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The aim of this Master’s thesis was to study the feasibility of different pattern recogni-
tion techniques for classification of wetland vegetation and ground cover from SAR
images. Use of pattern recognition and remote sensing techniques provides an efficient
and fast way to survey large areas of earth’s surface without time consuming and diffi-
cult field studies. Utilization of SAR-technology enables monitoring of the area regard-
less of time or weather conditions unlike passive radiometers operating in visible light
spectrum. The thesis is part of the biosphere modelling project of Posiva Oy, the in-
stance responsible for spent nuclear fuel disposal of the nuclear power plant in Olkiluo-
to.

The test data for the classification algorithms consisted of a SAR image obtained from
Lake Poosjérvi on 4™ of July 2014. Lake Poosjarvi is a small (area of 794 hectares) lake
located in the western part of Finland in the Satakunta region. Forest type at Lake
Poosjarvi is mainly mixed forest, and ground vegetation is dominated by sedges, water
horsetail, water lilies, pondweeds and reed. Seven classes were used in classification:
reed, reed in water, water horsetail, water, trees, sedge and yellow water lily.

In the thesis, the feasibility of four different classification algorithms was studied: Ran-
dom Forest, Support Vector Machine, Multilayer Perceptron ensemble and K-Nearest
Neighbor. Features used in classification were selected from image processing and re-
mote sensing literature. It was found, that the classification methods used in the thesis
were applicable to the task, and that texture-based features had significant positive im-
pact on classification results. The best classification results were achieved using the
Multilayer Perceptron ensemble classifier, though Random Forest and Support Vector
Machine produced good results as well. The question whether the classifiers were clas-
sifying the test data according to the properties of soil, ground cover or vegetation, re-
mains open.
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1. INTRODUCTION

The aim of this thesis is to study the feasibility of pattern recognition techniques for
classification of wetland vegetation and ground cover from remotely sensed SAR-
images. Remote sensing is information collection from remote objects without making
physical contact with them. Remote sensing is mainly referring to various space or air-
borne imaging techniques to survey the surface of the Earth. Co-operative use of remote
sensing and pattern recognition provides an efficient and fast way to survey large areas
of Earth’s surface without time consuming and difficult field studies.

The field of remote sensing can be divided into active and passive remote sensing. In
active remote sensing, imaged objects are illuminated with electromagnetic waves emit-
ted from an airplane or satellite (radar or LIDAR systems). Advantage of active radar
based remote sensing systems is that they are independent of time (night time operation
Is possible) and weather conditions (radar pulses can penetrate through clouds). In pas-
sive remote sensing, objects are observed by passively collecting electromagnetic waves
(camera systems) scattered from objects. Passive remote sensing systems operating in
visible or near visible light regions of the electromagnetic spectrum are prone for
weather and lighting conditions.

In this thesis, an active remote sensing technique called SAR is utilized. SAR is an ac-
ronym for Synthetic Aperture Radar. In general, SAR is a pulse radar operating in the
micro-wave region mounted on a moving platform like a satellite or an airplane. Contra-
ry to ordinary radar systems, SAR is capable of producing fine resolution images from
imaged objects by utilizing digital signal processing techniques. The result of SAR im-
aging is a 2D image, where brightness of each pixel corresponds to the intensity of
backscattered radio wave pulse.

Another topic discussed in the thesis is machine learning and pattern recognition. Pat-
tern recognition is a branch of machine learning, in which the goal is to discover regu-
larities in the data in order to provide some useful information about the target the data
was acquired from. A pattern recognition algorithm consists of a mathematical model
and model parameters. The aim is to fit the model parameters to data in such a way that
reliable predictions can be made for new unseen data in a particular task. Usually model
parameters are tuned by using some heuristic search/optimization methods. Pattern
recognition techniques have been utilized in very diverse range of applications: comput-
er aided medical diagnosis, speech recognition, spam filters and optical character recog-
nition, just to name a few.



In this thesis, four different pattern recognition algorithms are used to classify vegeta-
tion and ground cover from a SAR-image. The SAR-image was acquired by the Ter-
raSAR-X satellite from Lake Poosjarvi. Lake Poosjarvi is a small (area of 794 hectares)
lake located in the western part of Finland in the Satakunta region. The forest type at
Lake Poosjarvi is mainly mixed forest, and ground vegetation is dominated by sedges,
water horsetail, water lilies, pondweeds and reed. In the classification of ground cover
and vegetation seven different classes were used: reed, reed in water, water horsetail,
water, trees, sedge and yellow water lily.

The goal behind vegetation and ground cover classification is to be able to calculate
biomass amounts automatically from the SAR image acquired from Lake Poosjarvi.
Biomass calculation is a part of the biosphere modelling project of Posiva Oy, the in-
stance responsible for spent nuclear fuel disposal of the nuclear power plant in OlIKi-
luoto. Lake Poosjarvi is of interest since it is expected that a lake with similar condi-
tions will be formed also in Olkiluoto in the vicinity of the spent nuclear fuel disposal
cave as a result of post-glacial land uplift. The aim of biosphere modelling is to predict
how much radioactive particles will end up into the ecosystem and human food chain in
the case of hypothetical radioactive particle leakage from the disposal cave.

Contents of the thesis are organized as follows: the principle of SAR is described in
chapter 2, the theory of pattern recognition and used pattern recognition techniques are
discussed in chapter 3, the test area and data, features, parameters of classifiers and re-
sults are described in chapter 4, conclusions are represented in chapter 5.



2. EARTH OBSERVATION WITH TERRASAR-X

The earliest remote sensing applications for Earth surface observation were aerial pho-
tographs taken from airborne platforms like balloons or early airplanes. The first aerial
photographs were taken from Paris in 1858 by balloonist named G. Tournachon. Alt-
hough aerial photographs were available as early as 1858, the field of aerial photog-
raphy remained quite undeveloped until World War 1, when military reconnaissance
purposes started to drive the field forward. Next big leap in remote sensing technology
was the development of satellites in the latter half of the 20™ century. Before satellites,
remote sensing of the Earth was mainly conducted locally with airplanes. Satellite tech-
nology moved perspective in remote sensing from local scale to global and even extra-
terrestrial scale. For example, NASA Magellan spacecraft has provided topographic
maps from Venus using synthetic aperture radar (SAR). The field of remote sensing has
grown steadily, and nowadays remotely sensed data is sold also on commercial markets
whereas in the early days of remote sensing data were only available for military and
scientific purposes. [1]

Spaceborne remote sensing of the Earth’s surface has its roots in military technology
and NASA satellites launched in 1960s. First remote sensing satellites employed optical
cameras and passive radiometers as imaging devices. In 1972, NASA launched the first
Landsat satellite, which was capable of optical imaging using visible light and infrared
spectral bands. The launch of Landsat 1 was followed by the series of launches of Land-
sat 2, Landsat 3 and Landsat 4 in 1975, 1978 and 1982, respectively. The most recent
satellite, Landsat 8, was launched in 2013. Landsats are operating in visible light and
infrared bands and, because of this, are easily disturbed by weather (clouds) and lighting
conditions (lack of solar illumination). This is a common issue in all sensors operating
at visible light wavelengths; operation of these satellites is restricted only for daytime
and for good weather conditions. These limitations can be overcome by using active
microwave radars instead of passive radiometers. Radar pulses with longer wavelength
(microwaves) are able to penetrate through the cloud coverage, and active target illumi-
nation used in radar systems enables operation also during the night time. One of the
commonly used imaging radar techniques is called Synthetic Aperture Radar (SAR),
which is very feasible especially on spaceborne platforms. [2]

The history of spaceborne civilian SAR-satellites begins on June 1978 when NASA
launched the SEASAT satellite. The satellite operated only for 106 days until short-
circuit in the satellite’s electrical systems ended the mission on 10™ of October 1978.
Although the technology of the satellite was quite unsophisticated and it operated only
for 106 days, it proved that the SAR-concept was feasible for future missions. SEASAT



was followed by SIR-A and SIR-B space shuttle missions in 1981 and 1984, respective-
ly. The 1980s were mainly dominated by space shuttle based missions utilizing deriva-
tives of the SEASAT radar. During 1980s, only one SAR-satellite, the Soviet 1870
SAR, was launched to orbit. The era of SAR-satellites actually started in 1990s, when
five separate SAR-satellites were launched along with the interplanetary spacecraft Ma-
gellan SAR. Nowadays SAR technology has been utilized for more than 30 years in a
large range of remote sensing applications like geoscience, climate research, environ-
mental monitoring, 2D and 3D mapping, ice monitoring and oceanography. [2] [3]

2.1 Synthetic Aperture Radar Imaging

RADAR is an acronym for RAdio Detection And Ranging. Radars are self-illuminating
remote object-detection systems, which utilize radio- or microwave regions of the elec-
tromagnetic spectrum in their operation. Applications of modern radar systems are very
diverse: military applications, outer space observation, meteorology, remote sensing,
marine radars, ocean surveillance, geological ground observation etc. [4]

First radars were developed in 1920s for ship and aircraft detection purposes. First pulse
radar systems were developed simultaneously in 1930s in the United States, Germany
and Great Britain. History of SAR begins in 1951 when the “Doppler beam-sharpening”
concept was invented by Carl Wiley of Goodyear Corporation. The first experimental
airborne SAR-system was built in Goodyear research facility in Litchfield, Arizona. The
system was bolted on a DC-3 aircraft, and it took its first flight in 1953. The first civil-
ian spaceborne SAR-satellite, NASA SEASAT, was launched in 1978. [4][2]

The block diagram of a typical pulse radar system is illustrated in Figure 1. Generally,
pulse radar systems consist of antenna, transmitter, receiver, data recorder and display
device. The transmitter generates high power radio wave pulse, which is directed to the
antenna. The antenna transmits the pulse towards an object to be observed. Some por-
tion of the transmitted pulse is then backscattered from the observed object back to the
antenna. This received pulse is directed from the antenna to the receiver, which converts
it into a digital number. Received data is stored by the data recorder for further analysis,
processing and display. By measuring the time difference between the transmitted pulse
and the received echo, the distance between the radar and the illuminated object can be
determined. The purpose of the switch in the system is to allow the use of a single an-
tenna; it disconnects the receiver from the antenna during the pulse transmission. Oth-
erwise, if the high power pulse were allowed to enter the receiver, the receiver could be
damaged. [4]

In Synthetic Aperture Radar (SAR) systems, a pulse radar is attached to moving plat-
form like an aircraft or a satellite to provide remote sensing images from the Earth. A
typical SAR system consists of conventional pulse radar building blocks such as anten-
na, transmitter, receiver, data collection system and signal processor. The result from



SAR imaging is a two dimensional reflectivity image, where bright spots are identified
as targets with high reflectivity (in the sense of radio waves), and dark spots as targets
with low reflectivity. An example of remotely sensed SAR-image is shown in Figure 2.
Major benefit of SAR imaging compared to optical sensors is its independence of
weather and lighting conditions. Also, the resolution of SAR systems today is sufficient
for high-precision applications and is comparable with optical imaging systems. For
instance, TerraSAR-X satellite operating in spotlight mode can provide maximum reso-
lution of up to 1 meter. [5]

Transmitter

L

Switch E— —

Radar pulse

Receiver - Antenna

A

Data Recorder Processor Display

Figure 1 Block diagram of pulse radar system

Figure 2 First TerraSAR-X image: Tsimlyanskoye Impounding Reservoir in Russia [6]

In SAR, forward motion of an aircraft or a satellite is combined with signal processing
in order to “synthetize” longer antennas than would be physically feasible to implement.
This enables SAR to achieve good azimuth resolution with reasonable antenna lengths



independent of the altitude of the platform. This is based on the fact, that when the alti-
tude of the platform is increased, the beam width on the ground is also increased, which
further increases the illumination time T. These two factors balance each other resulting
constant azimuth resolution independent of altitude. This property of SAR makes the
technology feasible in high-altitude platforms like satellites. Practically, achievable az-
imuth resolution in SAR systems is approximately %2 of the actual (real) antenna length.

[41[5][7]

The principle of SAR is illustrated in Figure 3 Illustration of the SAR principleFigure 3:
when the platform (satellite) is moving along its flight path, the SAR is simultaneously
transmitting successive electromagnetic pulses to the ground. When the transmitted
pulse reaches the ground, some portion of pulse energy is scattered back to the receiver.
Magnitudes and phases of these backscattered pulses are stored into system memory
and the SAR-image is computed based on this information. [4][5]

Synthetic antenna length v*T ‘

- -
-

Azimuth

Target

Figure 3 Illustration of the SAR principle

In Figure 3, during the time period T, amplitude and phase information of received
pulses are stored in positions A-D. This information is further used with the aid of sig-
nal processing to form an image of the target. The time period T is called illumination
time, i.e., the time during which the target is within the radar beam. The length of the
synthetic antenna is v = T, where v is the velocity of the platform. [4][5]



2.1.1 Imaging Geometry

The imaging geometry of SAR is illustrated in Figure 4Virhe. Viitteen lahdetta ei 10y-
tynyt.. The platform is moving at height H with velocity vs,gz. The antenna beam is
aimed to the ground with an angle of incidence 8,. The antenna of SAR is arranged
perpendicular to the flight direction, which is referred as azimuth direction. The imaging
direction is called as slant range direction (R,). The area illuminated on the ground by
the antenna beam is called the antenna footprint. During the forward movement of the
platform, the antenna footprint is swiping a strip on the ground, called radar swath. In
airborne SAR systems, the radar swath width is typically from a few kilometers to 20
km. In spaceborne systems, the swath width ranges from 30 km to 500 km. [8]

-
ntenna™===—___-
footprint - \ -

-"?ﬁ'd - i
B | -
"’]"’aﬁ,l, . gt mf‘l'% ﬁr'

Figure 4 SAR imaging geometry [8]

An important aspect having great influence on SAR imaging quality is the spatial reso-
lution of the system. The spatial resolution defines the ability of the SAR system to dis-
tinguish two closely positioned scatterers on the ground. Slant-range resolution of the

SAR system is denoted as &, = é, which is inversely proportional to the system band-
width B (c is speed of light). Azimuth resolution, denoted as §,, is half of the actual
(real) antenna length according to §, = dz—“, where d, is the antenna length. The equa-

tion for azimuth resolution implies that the shorter the antenna, the better the azimuth
resolution. This counterintuitive result is based on the fact that radar beam width on the
ground increases when the length of the real antenna decreases. This further means



longer illumination time T and longer synthetic antenna length, which increases the az-
imuth resolution. [5]

2.1.2 Pulse Transmission and Receiving

SAR-systems are operating in the microwave region of the electromagnetic spectrum.
This region is commonly divided into 7 bands listed in the Table 1 Commonly used
frequency bands for SAR systems [5]Table 1.

Table 1 Commonly used frequency bands for SAR systems [5]

Frequency Band Ka Ku X C S L P
Frequency [GHz] 40-25 17.6-12 12-7.5 7.5-3.75 3.75-2 2-1 0.5-0.25
Wavelength [cm] 0.75-1.2 1.7-25 254 4-8 8-15 15-30 60-120

For example, different bands can be used in the following applications:

e P-and L-band - foliage penetration, subsurface imaging, biomass estimation
e L-, C- S-and X-band - agriculture, ocean, ice or subsidence monitoring

¢ X-and Ku-band - snow monitoring

e X-and Ka-band - very high-resolution imaging.

The most frequently used bands in common applications are the L-, C- and X-bands. As
a rule of thumb, the longer the wavelength, the better the penetration of the radar pulse
through the atmosphere. [5]

In radar systems, short pulse time is preferable, because it improves the slant range reso-
lution. Unfortunately, short pulse time also decreases the average power, which has
negative impact to signal detectability and measurement precision. These two conflict-
ing requirements cannot be fulfilled at the same time in radar systems employing stand-
ard sinusoidal pulse form; improvement in resolution always decreases the average
power. Due to that, so-called chirp pulse is used; it offers signal detectability of long-
pulse radar system as well as good slant range resolution. The chirp signal is a frequen-
cy modulated constant amplitude pulse and it’s instantaneous frequency is usually var-
ied linearly according to f; = kt, where k is the chirp rate. Bandwidth B of a chirp
pulse is denoted as B = krt. lllustration of the chirp pulse is shown in Figure 5Virhe.
Viitteen lahdetta ei [6ytynyt.. Chirp pulses are transmitted from radar in constant time
intervals. Pulse transmission is followed by the echo window time, when the radar lis-
tens backscattered echoes from the transmitted pulse. This interval is called Pulse Repe-
tition Interval (PRI) and it is measured in seconds. The reciprocal of PRI is the Pulse
Repetition Frequency (PRF) measured in Hz. [4][5]
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Figure 5 Chirp pulse

The amplitude and phase of the backscattered pulses are highly dependent on the geo-
metrical and electrical properties of an imaged object, as well as SAR system parame-
ters such as frequency, polarization and incidence angle of emitted electromagnetic
waves. For instance, calm sea surface appears dark (low intensity) in SAR images since
most of the pulse energy is reflected away. On the other hand, many manmade objects,
like high rising buildings, tend to appear as very bright spots in the SAR image due to
the double-bounce reflection effect. [4][5][8]

2.1.3 SAR Signal Processing

Signal processor is the heart of a SAR system; the synthetic antenna is formed by using
digital signal processing techniques. The received radar echoes are stored in a 2-
dimensional complex valued data matrix, where real parts represent magnitude and im-
aginary parts phase information. Columns of the matrix correspond to range direction
and rows to azimuth direction. The raw SAR-data in the matrix are transformed into
human interpretable form with signal processing. In Figure 6, a raw unprocessed SAR-
data matrix is illustrated; the information from an imaged target is spread out both in
range and azimuth directions. [2][5]

Two main approaches exist for SAR processing: the Two-dimension Algorithm and the
Range Doppler Processing Algorithm. The difference between the two is that the Two-
dimensional Algorithm processes range and azimuth data simultaneously while the
Range Doppler Algorithm handles them separately. The Range Doppler Algorithm is
more commonly used since it is computationally more efficient due to utilization of the
Fast Fourier Transform (FFT). [5]
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SAR signal processing with the Range Doppler Algorithm consists of two matched fil-
ter operations: range compression and azimuth compression (Figure 7Virhe. Viitteen
lahdetta ei 16ytynyt.). The first step, range compression, transforms transmitted chirp
signal into a short pulse. This results in range compressed image, which reveals only the
information about relative range distances between the radar and the ground objects.
The second step, the azimuth compression, compresses the signals in the azimuth direc-
tion resulting in the final SAR image. All these operations are computed as multiplica-
tions in the frequency domain instead of convolutions in the time domain to decrease
computational load of the algorithm (utilization of FFT). The effect of range and azi-
muth compression on raw SAR data is shown in Figure 8. [4][5]

Raw SAR data

s

Range
compressed data

e

Range
compression

SAR image

Azimuth
compression

Figure 7 SAR processing steps with the Range Doppler Algorithm
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Figure 8 SAR images taken on 15" of April 1994 from the tip of Cape Cod. Image (1)

illustrates raw SAR data where pulse energy is spread out both in range and azimuth

directions, (2) presents the image after the range compression, (3) presents fully pro-
cessed image (after both range and azimuth compression) [2]

2.1.4 Imaging Modes

Modern SAR systems are capable of producing remote sensing imagery in different
imaging modes by steering the radar beam. Imaging mode selection is a tradeoff be-
tween the resolution and the size of the imaged area; the better the resolution, the small-
er is the imaged area. Three commonly used imaging modes, Stripmap, ScanSAR and
Spotlight, are illustrated in Figure 9. [5]
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Figure 9 SAR imaging modes. (a) Stripmap, (b) ScanSAR, (c) Spotlight [5]
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The basic imaging mode is the Stripmap mode shown in Figure 9 (a). In the Stripmap
mode, the radar beam is scanning a single continuous strip along the flight path of the
platform. Figure 9 (b) illustrates the ScanSAR mode which can be utilized if larger im-
aged area is required. In the ScanSAR mode, the radar beam is steered in order to pro-
duce multiple sub-swaths resulting in larger total area than in the Stripmap mode. Wider
swath in the ScanSAR mode is achieved at the expense of resolution. If higher precision
is required, the Spotlight mode shown in Figure 9 (c) offers the best resolution among
all the three imaging modes. In the Spotlight mode, the radar beam is steered to a single
fixed point to achieve long illumination time, resulting in increased synthetic aperture
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length and higher resolution. The disadvantage of the Spotlight mode is smaller imaged
area since only a single spot is imaged instead of continuous swath. [5]

2.1.5 Geometrical Distortions and Speckle Noise

Geometrical distortions are distortions in SAR images induced by the side-looking im-
aging geometry of SAR. These distortions occur because SAR is measuring distance
between the radar and ground objects in slant range direction instead of true horizontal
direction (ground range direction). Three specific sources of distortions are called fore-
shortening, layover and radar shadow. These distortions are illustrated in Figure 10,
Figure 11 and Figure 12, respectively. [8]

Figure 10 Foreshortening distortion [8] Figure 11 Layover distortion [8]

The foreshortening distortion is illustrated in Figure 10. Foreshortening is a dominant
distortion in mountainous areas and it occurs especially with steep-looking spaceborne
SAR sensors. In foreshortening distortion, the distance between two points located on a
fore slope of a mountain appears to be smaller than it actually is. In Figure 10, all three
points A, B and C are equally spaced in x-direction, but in SAR image, 4’ and B’ appear
to be considerably closer to each other than B’ and C". [8]

The layover distortion is illustrated in Figure 11. In the layover distortion, the ordering
of objects in SAR image is reversed compared to true ordering of objects on the ground.
The influence of this phenomenon can be seen from Figure 11, where the horizontal
ordering of A and B is reversed in the SAR image (AB -> B’A4’). This occurs in the case
of very steep slope, because the top of the mountain is closer to the SAR sensor than the
objects on the ground. [8]
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Figure 12 Radar shadow [8]

The radar shadow distortion is illustrated in Figure 12. In the radar shadow distortion,
some parts of the Earth’s surface are “shadowed”; these regions appear as zero signal
(system noise is present) in SAR image. The radar shadow distortion occurs because
radar cannot “see” behind the slopes that are in steeper angle than the SAR sensor de-
pression angle 8. In Figure 12, the segment between B and C appears in SAR image as
shadow between points B’ and C’. [8]

Another source of errors in SAR-images is the speckle noise illustrated in Figure 13. In
fact, speckle is not a noise; it is a physical measurement of the resolution cell structure.
Speckle cannot be reduced by increasing the transmit power since its variance increases
with intensity. Speckle arises when there exist multiple randomly distributed scatterers
within a single resolution cell (Figure 13). The signal scattered back to the antenna is a
coherent sum of these multiple scatterings. Speckle phenomenon results strong fluctua-
tions in amplitudes and phases from one resolution cell to another appearing as grainy
texture in SAR images. Because of speckle, amplitudes and phases in SAR images are
not deterministic; they follow exponential and uniform distribution, respectively. [5]

m\ '.\ Im
e \
l" . A\

Image Pixel 1 Image Pixel 2

Figure 13 Speckle. The two squares represent resolution cells. In each resolution cell
there exists random distribution of scatterers, which results variation in amplitudes and
phases from pixel to pixel. [5]
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2.1.6 SAR Data Preprocessing and Correction

SAR images obtained from different imaging directions are not comparable without
radiometric calibration; pixel intensity values differ between images taken with different
imagining angles. In order to make the images compatible with each other, radiometric
calibration is conducted.

TerraSAR-X data are delivered in binary format. The data are stored in a folder struc-
ture, which includes separate files for metadata (xml) and the radar data. The radar data
are in complex form consisting of real and imaginary parts. Processing of the radar data
is implemented with Sentinel-1 toolbox, which is a dedicated program for TerraSAR-X
data calibration. Sentinel-1 toolbox accepts complex data only in polar form, thus polar
form conversion must be made prior to importing the data into Sentinel-1.

Terrain correction is calculated in Sentinel-1 according to the following equation:
0° = B, sin By,

where 6,,. is the angle between the radar pulse and the ground (terrain model required),
and

Bo = ks|DN|?

where DN is the digital number (magnitude of a complex number), and k; is the calibra-
tion coefficient given by the satellite operator. Intensity of the radar echo is denoted by
0. Calculated radar echo intensities, ¢, are exported into geotiff (.tif) file format. In-
terpolation of the data is handled in Sentinel-1 concurrently during exporting. Different
interpolation methods, like Nearest Neighbour (NN), for example, are available.

[9]

2.2 TerraSAR-X Satellite Program

TerraSAR-X is a German satellite program implemented in public-private cooperation
between German Aerospace Center (DLR) and EADS Astrium GmbH. The objective of
the satellite program is to supply high-quality remote sensing radar data both for public
and private sector institutions. The DLR is responsible for operation and development
of the satellite system as well as receiving, archiving and processing of the radar data.
On the other hand, EADS Astrium is responsible for marketing and commercial utiliza-
tion of the satellite data and products. In exchange for commercial utilization rights,
EADS Astrium is taking part in operation costs and has funded the development of the
satellite.
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TerraSAR-X satellite was launched from the Russian spaceport Baikonur on June 15",
2007. It was fully operational at the beginning of 2008. Since that, TerraSAR-X has
inspected the surface of the Earth from its 514 km height orbit and supplied information
for both scientific and commercial purposes. The orbit is selected in such a way, that the
satellite is moving along the day-night boundary of the Earth, and thus always keeps the
same side towards the sun. In this way optimal power supply is guaranteed for the satel-
lite. All the regions of the Earth are imaged during the 11 day cycle. Using different
imaging angles, certain points on the Earth can be targeted within 2 to 4 days.

Figure 14 TerraSAR-X satellite [10]

TerraSAR-X is 5 m long and 2.4 m wide, and it weights approximately 1.3 tons. On one
side of its hexagonal shaped frame (Figure 14 TerraSAR-X satelliteFigure 14), it is car-
rying 5 m long and 80 cm wide radar antenna. Energy required for the satellite’s opera-
tion is generated with gallium arsenide solar cells, which are fitted on another side of
the satellite’s frame in the same manner as the radar antenna. Position control of the
satellite is handled with star sensors and a GPS receiver. Technical specifications of
TerraSAR-X can be seen from Table 2.

The primary payload of the satellite is the Synthetic Aperture Radar (SAR), which is
operating in the X-band at the frequency of 9.65 GHz (wavelength of ~3 cm). The radar
antenna consists of 384 transmit/receive modules, and it can operate in H (horizontal)
and V (vertical) polarizations. The radar beam can be controlled by 0.75° in the flight
direction and by 20° in the direction perpendicular to the flight direction. The data gath-
ered are stored in 256 Gbit mass storage system, and it is transmitted to the ground sta-
tion via 300 Mbit/s downlink. Three different imaging modes are available:
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e Spotlight Mode: 5-10 by 10 kilometres area is recorded with a maximum reso-
lution of up to 1 meter.

e Stripmap Mode: 30 kilometres wide and maximum 1500 kilometres long strip
is recorded with a resolution of 3 meters.

e ScanSAR mode: 100 kilometres wide and maximum 1500 kilometres long strip
is recorded with a resolution of 18 metres.

Table 2 Technical specifications of TerraSAR-X

TerraSAR-X

Launch June 15th, 2007

Site Baikonur, Kazakhstan

Launch vehicle DNEPR-1

Orbit height 514 kilometers

Inclination 97.44 degree

Satellite mass approx. 1.230 kilogram

Satellite size 5 meters height by 2.4 meters
diameter

Radar frequency 9.65 GHz

Energy consumption | 800 watt (Average)

Mission operation German Space Operations Cen-
ter, Oberpfaffenhofen

Satellite command DLR Ground Station, Weilheim

Data reception DLR Ground Station, Neustrelitz

In addition to the Synthetic Aperture Radar, the primary payload, two experimental de-
vices are also mounted on the satellite: the Laser Communication Terminal (LCT) and
the IGOR dual frequency GPS receiver. LCT is a device used to experiment rapid opti-
cal data transfer in space between the two satellites TerraSAR-X and NFIRE. IGOR is a
device used for determination of satellite’s orbit with an accuracy of a few
centimetres.[6]
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3. PATTERN RECOGNITION AND CLASSIFICA-
TION METHODS IN REMOTE SENSING DATA
ANALYSIS

Pattern recognition (PR) is a branch of machine learning (ML). Roots of machine learn-
ing are in the field of artificial intelligence (Al), which began to develop in 1950s, when
the first digital computers were invented. Increased computational power due to the
invention of digital computers made it possible for scientists to start exploring computa-
tionally demanding Al algorithms, which were earlier out of human labor scope. The
first Al algorithms employed symbolic methods or simple linear models like percep-
trons. In 1980s, ML and PR began to drift apart from the field of Al, because research-
ers in the Al started to focus more on logical approaches, whereas the field of ML and
PR moved towards solving practical problems with statistical and probabilistic methods.
[11][12][13]

The goal of pattern recognition is to discover regularities in the data in order to provide
useful information about the phenomenon the data is acquired from. PR techniques have
been utilized in a very diverse range of applications: computer aided medical diagnosis,
speech recognition, spam filters and optical character recognition, just to name a few.
Although PR, ML and Al are considered nowadays separate fields, clear discrimination
between them is difficult in many cases, since many overlapping methods are still used.
In general, PR and ML are focusing more on solving specific practical problems, like
image classification and face recognition, whereas the aim of Al is to develop “ideally
intelligent” machines, like self-driving cars or chess playing algorithms. [11][12][13]

The aim in pattern recognition is to fit a mathematical model to the data at hand in such
a way that some performance measure, such as correct classification rate, for example,
is maximized. A PR model can be described as a function y(x), which takes x as an
input vector and maps it to an output vector y. When establishing a pattern recognition
system, usually the first step is to select a suitable model for the given task. The next
step is to find model parameters having the best fit to the data, i.e., to find a parameter
set, which enables the system to make accurate predictions for new unseen data. It is
said that the system is capable to generalize, when it is able to make precise predictions
for unseen data. [14]

Mitchell describes the machine learning property of a computer program in the follow-
ing way: “A computer program is said to learn from experience E with respect to some
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class of tasks T and performance measure P, if its performance at tasks in T, as meas-
ured by P, improves with experience E.” [15]

As an example, the task T could be to classify oranges and bananas according to their
color, in which case the experience E could be the labelled data set of fruits and their
colors < fruit, color >, and performance P could be the percentage of correctly classi-
fied fruits. In PR, this labelled data set E is called the training data set. The training data
set is used to find model parameters giving the best performance with respect to P, i.e.,
to enable the system to generalize. The ability to generalize is essential for PR systems,
since only minor fraction of all possible input data vectors can be included into the
training data set. [14]

3.1 Models

Models play the central role in machine learning and pattern recognition applications
since model selection has very significant impact on how well the system is able to per-
form. The model parameters are usually defined using some numerical and heuristic
methods, because mathematically exact solutions are not available for most of the prob-
lems. This means that it is not guaranteed that the best parameters (global optimum) are
ever found for a given problem. Fortunately, this is more theoretical than a practical
issue, and machine learning techniques are still very feasible in practical problems. [16]

Large number of different machine learning algorithms exist and they can be grouped in
many different ways. One approach is to divide them into three categories: geometric
models, probabilistic models, and logical models. [16]

Geometric models are constructed using geometrical concepts such as lines, planes and
distances. One great advantage of geometric models is that they are easy to visualize
and interpret. Of course, the interpretation of geometric models is strongly dependent on
the dimensionality of the data; two or three dimensions are easy to understand for hu-
man brains, but higher dimensions are causing great difficulties to our imagination.
However, despite our limited capacity to understand high-dimensional spaces, they oc-
cur often in machine learning applications. Some examples of geometric models are the
nearest-neighbor classifier, linear models and the K-means clustering algorithm. [16]

Probabilistic models are based on theories derived from the field of probability and sta-
tistics. Statistical pattern recognition methods are assuming that there exists some ran-
dom process, which is generating the data according to some unknown probability dis-
tribution. The goal is to find out more information about this unknown distribution us-
ing probabilistic models and the data. Gaussian mixture models, the naive Bayesian
classifier and Bayesian networks are examples of probabilistic models. [16]
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Logical models are employing rules and logical deduction to make predictions. They are
more algorithmic in nature than probabilistic and geometric models, deriving a lot of
inspiration from computer sciences and engineering. The advantage of logical models is
that the rules they are using are easy to understand. For instance, the rules can be orga-
nized into a tree-like structure, which is easy to interpret for humans. Some very popu-
lar logical models are decision trees and random forests. [16]

For all machine learning models there exist two universal characteristics: bias and vari-
ance. The bias of a model defines how expressive and flexible it is. The variance defines
how sensitive the model is for small fluctuations in the training data. For example, high-
bias and low-variance models, such as linear classifiers, are robust to random variations
in the training data, but they suffer from lack of expressivity. On the other hand, low-
bias and high-variance models, such as neural networks, for example, are capable to
model very complex problems, but they suffer from high variance; small variations in
the training data can result in totally different models. Therefore, model selection is
always a tradeoff between bias and variance. This phenomenon is called bias-variance
dilemma. [16]

3.2 Features

Features are important aspect in machine learning applications. They mainly define how
successful a certain machine learning application can be, since classification perfor-
mance of a model is strongly related to features. A good feature set contains information
that makes it easy to discriminate between classes. More precisely, features are map-
pings f; = X = F; from input space X to the feature domain F;. Common feature do-
mains are real or integer numbers, but feature domains like Booleans or colors can also
be used. Features can be manipulated in many different ways; domain of a feature can
be changed via discretization, optimization can be utilized to select a good feature sub-
set or transformations such as principal component analysis can be applied. [16]

Features are divided into three groups based on their domain:

e Quantitative features (continuous) are mappings into real numbers.

e Ordinal features are mappings into some totally ordered set, such as characters
or strings. Although ordering is included in this feature type, it does not need to
have numerical scale.

e Categorical features are mappings into a set, which does not have either order-
ing or scale. For example, Boolean features are categorical.

Different models are able to handle different feature types. For instance, decision trees
can deal with all types of features, Naive Bayes classifier is able to handle only categor-
ical features (ordinal features are treated as categorical ones), and many geometrical
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models, like the K-means algorithm with Euclidean metric, can only handle quantitative
features. [16]

Sometimes it is necessary to reduce the number of features because some PR models are
sensitive to high number of features (high dimensional data). Feature reduction serves
several purposes: it avoids overfitting and it may increase interpretability of the data in
some cases. The need for feature reduction is dependent on the classification algorithm
used and the number of features. For example, some classification algorithms, like deci-
sion trees, have built-in functionality for feature selection, and therefore no external
feature reduction methods are required. Feature reduction can be implemented either by
selecting a good subset of features from the original feature set or by applying some
transformation like Principal Component Analysis (PCA) to the original feature space.
In both cases, the aim is to represent the data in reduced number of dimensions. [13]

3.3 Supervised and Unsupervised Learning

Depending on the type of the training data, two learning paradigms exist in the field of
machine learning: supervised learning and unsupervised learning. In supervised learn-
ing, all training patterns are labelled; each training pattern has a desired output value
attached to it. If the output values are discrete (classes), the learning task is called clas-
sification. If the output values are continuous, the task is called regression. On the other
hand, in unsupervised learning the training data consists of patterns without desired out-
put values. The goal of unsupervised learning is to find some underlying structures
within the data set. Clustering is an unsupervised learning method, the objective of
which is to form clusters of similar input patterns. Density estimation is another unsu-
pervised method which is used to determine the distribution of the data. Unsupervised
learning techniques can also be utilized for visualization purposes to project high-
dimensional data down to two or three dimensions (like in the case of Self Organizing
Maps, for example). [14]

3.4 Overfitting and the Curse of Dimensionality

Overfitting and the curse of dimensionality are two closely related issues in machine
learning. Both of them are dealing with the chronic problem of the lack of training data.
Overfitting occurs when the model has too many parameters to be adjusted and too few
training data. The curse of dimensionality deals with the fact that high-dimensional
spaces tend to be very sparse, since exponentially increasing amount of training data is
required to fill the space when the dimensionality increases. So, when the dimensionali-
ty of the feature space is high, lack of training data is present, and overfitting might oc-
cur.

Overfitting is a phenomenon, which arises when the classifier adapts to noise properties
of the training data. Overfitting leads to poor generalization performance, and thus low
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prediction accuracy for unseen samples. Usually overfitting occurs if the classifier is too
complex (too many parameters to adjust) compared to the amount of training data avail-
able. The opposite behavior is also possible; underfitting occurs when the classifier is
too rigid. In this case the classifier cannot model the structure in the data. Overfitting
and underfitting are illustrated in Figure 15 and 16, respectively.Figure 15 [13]

Figure 15 Overfitting. Model on the left hand side has a good fit to the data contrary to
the model on the right, which has adapted to the noise in the data.

— o

Figure 16 Underfitting. The model cannot capture the structure in the data since it is
too rigid.

The number of available training patterns has strong influence on the classifier’s ten-
dency to overfit. The more training data are available, the more complex classifiers can
be used without the fear of overfitting. Figure 17 shows how the number of available
training patterns affects the classifiers tendency to overfit. [14]
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Figure 17 Overfitting. Models in both pictures share the same complexity, but the num-

ber of training data points differs. On the left hand side, the model is overfitting due to

the lack of training data. On the right hand side, enough training data is available and
the model has good and smooth fit to the data.

The curse of dimensionality is a phenomenon occurring in high dimensional spaces, i.e.,
when the dimensionality of the feature space is high. The origin of the problem is that
the number of required training data points grows exponentially with the dimensionality
of the space. The curse of dimensionality is illustrated in Figure 18; when D=1, only
three “cubes” are required to cover the space; when D=3, already 27 cubes are required.
This exponential growth continues as more dimensions are added. [14]
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Figure 18 The curse of dimensionality

High-dimensional feature spaces are common in practice, and therefore the curse of
dimensionality has considerable negative influence in machine learning applications.
Many problems arise due to the curse of dimensionality: when the space becomes
sparse, overfitting is more likely to occur; distance measures lose their meaning in high
dimensional spaces, because all points are equally far away from others. Also, our eve-
ryday intuitions from the three-dimensional space are not always generalized to high-
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dimensional spaces and thus some counter-intuitive phenomena may occur. For exam-
ple, in high dimensional spaces, most of the volume of a sphere is concentrated in a thin
shell near the surface. The same phenomenon applies to high-dimensional Gaussian
distributions; most of the probability mass of the distribution is concentrated in a thin
shell. [14]

3.5 Evaluation of Classification Results

Evaluation of the classification results is an important step in the design process of a
pattern recognition system. Evaluation of results gives us information about the classifi-
er’s performance and enables to analyze and compare the performance of different clas-
sification algorithms. [13]

Holdout method is the simplest approach for the evaluation of classifier performance. In
the holdout method, the data are divided randomly into two separate (not overlapping)
sets: training and test sets. The training set is used only for training the classifier where-
as the test set is used only for evaluation of the classifier performance. The test set is
kept totally separate from the training set, because over-optimistic results are obtained if
the performance is evaluated over the same set as used in the training. The holdout
method is computationally efficient and simple to implement, but it gives pessimistical-
ly biased error estimates. [13]

Cross-validation is another method for performance evaluation. In cross-validation, the
classifier is trained with a training set containing n — 1 samples and the performance is
evaluated using the remaining sample. This maneuver is repeated n times until all sam-
ples are tested. Cross-validation is computationally inefficient for large data sets, since
n classifiers should be trained in order to calculate the classification performance.[13]

V-fold cross-validation is a combination of these two methods. In this approach, the
data set is divided into v subsets. The classifier is trained using v — 1 subsets and tested
using the remaining subset. This procedure is repeated until all subsets are tested. V-
fold cross-validation is a compromise between the holdout method and the original
cross-validation; it gives reduced bias compared to the holdout method and it is less
computationally demanding than cross-validation. [13]

Confusion matrix is a tool for numerical assessment of classifier performance. Confu-
sion matrix is a square matrix calculated for the classified test set. It shows relationships
between the actual and predicted classes. Diagonal entries of the confusion matrix rep-
resent correctly classified samples. Each column in the confusion matrix represents
samples belonging to the actual class and each row represents samples in a predicted
class. Example of a confusion matrix can be seen from Table 3. [17][13]
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Table 3 Example of confusion matrix for the case of three classes

Predicted Actual
classes classes
Cat Dog Fish
Cat 5 0
Dog 2 1
Fish 0 11

Different performance metrics shown in Table 4 can be derived from the confusion ma-

trix. The following abbreviations are used:

e TP, true positive hits

e TN, true negative hits
e [P, false positive hits
e FN, false negative hits

Table 4 Confusion matrix performance metrics. P = TP + FN, N = FP+TN

Accuracy (Acc)

TP+TN

P+N

Error rate (E)

1— Acc

False positive rate (fpr)

FpP
N

True positive rate (tpr)

TP
P

Precision (Prec)

TP
TP + FP

Sensitivity (Sens, identical to tpr)

Specificity (Spec)

3.6 Ensemble Methods

Ensemble methods are techniques to improve classification performance by combining
the outputs of multiple classifiers, called base classifiers, instead of using a single clas-
sifier. Combinations of many base classifiers are called as model ensembles. Ensemble
methods are very effective techniques, and they often outperform other methods. The
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cost for higher performance is increased algorithmic and model complexity, as well as
increased computation times. [16]

Theoretical foundations of ensemble methods are based on computational learning theo-
ry and statistics. A widely known phenomenon in statistics is that averaging measure-
ments leads to more robust and reliable estimates, because the influence of random fluc-
tuations in single measurements is reduced. This holds also in the case of model ensem-
bles. If the ensemble of slightly different base classifiers is trained based on the same
training data, it is possible to reduce random fluctuations in individual base classifiers in
a similar way. An important requirement for model ensembles is that some degree of
diversity should be present among the base classifiers. Otherwise, if the models were
too similar, combining the classification results of multiple base classifiers would not
offer any improvements over a single classifier. [16]

There are numerous ways to construct a model ensemble. For example, base classifiers
could be arranged in either parallel or serial fashion, learning algorithms for individual
base classifiers could be common or dissimilar, feature spaces of base classifiers could
be the same or different etc. However, all classifiers employing ensemble methods share
two characteristics:

e multiple base classifiers are constructed based on training data
e predictions of these classifiers are combined in some way.

Often predictions of the base classifiers are combined simply by averaging or majority
voting, but more complex combining techniques, like tree-based approaches, for exam-
ple, exist as well. [13] [16]

Two common ensemble methods are bagging and boosting. Boosting is a useful tech-
nigue with robust and high-biased classifiers (like linear classifiers), and it is primarily a
bias-reduction technique. Bagging, on the other hand, is mainly a variance-reduction
technique, and it is commonly used with instable, high-variance and low-biased classifi-
ers, like decision trees or neural networks.[16]

3.6.1 Bagging

Bagging (bootstrap aggregating) is an ensemble technique that creates multiple base
classifiers by picking random samples from the original training data set. These random
samples are called bootstrap samples. This procedure creates multiple overlapping rep-
licates (bootstrap samples) from the training data and base classifiers are trained using
these replicates.

Bootstrap samples are drawn uniformly with replacement from the original training data
set. This sampling method leads to the situation where some data points appear multiple
times in the bootstrap sample and some of them are missing. If the size of an original
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data set is n, the size of a bootstrap sample is n’ and if n = n’, then for large n each
bootstrap sample contains approximately 63% of unique points from the original train-
ing data set. These differences between bootstrap samples introduce required diversity
among the base classifiers.

Bagging is particularly useful with low-bias and high-variance classifiers like neural
networks and decision trees, since bagging is mainly a variance-reduction technique.
Reduced variance will lead to higher performance and more robust classification results.
If the base classifiers have already low variance, then bagging may not provide any sig-
nificant improvements.

[13]

3.7 Decision Trees and Random Forest

Decision trees are popular supervised machine learning tools. Wide range of machine
learning problems like classification, ranking, probability estimation, regression, and
clustering can be solved using tree models. They are expressive and their interpretability
for humans is relatively good. Decision trees are able to handle all types of features
(quantitative, ordinal, and categorical). Good expression capability of decision trees is
based on the fact that decision trees correspond to DNF (disjunctive normal form)
expressions. All logical expressions can be written in DNF form, therefore decision
trees are maximally expressive. A negative effect induced by the high expressivity is
their tendency to overfit easily. [15][16]

An example of a simple decision tree is illustrated in Figure 19. The top most node,
“Color”, is called the root node. All blue nodes are called internal nodes and they are
representing some features describing the data set. Edges exiting from the internal nodes
are labelled with values of that particular feature. For example, the feature located at the
root node has two possible values, “green” and “blue”. This set of exiting edges is
called a split; it is splitting the feature space according to the values located at the exit-
ing edges. The outermost nodes, colored in red and without any successors, are called
leaf nodes. The leaf nodes are responsible for associating class labels for input vectors
fed into the decision tree. When an input vector is classified using a decision tree classi-
fier, the tree is traversed from top to bottom, and at each internal node one feature is
tested at a time. Traversing is continued until we end up at a leaf node, where class label
is associated for the input vector. [16]

Decision trees are grown (trained) from top to bottom by successively partitioning the
feature space into smaller chunks. Each split in the decision tree performs partitioning
of the feature space into two parts (hyperplanes parallel to the coordinate axes). The
goal is that after each split, less mixing between classes is present, i.e., the data become



27

more pure after each split. This mixing between classes is measured using impurity

measures.
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Figure 19 A simple decision tree

Common impurity measures are:

e minority class: min(p,p — 1)
e Gini index: 2p(1—p)
* entropy: —plog; p— (1 —p)log,(1—p)
=1 _ @& o iti i i
where p o=t and n® are numbers of positive and negative samples in the

training data, respectively.

During the training process of a decision tree, it should be decided after each split
whether to continue splitting or make the current node a leaf node. This is done by de-
fining a threshold value for the particular impurity measure; if impurity is below the
threshold, the current node is made a leaf node; if it is above, splitting shall continue.
Trees have tendency to overfit easily, therefore the training process should be terminat-
ed before the tree has been grown to a full length. The right moment for stopping grow-
ing the tree is when the classification performance over the validation set starts to de-
crease. Another, yet not so common, approach for preventing overfitting is first to grow
the tree to its full length (allow it to overfit) and then afterwards post-prune the tree.
[13]



3.7.1 Random Forest

Random forest (RF), illustrated in Figure 20, is a classifier ensemble built up from mul-
tiple parallel decision trees. Since decision trees are high-variance and low-bias classifi-
ers, the bagging ensemble technique is utilized. In the RF classifier, an input vector is
fed to all decision trees belonging to the forest, and predictions from each individual
decision tree are computed. The predictions are combined using majority voting to pro-
duce the final output. Trees in the random forest are grown to their full lengths and al-
lowed to overfit to the training data.

Input vector

\%}/

Output vector

Figure 20 Random forest classifier

According to the bagging ensemble technique, each decision tree in the random forest is
constructed using slightly varying bootstrap sample. This introduces required diversity
among the base classifiers. In addition to bagging, the random subspace method is uti-
lized in tree construction. In the random subspace method, if M is the total number of
features, then at each split, a feature is selected for the node from a random subset of
size m «< M features. The reason for this maneuver is to reduce correlation between the
trees; if there exist features which are very strong predictors for the output, these fea-
tures are likely to be selected at the top of most of the trees. This increases correlation
between the trees, which has negative impact on the classification performance due to
decreased diversity.

[17][13]
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3.8 Support Vector Machine

Support Vector Machines (SVM) are linear algorithms for classification and regression.
The principle of SVM is to construct separating hyperplane between the classes in such
a way that the margin of separation is maximized. This so-called structural risk minimi-
zation provides a good generalization performance in SVMs despite the fact that no
problem-domain knowledge is involved during the training. This characteristic has
made SVMs very popular, since not much parameter tuning is required in order to
achieve relatively good classification results.

Originally SVMs are linear and binary classifiers, therefore some extensions have to be
made in order to handle non-linear and multiclass data. For multiclass classification,
either one-against-one or one-against-all approaches are used to convert a binary SVM
into a multiclass classifier. For non-linear data, so called kernel trick is used; the data
are mapped into a higher-dimensional space where the optimal separating hyperplane is
constructed. Kernel trick is based on the Cover’s theorem, which states that the original
data can be mapped into a new high-dimensional space, where the data is linearly sepa-
rable with high probability.

In order to construct a separating hyperplane between classes, only a subset of training
samples, called support vectors, are required. These support vectors define completely
the separating hyperplane as is shown in the Figure 21.

[13][18]

+ separating
+ hyperplane

Figure 21 Data points marked with ring are called support vectors
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3.8.1 Soft-Margin Non-Linear SVM

In practical applications, perfectly linearly separable data are unusual. Therefore, it is
impossible to construct a hyperplane, which could separate all the data without errors.
To solve this problem, the so-called soft-margin SVM is used. In soft-margin SVM,
some of the data points are allowed to overlap the margin and to be misclassified. Fig-
ure 22 illustrates the soft-margin SVM. [13]

H1

+ separating
+ hyperplane g(x)

Figure 22 Soft-margin SVM, data points marked with circles are the support vectors

In the following description of soft-margin SVM, the training data set is denoted by
{x;,i =1,..,n} and the corresponding binary class labels by y; = +1. The discrimi-
nant function g(x), defining the separating hyperplane is expressed as

g(x) =wi(x) + wo 1)

where function ¢() is some nonlinear function mapping an input vector x into a trans-
formed feature space ¢p(x). The aim of this is to make the input vectors linearly separa-
ble in the ¢ space.

During the SVM training procedure, optimal values for w and w are found in such a
way that the margin of separation between classes is maximized.

Class labels for input patterns x; are assigned according to the decision rule:
9g(x)>0=>y;=+1
gx) <0 =>y;= -1 (2)

Canonical hyperplanes H1 and H2 (Figure 22) are defined using equations:
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H1: wlp(x) + wy = +1
H2: whp(x) + wy = —1 ?3)

The perpendicular distance between the canonical hyperplanes H1 and H2 and the sepa-
rating hyperplane g(x) is 1/|w|, hence the total margin is 2/|w|. Therefore, in order to
maximize the margin of separation, |w| must be minimized. All points that lie inside the
margin or on the canonical hyperplanes, are called support vectors (Figure 22).

The cost function to be minimized is
1 T
Ew w + CZ & (4)
L
subject to the following constraints
yiwid(x) +wo) 21— i=1,..,n

§;=20 i=1,..,n (5)

Slack variables ¢; allow some of the data points to overlap the margin. The regulariza-
tion term C ;& in Equation 4 is controlling smoothness of the decision surface.
Changing the value of the regularization parameter C will change the number of data
points allowed to lie inside the margin. The lower the value of C, the less penalty is giv-
en for the data points inside the margin, and thus the smoother the decision surface be-
comes.

The method of Lagrange multipliers is used for solving this kind of constrained optimi-
zation problem. Dual form of the Lagrangian is

Lp = zn: a; — %Zn: zn: a;a;y;yi " (x;) Pp(x;) (6)

subject to the constraints

0<a;<C (7)

This constrained optimization problem can be solved by using numerical quadratic pro-
gramming solvers. Lagrangian multipliers «; are obtained as a solution to the problem.
The weight vector w is solved from the equation:
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w = Z a;yip(x;) (8)

iESV

Substituting the weight vector (Equation 8) into the linear discriminant function (Equa-
tion 1) we get

900 = > @y (x) (@) +wy ©)
ieESV
where
1
wo =—— Z Vi — Z ayi " (x)P(x)) ¢ (10)
SV \iesy iESV,jeSV

SV is the set of all support vectors and SV is the set of support vectors lying on the ca-
nonical hyperplanes (boundaries of the margin). A new input vector x is assigned a
class label according to the sign of Equation 9 in the same manner as is stated in the
decision rule (Equation 2).

Because inner products ¢ (x)¢(y) are appearing in both Lagrangian L, (Equation 6)
and in discriminant function g(x) (Equation 9), the inner products can be replaced by
kernel functions:

K(x,y) = ¢"()p(y) (11)

This is called the kernel trick. When the kernels are used, explicit calculation of trans-
formation ¢p(x) can be avoided and instead of that, it is possible to operate directly in
the original input space. This reduces the computational load of SVMs. In theory, limi-
tations exist for acceptable kernel functions; they must satisfy Mercer’s conditions. The
most commonly used kernel functions are polynomial, Gaussian and sigmoid kernels.

During the construction of an SVM classifier, kernel type and kernel parameters have to
be selected, as well as the value for the regularization parameter C. Often these parame-
ters are defined using the grid-search approach, as in LIBSVM C++ software implemen-
tation.

[13][18]

3.9 Multilayer Perceptron Neural Network

Artificial neural networks (ANN) are biologically inspired learning systems, which are
partially imitating the functionality of neuronal connections in the brain. Although func-
tionality of ANNSs has biological background, in practical applications many simplifica-
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tions are made compared to real biological neural systems. Despite the simplified nature
of ANNSs, they are very efficient methods for solving many practical problems. For ex-
ample, ANNs have been utilized in vehicle control, speech recognition, face identifica-
tion, target recognition and image compression. ANNs are defined as adaptive systems,
capable of adapting to their environment by learning from experience. Knowledge ac-
quired during the learning process is stored into neuronal connections of the network.

The most common, and the most successful ANN model is the multilayer perceptron
(MLP). MLPs are universal function approximators, which means that they are capable
of learning any non-linear continuous function. Mathematical foundations of this char-
acteristic are based on the universal approximation theorem. The universal approxima-
tion theorem states that MLP using a single hidden layer is capable of approximating
any continuous function with arbitrary high accuracy. Although the theory states that
single hidden layer is enough to approximate any continuous function, it does not state
that single hidden layer is always the most optimal choice. The number of required hid-
den layers is dependent on the problem at hand, and sometimes only one hidden layer is
impractical in the sense of learning time and generalization performance.

[13][14][15][18]

3.9.1 Architecture

MLP consists of an input layer, one or more hidden layers and an output layer. Figure
23 illustrates the architecture of the MLP. The input signal is fed to the input layer of
the network, from where it propagates through the network on layer-by-layer basis.
When the signal has reached the output layer, the result of computation can be read
from the output neurons. The most common approach to interconnect the neurons of an
MLP is to connect each neuron from the previous layer to all the neurons on the next
layer (fully connected).
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Figure 23 Architecture of a multilayer perceptron

MLP projects an input vector x from an original input space to a nonlinear hidden space
formed by the outputs of the hidden neurons. After this transformation, linear combina-
tion of outputs from the hidden neurons are calculated at the output layer. The MLP
model is defined by the following equation:

L N
yj(x) = Z wijd (Z Xy + “ot) + Wy (12)
i=1

k=1
where

e indices i and j refer to the i-th hidden neuron and the j-th output neuron, respec-
tively

* ay; and wy; are bias terms

e aninput vector x € RY

e ¢() isanonlinear activation function.
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Figure 24 Nonlinear hidden unit

The hidden neurons, as the name implies, are hidden computation units inside the net-
work. Their task is to extract meaningful features from the data, and to transform the
data from the original input space to the hidden space, where the data is more easily
separable. Figure 24 illustrates how the signal is flowing through a single hidden unit
(neuron). In the first step, scalar product f = a’x + «, is computed by projecting the
input vector x on the weight vector a. Next, nonlinear transformation ¢ (f) is applied.
After that, the signal is propagated to the next layer of the network (to the output layer
or the next hidden layer). The function ¢ () is called an activation function and its pur-
pose is to add nonlinearity to the network. The most commonly used activation func-
tions are the sigmoid function:

d(B) = 177 13

and the hyperbolic tangent:

¢(B) = tanh(p). (14)

Some requirements apply for the activation functions; they must be differentiable and
nonlinear. If the activation functions were not differentiable, training algorithms utiliz-
ing derivatives could not be used. If the activation functions were linear, the whole net-
work could be reduced to ordinary linear single-layer perceptron and nonlinear decision
surfaces could not be created. MLP’s ability to learn complex nonlinear decision
boundaries is based on the nonlinearity of hidden neurons, thus nonlinear neurons are
crucial for MLPs.
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[13][15][18]

3.9.2 Training

The aim of the MLP training process is to define which features in the training data
should be represented by the hidden neurons of the network. This is achieved by adjust-
ing network weights in such a way that the network’s classification error is minimized.
A popular training technique for adjusting network’s weights is the error back-
propagation algorithm. It is based on the error-correction learning rule, which reduces
the classification error of the network in a step-by-step fashion.

The error back-propagation algorithm consists of two distinct steps; a forward pass and
a backward pass. In the forward pass, the training pattern is applied to the input layer,
and is propagated through the network in order to compute the network’s actual re-
sponse to a particular training pattern. When the actual response is known, the error
signal can be calculated by subtracting the network’s actual response from the desired
response for the particular training pattern. In the backward pass, the error signal is
propagated backwards through the network on layer-by-layer basis, and the weights of
the network are adjusted in order to move the actual response closer to the desired re-
sponse.

A commonly used error measure for MLPs is:

1 2
E:EZ 2 [6() - y;(n) | (15)

neN jeoutputs

where N is the set of all training patterns, output is a set of all output neurons of the
network, and t;(n) and y;(n) are the target value and the actual response of the output
neuron j to the training pattern n, respectively. The goal of the training process is to ad-
just the network’s weights in such a way that error E is minimized.

Weights wy,. between neurons s and r are updated according to the delta rule:
Wer = Wgr + AW, (16)
Awg, =1 65(n) x’s(n) (17)

where x'g(n) is the input signal to the neuron s, and 7 is the learning rate parameter.
The term &,(n) denotes local gradient which depends on whether the neuron is located
in the hidden or in the output layer of the network.

For the neuron in the output layer the local gradient is defined as
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8s(n) = ej(n) pi(vs(n)) (18)

and for the hidden layer neuron
8:(m) = Gi(s() ) 84(m) wig(m) (19)
q

where

e () is the first order derivative of the activation function

e v, (n) is the induced local field (weighted sum of all inputs to the neuron) of
neuron s for the training pattern n

e ¢;(n) is the error signal of the output neuron j for the training pattern n, e;(n) =
ti(n) —y;(n)

e §,(n) is the local gradient of the neuron g, which is lying directly on the next
layer from the neuron s

* wys(n) is the weight between the neuron g and s.

The weight adjusting method represented above is utilizing simple gradient descent
search over the weight space; the weight update step is always performed in the direc-
tion of the deepest descent of the gradient. This approach is suffering from slow con-
vergence and therefore more sophisticated optimization techniques, like Quasi-Newton
and Conjugate Gradient methods, have been developed in order to make the conver-
gence faster. Another issue in MLP training is that the error surface contains many local
minima. Because of backpropagation algorithm’s iterative and numerical nature, it is
possible to get trapped in one of these local minima having negative influence on classi-
fication performance. Although it is not guaranteed that the global minimum is ever
found, studies have shown that in practice the backpropagation algorithm is a very fea-
sible way to train MLPs, and the problem of local minima is more theoretical than a
practical issue.

Since MLP is a very flexible machine learning model, it is very prone to overfitting.
Overtraining of a network will lead to adaptation to noise properties of the training data,
and thus poor generalization accuracy. The most common way to avoid overtraining the
network is the cross-validation approach. In cross-validation, the training data are divid-
ed into two separate sets; training and validation sets. The training set is used to tune the
network weights using the backpropagation algorithm, meanwhile the validation set is
used only for monitoring the classification error E. The training algorithm is stopped
when the lowest classification error is reached over the validation set.

[15][18][13]
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3.10 K-Nearest Neighbor Classifier

K-nearest neighbor (KNN) algorithm is one of the simplest machine learning tech-
niques. It is a memory based (sometimes also called lazy learning) technique for classi-
fication and regression. The KNN algorithm stores training examples explicitly into the
memory in order to classify input patterns. The principle of the KNN-classifier is to find
k nearest training patterns for an input vector x using some distance metric. The input
pattern X is assigned to a majority class among the k training patterns. Figure 25 illus-
trates the KNN-classifier in a two class case when k=8.

Training of KNN classifier is fast because everything required is just to load the data
into memory. On the other hand, classifying a new input pattern is slow, because pair-
wise distances have to be calculated between all points in the data set. For large data
sets this kind of linear search is too slow and more advanced data structures, like clus-
tering or kd-trees, for storing the training data have to be used.

O eo® o
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Figure 25 K-Nearest Neighbor classifier, k=8

An important aspect of the KNN classifier is the selection of the distance metric. The
choice of the distance metric can have significant impact on classification performance.
The most common distance metric used in the KNN-algorithm is the Minkowski dis-
tance:

S

d
dp(x,y) = Z|xj -yl (20)

j
where x,y € R%,

The Euclidean distance (2-norm)
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dy(x,y) = (21)
and the Manhattan distance (1-norm)
d
d(xy) = 1y -yl 22)
j=1

are the two most common special cases of the Minkovski distance metric. As a remark,
Minkowski distances with p < 1 are not considered as distance metrics, since they vio-
late the triangle inequality rule.

The implementation of the KNN-algorithm is relatively straightforward; only two pa-
rameters have to be selected; the distance metric and the number of neighbors, k. The
number of neighbors influences the sensitivity of the classifier; the greater the k, the less
sensitive the classifier is to noise. Large k makes also transition zones between the clas-
ses fuzzier, and hence more mixing might occur.

Although at the first sight the KNN-algorithm might seem as a very easy and fast classi-
fication method, it has several drawbacks. It is suffering from the curse-of-
dimensionality; in high-dimensional spaces pairwise distances between points tend to be
nearly equal making use of distance metrics meaningless. To overcome this issue, dif-
ferent dimensionality reduction methods, like feature selection or transformation, have
to be used. This again increases complexity of the pattern recognition system. Another
drawback of KNN was already mentioned above; it cannot handle large datasets without
more advanced data structures for storing the training data. Usually a lot of tweaking is
required in order to use KNN classifier in complex pattern recognition tasks.

[16][15][13]
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4. FEATURE SET SELECTION AND COMPARI-
SON OF CLASSIFICATION TECHNIQUES US-
ING TERRASAR-X TEST DATA

In this chapter, the feature set and classification algorithms used in the thesis are de-
scribed. The task at hand was to study the feasibility of different feature types and pat-
tern recognition techniques for ground cover and vegetation classification from space-
borne SAR-images. Monitoring of environmental changes by physically visiting the
area at interest is usually slow and time consuming process, especially in the case of
rough terrain. Using pattern recognition and remote sensing techniques for environment
monitoring could significantly ease this process, since large areas can be mapped effi-
ciently without physical attendance in the field.

In this thesis, 4 different classifier types with 5 separate feature groups were tested. The
tested classifiers were Random Forest, Support Vector Machine, Neural Network and
K-Nearest Neighbor. The feature set used in classification included the following fea-
ture groups: Basic features, Textural features, Statistical features, features based on the
Gray-Level Co-Occurrence Matrix and Local Binary Patterns. Classification perfor-
mance of the algorithms were tested over all combinations formed from these feature
groups, resulting in total number of 31 different feature group combinations. Data pro-
cessing was done using Matlab built-in tools and external software libraries (libSVM
and R randomForest package)

4.1 Description of the Test Area and the Data

Test data for classification algorithms consisted of a SAR image obtained from Lake
Poosjérvi (61.633864°, 21.906526°) at 16:12 UTC on 4™ of July 2014. The SAR image
was taken with TerraSAR-X satellite operating in the Spotlight mode (X-band) using
dual polarizations (HH, VV). Cross-polarizations (VH, HV) were not used. The image
was acquired with ascending orbit and incidence angle of 44.17°. The same test data
have been previously used in the paper by Kumpuméki and Lipping [19].

Lake Poosjarvi is a small (area of 794 hectares) lake located in the western part of Fin-
land in the Satakunta region. It lies approximately 20 km north from the city of Pori
(Figure 26). The forest type at Lake Poosjarvi is mainly mixed forest, and ground vege-
tation is dominated by sedges, water horsetail, water lilies, pondweeds and reed. [20]
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Figure 26 Location of Lake Poosjarvi (red circle)

Vegetation was divided into 7 classes:

1. reed 5. trees

2. water horsetail 6. sedge

3. reed in water 7. vyellow water lily
4. water

Reeds growing in water and on dry land were separated into two classes since their ra-
dar echoes were significantly different, which might have had caused mixing with other
classes. Ground truth data around Lake Poosjarvi were available from the areas shown
in Figure 27.

SAR-data preprocessing included geometrical correction and calibration using Sentinel-
1 toolbox delivered by the satellite operator. Original irregularly sampled data were
interpolated into 1x1 m raster using the nearest neighbor interpolation scheme. This
maneuver caused some duplicates to the data, since the resolution of the raster was se-
lected high enough to preserve all the original data points.

Speckle noise filtering was not used for the SAR-image, since experiments showed bet-
ter classification results for non-filtered data. In experiments, filtering was conducted
with 2D Gaussian (sigma=1.75) weighted bootstrap filter in 7x7 pixel sliding window.
However, non-filtered data resulted in better classification performance for all classifi-
ers and therefore filtering was not used. Higher performance for non-filtered data might
occurred because the filtering smoothened and removed important textural information
from the image, and secondly, the applied classifiers (RF, NN, SVM) are not very sensi-
tive to the noise in the data. Also, speckle is not a noise in the traditional sense; it is a
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physical measurement of contents inside a resolution cell, and therefore it might carry
some information about imaged areas.
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(a) Map of Finland (b) Part of the study area

Figure 27 Ground truth data areas around Lake Poosjarvi [19]

The ground truth data was divided randomly into training and test set. The training set
consisted of 2500 samples for each individual class, with the exception of 1491 samples
for reed in water. The test set included 250 samples for each class.

4.2 Feature Set Used in Classification

Five different groups of features were used in the thesis: Basic features, Textural fea-
tures, Statistical features, features based on the Gray-Level Co-Occurrence Matrix
(GLCM) and Local Binary Patterns (LBP). This resulted in total number of 57 features.
Although GLCM and LBP are considered as textural features, they were arranged as
separate feature groups, because testing their impact on classification performance was
one of the objectives of the study. Also, it should be noted that the names of the feature
groups are suggestive. For example, statistical operators are involved also in other than
statistical feature group.

The initial feature set was selected based on what has been proposed in the literature.
Features in the initial feature set were tested by trial-and-error; if a particular feature had
positive impact on classification performance, it was included to final feature set. For
instance, in addition to GLCM and LBP, fractal dimension (box counting method) and
edge detection based textural features were initially included, but no improvement was
observed, and thus they were left out from the final feature set.
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In the following list all the features used in the classification are defined. The operator
M,;,. denotes a boxcar filter of size size, and B,; denotes a 2D Gaussian (sigma=1.75)
weighted bootstrap of statistic stat in 7x7 pixel sliding window.

Basic features

The following features were included in the Basic features group:

|HH|
B -

Brean(IHH| = [VV|)
V Biean (IHH|?)
V Bmean(lvvlz)

|A|, where A=

E(HH+VV™)
VE(HHI2)JE(IVV]?)

|arg Al

Ms,s(|HH + VV])
Mz 3(|JHH = VV|)

. Mz (|HH| + |[VV])
10. Msy3(|[HH| = |VV])
11. |HH|

12.|VV|

©oo N g bk~ wDd e

Textural features
The following features were included in the Textural features group:

13. Bgtq(|JHH + VV|)

14. By (JHH — VV1)

15. Byyoan (IHH + VV|)

16. Bmean(lHH - VVD

17. Bpean (IHH + VV|?)

18. Bmean(lHH - VVlz)

19. dif ference of variance of |HH + VV|in 7x7 window

20. dif ference of variance of |HH — VV|in 7x7 window

21. Entropy(|HH + VV|) over round window of radius 9 pixels
22. Entropy(|[HH — VV|) over round window of radius 9 pixels
23. Entropy(|HH| + |VV|) over round window of radius 9 pixels
24. M3x3(||HH + VV| = M7, (IHH + VV|)])

25. May3(||HH = VV| = M7,,(IHH = VV])])

Entropy is calculated using the following equation:
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256

_ z hist(i) * log, hist(i) (23)

where hist(i) means sample count of the i-th bin in the histogram derived from the 8-
bit intensity image. [21]

Statistical features
The following features were included in the Statistical features group:

26. Median,s,15(|HH + VV|)

27. Median,s,15(|HH — VV|)

28. 25 percentiles,15(|HH + VV|)
29. 25 percentileys,15(|HH — VV|)
30. 75 percentile s,15(|HH + VV])
31. 75 percentile,s,15(|[HH — VV]|)
32. Range,s,is(JHH — V)

33. Range s.is(|lHH —VV])

Operator Stat,;,,. is a statistic Stat calculated in a sliding window of size size.
Gray-Level Co-Occurrence Matrix (GLCM)

The Gray-Level Co-Occurrence Matrix (GLCM) is a textural feature extraction tech-
nique. The idea behind the GLCM is to count occurrence frequencies of gray tone val-
ues of neighboring pixel pairs in the image. If the image contains large homogenous
areas (i.e. coarse textures), then it is assumed that neighboring pixels represent relative-
ly similar intensity values. This causes high values in the GLCM to concentrate on its
main diagonal. On the other hand, if the image contains very fine-grained texture (i.e.,
large fluctuations in intensity values within a small region), the intensity values of
neighboring pixels represent larger variation, and thus high values are spread out from
the GLCM main diagonal. As an extreme case, if pixel values of the image were select-
ed randomly, the values in the GLCM would represent uniform distribution. [17]

GLCM itself is a matrix the entries of which represent occurrence frequencies of two
pairs of gray level intensities for certain direction and distance d between the pixels.
Practically speaking, only 4 different directions are used: 0°, 45°, 90° and 135°. Figure
28 illustrates an example of GLCM computation for 4x4 image with 4 different gray
level intensities. For instance, in Figure 28 (c), the value in cell (2,3) represents how
many times gray level (2,3) appears in horizontal direction with distance d=1. Common
practice is to normalize frequency values into the range [0,1] to avoid scaling effects.
[17]
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Figure 28 Illustration of GLCM, (a) is a gray-tone image with range of 4 gray level
values, (b) is the matrix of different gray level combinations for neighboring pixels, (c)
— (f) are GLCMs calculated from the image (a) for four directions with angles 0°, 45°,

90°, 135°, and with distance d=1 [17]

Wide range of different texture measures can be calculated from GLCMs. In his original
paper Haralick [22] proposed to use 14 different texture measures for each direction,
then to calculate mean and range for each measure, and to use these as inputs to a classi-
fication algorithm. This procedure is not widely adopted and usually much lower num-
ber of texture measures is used to avoid highly correlated input data for a classifier.
Texture measures can be made rotation invariant by taking the average of the four direc-
tions. In this thesis, four different GLCM texture measures were used: [17][23]

1. Mean [23]

2. Contrast [24]

> ipGi)
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B
Lj

(24)

(25)
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3. Correlation [24]

Z (= pu)(G =G, j)
— 0;0;j (26)
ij
4. Energy [24]
Z p(i,j)? (27)
ij

where

e iandjrefer to GLCM rows and columns, respectively

e p(i,j) is avalue of an element in the j-th row and i-th column of the GLCM
e u is the mean value of the GLCM

e 0; and g; are row- and column-wise variances, respectively

GLCMs were calculated for |HH + VV| polarization combination in 15x15 sliding win-
dow using the following parameters:

e four directions with angles of 0°, 45°, 90° and 135°
e distance of 1 pixel between neighbors
e quantization to 20 gray levels = size of GLCM is 20x20.

This parameter set resulted in 4 different GLCMs (one for each direction). For each of
the GLCMs, four texture measures with distance d = 1 were calculated: Mean, Contrast,
Correlation and Energy. Figure 29 illustrates the GLCM neighborhood. All texture
measures were made rotation invariant by taking the average value over the four direc-
tions.

135° 90° o
(-1,-1) - 01 ?ﬁ”

DO
(0.1)

Pixel of
interest

Figure 29 GLCM neighborhood
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Local Binary Patterns (LBP)

Local Binary Pattern (LBP) is simple yet effective method for texture feature extraction.
It is fast to compute, invariant to monotonic grayscale changes and it can be made rota-
tion invariant if desired. In LBP, the analysis window is divided into square cells, where
the center pixel is compared to its neighboring pixels. The commonly used circular
neighborhood is shown in Figure 30.

Figure 30 LBP circular 3x3 neighborhood

Figure 31 presents an example of LBP computation. All neighboring pixels are com-
pared to the center pixel; if the center pixel is greater than the neighboring pixel, the
pixel is denoted with O; if the center pixel is equal or smaller than the neighboring pixel,
the pixel is denoted with 1. In Figure 31, the resulting binary values (on the right-hand
side) correspond to binary sequence 11110000. The neighborhood can be traversed ei-
ther clockwise or counter-clockwise and the starting point can be chosen freely as long
as the same procedure is applied in all analysis windows. The LBP code, denoted by
LBPp g, is calculated according to the following equation:

P-1

LBPrs = Y s(gp — 962" (28)

p=0

where P is the number of sampling points, R is the radius of the neighborhood, g,, is the
p-th neighboring pixel, g, is the center pixel, and s(z) is the thresholding function

s@={5 520 )

If a sampling point does not fall at integer coordinates, bilinear interpolation is used.
The resulting LBP code for the example shown in the Figure 31 is:

LBPg; =120 +1#2' +1%22 +1%23 +0%2*+0%25+0%2°+0%27 =15



48

Figure 31 Example of LBP computation. The block on the left side represents a single
cell in the analysis window. The block on the right side shows the resulting binary val-
ues.

After the computation of LBP codes for all cells in the analysis window, the LBP histo-
gram is created. The LBP histogram is a feature describing the texture within the analy-
sis window. In the LBP histogram, each histogram bin corresponds to single LBP code
value. This means, that there exist as many bins in the histogram as there are different
LBP codes. For instance, the histogram for the (8,R) neighborhood would include 28 =
256 bins.

In many cases, an extension called uniform patterns are used to reduce the length of the
LBP histogram and to make it rotation invariant. A uniform pattern is defined by count-
ing the number of bitwise transitions of LBP bit sequence when it is traversed circular-
ly; if the bit sequence includes at most 2 bitwise transitions from 0 to 1 or vice versa, it
is defined as a uniform pattern. For example, the bit sequences 00000000 (0 transitions),
00110000 (2 transitions) and 11100111 (2 transitions) are uniform whereas the se-
quences 11001001 (4 transitions) and 01010010 (6 transitions) are not. Figure 32 illus-
trates all the 58 different uniform patterns for the (8, R) neighborhood. In the LBP his-
togram, every uniform pattern has its own individual bin whereas all non-uniform pat-
terns are assigned to a single bin.

Uniform patterns are employed when LBP histograms are made rotation invariant; rota-
tion invariance is achieved by circularly rotating each uniform pattern to its minimum
value. For example, patterns 10000011, 11100000 and 00111000 are just different rota-
tions of the same “minimum value pattern” 00000111. In rotation invariant LBP histo-
gram, all uniform patterns showing this behavior are assigned to the same histogram
bin, i.e., all the rows in Figure 32 are representing single bin. [25]
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Figure 32 Different uniform patterns for the (8, R) neighborhood [25]

In this thesis, |HH + VV| and |[HH — VV| polarization combinations were used for LBP
features. Circular (8,1) neighborhood, shown in Figure 30, with uniform and rotation
invariant patterns was used, which resulted in 2 LBP histograms with 10 bins in each.

4.3 Visualization of Features

Features were visualized by calculating the so-called feature fingerprints for each class.
Feature fingerprint is an image showing distributions of features within a single class.
Feature fingerprint consists of feature histograms (showing distribution of values of a
particular feature) stacked one after another in the x-direction. Distribution of values of
a particular feature is shown along the y-direction; the darker the color, the more values
are concentrated around the certain value. Feature fingerprints for each class are shown
in Figures 33-39. Values along the x-axis correspond to individual features numbered as
follows:

e 1-12 Basic features

e 13-25 Textural features

e 26-33 Statistical features

e 34-37 GLCM features

e 38-57 LBP histogram features
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Prior to plotting the fingerprints, the data were normalized by dividing by standard de-
viation and subtracting the mean. LBP features appear discontinuous in the fingerprints
since they already represent discrete histograms.
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Figure 39 Feature fingerprint for yellow
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Although precise visualization of high-dimensional data is impossible in 2 or 3 dimen-
sions, some sort of rough estimation, in this case using feature fingerprints, can be made
to get an overall picture. By visually inspecting the fingerprints, some clear and notable
differences between classes can be noted. However, this method is only 2D approxima-
tion of 57 dimensional feature space, thus final conclusions cannot be made about the
data structure and distribution in the feature space.

Water (class 4) and yellow water lily (class 7) are easy to recognize, since their radar
echoes are very strong and distinct; the values in the fingerprints are highly concentrat-
ed. Yellow water lily is a plant growing in shallow waters, with its leaves floating on
the water surface, thus causing its fingerprint to be very similar to water. Because of
floating leaves of yellow water lily, its scattering properties are slightly different com-
pared to water, and due to that, more variance is involved in the fingerprint. Sedge
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(class 6) shares also similarities with water and yellow water lily. At Lake Poosjarvi,
sedge is growing mainly in moist soil and shallow water, causing its fingerprint to con-
tain similar patterns as water and yellow water lily. Among these 3 classes, the sedge
class represents the highest variance. Notable differences between fingerprints of water,
yellow water lily and sedge occur in GLCM and Textural feature groups. From classifi-
cation viewpoint, presence of water seems to be an important characteristic for separat-
ing yellow water lily and sedge from other classes. Although reed (class 1), water horse-
tail (class 2) and reed in water (class 3) are also wetland plants, other characteristics
than the presence of water are dominating their radar echoes.

Other two classes having similar fingerprints are reed (class 1) and trees (class 5). Simi-
larities might be caused by thick leaf coverage present in both of the cases; large reed
areas and forests are inducing similar radar echoes. Due to that, all classification algo-
rithms occasionally mixed between reed and trees. Reed in water (class 3) has also simi-
larities with reed and trees; Basic, Textural and GLCM feature groups appear to be
similar whereas Statistical and LBP groups are different.

The fingerprint of water horsetail (class 2) is unique compared to other classes. Areas
dominated by water horsetail resemble large fields of thin, upward pointing tubes rising
from water. This physical property causes the radar pulse to backscatter from water
horsetail in a very special way.

Lastly, it should be noted that the analysis represented above is suggestive based on
visual comparison of fingerprints and on the knowledge gathered during the field stud-
ies at Lake Poosjarvi. More sophisticated methods than visual inspection of fingerprints
should be employed in order to get more comprehensive view on the issue. For exam-
ple, visual comparison of the LBP features between the classes is difficult and reliable
conclusions cannot be made. Still, the LBP feature group was one of the best perform-
ing feature groups alone.

4.4 Comparison of Classification Techniques

Four different classification algorithms were tested: Support Vector Machine (SVM),
Random Forest (RF), Multilayer perceptron neural network ensemble (MLP ensemble)
and K-Nearest Neighbor (KNN). The KNN classifier was included despite the well-
known fact, that KNN is not famous for its robustness, especially when operating with
high-dimensional data. KNN was included for pure curiosity; to see how it manages
against more sophisticated classification algorithms.

Performance of the classifiers was evaluated using 10-fold cross-validation. Average
classification accuracies and corresponding standard deviations were calculated between
the folds. In addition to numerical evaluation, visual inspection was used to get better
view about the generalization performance of the classifiers. Visual inspection was con-
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ducted by comparing classified SAR-images with aerial photographs taken from the
area to recognize possible flaws in classification. Visual inspection was necessary, since
the correlation between test and training sets caused over-optimistic classification accu-
racies. For example, KNN classifiers showed very high accuracies of 0.95-0.98, but
visual inspection revealed relatively poor generalization performance for all KNNs.
Correlation between the training and test sets was caused by the fact that both of the sets
were sampled from the same ground truth data areas, i.e. ground truth data areas for
training and test sets were not spatially separated enough. This caused classifiers to
classify the points inside the ground truth data areas almost perfectly leading to very
high classification accuracies. Spatially separated areas for test and training sets would
have been required in order to get better view on the generalization performance of the
classifiers. Unfortunately, collection of ground truth data is expensive and time consum-
ing, and not enough time was available to build perfect training and test sets.

The training set included 2500 points (1491 for reed in water) and the test set 250 points
for each class. The confusion matrix and statistics were calculated for each classifier for
the best performing feature group combination. Input data for the SVM and KNN clas-
sifiers were normalized before training and classification. Normalization of the data was
conducted by subtracting the mean and dividing by the standard deviation. All classified
SAR-images were post-processed using mode filter in 5x5 sliding window.

The importance of different feature groups was studied by calculating classification
accuracies and standard deviations (10-fold cross validation) for all combinations of all
the 5 feature groups. These 5 feature groups were used, because computation of classifi-
cation accuracies for all combinations of the 57 individual features would have been too
heavy.

Tables for classification accuracies and standard deviations for tested classifiers are
represented in the following sections. In these tables, number 1 indicates that the partic-
ular feature group was included in a combination. Bolded font indicates the highest ac-
curacy among combinations including some certain number of feature groups. Bold
italics indicates the overall highest accuracy for the certain classifier. If more than one
combination achieved the same highest accuracy value, the combination having the
lowest standard deviation was selected.

4.4.1 Random Forest

The random forest classifier was implemented using the R randomForest package
through the Matlab interface. The number of trees in the forest was 750, and in each
tree, 70% subspace sampling was used. Bootstrap samples were drawn without re-
placement and the majority voting scheme was used to combine predictions of individu-
al decision trees.
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Classification accuracies and standard deviations for the random forest classifier using

different feature group combinations are shown in Table 5.

Table 5 Classification accuracies and standard deviations for different feature group

combinations for the random forest classifier

Basic (1) Text(2) Stat(3) GLCM (4) LBP(5) Acc. c
1 0 0 0 0 0,671 0,0167
0 1 0 0 0 0,825  0,0206
0 0 1 0 0 0,954 0,0066
0 0 0 1 0 0,697 0,0134
0 0 0 0 1 0,809 0,0189
1 1 0 0 0 0,849 0,0143
1 0 1 0 0 0,943 0,0084
1 0 0 1 0 0,817 0,0206
1 0 0 0 1 0,868 0,0177
0 1 1 0 0 0,958 0,0111
0 1 0 1 0 0,896  0,0200
0 1 0 0 1 0,927 0,0183
0 0 1 1 0 0,951 0,0079
0 0 1 0 1 0,962 0,0055
0 0 0 1 1 0,920 0,0104
1 1 1 0 0 0,958  0,0055
1 1 0 1 0 0,904 0,0185
1 1 0 0 1 0,926 0,0144
1 0 1 1 0 0,943 0,0083
1 0 1 0 1 0,962 0,0072
1 0 0 1 1 0,921 0,0121
0 1 1 1 0 0,958 0,0111
0 1 1 0 1 0,972 0,0082
0 1 0 1 1 0,950 0,0168
0 0 1 1 1 0,962  0,0051
1 1 1 1 0 0,960 0,0058
1 1 1 0 1 0,971 0,0038
1 1 0 1 1 0,951 0,0102
1 0 1 1 1 0,962 0,0074
0 1 1 1 1 0,972 0,0084

The highest classification accuracy of 0.972 was obtained by using all feature groups
(1,2,3,4,5). By using only a single feature group, Statisical (3) features gave the highest
accuracy of 0.954. Among the combinations including two feature groups, the highest
accuracy of 0.962 was achieved using Statistical (3) and LBP (5) features. Among the
combinations including three feature groups, the highest accuracy of 0.972, which was
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already the overall highest accuracy, was achieved using Textural (2), Statistical (3) and
LBP (5) features. By adding more groups, classification accuracy did not improve from
this value, and the only effect was that Basic (1) feature group halved the standard devi-
ation. The effect of GLCM features was neutral.

The confusion matrix and statistics for the feature set (1,2,3,4,5) can be seen from Ap-

pendix 1. The classified SAR image using the random forest classifier is shown in Fig-
ure 40.

Reed
. Reed in water
I Water horsetail

Yellow water lily

Figure 40 Classified SAR image using the random forest classifier with the full feature
set (1,2,3,4,5)
4.4.2 Support Vector Machine

Two SVMs with different kernels were tested; one with radial basis function (RBF)
kernel and one with cubic polynomial kernel. RBF kernel SVM was implemented using
the libSVM library through Matlab interface. Cubic polynomial kernel SVM utilized
Matlab’s built-in SVM toolbox. Equations for the kernel functions are:

e radial basis function kernel [26]:

K(x,y) = exp(—yllx—ylI*),y >0 (31)

e cubic polynomial kernel [27]:
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K(x,y) = (1+x"y)? (32)

Since SVM is originally a binary classifier, it was converted to handle multiclass cases
using one-vs-one voting approach. Optimal values for the RBF kernel parameter y and
soft margin control parameter C were obtained by grid search.

SVM classification accuracies for different feature group combinations are presented in
Table 6.

Table 6 Classification accuracies and standard deviations for the support vector ma-
chine classifiers

Cubic kernel RBF kernel
Basic(l) Text(2) Stat(3) GLCM(4) LBP(5) | Acc. c Acc. c

1 0,631 0,0216 | 0,629 0,0158
0,801 0,0172 | 0,788 0,0196
0,810 0,0230 | 0,790 0,0094
0,538 0,0382 | 0,656 0,0062
0,851 0,0138 | 0,808 0,0255
0,829 0,0153 | 0,799 0,0188
0,840 0,0157 | 0,791 0,0180
0,776 0,0181 | 0,752 0,0175
0,913 0,0097 | 0,876 0,0183
0,924 0,0197 | 0,875 0,0248
0,880 0,0192 | 0,840 0,0200
0,961 0,0042 | 0,936 0,0134
0,867 0,0174 | 0,798 0,0149
0,956 0,0078 | 0,933 0,0115
0,945 0,0053 | 0,925 0,0080
0,919 0,0130 | 0,878 0,0164
0,891 0,0120 | 0,846 0,0177
0,964 0,0051 | 0,934 0,0132
0,854 0,0161 | 0,803 0,0151
0,955 0,0046 | 0,928 0,0075
0,949 0,0057 | 0,919 0,0083
0,936 0,0193 | 0,881 0,0206
0,982 0,0024 | 0,960 0,0079
0,975 0,0028 | 0,951 0,0088
0,962 0,0051 | 0,934 0,0076
0,928 0,0113 | 0,884 0,0168
0,982 0,0031 | 0,959 0,0055
0,975 0,0038 | 0,947 0,0089
0,959 0,0055 | 0,928 0,0064
0,984 0,0026 | 0,961 0,0082
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The highest classification accuracies of 0.984 and 0.961 for cubic kernel and RBF ker-
nel SVMs, respectively, were achieved by using feature groups 2, 3, 4 and 5. The best
single feature group was LBP (5) having accuracy of 0.851 for cubic kernel and 0.808
for RBF kernel. Textural (2) and LBP (5) features had the best performance among the
combinations including two feature groups, having accuracies of 0.961 and 0.936 for
cubic and RBF kernel SVMs, respectively. Textural (2), Statistical (3) and LBP (5) fea-
tures performed the most successfully within the combinations including three feature
groups, having accuracies of 0.982 for cubic and 0.960 for RBF kernel. By adding more
features into this combination, no significant improvements in classification accuracy or
standard deviation was achieved. The influence of adding Basic (1) and GLCM (4) fea-
tures was almost neutral. In all cases, performance of the cubic kernel SVM was slightly
better than the RBF kernel SVM. However, the classified SAR images did not reveal
any relevant differences between these two classifiers.

Reed
. Reed in water
. Water horsetail

. Water
. Trees
. Sedge

| Yellow water lily

LR

igur 41C ified SA ime usig RFereI VM and the feature set (2,3,4,5)

Confusion matrices and statistics for the SVMs using the feature set (2,3,4,5) can be
seen from Appendix 2. SAR image classification results for cubic and RBF kernel
SVMs are shown in Figure 41 and 49, respectively.
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Figure 42 Classified SAR image using cubic kernel SVM and the feature set (2,3,4,5)

4.4.3 Multilayer Perceptron Neural Network Ensemble

The multilayer perceptron (MLP) neural network (NN) ensemble classifier was imple-
mented using Matlab’s Neural Network Toolbox and applying the bagging ensemble
technique (see section 3.6). The ensemble consisted of 50 fully connected multilayer
perceptrons as base classifiers. Each neural network was trained using a bootstrap sam-
ple (bagging) drawn uniformly with replacement from the original training data set.
Predictions of multiple base classifiers were combined using the majority voting
scheme. Training of networks was conducted using the scaled conjugate gradient back-
propagation algorithm.

All base classifiers shared the same architecture; 30 neurons in the first hidden layer and
37 neurons in the second. This architecture was defined by applying brute force search
over possible hidden layer configurations and the best performing configuration was
selected. The activation function used in hidden layer neurons was tansig (hyperbolic
tangent sigmoid transfer function) [28]:

2
tansig(x) = m -1 (33)

and in output neurons softmax (soft max transfer function) [29]:

xj

softmax(x); = or———

,  forj=1,..,K (33)
k=1€"k



where K is the number of dimensions in the input vector x.
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Classification accuracies of the NN ensemble using different feature group combina-

tions are presented in Table 7.

Table 7 Classification accuracies and standard deviations for different feature group

combinations using the NN ensemble classifier

Basic (1) Text(2) Stat(3) GLCM (4) LBP(5) Acc. o
1 0 0 0 0 0,595 0,0125
0 1 0 0 0 0,807 0,0170
0 0 1 0 0 0,825 0,0154
0 0 0 1 0 0,656 0,0099
0 0 0 0 1 0,857 0,0144
1 1 0 0 0 0,841 0,0136
1 0 1 0 0 0,830 0,0101
1 0 0 1 0 0,788 0,0164
1 0 0 0 1 0,884 0,0087
0 1 1 0 0 0,923 0,0085
0 1 0 1 0 0,894 0,0136
0 1 0 0 1 0,965 0,0053
0 0 1 1 0 0,867 0,0122
0 0 1 0 1 0,959 0,0074
0 0 0 1 1 0,950 0,0060
1 1 1 0 0 0,925 0,0089
1 1 0 1 0 0,900 0,0093
1 1 0 0 1 0,963 0,0077
1 0 1 1 0 0,860 0,0099
1 0 1 0 1 0,955 0,0086
1 0 0 1 1 0,948 0,0089
0 1 1 1 0 0,935 0,0063
0 1 1 0 1 0,980 0,0046
0 1 0 1 1 0,976 0,0021
0 0 1 1 1 0,962 0,0080
1 1 1 1 0 0,932 0,0069
1 1 1 0 1 0,977 0,0074
1 1 0 1 1 0,976 0,0065
1 0 1 1 1 0,957 0,0106
0 1 1 1 1 0,980 0,0041

The best result of 0.980 was achieved by using feature groups 2, 3, 4 and 5. The LBP
(5) was the best single feature group having accuracy of 0.857. Textural (2) and LBP (5)
features had the best performance among the combinations including two feature
groups, having accuracy of 0.965. Textural (2), Statistical (3) and LBP (5) features per-
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formed the most successfully among the combinations including three feature groups
having the accuracy of 0.980. By adding Basic (1) and/or GLCM (4) features to this
combination, no significant improvement in accuracy or standard deviation were
achieved.

Confusion matrix and statistics for the feature set (2,3,4,5) can be seen from Appendix
3. SAR image classification result for the MLP ensemble is shown in Figure 43.
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Figure 43 Classified SAR image using the MLP ensemble and the feature set (2,3,4,5)

By visually comparing the classified SAR images, it can be noted that the performance
of the MLP ensemble is the best among all classifiers. This can be seen especially in the
areas of water and trees; the least mixing is occurring when using the MLP ensemble.
Ordinary single MLP neural networks were also tested, but classification results were
significantly lower than using the MLP ensemble.

4.4.4 K-Nearest Neighbor

KNN classifiers were implemented using Matlab’s built-in KNN toolbox. Three KNN
classifiers with k values of 1, 3 and 6 were tested. All three KNN classifiers used the
same city block (Manhattan) distance metric [30]:

N
DY) = ) xi— ¥ (34
i=1
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Since the original KNN implementation is suffering from long search times during clas-

sification, training examples were organized into kd-tree to ease the search.

Classification accuracies and standard deviations for the KNN classifiers with different

k values are shown in Table 8.

Table 8 Classification accuracies and standard deviations for the KNN classifiers

k=1 k=3 k=6
Basic Text Stat GLCM LBP

(1) (2) (3) (4) (5) | Acc. c Acc. c Acc. c

1 0 0 0 0 0,584 0,0073 | 0,580 0,0106 | 0,590 0,0129
0 1 0 0 0 0,799 0,0116 | 0,794 0,0165 | 0,794 0,0186
0 0 1 0 0 0,941 0,0090 | 0,917 0,0099 | 0,901 0,0096
0 0 0 1 0 0,642 0,0146 | 0,653 0,0157 | 0,658 0,0153
0 0 0 0 1 0,916 0,0065 | 0,886 0,0091 | 0,862 0,0084
1 1 0 0 0 0,803 0,0158 | 0,790 0,0148 | 0,780 0,0140
1 0 1 0 0 0,843 0,0108 | 0,824 0,0121 | 0,808 0,0178
1 0 0 1 0 0,762 0,0126 | 0,751 0,0177 | 0,749 0,0125
1 0 0 0 1 0,937 0,0089 | 0,914 0,0083 | 0,891 0,0124
0 1 1 0 0 0,944 0,0108 | 0,929 0,0159 | 0,915 10,0169
0 1 0 1 0 0,868 0,0136 | 0,858 0,0215 | 0,848 0,0242
0 1 0 0 1 0,966 0,0073 | 0,953 0,0083 | 0,932 0,0123
0 0 1 1 0 0,933 0,0059 | 0,911 0,0093 | 0,893 0,0098
0 0 1 0 1 0,969 0,0052 | 0,955 0,0050 | 0,937 0,0095
0 0 0 1 1 0,958 0,0046 | 0,941 0,0041 | 0,923 0,0077
1 1 1 0 0 0,899 0,0127 | 0,881 0,0131 | 0,870 0,0191
1 1 0 1 0 0,853 0,0135 | 0,832 0,0167 | 0,826 0,0151
1 1 0 0 1 0,959 0,0035 | 0,944 0,008 | 0,923 0,0117
1 0 1 1 0 0,866 0,0065 | 0,847 0,0111 | 0,839 0,0129
1 0 1 0 1 0,964 0,0042 | 0,947 0,0052 | 0,932 0,0030
1 0 0 1 1 0,956 0,0043 | 0,939 0,0047 | 0,921 0,0064
0 1 1 1 0 0,947 0,0079 | 0,933 0,0120 | 0,917 0,0155
0 1 1 0 1 0,980 0,0037 | 0,969 0,0038 | 0,953 0,0055
0 1 0 1 1 0,973 0,0047 | 0,962 0,0053 | 0,944 0,0084
0 0 1 1 1 0,975 0,0036 | 0,962 0,0052 | 0,947 0,0078
1 1 1 1 0 0,910 0,0090 | 0,890 0,0074 | 0,878 0,0153
1 1 1 0 1 0,971 0,0029 | 0,960 0,0067 | 0,945 0,0078
1 1 0 1 1 0,966 0,0035 | 0,953 0,0075 | 0,933 0,0100
1 0 1 1 1 0,971 0,0029 | 0,955 0,0041 | 0,941 0,0034
0 1 1 1 1 0,982 0,0027 | 0,972 0,0036 | 0,956 0,0063

The highest classification accuracies of 0.982, 0.972, and 0.956 for k values 1, 3 and 6,
respectively, were achieved with feature groups 2, 3, 4 and 5. The Statisical (3) feature
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group was the best single group having accuracies of 0.941, 0.917 and 0.901 for k val-
ues 1,3 and 6, respectively. Statistical (3) and LBP (5) features had the best performance
among the combinations including two feature groups, having accuracies of 0.969,
0.955 and 0.937 (k=1,3,6). Textural (2), Statistical (3) and LBP (5) features produced
the best results among the combinations including three feature groups, having accura-
cies of 0.980, 0.969 and 0.953 (k=1,3,6). By using these three feature groups, the classi-
fication accuracies were almost as high as the overall highest values, and only extremely
small improvements were provided by adding more feature groups into this combina-
tion. The effect resulted by adding the GLCM (4) features was neutral and the effect of
the Basic (1) features was actually slightly negative.

Confusion matrix and statistics for the KNN classifiers using the feature set (2,3,4,5)
can be seen from Appendix 4. SAR image classification result for the KNN (k=1) clas-
sifier using the feature set (2,3,4,5) is shown in Figure 44.

Reed
. Reed in water
. Water horsetail

. Water

U Trees
Sedge

| Sedg

Yellow water lily

Figure 44 Classified SAR image using the best KNN classifier (k=1) and the feature set
(2,3,4,5)

Although the KNN classifiers produced very high classification accuracies, their gener-
alization performance was very low. This can be seen clearly from Figure 44, in which a
lot of mixing occurs especially in the forest areas.



63

5. CONCLUSIONS

Selection of good and reasonable feature set had very strong influence on the perfor-
mance of the classifiers. Since only HH and V'V polarizations were available (no cross-
polarizations), polarimetric methods could not be utilized. It was found that the im-
portance of textural features was emphasized in this case. Experiments showed that
among all the tested classifiers the most important feature groups were Textural, Statis-
tical and LBP groups. Despite the name of Statistical feature group, it is also measuring
textural information since the statistics are computed in 15x15 sliding window. The
least important feature groups were Basic and GLCM, which had only very minor im-
pact on classification performance. It was also discovered that larger sliding windows
(15x15) resulted better performance than smaller ones (7x7, 9x9).

All the tested classifiers resulted very high classification accuracies for the test data.
This was caused by the fact that the test and training sets were not enough spatially sep-
arated, which caused correlation between the sets. In other words, the test and training
sets were sampled from regions not distant enough from each other. More spatially sep-
arated areas for test and training sets would have been required in order to get better
view on the generalization performance of the classifiers. Unfortunately, collection of
ground truth data is expensive and time consuming, and not enough time was available
to build complete training and test sets.

Since all classifiers resulted almost equally high classification accuracies, discrimina-
tion between them was made by visually comparing the classification results. The best
performing classifier was the MLP ensemble with the classification accuracy of 0.980.
Although cubic kernel SVM and KNN (k=1) classifiers resulted almost equal classifica-
tion accuracies (0.984 and 0.982), it could be clearly seen from the classified SAR-
images that the least mixing occurs with the MLP ensemble. Classification results of the
cubic kernel SVM, RBF kernel SVM and RF were almost identical and no notable dif-
ferences could be observed. Although the best results were obtained with the MLP en-
semble, it was also the most complex classifier, and a lot of trials and tweaking was
required in order to get it function properly. If the same amount of time had been in-
vested into RF or SVM classifiers, equally good results might have been achieved. The
worst performing classifier was KNN. Although KNN classifiers resulted in high classi-
fication accuracies, their generalization capability was very low. This can be clearly
seen from the SAR image classified using the KNN; a lot of mixing is occurs especially
in the areas covered by trees. In general, all classifiers were mixing more or less be-
tween the reed (class 1), trees (class 5) and sedge (class 6).
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Although the test data set used in the experiments was not complete, the results showed
that the methods used in the thesis are feasible for classification of vegetation from the
spaceborne SAR images. Especially the RF classifier is promising since it is computa-
tionally less demanding than the SVM or MLP ensemble. However, the best results
were obtained with the MLP ensemble, thus more studies are required in order to reveal
the real potential of the RF. Another issue which requires further studies is whether the
classes are detected based on the properties of the vegetation, soil or ground cover.
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APPENDIX 1: RANDOM FOREST CLASSIFIER CONFUSION MA-

TRIX AND STATISTICAL MEASURES FOR THE TEST DATA

Table 9 Confusion matrix for the RF classifier using the feature group 1,2,3,4,5 (accu-

racy of 0.979)
Predicted
classes Actual classes

1 2 3 4 5 6 7

1 232 0 1 0 3 11 0

2 2 250 0 0 0 0 0

3 0 0 249 0 0 0 0

4 0 0 0 250 0 0 1

5 4 0 2 0 246 1 0

6 14 0 1 0 1 238 0

7 0 0 0 0 0 0 249

Table 10 Statistical measures for the confusion matrix
Classes

1 2 3 4 5 6 7
True Pos 232 250 249 250 246 238 249
False Pos 14 0 0 1 5 16 0
False Neg 18 0 1 0 4 12 1
True Neg 1486 1500 1500 1499 1495 1484 1500
Precision 0943 1.000 1.000 0.996 0.980 0.937 1.000
Sensitivity|| 0.928 1.000 0.996 1.000 0.984 0.952 0.996
Specificity | 0.991 1.000 1.000 0.999 0.997 0.989 1.000
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APPENDIX 2: SVM CLASSIFIER CONFUSION MATRICES AND
STATISTICAL MEASURES FOR THE TEST DATA

Table 11 Confusion matrix for the RBF SVM using the feature group 2,3,4,5 (accuracy
0.963)

Predicted
classes Actual classes
1 2 3 4 5 6 7
1 228 0 2 0 12 24 0
2 0 250 0 0 0 0
3 0 0 250 0 0 0 0
4 0 0 250 0 0
5 1 0 0 232 1 0
6 21 0 0 0 6 225 0
7 0 0 0 0 0 0 250

Table 12 Statistical measures for the RBF SVM confusion matrix

Classes
1 2 3 4 5 6 7
True Pos 228 250 250 250 232 225 250
False Pos 36 0 0 0 2 27 0
False Neg 22 0 0 0 18 25 0

True Neg 1464 1500 1500 1500 1498 1473 1500
Precision 0.864 1.000 1.000 1.000 0.991 0.893 1.000
Sensitivity | 0.912 1.000 1.000 1.000 0.928 0.900 1.000
Specificity 0.976 1.000 1.000 1.000 0.999 0.982 1.000

Table 13 Confusion matrix for the cubic SVM using the feature group 2,3,4,5 (accuracy
0.986)

Predicted
classes Actual classes
1 2 3 4 5 6 7
1 244 0 0 0 8 7 0
2 0 250 0 0 0 0
3 0 0 249 0 0 0 0
4 0 0 0 250 0 0 0
5 1 0 0 240 1 0
6 5 0 1 0 2 242 0
7 0 0 0 0 0 0 250




Table 14 Statistical measures for the cubic SCM confusion matrix

Classes

1 2 3 4 5 6 7
True Pos 244 250 249 250 240 242 250
False Pos 15 0 0 0 2 8 0
False Neg 6 0 1 0 10 8 0
True Neg 1485 1500 1500 1500 1498 1492 1500
Precision 0.942 1.000 1.000 1.000 0.992 0.968 1.000
Sensitivity|| 0940 1.000 0.996 1.000 0.840 0.916 1.000
Specificity | 0.990 1.000 1.000 1.000 0.999 0.995 1.000
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APPENDIX 3: MLP ENSEMBLE CLASSIFIER CONFUSION MA-

TRIX AND STATISTICAL MEASURES FOR THE TEST DATA

Table 15 Confusion matrix for the MLP ensemble using the feature group 2,3,4,5 (accu-

racy 0.969)
Predicted
classes Actual classes

1 2 3 4 5 6 7

1 229 0 1 0 8 19 0

2 0 250 1 0 0 0 0

3 0 0 246 0 2 0 0

4 0 0 0 250 0 0 0

5 3 0 0 0 239 0 0

6 18 0 1 0 3 231 0

7 0 0 1 0 0 0 250

Table 16 Statistical measures for MLP ensemble confusion matrix
Classes

1 2 3 4 5 6 7
True Pos 229 250 246 250 239 231 250
False Pos 28 1 0 0 3 22 1
False Neg 21 0 4 0 11 19 0
True Neg 1472 1499 1500 1500 1497 1478 1499
Precision 0.891 0996 1.000 1.000 0988 0913 0.99
Sensitivity|| 0.916 1.000 0.984 1.000 0.956 0.924 1.000
Specificity | 0.981 0.999 1.000 1.000 0.998 0.985 0.999
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APPENDIX 4: KNN CLASSIFIER CONFUSION MATRICES AND
STATISTICAL MEASURES FOR THE TEST DATA

Table 17 Confusion matrix for the KNN (k=1) using the feature group 2,3,4,5 (accuracy
0.985)

Predicted
classes Actual classes
1 2 3 4 5 6 7
1 250 0 0 0 12 4 0
2 0 250 0 0 0 0
3 0 0 250 0 1 0 0
4 0 0 0 250 0 0 0
5 0 0 0 229 1 0
6 0 0 0 0 8 245 0
7 0 0 0 0 0 0 250
Table 18 Statistical measures for the KNN (k=1) confusion matrix
Classes
True Pos 250 250 250 250 229 245 250
False Pos 16 0 1 0 1 8 0
False Neg 0 0 0 0 21 5 0

True Neg 1484 1500 1499 1500 1499 1492 1500
Precision 0.940 1.000 0.996 1.000 0.996 0.968 1.000
Sensitivity|| 1.000 1.000 1.000 1.000 0.916 0.980 1.000
Specificity | 0.989 1.000 0.999 1.000 0.999 0.995 1.000

Table 19 Confusion matrix for the KNN (k=3) using the feature group 2,3,4,5 (accuracy
0.973)

Predicted
classes Actual classes
1 2 3 4 5 6 7
1 249 0 0 0 26 10 0
2 0 250 0 0 0 0
3 0 0 250 0 4 0 0
4 0 0 0 250 0 0
5 0 0 0 215 1 0
6 1 0 0 0 9 239 0
7 0 0 0 0 0 0 250
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Table 20 Statistical measures for the KNN (k=3) confusion matrix

Classes
True Pos 249 250 250 250 215 239 250
False Pos 36 0 0 0 1 10 0
False Neg 1 0 0 0 35 11 0

True Neg 1464 1500 1500 1500 1499 1490 1500
Precision 0.874 1.000 1.000 1.000 0.995 0.960 1.000
Sensitivity|| 0.996 1.000 1.000 1.000 0.860 0.956 1.000
Specificity | 0.976 1.000 1.000 1.000 0.999 0.993 1.000

Table 21 Confusion matrix for the KNN (k=6) using the feature group 2,3,4,5 (accuracy
0.962)

Predicted
classes Actual classes
1 2 3 4 5 6 7
1 250 0 0 0 38 15 0
2 0 250 0 0 0
3 0 0 250 0 5 1 0
4 0 0 0 250 0 0
5 0 0 0 201 2 0
6 0 0 0 0 11 233 0
7 0 0 0 0 0 0 250

Table 22 Statistical measures for the KNN (k=6) confusion matrix

Classes
True Pos 250 250 250 250 201 233 250
False Pos 53 0 0 0 2 11 0
False Neg 0 0 0 0 49 17 0

True Neg 1447 1500 1500 1500 1498 1489 1500
Precision 0.825 1.000 1.000 1.000 0.990 0.955 1.000
Sensitivity|| 1.000 1.000 1.000 1.000 0.804 0.932 1.000
Specificity | 0.965 1.000 1.000 1.000 0.999 0.993 1.000




