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Satellites provide humanity with data to infer properties of the earth that were impossible a century
ago. Humanity can now easily monitor the amount of ice found on the polar caps, the size of forests
and deserts, the earth’s atmosphere, the seasonal variation on land and in the oceans and the surface
temperature of the earth. In this thesis, new hypertemporal techniques are proposed for the settlement
detection problem in South Africa. The hypertemporal techniques are applied to study areas in the
Gauteng and Limpopo provinces of South Africa. To be more specific, new sequential (windowless)
and non-sequential hypertemporal techniques are implemented. The time-series employed by the new
hypertemporal techniques are obtained from the Moderate Resolution Imaging Spectroradiometer
(MODIS) sensor, which is on board the earth observations satellites Aqua and Terra. One MODIS

dataset is constructed for each province.

A Support Vector Machine (SVM) [1] that uses a novel noise-harmonic feature set is implemented to
detect existing human settlements. The noise-harmonic feature set is a non-sequential hypertemporal
feature set and is constructed by using the Coloured Simple Harmonic Oscillator (CSHO) [2]. The

CSHO consists of a Simple Harmonic Oscillator (SHO) [3], which is superimposed on the Ornstein-
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Uhlenbeck process [4]. The noise-harmonic feature set is an extension of the classic harmonic feature
set [5]. The classic harmonic feature set consists of a mean and a seasonal component. For the case
studies in this thesis, it is observed that the noise-harmonic feature set not only extends the harmonic

feature set, but also improves on its classification capability.

The Cumulative Sum (CUSUM) algorithm was developed by Page in 1954 [6]. In its original form
it is a sequential (windowless) hypertemporal change detection technique. Windowed versions of
the algorithm have been applied in a remote sensing context. In this thesis CUSUM is used in its
original form to detect settlement expansion in South Africa and is benchmarked against the classic
band differencing change detection approach of Lunetta et al., which was developed in 2006 [7].
In the case of the Gauteng study area, the CUSUM algorithm outperformed the band differencing

technique. The exact opposite behaviour was seen in the case of the Limpopo dataset.

Sequential hypertemporal techniques are data-intensive and an inductive MODIS simulator was the-
refore also developed (to augment datasets). The proposed simulator is also based on the CSHO.
Two case studies showed that the proposed inductive simulator accurately replicates the temporal

dynamics and spectral dependencies found in MODIS data.
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rale verandering-opsporing, sekwensiéle analiese

Satelliete gee die mensdom die geleentheid om dinge van die aarde te leer wat nie 'n eeu gelede
moontlik was nie. Die mensdom kan nou maklik die hoeveelheid ys op die pole, die grootte van
woude en woestyne, die aarde se atmosfeer, die seisoenale veranderinge op land en in die oseane,
asook die temperatuur op die aarde se oppervlak monitor. In hierdie proefskrif word nuwe hipertem-
porale tegnieke vir die sogenaamde nedersettingsopsporingsprobleem in Suid-Afrika beskryf. Die
nuwe hipertemporale tegnieke word toegepas op studie-areas in die Gauteng- en Limpopoprovinsies
van Suid-Afrika. Om meer spesifiek te wees, nuwe sekwensiéle (vensterlose) en nie-sekwensiéle
hipertemporale tegnieke word bespreek. Die tydsreekse wat deur die hipertemporale tegnieke be-
nodig word, word deur die Matigeresolusie- Beeldskeppende Spektrale Radio-ontvanger (MABS)
sensor verskaf, wat gemonteer is op die aardobservasiesatelliete Aqua en Terra. Een MABS-datastel

is saamgestel vir elke provinsie.

'n Steunvektormasjien (SVM) [1] wat 'n nuwe harmoniesegeraas-kenmerkstel gebruik om bes-
taande nedersettings op te spoor, is geimplementeer. Die nuwe harmoniesegeraas-kenmerkstel

is 'n nie-sekwensié€le hipertemporale-kenmerkstel en is saamgestel deur die Gekleurde Eenvou-
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dige Harmoniese Ossillator (GEHO) te gebruik [2]. Die GEHO bestaan uit 'n Eenvoudige Har-
moniese Ossillator (EHO) [3] wat gesuperponeer is op die Ornstein-Uhlenbeck-proses [4]. Die
harmoniesegeraas-kenmerkstel is 'n uitbreiding van die klassieke harmoniese-kenmerkstel [5]. Die
klassieke harmoniese-kenmerkstel bestaan uit 'n gemiddelde en ’n seisoenale komponent. Aan
die hand van die gevallestudies in hierdie proefskrif is daar gevind dat die harmoniesegeraas-
kenmerkstel nie net ’n uitbreiding van die klassieke harmoniese-kenmerkstel is nie, maar dat
die harmoniesegeraas-kenmerkstel ook die klassifikasie-vermo€ van die klassieke harmoniese-

kenmerkstel verbeter.

Die Kumulatiewesom- (KUMSOM) algoritme is in 1954 deur Page ontwikkel [6]. In sy oorspronklike
vorm is dit 'n sekwensiéle hipertemporale veranderingopsporingstegniek. Afgeknotte weergawes van
die algoritme is al vantevore in 'n afstandswaarneming-konteks gebruik. In hierdie proefskrif word
KUMSOM in sy oorspronklike vensterlose vorm gebruik om die vorming van nuwe nedersettings
in Suid-Afrika op te spoor. Die KUMSOM-algoritme word ook met die bandaftrekkingmetode ver-
gelyk, wat in 2006 deur Lunetta et al. ontwikkel is [7]. In die geval van die Gauteng-gevallestudie
lewer KUMSOM beter resultate as die bandaftrekkingmetode. Die presiese teenoorgestelde gedrag is

waargeneem in die geval van Limpopo.

Sekwensiéle hipertemporale tegnieke is baie data-intensief, gevolglik is 'n induktiewe MABS-
simulator ontwerp wat datastelle kan vergroot. Die nuwe simulator is ook gebaseer op die GEHO.
Twee gevallestudies het gewys dat die induktiewe simulator wel die temporale dinamika en spektrale

athanklikheid kan dupliseer wat voorkom in MABS-data.
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