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ABSTRACT

Pixel based analysis deals with the three basic features of a single pixel; Position Size and Vaue. The important spatial
context of the pixel isused in filter operations, wherethe output valueis assigned to the central pixel. In the middle of
the 70", Landgrebe (1976) tried to register the important spatial context of the pixels (the software ECHO), assuming
that alocal pixel-group was representing a specific spectral digtribution of the local land-cover class. Such analysis
could only be successful when the problems with segmentation a gorithms were solved. Cross and Mason (1988)
continued this work, using quad tree segmentation techniques. In the work of Molenaar (1990), the basics of
mathematics similarity between raster surface description and vector surface representations were shown. Asthis
similarity was obvious, the powerful use of the SQL analysis of the database with raster (image) objects would be
feasible.

In the later work of Gorte (1998A), the importance of the quadtree segmentation image output in combination with a
table link showed how GI S objects and raster (image) objects could be treated in the same way inside one database.
Gorte pointed out the curious lack of attention in the standard literature on the potential of segmentation for remote
sensing of earth observation. He also pointed out the pre-advantage of the remote sensing and GI'S synergy which was
considerably assisted with object based image analysis. The late 90 shows a remarkable increase of interest in the
remote sensng community for advanced segmentation techniques and the possihilities of advanced SQL applications
among image objects. In Munich the Delphi2 e-Cognition team has been concentrated since 1995 on the devel opment
of an image analysis software which combines an advanced segmentation technique with a database of image objects,
which are linked through an hierarchical network. Their philosophy is based upon a Fractal Net Evolution™ concept
derived from the ideas of Dr. Binnig. Fractal Net Evolution is an efficient method for the description of complex
semantics within largdly self-organizing and dynamic networks. It combines insightsinto the fractal semantic of the
world with object orientation. (Baatz, 1999).

The forestry service in Bavaria has been aware that the new generation of satellite sensors could offer an alternative to
the standard photogrammetric analysis of the state forest areas. With a predefined object , "The Forest Stand” and a
standard forest map scale of 1:10.000, the imagery with 10 meter resolution up to 1 meter panchromatic data could offer
enough detail to allow the extraction of important forest parameters from Very High Resolution data (VHR, 5 meter
resolution and more). Previous studies from Kenneweg et.al. (1991) showed the difficulties of standard procedures of
spectral anaysisin forestry using VHR datafrom aerid platforms. Although successful in Landsat type of imagery, it
became clear that the 1:10.000 map scale and the new generation of Satellites like Ikonos and Quickbird needed another
approach Theimagery could not only be used in visud interpretation, but the advantage of the digital datawould be
taken into account in an automatic analysis procedure. The utilization of the crucia spatial context of raster imagery
were already shown in Neural network analysis and Wavel et transformations. Object based analysis opened up another
way, were the filter size of the moving window defining the context became irrelevant and more important, allowed a
construction of the database with spectral aswell as spatia and topological features of the pixe population, making up
the image objects.

Experimentsin the forest of the Bavarian Alps have shown, that automatic analysisis possible with 1 meter
panchromatic datain combination with multispectral bands (deK ok,1999). Important forest parameters, such as stand
closure, deterioration, erosion and species composition can be derived automatically from such type of datain the
difficult terrain of the Bavarian Alps. The database of Delphi2 eCognition mergesimage and GIS analysis, allowing any
kind of imagery being integrated with the existing forest GIS. In this way making it possible to analyze this data, using
fuzzy logic decision rules. The synergy of remote sensing and GIS, offers a good basis to assist the planning and
decision process heeded to maintain a stable mountainous forest so it can continue to play a multifunctiona rolein
protection, production and recreation in the Bavarian Alps.
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1 CLASSIFICATION

Classification decisions are grouping sets of unique ‘objects’ into classes, which members share a common feature. In
standard classification the ‘objects are single pixels and these pixes have 3 attributes, Vaue, Position and Size. The
pixels line up in arrays, making up an ‘image’. A digital image contains only implicit information about the objects in
the scene. Based upon object models, it is possible to discern individual entities in a seemingly unstructured collection
of pixels. In aper —field analysis or ‘pixé in polygon’ analysis, pixel information is already linked to a spatial database
build up in a digitizing session. In the spatial database, besides the explicit information, thereis till a huge amount of
implicit information available (Sester,2000).

1.1 Traditional

Normally, image analysis takes place in 3 basic domains of image-data and deal s with Image space, Spectral space and
Feature space (Landgrebe, 1999). There isa common held conception that the main processing tasksin remote sensing
are concerned with the labeling of each pixel, but thisis not necessarily so (Hinton, 1999). Non pixel-based
classifications are well known in radar analysis. Anayzing such data therefore means offering the geometric resolution
of theimage to achieve a signature characteristic of the surface. Thisisnot areal problem if objects of interest are
formed by a group of pixds (>30). Standard radar analysis focus on the use of GIS derived polygon datato calculate
statisticsinside a surface. Most of the time these pol ygons are made by an operator and therefore time consuming.
Classical image analysistools for per-pixel anaysis are focuses on decisionsin Feature space (Richards 1992), a
statistical domain where the advantages of computer calculation abilities are used. Traditionally, two fundamental
decision steps for pixels have to be taken:
1. Labdingapixe to defineit’s object class, using it’ s unique spectral values in feature space and/or the values of it’s
predefined neighborhood (using filter operators).
2. Grouping thelabeled pixels to an image object, using thetopological structure of the labeled neighbors, a GIS
operation (after Molenaar, 1990).

1.2 Object oriented

Object based analysis uses the ‘image object’ or ‘local pixel group’ asabasis. Thus, the image object can take the
spatial context of the pixel population into account. Theimage object can be considered as the 4™ attribute of a pixel,
answering the question of :’ to which (spatial) pixel population does this pixel belong ‘. Consequently, the registration
of the neighborhood resultsin a construction of a database. In the software eCognition, this database registration is
advanced and user friendly and therefore fit for use in this study. The database in eCognition describes the image object
in the context of the semantic network. The network is based upon sub-objects and their connection to neighboring
objects, which form a super-object on ahigher (in this case) hierarchicd level. The following shows a way of dealing
with these possihilities:

1. Anadvanced segmentation algorithm isused to select pixes from different raster layers. These pixels are assigned
to alocal spatial pixe population. This population is called an image object and a constructing takes place of the
object topol ogy and registered in arelational database.

2. Thedifferent image and GI S layers are connected through their image objects (multi-level segmentation) and their
object relationships, thus creating a semantic network, both in their horizontal as well astheir vertical
neighborhoods.

3. Objects which are similar with respect to an operator-selected feature group are assigned alabel, using query
functions formalized with fuzzy logic decision rules. A classisagroup of objects sharing the same selected
features (attributes).

4. Classified neighboring objects are merged to create a knowledge based polygon layer with it’s additional database.

2 SEGMENTATION AND DATABASE OUTPUT

Image segmentation asa ‘basis for classification has been around in remote sensing community for quite sometime
now. Experiments by Kettig and Landgrebe (1976), aready showed the weak spots of conventional ‘ per point’
approach (per-pixel), which lacks the possibility to describe dependencies between adjacent states of natural objects. In
‘The Extraction and Classification of Homogeneous Objects (ECHO, Landgrebe, 1976) the ‘objects’ as aresult of the
segmentati on were mentioned and the important role of tabulated results or type map that should be an output product
for a segmentation session is pointed out. The switch from pixel -oriented to table oriented anaysisis main focus in data
reduction (Haberacker,1995). Run length encoding and quad-tree structures are widely used in data compression
techniques. An extensive use of the tabulated result or more precise a database linked to image objects beyond the
registration of pixel arraysin arecoverable format, isa step which seemsto be overlooked or at least not used to it’sfull
extent in many a segmentation algorithm. The application of segmentation algorithmsin remote sensing analysis seems
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to be out of themain field of image analysis in environmental applications during the 80" and 90™. Meanwhilein
industrial applications there was a constant devel oppment concerning thisissue and thelink to fuzzy set theory has been
brought to attention aswell (Haberacker, 1995). Although regular appearing in RS literature (Janssen, 1994,Cross,
1984, Gerbrands, 1990, Gorte, 1995), Gorte (1998A) points out the lack of this subject in standard literature for
educational purposes in environmental remote sensing, such as Sabins (1978), Lillesand (1987) and Richards (1992)

In the early studies of Gorte (1995), image segmentation based on quad-trees was used to improve classification results.
With an additional table output (Gorte 1998A), a basis for intensive GIS-RS synergy has been made available. Object
oriented classification of agricultura parce s has been under study in the work of Janssen (1994). The integration of GIS
and remote sensing databases where a hampering factor for hisresearch. Janssen points out the low level database
integration of standard software of Arc/info (ESRI) and ERDAS in 1994. Also the segmentation goalsin the study of
Janssen (1994) focus upon the creation of new vector boundaries. Gorte points out that by register theraster object, in
the database analysis, the need for the vector outer boundary disappears (Oral remarks).

With the development of the eCognition software, two basic deficits have been solved since the Janssen (1994) sudy; A
theory for formalizing knowledge in object-based image interpretation is solved with the use of fuzzy logic rulesin
combination with a semantic network and the highest integration level of one database for raster and vector data has
been achieved.

2.1 Segmentation equals classification !?

The study of Flack (1996) gives an insight in the need for contextual information and an increasing use of GIS and RS
data, especially where hyper-spectral dataas well as VHR datais concerned. Also Flack’s description of segmentation
versus classification is made clear in the statement; * The classification of an entity relies upon the context within which
it isembedded. Establishing the context of an entity, however depends on the ability to group like entities, and therefore
requires some form of classification. The latter is the segmentation problem’ (Flack,1996). This similarity between
segmentation and classification becomes very clear in the work of Schneider (1999). Classifying scene objects per-pixel
isaspecial case of object classification, wherethe single pixels are the objects (after Schneider, 1999). Fack (1996)
notices the general misconception of segmentation, solely seen as a pre-processing step for classification. Also Gorte
points out the need for iterative classification-segmentation sessions (Gorte, 1998B). Asthere isno conceptual
difference, it should be noticed that such a per pixel view of classifying scene-objects till holdsit’s value for particular
digital data, where, from the user point of view, the sensor characteristics depend upon a scal e factor in proper
relationship with the objects of interest. A multi-layer approach combining different sensor datain both segmented and
classified layers are under these considerations a proper way to handle different sensor dataas well as GISlayers.
Furthermore, Flack’ s remarks on the object-based segmentation approach, signalizes alack of incorporation of proven
statistical techniques aswell as aless theoretically sound basis. However, the need for hybrid approaches to contextual
classification with respect to the consideration of spatial objectsis obvious (Flack, 1996). Using object based
classification, such as used by the eCognition software, the segmentation part is directly linked to the construction of an
image-object database. Theresulting map is simply a graphical display of that database. Thisis smilar to any other GIS
application. Classification isassigning alabel to a set of objects which have a positive response to a condition of a
query function. Statistical decisionsin feature space are very necessary if attributes are Smilar and statistical decisions
become necessary in the face of huge smilarity. Database queries focus-in on afingerprint-like combinations of
attributes of the object set. Including attributes such as spatial context and textural behavior makes this approach
reliable. The focus on unique features that are allowed to be correlated, makes query based decisions acceptable as an
extension to statistical decisions among independent features. So thereisa practical difference between segmentation
and classification in the software eCognition, here segmentation islinked to the database construction, classification isa
guery result from this database.

3 A DESCRIPTION OF DELPHI 2eCOGNITION, IT'SPHILOSOPHY AND POSSIBILITIESIN IMAGE
ANALYSIS.

3.1 Therole of the scale factor

Although the origin of theimage analysisis still quite dominant in the eCognition software, more and moreit is
transforming into a spatial anayzer. The anaysis tools allow the user to rely on standard thematic map output from GIS
and remote sensing, as well as offering a set of tools for data which are preferably not processed using traditional
methods. It is not intended to make traditiona analysis superfluous, but forces these traditional practices to define the
limitations of their scale and object domain. From aremote sensing point of view, traditional multi-spectral methods are
bound to a certain sensor resolution at a certain scale level. Landsat type data belong to a 1:50.000 mapping scalein
which the role of the maximum likelihood spectrd classifier is still powerful. For VHR data, the object based analysis
tools using fuzzy logic decision rules is more successful. The thematic maps such as the 50 Meter DTM grid can be
analyzed according to traditional Boolean logic as well asthe fuzzy logic set available in eCognition. The main focusis
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the landscape project, build around a set of image and thematic landscape data. The (image-) objects are embedded ina
multi-level 1andscape matrix which allows both an Eco-topological description of the objects as well asa modeling of
the chorical dimensions (Leser,1997) of the landscape. The way certain layers are build into the landscape model is very
much depending upon the origin of the data-type, such as sensor based mapping, land-surveying point data,
adminigrative boundaries etc. The layered multi-scal e landscape description is very much in line with standard GIS.
The huge pre advantage of eCognition above standard GIS isthe availability of automatic extracted spatial objects
available from automatic multi-level segmentation analysis.

3.2 The'project’ in Landscape analysis

Each analysis session starts with the construction of a‘Project’. The user hasto define in advance the objects of interest
and the thematic layers needed to construct alandscape that is defined through inter-linked ‘|andscape objects' . These
objects represent land cover surfaces and have at least aminimal size and a unique position linked to layer. This exclude
point and line objects, these should be defined as surfaces with a minimal dimension. Analyzing alandscape model
using ‘objects’ is partly using modern concepts from cartography as well as object-oriented approaches in computer
science, this allows possible confusion ( after Molenaar.....). Although introducing new vocabulary is only useful when
generally accepted, it fits very well to describe objects from theinitial segmentation round in terms of image object
primitives. After a cycle of classification and segmentation, the resulting output delivers objects of interest and the
database table output that belongstoit. The introduction of expert knowledge is essential in three different phases of the
analysis. The most complicated one isthe construction of the semantic network that depends very much upon the
sequence of segmentation and the basic spatia objects desired. The second important phase is the definition of classes
per object layer. The third step isthe construction of the fuzzy logic decision curves for each class. If raw image data
needs to be classified, nearest neighbor or fuzzy logic decision rules can be applied for object classification. If required,
fuzzy logic decision curves can be constructed on the basis of training areas. If for particular classification, the fuzzy
decision curves are known, no training areas are required. To deal with modern developmentsin image analysis, the
following combination applied in the eCognition software package, proved to be a successful one:
¢ Anadvanced segmentation algorithm, that islinked to an object oriented database. Through thislink, the output of
the multi level segmentation is embedded in ahierarchical semantic network.
¢ Onesingle database for GIS and (satellite) image information to guarantee full synergy.
¢ Query of the database through fuzzy logic decision curves, alowing the formalization of the expert knowledge.
e Full input format facilities through * PCI-Geogateway and ASCII,BMP and TIF output facilities, allowing the
export of raster based objects with their table link.

4 ACASE STUDY,; SELECTED EXAMPLES

To give moreinsght in the classification procedure with an object hierarchy, several typical examples from a
classification session in mountainous forest area have been selected. Theimagery used in this case study is similar to
actual satellite data and hasa direct link to the forest GIS available. The basic object in the forest GIS isthe forest stand.
Thisisan areawhich is defined by homogeneous treatment and therefore an administrative boundary. This condition
does not mean that the surface within aforest stand has also a homogeneous spectral /textural response. This problem is
widespread in forest GIS and deviates from the per-field anaysisin agricultural domain such as used in the studies of
Janssen (1994) or van Leeuwen (1996) Therefore, at first, the attributes from the GI S layers are important but not the
polygon definition. The area descriprion is needed in afurther stage of the GIS analysis. (relationship to sub-objects).
Theresulting objects of interest can be easily integrated as vector datainto the forest GIS under Arclnfo/ArcView.
However, the strategy is to reach an advanced level of analysis with image objects using the eCognition software
package, before continuing further GIS analysis using administrative forest stand boundariesin sandard GI'S software.

4.1 A GISsynergy with 5 Meter panchromatic and SPOT multi-spectral data

Remote sensing using 5 (to 10) meter panchromatic data and multi-spectral imagery around 20 meters are the major
part of the mainstream satellite imagery from past and for coming decades. Landsat, SPOT, MOMSand IRS can be
seen as major workhorses and their sensor specifications have been proven to be effective in median mapping scale (1
:100.000 up to 1:50.000). The quality, quantity, tempora availability and familiarity of this data type among remote
sensing specialists, assures that new data products are generally compared to standard products from this sensor type.
Although the 5 meter panchromatic band in this case study is derived from amosaic of 15 orthophoto’ s with 80 cm
resolution, the way this datais handled shows very well the possibilities of an object oriented analysis applied to
panchromatic dataranging from 5 to 15 meter and multi spectral datafrom 4 to 30 meters pixel resolution.

Thefirg possihility of introducing expert knowledge is the selection of the different aggregation/segmentation levels.
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In this case study 4 layers are defined:

1. AGIS analysislayer.

2. A Remote sensing layer based upon image objects derived from the NDVI and Panchromatic image
3. A Layer with Inventory points derived from the forest GIS.

4. A layer with sub-objects of similar aspect, aDTM derivative.

RS RS+GIS
s> subalpine Spruceforests
Coniferous- old =i mountainous Spruce for ests
Coniferous-  Coniferous- open = Spruce/Fir-forests
stand Coniferous- young " Fir/Spruce-forests
b bineforests
Pinus-mugo iy Pinus-mugo
Broadleaved - old w)>  high-mountainous Broadleaved for ests (Acer ps., Sorbusauc.)
Broadleaved- Broadleaved - open mij Beech forests
stand Broadleaved - young mi Hardwood forests (Acer ps., Uimusg., Fraxinus ex.)
Mixed - stand ™ Mixed-stand | (Piceaa/AbiesalAcer ps/Sorbusauc)
I
U Mixed-stand |1 (Fagus s/Abies a./Piceaa.)
Alpine pasture
Non-forest vegetation ~ Meadow high-NDVisssms>  Non_forest vegetation
Meadow low NDVI
Non-vegetation ar eas m)>  Non-vegetation ar eas

Figure 1, Reclassified remote sensing layer and GIS. Thelatter using GIS info like height, exposition, forest
management map, stand info etc.

Using this particular version, the strategy of modeling is focused upon image objects with homogenous forest cover in
layer 2. The sequence of segmentation islayers 2,1,3,4. In layer 2, tolerance parameters are set in such a way, that small
gaps around 0.5 Hectare in the forest stands are registered as the smallest single objects. For multi level segmentation,
the Panchromatic band receives a weight value of 1, the NDVI of 0.5 and Spot 2, 3 and 4 a weight factor of 0.2. It is
important in this study, that weight and tolerance factors are set according to objects of interest and adapted through
interactive experiments. The intention is to use layer 2 as a classification layer for pure spectra and textura analysis.
The contents of layer 1 is segmented with the same parameters as layer 2. Therefore it is based on identical objects with
equal sizeas layer 2. Thislayer 1 however will we used to analyze GIS attributes and relies on the classified results of
layer 2 (see figure 1) Layer 3 contains inventory points from the forest GIS. They are used in a further GIS analysis.
They should be placed in a separate layer to prevent data corruption. Layer 4 contains aspect. This layer should respect
the outer boundaries of the image objects from layer 2 and should not corrupt point data from layer 3. As features
within multi-spectral data and panchromatic data are direct related to the forest stands, the aspect should not disturb the
shape and size of these image objects, because in the further GIS analysis, there is a need to work with absol ute aspect
values, therefore this separate layer isrequired. For other GIS information such as height, the absolute value is of minor
importance as for this attribute the range isrequired.

4.2 Object classification: A selected object within it’s sub-class.

Theremote sensing part is fully concentrated on the 2nd layer and uses spectral and textural attributes. Thereisaneed
for training area’ sto define the decision curves. Theclass hierarchy islisted in figure 1.

The panchromatic band is highly correlated with the red and green band from SPOT. The considerations of including
the mean value of the panchromatic band should be made clear beforehand as the use of the panchromatic brightnessis
ambivalent in many image scenes. In imagery with smple classes (forest, non-forest) it could be useful from a practica
point of view. In apine environment, terrain induced illumination has a huge impact on panchromatic brightness values
and therefore this study only uses derivatives from the panchromatic band such as standard deviation per object asa
textura feature and a combination with relative brightness of an object towards the entire scene. For certain classes, the
textura features are very important. The standard deviation per object of the panchromatic band is such atextural
measurement. For atypical example, figure 2 shows the separation of coniferous-old versus coniferous-open in the
feature’ standard deviation of the panchromatic band’. The curve for coniferous-open (on theright) is edited in favor of
coniferous-old (on the left).
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Figure 2. Box classifier for Coniferous-old, adapted Figure 3. Fuzzy logic decision curves for SPOT-4

box classifier for coniferous-open (user defined). Mean values of band 3 and 4.
Feature [ without [ wih | Current Classfication
Evaluation of Class Confferous midde
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“dbew. othobno 3155 1999 1090
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Mean spotl bmp - 14.07 984 984 mirous open
Mean ndvibmp : 204.65 983 983 0.0 0.0 Broadeaved-poung
Mean firstmament.bmp : 214.57 982 982 g-g gg ’B’Ir‘;:giigdd—nl ’
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Class Evaluation w | down| |

Figure 4. A selected object is correctly classified as Figure 5. The 38.6% membership of coniferous-open
coniferous-middle, second possibility is membership of | depends upon the valuein SPOT 4- band 4 (Infrared).
coniferous-open with 38.6 %. The lowest value counts (‘ fuzzy AND as minimum).

Figure 6. The SPOT-4 Band 4 infra-red, mean object Figure 7. The same graphic asfigure 6 using the
values againgt Std.Dev. (Intensity vs. surface- panchromatic band. Gaussian distribution can not be
roughness) Thereis no need to assume any correlation. | assumed.

Gaussian digtribution can be assumed and in that case,
the distribution should and is showing concentric
circles of increasing density from periphery towards
the center.

5 EVALUATION

The evaluation of the classification results is more complicated for object oriented analysis than a per-pixel
classification evaluation, using a confusion matrix. Actually the traditional confusion matrix or K-factor (Richards
1999) for class evaluation is possible but too ssmple for object evaluation .A single large false-classified object hasa
huge impact on the K factor in comparison with many small correctly classified objects. Of course, evaluation
according to visual check, as applied in traditional photogrammetry is always possible. Before overall accuracy
assessment, individual objects are evaluated over their specific features. Aslarger overlap exist among sub-classes, here
an exampleis given for aselected object in the sub-class coniferous-middle.. A specific object , not in the training set,
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of which terrain knowledge is available, is correctly classified as a coniferous-middle stand. The critical band hereis
mean value of band 4, SPOT —4, infrared, giving a 92.3% class membership. The second class option, the object

bel ongs 38.6 % to the class coniferous-open (figure 5) . Also in this case, mean value of Band 4 from SPOT-4 isthe
critical feature. Gaussian distribution can be assumed, explaining the shape of the fuzzy logic curvesin figure 3. For
other features, such as standard deviation of the panchromatic band, the Gaussian assumption is not quite correct. In this
case a box classifier is better at place (see figure 2). Gaussian distribution can be checked in a 2-D plot of independent
object features (Figure 6). An explanation for the shape of the graph in figure 7; Gaussian distribution for panchromatic
datais corresponding to expectation for object mean value and standard deviation (range X=15-210).Mean value
depends on photo count, standard deviation isa measurement of surface roughness. Thereis no factor that allowsto
assume that brighter objects are more smooth or vise versa. In very dark objects (shadow !), however varianceis
minimal. In very bright objects, the sensor saturates, therefore the variance turnsto zero as well (Manakos, ora
remarks). Thiscurve istherefore a better indication for sensor sensitivity. Theterrain knowledge allows a proper
selection of typical representative objects and analysis of their critical features. After this phase, an overall evaluation
can take place. For more automatic procedures, the difference between first and second membership function isan
interesting one (Baatz,1999). In the case of the object in figure 4 and 5 this would mean 92,28-38.6=53.68. If this
object would be 99% member of coniferous--middle and 97% member of coniferous- open the differenceisonly 2, Still
the class membership isvery high. Thisillustrates the difficulties of object evaluation and the deviation from class
evaluation Until communis opinio on automatic procedures are not fully devel oped, visual check remainsthe basic
evaluation procedure, but automatic alternatives are available and waiting for acceptance among the user community.

6 CONCLUDING REMARKS

The analysis on a per-pixel basisisnot very useful in image data with high internal variance. To overcome this
problem, an object based analysis allows a good solution. Object oriented analysis aloneisnot enough. In software like
eCognition, afew bottlenecks are solved at the same time. Firgt, asingle database allows a full integration of GIS and
remote sensing data. Using a hierarchical semantic network and afuzzy logic ‘query’ facility on the database, the expert
knowledge can be incorporated and the implicit information richness in the database can be fully exploited. Image and
data fusion are a by-product from the visualization of the central database. The landscape modd as defined in object
layer construction and flexible database query through adjustable decision curves, requires much more terrain
knowledge. This offers a extended role for the field expert. The software tools are very flexible and strong but the
landscape modd isvery much depending upon user specifications. The landscape object model therefore isthe crucia
part of the analysis. For a specific application, exchange of modeling and object-sensor re ationships becomes necessary
between users. Spatial relationshipsin a hierarchica network isarather new way of defining semantics between image
and ‘geo’ - objects. Still thisfiedisin full development and the results are promising enough to keep akeen eye on the
developments. As literature showed, over the past decades there is a development in favor of object oriented analysis of
environmental imagery and GIS data. Therefore these strategies are not a fashion flaw that comes and goes. This type of
anaysisisvery well rooted in long term devel opment and will dominate remote sensing research in the near future.
Automatic accuracy assessment remains a very important topic. Confusion matrices are atoo simple tool to achieve
proper insde in the robustness of the classification. Only expert consensus can achieve the formulation of procedures
that allow an acceptable level of automatic accuracy analysis. Object oriented anaysisis hereto stay; Educational
remote sensing literature should add a chapter accordingly.

REFERENCES

Baatz,M.,Schape,A. 1999,Del pi2 creative technol ogies GmbH, Software tutorial for eCognition ,Minchen

Cross, A. M., Mason, D.C., 1988. Segmentation of remote-sensed images by split-and-merge process.

Int. J. Remote Sensing, 9(8):1329-1345.

Flack, J., 1995. Interpretation of remotely sensed data using guided techniques, Ph.D. Thesis, School of Computer
Science, Curtin University of Technology, Western Audtralia.

Gorte, B., 1996. Multi-spectral quadtree based image segmentation. Int'l Archives of Photogrammetry and
Remote Sensing, Val. 31, Part B3, pp. 251-256.

Gorte, B. 1998A. Probabilistic segmentation of remotely sensed images. ITC, publication 63, PhD

Thesis, ITC, Enschede.

Gorte,B.,1998B. Segmentation pyramid classification. Int. Arc of Photogr.and RS, Vol 32 Part B3/1,pp 225-232.
Haralick, R. M., Shanmugan, K., and Dinstein, |., 1973. Textural features for image classification.

| EEE Transactions on Systems, Man, and Cybernetics, SMC- 3(6):610-621.

Haberacker,P.,1995,Praxis der Digitalen Bildverarbeitung und Mustererkennung,Hanser,M iinchen.
Hinton,J.,C.,1999,Image classification and analysis using integrated GIS, .In: Advancesin remote sensing and GIS
anaysis, Atkinson,P.M., TateN.J. Ed., Wiley & Sons, Chichester.

Janssen,L.L.F, 1994, Methodology for updating terrain object data from remote sensing data.



ISPRS, Vol. XXXIIl, Amsterdam, 2000

PhD thesis DLO Staring centre Wageningen.

Kenneweg, H., Forster, B., Runkel, M., 1991. Diagnose und Erfassung von Waldschaden auf der

Basis von Spektralsignaturen. BMFT, Techn. Univ. Berlin.

Kettig, R.L., Landgrebe, D.A., 1976. Classification of Multispectral Image Data by Extraction and

Classification of Homogeneous Objects. |EEE Transactions on Geoscience Electronics, Vol. GE-14,

No. 1, pp. 19-26.

De Kok R.Schneider, T.,Ammer,U. Object based classification and applicationsin the alpine forest environment.
International Archives of Photogrammetry and Remote Sensing, Vol. 32, Part 7-4-3 W6, Valladolid, Spain, 3-4 June,
1999

DeKok,R., Schneider, T.,Baatz,M.,,Ammer,U., 1999,0bject based image analysis of high resolution datain the alpine
forest area.; Joint Wsf ISPRS WGI/1,1/3 and 1V/4, Sensors and mapping from space, 1999,Hannover,Sept. 27-30.
Landgrebe,D.A,1976, see Kettig.

Landgrebe, D,A., 1999. Some fundamentals and methods for hyperspectral image dataanaysis. SPIE

International Symposium on Biomedical Optics (Photonics West), San Jose, California, January 23-

29. In Proc. of SPIE, Vol. 3603.

Leeuwen,van,H.1996,M ethodol ogy for combining optical and microwave remote sensing in agricultural crop
monitoring, PhD thesis Agricultura University of Wageningen,

Leser,H.,1997,L andschaftstkol ogie,Ulmer,Uni-Taschenblicher 521, Stuttgart

Lillesand, T.M.,Kiefer,R.W.,1987,Remote sensing and image interpretation, Wiley,New Y ork.

Manakos,|. Doktorant am Lehrstuhl Landnutzungsplanung und Naturschutz, TUM, Freising
Molenaar,M.1990,Digitale Bedldninterpretatie, in Buiten,H.J, Clevers,J.G.P.W. editors, 1990 Remote sensing, theorie
en toepassingen van landobservaties, PUDOC, Wageningen.

Molenaar,M.,1998, An introduction to the theory of spatial object modelling for GIS. In Research monographsin GIS
series, Wiley & Francis,London.

Musick, H.B., Grover, H.D., 1990. Image textural measures asindices of landscape pattern. In: Turner,

M.G. and R.H. Gardner (Eds.), Quantitative methods in landscape ecology, Springer Verlag, New Y ork,

pp. 77-103.

Richards, JA., 1992. Remote Sensing Digital Image Analysis. Springer Verlag, Berlin.

Russ, J. C., 1992. Theimage processing handbook. CRC Press Inc., Boca Raton, Florida.
Schneider,W.,Steinwender,J.,1999,Landcover mapping by interrelated segmentation and classification of satellite
images. International Archives of Photogrammetry and Remote Sensing, Vol. 32, Part 7-4-3 W6, Valladolid, Spain, 3-4
June, 1999

Sabins,F.F.J. 1978.Remote sensing, principles and interpretation Freeman,San Frans sco.

Schowengerdt, R., 1997. Remote sensing model s and methods for image processing. Academic Press, San

Diego.

Sester,M.,2000, Knowledge aquisition for automatic interpretation of spatial data, Int.J.Geographical information
science, 2000,Vol.14, No. 1,1-24.

Strobl J.(Eds.), Proc. of Angewandte Geographische Informationsverarbeitung | X, Salzburger Geographische
Materidien, No. 26, pp. 143-152. Published by the Ingtitute for Geography, University of Salzburg.

Wald L., 1998 A European proposal for terms of reference in datafusion. International Archives of Photogrammetry
and Remote Sensing, Vol. XXXII, Part 7, 651-654,



