misclassification of the trees in the same area with golf course class was because the training 
data for this class considered healthy grass and trees.  Parks should not be present in this area; this was a 
result of the combination of grass and trees selected for its training areas. It could be observed the 
information of the trees that was added in the fused imagery (under the red circle).  
 
However, in the corn field there were no trees present, and the information from the borders of the not 
homogeneous field led to misclassification (under the grey circle). Pasture was conflicting with bare field 
areas. A class to define bare field should be included.   The classification of corn and rapeseeds fields was 
very favourable and the problems were present in the conflicting classes described before. 
 
The minor road from e) had a similar loss of spectral information compared to the one present in the 
earlier figure. The thin road between the corn fields had a misclassification of soya along the borders.  
This misclassification was increased in the fused imagery, the loss of spectral information was clear. 
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Legend - Pixel-Based Approach 
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b)  c)  

d)  e)  
Figure 6.8 Results from MLC classifier (3). 

 
The figure 6.8 was taken from the central right part of area 16 in the imagery.  It shows wheat, corn and 
pasture fields.  There were some misclassifications in the wheat field, which were not normal, considering 
that the wheat field was very homogeneous.  The misclassifications of these areas (under the red circle) to 
pasture and parks could be due to the presence of dead or dry vegetation in the selection of training classes 
for these areas.  Wheat was in a mature stage, and the absorption of red light decreases, this was a similar 
behaviour of unhealthy grass.  Parks were not present in the fusion results in the same area because the 
information of the Pan imagery was positively influencing the absence of trees.  
 
The corn field was completely misclassified with fallow, parks and low density residential (under the grey 
circle).   The misclassification was due to the growth of the field. The corn was in an early stage and not 
enough pixels of it were considered in the training areas. The low density presence in the area was because 
the grass (e.g. gardens and back lawns of houses) was also considered for the training areas.   It is 
noticeable in b) that the areas under the grey circle had a great loss of spectral information compared to c) 
and d). Industrial areas were present in the classification which was not logical looking at the original 
imagery, which only had agriculture in this area.  However, this loss was not the same for all the classes 
that were considered in this research. 
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Legend - Pixel-Based Approach 
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b)  c)  

d)  e)  
Figure 6.9 Results from MLC classifier (4). 

 
The figure 6.9 was taken from the central right part of area 16 in the imagery.  It shows bare field, grass 
and trees.  Trees were identified in the fused results (under the red circle) because of the delimitation of 
the objects from the Pan imagery.   Bare field was misclassified in all the cases (under the grey circle) as 
soya, as it was the closest class defined with its characteristics. This did not mean that soya training sites 
include also bare field, but as the classifier was restricted to not have a null class, it had to assign every 
pixel to the closest class that defined it. 
 
The figure 6.10 was taken from the central right part of area 16 in the imagery.  It shows an industrial area 
close to low residential houses. 
For low residential and industrial areas, the identification of the land-cover was not enough for an optimal 
classification.  Areas under the red and grey circle were a combination of commercial and low density 
classes. There was no good distinction of the industrial class either.  New residential had a conflict with 
construction sites.  None of the results showed a good classification of these classes. 
 
The variability of the pixels on the built up area increased dramatically in e).  
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Legend - Pixel-Based Approach 
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b)  c)  

d)  e)  
Figure 6.10 Results from MLC classifier (5). 

 
 
The figure 6.11 was taken from the lower right part of area 13 in the imagery.  It shows an area close to a 
golf course. The built-up related classes were not classified correctly (under grey and red circles).  Areas 
with grass and bare field were classified as the closest class that define them. In the case of the area under 
the red circle, grass and bare field were misclassified as golf-course, pasture or parks.  
 
There was a problem of conflicting class with grass in the forested area in the left part.  The addition of 
delimitations of the trees in the fused imagery made the grass between them visible and misclassified as 
corn. 
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Legend - Pixel-Based Approach 
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b)  c)  

d)  e)  
Figure 6.11 Results from MLC classifier (6). 

 
6.2.2.2 Context Classifier vs. MLC Classifier 
 
This section of the pixel-based approach for land-cover/ landuse classification compared the MLC with 
the Contextual classifier. The use of two algorithms, REDUCE and Isoclust, for the initial step in the 
contextual classifier was included with the aim of improving the cluster generation. The MLC result was 
incorporated with the MS 1-4 channels with the same objective in the segmentation step. 
 
The following table presents the accuracy assessment obtained from the implementation of this 
methodology.  The pixel window size of 21 x 21 was used for all the combinations presented using the 
contextual classifier to facilitate a comparison between them. 
 

Table 6.3 Accuracy assessment for MLC and Contextual classifiers. 
Classifier Overall 

accuracy 
Average 
accuracy 

Kappa 
Coefficient 

1. MLC 78.38% 69.07% 0.76430
2. Context (MS1-4 in segmentation) 72.28% 64.45% 0.69717
3. Isoclust and context (MS1-4 for segmentation) 84.29% 75.46% 0.82872
4. Context (MLC and MS 1-4 for segmentation) 71.00% 62.07% 0.68305
5. Isoclust and Context (MLC and MS 1-4 for 
segmentation) 

82.12% 72.42% 0.80452

 



74 

The context classifier using the Isoclust with MS 1-4 for segmentation led to the best classification results 
with an overall accuracy of 84.29% and a kappa coefficient of 0.82872.   
 
It is mentioned in PCI Geomatica V9.1 Help Documentation that the error patterns caused by the 
contextual classification algorithm are usually systematically located along the class boundaries. This 
allows the user easily understand the quality of the thematic maps produced by this algorithm.  This was 
considered in the visual analysis of the classification results. 
 
Detailed accuracy assessment statistics are presented in the Appendix Section F. Table 6.6 shows the 
confusion matrix for the best result in the comparison of MLC and Contextual classifiers. 
 

Table 6.4 Accuracy assessment MLC vs. Context classifier. 
Classifier: Context, Segmentation Algorithm: Isoclust 

Filter size: Window 21 x 21 pixels, Image Data: MS 1-4 
 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

 48.2 10.6           0.3 0.1 40.8 

Trans  1.9          3.0 0.4 2.3 1.3 91.0 
Const    100             
Forest     98.7 1.3           
Golf     4.9 95.1           
Corn     0.4  97.0   2.6       
Wheat        100         
Fallo  0.9       88.7   8.9 1.5    
Soya     0.1  11.4   88.5  0.1     
Rap s      0.5     99.5      
Pastur       2.2 0.6 13.0 19.4  63.3 1.4    
Parks     4.6 1.3   0.4  1.5 5.6 88.1    
New 
res 

   81.3          18.2 0.5  

Comm  2.2 9.1 4.7          10.8 67.2 5.7 
Ind  10.9 11.3 1.4          3.2 18.7 54.5 
 
For a better explanation of the results, the image was segmented into 16 areas (refer to Appendix F).  
These areas were only used for descriptive purposes of the elements of the imagery. Figure 6.12 shows the 
best classification result of the imagery (8192x8192 pixels). 
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Legend - Pixel-Based Approach 
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Figure 6.12 Image Classification results (Context classifier, Isoclust, MS1-4). 
 
The commission errors in the class wheat were decreased. The areas in part 12 included low density areas 
and decreased the area of wheat.  A similar pattern occurred in part 11 where pasture and fallow were also 
integrated in this area.  
 
A large amount of low density houses were extracted and classified correctly, but there are 
misclassifications because of their spectral similarity with commercial objects. The misclassification 
problem of minor roads was also present because of the choice of the pixel window size.  
 
Pasture and fallow were positively affected in the classification by the use of the Isoclust algorithm. This 
showed that the clusters needed for the contextual classifier and obtained with this segmentation function 
will increase the overall’s producer’s accuracy. 
 
Some of the areas of interest are shown in the following figures. Linear enhancement was performed on all 
the imagery. All the figures represent the original imagery in a) False Colour Composite (MS 4,3,2), and 
the comparison of the classifiers results where b) MLC classification result, c) Context classifier with 
REDUCE (21x21 window size, MS 1-4 used for segmentation), d) Context classifier with Isoclust (21x21 
window size, MS 1-4 used for segmentation), e) Context classifier with REDUCE (21x21 window size, 
MS 1-4 and MLC result used for segmentation) and f) Context classifier with Isoclust (21x21 window 
size, MS 1-4 and MLC result used for segmentation) 
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Figure 6.13 Comparison of MLC and Context classifiers (1). 
 

The figure 6.13 was taken from the lower right part of area 16 in the imagery. It shows wheat and pasture 
fields, a minor road and low density residential houses. The misclassifications of the area under the red 
circle in the MLC classifier to pasture and parks could be due to the presence of dead or dry vegetation in 
the selection of training classes for these areas.  Wheat was in a mature stage, and the absorption of red 
light decreases, this is a similar behaviour of unhealthy grass.  The presence of clusters in the contextual 
classifier in combination with the pixel window size eliminated the high variability of the DN values in 
this area, avoiding the misclassification. The same phenomenon was present in the area under the green 
circle, in this case it acts negatively, and the misclassification of soya in the pasture areas was increased a 
lot.  
 
The incorporation of the MLC classifier in f) reduced the degree in some extent of the misclassification. 
The areas under the grey circle followed the same pattern, and the presence of dry vegetation in the 
clusters increased its membership to wheat. The incorporation of the MLC classifier in d) allowed the 
clusters to change and thus, the misclassification was reduced at some extent. It is important to mention 
that the window pixel size was not acting favourably in the agriculture areas. There is a need of a smaller 
window size in these areas. The agricultural objects are small and thus not identifiable with this window 
size. On the other hand, a pixel window size of 21 x 21 helps the identification of built-up classes (e.g. in 
the low density residential).  The brightness of the road led to its misclassification to commercial and 
industrial. 
 
The window size in e) and f) might not be the appropriate because the truck present in d) was not included 
in any of them.  The REDUCE algorithm was not working positively when trying to identify this objects 
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as in c) and e) the truck object was not a separate cluster. It can be also said that the number of clusters 
generated by REDUCE and Isoclust was not enough to separate successfully the objects present in the 
imagery.  This could be identified because minor roads were not separated from the objects in their 
neighbourhood. The number of clusters used with the Isoclust algorithm could not be improved due to 
hardware limitations (PCI Geomatica could not handle more clusters without corrupting the image file). 
 

a) b)  

c) d)  

e) f)  
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Figure 6.14 Comparison of MLC and Context classifiers (2). 
 

The figure 6.14 was taken from the centre part of area 14 in the imagery. It shows an industrial area, a 
minor road and low density residential houses.  
 
The areas with grass and trees, which are part of backyards or gardens from low-density residential 
houses, could be identified in b). The same vegetated area was shown in a minor extent in c), d), e) and f) 
mainly because of the large size of the clusters generated in the segmentation process.  The high 
variability of DN values in the elements caused misclassification as identified in the grass along the road. 
Similar pattern was present in the built-up classes (area under the red circle), where the variability of the 
DN values inside the clusters could lead to different classification results. In c) and e) the cleared area 
close to the industrial building was classified mainly as new residential.  In d) and f), it was a combination 
of construction site and new residential classes. 
 
The number of clusters generated in the segmentation process and the imagery that was involved had a 
major role in the classification result.  In c) and e), the quality of the clusters in the built-up area was less, 
and thus the elements were merged with their neighbours (area under the grey circle).  In f), the 
information obtained from the MLC classification helped the delimitation of the industrial building. The 
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clusters in the four contextual results seemed to be large in comparison with the extent of the elements that 
were present in the imagery. 
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Figure 6.15 Comparison of MLC and Context classifiers (3). 
 
The figure 6.15 was taken from the upper right part of area 4 in the imagery. It shows major road, trees 
and grass, and a building in the lower left part.The REDUCE algorithm in c) and e) seemed to work better 
in the agriculture were large objects were present (e.g. groups of trees and grass in large areas). This was 
observed in the areas under the red and grey circle, where the groups of trees were identified better in 
comparison to d) and f). However, there was a misclassification of the grass in the same location. The 
information obtained from MLC result led to the identification of the group of trees in the area under the 
grey circle in f).  It could be identified once more by the comparison of c), d), e) and f) that the 
segmentation plays a mayor role in the membership of the classes in the classification. If there is a lot of 
variability inside the cluster, it is obvious that the element would be misclassified. 
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Figure 6.16 Comparison of MLC and Context classifiers (4). 
 
The figure 6.16 was taken from the lower right part of area 14 in the imagery. It shows low density houses 
close to a forested area. 
 
The areas of grass close to the low residential houses (under the yellow circle) were misclassified in the 
MLC result to parks and pasture because of the presence of grass (healthy and unhealthy).  The great 
variability of the elements in this area contributed to the misclassification to pasture in c), d), e) and f).  
The presence of wheat in c), e) and f) was due to the unhealthy grass in these areas. 
  
The grass under the groups of trees (under the grey circle) could be identified as parks. The size of the 
clusters in c), d), e) and f) made possible the generalisation of these areas to forest.  For some objects the 
large size of the cluster contributed positively to a correct classification. This was mainly identified where 
there was a group of elements of the same type (e.g. a group of trees, group of contiguous houses). 
 
6.2.3 Summary 
 
6.2.3.1 Image Fusion 
 
The RGB-IHS and the Wavelet and IHS Transform (Matlab implementation) fusion techniques lead to the 
best visual results.  The information from Pan channel was included successfully in the fused imagery. No 
measures were conducted to determine the colour distortion of the fusion methods results. With the 
available information, comparison could not be made to identify a reduction of the colour distortion for 
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Wavelet - IHS Transform fusion technique as it is mentioned by Hong et al. (2003). Nevertheless, it can 
be mentioned that the borders of the parts used for the fusion with Matlab can be seen in the fused imagery 
because of the ringing effect and loss of spectral information that the wavelet transform introduces. This 
ringing effect can be avoided if a computer with a larger memory could be used to run the algorithm.  The 
imagery used for this research was about 2GB, and to perform the wavelet transform part in Matlab it 
required at least 2.5 GB to load the channels and manage the variables needed in the program. 
 
The results obtained from the ERDAS implementation of a similar algorithm were not as expected and 
with a lot of noisy elements included (the bright pixels in the shadowed areas, clouds and in some dark 
transportation objects). A small amount of information from the Pan image was added and not equally in 
all the parts of the imagery (as explained in the last figure). This algorithm in ERDAS did not generate the 
same quality of the algorithm presented by Hong et al. (2003) implemented in Matlab. It was found that an 
extra parameter of intensity and/or saturation stretch may be required.  This was concluded after using the 
RGB-IHS fusion function, because it needed the saturation stretch to output an image with a similar 
quality than the one obtained with PCI Geomatica. Bright pixels were added in the imagery, in the same 
way present in the output of the wavelet –IHS method, if no saturation stretch was selected.  
 
6.2.3.2 MLC Classifier 
 
Fused imagery was contributing positively where the definition of the objects was not clear in the original 
MS 1-4 channels.   However, some of the sharpening information could lead to misclassification, like in 
the agriculture fields that are not homogeneous. Nevertheless, there was a loss of spectral information 
causing misclassification of pixels, such as parks misclassified as corn or pasture. 
 
The Wavelet and IHS Transform fusion result (ERDAS implementation) had the most visually perceived 
loss of information.  In some cases, it caused a completely incorrect classification (e.g. industrial areas 
present in agriculture fields).  The other two fusion results had similar classification, but in some areas it 
could be perceived that there was a slight loss of spectral information with the RGB-IHS technique 
compared to the Wavelet and IHS Transform fusion (Matlab implementation). 
  
There was no method to improve misclassifications where the definition of the classes is a combination of 
2 or more land-covers and/or context rules of their neighbouring pixels. MLC assumes that the training 
data for each class has a Gaussian distribution to lead to correct results. With the combination of two land-
cover types for landuse classes, this limitation is not fulfilled.  It can be concluded that Maximum 
Likelihood is not the optimal classifier for the classes and the resolution that is managed in the imagery 
used for this research. 
 
The classification of land-cover types, such as corn, rapeseeds, wheat, etc., was in general very favourable. 
On the other hand, it was not optimal if there is not a definition of all the classes present in the area. 
Moreover the different stages of the growth cycles have to be considered to improve separability.  None of 
the results showed a good classification for classes related to built-up areas (low density residential, 
transportation, construction site, new residential, commercial and industrial sites). 
 
It was found that the best results were obtained from the Wavelet-IHS Transformation fusion result 
implemented in Matlab.  The accuracy assessment shows that it had a lower kappa coefficient and overall 
accuracy (0.77637 and 81.10% respectively) compared to the result from MLC using MS 1-4 channels 
(0.80662 and 83.71% respectively).  Nevertheless, the results show a balance between low loss of spectral 
information and the improved classification for the majority of the classes included in this research. 
 
6.2.3.3 Context Classifier vs. MLC Classifier 
 
There was a mayor misclassification of agricultural classes, and increased with a larger size of the clusters 
generated by REDUCE or Isoclust. In general, Isoclust seemed to work better in both built-up and 
agriculture areas. REDUCE was seen to work better where the size of the elements are larger (e.g. in 
groups of trees, contiguous houses from low residential areas, etc.).  It could be identified that the 
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segmentation plays a mayor role in the membership of the classes in the classification. If there is a lot of 
variability inside the cluster, it is obvious that the element would be misclassified. 
 
There are some small objects (e.g. minor roads) that were merged with other elements in their 
neighbourhood. The variability of the DN values inside the cluster can lead to different classification 
results. The incorporation of MLC classification result was seen to improve the misclassifications 
generated mainly in agriculture fields.  The clusters generated with this imagery could identify in a better 
way the objects from the fields with high variability of classes. It also improved the delimitation of the 
borders of the buildings in commercial and industrial areas. However, the number of clusters generated by 
both algorithms and with different input channels is not sufficient to separate successfully the objects 
present in the imagery.   
 
After the visual analysis of the results, it was found that the context classifier using the Isoclust with MS 
1-4 for segmentation lead to the best classification results.  The additional information provided by the 
MLC result can benefit the classification, but the window size used was not appropriate. 
 
6.3 Landuse/land-cover Classification – Object-Based Approach 
 
6.3.1 Image Segmentation 
 
Table 6.7 shows the first segmentatation done for the analysis.   
 
Most of the roads and the houses from low-density residential areas were separated in a).  However, there 
existed some objects that were a mixture of these classes (e.g. the segment shown in red). 
 
The segmentation of industrial buildings was not optimal in this scale in b) .  A segmentation using a 
larger scale (e.g. the scale used for Level 4) is needed to be added to separate large buildings. 
 
The areas in low-density residential have an optimal segmentation in c). In some cases the minor roads are 
partially covered by neighbouring trees. In consequence, minor roads in these areas were not uniform in 
shape and may have a rectangular-like area. 
 
In the junctions of major roads as can be observed in d), the segments obtained did not have the regular 
shape of a transportation object (length is larger than the width).    
 

Table 6.5 Original segmentation in Level 2. 
Segmentation Original Image Segmentation Original Image 
a) 

 

 

 

b) 

 

 

 

c) 

 

 

 

d) 
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The second segmentation was done in a level below. The initial segmentation was placed in Level 2, and 
the new one in Level 1. The results are shown in the Table 6.8. 
 
The scale used for this segmentation was not enough for the optimal separation of small objects in the 
agriculture areas in a).  In this case, it could be identified that the trees along the minor road are mixed 
with grass in the segments. 
 
In homogeneous agriculture fields, such as the wheat one on the right side, the objects are larger than in 
the built-up areas in b).  The separation of small objects is not the same for all the elements in the built up 
area.  Some groups of houses remain in the same object.  However, for a large part of the low-density 
residential areas, the individual houses were delimited by one segment. 
 
Trees with big canopies could be individually separated in the low density residential area in c).  Not only 
the low-density residential houses were separated, but also the roads were segmented into smaller areas. 
 

Table 6.6 Segmentation in Level 1. 
Segmentation Original Image Segmentation Original Image 
a) 

 

 

 

b) 

 

 

 
c) 

 

 

 

  

 
Table 6.7 Segmentation in Level 4. 

Segmentation Original Image Segmentation Original Image 
a) 

 

 b) 

 

 

c) 
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The third segmentation was done above Level 2.  It was later placed in Level 4 as one copy of Level 2 was 
placed in Level 3. The results are shown in Table 6.9. 
 
This segmentation was very useful to separate between large buildings and groups of houses in a). The 
difference in area is essential for the discrimination between these two classes.   
 
However, in some industrial complexes, the shape of the buildings was similar to the one of groups of 
houses in the low-density residential areas in b).  A road could be identified in an optimal segmentation on 
the left part.  This is not consistent in all the imagery, as the road on the right side is merged with other 
neighbouring objects. 
 
Large groups of contiguous houses represented a problem in this scale because their segments had a large 
area, similar to the one measured in the industrial complexes in c). 
 
6.3.2 Image Classification 
 
6.3.2.1 Creation of abstract classes to identify levels 
 
The usage of levels as abstract classes was found to be very helpful for the organization of the class 
hierarchy.  Moreover, it was a requirement of the software to manage the information related to each level 
for classification purposes. 
 
6.3.2.2 Separation of agriculture, built-up and water classes in Level 2.   
 
Initial results of the separation of agriculture fields and built-up areas were not successful when the NDVI 
was not included.  The wheat field was the object of interest when separating these classes.  The wheat 
was in a mature stage, so it did not behave like healthy vegetation.  A further study of the red shift and its 
behaviour in agriculture crops suggested the usage of NDVI for this purpose.  The NDVI did not give 
enough information for an ideal segmentation as some of the bare fields and minor roads that don’t have 
asphalt had the same response.  It was decided that the green and the infrared channels provided the 
complementary information for this objective.   
 
However, it is important to mention that the bare field was present in both agriculture and built-up areas.  
Some of the segments had a combination of bare field with dry vegetation (and it was also inferred that 
these areas have a content of moisture).  Other segments seemed to be formed of dry soil.  The first set of 
segments was included in the agriculture class.  The later set was classified as built-up. Water bodies did 
not have conflicts with the other two classes.  
 
6.3.2.3 Creation of classes that describe agriculture and built-up at Level 1.   
 
Pasture and fallow were found to have conflicts with most of the agriculture classes in initial results.  
Limited training data and the high variability of the contents of the fields led to significant 
misclassifications. It was a good choice to avoid the usage of them in the classification. Only the classes 
that were seen to be consistent with the field work and the data obtained from the imagery (samples were 
seen to be similar and taken from different areas) were included in the analysis. The sample editor from 
eCognition was found to be very helpful in the selection of the training areas because it provided with a 
visual aid to identify easily the conflicts with other classes. 
 
Classes that contained grass (healthy grass, grass with bare areas and grass with low reflectance) were 
created to try to identify all the land-covers included in the study area.  The new classes did not conflict 
with the identification of grass from golf courses, because the grass present in these areas was very 
homogeneous and had a high content of water. 
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The membership functions for built-up areas were refined until they led to optimal results. Nearest 
neighbour classifier couldn’t be used because of the conflicts it created with ‘bare-field_lev1’ and 
‘transp_lowden’ classes. Bare soil was always classified as the second option in the fuzzy membership 
classification values where there were also small built up objects present. In similar situation, the ‘rest of 
built-up’ class was ranked in the third place in the fuzzy classification. This happened even when the 
classification value was the same for ‘bare soil’ and the ‘rest of built-up’ classes.  When importing this 
information to the Level 2, all the objects that belonged to transportation and low-density residential 
obtained the value from the second most important classification result because the first option, ‘small 
built-up’ class was not considered as a class for this level.  As a result, transportation and low-density 
residential were classified as bare field. The usage of membership values to separate ‘bare-field_lev1’ and 
‘transp_lowden’ classes was the solution for this conflict. 
 
6.3.2.4 Creation of classes that describe agriculture and built-up at Level 3.   
 
It was found that the levels in the segmentation hierarchy could only see the immediate level above and 
below.  This was identified as a limitation of implementation in eCognition.  To work with other levels, 
classes that are not required and that may confuse the user in the analysis have to be included.  It was 
found to be a negative characteristic of the software.  This step had to be included to share information 
between Level 2 and Level 4. 
 
6.3.2.5 Extraction of big houses/buildings in Level 4. 
 
The identification of large buildings was in general successful.  However, groups of contiguous small 
houses also formed segments with large areas. Shape functions could not be included in the set of rules 
successfully because some of the industrial objects had similar shape features (long buildings).  Some 
other features were included to try to avoid the selection of small houses. No good rule was found to 
separate the groups of houses from buildings in industrial and commercial areas. This conflict was 
considered in steps 7 and 8. The usage of small objects created in Level 1 was seen to be helpful in the 
separation of groups of houses and large buildings. 
 
6.3.2.6 Copy the information from level 4 to level 3 (big houses/buildings). 
 
Similarly to step number five in the object-based approach, the information from the upper most level had 
to be transferred to Level 3 to be used in a lower level (Level 2).  Sometimes this limitation of the 
software caused confusions, mainly when all the levels had to be upgraded. 
 
6.3.2.7 Classification of Level 2, with detailed description of agriculture and built-up abstract 
classes. 
 
All the classes considered in Level 1 were imported to Level 2.  The main problem was the 
misclassification of poor growth corn and soya in the middle of residential areas.  The classes related to 
grass in Level 1 were not enough to describe all the objects that are present in the study area.  It can be 
mentioned also that the scale used in Level 1 might not have been enough to separate the individual 
objects, and thus generated misclassifications in the low-density residential areas. A set of rules was 
created to overcome this limitation and the class ‘grass_lowden_lev2’ was used to identify all the areas 
that were composed of grass and trees close to residential areas.  In some of the areas where there was a 
small number of houses, the misclassifications remained. 
 
The identification of the set of rules that identified the classes ‘low_density_lev2’, ‘transportation_lev2’ 
and ‘comm&ind_lev2’ was the most difficult task. A high variability in shapes was present even where the 
segments were optimally created. The roads had major problems in their intersections.  Commercial and 
industrial buildings were not all the time large in area compared to the groups of houses from low-density 
residential.  Some other features had to be considered to separate these classes.  In some cases, no rule 
could be generated to discriminate between classes and the misclassifications could not be avoided.  
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There is a broad set of features to choose in eCognition for the definition of rules.  However, one that was 
not present and that was needed in this research is the ‘side’ feature.  The ‘side’ feature should overcome 
the limitations with ‘border to neighbour objects’.  For example, parking lots in the commercial and 
industrial areas are composed of several objects with different shapes.  Not all the objects share a border 
with the main building, but still are placed around it.  The roads close to these areas had similar features to 
the parking lots, and without the ‘side’ feature, there can not be a good separation of these types of 
objects.   
 
The classes that described clouds and their shadows were included. The rules defined for 
‘grass_low_density_lev2’ were misclassifying the agriculture classes, as the clouds and shadows were 
assigned to the class ‘low-density_lev2’.   
 
The membership values that defined the class ‘bare_field_lev1’ were found to be incorrect, a refinement 
of these values was considered.  After analysing the samples from this class it was identified a conflict 
with minor roads because they had similar spectral response.  No other features could be found to improve 
the classification of this class. 
 
6.3.2.8 Classification of Level 3, with detailed description of agriculture and built-up abstract 
classes.  
 
The definition of parks was found to be very complex.  It can be defined as grass in large areas that is 
close to built-up areas, but not so close because otherwise the back yards from individual houses would be 
included.  In the study area, baseball fields were also important objects to consider for the identification of 
parks.  Published maps showed that areas identified as parks often included a baseball field.  
 
Initially a class to identify large areas of grass was considered.  It was found that no improvement was 
obtained for the separation of the grass from large areas and the one present in between the low-density 
residential areas. 
 
The separation of commercial and industrial areas could not be performed.  However, areas that belong to 
built-up classes were included in the aim to include the parking lots that are close to these buildings (class 
‘commercial_industrial’).  No further identification of commercial and industrial areas could be 
performed.  Both commercial and industrial buildings have parking lots surrounding them with different 
sizes and shapes.  Other factors such as the proximity to a major road, accessibility to roads, and distance 
from low density were found to give not enough information to select a set of rules that could separate 
these two classes.  Zhang and Wang (2003) found that it was not possible to describe the features that 
could differentiate between shopping areas and industrial lands.  
 
There exists some misclassification of roads in the class ‘commercial_industrial’. These objects do not 
share a border with industrial areas; sometimes grass is present between them. However, the set of rules 
used to define the parking lots couldn’t include a feature that avoided the misclassification of these roads. 
 
New residential areas were defined as low-density residential objects that are surrounded in a large extent 
by construction site objects.  Initially this class was included in Level 1 using membership values.  
However, the objects could not be identified correctly when transferring this information to Level 2. The 
new residential areas were successfully classified.  A problem remains in the areas where one large 
building was surrounded by construction site objects.   
 
The following figures show some of the classification results obtained in Level 3. 
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Legend - Object-Based Approach 

Bare not used  Grass-lowden  Comm&ind 
Corn  Parks  Commercial_industrial 
Forest Con.  Rapeseeds  Construction Site 
Forest Dec.  Soya  Low-Density Residential 
Golf Course  Wheat  New Low-Density Residential 
Grass  Bare field  Transportation 
    Water 

Figure 6.17 Classification of wheat and poor growth corn fields. 
 

The results of the classification of these two fields were very successful.  Soya objects could be identified 
in the parts where the corn field is not homogeneous. Minor and mayor roads, along with houses from low 
residential areas were identified and classified successfully too.  
 

  
Legend - Object-Based Approach 

Bare not used  Grass-lowden  Comm&ind 
Corn  Parks  Commercial_industrial 
Forest Con.  Rapeseeds  Construction Site 
Forest Dec.  Soya  Low-Density Residential 
Golf Course  Wheat  New Low-Density Residential 
Grass  Bare field  Transportation 
    Water 

Figure 6.18 Classification result for soya field. 
 

The cloud and its shadow were identified and avoided rules related to ‘grass-lowden’ class.  The field is 
not homogeneous in the borders as seen in the imagery.  This led to classification of these areas to grass 
class. 
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Legend - Object-Based Approach 

Bare not used  Grass-lowden  Comm&ind 
Corn  Parks  Commercial_industrial 
Forest Con.  Rapeseeds  Construction Site 
Forest Dec.  Soya  Low-Density Residential 
Golf Course  Wheat  New Low-Density Residential 
Grass  Bare field  Transportation 
    Water 

Figure 6.19 Classification result for corn (1m) and rapseed fields. 
 
The fields are not homogeneous as seen in the imagery.  Corn field had some brighter stripes.  The 
variability in these areas led to their classification to grass. Rapeseeds were successfully classified where 
there vegetation was dense; the areas with bare field were classified as grass. 

  
Legend - Object-Based Approach 

Bare not used  Grass-lowden  Comm&ind 
Corn  Parks  Commercial_industrial 
Forest Con.  Rapeseeds  Construction Site 
Forest Dec.  Soya  Low-Density Residential 
Golf Course  Wheat  New Low-Density Residential 
Grass  Bare field  Transportation 
    Water 
Figure 6.20 Classification result for new residential areas, low-density residential and minor roads. 

 
The results show that the rules defined to describe new density residential class were successful.  Large 
areas of vegetation were classified as parks because of their proximity to low density areas.  Not all the 
trees present in these areas were identified correctly. 
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Legend - Object-Based Approach 

Bare not used  Grass-lowden  Comm&ind 
Corn  Parks  Commercial_industrial 
Forest Con.  Rapeseeds  Construction Site 
Forest Dec.  Soya  Low-Density Residential 
Golf Course  Wheat  New Low-Density Residential 
Grass  Bare field  Transportation 
    Water 

Figure 6.21 Classification result for industrial and low density residential areas. 
 
Most of the areas (e.g. parking lots) that were close to the industrial and commercial areas were identified.  
Some misclassifications in the railway and mayor road were present because of the inability to identify a 
rule that could exclude them from the classification. 
 

  
Legend - Object-Based Approach 

Bare not used  Grass-lowden  Comm&ind 
Corn  Parks  Commercial_industrial 
Forest Con.  Rapeseeds  Construction Site 
Forest Dec.  Soya  Low-Density Residential 
Golf Course  Wheat  New Low-Density Residential 
Grass  Bare field  Transportation 
    Water 

Figure 6.22 Classification result for residential area. 
 
The misclassification of parks could not be avoided as seen in these part of the study area.   Not all the 
areas close to baseball fields were successfully included in the parks classification.  The low density of the 
houses in the lower part could not identify the grass as grass in low density areas, and thus excluding them 
to be classified as parks. 
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Legend - Object-Based Approach 

Bare not used  Grass-lowden  Comm&ind 
Corn  Parks  Commercial_industrial 
Forest Con.  Rapeseeds  Construction Site 
Forest Dec.  Soya  Low-Density Residential 
Golf Course  Wheat  New Low-Density Residential 
Grass  Bare field  Transportation 
    Water 

Figure 6.23 Classification result for golf course. 
 
Grass forming golf courses was classified very well.  This was mainly related to the fact that these areas 
are very uniform. No rules were added in this research to generalise the complete area that form a golf 
course (including the trees and water bodies that are also present in these areas). 
 
Testing areas were selected in Level 3 for accuracy assessment in eCognition.  Some of the classes were 
not included because they were intermediate classes. Table 6.8 shows the results obtained in the accuracy 
assessment of the object-based approach. 
 

Table 6.8 Accuracy assessment Object-based approach. 
 Overall 

Accuracy 
Average 
Accuracy 

Kappa 
Coefficient 

Object-based classification 86.70% 85.22% 0.8565 
 

Table 6.9 Detailed accuracy assessment Object-based approach. 
 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 

1. Comm_ 
Industrial 

0.84           0.13  0.01  0.06    

2. Corn  0.85 0.05   0.09   0.10           
3.For_con   0.88 0.02                
4.For_dec    0.92                
5.Golf C c     0.96   0.05           0.02 
6.Grass  0.15 0.07 0.6 0.04 0.89 0.16 0.17 0.19         0.05 0.06 
7.Grass  
low den 

      0.81       0.01      

8.Rap 
Seeds 

       0.78            

9.Soya      0.02   0.71           
10.Wheat          100          
11.Bare 
Field 

          0.87       0.11  

12.Comm 
&ind 

           0.63 0.07 0.02  0.02    

13. Const 
Site 

            0.89  0.05     

14. Low 
Density 

          0.11 0.24  0.91 0.06 0.06    

15. New 
Res 

            0.04  0.88     

16.Transp              0.05 0.01 0.85  0.11  
17. Water           0.2      100   
18. Bare 
not used 

               0.01  0.73 0.09 

19. Parks       0.03            0.83 
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It could be identified that all accuracy assessment measures had increased compared to the ones obtained 
from the best result in pixel-based classifiers.  Moreover, the result obtained from object-based 
classification was closer to one obtained manually by any user with the complementary information for 
the agriculture classes.  

 
All the problems explained in the figures earlier were seen also from the detailed accuracy statistics. It can 
be identified that the class grass had more omission errors, mainly because no rules to their neighbouring 
objects were included in its class definition.  Wheat had a hundred percent of accuracy in the 
classification. This measure is not completely correct for all the objects that belong to this class in the 
imagery. Only one homogeneous field was considered for the training and testing areas, and that caused 
this measure to give an excellent accuracy. More ground truth information on this class has to be 
considered in the future to evaluate it more accurately. Rapeseeds and soya had the lowest accuracy for 
agriculture-related fields due mainly to the quality of the field.  The fields were not homogeneous; also 
bare field and/or not dense vegetation were present in the areas for training and testing areas. 
Figure 6.24 shows the classification result for the Object-based approach. 

 
Legend - Object-Based Approach 

Bare not used  Grass-lowden  Comm&ind  Water 
Corn  Parks  Commercial_industrial  
Forest Con.  Rapeseeds  Construction Site  
Forest Dec.  Soya  Low-Density Residential  
Golf Course  Wheat  New Low-Density Residential  
Grass  Bare field  Transportation  

Figure 6.24 Classification result - Object based approach. 
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6.3.3 Summary 
 
The parameters used for the four levels of segmentation were found to be producing in general good 
results in the separation of the objects of interest.  It remains a problem the separation of transportation 
and houses from low density residential areas in Level 2. A scale of 120 or 125 might help to discriminate 
between these kinds of objects.  A smaller scale (e.g. sub-line object analysis using 0.8 as a parameter) 
should be used for the delimitations of individual houses that remained as a large object in Level 1.  Due 
to hardware limitations, these scales were not included in this research. The segmentation process for each 
level lasted around 9 hours in a computer with Intel Pentium 4 (processor speed of 3 GHz and 2.5 GB in 
RAM). Due to time constraints, a refinement of this extent for the segmentations could not be included. 
 
The set of rules defined for separating transportation, low density and industrial and commercial objects 
was found to be not optimal.  The features available in the software were not enough to avoid the 
misclassification. Some other measures, such as ‘side’, could be very helpful to separate between parking 
lots and roads. The separation of commercial and industrial areas could not be performed.  Instead, the 
areas that surrounded such objects were selected in ‘commercial_industrial’class.  Many factors were 
considered to identify a set of rules that described these areas, and no combination of them led to a good 
separation of the classes. It was concluded that the differentiation between commercial and industrial sites 
remains a problem. More features had to be included to define a set of rules to differentiate between these 
classes.   
 
The definition of parks was found to be very complex.  After a series of tests, a final set of rules which 
conflicted the least with the surrounding objects was obtained. Nevertheless, it did not obtain an optimal 
result.  It is important to mention that the definition of this class is based on the ‘grass_lowden’ class in 
this research.  The objects that had the final classification of ‘grass_lowden’ couldn’t be aggregated to the 
low-density class because of conflicting rules.  Moreover, the identification of individual houses and the 
grass around them was a good result of the classification.  Most of the times the classification results are 
used to update national land-cover- landuse maps. With the resolution of the imagery used in this study, 
more information such as the delimitation of individual houses can be obtained. It was decided that the 
separation of ‘grass_lowden’ and ‘low_density’ objects would provide with valuable information in the 
process of updating maps.  In eCognition, one of the implemented functions is vectorization.  With this 
detail of separation between classes, the objects from low density can be successfully exported to any GIS 
software. 
 
Some of the limitations found in eCognition are: 

- Large time of processing for segmentation and classification. 
- The levels in the segmentation hierarchy can only see the immediate level above and below.   
- There is no detailed description of the errors of the software.  In some cases, rules conflicting with 

each other permitted the classification, but when analysing the object information the program 
crashed and no explanation of the problem was given. 

- There is no visual aid to help the user identify membership values that describe classes that can’t 
be included in the classification using nearest neighbour. 

- There is no explanation provided to explain how the order of the fuzzy classification will be 
outputted if the membership value to many classes is the same.   There should be a definition of 
priorities between the classes to define this order. 

  
In general, eCognition is a very good software that provides with many functions to perform object-based 
classification.  However, it needs to include more features for the definition of rules, also to add a sample 
editor for membership functions. The time of processing during the segmentation and classification is too 
long and thus impossible to obtain good results in a reasonable period of time.  The help documentation 
needs to be improved also, there are many features that are not fully explained and may cause that an 
inexperienced user not to use all the functionality that it provides. 
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CHAPTER SEVEN  
CONCLUSIONS 

 
7. 1 Conclusions 
 
It was found in this reseach that the best results for the extraction of landuse/land-cover classes of fusion 
of QB resolution fused imagery were obtained using the Wavelet-IHS Transformation implemented in 
Matlab. The results showed a balance between low loss of spectral information and the improved 
classification for objects that are not clearly defined in the original MS 1-4 imagery, caused by the 
sharpening using the Pan image.  
 
There are major challenges in the usage of high-resolution imagery for land-cover/landuse classification.  
The great detail provided by such images gives a lot of information of the objects on the ground.  Most of 
the times there is a great variability in the spectral responses from pixel to pixel.  The large amount of 
information also pushes the user to identify all the land-covers that are present in the area. The level of 
detail of the objects in the imagery (e.g. lines of parking lots are visible, cars and trucks are identified, 
etc.) makes it almost impossible to select all the land-covers which will describe all the objects.  Thus the 
user has to select a number of these land-covers that are thought to be essential and that will give a good 
base for the rest of the classification.   
 
Pixel-based classifiers were found to be not optimal for the landuse/land-cover classification of high 
resolution imagery. The main problems exist when the landuses are a combination of several land-cover 
classes and/or the information of neighbouring objects is necessary for the definition of the classes.  It can 
be concluded that the usage of the same window size for the identification of all the classes included in the 
contextual classification is not optimal.  Agriculture classes needed a smaller window to avoid 
misclassification. If the agriculture field is very homogeneous, like in the case of the wheat, the 
misclassifications can be avoided even using a large window size.  On the other hand, for the majority of 
built-up elements a large window size improves the identification and membership to the classes available.  
However, small objects, such as roads will have problems because they will be merged with the neighbour 
built-up elements. 
 
It was noticed that the identification of the land-cover types can lead to a successful classification using 
the object-based and rule-based approach. Pixel-based classifiers can be used as an initial step and may 
overcome the limited number of classifiers available in the object-oriented software. Moreover, it can also 
improve the segmentation output when included as one of the parameters.  
 
The definition of rules for the description of the landuse classes was difficult to achieve and refine.  A 
human can discriminate between objects at different scales at the same time. Along the years, he/she 
obtains large amounts of information about the shape, colour, and purpose of the objects around him/her.  
Relations between objects and the way that complex urban features are formed begin to fill a large data 
container of rules to discriminate between classes. In some parts of the research, it was difficult to 
describe in rules all the information obtained from experience. 
 
The object-based approach led to the best results of landuse/land-cover using high resolution imagery.  
However, this approach is difficult to implement for all locations.  The definition of a park, an industrial 
site, low-density residential areas, etc. varies from city to city, sometimes even in the same country.  The 
urban features change so much that there cannot be universal rules to describe all the landuses.  This 
represents a major limitation, because this methodology will always need the user expertise to obtain good 
results.  Another of the major drawbacks is that it cannot be a full automated process; the human 
knowledge has to be included to identify successfully the rules defined in the studies.   
 
7. 2 Further research 
 
Based on the findings in this study, the following topics are proposed for further research: 
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- Use the results of data fusion techniques for pixel-based and object-based approach. It is 
important to identify if there is no significant loss of spectral information from the fusion 
technique by comparing it with the result obtained from classification of original MS bands before 
it is taken into consideration for the rest of the analysis. 

o It might be wise to create the segmentation from fusion results and use the original MS 
bands to create the classification as an initial step.  Moreover, MLC obtained from pixel-
based classification can be used for segmentation in the object-based approach.  It is 
important to mention that this is recommended only when land-cover classes are 
considered.  

o Fusion with SAR imagery can improve the classification where there is a lot of cloud 
present.  In this research the clouds and their shadow objects were causing problems in the 
rule definition set if they are not separated.   

o Fused imagery can improve the separation of the objects for the contextual classifier.  
- Context classifier using the Isoclust algorithm in combination with MLC classification result and 

MS 1-4 can be tested with different window sizes.  A larger window size could be used to classify 
the built-up related classes, and a smaller one for the agriculture classes. This combination is 
assumed to have potential for an optimal classification using the pixel-based approach. 

- Improvements for the object-based approach. 
o This approach should be implemented using a computer with better characteristics of 

hardware (higher processing speed and larger memory). The time spent in the processes is 
excessively long and sometimes even disappointing.  

o Major roads and railways can be classified in a large scale level, such as Level 4 in this 
research.  The generalization of low density areas, composed of houses, minor roads and 
grass can be done. 

o Different sets of rules have to be defined to describe complex landuses, such as parks, 
commercial and industrial sites. 

o Other elements such as presence of shadow and elevation data can be used for the 
improvement of the classification of low density residential, commercial and industrial 
areas. 

o A sample editor that includes features and parameters is proposed to facilitate the 
identification of the rules that identify each class.  This would be very helpful, as the 
information of the features from all the samples could be displayed and the user can 
identify easily the set of rules that can lead to the separability of the classes.    
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APPENDIX 
 

Appendix A  
 

Segmentation of Imagery for Wavelet- IHS Data Fusion in Matlab 
The original imagery had to be segmented in 12 parts because of hardware limitations. The coordinates of 
the image parts are listed in the following table: 
 

Table 5.2 Description of the parts of imagery for wavelet transform implementation in Matlab 
 Start End Start End Start End Start End 
P 0 798 798 4894 4894 8990 8990 13086 
L 0 3333 0 3333 0 3333 0 3333 
P 0 798 798 4894 4894 8990 8990 13086 
L 3333 7429 3333 7429 3333 7429 3333 7429 
P 0 798 798 4894 4894 8990 8990 13086 
L 7429 11525 7429 11525 7429 11525 7429 11525 
P 0 798 798 4894 4894 8990 8990 13086 
L 11525 15621 11525 15621 11525 15621 11525 15621 
Where P= pixel, L=line.   

 
The intensity and scale of Pan image were exported to GRD:Arc/Infro Grid (ASCII) format and used as 
input images. The function was called using the following parameters: 

function wavelet2(level, show, read) 
 function wavelet2(4, 0, 1) 
  4 levels of decomposition. 
  Do not show the image on screen because of the size. 
  Read the files that were exported from Geomatica. 

 
Code for Wavelet- IHS Data Fusion in Matlab 

 
function wavelet2(level, show, read) 
% %read ihs exported from focus and create a matrix that can be read by 
% %matlab 
 
scalepan=4; 
scaleint=4; 
fid = fopen('ihs','rt'); 
if read==1 
    fout= fopen('ihs.txt','wt'); 
end 
header1 = fgetl(fid); 
header2 = fgetl(fid); 
header3 = fgetl(fid); 
header4 = fgetl(fid); 
header5 = fgetl(fid); 
header6 = fgetl(fid); 
if read==1 
    no=0; 
    while 1 
        tline = fgetl(fid); 
        no=no+1;     
        if ~ischar(tline), break, end 
        fprintf(fout,'%s \n', tline); 
    end 
    no 
    fclose(fid); 
    fclose(fout); 
end  
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%read scale exported from focus and create a matrix that can be read by 
%matlab 
if read==1 
    fid = fopen('scale','rt'); 
    fout= fopen('scale.txt','wt'); 
    header1 = fgetl(fid); 
    header2 = fgetl(fid); 
    header3 = fgetl(fid); 
    header4 = fgetl(fid); 
    header5 = fgetl(fid); 
    header6 = fgetl(fid); 
    no=0; 
    while 1 
        tline = fgetl(fid); 
        no=no+1;     
        if ~ischar(tline), break, end 
        fprintf(fout,'%s \n', tline); 
    end 
    no 
    fclose(fid); 
    fclose(fout); 
end 
 
load 'scale.txt' 
if show==1 
    subplot(3,2,1) 
    showgrey(scale) 
end 
load 'ihs.txt' 
if show==1 
    subplot(3,2,2) 
    showgrey(ihs) 
end 
 
%% if size of image is not 2^n 
%%%%%%%%%%%%%%%%%%%%% 
if (size(scale,1))==4096 & (size(scale,2))==4096 
    %do not do anything 
    tag=0 
else 
    tag=1 
    [row, col]=size(scale) 
    scale2=zeros(4096); 
    scale2(1:row,1:col)=scale(1:row,1:col); 
    ihs2=zeros(4096); 
    ihs2(1:row,1:col)=ihs(1:row,1:col); 
    ihs=ihs2; 
    scale=scale2; 
end 
%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
h=daubcqf(4, 'mid'); 
lscale=level; 
 
% % wavelet transform of pan (scale) 
[yscale, lscale]= mdwt(scale,h,lscale); 
 
if show==1 
    subplot(3,2,3) 
    showgrey(yscale) 
end 
 
h=daubcqf(4, 'mid'); 
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lihs=level; 
% % wavelet transform of intensity 
[yihs, lihs]= mdwt(ihs,h,lihs); 
 
if show==1 
    subplot(3,2,4) 
    showgrey(yihs) 
end 
 
% depending on the level  
[xx,yy]=size(ihs); 
newy=zeros(xx,yy); 
if level==1 
    top=xx/2 
else 
    if level==2 
        top=xx/4 
    else     
        if level==3 
            top=xx/8 
        else 
            if level==4 
                top=xx/16 
            end  
        end 
    end 
end 
 
% % intensity and pan substitution 
for i=1 : top 
    for j=1 : top 
     % substitution of LL of intensity on LL of pan 

    yscale(i,j)=yihs(i,j); 
    end 
end 
% inverse wavelet transform 
[newint, lnewi]=midwt(yscale,h,lscale); 
 
if show==1 
    subplot(3,2,5) 
    showgrey(newint) 
end 
if tag==1 
    newint2=zeros(row, col); 
    newint2(1:row,1:col)=newint(1:row,1:col); 
    newint=newint2; 
end 
%%%%%%%%%%%%%%%%%%%%%%%% 
% write new intensity to the format that PCI Geomatica can read 
fid = fopen('newint.txt','wt'); 
fprintf(fid,'%s \n', header1); 
fprintf(fid,'%s \n', header2); 
fprintf(fid,'%s \n', header3); 
fprintf(fid,'%s \n', header4); 
fprintf(fid,'%s \n', header5); 
fprintf(fid,'%s \n', header6); 
fclose(fid); 
save newint.txt newi* -ASCII  -TABS -APPEND 
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Appendix B  
Image Description (complete area) 

Pixel-Based Approach 
 

For a better explanation of the results, the image was segmented into 16 areas, numbered from left to right 
and top to bottom as shown in the figure below.  These areas were only used for descriptive purposes of 
the elements of the imagery. 

 

 
Figure B.1 Image Description (13086x15621 pixels). 

 
 
 
 
 

1 2 3 4 

5 6 7 8 

9 10 11 12 

13 14 15 16 
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Appendix C  
Image Classification and Accuracy Assessment for MCL Classifier  

Pixel-Based Approach 
 

Table C.1 MLC Classification results (1) 
Image Data: IHS-RGB fusion method 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 91.6 0.5 7.7           0.3   
Low 
den 

 14.1 51.4 0.3 0.5    0.7 0.9  0.6 1.4 1.2 25.7 3.1 

Trans  1.4 51.0           0.1 43.3 4.2 
Const    94.5      0.1    3.3  2.1 
Forest  0.8   75.5 10.3 7.8  2.0  0.3 0.5 2.9    
Golf  0.9  0.1 3.6 93.7 0.5    0.1  0.3 0.1  0.6 
Corn  0.1   5.7 4.3 84.1  0.1  1.0 3.9 0.9    
Wheat        98.2    0.2    1.6 
Fallo  3.1   0.4  0.3  84.5 0.1 0.9 6.4 4.4    
Soya         22.0 74.0  3.4 0.3    
Rap s  6.0    2.1 1.2  0.2 1.2 85.6 0.2 3.4    
Pastur  0.2     1.7 2.2 1.6 1.5 0.1 85.5 6.3 0.1  1.0 
Parks  7.0   20.1 5.4 7.7  4.1 1.6 3.5 19.1 31.3   0.2 
New 
res 

 0.1 2.6 10.4        0.1  67.1 8.8 10.7 

Comm  0.3 43.8 0.5          4.4 43.9 7.0 
Ind  1.4 39.6 0.9 0.1    0.1 0.1    1.9 5.4 50.5 
 
The colour distortion generated in the RGB-IHS fusion technique caused more misclassifications on the 
built-up classes that are spectrally similar, such as low density residential, transportation, construction and 
industrial classes. The identification of golf course was largely increased compared to the same classifier 
using MS 1-4 channels. This was mainly caused by the better definition of the trees in the forested areas 
that gave more separability between these classes. The same sharpening of the trees caused more 
commission errors in the forest class.  The classification accuracy of this class decreased significantly 
compared to the same classifier using MS 1-4 channels. Most of the agriculture related classes were not 
affected using the fused imagery.   

 
Legend - Pixel-Based Approach 
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Water  Fallow 
Low-Density Res.  Soya 
Transportation  Rapeseeds 
Construction Site  Pasture 
Forest  Parks 
Golf Course  New Low-Density 
Corn  Residential 
Wheat  Commercial 
  Industrial 

Figure C.1 Image Classification result for MCL, using RGB-IHS fusion method. 
 

Table C.2 MLC Classification results (2) 
Image Data: Wavelet-IHS fusion method (ERDAS) 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 93.9 0.3            5.6  0.1 
Low 
den 

0.1 19.1 47.9     0.1 0.8 0.3 
 

0.1 0.8 2.4 2.4 20.0 6.0 

Trans  3.2 49.2            40.8 6.7 
Const    94.4      0.1    4.0  1.5 
Forest  0.4   87.0 4.7 6.0      1.9    
Golf  0.9   1.9 95.2 0.3    0.1  0.6 0.6  0.2 
Corn      2.2 90.5    1.3 5.1 0.2    
Wheat  0.8      98.6    0.3    0.3 
Fallo  1.8     0.2  86.0 0.1 0.4 6.3 5.1    
Soya         25.1 73.9  1.0     
Rap s  7.3    1.6 0.1  0.1 1.7 86.2 0.5 2.6    
Pastur  1.4     2.0 3.9 2.0 2.9 0.3 82.3 4.7   0.5 
Parks  4.6   19.5 10.5 7.6  4.5 1.1 4.4 21.5 25.7   1.1 
New 
res 

 0.3 4.6 9.3          65.1 2.1 18.5 

Comm  2.3 40.9          1.7 1.7 46.1 7.2 
Ind  0.8 30.9 0.5     0.3 0.2  0.1 0.1 3.4 13.4 50.4 
 
Similar to the MLC classification results using RGB-IHS fusion technique, the implementation of the 
Wavelet and IHS transformation caused a lot of misclassifications on the built-up classes that are 
spectrally similar, such as low density residential, transportation, construction and industrial classes.  
 
It is important to mention that the fields from agriculture seemed to obtain a more homogeneous 
classification.  This reveals that not enough information from the Pan imagery was obtained during the 
fusion method. 
 
The forest class was improved compared to the RGB-IHS fusion technique. Better producer’s accuracy 
could also be observed to the agriculture-related classes. This improvement could indicate that the loss of 
spectral information using this technique is reduced.   
 
A large change in the classification was observed in the areas of clouds and their shadows which were 
classified as new residential.  Apart from this, the detailed statistics for accuracy assessment were not 
showing a major effect in the classification caused by the bright pixels introduced with this fusion 
technique. Thus, as mentioned before, the fusion results were not visually pleasant. 
 
A major difference in comparison with the rest of the results for MLC is the area on the right of the Bond 
Lake.  For the rest of the results these areas are classified as a mixture of built-up areas, while in this 
classification everything was assigned to the parks class.  This contradicts with the improvement of most 
of the agricultural classes.  It is believed that a colour distortion could have been introduced as clearly 
seen in these areas. 
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Legend - Pixel-Based Approach 

Water  Fallow 
Low-Density Res.  Soya 
Transportation  Rapeseeds 
Construction Site  Pasture 
Forest  Parks 
Golf Course  New Low-Density 
Corn  Residential 
Wheat  Commercial 
  Industrial 

Figure C.2 Image Classification result for MCL, Wavelet–IHS fusion method (ERDAS). 
  

 
Table C.3 MLC Classification results (3) 

Image Data: Wavelet–IHS fusion method (Matlab) 
 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 92.5 7.3 0.1           0.2   
Low 
den 

 14.1 52.0 0.1 0.4    0.8 0.9  0.6 1.6 0.9 25.4 3.1 

Trans  1.6 45.3           0.1 48.7 4.3 
Const    95.0      0.1    3.0  1.9 
Forest  0.7   78.0 10.3 6.6  1.3  0.1 0.3 2.6    
Golf  1.0  0.1 2.9 94.0 0.6  0.1  0.1 0.1 0.4 0.2  0.5 
Corn     4.7 4.8 84.4  0.1  0.9 3.9 1.1    
Wheat        98.2    0.1    1.6 
Fallo  3.2   0.2  0.3  84.2  0.7 5.8 5.5    
Soya         22.1 73.9  3.2 0.7    
Rap s  7.9    2.3 0.7  0.1 1.1 85.9 0.1 1.8    
Pastur  0.2     2.2 2.2 1.5 2.8  83.8 6.2   1.0 
Parks  6.5   19.4 5.7 7.8  4.1 1.5 2.9 19.4 32.5   0.2 
New 
res 

  2.8 9.0          68.0 6.6 13.4 

Comm  0.1 32.2 0.1          4.6 57.3 5.8 
Ind  1.2 35.7 0.3     0.1 0.2    1.8 9.0 51.7 
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The results for the MLC classifier using the Wavelet-IHS fusion method implemented in Matlab were 
very similar to the ones obtained by the RGB-IHS technique.  However, there was a minor increase in the 
producer’s accuracy of all the classes.  This improvement could indicate that the loss of spectral 
information using this technique is reduced.   
 

 
Legend - Pixel-Based Approach 

Water  Fallow 
Low-Density Res.  Soya 
Transportation  Rapeseeds 
Construction Site  Pasture 
Forest  Parks 
Golf Course  New Low-Density 
Corn  Residential 
Wheat  Commercial 
  Industrial 

Figure C.3 Image Classification result for MCL, Wavelet–IHS fusion method (Matlab). 
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Appendix D  
Accuracy Assessment for Context Classifier  

Testing REDUCE and Isoclust algorithms for segmentation; pixel window sizes  
Pixel-Based Approach 

 
The REDUCE algorithm was used as a previous step in the first 6 results, and using the MS bands for the 
segmentation. Results 7 and 8 used the ISOCLUST algorithm as an initial step, and used MS bands for the 
segmentation. Results 9 and 10 were obtained using MS bands and Pan for the segmentation. Results 11 
and 12 used only the Pan image for the segmentation. These were results of initial tests to choose a good 
window size for the contextual classifier and also the channels that would lead to the best segmentation. 
The REDUCE and ISOCLUST algorithm were also tested for the segmentation. 
 
For the first six tests, the use of a different window size generated diverse results for individual classes. 
Most of the classes improved their producer’s accuracy with a pixel window size of 21.  These classes 
were forest, golf course, corn, wheat, fallow, rapeseeds, parks and commercial.  It could be identified that 
not all the classes were identified correctly using the same pixel size.  Transportation obtained better 
results with 9 and 11 pixel window size, low density with 5 x 5, soya with 11 x 11; new residential and 
industrial with 15 x 15.  It is important to mention that transportation, pasture and fallow had a big 
decrease in their producer’s accuracy compared to MLC classification results. This could be due to the 
creation of the clusters by the REDUCE algorithm.  The size and shape of these clusters may not be good 
for the identification of these classes. 
 
The same performance of the pixel window sizes was seen when using Isoclust algorithm for 
segmentation.  All the classes seemed to improve as the window size increased.  However, it is important 
to notice that for the transportation class, a window size of 21 x 21 pixels gave null producer’s accuracy.  
This showed that a similar window size would not work in the same way using different segmentation 
algorithms.  The increase of quality of the clusters generated by Isoclust was shown to have a positive 
effect in the classification. The classes pasture and fallow increased significantly compared to the results 
obtained with REDUCE. 
 
The results showed that a window of 21 may be used to maintain with the best results. No other window 
sizes were tested because of the algorithm implementation in PCI Geomatica. Van de Voorde et al. (2004) 
chose the Pan imagery to obtain image primitives in the segmentation stage.  Following his method, Pan 
image was tested along with Isoclust algorithm to generate the segmentation. The use of the ISOCLUST 
algorithm for the segmentation offers an improved result compared to the REDUCE one. The best 
segmentation only used the MS channels; the results suggest that the Pan image introduces errors in the 
segmentation process because it did not help in the correct identification the land-cover/landuse objects. 
 

Table D.1 Accuracy assessment comparison of pixel window size  
and Segmentation algorithm for the Contextual Classifier. 

Window size and Segmentation algorithm Overall 
accuracy 

Average 
accuracy 

Kappa 
Coefficient 

1. 5 x 5 (REDUCE) 63.84% 55.50% 0.60494 
2. 9 x 9 (REDUCE) 66.57% 58.44% 0.63496 
3. 11 x 11 (REDUCE) 67.80% 59.68% 0.64828 
4. 15 x 15 (REDUCE) 70.31% 62.32% 0.67570 
5. 19 x 19 (REDUCE) 71.91% 64.14% 0.69319 
6. 21 x 21 (REDUCE) 72.28% 64.45% 0.69717 
7. Isoclust 15 x 15   81.45% 73.11% 0.79790 
8. Isoclust 21 x 21 84.29% 75.46% 0.82872 
9. Isoclust (Pan & MS1-4) 15 x 15 80.35% 69.49% 0.78560 
10. Isoclust (Pan & MS1-4) 21 x 21 83.75% 75.46% 0.82267   
11. Isoclust (Pan) 15 x 15 59.16% 49.10% 0.55478 
12. Isoclust (Pan) 21 x 21 61.60% 52.11% 0.58141 
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Table D.2 Detailed accuracy assessment using Context classifier (1). 
Window size: 5 x 5 pixels; Segmentation Algorithm: REDUCE; Image Data: MS 1-4 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

5.9 57.3 10.4      0.1     0.1 6.0 19.3 

Trans  68.3 4.4            15.2 12.1 
Const    89.6          10.4   
Forest  0.2   78.7  21.1          
Golf  3.1   19.0 73.5 0.8    3.6      
Corn     40.5  45.9   10.4 0.1 2.5 0.6    
Wheat        99.9       0.1  
Fallo        60.0 12.0 22.8  4.6 0.1    
Soya     4.2     65.3  1.5 0.1    
Rap s  2.3       0.1 5.2 92.2 0.3     
Pastur        7.5 2.2 87.9 1.2 1.0   0.1  
Parks  3.3 0.1  21.7 0.5 11.6 1.5 7.4 33.1 12.0 4.7 4.1    
New 
res 

   16.0          65.5 18.1 0.3 

Comm  4.0 3.0     2.5 0.1     2.0 69.1 18.3 
Ind  42.2 10.9 0.2          1.7 15.5 29.5 
 

Table D.3 Detailed accuracy assessment using Context classifier (2). 
Window size: 9 x 9 pixels; Segmentation Algorithm: REDUCE; Image Data: MS 1-4 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

5.4 42.8 21.9     0.2       5.8 23.8 

Trans  63.9 8.6            18.8 8.6 
Const    91.0          8.9   
Forest     83.1  16.9          
Golf  0.1   18.1 78.3 0.1    3.4      
Corn     31.1  57.5   7.7   1.7    
Wheat        100         
Fallo       0.5 57.9 18.3 16.9  6.4     
Soya       31.8   65.3   0.1    
Rap s          4.7 95.3      
Pastur        7.1 3.5 87.2 0.8 1.4     
Parks  1.2 0.1  18.6 0.2 10.4 0.1 7.5 30.3 7.3 5.9 18.3    
New 
res 

   13.9          67.0 18.8 0.2 

Comm  3.2 4.2     2.6 0.4     1.3 75.3 12.9 
Ind  5.8 43.2           1.5 16.6 32.8 

 
Table D.4 Detailed accuracy assessment using Context classifier (3). 

Window size: 11 x 11 pixels; Segmentation Algorithm: REDUCE; Image Data: MS 1-4 
 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

4.8 43.8 20.6            4.8 25.9 

Trans  63.1 8.7            18.9 9.3 
Const    92.0          8.0   
Forest     84.4  15.6          
Golf     16.7 80.3     3.0      
Corn     28.3  63.9   4.7  1.3 1.9    
Wheat        100         
Fallo       0.2 57.6 19.8 15.0  7.3     
Soya     2.2  32.7   62.3  2.5 0.3    
Rap s          4.2 95.8      
Pastur        7.1 3.8 86.9 0.5 1.6     
Parks  1.1 0.1  15.6 0.2 10.6  2.5 29.0 4.9 10.4 25.6    
New 
res 

   13.6          67.9 18.2 0.2 

Comm  3.9 5.6     2.0    0.2  1.0 76.5 10.7 
Ind  5.7 43.9           1.6 16.4 32.4 
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Table D.5 Detailed accuracy assessment using Context classifier (4). 
Window size: 15 x 15 pixels; Segmentation Algorithm: REDUCE; Image Data: MS 1-4 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

2.5 38.6 18.6            4.1 36.2 

Trans  5.2 4.8            23.0 67.1 
Const    92.6          7.4   
Forest     86.9  13.1          
Golf     14.8 83.0     2.2      
Corn     20.8  75.0     0.4 1.7    
Wheat        100         
Fallo        56.4 23.7 13.1  6.8     
Soya       34.7   61.0  2.7 0.3    
Rap s          2.8 97.2 2.1     
Pastur        6.6 4.8 86.6  1.9     
Parks  0.4 0.1  11.3  9.6  1.4 25.6 0.7 8.9 42.1    
New 
res 

   11.7          72.1 16.2  

Comm  3.6 7.8         0.2 0.1 0.1 82.6 5.6 
Ind  0.9 45.3           1.6 16.5 35.6 
 

Table D.6 Detailed accuracy assessment using Context classifier (5). 
Window size: 19 x 19 pixels; Segmentation Algorithm: REDUCE; Image Data: MS 1-4 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

1.2 43.3 16.6            3.1 35.8 

Trans   3.5            27.8 68.7 
Const    92.9          7.1   
Forest     89.1  10.9          
Golf     13.6 84.6     1.8      
Corn     16.4  81.4   1.4   0.7    
Wheat        100         
Fallo        56.8 24.7 12.2  6.3     
Soya     1.1  35.9   62.7   0.4    
Rap s          1.2 98.8      
Pastur        6.6 5.3 85.9  2.1     
Parks  0.1   8.3  8.1  1.3 27.0  8.0 47.2    
New 
res 

   11.0          74.4 14.6  

Comm  0.9 11.1          0.2  86.6 1.3 
Ind  1.2 46.3           1.6 16.0 34.9 
 

Table D.7 Detailed accuracy assessment using Context classifier (6). 
Window size: 21 x 21 pixels; Segmentation Algorithm: REDUCE; Image Data: MS 1-4 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

0.9 46.0 16.8            2.6 33.7 

Trans   3.2            28.4 68.3 
Const    93.2          6.8   
Forest     90.2  9.8          
Golf     13.0 85.5     1.5      
Corn     14.6  83.7   0.9   0.8    
Wheat        100         
Fallo        56.8 25.3 11.9  6.1     
Soya     0.8  36.8   59.1  2.9 0.3    
Rap s          0.1 99.9      
Pastur        6.5 5.6 85.6  2.3     
Parks     7.5  6.9  1.6 29.4  8.3 46.3    
New 
res 

   10.6          75.2 14.2  

Comm  0.2 11.5          0.2  87.9 0.3 
Ind  1.6 46.7           1.5 16.7 33.5 
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Table D.8 Detailed accuracy assessment using Context classifier (7). 
Window size: 15 x 15 pixels; Segmentation Algorithm: Isoclust; Image Data: MS 1-4 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

 43.9 12.4           0.6 1.1 42.0 

Trans  42.4 5.7         0.3  0.8 5.1 45.8 
Const    100             
Forest     96.6 3.4           
Golf     6.5 93.1       0.4    
Corn     2.7  89.3   8.0       
Wheat  5.3      94.7         
Fallo  2.9       83.8   9.9 3.3    
Soya     0.1  11.3   88.4  0.1     
Rap s      2.4     97.6      
Pastur       3.1 1.0 12.6 19.5  61.7 2.0    
Parks  0.4   10.6 1.9 0.1  0.7 0.3 1.5 7.1 77.5    
New 
res 

  0.1 82.9          13.2 3.9  

Comm  5.4 6.0 5.4          10.7 66.2 6.2 
Ind  10.9 8.8 1.7          2.4 18.3 58.0 
 

Table D.9 Detailed accuracy assessment using Context classifier (8). 
Window size: 21 x 21 pixels; Segmentation Algorithm: Isoclust; Image Data: MS 1-4 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

 48.2 10.6            0.1 40.8 

Trans  1.9          3.0 0.4 2.3 1.3 91.0 
Const    100          2.3   
Forest     98.7 1.3           
Golf     4.9 95.1           
Corn     0.4  97.0   2.6       
Wheat        100         
Fallo  0.9       88.7   8.9 1.5    
Soya       11.4   88.5  0.1     
Rap s      0.5     99.5      
Pastur       2.2  13.0 19.4  63.3 1.4    
Parks     4.6 1.3   0.4   5.6 88.1    
New 
res 

   81.3          18.2 0.5  

Comm  2.2 9.1 4.7          10.8 67.5 5.7 
Ind  10.9 11.3 1.4          3.2 18.7 54.5 
 

Table D.10 Detailed accuracy assessment using Context classifier (9). 
Window size: 15 x 15 pixels; Segmentation Algorithm: Isoclust; Image Data: Pan and MS 1-4 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

 48.3 9.3            0.4 41.9 

Trans  43.6 19.5            0.4 36.4 
Const  77.3            22.7   
Forest     95.0 4.5           
Golf     9.6 90.2       0.2    
Corn     5.0  79.6   15.4       
Wheat        100         
Fallo  0.3       88.3 0.2  11.1     
Soya       31.1   61.6   7.3    
Rap s           100      
Pastur        1.5 12.1 19.0  67.4     
Parks  0.5   12.2 1.1 0.5  1.1  3.3 8.3 72.8    
New 
res 

 18.4 0.1 1.5          69.9 10.0  

Comm  5.1 9.8           11.3 65.4 8.3 
Ind  8.3 16.7           1.8 19.3 53.8 
 

 
 
 
 



115 

Table D.11 Detailed accuracy assessment using Context classifier (10). 
Window size: 21 x 21 pixels; Segmentation Algorithm: Isoclust; Image Data: Pan and MS 1-4 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

 49.3 10.3             39.7 

Trans  0.1 61.0             39.0 
Const  73.5            26.5   
Forest     97.7 2.3           
Golf     7.2 92.8           
Corn     1.7  89.0   9.3       
Wheat        100         
Fallo         90.0   10.0     
Soya       32.9   61.9   5.1    
Rap s           100      
Pastur        0.9 12.5 18.8  67.8     
Parks  0.1   6.4 0.3   1.5   5.7 86.0    
New 
res 

 7.6            86.6 5.8  

Comm  2.1 7.0           10.2 71.4 9.3 
Ind  8.8 16.6           1.5 19.8 53.3 
 

Table D.12 Detailed accuracy assessment using Context classifier (11). 
Window size: 15 x 15 pixels; Segmentation Algorithm: Isoclust; Image Data: Pan 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

 43.9 22.7  1.1    3.4      0.6 28.2 

Trans  65.1 1.8  1.4    5.2      8.1 18.4 
Const    78.3  21.7           
Forest  1.6 14.8  11.0 4.7   0.1    37.1  5.6 25.2 
Golf  2.3   4.5 82.4     6.9  0.1 3.8   
Corn       63.9   26.4  9.0 0.7    
Wheat       4.4 86.7 8.0       1.0 
Fallo       5.7 17.0 33.3 2.5  4.6 1.5   35.5 
Soya       65.3 14.1  16.3  4.0 0.3   30.9 
Rap s           100      
Pastur       54.2 10.2 2.4 31.6  1.6     
Parks  1.9 2.0  13.3 0.1 0.6  0.1 2.7 3.2 2.1 57.5 0.1 15.8 0.6 
New 
res 

 0.1  10.4 1.1 18.0     0.2  12.1 58.1   

Comm  5.1 3.2  14.5  1.6 0.2 19.5 0.8 5.9 16.7 7.4  11.1 13.9 
Ind  8.7 25.8  1.6  4.4 6.4 5.0   3.3 2.3 1.3 1.3 39.7 
 

Table D.13 Detailed accuracy assessment using Context classifier (12). 
Window size: 21 x 21 pixels; Segmentation Algorithm: Isoclust; Image Data: Pan 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

 46.3 20.8  1.9    1.9      0.8 28.5 

Trans  47.0 3.8  1.9    4.1   0.5   12.1 30.7 
Const    78.2  21.2        0.6   
Forest  0.6 15.7  10.7 3.3       40.5  2.0 27.2 
Golf  0.4   4.5 86.1     5.3   3.7   
Corn       62.4   22.9  14.7     
Wheat       3.0 85.6 8.0       0.5 
Fallo       5.0 9.4 42.2 2.3  6.2 0.7   34.3 
Soya       69.2 13.0 0.1 12.2  5.6     
Rap s           100      
Pastur       52.6 10.0 2.3 31.9  3.3     
Parks   1.0  5.7  0.6   0.6 2.3 2.0 78.6  9.1  
New 
res 

   9.9 1.6 15.3       9.4 63.8   

Comm  1.4 3.9  17.9    14.5  3.0 14.3 15.2  13.9 15.7 
Ind  8.5 22.6  1.7  2.8 6.4 7.0   2.3 3.1 0.7 1.2 43.6 
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Appendix E  
Accuracy Assessment for MCL vs. Context Classifier 

Pixel-Based Approach 
 
For a better explanation of the results, the image was segmented into 16 areas, numbered from left to right 
and top to bottom as shown in the figure below.  These areas were only used for descriptive purposes of 
the elements of the imagery. 
 

 
Figure E.1 Image Description (8192x8192 pixels). 

 
 
 
 
 
 
 
 

 
 

1 2 3 4 

5 6 7 8 

9 10 11 12 

13 14 15 16 
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Table E.1 Detailed accuracy assessment MLC vs. Context classifier (1). 
Classifier: MLC;  Image Data: MS 1-4 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 99.9             0.1   
Low 
den 

 13.6 14.0           0.3 3.4 68.4 

Trans  0.1 77.0            3.9 19.0 
Const    70.5          29.5   
Forest  1.2   83.1 8.4 0.2      7.1    
Golf  0.7   3.7 90.8 0.3      4.5    
Corn  0.1    5.4 85.0   3.7  0.2 5.6    
Wheat  0.1      99.8      0.1   
Fallo  8.1     0.1  80.6  0.1 5.7 5.4    
Soya  0.1    3.5 21.4  0.3 33.1  2.1 39.6    
Rap s  2.3    7.4     90.1  0.2    
Pastur  0.8     0.8  2.2 20.3  72.2 3.8    
Parks  10.9   7.1 12.7 2.1  2.1 2.8 0.2 11.9 50.2    
New 
res 

  1.1 6.9          79.2 3.7 8.8 

Comm  3.9 42.7      0.5   0.1  1.2 33.5 18.0 
Ind  1.0 46.5           3.6 2.8 46.0 
The above table has similar results to the ones showed in Table D.1.  The changes in overall and 
individual producer’s accuracies were due to the change in the size of the imagery used for the contextual 
classifier.  

 
Legend - Pixel-Based Approach 

Water  Fallow 
Low-Density Res.  Soya 
Transportation  Rapeseeds 
Construction Site  Pasture 
Forest  Parks 
Golf Course  New Low-Density 
Corn  Residential 
Wheat  Commercial 
  Industrial 

Figure E.2 Image Classification results (MLC classifier). 
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Table E.2 Detailed accuracy assessment MLC vs. Context classifier (2). 
Classifier: Context; Segmentation: REDUCE; Filter size: Window 21 x 21 pixels; Image Data: MS 1-4 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

0.9 46.0 16.8            2.6 33.7 

Trans   3.2            28.4 68.3 
Const    93.2          6.8   
Forest     90.2  9.8          
Golf     13.0 85.5     1.5      
Corn     14.6  83.7   0.9   0.8    
Wheat        100         
Fallo        56.8 25.3 11.9  6.1     
Soya     0.8  36.8   59.1  2.9 0.3    
Rap s          0.1 99.9      
Pastur        6.5 5.6 85.6  2.3     
Parks     7.5  6.9  1.6 29.4  8.3 46.3    
New 
res 

   10.6          75.2 14.2  

Comm  0.2 11.5          0.2  87.9 0.3 
Ind  1.6 46.7           1.5 16.7 33.5 
It is important to mention that transportation, pasture and fallow had decreased significantly in their 
producer’s accuracy compared to MLC classification results. The commission errors in the forested area 
also show that he size and shape of the clusters generated by REDUCE may not be adequate for the 
identification of these classes. There were larger areas of fields classified as wheat that were not present in 
the MLC classification result. These can be identified in the parts 2, 11, and 12 of the imagery.  
 
 There was no more information from the Field Work to conclude if this was a major error in the 
classification.  From the user’s point of view, the fields in the part 2 of the imagery might contain wheat. 
But the ones from the part 11 were not likely wheat because the spectral response shown in the training 
areas for this class was not similar to the ones obtained from these fields.  It was believed that these areas 
contained bare field.   
The hundred percentage of accuracy assessment for the class wheat was not showing this situation in the 
rest of the imagery.  More information on ground truth has to be included to give accurate accuracy 
measures. It could be identified that a large amount of low density houses were extracted and classified 
correctly. Minor roads had the most misclassification problem, which could be explained because of the 
choice in the pixel window size.   

 
Legend - Pixel-Based Approach 
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Water  Fallow 
Low-Density Res.  Soya 
Transportation  Rapeseeds 
Construction Site  Pasture 
Forest  Parks 
Golf Course  New Low-Density 
Corn  Residential 
Wheat  Commercial 
  Industrial 

Figure E.3 Image Classification results (Context classifier, REDUCE, MS1-4). 
 

Table E.3 Detailed accuracy assessment MLC vs. Context classifier (3). 
Classifier: Context; Segmentation Algorithm: REDUCE 

Filter size: Window 21 x 21 pixels; Image Data: MLC and MS 1-4 
 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

0.9 42.9 15.1            2.8 38.3 

Trans  0.5 17.6          0.1  13.4 68.4 
Const    28.9          71.1   
Forest     89.5  10.5          
Golf     13.4 84.9     1.7      
Corn     14.8  83.5   0.8   0.9    
Wheat        100         
Fallo        56.3 25.8 11.9  6.0     
Soya     0.9  33.9   62.5  2.3 0.5    
Rap s          0.1 99.9      
Pastur        6.5 5.7 85.6  2.2     
Parks     7.5  6.9  1.6 29.4  8.2 46.4    
New 
res 

   2.1          87.4 10.5  

Comm  0.2 11.4          0.2  87.9 0.4 
Ind  0.5 47.3           1.9 16.8 33.5 
 
The usage of the MLC result in the segmentation process improved the classification for most of the 
classes.  The improvement was clearly seen for roads and the areas identified previously as wheat.  
However, this information made confusion between construction sites and new low residential houses. 
The incorrect classification of pasture and fallow still remained. The classification obtained from MLC did 
not seem to improve the identification of these classes in the segmentation process.  
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Legend - Pixel-Based Approach 

Water  Fallow 
Low-Density Res.  Soya 
Transportation  Rapeseeds 
Construction Site  Pasture 
Forest  Parks 
Golf Course  New Low-Density 
Corn  Residential 
Wheat  Commercial 
  Industrial 

Figure E.4 Image Classification results (Context classifier, REDUCE, MLC and MS1-4). 
 

Table E.4 Detailed accuracy assessment MLC vs. Context classifier (4). 
Classifier: Context 

Segmentation Algorithm: Isoclust 
Filter size: Window 21 x 21 pixels 

Image Data: MLC and MS 1-4 
 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
Water 100                
Low 
den 

 58.1 0.6           0.9 5.1 40.3 

Trans  15.7 27.8             51.4 
Const              100   
Forest     93.0 6.6           
Golf     8.7 91.3           
Corn     0.3  99.7          
Wheat        100         
Fallo        17.9 66.9 0.7  14.5     
Soya       20.2   71.6   8.2    
Rap s      0.08     98.2  1.0    
Pastur       1.0  11.9 33.9  53.3     
Parks     6.8  0.5  1.1   11.1 80.4    
New 
res 

 0.2  4.1          88.6 0.4  

Comm  1.3 23.5         0.1   68.3 2.4 
Ind  16.5 14.9           2.8 9.2 54.8 
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The usage of MLC classifier in the segmentation was seen to slightly increase the overall classification.  
Great improvements were seen in the part 11, where a smaller amount of wheat content could be 
identified.  The bare field in the part 11 was seen to belong to transportation class. This was not true, 
because it was thought by the user that these areas contained bare field. However, the classification 
showed that it belonged to a built-up class and not an agricultural one.  
 
It could be concluded that the use of different imagery led to different segmentation result, and thus the 
same pixel size cannot give similar results using the contextual classifier. A similar conclusion could be 
drawn with the use of the segmentation algorithms; because the difference in quality of the generated 
objects needed different window sizes to provide good classification results. 
 

 
Legend - Pixel-Based Approach 

Water  Fallow 
Low-Density Res.  Soya 
Transportation  Rapeseeds 
Construction Site  Pasture 
Forest  Parks 
Golf Course  New Low-Density 
Corn  Residential 
Wheat  Commercial 
  Industrial 

Figure E.5 Image Classification results (Context classifier, Isoclust, MLC and MS1-4). 
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Appendix F  
Tests to determine the parameters for segmentation 

Object-Based Approach 
 

Initial tests with small subsets of the imagery were done to decide on shape, compactness and smoothness 
parameters.  The best combination was giving shape a value of 0.5 and giving the same importance to 
compactness and smoothness.  The scale parameter cannot be determined from subsets of the imagery 
because the output changed when the size and content of imagery were modified. 

 
Table F.1 Parameters for segmentation 1. 

Parameter Value 
Scale 110 
Shape 0.3 
Compactness 0.5 
Smoothness 0.5 

 
The imagery used for this segmentation was MS 1-4 channels.  Infrared band used with a weight of 1.0.  
The rest of the images had a weight of 0.5. 
 

Table F.2 Segmentation: scale 110, MS 1-4 channels. 

 
Mixture of houses and roads. 

 
Mixtures of built-up and grass. 

 
Trees and grass in a large 
segment. 

 
Good separation of large 
buildings. 

 
Grass and houses in the same 
segments. 

 
Good separation of roads. 

 
Table F.3 Parameters for segmentation 2. 

Parameter Value 
Scale 130 
Shape 0.3 
Compactness 0.5 
Smoothness 0.5 

 
The imagery used for this segmentation was MS 1-4 channels.  Infrared band used with a weight of 1.0.  
The rest of the images had a weight of 0.5. 
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Table F.4 Segmentation: scale 130, MS 1-4 channels. 

 
Segments for roads are not good 
for identification. 

 
Mixture of houses and roads. 

 
Good identification of large 
buildings 

 
Trees and grass in a large 
segment. 

 
Large segments with high 
variability in agriculture. 

 
Complex shapes of segments 
from roads. 

 
Table F.5 Parameters for segmentation 3. 

Parameter Value 
Scale 160 
Shape 0.3 
Compactness 0.5 
Smoothness 0.5 

 
The imagery used for this segmentation was MS 1-4 channels.  Infrared band used with a weight of 1.0.  
The rest of the images had a weight of 0.5. 
 

Table F.6 Segmentation: scale 160, MS 1-4 channels. 
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In general, the segments were not good for the identification of the classes like transportation and low 
density.  There was a lot of variability in large objects that contained trees and grass.  The industrial 
buildings and their parking lots were segmented optimally. 
 
It could be concluded that the usage of the MS 1-4 bands for the segmentation process only benefited the 
built-up objects.  In general, there existed a mixture of various objects of agriculture in the segments. The 
scale parameter that led to the best segmentation objects was 130. 

Table F.7 Parameters for segmentation 4. 
Parameter Value 
Scale 110 
Shape 0.3 
Compactness 0.5 
Smoothness 0.5 

 
The image used for this segmentation was MS 4 channel with a weight of 1. 
  

Table F.8 Segmentation: scale 110, MS 4 channel. 

 
Good delimitation of houses 
and grass that surround these 
objects. 

 
More separation of trees and 
grass. 

 
The buildings from industrial 
areas are composed of large 
segments. 

 
Good separation of minor roads, 
grass, trees and houses. 

 
The segments of some minor 
roads have a difficult shape. 

 
Mixture of houses and parts of 
roads in the segments. 

 
Table F.9 Parameters for segmentation 5. 

Parameter Value 
Scale 130 
Shape 0.3 
Compactness 0.5 
Smoothness 0.5 

 
The image used for this segmentation was MS 4 channel with a weight of 1. 
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Table F.10 Segmentation: scale 130, MS 4 channel. 

 
The segments for roads did not 
have an optimal shape. 

 
There existed a mixture of 
houses and bare field in the 
same segment. 

 
Large buildings from industrial 
sites were delimited very well 
from the parking lots around 
them. Some segments of trees 
and bare field could be noticed 
as well. 

 
The houses are in general 
separated from the other built-
up classes. 

 
For some buildings, the scale 
parameter is not optimal due to 
the generation of more than one 
segment in them. 

 
The segments for roads are 
mixed with parking lots or 
another built-up area close to 
them. 

 
Table F.11 Parameters for segmentation 6. 

Parameter Value 
Scale 160 
Shape 0.3 
Compactness 0.5 
Smoothness 0.5 

 
The image used for this segmentation was MS 4 channel with a weight of 1. 
  
 
 

Table F.12 Segmentation: scale 160, MS 4 channel. 

 
The segments for roads did not 
have an optimal shape. They 
started mixing with houses. 

 
The minor roads were not 
correctly separated. 

 
On the other hand, major roads 
have a long optimal shape. 
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Buildings in industrial areas 
were very well separated and 
forming only one segment per 
building.   

 
However, for some larger 
buildings their area was still 
segmented in more than 2 
objects. 

 
Segments from minor roads 
combined with houses along 
them.  This was not the same 
for all the areas. 

 
The best segmentation was concluded to be number 4, using a scale of 110 and infrared band as 
parameters.  It was found that in this segmentation the objects of interest were segmented optimally for 
their further classification. It is important to mention that there were some problems of mixture of minor 
roads and houses, but in a very small extent, that would contribute to misclassifications.  
  
It is important to mention that the parameter for scale in the initial segmentation can lead to very different 
results for top and bottom segmentations.  The segmentations created as a sub-object analysis or using a 
larger scale cannot be predicted and would not be similar to the ones obtained with the same parameters 
used in a separate segmentation. 
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Appendix G  
Class Descriptions and Membership Functions for Classes Level 1 

Object-Based Approach 
 

Table G.1 Definition for abstract classes that define the levels of segmentation. 
Class Class Description Membership Functions 
Level 
1 

 

Level 

 

Level 
2 

Class description is similar to Level 1 
 

values: 1,2,3 
 

Level 
3 

Class description is similar to Level 1 
 

values: 2,3,4 
 

Level 
4 

Class description is similar to Level 1 
 

values:3,4,5 
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Appendix H  
Class Descriptions and Membership Functions for Classes Level 2 

Initial Separation of Agriculture, Built-up and water classes 
Object-Based Approach 

 
Table H.1 Definition of agriculture, built-up and water classes in Level 2. 

Class Class Description Membership Functions 
Agriculture 

 

Mean qbsar.img(3)  

Mean qbsar.img(5)  

Mean qbsar.img(6)  
Built-up 

 
 

 

Water 

 

Mean qbsar.img (2)  

Mean qbsar.img (4)  

Mean qbsar.img (5)  
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Appendix I  
Class Descriptions and Membership Functions for Classes Level 1 

Detailed classes for Agriculture and Built-up area  
Object-Based Approach 

 
Table I.1 Definition of abstract classes in Level 1. 

Class Class Description Membership Functions 
agri_level1 

 
 

Existence of agriculture_lev2 super objects 

 

built_lev1 

 
 

Existence of built-up_lev2 super objects 

 

 
Table I.2 Definition of detailed built-up classes in Level 1. 

Class Class Description Membership Functions 

 

Bare Field 

 

Mean qbsar.img (2)  

Mean qbsar.img (3)  

Mean qbsar.img (4)  

Mean qbsar.img (5)  

Mean qbsar.img (6)  
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Construction 
Site 

 

Mean qbsar.img (2)  

Mean qbsar.img (3)  

Mean qbsar.img (4)  

Mean qbsar.img (5)  
New  
Residential 

 

Mean qbsar.img (2)  

Mean qbsar.img (3)  

Mean qbsar.img (4)  

Mean qbsar.img (5)  
Small  
Built up 

 

Area, from Shape – Generic Shape Features under 

Object Features  
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Appendix J  
Class Descriptions and Membership Functions for Classes Level 3 

Definition of agriculture and built-up classes related to Level 2 
Object-Based Approach 

 
Table J.1 Definition of abstract classes in Level 3. 

Class Class Description Membership Functions 
agr_level3 

 
 
 

Existence of agriculture_lev2 sub objects 

 
 

built_up_ 
lev3 

 
 

Existence of built-up_lev2 sub objects 
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Appendix K  
Class Descriptions and Membership Functions for Classes Level 4 

Definition of big houses/buildings class  
Object-Based Approach 

 

 
Figure K.1 Description of ‘big houses’/buildings class in Level 4. 

 
Table K.1 Membership functions for ‘big houses’/buildings class in Level 4. 

Area from Shape – Generic Shape Features under 
Object Features 

 
Select objects that are bigger than 1700 m2. 

GLCM Entropy (all dir.) from Texture – Texture 
after Haralick under Object Features  qbsar.img 
(2) 

 
 

GLCM Entropy (all dir.) from Texture – Texture 
after Haralick under Object Features  qbsar.img 
(3) 

 

GLCM Entropy (all dir.) from Texture – Texture 
after Haralick under Object Features  qbsar.img 
(4) 

 
GLCM Entropy (all dir.) from Texture – Texture 
after Haralick under Object Features qbsar.img (5) 

 

Rectangular Fit from Shape – Generic Shape 
Features under Object Features 
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Appendix L  
Class Descriptions and Membership Functions for Classes Level 3 

Definition of big houses/buildings class  
Object-Based Approach 

 

 
Figure L.1 Description of ‘big houses’/buildings class in Level 3. 

 
 
Existence of big-houses super-objects from Existence of in Relations to super-objects under Class-related 
features. 

 
Figure L.2 Membership function for ‘big houses’/buildings class in Level 4. 
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Appendix M  
Class Descriptions and Membership Functions for Classes Level 2 

Detailed description of agriculture and built-up abstract classes  
Object-Based Approach 

 
Table M.1 Definition of detailed classes for agriculture Level 2. 

Class Class Description Membership Functions 
Bare-
notused_ 
lev2 

 
 
 

Relative area of bare-notused_lev1 sub-objects, under 
Relations to sub-object from Class related features 

 
 

Corn_lev2 

 
 

-Relative area of corn_high_lev1 sub-objects, under 
Relations to sub-object from Class related 

features  
-Relative area of corn_low_lev1 sub-objects, under 
Relations to sub-object from Class related 

features  
Forest_con_l
ev2 

 

Relative area of forest_con_lev1 sub-objects, under 
Relations to sub-object from Class related 

features  

Forest_dec_l
ev2 

 

Relative area of forest_dec_lev1 sub-objects, under 
Relations to sub-object from Class related 

features  
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Golf_ 
course_ 
lev2 

 

Relative area of grass_cut_water_lev1 sub-objects, 
under Relations to sub-object from Class related 

features  

Grass_lev2 

 

-Relative area of dark_grass_lev1 sub-objects, under 
Relations to sub-object from Class related 

features  
-Relative area of grass_with_bare_lev1 sub-objects, 
under Relations to sub-object from Class related 

features  
-Relative area of healthy_grass_lev1 sub-objects, under 
Relations to sub-object from Class related 

features  
 

 
 
 
 
Relative area of healthy_grass_lev1 

-Relative area of grass_low_den_lev2 neighbour-objects 
(99 m) , under Relations to neighbour objects from 
Class related features 

 
Relative area of low-density_lev2 neighbour-objects 
(200 m) 

 
Relative area of corn_low_lev1 sub-objects, under 
Relations to sub-object from Class related features 

 
Relative area of golf_course_lev2 neighbour-objects (0 
m) 
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sub-objects 

 
Relative area of 
grass_with_bare_lev1 sub-objects  

 
Relative area of corn_high_lev1 
sub-objects  

 
Relative area of wheat_mature_lev1 
sub-objects  

 
Relative area of dark_grass_lev1 
sub-objects  

 

 
Relative area of grass_cut_water_lev1 sub-objects 

 
Relative area of rapseeds_lev1 sub-objects 

 
Relative area of soya_lev1 sub-objects 

 
Classification value of grass_lev2 under Classification 
value of from Class related features 

 
 

Rapseeds_le
v2 

 

Relative area of rapseeds_lev1 sub-objects  

 

Soya_lev2 

 

Relative area of soya_lev1 sub-objects  
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Wheat_ 
lev2 

 

Relative area of wheat_mature_lev1 sub-objects  

 

 
Table M.2 Definition of detailed classes for built-up areas Level 2. 

Class Class Description Membership Functions 
Bare 
field_lev2 

 
 
 

Existence of bare_field_lev1 sub- objects 

 
Relative area of bare field_lev1 sub-objects 

 
Cloud_lev2 

 
 

Mean qbsars.img (2)  

Mean qbsars.img (3)  

Mean qbsars.img (4)  

Mean qbsars.img (5)  
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Comm&ind
_lev2 

 

Area  
Relative area of small_built-up_lev1 sub-objects 

 
Border to grass_lev2 neighbour objects 

 
Border to grass_lowden_lev2 neighbour objects 

 
Existence of big-houses_lev3 super objects 

 
Construction 
site_lev2 

 

Existence of construction site_lev1 sub-objects 

 
Relative area of construction site_lev1 sub-objects 

 
Dark_ 
shadow_ 
lev2 

 

Mean qbsars.img(2)  

Mean qbsars.img(3)  
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Mean qbsars.img(4)  

Mean qbsars.img(5)  
Low-
density_ 
lev2 

 

Similarity to classes: 
- not bare field_lev2 
- not cloud-lev2 
- not comm&ind_lev2 
- not construction site_lev2 
- not dark_shadow_lev2 
- not transportation_lev2 

Roads_lev2 

 

Classification value of comm&ind_lev2 

 
Similarity to classes: 

- not cloud-lev2 
- not dark_shadow_lev2 

Transpor 
tation_lev2 

 

 

Classification value of construction site_lev2 

 
Compactness, under Generic Shape Features from 
Object Features 

 
Length/width, under Generic Shape Features from 
Object Features 
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Length/width  
Length/width (line so), under Line features based on 
sub-objects under Object Features 

 

Compactness  

Length/width  
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Appendix N  
Class Descriptions and Membership Functions for Classes Level 3 

Detailed description of agriculture and built-up abstract classes  
Object-Based Approach 

 
Table N.1 Definition of detailed classes for agriculture Level 3. 

Class Class Description Membership Functions 
Bare-
notused 

 

Existence of bare-notused_lev2 sub objects. 

 
 

Corn 

 

Existence of corn_lev2 sub objects. 

 

Forest_con 

 

Existence of forest_con_lev2 sub objects. 

 

Forest_dec 

 

Existence of forest_dec_lev2 sub objects. 

 

Golf_ 
course 

 

Existence of golf course_lev2 sub objects. 
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Grass 

 

Existence of grass_lev2 sub objects. 

 

Grass-
lowden 

 

Existence of grass_lowden_lev2 sub objects. 

 

Parks 

 

  
 
Existence of transportation 
neighbour objects (29m) 

 
Border length 

 
Classification value of grass-
Lowden 

Existence of low-density neighbour objects (29m) 

 
Relative area of low density neig objects (29m) 

 
 Not Existence of low-density neig objects (29m) 

 
Border to transportation neighbour objects 

 
Border length 

 
Border to transportation neighbour objects 

 
Relative area of transportation neig objects (29m) 
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Distance to parks_intial neighbour 
objects 

 
 

 
Not Existence of transportation neig objects (29m) 

 
Classification value of parks_initial 

 
Parks_ 
initial 

 

  
Relative border to baseball-
field_lev3 

 

Classification value of baseball-field_lev3 

 
Classification value of transportation 

 
Existence of baseball-field_lev3 neig objects (20m) 

 
 
Classification value of low-density 

 
Classification value of bare-not-used 
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Rapseeds 

 

Existence of rapseeds_lev2 sub-objects 

 

Soya 

 

Existence of soya_lev2 sub-objects 

 

Wheat 

 

Existence of wheat_lev2 sub-objects 

 

 
 

Table N.2 Definition of detailed classes for built-up Level 3. 
Class Class Description Membership Functions 
Bare-field 

 

Existence of bare field_lev2 sub-objects 

  
 

Baseball-
field_lev3 

  
 
 
 
 
 
 

Area 

 
Existence of construction site_lev2 sub-objects 

 
Length/width 

 
Relative border to bare-not-used neighbour objects 
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Rectangular Fit 

 
Shape Index 

 

 
Relative border to construction-site neig objects 

 
Relative border to grass-lowden neighbour objects 

 
 

Cloud_lev3 

 

Existence of cloud_lev2 sub-objects 

 

Comm&ind 

 

Existence of comm&ind_lev2 sub-objects 

 

Commer 
cial_ 
industrial 

 
Classification value of 
transportation 

 

Distance to comm&ind neighbour objects 

 
Relative area of comm&ind neig objects (50m) 

 
Classification value of low-density 
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Construc 
tion_site 

 

Existence of construction site_lev2 sub-objects 

 

Dark_ 
shadow_ 
lev3 

 

Existence of dark_shadow_lev2 sub-objects 

 

Low-density 

 

Existence of low-density_lev2 sub-objects 

 

New-
residential 

 

Classification value of low-density 

 
Relative area of construction-site neighbour objects 
(99m) 

 
Transpor 
tation 

 

Existence of transportation_lev2 sub-objects 
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