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ABSTRACT: Based on the detection of storm losses in Swiss dpine forest aress, two different digita classificatior
approaches were compared. In contrast to the pixel based classfication we investigated an object-oriented classifica
tion procedure. The eCognition software package of Definiens offers this possihility. The comparison was performed
for images with different spatial resolution — very high resolution images of IKONOS, and images of SPOT in the
sharpened mode. The evauation of the IKONOS image indicated a significantly higher accuracy for the object-
oriented classfication gpproach than for the pixe-based method. The eCognition software handles the high level of
detail and the associated high texture better than the pixd-based pardldepiped-dgorithm. The qudity of the pixd-
based approach, which takes into account only the spectra information and some derived data-productsiis limited for
very high resolution images. The dassfication of the SPOT presented gpproximatdly the same results for both meth-

ods.

1 INTRODUCTION

In Switzerland thirty-one percent of the area are cov-
ered by forests which are of vita importance and playing
multifunctiond roles. Forest management as wdl as for-
est monitoring with remote senang data have along tra-
dition in Swiss research work (Kellenberger, 1996). Es-
pecidly as a result of the hurricane Lothar a the
26.12.1999 the public interest in forest management was
growing.

During the last decades the classification of forest was
in the focus of many remote sensing supported investiga
tions. The spatid resolution of the avaldble systems
(Landsat, SPOT, IRS) ranged between thirty and
twenty meters for multispectra data. The new generation
of satellite-systems, like the spaceborne IKONOS sys-
tem, offers a spatid resolution between one and four
meters which alows on one hand new perspectives in
many applications but on the other hand needs more ba:
scinvestigations (Manakos et d., 2000).

Most classfication approaches are based exclusively
on the digitd number of the pixd itsdf. Thereby only the
spectrd information is used for the classfication. Limita-
tions arise through thisway of thinking, especialy for the
new sensor generation (Steinocher, 1999). The images
show avery high leve of detail and are very srong tex-
tured (Manakos et d., 2000). A singletreein a Landsat

image for example appears as a homogenous object.
The same object in an IKONOS image is represented
as severd pixels with different reflections. Due to this,
homogenous objects are not only characterised by their
spectral signature but aso by the texture and their locdl
context.

In order to overcome these limitations, an object ori-
ented way of data assessment is adopted in new image
andyss methods. The eCognition software promotes
this new perspective (de Kok et al., 2000). By this new
software product not single pixels are classified but fo-
mogenous image objects are extracted during a previous
segmentation step. This segmentation can be done in
multiple resolutions, thus dlowing to differentiate severd
levels of objects categories (eCognition, 2000).

The objective of this sudy was to test a pixel-based
agpproach againgt the object-based classfication ap-
proach by eCognition for the detection of storm losses
in apine forest regions. Classfications were performed
for two different sadlite sysems representing different
gpatid resolutions, SPOT and IKONOS. Another do-
jective of this project was to extract rules and needs for
asuccessful classification of gorm losses,



2 MATERIALSAND METHODS
2.1 Testsite

The tedtsite is located in the area of Bern in Switzerland
between 7°4203'E and 7°50'48’E longitude and
46°40'55"N and 46°52'15"N. The main part belongs
to both the dpine and the predpine region. The dtitude
elevates between 555 m (Thunersee) and 2060m
(Gemmendphorn). According to this difference in deva
tion different plant societies exist, corresponding the d-
titude,

2.2 Satdllite data

One IKONOS image was at our disposal collected at
Augug, 12th 2000. The spatid resolution is 4 m for the
multispectra channels and one meter for the panchro-
matic band. For the dassficaion only the multispectra
bands blue, green, red, and near infrared were used.
Furthermore we could get a SPOT image, recorded at
Jduly, 2nd 2000. The processing of this SPOT image
was done as “pansharpened”  which results in an image
with a spatia resolution of 10m. Before the merge with
the panchromatic band, the origind spatia resolution of
the multipectral bands were twenty meters. The image
was collected by the SPOT4 serie including green, red,
near infrared, and middle infrared bands.

2.3 GISData

In addition to the satellite data the forest aress of the re-
tiona map 1:25000 were available. This thematic layer
was an important input into the classfication process,
and was resampled on the spatia resolution of the satdl-
lite data.

2.4 Groundtruth

The groundtruth is based on the visud interpretation of
aerid images, collected shortly after the hazard. The -
terpretation of the damages was performed by severd
independent engineering companies. The groundtruth
was resampled on the gpatid resolution of the satellite
data

2.5 Software

The object-oriented classfications were performed with
Definien’'s software product eCognition. On the other
hand the ERDAS Imagine was used as well for the
pixel-based gpproach as for the accuracy assessment
and dl image pre- and processing steps. The classfica
tions were performed with ERDAS Imagin€'s expert-
classfier and the accuracy assessment was redised with
Model maker.

2.6 Image Processing

All sadlite images were corrected geometricadly and
georeferenced to the nationa map 1:25'000. The images
were resampled using the nearest neighbour agorithm.
This georeferencing was necessary to diminae the
topographic effects and to connect the satellite data with
the GIS-data described in 2.3 which is used for the
classfication.

2.7 Pixd-oriented classification method

The measured dectromagnetic energy per pixel serves
as the base for the pixe-oriented multispectrd classfica
tion. Each pixd is characterised by a specid reflectance
in the multidimensiond festure space (pectrd Sgnature).
Due to this spectrd sgnature the pixel will be associated
to a certain class (Leiss, 1998). In contrast to a visua
image-interpretation it is not possible to take into a-
count contextud or topologica information.

In this investigation the pardldepiped classfication d-
gorithm has been chosen representing a supervised
pixd-oriented classfication gpproach. The pardldepi-
ped agorithm is based on a deterministic gpproach. The
classification of an object-class is sat by rectangular “re-
gions of decison” in the multidimensiond fegture soace.
Each dassis explicitly defined by a minimum and maxi-
mum vaue for one or severad bands. The pixd is &
sgned to a class only as aresult of the spectrd informe-
tion (digital number) for the different spectra bands. For
the extraction the most suitable bands has been chosen.
For further detailed information see dso (Kraus et d.,
1988). The sdlection of the bands was based on the
maximum separability. As aresult of the training samples
a hisogram was generated for each class. Further the
exact vaue of the separation was computed, by the
maximum difference of the rdative cumulative frequency
of each class (Kdlenberger, 1996). This means that only
gpectrd information was taken into account in the proc-
ess of classfication. The entire classfication process can
be summarised asfollows.

1% step
Differentiation of forest areas from the rest on the base
of the forest mask (seedso 2.3)

2nd gep
Sdection of training-samples which describe the differ-
ent object-classes

3rd am
Sdection of the mogt suitable bands and computation of
the pardleepiped vaues

4" sep

Building the classfication rules
5th S@

Classfication of the entireimage



6th am
Accuracy assessment

2.8 Object oriented

The eCognition software allows an object-oriented clas-
dfication. The badc difference, especidly when com-
pared to pixel-based procedures, is that object-oriented
classification methods does not classify single pixels but
rather image objects, which are extracted in a previous
image segmentation step. eCognition dlows the seg-
mentation into highly homogenous object primitives in
any chosen resolution. These object primitives represent
the image information in an abgiract manner. Beyond the
gpectrd information many other additiona attributes can
then be used for classfication: shgpe information, texture
information, relaions to neighbouring objects and a
good ded more. The basic part of the software is the
previoudy mentioned segmentation.. It was developed
to extract image objects in optiona resolutions and high
qudity (eCognition, 2000; Baatz et a., 2000).

eCognition  supports  supervised  classfication-
techniques and provides different methods to train and
build up a knowledge base. The frame of eCognition’s
knowledge based classfication of image object is the so
cdled dass-hierarchy. This class-hierarchy contains the
dassfication rules to which the image will be dassfied.
Each class is defined by a class-descriptor which offers
alot of different parameters and object attributes. This
way the forest-mask can be incorporated into the class-
fication rule for example (eCognition, 2000; Baatz et d.,
2000). The entire classfication processis summarised in
Figure 1.

1% step
All bands indluding the themdtic layer were ssgmented in
different levels representing the level of detall.

2nd aep

Definition of the classhierarchy and class-description.
The digtinction between forest and non-forest aress is
based on the thematic layer containing the forest mask.
The object class forest area was subdivided into the
classes posshble forest and possble forest damage.
Traning-samples for both subclasses were gathered.

3rd Step

Based on the classfication hierarchy the entire image
was classified. The corrdation to one of the subclasses
was peformed by a nearest-neighbour function which
was caculated on the base of the training-samples.

15t Step

Segmentation

forest non forest Distinction based

d
2" Step area area | on the thematic
Build classification layer (forest mask)
hierarchy
possible | | possible | Distinction based on
forest damage | the trainingsamples
d
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4" Step
N
Classification-based possible | | possible |  Distinction based
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on membership-

functions
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Extension of the
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classification
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Figure 1. Classification process with the eCognition Software

4th gq:)

Further a classfication based segmentation was per-
formed. In many cases image objects of interest cannot
be extracted following a reaively generd homogeneity
criterion. For this reason, eCognition provides tech
niques for classfication-based segmentation of image
objects, merging neighbouring objects of the same
dructure group. The structure groups were built with the
desired classes that were defined in the class hierarchy.
All contiguous objects belonging to the same object
class were merged to super objects. The advantage of
this step presents the user driven segmentation. Figure 2
illugtrates a part of the origina IKONOS Image com:
pared with the same part after a classfication based
segmentetion illustrated in Figure 3. As a result of this
step anew segmentation level was obtained.
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Figure 3. IKONOS image after classification based segmentation

5th Sep

This new level was reclassfied by defining a new dass
hierarchy. The cdasdfication was enhanced by using
membership functions. The Membership functions alow
the formulation of knowledge and concepts. They offer
relationship between festure values and computed fuzzy
vaues. The use of membership functions is recom-
mended if a class can be separated from other classes
by one or severd features.

6Ih aep
The dassfied image was imported into ERDAS Imagine
where the accuracy assessment was performed.

2.9 Accuracy assesment

The classfications were compared to the groundtruth
which is described in chapter 2.4 to  assess the qudity.
An error matrix was computed based on the pixd to
pixel comparison. Due to the error matrix, the following
accuracy-parameters were calculated in order to obtain
more reliable comments about the qudlity of the classfi-
cation (Kelenberger, 1994).

Overdl accuracy:
The sum of dl correct classfied pixels divided by the
sum of pixelsin the entire classfication.

Producer accuracy:

The sum of dl correctly classfied pixes that belong to
the dass (x) divided by the sum of pixelsin the ground-
truth that belong to the class ().

User accuracy:

The sum of dl correctly classfied pixds that belong to
the class (x) divided by the sum of pixels in the classfi-
cation that belong to the class ().

Inclass accuracy:

The sum of al correctly cassfied pixes belonging to the
dass (x) divided by the sum of pixes beonging to the
cdass (x) which are minor or surplus classfied.

3 RESULTS

In this chapter, the results of the classfications are de-
scribed. The creation of a difference-map proved to be
avery useful tool for the andysisof the incorrectly das-
dgfied pixds with respect to their spatid digtribution.
Therefore a difference magp was cdculated for each
classfication. Resulting classes were: correctly dassfied
forest, correctly classfied damage, surplus-classfied
forest, minor-classfied forest. In the following figures
each class is represented by the color described in Ta-
blel.

Table 1. Colortable for the difference-map

class color
Not forest white
Correctly classified forest light grey
Surplus classified forest dark grey

Minor classified forest grey
Correctly classified damage  black

3.1 Pixd-oriented classification results

Table 2 presents the most important results of the accu-
racy assessment. For the IKONOS image the accuracy
was dightly better as for the SPOT image. The IKO-
NOS classification obtained an inclass-accuracy of 1.49
for the object class damage, compared to 1.31 for the
SPOT classfication. Within the testsite 43.5ha of dam:
age-areas were found in the IKONOS image and



42.5ha in the SPOT image, compared to 44.1hain the
groundtruth. For both classfications the user accuracy
and the producer accuracy were quite the same. Thisin
dicates that the classification was satisfying baanced.
The best feature extraction was achieved by the green,
red and near spectral channes. The derived Normalized
Difference Vegetation Index (NDVI) could improve the
results dightly but not sgnificantly. The results shown in
thetable arethe results without using the NDVI.

Table 2. Accuracy assessment of the pixel-oriented classifica-
tion

Setting SPOT IKONOS
forest damage forest damage
area[ha] 5469 425 5429 435
inclass-accuracy 2226 131 2420 149
user-accuracy 098 074 098 0.76
producer-accuracy 098 0.71 098 074
overall-accuracy 0.96 0.97

3.2 Object-oriented classification results

In Table 3 the results of the accuracy assessment for the
object oriented classfication are shown. The accuracy
for the IKONOS image was sgnificantly better than for
the SPOT image. The cdculated inclass-accuracy for
the object class damage is 1.29 for the SPOT image
compared to 2.16 for the IKONOS image. Within the
testsite 44.7ha of damages were found in the IKONOS
image and 40.9ha in the SPOT image compared to
44.0ha in the groundtruth. For both images the user-
accuracy and the producer-accuracy were quite the
same, which means that the classfication was satisfying
balanced. The best feature extraction was achieved by
the green, red and near spectra channels. The derived
Normadized Difference Vegetation Index (NDVI) could
improve the results dightly but not sgnificantly. The re-
aults shown in the table are the results without using the
NDVI.

Table 3. Accuracy assessment of the object-oriented classifica-
tion

Setting SPOT IKONOS
forest damage forest damage
arealha 5489 405 5418 446
inclass-accuracy 2245 129 3198 216
user-accuracy 075 098 081 0.99
producer-accuracy 0.69  0.98 081 09
overall-accuracy 0.96 0.97

3.3 Pixel-oriented versus object-oriented approach
(SPOT)

Both, the pixel-oriented and the object-oriented classfi-
cation approaches revedled smilar results with compa-
rable accuracy. The inclass-accuracy varied from 1.31
for the pixd-oriented to 1.29 for the object-oriented
classfication method. The sources of errors were well
recognised by analysng the difference images. Mogt

popular errors appeared at the borders of the damages.

It s;emsthat there till is a problem in the geometric ac-

curacy of the georectification. Although dl data were
georeferenced a certain inexactness in the geometric po-

gtion implicates some errors. Further a few smdl dam-

ages were not recognised which is due to the spatia

resolution. Other errors are found in steep dopes, west
to north-east oriented. These errors are mainly based
upon the low solar radidion in those areas. A amilar
problem was detected by the shadows of the hedthy
trees which affect the areas located in the south of a
damage section. Figure 4 5 show the Difference-Map
for a part of the testsite with the object- and the pixd-

oriented classfication.
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Figure 4. Difference-map with the pixel-oriented classification
for the SPOT image (for color explanation see Table 1)

Figure 5. Difference-map with the object-oriented classification
for the SPOT image (for color explanation see Table 1)

3.4 Pixel-oriented versus object-oriented approach
(IKONOS)

The accuracy-assessment reveals a significant difference.
The inclass-accuracy for example varies from 1.49 for
the pixd-oriented approach to 2.16 for the object-
oriented classfication method. In addition to the errors
decribed in the previous section, some misclassfica
tions areimplicitly due to the higher spatia resolution of



the IKONOS data with its increasing level of detal and
texture. Trees or shrubbery are sometimes within obvi-
oudy damaged aress. The digita number of these pixels
are the same vadues as of the vitd vegetation but in fact
these objects should be grouped to the damage class.
This problem can not be handled by the pixd-oriented
approach but by the object-oriented method. A smilar
problem was recognised for unclenched forest stands.
Figure 6 shows the noisy pixd-oriented classfication in
contrast the homogenous result with the eCognition
software and the right hand side shown in Figure 7.

Figure 6. Difference-map performed by the pixel-oriented-approach
for the IKONOS image (for color explanation see Table 1)

Figure 7. Difference-map performed by the object-oriented-approach
for the IKONOS image (for color explanation see Table 1)

Due to the geometric inexactness some misdassfica
tions along dtreets or aong the border of forest with the
pixd-oriented method were found (Figure 8). These
misclassfications could avoided with the eCognition
software as Figure 9 illudtrates.

Figure 8. Difference-map performed by the pixel-oriented-approach
for the IKONOS image (for color explanation see Table 1)

Figure 9. Difference-map performed by the object-oriented-approach
for the IKONOS image (for color explanation see Table 1)

4 DISCUSSION AND OUTLOOK

In this study two different classification gpproaches were
tested for satdlite systems with different spatia resolu-
tions. The investigation was based on the detection of
sorm losses in dpine forest aress.

The classfication of the SPOT image shows that both,
the pixel-oriented and the object-oriented classification
gpproach reveded smilar results and comparable ac-
curacy. Both methods are avalable within software
packages uitable for operationa application in busi-
ness or research work. As long as the spatia resolution
ranges between ten and thirty meters no significant dif-
ference can be detected for the overdl-accuracy.

Classifications of the IKONOS image show that the
usage of eCognition results in a sgnificantly higher a-
curacy. The pixel-based approach reached its limits of
operationa use because of the internd variance and the
level of texture of the spectra image information. For
this reason the pixe-oriented gpproach is not very help-
ful not only in terms of detection of recent sorm losses
but dso of land-use classfication in generd. To over-
come this problem, an object based andyss should be



preferred. Moreover the eCognition software alows
good integration of GIS- and remote sensing data. With
the posshilities to implement additiond informeation
about the geographic position, orientation and the rela-
tionship to neighbouring objects a better classfication is
guaranteed. The expert knowledge can be incorporated
and the implicit richness of information can be fully e-
ploited.

Further on a few genera perceptions in terms of dce-
tection of recent forest losses could have been set up. A
satidying classfication is only assessed by induding ex-
terna GlS-data for the rough boundaries of forests.. Ar-
eas with recent forest damage may have the same le-
flectance as parts of urban areas or bare agriculturd
land. The green, red and NIR are the spectral bands
which are well suited for this kind of dassfication. In
some cases the use of the normalised difference vegeta-
tion index NDVI could be a helpful additiona informe-
tion. For a proper classfication result the satellite images
should be collected during the vegetation period from
mid May to mid October, otherwise deciduous forest
will not be dassified well enough.

For a more complex land-use classification the poss-
bilities offered by the eCognition software will surdly im-
prove the results. The user friendly way to include spa
tid, contextua and interna object information will be the
standard in image interpretation software for the future.
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