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3

A protocol for digital geomorphological mapping in
mountainous areas

Submitted as: Anders NS, Seijmonsbergen AC, De Jong MGG, Bouten W. A protocol for digital
geomorphological mapping in mountainous areas. To Geomorphology.

Abstract
The infrastructure of collecting, processing and storing large amounts of digital terrain data has
dramatically improved in the last decade, which opened up new opportunities in Earth sciences.
Yet, standardized methods are lacking on how to apply such data for e.g. more efficient geomorphological mapping. It is within this context that we propose a protocol for digital geomorphological
mapping in mountainous areas. The protocol is composed of two main phases, namely 1) collecting
field data in representative areas; and 2) extrapolating geomorphological feature characteristics to
surrounding areas using object-based digital terrain analysis. The first phase is divided into two
steps, i.e. 1) manually identifying/differentiating landform units and digitizing these as polygons
in GIS by using 2D and 3D visualization of DTM-derived terrain properties in combination with
(multi-temporal) orthorectified air photos; and 2) field-validation of these digitized features to
produce a digital geomorphological map of the representative areas. The second phase consists of
four steps, i.e. 1) image segmentation and optimization of segmentation parameters for different
geomorphological feature types; 2) classification rules development by histogram analysis using the
representative polygons; 3) stratified feature type extraction, and; 4) validation of the classification
results. We explain and demonstrate our protocol by semi-automatically extracting 11 well-defined
geomorphological feature types at the scale of 1:10,000. Our study site is located in a mountainous
area near Lech in Vorarlberg, western Austria. The features of interest include landforms resulting from glacial, fluvial, gravitational and karst processes. We identified and digitized a total of
approximately 10 km2 in phase 1, and classified 90 km2 in phase 2. Classification accuracy was
estimated to be 71%, with a range of 49–82% (producer’s accuracy) for the individual geomorphological feature types. Our results show that with only a limited field campaign, we are able to
rapidly produce a digital geomorphological map of a large area in a dynamic mountain region.
The transparency and reproducibility of the protocol allows application in similar mountain areas
and, potentially, in other geomorphological settings. In addition, it enables new types of research
such as a quantitative comparison of landscape development in different areas, or geomorphological
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change detection using multi-temporal LiDAR data.

3.1

Introduction

The infrastructure of collecting, processing and storing large amounts of digital terrain data has
dramatically improved in the last decade, which opened up new research opportunities in Earth
sciences. Digital elevation data have had a major impact on the development of methods and
analysis techniques used in geomorphological research, and specifically geomorphological mapping.
Traditional geomorphological mapping campaigns, which consist mostly of air photo interpretation in combination with field work, are subject to a certain degree of subjectivity, adversely
affecting the reproducibility of geomorphological maps. Digital or (semi-) automated classification techniques based on digital terrain data can be applied, at least partially, to overcome the
reproducibility issue.
Digital landscape analysis has become a widely used tool for studying the Earth’s surface after the introduction and continuing development of Geographical Information Systems (GIS) and
remotely sensed data such as satellite imagery and high-resolution Digital Elevation or Terrain
Models (DEMs/DTMs). High-resolution DTMs, for example, replace traditional stereoscope analysis by draping orthorectified air photos. Thematic layers, such as digital, vectorized, geological
maps, can be overlain to combine various sources of information in a GIS when producing geomorphological maps, see also Gustavsson et al. (2006) and Klimaszewski (1982). Modern mapping
techniques often use DEMs as source for deriving terrain properties, or Land Surface Parameters
(LSPs, Hengl and Reuter, 2008; Wilson, 2012) which serve as input to classifying many topographic or geomorphological features. LSPs are quantitative measures of morphometric properties
of a surface. A land surface being a continuous surface; a landform being a segment of a land surface, is discontinuous and can be delineated (Evans, 2012). An obvious LSP is the first derivative
of elevation, i.e. slope angle. A landform can be characterized in terms of slope angle or many
other LSP properties. For example Etzelmüller et al. (2007) used LSPs as a basis for automatic
classification of topographic features at regional scales in Norway, and Bocco et al. (2001) used
DEMs to automatically map geomorphological features at the 1:50,000 and 1:250,000 scale.
Geometrical signatures can be extracted from DEMs to characterize landscape features on
the basis of morphometric properties (Pike, 1988). A geometrical signature is defined as “a set
of measurements that describe topographic form well enough to distinguish geomorphologically
disparate landscapes” (Pike, 1988), and can be applied to the quantitative descriptions of landforms. Iwahashi and Pike (2007) applied such geometrical signatures to multiple DEM sources
for differentiating terrain or morphometric classes at global to semi-detailed scales. Giles (1998)
combined DEM-derived morphometric properties with satellite images to create ‘geomorphological
signatures’, and differentiated regional slope classes in his study area. Here a ‘geomorphological
signature’ differs from a ‘geometrical signature’ as the latter only consists of morphometrical descriptions of landforms. A geomorphological signature may conform characteristics based on multiple sources, including DEM-derived properties, satellite imagery, shape properties or geological
substratum.
A selection of studies on the extraction of elementary landforms and well-defined geomorphological landforms is summarized in Table 3.1. DEM-based classifications can be divided into
data-driven ’unsupervised’ classifications and more knowledge-based ‘supervised’ classifications.
Unsupervised classifications are often used for extracting elementary landforms at a range of scales
from regional to global. Such classifications can be fully automated and may use many LSPs to
categorize DEM-based grid cells into a number of classes. The classes resulting from unsupervised
classifications are often not directly related to landforms or other landscape features of interest.
In contrast, supervised classifications are more knowledge-driven and require a training set of grid
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Table 3.1: A selection of methods for differentiating elementary landforms and (well-developed) landforms using
DEMs
Author

EL /
La

Input
variables

Classification
technique

Landscape

Accuracy
assessment

Reproducibility

Area
[km2 ]

EL

DEM
spacing
20

Adediran et al.
(2004)

Local relief

Unsupervised
cell-based

Alpine
mountain
range

high

1200

Arrell et al.
(2007)
Burrough et al.
(2000)

EL

50

high

9

5 & 75

Unsupervised
cell-based
Unsupervised
cell-based

Hills

EL

no

high

0.68 &
225

BolongaroCrevenna et al.
(2005)
Ehsani and
Quiel (2008)
MacMillan
et al. (2000)

EL

90

Slope,
curvature
e.g. Slope,
curvatures,
wetness index
Altitude, slope,
aspect

Class
comparison
with LSP
values
no

high

4960

EL

90

4543

5

Unsupervised
cell-based
Unsupervised
object-based

high

EL

class
similarity
tests

high

0.68 &
0.38

Schmidt and
Hewitt (2004)

EL

15

no

high

225

Giles (1998)

EL

20

Prima et al.
(2006)

L

50

Slope,
curvatures
e.g. Slope,
curvatures,
wetness index,
relative
elevations
Slope,
curvature,
position
Slope,
curvature,
SPOT
derivatives
Slope, openness

Pairwise
similarity
tests
no

Dikau et al.
(1995)

L

200

Slope, relief,
curvatures

Unsupervised
cell-based

Iwahashi and
Pike (2007)

L

EL

Drãguţ and
Eisank (2012)

L

1000

Slope, surface
convexity,
texture
Slope,
curvatures,
relative altitude
Elevation

Unsupervised
cell-based

Drǎguţ and
Blaschke (2006)

55,
270,
1000
5 & 50

Etzelmüller
et al. (2007)

L

500

Anders et al.
(2011a)

L

1

Van Asselen
and
Seijmonsbergen
(2006)

L

1

This study

L

1

Unsupervised
cell-based

Unsupervised
cell-based

Low hills &
French
pre-Alps
Mountains

Eastern
Carpathians
Rolling till
overlying
bedrock &
hummocky
moraines
Hills

Supervised
cell-based

High hills /
mountains

Confusion
matrix

medium

400

Supervised
cell-based

Volcanic
mountain
range
Mountain
range, hills,
plains
World

Confusion
matrix

medium

209,131

no

high

315,194

no

high

World

Unsupervised
object-based

Hills &
Eastern Alps

no

medium

164 &
210

Unsupervised
object-based

World

high

World

e.g. Slope,
relief,
curvatures,
skewness
e.g. slope,
openness,
relative
elevation
Elevation, slope

Unsupervised
object-based

Hills,
mountains,
fjords

Region
uniformity
and contrast
no

medium

330k

Supervised
object-based

European
Alps

Confusion
matrix

medium

10

Supervised
object-based

European
Alps

Confusion
matrix

low

10

e.g. Slope,
openness,
relative
elevation

Supervised
object-based

European
Alps

Confusion
matrix

medium

90

a EL = Elementary landforms; L = Landforms

cells that represent user-specified categories; the other grid cells are classified according to criteria
derived from these categories and the corresponding grid cell values. The degree of automation is
lower compared to unsupervised methods due to a larger user input, but specific landforms can be
extracted that are of special interest. The recent increase in spatial resolution of digital elevation
data resulted in the fact that individual geomorphological features of interest are represented by
groups of grid cells. Object-Based Image Analysis (OBIA) has proven a successful tool for studying such groups of grid cells, by clustering grid cells into objects and classifying objects based on
group properties (e.g. Drǎguţ and Blaschke, 2006; Van Asselen and Seijmonsbergen, 2006). The
degree of automation is limited because OBIA requires user input to both segmentation and—
when supervised classification is applied—also classification settings. Yet, solid progress is made
on increasing the objectivity and reproducibility of the classifications by assessing segmentation
accuracy (Möller et al., 2007) and (semi-) automated determination of segmentation parameters
(Anders et al., 2011a; Drǎguţ et al., 2010).
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DEM-based landscape classification studies so far have mostly been carried out in medium–high
relief areas and in relatively homogeneous or uniform landscapes. Few studies exist in low-relief
areas, probably due to low quality of DEM-derived terrain properties in such areas (Seijmonsbergen
et al., 2011)— LSP values derived from DEMs in low-relief areas are relatively sensitive to minor
changes in elevation so that small errors in DEMs of low-relief areas have greater impact on the
quality of derived terrain properties (Thompson et al., 2001). The level of detail of landform
classifications is often limited. High-resolution and high-quality DEMs are essential in such areas
to achieve sufficient detail. In contrast to landscape classification studies, specific feature extraction
studies often do use high-resolution elevation data for identifying and extracting geomorphological
features in great detail, e.g. for extracting and classifying stream networks (e.g. Pirotti and Tarolli,
2010), landslides (e.g. Aksoy and Ercanoglu, 2012) and drumlins (e.g. Saha et al., 2011).
Many different traditional, field-based, geomorphological mapping systems exist, See also the
publications of Seijmonsbergen et al. (2011) and Verstappen (2011). The maps made by these
systems present in a variety of ways information of outer form, materials and genesis (processes)
of landforms, often in combination with hydrological data. Current digital terrain modeling and
classification methods are very capable in extracting morphometric, (superficial) hydrological and
at broader scales also morphogenetic information, as will be also presented in this paper. Yet, the
extraction of information on subsurface hydrology, current processes and materials from digital
data only is still very challenging; auxiliary field data is required. Despite the limitations, the
current methods can, when combined, speed up the process of mapping whole landscapes.
As shown, many computerized methods and techniques exist to differentiate a large variety of
geomorphological features at different scales. However, protocols or standardized methods have not
yet been developed on how to use multiple (high-resolution) data sources and analysis techniques
to generate specific geomorphological information. It is within this context that we propose a
protocol for digital geomorphological mapping in mountainous areas. The protocol consists of
a transparent and reproducible work flow and includes methods of digital terrain analysis and
semi-automated processing tools. The protocol includes 1) digital geomorphological mapping of
representative areas by calculating LSP maps, digitizing polygon features and field validation, and
2) an object-oriented work flow comprised of segmentation optimization, automated classification
rule development, stratified feature extraction and evaluation of classification results. All methods
are applied within a digital mapping environment, with the exception of field validation of training
data. We explain and demonstrate it by extracting detailed geomorphological features from a highresolution DTM in an alpine area, with focus on morphogenetic features at the scale of 1:10,000.

3.2

Study area

The study area is within the administrative border of the high alpine municipality of Lech (90 km2 ,
Figure 3.1) in the state of Vorarlberg, western Austria. Lech (1450 m.a.s.l.) is a well-known winter
ski-resort, which attracts almost 1 million tourists per year. Of the total area, 58% is in use as
alpine grasslands, 14% is (protection) forest and 24% is unused (steep and bare rock mainly above
the tree line), the remaining 4% is agriculture and built-up area (Ruff, 2005). Continuous pressure
exist on the landscape as a result of expanding ski-facilities. A biotope inventory is available
(Grass, 2009); an inventory of potential geoconservation areas is being made (Seijmonsbergen
et al., in prep.); the digital geomorphological map presented here will serve as the basis for this
inventory (see also Seijmonsbergen et al., 2010).
Geologically, the Lech ’Quellengebirge’ (Lech Mountains) is part of the Lechtal nappe of the
Northern Calcareous Alps tectonic unit of the Eastern Alps (Schmid et al., 2004) and includes a
wide variety of dolomite, limestone, marl and gypsum containing rock formations from the Triassic,
Jurassic and the Cretaceous (Oberhauser et al., 2007). For the topographical and geomorphological
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Figure 3.1: A) The study area around Lech is located in the eastern part of Vorarlberg. B) The study area is
outlined in red, with the major drainage pattern and topographic features; the rectangles I–III show the locations
of the selected representative areas.

development, the distribution of the Hauptdolomite, Plattenkalk, Oberrhätkalk and Arlberg Formations (predominantly dolomite and limestone), the Raibler Formation (predominantly limestone,
marl and gypsum) and the Allgäu, Kössen and Lech Formations (predominantly marl and limestone) is of prime importance (Ruff, 2005; Oberhauser et al., 2007), since the majority of landforms,
materials and processes directly relate to these rock formations.
The landscape development of the Lech Mountains is closely related to the Pleistocene glaciations during which the Lech Mountains developed local ice caps from which ice flowed towards
the north and northwest into the Bregenzerwald areas and southern Germany. Strong glacial erosion has created wide U-shaped valleys, glacially eroded valley shoulders and cirques, which hold
depositional evidence of former (Late) glacial action, such as local subglacial till, morainic ridges
and fluvio-glacial deposits. Post-glacial slope development is dominated by active rockfall and
shallow sliding processes, although surface flow type processes do occur. A few large, deep-seated
landslides have occurred in the area which relate to unfavorable geological structure in combination with glacial steepening of slopes which, after deglaciation, has caused these slope failures.
Gypsum underlain zones have developed characteristic up to 25 deep karst depressions, whereas
carbonate karst has produced distinct, often joint related karst features (Cammeraat et al., 1987).
Two major rivers drain the area, the river Lech and the river Zürs (see Figure 3.1). Many local
tributary mountain torrents have incised into the surrounding slopes, which caused severe erosion
and formation of alluvial/debris flow fans in the main valley floors. The location and former and
present activity of the above mentioned processes have created a variety of landforms and deposits
that nowadays make up the alpine geomorphological landscape.
A morphogenetic classification scheme (Seijmonsbergen et al., 2009) was designed for the State
of Vorarlberg to categorize landforms into classes. We made a selection from this legend based on
the available landforms in this test area, i.e. glacially eroded bedrock, ablation till, fluvial incised
slopes, recent streambed/terrace, alluvial/debris fans, fall deposits, flow/slide deposits and slopes
subjected to gypsum and carbonate karst into the protocol for digital geomorphological mapping
(Table 3.2). Refer to Seijmonsbergen et al. (2009) for the rationale of the legend. Rare landforms
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and deposits, such as a handful of peat locations and a few dry (Late-Glacial) valleys have not
been included in the automated mapping procedure, but have been depicted manually on the final
maps.
It should be noted, however, that this protocol is applicable to any other mountainous area,
but, likely, with different segmentation and classification settings and, possibly, different landforms.
Section 3.3 will describe the parameter acquisition in more detail.

3.3

Data & Methods

The protocol comprises two main phases, namely 1) identification and delineation (manual digitization) of landforms in representative areas based on air photos and terrain derivatives from digital
elevation data and field validation, resulting in detailed polygon-based geomorphological maps; 2)
extrapolation of characteristics of geomorphological feature types in the representative areas to the
entire study area by means of object-oriented procedures (Figure 3.2). The output of the protocol
is a digital, vectorized, geomorphological map, where each landform is stored as a polygon in a
GIS environment, and, directly available for further GIS analysis and applications. This section
presents the required data sources, and describes each step of the work flow in detail as applied to
the Lech case study area.

3.3.1

Data sources

The airborne LiDAR data used in the case study is part of a dataset which was acquired for the
State of Vorarlberg between August and September 2004 with an Optech ALTM 2050 scanner, with
an average point density of ± 1.8–2.4 points m−2 . Non-ground points were filtered out using the
SCOP approach (Kraus and Pfeifer, 1998; Kraus and Otepka, 2005), before a regularly gridded 1m
DTM was constructed using linear least squares interpolation (Kraus and Mikhail, 1972). From the
DTM, several terrain properties (LSPs) were derived that were considered relevant to extracting
geomorphological information or detecting landform boundaries. For example, slope angle is a key
parameter that drives many geomorpholocal processes and was valuable to the identification and
characterization of many different landforms. Topographic openness (TO), which is a measure for
the enclosure of a location in the landscape (Yokoyama et al., 2002), was calculated as the angle
of a given grid cell to its surrounding based on a moving window (i.e. kernel). TO was measured
with kernel sizes of 25x25 m (TO25) and 250x250 m (TO250). TO was found very useful for the
identification of landform boundaries, which makes it a valuable parameter for the delineation of
landforms. Elevation percentile was calculated as the percentage of surrounding grid cells that are
lower situated than a given center grid cell (Gallant and Wilson, 2000) and was measured with
kernel sizes of 25x25 m (EP25) and 250x250 m (EP250). Elevation percentile is a useful parameter
to characterize landforms based on their relative position (high/low) in the landscape. Shaded
relief maps were also useful for manually recognizing landforms and their boundaries.
Multi-temporal digital color infrared (CIR) and true color air photos have been consulted,
which are part of surveys run in the summers of respectively 2001 (CIR), the 1950’s and 2006
(true color), for the State of Vorarlberg. The air photos are ortho-rectified and resampled to 0.25m
spatial resolution. The geomorphological maps of Cammeraat (1986) and De Graaff et al. (2003)
and published geological maps of Ampferer et al. (1932) and Oberhauser et al. (2007) have been
scanned and georeferenced, and were useful in identifying geomorphological features and linking
spatial patterns in digital data sources (see below) with the landforms and deposits (Table 3.2).
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Figure 3.2: Schematic overview of the protocol. The work flow starts with the manual identification and digitization of representative landforms based on the visualization of DTM-derived terrain properties and field checks;
next, object-based processing tools are applied to classify the entire area of interest. The methods include 1) calculating/visualizing terrain derivatives, 2) delineating landforms in representative areas, 3) field validation , and
4) segmentation optimization, 5) automated classification rule development, 6) stratified feature extraction, and 7)
validation of classification results. Except for field validation of digitized areas, all steps are carried out within the
digital mapping environment.

3.3.2

Digital geomorphological mapping of representative areas

Three representative areas were selected which together cover all geomorphological feature types
present in the entire study area. They are situated near the hamlets of Bürstegg (I, Fig. 3.1B)
and Zürs (II & III, Fig. 3.1B). Slope angle and both topographic openness parameters (TO25
and TO250) were combined to form a single Red, Green, and Blue (RGB) composite map over the
entire area (Anders et al., 2011a,b; Seijmonsbergen et al., 2011). The RGB or LSP composite maps,
together with shaded relief maps and multi-temporal high-resolution orthophotos were draped on
the LiDAR DTM using ESRI ArcScene (Fig. 3.3). 3D visualization, using the LiDAR DTMs as
source, of the available data allowed flying through, panning and zooming in/out of areas that
are difficult to access, which helped to interpret the geomorphological features and delineate their
boundaries. A preliminary polygon-based geomorphological map (approximately 10 km2 ) was thus
created prior to field work. Then specific areas were selected and visited in the field to validate
and, if necessary, to correct the geomorphological interpretation and boundaries of individual
features. Detailed polygon-based geomorphological maps were time-efficiently generated with a
limited amount of field work. In this way we promote field work in dedicated areas that require
special attention, while other well-defined areas are mapped automatically. The validated polygons
of the geomorphological maps of the representative areas were divided into two sets: one set of
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Table 3.2: Table showing the geomorphological feature types differentiated in the study.

Processes

Landform/deposit

Glacial

Erosion
Deposition

Glacially eroded bedrock
Ablation till

Fluvial

Erosion
Deposition

Fluvially incised slopes
Recent streambed or terrace
Alluvial / debris fan

Mass-movement

Erosion

Deep-seated mass-movement
Shallow mass-movement
Fall deposits
Flow/slide deposits

Deposition
Karst

Carbonate karst
Sulphate karst

Slope subject to carbonate karst
Slope subject to gypsum karst

training samples for training the segmentation and classification criteria, and one set of validation
samples to evaluate the final classification accuracy.
Information from the geological and geomorphological maps and a long tradition of field experience in and around Lech (e.g. Seijmonsbergen, 1992; De Jong et al., 1995) were deemed very
valuable for the geomorphologically meaningful interpretation of the spatial patterns of multisource digital data, and to accurately delineate landforms and deposits so as to make reliable
digital geomorphological inventories (maps) of the representative areas. The digital maps served
as the basis for further analysis in the object-based work flow.
However, when prior information or maps is not available, trained geomorphologists may still
be able to link part of the spatial patterns in the data to part of the available landform types
which can be mapped using the protocol. The produced map, then, promotes investigating special
areas for correcting or improving geomorphological interpretations of the landforms in a iterative
research cycle. Refer to Section 3.4 for a more elaborate discussion on this matter.

3.3.3

Object-based digital terrain analysis

In phase 2 the information stored in the digital maps of the representative areas is extrapolated
to produce a geomorphological map of the entire study area, by characterizing and classifying
geomorphological feature types. We used object-oriented techniques such as segmentation optimization, automated development of classification rules, and stratified feature extraction, followed
by a validation of classification results. The individual techniques are explained step-by-step in
detail in the following subsections.
Segmentation optimization
Image segmentation is the process of clustering grid cells into ‘image objects’, in order to maximizing homogeneity of grid cell values within objects, while maximizing heterogeneity between the
objects. The multi-resolution segmentation (MRS) algorithm (Baatz and Schäpe, 2000) as implemented in the eCognition software was used. It requires data of parameters that influence the size
and shape of the objects being created, i.e. a scale parameter (SP) and two shape parameters.
The shape parameters are used to manipulate the shape of image objects, by giving a user-defined
weight to grid cell values in the clustering process. The scale parameter affects the size of the
objects and has most influence on the segmentation results.
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Figure 3.3: 3D view of the area near Bürstegg showing a selection of the consulted data sources, including A) the
0.25m orthophoto draped over the LiDAR DTM; B) Shaded relief map; C) TO250 map (brighter values represent
more open areas within 250m radius); D) TO25 map (brighter values represent more open areas within 25 m radius);
E) Slope angle map (brighter values represent steeper slopes); F) the LSP composite of slope angle (red), TO25
(blue) and TO250 (green) of the same area.

When the segmentation is based on elevation data, the objects being formed represent elementary landscape objects, which may be combined to ‘landforms’ after object classification. Because
the size of elementary forms may differ between landform types, objects with different sizes are
required to prevent oversegmentation (too small objects) or losing detail (too large objects). Creating objects with different size means using different scale parameter values for different landform
types.
The method introduced by Anders et al. (2011a) was applied to determine the most appropriate
scale parameter value for each landform type. The approach is based on comparing manually digitized training samples (polygons) with automatically generated objects. For each training sample,
2D frequency distributions of LSP values of the grid cells enclosed by the polygon boundaries are
calculated and compared with frequency distribution values from the overlapping automatically
generated objects. The difference (i.e. sum of absolute error) between the frequency distribution
values of digitized training samples and image objects is calculated as a measure of segmentation accuracy. Segmentation parameters are thus optimized semi-automatically and for each geomorphological feature type separately. Refer to Anders et al. (2011a) for more information about
the segmentation optimization.
We have selected five representative polygons from the digital maps of the representative areas
as training samples for each geomorphological feature type. Slope angle and TO250 values were
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used to cluster grid cells into image objects with a scale parameter ranging from 1–1000. These
LSPs (‘layers’) were selected as segmentation criteria because slope angle is a key variable that
drives many geomorphological processes, and TO250 clearly shows landform boundaries (Anders
et al., 2011a,b). The difference between the segmented objects and related training sample was
determined for each geomorphological feature type, and, as a result, the optimal segmentation
parameters were determined, i.e. the optimal scale parameter and best combination of gridded
layers used for clustering grid cells (Figure 3.5).
Automated development of classification rules
The polygons of the digital geomorpholgical map of the representative areas were imported into
eCognition to calculate object-based properties of each polygon (i.e. landform). A variety of object
characteristics can be calculated: especially many LSP layer-based properties, shape properties and
properties related to neighboring features can be used. Making a selection of potential valuable
properties, therefore, was necessary to limit the number of variables. Our selection connects to the
properties a geomorphologist uses when quantitatively describing specific landforms, e.g. relative
position in the landscape, slope angle, and typical shape. Typical shapes can be translated into
mathematical properties such as assymmetry, roundness or length/width ratios.
The object properties selected by us to quantitatively describe the features in the study area
include the layer properties mean and standard deviation of TO25, TO250, EP25, EP250 and slope
angle, and the shape properties Area, Asymmetry (i.e. relative length of an object, compared to
a round polygon and closely related to length/width ratio), Border length (i.e. total length of
the border of an object), Compactness (describes how compact an object is bases on the area,
which is calculated with the product of the length and the width, divided by the number of grid
cells), Density (i.e. the distribution of grid cells in space; squares are most dense, and filament
shapes receive low density values), Distance to river/stream, Elliptic Fit (describes how well a
shape fits into an elliptic shape), Length (i.e. length of the longest axis), Length/Width ratio (i.e.
ratio between the longest and smallest axis), Radius of smallest/largest ellipse, Rectangular Fit
(describes how well an object fits within a rectangular shape), and Roundness (describes how well
an object fits into a elliptic shape, and is calculated by the difference of the outer ellipse and the
inner ellipse). Refer to Trimble (2010) for the mathematical implementations.
Three key classifiers per geomorphological feature type were automatically selected based on
these properties, by comparing the frequency distribution values of all polygons of a specific geomorphological feature type with the frequency distribution values of the rest of the dataset of the
representative areas. For example, the frequency distribution of ‘mean slope angle’ of the feature
type ‘river terraces’ has been calculated; and the frequency distribution of ‘mean slope angle’ for
all features except river terraces (see Fig. 3.4-top-left). The cross-bin distance function ‘Earth
Mover’s Distance’ (EMD, adapted to the EMD-L1 algortihm by Ling and Okada, 2007) was used
to calculate the difference between the two frequency distributions. The EMD-L1 was used because
it gave slightly better results than bin-bin distance functions such as sum of absolute error. The
EMD between both histograms was taken as a measure for the degree of prediction power of the
specific property related to the specific feature type. When e.g. a high difference is calculated
between the frequency distribution of ‘mean slope angle’ of ’river terraces’ and the frequency distribution of ‘mean slope angle’ of ‘all geomorphological features except river terraces’, then ‘mean
slope angle’ was considered a strong predictor/explanatory variable for classifying ‘river terraces’.
The first key classifier for a specific feature type was selected based on the highest EMD between
both frequency distributions. Figure 3.4-top-left for instance, shows ’mean slope’ to be the first key
classifier for river terraces. Subsequently, Piersson’s correlation coefficient was calculated between
the first key classifier and the rest of the object properties. The second key classifier was selected
based on the second highest EMD, within the subset based on the first classifier and, at the same
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Figure 3.4: Example histograms demonstrating the automated development of classification rules. Top) Example
histograms showing the frequency distribution of key classifiers of river terraces). Bottom) Example graphs showing
the cumulative frequency distributions of the same key classifiers. The dotted lines indicate the boundary values
and represent 99% of the river terraces. See text for further explanation.

time, having a smaller correlation coefficient than a given threshold with the first key classifier.
The threshold value was artificially set to 0.3 to give best results, and is necessary to prevent
only highly correlated properties to be selected as key classifiers. In the example of river terraces
this is ’distance to river’ (see Fig. 3.4-top-center). The third key classifier was selected from the
subset created by the two classifiers, and the object properties based on the third highest EMD
with a smaller correlation value than the threshold (i.e. also 0.3) with the first and the second key
classifier. This is ‘mean TO25’ in the river terrace example (see Figure 3.4-top-right).
The cumulative frequency distributions have been used to determine the boundary values of
all key classifiers. The interval that includes 99% of the data was taken as boundary values of
the specific key classifier. For example, when 99% of the ‘mean slope’ values of river terraces are
within 0–30o , then the boundary values for the key classifier ’mean slope angle’ are set to 0 and
30o for this feature type (Figure 3.4-bottom).
Finally, the three key classifiers and the corresponding boundary values were implemented into
eCognition to create classification rules of all feature types.
Stratified feature extraction
Once the classification rules are created and the segmentation parameters are determined, the
actual extraction of features can be performed. When different optimal segmentation parameters
are determined for different geomorphological feature types, not all features can be extracted at
once within a single segmentation, because a segmentation with a single scale parameter creates
image objects of roughly the same size. Therefore we use a stratified/sequential approach of image
segmentation, object classification and feature extraction. The first run creates image objects
while using the segmentation parameters of the first geomorphological feature type (the sequence
is presented below). Then, the corresponding classification rules are applied to classify and extract
the specific features. Next, all remaining unclassified objects are merged and re-segmentation is
carried out using the segmentation parameters of the subsequent feature type. This procedure is
iterated until all features are extracted.
A stratified extraction approach is not unique to automated mapping of geomorphological features. The manual recognition and digitization of landforms are often carried out in a stratified
fashion: well-defined features are drawn first, followed by more ‘fuzzy’ features. Such an approach
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reflects the classical field-based mapping strategies, where landform delineation and interpretation, implicitly or explicitly, occur in sequential (i.e. stratified) manner. Referring to Anders et al.
(2011a), we have first extracted a hydrological network and well-defined feature types with sharp
landform boundaries, followed by relatively ‘fuzzy’ feature types, i.e. first fluvial incision features,
followed by river terraces, gypsum dolines, alluvial/debris fans, fall deposits, carbonate karst features, ablation till, deep-seated mass movement, glacially eroded bedrock, shallow mass movement,
and flow/slide deposits (see also Table 3.2). Carbonate karst features, occurrences of ablation till
and deep-seated mass movement are present only locally in the study area. Therefore it was decided
to classify objects delineating such feature types manually, in stead of creating classification rules
for automated extraction. The features were identified in the area by their characteristic spatial
patterns in the LSP/RGB composite generated for the entire area and pre-existing knowledge of
the location of the features.
Rare features such as subglacial till, rock glaciers, peat and dry valleys were not included in
the mapping procedure. Such features may be important for reconstruction purposes or to applied
studies, such as geoconservation evaluation, and can be manually depicted in the final map (not
shown in this paper).

Validation
Finally, the classification results were validated by comparing the validation samples of the representative areas with the classified objects, based on the area of overlapping features. For that,
both the data set of the representative areas and the classification were rasterized into 5x5 m grid
cells. 25 m2 cells are assumed to contain enough detail to evaluate 1:10,000 maps for which we
consider the smallest mapping unit to be 25 m x 25 m or 625 m2 . The rasterized classification
and reference data were then used to calculate the ratios of correctly and incorrectly classified grid
cells. The accuracy assessment is presented based on a confusion matrix (Congalton, 1991) and
derived statistical indices such as user’s, producer’s, and overall accuracy.
The user’s accuracy is calculated by the ratio of correctly classified area (i.e. where the classification matches the validation samples of the representative areas) and incorrectly classified area
(i.e. where the classification does not match the validation samples of the representative areas).
The producer’s accuracy is calculated as the fraction of the reference data set that is correctly
classified and the area of the reference data set that is misclassified (i.e. the ratio of the validation
samples of the representative areas that correctly matches the classification of the overlapping
automatically generated objects and incorrect classifications). A high user’s accuracy in combination with a low producer’s accuracy therefore means the specific class is under-classified, whereas
a combination of a low user’s accuracy and high producers accuracy is related to over-classified
features. The overall accuracy is a measure of the average quality of the map, by estimating the
chance a specific location on the map is correctly classified (Congalton and Green, 1999) and is
calculated by the number of correctly classified grid cells divided by the total number of grid cells
(not taking into account different feature types or classes).

3.3.4

Software

The software we used include: 1) eCognition 8.7, to extract object characteristics from the digital
geomorphological maps of the representative areas, and to perform the image segmentation and
object classification; 2) Python + GDAL/OGR to calculate LSPs, and to automate the assessment
of segmentation/classification accuracy and parametrization; and 3) ESRI ArcGIS to visualize data
and classification results. All source code of python scripts is freely available on request.
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Figure 3.5: The segmentation errors (SE) are plotted against the scale parameter for the feature types of this
study. The blue, green and red lines indicate segmentation error calculated when the segmentation was based on the
gridded layers slope, slope and TO250 and TO250, respectively. The error is calculated for each geomorphological
feature separately indicated by the different subplots. The smallest segmentation error and related scale parameter
values are highlighted at the axes of the subplots.

3.4

Results & Discussion

The results are presented and discussed in four subsections. The first part presents the results
of the optimization of the segmentation parameters; in the second part the results of automated
development of classification rules are discussed; the third part shows the final classification results
which are compared with the digital geomorphological maps of the representative areas from phase
1. A forth section comprises a general discussion on the protocol.

3.4.1

Segmentation optimization

The objective of the segmentation optimization is to assess segmentation results, and to find the
best scale parameter values for the segmentation of each specific geomorphological feature type.
A segmentation error is calculated by comparing LSP values of training samples with the corresponding objects generated in eCognition (Anders et al., 2011a). The scale parameter value related
the lowest segmentation error is selected for the segmentation of the particular geomorphological
feature type.
Fig. 3.5 shows these segmentation errors calculated for each geomorphological feature type.
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It shows that multiple scale parameters are necessary when classifying all landforms in a given
landscape. For example, river terraces and flow/slide deposits in our representative areas require
relatively small scale parameter values (45 and 50, respectively) compared to glacially eroded
bedrock and deep seated mass-movement features which require larger scale parameter values of
125 and 150, respectively. The optimal scale parameter values for the geomorphological feature
types differentiated in our study area are summarized in Table 3.3.
The outcome of the segmentation can not only be used for classifications, but also for better
appreciation and, ultimately, understanding of regional variation in geomorphological development
of specific feature types. For example, the optimized scale parameter of gypsum karst dolines in
the Gamp valley in the Rätikon mountains of southwestern Vorarlberg (Anders et al., 2011a) is
smaller (25) than the value calculated in this study (50), despite the fact that both areas have a
similar geological setting. This means that gypsum karst dolines in the Lech area are larger than in
the Rätikon study area, which may point to differences in factors controlling their development—
a discussion of which is beyond the scope of the present paper. Similarly, the optimized scale
parameter values of fluvial incision features is smaller in the Rätikon area (50) than in the Lech area
(150)—which suggests differences in controlling factors. Conversely, the optimized scale parameter
value of glacially eroded bedrock features is larger in the Rätikon study area (200) than near Lech
(125). A possible explanation could be that glacially eroded bedrock features in the latter area are
more affected by geomorphological processes such as fluvial erosion and karst than in the former,
resulting in more fragmented and smaller glacially eroded bedrock features. Though more tests are
required to strengthen the assumptions made, the differences show the added value of repetitive
landscape or landform classifications and illustrate the potential scale parameters from capturing
regional differences of landscape evolution—a promising new line of research in geomorphology.
At the beginning of the study, we assumed that feature types within large-scale geological units
such as the Northern Calcareous Alps—with relatively uniform structural style and lithostratigraphic succession—and within similar geomorphological settings, would have fairly well-defined
scale parameters. The results of our work show this assumption to be no longer valid. Analysis of
variation in scale parameters may help to reveal and, then, better understand regional variations.
One possible solution to decrease variation of scale parameter values is to increase the number of
classes in order to better differentiate smaller and larger features of the same feature type (e.g.
differentiate first order fluvial incisions from higher order fluvial incisions).
Comparing scale parameter values between different landform types is less straightforward, because the sharpness of landform boundaries substantially affect the value of the optimized scale
parameter. Due to the nature of the MRS algorithm (Baatz and Schäpe, 2000), landforms with
sharp boundaries can be segmented using a relatively large scale parameter value while still remaining small objects, whereas objects delineating ‘fuzzy’ landforms are more sensitive to changes
in the scale parameter. Further work in this area is necessary to reduce uncertainty.

3.4.2

Automated development of classification rules

The three key classifiers and boundary values (i.e. range of classifier values) as calculated by the
histogram analyses for the feature types of the representative areas are presented in Table 3.3.
A distinct advantage of using representative areas for calculating frequency distributions is the
increased degree of automation of designing classification rules. The grouping of objects resulting
from the key classifiers differentiates them from other geomorphological features in the area. If,
however, this grouping does not accurately represent a single class/type of geomorphological features, one or more classification rules may need to be added to the key classifiers to further isolate
the objects that represent the geomorphological feature type from the rest of the features.
LSP properties (e.g. mean slope, mean elevation percentile) were more often found to be a
strong variable for classifying geomorphological features than shape properties (e.g. asymmetry,
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Table 3.3: Summary of segmentation and classification settings resulting from the optimization procedures. The
classifiers and abbreviations are explained in section 3.3.3 and 3.3.1 respectively.
Geomorphological
feature

SPa

Gridded
Layers

Classifier 1

Range

Classifier 2

Range

Classifier 3

Range

Gl. eroded
bedrock

125

Slope &
TO250

Mean EP25

38–71%

Std slope

0–14

Mean slope

8–51o

Ablation till

225

Slope

Fluvial incision

150

Slope &
TO250

Mean TO250

100-155o

Length/Width

3–10

Mean slope

20–60o

River terraces

45

Slope &
TO250

Mean slope

0–33%

Distance to river

0–371m

Mean TO25

144–186o

Alluvial/debris fan

75

Slope

Mean TO250

153–170o

Mean slope

1–28o

Asymmetry

0.54–1

Deep-seated mass
mov.

250

Slope

Shallow mass
movement

100

TO250

Mean EP25

33–62%

Mean TO25

136–180o

Rectangular fit

0.57–1

Fall deposits

75

TO250

Mean EP25

38–53%

Mean slope

Mean EP250

20–68%

Flow/slide
deposits

50

TO250

Mean TO250

146–174o

Mean slope

13–42o
0–33o

Dist2river

0–585m

Carbonate karst
features

75

Slope &
TO250

Gypsum karst
features

35

Slope

Mean EP25

0–35%

Manual selection of objects

Manual selection of objects

Manual selection of objects
Mean slope

30–50o

Mean TO250

110–150o

a SP = Scale Parameter

rectangular fit). This means that the trained geomorphologist needs to carefully select what LSPs
to include in the classification. The decision of what LSPs and LSP properties to include in
the analysis was based on expert knowledge in this study, but could be carried out by statistical
approaches (e.g. PCA) to increase automation in future studies.
Noteworthy is that most if not all classifiers and boundary values of our study area are not just
abstract numbers, they are understandable from a geomorphological perspective. The classification
rules of river terraces, for example, are based on relatively low slope gradients, close proximity to
a river, and high openness values (relatively open areas); fluvial incision features received classification rules based on low openness values (i.e. relatively enclosed areas), a high length-to-width
ratio, and relatively steep slopes; and, gypsum karst dolines, which are characterized by steep and
semi-circular depressions in the landscape, are captured by classification rules including a high
mean slope angle (30–50o ), low openness values (110-150o ) and relatively low in the landscape
within short ranges (EP25 values of 0-35%).

3.4.3

Classification results

The output and final product of the protocol is a digital polygon-based geomorphological map
that can easily be imported as e.g. a feature class in a geodatabase. This allows seamless GIS
analyses without prior data preparation such as the scanning of field material or the translation
of symbol-based maps into zonal features and digitization as polygons. In addition, the maps
are easily draped on existing LiDAR DEMs to both visualize the subtle topographic variability
and terrain properties, air photos and 3D map visualizations (e.g. in ArcScene). Especially the
combination of these 3D visualizations of LSPs, air photos and the digital geomorphological maps
allowed more careful visual inspections and interpretation of the landscape.
The final digital geomorphological map of the Lech study area is presented in Figure 3.6.
Visual comparison of the maps of the representative areas generated in phase 1 of the protocol
with the classification results of phase 2 shows good overall agreement of the patterns. When
studying the differences in detail, a few things stand out. Most geomorphological features are
slightly oversegmented, meaning that single landforms are represented by more than one object
or polygon. In addition, the overall detail of the classified map is slightly lower than that of the
phase 1 maps. This is due to the effect that the optimized scale parameter value is calculated as
an average value of multiple training samples per feature type which may slightly differ in size.
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Smaller features of a class will not be segmented and be merged with neighboring objects and/or
follow erroneous landform boundaries by making larger objects. A solution would be to create
subclasses so that smaller features are differentiated from larger features within the same class,
which, when required, may be rejoined after classification. Another remarkable point is that small
fluvial incisions are relatively often confused with (i.e. misinterpreted as) shallow mass movement
features. Glacially eroded bedrock, too, is often confused with a shallow mass movement feature.
This is thought to be due to ‘vague’ boundaries between classes and/or classification problems
reflecting multiple geomorphological processes being responsible for the formation of landforms.
The visually observed confusion between the classes is reflected in the results of the quantitative
accuracy assessment. Table 3.4 presents the confusion matrix and illustrates the quantitative confusion between the individual classes. Based on the confusion matrix individual accuracies were
calculated for each class. While the average accuracy of the classified digital geomorphological
map was estimated at 71%, some classes score better, whereas others perform less well. Shallow
mass movement features, e.g. are very often confused with fluvial incision features, resulting in an
under-classification of the fluvial incision feature types (producer’s accuracy of 49%). Flow/slide
deposits often do not have a characteristic morphometry, and are therefore more difficult to extract
solely based on morphometric data such as a DEM. This is reflected by low classification accuracies. Features like alluvial fans, gypsum karst dolines and river terraces have more characteristic
morphometries, resulting in a stronger topographic signature and higher classification accuracies.
When classification rules, as derived from the semi-automated procedure presented in section 3.3.3,
are not sufficient, additional criteria can be formulated manually. In other words, classification
accuracies can be increased by adding more expert-driven rules to the automated classification
rules and, when morphometric and shape characteristics are not sufficient, other data sources may
be implemented.
This protocol uses a stratified classification approach. It should be noted however, that, when
mapping larger areas, a nested classification becomes more important. As the results point out that
scale parameter values, and, possibly, classification criteria of comparable landforms may differ in
different regions. When mapping larger areas, the different regions are to be differentiated first
in a higher classification level, followed by segmentation and classification criteria specific for the
landforms in that region. The regions can be predefined using major geological units or based on
elevation (e.g. to differentiate between high alpine and low alpine areas). A nested classification
may also improve the classification of landforms without a distinct morphology.

3.4.4

A protocol on digital geomorphological mapping

The protocol follows a work flow that is adapted from a supervised classification procedure. It
allows a rapid assessment of the geomorphology of an area, and decreases the field work by using
semi-automated processing tools. It includes 3D interpretation of multi-source digital terrain data,
needs limited field survey and utilizes object-based terrain analysis techniques. We demonstrated
the protocol by semi-automatically extracting detailed and morphogenetically homogeneous feature
types in a dynamic mountain area. We showed the individual steps of creating reference data, and
how to apply these data to assess and optimize segmentation and classification results, and to
validate the final map.
Demonstrated in a high alpine area, the protocol is actually designed to act as a generic
work flow for mapping geomorphological feature types across a wide variety of scales, and in any
geomorphological setting. The degree of automation is high, although the expert is still able to
adapt classification rules and can directly control and evaluate mapping results. The methods allow
creating classification rules systematically, making ways for more reproducible terrain analysis.
Digital geomorphological mapping also generates output that is directly applicable in natural
hazard zonation or geoconservation assessment studies (Seijmonsbergen et al., 2010).
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Figure 3.6: A) Final digital geomorphological map of the area of Lech underlain by a shaded relief visualization,
draped on the LiDAR DTM and projected in bird’s eye view. The white rectangle shows the location of insets B and
C. B) Manually derived digital geomorphological map of one of the representative areas (near Bürstegg) illustrating
the spatial heterogeneity and distribution of landforms in the area. C) Subset of the classified geomorphological map
in the same area as B. Differences between the manual-based map and classification results are further explained in
the text.

The protocol promotes ‘smart mapping’, where modern tools are combined with manual interpretation: more attention can be dedicated to complex areas, while automated techniques are
used in easier-to-interpret areas to more efficiently map whole landscapes. The protocol does not
replace the trained expert, but helps him or her to speed up mapping, raise quality in remote
areas, and give accuracy assessment reports. In addition, image segmentation is able to more
accurately capture landform boundaries than the human eye, and consistent boundary mapping is
independent of the ‘subjectivity’ of the expert.
However, in large complex areas the degree of automation decreases. In more complex or
difficult-to-interpret areas more attention is required to manually map landforms, or manually
classify segmented objects, while surrounding, easier-to-interpret areas, can be analyzed using
automated techniques. Expert knowledge remains essential for geomorphological interpretations
of a landscape but modern tools help us in doing so.
The computer part of the protocol uses parameters and classification rules which are fully
transparent, and can be re-applied to reproduce the geomorphological map. The expert input, such
as manually drawn landforms or manually classified objects and manual additions or refinements to
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Table 3.4: Comparison between the classification results and validation sample data. See text for further explanation.

Fluvial incision

Recent streambed/terrace

Alluvial/debris fan

Deep-seated mass mov.

Shallow mass mov.

Fall deposits

Flow/slide deposits

Carbonate karst features

Gypsum karst features

74105
122
6785
80
543
522
12430
1628
1028
2936
88
100267
74
76

0
885
0
0
0
0
0
0
0
0
0
885
100
65

2303
51
22091
287
67
379
3848
347
3
223
0
29599
75
49

8
0
201
2751
1
0
6
0
66
1
0
3034
91
64

777
0
90
415
9203
0
55
21
15
1
0
10577
87
81

14202
0
3
0
0
5084
477
0
0
0
0
5879
87
72

1678
295
11323
360
739
761
25398
1572
799
2311
0
57760
44
52

3556
9
271
0
761
0
922
15181
194
0
0
19016
80
80

1022
2
3582
151
110
323
4334
281
2741
380
464
15924
17
56

1022
0
335
241
0
4
1864
33
2
16248
0
19749
82
73

26
0
223
15
0
0
179
0
16
14
2479
2952
84
82

Total

Ablation till

Reference data
Gl. eroded bedrock
Ablation till
Fluvial incision
Recent streambed/terrace
Alluvial/debris fan
Deep-seated mass mov.
Shallow mass mov.
Fall deposits
Flow/slide deposits
Carbonate karst features
Gypsum karst features
Total
User’s accuracy [%]
Producer’s accuracy [%]

Gl. eroded bedrock

Classification

97992
1364
44904
4300
11424
707
49513
19063
4864
22114
3031
265642

classification rules, are stored in a digital form, which can be printed or visualized on top of multiple
data sources. This allows and promotes the debate of classification criteria and interpretations
afterwards, and increases the transparency of the mapping procedure. The accuracy assessment
also helps to objectively estimate the quality of the map, which is not possible with traditional
methods.
The parameters and tools used for object-based terrain analysis were based on the software
eCognition, including the segmentation algorithm and objects properties as implemented in the
software. Other segmentation algorithms or object properties, however, can easily be implemented
and different LSPs incorporated. With minor modifications—i.e. skipping the segmentation step—
the protocol can be used in pixel-based classification studies. Also, other methods for assessing
segmentation accuracy than the one we used can be applied, if deemed necessary. Methods or
tools can therefore be interchanged within the protocol’s framework. Essential to the protocol are
high-quality digital elevation data, and expert knowledge of the geomorphology of the study area.
More work is necessary to increase classification accuracies of some features, likely by introducing more data sources and expert knowledge in the classification criteria or manual mapping. For
example, applying thematic geological data or satellite imagery may significantly improve classification rules and accuracies. In addition, our results show that optimized segmentation parameters
can not directly be transferred and applied to nearby areas. The geological setting, for example,
may differ slightly in the nearby areas, which may be expressed in a slightly different morphology
of the landforms. Such landforms would contain different topographic signatures which should be
described by separate segmentation parameters and classification rules for their accurate identification and extraction. Classification criteria of landforms in one region can, therefore, not directly
be transferred to another area. When mapping larger areas, a more extended, or nested, legend
is necessary to differentiate between more subtle types of landforms (e.g. 1st/higher order fluvial incisions, or small/large gypsum dolines). Essential to the protocol is therefore also a careful
inventory of the presence of different landforms and their morphological expression, prior to the
digital mapping procedure.
The transparency and reproducibility of the protocol allow application in comparable analyses
of similar and other landscape types. New research can be stimulated by such a protocol, e.g.
geomorphological change detection using multi-temporal LiDAR data (Seijmonsbergen et al., 2012),
or a quantitative comparison of landscape development in different areas.
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Conclusions

This research combines both expert knowledge and semi-automated classification methods to efficiently map geomorphological features in vector format, thus directly applicable for further applied
research. We promote using automated tools for the majority of geomorphological features, and
manually include rare or difficult-to-interpret features, and features that are not well represented in
digital data sources. The researcher is encouraged to use expert knowledge to train semi-automated
tools, but also learn and fully make use of techniques in digital terrain analysis to increase detail and
accuracy of a map. It is the combination of automated tools with manual mapping that maximizes
map efficiency while ensuring high accuracy. This protocol allows reproducing geomorphological
maps with multi-temporal data sets or in different areas and paves the way for more research
towards the monitoring of geomorphological change and quantitative analysis and comparisons of
landforms.
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