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Anthropogenic changes to forests, agriculture and hydrology are being driven by a need to provide
water, food and shelter to more than six billion people. Unfortunately, these changes have a majol
impact on hydrology, biodiversity, climate, socio-economic stability and food security. The most

pervasive form of land-cover change in South Africa is human settlement expansion. In many cases
new human settlements and settlement expansion are informal and occur in areas that are typicall
covered by natural vegetation. Settlements are infrequently mapped on an ad-hoc basis in South Afric
which makes information on when and where new settlements form very difficult. Determining where

and when new informal settlements occur is beneficial from not only an ecological but also a social
development standpoint. The objective of this thesis is to make use of coarse resolution satellite data t
infer the location of new settlement developments in an automated manner by making use of machine
learning methods. The specific sensor that is considered in this thesis is the MODIS sensor on-boar
the Terra and Aqua satellites. By using samples taken at regular intervals (8 days), a hyper-tempore
time-series is constructed and consequently used to detect new human settlement formations in Sou
Africa. Two change detection methods are proposed in this thesis to achieve the goal of automated ne

settlement development detection using this high-temporal coarse resolution satellite time-series date
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Menslike verandering wat 'n invioed het op die natuurlike toestand van woude, landbou en hidrologie
word gedryf deur die noodsaakliheid om water, kos en behuising aan meer as 6 biljoen mense
te verskaf. Hierdie verandering het 'n geweldige impak op hidrologie, biodiversiteid, klimaat,
sosio-ekonomiese stabiliteit en voedselsekuriteit. Die mees algemene landelike verandering ir
Suid-Afrika is die uitbreiding van menslike nedersettings. Nuwe menslike nedersettings en die
uitbreiding hiervan is dikwels informeel en kom voor in areas wat tipies bedek is met natuurlike
plantegroei. In Suid-Afrika is dit baie moeilik om informasie te bekom oor waar en waneer nuwe
nedersettings voorkom aangesien hierdie informasie nie gereeld opgedateer word nie. Die bepalin
van waar en waneer nuwe nedersettings voorkom is voordelig vanuit beide 'n ekologiese sowel as
'n sosiale-ontwikkelings standpunt. Die doel van hierdie proefskrif is om te bepaal waar nuwe
nedersettings ontwikkel deur gebruik te maak van medium resolusie sateliet data. Hierdie inligiting
kan op 'n outomatiese manier bekom word deur gebruik te maak van masjien-leer metodes. Die dat:
wat gebruik word om die navorsing vir hierdie proefskrif uit te voer is verkry van die MODIS sensor
op die Terra en Aqua sateliete. Deur gebruik te maak van observasies wat elke 8 dae beskikbaar is,
'n hiper-temporale tydreeks saamgestel. Hierdie tydreeks is gebruik om te bepaal waar nuwe menslik
nedersettings in Suid-Afrika gevorm het. Twee metodes word voorgestel in hierdie proefskrif om te

bepaal waar nuwe nedersettings vorm.
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INTRODUCTION

1.1 PROBLEM STATEMENT

Anthropogenic changes to natural land cover are being driven by a need to provide water, food anc
shelter to more than six billion people [1]. Unfortunately, these changes have a major impact on
hydrology, biodiversity, climate, socio-economic stability and food security [1,2]. Changes in land-use
contribute to human impact on the climate as we are changing the natural rate of exchange of carbo
dioxide between the atmosphere and the terrestrial biosphere, for example huge stocks of carbon al

released as a result of deforestation [2, 3].

The most pervasive form of land-cover change in South Africa is human settlement expansion [4]. In
many cases, new human settlements and settlement expansion are informal and occur in areas tf
were previously covered by natural vegetation. Informal or unplanned settlements usually evolve as
people move closer to employment opportunities [4]. These settlements can occur in various location:
and are normally without basic services, which includes electricity, running-water, water-borne

sewage and refuse removal. The spatial layout is often not planned but informally developed by the
inhabitants of the settlements themselves [5]. Figure 1.1 shows an informal settlement in the Limpopc
province of South Africa which developed between 2003 and 2009 in an area that was initially mostly

covered by natural vegetation.

A report from the nineteenth special session of the general assembly of the United Nations (UN)
identified sustainable human settlements as a matter requiring urgent attention and states that loc
government needs to be empowered to plan, implement, develop and manage human settlements [¢
It further states that local government needs to be enabled to manage existing informal settlements

and prevent the establishment of new ones. The occurrence of new small rural villages and scattere
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FIGURE 1.1: QuickBird image of a new settlement development (courtesy of GObtgeth)

settlements is difficult to monitor by local government as the majority are informal and erected rapidly

without the prior consent of the relevant government or municipal authorities. This leads to inadequate
water, water-borne sewage and refuse removal provision [7]. Settlements are infrequently mapped o
an ad-hoc basis in South Africa. It follows that determining where and when new informal settlements

occur is beneficial not only from an environmental, but also from a socio-economic point of view.

1.2 OBJECTIVE OF THIS THESIS

As shown in the previous section, there exists a need to perform regular land cover change evaluation
to identify change areas of interest. Change detection can be defined as the process of identifyin
differences in the state of an area by observing it at different times [8]. Human operator-dependent
change mapping through visual interpretation of imagery is time consuming and resource intensive
Hence there is a need for automated change detection to reduce operator dependence and to ena
large datasets to be processed frequently [9, 10].

Remote sensing is the science of obtaining information on an object or area without being in contact
with the object or area under investigation [11]. Using various sensors, data are acquired remotely
and analyzed to obtain information on the area that is measured by the sensor. Coarse resolutio
remotely sensed data provides an effective mechanism to monitor large areas on a frequent basis
the wide swath (2000 — 3000 km) of coarse resolution sensors (250 — 1000 m pixel size) enables thi
same area to be observed at a very high temporal sampling rate (near daily), thus resulting in a highl
sampled (hyper-temporal) coarse spatial resolution time-series. This hyper-temporal time-series coul

Department of Electrical, Electronic and Computer Engiimger 2
University of Pretoria
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potentially be used as a first step as a change alarm leadingtter investigation using higher

resolution sensors such as Landsat 7, Ikonos, and QuickBird [12].

Automated land-cover change detection at regional or global scales, using hyper-temporal, coars
resolution satellite data has been a highly desired [13], but elusive goal of environmental remote

sensing and has even been described by some as the “holy grail” of remote sensing [9].

Digital change detection encompasses the quantification of temporal phenomena from multi-date
imagery that is usually acquired by satellite-based, multi-spectral sensors [14, 15]. Land-cover chang
can be categorized into two types. The first type is referred to as land-cover modification where subtle
changes affect the character of the land-cover without changing its overall classification, such as
drought and burned areas within natural vegetation [14]. Land-cover modification is often associated
with natural climate variability. The second type of land-cover change is referred to as land-cover
conversion where there is a complete replacement of one land-cover type by another such as th

transformation of natural vegetation by agriculture.

Change detection methods have been extensively reviewed by Lu and Weng [15] as well as Coppir
et al. [14]. The majority of the methods that were reviewed by the aforementioned authors are
based on image differencing, post-classification comparison and change trajectories of multi-date
high resolution data. In most cases, these methods only consider two images for change detectiol
effectively trying to detect areas of change from one image to the next. Coarse resolution satellite
data provide frequent observations (daily or multi-day composites) of land surface conditions at
regional to global scales and are thus an attractive option for regional-scale change detection. Man
change detection methods based on high-frequency, coarse resolution satellite data do not rely on trc
time-series analysis. The data are mostly treated as hyper-dimensional or as derived metrics [16—1¢
but not as hyper-temporal, failing to exploit the valuable temporal components, for example, the
phase or frequency modulation of the signal, which is driven by seasonal changes in land surface
phenology [20]. In addition, many of these methods consider large-scale ecosystem disturbances, fc
example, wildfires, insect outbreaks and natural disasters [18, 19] as opposed to the relatively smal

spatial extent of a new settlement development which involves but a few contiguous MODIS pixels.

As stated in the previous section, the most pervasive form of land-cover change in South Africa is
human settlement expansion. Consequently, developing a change detection framework for detectin

the formation of new settlements using a remote sensing approach will be the point of departure toward:

Department of Electrical, Electronic and Computer Engimeger 3
University of Pretoria
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the greater objective of developing a global or regionalmuatied land cover change detection method.

It follows that the primary objective of this thesis is to develop and test an automated change detectior
framework that is able to detect the transformation of natural vegetation to human settlement which
could then be adapted to consider many other types of land cover change. Two novel change detectic
methods were formulated to solve the aforementioned problem. Both of these methods utilize the
hyper-temporal time-series data that are available from coarse resolution imagery. The novelty of thes
methods is underpinned by the fact that the temporal dimension of the time-series is considered as
highly sampled (relative to the natural phenological variation) data-stream, and change classificatior
is done by combining standard signal processing based methods for feature extraction with machin

learning methods for change classification.

1.3 PROPOSED SOLUTION

As stated previously, change detection methods are required to be sufficiently automated with minima
operator involvement. Machine learning enables computers to make decisions based on volumes ¢
empirical data that are often impossible to analyze in a timeous manner by a single, or even multiple
human operators. When considering the use of machine-learning methods for change detection base
on remote sensing data, there are a few factors to consider. Firstly, a change metric needs to b
calculated. This change metric should effectively quantify the level of change that is associated with
each pixel. This change metric is then compared to a threshold value to determine whether a chang
or no-change decision should be made [21], [22], [23]. The threshold value can be calculated in a
supervised or unsupervised manner. In supervised methods, training data are used to determine tt
distribution of the change metric for both the change and no-change case and an appropriate decisic
boundary is inferred. One of the main disadvantages of supervised change detection methods is th
requirement of a statistically significaatpriori database of change and no-change examples [8].

Unsupervised methods, on the other hand, do not require any training data, but this generally comes :

the cost of a loss in performance.

In many cases, Univariate Image Differencing (UID) is used [24] to determine the change metric
by subtracting two spatially-registered high resolution images, acquired at two different instances,
on a per-pixel basis. Each pixel is then classified as either belonging to the change or no-changs
class by comparing the difference of two co-located pixels (change metric) to a threshold value. The
underlying idea is that no-change pixels would typically have a smaller difference than change pixels,
and a simple thresholding approach can be used to distinguish between the two possible classes. Tl

selection of this single threshold value is, however, not a trivial task [23, 25, 26], especially when

Department of Electrical, Electronic and Computer Engimeger 4
University of Pretoria
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considering an unsupervised approach. In most cases, thgehaetric Probability Density Function
(PDF) is assumed to be normally distributed [22, 23] (See section 5.4 for details).

The specific sensor that was considered in this thesis is the MODIS sensor on-board the Terra an
Aqua satellites. In particular, the freely available and easily accessible MCD43A4 product was
used [27]. This product utilizes MODIS data from both satellites and provides high quality 500-meter

reflectance data. A bidirectional reflectance distribution function (BRDF) is used to model the

values as if they were taken from nadir view [28] which ensures a high level of consistency when
considering the hyper-temporal time-series (see section 2.5). Even though some MODIS products
are produced at 250 m resolution for the first two bands [27], these products are unfortunately not
BRDF corrected and also only use data from either the Terra or Aqua satellites, and do not capitalize
on both. Eight day composites are produced from daily data in an attempt to create the most clouc
free, high quality dataset. Using this 8-daily composited dataset, a seven-year hyper-tempora
time-series of surface reflectance was constructed (Jan. 2001 — Jan. 2008) and consequently us
to detect the formation of new human settlements in South Africa. The underlying idea is that one
or more hyper-temporal time-series be used as input to a change detection algorithm. The outpu

of the algorithm is a change alarm which produces a change or no-change decision on a per-pixel basi

To achieve this goal, two change detection methods are proposed in this thesis. The first will
be referred to as the Extended Kalman Filter (EKF) change detection method and the second th
Temporal Autocorrelation Function (ACF) change detection method. These methods work on a changge
metric thresholding principle, i.e. a pixel’'s hyper-temporal time-series is used to calculate a change
metric. This change metric is then compared to a threshold value which yields a change or no-chang:
decision. As previously stated, determining a suitable threshold is not a trivial task. A logical

approach in selecting this threshold would be to calculate the change metric for a hyper-temporal
times-series dataset of change and no-change examples. A threshold value can then be chosen that b
discriminates between these two datasets. The problem with this approach is that real change exampl
are very rare in a regional landscape [17], which makes the availability of a training dataset on change
problematic. This requires a new approach to the problem. The fact that real change examples are vel
difficult to obtain implies that no-change examples are relatively easy to obtain. Land cover change
was therefore simulated [29]. This was done by linearly blending a natural vegetation time-series with
that of a settlement time-series (for details see section 5.2.2). This enabled the timing and rate of the
change to be controlled in order to estimate the necessary threshold parameters without the need ft

real change examples.

Department of Electrical, Electronic and Computer Engimeger 5
University of Pretoria
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Examples of no-change Examples of no-change Examples of no-change

settlement time series vegetation time series pixel time-series
Create simulated change dataset Create no-change dataset
Calculate change metric for Calculate change metric for
each time series in dataset each time series in dataset
Compute distribution of Compute distribution of
the change metric the change metric

!

Calculate optimal threshold

FIGURE 1.2: Off-line optimization phase.

Both the EKF and Temporal ACF change detection methods are supervised, however, the operatc
only needs to provide examples of “no-change” natural vegetation and settlement pixels. No real or
actual change examples are required except for final performance evaluation. As previously statec
the training database requirement for both methods is limited to only no-change examples, which are
numerous and can be obtained in large numbers. The no-change examples are then used to gener
a simulated change dataset. Both the no-change and simulated change datasets are then used
determine a set of parameters in an off-line optimization phase after which the algorithm is run in an

operational and unsupervised manner for the entire study area.

Figure 1.2 shows a general overview of the off-line optimization phase, which is similar for both
methods. A set of settlement and natural vegetation time-series examples known not to have change
during the study period is used to create a simulated change dataset. The change metric for eac

time-series in the simulated change dataset, as well as the no-change dataset, is calculated. The char

Department of Electrical, Electronic and Computer Engimeger 6
University of Pretoria
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Time-series of pixel(x,y)

Y

Calculate change metric

Y

Compare to threshold

Change or no-change decision for pixel (x,y)

FIGURE 1.3: Operational phase.

metric is merely an index that indicates the amount of change that is associated with the time-serie:
under consideration, i.e. the larger the change metric value, the higher the probability that the specific
time-series had undergone a change. The distribution of the change metric, given that a chang
occurred together with the distribution of the change metric, given that no change occurred, is then

used to calculate the optimal threshold.

Figure 1.3 shows a general overview of the operational phase, which is also similar for both methods
The time-series for any arbitrary pixel is used as an input to the algorithm. The change metric is then
calculated and compared to the threshold that was calculated in the off-line optimization phase. After
thresholding, a change or no-change decision is made. Even though the change detection methodolog
for both of the proposed change detection methods is similar, the change metric calculation is
considerably different; this will become more apparent in the chapters to follow (Sections 5.2 and
5.3)

1.4 OUTLINE OF THIS THESIS

The outline of the thesis is as follows: Chapter 2 gives an overview of some basic remote sensing
principles and describes the remotely sensed data that were used, together with an overview of son
of the most common change detection methods found in current literature. Chapter 3 gives an
introduction to non-linear filtering and in particular the Extended Kalman Filter (EKF), which is a

crucial component of one of the proposed change detection methods. Chapter 4 shows that land-cove
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-

class separation can be improved by modeling a normalizddrelifice vegetation index (NDVI)
time-series using a triply modulated cosine function and EKF framework to track the model parameters.
Chapter 5 follows on the methodology discussed in chapter 2 and extends the EKF framework to the
change detection case. The temporal Autocorrelation Function (ACF) change detection method is als:
introduced in chapter 5. The results obtained by using the EKF and temporal ACF methods are showt
in chapter 6. Chapter 7 gives concluding remarks as well as possible future research that could expar
on some of the concepts introduced in this thesis.
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CHAPTER TWO

REMOTE SENSING DATA FOR LAND COVER
CHANGE DETECTION

Remote sensing is the science of obtaining information aboubbject or area without being in

contact with the object or area under investigation [11]. Using various sensors, data are acquirec
remotely and analyzed to obtain information about the object that is measured by the sensor. In this
thesis, a sensor on board a satellite platform measures the reflection and emission of electromagnet
radiation by the Earth’s surface at regular time intervals and these data are then used to infer change

in surface reflectance caused by land cover change.

The objective of this chapter is to give the reader insight into some of the basic principles of satellite
remote sensing. A brief history of remote sensing is given in section 2.1 after which the fundamental
principles of electromagnetic radiation as well as the interaction of electromagnetic radiation with

the atmosphere and Earth’s surface is discussed in section 2.2. The concept of resolution in th
spectral, temporal, radiometric and spatial context is introduced in section 2.3. The factors considerec
in choosing a remote sensing system is given in section 2.4 where-after the MODIS sensor is describe
in section 2.5. Two vegetation indices are discussed in section 2.6 where-after a review of some of the
popular change detection methods is presented in section 2.7. Concluding remarks are given in sectic
2.8.
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FIGURE 2.1: The oldest surviving aerial photograph taken by James Wallace Black in 1860 over the
city of Boston [11].

2.1 EARLY HISTORY OF REMOTE SENSING

The invention of photography in 1839 was an important first step towards space-borne remote sensin
as we know it today. The first known aerial photograph was taken in France by Gaspard Felix
Tournament over Bievre, France, but unfortunately those photographs no longer exist [11]. The oldes
surviving aerial photograph is one of Boston, taken by James Wallace Black in 1860 (Figure 2.1).
The first platforms used for aerial photography were tethered balloons. It was only during the First
World War that aircraft were used as platforms for aerial photography to obtain information regarding
troop movements, supplies and the effects of bombardments [30]. The use of remote sensing fo
environmental purposes only became more popular after the Second World War. The technologica
advances made on airborne camera design during the war were put to civilian use for terrain mapping
and assessment. The use of aircraft for remote sensing purposes proved to be expensive and provid
data for relatively small areas. The space programs of the 1960s ushered in a new age of remot
sensing, using a satellite platform. Satellite technology advanced greatly during the 1960s mainly
because of the space race between the USA and former USSR [30]. This new phase of remote sensit
can be considered in four broad categories, namely military reconnaissance, manned space fligh
meteorological satellites and earth resource satellites. Each of these categories will be explained il

more detail in the following sections.
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2.1.1 Military reconnaissance satellites

Prior to 1960, aerial photography was mainly used by the United States and the former USSR to
monitor each other’s military capabilities. In 1958, the possibility of using satellite for military
reconnaissance was proposed at the Surprise Attack Conference in Geneva [30]. The first US spac
observation satellites, which were used for military reconnaissance, were within the CORONA,
ARGON and LYNARD programs of the 1960s [30]. These missions were typically very short with
any one mission not being more than one or two weeks. These early systems were limited becaus
of the finite amount of film that could be carried. The film canister was ejected and intercepted as it
descended to Earth [30]. Later systems stored images in digital format and used telemetry to relay thi
data to the Earth.

2.1.2 Manned space flight

The first person to orbit the Earth was Yuri Gagarin on 12 April 1961. Even though no photos were
taken during this flight, the potential for space-based earth observation became apparent. The US;
also commenced its manned space programs in the early 1960s which culminated in the first luna
landing in 1969 [30]. The Mercury program (1961-1963) produced some of the first photographs
from a manned capsule and was obtained by the astronauts through the capsule window. The Gemi
program in later years (1965-1966) had a more systematic photograph acquisition strategy whict
captured more than 2 500 photos of the Earth. The Skylab missions (1973-1974) obtained over 4«
000 images of the Earth at a spatial resolution of 60-140m. The space shuttle missions that bega
in 1981 employed even more sophisticated remote sensing systems. The Russian space missio
paralleled those of the American missions, with the Vostok and Voskhod programs being analogous tc

the Mercury and Gemini missions [30].

Using manned spacecraft as a remote sensing platform has both advantages as well as disadvantag
One of the main advantages is that the manned mission can be used as a test bed for new systen
By using feedback from the ground station, the on-board equipment setup can be modified anc
optimized by the astronauts. This information can then be used when designing an unmanned satellite
The astronauts could also rectify certain malfunctions with the sensors if and when required. The
disadvantage, however, is that manned space missions are more often than not of short duration, whic
makes continuous and systematic coverage impossible. Another disadvantage is that the ramificatior
of malfunctions during a manned space mission far outweigh that of an unmanned satellite mission dug

to possible risk to human life.
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2.1.3 Meteorological satellites

Weather forecasting relies heavily on remote sensing satellites to provide readings on temperature
wind speed and the location and movements of storms to name but a few. The movement of majol
hurricanes can be tracked and predicted accurately by using remote sensing images and can be relay
to the community effectively by means of radio and television broadcasting. Before the advent of
remote sensing for weather prediction purposes, major storms could strike unexpectedly, causin
massive damage to property and, quite possibly, loss of life. The Television and Infrared Observatior
Satellite (TIROS-1) meteorological satellite was the first that was used for earth observation and was
launched by the United States on 1 April 1960 [30].

Since the initial TIROS-1 satellite, weather satellites have become increasing more advanced. Infraret
(IR) data are used to determine information on the temperature at the surface and cloud tops an
estimating wind direction and strength by monitoring individual clouds over time. Both polar orbiting

and geostationary satellites are utilized for weather prediction [30].

2.1.4 Earth resources satellites

The first earth observation satellite was the Earth Resource Technology Satellite (ERTS-1) launche
in July 1972. The ERTS-1 (commonly referred to as Landsat) was designed to acquire multi-spectra
medium resolution imagery of the Earth on a systematic and repetitive basis [30]. The data acquirec
during this mission were made available globally. The underlying idea was that the global remote
sensing community would take part in evaluating the subsequent data. The mission was regarde:
as being very successful and paved the way for continuation of the Landsat series of satellites. The
first radar satellite used for remote sensing purposes was the SEASAT satellite, which was launche
in 1978 but only provided data for three months. Prior to 1980, the majority of satellites were

deployed by the USA and USSR. During the 1980s and onwards, remote sensing systems wer
developed and commissioned from various agencies around the world, including the French Satellite
Pour I'Observation de la Terre (SPOT) series of satellites, the range of Indian Remote Sensing (IRS
satellites, the Japanese Earth Resource Satellite (JERS) and the European Remote Sensing (EF

satellites to name but a few.

Typically, these space agencies operate independently of one another butin in February 2005 the Grot
on Earth Observations (GEO) was formally created by resolution of 60 national governments and 40
international organizations. The nations and international organizations involved in GEO resolved that

it would implement the Global Earth Observation System of Systems (GEOSS). The primary objective
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Meteorological satellites

CORONA Military satellites

Landsat Series
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Apollo Space Shuttle
] |
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FIGURE 2.2: Time-line spanning from 1960 until 2000 for some of the satellite missions described
in the previous sections. Since the first artificial satellite, Sputnik 1, in 1957, a host of nations have
successfully launched more than 2 000 satellites into orbit. (Adapted form [30])

of GEOSS is that that timely, quality, long-term, global observations are exchanged in a full and open
manner with minimum time delay and minimum cost. They also intend to coordinate efforts to address

capacity-building needs related to earth observations [31].
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FIGURE 2.3: The electromagnetic spectrum [30].

2.2 ELECTROMAGNETIC RADIATION

Visible light is probably the most familiar form of electromagnetic radiation, but only occupies a
very small portion of the entire electromagnetic spectrum. Radio waves, X-rays and Ultra Violet
(UV) rays, to mention a few, all form part of the electromagnetic spectrum. In essence, all forms of
electromagnetic radiation radiates according to the same wave theory. These waves are characteriz:
by their wavelength and amplitude, all traveling at the speed of light in a vacuum. The electromagnetic

spectrum is depicted in Figure 2.3.

The two main approaches to remote sensing are active and passive systems. An active remote sensi
system uses its own electromagnetic radiation source. The amount of energy that is reflected bac
to the sensor is used to infer information about the surface towards which the sensor is directed. A
typical example of an active remote sensing system is Synthetic Aperture Radar (SAR). These system

operate in the wavelength range of between 2.4 and 107 cm.

A passive remote sensing system uses the Sun as the source of electromagnetic radiation and measu
the reflection from the Earth’'s surface. The focus of this thesis will be on passive remote sensing
systems. The part of the spectrum that is particularly useful for passive remote sensing systems are tt
visible and infrared (IR) ranges. Table 2.1 gives a further breakdown of these ranges. Multi-spectral
scanners often range between 0.4 and LQange [11], which ranges from the visible blue range to

the long-wave IR range (Table 2.1).

As previously stated, the Sun is the primary source of electromagnetic radiation in passive remote
sensing systems. It follows that the properties of the Sun’s electromagnetic radiation are of particular
importance. Although the Sun produces energy in a wide range of wavelengths, the energy acros
all the wavelengths is not evenly distributed. Wien’s displacement law dictates that the wavelength

at which a black body radiates maximum energy is a function of the temperature of the object given
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TABLE 2.1: Breakdown of the visible and infrared spectrum.

Range Wavelength (1m)
Blue 0.4-05
Visible Green 0.5-0.6
Red 0.6-0.7
Near IR 0.7-1.0
nfrared Short-wave IR 1.0-3.0
Mid-wave IR 3.0-5.0
Long-wave IR 7.0-14.0

Far IR 15.0 - 1000
as [30]:
A
Am = T (2.1)

where )\, is the wavelength at which the maximum energy is radiateds a constant (2898m K)
andT is the temperature in Kelvin. The Sun’s temperature is between 5750 and 6000 K [30]. This
implies that the wavelength at which the Sun radiates maximum energy is roughimn0Bhe spectral
radiance of electromagnetic radiation as a function of the temperature and wavelength is described b
Planck’s law [32]:

I\T) = #, (2.2)

Ao (exwt — 1)

where\ is the wavelengthl is the temperaturé, is the Planck constant,is the Boltzmann constant
andc is the speed of light. Figure 2.4 shows the spectral radiance of the electromagnetic radiation of
the Sun for wavelengths between 1 and 2000 nm. It can be seen that the Sun’s maximum energy i

radiated in the visible spectrum between 400 and 700 nm.

Because of the distance between the Earth and Sun, there is a considerable decrease in intens
across all wavelengths when the electromagnetic radiation reaches the Earth’s atmosphere. This can |
attributed to the inverse-square law that states that flux density is inversely proportional to the square
of the distance from the flux source [32]. However, the spectral distribution across the wavelengths
remains nearly unchanged [30]. The atmosphere, on the other hand, has a dramatic effect on the sol

radiance that eventually reaches the surface of the Earth. This effect will be discussed in the following
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FIGURE 2.4: Solar spectral radiance of the Sun as a function of wavelength.

section.

2.2.1 Interaction of electromagnetic radiation with the atmosphere

The atmosphere has a significant effect on the intensity and spectral composition of electromagnetis
radiation that is available to remote sensing systems. The influence of the atmosphere can b

partitioned into scattering effects and absorption effects.

Scattering can either be selective or non-selective. Selective scattering depends on the specifi
wavelength of the radiation. If the wavelength of the electromagnetic radiation is larger than the
dimensions of the scatterers (more than 10 times the size), the amount of scattering is inversely
proportional to the fourth power of the wavelength [30]. This is commonly referred to as Rayleigh

scattering. When the dimensions of the scatterers are approximately the same as the wavelength
the electromagnetic radiation, scattering also occurs. This is commonly referred to as Mie scattering
Non-selective scattering is not wavelength dependent and occurs in aerosols that are approximatel
10 times the size of the wavelength. For the visible wavelengths, pollen grains, raindrops and clouc

droplets are typical sources of non-selective scattering [30].

Absorption in the atmosphere occurs because gaseous components in the atmosphere act as selec
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Table 2.2: Order of magnitude of atmospheric effects for Adea Very High Resolution Radiometer
(AVHRR) band 1 and 2 as well as NDVI. The proportional effect is given as percentage (%) of increase
(+) or decrease (-) of the signal. All the other effects as well as effect on NDVI are given in absolute

units [33].

Band 1
Band 2
NDVI (Bare Soil)
NDVI (Forest)

Ozone
4.24% to 12% (-)
0.02t0 0.06 (+)
0.006 t0 0.017 (+

Water vapor
0.7%t0 4.4% (-)
7.7% to 25% (-)
0.011t00.12 ()
0.036 to 0.038 (-

Rayleigh
0.02t0 0.06 (+)
0.006 to 0.02 (+)
0.036 to 0.094 (-
0.086 to 0.23 (-)

Aerosol
0.0051t0 0.12 (+)
0.003to 0.083 (+
0.006 to 0.085 (-)
0.022100.35 (-)

absorbers [30]. Molecules selectively absorb energy aerdifft wavelengths. The most efficient
absorbers in the atmosphere are water vapor, carbon dioxide and ozone [11]. Figure 2.5 show
the atmospheric electromagnetic opacity for different wavelengths. Table 2.2 shows the effect for
AVHRR band one and two as well as NDVI as a result of Ozone, water Vapor, Rayleigh scattering
and stratospheric aerosol effects. Both AVHRR band one and two are affected by these atmospheri
effects and in particular, water vapor and aerosol has a detrimental affect on band 2 and 1 respectivel

which causes an artificial decrease in NDVI [33] (Table 2.2).

From the aforementioned it can be concluded that, because of the effects of atmospheric absorptio
and scattering, the observation radiance recorded at the satellite is not a true reflection (NPI) of the
radiance from the ground but rather “Top-of-Atmosphere”. It follows that atmospheric correction for

Rayleigh scattering, gaseous absorption, and aerosol scattering should be a critical pre-processir
step when considering land surface studies [34, 35]. For three cases in particular, the omissior
of atmospheric correction could prove to be detrimental [36]. Firstly, if one were to compute the

ratio between two bands of a multispectral image. This is because scattering increases inversel
with wavelength which implies that shorter-wavelength measurements are more susceptible thar
longer-wavelengths and could possibly distort the true ratio. Second, when relating the radiance o
a surface in terms of a physically based model, the atmospheric component must be estimated an
removed as failure to do so could adversely affect the physically based model if the physically basec
model does not assume an atmospheric component. Thirdly, when comparing the radiance made
one time (time 1) with the radiance at a different time (time 2), atmospheric correction is crucial

as the radiance values recorded by the sensor will most likely vary from time 1 to time 2 because

of atmospheric variability [36]. Atmospheric correction is also applicable to time-series analysis
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FIGURE 2.5: Atmospheric electromagnetic opacity (modified from [37]).

(considering multiple observations of the same area) as changes in the time-series should only b

affected by changes in the surface radiance as opposed to changes in atmospheric conditions.

Atmospheric correction can either be relative or absolute. Relative atmospheric correction uses
histogram matching to reference images. This approach requires good reference images for the same
adjoining areas. Absolute correction on the other hand can either be empirical or physical. Empirical
methods have the danger of over simplification and are often of limited use. Physical models model
the effect of various gas concentrations and compensates for these accordingly. These physical mod
are called Radiative Transfer Models (RTM’s). Radiative transfer models rely on information from the

image itself in order to estimate the path radiance for each spectral band and are limited by the nee
for data relating to the condition of the atmosphere at the time of imaging. A popular RTM is the 6S

code developed by E Vermogt al.[38] and is freely available (ftp://loa.univ-lille1.fr/6S/).

2.2.2 Interaction of electromagnetic radiation with a surface

When electromagnetic energy strikes a surface, a certain measure of absorption, reflection and/c
transmission can occur. The amount of energy reflected, absorbed and transmitted is a functior
of the Earth feature (material composition, surface roughness, etc.) and the wavelength of the
electromagnetic energy concerned. In remote sensing, the energy that is reflected from the surface
of particular importance as this is the energy that is detected by the sensor. Reflection is primarily a
function of the surface roughness. If the surface is very flat, and the angle of reflét)ieqgals the

angle of incidenced), most of the energy will be reflected in the direction of the reflection angle.
This type of reflection is referred to apecularreflection. If the surface is rough compared to the
wavelength of the incident electromagnetic radiation, i.e. the ratio between the roughness of the

surface and the wavelength is greater than one, the energy is scattered and effectively reflected in a
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FIGURE 2.6: Specular and diffuse reflection [30].

directions. This type of reflection is referred todifusereflection [11]. The broad range of surface
types on Earth implies that perfect specular or diffuse reflection would not occur in nature and would
lie somewhere between these two extremes [11]. Figure 2.6 illustrated the principle of specular anc

diffuse reflection.

For remote sensing purposes, diffuse reflection is considered to be more favorable as the reflectio
is coherent for all viewing angles. Specular reflection, on the other hand, would have a bright
reflectance for a specific viewing angle, and relatively little reflection for all other viewing angles.
The reflection for most surfaces in nature tend to be more diffuse than specular for the visible and
infrared wavelengths with the exception of water [30]. Because surfaces cannot be assumed to b
perfectly Lambertian (diffuse reflection), the viewing and solar angles should be considered. All the
reflected energy from a ground target over an entire hemisphere is not detected by the satellite sensc
but rather, only the reflected energy returned at a particular angle is recorded [36]. In addition, the
reflected energy also depends on the the orientation of the Sun (Figure 2.7 and 2.8). These effects a
particularly detrimental for wide-swath sensors [39] as the viewing angle of these sensors can vary
considerably between days. The MODIS sensor, for example, has a swath width of approximately
2300 km, which yields a maximum viewing zenith angle of up t6¢ 8]. It follows that the
distribution of radiance as a function of the observation and illumination angles must be taken into
consideration. The Bidirectional Reflection Distribution Function (BRDF) is a mathematical function
that describes the variability in surface reflection based on the illumination and viewing angles for
a specific wavelength. Using the BRDF function to correct for Sun and viewing angle effects is
discussed in further detail in section 2.5 when considering the BRDF corrected MODIS product that

was used in this study.
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FIGURE 2.7: Solar orientation [36].

The spectral reflection is the ratio between the energy reflected from a surface and the total
electromagnetic energy incident on the surface. The spectral reflectaces @ function of the
wavelength and can be written as

_ Er(Y)
Er(A)
whereFE is the reflected electromagnetic energy @nds the electromagnetic energy incident on the

Ox x 100, (2.3)

surface [11].

The spectral reflectance curve of an object is a graph that shows the spectral reflection for a range c
wavelengths. This is sometimes also referred to as the spectral signature of an object. Figure 2.9 show
an example of the spectral reflectance curve for vegetation. The typical valleys in the visible spectrum
are due to the absorption characteristics at different wavelengths by the pigments in plant leaves. Th
strong absorption of chlorophyll in the blue and red band gives rise to the typical green color that is
usually associated with healthy vegetation. Water absorption in the 1400, 1800 and 2700 nm banc
gives rise to the characteristic valleys in the short-wave IR region. As explained in section 2.2.1, water
vapor in the atmosphere is an important consideration for atmospheric correction and has also been
limitation of previous land remote sensing instruments, in more recent sensors (for example MODIS),
bands are chosen to minimize the impact of absorption by atmospheric gases and in particular wate
vapor [41].
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FIGURE 2.8: Effect of Solar illumination angle variation on reflection [40]. Both photographs taken
from the same field but from different directions.
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FIGURE 2.9: Typical spectral reflectance curve for vegetation [11].

2.2.2.1 Phenology reflection variation

Even though the spectral reflection curve is broadly similar for specific land-cover types, it is by no
means unique. In nature, the spectral signature of similar land-cover types could be highly variable

[11, 30]. Even the same land cover type can appear significantly different during certain periods of
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FIGURE 2.10: QuickBird image showing a vegetation area taken in February (courtesy of
GoogléMEarth). The area corresponding to a 500 m MODIS pixel together with the the spectral
reflection for all seven MODIS land bands is also shown.

the natural growth cycle. An example of this is shown in the Limpopo province of South Africa. A

natural vegetation area corresponding to a 500 m MODIS pixel is shown together with the the spectra
reflection of all seven land-bands for February and September respectively (Figures 2.10 and 2.11). It
clear that the spectral signature of a pixel having an unchanged land cover type could vary considerabl
over time due to seasonal variations. The Near IR band (band 2) in February is high and the red ban

(band 1) is low due to green vegetation whereas the opposite is true for September.
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FIGURE 2.11: QuickBird image showing a vegetation area taken in September (courtesy of
GoogldMEarth). The area corresponding to a 500m MODIS pixel together with the the spectral
reflection for all seven MODIS land bands is also shown.

2.3 RESOLUTION

In remote sensing, there are four types of resolution that are of interest. These are spectral, tempore
radiometric and spatial resolution. Each of these will be discussed in more detail in the sections tha

follow.

2.3.1 Spatial

The spatial resolution of an imaging system can be measured in a number of different ways,
depending on the user’'s goals. The pixel size is determined by the altitude, viewing angle and
sensor characteristics of the remote sensing system. The most commonly used measure, based on 1
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FIGURE 2.12: lllustration of the point spread function, the pixel that is imaged is centered at (0,0) and
stretches from -0.5 and 0.5 in both the x and y direction [36].

geometric properties of the imaging system, is the instantaneous field of view (IFOV) which is defined
as the area on the ground that is viewed by the instrument at a given altitude and time instance [36]. |
should however be noted that no satellite has a perfectly stable orbit and the satellite’s height above th
Earth could vary by tens of kilometers which in turn influences the IFOV. Another factor to consider

is that due to the properties of the optics involved in imaging, a reflective point on the ground does
not produce a single bright point on the image but rather a diffused circular region. This phenomenon
is characterized by the point spread function (PSF). Figure 2.12 illustrates the concept of the PSF
here, the area of the pixel being imaged is centered around (0,0) and stretches 0.5 in both the x an
y direction. It is clear that the signal energy is non-zero outside this range. The ideal point spread
function would be a square box centred at (0,0) with a side length of 1.0 [36]. When relatively bright

or dark objects are within the IFOV of the sensor, the PSF has the effect of blending or spreading
the areas having significantly higher or lower reflectance. This leads to the phenomenon where
high-contrast features such as narrow rivers and roads are discernible on some satellite images, eve
though their width is less than the sensor’s spatial resolution. It also has the effect that often, target:
with dimensions larger than the satellites IFOV may not be discernible if they do not contrast with

their surroundings. The value recorded at the sensor which corresponds with a particular pixel positior
on the ground is thus not just a average of the radiance from that pixel but there is a high probability

that there is a contribution from areas outside the IFOV. A digital image is a set of values being related
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LANDSAT-7 panchromatic image (15m resolution)

SPOT-2 panchromatic image (10m resolution)

FIGURE 2.13: Landsat-7 and SPOT-2 panchromatic resolution comparison.

to the radiance from a ground area represented by a single cell or pixel. The IFOV is not the same a:
the pixel size as pixel values can be interpolated to represent any desired ground spacing [36].

When considering the same geographical area, a higher resolution image of the same area will hav
an increased data size when compared to a lower resolution image. An informal settlement in the
Limpopo province of South Africa is shown in Figure 2.13, which was taken from the Landsat-7 and
SPOT platforms respectively. The Enhanced Thematic Mapper (ETM+) sensor on board the Landsat-
mission has a panchromatic channel with spatial resolution of 15m, whereas the High-Resolution
Visible (HRV) sensor on board the SPOT-2 mission has a panchromatic channel with a spatial
resolution of 10m. The distinct difference in clarity between the two images can be seen clearly
when considering these two images of the same area.
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2.3.2 Spectral

Remote sensing systems usually employ multi-spectral sensors. As the name suggests, multi-spectr
sensors acquire data for multiple spectral bands. The effective bandwidth of the measured bands i
directly related to the spectral resolution. For example, in the visible range between 400 and 700 nm
if only one band is used to sense the reflection for the entire band, a single reflectance value woulc
be produced. If the one single band was divided into three sub-bands, namely 400-500, 500—-60
and 600-700nm respectively, three reflectance values corresponding to the blue, green and re
band would be produced. One of the advantages of having a higher spectral resolution is that the
variations in the spectral signatures of land surfaces can be identified much more easily as the spectr
resolution increases. To identify particular targets on a remotely-sensed image, the spectral resolutio
of the sensor must be as closely matched as possible to the spectral reflectance curve of the intends
target [36].

There are also a few drawbacks when increasing the spectral resolution. As the number of spectre
channels increases, the data size increases linearly. Another disadvantage is that the Signal-to-Noit
Ratio (SNR) is adversely affected when increasing the spectral resolution. The reason for this is tha
all signals contain some form of noise that is caused by electronic noise from the sensor. The effective
signal radiance is less for narrow channels than for wider channels while the additive noise componen
remains the same, which in turn reduces the SNR. Some airborne sensors have more that 100 spect
bands. These sensors are referred to as hyper-spectral sensors. The sensors that were considered in

thesis typically had fewer than 10 land observation bands [36].

2.3.3 Temporal

Temporal resolution in remote sensing refers to the rate at which the same area is measured. Th
pre-determined orbit, altitude and swath-width of the satellite means that the rate at which an area i
imaged can be determined. The orbital period of a satellite in a circular orbit increases with increasing
altitude. Low earth orbit (LEO) satellites typically range between 160 and 2000 km above the Earth’s
surface and travel at a speed of nearly 8 km per second. Geostationary orbit ranges between 35488
36088 km, being centered on 35788 km and satellites in this orbit travel at speeds of around 3 km pe
second. The advantage of geostationary orbit is that the receiving antenna remains in a fixed positiol
whereas the receiving antenna used to receive data from LEO satellites requires a tracking antenn
Many remote sensing satellites are in a sun-synchronous orbit (600 — 800 km) where the grounc
observation is always illuminated by the Sun at the same angle when viewed from the satellite [42].

The temporal resolution can vary from hours to weeks depending on the configuration of the remote
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FIGURE 2.14: Relationship between image spatial resolution and satellite imaging revisit period.
Instrument swath width is given in brackets and arrows show range of satellite imaging revisit period
using sensor off-nadir pointing capability [43].

sensing system [30]. Fixed temporal resolution systems have a fixed viewing angle whereas the variabl
(off-nadir) viewing capabilities of later systems have the ability to alter the temporal resolution. The
advantage of utilizing off-nadir viewing capability is that by changing the viewing angle slightly, the
same area could be imaged on consecutive orbits. The disadvantage of this approach, however, is th
while some areas can be imaged more frequently, other locations that may have been imaged from th
same point are omitted which increases the revisit time for these areas [43]. In essence, fixed tempor:
acquisitions are not possible using variable viewing capabilities. The Ikonos sensor, for example, has
a satellite repeat cycle of 140 days which can be increased to 3 — 4 days by making use of the pointin
capability of the instrument. Crucially, imagery are thus only recorded based on user demand which
implies that there is no regular repeated coverage for any part of the Earth’s surface [43]. It should
also be noted that there is a trade-off between spatial and temporal resolution of satellite data. The
underlying idea is that the data from narrow swath instruments, having a finer spatial resolution, is
less frequently available than wide swath sensors, having coarser spatial resolution data (Figure 2.14
The advantage of having equally spaced, frequently sampled acquisitions of the same area will becom

apparent in sections and chapters to follow.
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2.3.4 Radiometric

Radiometric resolution refers to the number of digital quantization levels used to represent the date
observed by the sensor. A higher quantization level usually implies a greater level of detail in the
information that is collected by the sensor. If one were to consider a digital image composed of
only two levels (black and white), each pixel could either be represented using a single bit with 0
representing black and 1 representing white. If we were to increase the number of bits to 6-bits,
there would be 64 unique levels (000Qa0 11111% in binary notation). It should be noted that

the number associated with each quantization level is not a direct measurement of ground-leaving
radiance but rather the steps into which a range of physical values is divided. Consider, for example
that the sensor is able to measure radiance in the range 0 to 10?8/ um~! and each pixel

could be represented as an 8-bit value (i%&256 unigue levels). The entire radiance range could be
quantized in 256 levels with the difference between each level being (10 — 0)/255=0.00392Wm

pm~L. In an effort to distribute the incoming radiance more evenly over radiance range, some Sensors
can dynamically change their gain to maximize the resolution by taking into account the expected
brightness conditions without saturating the detectors. The idea is that the gain can be lowered whe

surface brightness is expected to be high and increased when surface brightness is expected to be lo

The step size from one level to the next has to be more than the noise level of the sensor to ensure th.
the change in a level was caused by a real change in the radiance rather than a fluctuation in radianc
caused by the noise. It follows that the SNR directly influences the quantization level. Low quality

sensors having a high noise level would thus have a lower radiometric resolution compared with low
noise sensors [36]. The disadvantage of increased radiometric resolution is an increase in the data siz

Most remote sensing systems have 6 or more bits of radiometric resolution [30].

2.4 CHOOSING A REMOTE SENSING SYSTEM

Since the beginning of the remote sensing era, remote sensing satellite data have provided researche
with an effective way to monitor and evaluate land-cover changes [8, 14, 44]. A wide spectrum of
sensors can be utilized for change detection and the focus is typically on the application requiremen

when selecting the most appropriate sensor.

When selecting the right sensor for detecting land cover conversion, the most important consideratior
is the spatial and temporal resolution. High resolution sensors have the advantage of identifying muct

smaller objects than coarse resolution sensors, but at a much lower temporal resolution. Chang
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TABLE 2.3: Comparison of remote sensing satellite sensors.

No.
Revisit Swath Spatial Wavelength
Sensor ) . ) of
time Width Resolution range
bands

Advanced Space borne
Thermal Emission and
_ _ 16 Days | 60km 15-90m 0.52-11.6%m 14
Reflection Radiometer
(ASTER)
Enhanced Thematic
Mapper Plus (ETM+)

MODerate-Resolution

16 days | 185km 15-60m 0.45-12.5m 8

Imaging
_ 1-2 days| 2330km | 250-1000m| 0.4-14.4um 36
Spectroradiometer
(MODIS)
Advanced Very High
Resolution Radiometer | Daily 3000 km 1100 m 0.58 - 12.5%m 5

(AVHRR)

detection is possible by comparing two high resolution insaigéen at different dates, but this can,

however, be problematic, because similar land cover types can appear significantly different at variou:
stages of the natural growth seasonal cycle [17]. To mitigate this problem it was shown by R.S Lunetta
et al. in [45] and [46] that the temporal frequency of the remote sensing data acquisitions should
be high enough to distinguish change events from phenological cycles [45, 46]. The high temporal

frequency makes the use of coarse spatial resolution imagery very attractive for change detection [16]

To illustrate this, two narrow-swath and two wide-swath sensors typically used in land-monitoring
remote sensing applications are shown (Table 2.3). The first two examples, Advanced Space-born
Thermal Emission and Reflection Radiometer (ASTER) and ETM+ each have a maximum
panchromatic spatial resolution of 15m with a swath width of 60 and 185km respectively. The
pair of examples, MODerate-Resolution Imaging Spectroradiometer (MODIS) and Advanced Very
High Resolution Radiometer (AVHRR) have a much lower spatial resolution (250 m—1100 m) but with
a much wider swath width of 2330 and 3000 km respectively. The wide swath width enables the

same pixels to be sampled nearly every day and as such provides a very high temporal resolutior
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The MODIS sensor was chosen for this thesis because of its swaéh-width and medium spatial

resolution capabilities. The following section describes the MODIS sensor in more detail.

2.5 MODERATE-RESOLUTION IMAGING SPECTRORADIOMETER

MODIS was developed by NASA for scientific purposes and is the principal sensor on board the Terra
and Agqua satellites. Terra, also commonly referred to as EOS-AM-1, was launched on Decembel
18, 1999 from the Vandenberg Air force base. Development of the Terra satellite was a joint mission
between the USA, Canada and Japan [47]. Apart from MODIS, Terra carries the Advanced Space
borne Thermal Emission and Reflection Radiometer (ASTER), Clouds and the Earth’s Radiant
Energy System (CERES), Multi-angle Imaging SpectroRadiometer (MISR) and Measurements of
Pollution in the Troposphere (MOPITT) sensors. Aqua, also commonly referred to as EOS-PM-1, was
launched from the Vandenberg Air Force Base on May 4, 2002. Apart from the MODIS instrument,
Aqua carries the Advanced Microwave Scanning Radiometer-EOS (AMSR-E), Advanced Microwave
Sounding Unit (AMSU-A), Atmospheric Infrared Sounder (AIRS), Humidity Sounder for Brazil
(HSB) and Clouds and the Earth’s Radiant Energy System (CERES) sensors.

The MODIS design team put particular emphasis on instrument calibration as this is critical in
generating accurate long-term time-series data for global change studies [48]. The Terra and Aqu:
satellites orbit the globe in a sun-synchronous orbit at an altitude of 705 km. The MODIS sensor has
36 spectral bands between 0.405 and 14;38%vith on-board calibration systems [48]. The first two
bands have a spatial resolution of 250 m with bands three to seven having a spatial resolution of 500 nr
Bands eight through 36 have a spatial resolution of 1km. The MODIS instrument makes use of a
cross-track scan mirror, collecting optics and individual detector elements [49]. The swath dimensions
of MODIS are 2330 km (across track) by 10 km (along track at nadir) which, at a resolution of 500 m,
produces 20 lines in a single scan [49]. It should be noted however that the 500 m resolution is at
nadir and that the pixels size increases slightly in the scan direction which causes pixels to be partially
overlapping at off-nadir angles [50]. This is commonly known as the bow-tie effect and is a source of

variability over the revisit cycle.

The MODIS instrument data are converted systematically into terrestrial, atmospheric and oceanic
products. The first seven bands are typically used for land applications and are often referred to a
the MODIS land bands. The bands were chosen to minimize the impact of absorption by atmospheric
gases and in particular water vapor, which has been a limitation of the previous instruments for land

remote sensing [41] (see section 2.2.1). Table 2.4 gives a description of the specific wavelength an
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bandwidth of each of the land bands [51].

TABLE 2.4: MODIS spectral band properties and characteristics.

Wavelength Resolution )
Band Primary Use Spectral range
[hm] [m]

Band 1 620-670 250 Land/Cloud/Aerosols Boundaries Visible (Red)
Band 2 841-876 250 Land/Cloud/Aerosols Boundaries Near IR
Band 3 459-479 500 Land/Cloud/Aerosols Properties Visible (Blue)
Band 4 545-565 500 Land/Cloud/Aerosols Properties Visible (Green)
Band 5 1230-1250 500 Land/Cloud/Aerosols Properties Short Wave IR
Band 6 1628-1652 500 Land/Cloud/Aerosols Properties Short Wave IR
Band 7 2105-2155 500 Land/Cloud/Aerosols Properties Short Wave IR
Band 8 405-420 1000 Ocean Color/Phytoplankton/Biogeochemistry  Visible (Blue)
Band 9 438-448 1000 Ocean Color/Phytoplankton/Biogeochemistry  Visible (Blue)
Band 10 483-493 1000 Ocean Color/Phytoplankton/Biogeochemistry  Visible (Blue)
Band 11 526-536 1000 Ocean Color/Phytoplankton/Biogeochemistry Visible (Green)
Band 12 546-556 1000 Ocean Color/Phytoplankton/Biogeochemistry Visible (Green)
Band 13 662672 1000 Ocean Color/Phytoplankton/Biogeochemistry  Visible (Red)
Band 14 673-683 1000 Ocean Color/Phytoplankton/Biogeochemistry  Visible (Red)
Band 15 743-753 1000 Ocean Color/Phytoplankton/Biogeochemistry Near IR
Band 16 862-877 1000 Ocean Color/Phytoplankton/Biogeochemistry Near IR
Band 17 890-920 1000 Atmospheric Water Vapor Near IR
Band 18 931-941 1000 Atmospheric Water Vapor Near IR
Band 19 915-965 1000 Atmospheric Water Vapor Near IR
Band 20 | 3660-3840 1000 Surface/Cloud Temperature Mid Wave IR
Band 21 | 3929-3989 1000 Surface/Cloud Temperature Mid Wave IR
Band 22 | 3929-3989 1000 Surface/Cloud Temperature Mid Wave IR
Band 23 | 4020-4080 1000 Surface/Cloud Temperature Mid Wave IR
Band 24 | 4433-4498 1000 Atmospheric Temperature Mid Wave IR
Band 25 | 4482-4549 1000 Atmospheric Temperature Mid Wave IR
Band 26 | 1360-1390 1000 Cirrus Clouds Water Vapor Near IR
Band 27 | 6535-6895 1000 Cirrus Clouds Water Vapor Mid Wave IR
Band 28 | 7175-7475 1000 Cirrus Clouds Water Vapor Long Wave IR
Band 29 | 8400-8700 1000 Cloud Properties Long Wave IR
Band 30 | 9580-9880 1000 Ozone Long Wave IR
Band 31 | 10780-11280 1000 Surface/Cloud Temperature Long Wave IR
Band 32 | 11770-12270 1000 Surface/Cloud Temperature Long Wave IR
Band 33 | 13185-13485 1000 Cloud Top Long Wave IR
Band 34 | 13485-13785 1000 Cloud Top Long Wave IR
Band 35 | 13785-14085 1000 Cloud Top Long Wave IR
Band 36 | 14085-14385 1000 Cloud Top Long Wave IR
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FIGURE 2.15: MODIS mosaic of the Earth [52].

TABLE 2.5: MODIS land products.

Code Platform Description

Radiation balance product suit

11

MODO09 / MYDQ9 Aqua/ Terra Surface Reflectance
MOD11/MYD11 Aqua/ Terra Surface Temperature and Emissivity
MOD43 / MYD43 / MCD43 Aqua / Terra / Combined BRDF/Albedo
MOD43/ MYD43 / MCD43 Aqua / Terra / Combined BRDF/Albedo
Vegetation Product Suite
MOD13/MYD13 Aqua/ Terra Vegetation Indices
MOD15/MYD15/MCD15 Aqua / Terra / Combined Leaf Area Index - FPAR
MOD17/MYD17 Aqua/ Terra Gross Primary Productivity
Land-Cover Product Suite
MOD12/MCD12 Aqua / Combined Land-Cover Type
MOD14 / MYD14 Aqua/ Terra Thermal Anomalies and Fire
MOD44 Aqua Vegetation Continuous Fields

Because of the large swath size, the same location can bevelds®rery one to two days. It should

be noted that that the viewing angle of these daily observations differ from one another in a repeating
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FIGURE 2.16: MODIS sinusoidal projection [27].

pattern of 16 days. The reason for this is that the MODIS instrument repeat cycle of nadir overpasse:
iIs 16 days which implies that every 16 days the MODIS instrument will be traveling on nearly the
exact same path [49]. The radiometric resolution of the sensor is 12 bits, which results in 4096 unique
levels @'2). A color composite image using the MODIS instrument is shown in Figure 2.15. Table 2.5
shows some of the most common MODIS products.

The data product that was chosen in this thesis was MCD43A4 For a complete list of MODIS products
see [27]., which is based on the MCD43 BRDF/Albedo radiance product (Table 2.5). The prefix
“MOD” and “MYD” of the product code refers to data acquired using the Aqua and Terra satellites
respectively. The “MCD” prefix is used to indicate that data from both satellites were used. The
MCD43A4 product is derived using a surface reflectance product which is defined as being the
measured reflectance from the land surface in the absence of the atmosphere and performs correctio
for the effect of gaseous absorption, molecules and aerosol scattering [33,51]. The MCD43A4 produc
also takes into account the BRDF (See section 2.2.2) to adjust the reflectance values as if they wer
taken from nadir view. It does this by utilizing 16 days’ worth of multi-date data of both the Terra
and Aqua satellites together with a semi-empirical kernel-driven bidirectional reflectance model to
determine a global set of parameters describing the BRDF of the land surface. This is then used t¢
determine the hemispherical reflectance as well as the bi-hemispherical reflectance at the solar zeni
angle corresponding to local solar noon to produce a coarse resolution (500 m for all bands) compositt
image every 8 days [28].
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TABLE 2.6: Coefficients for equations 2.5 and 2.6.

Isotropic RossThick | LiSparseR
Term _
(iso) (vol) (geo)
g0 1.0 -0.007574 | -1.284909
gl 0.0 -0.070987 -0.166314
g2 0.0 0.307588 0.041840
g 1.0 0.189184 -1.377622

The algorithm used for BRDF correction uses a kernel-drilieear BRDF model having a weighted
sum of an isotropic parameter and two functions of viewing and illumination geometry used to

determine reflectance [28]

R(ea v, ¢a )‘) = fiso()‘) + fVOl(A)KVol(ea v, ¢a )‘) + fgeo()\)ngo(ey v, ¢7 )‘)7 (24)

whered is the solar zenith angle; is the view zenith,¢ is the relative azimuth angle andis

the wavelength. K, (0, v, ¢, \) is derived from volume scattering radiative transfer models and
Keeo(8,v, ¢, A) is derived from geometric shadow casting theory. The RossThick kernel expression for
K, and the LiSparce kernel expression ., have been identified as the best suited combination
for the operational MODIS BRDF/Albedo algorithm [28].

BRDF model parameters are provided in the MOD43B1 product and can be used to compute the
albedos with the solar illumination geometry by making use of the following polynomial used to model

black-sky and white sky albedos respectively

abs(ea )\) = fiso(/\)(QOiso + glisoAQ + 92150/\3) +
fvol(>\) (90vol + glvol)\2 + g2vol)\3) +
Jaeo(N) (Gogeo + Grgeor” + G2geor’), (2.5)

and

aws(ea )\> = fisogiso + fvolgvol + fgeoggeo- (26)

The coefficients used in equations 2.5 and 2.6 are given in table 2.5. In the MCD43A4 product, the

solar zenith angle is transformed to the angle at local solar noon [49], which results in a high degree
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of reflection consistency when using multiple images to costa pixel time-series. The composite
image is in the form of a sinusoidal projected tile. Figure 2.16 shows the sinusoidal projection tiles of
10° x 10°. Each tile is in the HDF-EOS file format having 2492400 pixels. This thesis focuses on

the h20v11 tile (Figure 2.16). Figure 2.17 shows the outline of a 59600 m MODIS pixel in the
Gauteng province of South Africa, together with its corresponding seven-year time-series for all seven
land bands spanning from 2001/01 to 2008/01.

When considering optical measures of vegetation canopy greenness, Vegetation Indices (VIs) are ofte
considered [53]. VIs uses band combinations that provide consistent spatial and temporal comparison
for monitoring photosynthetic activities [48]. Two of the most common VIs will be discussed in the

following section.

2.6 VEGETATION INDICES

The study of terrestrial vegetation in large-scale global processes is one of the primary interests ir
earth observation. This requires an understanding of the biophysical and structural properties a:
well as temporal variations of vegetation. Vegetation indices (VIs) are spectral transformations of
two or more spectral bands designed to enhance the contribution of vegetation properties and allov
comparison of terrestrial photosynthetic activity variations. VIs are widely used in the estimation
of leaf area index, fraction of absorbed photosynthetically-active radiation, chlorophyll content,

vegetation fraction, photosynthesis, transpiration and net primary production [54].

VI measurements combine the chlorophyll-absorbing visible red spectral region with the near-infrared
(NIR) spectral region (which has a high reflection in the case of green vegetation) to provide a
consistent and robust measure of area-averaged canopy photosynthetic capacity [55]. This simpl
transformation of spectral bands enables monitoring of seasonal, inter-annual, and long-term variation
of vegetation parameters [53]. Two VIs, the normalized difference vegetation index (NDVI) and

enhanced vegetation index (EVI), will be considered in this section.

2.6.1 Normalized difference vegetation index

Normalized Difference Vegetation Index (NDVI) is a vegetation index that has been successfully used

in many studies related to vegetation [53]. NDVI is a normalized ratio of the Near IR and red bands,

NDV] = PNIR — Pred 2.7)
PNIR + Pred
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FIGURE 2.17: MODIS pixel and corresponding seven year time-series spanning from 2001/01 to
2008/01 (courtesy of Goodl¥Earth).

wherepnr andp,qq is the surface reflectance of the Near IR and red bands respectively. These bands
correspond to MODIS band two and one respectively (Table 2.4). The rationale behind the index is
that Photosynthetically Active Radiation (PAR), which is in the 400—700 nm wave band, is used in the
process of photosynthesis. This results in a strong absorption of these wavebands as was shown
Figure 2.9. Wavelengths longer than 700 nm are not used for photosynthesis and are reflected due
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FIGURE 2.18: QuickBird image of an area in northern South Africa (courtesy of GOYglarth).
A polygon representing the area covered by a 500 m MODIS pixel together with the corresponding
seven-year NDVI time-series spanning from 2001/01 to 2008/01 is also shown.

the internal cell structure of green vegetation [55]. This results in the characteristic low percentage of
reflection in the visible region relative to the near IR region of green vegetation (Figure 2.9).

NDVI is a good vegetation measure in the sense that its stability enables meaningful comparisons o
seasonal and inter-annual changes in vegetation greenness, growth and activity [53]. NDVI time-serie:
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data have been used in various operational applicationsidimg image segmentation methods,
land-cover classification, climate studies and change detection [17,56-58]. The NDVI time-series

for the pixel shown in Figure 2.17 is shown in Figure 2.18.

2.6.2 Enhanced vegetation index

The enhanced vegetation index (EVI) optimizes the vegetation signal with improved sensitivity in high
biomass regions because of an increased dynamic range, which in the case of NDVI, has a tendency
saturate in high biomass regions [53]. Vegetation monitoring is also improved through de-coupling of

the canopy background signal. EVI is calculated as:

PNIR — Pred
EVI=d ) 2.8
PNIR + C1 X pred — Ca X ppiue + L (2.8)

wherepnir, Prea @NApp1e 1S the surface reflectance of the Near IR, red and blue bands respectively, L

is the canopy background adjustment tetrh, C;, are the coefficients of the aerosol resistance term
and(G is the gain term. The rationale behind the the scaled blue band and red band term is based o
the wavelength dependency of the aerosol effects. The blue band is more atmosphere-sensitive and
used to correct the red band for aerosol influences. The canopy background correction term (L) is use
since 70% of the terrestrial surface has open canopies with canopy background signals having som
effect on the canopy reflectance properties. The coefficients adopted in the MODIS EVI algorithm are,
L=1,C,=6,C,=7.5, and (gain factor) = 2.5 [53].

2.6.3 Using vegetation indices for land cover change detection

NDVI is the most widely used VI when considering land cover change detection [12, 20,57, 59-61].
This could be attributed to the simplicity of calculating the NDVI metric as well as the ability to be
calculated for sensors that do not have a blue band. Our preliminary results shows that the performanc
of the methods presented in this study was not influenced considerably by the choice of vegetatior
index (NDVI vs. EVI). It was consequently decided to use NDVI time-series data as input to the change
detection method presented here in order to maximize comparability with previous studies so that the
change detection ability could be attributed to the method rather than the choice of index. Although
only NDVI data were used, it should be noted that all the change detection methods presented in thi:

thesis could be adapted to other vegetation indices.

Department of Electrical, Electronic and Computer Engimeger 38
University of Pretoria



UNIVERSITY OF PRETORIA
YUNIBESITHI YA PRETORIA

=
W UNIVERSITEIT VAN PRETORIA
Qe

Chapter 2 Remote sensing data for land-cover change detectio

2.7 CHANGE DETECTION METHODS

There is no single solution to change detection for all applications. Different change detection
methods have their own merits with no single approach being optimal for all change scenarios [15].
Monitoring changes on the surface of the Earth is a dynamic topic with new techniques being
continuously developed [14, 15]. There are three major steps involved when developing a change
detection framework. The first step is to perform image pre-processing which includes geo-location
and image registration, radiometric and atmospheric correction. The goal of this step is to ensure tha
the data are consistently processed through time and that changes in surface reflectance are not caus
by processing artifacts. For example, if two images are not properly co-registered, the location of a
pixel in the first image will not correspond with the co-located pixel in the second image, resulting

in an erroneous change detection for that pixel. Various studies have shown the adverse effect o
change detection accuracy in the event of mis-registration [62—64]. The second step is to implemen
a suitable change detection method that produces information on where and in some cases whe
changes occurred in the area in question. In the the third step, an accuracy assessment is performed

guantify the performance of the algorithm using a ground truth dataset.

A distinction can be made between multi-temporal and hyper-temporal change detection methods
Multi-temporal change detection methods usually takes as input a few images (in the order of
2-5) [14, 15] whereas hyper-temporal change detection methods make use of a series of images (up
hundreds) taken at regular, constant intervals, usually a few (8 — 30) days apart. The vast majority o
change detection algorithms in the literature are based on medium to high resolution multi-temporal

change detection with only a limited number of hyper-temporal change detection methods [14, 15].

Most multitemporal change detection methods found in the literature can broadly be classified into
two categories. In the first, two pixels are used as input to a mathematical function to produce a
change metric. The second step is then to classify the change metric value as having changed or nc
The second category is often referred to as post-classification change detection where a labeled map
compared at two instances and corresponding areas having different labels are then flagged as chan

areas [14].

When considering land cover change detection, previous studies have shown that multi-tempora
change detection methods that infer change based on differences in the surface reflectance at tw
instances tend to be performance limited due to differences in vegetation [45, 46]. Phenology-inducec

errors occur when a change map is generated using two images acquired at different stages of th
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intra-annual growth cycle [17]. The spectral signature ef $hme vegetation can vary significantly
through the year (Figures 2.10 and 2.11) which could lead to an elevated false alarm rate as the
difference in ground reflection between the two acquisitions is not only caused by changes in land
cover, but also by a natural seasonal variation in the spectral signature of vegetation. The tempora
frequency of the satellite should thus be high enough to distinguish change events from natural
seasonal changes in vegetation. Apart from these natural seasonal variations, changes in ecosyste
can broadly be classified as being gradual (trend) or abrupt. As the name suggests, gradual chanc
refers to a slow deviation of the time-series caused by, for example, land degradation. Abrupt
change refers to an abrupt change in the time-series caused by, for example, deforestation [29
Therefore, hyper-temporal change detection methods should be able to distinguish phenologica
cycles from trends or abrupt change in land cover [20, 29, 65]. Another important motivation for
using hyper-temporal change detection methods is the need for automated change detection ove
large areas [66]. While the majority of change detection methods are focused on changes betwee
satellite images from two dates [14, 15], the increasing availability of large archives of historical
images makes it possible to develop richer algorithms that fully exploit the temporal dimension of
the data. Rather than only focusing on high resolution image to image change detection, it can
be complemented by hyper-temporal time-series data. In line with GEOSS philosophy [31], these
datasets can be aggregated as a multi-sensor monitoring system and change information obtained usi
hyper-temporal data could be used to guide high-resolution sensors in acquiring imagery of areas o
interest identified using the medium resolution time-series data. Another advantage of hyper-tempora
time-series data is that continuous monitoring is possible as the data is not limited to the availability

of costly sets of high-resolution images.

Post classification change detection is also not without its challenges. In concept, identifying areas
where the class labels are different for two land cover maps is intuitive, but this process relies heavily
on the classification accuracy of each of the two land cover maps. The selection of optimal image
dates, for example, is crucial since differences in reflectance can be caused by seasonal vegetatic
fluxes and Sun angle differences which could cause a difference in the the land cover classification fo
areas that have similar land cover types in both images [14]. For South Africa, two major land cover
mapping efforts were made to produce a land cover database in 1994 and 2000, referred to as the Sou
African National Land-Cover (NLC) 94 and NLC 2000 datasets respectively [67]. These datasets
were used to determine a change map by comparing the class labels for each pixel. Unfortunately, th
1994 and 2000 versions of the NLC were compiled using very different methods. The NLC 94 had a

a minimum mapping unit of 25 ha, and contained 31 land-cover classes whereas the NLC 2000 had
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minimum mapping unit of 2 ha, and contained 45 land-coveselafs7]. Converting these classes into

comparable pixel sizes and land cover classes was not a trivial task and taking into consideration tha
the original classification accuracy of the land cover datasets where 79.4% and 65.8% respectively, th
production of a highly accurate land cover change map using this post-classification change detectiol

approach proved challenging [67].

Some of the typical methods used in classical multitemporal change detection, for example image
differencing [68—71] , image regression [72], image rationing, vegetation index differencing [73],

Principle Component Analysis (PCA) [59, 61] and Change Vector Analysis (CVA) [74], can be

adapted to the hyper-temporal case by considering a multitemporal subset of the time-series. Fo
example, in CVA a change vector can be described by an angle of change and a magnitude of chanc
between the reflectance values of multiple bands between two dates. This concept was extended 1
the hyper-temporal case in [74] by constructing a vector containing a series of biophysical parametel
observations within a single year and comparing this vector with the corresponding vector for the
following year. The consequent change vector is then analyzed to infer a change or no-change decisiol
For example, if an NDVI time-series sampled every month is available, a vector containing 12 NDVI

values (representing one year) are compared with the corresponding vector for the following year. The
idea is that the magnitude and angle of the consequent change vector gives an indication of the chanc
occurring over these consecutive years. The potential problem with this approach, however, is that the
change detection is essentially a comparison across multiple instances, comparing two at a time, an

does not fully utilize the temporal dimension of the signal.

2.7.1 Hyper-temporal time-series analysis

Time-series analysis comprises of methods that attempt to understand the underlying force structurin:
the data, identifying patterns and trends, detecting changes, clustering, modeling and forecasting [75
Because of the high revisit frequency that is required in constructing a hyper-temporal time-series, the
data from coarse and medium resolution wide-swath sensors is primarily applicable (section 2.4). In
the following section, emphasis will be placed on methods that can be classified as hyper-tempora
change detection methods. These methods can be broadly classified into 3 classes namely, regressi

analysis, Fourier analysis and temporal metrics.

2.7.1.1 Regression Analysis

A fairly common method for change detection using hyper-temporal data is regression analysis. Here

a basic assumption of the underlying form of the data is made, for example a linear trend, and

Department of Electrical, Electronic and Computer Engimeger 41
University of Pretoria



UNIVERSITY OF PRETORIA
YUNIBESITHI YA PRETORIA

=
W UNIVERSITEIT VAN PRETORIA
Qe

Chapter 2 Remote sensing data for land-cover change detectio

the parameters of the assumed function is estimated usingbgerved data. R.E. Kennedy al.
considered a set of hypothesized temporal trajectories associated with forest disturbance dynamic
[66]. If the time-series fits the idealized trajectory according to a least-squares measure of goodnes
of fit, it is inferred that the time-series in question experienced the phenomenon described by that
trajectory. A similar approach for estimating proportional forest cover change was proposed by D.J.
Hayeset al. by making use of a regression model and subsequent comparison to reference change dat
sets derived from Landsat data for a study site in Central America [76]. The advantage of these type o
methods is that there is no threshold requirement as a direct classification is made based on the best
in a finite set of hypothesized temporal trajectories. The disadvantage however is that the performanc
of methods based on regression analysis depends on the assumption that is made on the form of t
hypothesized temporal trajectories. For example, if it is assumed that the temporal trajectory of a
hypothesized disturbance will follow the form of a downward step function (i.e. instantaneous drop in
reflectance) and the actual temporal trajectory is better described by an exponential decay function, th
disturbance in question would not be well represented by the idealized step function. It follows that
if the temporal trajectory in question is not well represented by any of the hypothesized trajectories,
the change detection method will not perform well. For the method to work in a more general context,
a very large dataset of hypothesized trajectories associated with change events will be required as a
types of possible changes would have to be characterized, making the approach somewhat impractic

for monitoring large heterogeneous areas.

2.7.1.2 Fourier Analysis

Another approach often used when considering hyper-temporal time-series data is Fourier analysis
Fourier analysis expresses a time-series as the sum of a series of cosine waves with varying frequenc
amplitude and phase [77]. The frequency of each cosine component is related to the number o
completed cycles over the defined interval. The Fast Fourier Transform (FFT) is an effective and
computationally efficient algorithm to compute the Discrete Fourier Transform (DFT) [77] and is

often used when evaluating satellite time-series data [56-58, 78]. In many applications where the
FFT transformation of time-series data is used for classification and segmentation, only the first few
FFT components are considered as they tend to dominate the spectrum [56-58]. The reason for thi
is because of the strong seasonal component and slow variation relative to the sampling interval o
the time-series. It has been found that even when considering only the mean and seasonal FF
components [56], reliable class separation can be achieved. A drawback of using FFT-based methoc
is that the underlying process is assumed to be stationary. This assumption is often invalid in the cas

of NDVI time-series data, especially if a land cover change is present. Although this method is mostly
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used for classification, there has been some recent reseéecbst to use the FFT to perform change
detection. For example, B.P. Salmenal. proposed that a sliding window FFT method be used to
perform change detection [79]. J. Verbestlal. used Fourier analysis as a major step in modeling the
seasonal component used in the BFAST (Breaks For Additive Seasonal and Trend) approach [29]. Th
model used 3 harmonic terms and was found to be more suitable and robust for phenological chang
detection than the piecewise linear seasonal model using seasonal dummy variables that was employ:
by the same author in [65].

2.7.1.3 Temporal Metrics

Most of the change detection methods using coarse or medium resolution hyper-temporal time-serie
are used to detect climate-driven change, phenological modifications and net-primary production on ¢
large scale [16, 17,19, 80]. J. Borak used temporal change metrics as a land-cover change detectic
method [16]. These metrics were computed by considering the inter-annual difference of five temporal
metrics (annual maximum, annual minimum, annual range, annual mean and temporal vector) a:
well as two spatial metrics (spatial mean and spatial standard deviation), i.e. -yga&rl, for all

combinations of the aforementioned spatial and temporal metrics [16]. The underlying idea is that
these metrics are compared to a threshold value to determine whether a change or no-change decisi
should be made. C. Potter used the moving average of the time-series to label pixels as as havin
changed when the time-series deviated significantly (greater than 1.7 standard deviations) from the

18-year average of the time-series for at least 12 consecutive time-steps [81].

D.J. Mildrexler and N.C Coops used a disturbance index (DI) to detect large-scale ecosystem

disturbances [18, 19]. The disturbance index is calculated as:

LSTax/ EV Lnax
DIisr/evi = [ST%. JEVIg.

Xmax max

(2.9)

where DIy st /gyt IS the disturbance index, ST, is the annual maximum land surface temperature,
EV Ihax is the annual maximum Enhanced Vegetation Index (E¥H7x,,.. is the multi-year mean
of LST . andEV I

Xmax

is the multi-year mean af'V I ,,,... From (2.9) it is clear that the disturbance
index is calculated on an annual basis. The DI can then be compared to a pre-defined threshold to infe

a change or no-change decision.

R.S Lunetta derived a change metric by computing the difference in total annual NDVI for a range of
pixels in the given study area and isolating the pixels having an abnormal (relative to the other pixels

in the study area) reduction in annual NDVI [17]. The threshold is selected by using standard normal
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statistical analysis.

The methods described in [16—-18,81] all work on the principle that when a pixel departs from a normal
temporal profile, a change event is detected by comparing the change metric to a threshold value. Th
change metric that is calculated by the majority of hyper-temporal change detection methods mostly
uses an annual composite of the hyper-temporal time-series, for example, the annual NDVI maximurn
[16], annual maximum land surface temperature [18] or total annual NDVI [17]. Thus, when only the
total annual NDVI of a seven-year time-series (sampled every eight days) is used when calculating ¢
change metric, the original time-series, which contains more than 300 samples, is effectively reducec
to only 7 samples which decreases the information content of the original time-series considerably.
The second consideration is the selection of suitable thresholds. In most of the current hyper-tempore
change detection methods in the literatargriori knowledge of the probability of land-cover change

is required when selecting a suitable threshold and more often than not a trial-and-error approach i
used in determining these thresholds. In this thesis it is proposed that simulated land cover change b
used to determine a suitable threshold. The change metric is calculated for each pixel in a no-chang
and simulated change dataset and the threshold that best separates the aforementioned datasets is t
used. The operator thus only needs to provide examples of no-change time-series, which, unlike chang

examples is very easy to obtain.

2.7.2 MODIS land cover change products

Although some MODIS change detection products do exist (such as MODIS burn-scar detection
[82]), there are currently no operational MODIS products available specifically for land cover change
detection. There were however two previous attempts to implement an automated MODIS land covel
change product, as an operational system. The first was the MODIS Vegetative Cover Conversior
(VCC) product, which uses MODIS 250 m surface reflectance data, and was designed to serve as
global alarm for land cover change caused by anthropogenic activities and extreme natural events [12
The product was to serve as an alarm which could be augmented by higher resolution sensors such :

Landsat 7, Ikonos, and QuickBird once detected. Five change detection methods where proposed [12

1. The Red-NIR space partitioning method : Uses a two-dimensional representation of the
brightness (mean of band one and two) and greenness (difference between band two and one) .

different times to identify change pixels.

2. Red-NIR space change vector: By considering a pixels location in the Red-NIR space at two

different dates, the starting and ending positions, direction, and magnitude of the change vectol
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are used to identify a change event.

3. Modified delta space thresholding: Uses a space defined by differences in pixel values for times
1 and 2 for the red and NIR values of each pixel (no change occurs at the origin). Type of

conversion is defined by the angle and distance from the origin and the initial state of the pixel.

4. Texture: Uses the coefficient of variation of the NDVI within a3kernel at times 1 and 2.

When the coefficient of variation exceeds a pre-defined threshold value, a change is flagged.

5. Linear feature: Compute the mean of the absolute difference of the pixel value for each

neighboring pixel in a 33 kernel. A threshold determines whether a linear feature is present.

The second MODIS land cover change detection product that was proposed was the MODIS Lanc
Cover and Land-Cover Change Algorithm Theoretical Basis Document (ATBD) [83]. The ATBD

suggested that the primary change detection technique for the 1 km Land-Cover Change Paramets
is change vector analysis [84]. In this technique, a change vector is used to connect two points ir
multitemporal space. These two points represents an annual multitemporal set of indicator values
The underlying idea is that the change vector is compared to a threshold value, and, when exceede
a change decision is made. The ATBD also suggested that neural network classifiers be used o
a pixel-by-pixel basis to track the probability that a specific pixel changes classes over time. The
artificial neural network is used in a supervised manner to develop the Land Cover Parameter. New dat
that are presented to the neural network is either classified as matching an existing category, or a ne'

category must be created. By monitoring the classification on a per-pixel basis, change can be detecte:

When considering the proposed VCC product [12], as well as the change vector analysis methoc
described in the ATBD [84], none of these methods fully utilize the temporal dimension as only two

instances are compared rather than considering the complete temporal profile (As discussed in sectic
2.7.1) and effectively disregards a large suite of time-series methods used in other disciplines e.g
signal processing, telecommunications, etc. The neural network method proposed in the ATBD doe:
show promising results but it should be noted that if a new data presentation does not match an existin
category, then it will be necessary to determine whether the new data represent a fundamentally ne\
condition or whether the vigilance parameter needs to be relaxed so that an existing category cal
now accommodate the new input. This implies that the approach is very sensitive to selection of the

vigilance parameter, making the practicality of this approach questionable.

Regardless of the concerns with the proposed MODIS change detection methods, none of thes

proposed methods were implemented operationally, despite the fact that land cover change detectic
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was one of the primary objectives of the MODIS sensor [48].ofated land cover change detection

using MODIS data is therefore an ongoing endeavor.

2.8 SUMMARY

In this chapter, the basic principles of electromagnetic radiation were shown together with a description
of the properties of the electromagnetic source, which, in the case of optical remote sensing, is the Sur
The interaction of electromagnetic radiation with the atmosphere and land surface was discussed. /
brief comparison of sensors showed that there is a trade-off between spatial and temporal resolutior
In general, medium-resolution sensors have a much wider swath width compared to high resolutior
sensors. This implies that when considering a global systematic acquisition strategy, a high resolutior
image of the same area will be available every couple of months as opposed to the near-daily acquisitio
of wide swath sensors. This pointis crucial as the same area can differ in appearance at different stage
of the natural growth seasonal cycle [17]. For this reason, the high temporal frequency provided
by medium resolution sensors was opted for. The MODIS sensor was chosen for this thesis, a list o
available MODIS products as well the band specifications were given. The MCD43A4 BRDF corrected
product was chosen because of the high degree of consistency between images which, in turn, provide
accurate surface reflectance time-series information despite large variations in viewing angles. Mos
change detection methods use multi-temporal data as input and numerous solutions to this class ¢
problem have been presented in the literature. The use of hyper-temporal time-series data for chang
detection is not as well documented in the literature and most methods that make use of hyper-tempor:
time-series data for change detection focused on large scale phenological and climate driven change
instead of anthropogenic land cover changes. A novel change detection formulation is thus requirec
when considering change detection for smaller areas that are typically affected by human activities

such as new informal settlement developments.
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THE EXTENDED KALMAN FILTER

3.1 INTRODUCTION

As mentioned in chapter 1, one of the change detection methods proposed in this thesis is the Extende
Kalman Filter (EKF) change detection method. As the name suggests, the EKF is a critical componen
of the change detection method and this chapter consequently aims to give some background o
conceptual state-space filtering and in particular, the EKF. As will become more apparent in the
chapters to follow, the underlying idea of the EKF change detection method lies in modeling an NDVI

time-series as a triply modulated cosine function, and tracking the parameters of the model for eact
time-increment. The state-space filtering method is useful for this specific problem, as the parameter:
of the triply modulated cosine function could be characterized as a time-variant state-vector which
relates to an observation model via the non-linear cosine function. As change detection is our primary
objective, the near real-time nature of the state-space filtering method is also particularly useful, as the

time from when the change occurred to when change is detected should ideally be minimal.

The EKF framework works on the basis that the posterior density of the state vector given the observec
data is always assumed to be Gaussian, which makes for simple implementation and fast executio
time [85]. Approximate grid based methods and Gaussian sum filters do not have the limitation of
assuming Gaussian posteriors densities, but the computational complexity of these methods are vel
high which prevents their widespread use in practice [85]. The broader objective of this study is to
implement the change detection methods operationally. This requires that the specific non-linear stat
space filter that is chosen be well understood and lend itself to be easily implemented. The EKF was
consequently chosen as it is a well established method which is easily implementable [85]. The EKF
was also compared to a sliding window FFT approach (section 4.5) and was found to be superior for

the specific problem presented in this thesis (see chapter 6).
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3.2 CONCEPTUAL STATE-SPACE FILTERING SOLUTION

In many applications, it is necessary to estimate the state of a dynamic system using only a time-serie
of noisy-measurements made on the system. In many cases, a discrete-time state-space approe
is used to model the dynamic system. The underlying idea is that difference equations are used t
model the evolution of the system over time and that measurements are available at discrete times.

is assumed that the state vector of the system contains a vector of state parameters that are able
accurately describe the behavior of a system. For example, in tracking systems, these parameters c;

be related to the kinematic characteristics of the target [85].

Using the state-space approach, at least two models are required to describe the noisy measureme
obtained from the dynamic system. The first model (process model) describes the evolution of eact
state parameter from time-stép- 1 to k. The second model (observation model) takes as input the
state parameters at time-stepobtained during the previous step, to produce an estimate of the output
of the system at time-stefa For many applications, an estimate of the state parameters is required
every time a measurement is received. The recursive nature of the state-space approach implies th
a recursive filtering approach can be used where received data can be processed sequentially. Suc
filter consists of two stages, namely predict and update. In the predict stage, the state PDF is predicte
forward from one time-step to the next, which effectively broadens the state PDF. In the update stage

the latest available measurement is used to tighten the state PDF. [85]

The two models can be described formally as

x; = f(xp_1) + Wi_1, (3.1)

and
yi = h(xg) + vi. (3.2)

Wherex,, is the state vector at time-stépn the form

X = [SCk,l Tg2 Tk,3 --- xk,SL (3-3)

with s being the total number of state parameters. The relation betweandx,_; is given byf, a
known but possibly non-linear function. The state vestprs related to the observation vectgy via
a known but possibly non-linear measurement functidhshould be noted thdt andh are allowed

to be time-variant, but the time-invariant assumption was assumed in this thesis.. Both these model
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are possibly non-perfect, so the addition of prooegs; and measurememnt, noise is included.

The task at hand is to produce an estimatexgf given all available measuremen®, =
{y1,¥2,¥3, .-, Y&} Up to timek. It is thus required to construct the posterior PRE|Y). The
initial estimate ofp(x;) should be provided where-afte(x;|Y}) is estimated recursively using the
predict and update stages mentioned previously. The predicte¢h BRFY ;) is obtained by means

of the Chapman-Kolmogoroff equation [85]:

P(xk|Yio1) = /p(ch|Xk—1)p(xk—1|Yk—1)ka—1- (3.4)

Wherep(x|xx_1) is obtained using (3.1) and known statisticsagf ;. When the observation at time

k (y.) becomes available, the state PDF is updated via Bayes’ rule:

p(yrlxe)p(xe| Y1)

Xp|Yr) = , 3.5
Ple[Ye) P(Yk|Yi-1) (3:9)

where the normalization constasity,|Y,_1) can be written as
Pl o) = [ plyibxptal Yo i 3.6)

The likelihoodp(y|xx) can be obtained by using (3.2) and known statistice,ofkKnowledge of the
posterior density(x|Y}) enables one to not only compute the optimal state estimate with respect to
any criterion, but also to determine the measure of accuracy of the state estimate [85]. For example, i
p(xx|Y) is a multivariate Gaussian distribution, the covariance matrix can be used to determine the

state estimate accuracy.

In the case thatv,_; andv, in (3.1) and (3.2) are Gaussian distributed and Ho#_,) andh(x;,)
are linear functions, the functional recursion of (3.4) and (3.5) is the Kalman filter [86]. The Kalman

filter will be discussed in further detail in the following section.

3.3 KALMAN FILTER

The Kalman filter is named after Rudolf E. Kalman and is a well-established method that was
published in 1960 [86]. Since the algorithm was proposed, it has been widely used, especially in

military and space applications.
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-

As stated previously, the Kalman filter assumes that the psoaad observation noise is Gaussian
distributed and that both theandh functions in (3.1) and (3.2) are linear. It follows that (3.1) and
(3.2) can be written as:

X = Fxp1 + Wiy, (3.7)
and
yr = Hx + vy, (3.8)

whereF andH are known matrices defining the linear functions [85]. It is assumedwhat and
v}, are zero-mean Gaussian distributed with covariafges andR, respectively. The distributions

p(xk—1|Yr_1), p(xx|Yr_1) andp(xx|Y) given in equations (3.4) and (3.5) can then be expressed as:

p(Xk—1|Yk—1) = N(Xk—1§§k71|k717Pk71|k71) (3.9)
P(Xk| Y1) = N(xk; Xpjp—1, Prjg—1) (3.10)
p(xk|Yr) = N(xx; Xnp: Prjr), (3.11)

whereN (x; m, P) is a Gaussian distribution with argumegtmean {n) and covarianceR) given as:

N(x;m,P) = /|27P| =2 ()P (eom), (3.12)

The mean and covariance parameters in (3.9)-(3.11) is given as [86]:

Xik—1 = F Xp_1jk-1 (3.13)
Piior = Qe +F P FT (3.14)
Xik = Xpp—1 + Ki(yr — HXpjp—1) (3.15)
Pir = Prpo1 — KiSiKL, (3.16)
where

Sy = HPy H” + Ry, (3.17)

is the innovation term and
K =Py H'S; ", (3.18)

is the Kalman gain. The Kalman filter thus effectively computes the mean and covariance of the

Gaussian posterign(xx|Y) and is optimal in the linear Gaussian environment. Unfortunately, many
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Chapter 3 The Extended Kalman Filter

real world applications are non-linear and quite often natienary. In this case, approximation
methods have to be used. A popular extension of the Kalman filter to the non-linear case is the Extende

Kalman Filter, which will be discussed in more detail in the following section.

3.4 EXTENDED KALMAN FILTER

The extended Kalman filter (EKF) is the nonlinear version of the popular Kalman filter. Similar to
the standard Kalman filter, for every incrementtofthe discrete time) a state vectgy is defined
containing the parameters to be estimated. If one were, for example, to estimate the ya@aplitude
(o) and phased) of a cosine function, the state vector could be in the fasm= [, o ¢1]7. The
state vector can be estimated over tikngy recursive iteration based on the observation §gtaip to

time k. For the EKF, equations (3.7) and (3.8) can be reformulated as:

X = f(xp—1) + Wi1, (3.19)

and
yi = h(xy) + vy. (3.20)

In this formulation, either or both functiorfsandh are non-linear functions. The basic idea is that
these non-linear functions can be sufficiently described using local linearization. The posterior PDF
p(xx|Y) is approximated by a Gaussian distribution which implies that (3.9)-(3.11) are assumed to

hold. Equations (3.13)-(3.18) can then be rewritten as:

ﬁk\k—l = f(ﬁk—uk—l) (3.21)
Pipo1 = Q1+ FPy_F" (3.22)
Xie = Xip—1 + Ke(yr — h(Xgp-1)) (3.23)
Pir = P — KiSiKY, (3.24)
where
Sy = HkPk|k71H£ + R (3.25)
K, = Py HS, (3.26)

andF andH are the local linearization of the non-linear functibandh respectively. They are defined

as Jacobians evaluatedgt ;;—; andxy;_, respectively [85]:
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]/;\‘ = H Vxi-1 fT<Xk*1>T”xk71:§k—1\kfl (327)
H = | Vo b7 () st s (3.28)
where
0 0
o = ) 3.29
v k [69%1 81‘]9,8} ( )

The EKF is referred to as an analytical approximation because the JactbantsH are computed

analytically.

3.5 EXAMPLE OF AN EKF TRACKING APPLICATION

In this section, an example of tracking a cosine function with varying amplitude and phase using an
EKF is shown. Assume that noisy observations are made of a process that is governed by the following

function:

Yp = acos(wk + @) + ng, (3.30)

wherew = 27 f. Itis assumed that the fundamental frequeficy known and that the task at hand is to
estimate the value af and¢ for each time-step given observations up to time-stéplt is proposed

that this non-linear problem be solved using an EKF. The state vector can be defined as:

xi = [ag dx]" (3.31)

The process and observation models can be formulated as:

Xk = Xg-1 + Wk-1, (3.32)

and

Y = h(xx) + v, (3.33)

whereh(xy) = xy 1 cos(wk + zx2). In the process model (3.32), it is assumed that the state vector
remains constant from one time-step to the next with an additive process noise component. This implie:
that:

f(x) = Fx = Ix, (3.34)
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-

wherel is a 2< 2 Identity matrix. It is assumed that the noise comporent; is Gaussian distributed

having zero mean and covarian@g i, i.e. p(wi_1) = N ([0 0|7, Qx_1)

The observation model (3.33) is based on (3.30) with the amplitude and phase parameter bein
replaced by the state parameters representing each of these variables and the noise compone
v, also being assumed to be Gaussian distributed with zero mean and vaRanee o2, i.e.

p(vii) = N (0, 07).

The state parametéx; ;) prediction given in (3.21), can be re-written for this specific problem as:

Xpk-1 = f(k\k—uk—ﬂ (3.35)
= IxXp 11 (3.36)
= Xg-1/k—1- (3.37)

The predicted covariance ter ), as calculated in (3.22) can also be re-written as:

Piyr-1 = Q1 +F Pk71|k71FT (3.38)
= Q1 +IP_ g I" (3.39)
= Qi1+ Proqpp-1- (3.40)

In the state vector update phase of the EKF (3.23), the observatioris used to update the current

state vectoky,_; and can be written as:

Xpk = X1 T Kie(yr — h(Xgp-1)) (3.41)
= X1 + Ki(yr — ﬁﬁk%*l)v (3.42)

whereH is the local linearization of functioh(x) given as:

H = H Vi h(xk>HXk:§k\k—1 (343)
0 0
= h(xk) h(xx) ; (3.44)
8:%1 8:6,?,2 xk_;(k“Pl

where

0 h(xg) = 0 T cos(wk + T 2) (3.45)

Y k) = Y k1 k,2 .
= cos(wk + xx2), (3.46)
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and
0 h(xy) = 0 Ty 1 cos(wk + Ty 9) (3.47)
Dirs k) = Drrs k1 k,2 :
= 0 Tp.1 | cos(wk) cos(xg o) — sin(wk) sin(zy2) (3.48)
Orpo ’ ’
= —Ty lsin(wk:) cos(xg2) + cos(wk) sin(xm)} : (3.49)

The termS;, in the parameter covariance update equation (3.24) can also be rewritten for the presen
case as:

Sy = HyPyHi + Ry (3.50)

A time-series was generated with a Signal-to-noise Ratio (SNR) of 5 dB (Figure 3.1A). Figures 3.1B
and 3.1C show the corresponding amplitude and phase being tracked using the EKF framework. Ir
Figure 3.1A, the noisy observations as well as the actual signal is shown together with the filtered EKF
estimate. It can be seen that the filter requires an initial number of observations before the EKF state
parameters start to stabilize. The stabilized state vector corresponds to the accurate tracking of th
underlying signal by the EKF, i.e. as soon as the state parameters start to stabilize, the value of thi

underlying signal is very accurately tracked by the EKF.
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FIGURE 3.1: FigureA shows the noisy observation, actual signal and EKF output. FigersdC
show the estimated amplitude and phase state parameter for each time-step.
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IMPROVING LAND-COVER SEPARABILITY
USING AN EXTENDED KALMAN FILTER

As stated in chapter 1, the main objective of this thesis isstetbp an automated land cover change
detection method. The EKF change detection methodology that is proposed in this thesis is based o
the assumption that the parameters of the underlying EKF model (which will be discussed in detalil
in the following sections) is separable for the two classes involved in the land cover transition, which
for the present case is natural vegetation and settlement. It follows that the more separable the EKI
derived parameters are for natural vegetation and settlement classes, the easier it would be to dete
when this type of land-cover transition occurs. In this chapter, the focus will be on evaluating the
land-cover separability of the proposed method.

A recent method proposed in [56] shows that features estimated using Fourier analysis on NDVI signals
provide very good land-cover class separability. The method proposed in this chapter extends on th
method in [56] by modeling an NDVI time-series (section 2.6) as a triply modulated cosine function
and updates the medp) amplitude(«) and phasé¢) parameters of the model for each iteration

by means of an EKF (section 3.4). These parameters are then used to separate natural vegetati
and settlement time-series more effectively. Another competitor, the sliding window FFT method,
which is an extension proposed by the author to the method presented in [56] is also evaluated and th
performance of the EKF method is compared to that of the aforementioned methods as validation o
the increased land cover separability achievable using the proposed EKF formulation. The following
chapter will show how the parameters, which will be shown to be adequately separable for the land
cover classes considered in this study, can be used in a spatio-temporal context for land-cover chanc
detection.
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Chapter 4 Improving land-cover separability using an Exteddalman filter

4.1 INTRODUCTION

Land-cover classification based on multi-temporal satellite data can capitalize on seasonal variation it
land surface reflectance due to vegetation phenology to provide better classification than single-dat
imagery [15,87]. Multi-temporal coarse resolution satellite imagery such as MODIS and AVHRR have
been widely used to map land-cover at regional to global scales [88—90]. Land-cover classification
methods are often based on a series of secondary metrics derived from the NDVI time-series (sectio
2.6) and include Principal Component Analysis (PCA) [87, 91, 92], phenological metrics [93] or

Fourier (spectral) analysis [56, 94].

Fourier (spectral) analysis expresses a time-series as the sum of a series of sinusoidal waves wil
varying frequency, amplitude and phase [77]. The frequency of each sinusoidal component is relatec
to the number of completed cycles over the defined interval. The Fast Fourier Transform (FFT)
is an effective and computationally efficient algorithm to compute the Discrete Fourier Transform

(DFT) [77] and is often used when evaluating NDVI time-series data [56-58, 78].

In many applications where the FFT transformation of NDVI time-series data are used for classification
and segmentation, only the first few FFT components are considered as they tend to dominate th
spectrum [56-58]. The reason for this is because of the strong seasonal component and slow variatic
relative to the sampling interval of the time-series (8 days for the MODIS MCD43 product). It has

been found that even when considering only the mean and seasonal FFT components [56], reliabl
class separation can be achieved. A drawback of using FFT-based methods is that the underlyin
process is assumed to be stationary. This assumption is often invalid in the case of NDVI time-series

data, especially if a land-cover change is present.

The EKF is a non-linear estimation method that can potentially be employed to estimate unobservec
parameters (process model) using noisy observations of a related measurement model (Section 3.
EKF techniques in remote sensing have been used for parameter estimation of values related t

physical, biogeochemical processes or vegetation dynamics models [95, 96].

In this chapter an FFT approach will firstly be shown that separates different land-cover types basec
on their FFT mean and annual components [56]. A novel method is then proposed that models the
NDVI time-series as a triply modulated cosine function. An EKF is used to track the parameters of the

mean {1), amplitude {) and the phases] parameters of the proposed model for each time-step.
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FIGURE 4.1: Magnitude of the first 30 FFT components of a typical natural vegetation NDVI series.

The objective is to show that using MODIS MODA43 data (Section 2.5)uthe, and ¢ parameter
sequences over time are similar for same class land-cover types and dissimilar for different land-cove

types representing natural vegetation and settlement land-cover types in northern South Africa.

4.2 LAND-COVER CLASS SEPARATION USING THE FFT

As discussed in section 4.1, the Fourier analysis of the NDVI time-series has proved to be insightful
because the signal can be decomposed into a series of cosine waves with varying amplitude, phase a

frequency. The DFT can be written in matrix form as:
Y = Fyy, (4.1)

wherey? = [yo y1 ¥2 ... yn_1] is the NDVI time-series of lengthV in vector form. Y7 =
[Yo Y7 Vs ... Yy 4] is the DFT ofy andFy is the DFT matrix in the form:

(r—1)-(c—1)
1 —27m
A ] : (4.2)

Fy(r,c) = [\/—N e N

whereF y (r, ¢) is the value of row and column: of theF y matrix [77]. The first 30 FFT components

of a typical seven-year natural vegetation NDVI time-series is shown in Figure 4.1.
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As expected, the majority of signal energy is contained imtlean and the annual component which
relates to FFT component zero and seven respectively when considering a seven-year time-series. /
proposed in [56], the similarity of any two arbitrary NDVI time-series can be evaluated by computing
their FFT transformation respectively and then comparing the first and seasonal FFT component o
each FFT series. A distance metric based on the rfyegaand seasondty) FFT component difference

for any two FFT series can then be formulated as follows:
D, = Yy = Y7, (4.3)

and

Do = [2(Y7 = Y7, (4.4)

where D, and D, are the Euclidean distance between the mean and annual FFT components

respectively of two NDVI time-series.

4.3 TRIPLY MODULATED COSINE MODEL

It can be seen from Figure 4.1 that the majority of the signal energy is contained in the mean and
annual FFT component. This implies that the signal is well represented in the time-domain as a single
cosine function with a specific mean offset, amplitude and phase, as shown in Figure 4.2. This single
cosine model is, however, not a very good representation when the time-series is non-stationary, whicl
is often the case because of, for example, inter annual variability or land-cover change. It is proposec
that an NDVI time-series for a given pixel be modeled using a triply modulated cosine function given
as

Yp = Mk + ag cos(wk + ¢r) + vy, (4.5)

wherey,. denotes the observed value of the NDVI time-series at iraadv,, is the noise sample at
time k. The noise is additive but with an unknown distribution. The cosine function is based on a
number of parameters (that are not directly observable), namely the frequeti®/nonzero mean,

the amplituden and the phase. The frequency can be explicitly computeduas= 27 f wheref is
based on the annual vegetation growth cycle. Given the 8 daily composite MCD43 MODI$ dais,
calculated to be 8/365. The values.gf, o, and¢, are functions of time and must be estimated given
ypfork € 1,..., N, whereN is the total number of observations. The estimation of these parameters

is non-trivial and require a non-linear estimator. The estimator that was used in this thesis is an EKF.
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FIGURE4.2: Typical natural vegetation NDVI time-series modeled by a single sinusoidal function with
fixed mean offset, amplitude and phase.

4.4 NEW CLASS SIMILARITY METRIC

As shown in [56], substantial separability can be achieved when comparing mean and annual FFT
components of NDVI time-series of different land-cover types. The underlying idea in [56] is that a
similarity index can be calculated by considering the mean and annual FFT components of two pixel's
time-series. It is proposed that instead of taking a single FFT of the entire seven-year time-series an
considering a scalar mean and amplitude value, the estimated valugsdqrand¢, as presented in

(4.5) be estimated for each valuefofising an EKF. The state vector is defined as:

X = [ o dr)” (4.6)

and the process and observation models are formulated as:

X = X1+ Wi_1, (4.7)

and

Yk = Tk + Trocos(2mfk + xp3) + Ny (4.8)

The process model assumes that the state vector remains constant from one time-step to the ne
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— Vegetation||
— Settlement

2001 2002 2003 2004 2005 2006 2007 2008
Time

FIGURE 4.3: Natural vegetation and settlement time-series.

with an additive process noise component. The observation model is based on (4.5) with the mean
amplitude and phase parameter being replaced by the state parameters representing each of the
variables. Having an estimate of each of the state parameters for each tinteeftegtively results

in a time-series for each of the three parameters, the advantage of which will become apparent whe

considering the following example.

Consider the seven-year natural vegetation and settlement NDVI time-series shown in Figure 4.3. As
expected, the NDVI for the natural vegetation time-series shows a much higher peak in the summel
time due to the increased biomass compared to a typical settlement time-series. The low peak in th
NDVI for the vegetation time-series in the summer of 2004 is attributed to a very dry season leading
to a reduction in biomass. Using the methodology shown in section 4.2, a similarity metric can be
computed by comparing the FFT components of each of these NDVI time-series. In particular, the
mean and annual FFT components are compared (Section 4.2). The annual FFT components of bo
the natural vegetation and settlement NDVI time-series are shown in Figure 4.4. When considering
the natural vegetation annual FFT component, it can be seen that the non-stationarity due to the dr
year reduces the natural vegetation annual FFT component which effectively reduces the separabilit

between the two time-series.

Onthe other hand, when tracking the vegetation amplitude using an EKF, it can be seen that an accura

estimate of the amplitude is produced for each time-step (Figure 4.3). The separability between the
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FIGURE4.4: FFT annual component as well as EKF tracked amplitude of the vegetation and settlement
time-series given in Figure 4.3.

natural vegetation and settlement amplitude (tracked using the EKF framework) remains at a maximun
when considering the years that are unaffected by the dry year. Itis thus proposed that a distance metr
describing the similarity between the two time-series be formulated by taking the maximum distance
between the EKF derived parameter streams of the time-series given as

D, = max{pr1 — pr2}, 1<k <N, (4.9)
and

D, = max{ag1 — aro}, 1<k<N. (4.10)

D,, is the maximum distance between the fiyst)(and second;(;) parameter sequence over tirhe

D, is calculated in a similar manner finding the maximum distance between the amplitude parameter
sequences.

4.5 SLIDING WINDOW FFT APPROACH

From figure 4.4 it is clear that the EKF produces a time-series for the mean and amplitude paramete
where the comparative mean and annual component of the FFT method produces a single frequenc
domain estimate. A more “fair” comparison would be to use a sliding window FFT to estimate the mean
and annual component for a sliding-window by keeping the window-size constant and incrementing the

start and endpoints of the window by one time-step. The underlying idea is that the FFT is calculated
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FIGURE 4.5: Two instances of a one year sliding window together with their corresponding FFT.

over each time-series window and that that mean and annual component is then recorded for eac
increment. As the window slides over the time-series, the mean and annual component can each &
expressed as a time-series. The first FFT component is related to the mean of the time-series, the FF

component that corresponds to the annual components can be calculated as

C, = L/P+1. (4.11)

Where L is the window size an® is the number of time-series samples in one year. For this study,
it is assumed that. will always be a multiple ofP. Figure 4.5 illustrates the concept of a sliding
window. In this illustration, a one year sliding window was used. Two instances of the sliding window

are shown together with their corresponding FFT components.

The sliding window DFT formulation of 4.1 can be written as

wherey; = [y;, Yit1, Yito, .- Yirr—1), IV IS the length of the time-series aids the window size. The
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mean and annual time-series can then be expressed as

n = {Y(l)l,Y(l)Q,Y(l)g,...,Y(1)7N_L+1}, (413)
a = {2|Y(Col,21Y(Ca)2l,2|Y (Co)sl, ..., 21Y (Co) N—L+1] }- (4.14)
(4.15)

Wherey is the mean time-series andis the amplitude time-seried/(z); is thezth value of vector

Y, and(, is the location of the annual FFT component, determined by the window size (see equation
4.11). Havingu®"* anda®"¥, a distance metri®, and D,, can be calculated similar to (4.9) and
(4.9) as:

D, = max{pp1 — pr2}, 1<k<N-—-L+1, (4.16)

and
D, =max{ag; — oo}, 1<kE<N-L+1 (4.17)

4.6 SUMMARY

Previous research has found that class separability is achievable by considering the difference in FF
components related to the NDVI time-series of two different classes [56]. In particular, the mean and
annual FFT components are considered as they tend to carry the majority of signal energy [56, 57]
It is proposed that this concept be extended by modeling the NDVI time-series as a triply modulated
cosine function with varying mean, amplitude and phase and estimating these parameters for eac
time-step using an EKF. In short, by using this time domain approach, the mean, amplitude and
phase is estimated for each time-step as opposed to the frequency domain approach that assume
stationary time-series and consequently only gives a single estimate of the mean and annual frequenc
component. Having iterative estimates of these components allows one to exploit the fact that the mea
and annual frequency dissimilarity is more prevalent during certain parts of the seasonal cycle thar
others, an effect that is merely averaged out using the traditional FFT over the entire NDVI time-series.
A sliding window FFT approach was also introduced for comparison, unlike the traditional FFT
method [56], the sliding window FFT also produces a time-series of the mean and amplitude and
using the same methodology as with the EKF method, a change metric can be derived by computin
the maximum deviation in the mean and amplitude time-series respectively. A comparison betweer
the three methods is given in chapter 6.

Department of Electrical, Electronic and Computer Engimeger 64
University of Pretoria



o

&

“ UNIVERSITEIT VAN PRETORIA

. UNIVERSITY OF PRETORIA
YUNIBESITHI YA PRETORIA

Chapter 4 Improving land-cover separability using an Exteddalman filter

A further application of the EKF method is towards land-cosleange detection. By following the
changes of the cosine parameters through time and comparing them with neighboring pixels, a chang

detection method can be formulated. This possibility is further explored in the following chapter.
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DETECTING LAND-COVER CHANGE USING
MODIS TIME-SERIES DATA

5.1 INTRODUCTION

In this chapter two novel change detection methods are proposed. The first method, hereafter referre
to as the EKF change detection method, is based on the work done in the previous chapter. Thi
algorithm acts as a per-pixel change alarm and takes as input the NDVI time-series 8fqai@ of

MODIS pixels. The NDVI time-series for each of these pixels was modeled as a triply (mean, phase
and amplitude) modulated cosine function, and an EKF was used to estimate the parameters of th
modulated cosine function for each time-step. A spatial comparison between the center pixel of the
the 3x3 grid and each of its neighboring pixel's mean and amplitude parameter sequence was done
to calculate a change metric. This change metric is then compared to a threshold to yield a change c

no-change decision.

The second method, hereafter referred to as the temporal ACF change detection method, is a per-pix
change alarm that uses temporal autocorrelation to infer a change metric which also yields a chang

or no-change decision after thresholding.

A third method, which is based on the work of Lunetta et al. [17] (see section 2.7.1.3), is also shown
in this chapter. This method uses a MODIS NDVI time-series to determine the occurrence of change
in areas that are typically covered by natural vegetation and was included for comparison. All three

these methods were compared with one another and their results are presented in chapter 6.

Both of the proposed methods (EKF and ACF change detection methods) make use of a simulate

change dataset for initial parameter estimation. Making use of simulated or synthetic data is a
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well-known concept in the remote sensing community [25, 8, Bhe use of simulated change data

is twofold. Firstly, during development of the new method the simulated change data were used to
optimize the method and to tentatively evaluate the performance of the algorithm. Simulation was
opted for during the optimization phase, since new settlement developments are infrequently mappe:
on an ad hoc basis in South Africa and the data on known settlement development amount to a relativel
small number of MODIS pixels. Secondly, the start date and rate of the land-cover change could be
controlled in the simulated or synthetic data which greatly facilitates the development and evaluation
phases. After the method was optimized and performing well on simulated (synthetic) change data, i

was evaluated by applying it to examples of known new settlement developments in South Africa.

5.2 EKF CHANGE DETECTION METHOD

Based on the results obtained in the previous chapter, the focus in this chapter shifts towards land-cove
change detection. In the previous chapter it was shown that a triply modulated cosine function can be
used to model an NDVI time-series and that the parameters of the function can be estimated for eac
time-step using a non-linear EKF. The consequeahda parameter stream is expected to be similar

for the same class land-cover types and dissimilar for different land-cover types when considering
natural vegetation and settlement pixels. Assuming that land-cover separability is achievable, it car
be inferred that when a land-cover type changes from a naturally vegetated state to a settlement stat
the corresponding and o parameter sequence will also be affected. The proposed method uses a
MODIS 8-day NDVI time-series (see section 2.18) to calculate a change metric by means of a spatial
comparison of the EKF parameter sequence of any given pixel with that of its neighboring pixels. The
objective was to demonstrate that by making use of an EKF-derived change metric and a thresholc
optimized based on simulated land-cover change, a semi-supervised change detection method can

formulated that accurately detects change using MODIS NDVI time-series data.

5.2.1 Change metric formulation

As was shown in chapter 4, the NDVI time-series for a given pixel can be modeled by a triply

modulated cosine function given as

Yp = Mk + ag cos(wk + ¢r) + vg, (5.1)

wherey, denotes the observed value of the NDVI time-series at tina@d v, is the noise sample

at time k. The values ofu;, a; and ¢, are functions of time, and must be estimated giygrior
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FIGURE 5.1: Mean parameter sequence comparison ot & @ixel grid having an unchanged center
pixel.

kel,...,N[99,100]. An EKF was used to estimate these parameters for every incrementoé
estimated values fat, = [ ar ¢x]T over timek effectively results in a time-series for each of the

three parameters.

Having the parameter sequence far, o, and ¢, for k € 1,..., N for a given pixel, a change
detection method was formulated by comparing the parameter sequences of the pixel with that of
its direct neighboring pixels. This effectively means focusing on the center pixeBof & grid of

pixels and examining each neighboring pixel's EKF parameter sequence relative to the center pixel. I
was found that the parameter sequence does not yield any significant separability between natural
vegetation and settlement land-cover types and consequently onlyahd o parameter sequences

were considered (See section 6.2.2).

Figure 5.1 shows the parameter sequence of a natural vegetation pixel over the seven-year study
period compared to that of its neighboring pixels. As expected, @ ameter sequence for the nine
pixels is highly correlated. Figure 5.2 shows fhearameter sequence for the same grid but with the
center pixel gradually changing to settlement over a 6 month period. It is clear thatpdwameter
sequence for the center pixel becomes less correlated with that of its neighboring pixels.aftie

« parameter sequence difference between the center pixel and an arbitrary neighboring pixet at time
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FIGURE 5.2: Mean parameter sequence comparison ofx& Pixel grid with simulated natural
vegetation to settlement change introduced to the center pixel.

can be written as

Dg(n) =|ay —ap| nel,....8, (5.3)
whereDﬁ(n) Is the distance between theparameter sequence of a selected pixg) (vith its nth
neighboring pixel (}) at timek. D(’;(n) is the distance between thegparameter sequence of a selected

pixel (ay) with its nth neighboring pixel{}}) at timek. Equation 5.2 and 5.3 can be combined as

Dy =Dy, +Dhynel,. .8 (5.4)

Having obtained the distance of the center pixel's parameter sequences relative to each of the
neighboring pixel's parameter sequences, these could be combined &t bsnsimply adding all

the values ofD* n € 1,...,8 at timek

8
D*=> Dt kel,... N (5.5)
n=1

Having vectoD = [D! D? D® ... D"], a change metric was derived by firstly determining how the

relative distance of the parameter sequences between the center pixel and its neighboring pixel chang
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A
A
A

FIGURE 5.3: 500 m MODIS pixel covering natural vegetation and settlement land-cover in close
proximity (courtesy of Googl#'Earth).

through time. This was done by differentiating the vediorA single change metric was then derived

by summing all the values of the differentiatEdvector to yield

N
5= |D¥— D+, (5.6)
k=2

where/ is a single valued change metric for the center pixel of th8 pixel grid. The change metric
for each of the pixels in the study area was thus calculated by sliding3go8el grid over the entire

study area and calculatirgfor the center pixel in each case.

5.2.2 Off-line optimization phase

Simulated change data are used together with a no-change dataset to optimize and tentatively evaluz
the change detection method. Simulated change data were created by linearly blending a time-serie
of a pixel covered by natural vegetation with that of a pixel of a settlement which is in close proximity
to ensure that the rainfall, soil type and local climate was similar. Figure 5.3 shows the footprint
of a typical MODIS pixel covered by natural vegetation and a settlement pixel in close proximity.
Figure 5.4 shows the corresponding NDVI time-series from 2001/01 to 2008/01 for each of these
pixels as well as the simulated time-series where the blending period was set at 6, 12 and 24 month
respectively with the midpoint of the blending period being 2004/04. It was found that the method
was not sensitive to the exact date of change but rather to the transition duration, hence the variabl
simulated blending period. As was discussed in section 5.2.1, the algorithm us8gaal grid with

the center pixel being compared to all neighboring pixels. It is, however, not realistic to assume that

only the center pixel has changed with all neighboring pixels remaining unchanged. For this reason
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Change center point

Change(24 months)

Change(12 months)

Change(6 months)

Settlement

Natural Vegetation

2001

FIGURE 5.4: NDVI time-series of natural vegetation, settlement and simulated change pixels where
the simulated change time-series had blending periods of 6, 12 and 24 months respectively.

the center pixel, together with a subset of neighboring pixels (zero to all eight), were subjected to a
simulated land-cover change. The simulated change for each of the neighboring pixels was done ir
a similar manner, ensuring that the initial state of each neighboring pixel is in a vegetated state anc
gradually blends to a settlement state.

As previously stated, the method requiresaapriori database of simulated change and no-change
examples. The change metric is firstly calculated (equation 5.6) for all the no-change and simulatec
change pixels in the database. The distributiof fair both cases is then calculated. Figure 5.5 shows

an example of the anticipated distributionéoiih the case of no-changgd|C) and simulated change
p(8]CP?) respectively. Ip(5|C?), r is the rate of simulated change, i.e. 6, 12 or 24 monthgaadhe
number of pixels in the 83 grid subjected to a simulated change. The value of the optimal threshold
(6*) will change depending on the value paindr respectively. The Bayesian decision error can be
calculated as
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FIGURE 5.5: Probability distribution off in the case of no-change(s|C) and simulated change
p(8]|CP) respectively.

d=00
Peic)= [ aien, 5.7)
I
Peo)= [ o), 59
B P
PEIC)= [ aaic), (5.9)
R T
P(C|C):/6 (e, (5.10)

P(C|C) is the probability that a change was detected given that a change was introduced (percentag
change correctly detected}(C|C) is the probability that a change was detected given that no change
was introduced (percentage false alarniX);|C) is the probability that no change was detected given
that a change was introduced aR{C|C) is the probability that no change was detected given that no
change was introduced (5.7)-(5.10). The valué'ois the optimal decision threshold that minimizes

the Bayesian decision error.

The underlying idea is thai(5|C), which is estimated using actual no-change examples, remains
constant, while(J|C?) which is estimated using simulated change data varies for different realizations

of p andr. This implies that that* will vary for different values of- andp. By calculatings* for all
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FIGURE 5.6: Range ob* and corresponding maximum and minimum false alarm rate.

values ofr € {6,12,24} andp = {1,2,3,...,9}, will result in a range ob* values. Each of thé*

values in this range result in a different false alarm rate, calculated p&ing). Figure 5.6 shows an
example ofp(5|C), together with a range af, which was determined by means of simulated change
with all permutations of- € {6,12,24} andp = {1,2,3,...,9}. The corresponding maximum and
minimum false alarm rate is also shown. Having a range of false alarm rates that were identified as
being optimal for different change scenarios, it is up to the operator to select the maximum allowable

false alarm rate that is deemed acceptable in the given application environment.

5.2.3 Operational phase

The threshold that is selected for operational Wgeg within the rangdo’ . . % | and corresponds
to the maximum allowable false alarm rat®)(chosen by an operator for the specific application and

~

region. The* value corresponding ta (¢) is expressed as:

d=o00

5=20" Where/ p(8|C)=A & €[5, 6] (5.11)
[

min’ “max
—=5*

Having the value ob, the EKF change detection method is run in an unsupervised manner for the
entire study area. The value &{equation 5.6) is calculated for each pixel and a change is declared if
§ exceeds the threshold valtie
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true if 6 > 5
Change = ~
false if 0 <.
For example, if the no-change PDF corresponded to the one shown in Figure 5.6, the region of the
optimal false alarm rate would be between 2.85% and 13.37%, which corresponds$ t@lae of
3 and 2.5 respectively. An operator thus needs to choose the maximum allowable false alarm rate
within the aforementioned range. If the maximum false alarm rate chosen by the operator was 10%

the corresponding value éf could easily be determined as being 2.65, in which case:

true if 6 >2.65

Change =
false if 9 < 2.65.

5.3 TEMPORAL ACF METHOD

The ACF, in the temporal context, have been used selectively in remote sensing [101], but is mostly
applied in the spatial context [102], [103]. In this section the temporal ACF of a pixel's time-series
was considered. An ACF of a time-series that is stationary behaves differently from an ACF of
a time-series that is non-stationary due to land-cover change.lt should be noted that the ACF ot
a non-stationary time-series under the ergodic assumption can not be technically defined as bein
the ACF of the time-series. When referring to the ACF in this context, it only refers to the ACF
operation performed on the given time-series under the assumption that the time-series is stationan
By determining suitable detection parameters using only a no-change database, it will be shown tha

real land-cover change can be detected reliably in a semi-supervised fashion.

Similar to the EKF change detection method, the temporal ACF change detection method uses ¢
two-stage approach. Firstly, a simulated change dataset, together with a no-change dataset, is us
in an off-line optimization phase to determine the appropriate parameters (band, lag and thresholc
selection). Second, the method is run in an unsupervised manner using the parameter-set that ws
determined during the aforementioned off-line optimization phase. These two stages will be discussec

in further detail in the following sections.

5.3.1 Change metric formulation

Assume that the time-series for any given band of MODIS is expressed as:

X' ne{l1,2,...,NYbe{l1,2,...,8}, (5.12)

n
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—— ACF of a no—change pixel time-series (Band 4)
0.8l - - - ACF of a change pixel time-series (Band 4)|
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FIGURE 5.7: Autocorrelation of a change and no-change pixel’s MODIS band 4 time-series.

where X? is the observation from spectral bahdat timen and N is the number of time-series
observations available. It should be noted that band 8 in (5.12) refers to computed NDVI. It is assumec

that NV is equal for all seven bands.

The normalized ACF for time-serié&® = [X?, X}, ..., X% ] can then be expressed as:

B[(X5 — p")(Xpr — 1))
var(X?) ’

wherer is the time-lag andz denotes the expectation. The meaiXdfis given as:® and the variance,

R(T) = (5.13)

which is used for normalization, is given ast(X®). Figure 5.7 shows the typical ACF of an actual
change and no-change pixel’s time-series. It is clear that the no-change pixel has a symmetrical forn
relative to theR’(7) = 0 axis, whereas the change pixel shows a strong non-symmetrical property.
The reason for this is the stationarity requirement of the ACF in (5.13). The mean and variance of the
time-series ofX? in (5.13) is required to remain constant through time to determine the true ACF of
the time-series. The inconsistency of the mean and variance typically associated with a change pixel’
non-stationary time-series thus becomes apparent when analyzing the ACF of the time-series. Th

change metric is thus simply equivalent to the temporal correlation of a specific Haatda(specific
lag (7)
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FIGURE 5.8: Example of the distribution @f in the case of change and no-change respectively.

R(1) = 6°. (5.14)

It is clear, however, that the distribution &f in the case of change and no-change, as shown in figure
5.8, will vary for different values of andb. The aim is thus to determine the valuerondb in 6°

that will result in the most separable distributions betw&efor the changey(6°|C)) and no-change
(p(68|C)) case respectively. The value of the optimal threshélt) (also needs to be determined.

The selection procedure for these parameters are done in an off-line optimization phase and will be

discussed in more detail in the following section.

5.3.2 Off-line optimization phase

Similar to the methodology used in section 5.2.2, a no-change and simulated change dataset is used
optimize the parameters of the temporal ACF change detection method. A simulated change datast
is generated by linearly blending a time-series of a pixel covered by natural vegetation with that of
a settlement pixel time-series. Unlike the simulated change dataset used in section 5.2.2, the sta
date of change is chosen at random. The resulting simulated change database thus has a uniform
spread change date between 2001/01 and 2008/01 corresponding to the study period. The blendir

period was found not to influence the method’s performance, and a representative blending period o
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6 months was chosen.

The right sided normalized ACF for barddcan be expressed @ (7) = [R"(0), R*(1), ..., R®(N)].
The task at hand is to determine the separation between the ACF of the change and no-change data:
for each band at each lag. The Bayesian decision error in the form of a confusion matrix was calculatec

based on the distribution of the change metfior the change and no-change dataset:

§b=c0

P(C|C) = p(87]C), (5.15)
5b—gb+

g

P(C[T) = / p(&[0), (5.16)
5o =ob>
sb—gb

PEIC)= [ paio) (5.17)
5b=0
5o — b+

P(C|T) = / ([0, (5.18)
6 =0

P(C|C) is the probability that a change was detected given that a change was present (percentag
change correctly detected}(C|C) is the probability that a change was detected given that no change
was present (percentage false alarnf¥)('|C) is the probability that no change was detected given
that a change was introduced aRdC|C) is the probability that no change was detected given that
no change was introduced. The valueifis the optimal decision threshold. To relate the confusion

matrix into a single measure of accuracy, the overall accuracy was calculated as:

P(C|C) + P(C|0)

O4 = —— — —. (5.19)
P(C|C)+ P(C|C) + P(C|C) + P(C]C)
The optimal value of, b andé>* could thus be calculated by solving
p(8]C) + [0 p(s¥]T)
[7,b,0%] = argmax féb 5b 1) f 1) , (5.20)

rbor f5,, o p(02]C) +f5,, 7 p(02[C) +fb o p(82]C) +f5 — p(8)C)
wherep(6%|C) is estimated by means of the simulated change dataset(ahd) is calculated using
the no-change dataset.

5.3.3 Operational phase

After the off-line optimization phase is complete, the resulting parameters are used to run the algorithm

in an unsupervised manner for the entire area of interest. A pixel is labeled as having changed by
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FIGURE 5.9: Comparison between a raw and filtered NDVI signal.

evaluating the following,

true if R°(7) > &b

Change =
false if RP(7) < &b,

whereR®(7) is the ACF of band evaluated at lag andd’* is the decision threshold. The valuergb
ands®*, was provided in the aforementioned off-line optimization phase. The results obtained for both

the off-line optimization phase and operational phase are presented in Chapter 6.

5.4 ANNUAL NDVI DIFFERENCING METHOD

Both the EKF and ACF change detection methods are compared to a computationally simple chang:
detection method proposed by Lune#éiaal. [17]. Using this method, the NDVI time-series was
firstly filtered and cleaned using Fourier transformation filtering. In this step, the raw NDVI signal is
transformed to the frequency domain using the FFT. The high frequency components are removed an
the remainder is transformed back to the time-domain using the IFFT. Figure 5.9 shows the raw NDVI
signal as well as the FFT filtered signal. It is clear that the filtered signal is considerably smoother

than the original raw NDVI signal.
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Assume that the entire time-series of the filtered NDVI timées is denoted as

Yy = [y17y27y37"'7y]\7]7 (521)

wherey is a vector containing the filtered NDVI value for each time-step&nd the total number of
observations. A new time-series can be obtained by summing all the filtered NDVI values for a year

and reducing the time-series elements to the number of years.

c=lc,cCo,C3 .0y CK, (5.22)

where K is number of years that the time-series spansaimthe cumulative NDVI for yeai given

as:
k=46+46(i—1)
= > Uk (5.23)
k=1446(i—1)

The number 46 in equation 5.23 refers to the total number of eight day observations in a single year
The difference between thefor consecutive years can be expressed as a véctofd;, ds, ds, ..dx 1]

whered; is calculated as:

di = C; — Cjy1- (524)

The value ofd; is calculated for each of the pixels in the study area, the underlying idea being that
pixels experiencing a considerable reduction in NDVI will have a highe@alue and would thus be

a good indication of land-cover change. The problem, however, is identifying a suitable threshold
value that when compared &y, produces a change or no-change decision. The threshold value would
obviously also need to be adjusted for each valué & pixel would be flagged as having changed

if any of the values ofl; exceed the thresholi for i € [1,2,3,.., K — 1]. A change vector could be

formulated ag = {(1, (2, (3, .-, Cx—1} Where(; is defined as

0 if d; > 6;

G = '

A change or no-change decision is made as

true if> (>0

Change =
false  if Y ¢ =0.

Where) _ ¢ refers to the summation of all the values in the vegtgiven as
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FIGURE5.10: Distribution of the annual NDVI difference between 2002 and 2003 for the study period.

K-1
D=2 6 (5.25)

Choosing the threshold valués for i € {1,2,3,.., K — 1} is not a trivial task. This was achieved

by using standard normal statistics. Firstly, the difference vadye ¢ € {1,2,3,.., K — 1} ) is
computed for all the pixels in the study area. This is then used to estimate normal distribution
p(d;) i €{1,2,3,.., K —1}. Figure 5.10 shows the annual NDVI difference between two consecutive
years (2002 and 2003) during the study period. It can also be seen that the actual distribution of the

NDVI difference is well approximated using a normal distribution.

Using standard normal distribution statistics, the threshold vgluweas determined by choosing the
NDVI difference value that corresponds to thealue that is representative of thepriori probability

of change in the study area [17]. Figure 5.11 shows a normal distribution. It can be se@sthait
the values fall betweenavalue of -1.98 and 1.98 whet®% of the values are between the values of
-2.58 and 2.58. It follows that if tha-priori change probability 02.5% is expected for a specific area,
the threshold value will correspond ta:aalue of1.98 because only the right tail of the distribution is
considered, as a reduction in NDVI from year to year will result in a positivalue when considering

equation 5.24.
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FIGURE5.11: The Normal distribution.

5.5 SUMMARY

In this chapter, two novel land-cover change detection methods were proposed. The first methoc
models an NDVI time-series as a triply modulated cosine function and estimates the mean, amplitude
and phase for each time-increment using an EKF. A change index was derived by comparing eac
pixel's mean and amplitude parameters with that of its neighboring pixels, effectively considering
the center pixel of a 83 grid of pixels. The threshold that determined whether the change index
associated with each pixel should be classified as change or no-change was determined by means

land-cover change simulation.

The second method that was proposed is a temporal ACF change detection method. This metho
exploits the non-stationary property that is typical of a time-series of a pixel that undergoes land-cover
change by considering the temporal ACF of the time-series. A change metric is defined by considering
an ACF band and lag combination. The most appropriate band, lag and threshold selection is

performed using a no-change and simulated change dataset.

For comparison, the NDVI differencing method proposed in [17] is also discussed. The performance of
all three methods are evaluated on two study areas in South Africa, the results of which are presente

in the following chapter.
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RESULTS

The results for the three change detection methods presertteziprevious chapter as well as the EKF
framework proposed in chapter 4 are shown in this chapter. The procedure for identifying ground truth

data which are used for training and validation is also shown.

6.1 IDENTIFYING EXAMPLES OF SETTLEMENT DEVELOPMENT

In any change detection method, representative examples of change and no-change are necess:
for not only training (supervised methods) but also for validation of the change detection method.
Examples of confirmed settlement developments and no-change areas were obtained by means
visual interpretation of high resolution Landsat and SPOT5 images of 2000 and 2008 respectively.
The following sections shows how the ground truth examples of no-change natural vegetation and
settlement MODIS pixels as well as examples of MODIS pixels that transitioned from natural
vegetation to settlement were identified.

6.1.1 Identification of change pixels

The extraction of the MODIS ground truth pixels which transitioned from natural vegetation in 2000
to settlement by 2008, was done using a six-step process. A graphical representation of each ste
is shown in Figure 6.1. During the first step, the SPOT5 imagery of Limpopo were used to identify
human settlements. On-screen digitizing was done by manually creating a polygon along the oute
edge of each settlement area (Step 2). This settlement polygon was then displayed on a co-locate
Landsat image from 2000 (Step 3). If the settlement polygon identified in 2008, was covered by
natural vegetation in 2000, the polygon is labeled as “changed”. The next step was to extract the
MODIS pixels corresponding to the area covered by the change polygon. This was done by overlying
the change polygons on a MODIS grid and identifying all MODIS pixels that intersect the change
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FIGURE 6.1: Graphical representation of the six steps used to identify MODIS pixels that changed
from natural vegetation to settlement.
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polygons (Step 4). The next step was to determine the pegemigerlap between the settlement
polygon and intersecting MODIS pixels (step 5). Step 5 of Figure 6.1 illustrates the percentage of
polygon area intersecting each MODIS pixel. The final step was to identify the MODIS pixels that
are covered by at least 70% of the change polygon, which yields the final set of MODIS pixels which

changed from natural vegetation to settlement.

6.1.2 Identification of no-change pixels

The procedure for identifying no-change settlement MODIS pixels is very similar to the procedure

described in the previous section with the only difference being step 3. If the Landsat 2000 image shows
that the settlement polygon identified in 2008 corresponds to a settlement area in 2000, the polygon i
classified as being a “no-change” settlement polygon. The procedure for extracting the corresponding
MODIS pixels was done using steps 4 to 6 described in the previous section. The procedure for
identifying no-change natural vegetation pixels is also conceptually similar. Representative natural
vegetation areas were identified throughout the study area using the 2008 SPOT5 imagery. Polygor
were created manually by means of on-screen digitization. These polygons were compared tc
co-located Landsat imagery in 2000 to ensure land-cover class consistency. Once the “no-change
natural vegetation polygons were identified, the process of extracting the corresponding MODIS pixels

was performed using steps 4 to 6 as described in section 6.1.1.

6.1.3 Validation of MODIS pixels using Google Earth

High resolution satellite imagery in Google Earth are being used more routinely in the validation
of land cover products [104]. As a validation procedure, the MODIS pixels identified during the
process given in sections 6.1.1 and 6.1.2 were investigated in Google Earth using QuickBird imagery
of multiple dates (Figure 6.2). The true color, high resolution QuickBird images from Google Earth
proved very useful when inspecting the class membership of MODIS pixels at different time-instances.
The only problem with using Google Earth for validation is that certain areas are imaged more regularly
than other areas and thus multiple images are not available everywhere. This implies that in certair
areas only one image was available which does not provide any information on the land cover change
history of MODIS pixels.
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2004 Google Earth Image

FIGURE 6.2: Validating MODIS pixels using QuickBird imagery at different dates (courtesy of
GoogldMEarth).

6.2 IMPROVING CLASS SEPARABILITY USING AN EXTENDED
KALMAN FILTER

6.2.1 Study area used for testing class separability

The methods introduced in chapter 4 were tested in two regions in the Limpopo province. The first
study area (Region A) is centered around latit4fd 7/21.43"”S and longitud€9°39'42.96"E and is 43
km south east of the city of Polokwane. Region A covers a geographic area of approximately?190 km
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FIGURE 6.3: QuickBird image of Region A together with the MODIS pixels corresponding to the
natural vegetation and settlement areas (courtesy of GBtggeath).

42 natural vegetation and settlement pixels were selected for analysis. Region B is centered around
latitude24°19'51.50”S and longitud€9°18'04.07”E and is 47 km south west of the city of Polokwane.
Region B covers a geographical areal 6 km?, 32 settlement an@1 natural vegetation pixels were
selected. The study regions that were considered had settlements and natural vegetation areas in clc
proximity which ensured that the rainfall, soil type and local climate were similar. Figure 6.3 shows
the MODIS pixels that where selected for region A. Each of the MODIS pixels were evaluated using
SPOT5 high resolution data to ensure that none of them had experienced any land-cover change durir
the study period (Section 6.1).

6.2.2 Separability results and discussion

To recap from chapter 4, the separability between two arbitrary NDVI time-series can be determined
by comparing the spectral characteristics of the two time-series by making use of the FFT. In particular,
the distance between the first and annual FFT components are calculated which produces a scal
guantity in each case. Based on these distance metrics, the similarity between two NDVI time-series
are quantified. When using the EKF to estimate thand o parameter sequence for each NDVI
time-series, the difference between the parameter sequences fluctuates over time. This is illustrate
in figure 6.4 where the, sequence estimated using the EKF is shown along with the FFT mean
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FIGURE 6.4: Comparing the EKF derived parameter with the FFT mean component for natural
vegetation and settlement for region A.

component for two typical NDVI time-series belonging to each of the two classes in region A.

The i sequence for the settlement and natural vegetation time-series clearly vary in similarity (Figure
6.4). This is to be expected as land-cover classes tend to be more similar during certain seasons thzg
others. This characteristic was exploited by only considering the maximum distance between eact

pair of parameter sequences.

In essence, both approaches takes as input two NDVI time-series and outputs two distance metric:
D, and D,, which is then subsequently used to quantify the similarity between these two NDVI
time-series. In order to determine which of these methods produce the best measure of similarity
the joint distribution ofD,, and D,, can be calculated using same-class NDVI time-series examples
(p(D,, D,|s)) and then compared to the corresponding distribution using different-class NDVI
time-series exampleg(D,, D,|d)). By integrating the relevant densities over the overlapping areas
of these distributions, the Bayes’ error can be calculated and used to determine the performance of eac
method. The underlying idea is that the lower the Bayes’ error, the more “unique” the distributions
and consequently, the better the class separability),, D,|s) was estimated by comparing the
NDVI time-series of each pixel in the natural vegetation class with each pixel in the natural vegetation

class, as well as each pixel in the settlement class with each pixel in the settlement class, calculatin:
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D, and D, for each instance. Similarlyp(D,, D,|d) was estimated by comparing the NDVI
time-series of each pixel in the natural vegetation class with each of the pixels in the settlement
class and calculating,, and D,, for each instance. The distributiopgD,,, D,|s) andp(D,, D,|d)

where estimated by means of the Parzen-Rosenblatt window method using Gaussian kernels [105,10¢

For the EKF method, the initial state parameters as well as the observation and process noise estimat
were determined off-line, based on known training data from the study areas. The training data were
a random selection df% of the total number of pixels per region. The initial state parameters were

calculated using the FFT mean and annual components of the training data as

Z .
Y
My = Z 70, (6.1)
=1
Z .
2|1Y%
=1
A .
/Y
b=t (6.3)

i=1
WhereZ is the total number of training time-series a¥¢ is then'th FFT component of time-series

1. The observation noise was determined as

z
std(e;)
Oy = ' 7 (6.4)
i=1
e; = ||y — ill- (6.5)

Hereo, is the estimated standard deviation of the observation noige; sislthe standard deviation of
a vector containing the difference between the original time-sgyiasd a filtered versiof; calculated

as

yi = FyY". (6.6)

Y is defined as

Yi(k)=1{ 0, 1<k<6 (6.7)
0, 8<k<SN
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TABLE 6.1: Initial EKF state parameter values.

Region | 1 oy ¢1

A 0.3008 | 0.0835 | 0.2700

B 0.3447 | 0.1185 | 0.1708

TABLE 6.2: EKF observation and process noise values.

Region O o 0o op)

A 3.8x 1072 | 8x107° |8 x 107° | 1.5 x 1072

B 44%x107219x107° | 9x107° | 1.7 x 102

andF,' denotes the inverse DFT operatiohfi is thus a copy ofY? but with only the mean and

seasonal FFT components. All other components were set to zero.

The initial state parameters as well as the observation and process noise standard deviation for regic
A and B is shown in Table 6.1 and 6.2 respectively. The valugs, of; and¢; in Table 6.1 were
calculated using equations (6.1), (6.2) and (6.3) respectively. In Table 6.2, the observation noise
varianceo, was calculated using equations (6.4) and (6.5) while the process noise varjance

ando, were estimated by maximizing the class separability on the training data for each region. This
was done by determining the parameter distributions of each of the classes using the training date
and varying the ratio between, and each of the process noise components. Using the maximum
distance between distributions as criterion and a non-linear optimizer, the corresponding process nois

parameters were determined.

Once determined, the parameters were kept fixed for all numerical results relating to the specific
region. Figure 6.5 shows the joint distribution bf, and D, using the FFT method (A) and EKF
method (B) respectively. Here(D,, D,|sy) is the distribution ofD, and D, calculated using the

FFT method and using same class NDVI exampig®),,, D,|dy) is the distribution ofD,, and D,
calculated using the FFT method and using different class NDVI examplés,, D,|s;) is the
distribution of D, and D,, calculated using the EKF method and using same class NDVI examples and

p(D,, D,|dy) is the distribution ofD, and D,, calculated using the EKF method and using different
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FIGURE 6.5: Joint distribution ofD,, and D,, using the FFT method (A) and EKF method (B) where
p(D,, Dy |sy) is the distribution ofD,, and D,, calculated using the FFT method and using same class
NDVI examplesp(D,,, D,|dy) is the distribution ofD, and D,, calculated using the FFT method and
using different class NDVI exampleg(D,,, D, |si) is the distribution ofD,, and D,, calculated using

the EKF method and using same class NDVI examplegahy, D, |d;) is the distribution ofD,, and

D,, calculated using the EKF method and using different class NDVI examples.

class NDVI examples. Table 6.3 gives the Bayesian decision error for both the FFT and EKF methods
as well as the standard deviation of the error. The standard deviation was computed by using a randor
subset of 90% of the time-series to estimate the distributigns,, D,|s) andp(D,, D,|d) to infer

the Bayes’ error, and then repeating the experiment 10 times.

Consistent with most EKF implementations, the tracking of state parameters is not instantaneous an:
does require a certain number of observations. As this period is unknown, an initial number of state
parameter values need to be excluded when calculddingnd D,,. The average square difference
between the EKF derived parameter and the FFT mean component is shown in figure 6.6, it can be
seen that the variation seems to stabilize within the first two years which relates to approximately 100

samples.
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FIGURE 6.6: Average square difference between the EKF derjvgihirameter and the FFT mean
component for all settlement pixels in Region A.

It can be seen from Table 6.3 that the Bayesian decision error in regiét¥AX() using the EKF was
reduced by nearl$% over the FFT method®*7). In region B the Bayes’ error of the EKF method

was reduced bg.63% over the FFT method. The standard deviation of the error probability was also
reduced using the EKF method for both regions. Thus, overall it may be concluded that the EKF
formulation has a reduced probability of error which implies that the EKF formulation offers improved
separability of land-cover classes for the study areas A and B. The phase parametsrfound

to provide negligible additional separability (less than 0.01%) in the classes and was consequently

disregarded.

As discussed in section 4.5, a sliding window alternative was proposed to extend on the FFT methoc
presented in [56]. The mean and amplitude could be extracted by considering the relevant FFT
components of a windowed FFT iterating through the time-series with the vall)¢ ahd D,, being
calculated in an identical manner as was proposed for the EKF method (see section 4.5). The Bayes
error for the EKF, FFT and sliding window (SW) FFT method together with the corresponding
variance of each of these methods are shown in figure 6.7 . The window size of the SW FFT methoo
was varied between one and five years, denoted as SW FFT 1 to SW FFT 5 (figure 6.7).
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Table 6.3: Bayes’ error of the FFT and EKF method for region A Bn Percentage in parentheses
indicates the standard deviation of the error.

Region PIFT PPEE

A | 9.33% (1.95%) 4.34% (0.77%)

B | 5.85% (1.60%) 3.22% (1.24%)

The overall improved separability of natural vegetation seitlement land-cover types using the EKF
based on a triply modulated cosine function model over FFT and sliding window FFT is evident for
both regions A and B. In an effort to improve the results, a sum of sinusoids model was also considerec
but preliminary results showed a negligible performance increase with a significant increase in the
complexity as more parameters needed to be estimated. This corresponds to results shown in [56
where no significant added separability was achieved when considering more sinusoidal component

other than the annual component.

In conclusion, the initialization procedure used to determine the initial EKF parameters as shown in
section 6.2.2 was found to work well for each region. By using an initial training set and keeping

the EKF initialization parameters constant for each region, the EKF is effectively adaptable for each
region and requires minimal manual parameter selection. It was also found that the sliding window
FFT method did improve on the standard FFT method when the correct window size was selected. The
optimal window size for region A was 2 years whereas the optimal window size for region B was 1

year (figure 6.7). The EKF method had a lower percentage error compared to the sliding window FFT,

regardless of the window size.
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FIGURE 6.7: The Bayes’ error and variance for the EKF, FFT and SW FFT method for region A and
B. The window size of the SW FFT method was varied between one and five years.

6.3 DETECTING LAND-COVER CHANGE IN THE LIMPOPO PROVINCE
OF SOUTH AFRICA

The Limpopo province is located in the northern region of South Africa. Figure 6.8 shows the location
of the province. In this region, large families typically live under low-density conditions as opposed to
high density squatter communities that live on the urban fringe in southern regions [7]. The province
has a history of isolation from major urban and industrial centers. When compared to the rest of the
country, people in this province are more reliant on subsistence production. Limpopo is one of the
poorest provinces with more than 70% of people living under the poverty line [107]. The predominant

land-cover type in the province is natural vegetation with the land use being mostly informal [107].
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FIGURE 6.8: Location of the Limpopo province in South Africa.

The study area covers an approximate 25 008 kaving an upper left coordinate of3*20'12.09"”S ;
28°35'25.18”E) and a lower right coordinate a%°00'14.59”S ; 30°06'58.30"E).

A total of 1 497 examples of natural vegetation, 1 735 examples of settlement and 117 examples of rea
change 500 m MODIS pixels were identified within the study area. Landsat and SPOT high resolution

data were used to identify the aforementioned pixels as described in section 6.1.

6.3.1 Evaluation of the EKF change detection method in Limpopo
6.3.1.1 Off-line optimization of the EKF method in Limpopo

The simulated change dataset was generated using the methodology proposed in section 5.2.2. Rougt
half (750 pixels) of the natural vegetation dataset were used to generate the simulated dataset. Eac
of these pixels were blended with a settlement pixel as described in section 5.2.2. The wé&ue of
(as described in section 5.2.2) is shown for 6, 12 and 24 month blending periods in tables 6.4, 6.5
and 6.6 respectively. It is clear that the valueddivaries between .68 (when only the center pixel

changing over a six-month period) aih@7 (when all 9 pixels are changing over a 24-month period).
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Table 6.4: Land-cover change detection accuracy, falsenalate and optimal threshold*( for a

range of pixels having changed in the 3 pixel grid using the EKF change detection method in
Limpopo. The simulated change had a 6-month blending period and the value in parentheses indicate

the standard deviation.

Number of pixels changed in )
3,3 grid Detection accuracy| False alarm rate 0
1 91.79% (0.91%) 7.92% (0.67%) 1.68 (0.03)
2 92.90% (0.84%) 8.48% (0.62%) 1.65 (0.03)
3 92.59% (0.62%) 8.61% (0.60%) 1.66 (0.02)
4 92.63% (0.58%) 9.19% (0.93%) 1.63 (0.02)
5 92.70% (0.71%) | 10.03% (1.21%) | 1.59 (0.03)
6 93.11% (1.04%) | 11.21% (0.60%) | 1.56 (0.01)
7 92.73% (1.06%) | 12.87% (0.93%) | 1.52(0.01)
8 90.88% (0.83%) | 14.78% (0.73%) | 1.47 (0.01)
9 90.42% (0.93%) | 17.83% (1.01%) | 1.42(0.01)

The corresponding false alarm rate varies betweg2n and22.13% respectively. It follows that the
operator needs to choose the maximum desirable false alarm rate in the aforementioned false alari
rate range. For this application, that maximum false alarm rate was chosen 3§tbeSubstituting

these values in equation 5.11:

d=o00

5 =6" Where/ p(8|C) = 13% 6* € [1.36,1.68], (6.8)
5=6*

5 was calculated ak5 and was used to determine change in the operational phase, as will be discussec

in the following section.

6.3.1.2 Real change detection performance of the EKF method in Limpopo

Substituting the value cﬁyields,

ifo>15
if § < 1.5.

true
Change =
false

The change detection accuracy using the thresholtdsofvas 89% using the 117 examples of real

change in the study area. The false alarm rate Més
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Table 6.5: Land-cover change detection accuracy, falsenalate and optimal threshold*( for a

range of pixels having changed in the 3 pixel grid using the EKF change detection method in
Limpopo. The simulated change had a 12-month blending period and the value in parentheses indicate
the standard deviation.

Number of pixels changed in )
33 grid Detection accuracy| False alarm rate 0*
1 91.22% (0.96%) 7.92% (1.09%) 1.68 (0.04)
2 91.97% (0.84%) 8.24% (0.67%) 1.66 (0.02)
3 92.56% (0.65%) 8.64% (0.84%) 1.64 (0.03)
4 92.46% (1.16%) 9.27% (1.15%) 1.62 (0.02)
5 92.65% (0.95%) | 10.38% (0.93%) | 1.59(0.02)
6 92.69% (0.60%) | 11.53% (1.03%) | 1.55(0.01)
7 91.65% (1.25%) | 13.06% (0.87%) | 1.50 (0.02)
8 89.77% (1.11%) | 15.25% (0.89%) | 1.46 (0.01)
9 89.65% (0.91%) | 18.83% (0.98%) | 1.40 (0.01)

Table 6.6: Land-cover change detection accuracy, falsenalare and optimal threshold*( for a

range of pixels having changed in thec3 pixel grid using the EKF change detection method in
Limpopo. The simulated change had a 24-month blending period and the value in parentheses indicate
the standard deviation.

Number of pixels changed in . No Change
33 grid Change simulated smulated 0
1 91.46% (0.74%) 9.25% (0.79%) 1.63 (0.02)
2 91.54% (1.20%) 9.33% (0.86%) 1.63 (0.01)
3 91.53% (0.65%) | 10.25% (1.18%) | 1.61(0.02)
4 92.12% (0.66%) | 11.10% (0.53%) | 1.58 (0.02)
5 92.34% (0.86%) | 11.52% (1.14%) | 1.54(0.01)
6 92.47% (0.58%) | 13.69% (1.18%) | 1.50(0.01)
7 90.63% (0.82%) | 14.93% (1.37%) | 1.48 (0.01)
8 87.98% (0.49%) 17.53% (0.98%) 1.43 (0.01)
9 87.06% (1.24%) | 22.13% (0.61%) | 1.37(0.01)
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Table 6.7: Confusion Matrix, overall accurac® () and optimal thresholdd{) showing the best
land-cover change detection performance during the ACF method’s off-line optimization phase using
MODIS band 4(550 nm)with a lag of 104 days. Value in parentheses indicates the standard deviation.

Simulated No Change
change (n=750) (n=1616)

Change Detected 78.16% (1.5%) | 12.25% (1.4%) | 0.13(0.01) | 82.95% (1.4%)

No Change Detected| 21.84% (1.5%) | 87.75% (1.4%)

0 O4

6.3.2 Evaluation of the temporal ACF change detection methoth Limpopo

6.3.2.1 Off-line optimization of the ACF method in Limpopo

As described in section 5.3.2, a subset of the no-change dataset, consisting of vegetation an
settlement pixels were used in the off-line optimization phase. Of the available 1 497 examples
of natural vegetation and 1 735 settlement pixels, 750 simulated change pixels were generated b
linearly blending a time-series of a pixel covered by natural vegetation with that of a settlement pixel
time-series (Section 5.3.2). The resulting simulated change database had a uniformly spread chanc
date between 2001/01 and 2008/01. The blending period was found not to influence the method’s
performance [108], and a representative blending period of six months was chosen. From the total o
3 232 no-change pixels, a random selection of 1 616 pixels were used during the off-line optimization
phase with the remainder (1 616 pixels) being used to infer the false alarm rate performance during
the real change detection phase.

The overall accuracy({4) as calculated in (5.19) was calculated for each bamd{1, 2, ...,8} and

lag 7 € {1,2,...,46} using the no-change and change dataset described above is shown in figure
6.9. It was found that the highest overall detection accuracy was obtained by using the change inde;
6 = 51, = R*(13). Because the time-series has an observation of 8 daysvtilae of13 corresponds

to 104 days. The value of{; was found to be).13. Table 6.7 summarizes the performance of the

method when using the aforementioned parameters.

6.3.2.2 Real change detection performance of the ACF method in Limpopo

After the band, lag and optimal threshold selection was completed, the performance of the proposet
method was validated using the no-change and real change datasets. A change or no-change decisi
for each pixel was obtained by evaluating
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FIGURE 6.9: Overall accuracy of the ACF method computed for a range of band and lag combinations
using a no-change and simulated change dataset for the Limpopo province.

true if R°(7)>0.13
Change =
false  if R°(7) < 0.13.
Table 6.8 summarizes the performance of the method using the parameters obtained during the off-lin

optimization phase.

Table 6.8: Confusion Matrix, overall accurac® ) and threshold) for the case of real change
detection using the MODIS band (850 nm)with a lag of 104 days as determined during the ACF
method’s off-line optimization phase. Value in parentheses indicates the standard deviation.

Real change No Change
(n=117) (n=1616)
Change Detected | 81.20% (2.7%) | 12.00% (1.1%) | 0.13(0.01) | 84.60% (2%)

No Change Detected| 18.80% (2.7%) | 88.00% (1.1%)

d Oa
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Table 6.9: Confusion matrix of the NDVI differencing methaging a fixed and optimal threshold for
the Limpopo province. Value in parentheses indicates the standard deviation.

Real change No Change
(n=117) (n=1616)

Fixed false alarm rate
Change Detected | 69.00% (3.7%)| 13.00% (1.0%) 2.1 77.79% (1.8%)
No Change Detected| 31.00% (3.7%)| 87.00% (1.0%)
Optimal Threshold
Change Detected | 83.76% (4.7%)| 25.34% (4.1%)| 1.6 (0.2)| 79.21% (1.3%)
No Change Detected| 16.24% (4.7%)| 15.40% (4.1%)

6.3.3 Evaluation of the NDVI differencing method in Limpopo

Using the methodology given in section 5.4, the NDVI differencing change detection method was
applied in the Limpopo province, Table 6.9 shows the performance of the method using an optimal
threshold as well as the threshold corresponding to a constant false alarm iat.ofTo get an
indication of the NDVI method’s performance as a functionzotthe false alarm rate and change
detection accuracy was calculated for a series wélues ranging from 1 to 3.5 (figure 6.10). The
optimal threshold{*) and the threshold corresponding to a false alarm rate of 23% (ndicated on

the false alarm rate curve.

6.4 DETECTING LAND-COVER CHANGE IN THE GAUTENG
PROVINCE OF SOUTH AFRICA

The Gauteng province is located in northern South Africa, because of a high level of urbanization
it has seen significant human settlement expansion during the 2001 and 2008 period. A total are:
of approximately 17 000 kinwas considered being centered aro@ie7'29.62"S, 28°05'40.40"E.

Figure 6.11 shows the location of the Gauteng province in South Africa. Gauteng is the smallest
province in South Africa, occupying a land area of only 1.4% of the land area of the country, but it is

highly urbanized as it contains two of the largest cities in South Africa, Johannesburg and Pretoria.

A total of 592 examples of natural vegetatiodi;2 examples of settlement aril@1 examples of real

change 500 m MODIS pixels were identified within the study area. Landsat and SPOT high resolution
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FIGURE 6.10: NDVI differencing method’s change detection accuracy and false alarm rate for a range

of z values in Limpopo.

data were used to identify the aforementioned pixels as described in section 6.1.

6.4.1 Evaluation of the EKF change detection method in Gauteng

6.4.1.1 Off-line optimization of the EKF method in Gauteng

The simulated change dataset was also generated using the methodology proposed in section 5.2,

In this case296 pixels in the natural vegetation dataset were used to generate the simulated dataset
The value ofé* (as described in section 5.2.2) is shown for 6, 12 and 24 month simulated blending
periods in tables 6.10, 6.11 and 6.12 respectively. The valdéwdried betweer2.5 and1.91 with a
corresponding false alarm rate being betw&éa% and16.05% respectively. As in the previous study

area, a maximum false alarm rate was chosen tt3be Substituting these values in Equation 5.11

d=o0
5o Where/ p(3[C) = 13% &* € [1.91,2.5], (6.9)
[

—5*

Swas calculated ak975.
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Table 6.10: Land-cover change detection accuracy, falsenaiate and optimal threshold*() for

a range of pixels having changed in the 3 pixel grid using the EKF change detection method in
Gauteng. The simulated change had a 6-month blending period and the value in parentheses indicat:
the standard deviation.

Number of pixels changed in )
33 grid Detection accuracy| False alarm rate 0*
1 99.29% (0.40%) 3.33% (0.59%) 2.49 (0.06)
2 99.23% (0.34%) 3.15% (0.56%) 2.49 (0.04)
3 99.44% (0.43%) 3.63% (0.60%) 2.45 (0.04)
4 98.86% (0.32%) 4.17% (0.73%) 2.44 (0.03)
5 98.09% (0.67%) 4.88% (1.03%) 2.36 (0.05)
6 98.26% (0.97%) 7.26% (1.03%) 2.22(0.03)
7 98.52% (0.37%) 8.69% (0.80%) 2.14 (0.02)
8 97.11% (0.75%) 9.32% (1.45%) 2.09 (0.02)
9 95.14% (0.84%) | 11.39% (1.07%) | 2.02(0.01)

Table 6.11: Land-cover change detection accuracy, falsenaiate and optimal threshold*( for

a range of pixels having changed in the 3 pixel grid using the EKF change detection method in
Gauteng. The simulated change had a 12-month blending period and the value in parentheses indicat
the standard deviation.

Number of pixels changed in )
33 grid Detection accuracy| False alarm rate 0*
1 99.44% (0.38%) 3.62% (0.79%) 2.50 (0.04)
2 99.29% (0.40%) 3.76% (0.82%) 2.42 (0.05)
3 99.29% (0.41%) 4.24% (0.39%) 2.38 (0.04)
4 98.99% (0.49%) 4.45% (0.73%) 2.37 (0.05)
5 98.29% (0.65%) 5.98% (0.73%) 2.28 (0.04)
6 98.44% (0.63%) 8.18% (0.83%) 2.16 (0.04)
7 98.24% (0.49%) 8.89% (0.66%) 2.10(0.02)
8 97.37% (0.75%) 10.28% (0.85%) 2.05 (0.03)
9 94.58% (0.94%) 12.79% (1.07%) 1.97 (0.02)
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FIGURE 6.11: Location of the Gauteng province in South Africa.

6.4.1.2 Real change detection performance of the EKF method in Gauteng

Substituting the value cﬁyields,

true if 6 >1.97
false if & < 1.97.

Change =

The change detection accuracy using the threshold9fwas 75% using the 181 examples of real

change in the study area. The false alarm rate Mag%.

6.4.2 Evaluation of the temporal ACF change detection method in Gauteng

6.4.2.1 Off-line optimization of the ACF method in Gauteng

Of the availablés92 examples of natural vegetation aBtR settlement pixels;92 simulated change
pixels were generated. From the totabéfl no-change pixels, a random selectiont8® pixels were
used during the off-line optimization phase with the remaind8? (pixels) being used to infer the

false alarm rate performance during the real change detection phase.
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Table 6.12: Land-cover change detection accuracy, falsenaiate and optimal threshold*() for
a range of pixels having changed in the 3 pixel grid using the EKF change detection method in
Gauteng. The simulated change had a 24-month blending period and the value in parentheses indicat

the standard deviation.

Number of pixels changed in )
3,3 grid Detection accuracy| False alarm rate 0
1 99.25% (0.48%) 4.50% (0.77%) 2.40 (0.04)
2 99.29% (0.35%) 4.78% (0.79%) 2.37 (0.05)
3 99.01% (0.56%) 5.28% (0.65%) 2.34 (0.04)
4 98.20% (0.82%) 5.82% (0.66%) 2.28 (0.04)
5 97.73% (0.64%) 8.51% (0.60%) 2.18(0.03)
6 97.75% (1.09%) 9.53% (0.95%) 2.09 (0.02)
7 97.71% (0.88%) | 10.53% (0.65%) | 2.04 (0.03)
8 94.92% (1.55%) | 12.37% (1.03%) | 1.98(0.01)
9 91.61% (0.70%) | 16.05% (1.25%) | 1.91(0.02)

O 4 was calculated for each bahad= {1,2,...,8} and lagr € {1, 2, ...,46} using the aforementioned

no-change and simulated change datasets (figure 6.12). It was found that the highest overall detectic

accuracy was obtained by using the change ifdex 6}, = R*(12). Ther value of12 corresponds to

96 days. The value of; was found to b&.16. Table 6.13 summarizes the performance of the method

when using the aforementioned parameters.

Table 6.13: Confusion Matrix, overall accuraay {) and optimal thresholdé{) showing the best
land-cover change detection performance during the ACF method’s off-line optimization phase using
MODIS band 4550 nm)with a lag of 96 days. Value in parentheses indicates the standard deviation.

Simulated No Change
0* Oy
change (n=592) (n=482)
Change Detected 75.17%(4.0%) | 14.73% (1.6%) | 0.16 (0.01) | 80.22% (2%)
No Change Detected| 24.83% (4.0%) | 85.27% (1.6%)
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FIGURE 6.12: Overall accuracy evaluated for a range of band and lag combinations using a no-change
and simulated change dataset for the Gauteng province.

6.4.2.2 Real change detection performance of the ACF method in Gauteng

After the band, lag and optimal threshold selection was completed, the performance of the proposet
method was validated using the no-change and real change datasets. A change or no-change decisi

for each pixel was obtained by evaluating

true if R°(7) >0.16
Change =
false  if R°(7) < 0.16.
Table 6.14 summarizes the performance of the method using the parameters obtained during the off-lin

optimization phase.

6.4.3 Evaluation of the NDVI differencing method in Gauteng

Using the methodology given in section 5.4, the NDVI difference change detection method was used
in the Gauteng province, Table 6.15 shows the performance of the method at the optimal threshold a
well as the threshold corresponding to a constant false alarm rag&ofFigure 6.13 shows the false

alarm rate and change detection accuracy as a function ofvakie.
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Table 6.14: Confusion Matrix, overall accuraay ) and threshold{) for the case of real change
detection using the MODIS band (850 nm)with a lag of 96 days as determined during the ACF
method’s off-line optimization phase. Value in parentheses indicates the standard deviation.

Real change No Change
(n=181) (n=482)
Change Detected | 92.27% (4.5%) | 15.35% (1.9%) | 0.16 (0.02) | 88.46% (3%)

No Change Detected| 7.73% (4.5%) 84.65% (1.9%)

o O4

Table 6.15: Confusion matrix of the NDVI differencing methaging a fixed and optimal threshold for
the Gauteng province. Value in parentheses indicates the standard deviation.

Real change No Change
(n=181) (n=482)

Fixed false alarm rate
Change Detected 56.91% (4.5%)| 13.51% (1.0%) 1.8 71.70% (2.2%)
No Change Detected| 43.09% (4.5%)| 86.49% (1.0%)
Optimal Threshold
Change Detected | 78.45% (4.2%)| 26.27% (5.2%)| 1.4 (0.11)| 76.09% (1.7%)
No Change Detected| 21.55%(4.2%) | 73.73% (5.2%)
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FIGURE 6.13: NDVI differencing method’s change detection accuracy and false alarm rate for a range
of z values in Gauteng.

6.5 DISCUSSION OF THE CHANGE DETECTION METHODS

Table 6.16 gives a performance comparison of all the methods presented in this chapter. The threshol
was selected so that the false alarm rate is within the 10% — 15% range to enable a fair comparison c
all three methods. The following section will discuss the results obtained using each of these method:
for the case of real change detection in greater detail.

6.5.1 Discussion of the EKF change detection method results

From Table 6.16 it is evident that the performance of the EKF method is acceptable in both provinces,
achieving more than @&% detection accuracy with the false alarm rate being less thanfor each

of the areas. The performance of the method is, however, better in the Limpopo region. The reasor
for this could be that the Limpopo province is mostly covered by natural vegetation which implies an
inherent high correlation between pixels when considering«8 Bixel grid in a natural vegetation
area. As was shown in tables 6.10, 6.11 and 6.12, the method performs best when fewer pixels in th
3x3 grid change, for example, 7.92% with only the center pixel changing versus 18.83% with all 9
pixels changing in the case of a 6-month simulated land cover change (Table 6.10). The conclusior

can thus be drawn that the EKF method performs best in an environment where most of the pixels in
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Table 6.16: Summary of real change detection results. Valymrentheses indicates the standard
deviation.

No. of Real| % Change
: % False
Algorithm Change Correctly Threshold
) Alarms
Pixels Detected
Limpopo Province
EKF method 117 89% (2.8%) | 13% (0.98%) 0=1.5
ACF method 117 81% (4.5%) | 12% (1.9%) 0=0.13
NDVI Differencing method [17] 117 69% (3.7%) | 13% (1.0%) z=2.1
Gauteng Province
EKF method 181 75% (2.9%) | 13% (0.9%) 0 =197
ACF method 181 92% (2.7%) | 15% (1.1%) 0=0.16
NDVI Differencing method [17] 181 57% (4.5%) | 14% (1.3%) z2=1.8

the 3x3 pixel grid are highly correlated. This was found to be the case in Limpopo as the province
is mostly covered by natural vegetation. A typicat3grid of pixels in Limpopo thus have a high
probability of having the same land-cover type and consequently a high correlation when considering
the EKF derived parameter sequences. In the case of Gauteng, being the smallest province wit
the highest population, the landscape is much more diverse. A typicaldgsid of pixels, which
corresponds to an area of 2.25%rhas a much higher probability of having de-correlated pixels and
subsequently, the method’s performance in this area was compromised. To test this hypothesis, th
standard deviation between the center pixel and neighboring pixels:o8aXel grid was calculated

for all the pixels in the Limpopo and Gauteng study area. The underlying idea is that a low standard
deviation would indicate that the grid area is more homogeneous than a pixel grid having a high
standard deviation. A summer MODIS image over the Limpopo and Gauteng study area was used fo
the experiment. As expected, it was found that Gauteng had a 15% increase in the standard deviatic
relative to Limpopo. This finding was also supported when considering the bio-diversity in both study
areas (Figure 6.15).

In an effort to determine the stability of the false alarm rate as a function of the region size, the EKF
method was run blindly, i.e. without having any knowledge of the land cover type or usage, over

a 70km radius from the center of each study area in the Limpopo and Gauteng provinces (Figure
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FIGURE 6.14: Percentage pixels flagged as changed as a function of the distance from the center o

each region.

6.14). The rationale behind this experiment is that, with all other parameters being kept constant,
there will be a dramatic change in the percentage pixels flagged as having changed if the thresholc
which determines the false alarm rate, becomes invalid when increasing the radius of the operation
It is evident that the percentage pixels having changed does not vary significantly as a function of
the distance from the region center, having a standard deviation of roughly 1% for both the Limpopo
and Gauteng province. The 70 km radius was postulated to be representative when considering th
bio-regions found in South Africa which are typically less than 140km in diameter (Figure 6.15).

Bio-regions are characteristic flora, fauna, and environmental conditions and as such would have to b

40 45 &0 &5 60 65 70
Distance from region centre [Km]

taken into consideration when determining the threshold for operational use.
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FIGURE 6.15: Location of the Gauteng and Limpopo study areas as well as the bio-regions found in
South Africa.

Another interesting point is that the number of pixels having been flagged as changed which rangec
between 24% and 34%. The false alarm rate in the study area using the predetermined threshold we
found to be less than 14% (Table 6.16) in both provinces which raises the question of the source o
the remaining 10 to 20%. One obvious source of the additional pixels being flagged as change, othe
than the false alarms, are pixels that did in fact change from a natural vegetation to settlement lanc
cover and were consequently detected as having changed. As this type of change is a relatively rar
event in a regional landscape (typically 4% according to F. Schoetan[67]), it is highly unlikely

that this is the only source of the additional percentage difference. It is safe to assume that land cove
change from natural vegetation to settlement in both provinces is not the only type of land cover change
possibility which implies that the additional 6 to 16% of pixels flagged as changed could be because
of a host of other changes which could include, for example, agriculture, mining, deforestation, etc. It
is very probable that the EKF change detection method was sensitive to these types of changes as we
which could have resulted in the higher than expected number of pixels flagged as having changed
There is also a strong possibility that the EKF method could be sensitive to other land cover types,
for example, water. Sensitivity for various types of land cover changes is advantageous when using

the method as a change alarm, this thesis only considered settlement expansion as an example but t
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FIGURE 6.16: Percentage pixels flagged as changed using the ACF method as a function of the distanc
from the center of each region.

detection capability of the method to other land cover changes, for example deforestation is definitely

a topic for further investigation (see section 7.2).

6.5.2 Discussion of the temporal ACF change detection method results

The ACF method performance is also acceptable, achieving more thadladetection accuracy

with the false alarm being5 % or lower for both provinces (Table 6.16). As opposed to the results
obtained by the EKF change detection method, the performance of the temporal ACF change detectio
method is better for the Gauteng province than the Limpopo province. The performance of the

false alarm rate of the temporal ACF change detection method in Limpopo is very similar for the
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TABLE 6.17: O 4 performance for different start of change dates.

Mean start
of change O
2001/06 | 70.67%
2002/06 | 83.57%
2003/06 | 85.33%
2004/06 | 85.43%
2005/06 | 84.92%
2006/06 | 81.74%

2007/06 | 76.66%

off-line optimization and operational phase beira§: and12.25% respectively. The change detection
accuracy for the corresponding areas wea6% and81.20% respectively (Tables 6.7 and 6.8) which

is also relatively similar. In the Gauteng province the false alarm rate for both the off-line optimization
and operational phase was again very simildri{3% and15.35%), but the change detection accuracy
was considerably different$.17% and 92.27%). It might seem counterintuitive that the simulated
change is more difficult to detect than real change examples in the Gauteng province, but this doe:
make sense when considering the timing of the change. The mean start of change date of the re:
change dataset in Gauteng is 2004 with a standard deviation of two years. The simulated change dat
on the other hand, was distributed uniformly over the entire date range of the time-series. Therefore
when the change occurs in the center of the time-series, the non-stationarity of the time-series will
be at a maximum and will decrease as the change date moves towards the beginning or end of th
time-series. The performance of the method for detecting simulated change is shown for different star
years (Table 6.17). It is clear that the ACF change detection method is slightly compromised when
change occurs in the first or last year with no significant decrease in the performance for the others
years. Unfortunately, no change date information was available in the Limpopo province, only images
at the start and end of the time-series. It is, however, very probable that the change date in Limpopc
was distributed more uniformly over the study period, which resulted in the higher correlation between

that simulated change and real change detection performance.

Combining multiple bands in this study did not significantly improve on the separability achieved

using only band 4. This does not suggest that band 4 is the best for all types of land-cover change
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However, for our study area and land-cover change case, tfiecAthe band 4 time-series showed
the highest separability between the no-change and simulated change datasets. Multiple ban
combinations could also be used to improve the separability at the cost of increased computationa

complexity in cases where no single band gives adequate separability.

The stability of the false alarm rate for the ACF method was also evaluated as a function of the
region size. Similar to the experiment shown in section 6.5.1, the ACF method was run blindly over a
70 km radius from the center of each study area in the Limpopo and Gauteng provinces (Figure 6.16)
Although there was slightly more variation in the percentage pixels having changed compared to the
EKF method, the ACF method does not vary significantly as a function of the distance from the region
center, having a standard deviation of roughly 2% for both the Limpopo and Gauteng province. As with
the corresponding experiment in the case of the EKF method, some interesting results where observe
when considering the percentage of pixels flagged as having changed. The percentage of pixels flagge
as having changed varied between 7 and 20%, which is much lower than the corresponding result
obtained using the EKF method. The difference between the false alarm rate of less than 15% in bott
of the study regions (table 6.16) to that of the number of pixels flagged as having changed in the ‘blind
run’ experiment is much smaller which indicates that the ACF method is potentially not so sensitive to
other types of land cover changes using the parameters derived during the off-line optimization phase
which made use of the simulated change and no-change datasets of natural vegetation and settleme
land cover types.

6.5.3 Discussion of the NDVI differencing method

The NDVI differencing method, proposed in [17],was found not to be very successful, having a change
detection accuracy of less than% in the false alarm region of5% and less for both study areas
(Table 6.16). A possible explanation for this is that because the NDVI differencing method assumes
that the annual NDVI difference is distributed normally, the method could have difficulty in detecting
land-cover change when the study area is heterogeneous and consequently compromises the normal
assumption that is fundamental to this method. As expected, the method performs the poorest ir
the Gauteng province because of the land-cover diversity of the area (see figure 6.15). The metho
does perform better in the Limpopo province, but still has a change detection accuracy performance
decrease 0£0% when compared to the EKF change detection method at the same false alarm rate.
The NDVI differencing method also reduces the eight day composited time-series over the seven-yea
period to an effective seven observations by only considering the total annual NDVI value for each

year. This reduces the information available for change detection considerably. The threshold value
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that corresponded with a false alarm rate in the region of 12% between 1.8 and 2.1 (see figures
6.10 and 6.13) with the change detection accuracy being less than 70% in both cases. These resul
correspond well to those reported by Lune&ttal. for non-agricultural areas in the Albemarle-Pamlico
estuary system (APES) located in North Carolina and Virginia in the United States. For their study, a

threshold value of 2 resulted in a change detection accuracy of 68% with a false alarm rate of 15% [17].

6.6 CONCLUSION

In this chapter, the performance of three change detection methods was presented. Firstly, as
buildup to the EKF change detection framework, it was shown that that the separation between
natural vegetation and settlement land-cover types can be improved over FFT separation by usin
an EKF (Section 6.2.2). After EKF separability between natural and settlement time-series data was
determined, the method was adapted to the change detection case by formulating a change metr
that is based on a comparison of theand o parameter sequences of a pixel to the EKF derived
parameter sequences of its neighboring pixels. The EKF change detection method was used to dete
new settlement developments in the Limpopo and Gauteng provinces of South Africa (section 6.3.1
and 6.4.1).

The second method that was proposed was the temporal ACF change detection method. The tempor
ACF was used to exploit the non-stationarity of change pixels relative to no-change pixels by using
the correlation coefficient of a pre-determined band and lag combination as a change metric. The
method was also used to detect new settlement developments in both provinces (section 6.3.2 ar
6.4.2). Both these methods were compared to a recently published change detection method that us
NDVI differencing to determine land-cover change. The performance of this method is also given for

both provinces (section 6.3.3 and 6.4.3).

It was found that the EKF change detection method performed best in the Limpopo province. This
was attributed to the fact that most of the province is covered by natural vegetation which resulted in a
high correlation between the EKF derived parameter sequences of neighboring pixels in a tyBical 3
pixel grid. The neighboring pixel parameter sequences could thus be utilized when calculating the
change metric. Even though the settlements are low density and have a high component of vegetatiot
the relative difference in the EKF parameter steams of the change pixel and its neighboring pixels
was high enough to detect change. In the Gauteng province the performance of the EKF method wa
lower. This was attributed to the land-cover diversity that is typical to this province; st3epxel

grid was not as highly correlated as in the Limpopo province, which translated into a subsequent
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performance degradation. It is concluded that EKF changecteh can effectively exploit the
additional information provided by neighboring pixels when the area that is considered is relatively
homogeneous for a typical 2.25 knarea and the number of contiguous pixels having changed is
limited to 4 or 5.

It was found that the temporal ACF change detection method had the best performance in the Gauten
province. The non-stationarity of the change pixels relative to the no-change pixel time-series was
effectively exploited. The method considered a single pixel time-series as opposed to a grid of pixels
as in the EKF change detection method and was therefore not influenced by heterogeneity of the pixe
grid. It was shown that the change detection accuracy of the temporal ACF method is at a maximum
when the change date is at the center of the time-series and slightly compromised as the change da
moves towards the beginning or end of the time-series. However, the method was able to achieve
more than an 80% detection accuracy in both provinces. It is concluded that the temporal ACF change
detection method is very robust as it only considers the ACF of a single pixel time-series and is not
dependent on the homogeneity of the considered area. The timing of the change should, howeve
also be considered when most of the change is anticipated to be at the end or start of the time-serie
Both the proposed methods performed well for both provinces when compared to a simple NDVI

differencing method.
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CONCLUSION AND FUTURE RESEARCH

7.1 CONCLUDING REMARKS

The most pervasive form of land cover change in South Africa is informal human settlement

expansion. It was shown in chapter 1 that determining where and when new informal settlements
occur is beneficial from both an ecological as well as a social development perspective. The problem
however, is that these settlements are infrequently mapped in South Africa and that there exists a nee
to determine the location of these settlements in a timely and cost-effective manner. The primary
objective of this thesis was to develop and test an automated change detection framework that is able t
detect the transformation of natural vegetation to human settlement which could be adapted to conside
many other types of land cover change as part of an ongoing endeavor towards developing a global ¢
regional automated land cover change detection method. Two novel change detection methods wel
formulated to solve the aforementioned problem. Both of these methods utilize the hyper-temporal
time-series data that are available from coarse resolution imagery. The novelty of these method:
is underpinned by the fact that the temporal dimension of the time-series is considered as a highly
sampled (relative to the natural phenological variation) data-sequence, and change classification i
done by combining standard signal processing based methods for feature extraction with maching

learning methods for change classification.

Human operator-dependent change mapping was found to be very time consuming and resourc
intensive. It follows that for large areas to be processed, a need exists to detect new settlemer
developments in an automated way. It was proposed in this thesis that a remote sensing approach |
used to detect the formation of new settlements. Coarse resolution remotely-sensed data were four
to provide an effective manner to monitor large areas on a frequent basis as the wide swath-width o

coarse resolution sensors enables the same area to be observed at a very high temporal sampling r
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(hyper-temporal) as opposed to the lower revisit frequegpically associated with high resolution

imagery.

When considering current change detection methods in literature, it was found that the majority
of methods are based on multi-date high resolution data (in most cases only two images are usec
for change detection [14, 15]. In the case where hyper-temporal data were used, change metric
were derived, giving an indication of the change intensity [16, 17, 19, 80]. A threshold-based
approach was mostly used, i.e. the change metric is compared to a pre-defined threshold to infe
a change or no-change decision. It was found that the change metric that is used by most of thes
methods is based on the annual statistics of the underlying hyper-temporal time-series and effectivel
reduced the hyper-temporal time-series to only a few observations. This approach fails to exploit
the valuable temporal components (e.g. phase or frequency modulation, etc.) of the signal which
is driven by seasonal changes in land surface phenology. The threshold selection procedure that |
usually used is based on exparpriori knowledge of the area. In addition, many of these methods
identify large-scale ecosystem disturbances as opposed to the relatively small spatial extent of :
new settlement development (resulting in but a few contiguous MODIS pixels). It follows that a
novel change detection strategy had to be formulated for detecting new settlement development
using hyper-temporal satellite time-series data. When considering the objective of this thesis, the
NDVI differencing method, with its statistical threshold selection methodology [17] (Section 2.7.1)
was found to be the most comparable method in current literature and was consequently used fo

comparison with the novel change detection methods proposed in this thesis.

One of the major challenges in formulating a novel change detection method for new settlement
detection was the lack of change examples, which results from the fact that regional anthropogenic
land cover change is a relatively rare event in a regional landscape and that settlements are infrequent
mapped in South Africa. An intuitive solution is to opt for a fully unsupervised approach which does
not require any ground truth. The problem, however, is selecting suitable thresholds. The ‘§aging:
because everything is different doesn’'t mean anything has changed — Irene, RPeteety relevant

when considering this change detection problem. Differentiating real change from natural variations
in the spectral signature using a completely unsupervised approach proved to be a very difficult tasl
as there are still no operational MODIS land-cover change detection products available, even thougt
more than a decade has passed since the launch of MODIS. A more practical solution is to use al
ground truth, even in the absence of real change examples. This forces one to look at the specifi

problem from another angle. The fact that anthropogenic change is a rare event in a regional landscar
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implies that no-change is a very common event in a regionalsieeppe. It follows that obtaining
no-change examples is a simple task. To address this problem, change examples were simulated |
blending a time-series from a natural vegetation to a settlement state using representative time-serie

examples of each of these land cover types.

The objective that was set out at the beginning of this thesis was to make use of coarse resolutiot
satellite data to infer the location of new settlement developments in an automated manner by
employing machine-learning methods and subsequently two novel change detection methods wer
presented. The first method is based on a spatial comparison of parameter sequences derived using
EKF framework. The EKF change detection method was used to detect new settlement development
in the Limpopo and Gauteng provinces of South Africa (section 6.3.1 and 6.4.1 ). The second methoc
that was proposed was the temporal ACF change detection method where the temporal ACF was use
to exploit the non-stationarity of change pixels relative to no-change pixels by using the correlation
coefficient of a pre-determined band and lag combination as a change metric. The method was als
used to detect new settlement developments in both provinces (section 6.3.2 and 6.4.2). Both methoc
were compared to a recently published change detection method that uses NDVI differencing to detec
land cover change. The performance of this method is also given for both provinces (section 6.3.3
and 6.4.3) where it was found that the EKF change detection method performed best in the Limpopc
province (89% change detection accuracy with a false alarm rate of 13%) whereas the temporal ACF
change detection method had the best performance in the Gauteng province (92% change detectic
accuracy with a false alarm rate of 15%). Both the proposed methods performed well when comparec

to the NDVI differencing method proposed in [17].

Although some MODIS change detection products do exist (such as MODIS burn-scar detection [82]),
there are currently no operational MODIS products available specifically for land cover change
detection, even though land cover change detection was one of the primary objectives of the MODIS
mission [48]. Two previous attempts to implement an automated MODIS land cover change product
as an operational system [12, 83] was not very successful, making automated land change detectic

using MODIS data an ongoing endeavor.

When considering the methodology for creating an automated MODIS land cover change detectior
framework there are a few considerations. In light of this study, it is the view of the author that
unsupervised threshold based large scale land cover change detection using a completely unsupervis

approach is not feasible. To illustrate this, one only has to consider the threshold values correspondin
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to a similar false alarm rate for both methods in the two stugdas For example, the threshold
value selected for the EKF method corresponding to a false alarm rate of 13% in Limpopo was 1.5
whereas the threshold corresponding to a similar false alarm rate in Gauteng was 1.97. Althougf
it was shown that the threshold value produced a stable false alarm rate in a 70 km radius from the
study area center, this does not imply that the threshold value will be valid over large areas spanning
multiple bio-regions. The difference in the false alarm rate for the aforementioned example relates to
the inherent difference in natural vegetation in both study areas which implies that blindly running the
method in both regions without taking into consideration representative no-change examples is no
advisable.

A better approach is to determine the most applicable land cover changes to be detected and sele
the appropriate system parameters to detect these specific changes. This is in line with the chanc
detection philosophy adopted in this thesis. The two proposed methods lend themselves to operation:
viability by determining appropriate parameters for specific land cover change events. This is
accomplished by making use of no-change examples of the two land cover types involved in the lanc
cover change and simulating the corresponding land cover change.

When considering the operational viability of the two methods presented in this thesis a few interesting
conclusions can be made. When practically implementing the EKF method, it is important that the
following be taken into consideration. The EKF method utilizex8 ixel grid when determining the
change metric. The advantage of this approach is that in the case of a homogeneous area and chang
in the order of less than 4 contiguous MODIS pixels (see tables 6.4-6.4), the method effectively
exploits the information from neighboring pixels in calculating the change metric. It was also found
that, although the duration of the change does influence the method’s performance (see tables 6.4—6.
the exact change date does not. This implies that a change can be determined as soon as a significs
difference in the parameter sequences of the center pixel and neighboring pixels are detected. Th
disadvantage of the EKF method is that when neighboring pixels are no longer correlated with the
center pixel the performance of the method deteriorates, as was found to be the case in the Gauter
study area. The method should thus operate well in homogeneous areas where a simultaneous chan
is typically in the order of less than 4 contiguous MODIS pixels and where representative “no-change”
examples of the land cover types in question are available.

In the case of practical implementation of the ACF method, the following should be taken into

consideration. The advantage of the ACF method is that the method is a per pixel change detectiol
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method and is thus not sensitive to the correlation to neighixels. This implies that the
homogeneity of the area will not affect the method in the same way as was found to be case for the
EKF method. The ACF method utilizes all of the MODIS land bands when determining the optimal
detection parameters. This makes the method more versatile than the EKF method, which only utilizes
NDVI. The disadvantage of the method, however, is that the start of change date does influence the
performance of the method as the change detection performance increases when the change date mo
towards the center of the time-series (see table 6.17). When practically implementing the ACF method
it is advisable that the anticipated start of change date be taken into consideration when determining
the time-series length of the study period. However, even when thereaigpniori knowledge of the

start of change date and a random start of change date is assumed, the method should still perfor
acceptably, as was found in the simulated change experiments and real change detection performan

in Limpopo.

7.2 FUTURE RESEARCH

Based on the findings of this thesis, the following areas were identified that could potentially be

explored in subsequent studies.

e Currently, the distribution of the change metrics derived using the EKF and ACF change
detection methods in the case of simulated change and no-change respectively is estimated b
means of the Parzen-Rosenblatt window method using Gaussian kernels (see section 6.2.2
The corresponding optimal threshold is then determined by making use of these estimated
distributions. An alternative approach to determining the optimal threshold could be to use a
supervised classifier for example a Neural Network (NN) or Support Vector Machine (SVM) by
using the change metric as input features. The use of other features as input to the aforementione
classifiers can also be investigated. For example, a selected subset of bands and lags of the AC

functions shown in section 5.3 can be used as input features to the classifier.

e The EKF change detection method currently uses a triply modulated cosine function to model
the NDVI time-series and uses the non-linear EKF to track the model parameters for each time
step (see section 5.2). The EKF change detection method can be adapted to use as input all sev
bands. Although this would require a representative observation model to be formulated for
each band, the resulting increase of tracked parameters could produce a higher change detectic
accuracy as the increase in usable features could produce a higher separability between chang

and no-change when used with a non-linear classifier, as mentioned in the previous point.
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e As suggested in section 6.5.1, changes other than settlement expansion (for example
deforestation) can be considered using the same methodology proposed in this thesis. Usin
no-change examples of representative land cover types (for example, forested and deforeste
regions if the aim is to determine areas affected by deforestation), the EKF change method car

be adapted to detect a host of possible change events.

e An analysis could be done to determine the correlation between specific land cover types and
typical false alarm rates using each of the change detection methods presented in this thesis
using this information, no-change land cover types, prone to being flagged as false alarms (for

example agriculture or water), could be masked out if the algorithm is run over large areas.

e Currently, the EKF change detection method only makes use of NDVI data as input. The effect of
using other vegetation indices, such as Fraction of Absorbed Photosynthetically Active Radiation

(FAPAR), as input to the algorithm can also be investigated.
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