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SUMMARY
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The growth in global population inevitably increases the consumption of natural resources. The neec
to provide basic services to these growing communities leads to an increase in anthropogenic change
to the natural environment. The resulting transformation of vegetation cover (e.g. deforestation,
agricultural expansion, urbanisation) has significant impacts on hydrology, biodiversity, ecosystems
and climate. Human settlement expansion is the most common driver of land cover change in Soutt
Africa, and is currently mapped on an irregular, ad hoc basis using visual interpretation of aerial
photographs or satellite images. This thesis proposes several methods of detecting newly forme
human settlements using hyper-temporal, multi-spectral, medium spatial resolution MODIS land
surface reflectance satellite imagery. The hyper-temporal images are used to extract time series, whic
are analysed in an automated fashion using machine learning methods. A post-classification chang
detection framework was developed to analyse the time series using several feature extraction methoc
and classifiers. Two novel hyper-temporal feature extraction methods are proposed to characteris
the seasonal pattern in the time series. The first feature extraction method extracts Seasonal Fouri
features that exploits the difference in temporal spectra inherent to land cover classes. The secon
feature extraction method extracts state-space vectors derived using an extended Kalman filter. Th

extended Kalman filter is optimised using a novel criterion which exploits the information inherent
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in the spatio-temporal domain. The post-classification ghaidetection framework was evaluated on

different classifiers; both supervised and unsupervised methods were explored. A change detectio
accuracy of above 85% with false alarm rate below 10% was attained. The best performing methods
were then applied at a provincial scale in the Gauteng and Limpopo provinces to produce regional

change maps, indicating settlement expansion.
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OPSOMMING

VERBETERDE HO E TYD-RESOLUSIE KENMERKONTTREKKINGSMETODES VIR DIE
DETEKSIE VAN VERANDERING IN LANDBEDEKKING MET BEHULP VAN 'N
SATELLIETTYDREEKS.

deur

Brian Paxton Salmon

Promotor: Prof J.C. Olivier

Departement:  Elektriese, Elektroniese en Rekenaar Ingenieurswese
Universiteit: Universiteit van Pretoria

Graad: Philosophiae Doctor (Elektronies)

Sleutelwoorde: Kklassifikasie, groepering, veranderingopsporing, uitgebreide Kalman-filter,
Fourier-transform, satelliet, tydsreekse

Die groei in die globale bevolking veroorsaak verhoogde verbruik van natuurlike hulpbronne. Die
behoefte om basiese dienste te lewer aan hierdie groeiende gemeenskappe lei tot 'n toenarn
in antropogeniese veranderinge aan die natuurlike omgewing. Die gevolglike transformasie van
plantbedekking (bv. ontbossing, landbou-uitbreiding, verstedeliking) het 'n beduidende impak
op hidrologie, ekosisteme en die klimaat. = Nedersettingsuitbreiding is die mees algemene
oorsaak van landbedekkingsverandering in Suid-Afrika en informasie oor waar en wanneer nuwe
nedersettings, voorkom word tans op ’'n d#lreatige basis bekom deur die visuele interpretasie

van lugfotos of satellietbeelde. Hierdie tesis stel verskeie metodes voor vir die opsporing van
nuutgestigte nedersettings met behulp van hiper-temporale, multi-spektrale, medium ruimtelike
resolusie MODIS-grondoppervlakte reflektansie satellietbeelde. Die hiper-temporale beelde word
gebruik om tydsreekse te onttrek, wat dan outomaties ontleed word met behulp van masjienlee!
metodes. 'rPostklassifikasie veranderingopsporingsraamwerk is ontwikkel om tydsreekse te analiseer
deur gebruik te maak van verskeie kenmerkonttrekkingsmetodes en klassifiseerders. Twee nuw
hiper-temporale kenmerkonttrekkingsmetodes word voorgestel om die seisoenale patroon in die

reeks te karakteriseer. Die eerste kenmerkonttrekkingsmetode onttrek Seisoen Fourier-eienskapy
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uit die tydsreeks, wat die temporale spektrum eienskappevesskillende landbedekkingsklasse
beklemtoon. Die tweede kenmerkonttrekkingsmetode onttrek toestand-ruimte vektore uit die
tydsreeks, wat verkry word met behulp van 'n uitgebreide Kalman-filter. Die uitgebreide Kalman-filter
is geoptimeer deur gebruik te maak van 'n nuwe maatstaf wat gebaseer is op die inligting
in die ruimtelike-temporale domein. Dipostklassifikasie veranderingopsporingsraamwerk is
gecvalueer met verskillende klassifiseerders; beide toesig en sonder-toesig metodes is ondersoek.
Veranderingopsporingsakkuraatheid bo 85% met 'n valsalarmkoers onder 10% is behaal. Die best
metodes is toegepas op 'n provinsiale skaal in die Gauteng- en Limpopo-provinsies om plaaslike

veranderings kaarte te produseer.
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