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ABSTRACT

Context based classification is an important field of study in digital image analysis. Neighbouring pixels may possibly have almost
equal grey values. The information of local homogenous patterns in a patch based landscape organisation has lead to studies,
assuming the organisation of landscape patterns as being a complex of local spectral distributions. Image segmentation techniques
are well known and an advanced algorithm is used in this study. New sensor generations meet the strong market demands from
end-users, who are interested in image resolution that will help them observe and monitor their specific objects of interest. The
mixed pixel problem and the increasing difficulties in the spectral analysis of high resolution images make it necessary to develop
additional methods of classification. The key factor is to concentrate on the spectral properties of the objects of interest. This has
important consequences. The increasing resolution (<5 m) leads to very complex spectral analysis. Fuzzy logic decision rules offer
here a large reduction in complexity and a proper aid to group the spatial objects into meaningful classes. In this study, a new
software package is used for object-based classification, developed by DELPHI2 Creative Technologies.

With this software, the segmentation procedure has to be set according to the image resolution and the scale of the expected
objects. For foresters, the typical spatial object can range from forest-stands to crown surfaces. According to user preferences,
objects of interest are grouped into a class. The fuzzy logic decision rules for class membership are the framework in which the
expert knowledge has been embedded. The synergy of the spectral properties, the neighbourhood object influences and the expert
knowledge lead to powerful ways of object membership decision rules. The fuzzy logic rules guarantee the transparency of the
decision rules and reduce complexity to a condensed crisp set of end-membership functions. Integrating GIS layers is equally
possible. The output of the object-based classification is typically a GIS layer.

1.  INTRODUCTION

1.1. History and user demands

Digital image classification has been based upon three
principal methods:

Pixel based spectral signature, pixel-statistics from GIS objects
and context oriented pixel classification (Carl, 1996). Since
several decades classification beyond spectral signature alone
has been recognised as an important study field. In a digital
landscape image, the chance of a pixel containing the same
value as its neighbours is much more likely than another
random pixel in the image, a feature that is very useful in
image compression techniques. Of course, this depends on the
relationship between a chosen spatial resolution and the type of
landcover. In general, a typical landcover class contains a
considerable amount of pixels. The information of local
homogenous patterns in a patch based landscape organisation
has lead to several studies, assuming the organisation of
landscape patterns as being a complex of local spectral
distributions, belonging to specific landscape features. Image
segmentation techniques have been developed since a few
decades and the original work done by Kettig and Landgrebe
(1976) and the theories of Cross and Mason (1988) and Gorte
(1996) in which the image segmentation philosophy is

thoroughly explained still have high theoretical value. In this
study, the "Image Analysis" software from DELPHI2,
Creative Technologies (a Munich software firm) is used to
explore the possibilities of advanced segmentation and object-
oriented applications.

End-users are familiar with very high resolution data from
aerial photographs, which fulfil most of the user needs.
Multispectral image information in more than three bands,
however, is only possible with digital scanners. When this
information is needed, aerial scanners become much more
expensive. The cost of visual interpretation is the bottleneck
for an increase in their practical utilisation. Considerable
improvements in automatic image analysis are essentially
dealing with cost reduction of image interpretation.
Meanwhile, the amount of images covering certain parts of the
Earth is increasing so rapidly that automatic image analysis
offers the sole solution to extract important information. The
applications community is interested in image resolutions that
will help them observe and monitor their specific objects of
interest. The increasing resolution and the physical properties
of objects in the images with a geometrical resolution of less
than 5 m leads to very complex spectral analysis (Kenneweg et
al., 1991). The mixed pixel problem and the increasing
difficulties in the spectral analysis of high resolution images
make it necessary to develop additional methods of
classification. The key factor is to concentrate on the spectral
properties of the (spatial) objects of interest, instead of the
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class statistics of the whole image. This is a step with far-
reaching consequences. To cope with this, soft classifiers
(Schowengerdt, 1997) are a useful alternative. Fuzzy logic
decision rules belong to these soft classifiers and offer in
combination with feature selection a large reduction in
complexity and a proper aid to group the spatial objects into
meaningful classes.

1.2. The object-oriented vision

In this article, the important difference of an object-based
classification method is explained, using a specific type of
landscape feature, the forest stand. Object-based classification
starts with the crucial initial step of grouping neighbouring
pixels into meaningful areas, especially for the end-user. This
means that the segmentation and object (topology) generation
must be set according to the resolution and the scale of the
expected objects.

For foresters, the typical spatial objects can range from
forest/non-forest-masks to forest-stands and even crown
surfaces, depending upon the resolution of the images. For
example, the commercial coniferous stands in Germany are
often 3 to 15 ha in area, so their expected area is typically
around 35 to 200 pixels in a standard Landsat scene. In
airborne scanners such as the DPA, each tree crown has a
diameter of about 10 to 20 pixels. Typical crown
discrimination is possible with at least around 2 m resolution,
using a rule of thumb that proper object discrimination is
possible if the object area is at least 10 x 10 pixels. This
statement is not a contradiction to the case, where a single
pixel, representing a road crossing, is used as ground control
point in geometric rectification. In the latter case, the
neighbourhood characteristics are more important than its
absolute radiometric value.

The first segmentation layer will be used to detect (sub)-
objects, which are locally homogeneous. Segmentation layers
with higher tolerance levels will be defined through the
relationship with the so-called sub-objects. At the basic level
of sub-objects, classical maximum likelihood algorithm or
nearest neighbour functions can still be used, as the
radiometric properties are important and feature space is the
domain, where decisions are being made. For higher level
objects or super-objects, the spatial context is more important
than the object mean grey value. Fuzzy rules play here a more
important role.

According to user preferences, objects of interest are grouped
into a class. This capability of starting queries, including object
topology, directly after the segmentation process, offers a large
advantage over pixel-based methods. The fuzzy logic decision
rules for class membership are the framework in which the
expert knowledge has been embedded. The synergy of the
spectral properties, the neighbourhood object influences and
the expert knowledge lead to powerful ways of object
membership decision rules. The fuzzy logic rules guarantee the
transparency of the decision rules and reduce complexity to a
set of condensed crisp end-membership functions. Integrating
expert knowledge is also possible using GIS layers; they can

function as boundary decision layers in the segmentation
process. The thematic output of the object-based classification
is typically a GIS layer, immediately usable in GIS analysis.

2. FEATURE SPACE AND STATISTICS

The object-oriented approach is also a philosophy of improved
image understanding. Human vision is very capable of
detecting objects and object classes within an image. To pursue
this type of analysis, it is important to stay close to the
‘ intuitive’  image understanding. Consequently, classical
algorithms of pixel based image analysis are becoming less
important. The spatial context plays a modest role in pixel
based analysis. Filter operations, which are an important part
of the pixel based spatial analysis, have the limitation of their
window size. In object analysis, this limitation does not exist.
The spatial context can be described in terms of topologic
relations of neighbouring objects. Below, some typical
examples are presented to show the advantages of the object-
oriented approach. Three major domains are discussed:
• The object analysis in feature space, using fuzzy logic
• The impact of high resolution images and their statistical

problems
• The integration of high resolution panchromatic data into

multispectral analysis

2.1. Feature space and fuzzy logic

In image analysis, the important decisions are made within the
feature space, where the characteristics of the different bands
are being mapped as a set of vectors representing the pixel-
value. The mathematical assumption is the uncorrelated
behaviour of the N different bands in N dimensional space.

Fuzzy logic rules can be applied to a set of projections of the N
dimensional feature space upon an N x 1 dimensional set of
lines, which do not have to be uncorrelated. Representing an
ellipse in 2 dimensions as a box with 4 corner points, where
each pair of corner points belong to an uncorrelated band,
seems contra-intuitive. This procedure can nevertheless be
useful for a few classes only but not for the image as a whole.
This is exactly what is done in the case of a 2-step image
classification, where a box classifier is used to mask out the
water bodies or the cloud/shadow cover in the first step and the
resulting output is used in a normal maximum likelihood
classification. The ellipse in a 2D space can be also modelled
through a polygon in which each pair of points belongs to an
image axis, correlated with other ones. For a 2-D space, this
has no particular advantage. When increasing the number of
bands, however, the simplification of a hyperellipse to a
hyperpolygon is becoming an interesting alternative. This
procedure is not new, as feature extraction and soft classifiers
are known from the remote sensing literature (Schowengerdt,
1997). In this study, by using the fuzzy logic concepts, the
feature extraction is defined for each class using a selected set
of correlated or independent axes system. In the example of
Fig. 2, the band 1 is based on the ‘ first moment’  filter
technique. This is described in the ENVI software as follows:
‘These moment operators such as first and second moment
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options are simple texture measures utilising the moments of
the grey level histogram of the processing window (see Russ,
1992). The first moment is a measure of the contrast in an
image. The second moment is a measure of homogeneity’ . The
axis of ‘ first moment’  is not independent from the standard
deviation in panchromatic band 2. Local heterogeneity in the
panchromatic image has also a strong effect on the standard
deviation value in the same ‘window’  area of the image.
Nevertheless, they can be simultaneously used to classify
areas, where spectral values in multispectral bands are less
important compared to local texture. The initial development
of these texture image analysis methods were focussed on
pictorial imagery, however, they have equally good potential in
defining pattern indices (Musick and Grover, 1990). Also in
this study involving an alpine forest environment, texture
patterns show important variations.

Decisions made with correlated axes can be used in image
classification without any violation of statistical decision rules
for particular objects. Well-known measures in image analysis
such as LAI and NDVI, which are projections of pixel vectors
on correlated axes can be very helpful in characterising
particular object classes. Fuzzy logic rules can be regarded as a
set of hyper-box classifiers with overlap (instead of crisp ones)
and overlap weight factors. Although the total image
information in feature space is reduced through the set of
projections and therefore contains less information than the
complete feature space, this simplification can be of major
advantage for the areas of interest.

2.2. High resolution imagery

With increasing resolution, the detectable objects are rapidly
increasing in a typical landscape scene. If with a 25 m image
resolution the mean value of a 25 Ha area represents an
actually homogeneous surface, the increasing resolution will
not deliver more objects. The analysis of a lake of 5 Ha and a
forest of 5 Ha gives a proper example of the major problems
related to image resolution and object detection with modern
sensors. The cartographic problem of generalisation becomes
an important issue in mapping with high resolution sensors. In
digital generalisation, the original raw data information has not
disappeared; the screen display is only a part of the richer
image information stored in the internal database.

The traditional remote sensing output product is a thematic
layer with the same spatial resolution as the raw data. The
surface represented by a pixel is given a class label. With high
resolution data and object-oriented classification, the
classification is defined by the relationship between class-
object dependencies. In case of a water body, the surface is
represented by a single spatial object. This is essentially
different from the classified raster layer that represents the
lake surface as N pixels belonging to the class ‘water’ . The
spatial object contains topology and the whole statistics from
underlying band layers. The spatial object representing the
surface of a forest stand is a complex mixture of crowns, forest
ground, shadow areas etc. The class label of this spatial object
can be coniferous forest, if the spatial analysis of the sensor
data shows enough objects that can be related to percentage

crown cover of coniferous trees. This decision of what is
enough is exactly the moment where the operator defines a set
of working rules that introduce the expert knowledge in the
semi-automatic image analysis. There are no sharp borderlines
between different classes, in this case between coniferous
forest and mixed forest stand. Also the coniferous forest stands
with a lot of shadow areas and almost no shadow areas, still
belong to the same class of coniferous forest. So the decision
rules are well defined over a set of fuzzy logic rules. Spectral
classes, such as shadow areas should be separated on basis of
their origin. Shadows belonging to tree stems show the same
radiometric properties as shadow areas originating from terrain
discontinuities. Their spatial properties are however different.
Without additional detailed DEM information, the shadow
areas can still be classified according to their origin, as the
spatial composition and relative size of shadows of tree crowns
are different than those generated by terrain discontinuities.
This problem of radiometric classes with different spatial
behaviour is quite common, such as water areas with algae,
lake borders and swamp areas or inundated agricultural
parcels. Also haze-covered areas with enough information of
underlying landcover classes belong to this type of problem.
For such problems, an object-based image analysis can offer a
solution.

2.3. Panchromatic versus multispectral data

Typical high resolution sensors will operate in both
panchromatic and multispectral mode simultaneously. With the
higher spatial resolution of the panchromatic sensors and
higher object detection capabilities, image fusion and mixed
pixel analysis will be a serious topic. As panchromatic data is
very sensitive to illumination conditions and highly correlated
with the RGB bands, the grey value of the panchromatic data is
often not used in the spectral image analysis. Second order
statistics of the spectral bands are very powerful characteristics
of this type of data. The significance of the second order
statistics for spatial object discrimination (Landgrebe, 1999) is
also quite useful in the analysis of panchromatic data. In
practice, the second order statistics lead to more accurate
classification when combined with multispectral data. Already
the recent interest in this EARSeL workshop shows the
importance of proper image fusion techniques. The biggest
disadvantage of popular image fusion algorithms such as IHS
and Brovey, is their lack of use in further image classification
steps, especially when infrared channels, poorly correlating
with the panchromatic data, are included. The integration of
panchromatic data in the classification procedure is acceptable,
if their spatial information is exploited. Therefore, experiments
with textural analysis of panchromatic data gives acceptable
results (Steinnocher, 1997). It is very important to understand
the reason for image fusion. If the user wants a nice picture on
the wall, standard techniques using IHS transformations fulfil
the demand. If high resolution image information is needed to
improve classification and understand multispectral band
behaviour, it is much better to use an interactive display, where
the panchromatic data layer contains the multispectral
information ‘ in the background’ . This means all bands
statistics are available upon mouse click but do not necessarily
have to be on the display. In the object-oriented analysis, image
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fusion is no big deal. It is the automatic side-product of object
building in the panchromatic band. Each object can be
displayed according to user specifications. Choosing the mean
value of the multispectral bands together with the original
object layer gives a proper view of the segmented panchromatic
layer, enhanced with multispectral image values. Not only the
mean value of the multispectral channels can be used; other
measures derived from the original bands, like NDVI, LAI or
sigma values, can be displayed. Object analysis opens up a new
chapter in textural analysis of the panchromatic data. It offers
the possibility to analyse the (relative) amount of panchromatic
sub-objects per multispectral pixel-object (since a
multispectral pixel represents an area of more than 400 m2, it
is meaningful to treat each pixel as a separate object). For this
purpose, the multispectral pixel layer is segmented in objects,
each pixel receiving a unique code. Then, the panchromatic
dataset is segmented, taking into account the borders of the
multispectral pixels. In a typical example of alpine forest (Fig.
1), this would mean that a SPOT4 pixel of 23 x 23 m2 contains
529 panchromatic pixels of 1 x 1 m2. After a two level
segmentation, the single SPOT pixel covering a dense
coniferous forest area contains an amount of ± 35 sub-objects,
representing the amount of crowns and shadow areas inside
that multispectral pixel-object. Using the same tolerance
parameters for the segmentation, the forest/road pixel contains
only 25 objects. The amount of panchromatic objects depends
on the user-defined tolerance parameters. Their relative
amount is therefore more important than the absolute one.
Texture analysis, which depends upon window based
algorithms, such as the first and second moment filter
techniques, can then be expanded with the relative number of
sub-objects. This allows a mixed pixel analysis, where the
operator directly sees the spectral behaviour of the
multispectral channels and the spatial properties of the high
resolution panchromatic data. This is very helpful for advanced
mixed pixel analysis.

3.  EVALUATION

The visual evaluation is still a reliable praxis in high resolution
image classification. Confusion matrixes (Richards, 1992),
which are used in pixel based analysis are not useful for object
evaluation.

In principle, an object classification is false or correct. When a
particular object receives a false classification, the statistics of
the area represented by that object-class can be seriously
affected. The fuzzy logic functions can determine the chance
per object of falling into a specific class. For example, two
objects belong to class A. Object 1 has a chance of 96 % and
object 2 a chance of 75 %. Furthermore, the chance of object 1
to belong to class B is 92 % and for object 2, 15 %. The
difference between the first and second option is therefore also
a powerful indication of reliability. The evaluation procedure
shows how important it is for the operator to be an expert on
the objects of interest. A forester needs to know about the
ecology of his forest area and the parameters that influence
spatial and spectral behaviour of the objects of interest. This is
similar for the hydrologist and the geologist or any other field

expert. Object classification using fuzzy logic expects a high
input of the field expert to define the decision functions. This
evaluation part of the image classification is an area where a
lot of research still lies ahead.

4. DISCUSSION

Although the literature mentions the possibilities of object-
based image analysis since a few decades (Kettig and
Landgrebe, 1976), only latest-technology hardware, intelligent
software and high resolution images can advance this concept.
In practice, a Pentium II-like processor, >256 MB RAM and >6
GB hard disks are needed to have acceptable speed levels for
tests with large amounts of image objects. The limitations of
hardware development have not been reached yet. Therefore,
this field of study is practically driven by ‘getting the most out
of the modern machine’ . Other interesting ways of image
classification should not be overlooked in the meantime. The
interaction with object-based remote sensing data and GIS
objects has a high potential. This concept needs a lot of
attention and might offer possibilities for map updating.

The object-based analysis can only be successful, if a proper
automatic evaluation is accepted among RS specialists. The
user is interested in high accuracy with a certain cost factor for
a specific set of objects of interest. Lower overall accuracy is
often acceptable for lower cost, but objects of interest might
need high accuracy. That makes evaluation standards for image
classification quite complicated, when object-oriented
classification is used. Then, evaluation might also become user
dependent. The increasing demand for the field expert
knowledge, however, is a good development.

5. CONCLUSIONS

Rapid improvements in hardware capacity, clever software and
modern sensors make it possible to realise ideas, which have
been developing for decades among the remote sensing
specialists. In practice, during the realisation of these ideas,
new challenges appear. This leads to increasing demands for
knowledge of ground truth. Ground truth involves not only the
current state of the landscape but also an insight in the
processes that formed and are forming the present scene of
interest. Not the whole scene needs to be interpreted; areas of
interest have to be analysed using the huge amount of
information available in high resolution data. Deriving
information from imaging data is often limited due to the
associated high costs. Only automatic procedures can reduce
these costs. Object-based analysis offers an interesting option
to improve automatic information derivation from an
‘exploding’  amount of data from different sensors.

The representation of multispectral data is based on three
domains: image space, spectral space and feature space
(Landgrebe, 1999). The terrain expert is very familiar with
image space. Object-based analysis allows a direct link
between the image space display and the database information
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on the spectral and feature spaces. This makes object-based
software quite intuitive and user-friendly.

The robust query possibilities, well known in GIS, should be
used in the interpretation of imaging data. The automatic

The ‘active’  object is displayed as a black square. The pop-up window shows object information, amount of sub-objects (33) and
further statistics of the image bands, e.g. for the panchromatic band a standard deviation of 50.23. Latter is very characteristic for
this type of mountain forest in this particular area.
Channel 1 = panchromatic band (orthophoto with 1 m resolution)
Channel 2-5 = SPOT4 bands 1-4 (pixel size 23x23 m2)

Fig. 1. Screen copy of DELPHI2. The panchromatic image with 1 m resolution is overlaid with the objects of SPOT4. The image
shows a mountainous forest road with forest stands on the left and right side of the road. The image represents 423x512 m2.
A grid of SPOT4 pixels registered as outlined spatial objects, each containing 529 (= 23x23) orthophoto pixels, are lying on
top of the sub-objects from the segmentation process using the panchromatic band.
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The fuzzy logic functions are shown with the following information:
Channel 1: Texture image using the first moment (Haralick et al., 1973)
Channel 2: Panchromatic orthophoto (only standard deviation is used)
Channel 3: SPOT4 band 1
Channel 4: SPOT4 band 2
Channel 5: SPOT4 band 3
Channel 6: SPOT4 band 4

Fig.  2. The same forest road as in Fig. 1 at the outmost left side. The fuzzy logic decision rules for wind-damaged areas
(‘windwurf’ ) on the right. The SPOT4 pixels are regarded as spatial objects and the panchromatic information is also
used to classify ‘windwurf’ . This area is represented in white. The spectral characteristics are very similar to several
other landcover classes in the area. The spatial structure of many dead tree stems has an impact on the texture analysis
using the first moment filter operation. Each double black line in the bar graph shows the value of a test object. The fuzzy
logic functions can then be calculated and manually altered to increase class discrimination possibilities. Fuzzy logic
functions can also be set without any sampled area. This makes the set of rules transferable to other image data as well.
The spatial rule "number of sub-objects >25" (see hierarchy features in Fig. 1) is not shown here, but used in the analysis.
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topological description based upon a proper segmentation
method, such as the one used in the DELPHI2
‘Mustererkennung’  software, is a very efficient tool, allowing
analysis of spatial objects derived from raster maps.
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