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Zusammenfassung
Die Hochgebirgsregionen der Erde reagieren sehr sensibel auf Auswirkungen der weltweiten
Klimaänderung. Aufgrund der ökonomischen und ökologischen Abhängigkeiten gewinnt die
Beobachtung (Monitoring) dieser Hochgebirgsregionen immer mehr an Bedeutung.
Als ein effektives Monitoring-Instrument hierfür hat sich die Laserscanning Technik
herausgestellt. Neben den geometrischen Lagenattributen der einzelnen Punkte, wird für
jeden Punkt die dazu gehörige Signalstärke der Rückstreuung, die sogenannte Intensität,
aufgezeichnet.
In dieser Diplomarbeit liegt das Hauptaugenmerk auf der Analyse von Intensitätsdaten aus
einem multitemporalen ALS-Datensatz. Das Testgebiet hierzu befindet sich im hinteren
Ötztal in Tirol. Anhand dieser Intensitätsdaten, welche aus einer hochalpinen Region
stammen, wird eine multitemporale, regelbasierte Oberflächenklassifikation durchgeführt.
Dabei sollen die Oberflächenklassen: Eis, Fels, Schnee, Firn und Vegetation ermittelt
werden. Die Daten erstrecken sich über den Zeitraum von 2001 bis 2008. Bevor jedoch die
Intensitätsdaten

analysiert

werden

können,

müssen

sie

aufgrund

verschiedener

atmosphärischer und topographischer Einflüsse aufbereitet werden (Intensitätskorrektur und
Normalisierung). Die Klassifikationsergebnisse zeigen, dass besonders Wasser- und
Eisflächen gut detektierbar sind, während andere Oberflächenklassen weniger gute resultate
liefern. Die Ergebnisse der regelbasierten Klassifikationsmethode werden des weiteren mit
den Ergebnissen einer überwachten Klassifikation verglichen.

Abstract
Due to impacts of climate change in high mountain environments, and because of economic
and ecologic dependencies, the interest in monitoring processes in these regions has strongly
gained in importance during the last years. The use of laser scanning devices can be an
effective monitoring instrument. Beside the geometric attributes, the back scattered signal
energy, often referred to as intensity, is contained in the resulting data set.
In this thesis the focus is on analyzing the intensity data of a multi-temporal data set for
surface classification in high mountain environments. The study area is located at
Hintereisferner (HEF) in the upper Ötztal/Tirol. A rule-based classification was developed to
detect the surface classes: ice, rock, snow, firn and vegetation in a multi-temporal data set,
which covers the period between 2001 and 2008. Before working with intensity data,
atmospheric and topographic influences have to be minimized. Hence, an intensity
correction and a normalization are applied. The classification results show that especially ice
and water bodies can accurately be classified from intensity data, while other surface classes
are less exactly detected due to various factors influencing the back-scattered energy.
Furthermore, the results of the rule-based classification are compared to those of a
supervised classification.
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1 Introduction

1 Introduction
1.1 Motivation
As the IPCC-report stated in 2007, high mountain environments react very sensitively to
processes of climate change (Intergovernmental Panel on Climate Change, 2007). Especially
Alpine glaciers are affected and are considered to be one of the most reliable indicators of
climate change. Furthermore, in countries like Austria, glaciers are an important economic
factor (Veit, 2002). The tourism industry (glacier ski resorts), agricultural business and the
power industry (hydro power) are strongly dependent on processes in high mountain
environments and on particular glaciers.
Monitoring processes in such high mountain environments has become very important.
Furthermore, model data for various processes such as climate modeling, has a strong need
for highly revolutionized input data. Thus, the use of laser scanning devices can be an
effective monitoring instrument (Geist, 2005). Nowadays, the use of laser scanning devices,
especially airborne laser scanning (ALS), has evolved into the standard technique for
acquiring topographic information. Beside the geometric attributes, the back-scattered signal
energy, often referred to as intensity, is contained in the resulting data set.
In this study the focus is on analyzing the intensity by the use of a multi-temporal, ALS- data
set acquired regularly since 2001 in the high up in the mountainous region of Hintereisferner
in Tirol., Austria. From this data set, the attempt is made to detect typical surfaces occurring
in these high mountain regions (snow, firn, ice, rock and vegetation).
The main objectives are:

1. Development of a classification method that is suitable for intensity data, and in
particular for multi-temporal data sets acquired in high mountain environments.

2. To investigate whether there is a certain range of intensities that fits to a surface
class?

3. Examination of the potentials and limitations of intensity data for surface
classifications.

4. Studying the factors that influence the intensity and thus the classification results.
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The classification methods are processed only using gridded data intensity, as the the
massive amount of data means that, raster operations work faster than point/vector
operations. Wichmann et al. (2008) states that currently it is difficult to apply all information
provided by the point cloud when working with high resolution, regionally scaled data sets
because of performance limitations and enormous disk space requirements, what also
backed raster based processing.
The results of the classification on the glacier surface, in combination with information from
long-term density analysis of Hintereisferner, carried out by Matzi (2004), allow a threedimensional density estimation and therefor the determination of mass balance parameters
(Bollmann, 2009).

1.2 Thesis structure
The study is divided into four chapters.
The first chapter, the introduction, provides basic information on characteristics of high
mountain environments, the study area and the physical characteristics (particularly
reflectance characteristics) of the landscape elements in high mountain environments.
Furthermore, an introduction to the laser scanning technology and its basic measuring
principles is given. The ALS-X Project, in which the thesis is embedded, is also presented.
The second chapter describes the methods that have been used in this study. A detailed view
on the normalization method, the ortho rectification of the aerial images and the different
surface classification methods is given. Concluding, the results of the normalization process
and the results of the classification are presented briefly.
In Chapter 3 the results of the methods presented in Chapter 2 are discussed and evaluated.
Furthermore, an accuracy assessment for the surface classifications, as well as a comparison
of the two different classification methods applied, is presented. Following the results of the
study, potentials and limitations of intensity rasters are discussed .
In the fourth chapter, a final summary and an outlook on future studies, as well as ideas to
improve surface classification in high mountain environments, is given.
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1.3 ALS-X project
The main objective of the project is the glaciological and snow hydrological analysis and
evaluation of time synchronous airborne laser scanning data and TerraSAR-X satellite data.
Therefor, four laser scanning data acquisition campaigns were carried out at Hintereisferner
and Kesselwandferner (Tyrol) on the relevant glaciological dates. From this data, digital
elevation models (DEM´s) and surface classification maps were calculated, compared and
evaluated with relevant TerraSAR-X data products. In-situ data from field campaigns during
the earth observation data acquisition were used to validate the results. Furthermore,
concepts for an efficient monitoring strategy with integrated airborne and satellite earth
observation (EO) data were developed, with particular consideration of end-user
requirements (glacier ski resorts, power authorities).
Project Partners were the Institute of Geography at the University of Innsbruck (Leading
Partner), the Institute of Meteorology and Geophysics at the University of Innsbruck
(Austria), the Institute of Geography at the University of Tübingen (Germany) and the alpSCenter for Natural Hazard and Risk Management (Innsbruck, Tirol).

1.4 High mountain environments and the test site

Hintereisferner
As the study is focused on a test site that is located in an high mountain environment, the
following chapter offers an overview of this special region. Also the test site is described in
detail.

1.4.1 Characteristics of high mountain environments
The description of mountain environments started with the documentations by Alexander
von Humboldt and Aimé Bonpond back at the beginning of the 19th century. Humboldt and
Bonpond described these altitudinal belts in a cross section of the Andes, linking physical
parameters with biological observations (Humboldt, 1807; Messerli and Ives, 1997). Other
classifications include geomorpological parameters, such as the elevation, slope steepness or
the presence of snow and ice ( Penck, 1894; Passarge, 1921; Rathjens, 1982). By comparing
mountains all over the world, a unifying definition of (high) mountain regions could not be
formulated satisfactorily. Thus, various definitions exist. A more detailed view on the
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definitions of high mountain environment scan be found in (Ellenberg, 1996; Messerli and
Ives, 1997; Parish, 2002; Rathjens, 1982; Veit, 2002).
In this study, the high mountain environment is defined as the summary of different Alpine
altitudinal belts: the sub-Alpine, Alpine, sub-Nival and Nival altitudinal belt. These belts are
divided by smooth transition belts.
Following Ellenberg (1996), high mountain environments in the Alps are characterized by
typical climate conditions and the lack of closed higher vegetation (Ellenberg, 1996).
Climatic conditions, such as mean temperatures of about 5°C in July, are the most limiting
factor for the lack of higher vegetation in this region (Veit, 2002).
Starting at about 2400m in the inner Alps, this region is located higher than in the northern
or southern parts (about 2000m) (Ellenberg, 1996). Though being the smallest surface ratio
of the world (about 3%) (Ahnert, 1999), it is very sensitive to processes of climate change.
The influences of climate change mean that environmental changes occur with increasing
frequency (short time scales), but with lasting consequences (Diaz et al., 2003; Grabherr et
al., 2003). As people are often exposed to those changes, monitoring these processes
becomes more and more important. "In spite of a great complexity and variability these
changes need to be monitored and sensitivities as well as thresholds need to be identified.
They are of great importance if geomorphology is to be useful in prediction" (Roer, 2005, p.
6). Beside the exposure to natural hazards in high mountain environments, people are often
dependent on developments in these areas. Especially glaciers have great ecologic and
economic importance (e.g. tourism, water support, power generation) (Slupetzky, 2005).
Glaciers react very sensitively to processes of climate change (Intergovernmental Panel on
Climate Change., 2007) and since the understanding of many aspects of glaciers still
remains very limited (Nesje and Dahl, 2000), glacier monitoring is of great importance.
Because of the climate conditions (low temperatures, great amount of precipitation) snow
cover is extensive and lasts long, although precipitation rates decrease from the outer parts
of the Alps towards the Alpine main ridge (Fliri, 1975). As mentioned before, high
vegetation, such as trees, is usually missing. So patchy covers of flat-grown vegetation, socalled pioneer vegetation, and heathland can be found in these regions. Only in some
special, climatically favored positions higher vegetation can be found (Veit, 2002).
The large elevation differences with steep walls and slopes form a high energy environment.
As step slopes outweigh flat areas, the mechanical alteration outweighs the chemical
4
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alteration (Ahnert, 1999). Therefor, most geomorphological processes are initialized by
mechanic alteration having a nival, cryonival or fluvial origin. The predominant processes
can be divided into two categories: on the one hand, processes can be expressed by systems
of steady transportation, such as valley steepening by glacial erosion and melt water erosion,
as well as solifluction or slow landsliding. On the other hand there are dynamic processes
caused by sudden events like rockfalls as a result of frost shattering or loss of permafrost on
valley-side cliffs and debris flows. In addition, due to the great amount of snow and step
slopes, many avalanche events occur (Kääb, 2002).

Figure 1: Basic elements of high mountain environments (Source: BARSCH & CAINE 1984). In areas of
high altitude steep and rough landscape elements such as rock walls and nunataks (e.g. matterhorn in
the swiss alps) are predominant and formed by glaciers in the Pleistocene epoch and by mechanical
alteration. In medium altitudes, todays glaciers and elements formed by glacial activities, like moraines,
can be found. Low altitude landscape elements consist of through valleys that were formed during the
Pleistoscene epoch and subsequently altered by fluvial and other processes (e.g. fluvial fences).

The landforms in high mountain environments are strongly effected by glacier dynamics,
either from Pleistocene or post-glacial activity. "Apart from phenomena associated directly
with moving or stagnating glaciers, fluvial, aeolian, [...] processes frequently interact with
ice and its deposits. Glacial environments therefor possess a wide variety of landforms and
sediment associations" (Hambrey, 1994 p. vii). The typical inventory of high mountain
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landscapes, depicted in Figure 1, are glaciers, permafrost, dead ice bodies, firn areas, widely
snow covered areas and the snow line, rock glaciers, morains, and sedimentary, graveled and
solid rock surfaces.

1.4.2 Geographic location of the test site
The test site is situated near the main ridge of the Alps in the Rofental next to Vent, which is
a part of the southern Ötztal at 46°48'N and 10°47'E. The test site consists of different
glaciers: the Hintereisferner, Kesselwandferner and Langtaufererjochferner among others,
whereas the main focus of research being aimed at Hintereisferner (HEF).
Hintereisferner is a typical valley glacier and is situated in a through valley. Like nearly
every glacier in the Alps, the Hintereisferner has been mostly retreating since 1850: while
the total flow line measured more than 10 km in 1850, today only about 6,5 km are left
(determined in 2005) (Höfle et al., 2007). Back in the 1950´s the total glacier area was more
than 10 km², and today (determined in the year 2000) the area counts about 8 km² (Markl et
al., 2008). The predominant exposure of Hintereisferner is northeast.
Hintereisferner shows a longitudinal profile with a relatively homogeneous, flat slope in the
tongue area and a steeper accumulation area. Altitudes of Hintereisferner reach from
approximately 2500m a. s. l. at the glacier snout, up to 3700m a. s. l. at the top of the
accumulation area (determined in 2008) in the west of the test site. The accumulation area is
surrounded by the Weißkugel (3738m) in the northwest, the Teufelsegg (3226m) in the
southeast, Innere Quellspitze (3514m) and Hinteren Eis (3270m). The glacier belongs to the
catchment of the Rofenache, which has a size of about 98km² (70% glaciological). Melted
ice- and snow water from the Hintereisferner make a contribution to the Rofen Ache – about
20 to 25% of the total annual runoff. While during winter months (October to March) a
contribution of only 5 to 10% is reached, it can rise up to 75% during summer months.
The annual precipitation is relatively low (longterm mean annual precipitation of 692mm
measured at Vent, 44% nival; source: Institute for Metreology; Innsbruck (IMGI)) and the
sunshine duration is quiet high (54%), representing the typical climatic situation near the
main ridge of the Alps (Franz Fliri, 1974). Weather and climate data are available from two
climate stations at Hintereisferner (1966 to 1982) and one in Vent, where air temperature,
precipitation, cloud cover, sun durance and wind speed and direction are measured. The
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mean vertical temperature gradient is about 0,6° C/100m and between 1900m and 3000m
a.s.l. precipitation increases by about 60mm/100m .

Figure 2: Overview of study area; combination of hill shade and intensity raster. Hill shade and intensity
raster generated from data acquisition 09.09.2008.

Kesselwandferner, situated in the northeast region of the test site, covers a smaller area of
about 3.8 km² and ranges between 2750 m a.s.l. and ca. 3500 m a.s.l. Most of the glacier
consists of a plateau-like accumulation area ending in a short tongue. Kesselwandferner was
a tributary glacier of Hintereisferner until ca. 1930 (Span, 1993). The orientation of the
accumulation area is due south.

7

1.4 High mountain environments and the test site Hintereisferner

1.4.3 Research object "Hintereisferner"
Since 2001, airborne laser scanning (ALS)-campaigns have been carried out at relevant
glaciological dates. As a result, a unique multi-temporal ALS data set of demanding
scientific value containing 17 ALS-campaigns is available. Investigations at Hintereis- and
Kesselwandferner now last more than 100 years especially regarding mass balance
measurements. These have been determined annually since 1952 by Kuhn, based on the
glaciological method (Span and Kuhn, 1996; Kuhn et al., 1999) and others."First
observations on length variations of Hintereisferner already started in 1847 and first
measurements of glacier velocity and ice thickness change date back to 1894 (Blümcke and
Hess, 1899) and have been continued up to now (e.g. Span and others 1997). At
Kesselwandferner surface elevation change, flow velocity, annual mass balance and length
variations have been surveyed continuously since 1965. While Hintereisferner has steadily
retreated since ca. 1920, Kesselwandferner showed a significant advance between 1965 and
1983" (Geist, 2005 p. 56).
Even though these two glaciers are exposed to the same regional climatic conditions, their
reaction on climate change is different. While Kesselwandferner reacts very fast and
sensitively to climate variations, the reaction of Hintereisferner is delayed. The different
response times can be explained by topographical factors, such as main exposure and
individual dynamic response times (Span and Kuhn, 1996).

1.5 Overview of laser scanning technology
Laser scanning can be seen as an extension of conventional radar techniques (Wagner et al.,
2003). During the last decades, airborne laser scanning (ALS) has become a standard
method for 3D data acquisition. Technical improvements, mainly a high level of automation
in data recording and data pre-processing, cost efficiency, and many application possibilities
are the most important reasons for the fast growing interest (Geist, 2005).
Since LiDAR data acquisition has become an established operational systems different
applications have been developed: The main application of airborne laser scanning
technology is topographic surveying and the generation of digital terrain models (DTM)
(Kraus and Pfeifer, 2001). Because of the multiple reflectance on the surface (see chapter
1.4.2), ALS is predestined for the registration of wooden areas (Nilsson, 1996; Kraus and N.
Pfeifer, 1998; Holmgren and Persson, 2004; Rutzinger et al., 2007). It can also provide
8
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detailed information on surface and vegetation roughness, which is very important for the
use in flood modeling (Antonarakis et al., 2008; Straatsma and Baptist, 2008).
The scanning system is placed in an airplane or a helicopter. Storvold at Norut has made
researches

with

scanning

systems

on

drones

in

glaciered

areas

in

Norway

(http://en.itek.norut.no/norut_troms/nyheter). In this study, the system is mounted on an
airplane that flies over the test site.

1.5.1 The basic principles of airborne laser scanning
The standard set-up and the principle of measurement for an airborne laser scanning (ALS)
campaign are shown in Figure 3.

Figure 3: Standard set-up of airborne laser scanning (ALS) data acquisition.(Source: KODDE
2006)

The scanning system sends out laser beams that are swept perpendicular to the ground track.
The beam is then scattered on the surface, and the reflected signal is detected by a receiver.
The receiver is normally a photo diode, including a filter that is opaque to the laser´s wavelength (1064μm). Furthermore, the laser scanning system integrates a global positioning
system (GPS) receiver in order to determine the position of the sensor. In addition an inertial
9
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measurement system (IMS) for determining the attitude of the airplane and the sensor that is
installed in the airplane (pitch, roll, yaw) (Lillesand and Kiefer, 1994). All components are
time–synchronized and provide a means to measure the distance between the aircraft and the
earth ́s surface (detailed information in (E. P. Baltsavias, 1999; Wever and Lindenberger,
1999; Geist, 2005)). With the help of the travel time of the pulse signal the distance, called
range, between scanning platform and terrain can be calculated very precisely (E. P.
Baltsavias, 1999; Aloysius Wehr and Lohr, 1999).
R=c

t (1)
2

The range R is calculated by half of the total time t the laser needs from beam-emission until
recording, multiplied by the group velocity c. The group velocity c for near-infrared
operating systems in dry air differs from the speed of light in vacuole. But as this difference
is a maximum of 0.03 %, the occurring error is very minor (Rees, 2001).
These measurements can only be transferred to terrain coordinates when altitude and
position of the airplane are known. Therefor the GPS/IMS is used, which is also placed on
the platform. The IMS measures the acceleration and angular changes of the airplane. But as
the IMS measurement is based on integration over all previous observations, errors increase
very rapidly (Favey et al., 1999). To avoid these errors, a differential GPS is used to update
the IMS with accurate absolute values. The GPS requires at least one stationary GPS
receiver at a known location (Lillesand et al., 2007).
To avoid data gaps in steep terrain, a certain number of flight paths are planned with
sufficient overlap of 30 to 50 % (Huising and Pereira, 1998; Lillesand et al., 2007). The
result of an ALS campaign is a point cloud representing the scanned terrain. Each point of
the produced point cloud normally contains geometric attributes (x, y, z-value), a time stamp
(recording time since the beginning of the week), various meta data (e.g. flight height, flight
speed) and a value for the recorded signal energy, called intensity. The density and the
distribution of the data depends on the scan angle and frequency, airplane altitude and speed,
swath overlap and on the surface's reflectance characteristics (Wever and Lindenberger,
1999).
The method enables the derivation of highly accurate digital elevation models with a vertical
and horizontal accuracy in the sub-meter range (Huising and Pereira, 1998; Kraus and N.
Pfeifer, 2001; Bollmann, 2009).
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1.5.2 Laser beam and surface interactions
The emitted laser beam spreads on its way to earth because of the beam divergence. While
working with laser systems, the beam divergence is measured in milliradians (mrad).
With a beam divergence of 0.25 mrad and a flight altitude of about 1000 m, the laser beam
has a diameter of approximately 25 cm on the ground (Wever and Lindenberger, 1999). So
this ground area covered by the laser beam, the so-called footprint, depends on the flight
height (range R), the beam divergence and the wavelength of the operating scanner system.
The footprint is only a circle in plane horizontal nadir. But, as in most cases, the ground
surface is not horizontal and as the beam is swept up to an angle of 20° on both sides, the
occurring footprint is elliptic. Hence, the relief and the scanning angle also have great
influences on the size of the footprint (E. P. Baltsavias, 1999; Michael Vetter, 2008).
In addition, multiple reflections are produced on the ground (see Figure 4), and often the
received signal can be divided into first and last pulse."It is important to note that the
separation between multiple echos is only possible if the returns are at least one pulse length
apart from each other. Assume a pulse length of 1 ns, then taking the speed of light into
account, gives that the returns should be 0,3 meters apart from each other." (Kodde, 2006, p.
12).
Differences in first and last pulse can supply useful information for the detection of
crevasses and single rocks on the glacier surface (Kodde, 2006). But most commonly, the
differences in first and last pulse are used to determine vegetation and vegetation height
(Lillesand et al., 2007). Since higher vegetation (more than 30 cm) is missing entirely in this
region, there are no differences in first and last pulse in vegetated areas.
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Figure 4: Principles of multiple returns (first and last pulse) on a glacier surface (Source: KODDE 2006).
The graphs show differences in transmitted and received energy. In case a) the first pulse hits the ice surface.
Because of the footprint, the remaining part of the signal descents into the crevasse and is reflected on the
crevasse wall, causing the received signal to be stretched. In case b) two distinct reflections occur: one on
the rock and one on the surface. These time delayed signals are stored in the receiver as first and second (or
last) pulse.

Other scanning systems do not record the single echos of the received signal (pulsed wave),
but record the whole received signal in one curve. These scanner systems are called full
waveform scanners. As no full waveform data is used in this study, it will not provide
detailed information about full waveform scanners. Further details on full waveform
scanners are described in Wagner et al., 2006; Briese et al., 2008; Rutzinger et al., 2008.

1.5.3 ALS application in glaciology and high mountain
environments
During the last decade there has been an increasing interest in the use of airborne LiDAR
systems for glaciology, mainly in monitoring changes of surface forms, elevation and glacier
dynamics (Arnold et al., 2006; Geist, 2005; Geist and J. Stötter, 2007).
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In Greenland, Abdalati W. and Krabill W.B (1999) pronounced that LiDAR systems could
even be used to estimate surface velocities by tracking glacier features. The OMEGA study
at Engabreen in Norway and at Hintereisferner in Austria showed the large potentials of high
resolution digital elevation models (DEMs) for the exact mapping of glacier geometries
(Geist et al., 2003). Even smaller geomorphological and glacial features, such as crevasses
and moraines, can be detected using ALS data (Kodde, 2006). The multi-temporal analysis
of ALS-derived DEMs showed elevation changes of the glacier surface with a vertical
accuracy of more than 20 cm and can therefor be used to calculate changes in glacier
volume across time (Geist and Stötter, 2007; Bollmann, 2009).
Beside the glaciological use, ALS provides accurate input data, needed for hydrological
modeling or natural hazard analysis in high mountain environments (Geist et al., 2005; M.
Rutzinger et al., 2007; A. C Seijmonsbergen, 2007). Especially multi-temporal DEMs derived
from ALS are suitable for mass movement analysis (Kääb et al., 2005). Results from an

analysis of differences in multi-temporal DEMs, performed in the course of the ALS-X
project, showed that even though there are no significant inter-annual changes, clear trends
of mass movement can be observed when taking the data of the whole period (2001-2008)
into account. Van Asselen and A.C. Seijmonsbergen (2006) concluded that high-resolution
topographical data derived from Lidar DTMs is very useful for the extraction of
geomorphological units in mountain areas.
A detailed report on ALS applications in glaciology and geomorphology is given by Arnold
et al., 2006; Favey et al., 1999; Favey et al., 2002; Geist et al., 2005, 2003; Kääb et al.,
2005; A. C Seijmonsbergen, 2007; Th. Geist et al., 2003; M. Vetter et al., 2009
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1.5.4 Advantages and disadvantages
mountain environments

of

ALS

in

high

The following chapter presents a general overview of ALS-specific advantages, challenges
and chances in high mountain regions. The potentials and limitations of the ALS intensity
data concerning surface classifications are presented later on in Chapter 3. Some of the facts
presented in this chapter are of great importance regarding the basic requirements of surface
classifications.
The main advantages of ALS compared to other earth observation (EO) techniques is that
currently no other technique can provide a higher spatial resolution and information content.
Although so-called new generation satellite images, derived from remote systems like Rapid
Eye, have a similar resolution, various influences like foreshortening, shadow effects and
atmospheric influences (clouds and dust) reduce the image´s information content (Lillesand
et al., 2007). ALS is nearly independent from surface textures and, as an active scanning
system, also independent from external light sources. Thus, information loss resulting from
illumination variability does not occur in ALS data (see Chapter 3.6).
Several studies show that laser-based monitoring of high mountain regions has advantages to
aerial photography/airborne photogrammetry (Baltsavias, 1999). Especially in upper snow
and firn areas where no suitable natural reference objects for the ortho generation exist, or
textures are lacking, ALS is an effective monitoring instrument. With the exception of the
reference station and a calibration area, no further ground control points have to be
established (Geist, 2005). Even when reference objects exist, the ortho-generation, needed
for accurate analysis of the aerial image, is very time consuming.
Baltsavias (1999) arrived at the conclusion that ALS and airborne photogrammetry partly
compete, but also complement each other. Both are expected to improve in the near future
and have their advantages and disadvantages.
But as glaciers in the Alps are situated in high mountain environments, special conditions
exist for ALS-campaigns: "The rugged topography with large elevation differences over
short distances necessitates expert navigation skills and can cause problems with airborne
laser scanning systems with limited range for data acquisition. In addition the complex and
sometimes quick changing weather conditions could cause problems for on-sight navigation
of the plane and can force interruptions of data acquisition campaigns" (Geist, 2005, p.
14
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36).On the other hand, data acquisition from field campaigns (in-situ measurements) is also
always a challenging topic because of aggravating circumstances (like accessibility)
occurring in these special topographic conditions. Beside this fact, in-situ measurements are
very time consuming, and therefor mostly cover a smaller area of interest.

1.6 Intensity and surface reflectance
For the back scattered signal energy, the intensity, is the main focus in this study questions
of how this intensity is formed and what affects the strength of the returned signal are
crucial. The following section describes influencing parameters and general surface
refection characteristics. Figure 5 shows an example of an intensity raster.

1.6.1 Intensity
Unlike passive sensors that record the radiation emitted from the ground, LiDAR systems
emit and record their own signals (active sensors). Thereby the intensity represents the
recorded signal energy at the receiver (Höfle and Pfeifer, 2007). The receiver measures the
amount of energy that was back scattered from the surface. But this reflected energy is not
the same as the incident energy at the surface. Beside atmospheric losses, the reflected
energy is equal to the incident energy on a surface feature, reduced by the energy that is
either absorbed or transmitted by the surface feature (Lillesand and Kiefer, 1994). Therefor
the intensity is expressed by (Wagner et al., 2006):
Pr=

P t D 2r
4

2
t

R 

 As (2)

Pr and Pt are received and transmitted power
Dr is the aperture size of the receiver,
R is the range,
βt is the beam divergence,
Ω corresponds to the bidirectional properties of the scattering ρ and is the reflectivity of the
target surface,
As is the receiving area of the scatterer.
The strength of the intensity of a recorded laser beam depends on various factors.
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The main factor is the surface type itself with its characteristic reflectance, described in
Chapter 1.5.2 and 1.5.3 . Other factors influencing the intensity value are the range to the
surface, the scanning angle (mostly between +/-20°) and the orientation of the surface. As
Arnold (2006) and Geist (2005) presented, the range to the surface is the most important
explanatory variable for the intensity.

Figure 5: Raster derived from intensity data of 07.08.2008 data acquisition (overview and detail).

According to Baltsavias et al. (1999), the size of the footprint, which is highly dependent on
the range, strongly influences the intensity value. When the size of the footprint increases
the signal strength of the back scattered laser beam decreases because energy density is also
decreasing. Furthermore, if the footprint covers more than one object, the received signal is
made up of different mixed echos. Pixels generated from such points are called mixels
(Girard, 2003).
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Variations in the range change the duration of atmospheric influences, which affects the
signal strength as well. (Near) infra red energy is affected by atmospheric parameters such
as humidity or dust particles. Both the atmospheric scattering and the absorption by gases
and particles decrease the signal intensity. Consequently, the most accurate results are
achieved during a cold, dry night (Baltsavias, 1999).
A detailed report on surface characteristics and theoretical overviews of factors influencing
the signal energy are given by Lillesand (1994), Baltsavias (1999), Wehr and Lohr (1999)
and Höfle and Pfeifer (2007).

1.6.2 General reflection characteristics of surfaces
The receiver of the scanning system records the beam that has interacted with the surface.
Interactions with the surface can change the direction, the intensity and the wave-length of
the beam. Furthermore, surfaces and materials can absorb energy of the beam. Usually the
rate of absorption is wave-length specific. The energy absorption depends on the wave
length (Lillesand and Kiefer, 1994).

Figure 6: Specular versus diffuse reflectance (Source: LILLESAND 1999)

Mainly, there are two types of reflection: spectral and diffuse. The surface type determines
whether a laser beam reflects in a spectral or diffuse manner (Lillesand and Kiefer, 1994;
Lutz et al., 2003) (see Figure 6 ).
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A ideal spectral reflector reflects the incoming energy of the laser beam mirror-like: the
angle of incidence equals the angle of the reflection, and the reflected beam has a single
outgoing direction (Lillesand et al., 2007). The most commune example for such an ideal
spectral reflector is a mirror. Near perfect spectral reflectors act quiet the same, with the
exception that parts of the reflected beam are scattered in different directions. Such near
perfect reflectors are calm water surfaces and metal roofs (Rees, 2001).
A ideal diffuse reflector (Lambertian reflector) is a rough surface that reflects all the
incoming energy in a diversified range and produces a glossy lighting effect on the surface.
"Nearly all natural objects are near perfect diffuse reflectors; this means that for all angles
of reflection, the intensity of the reflection is nearly the same" (Lutz et al., 2003, p. 8), which
is a very important fact supporting the possibility of surface classifications.

1.6.3 Specific reflectance characteristics of surfaces
mountain environments

in

As this study concentrates on high mountain environments, the typical surfaces occurring in
this area and their reflectance characteristics are described in detail in the following chapter.
Reflection characteristics of ice and snow are appropriately investigated and documented by
various authors ( Hall and Martinec, 1985; Seidel and Martinec, 2004; Corripio, 2004;
Kaasalainen et al., 2006; Gareth Rees, 2006) but only a few studies, describing the reflection
characteristics in the near infrared in detail, have been carried out more recently (Wolfe and
Zissis, 1985; Adams, 2008; Vetter, 2008)
Because only LiDAR data was used for this study, the following different surface reflectance
characteristics mostly correspond to the reflectance at a wavelength used by the scanning
system (1064 μm).
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Figure 7: Surface reflectance of different glacier and snow surfaces at different
wavelengths (Source: HALL & MARTINEC 1985)

Figure 8 depicts a cross-section through different glacier surfaces (snow, firn, ice). Figure 8
A) shows the intensities (y-axis) along the cross-section (x-axis) of the intensity raster. The
location of the cross-section is illustrated by the red line in Figure 8 C). Figure 8 B) depicts
the corresponding ortho image and also the profile location (red line). Clear steps between
the surface classes are illustrated.
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Figure 8: A) Cross-section through different surfaces (snow, ice and
firn) on an intensity raster, B) Ortho image and profile (= red line), C)
Intensity raster and profile location (=red line).

Snow and firn surfaces
As snow is a mineral whose structure and composition vary a lot in spatial and temporal
resolution, the reflectivity varies in the same way. The reflectivity is highly dependent on the
location and climatic factors influencing the snow cover. These are temperature and
humidity, exposure, the age of the snow cover, the crystal size, and the amount of water
inside the snow cover (Wolfe and Zissis, 1985). As Rees et al state (2006) that the
reflectance of snow does not depend directly on the snow density, although processes that
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cause the increase in density over time also lead to an increase in grain size and
consequently a decrease in reflectance.
The graphs in Figure 9 show that the grain size is comparatively insensitive in the visible
region but very sensitive to the range from 1.0 to 1.4 μm (near infra red) in which great
reflectance losses can be observed. A greater grain size lowers the reflectance. The red line
represents the wave-length of the used laser scanner.

Figure 9: Spectral reflectance of a deep snow pack in relation to grain size (Source: CHOUDHURY and
CHANG 1979).

Newly fallen snow can be considered as lambertian in character (Lutz et al., 2003). On the
one hand, snow metamorphosis increases with time. Therefor, the reflectivity decreases in
general. This is due to the rising amount of water, the grain size of the snow cover and dirt
on the surface. On the other hand, old snow, especially firn or water-saturated snow
surfaces, can develop an (ice)-crust that reflects in a near perfect spectral way. This
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phenomenon is well-known to mountaineers as firn-mirror. Over all, intensities recorded
from snow surfaces are relatively high.

Ice and water surfaces
These surface types show significantly lower reflected signal energies than snow surfaces. In
particular water surfaces are recognized as areas that absorb much of the incoming radiation
of the near infra red (Antonarakis et al., 2008). Therefor the point density on ice surfaces
decreases. The number of NODATA-values, such as pixels where no reflected laser signal is
recorded due to mirror-like reflectivity (see Chapter 1.5.2), is also higher than with other
surface types (Vetter, 2008; Höfle et al., 2009). Due to the fact that ice is frozen water, the
same reflectance characteristics can be observed in bare blue ice areas. But as the ice sheet
is often covered by dirt and/or gravel or, typical in higher altitudes, covered by frost
structures, reflectance increases and, consequently, so does the intensity.

Rock surfaces
The reflectance capacity of rock surfaces like gravel, debris and solid bedrock generally
ranges between the capacity of ice and snow. Rock surfaces possess high variability in
intensity due to moisture content, especially in graveled areas near water bodies or north
exposed, wet slopes.

Vegetation
Vegetation appearing in the study area is very short-grown and situated in lower altitudes.
Essentially, there is only grass and moss. Spectral reflectance of vegetation is mainly controlled by leaf pigments, cell structure and water absorption. The reflectance in the (near) infra red is very high. While the chlorophyll in the leaves of the plant absorbs most of the visible light (from 0.4 to 0.7 µm) for photosynthesis, the cell structure strongly reflects near infrared light (http://earthobservatory.nasa.gov) (see Figure 10). This effect varies for different
species, and is highly dependent on the vitality of the leaves. Healthy leaves have a high reflectance, while for leaves under stress the reflectance is significantly reduced (Albertz and
Wiggenhagen, 2008).
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Figure 10: Reflectance properties of vegetation. The red line represents the wave-length used by the
scanning device
(Source:http://rst.gsfc.nasa.gov/Intro/Part2_5.html)
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The first part of the following chapter describes the data acquisition, data preprocessing and
management. Afterwards, the developed normalization methods, the ortho image generation
and the performed surface classifications are presented in detail.

2.1 Data acquisition and data pre-processing
Fortunately, the ALS-X Project has access to the existing ALS-data set of Hintereisferner
that was performed during previous studies, such as the OMEGA- Project. Within the ALSX Project, four additional LiDAR campaigns were carried out. The test site area, covering
36 km², was scanned with 13 overlapping flight strips. An overview of the flight campaigns
is given in Table 1. Therefor, the project has access to a world wide unique data set that
yields large potentials for glaciological questions.

Table 1: Overview of ALS campaigns carried out at Hintereisferner since 2001. The
data sets used in the ALS-X Project and in this study are highlighted in yellow.
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For both past campaigns and those carried out within the project, the primary goal was to
cover relevant dates in a glaciological cycle. This glaciological cycle can be divided into an
accumulation period (usually starting in autumn) and an ablation period (summer). As a
selection had to be made, flights that were near at the end of each ablation period were
implicated in the project´s data set. The LiDAR data sets exist in two different formats:
stripped and tiled. Tiled data means that the point cloud of the project polygon is subdivided
into rectangles. Stripped data sets connect the measured points to the individual flight strips
and encompass more information, such as useful aircraft data, which is needed for the
intensity correction (see Chapter 2.5). Since the intensity correction can only be done on
stripped data, a repeat order was accomplished and the correction module was applied. All in
all, 11 data sets containing corrected intensity data were used in this work.
The laserscanner data acquisition within ALS-X was conducted by TopScan GmbH in
Rheine, Germany. The laser scanning system used for this purpose was an OPTECH ALTM
3100. Past data sets were also recorded by TopScan, but with different scanning devices, as
can be seen in Table 1. The main difference between these scanning systems is the scanning
and measuring frequency and the mean strip width. The laser wave-length in all data sets
stays constant (1064μm, near infrared).
Information on the duration and the start time of each flight campaign are very important,
because the temperatures of the glacier surface and consequently the melting water ratio
differ during the day. This has strong influences on the reflectance and thus on the amplitude
of the laser beam.
The raw data is preprocessed by TopScan. To determine the absolute position of the
scanning system during the flight, the data of three permanent GPS receiving stations
(APOS data from Patscherkofel, Krahberg and Sterzing) are used. Before the scanning
campaign, a soccer field near Zwieselstein is scanned to enhance the precision of the zcoordinate values. All data are delivered in UTM / WGS 84.
For the flight campaign on 07.08.2009 about 400 digital aerial photos are taken with a Rollei
AIC-modular-LS camera.
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2.2 Data management
For the storage, management and also for some analyses of the LiDAR data, components of
the Laserdata-Informationsystem (LIS) are used. LIS is developed and distributed by the
company Laserdata in Innsbruck. It is designed especially for the management and analysis
of huge airborne laser scanning data sets. The information system is built on a PostgreSQL
database, with a PostGIS extension, which enables direct visualizations (e.g. via Quantum
GIS) and analyses of spatial data (LIS-tools).
The indices for geometry columns allow the achievement of a fast-working database
performance. The client/server-architecture of PostgreSQL allows simultaneous access to the
data. Therefor, several users were able to be connected to the database contemporaneously
during the ALS-X project.
For each flight campaign, the point data and the aircraft data was imported into the LISdatabase. Since the point data and the aircraft data have the same attribute time, received
from the time stamp, both data sets could be linked together by the use of an LIS routine and
a linear interpolation, which calculates the aircraft position for each measured surface point.
Due to the huge amount of data (ca. 80.000.000 points per campaign), the entire data
processing (in this case import of raw data, intensity correction and raster generation) takes
between 30 and 40 hours for each flight campaign, but most processes do work
automatically.

2.3 Applied software products
Since the classification results of a commercial GIS software product are compared with the
results of an open source GIS, the two products are briefly presented in the following
chapter.

2.3.1 GRASS GIS
GRASS (Geographic Resources Analysis Support System) is a "free Geographic Information System (GIS) used for geospatial data management and analysis, image processing,
graphics/maps production, spatial modeling, and visualization. GRASS is currently used in
academic and commercial settings all around the world, as well as by many governmental
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agencies and environmental consulting companies" (GRASS Homepage). The software is
released under GNU General Public License (GPL) and can be downloaded for free on the
homepage: http://grass.itc.it/download/index.php.
"Unlike most proprietary GIS, GRASS provides complete access to its internal structure and
algorithms"(GRASS Homepage), so the user can specify the functions for individual questions, develop new functions or enhance them. The core module is written in C language and
runs on Linux, SUN-Solaris, MacOS-X and for a short time on Windows.
This GIS is predestinated for working with laser scanning data, because it can handle large
amounts of data, and works very swiftly and reliably. Also, the implementation in scripts is
very easy; especially batch processing can be done easily, which saves a lot of time. Also,
GRASS data can be read by the open source software R and then be used for further analysis. R is widely used software and programming language for statistical software development and data analysis. Since 2002 more and more LiDAR functions are developed
(http://grass.osgeo.org/wiki/LIDAR).
Most of the analyses and image processing in this study were completed on GRASS.

2.3.2 Geomatica PCI 9.3
Geomatica 9.3 is an extensive suite of geospatial applications and tools for remote sensing
and image processing, offered by the Canadian-based company PCI Geomatics. This
company has been offering customized solutions since the early 1980´s. Geomatica is
interoperable with other geospatial tools and is a commercial software product.
"The OrthoEngine tools are a collection of automated tools for the orthorectification and
mosaicking of aerial photos and satellite imagery. The module includes tools for the automatic collection of airphoto fiducial marks and image-to-image tie-points, automatic collection of Ground Control Points (GCPs) for image registration, and automated mosaicking,
including automatic color balancing and cutline selection" (www.pcigeomatics.com).
In this study, the OrthoEngine- module is used to automatically orthorectify the aerial
photos. The focus module sees the implementation of a pixel-based supervised (using
maximum likelihood, parallel-piped, minimum distance method) and unsupervised image
classification (using K-means, isodata, fuzzy K-means method). A detailed report on the
supervised minimum distance classification method is given in Chapter 2.7 and the result
the supervised image classifications is evaluated in Chapter 3.3.
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"An image or photograph with an orthographic projection is one for which every point looks
as if an observer were looking straight down at it, along a line of sight that is orthogonal
(perpendicular) to the Earth. The resulting orthorectified image is known as a digital ortho
image" (ERDAS, 2008, p. 304).
In addition to the ALS data, about 400 digital aerial pictures were taken during the flight
campaign 07.08.2008 (HEF15). These pictures were taken with a Rollei AIC-modular-LS
camera with high resolution. The exterior and interior orientation of the camera (rotation
parameters, the coordinates of the center point of each picture and distortion parameters)
were also recorded. The overlapping area was about 60%.
The last orthophoto of the Hintereisferner and the complete test site (HEF09) was produced
in the course of the OMEGA project in August 2003. This orthophoto was generated by
Norwegian project partners of the TU Helsinki and the Institute for Photogrammetry and
Cartography in Munich, Germany. But as the glacier surface shows high seasonal variability,
this orthophoto could not be used to determine reliable ground control points (GCP) for the
2008 pictures.
Due to the great amount of pictures and due to the lack of reliably selectable GCP´s, an
automated approach was attempted. The comprehensive meta data (interior orientation with
picture center coordinates and exterior orientation with rotation parameters, airplane
altitude) and a high resolution digital elevation model also backed automated processing.

2.4.1 Principles of automated orthorectification
The following explanatory notes are mostly extracted from the ERDAS Field Guide V2 and
give a short functional overview of the needed metadata used for automated ortho
rectification (ERDAS, 2008):

Interior orientation
The interior orientation defines the internal geometry of the used camera at the time of data
capture. The interior orientation is primarily used to transform the image pixel coordinate
system (or other image coordinate measurement systems) into the image space coordinate
system. Variables that need to be specified are depicted in Figure 11.
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Figure 11: The internal geometry of a camera (Source: ERDAS FIELD GUIDE 2008).
The principal point O is defined as the intersection of the perpendicular line through the
perspective center of the image plane. The distance from the middle of the camera lens (red point)
to the image plane (i.e. the film) is called the focal length. As focal length increases, image
distortion decreases. Fiducial marks are small registration points at the edges of the image.

Since the image space coordinate system has not been defined yet, the measured image
coordinates are referenced to a pixel coordinate system. The pixel coordinate system has a X
coordinate (column) and a Y coordinate (row). The origin of the pixel coordinate system is
normally the upper left corner, having the column and row value 0/0. The relationship
between the pixel coordinate system and the image space coordinate system is defined by
the use of a two-dimensional affine transformation.

Exterior orientation
Exterior orientation defines the position and angular orientation associated with an image.
The variables defining the position and orientation of an image are referred to as elements of
exterior orientation and are illustrated in Figure 12. The positional elements of exterior
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orientation define the position of the perspective center (O) with respect to the ground space
coordinate system (X,Y and Z), whereas Zo is commonly referred to as the height of the
camera above sea level.

Figure 12: Elements of exterior orientation of an ortho image (Source: ERDAS FIELD GUIDE
2008)
Omega (ω) is a rotation about the photographic x-axis, phi (φ) is a rotation
about the photographic y-axis, and kappa (κ) is a rotation about the
photographic z-axis.

The angular or rotation elements of exterior orientation describe the relationship between the
ground space coordinate system (X,Y and Z) and the image coordinate system (x,y and z).
Three rotation angles (omega, phi, kappa) are commonly used to define the angular
orientation.
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2.4.2 Orthorectification method
Because the photos were taken contemporaneously to the LiDAR data collection, the
altitude of the airplane, the so-called above ground level (AGL), is known. Together with the
information of the camera's focal length the scale of the aerial image can be determined by:
Image scale = focal length : AGL (3)
therefor the scale is:
Image scale = 51mm : 1000m = 51 :1000000mm = 1:1960 [cm] (4)

Because the size of an image is about 5440 pixels in length and 4080 pixels in height and the
resolution is 300 x 300 dpi, the corresponding pixel size is about 46 cm in length and 36 cm
in height. Table 2 provides an overview of the camera parameters.
Camera type:
Focal length:
Picture size:
Resolution:
Image scale:
Pixel size:

Rollei AIC-modular-LS
51,317mm
5440 x 4080 pix
300 dpi
1:1960 [cm]
46 x 36 cm

Table 2: Overview of camera parameters used for
aerial images

The software product Geometica PCI 9.3 was used to orthorectify the aerial pictures. With
the help of the metadata and a digital elevation model calculated from the LiDAR data (grid
size=1m), the pictures could be orthorectified automatically at a relatively high resolution
(0,5 and 1m) with different resampling methods (nearest neighbor and cubic convolution).
Afterwards mosaics were established by the use of different GIS products (PCI, Grass, TNT
Mips). An example of an aerial photo and the corresponding ortho image is shown in Figure
13.
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Figure 13: Aerial image (left) and its corresponding, automatically generated ortho image (right).

Unfortunately, great inaccuracies occur, especially at the the image borders. The root mean
square error (RMS) is at a high level of about 3-5m in all pictures. A detailed report on the
ortho image generation is given in the Chapter 3.1. But as the ortho images are very
important to perform and evaluate the surface classification, manual post-processing is
carried out. Regions that are used as test areas are rectified by hand with the intensity raster
as reference data.

2.5 Intensity correction
"To get a value proportional to surface reflectance, a correction procedure accounting for
spherical loss, topographic and atmospheric effects has to be applied" (Höfle et al., 2007,
p.197). Therefor a correction model developed by B. Höfle (2007; adapted by V. Wichmann,
for LIS softwaresystems) was used to correct the intensity of the whole data set.
In this correction model it was assumed, that the surface scattering characteristics were ideal
diffuse (lambertian). A surface norm was estimated by fitting an orthogonal regression plane
including the 30 neighbors. Furthermore, a vertical atmospheric attenuation coefficient of
0.15 dB/km was applied for the correction (Höfle et al., 2007).
As the ALS-X project had access to 13 ALS-data sets, which have been carried out in the
same region since 2001, a total of 10 data sets containing intensities were corrected and
transformed to raster maps of different resolutions (1, 5, 10 meters). Figure 14 shows the
difference between an uncorrected intensity raster (A) and a corrected one (B). Towards the
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edges of each flight path, intensities decreased due to energetic loss effects described in
Chapter 1.5.1 (incidence angle). In the overlap area, a increased point density can be
observed, also resulting in increased intensity variability. Hence, significant transitions from
cell values of one flight path to the other were visible (see A). After the correction, the rough
steps were reduced in evidence (see B). In addition, range dependent energy loss (e.g. at the
glacier snout) could be removed due to the range parameter within the correction model.
Detailed information about intensity correction is described in Höfle (2007), Höfle and
Pfeifer (2007) and Ahokas et al. (2006).
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Figure 14: A) Intensity raster without corrected intensities B) Intensity
raster with corrected intensities.
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2.6 Normalization of intensity rasters
Due to different scanning systems, differences in the flight paths and especially variations in
atmospheric conditions, the range of the intensities (histogram) is different for the same
landscape elements from flight to flight.
As the sent out beam has to pass the atmosphere twice before being detected by the receiver
the received signal is altered. This happens because atmospheric conditions are not identical
(variation in humidity, dust ratio) and the atmosphere can absorb and / or reflect specific
wavelengths,

thereby

changing

the

radiation’s

spectral

properties

(http://eoedu.belspo.be/en/guide/). So, in a multi-temporal data set, these variations and
differences resulted in differences in the range of intensities, which could be seen in the
histograms. A collection of histograms and their variations are presented in Figure 14.
To minimize these differences, a radiometric normalization (also often called radiometric
adjustment) has to be applied. This radiometric normalization is needed to make the
intensities comparable, which is the basic requirement for a multi-temporal surface
classification or a change detection. The normalization process is carried out for 10 different
data sets between 2001 and 2008.
While several solutions exist to overcome these scarcities for remote sensing from satellites
(Galiatsatos et al., 2007; Lillesand et al., 2007; Li et al., 2008; Verbyla, 2002; Weiss and
Walsh, 2009), only few attempts in laser scanning are recorded (B. Höfle et al., 2009). The
following chapter describes the normalization method developed and used in this study.

2.6.1 Normalization method
In this study, a scene-to-scene normalization by histogram matching (MacKinnon et al.,
1996) is performed. For this so-called "relative radiometric correction" or "histogram
normalization" one image is chosen to be the reference image, and the radiation features, in
this case the intensity, of the other images are adjusted to match this reference. This is a
useful method for matching data of the same area that was collected on separate days and is
often used for change detections and to carry out image mosaicing (Galiatsatos et al., 2007).
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Selection criteria for intensity raster
To achieve good results with this method, the ERDAS Field Guide proposes the following
similar characteristics of the input images (selection criteria):
–

The general shape of the histogram curves should be similar [1]

–

Relative dark and light features in the image should be nearly the same [2]

–

The spatial resolution of the data should be the same [3]

–

The types of land cover should be about the same [4]

As can be seen with Figure 15, the selection criteria [1] could not be fulfilled. Naturally,
vegetation, ice and rock areas are larger in data sets acquired during summer months, and
snow covered areas are larger in winter or late autumn data sets. As all the data sets were
acquired during autumn, the ratio between snow and ice depended on snowfall events.
Hence, the histogram shapes differ significantly, depending on whether snowfall events had
already taken place or not.

Figure 15: Histograms of intensity rasters HEF 07, HEF 09, HEF 15 and HEF 16.
X-axis = Intensity (intensities are spread across up to 255 different gray levels), y-axis =
percentage of distribution (1% equals 100%)
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But other criteria could be sufficiently fulfilled: areas with dark objects, mostly water and
ice bodies, and light objects, such as snow and vegetation, which stay the same in each raster
[2], could be detected. The resolution is always gridded to 1m cell size [3], types of land
cover do stay the same [4] and no other surface types appear.

Reference image
Most selection criteria for the reference image used in remote sensing by satellite (cloudfree, clear, having the best dynamic range) do not fit LiDAR data. Hence, the criteria
presented by Sim (2007) was chosen, which suggestied the use of the image with the
greatest variance in histogram values, so that no lacks in the radiometric resolution appear.
In this case it was the intensity image of the HEF16 (09.09.2008) acquisition, providing a
wide range of intensities. However, greater variance can also mean greater noise (Sim et al.,
2007) .

Test areas
All over the study area, a total of 35 test areas were designated (see Figure 16). These test
areas were all of the same size (diameter of 4m) and situated on landscape elements (pixels)
that stay the same over time. Therefor, intensity values were expected to be nearly constant
over time. But as weather conditions and flight height varied from flight to flight, the
recorded intensity varied in the same way.
If the landscape element were to stay the same over time, the elevation should have been
constant over time. The test areas where selected to cover the whole range of intensity
values, from areas with low intensities through areas with mid intensities up to areas with
high intensities.
Experiences in analyses with point cloud data and intensity correction showed that an
increasing angle falsifies the intensity (see Chapter 1.5). So another selection criteria was
the near nadir situation. This means the test areas were designated close to the nadir of the
flight paths. As mentioned above the flight paths differed slightly from flight to flight, so this
criteria was not always completely accomplished. Some areas where even selected far away
from flight paths, in order to evaluate the angle´s influence on the intensity of raster data.
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2.6.2 Methology
In order to determine the area that did not change more than 20 cm over time, a difference
between the latest digital elevation model (DEM) (9.9.2008) and the first DEM (11.10.2001)
was calculated. Areas having an elevation change of less then 20 cm were extracted. A slope
raster was generated from the HEF15-DEM and areas with a slope angle of less than 40
degrees were extracted. The HEF15-DEM was used because of an existing ortho image. By
combination of these two areas the potential region for training areas is determined. The
training areas could be identified with the help of the visual analysis of ortho images dated
09.09.2008 and 12.08.2003 and as a result of various field campaigns carried out by the
Institute of Meteorology and Geophysics at the University of Innsbruck. Thus, geographic
coordinates were also collected.
Since the vertical accuracy of the performed laser scans is very high, only test areas that did
not change more than more than 20 cm over time (between 2001 and 2008) where used for
the normalization approach. Table 3 shows a very low mean elevation difference of 2 cm. In
the case of v8, v14 and v20 elevation changes surpassed the 20 cm criteria. But when
looking at the point distance from the point recorded in 2001 and the corresponding point of
2008, it became obvious that the object had been hit in two different places (e.g. at top of a
rock in 2001 and right beside the rock at 2008).
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Training area
v1
v2
v3
v4
v5
v6
v7
v8
v9
v10
v11
v12
v13
v14
v15
v16
v17
v18
v19
v20
v21
v22
v23
v24

v25
v26
v27
v28
v29
v30
v31
v32
v33
v34
v35

Mean intensity
259
229
227
67
101
61
69
80
218
225
125
87
119
132
110
166
101
94
121
86
211
108
109
240
170
128
113
114
124
114
193
181
209
195
168

Elevation difference
0,1
0,01
-0,04
-0,61
-0,09
-0,03
21,86
-0,29
0,08
0,07
-0,02
0,2
-0,17
0,26
0
0,02
0,1
0,11
0
-0,22
0,11
0,07
0,01
0,04
0,01
-0,17
-0,04
-0,06
-0,01
-0,13
-0,09
-0,07
0
0,15
-0,04
Mean difference
-0,02

Slope angle
25
30
20
45
36
16
29
22
27
31
30
25
39
37
27
18
28
37
36
36
38
21
19
23
17
38
22
28
19
17
19
28
32
18
21

Table 3: Elevation differences in test areas. Elevation differences in meter; Slope
angle in degree
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Figure 16: Location of test areas (red dots) and flight paths (see legend); yellow polygon:
stable area derived by Erik Bollmann. Additional test areas outside the stable area polygon
could be detected; Background: Intensity raster of HEF15.

The high elevation changes of test areas v4 and v7, which are more than 61cm and 21m,
exceed the selection criteria by far and are not taken into account for further analysis. In
case of v7, the large elevation changes occurred because in the year 2001 the test area was
situated on a side moraine of Kesselwandferner, which broke down after the retreat of the
glacier.
The next step was to extract the intensity from the test areas. This was done with the use of a
relatively simple yet effective shell script, which is explained on the flowchart in Figure 17.
The extracted intensities were saved as files and used for two different normalization
techniques, which are described in Chapter 2.6.2.
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Figure 17: Flowchart of script used to extract intensities from the test areas.

Normalization by factor
The first normalization technique is to determine a relation factor. This is done by the
equation:
TR
=RR (4)
RF
with TR being the target raster, RF being the relation factor and RR being the reference
raster.
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For example, if the intensity value of the TR is 40 and the intensity value of the RR is 60,
the relation factor RF would be 1,5. The relation between the reference and the target raster
was calculated as follows:
First the intensities of each test area, consisting of 12 values, were filtered by one standard
deviation. Then the relation factor (RF) between the target (TR) and reference raster (RR)
was calculated for each test area.
The mean of each test area was calculated for all intensity rasters:
i k=

1
i (5)
n∑ i

with n being the count of the pixel values and k being the count of the pixel. Then the
relation factor for each of the 35 test areas was calculated:
rf k =

I k (6)
ik

rfk := relation factor of a single test area
Ik := mean intensity of single test area of reference raster, calculated by:
I k=

1
I (7)
n∑ i

ik := mean intensity of single test area of target raster, calculated by:
i k=

1
I (8)
n∑ i

The final relation factor RF was calculated by the mean of all rfk:
RF =

1
rf (9)
n∑ k

The relation factor for all used intensity rasters is shown in Table 4:
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Table

4:

Data set
hef01
hef07
hef09
hef11
hef12
hef13
hef14
hef15

RF

Relation

factor

0,45
1,13
0,72
0,87
1,15
1,16
1,29
1,07

(RF)

used

for

normalization by factor.

Normalization by function
While working with normalization by factor the hypothesis arose, that the whole range of
intensities does not fit to a constant factor. It is assumed, that low intensities need another
factor than high intensities. Thus, a functional coherence is examined. In order to match the
results of the histograms more sucessfully, a mathematically derived function is used to
adjust one histogram to the other (ERDAS, 2008).
The first step was the same as in the preceding chapter: the intensity values were filtered by
one standard derivation and the mean of every test area was calculated.
The relation between the un-normalized raster (TRold)and the new, normalized raster (TRnew)
is expressed by the equation:
TR new=

TRold
(10)
f  rf k 

with f(rfk) being the functional coherence between TR and RR. Furthermore, the shape of
each graph was different, depending on the individual range of intensities. The new value of
the target raster was calculated by Equation 10. Therefor values ranging between 0 and 1
cause increased intensities, while values ranging between 1 and 2 lead to decreasing
intensities. A function f(rfk ) was calculated using the relation factor rfk of each training
area, . The difference Drf was derived from :
Drf =rf k − f  rf k  (11)
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The whole set of Drf values was then filtered by one root mean square error (RMS), which
was derived from the equation:
RMS =



∑  f  x i − yi 2 (12)
n

For each point in the function, the value of 'y' was calculated. The 'y' value f(xi) was then
subtracted from the data´s 'y' value and the difference was squared. All the squares were
added up and the sum was then divided by the data count n. The resulting RMS value
represents the maximum threshold of each training area´s data set and the data is filtered by:
∣D rf ∣1×RMS (13)
The resulting, filtered data set is then imported into a statistic program (in this case
XMGRACE) and a cubic fitting function is calculated. An overview of some normalization
function is given in Figure 18.

f(rfk)= 0.6331 + 0.00772 * x - 4.4959e-05 * x^2 + 8.8154e-08 * x^3

f(rfk)= 1.187 - 0.001232 * x + 2.5744e-05 * x^2 - 7.4529e-08 * x^3

f(rfk)= -1.011 + 0.03738 * x - 0.00019882 * x^2 + 3.3626e-07 * x^3

f(rfk)= 0.30085 + 0.0096 * x - 6.5808e-05 * x^2 + 1.4648e-07 * x^3

Figure 18: Graphs of RMS filtered Data of HEF15, HEF14, HEF13 and HEF09. As can be clearly seen, low
intensities are normalized using a different RF-values (y-axis) to high intensities.
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2.6.3 Results
This chapter only presents a short, visual overview of the normalization results. A more
detailed view is given in Chapter 3.

Figure 19: Selected test areas and their mean intensity; left chart = without factor normalization, right chart
= with factor normalization, red graph = intensity means of reference raster HEF16.
The means of intensities are adjusted to the reference of HEF16. After the normalization (right chart) the
range of intensity means in the test areas is much more compressed than in the left chart. But since the
adjustment is linear, the means of intensities are only shifted. For example the means of V21 and V3 at
HEF12 (light blue graph) used to fit closer before the adjustment, while after the adjustment the means of
V21 and V3 shift further away from the reference mean. Hence, the hypothesis arises that the intensities have
to be adjusted using different factors, depending on the level of intensity (functional relation; see Chapter
2.6.2).
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Figure 20: Normalization results of intensity raster using function method. a) = reference raster HEF16, b)=
intensity raster of HEF01 without normalization, c) intensity raster after normalization using function.
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2.7 Surface classification
Surface classification is the process of sorting pixels of an image into a finite number of
categories or individual surface classes. The most common way to carry out the
classification is to analyze the reflectance properties of different objects (Albertz and
Wiggenhagen, 2008).
The classification follows a basic sequence of operational steps:

1. Set of desired surface classes (see 2.8.1.)
2. Designation of training areas (see 2.8.1.)
3. Extraction of signatures (see 2.8.2 ff)
4. Image classification (see 2.8.2 ff)
5. Accuracy assessment (see 3.3.)

The most prominent methods are:

1. Rule-based classification / knowledge-based classification
2. Multispectral, (un)supervised classification
3. Object-orientated classification
At 1:
In a rule-based classification, a set of decision rules (decision tree) or just one single rule
(reclassification) is determined to classify the image. This classifier is based on a pixel by
pixel method, but information from additional data, for example from other layers, can be
taken into account.
A simple rule-based classification determines the thresholds of the desired image classes and
the pixels are reclassified by the use of these thresholds (reclassification). This so-called
“quick and dirty” method is very effective and less time consuming, but detailed information
of the data is required. If the decision made has only two outcomes, the classifier can be
called binary classification (Albertz and Wiggenhagen, 2008).
A knowledge-based classification consists of a set of decision rules (decision tree). Each
decision rule is a conditional statement that determines an information component or a
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hypothesis. The decision tree grows in depth when the component or hypothesis are
confirmed (ERDAS, 2008). Multiple rules and hypotheses are linked together into a
hierarchy that ultimately describes a final set of classes. "There is no generally established
procedure. Therefor each decision tree or set of rules is knowledge-based and designed by
experts" (Albertz and Wiggenhagen, 2008).
The main advantage of such classification methods is a reduced computing time and low
percentage of statistical errors."If the entire knowledge in a particular domain can be
encoded in a finite set of rules, then a rule-based system is effective" (Shivakumara et al.,
2008).
At 2:
A multispectral classification, founded on supervised or unsupervised classification
algorithms, is also based on a pixel method of analysis and image classification, where every
pixel in one image is classified independently (Lillesand et al., 2004). The classes in a
multispectral classification are derived from matching different criteria. If a pixel satisfies a
criteria, the pixel is assigned to the class that corresponds to that criteria. (ERDAS, 1997).
In an unsupervised, multispectral classification, the user defines a minimum and maximum
number of classes. Then the computer simply clusters the pixels with similar characteristics
into these classes. This classification method is usually carried out for images or areas where
only little data knowledge exists. Common algorithms are: K-means, isodata and fuzzy Kmeans (Campbell, 2006).
In supervised classification the user identifies patterns belonging to a class that instructs the
computer system to classify pixels with similar characteristics into this class. In this method
the analyst has more influence on the process, but also more information on the data set and
spatial knowledge is also necessary to receive good results. The common classification
algorithms are: maximum likelihood, parallel piped and minimum distance. Details on
multispectral classification methods are described in detail by many authors: (Campbell,
2006; Lillesand et al., 2007; Neteler and Mitasova, 2007)
"Supervised classification is usually appropriate when you want to identify relatively few
classes, when you have selected training sites that can be verified with ground truth data, or
when you can identify distinct, homogeneous regions that represent each class" (ERDAS,
2008, p. II-101)
At 3:
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In contrast to other traditional methods, the object orientated classification method does not
only involve the classification of single pixels. In this case, the pixels are grouped into
objects (Navulur, 2007). These objects are created during the segmentation process and are
analysed by the spectral values of the object. In addition, what makes the difference, also
properties such as the object´s shape, texture and boundary with neighbor objects
(Antonarakis et al., 2008) are also created, which makes a crucial difference. Usually more
than one image segmentation with different algorithms is performed to improve the
classification results (Nolin and Payne, 2007). Results are normally more homogenous and
the undesired "salt and pepper" effect can be avoided (Albertz and Wiggenhagen, 2008).
This method is quite a novel classification method, resulting from the need for more
accurate classification results when dealing with high resolution, "new generation" satellite
images, such as Quickbird or Rapid Eye (Navulur, 2007). Weiss and Walsh (2009) state that
object-orientated classification systems are well-suited when working with high resolution
images in patchy environments, such as high mountain environments or glacier surfaces.

2.7.1 Classification systems
The surface classes are established by whether they match a certain criteria (such as spectral
value). Therefor, it is essential to determine the number of classes and their individual
criteria in a classification system before starting the classification.
In this study, four classifications on two data sets were processed and evaluated. These two
data sets were selected because of available ground truth data (ortho images/informations
from field campaigns) and hence reliable training areas.
The system is depicted in Figure 21. A rule-based and a supervised surface classification is
applied for the single-gridded data set of HEF15 (07.08.2008) (HEF15 Classified Raster 1
and 2). The goal of the rule-based classification of HEF15 was to determine thresholds of
surface classes that are constant and concise for the whole multi-temporal data set and can
be transferred to all intensity rasters. Thus, the resulting thresholds of the rule-based
classification were also used to classify the HEF09 data set (HEF09 Classified Raster 1).
Furthermore, the developed rule-based classification process was performed on the HEF09
data set as well (HEF09 Classified Raster 2).
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Figure 21: Flowchart of classification system.
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The results of the rule-based classification (RBC) and the supervised classification, using a
minimum distance algorithm (MDC) of HEF15, as well as the results of the transferred rulebased classification and the rule-based classification of HEF09 are compared and evaluated
by an accuracy assessment in Chapter 3.3. If the assessment results are reasonable, the
determined thresholds of the HEF15 data set are used to classify the whole multi-temporal
data set. The classified rasters can then be used to estimate density parameters needed for
mass balance calculations (see E. Bollmann, 2009).
The rule-based classification was carried out with the open source GIS GRASS; the
supervised classification was done with a commercial software product (GEOMATICA
PCI).
The first step in all cases is to set training samples/areas for each class. The result of these
training areas is a set of signature data that contains the intensity data of each pixel in the
training area.
Since reference data only exist on two data sets (HEF09 and HEF15), reliable training areas
and ground truth data could only be determined using these both data sets.

Surface classes
The desired classes in all applied classifications are:
1
2
3
4
5

=
=
=
=
=

Vegetation
Snow
Firn
Rock
Ice & water

These five classes represent the most common surface element types occurring in high
mountain environments. Subclasses, such as graveled areas or solid rock structures in the
class rock or different stages of snow and firn cover, were left out. This was done because it
is desirable to determine fixed thresholds for a multi-temporal data set. Especially snow and
firn cover reflectance show high daily and seasonal variability due to the facts described in
Chapter 1.5.2 and 1.5.3.
There are also transition zones between surface classes where a explicit assignment is not
possible (basically mixed zones) or reflectance irregularities occurring because the footprint
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covers more than one object (mixels, see Chapter 1.5.1). The pixel value of such a transition
zone is made up from various point intensities, some resulting, for example, from rock
intensities (low) and some from vegetation intensities (high). In the rule-based classification
the intensity range between the surface classes is therefor referred to as transition zone or
zone of uncertainty. Transition zones occur between all classes, not only in a linear pattern
(e.g. firn to snow) but also in a mixed manner (snow to rock, snow to ice).

Training areas
In a first step, training areas were defined manually from optical interpretation criteria using
the ortho image and information from field campaigns for the data set HEF15 and HEF09.
Since the classification results is heavily dependent on the quality of the training data (Seidel
and Martinec, 2004), a lot of effort was put into the designation of the training areas. Thus,
great importance was attached to selecting a homogenous area for the surface classes.
The designated training areas of HEF15 are used for both the supervised and the rule-based
classification. As the data acquisition date of HEF09 differed from the one of HEF15 and the
location of the surface classes changed, new training areas derived from the corresponding
orthophoto had to be designated.
For each surface class, five training areas were identified. To get a representative amount
and range of intensity per class, the area size was set to 8x8m and the areas were spread all
over the test site.

2.7.2 Rule-based classification
In this classification attempt the aim is to define thresholds of each surface class that stay the
same for all intensity rasters of the different flight campaigns. This attempt was developed
because further analysis, such as mass balance calculations, require the complete data set to
be classified. But since reliable training areas are only available from two data sets a
transferable classification method is needed.
As the used rasters have corrected intensities (see Chapter 2.5) and are normalized (see
Chapter 2.6), thresholds of each surface class are assumed to stay the same or at least there
is a certain range of intensities in every image that is consistent to a surface class.
The intensity values of each training area were extracted and statistically analyzed. As the
size of each training area was 64m² and the spatial resolution was 1m² and there were five
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training areas per surface class, the total number of recorded intensities was 320 for each
surface class. These 320 values formed the so-called signature file. Out of these 320 values a
mean and the standard derivation was calculated.
The maximum and minimum (representing the thresholds) of each class was defined as:
class min = class mean – x * Stdv
class max = class mean + x * Stdv
The maxima and minima of each class are listened in Figure 22. The factor x was chosen as
1,5, except between firn and snow. Between these two classes the factor x was set to 1,
because of a very dense distribution. As can be seen, most of the pixels values concentrate
around a certain range of the mean per class. Therefor, thresholds set to 1,5 *stdv cover
about 90% of all values per surface class. The values between the classes that were not
classified were referred to as transition zones. The resulting thresholds are written to a rules
file and afterwards the HEF09 intensity raster was classified by the use of this file.
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Figure 22: Density distribution and thresholds of surface classes using 1,5*stdv and 1*stdv.
Some classes show good separability (e.g. ice and rock); others like snow and firn overlap and are very close
to each other. The density distribution of the vegetation areas is left skewed and ranging far into snow. To
increase the separability between firn and snow, one standard derivation (stdv) was chosen for further
workflow, while for the other classes the stdv is multiplied with 1,5. When using thresholds determined with
1,5*stdv more than 85% of all pixels in the training areas are within these thresholds. The value range
between the classes is classified as transition zone (see 2.8.1.1).
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2.7.3 Supervised classification
This classification uses the same training areas and the same data set as in the rule-based
classification.
A very interesting aspect is the signature separability report. This report shows how much
the signatures differ from each other. "If the spectral distance between two signatures is not
significant for any pair of bands, then they may not be distinct enough to produce a
successful classification" (ERDAS FIELD GUIDE V2, p. II-119). Since the training areas for
the rule-based classification are the same, this report is very interesting for the results of
both classification methods.

Average separability: 1,726199
Minimum separability: 0,906122
Maximum separability: 1,999610
Signature pair with
Minimum separability: (Rock,Ice & Water)
Rock
Snow
Vegetation
Ice & Water

Firn
1,840598
1,073321
1,942935
1,985477

Rock

Snow

1,960255
1,996371
0,906122

1,560816
1,99648

Vegetation

1,99961

Table 5: Separability report generated by Geomatica PCI.

As can be seen from Table 5, an average separability of about 1.73 is quiet satisfactory. Low
separability between snow and firn can be identified, confirm to results of the density
distribution presented in Figure 22. Unlike with the density distribution of the rule-based
classification, a very low separability can be identified between ice and firn.
After the supervised classification of both raster layers of HEF15 an accuracy assessment is
applied (see Chapter 3.3). Therefor, 225 selected observation points are analyzed. This
amount of points is needed to estimate the mean accuracy of a class within +/- five percent
(Erdas Field Guide V2). The class of each point from the classified image is compared to
ground truth data from the ortho image (see Chapter 3.3).
The results of both classifications are presented in Chapter 2.7, the accuracy assessment is
discussed in Chapter 3.3.
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Minimum distance algorithm
Since the supervised classification is done with a minimum distance algorithm, the following
is a brief outline of the theoretical background.
The minimum distance decision rule (also called spectral distance) is used to classify image
data classes that minimize the distance between the measurement vector of the candidate
pixel and the mean for each signature class. In Figure 23, spectral distance is illustrated by
the vector from the candidate pixel to the means of signatures. An image normally consists
of three bands (red, green, blue). Therefor, each band has its own signature.

Figure 23: Principles of the minimum distance classifier (Source: LILLESAND 1994).
Pixel 1 is part of into the surface class with the lowest vector distance between pixel
value and mean of surface class (in this case C).
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The distance between the candidate point and the mean of signature is used as an index of
similarity. Thus, the minimum distance is identical to the maximum in similarity. The
candidate pixel is assigned to the class with the closest mean. The equation for classifying
by spectral distance is based on the equation for Euclidean distance:

∑
n

SD xyc =

i =1

 μ ci − X xyi 2

( 15)

Where:
n = number of bands (dimensions)
I = a particular band
c = a particular class
Xxyi = data file value of pixel x,y in band I
μci = mean of data file values in band I, for the sample for class c
SDxy = spectral distance from pixel x,y to the mean
(description taken from Erdas Field Guide)
This algorithm is used when the image histogram /histograms of the band do not have
normal distributions.
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2.7.4 Surface classification of HEF09 data set
Again, two classifications are carried out using the HEF09 data set. The first uses the
thresholds developed from the RBC on HEF15, which are transferred to the HEF 09
intensity raster. Furthermore, equal to the HEF15 classification, a rule-based classification
using the single data set of HEF09 is performed.

TAB1: Thresholds of transferred RBC
ice
rock
max ;1stdv
47,03
101,48
min;1stdv
23
68,5
% of total values
72,81
71
max; 1,5 stdv
min; 1,5 stdv
% of total values

109,73
60,26
86,75

147,88
124,86
89,75

TAB2: Thresholds of the single raster RBC
ice
rock
max ;1stabw
64,53
92,54
min;1stabw
40,35
70,16
% of total values
68
69,5

firn
117,85
104,5
74,75

Max; 1,5 stabw
Min; 1,5 stabw
% of total values

53,04
17
90,31

firn
144,04
128,7
71,25

70,57
34,31
88

98,13
64,57
88,25

121,19
101,16
89,75

snow
vegetation
170,2
228,41
148,44
188,06
74,5
44,5
175,64
143
86,25

238,49
177,98
90,5

snow
vegetation
140,66
223,08
110,85
169,97
77,19
75
148,12
103,39
86,56

236,35
156,7
85,5

Table 6: Thresholds for HEF09 classification. TAB1 shows the thresholds
derived from the image classification process of HEF15, which are
transferred to the HEF09 data set. TAB2 depicts the thresholds
determined from the single raster classification of HEF09. Clear
differences in the surface classes' thresholds can be seen.

The results of both classifications are compared in the third part of the thesis. The procedure
is the same as in the last preceding chapter. Again five test areas per class are declared,
while the surface classes stay the same. Surprisingly, the analysis of the HEF09 surface
classes shows significant shifts of the classes' thresholds, shown in Table 6.
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The surface classes firn and snow overlap, even when using one standard deviation.
Furthermore, compared to the thresholds of the HEF15 classifications, it becomes obvious
that the HEF15´s surface class snow (148,44 – 170,2) is completely missing in the HEF09
classes threshold.
Looking at the acquisition date, which was in August 2003, this phenomena can be
explained: The year 2003, especially the summer months, was the hottest summer ever to
have been recorded in the Alps. The mean temperature of August was about 6°C higher than
the long time average (Slupetzky, 2005). The snow that had fallen in the winter of
2002/2003 completely melted away and only firn areas remained. Furthermore, the dirt ratio
on the glacier and firn surface was quiet high, so the reflectance of the snow and firn
surfaces tended to be reduced.
Hence, no snow could be identified, but different stages of firn (different grain size and
moisture content) could be detected. For this reason, the class snow is renamed to firn 1 and
firn to firn 2 in the single raster RBC.

2.7.5 Results
The following chapter provides only a short overview on the classification results.
Differences between the rule-based classification (RBC) and the minimum distance
classification (MDC) and the classifications of HEF09 are depicted, while the results are
evaluated and discussed later on, in Chapter 3.3.
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TAB1: Classification results for HEF15
HEF15 MDC
Surface
Pixel
%
class
count
cover
Transition zone
----Vegetation
1640604
4,57
Snow
8088428
22,54
Firn
4920884
13,71
Rock
12869782
35,87
Ice
8362052
23,3

HEF15 RBC
Pixel
count
3475083
2465619
7096785
3164058
14543809
5136396

TAB2: Classification results for HEF09
HEF09 transferred RBC
Surface
Pixel
%
class
count
cover
Transition zones
5294859
14,76
Vegetation
926972
2,58
Firn 1
795850
2,22
Firn 2
3212081
8,95
Rock
19768478
55,09
Ice
5883510
16,4

HEF09 single raster RBC
Pixel
%
count
cover
7687802
21,43
973726
2,71
3911995
10,9
4501176
12,54
9811998
27,35
8995053
25,07

%
cover
9,68
6,87
19,78
8,82
40,52
14,31

Table 7: Classification results. TAB1: Classification results of HEF15.
Left: results of the supervised (MDC) classification, right: results of
the rule-based classification (RBC). TAB2: Classification results of
the HEF09. Left: results of the RBC using the HEF15 thresholds, left:
results of the single-based image classification of HEF09 intensity
raster. As pixel size is set to 1m, the pixel count equals the surface
area in m².

Table 7 depicts the results of the different surface classifications. The main difference
between the MDC and the RBC of HEF15 is that in the MDC all pixels are classified, while
in the RBC nearly 10% of all pixels are unclassified and marked as transition zones. Hence,
significant differences in other surface classes occur. The greatest surface class in the
HEF15 classification is rock. In the HEF09 classification the area classified as rock shows
great differences. While in the transferred RBC about 55% are classified as rock, only about
27% are classified as rock in the single-raster RBC. The greatest area difference in the
HEF15 classifications can be seen in the ice surface class (about 9%). The reasons for this
difference are described in Chapter 3.5.
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Figure 24: Classified intensity raster HEF15: A) Supervised classification using the minimum distance
algorithm B) Rule-based classification with class thresholds derived by: class min/max = class mean –/+ 1,5
* Stdev thresholds. The visual check can identify falsely classified vegetation areas located in the higher
altitudinal regions. Due to the high reflectance of fresh, dry snow, areas are misclassified (see detailed report
in Chapter 3.3). In the MDC all pixels are classified, while in the RBC, transition zones are taken into
account.
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Figure 25: Classification results of HEF09. A) depicts the results of the transferred RBC, B)
shows the results of the single raster RBC on the HEF09 intensity raster. The visual check
shows that in the single raster RBC (B) the amount of transition zones is greater than in A),
while in A) large areas are misclassified as rock, especially on the glacier surface.
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3

Evaluation and discussion of results

This chapter evaluates the results of the ortho generation and the normalization methods.
Since these two steps are the basic requirement for the classification, they are evaluated in
the first part of this chapter. Afterwards, the results of the different surface classifications are
compared in detail and analyzed for accuracy. The last section focuses on potentials and
limitations of intensity rasters.

3.1 Ortho image
As mentioned in Chapter 2.4, the ortho images show high RMS values (3-4 m), increasing
by distance from the image center. In general, displacements or image distortions on the
ortho image are caused by both the sensor position and topographic factors.
Distortions caused by the sensor position can be removed systematically by correcting the
exterior orientation information by a calibration file: "For example, it is fairly uncommon
for the exterior orientation parameters to be highly accurate for each photograph or image
in a project, since these values are generated photogrammetrically. Airborne GPS and INS
techniques normally provide initial approximations to exterior orientation, but the final
values for these parameters must be adjusted to attain higher accuracies" (ERDAS, 2008, p.
II 164). Inaccuracies resulting from topographic influence occur because of the so-called
relief displacement effect:
"A strong increase in the elevation of a feature causes its position on the photograph to be
displaced radially outward from the principle point" (Lillesand and Kiefer, 1994). This
effect is increases especially when the aerial images are taken from low altitudes, like in this
case (Weiss and Walsh, 2009).
The influencing topographic factor can be calculated and corrected by applying a DEM as a
vertical reference. At this the quality of the DEM will strongly affect the quality of the final
ortho image (Bender, 2009). Since the DEM used in this study is highly accurate (see Erik
Bollmann, 2009), the correction should have worked well. Normally inaccuracies caused by
topographic factors outweigh the displacement caused by the camera sensor (exterior
orientation). In this study it was only possible to increase the image accuracy by manual
post-processing. It seems as if the heavily rugged terrain does have strong negative
influences on the exterior orientation parameters, but further research has to be done.
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3.2 Normalization
The normalization carried out in this study is a novel approach. While for traditional remote
sensing data various normalization and image enhancement methods are already developed,
normalization of multi-temporal LiDAR data is a rather unexplored topic. As analyses of
multi-temporal LiDAR data can only be done on normalized data sets, there is a strong need
to develop effective methods.
Two different normalization methods are carried out in this study. One using a normalization
factor, and a second using a function to match the histogram ranges of the multi-temporal
data set. Figure 26 depicts the visual results of the normalization by factor (b) and function
(c).

Figure 26: Results of normalization by factor and function. a) = reference raster HEF16, b) =
normalized HEF01 raster using factor, c) = normalized HEF01 raster using function
adjustment. High intensities on glacier snout in (b) and (c) resulting from a snow cover at the
HEF01 data acquisition.

Obviously, no significant visual difference is identifiable. Both normalizations show good
visual results. Differences between the reference raster (a) and the normalized raster (b, c)
can be found in the river channel in the form of missing dark color for water, because the

64

3.2 Normalization

river channel was dry at the time of acquisition of image (b) and (c) (=HEF01), while it was
wet at the acquisition of HEF16. Furthermore, the glacier tongue was covered with snow at
the HEF01 data acquisition, while it was snow-free at the HEF16 acquisition.

Table 8: Normalization results of ALS flights HEF07 (18.09.2002) and HEF09
(12.08.2003) ; x-axis: mean of intensity values in test area (diameter = 4m), yaxis: test area v1-v35. The blue bar represents the non-adjusted mean value of
the test area v1-v35, green bar: mean of factor normalization, red bar: mean
of function adjustment.

Comparing the intensity means of the training areas before and after both normalization
processes, differences can be detected. Table 8 shows the normalization results of the
intensity raster HEF07. A complete overview can be found in the Appendix Figure 34.
Taking a closer look at Table 8, it becomes clear that in some cases the mean factor and in
others the mean function is closer to the reference value. Therefor, the accuracy percentage
derived from the normalization by factor was compared to that of the normalization by
function. Table 9 depicts the results of this comparison. Overall, the normalization by
function is slightly closer to the reference value than the factor normalization. In particular
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at HEF01 and HEF11 the function normalization shows closer matching ratios. The weakest
difference can be found in HEF12 and HEF14.
%
accuracy
HEF01
Function
Factor
HEF07
Function
Factor
HEF09
Function
Factor
HEF11
Function
Factor
HEF12
Function
Factor
HEF13
Function
Factor
HEF14
Function
Factor
HEF15
Function
Factor
Over all
accuracy

Mean difference
to reference

71,43
29

-2,21
-3,91

65
35

-2,31
-1,62

65
35

0,94
-3,29

71
29

2,35
-3,66

53,13
46,88

-19,47
-14,54

62,86
37,14

-7,05
-9,99

51,43
48,57

-0,12
1,98

60
40

2,92
-1,32

Function
62,25

Factor
37,75

Table 9: Overview of normalization results. %
accuracy describes the ratio of the closer
adjustment of the 35 test areas.
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3.3 Accuracy assessment
"A classification is not complete until its accuracy is assessed"
Lillesand 2004, p. 586
A common way expressing the classification accuracy is the preparation of a confusion
matrix, also-called error matrix, which is based on ground truth data. On a class to class
comparison, the relationship between the ground truth data (reference areas / observation
points) and the corresponding classification results is assessed. Thereby "it should be
remembered that such procedures only indicate how well the statistics extracted from these
areas can be used to categorize the same area" (Lillesand et al., 2004, p. 588)
The results of the accuracy assessment for the different surface classifications are depicted
in confusion matrices in Table 10 and Table 11. The elements of a confusion matrix are
explained in the following:
"The overall accuracy (OAA) is computed by dividing the total number of correctly
classified pixels by the number of reference pixels" (Lillesand et al., 2004). The producer´s
accuracy (PA) results from the division of correctly classified pixels and the number of
training pixels used in this class (column total). The producer´s accuracy indicates how well
the training pixels of a surface class are classified. The user´s accuracy (UA) is computed by
dividing the number of correctly classified pixels in each class by the total number of pixels
that were classified in that category (row total). The user´s accuracy measures the
probability to which a pixel classified into a given class actually represents the surface class
on the ground. The Kappa coefficient expresses the reduction in error generated by the
classification process compared with the error of a completely random classification
(unsupervised classification). For example, a value of 0.75 implies that the classification
process is avoiding 75% of the errors that a completely random classification generates
(ERDAS 2008).
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3.3.1 Accuracy assessment of HEF15 (MDC and RBC)
The ground truth data is gained from the digital ortho images, acquired on the same date as
the ALS campaigns of HEF09 and HEF15. Additional information is derived from field
campaigns carried out by the Institute of Meteorology and Geophysics at the University of
Innsbruck. The accuracy data set is derived by a regular point net containing 225 points,
which spans the entire test site. Table 10 shows the resulting confusion matrix for the
minimum distance classification (MDC) and the rule-based classification (RBC) of HEF15.
The two accuracy assessments show very different results. With an OAA of 71,43 %, the
RBC is quiet satisfying, while the results of the MDC are inadequate (OAA 50,89%). A
great difference can also be seen in the kappa index. Because a kappa index below 0,7 is
considered to be poor, both classifications depict insufficient results, whereas the kappa
index of the RBC with 0,61 is about twice the MDC´s kappa (0,35), which is far from
maintainable.
The difference in the total number of observation points is a result of the unclassified pixels
in the RBC, referred to as transition zones.

Ice
The class ice shows a good response in both classification methods regarding the PA (RBC
79,55% and MDC 82,61%). Hence, in both methods ice and water bodies could be detected
easily. But taking a look at the UA, a great amount of misclassification can be seen in the
MDC. Only 38 of 86 observation points were classified correctly, while 48 were
misclassified. Even though the separability between the classes snow and ice is the highest
(Chapter 2.7.3), about 10% of the observation points were misclassified as snow when using
the MDC. On the other hand, the RBC´s UA of ice shows the highest accuracy of the
assessment (83,33%). Only seven observed points were wrongly classified as rock.
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Table 10: Confusion matrix for HEF15 A) depicts results of RBC and B) the results
MDC. While in the MDC all pixels are classified, the RBC takes transition zones into
account.
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Rock
The class average accuracy of rock is also different in both methods. Again, the RBC shows
good results, while the MDC accuracy is on lower level. Showing only slight differences in
the UA (RBC 82,35% and MDC 73,37%), the PA is very dissimilar: While the RBC´s
accuracy for rock is the highest of all PA´s (83,33%), the MDC´s accuracy is again
unsatisfying (49,9%). Unfortunately, the user can therefor only claim about half of the rock
covered areas to be detected by the MDC.

Firn
The weakest surface class in both classifications is firn. In the MDC only 19% UA and 36%
PA could be achieved. The RBC shows similar accuracies (UA 36% and PA 30 %). This
mean, that only 36% of the area that was classified as firn, does indeed have a firn cover
This result is far from a concrete ratio for both classifications, but regarding the separability
report in Chapter 2.7.3, an expected consequence. The separability between firn and rock as
well as the the separability between firn and snow, is low rated.

Snow
At first glance, the accuracy results of the class snow seems to be quite moderate in the RBC
(UA 57,14% and PA 68,57%) and insufficient in the MDC (UA 47,37% and 68,57%). Taking
a closer look at the misclassified observation points in the MDC, it becomes obvious that
most of the pixels were falsely classified as firn. Regarding the separability report in
Chapter 2.7.3, this result is not surprising. When looking at the density distribution in
Chapter 2.7.2, the close similarity between the surface classes snow and firn becomes clear.
Surprisingly, only 4 observation points were misclassified as firn in the RBC about the same
amount being misclassified as vegetation.

Vegetation
The surface class vegetation shows a great gap of accuracy in the MDC. While the UA in the
MDC is very high (about 89%), the PA is at a low level of about 47%. In the RBC, the
accuracy variation is much smaller: while 60% UA is lower compared to the MDC, the PA is
higher (about 53%). Regarding the number of obsercation points in this class, it becomes
obvious that this class is completely insufficiently represented.
70

3.3 Accuracy assessment

3.3.2 Difference between
classification

rule-based

and

supervised

In the following, a detailed view on the classification differences are given between MDC
carried out with PCI and the RBC performed with GRASS. Again, it is important to keep the
surface class values in mind. Since all pixels are classified in the MDC but transition zones
exist in the RBC, the classification had to be recoded to:
1
10
20
30
40
50

=
=
=
=
=
=

Transition zone
Vegetation
Snow
Firn
Rock
Ice & water

As Table 11, Tab 1 shows, about 47 % of the GRASS classified and the PCI classified raster
show no differences, representing an area of 16 mio. square meters. The main aberration,
about 21%, is a difference of 10. This means that in the MDC 7,59 mio. m² shift up by one
class in comparison to the RBC. For example: the RBC classified a pixel as rock (class value
= 40); this pixel was classified as ice (class value = 50) in the MDC. Only about 15 % (about
5 mio. m²) of the classified pixels show a shift down in the RBC classification by one class.
Taking a closer look at Table 11, Tab 2, the shift of the surface classes between the RBC and
the MDC becomes obvious. A detailed overview is presented in the following section.

Vegetation
Vegetation covers the smallest area in both classifications (MDC 4,57% and RBC 6,87%),
but the highest matching percentage of all classes (79,25%). A shift up of about 14 % to
snow can be noticed.

Snow
The snow cover in the MDC is about 23%, while in the RBC only 19% of the total surface
are classified as snow. 51,58% are classified the same by both classification methods. While
there was a significant shift up from vegetation to snow in the MDC, a vice versa shift down
from snow to vegetation (15%) is noticed. Again a shift up of about 35% in total is recorded.
An area of 7,7 mio m² is classified as firn, which is about an equal proportion (~15%) to the
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shift down proportion of snow in MDC, and an area of about 500.000m² (~10%) is even
classified as rock in the RBC.

Firn
This class is characterised by the largest differences and therefor the smallest conformity.
Only 15% of the pixels are classified identically, while about 70% are classified as snow
(34%) or rock (33,41%) in the RBC, each representing an area of about 2,6 mio m².

Rock
This surface class shows a relatively high conformity. About 67% (7,9 mio m²) match in
both classification methods. But again only a slight shift up is noticed: about 750.000 m²
shift from rock (MDC) to ice (RBC).
This surface class shares the biggest surface ratio in both results: approximately 36% in
MDC (12,9 mio m²) and 40% in RBC (14,5 mio m²).

Ice
While in the MDC the area classified as ice is about a quarter of the total area, only about
14% is classified as ice in the RBC. As a consequence the matching rate is at low level of
only slightly more than 40%. The greatest amount of mismatching can be found in the RBC
´s class rock (35%). Thus a clear shift down can be observed.

Transition zones
The relatively high percentage of transition zones per class is especially interesting: except
for vegetation and snow, the ratio of unclassified pixels is more than 10% per surface class,
representing a surface ratio of about 3,5 mio m² in total.

72

3.3 Accuracy assessment
Tab 1: Difference MDC – RBC
Classification

Pixel

difference

%

count

cover
0,13

-30

............................

47157

-20

............................

702529

1,96

-10

............................

4278957

11,93

0

............................

16954279

47,25

9

............................

25475

0,07

10

............................

7593234

21,16

19

............................

329497

0,92

20

............................

1882378

5,25

29

............................

854430

2,38

30

............................

830629

2,31

39

............................

1194988

3,33

40

............................

116858

0,33

49

............................

1070693

2,98

35881750

100

TOTAL
Tab 2: Difference MDC – RBC
Vegetation
As transition

1397620

3,9

...........................

25475

1,82

EQUAL

...........................

1107585

79,25

as snow

...........................

196788

14,08

as firn

...........................

49411

3,54

as rock

...........................

17715

1,27

as ice

...........................

646

0,05

Snow

4955421

13,81

As transition

...........................

329497

6,65

as vegetation

...........................

746782

15,07

EQUAL

...........................

2556181

51,58

as firn

...........................

778718

15,71

as rock

...........................

514801

10,39

as ice

...........................

29442

0,59

7634662

21,28

As transition

Firn
...........................

854430

11,19

as vegetation

...........................

332516

4,36

as snow

...........................

2602729

34,09

EQUAL

...........................

1156094

15,14

as rock

...........................

2550576

33,41

as ice

...........................

138317

1,81

Rock

11803689

32,9

...........................
...........................

1194988
161878

10,12
1,37

as snow

...........................

1072336

9,08

as firn

...........................

702309

5,95

EQUAL

...........................

7919303

67,09

as ice

...........................

752875

6,38

As transition
as vegetation

10090358

28,12

As transition

Ice
...........................

1070693

10,61

as vegetation

...........................

116858

1,16

as snow

...........................

668751

6,63

as firn

...........................

477526

4,73

as rock

...........................

3541414

35,1

EQUAL

...........................

4215116

41,77

Table 11: Classification differences between supervised classification using the
minimum distance algorithm (MDC) and the rule-based classification (RBC). Tab 1
depicts the classification differences from the RBC to the MDC. Tab 2 depicts the
differences of the RBC to the MDC per class. Highlighted areas represent no
differences in both classification methods. As the pixel size is set to 1m, the pixel
count equals the total area in m².
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3.3.3 Evaluation of surface classification HEF15 (summary)
The methods developed in this study show different accuracy levels, while the results of the
RBC exceed the MDC. Only about 47% of all pixels were classified identically. Most of the
aberration is a one class shift up or down. The main shift (about 21%) is one class up, e.g. an
area classified as rock in the MDC is classified as ice in the RBC. About 11% are classified
one class lower in the RBC than in the MDC (e.g. RBC class = snow; MDC class =
vegetation).
While the accuracy of the RBC ranges between satisfactory and moderate, the accuracies of
the MDC are unsatisfying, except for the surface class ice, which shows satisfactory PA
accuracies. Also, the kappa index of the RBC is twice the kappa index of the MDC.
Therefor, the RBC is about 65% better than one resulting from chance, while the MDC is
only 35% better.
The main reason for this is that class variability is not considered in the MDC. Thus, surface
classes made up of pixels with high variance tend to be farther away from the signatures
mean and hence are underclassified. "Inversely, a class with less variance, may tend to
overclassify, because the pixels that belong to the class are usually spectrally closer to their
mean than those of other classes to their means"(ERDAS, 2008). Conjuring up the density
distribution (Figure 22, Chapter 2.7.2) and the separability report (Table 5, Chapter 2.7.3)
the surface class ice shows the smallest variance. The MDC´s overclassification at the
surface class ice can clearly be seen on Figure 27 (dark blue areas outside the glacier
outline). Furthermore, the offset area between the RBC and the MDC in the surface class ice
is clearly visible in Table 7 in Chapter 2.7.5.
Especially when working with high resolution data, variability can be very high at small
scale. Due to this two facts, supervised classifications seem to be more suitable for multi
band images with lower resolution.
Conjuring up the separability report presented in Chapter 2.7.3, the classification results of
both methods show predicted outcomes. The separability index of firn-snow and firn-rock is
very low in both cases. Hence the accuracy is at the lowest level. Having the strongest
separability index, the most reliable surface class is ice, followed by rock, according to the
RBC. As can be seen from the difference report (Table 11, TAB 2), vegetation areas are the
most congruent of all classes, while in the accuracy report the results are quiet different.
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Figure 27: Classification differences of surface class ice and water at glacier snout of HEF15. Dark blue =
results of MDC classification, light blue = results from the RBC classification, black line = glacier outline.
Due to facts described in Chapter 3.3.3 the ice and water areas are over-classified in the MDC.

Simply because dry snow has strong reflectance and therefor high intensities, areas situated
mostly in the high attitudinal, shadowed parts of the test site were nearly identically
misclassified as vegetation by both methods. Additionally, the class vegetation is
insufficiently represented by the observation points. As a consequence, errors have a
stronger impact on the accuracy of the surface class vegetation than on other classes.
It is also shown that transition zones have great impact on the classification results. While in
the MDC all pixels are classified, in the RBC insecurity zones, where no clear declaration
can be made, are taken into account. Hence, nearly 10 % of the total study area and about
the same percentage in the MDC´s classes firn, rock and snow, are declared as transition
zones, representing a total area of about 3,5 mio m² in total. Since discrete areas with exactly
defined borders, can not always be determined in nature, taking transition zones into account
is the more reasonable approach. Furthermore, the great differences in the accuracy
assessment fortify the statement that it is more effective classifying only a fixed, more
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reliable range per class and leaving gaps (representing transition zones) than classifying the
whole image.
By definition, firn represents a snow cover that survived a complete ablation period. In this
study it could not be determined, weather a snow cover is firn or just snow that has a high
water content or bigger grain size. Especially in the tongue area, firn covers do not exist by
definition. In addition, some of the dry snow areas were classified as vegetation. Therefor
the classes should be defined as follows:
1
2
3
4
5

=
=
=
=
=

Vegetation and fresh snow
Snow
(Wet) snow and firn
Rock surfaces (bedrock and debris)
Ice & water bodies

Even though the RBC exceeds the MDC in accuracy, the MDC is less time-consuming.

3.4 Accuracy assessment for the HEF09 data set
Following the working structure of this study, the classification rules file derived from the
analysis in Chapter 2.7.2 is used to classify all the intensity rasters in the data set. But as the
accuracy assessment in the preceding chapter shows some, there is a strong need to examine
the accuracy for the other classified rasters. Unfortunately, only one supplementary ground
truth data available for the HEF09 data set. Correspondingly, another accuracy assessment is
carried out using the classified HEF09 intensity raster and ground truth data from the ortho
image.

3.4.1 Accuracy assessment for the transferred RBC using
HEF09 data set
Again, more than 200 points were connected to ground truth data and examined in a
confusion matrix. The results of this assessment are presented in Table 12 A.
The accuracy assessment of the classified HEF09 raster shows poorer accuracies than the
previous assessments. At first glance, an overall accuracy of about 70 % and a kappa index
of 0.50 appear equal to the results of the HEF15 accuracy assessment. But taking a closer
look, only 134 of 188 points were classified correctly. Even worse, there is no match
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between the reference data and the classified raster in the classes snow and firn. The nine
points that should have been classified as snow were misclassified as firn and rock. The
same happened to firn: nearly all of the observed points were misclassified as rock (15 out
of 19). Surprisingly, the classifier can claim 93% of all observed points to be correctly classified as rock. The only reasonable accuracies are achieved in the surface class ice: the UA
is quite high (about 94%), and a PA of 69,70% can be considered a reasonable result. But as
there is no match between two out of five surface classes, and the classification result is
totally inadequate, although having about the same overall accuracy (OAA) as the previous
assessments. Unfortunately, no additional ground truth data is available and the classification
method could not be tested on other rasters. Hence, the development of a rule-based classification that is transferable to a multi-temporal data set, which is one of the main objectives
of this thesis, could not be proven sufficiently.
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Table 12: Confusion matrix for HEF09 A) depicts the results of the transferred
rule-based classification and B) the results of RBC applied on the single data
set of HEF09.
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3.4.2 Accuracy assessment for the single RBC on HEF09 data
set
The same classification method produced in Chapter 2.7.2 is applied to the HEF09 data set
because the transfer of the RBC thresholds derived from the HEF15 data set was
unsatisfying.
The accuracy assessment (presented in Table 12 B) for this classification shows much better
results than the previous one. On the one hand, an OAA of 68,48% is lower than the one
derived at the HEF15 classification, but on the other it is much more reliable than the one
from the transferred RBC. Unfortunately, the kappa index is at a low level of only 55%,
similar to the accuracy assessment results of the RBC carried out on HEF15.
Again, vegetation is misclassified as firn 1 (corresponding to snow in the HEF15 classification), but at a lower percentage: Only two of eight observation points (25%) were falsely
classified, while in the HEF15 classification about 50% were misclassified.
Unfortunately, in the surface class firn 1 the shift towards vegetation exceeds the correctly
classified ones. Also the low number of observation points (only eight per class) in both
classes are deficient. Firn 1 represents the least accurate class in both, the PA and the UA
(37,5% PA and 21,34% UA). Slightly better results are achieved in the firn 2 class. 12 points
are classified correctly and seven are classified as firn 1, which is at least a familiar surface
class. Only three observation points are falsely classified as rock and ice.
Once again, relatively high accuracies are achieved in the surface classes rock and ice.
While the UA of rock is high (more than 80%), the PA lags at a lower level of 59,49%. Thus,
most misclassifications per class occur in the class ice. This is due to dirt layers on the ice
surface.
Like in other performed assessments, the surface class ice turns out to be very reliable: a PA
of 86,57% and an UA of 77,33% are quite good results.
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3.5 Sources of classification inaccuracies
Various factors influence the accuracy of the classification results.
One relevant factor is the raster generation from the input data. The single-cell intensity is
derived from the point data located within this cell. In most cases, as the point density is
about two points per m², more than one point measurement is used to define the raster cell´s
value. Figure 28 depicts an example of small-scale variability on the glacier surfaces and the
effect on the raster cell values. It is depicted that the surface variability in sub meter range
strongly affects the value of the generated raster cell. While the back-scattered energy of
beam A is at a high level, the energy of beam B is low. Since these points are used for the
raster generation, the raster cell´s value (the cell intensity) will be somewhere in between
these two measurements.

Figure 28: Example of small-scale variability affecting the intensity raster cell value. A and B = incident
laser beam including beam divergence (footprint). While the surface reflectance (intensity) for A is high
(snow/firn surface), B´s intensity is at low level (ice and water surface). Due to the beam divergence, the
received signal at A is made up of mixed echos.

Furthermore, the footprint of beam A contains snow/firn areas, as well as parts of an ice
surface. Hence, the received signal of beam A consists of mixed echos (mixels; see Chapter
1.6). Due to these influences, the intensity rasters, which are the input data of the
classification, already contain inaccurate surface information.
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The acquired intensity data is assumed to be lambertian in reflectance characteristics, which
is not always true. Spectral reflectance also occurs, especially on snow and firn surfaces.
Consequently, the intensity correction, which works on the assumption that the beam
reflectance at the surface is lambertian in character, was not always able to remove the
transitions between the flight strips properly. These strip transitions created steps in the
intensities leading to misclassification.

Figure 29: Sources of classification inacurracy as a result of missing or
inaccurate surface information. Above = classification results of HEF15
(RBC), below = corresponding ortho image.
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The classification is performed on high-resolution data. The accuracy assessment is carried
out by the help of high-resolution ortho images. Unfortunately, the level of detail in the
ortho image is not always sufficient, due to of illumination influences. Especially surface
elements such as small rocks could not be detected on the ortho image. Two examples are
depicted in Figure 29. The pixel in circle 1 is classified as rock, but no rock structures could
be detected in the ortho image. The ice and water classification in circle 2 may be from the
result of wet rock structures, which is also not detectable using the visual information of the
ortho image.
Another important factor is the applied accuracy assessment itself. As already stated in
Chapter 3.1, an accuracy assessment is a statistical method that expresses the relationship of
an observed point and the corresponding classification result. Therefor, results derived on
very local scale are used to make statements for the whole classified study area (regional
scale).

3.6 Limitations of intensity rasters
Despite the potentials, the use of intensity images in high mountain environments is limited
due to various factors:
On the one hand, the classification showed some good results for certain surface classes (ice
and water bodies, rock structures). On the other hand, there were high inaccuracies. These
inaccuracies resulted from surface reflectance irregularities, especially when examining the
snow and firn surface classes. Since the physical conditions of snow and firn covers, and
hence the reflectance, changed over time due to content of dirt, grain size and moisture
content, misclassification was caused. It was also impossible to determine whether high
reflectance values were caused by very dry, fresh snow or from firn crusts.
In addition, the reflectance of ice surfaces was effected by fine layers of dirt that increased
the intensity. Wet rock areas had decreased intensities and were therefor falsely classified as
ice or water bodies.
Furthermore, the determination of subclasses needed additional classification criteria
(surface smoothness/roughness, curvature), which could not be derived from intensity data.
Since the intensity is dependent on the range and the angle of incidence at the surface, the
signal strength is affected by these factors, causing a kind of salt and pepper effect.
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3.7 Potentials of intensity rasters
Intensity rasters yield potentials for surface classifications. Detailed surface information is
available due to the high resolution of the ALS data set. The main surface classes
(vegetation, snow, firn, rock and ice) in high mountain environments can be identified using
intensity rasters when reliable ground truth data is available. In some instances classification
results surpass those derived from ortho images.
When applying laser scanning as an active sensing method, the object illumination does not
influence the classification. Additionally, multiple overlapping flight paths are performed to
avoid data gaps and shadow effects (see Figure 31). Compared to traditional aerial
photography, intensity rasters derived from a multi-flight path campaign have no shadow
effects. Particularly in high mountain environments, large areas are covered by shadows,
having a strong impact on surface classifications performed on ortho images.

Figure 30: Braided river system in the east of the study area at different points of time. Yellow = HEF07
(September 2002), orange = HEF10 (September 2003), green = HEF11(October 2004), blue = HEF15
(August 2005).
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The separability between certain surface classes, such as between snow in general (without
determination of firn or ice) and ice is very good. Furthermore, the results of this thesis
show that the detection of ice and rock is at a high level. Since the detection of ice and water
bodies showed good results, the classification can supply useful information needed for
glaciological and hydrological questions. As presented in Figure 30, the flowline of the
braided river system in the study area was well-detected at different points in time. Even the
glacier outline could be identified properly (see Figure 27).
Beside the classification possibilities, intensity images yield other potentials: the generation
of intensity images is less time-consuming than the ortho generation, even when performing
an intensity correction, which is essential when working with intensity data. Even though
intensity images and ortho images compliment each other, they have useful synergistic
effects. The intensity image can be used for the determination of ground control points
needed in an ortho generation process and it can even be used to evaluate the accuracy of
ortho images (Xiaoye Liu and Zhenyu Zhang, 2008).Another advantage of ALS compared to
TLS or field campaigns is that dangerous field work in terrain that isn't easily accessible can
be avoided. Particularly in high mountain environments, data acquisitions covering large
areas are often impossible or can be very tim consuming and quite frequently dangerous,
while ALS campaigns are relatively fast and safe.
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Figure 31: Shadowing effects on aerial photos versus LiDAR intensity raster.
The strong influence of shadows on surface classification attempts using traditional orthi images in high
mountain environment is depicted.
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4.1 Conclusion
The goal of this diploma thesis was developing a surface classification using a rule-based
reclassification for multi-temporal intensity rasters derived from ALS. Furthermore,
potentials and limitations of a multi-temporal surface classification were examined.

1.1.1 Conclusions on data pre-processing
Before the classification process started, basic requirements such as a data pre-processing
had to be applied. The whole data set used in this study was corrected for intensity and was
normalized.
The intensity correction worked well in most cases, but was time-consuming. Since
intensities are influenced by various factors, such as the range, footprint, atmospheric
parameters, the angle of incidence and the topography, a correction is essential.
Nevertheless, in some cases misclassification is caused by strip transitions that have not
been eliminated precisely enough by the correction model.
Two different normalization methods were developed in this study: a normalization using a
factor adjustment and a normalization using a function adjustment, both showing good
results. The comparison of both methods showed that the normalization by function slightly
exceeds the factor normalization. Hence, the hypothesis that low and high intensities need
different normalization factors, represented by a functional connection, could be confirmed.
Although the normalization worked well, it is not precise enough in some cases.

1.1.2 Conclusions on surface classification
The developed classification method showed different results, depending on the surface
class. The best classification results were achieved in the surface classes ice & water and
rock, showing accuracies of about 80% in both the producer and user accuracy for the
HEF15 classification and a slightly lower producer accuracy in the HEF09´s rock
classification (about 60%). Snow surfaces could be detected with an average accuracy of
about 60% in the HEF15 data set. Firn surfaces could not sufficiently be detected because of
high reflectance variability caused by different moisture and dirt ratios.
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Because of a low separation index between firn and snow surfaces, the differentiation was
mostly not satisfying. On the other hand, since snow surfaces in general (without
determination into firn and snow) show good separability to other surfaces such as ice and
rock, snow surfaces are detected easily.
To evaluate the classification results of the two data sets (HEF15 and HEF09), existing and
new generated ortho images were used. The accuracy assessment of the HEF09 data set
using the transferred threshold rules from HEF15 showed an overall accuracy of less then
50%, which is indefensible. Unfortunately, only ground truth data existed for these two data
sets and therefor the multi-temporal surface classification could not be examined on other
data sets.
The classification method showed quiet good results with regards to surface classes, which
are relevant for the estimation of mass balance parameters (see diploma thesis by Erik
Bollmann 2009). Thus, the method was executed for 10 different rasters covering the period
between 2001 and 2008.

1.1.3 Conclusions regarding potentials and limitations
The most limiting factor, when working with intensity data was the variability in surface
reflectance. In particular the reflectance of snow and firn surfaces was highly variable and
dependent on grain size, moisture and dirt content.
Experience from working with high-resolution data (1m cell size) showed that small-scaled
variability, such as small rocks on snow or ice surfaces, have strong influences on the raster
cell´s intensity and, accordingly, on the classification result. Furthermore, discrete areas or
surface classes with exactly defined borders, could not always be determined in nature.
Hence, taking transition zones into account is the more realistic approach.
But on the other hand, intensity rasters have yielded large potentials: the highly accurate
data was processed swiftly and could supply a detailed overview on the surface structures.
Especially in high mountain environments, reliable ground control points, frequently needed
for the generation of ortho images, were often missing, but could be derived from intensity
images. Intensity images can therefor be used to improve and evaluate the accuracy of ortho
images. Vice versa, accurate ortho images help analyze the accuracy of surface
classifications derived from intensity data.
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4.2 Outlook
Due to the lack of reliable ground truth data, the developed classification method could not
be sufficiently evaluated on the multi-temporal data set. Therefor, there is a strong need for
accurate ortho images developed from aerial images, acquired simultaneously to the ALS
data. As stated in Chapter 2.7, aerial images and ortho images provide useful information
such as training areas used in the classification process.
Another interesting aspect for further studies is the comparison of a surface classification
derived from an ortho image with high resolution with one derived from intensity data in
high mountain environments.
To improve classification results of high mountain environments, the use of other earth
observation techniques, such as Terra SAR-X data, in addition to the intensity data, is
strongly recommended, because of synergistic effects. For example, many surface classes
show a significant difference between the NIR and the SWIR or actually within the NIR.
Furthermore, as Lutz states, "field observations should be conducted simultaneously with
ALS campaigns to precisely determinate the surface conditions affecting signal intensities
and thereby improving the classification methods" (Lutz et al., 2003, p. 97).
Pixel-based classification methods have considerable difficulties dealing with the high
information content of high-resolution data. As shown, the classification of high resolution
intensity rasters have limitations due to the facts described in this study. Thus, an objectorientated / knowledge-based surface classification can improve the classification results and
even help identify subclasses or single elements. For example, the surface class vegetation
does not appear above a certain elevation. Hence, snow-covered areas falsely classified as
vegetation due to the high reflectance will be classified correctly when taking the elevation
criteria into account. The inclusion of other EO- techniques may also support an objectorientated classification process.
Mixels (described in Chapter 1.) have influences on the pixel value and consequently on the
classification result. The detection of mixels can be achieved by comparing the intensity
raster (using the trim mean function) with one derived from maximum values and one
derived from minimum values. In areas with large differences between the trim mean raster
and the minimum or maximum raster, mixels are very likely and can be connected to the
surface class transition zone.
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Although the normalization method developed in this study shows good results, the
radiometric calibration of the intensities is strongly recommended. This can be done by
portable brightness calibration targets, which are laid out in the scanned area during the ALS
campaign. The reflectance of the target areas is known and therefor the intensities can be
calibrated. Studies by Kaasalainen et al. (2005) and Ahokas et al. (2006) dealing with this
method have shown good results, using 5x5 meter brightness targets with different calibrated
reflectance (S. Kaasalainen et al., 2009). However, calibration using these brightness targets
in high mountain environments faces several problems: the targets are susceptible to dirt and
transportation, and the designation of suitable placement areas can be difficult and time
consuming. Another intensity calibration is being carried out by Briese et al. (2009) in the
course of the c4austria project, using small calibration targets and in-situ measurements
acquired during the flight campaigns (work in progress).
The data acquisition of ALS data at the Hintereisferner started back in 2001. Today the data
set contains 17 flight campaigns, all carried out at glaciological relevant dates. The result is
an unique data set, used for glaciologically, geomorphological and hydrological questions
and the development of laser scanning applications. In consideration of the many innovative
methods developed using this data set, the continuation of ALS campaigns at the test site
Hintereisferner is strongly recommended.
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Appendix

Figure 32: Ortho- and intensity image of HEF15 (date: 07.08.2008) at 3100 m a.s.l.

Figure 33: Ortho image and hillshade of HEF15 (date: 07.08.2008) located at
glacier snout of Hintereisferner.
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Figure 34: Normalization results
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Figure 35: 3D view of surface classification (total study area) of HEF15
(07.08.2008)

Figure 36: 3D view on classified glacier surface of HEF15 (07.08.2008)
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Figure 37: 3D view of surface classification downwards the valley of HEF15
(07.08.2008)

Figure 38: 3D view of of intensity image (total study area) of HEF15 (07.08.2008)
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