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Abstract  

In this thesis a semi-automatic method is developed to analyze morphometric features and 
landscape elements based on Self Organizing Map (SOM) as a unsupervised Artificial 
Neural Network algorithm. Analysis and parameterization of topography into simple and 
homogenous land elements (landform) can play an important role as basic information in 
planning processes and environmental modeling. Landforms and land cover are the main 
components of landscapes. Landscapes are dynamic systems that involve interrelation 
between physical characteristics (such as landform, soil) and anthropogenic processes 
(such as land use). 
 
In morphometry (as general term of geomorphometry) - the qualitative and quantitative 
measurement of topography - morphometric parameters are calculated such as profile 
curvature and longitudinal curvature. They are then used in morphometric analysis to 
identify morphometric features like plane, channel, ridge, peak or pit. 
 
In February 2000 the Shuttle Radar Topography Mission (SRTM), collected data over 80% 
of the Earth's land surface, to derive a consistent digital elevation model (DEM) for all 
land areas between 60 degrees N and 56 degrees S latitude. This DEM with about 90 m 
grid spacing was used to generate morphometric parameters of first order (slope) and 
second order (minimum curvature, maximum curvatures and cross-sectional curvature) by 
fitting a bivariate quadratic surface. These surface curvatures are strongly related to 
landform features and geomorphological processes.  
 
The thesis starts with an overall introduction and literature review. Then two methods for 
morphometric analysis are compared: morphometric parameterization and feature 
extraction proposed by Wood (1996a), calculated with Geographic Information Systems 
(GIS) software and our method implemented with Self Organizing Map (SOM) as an 
unsupervised artificial neural networks paradigm.   
 
Finally in our method for landscape element analysis morphometric parameters and 
remotely sensed spectral data are combined. The emphasis is on morphologically 
homogeneous landscape elements characterized by similar slope and curvature conditions. 
SOM is used to reduce large multidimensional data sets to one output layer consisting of 
20 map units. These map units are interpreted in terms of morphometric features, slope and 
land cover to identify and characterize landscape elements or geoecological units 
 
Both studies have demonstrated valuable methods for extraction of land information that 
can be used in geomorphologic applications and geoecosystem modeling. These methods 
allow important savings in field work and can be used as alternative to labor intensive 
manual methods. But results may depend on scale and quality of the DEM and the 
topographic situation; caution should be used in interpretation. Evaluation of these 
methods in other areas with different morphometric conditions and with multi-scale DEM 
remains to be done. 
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1 Introduction 

1.1 Background 
 
Information about landforms and landscape is one of the fundamental requirements for a 
large variety of modeling problems in environmental science. Characterization and 
identification of morphometric features relies on the availability of digital elevations 
models (DEM). Digital elevation models (DEM) can be compiled from contour lines or 
other sources like the Shuttle Radar Topography Mission (SRTM). On February 11th 2000, 
the space shuttle Endeavour with the SRTM payload on board was launched to an altitude 
of 233 Km. During 11 days the SRTM collected data to produce a consistent DEM 
covering  all landmasses on earth between 60° N and 57° S at a spatial resolution of 1 arc 
sec (Blumberg, 2006; Rabus et al., 2003; Wright et al., 2006). SRTM utilized dual 
Spaceborne Imaging Radar (SIR-C) and dual X-band Synthetic Aperture Radar (X-SAR) 
configured as a baseline interferometer, acquiring two data sets at the same time. These 
data sets, when combined, can produce one digital elevation model. The SRTM "finished" 
data meet the absolute horizontal and vertical accuracies of 20 meters (circular error at 
90% confidence) and 16 meters (linear error at 90% confidence), respectively, as specified 
for the mission. The vertical accuracy is actually significantly better and close to +/- 10 
meters. In 2003 the National Aeronautics and Space Administration (NASA) released the 
SRTM data with 3 arc second (~ 90 m) for all areas and 1 arc second (~ 30 m) for the 
United States. This data are accessible for free download over the internet at 
http://seamless.usgs.gov ( Kellndorfer et al., 2004; Kääb 2005; Miliaresis and Paraschou 
2005; Hancock et al., 2006).  
 
Since the SRTM Digital elevation models (DEM) became widely available, many studies 
utilized them for applications such as topography and terrain characteristics (Rabus et al., 
2003; Falorni et al., 2005; Gorokhovich and Voustianiouk 2006), volcano morphology 
(Wright et al., 2006), vegetation studies (Kellndorfer et al., 2004), analysis of large aeolian 
bedforms (Blumberg 2006), hydrologic modeling (Ludwig and Schneider 2006), 
morphotectonic analysis (Grohmann et al., 2006) and topography classification (Iwahashi 
and Pike 2006). The availability of SRTM data as well as other remotely sensed data has 
provided a wealthy source of information to develop new methods for landscape analysis. 
Landform information is recorded in a DEM as regularly spaced elevation matrix, whereas 
land cover information can be derived from multi-spectral satellite data (e.g. Landsat 
ETM+). 
 
Most researchers define landscape as an essentially visual phenomenon or as a particular 
configuration of topography, land use, vegetation cover and settlement pattern (Blankson 
and Green, 1991; Otero Pastor et al., 2007). Landscapes are dynamic systems involving 
interrelation between physical characteristics (such as landform, soil) and anthropogenic 
process (such as land use). So any landscape (Fig.1) can be defined in terms of its form 
(morphology) and what lies upon it (land cover) and what it is used for (land use). 
Relationship between these physical properties and human impact on the land has led to 
the development of different analysis models.  
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These models vary from visual analysis and quantitative techniques to rule-based 
geoecosystem techniques (Benefield and Bunce, 1982; Bernert et al., 1997; Blankson and 
Green, 1991). However all these models are dependent on the common task to find the 
basic elements in a heterogeneous landscape. The basic concept of natural landscape units, 
called geochores, was developed in the 1950s and 1960s.The term ‘geochore’ means a 
geographically defined or limited unit and can be regarded as mosaics of basic topic 
elements (Bastian, 2000). 
 

 
Fig. 1. Derivation of Landscape Components from DEM and remote sensing data. 

 
 
Landform as physical constituent of landscape may be extracted from digital elevation data 
using various approaches including classification of morphometric parameters (Dikau, 
1989; Dehn et al., 2001; Iwahashi and Pike, 2006), fuzzy set methods and unsupervised 
(ISODATA) classification (Adediran et al., 2004; Burrough et al., 2000; Irvin et al., 1997), 
supervised classification ( Prima et al., 2006; Brown et al., 1997; Hengl and Rossiter, 
2003), probabilistic clustering algorithm (Stepinski and Collier, 2004; Stepinski and Vilalta, 
2005),  multivariate descriptive statistics (Dikau, 1989; Evans, 1972; Dehn et al., 2001) 
and double ternary diagram classification (Crevenna et al., 2005). Landforms possess at 
least two important properties They are the result of past geomorphic and geologic 
processes and are the controlling boundary condition for actual geomorphic processes 
(Dehn et al., 2001). For disciplines dealing with landforms, the properties of consideration 
are different. For geomorphologists both properties of landforms are important. But a 
common perspective of all landform studies regardless of disciplines is to delimit 
homogeneous areas from digital elevation data. Classifying the shape of surface features 
on earth using a set of numerical measures (derivatives) such as slope, profile curvature, 
plan curvature, cross-sectional curvature, minimum and maximum curvature from DEMs is 
known as morphometry. 
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Automatic classification of geomorphological land units mainly focuses on morphometric 
parameter (Giles and Franklin, 1998; Miliaresis, 2001; Bue and Stepinski, 2006). These 
morphometric parameters are able to describe the form of land surface as well as being 
sensitive to the processes of formation (Jamieson et al., 2004). In morphometry simple 
forms or morphometric features such as  saddle, channel, ridge and plane are identified 
based on the value of these measures (Fisher et al., 2004; Pike, 2000; Wood, 1996a) (paper 
I). 
 
Combining land surface forms (Morphometric features) with spectral information from 
remotely sensed data contributes to the explanation of relationships between landscape 
components processes (physical, biotic and human activities) on one hand and delimiting  
boundaries of homogenous landscape elements on the other hand  (Paper II and III). This 
can be achieved through efficient tools like Artificial Neural Networks which are able to 
learn and are not sensitive to the statistical distribution of data. 
 
In recent years, there has been considerable interest in using neural networks with remotely 
sensed data. Self Organizing Map (SOM) is an unsupervised neural network algorithm 
which clusters or visualizes high dimensional input vectors into two dimensional output 
based on regularities and correlations between them (Jianwen and Bagan, 2005; Kohonen, 
2001; Li and Eastman, 2006). SOM has been used in a wide variety of areas such as 
classification of remote sensing data (Duda and Canty, 2002 ; Jianwen and Bagan, 2005), 
information visualization and knowledge discovery (Koua. E.L, 2003) or class modeling 
(Marini et al., 2005). 
 

1.2 Objectives 
 

The overall aim of this thesis is to present a semi-automatic method using unsupervised 
artificial neural network - Self Organizing Map - to describe morphometric and landscape 
features. In summary the study has the following objectives: 

1. Present a new semi-automatic method for morphometric feature analysis as an 
alternative method to parameterization algorithms such as Wood’s (1996a) method. 

2. Extend this method to landscape analysis through the combination of morphometric 
parameters and remotely sensed spectral data e.g. Landsat 7. The emphasis here is 
on morphologically homogeneous landscape elements characterized mainly by 
similar slope conditions. 

3. Assess the weakness and effectiveness of self organizing map algorithm for such 
studies. 
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1.3 Study area 
 
The study area (Fig. 2) is centered on the common border point of Poland, Slovakia and 
Ukraine and is located between 48° 52' N and 49° 25' N latitudes, 21° 59' E and 23° 1' E 
longitude with a total area of 4 543 Km2. It covers the biosphere reserve “Eastern 
Carpathians” with the Bieszczady national park in Poland, Uzanski national park in 
Ukraine and Poloniny national park in Slovakia. Most of the study area is characterized by 
mountain ranges stretching from southeast to northwest as part of the Carpathian 
(Bieszczady) Mountains with altitude ranges from 163 to 1324 meters above sea level and 
slopes from 0 to 42 degrees. 

 
Fig. 2. RGB color composite of Landsat 7, ETM+ bands 3, 2 and 1 of the study area at the border of Poland, 
Slovakia and Ukraine. 
 
Historically, the region had similar land management policies. After World War II, 
fundamental changes in political systems had different effects on the landscape of these 
countries. For example population density in Ukraine and Slovakia increased and 
agricultural land was collectivized. Parts of the Polish side were depopulated and large 
areas converted to forest (Kuemmerle et al., 2006). 
 
The bedrock is composed mainly of Carpathian flysch consisting of sandstone and shale 
(Denisiuk and Stoyko, 2000; Kuemmerle et al., 2006) and in the southwest volcanic rocks. 
Climatic conditions, different political and socioeconomic systems as well as ecological 
conditions resulted in complex landscape units. Land covers include deciduous forest 
dominated by beech (Fagus sylvatica) and sycamore (Acer Pseudoplatanus) in the central 
part, mixed forest dominated by beech and fir (Abies Alba) in the center and north eastern  
part, coniferous forest composed of fir, Norway spruce (Picea abies) and Scots pin (pinus 
Sylvestris) in southern and northeastern part (Kuemmerle et al., 2006). Grassland is the 
dominant landscape in the northwest, northeast and east. Arable lands are mainly found in 
the south west in Slovakia and in the north east in Ukraine. 
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2  Material and Methods 

2.1 Material 
 

The data set in this study consists of: 
 

• Landsat ETM+ data path 186, row 26 dated 2000-09-30 (Fig. 2) were acquired 
from the Global Land Cover Facility (GCLF) server at the University of Maryland, 
Institute for Advanced Computer Studies (UMIACS). GLCF provides free access 
to an integrated collection of critical land cover and earth science data 
(http://glcf.umiacs.umd.edu).  

 
• The 3 arc sec. digital elevation model derived from SRTM data (~90 m) was 

acquired from the National Aeronautics and Space Administrations (NASA) in 
geographic projection (Fig.3).  

 
• Auxiliary data such as a land cover map provided by Kuemmerle ( Kuemmerle et 

al., 2006), topographic maps (scale 1:100 000) and field observation data.  
 

 
Fig. 3. DEM of the study area derived from Shuttle Radar Topography Mission data. 
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2.2 Methods 
 
The methods are presented in two sections. In the first section we describe two different 
methods for morphometric analysis in the study area. The first method is based on the 
morphometric feature parameterization proposed by Wood (1996a) and can be achieved by 
Geographic Information Systems (GIS) software. The second method is our development 
for such morphometric analysis using a Self Organizing Map (SOM). The second section 
describes the development of our method for landscape element analysis. Open source 
GRASS software, version 6.0 (GRASS Development Team, 2006) was used for 
morphometric analysis, co-registration and resampling of data. Self Organizing Map 
algorithm was used in the SOM_PAK software Version 2.0 which is freely available from 
the Laboratory of Computer and Information Science (CIS) at the Helsinki University of 
Technology, Finland (Vesanto et al., 1996). Presentation and perspective analysis was 
carried out in ENVI Ver. 4.1 and ARC VIEW Ver.3.2a software. 
 
2.2.1  Morphometric Feature Analysis 
2.2.1.1 Morphometric feature parameterization (Wood’s method) 

Numerical geomorphology studies the statistical and spatial characteristics and 
relationships of point attributes (Evans, 1972). Morphometric feature analysis is a 
numerical approach to classify terrain (Fig. 4) in: 
 

1. Point features like peak, pit and pass. 
2. Linear features like ridge and channel.  
3. Areal category like plane. 

 
Fig. 4. Morphometric classes (modified from Wood 1996a). 
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In geomorphic studies of landscapes the first (slope) and second order derivatives of a 
DEM (Table 1) are the basic components for this procedure (Evans, 1972). The 
measurement of second derivatives of elevation as surface curvature is useful in that it 
strongly related to geomorphological process. Evans (1972) separates curvatures into two 
orthogonal components - profile and plan curvature. These measures can only be 
calculated if the slope normal is not vertical. For this special case, two alternative measures, 
minimum and maximum curvatures are used (Evans, 1972; Wood, 1996b). From all 
morphometric parameters, Wood (1996a) considered slope, cross sectional curvature, 
maximum and minimum curvatures as a unique set to identify morphometric features. The 
method is based on Evans hypothesis. A local window is passed over the DEM and the 
change in gradient of a central point in relation to its neighbors is derived by a second 
degree polynomial function: 
 

Z = ax2 
+ by2 

+ cxy + dx + ey + f 
where: 
Slope = arctan (sqrt (d2 + e2)) 
Cross-sectional curvature = n * g (b * d2 + a * e2 – c * d * e) / (d2 + e2) 
Maximum curvature = n * g (-a - b + sqrt ((a-b) * (a-b) + c2)) 
Minimum curvature = n * g (-a - b- sqrt  ((a-b) * (a-b) + c2)) 
 
With 
g: Grid resolution of DEM 
n: Size of window 
a to f: quadratic coefficients (Evans 1972). 
x,y, Z: local coordinates 
 
Table 1. Different morphometric parameters (Evans, 1972; Wood, 1996a). 

 
Morphometric 

parameter Formula Description 

Slope arctan ( sqrt (d2
+ e2)) 

Magnitude of steepest gradient in both X 
and Y directions. 

Cross-sectional 
curvature n * g * (b * d2

+ a * e2- c * d * e)/( d2
+ e2) 

Measures the curvature perpendicular to 
the down slope direction. (Intersecting 
with the plan of slope normal and 
perpendicular to aspect direction). 

Maximum 
curvature n * g * (-a-b + sqrt((a-b)*(a-b) + c2)) Can be in any plan 

Minimum 
curcature n * g * (-a-b- sqrt((a-b)*(a-b) + c2)) Can be in any plan 

Profile 
curvature n * g*(a*d2

+b *e2
+ c * d*e)/(d2

+ e2)(1+(d2
+ e2) 1..5

Vertical component in direction of 
aspect. (Intersecting with the plan of z 
axis and aspect direction). 

Plan curvature n * g * (b * d2
+ a * e2-c * d * e)/(d2

+ e2)1..5 Horizontal component in direction of 
aspect (Intersecting with the X, Y plan). 

Longitudinal 
curvature n * g * (a * d2

+ b * e2
+  c * d * e)/(d2

+ e2) 
Measures the curvature in the down 
slope direction. (Intersecting with the 
plan of slope normal and aspect 
direction). 

g: Grid resolution of DEM, n: Size of window, x, y : Local coordinates, a to f: Quadratic coefficients. 
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Morphometric features can be identified using rules and definitions. Wood (1996a) defined 
a set of criteria to classify digital elevations models into morphometric classes (Table2). 
For locations with zero slope, the cross sectional curvature is undefined (because the aspect 
is undefined) and maximum and minimum curvature are used as alternative parameters.  

 

Table 2. Morphometric features classification criteria for Wood’s method (modified from Wood 1996a). For 
features with positive (+) value for slope the cross sectional curvature should be considered but for features 
with zero value for slope (0), cross section curvature is undefined (#) so the maximum and minimum 
curvatures are the main criteria. 
 

Morphometric Feature slope Cross-sectional 
curvature 

Maximum 
curvature 

Minimum 
curvature 

Peak 0 # +va +va 
0 # +va 0 Ridge 

 +va +va * * 
Pass 0 # +va -va 

0 # 0 0 Plane 
 +va 0 * * 

0 # 0 -va Channel 
 +va -va * * 

Pit 0 # -va -va 

   Va : derivatives value,  # : undefined value, *: not part of selection criteria 

 
With these criteria, it is assumed that all point features (Peak, pit and pass) occur only 
where local slope is zero. At locations with positive values for slope, channels have 
negative cross-sectional curvature, ridges have positive cross-sectional curvature and 
sloping planes have zero cross-sectional curvature. Peaks have zero local slope but positive 
value for both maximum curvature and minimum curvature. Pits have a converse situation, 
with negative values for both maximum curvature and minimum curvature. Passes are 
characterized by zero slope, positive values for maximum curvature and negative values 
for minimum curvature. 
 
DEM data were imported into GRASS software. First order derivatives (slope) and second 
order derivatives such as maximum curvature, minimum curvature and cross-sectional 
curvature were calculated. In order to avoid artifacts (Grohmann et al., 2006) and effects of 
noise present in flat areas (Huisenga 2005; Guth 2006) a window size of 5×5 is used. 
Statistical measurements such as correlation coefficient, minimum, maximum, mean and 
standard deviation were calculated for each of the morphometric parameters. Due to very 
low values and to simplify graphical presentations, curvature parameters were multiplied 
by 104. Applying Wood’s method to a DEM will normally produce a map consisting only 
of channels, ridges and planes. This is due to the fact that point based features such as 
peaks, passes and pits usually have a slope when the neighbors in a window are considered. 
Also DEM rarely produce planar facets with curvature component of zero. To overcome 
this problem, Wood (1996a) introduced two parameters Slope Tolerance (ST) and 
Curvature Tolerance (CT). Slope tolerance separates horizontal and sloping surfaces. 
Curvature tolerance value defines a planar surface and is used to decide if the curvatures 
are sufficient to qualify pixels as ridge or channel (Table 3). 
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Table 3. The criteria for morphometric features map classification with Wood’s method. For slopping surface, 
cross sectional curvature is a criterion but in flat areas, maximum and minimum curvatures are the main 
criteria. 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Maxic, Minic and Crossc = maximum, minimum and cross sectional curvature. 
ST= Slope Tolerance, CT= Curvature Tolerance. 

 
 
The values of these tolerances are somewhat arbitrary and depend on the nature of the 
study area and quality of the DEM. In this study, different slope tolerance values ranging 
from 1° to 10° and curvature tolerance values from 0.001 to 0.00001 are tested. The best 
result is selected based on comparison of perspective views. 
 
 
2.2.1.2 Application of Self Organizing Map (SOM) 

 
In this section we present an alternative method -SOM- for morphometric feature analysis. 
The Self Organizing Map (SOM) is a realistic model of the biological brain function 
(Kohonen 2001). Formally SOM consist of regular two-dimensional (2-D) grid of output 
map units, in this study 5×2 neurons, connected via weights with input vectors, e.g.  four 
morphometric parameters. SOM is a competitive network with topology preserving 
characteristics (Kohonen 1989). Vectors that are close in input space will be mapped to 
units that are close in the output map (Vesanto and Alhoniemi 2000; Bação et al., 2005). 
Learning of SOM is iteratively and can be conducted with a subset or all data vectors. Prior 
to learning, the weights of map units (Wi) are initialized with random values. During the 
learning phase each input vector (xs) is presented to the network, and Euclidean distances 
between xsi and all vector units or nodes in the network are computed. The node (q) with 
the shortest Euclidean distance commonly known as Best Matching Unit (BMU) is 
selected as a winner (Fig. 5).  

q= min {[∑ (xsi – wji) 2] ½}      
                                                                                         j         i 
Where q is winning neuron, xsi and wji are the ith element of the input vector Xs and the ith 
weight of neuron j, respectively.  
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This winning neuron becomes the centre of an update neighborhood. Update neighborhood 
is an area within which nodes and their associated weights according to Kohonen rule will 
be updated, such that each weight vector converges to the input pattern. In this way, the 
nodes in a self-organizing map compete to best represent the particular input sample. 
 

 
 
Fig. 5. Updating the best matching unit (BMU) and its neighbors toward sample input vector xsi. The solid 
and dashed lines correspond to the situation before and after updating, respectively (modified from (Vesanto 
et al., 1996). 

 
This process is repeated for every input sample as they are passed sequentially to the SOM. 
During this iterative process, the rate at which the winning nodes converge to the input 
samples is termed the learning rate (αs). Let           be the weight vector for the lth node in 
the sth step of the algorithm, Xi be the input vector for the ith learning case, and αs be the 
learning rate for the sth step. The Kohonen update rule for the winner node is given by: 
 

 
 

For all not winning nodes . Throughout learning, the learning rate and size of the 
update neighborhood (the update radius) decrease, so that the initial generalized patterns 
are progressively refined. After the learning phase, the SOM consists of a number of 
vectors, with similar vectors nearby and dissimilar vectors further apart (Richardson et al., 
2003; Sueli and Lima, 2006). The four morphometric parameters slope, cross-sectional 
curvature, minimum curvature and maximum curvature have been used as input for SOM. 
Neural network learning becomes more efficient with preprocessing of input data. Scaling 
of input variables affects mainly Euclidian distances between vectors. Without 
normalization, the variable with the largest range will dominate the map organization.  
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Following standard procedure all input morphometric parameter are normalized to the 
range of 0-1 using a logistic function. After some tests the number of classes or map units 
was set to 10 (5.2 neurons). Before learning, weights of the map units were initialized 
randomly (Fig. 6). The learning was performed in two phases, rough learning and fine 
tuning. During rough learning, initial neighborhood radius and learning rate are large. In 
this step, the neighborhood starts with the radius initialized for the neurons down to the 
fine tuning neighborhood distance. The learning rate decreases also from a large value of 
0.5 to fine tuning learning rate of 0.05. During fine tuning, the learning rate and 
neighborhood distance decrease slowly, while keeping the topological order learned in the 
previous phase. After learning, the map units are distributed across the input space so that 
neighboring neurons can recognize the best matching input for each trained map unit. 
 

 
 
 
Fig. 6. Three-dimensional feature spaces of input morphometric parameters with the randomly initialized 
weight vectors (circles) for SOM learning. Lines show connection between map units. 
 
 
 
The quality of the results is measured with an average quantization error and a topographic 
error. Average quantization error is the Euclidian distance between data vectors and best 
matching unit (BMU) on the map. Topographic error shows the proportion of all data 
vectors for which first and second BMUs are not adjacent units and is an index for 
accuracy of the map in preserving topology (Kohonen 2001). 
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Under this condition, the optimal map with smallest average quantization error and 
topography error is selected. Using statistical analysis such as feature space analysis, 
morphometric signature analysis over the map units and three-dimensional inspection with 
the DEM, dependency of map units to morphometric features were defined. The mean 
value of the output classes were plotted in the two-dimensional feature space (scatter plot) 
of morphometric parameters. Two feature spaces were used. One with the maximum 
curvature (x-axis) and minimum curvature (y-axis), the other with cross sectional curvature 
(x-axis) and slope (y-axis). In these feature spaces, major morphometric features of ridge, 
channel, planar and crest line were identified. The later shows the spatial distribution of 
morphometric features in slope categories. The mean slope values were categorized 
according to Table 4. This yields to morphometric sub classes regarding slope conditions. 
 

Table 4. Qualitative slope categories for SOM method. 
Category Slope( degree) 
Gentle slope < 5 

Moderate 5 <slope < 8 
Steep 8< slope < 12 

Very Steep slope > 12  
 

2.2.2  Landscape Analysis 
2.2.2.1 Application of Self Organizing Map (SOM) 

In the previous section we introduced SOM for morphometric feature analysis with the 
four morphometric inputs parameters slope, cross sectional curvature, maximum and 
minimum curvatures. But in this part we are going to develop this method through 
combination of morphometric parameters and remotely sensed spectral data of Landsat 7 
for landscape analysis. To process the DEM derivatives together with remotely sensed 
spectral data, they have to be registered correctly in one common projection. Therefore the 
DEM was re-projected to Universal Transverse Mercator grid UTM zone 34 with 28.5 m 
raster using cubic convolution interpolation method. The cubic convolution interpolation 
compared with bilinear method showed better results with fewer artifacts on morphometric 
parameters (Fig.7). 

Fig.7. Maximum curvature extracted from DEM with cubic convolution (left) and bilinear interpolation  
(right)  method. 
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2. Material and Methods 

In order to avoid artifacts (Grohmann et al., 2006) and effects of noise present in flat areas 
(Guth, 2006; Huisenga, 2005) a window size of 9.9 is used for deriving morphometric 
parameters. Curvature parameters were multiplied by 104 just to simplify the plot 
presentations. The Self Organizing Map is an unsupervised artificial neural network to 
cluster and visualize information while preserving the topological relationship in the input. 
It converts the nonlinear statistical relationships  of high- dimensional input data to an 
usually two-dimensional grid of output (Kohonen, 2001). These two aspects, abstraction 
and visualization, can be utilized in complex tasks such as landscape analysis. Figure 8 
shows the overall scheme of the method.  
 

 
                                 Fig. 8. Flow chart of landscape analysis method. 
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2. Material and Methods 

Four morphometric parameters together with all Landsat ETM+ bands are used as input to 
the Self Organizing Map (Fig. 9).This is a semi-automatic method in which no specific 
classes are defined beforehand; instead the set of novel landscape elements emerge from 
the input. However the interpretation and labeling of results is a manual task. Neural 
network learning becomes more efficient with preprocessing of input data. All data are 
normalized with logistic transformation to the range of 0 to1. The number of classes or 
map units (after some trial) was set to 20. Before learning, weights of the map units were 
initialized randomly (The reason for randomize initial values was that the weigh vectors of 
SOM algorithms can be initialized using arbitrary values). The learning was performed in 
two phases, rough learning and fine tuning with different learning parameters and iteration.  
Different learning process can be defined with different initial weight vectors and different 
learning parameters. It is obvious that optimal SOM for the same input data exists. The 
optimal SOM has the lowest average quantization error for the same input data. 
 

 
 
Fig. 9. Structure of Self Organizing Map (with this schematic image: 11-dimensional inputs and 8 by 10 
output units). 
 
 
Quantization error is the Euclidian distance between data vectors and best matching unit 
(BMU) on the map. This measure is useful in choosing suitable learning parameters such 
as initial radius, final radius for neighborhood and number of learning iterations for the 
optimal map. The optimal map is expected to yield the smallest average quantization error, 
because it is fitted best to the same data (Kohonen, 2001). In this thesis, different settings 
of learning parameters were tried and the optimal map with the smallest average 
quantization error was selected. 
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2. Material and Methods 

Using feature space analysis, signature analysis, three-dimensional inspection and auxiliary 
data, dependency of map units to landscape elements were defined.  
Two properties of landscape elements -morphometric forms and land cover- were analyzed 
separately. Like the first method, morphometric features were analyzed by plotting the 
mean value of classes in the two- dimensional feature space (scatter plot) of morphometric 
parameters. Mean of classes are also plotted in the feature spaces of Landsat ETM+ bands. 
Spatial distribution and relationships among map units were studied in various 
combinations of two Landsat bands and each land cover class was labeled based on 
spectral properties.  
 
The values of 20 output map units in each 11 inputs are transformed to Z score using this 
formula:  Zx = X- µ x / σx    where Zx = Z score of output map units, X = value of output map 
units in input bands, µ x=  mean value of X and  σx = standard deviation of x value in each 
input bands. The Z score is used to compare the relative standings of map units from 
distributions with different means and/or different standard deviations. Spectral and 
morphometric signatures of landscape elements were plotted using Z scores of map unites 
and studied in detail.  
 
A post classification step allowed separation of misclassified water bodies from coniferous 
forest class. At the end by combining spectral and morphometric information achieved 
from morphometric analysis, feature spaces analysis and auxiliary map, homogeneous 
landscape elements of the study area were defined. A majority filter with kernel size 5*5 is 
used to clean up the final map and to eliminate spurious pixels. 
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3  Results 

3.1 Morphometric Feature Analysis 
3.1.1    Morphometric feature parameterization (Wood’s method) 
 
The four morphometric parameters slope, cross-sectional curvature, minimum and 
maximum curvature derived from the DEM are shown in Figure 10. Plain areas with low 
slope values like arable lands in Slovakia (southwest) or Solinskie reservoir in Poland 
(north) have zero value for minimum, maximum and cross- sectional curvatures. But for 
mountainous locations with steep slopes, morphometric parameters are different, 
depending on the feature classes.  
 

 

 
 

Fig. 10. Morphometric parameters derived from DEM. Image a is slope, Image b is cross- sectional curvature, 
image c is minimum curvature and image d shows maximum curvature. 

 
 
In Wood’s algorithm, slope tolerance and curvature tolerance values have a critical effect 
on classifying raster elements as peak, pit or pass versus channel, ridge or plain features. 
Thus in this study, the basic algorithms were tested with slope tolerance values from 1° to 
10° and curvature tolerance values from 0.00001 to 0.001 (Fig. 11). The magnitude of the 
two tolerance values are indicated for rows and columns. If the slope tolerance value is  
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3. Results 

increased from 1 to 10 degrees then the number of pixels with slope values lower than 
slope tolerance will increase. This means that more surfaces become horizontal (Table 3) 
and chances to qualify as point-based features such as peak, pass and pit are increasing. 
Conversely, the numbers of pixels classified as ridge or channel are decreasing. Increasing 
the curvature tolerance from 0.00001 to 0.001, the number of pixels with enough curvature 
to qualify as ridge or channel features has decreased and plane features have increased. 
 
With decreasing curvature tolerance values from 0.001 to 0.00001 and increasing the slope 
tolerance from 1 to 10 degree, the percentage of channels is increased from 7.98% to 
17.01%, and the percentage of classified ridges are increased from 10.27% to 21.81%. 
Point based features such as peaks, passes and pits are also increasing significantly. For 
example, percentage of classified peaks increases from 0.004% to 14.3%. But the area of 
plane features decreases from 81.8% to 0.46%. 
 

 
Fig. 11. Effect of choosing different tolerance values for Wood’s method. The default and selected tolerances 
for model are represented by red and blue border respectively. 

 
 

Comparing different results in oblique views and with topographic maps, slope tolerance 
of 1° and curvature tolerance of 0.0005 was considered to be the best compromise. 
Running the basic model with these tolerances, a morphometric features map of the study 
area was produced (Fig. 12). The result shows a very clear distinction between the 
disparate morphometric features. Four perspective zoom samples from different parts of 
the study area are selected for detailed investigation. In all cases the channel pattern 
appears similar to drainage network.  
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3. Results 

 
In the Slovakian and Polish part a dendritic pattern with frequent change of channels and 
ridges is typical while in Ukrainian part a discontinuous rectangular pattern is more 
obvious. In this map about 56% of the area is planar, 19.5 % are channels and 24.33% are 
ridges. As expected point- based features such as peaks, passes and pits cover only 0.17% 
of the study area. There are a couple of reasons. Firstly, point based features are 
comparatively rare. Secondly, due to the rugged terrain many peaks with steep slopes 
exceed the slope tolerance value and are classified as ridge. Furthermore, the 5.5 window 
of the DEM with 90m grid covers a surface of 450×450 meters, restricting the detection of 
small point- based features. 
 
 

 
 
Fig. 12. Perspective view of morphometric features map (Wood’s method) and enlarged sections 
(Vertical exaggeration =5). 
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3. Results 

 
3.1.2   Self Organizing Map 
 
Learning of the SOM was performed with a subset of the data points with the four 
morphometric parameters as input and a two-dimensional output of 5×2 neurons. 
At the beginning of the learning, weight vector of neurons are randomly initialized (Fig. 6).  
But after learning the map units are distributed across the input space so that neighboring 
neurons can recognize the best matching input for each trained map units (Fig. 13) 
After learning, best matching units (final classes) with minimum average quantization error 
(0.231) were selected. Analysis and interpretation of output of SOM is a crucial step. It 
was performed by morphometric signature analysis and displaying mean values of best 
matching units (clusters) in two-dimensional morphometric feature space. Morphometric 
signature of SOM clusters are illustrated in figure 14. This representation not only 
highlights that slopes vary for different classes but also reveal that minimum, maximum 
and cross sectional curvatures have similar trends. 
 
 

 
 
Fig. 13. Three-dimensional feature spaces of input morphometric parameters with ordered weight vectors 
(circles) after learning. Lines show connection between map units. Compared with Fig.6, the weight vectors 
are ordered after learning. 
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Cluster 1 and 6 have lowest values for maximum, minimum and cross sectional curvatures 
and represent channels. Cluster 10 with highest mean value of minimum and maximum 
curvature is labeled as crest line.  The maximum and minimum slopes are observed for 
class 5 and 7 with means of 15.25 and 3.77 degree respectively 
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Fig. 14.  Morphometric signatures of  SOM output classes. 

 
 
Feature space analysis was used to understand the relation between classes in two-
dimensional space of morphometric parameters. This method in conjunction with 
perspective views are used to label classes with corresponding morphometric features. 
From the six possible combinations of feature space plots, just two are shown (Fig. 15). 
According to these feature spaces, six major morphometric features including ridge, 
channel, planar, valley bottom, transition zone (between valley bottom and planar), crest 
line and  four sub classes based on slope condition  were identified for the study area. 

 
Fig. 15. Distribution of the major (black boxes) and sub classes (dashed lines) of morphometric features in 
two dimensional feature space. Sub classes are based on slope categories in table 4. 
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3. Results 

 
Fig. 16. Morphometric features map using SOM (Middle). Zoom samples with results of SOM (left) and 
Wood’s method (right). 
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3. Results 

Classes with positive cross-sectional curvature and high values for minimum and 
maximum curvature are identified as ridges. In contrary low values for minimum and 
maximum curvature and negative value for cross-sectional curvature characterize channels. 
Classes with properties between these two categories should be planar features but with 
different slope categories. The final map for SOM procedure and zoom samples for both 
classifications is shown in figure 16. 
Comparison of zoom samples in figure 16 shows that the identification of non- point 
morphometric features using SOM is a considerable improvement over Wood’s method. 
The overall pattern of channels, ridges and planes is similar in both methods, but the SOM 
results are more informative. In this method the slope parameter is more important in 
characterizing classes, rather than just being a threshold to separate horizontal from sloping 
surfaces. Using the whole potential of slope parameter in extracting more informative 
features is one of the advantages of SOM which can not be seen in Wood’s method. 
Furthermore, identification of crest lines over mountain ranges is another interesting point. 
Lastly, the SOM method does not relay on curvature and slope tolerance values. 
 

3.2 Landscape Analysis 
3.2.1   Optimal Self Organizing Map 
 
Learning of SOM was performed with randomly initialized weights of the map units and 
different sets of control parameters (Table 5). 

 
Table 5.  Set of parameters for SOM learning. The optimum SOM has the lowest average quantization error. 
 

Name Initial radius Final radius Iterations Average quantization error 
 

Som 1 3 1 10 0.40 
Som 2 3 0.20 10 0.3474 
Som 3 3 0.05 10 0.3445 
Som 4 3 0.01 10 0.346 
Som 5 2 0.05 10 0.3454 
Som 6 2 0.01 10 0.3451 
Som 7 1 0.20 10 0.342 
Som 8 1 0.05 10 0.342 
Som 9 1 0.01 10 0.3422 

Som 10 2 0.20 50 0.3417 
Som 11 2 0.05 50 0.3412 
Som 12 1 0.20 100 0.3403 
Som 13 1 0.05 100 0.3401 
Som 14 2 0.05 100 0.3405 
Som 15 3 0.05 100 0.34 
Som 16 3 0.05 1000 0.3394 

 
The initial radius for learning was set to 3, 2 and 1 respectively. Starting with an initial 
radius of three and a final radius of one produced the highest average quantization error. 
Results indicate that the final radius should be much smaller than 1. In several trials with 
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different settings of learning parameters, Som 16 produced the best map with the smallest 
average quantization error of 0.3394 (Fig. 17).  
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Fig. 17. Average quantization error of different SOM. 

 
 
This means that the map with initial neighborhood radius of 3 (Max mapsize/4), final 
neighborhood radius of 0.05 and 1000 iteration performed best. Though the difference 
between average quantization errors for maps with the same number of iterations is not 
large, the number of iterations for the final optimal map should be reasonably large since 
learning is a stochastic process. So the number of iterations was set to 1000. The average 
quantization error after every iteration for the best self organizing map (som16) is shown in 
figure 18.  
 

 
  

Fig. 18. Quantization error versus number of iteration for optimal SOM. 
 
At the early stage of learning (rough tuning), the map tends to order itself over input 
vectors. So the average quantization error decreases drastically. The neighborhood distance 
starts from a large initialization value, here 3, and decreases to the final fine tuning 
neighborhood radius of 0.05. The learning rate decreases in this stage until it reaches the 
fine tuning phase learning rate of 0.05. During the fine tuning, average distance between 
best matching units and input vectors is slowly decreasing. This phase lasts until iteration  
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900. At the end of fine tuning phase (here from iteration 900 to 1000) the average 
quantization error has a steady trend and almost all map units are ordered as good as 
possible over input vectors (Fig. 19). At this stage the network should be well ordered and 
map units are spread out across the input vectors.  

 
Fig. 19. Distribution of map units (o) and first two components of normalized input vectors (+) after 1000 
iteration. 
 
The quantization error for the whole study area is shown in figure 20. The highest 
quantization error (red-brown in Fig. 20) is due to thin clouds in the western study area. 
The cloud cover affects the radiation from that part with a mixture of radiance from the 
ground and the clouds. In contrast, the SRTM data and derived morphometric parameters 
are independent of cloud effects. Deviations in spectral and morphometric properties of 
these map units increase the distance between input data vector and corresponding best 
matching unit and consequently the quantization error. The SOM is a fairly robust method 
and can handle this problem.   
 

 
 
Fig. 20. Quantization error of self organizing map for study area. The highest quantization error due to clouds 
is visible in the box 
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3. Results 

The next step is analysis, interpretation and labeling of these map units as landscape 
elements. 
 
3.2.2   Landscape element analysis 
 
The output map units from SOM are just numbers. Studying the spatial relations between 
different map units along with morphometric parameters and Landsat bands allowed us to 
interpret and label them corresponding to morphometric features and land cover classes 
respectively. Combining spectral and morphometric information for each class we could 
interpret the results in terms of landscape elements.  
 
In two-dimensional feature space plots of mean values of maximum curvature ( x-axis) and 
minimum curvature (y-axis) for map units, four major morphometric features ( channel, 
planar, ridge and crest line) are identified (Fig. 21). Channels showed negative minimum 
curvature and zero or near zero maximum curvature. Conversely, ridges revealed positive 
maximum curvature and zero or near zero minimum curvature. Values of both maximum 
and minimum curvature were positive for crest line class.  

 
Fig. 21. Location of map units in the minimum – maximum curvature feature space and assignment to major 
morphometric features. 
 
Classes with plane features were located between ridge and channels and had small values 
for minimum and maximum curvature. The same result can be achieved by cross-sectional 
curvature (Fig. 22). Concave channels show negative values for cross-sectional curvature. 
Sloping surfaces with positive cross-sectional curvature are ridges. Sloping planar areas are 
characterized by zero or near zero cross-sectional curvature. These four major landscape  
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forms are extended to ten classes by adding slope parameter. This is shown by plotting in 
two-dimensional feature space mean values of slope (y-axis) and cross-sectional curvature 
(x-axis) (Fig. 22). Table 6 summarizes the categorized map units and corresponding 
morphometric features. For example map units 4 and 6 have common morphometric 
features with map units 19, 3 and 7 (ridge) but different slope conditions. Map units 4 and 
6 have very steep slope but map units 19, 3, and 7 have only steep slope. 

 
Fig. 22. Location of map units in the cross sectional curvature and slope feature space and assignment to 
major (black box) and sub classes (dashed line) of morphometric features. 

 
 

Table 6. Assigned map units in relation to morphometric features. 
 

Morphometric features 
Class Slope Class 

Map units 
(Class No) 

Moderate slope 13-16 
Steep slope 10 Channel 

Very steep slope 14-12 
Gentle 20 

Moderate slope 9-11-17-18 
Steep slope 15 

Planar 

Very steep slope 1-2-8 
Steep slope 3-19-7 

Ridge 
Very steep slope 4-6 

Crest Line Steep slope 5 
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Grouping of map units to land cover classes is done in a similar way. Two typical feature 
spaces with Landsat bands ETM+3, ETM+4, ETM+5 and ETM+7 are shown here (Fig. 23). 
 

 
Fig. 23. Location of map units in two-dimensional feature spaces of Landsat bands and assignment to land 
covers. 
 
Generally relationship among adjacent map units is constrained by weight vectors of self 
organizing map. This means that map units within the same group represent similar trend 
of weight vectors in input Landsat bands. SOM is a” topology preserving “algorithm thus 
neighborhoods with similar spectral attributes are preserved throughout the learning 
process. 
 
Grouping and assignment of land cover labels is made subsequently using also ground 
information and auxiliary maps. Table 7 shows the attribute properties of map units 
regarding land cover. Overall 6, 5 and 4 map units are devoted to deciduous, coniferous 
and mixed forest respectively. Two map units were categorized as grasslands but shrub 
lands, settlements and arable land were only represented by one map unit.                    
        
Table 7. Assigned map units in relation to land cover. 

 
Map units 
(Class No) Land cover class Description 

6-7-8-9-10 Coniferous forest Coniferous trees represent more than 75 % of the class. 
2-5-11-12 Mixed forest Neither broad-lived nor coniferous species predominate. 

1-3-4-13-14-15 Deciduous forest Broad-lived trees represent more than 75 % of the class. 
16-18 Grass lands Meadows, pastures mainly used for grazing. 

19 Shrub lands Lands dominated by bushes, shrubs and herbaceous plants. Often 
situated in areas with rough, uneven ground. 

17 Settlement Build up areas, villages, cities and surfaced areas. 
20 Arable lands Land mostly used for agriculture. 
21 Water body Reservoirs, rivers and lakes. 
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Because water bodies were misclassified as coniferous forest, water was separated using a 
threshold in band ETM+4. After interpretation and labeling the output map units of self  
organizing map in relation to morphometric and land cover characteristics, homogeneous 
landscape elements were defined by combining these attributes. For example map unit 
No.19 covers shrub lands on ridges with steep slopes.  
Figure 24 shows the final landscape elements map for the study area. The legend 
summarizes our interpretation in terms of morphometric and land cover classes. Colors 
were selected to reflect land cover by different hues, e.g. green for deciduous forest, and 
morphometric classes by brightness, e.g. flat areas with bright colors and very steep slopes 
with dark colors. 
 
 

 
 

Fig. 24. Landscape elements map of study area. 
 
 

3.2.3   Spectral and morphometric signatures of landscape elements 
 
The map in figure 24 depicts the complex landscape elements in the study area based on 
both landform and land cover. As it is obvious visually from the map, large parts in the 
north east in Ukraine are coniferous forests (bluish colors) in either planar, channel or 
ridge position and arable lands (magenta). Arable and settlement are generally on planar 
areas. Deciduous forests (greenish) appear in the central part of the image near the 
common border with Slovakia and Poland and spread out to the south west. This landscape 
has moderate to very steep slopes and contains channels, planar areas and ridges. Mixed 
forest (yellowish) is common on planar areas, channels or crest lines. Grasslands (brownish 
- magenta) are located on moderate slopes either in channel or planar position but shrub 
lands (orange) conversely are mainly on ridges with steep slopes. 
In order to present these landscape elements in greater detail, we have extracted spectral 
and morphometric signatures for all classes. Figures 25 and 26 show selected signatures  
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and relevant zoom views with superimposed contour lines (interval 28.5 meter). The graph 
in the upper panel of figure 25 shows the signatures of four groups of landscape elements  

 
 
Fig. 25. Spectral and morphometric signatures and close up views of landscape elements overlaid with 
contour lines. 
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with the same land cover and slope condition but located on different morphometric 
features. The lower panels displays the situation of these selected classes in the final map 
(Fig. 24) overlaid with contour lines. A visual comparison of contour lines with the 
landscape elements reveals that our classification is, overall, in good agreement with the 
situation on the ground. For example according to the signature graph, landscape elements 
in group d (class number 6 and 8) should be on the ridge (class 6) or planar (class 8). 
Comparing this finding with figure 25.d and the contour lines confirms this situation. 
Landscape elements of groups a, c and b (class number 16, 12 and 14) are typical 
example of channels with concave contour lines. 
 
The graph in upper part of figure 26 reveals that landscape elements with numerical label 
of 17 and 20 are planar belonging to the same morphometric feature class. Figure 26 with 
nearly straight contour linesand long distances between contours in arable land confirms 
this fact. 

 
Fig. 26. Spectral and morphometric signatures and close up views of landscape elements overlaid with 
contour lines. 
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All 21 unique landscape elements can be grouped into eight heterogeneous groups (Table 
8). According to table 8 deciduous forests with three slope categories and three 
morphometric forms (planar, channel and ridge) is characterizing six homogenous 
landscape elements which covers 26.38 % of the study area. Landscape elements including 
shrub lands are on ridges with steep slopes and covers 4.59%. But landscape elements with 
grassland covers are on the moderate slopes of planar areas or channels and cover 11.05 % 
of the study area. 
 
 
 
Table 8. Landscape elements properties and percentage of area covered 
 

Groups 
No of 

landscape 
elements 

Land cover Morphometric forms Slope class Area 
(%) 

group 1 5 Coniferous 
forest 

planar, channel and 
ridge 

moderate, steep and very steep 
slopes 25.70 

group 2 6 Deciduous 
forest 

planar, channel and 
ridge 

moderate, steep and very steep 
slopes 26.38 

group 3 4 Mixed forest planar, channel and  
crest line 

moderate, steep and very steep 
slopes 20.99 

group 4 2 Grass lands planar, channel moderate slope 11.05 

group 5 1 Shrub lands ridge steep slope 4.59 

group 6 1 Arable lands planar gentle slope 4.24 

group 7 1 Settlements planar moderate slope 6.64 

group 8 1 water bodies planar gentle slope 0.40 
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4 Discussion 

In the first section of this thesis, two basically different approaches are investigated to 
identify morphometric features in a DEM from the Shuttle Radar Topography Mission 
(SRTM). Each method has its own merits. Results of Wood’s method, are six explicit 
morphometric features which are point (pit, peak, pass) line (ridge, channel) and area based 
(planar). A weakness of this procedure is that the criterion for definition of point-based 
features is zero slope. Pits, peaks and passes are assumed to occur only where the local 
slope is zero, but in reality when their neighborhood is considered they have an overall 
slope. So with normal procedures the result would consist mainly of channels and ridges.  
The other problem is the criteria for planar features. Ideally, these features should have 
zero values for maximum, minimum and cross- sectional curvatures. But in reality, most 
planar facets have not-zero curvature components. Therefore results depend strongly on the 
selected values for slope tolerance and curvature tolerance. Choosing the right thresholds is 
crucial and small differences can change the nature of detected morphometric features 
significantly. So in this method, it is necessary to strictly adhere to the constraints imposed 
by these thresholds. Slope as a first derivative of DEM is used only as threshold to define 
horizontal terrain. Slope tolerance jn connection with true slope values are the major 
measures for breaking channels and ridges into a series of pits, passes and peaks. But 
ridges or channels can be characterized by slope conditions e.g. ridge on steep slope. 
 
Identification of morphometric features using Self Organizing Map was not explored 
before. The out put of approach presented in this thesis, using slope and curvature 
information, is set to 10 morphometric features. Unlike Wood’s method, morphometric 
classes do not depend on settings for curvature tolerance and slope tolerance. There is no 
predefined underlying assumption for classes like ridge, channel or planar. Specifically in 
this method, slope contributes to characterize classes with more informative features, e.g. 
ridge with steep slope. This is one significant advantages of SOM which can not be 
achieved with Wood’s method. However a drawback of SOM is that its application is 
restricted to the processing of a predefined number and arrangement of output map units.  
 
The other potential limitation of SOM is its stochastic nature. A different result can be 
obtained each time the SOM is calculated with the same data, due to the random 
distribution of the initial weights. However this appears to be not a major problem and 
differences are superficial and changes in pixel counts are small. Implementing e.g. linear 
initialization can reduce this problem. Here, the two eigenvectors of the autocorrelation 
matrix of input data with the largest eigen values are determined. Then weight vectors are 
initialized in an orderly fashion along a two-dimensional subspace spanned by these two 
eigenvectors. 
 
Since the SOM is a nonparametric clustering algorithm, unlike Wood’s method, 
identification of individual point-based features (pits, peaks and passes) is very limited. 
Instead, contiguous crest lines are identified in mountains. The interpretation of the SOM 
classes can become tedious and requires good skills.  
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4. Discussion 

Direct comparison between the two approaches is difficult as the results are different. Each 
method has its own merits. But both procedures showed that it is possible to extract from 
the DEM more information useful for further geomorphological analysis. 
 
In the second section, we developed a method for landscape analysis by combining 
remotely sensed spectral data and DEM derivatives. Interpolating the DEM data from its 
original resolution of about 90 meters to 28.5 meter smoothed the elevation values. Under 
such conditions the curvature components and slopes are underestimated. So often a 
slopping planar area is located between ridges and channels. However this situation is due 
to the quality of the DEM and the interpolation method. 
 
Our study highlighted that combining morphometric parameters from a DEM with 
remotely sensed spectral data facilitates the analysis of landscape components 
characterized by landforms and land covers. The standard deviation of class averages per 
input band shows the overall contribution of bands to the characterization of landscape 
elements (Fig 27).  
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 Fig. 27. Contribution of input bands to characterize landscape elements. 

 
 
From the remotely sensed spectral data the highest contributions are from ETM+5, ETM+4 
and ETM+7. The thermal band ETM+6 seems to not contribute very much to the 
characterization of landscape features but that may be due to the different nature of this 
band. All curvature components have a very important role for morphometric analysis but 
the effect of cross sectional curvature is more obvious. 
 
These results show that SOM is a very efficient algorithm for combing high dimensional 
data of different nature for landscape analysis. The classes describe characteristic 
landscape features. But for classes with low frequency of occurrence and similar spectral 
signature like settlements, shrub lands and grasslands misclassification may occur. This 
should be considered in assessing results. 
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5 Conclusions 

 
The results demonstrate the effectiveness of Self Organizing Map (SOM) algorithms of 
artificial neural networks in semi-automatic methods for both morphometric and landscape 
analysis. This procedure allows a detailed classification of landscape elements and 
provides an overview of dominant landscape types. The four morphometric parameters 
slope, cross-sectional curvature, maximum curvature and minimum curvature, led to the 
description of landscape forms as ridges, channels, planar areas and crest line. These 
morphometric terms coincide with actual geomorphologic entities. Maximum and 
minimum curvatures are critical to recognize crest lines in mountains, ridges and channels. 
Slope allows to distinguishing among morphometric features in sub levels.  
 
Remotely sensed spectral data provided valuable information on land cover in the study 
area but water bodies are not separated as a single cluster. But they can easily be extracted 
using a threshold in band ETM+4. 
 
To use the DEM processed from SRTM data and spectral data together, they have to be 
registered correctly in a common projection. Compared with bilinear interpolation, cubic 
convolution provided better results with fewer artifacts, clearly visible in images of 
morphometric parameters. The optimal self organizing map with suitable learning 
parameters should be selected for classification. The smallest average quantization error of 
0.3394 was achieved with a final neighborhood radius of 0.05 and 1000 iterations. Feature 
space analysis is a very efficient tool to study spatial relations between different classes 
and allowed us to label them in terms of land cover and morphometric features. Combining 
these attributes for classes yielded a unique landscape elements map with different 
morphometric features, slope and land cover. 
 
This map shows both the land cover of landscape elements and the impact of geologic and 
geomorphic processes expressed in morphometric features. Signature analysis helped us to 
describe this relationship and revealed the contribution of different Landsat bands and 
morphometric parameters to the separation of landscape elements. Actually this type of 
signature shows the complementary role of DEM derivatives and spectral remote sensing 
data in geomorphological landscape classification. Landscape elements were classified into 
eight heterogeneous groups according to form, cover and slopes. The group of landscape 
elements with deciduous forest and three forms of planar, channel and ridge on moderate, 
steep and very steep slopes is most common and covers 26,3% of the  study area.  
 
The methods demonstrated here are designed to integrate Landsat ETM+ data with 
morphometric parameters to extract landscape information which can be used in 
geomorphologic applications and geoecosystem modeling. This method allows important 
savings in field work and can be used as alternative to labor intensive manual methods. 
 
This method will be evaluated in other study areas with different morphometric conditions. 
Furthermore multi-scale morphometric feature identification with larger window sizes is 
desired, leading to larger morphometric features and consequently larger landscape units. 
Thus map units from smaller window sizes can be characterized as single landscape 
elements but also as part of large landscape units at larger window size.  
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