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Abstract: National authorities and international organizations worldwide are interested in the division of the landscape according to the various classes of land cover/use, for example, into urban areas, arable land, grasslands, forests or wetlands. The creation of a land cover/use map emerges not only from the need to generate information that would be useful for general policy purposes, but also from the need to control development at a local level; for example, the need to conserve natural resources, to deal with problems incurring as a result of tourism development and local authority planning, among others.  Today, a wide range of satellite sensors such as Landsat TM, IRS and SPOT HRVIR, are extensively used for land cover/use mapping on different scales, by employing a large number of image interpretation techniques. Object based image analysis (OBIA) is an innovative image classification technique. The concept of OBIA is that information necessary to interpret an image is not represented in single pixels, but in meaningful image objects. The technique is an approach that uses not only spectral information, but also spatial information of image objects. The aim of this work was to examine the potential of OBIA in the mapping of basic land cover/use classes when employing SPOT-4 imagery. The specific objectives were: (a) to develop an object based classification scheme for mapping the land cover/use classes using a SPOT-4 image, (b) to examine the transferability of the scheme by applying it on a second SPOT-4 image of a different area, and (c) to estimate the accuracy of the scheme by comparing the results with data collected in the field, as well with data derived from photo-interpretation of very high resolution imagery. The combination of SPOT-4 data and OBIA showed promising results (79.11% overall accuracy) in the classification of the first image. Also, the transferability of the classification scheme proved to be successful (81.5% overall accuracy) when applied to the second image. However, it should be noted that adjustments were necessary.
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1. Introduction
Land cover refers to the physical and biological cover over the surface of land including water, vegetation, bare soil, and/or artificial structures. Land use is a more complicated term. Natural scientists define land use in terms of syndromes of human activities, while social scientists and land managers define land use more broadly to include the social and economic purposes and contexts for and within which lands are managed [1]. Land cover/use is a composite term, which includes both categories of land cover and land use.
The acquisition of accurate data regarding land cover/use types, allocation and extent of a certain region, is mandatory for managers that need to take initiatives in administrative tasks. Land cover/use mapping poses a valuable tool for correct coordination and planning of actions that relate to maintenance of natural reserves, monitoring changes due to calamities (wildfires, floods etc) or anthropogenic factors (soil contamination, overgrazing etc), and the urban development planning on both local and national scale [2]. 

Imagery in the form of aerial photographs and satellite images has been demonstrated to be the most cost effective method for land cover mapping throughout the world [3]. Land cover mapping is a product of the development of remote sensing, initially through aerial photography [4]. This is because ‘viewing’ large areas repeatedly is necessary for acquiring information about land cover. For the same reason, land cover mapping has been perhaps the most widely studied problem employing satellite data, beginning with Landsat 1 [5]. Satellite sensors have evolved throughout the years, thus offering a wide range of products appropriate for a multitude of applications. Image interpretation and analysis techniques have developed to match the capabilities that the new products have to offer. An innovating technique which changes the analysis approach of satellite images is object based image analysis (OBIA).
 OBIA is a classification technique that can be used for deriving land cover/use maps from satellite data. Results of object based classification studies show both higher accuracies, and capability of more detailed classifications [10]. The fundamental difference between OBIA and the traditional pixel based methods is that OBIA relies on the analysis of groups of pixels (objects), rather than individual pixels. Image objects are composed of pixel groups, enabling the calculation of aggregative statistics, such as mean and standard deviation, from an object’s underlying digital numbers (DNs) [6]. By segmenting an image into objects, geometrical features such as shape and length, and topological entities, such as adjacency and found within, can also be called upon in the classification process [7]. In addition, the consideration of object attributes (e.g., shape, heterogeneity) in the classification process, and the averaging of pixels associated within an object, reduces both the salt and pepper effect and the edge effects commonly observed within per pixel classifications [8]. Furthermore, sensor limitations can be overcome by building objects that incorporate neighborhood properties, and thus the production of a more accurate representation of the surface patterns compared with pixel-based methods can be created [9]. 

The aim of this work was to examine the potential of OBIA in mapping basic land cover/use classes when employing SPOT-4 imagery. The specific objectives were: 

· to develop an object based classification scheme for mapping the land cover/use classes using a SPOT-4 image, 

· to examine the transferability of the developed classification scheme by applying the same scheme on a second SPOT-4 image of a different area, and 

·  to estimate the accuracy of the classification scheme by comparing the results with data collected in the field, as well with data derived from photo-interpretation of very high resolution imagery.
2. Study area and datasets

For this work two study areas were selected (Figure 1). The first study area is located in northern Greece and it is part of the Chalkidiki prefecture. Its surface area is 1634 km2, and it is extending from 23◦22΄ to 24◦11΄ East, and from 39◦58΄ to 40◦35΄ North. The altitude of the area ranges from sea level to 1165m (mount Cholomontas). The average monthly temperatures range from -1,7-2,2◦C during February to 25,8-26,2◦C in July, and the annual precipitation is approximately 581.3mm. The vegetation of the area is consisted mainly by broadleaved forests (Quercus frainneto), coniferous forests (Pinus halepensis) and Mediterranean maquis (Quercus coccifera, Pistacia sp., Sparteum junceum etc). Some other forest species that can be found are Quercus pubescens, Fagus sp. Castanea sativa and Pinus pinea to name but a few.
The second study area is located in Central Greece, it is part of 6 prefectures, and it mainly covers the southern part of Pindos mount chain. Its surface area is 3952 km2, and it is extending from 21◦09΄ to 22◦01΄ East, and from 38◦58΄ to 39◦36΄ North. The elevation of the area ranges from 61m to 2.146m (mount Avgo, Trikala prefecture). The average monthly temperatures range from -3,4-0,4◦C during February to 23,9-26,4◦C during July and August, and the annual precipitation is approximately 1024.6mm. The vegetation due to the vast altitude difference varies respectively. It is mainly consisted by coniferous forests (Abies borisii regis) and evergreen broadleaved forests (Daphne oleoides, Quercus coccifera, Alnus glutinosa, Arbutus unedo etc.). Some other species that can be found are Pinus sylvestris, Pinus leucodermis, Quercus frainneto, Quercus pubescens, Castanea sativa, Acer platanoides, Juniperus oxycedrus, Juniperus communis and Pteridium aquilinumm to name but a few.
The data that were used in this study are the following: (a) Two SPOT-4 HRVIR (level 1A) images, both captured on August of 2006. (b) Two SPOT-5 HRVIR (level 3A) images, both captured on August of 2006. (c) Digital elevation models (DEMs) of the two study areas with a 30m grid size. (d) The CORINE 2000 land cover map, and (c) data collected from the field and from photo-interpretation of very high resolution imagery from Google Earth®. The field data were collected by volunteers that participated in an extensive field work which was part of a collaboration project between WWF Hellas and the Laboratory of Forest Management and Remote Sensing of Aristotle University of Thessaloniki. The photo interpretation was conducted by an unbiased specialist.
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Figure 1: Location of the two study areas
3. Methodology
The analysis started with the preprocessing of the two SPOT images, and was followed by the development of the object based classification scheme for land cover/use mapping on the first study area. 
The performance of the developed classification scheme was later tested on the second study area, and subsequently the accuracy assessment of the classifications took place (Figure 2). The different steps of the methodology are discussed in the following sections.
3.1. Preprocessing

The Spot orthorectification model [11] was used to correct the SPOT-4 satellite images. The 30m grid size DEM and the two SPOT-5 images were used in the process. The later were used as reference data. Orthorectification proceeded by indentifying ground central points (GCPs) in the SPOT-4, and in the reference images respectively. The two SPOT-4 were subsequently reprojected to the EGSA87 projection system. The total root square mean error (RMSerror) was 0,27 and 0,38 pixels for the two images, respectively.
Atmospheric correction was also performed to the two satellite images. The haze removal procedure was selected, due to the lack of ancillary data that were mandatory for several atmospheric models to work. The haze removal procedure assumes that each band of the image for a given scene should contain some pixels at or close to zero brightness value, that atmospheric effects and especially path radiance has added a constant value to each pixel in a band, thus shifting band histograms to the right [12]. Bands in the visible region are more influenced. By evaluating the histograms for each band and subtracting the shift from the histograms, the dynamic range of image intensity is greatly improved.
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Figure 2: The flowchart of the methodology
3.2.  Object based land cover/use classification scheme development
The development of the object based classification scheme started with a segmentation procedure to create the image objects. The segmentation algorithm in eCognition Developer® software termed as multiresolution segmentation, partitions an image into homogeneous multi-pixel regions based on user-defined parameters.  Parameters such as scale and the heterogeneity criterion had to be determined in order to generate as meaningful objects as possible. The scale parameter affects the size of the resulting objects, whereas the heterogeneity criterion which is comprised of two parts affects the shape of the resulting objects. The first part is the spectral heterogeneity which is determined by the change of a weighted standard deviation of the spectral values. The second is the spatial heterogeneity (the shape heterogeneity in the spatial domain) which is determined by smoothness and compactness [13,14]. The underlying proprietary segmentation algorithm is described as a region-merging technique in which individual pixels are merged into small objects, followed by successive iterations in which small objects are incrementally merged into larger ones in such a way that heterogeneity of the resulting image objects is minimized. The merging process continues until a threshold derived from the user-defined parameters is reached [15].

The process sequence involves interactions between subsequent modifications (i.e. segmentations, object merging) and classifications at different levels. This is possible through individual operations called processes which give solutions to specific image analysis problems. The main functional parts of a single process are the algorithm, and the image object domain. A single process allows the application of a specific algorithm to a specific region of interest in the image. The image object domain describes the region of interest where the algorithm of the process will be executed in the image object hierarchy and is defined by a structural description of the corresponding subset. Examples of image object domains are the entire image, an image object level or all image objects of a given class [16].
 Image object levels are image layers related to the various (coarse, medium, fine) resolutions of the image objects. This multi-scale analysis is possible since the software allows the representation of image information in different scales simultaneously by different object layers. This layer approach creates a hierarchical network of image objects where, each object knows its neighbors, its sub-objects and super-objects in a strict hierarchical structure. This relation improves the value of the final classification and cannot be fulfilled by common, pixel-based approaches. [17].  
Two image object levels were created (big and small sized objects) (Figure 3) and the total number of classes that were created was seven: agricultural areas, coniferous forests, broadleaved forests, shrublands, grasslands, bare land & artificial surfaces, and water surfaces. These classes were chosen in order to cover the major land cover/use types of the study areas, without having to compromise the classification results by including detailed classes. It would be hard to distinguish the latter due to sensor limitations (both spatial and spectral), and to the complexity of the landscape of the two regions. Also in order to classify the agricultural areas and the classes beneath the clouds and shadows (which were masked out) of the images, the information of CORINE 2000 land cover map was used. The final classifications of the generated image objects at each level were realized using the appropriate feature values to best separate the different classes.
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Figure 3. The development of the object based land cover/use classification scheme

Level 1. The purpose of this level was to act as the basis for the separation between the agricultural areas, and all the other land cover/use classes. The thematic information derived from the CORINE 2000 land cover map was used for segmentation of the image. This procedure resulted in the generation and the classification of the two main object classes namely agricultural areas, and other land cover/use classes.
Level 2.  With the creation of the first level a second segmentation took place in the domain that did not include agricultural areas, for the creation of the final objects that will be classified in the remaining classes. A small scale was selected, and weighting took into consideration all the image layers equally. The heterogeneity criterion was composed with the value 0.1 for “shape”, and 0.9 for “compactness”. Segmentation aims at creating objects that represent adequately the corresponded classes in order for the classification algorithm to be applied successfully. 
In order to achieve optimum separation between the classes, different features were compared and analyzed. The main method that was followed in this step was the “trial & error” procedure. After several tests, the appropriate features along with their thresholds were found for the corresponding classes (Table 1). The mean layer value 
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Table 1: Classification classes along with their features
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Finally, the customized SUM feature was defined by the equation:
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The final step of the object based classification scheme was the extraction of the classification results in shape file format. Finally, the classification result was imported in GIS environment in order to restore the information that was masked out in the areas that were covered by clouds and shadows.
3.3. Transfer of the object based land cover/use scheme in the second study area

The second study area varies both in vegetation and in climatic conditions. It is mainly represented by mountainous relief, so different spectral behavior of the respective vegetation types is expected. The object based scheme was implemented, and the exact steps that led to the previous successful result were followed.
Level 1. As in the first application, the purpose of this level was to act as the basis for the separation between the agricultural areas, and all the rest. Segmentation of the image followed the same principals as in the first application, so no parameter was altered. This procedure once more resulted in the generation and the classification of the two main object classes; agricultural areas, and all the others.
Level 2. The main objective for the creation of the second level remains the same as in the first application. A second segmentation followed the first without any change of the algorithm parameters. The result was satisfying, and the classification of the objects to the respective classes was the next step. No change of the class features was required as they could separate the classes efficiently. However, a change to the threshold values was required, as the different spectral properties of the depicted scenery varied compared to the first study area. Finally the classification result was imported again in GIS environment, in order to restore the information that was masked out in the areas that were covered by clouds and shadows.
4. Results and discussion

 Accuracy assessment followed up the classification procedure. Available point reference data were acquired both from the field and from photo interpretation of very high spatial resolution imagery. The error-matrix is the most common procedure for pixel-based classification assessment. However, this method has also been broadly used and still comprise the predominant method for evaluating object based classification results [18,19,20,21]. 
For the first study area 291 points were used for the assessment and 102 of them were collected in the field with a global positioning system (G.P.S) handheld device. For the second study area 318 reference points were used, and 31 of them were collected from the field with a handheld G.P.S device.

The summary of the error matrices (Tables 2, 3) showed satisfying results for both cases. For the first classification an overall classification accuracy of 79,11% was achieved and 0,7519 of overall kappa statistics. These results of the object based classification model, confirmed the assumption that land cover/use types can be mapped accurately using SPOT-4 data. 

For the second classification the results were even better. The overall accuracy reached 81,50%, and the overall kappa statistics 0,7816. The results confirmed the transferability of the classification scheme to another SPOT-4 image. However, in order to achieve these values adjustments to the threshold values of the class features were necessary.
Table 2: Error matrix summary of the 1st study area classification.
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Table 3: Error matrix summary of the 2nd study area classification.
[image: image12.jpg]REFERENCE CLASSIFIED NUMBER PRODUCERS USERS
CASIFICATION CLASS TOTALS TOTALS CORRECT ACCURACY ACCURACY
CONIFEROUS 50 48 37 74,00% 77,08%
SHRUBLANDS 50 30 24 48,00% 80,00%
BROADLEAVES 49 46 45 91,84% 97,83%
GRASSLANDS 50 55 35 70,00% 63,64%
AGRICULTURAL AREAS 50 59 50 100,00% 84,75%
BARE LAND & ARTIF. SURF. 34 45 31 91,18% 68,89%
WATER SURFACES 9 9 9 100,00% 100,00%
TOTALS | [ 292 292 231
OVERALL CLASSIFICATION ACCURACY 7911%
OVERALL KAPPA (k) STATISTICS 0,7519





5. Conclusions
The aim of this work was to examine the potential of OBIA in mapping basic land cover/use classes when employing SPOT imagery. Two SPOT-4 images were acquired for that purpose and an object based classification scheme was developed.

The combination of OBIA and SPOT-4 imagery proved to be successful for mapping land cover/use. With the finding of the appropriate class features and their thresholds, the classification reached high overall accuracy. 
In addition, results showed that the classification scheme is transferable when applied to a different SPOT-4 image. The only limitation of the procedure is that due to different atmospheric conditions, vegetation types and spectral behavior of the depicted objects, calibration of the scheme by adjusting the threshold values of the class features was necessary.
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[image: image13.jpg]REFERENCE CLASSIFIED NUMBER PRODUCERS USERS
CASIFICATION CLASS TOTALS TOTALS CORRECT ACCURACY ACCURACY
CONIFEROUS 50 50 a4 88,00% 88,00%
SHRUBLANDS 50 46 38 76,00% 8261%
BROADLEAVES 50 a7 42 84,00% 89,36%
GRASSLANDS 50 67 45 90,00% 67,16%
AGRICULTURAL AREAS 50 63 48 96,00% 7619%
BARE LAND & ARTIF. SURF. 50 34 31 62,00% 91,18%
WATER SURFACES 19 12 12 63,16% 100,00%
[ TOTALS | [ 319 319 260
OVERALL CLASSIFICATION ACCURACY 81,50%
OVERALL KAPPA (k) STATISTICS 0,7816




[image: image14.wmf]1000000

)

(

)

(Re

)

(

)

(

Green

d

NIR

SWIR

Mean

Mean

Mean

Mean

SUM

´

´

´

=

_1332853144.unknown

_1333284982.unknown

_1334750804.unknown

_1332921160.unknown

_1331377554.unknown

_1331379655.unknown

_1331377280.unknown

