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Summary 
This thesis investigates the use of optical remote sensing as proxies for the 
inspection indicators of cover quality and soil moisture so as to facilitate the 
inspection of grass covered dikes. The proof of concept showed that significant 
relationships exist between various ground-based optical remote sensing data 
and the two indicators. These were refined for use with airborne and space-
borne sensors and suggestions for operational implementation for dike 
inspection are given.  

Dikes (also called levees or flood embankments) are common water defence 
structures that provide protection against inundation and flooding. Dikes are 
found all over the world, with thousands of kilometres of dikes protecting 
millions of people. Their function is becoming increasingly important due to the 
expected consequences of subsidence (e.g., from increased loading on 
compressible soils) and of climate change (e.g., sea level rise, more extreme 
weather events). It is essential that dikes be inspected regularly to ensure they 
remain reliable and functioning. Dike inspections are typically done by visual 
examination of dike components, ideally on foot. In view of the large number of 
dikes that need to be inspected, dike inspection is clearly a slow, costly, man-
hour intensive process. Remote sensing has been proposed as a tool that could 
facilitate faster dike inspection by screening large areas in a relatively short 
space of time using objective measurements. Over the last decade, remote 
sensing studies for dike inspection, monitoring and assessment have largely 
focused on the inspection indicators of deformation, slides and seepage. There 
are, however, other indicators that inspectors consider, such as cover quality 
and soil moisture. 

The cover quality indicator is used to evaluate the quality of the grass cover, 
which is one of the most common forms of surface cover on dikes, where it 
protects against erosion, infiltration and sliding. The cover quality indicator 
takes into account the cover density, grass health, the presence of weeds, 
standing litter (dead plant material) or debris as well as the absence of 
vegetation. The absence of vegetation can be indicative of other issues (e.g., 
slides, animal activity). The soil moisture indicator is broad, encompassing not 
only excessive moisture (e.g., seepage) but also dryness. In this study, the 
vegetation response to available soil moisture is examined. The current research 
was conducted for an in situ peat dike. 

The proof of concept showed significant relationships between four types of 
ground-based remote sensing data (i.e., broadband thermal, broadband visible, 
broadband multispectral and narrowband hyperspectral) and both inspection 
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indicators. For the cover quality indicator, broadband multispectral data 
exhibited the strongest relationships. After testing a large number of indices 
across a range of spectral response functions, the Red/Green Index (RGI), 
Green/Red Ratio (GRR) and Normalized Green/Red Ratio (NGRR) are 
recommended for potential use by dike inspectors as proxies for the cover 
quality indicator, with a preference for GRR (based on similarity between field 
and actual image data). For the soil moisture indicator, afternoon thermal data 
exhibited the strongest relationships. These relationships have not been further 
tested and developed for airborne or space-borne implementation since no very 
high spatial resolution thermal imagery was available for this study. 
Nevertheless, it was observed that the optimal time for thermal measurements 
of grass covered dikes is between solar noon and apparent sunset and that for 
both indicators, illumination and weather conditions can be problematic, with 
non-uniform cover problematic for the soil moisture indicator. From the 
reflected data, the strongest relationships to the soil moisture indicator were for 
ratios using near-infrared and red bands or green and red bands. A large number 
of indices were tested across a range of spectral response functions and later 
refined using actual image data. The dike inspector could potentially use the 
Ratio Vegetation Index (RVI), Modified Simple Ratio (MSR) and Green/Red 
Ratio (GRR) as proxies for the soil moisture indicator for long-term moisture 
processes (e.g., weeks to months) for grass covered dikes, where vegetation 
growth and health have sufficient time to respond to available soil moisture. 

In order to achieve the results, technical issues relating to the comparison of 
data from different sensors were addressed. This research confirmed that the 
change in spectral response functions (SRFs) between sensors noticeably altered 
index values, with the extent of change being sensor and index specific. SRF 
translations functions can usually be modelled, where the coefficients of 
determination (R2) should be as close to perfect (i.e., 1) as possible in order to 
reduce biases. Translation functions were proven to reduce differences 
(i.e., improve similarity) between index values obtained from different sensors 
and thus translation functions should be used to correct for SRF differences 
before comparing data across sensors. Translation function coefficients for a 
number of indices and sensors are presented. This research fills the knowledge 
gap regarding SRFs of very high spatial resolution sensors specifically for the 
cover type of cultivated grasslands, which are typically found on dikes that do 
not have a hardened cover. 

Dike inspectors could use indices RVI, MSR and GRR as proxies for the soil 
moisture indicator for long-term moisture processes (e.g., weeks to months) for 
grass covered dikes to identify potential problem areas for further investigation 
and similarly, indices RGI, NGRR and especially GRR for the cover quality 
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indicator. For the study site, the remote sensing index values and observed 
spatial patterns were sufficiently clear to identify and delineate a comparable 
area (which is affected by a possible upwelling process) to that observed in the 
data of the soil moisture and cover quality indicators. This was true for data 
from different sensors. The true soil moisture or cover quality conditions may 
not always be evident in the remote sensing data and may be masked (e.g., by 
management practices). Also, soil moisture conditions in the subsurface may 
not necessarily be reflected at the surface and the absolute values of the 
indicators might not be retrieved from the remote sensing proxies. The remote 
sensing information is thus not definitive but rather indicative, with not all 
potential problem areas necessarily being identified. A number of suggestions 
are made for operational implementation of remote sensing data for dike 
inspection, which include regular image acquisition (e.g., every 1–3 months) 
with extra campaigns during times of drought or high water; very high spatial 
resolution imagery (i.e., less than 2 m) and adequate image correction (such as 
atmospheric correction, SRF adjustments and radiometric normalization). 
Remote sensing proxies for inspection indicators can be valuable screening 
tools for dike inspection as well as contributing to traditional inspections by 
identifying potentially problematic areas that may have been over looked in the 
field or manifest between traditional inspections. 
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Samenvatting 
Dit proefschrift, ‘Onderzoek van aardobservatie voor dijkinspectie’, beschrijft 
het onderzoek naar het gebruik van optische aardobservatie als proxies voor 
inspectie indicatoren voor de kwaliteit van de dijkbedekking en de 
bodemvochtigheid van dijken, om zo de inspectie van gras begroeide dijken te 
vergemakkelijken. De ‘proof of concept’ toonde significante verbanden aan 
tussen verschillende optische aardobservatie data vanaf de grond en de twee 
indicatoren. De verbanden zijn verbeterd voor het gebruik vanuit de lucht en 
vanuit de ruimte, en suggesties voor implementatie in dijkinspectie worden 
gegeven. 

Dijken, ook wel waterkeringen of kaden, zijn waterkerende structuren die 
bescherming tegen overstroming en wateroverlast bieden. Duizenden kilometers 
dijk zijn te vinden over de hele wereld, waar ze miljoenen mensen beschermen. 
Dijken worden steeds belangrijker door de verwachte gevolgen van 
bodemdaling (bv. door verhoogde belasting op samendrukbare grond) en 
klimaatverandering (bv. stijging van de zeespiegel en meer extreem weer). Het 
is belangrijk dijken regelmatig te inspecteren om ervoor te zorgen dat ze 
betrouwbaar zijn, en blijven functioneren als waterkering. Dijkinspecties 
worden meestal gedaan door visueel onderzoek van dijk componenten, meestal 
te voet. Gezien het grote aantal dijken die moeten worden geïnspecteerd, is 
dijkinspectie duidelijk een traag, duur, en manuren intensief proces. 
Aardobservatie is daarom voorgesteld als een methode die dijkinspectie kan 
versnellen en vergemakkelijken door het screenen van grote gebieden in een 
relatief korte tijd op basis van objectieve metingen. In de afgelopen tien jaar 
waren aardobservatie studies voor dijkinspectie, monitoring en evaluatie 
grotendeels gericht op inspectie indicatoren voor het detecteren van 
vervorming, afschuiving en kwel. Er zijn echter ook andere indicatoren die de 
inspecteurs gebruiken, zoals de kwaliteit van de dijkbedekking en 
bodemvochtigheid, die zich mogelijk lenen voor inspectie met aardobservatie. 

De indicator voor de kwaliteit van de dijkbedekking wordt gebruikt om de 
kwaliteit van de grasmat te evalueren. Gras is een van de meest voorkomende 
vormen van oppervlaktebedekking van dijken. Het gras beschermt de dijk tegen 
erosie, infiltratie en afschuivingen. Deze indicator houdt rekening met de 
dichtheid van de bedekking, gezondheid van het gras, de aanwezigheid van 
onkruid, strooisel (dood plantenmateriaal) of afval, en de afwezigheid van 
vegetatie. De afwezigheid van de vegetatie kan een indicatie zijn van andere 
problemen, bijvoorbeeld afschuivingen en activiteit van dieren. De 
bodemvochtigheid indicator is breed definieert en omvat niet alleen vocht (bv. 
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kwel), maar ook droogte. In deze studie wordt de respons van de begroeiing op 
beschikbare bodemvochtigheid onderzocht. Het huidige onderzoek werd 
uitgevoerd op een in situ veen dijk. 

De test studie toonde significante verbanden aan tussen de data van vier types 
grond-aardobservatie (d.w.z., breedband thermische, breedband zichtbaar, 
breedband multispectrale, en smalband hyperspectrale data) en de beide 
inspectie indicatoren. De indicator voor kwaliteit van de dijkbedekking 
vertoonde de sterkste relaties met breedband multispectrale data. Na het testen 
van een groot aantal indices in een heel scala van spectrale responsfuncties, 
worden de ‘Rood/Groen Index’ [Red/Green Index] (RGI), ‘Groen/Rood Ratio’ 
[Green/Red Ratio] (GRR), en ‘Genormaliseerde Groen/Rood Ratio’ 
[Normalized Green/Red Ratio] (NGRR) aanbevolen voor mogelijk gebruik door 
dijk inspecteurs als proxy voor de indicator voor kwaliteit van de 
dijkbedekking, met een voorkeur voor GRR (op basis van overeenstemming 
tussen actuele veld- en beeldgegevens). Voor de bodemvochtigheid indicator, 
thermische data van de middag vertoonde de sterkste relaties. Deze relaties zijn 
niet verder getest en ontwikkeld voor implementatie in lucht- of ruimtevaart 
omdat er geen thermisch beeldmateriaal met zeer hoge ruimtelijke resolutie 
beschikbaar was voor deze studie. Toch werd wel vastgesteld dat de optimale 
tijd voor thermische metingen van gras begroeide dijken tussen solar noon en 
apparent sunset is en dat voor beide indicatoren verlichting en 
weersomstandigheden problematisch kunnen zijn. Voor de bodemvochtigheid 
indicator kan een niet-uniforme bedekking ook problematisch zijn. Van de 
gereflecteerde data, de sterkste relaties tot de bodemvochtigheid indicator is 
geconstateerd voor ratios die nabij-infrarode en rode banden of groene en rode 
banden gebruiken. Een groot aantal indices werd in een heel scala van spectrale 
responsfuncties getest en later verfijnd met behulp van echte beeldgegevens. De 
dijk inspecteur zou gebruik kunnen maken van de ‘Ratio Vegetatie Index’ 
[Ratio Vegetation Index] (RVI), ‘Gemodificeerde Eenvoudige Ratio’ [Modified 
Simple Ratio] (MSR), en ‘Groen/Rood Ratio’ [Green/Red Ratio] (GRR) als 
proxy voor de bodemvochtigheid indicator voor de lange termijn vocht 
processen (bv. weken tot maanden) voor gras bedekte dijken, waar de groei en 
gezondheid van de vegetatie voldoende tijd hebben om te reageren op 
beschikbaar bodemvocht. 

Om de resultaten te behalen, zijn technische problemen in het vergelijken van 
gegevens van verschillende sensoren onderzocht. Dit onderzoek bevestigde dat 
de verandering in spectrale responsfuncties (SRFs) tussen sensoren tot een 
aanzienlijk verandering van indexwaarden kunnen leiden, waarbij de mate van 
verandering sensor en index specifiek zijn. SRF translatie functies kunnen 
meestal gemodelleerd worden, waarbij de determinatiecoëfficiënt (R2) zo dicht 
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mogelijk aan perfect zou moeten zijn (d.w.z. 1) om vertekening te verminderen. 
Er is bewezen dat translatie functies het verschil verminderen (d.w.z. de 
gelijkenis verbeteren) tussen indexwaarden verkregen uit verschillende 
sensoren. Dus translatie functies moeten gebruikt worden om SRF verschillen te 
corrigeren voordat data van verschillende sensoren vergeleken kan worden. 
Translatie functie coëfficiënten voor een aantal indices en sensoren worden 
gepresenteerd. Dit onderzoek vult de kenniskloof met betrekking tot SRFs van 
zeer hoge ruimtelijke resolutie sensoren, die specifiek zijn voor de bedekking 
met gecultiveerd grasland, wat doorgaans te vinden is op dijken zonder 
verharde bedekking. 

Dijk inspecteurs kunnen de indices RGI, NGRR en vooral GRR gebruiken als 
proxies voor de indicator voor de kwaliteit van de dijkbedekking voor gras 
begroeide dijken om potentiële probleemgebieden te identificeren voor verder 
onderzoek. De indices RVI, MSR en GRR kunnen als proxies voor de 
bodemvochtigheid indicator gebruikt worden, voor de lange termijn vocht 
processen (bv. weken tot maanden) voor gras begroeide dijken. Voor de 
onderzoekslocatie, de aardobservatie indexwaarden en waargenomen 
ruimtelijke patronen waren voldoende om een vergelijkbaar oppervlak (dat 
wordt beïnvloed door mogelijke water opwelling) te identificeren en af te 
bakenen, dat ook in de data van de indicatoren voor de bodemvochtigheid en de 
kwaliteit van de dijkbedekking waargenomen wordt. Dit geldt voor gegevens 
van verschillende sensoren. De ware bodemvochtigheid of de kwaliteit van de 
dijkbedekking wordt niet altijd duidelijk in de aardobservatie data en kunnen 
gemaskeerd zijn door, bijvoorbeeld, beheersmaatregelen. Ook 
bodemvochtomstandigheden in de ondergrond worden niet noodzakelijkwijs 
aan het oppervlak gereflecteerd en de absolute waarden van de indicatoren is 
misschien niet beschikbaar uit de aardobservatie proxies. De aardobservatie 
informatie is dus indicatief en mogelijk worden niet alle probleemgebieden 
geïdentificeerd. Een aantal suggesties voor de operationele implementatie van 
aardobservatie gegevens voor dijkinspectie worden gedaan, waaronder 
regelmatige beeldacquisitie (bv. elke 1–3 maanden) met extra data acquisitie in 
tijden van droogte of hoog water, zeer hoge ruimtelijke resolutie beeldmateriaal 
(d.w.z., minder dan 2 m) en voldoende beeldcorrectie (zoals atmosferische 
correctie, SRF aanpassingen en radiometrische normalisering). Aardobservatie 
proxies voor inspectie indicatoren kunnen waardevolle screeningsinstrumenten 
voor dijkinspectie zijn en zo bijdragen aan de traditionele inspecties door het 
identificeren van potentieel problematische gebieden, die mogelijk zijn gemist 
in het veld of tussen de traditionele inspecties zijn verschenen. 
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Zusammenfassung 
Diese Doktorarbeit ‚Untersuchung von Fernerkundung für Deichinspektionen‘ 
untersucht die Anwendung optischer Fernerkundung als Proxies für die 
Inspektionsindikatoren der Bodenbedeckungsqualität und Bodenfeuchte, um so 
die Inspektion von grasbedeckten Deichen zu erleichtern. Die 
Machbarkeitsstudie hat gezeigt, dass signifikante Beziehungen zwischen 
verschiedenen bodengebundenen optischen Fernerkundungsdaten und den 
genannten Inspektionsindikatoren bestehen. Diese sind für die Verwendung von 
luft- und weltraumgestützten Sensoren verfeinert worden und es werden 
Vorschläge für die operative Umsetzung für Deichinspektionen gegeben. 

Deiche (manchmal auch Dämme genannt) sind Verteidigungsstrukturen, die 
Schutz vor Hochwasser und Überschwemmung bieten. Deiche sind auf der 
ganzen Welt zu finden; Tausende Kilometer Deiche schützen weltweit 
Millionen von Menschen. Die Funktion der Deiche wird immer wichtiger 
aufgrund der zu erwartenden Folgen durch Bodenabsenkungen (z.B. durch 
erhöhte Belastung auf kompressible Böden) und den Klimawandel (z.B. Anstieg 
des Meeresspiegels, Zunahme extremer Wetterereignisse). Ein wesentlicher 
Punkt zur Sicherstellung der Funktionalität der Deiche ist eine regelmäßige 
Überprüfung. Deichinspektionen erfolgen üblicherweise durch eine visuelle 
Untersuchung der verschiedenen Deichkomponenten, idealerweise zu Fuß. 
Angesichts der großen Anzahl von Deichen, die überprüft werden müssen, ist 
diese Form der Deichinspektion eindeutig ein langsamer, kostspieliger und sehr 
intensiver Prozess, der den Einsatz zahlreicher Inspektoren voraussetzt. Die 
Fernerkundung bietet sich in diesem Punkt als ein Instrument an, welches eine 
schnellere Inspektion der Deiche ermöglicht, indem große Deichabschnitte in 
relativ kurzer Zeit durch objektive Messungen untersucht werden. Im Laufe des 
letzten Jahrzehnts haben sich Fernerkundungsstudien für Deichinspektionen 
vornehmlich auf die Inspektionsindikatoren Verformung, Rutschung und 
Durchsickerung konzentriert. Es gibt aber auch noch andere Indikatoren, die 
Deichinspektoren prüfen, wie z.B. Bodenbedeckungsqualität und Bodenfeuchte. 

Der Indikator der Bodenbedeckungsqualität wird verwendet, um die Qualität 
der Grasbedeckung des Deiches zu bewerten. Grasbedeckung ist eine der 
häufigsten Formen der Oberflächenbedeckung von Deichen, da sie vor Erosion, 
Infiltration und Abgleiten schützt. Der Indikator der Bodenbedeckungsqualität 
berücksichtigt die Deckdichte, Gesundheit des Grases, das Vorhandensein von 
Unkraut sowie die Anwesenheit von abgestorbenem Pflanzenmaterial oder 
Treibgut als auch das Fehlen von Vegetation. Das Fehlen von Vegetation kann 
auch eine Indikation sein für andere Themen (z.B. Rutschungen oder 
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Tieraktivität). Der Indikator der Bodenfeuchte ist breit und umfasst nicht nur 
übermäßige Feuchtigkeit (z.B. durch Durchsickerung), sondern auch 
Trockenheit. In dieser Studie wird die Reaktion der Vegetation auf verfügbare 
Bodenfeuchte untersucht. Die vorliegende Studie wurde an einem in-situ 
Torfdeich durchgeführt. 

Die Machbarkeitsstudie weist signifikante Zusammenhänge zwischen vier 
Arten von bodengestützten Fernerkundungsdaten (Breitband thermisch, 
Breitband sichtbar, Breitband multispektral und Schmalband hyperspektral) und 
den beiden Inspektionsindikatoren auf. Für den Indikator der 
Bodenbedeckungsqualität zeigen die Breitband multispektralen Daten die 
stärksten Beziehungen. Nach Prüfung einer großen Anzahl von Indizes für eine 
Reihe von spektralen Antwortfunktionen werden der ‚Rot/Grün-Index‘ 
[Red/Green Index] (RGI), das ‚Grün/Rot Verhältnis‘ [Green/Red Ratio] (GRR) 
und das ‚normalisierte Grün/Rot Verhältnis‘ [Normalized Green/Red Ratio] 
(NGRR) für den möglichen Einsatz durch Deichinspektoren als Proxies für den 
Indikator der Bodenbedeckungsqualität empfohlen, mit einer Präferenz für GRR 
(basierend auf der Ähnlichkeit zwischen Feld- und tatsächlichen Bilddaten). Für 
den Indikator der Bodenfeuchte zeigen in den Nachmittagsstunden 
aufgenommene thermische Daten die stärksten Beziehungen. Im Rahmen dieser 
Arbeit wurden diese Beziehungen nicht weiter geprüft oder für die Anwendung 
von luft- oder weltraumgestützten Methoden weiterentwickelt, da keine 
räumlich hochaufgelösten thermischen Daten zur Verfügung standen. Dennoch 
war zu beobachten, dass die optimale Zeit für die thermischen Messungen an 
grasbedeckten Deichen zwischen solarem Mittag und scheinbarem 
Sonnenuntergang liegt, und dass für beide Indikatoren die Beleuchtung und 
Wetterbedingungen problematisch sein können. Für den Indikator der 
Bodenfeuchte kann zusätzlich die ungleichmäßige Bedeckung problematisch 
sein. Bei Verwendung der reflektierten Daten waren die stärksten Beziehungen 
des Indikators der Bodenfeuchte mit dem Verhältnis von nahen Infrarot und 
roten Bändern oder dem Verhältnis von grünen und roten Bändern. Eine große 
Anzahl von Indizes wurde in einer Reihe von spektralen Antwortfunktionen 
getestet und unter Verwendung der tatsächlichen Bilddaten später verfeinert. 
Für langfristige Feuchtigkeitsprozesse von grasbedeckten Deichen (z.B. 
Wochen bis Monate – wobei die Vegetation genug Zeit hat, um auf die 
verfügbare Bodenfeuchte zu reagieren) könnten die Deichinspektoren potentiell 
den ‚Vegetationsindex‘ [Ratio Vegetation Index] (RVI), das ‚modifizierte 
einfache Verhältnis‘ [Modified Simple Ratio] (MSR) und das ‚Grün/Rot 
Verhältnis‘ [Green/Red Ratio] (GRR) als Proxies für den Indikator der 
Bodenfeuchte verwenden. 



Zusammenfassung 

xi 

Um die präsentierten Ergebnisse zu erreichen, wurden die technischen 
Probleme hinsichtlich eines Vergleichs von Daten verschiedener Sensoren 
adressiert. Diese Studie bestätigt, dass die Änderung der spektralen 
Antwortfunktionen [spectral response functions] (SRF) zwischen den Sensoren 
zu deutlichen Veränderungen der Indexwerte führt; wobei das Ausmaß der 
Veränderung als Sensor- und Index- spezifisch bezeichnet werden kann. SRF-
Übersetzungsfunktionen [translation functions] können in der Regel modelliert 
werden. Dabei müssen die Bestimmtheitsmaße (R2) einen Werte um 1 
annehmen, um Verzerrungen zu reduzieren. Übersetzungsfunktionen reduzieren 
nachweislich Unterschiede (d.h. Verbesserung der Ähnlichkeit) zwischen 
Indexwerten, die mit verschiedenen Sensoren ermittelt wurden. Es sollten also 
Übersetzungsfunktionen verwendet werden, um SRF Unterschiede zu 
korrigieren, bevor Daten von verschiedenen Sensoren verglichen werden. 
Übersetzungsfunktionskoeffizienten für eine Anzahl von Indizes und Sensoren 
werden dargestellt. Diese Studie füllt somit eine Wissenslücke bezüglich SRFs 
von räumlich hochaufgelösten Sensoren, speziell für den Bedeckungstyp des 
bewirtschafteten Graslandes. Dieser Bedeckungstyp ist in der Regel auf 
Deichen zu finden, welche nicht über eine gehärtete Bedeckung verfügen. 

Deichinspektoren können die Indizes RVI, MSR und GRR als Proxies für den 
Indikator der Bodenfeuchte für langfristige Feuchtigkeitsprozesse (z.B. Wochen 
bis Monate) für grasbedeckte Deiche verwenden, um mögliche Problembereiche 
für die weitere Untersuchung zu identifizieren. Weiterhin können die Indizes 
RGI, NGRR und insbesondere GRR für den Indikator der 
Bodenbedeckungsqualität verwendet werden. Für den Untersuchungsbereich 
dieser Studie waren die aus den Fernerkundungsdaten ermittelten Indexwerte 
und beobachteten räumlichen Muster ausreichend deutlich, um einen 
vergleichbaren Bereich (welcher möglicherweise von Auftriebsprozessen 
betroffen ist) zu identifizieren und abzugrenzen, wie er auch in den Daten der 
Indikatoren für die Bodenfeuchte und die Bodenbedeckungsqualität beobachtet 
werden konnte. Dies gilt für die Daten verschiedener Sensoren. Die wahre 
Bodenfeuchte oder Bodenbedeckungsqualität wird aus den 
Fernerkundungsdaten nicht immer ersichtlich und kann möglicherweise 
verdeckt sein (z.B. durch Managementpraktiken). Auch die Bodenfeuchtigkeit 
im Untergrund muss nicht unbedingt an die Oberfläche reflektiert werden und 
die absoluten Werte der Indikatoren könnten möglicherweise auch nicht aus den 
Fernerkundungs-Proxies abgerufen werden. Die Fernerkundungsinformation ist 
daher nicht endgültig, sondern indikativ. Nicht alle potenziellen 
Problembereiche werden notwendigerweise identifiziert. Eine Reihe von 
Vorschlägen für die operative Umsetzung von Fernerkundungsdaten für 
Deichinspektionen werden daher gegeben, wie z.B. die regelmäßigen 
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Bildaufnahmen (z.B. alle 1–3 Monate) mit zusätzlichen Kampagnen in Dürre- 
und Hochwasserzeiten, Aufnahme von Daten mit sehr hoher räumlicher 
Auflösung (d.h. weniger als 2 m) und eine passende Bildkorrektur (wie 
atmosphärische Korrektur, SRF Anpassungen und radiometrische 
Normalisierung). Fernerkundungs-Proxies für die Inspektionsindikatoren 
können wertvolle Kontrollwerkzeuge für Deichinspektionen darstellen sowie 
einen Beitrag zu den traditionellen Inspektionen leisten, durch die 
Identifizierung von potentiell problematischen Bereichen, die eventuell im Feld 
übersehen werden oder sich zwischen den traditionellen Inspektionen 
entwickeln. 
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1.1 Background 
Dikes, which are also called levees or flood embankments, are common water 
defence structures and have formed part of flood defence systems since the 
earliest human settlements thousands of years ago. They are natural or man-
made raised structures, such as along rivers or coasts. A peculiar form of flood 
protection also frequently called dike or levee, are the slopes of high areas 
around an excavated area forming a barrier for water, such as slopes along a pit 
or quarry. Raised structures consist of transported soil, rock, and man-made 
materials, while the topographical highs around excavated areas consist of the 
natural subsurface materials. The main purpose of dikes is to provide protection 
against inundation or flooding (CIRIA et al., 2013; Mayer, 2012; Mériaux and 
Royet, 2007). Dikes can be found in most countries worldwide, such as 
Bangladesh, Belgium, Brazil, Canada, China, Columbia, Czech Republic, 
France, Germany, Indonesia, Ireland, the Netherlands, Suriname, Taiwan, 
Thailand, the United Kingdom, the United States of America and Vietnam. 

1.1.1 A brief history of dikes 
Evidence of dikes has been found dating back to the Sumerian civilization in 
Mesopotamia, during the Uruk period (3800–3100 B.C.) (Algaze, 2001). Later, 
the city of Mari, built in about 2900 B.C. in the border area of Syria and 
Mesopotamia, was surrounded by a dike to protect it from floods (Margueron, 
2003). The dike remained part of the city design until the city’s destruction in 
about 1760 B.C. (Margueron, 2003; Viollet, 2007). The city of Harappa of the 
Indus Valley civilization was at its peak around 2300 B.C., where dikes and 
walls protected the city against floods (Frazee, 1997). Around 2100 B.C. in 
China, Gun (the father of Yu the Great) is said to have built dikes along the 
banks of the Huang He (Yellow River) to control flooding, which unfortunately 
failed (Viollet, 2007). In the second millennium B.C., Egypt expanded their 
irrigations schemes, which included dike construction (Viollet, 2007). As early 
as the Ur III period (2047–1940 B.C.), a ‘dike manager’ is mentioned in a letter 
dated from that period found in the Sumer city of Kish, Mesopotamia (Cole and 
Gasche, 1998).  

Hammurabi, the Babylonian king who reigned circa 1792–1750 B.C. and whose 
empire controlled all of Mesopotamia, built a dike around Sippar (Abū Habbah) 
by mounding up earth around the city. During the reign of his son, a dike was 
also constructed around the neighbouring city of Sippar-Amnānum (Tell 
ed-Dēr). Letters to Zimri-Līm, King of Mari and a contemporary of 
Hammurabi, report on the reinforcing of dikes in the region of Mari in 
anticipation of the Euphrates and Ḫabūr rivers flooding (Cole and Gasche, 
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1998). Hammurabi even included an edict requiring citizens to maintain their 
dikes in The Code of Hammurabi (Babylonian laws):  

§ 53 – If a man neglect to strengthen his dyke and do not 
strengthen it, and a break be made in his dyke and the water 
carry away the farm-land, the man in whose dyke the break has 
been made shall restore the grain which he has damaged 
(Harper, 1904, p. 29). 

The construction of dikes spread from these ancient centres of civilization as 
trade and travel increased and as empires arose and expanded (for example the 
Roman Republic and Empire, circa 500 B.C. – A.D. 500). In addition, more 
isolated populations also developed dike construction as their need and 
technical development increased. In the Middle Ages, dikes were constructed in 
western Europe with dikes being built in the 11th century A.D. in the Rhine and 
Meuse Delta of the Netherlands (Knol, 1991 as cited in Nienhuis, 2008, p. 40) 
and in the north-western coastal region of Germany and the Netherlands 
(Bagus, 2006; Ey, 2005). In the United States of America, dikes for flood 
prevention were introduced in the mid to late 19th century (FEMA, 2012). To 
this day, dikes continue to be built, utilized, reconstructed, reinforced and 
maintained in the regions of ancient and new civilizations. 

1.1.2 Dikes today 
Throughout the following three sections (i.e., Sections 1.1.2, 1.1.3 and 1.1.4) 
extensive use has been made of The International Levee Handbook (CIRIA et 
al., 2013) and various reports and documents. Although most of these 
documents are not scientific documents but rather technical reports, the 
contributors to these documents are leading experts in their respective fields and 
countries relating to dikes. 

Dikes are increasingly becoming structures of major importance and concern 
due to the expected consequences of climate change (such as sea level rise and 
more extreme weather events) and of subsidence (CIRIA et al., 2013; Mayer, 
2012). With 10 % of the world population living in the Low Elevation Coastal 
Zone (i.e., less than 10 m above sea level) (McGranahan et al., 2007), often in 
subsiding sedimentary areas, dikes are critical barriers against storm surges, sea 
level rise and flooding by rivers. The failure of a dike can result not only in 
substantial economical and infrastructural losses but also in significant loss of 
lives. It is therefore essential that dikes are monitored for weaknesses and kept 
in optimal condition (van Westen, 2005). 

Three types of dikes are often referred to depending on the environment in 
which the dike is located. The first two are sea dikes and river dikes, which are 
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the main types of dikes. The third encompasses all other kinds of dikes. Sea 
dikes are usually located perpendicular to the incoming water with gentler 
waterside slopes to reduce wave run-up and erosion. River dikes are generally 
parallel to the flow-direction of the water and often have steeper waterside and 
gentler landside slopes. Other kinds of dikes include dikes which provide a 
secondary line of defence (either perpendicular or parallel to the incoming 
water), canal dikes, lake dikes, and closed protection, ring or polder dikes. The 
environment of the dike will determine the design of the dike. 

Modern raised structure dikes are constructed following specific engineering 
principles, where the composition and structure is known. Nevertheless, dikes 
are often built with locally available materials which may not be ideal and on 
alluvial or estuarine plains with soft soils (e.g., peat) which are prone to 
settlement (subsidence). However, the majority of dikes have been in place for a 
long time and may have been built up over tens or even hundreds of years. 
These dikes are typically composed of multiple materials, often in layers as they 
have been added with materials on hand. Usually, the composition of these 
dikes is unknown, unless a specific site investigation has taken place (e.g., van 
Geel et al., 1983).  

A peculiar form of dike exists in that the dike is not constructed per se but 
rather what remains of the original in situ earth material after surrounding 
materials have been removed, subsided or compacted. Examples of such dikes 
can be found in the Netherlands, where the in situ earth material is 
predominately peat (see Section 1.4). This specific form of dike is under 
investigation in this thesis. Since its composition and relation to the landscape is 
different from other forms of dikes, the results in this thesis are specifically for 
in situ peat dikes. It is possible that results can be extrapolated to other dike 
forms with a grass cover but that has not been tested in this thesis.  

The principal functional components of raised structure dikes are crest, soil or 
rock foundation and earthfill (consisting of transported soil and/or rock, and 
which may include other materials such as rubble; Figure 1.1a). The principal 
functional components of in situ dike structures are crest and soil or rock 
foundation, where the “earthfill” component is merely in situ earth material 
continuous with the foundation (Figure 1.1b). Depending on the type of dike 
(based on its environment, see above), its expected loads, the foundation and 
earthfill, further possible components for a dike could include revetment 
(protective cover), berm, trench or ditch (Figure 1.1), impermeable core or 
mask, filter layer, wall, and drainage and seepage system (CIRIA et al., 2013; 
Mayer, 2012; Moser et al., 2008a). Grass cover is one of the most common 
forms of surface cover or revetment on dikes (CIRIA et al., 2013; Mériaux and 
Royet, 2007; Muijs, 1999), where it protects against external erosion, inhibits 
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infiltration and the roots help prevent sliding (CIRIA et al., 2013). Further 
terms, which refer to non-functional parts of a dike, are slope, toe, water level, 
waterside and landside (Figure 1.1). 

Although the primary function of dikes is flood protection, they typically also 
have other functions which may impact on this primary function. These multi-
functional roles include access and transportation (especially important for 
evacuation during flooding), recreation, agriculture, utility crossings, housing 
and (small) industry, and environmental and ecological provisions (CIRIA et 
al., 2013; Bezuijen et al., 2011).  

 

 

 

 

Figure 1.1: Simplified cross-sections of (a) a raised structure dike (modified after CIRIA et al., 2013) 
and (b) an in situ dike, showing basic functional (black text) and non-functional (grey text) 
components.  



Introduction 

6 

1.1.3 Dike failure 
Before discussing dike failure it is necessary to introduce the dike system. A 
dike system is generally made up of both dikes and other structures, such as 
dunes, sluice gates, spillways, walls, pumping stations, etc. Since the main 
function of the system is flood risk reduction, the failure of the system can be 
defined as the unintentional inundation of the protected area. The system can 
fail due to the failure of any of its elements (e.g., dike, wall, spillway, etc.). 
There are two types of failure that can result in the failure of the dike system. 
Hydraulic failure occurs when water enters the protected area without the 
element itself being damaged beforehand. This can happen when there is 
overflow or overtopping of a dike or when there is through- or under-flow of a 
dike. Structural failure occurs when damages to one or more elements result in a 
breach of the system. One type of failure can induce the other. For example, 
structural failure such as settlement (subsidence) can result in hydraulic failure 
due to water flowing over the top of the lowered crest and hydraulic failure due 
to through-flow or seepage can result in structural failure by internal erosion 
and then to breach. 

For the dike itself, a failure is defined as “the inability to achieve a defined 
performance threshold (response to a given loading) or performance indicator, 
for a given function” (CIRIA et al., 2013, p.156), that is, the dike is unable to 
satisfy its functional criteria (Moser and Zomer, 2006; Schelfhout, 2011). 
Failure can be either a gradual decline (deterioration) or a sudden decline 
(break) of a component such that it is no longer able to achieve its function 
(CIRIA et al., 2013).A dike can fail without breaching. For example, if water 
enters the protected area (by through-flow, overflow or overtopping of the dike) 
then the dike has failed (CIRIA et al., 2013; Schelfhout, 2011). 

A summary of the key terms presented in the following paragraphs is given in 
Table 1.1.  

The chain of events and processes leading to dike failure can be complex and 
multi-relational (Figure 1.2). The chain is activated by initiators and aggravated 
by contributing factors (Table 1.1). These both include currents, waves, tides, 
wind, precipitation, runoff, high water levels, high rates of flow, human and 
animal activities, seepage, loading and unloading, roots of woody vegetation, 
decline of material properties, settlement/subsidence, sea level rise, impacts and 
seismic activity (Allsop et al., 2007; CIRIA et al., 2013). While most of these 
initiators and factors are external in origin, it should be noted that the earthfill 
and foundation materials of the dike itself are subject to decline over time. 
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Figure 1.2: Dike failure chain, with key terms and processes (modified after CIRIA et al., 2013: Fig. 
3.163 & 3.166 by R. Tourment). 

 

In particular, being organic, peat decomposes or rots via oxidation notably when 
exposed to surface processes or percolating oxygen bearing gas or water, 
resulting in weight and height reduction of the dike. The initiators and/or 
factors, such as those listed above, induce one or more failure mechanisms.  

A failure mechanism (Figure 1.2 and Table 1.1) is a time-dependent process 
that results in the deterioration or damage of one or more physical dike 
components and ultimately leads to a failure mode (see Figure 1.2 and 
Table 1.1). There are a wide range of failure mechanisms, which include 
overtopping, overflowing, wave impact, instability and external erosion of 
cover/revetment, external erosion of surface or earthfill, creeping, shallow slope 
sliding/slipping and slumping, deep rotational sliding, translational/horizontal 
sliding or shearing, seepage, backward erosion or piping, contact erosion, 
scouring and bank caving, settlement, slope instability, desiccation, cracking, 
infiltration, liquefaction, uplift, bursting, blow-out, drifting ice and ship impact 
(Allsop et al., 2007; CIRIA et al., 2013; Moser and Zomer, 2006; Schelfhout, 
2011). For peat dikes, common failure mechanisms are translational/horizontal 
sliding or shearing, creeping or shallow slope sliding, deep rotational sliding, 
settlement, desiccation, cracking, infiltration, uplift and bursting (Bezuijen et 
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al., 2011; CIRIA et al., 2013; Moser et al., 2008a; Schelfhout, 2011; van Baars, 
2005). Several common failure mechanisms, including those associated with 
peat dikes, are illustrated in Figure 1.3. 

 

 

Figure 1.3: Sketches illustrating various failure mechanisms (modified after Allsop et al., 2007; 
CIRIA et al., 2013; Moser and Zomer, 2006; Schelfhout, 2011). Thin arrows represent water flows 
and under-pressures while thick arrows represent movements of dike earthfill or foundations. 
Dashed lines indicate dike cross-section prior to failure mechanism. Dike components are labelled 
in Figure 1.1. 
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Deterioration of a dike component (Figure 1.2) is the gradual decline in the 
component’s structural or physical properties. Severe deterioration is referred to 
as damage and requires immediate repair or emergency action. Deterioration 
and damage manifest in observable features (inspection indicators; see 
Section 1.1.4, Figure 1.2 and Table 1.1) such as cracks or fissures, depressions, 
ruts, slides, slumps, pooling water and lack of vegetation (CIRIA et al., 2013; 
Moser and Zomer, 2006). There is no explicit relationship between what is 
observed and the failure mechanism since a visual indicator can be related to 
several mechanisms and a mechanism can result in several observable features. 
Deterioration or damage of a dike component can aggravate a failure 
mechanism or initiate additional failure mechanisms.  

Deterioration or damage of a dike component results in the degradation or 
failure of one or more of its functions (Figure 1.2). The relations between 
components and functions can be multiple. A dike function is classified as 
degraded or failed depending on pre-determined thresholds. The specific 
manner or way by which a dike failure occurs in terms of its function is called 
the failure mode (Table 1.1). There are three primary failure modes, namely 
external erosion, internal erosion and instability. Failure modes are commonly 
associated with their primary mechanism (e.g., overtopping, piping, sliding), but 
they may have been initiated by a number of contributory factors and 
mechanisms (CIRIA et al., 2013; Mériaux and Royet, 2007). Circumstances 
leading to the structural failure of a dike can be complex, with multiple failure 
mechanisms potentially occurring concurrently or one failure mechanism 
triggering another. Deterioration and damages can also result in dike breach, 
which is failure of the hydraulic function of the dike.  

1.1.4 Dike inspection 
Since dike structures can be susceptible to deterioration and the consequences 
of their failure potentially catastrophic, dikes need to be inspected regularly to 
ensure they remain reliable and functioning. Dike inspections provide valuable 
data input for monitoring, maintenance and assessment of dikes (CIRIA et al., 
2013; Mériaux and Royet, 2007; Moser et al., 2008b). Dike inspection involves 
observing if any deterioration or damage has or is occurring (before failure 
occurs) and recording all relevant details (Bakkenist et al., 2012a; CIRIA et al., 
2013; Moser et al., 2008b). Dike inspection procedures, regulations and 
processes (including objectives, frequency, types, criteria and grading) vary 
between (and even within) countries (Bakkenist et al., 2012a; CIRIA et al., 
2013; Mériaux and Royet, 2007). Inspections are normally conducted on a 
regular and recurring basis, and may be conducted relative to a loading event or 
season (Bakkenist et al., 2012a; CIRIA et al., 2013).  
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Dike inspections are generally done by visual examination of all components of 
the dike, ideally on foot (CIRIA et al., 2013; Environment Agency, 2006; 
Moser et al., 2008a; Perri et al., 2014; Radzicki, 2014). These visual inspections 
consist of observing the various components of the dike and recording details 
for indicators of deterioration and damage (CIRIA et al., 2013; Moser et al., 
2008b; Mériaux and Royet, 2007). This may lead to more detailed or specialist 
investigations and measurements or the installation of instruments to provide 
information necessary for proper assessment. These could include 
topographical, geometric, geotechnical, geophysical, morphological hydraulic 
and hydrological investigations and could be either intrusive or non-intrusive 
(Bakkenist et al., 2012a; CIRIA et al., 2013; Environment Agency, 2006). 

Dike inspections usually involve the observation of items along a dike 
(Table 1.1), and the evaluation and grading of their current condition. The 
determination of the items that need to be inspected is based on what can be 
assessed visually, whether the items are functionally important and on failure 
modes that need to be considered (CIRIA et al., 2013; Moser et al., 2008a). A 
variety of terms are used by different countries and agencies (sometimes 
interchangeably) and include inspection indicators (Bakkenist et al., 2012b), 
inspection items (USACE, 2008), inspection observations, visual indicators, 
field observations (CIRIA et al., 2013), inspection parameters, indicator 
assessment aspects (Moser et al., 2008a), indicators (Mériaux and Royet, 2007; 
Moser et al., 2008a) and features to inspect (Mériaux and Royet, 2007). In this 
thesis, the term ‘inspection indicator’ will generally be used.  

Items to be checked or considered during an inspection include (but are not 
limited to) grass cover, vegetation (trees, brush, invasive species), saturation, 
pooling water, seepage, cracking, deformations (e.g., depressions, rutting, 
settlement, uplift), erosion or bank caving, signs of slope instability (e.g., slides, 
slumps, sloughs, slope depressions, or bulges), encroachments (e.g., structures, 
utilities, trash, debris, unauthorized structures, unauthorised farming activity, 
excavations, etc.), animal burrows, livestock usage, riprap and other revetments, 
etc. (Bakkenist et al., 2012b; CIRIA et al., 2013; Environment Agency, 2006; 
Mériaux and Royet, 2007; Moser et al., 2008a; USACE, 2008; USACE, 2006). 

1.1.5 Remote sensing for dike inspection 
The number of dikes in the world is immense. There are some 260 000 km of 
dikes in China (Zhang, 2001) and more than 150 000 km of dikes in the United 
States of America (Aanstoos et al., 2012). Even in the smaller countries of 
France, Poland and Vietnam, there are some 8 000 km (Mériaux and Royet, 
2007), about 8 500 km (Radzicki, 2014) and over 3 000 km (Hillen et al., 2010) 
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of dikes respectively. In the small country of the Netherlands alone, there are 
about 17 200 km of dikes (Knoeff et al., 2008; van Baars, 2004). Visual 
inspection of these thousands of kilometres of dikes on foot is clearly a slow, 
costly and time-consuming process which can be limited by accessibility, 
especially during times of flooding. 

Remote sensing has been proposed as a tool that could facilitate faster dike 
inspection (Bishop et al., 2003; Givehchi et al., 2002; Kühn and Brose, 1998; 
van der Schrier et al., 2004), since large areas can be covered in a relatively 
short space of time and measurements are not subjective. However, it should be 
noted that the use of remote sensing data is envisaged to complement rather 
than replace traditional visual inspection. Remote sensing data could be used to 
identify locations where further inspection should be focused, thereby 
streamlining and improving the inspection process. 

1.1.6 Remote sensing fundamentals  
Remote sensing, in its broadest sense, is the acquisition of information from a 
distance without making physical contact. In a more restricted sense, remote 
sensing traditionally refers to the acquisition of information by means of 
reflected or emitted electromagnetic radiation (Campbell, 2002; Lillesand et al., 
2008; White, 1977). This excludes most of the methods usually associated with 
geophysics (which are often associated with fields) such as gravimetric and 
magnetic methods, as well as other methods such as sonar. For the purpose of 
this research, remote sensing is further limited to the observation of the earth’s 
land and water surfaces. This excludes other applications such as 
meteorological, extraterrestrial and medical.  

The remainder of this section is predominately based on information from 
Campbell (2002) and Lillesand et al. (2008), with additional information 
obtained from Canada Centre for Remote Sensing (2007).  

Electromagnetic radiation is a form of energy which classically consists of 
electromagnetic waves. Electromagnetic waves are synchronized transverse 
oscillations of electric and magnetic fields that propagate at the speed of light 
(c). That is, the electric and magnetic fields are at right angles to each other and 
perpendicular to the direction of motion. The orientation of the electric field, or 
polarization of radiation, is important when discussing microwave radiation 
(defined in following paragraph). There are three characteristics of 
electromagnetic waves that are particularly important for remote sensing. These 
are wavelength, frequency and amplitude. Wavelength (λ) is the length of one 
wave cycle and is measured as the distance from one wave crest to the next 
(usually in metres or a factor thereof). For remote sensing, the units are often in 
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micro- or nanometres because the distances are so small. Frequency (ν) is 
measured as the number of crests passing a fixed point per unit of time and is 
usually measured in hertz (Hz, cycles per second) or a factor thereof. 
Wavelength and frequency are inversely related and thus either term can be 
used to characterise a wave. Amplitude is the maximum displacement 
(e.g., height of each peak) from the equilibrium (or resting) point and is related 
to the amount of energy being transported by the wave. While electromagnetic 
radiation can be described by wave theory, it has a dual nature and can also be 
described by particle theory, where electromagnetic radiation is described in 
terms of discrete units or particles called photons. In particle theory, energy is 
related to frequency or wavelength. In remote sensing, energy levels are often 
rather reported as spectral irradiance (in W·m−2·nm−1). 

The electromagnetic spectrum is the entire range of wavelengths or frequencies 
over which electromagnetic radiation extends (Figure 1.4). Since the spectrum 
is a continuum, subdivisions of the spectrum are used for convenience and are 
somewhat arbitrarily defined. Divisions have grown out of traditions within 
different disciplines and thus may have different definitions. In general, the 
major divisions of the electromagnetic spectrum (Figure 1.4) can be defined as 
gamma rays (less than 0.03 nm), x-rays (0.03 nm to 10 nm), ultraviolet (10 nm 
to 400 nm), visible (blue: 400 nm to 500 nm; green: 500 nm to 600 nm; 
red: 600 nm to 700 nm), red-edge (680 nm to 750 nm); infrared (near: 700 nm 
to 1 300 nm or sometimes 3 000 nm; mid: 1 300 nm to 3 000 nm or sometimes 
3 000 nm to 8 000 nm; thermal: 3 000 nm to 14 000 nm or sometimes 8 000 nm 
to 15 000 nm; Far: 14 000 nm to 1 mm), microwaves (1 mm to 1 m) and radio 
waves (greater than 30 cm, overlapping with microwaves). Three other 
categories of the electromagnetic spectrum are often used in remote sensing. 
The first category is optical, which is generally from 300 nm to 14 000 nm. The 
other two categories are related and are reflected (400 nm to 3 000 nm) and 
emitted (greater than 3 000 nm).  

Remote sensing involves many elements and processes (Figure 1.5). The two 
main processes are data acquisition (Figure 1.5A–E) and data analysis 
(Figure 1.5F–G). The first element of data acquisition is the source of the 
electromagnetic energy (Figure 1.5A). This is usually the sun (i.e., for passive 
remote sensing systems), but may also be from the sensing system itself 
(i.e., for active remote sensing systems). As the energy passes though the 
atmosphere, the atmosphere interacts with the energy (Figure 1.5B) resulting in 
scattering and absorption of energy. This is valid both for when the energy 
travels from the source to the target and from the target to the sensor. Scattering 
is caused by particles and gases in the atmosphere and is dependent on the size 
of particle or gas molecule, the wavelength of the energy, the abundance of 
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particles or gases and the distance the energy travels through the atmosphere 
(path length). Absorption is caused by gases in the atmosphere and effectively 
results in the loss of energy to these molecules. A specific gas absorbs energy in 
specific wavelengths. The wavelengths where there is the least atmospheric 
absorption (i.e., the most atmospheric transmittance or the most energy passes 
through the atmosphere) are called atmospheric windows. Earth observation 
sensors are designed to detect and record energy in the wavelengths associated 
with these atmospheric windows.  
 

 
Figure 1.4: The electromagnetic spectrum showing general major divisions (modified after Blacus, 
2012).  

 
Figure 1.5: The remote sensing process. A: energy source, B: atmospheric interactions, 
C: interactions with target, D: recording of energy by sensor, E: transmission, reception and 
processing, F: interpretation and analysis, G: application (Source: Canada Centre for Remote 
Sensing, 2007). 
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The electromagnetic energy that reaches the earth’s surface is reflected, 
absorbed or transmitted (Figure 1.5C). Reflection occurs when the energy is 
redirected unchanged when it strikes the target. Remote sensing is mostly 
concerned with measuring this reflected energy. There are two extremes in the 
way energy is reflected from a target and these surfaces are referred to as 
specular reflectors (which redirect all energy in a single direction) or diffuse 
reflectors (which redirect energy equally in all directions, the so called 
Lambertian surface). Most target surfaces lie somewhere between these two 
extremes. Reflectance is the ratio of energy reflected to that striking the target 
(incident energy). Absorption occurs when energy is absorbed by the target 
through electron or molecular reactions. The energy may be re-emitted, usually 
at longer wavelengths (e.g., thermal infrared) and this is also of interest for 
remote sensing as the strength and wavelength of the emitted radiation is largely 
a function of the temperature and material attributes of the target. Transmission 
occurs when energy passes through the target. The proportions of reflected, 
absorbed or transmitted energy will vary depending primarily on the 
wavelength of the energy and on the target’s material type and condition. It is 
the proportion of reflected energy for each wavelength that gives targets their 
distinctive spectral response, which is sometimes referred to as their spectral 
signature (Figure 1.6). 

 

 

Figure 1.6: Spectral reflectance curves for three types of vegetation and one soil type showing their 
distinctive spectral signatures. The broad spectral regions of blue, green and red are shaded 
accordingly, with the near-infrared without shading. (Data from John Hopkins University Spectral 
Library provided by Jack Salisbury). 
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The reflected or emitted electromagnetic energy from a target is recorded by the 
sensing system (Figure 1.5D). The sensing system is mounted on a platform 
which can be ground-based (e.g., tripod, crane), airborne (e.g., airplane, 
unmanned aerial vehicle) or space-borne (e.g., satellite, space shuttle). A 
platform may carry multiple sensors. Sensors have many characteristics which 
can be used to categorise and distinguish them. Perhaps the most obvious 
characteristic is to which part of the electromagnetic spectrum is the sensor 
sensitive (e.g., visible, near-infrared, thermal, microwave). Another 
characteristic is whether the sensor records data for a single range (or band) of 
wavelengths (i.e., panchromatic), multiple, discrete bands (i.e., multispectral) or 
numerous, (almost) contiguous bands (i.e., hyperspectral). This is linked to the 
spectral resolution of the sensor, which deals with the width and position of 
each spectral band. Other characteristics include spatial resolution (the level of 
spatial detail), radiometric resolution (sensitivity to energy intensity/brightness), 
temporal resolution (revisit time), scanning type (along or across track), swath 
(width of surface imaged), etc. A sensor usually detects the electromagnetic 
energy electronically (although photographic film may still be used). These 
electronic signals are stored by the sensing system as data, which is often in a 
digital image form.  

Data recorded by sensors on satellite platforms need to be transmitted 
electronically down to the earth’s surface (Figure 1.5E). This may be either 
directly to a ground receiving station or via a communications satellite. Data 
recorded by sensors on ground-based or airborne platforms can be retrieved 
relatively easily, either directly or once the aircraft has landed. The technologies 
used for satellite platforms can also be used for the other platforms should 
urgency require it or should the data need to be sent to a processing centre. 
Usually some processing (often called pre-processing, e.g., systematic, 
radiometric and geometric corrections) is required to get the data in a usable 
form and is the final step in the data acquisition process.  

The first stage of the data analysis process is interpretation and analysis of the 
data in order to extract information (Figure 1.5F). This may be done manually 
by visual interpretation or digitally. Digital processing, interpretation and 
analysis can be relatively simple or highly complex and can include 
enhancements (e.g., filtering), transformations (e.g., indices), classifications, 
and data integration. Information is often extracted using a combination of 
many digital and manual processes. Finally, the information is used for an 
application to solve practical problems or help in decision making 
(Figure 1.5G). 
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1.1.7 Remote sensing research for dike inspection 
Over the last decade, there have been several studies on remote sensing for dike 
inspection, monitoring and assessment. The studies are largely motivated by 
this idea of providing a screening process which is faster than manual visual 
inspection, since remote sensing can cover large areas in a relatively short time. 
These studies have largely focused on deformation, slides and seepage (see 
Table 1.2 for summary). Both LiDAR (Bishop et al., 2003; Haarbrink and 
Shutko, 2008; Moser and Zomer, 2006; Royet et al., 2013) and synthetic 
aperture radar (SAR) (Closson et al., 2003; Hanssen and van Leijen, 2008; 
Jones et al., 2011; Jones et al., 2012; Lv et al., 2013) have been investigated for 
deformation detection on dikes. Both LiDAR (airborne) and radar 
interferometry (satellite borne) are offered commercially for dike deformation 
detection. The detection and prediction of shallow surficial failures or slough 
slides are the focus of a number of on-going studies. Along the Mississippi 
River, anomalous vegetation is associated with probable slide-affected areas 
(Hossain and Easson, 2012; Hossain et al., 2006). Satellite multispectral 
imagery has been used to develop a slide detection model (Hossain et al., 2006) 
and airborne hyperspectral imagery has been used to develop a slide prediction 
model (Hossain and Easson, 2012). Polarimetric SAR imagery (both from 
airborne and satellite platforms) is being investigated for slide detection to aid 
in the dike screening process and thus far appears to be promising (Aanstoos et 
al., 2012; Aanstoos et al., 2011; Aanstoos et al., 2010; Dabbiru et al., 2012; 
Dabbiru et al., 2014; Lee et al., 2012). In addition, polarimetric SAR also shows 
potential for the prediction of slides (Sehat et al., 2014a; Sehat et al., 2014b). 
Research on seepage detection with remote sensing has taken diverse 
approaches. Passive microwave radiometry (PMR) is sensitive to soil moisture 
and has been used for monitoring soil moisture condition in dikes (Haarbrink 
and Shutko, 2006; Swart, 2007). Nevertheless low spatial resolution and 
complex calibration and interpretation (especially for vegetated surfaces) 
remain issues (Lillesand et al., 2008; Shutko et al., 2006; Swart, 2007). SAR 
operates in the same range of wavelengths as PMR and is thus likewise 
sensitive to soil moisture (Aanstoos et al., 2010) but also experiences problems 
with vegetated surfaces (Mahrooghy et al., 2011). Polarimetric SAR has been 
investigated for soil moisture estimation for dikes (Aanstoos et al., 2010; 
Mahrooghy et al., 2011) and more recently, for seepage detection (Jones et al., 
2012). In the Netherlands, various studies have tested thermal remote sensing 
for seepage detection but have shown mixed findings (Givehchi et al., 2002; 
Moser and Zomer, 2006; Swart, 2007; van Hemert, 2004).  
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1.1.8 Other research for dike inspection 
Other research for dike inspection, monitoring and assessment appears to focus 
on either geophysical techniques or in- or on-dike sensor technology.  

Geophysical exploration is concerned with measuring and mapping physical 
properties of the subsurface from the surface, in this case of the dike body and 
its foundations. The techniques enable larger areas or volumes to be 
investigated compared to conventional geotechnical testing and exploration, 
although the interpretation of geophysical measurements should be integrated 
with geotechnical measurements (Fargier et al., 2012; Niederleithinger et al., 
2012; Royet et al., 2013). The geophysical methods that are receiving the most 
attention for dikes are electrical resistivity imaging or tomography, 
electromagnetic induction, ground penetrating radar (GPR) and seismics. An 
outline of some recent geophysical research for dikes is given in Table 1.3. 
Although these methods cover areas larger than those of geotechnical 
investigations, they are still rather limited in areal extent with only 
electromagnetic induction being used on an aerial platform (Bishop et al., 
2003).  

In- or on-dike sensor technology requires sensors to be installed in or on the 
dike for continual or “live” monitoring of the dike. There are a wide range of 
sensors that have or are being developed and tested for dike inspection, 
monitoring and assessment. A standard classical measurement of groundwater 
levels in dikes makes use of standpipes or more sophisticated piezometers for 
pore water pressure measurements that may be used to indicate instability,  
 
Table 1.3: Recent geophysical research for d kes. 

Method Information References 
Electrical resistivity 
imaging or tomography 

lithological layers, water 
content 

(Fargier et al., 2012; Niederleithinger 
et al., 2012; Perri et al., 2014; van 
Leeuwen et al., 2007) 

Electromagnetic 
induction 

dike material 
composition/type, intrusions, 
material interfaces, water 
content 

(Bishop et al., 2003; Boukalová et 
al., 2009; Niederleithinger et al., 
2012; Perri et al., 2014; Viganotti et 
al., 2013) 

Ground penetrating 
radar (GPR) 

intrusions, voids, 
discontinuities  

(Di Prinzio et al., 2010; 
Niederleithinger et al., 2012; Perri et 
al., 2014) 

Seismic lithological layers, bedrock 
depth  

(Lorenzo et al., 2014; 
Niederleithinger et al., 2012) 
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seepage or groundwater flow (e.g., vibrating wire; Ng and Oswalt, 2010; Pengel 
et al., 2013). Other established sensor technologies used for geotechnical 
measurements which are investigated or used for dikes include voltmeters 
(connected to electrodes) for measuring self-potential indicative of water flow 
(Mooney et al., 2014; Ng and Oswalt, 2010; Rittgers et al., 2015); tensiometers 
for measuring soil water potential related to instability or seepage (Weller et al., 
2014); inclinometers for local or global tilt indicting displacement or 
deformation (e.g., coaxial cable); strain and stress measuring devices (e.g., 
pressuremeters) and geophones and microphones (e.g., luisterbuis or listening 
tube) for passive seismic monitoring of vibrations and acoustic emissions 
related to seepage and internal erosion (Mooney et al., 2014; Rittgers et al., 
2015; Weijers et al., 2009). 

Table 1.4 provides an overview of some recent research on newer in- or on-dike 
sensor technologies. The research seems to focus on two main classes of 
sensors, namely micro electro-mechanical systems (MEMS) and fibre optics. 
MEMS sensors include piezometers, thermal sensors, inclinometers and 
accelerometers (Melnikova et al., 2013; Ng and Oswalt, 2010; Pengel et al., 
2013; Pyayt et al., 2014; Zeghal et al., 2013; Zeghal et al., 2011), while fibre 
optic sensors are usually distributed optical fibre temperature or strain sensors 
(Bersan et al., 2014; Henault et al., 2010; Khan et al., 2008; Naruse, 2001; 
Pengel et al., 2013; Pyayt et al., 2014; Radzicki, 2014; Su and Kang, 2013; 
Thiele et al., 2008; Xiao and Huang, 2013; Zhu et al., 2008a; Zhu et al., 2011). 
Other sensors being investigated included global navigation satellite systems 
(e.g., Global Positioning System or GPS) sensors (Pengel et al., 2013; Zeghal et 
al., 2013; Zeghal et al., 2011). Depending on the sensor, it has been proposed 
that the spacing between sensors should be between 1 m and 30 m (Bersan and 
Koelewijn, 2015; Bersan et al., 2014; Ng and Oswalt, 2010). Optical fibre 
sensors often run along a length of dike in one or more lines (Pengel et al., 
2013; Pyayt et al., 2014). Multiple sensors, often of different types, are 
connected to form a sensor network (Melnikova et al., 2013; Ng and Oswalt, 
2010; Pengel et al., 2013; Pyayt et al., 2014; Su and Kang, 2013). Although 
these sensors provide continuous data for monitoring, they do require 
calibration, and the development of methods for data cleaning, processing, 
analysis and interpretation (Melnikova et al., 2013; Pyayt et al., 2014; Radzicki, 
2014; Thiele et al., 2008). Due to the costs and infrastructure required, these 
systems are more suited to structures still to be constructed or to relatively 
important dikes which warrant the expense. With thousands of kilometres of 
dikes already in place, remote sensing still potentially has an important role in 
current and future dike inspection, monitoring and assessment. 
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1.2 Problem Statement 
Dikes are found all over the world and provide necessary protection against 
inundation. There are hundreds of thousands of kilometres of dikes and their 
function is becoming increasingly important as a result of the expected 
consequences of subsidence and of climate change, such as sea level rise and 
more extreme weather events. These structures need to be regularly inspected 
for signs of deterioration so that their required level of functionality can be 
maintained. However, inspections are usually done visually and on foot (CIRIA 
et al., 2013), which is clearly a slow, costly and man-hour intensive process for 
the large number of dikes that need to be inspected. If the inspection of dikes 
could be expedited, areas of deterioration could be identified and repaired 
sooner, reducing expenditure and more importantly leading to improved dike 
safety. 

Although remote sensing has been proposed as a tool that could facilitate dike 
inspection by increasing efficiency, objectivity and coverage, in the literature, 
dike related remote sensing studies have only looked at the inspection indicators 
of deformation, slides or seepage (see Table 1.2). There are, however, other 
indicators that inspectors observe. One of these indicators is the quality of the 
grass cover. Grass cover is one of the most common forms of surface cover on 
dikes, where it protects against external erosion, inhibits infiltration and the 
roots help prevent sliding (CIRIA et al., 2013). Inspectors evaluate the quality 
of the grass cover taking into account such attributes as the cover density, grass 
health, the absence of grass and the presence of weeds, dead vegetation or 
debris (Bakkenist et al., 2012a; CIRIA et al., 2013; USACE, 2006). 
Additionally, discontinuous grass cover may be indicative of other issues 
(e.g., erosion, slumps, slides, burrowing animals). If remote sensing data can be 
used as a proxy for cover quality of grass covered dikes, then a faster inspection 
process for this indicator is possible without limitations on accessibility. 

Remote sensing data are widely used as proxies for various parameters, notably 
relating to vegetated surfaces (e.g., Daughtry et al., 2000; Gitelson et al., 2014; 
Hall et al., 1992; Houborg et al., 2013). Multispectral, and more recently 
hyperspectral, remote sensing data are widely used in vegetation studies 
(Jensen, 2007; Lillesand et al., 2008; Thenkabail et al., 2012). Vegetation health 
can be assessed by the amount of biomass and is influenced by water 
availability, the presence of diseases and nutrient availability. The multispectral 
based Normalized Difference Vegetation Index (NDVI) was developed and is 
still used for biomass estimation (Broge and Leblanc, 2000; Rouse et al., 1973). 
Hyperspectral remote sensing is also found to be useful for the estimation of 
biomass (Broge and Leblanc, 2000; Darvishzadeh et al., 2009; Haboudane et 
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al., 2004). Remote sensing has proven useful for estimating nutrient 
deficiencies in vegetation. Nitrogen, one of the key nutrients for plants, has 
been extensively researched (Ramoelo et al., 2012; Skidmore et al., 2010; Zhao 
et al., 2005), with some research being done on micronutrient deficiency 
(Adams et al., 2000). Plant types can often be distinguished with the use of 
remote sensing since their spectral signatures differ (Bentivegna et al., 2012; de 
Castro et al., 2012; Kandwal et al., 2009). Remote sensing can therefore 
potentially be used to discriminate between grass and weeds. The spectral 
signature of healthy vegetation is quite distinct especially when compared to 
those of bare soil, standing litter (dead plant material) and water (Aguilar et al., 
2012; Asner, 1998; Jensen, 2007; Lillesand et al., 2008). In addition, remote 
sensing data are used for the estimation of cover fraction (Gitelson, 2013). 
Remote sensing could therefore prove useful for evaluating the grass cover of 
dikes. However, to date, this application has not been specifically investigated. 

Dike inspection indicators such as seepage, saturation, deformations 
(e.g., depressions and rutting which can pond water) and desiccation cracks 
relate to soil moisture. Excess soil moisture may soften soils, weaken shear 
strength and decrease stability, while also being indicative of other possible 
issues such as internal erosion (CIRIA et al., 2013). Desiccation of dike soils 
may lead to the loss of weight, soil shrinkage and the formation of cracks, 
which in turn can decrease stability, reduce crown height and increase the risk 
of seepage. Desiccation due to drought is a particular problem if the dike soils 
contain peat or highly organic clay, which can lead to horizontal displacements 
such as in Wilnis, the Netherlands in 2003 (van Baars, 2004), which resulted in 
about 600 houses being flooded and material damages amounting to about 
EUR 10 million. Peat dikes occur not only in the Netherlands but also, for 
example, in France, Ireland, Italy, the United Kingdom and the United States of 
America (CIRIA et al., 2013). Cracks may also cause increased infiltration 
resulting in further instability (CIRIA et al., 2013). Inspectors look for standing 
or pooling water, saturated soils, increased vegetation growth due to increased 
water availability, yellowing or dead vegetation due to water deficiency and the 
presence of cracks (Bakkenist et al., 2012b; CIRIA et al., 2013; USACE, 2006). 
If remote sensing data can be used as a proxy for soil moisture content, then a 
faster inspection process for this indicator is possible without limitations on 
accessibility. 

Although remote sensing has been investigated for seepage, low spatial 
resolution and vegetation are often problems. Further, the more generic issue of 
soil moisture for dikes has not been investigated. Although vegetation is often 
considered a complicating factor for soil moisture studies, it is highly 
responsive to changes in soil moisture (Hopkins and Hüner, 2009). Remote 
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sensing is researched extensively for assessing vegetation water content and 
thermal, multispectral and hyperspectral remote sensing are actively researched 
for detection of water deficit stress in plants, particularly for agriculture 
(Caccamo et al., 2011; Chen et al., 2005; Fensholt and Sandholt, 2003; 
Fitzgerald et al., 2006; Govender et al., 2009; Grant et al., 2007; Hunt and 
Rock, 1989; Jimenez-Bello et al., 2011; Jones et al., 2009; Kim et al., 2010; 
Moller et al., 2007; Rodríguez-Pérez et al., 2007; Sepulcre-Canto et al., 2006; 
Zhang et al., 2012b). Further, soil-oxygen deficiency (e.g., as a result of 
waterlogging) has been detected in vegetation using hyperspectral remote 
sensing (Smith et al., 2004). Remote sensing of vegetation could therefore 
prove useful for evaluating the soil moisture of grass covered dikes.  

Although remote sensing conceptually shows potential for use as proxies for 
cover quality and soil moisture in order to facilitate dike inspection, the 
literature shows no studies investigating remote sensing of vegetation for these 
indicators for grass covered dikes. This subject requires investigation to 
establish whether relationships exist between remote sensing data and the cover 
quality or soil moisture indicators and, if so, whether remote sensing imagery 
can be used to facilitate the inspection of these two dike inspection indicators. 

1.3 Research Objectives 
The general objective of the research presented in this thesis is to evaluate 
whether optical remote sensing data could be used as proxies for the cover 
quality and soil moisture indicators so as to facilitate the inspection of grass 
covered dikes. 

To achieve this goal, the following specific objectives were defined: 

• to identify if, when using field measurements, there are significant 
relationships between 1) soil moisture indicator and 2) cover quality 
indicator, and a) broadband thermal, b) broadband visible, c) broadband 
multispectral and d) narrowband hyperspectral remote sensing data for 
grass covered dikes, 

• to investigate the effects of differing spectral response functions (SRFs) 
of various very high spatial resolution sensors on the cross-calibration 
of numerous spectral indices for cultivated grasslands that are typically 
found on dikes that do not have a hardened cover, 

• to compare and evaluate remote sensing measurements obtained from 
imagery to those obtained in the field for assessing soil moisture and 
cover quality indicators for the inspection of grass covered dikes, 
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• to compare and evaluate remote sensing image data obtained from 
different very high spatial resolution satellite imaging sensors for a 
section of dike in the context of facilitating the inspection of dikes. 

1.4 Study Site 
The study site is a section of a grass covered dike located near Gouda in the 
Netherlands (Figure 1.7). It was selected as the study site since it is reported to 
have problems by the local authorities. The surface of the dike is uneven, 
showing signs of subsidence. In addition, the dike surface varies in firmness, 
with some areas feeling spongy when pressure is applied and there are signs of 
extruding water in the ditch and at toe of the dike.  

The dike is a peat dike. Peat dikes occur in a number of countries over the world 
and are either constructed on peat foundations or the dike earthfill is peat. When 
the earthfill is peat, the dike may either be constructed out of peat (e.g., Grand 
Canal, Ireland) (McInerney et al., 2007) or consist of in situ material that is left 
in place around an excavated area. The dike in this case is an in situ peat dike. 
In the 17th and 18th centuries, peat in the Netherlands was excavated for fuel 
(Schuetze, 2008) and sometimes salt production (Post, 2004). The resulting 
lowlands filled with water to create lakes. As the demand for land increased 
with population growth, these lakes were later drained, and the land reclaimed, 
by pumping the water out using windmills (now electric pumps) and 
constructing a system of ditches and canals to drain the water to rivers and out 
to sea (Figure 1.8). The water level in these ditches is controlled and maintained 
at constant levels (Moria, 2008; Querner et al., 2008; Schuetze, 2008; ten Cate, 
1982; van Baars, 2005). The dike in this study has ditches on both sides of the 
dike (Figure 1.9). The dike section is about 60 m wide and westerly-facing with 
a gentle slope over about 45 m (Figures 1.9 and 1.10). The crest of the dike is at 
about −1.6 m NAP (Normaal Amsterdams Peil or Amsterdam Ordnance Datum) 
while the toe of the dike is at about −5.7 m NAP. The elevations are based on 
the data of the Actueel Hoogtebestand Nederland [Actual Height model of the 
Netherlands] AHN2. The dike has a grass cover which is cultivated 
pasture/grasslands and is used for hay production as well as directly for grazing.  

According to the Köppen-Geiger climate classification, the Netherlands has a 
warm temperate, fully humid with warm summer climate (Kottek et al., 2006). 
The temperate maritime climate is associated with cool summers (mean 
temperature of 16°C) and mild winters (mean temperature of 3°C) with rainfall 
throughout the year (annual average 770 mm) (KNMI, n.d.). 
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Figure 1.7: Location map of study site (Cundill et al., 2014). © 2014 IEEE. 

 

 

 

 

Figure 1.8: Schematic diagram of a reclaimed peat-excavated area (vertical scale exaggerated) 
(Cundill et al., 2014). © 2014 IEEE. 
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Figure 1.9: Study site section of dike, with ditches on both sides of the dike (vertical scale 
exaggerated 3x). The red dot indicates the location from which the panoramic photo (Figure 1.10) 
was taken. 

 

 

Figure 1.10: Panoramic photo of study site. Approximate directions from observer: ditch South to 
North and fence West to East (photograph: Hack, H.R.G.K., taken 21 February 2013). 

 

 

Geologically the area is a rather flat deltaic environment. The geology of the 
area consists of Holocene deposits (mainly peat and clay) on top of Pleistocene 
sandy deposits (Bosch and Kok, 1994; de Mulder et al., 2003; ten Cate, 1982). 
The Holocene deposits consist of a fairly consistent peat layer (‘Nieuwkoop; 
layer Hollandveen’ formerly Hollandveen) on and partially interbedded with 
mainly clay layers and marine and fluvial fine sand channel fill (‘Naaldwijk; 
layer Wormer’ formerly Calais III) and with sandy and silty clay with thin sand 
layers and lenses (‘Echteld’ formerly Gorkum). The underlying Pleistocene 
formation consists mainly of marine sandy deposits (‘Boxtel’), with its base at 
about 250 m below surface and with a thickness of about 240 m (Bosch and 
Kok, 1994; de Mulder et al., 2003). A subsurface model, based on two 
boreholes and 17 cone penetration tests (CPTs), for the study area is shown in 
Figure 1.11 illustrating the local lithography. 
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Figure 1.11: Subsurface model showing the lithography of the study area, based on two boreholes 
and 17 cone penetration tests (CPTs). In order to distinguish between the lithographic units, 
numbers have been appended to lithographic names.  

1.5 Structure of Thesis 
This thesis consists of a total of six chapters. Apart from the introduction and 
synthesis, the four remaining core-chapters have either been published in peer-
reviewed journals (Chapters 2 and 3), are under review (Chapter 4) or are for 
submission (Chapter 5). 

Chapter 1 introduces the research, providing the necessary background, defining 
the research objectives, describing the study site and summarising the structure 
of the thesis.  

Chapter 2 presents the proof of concept for the potential use of remote sensing 
data to facilitate the dike inspection process for grass covered dikes, specifically 
considering two dike inspection indicators, namely soil moisture indicator and 
cover quality indicator. Measurements from ground-based, hand-held remote 
sensing sensors are used. The findings are compared with the subsurface 
composition of the dike to assist in the understanding of processes that could be 
manifesting at the surface. 
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Chapter 3 investigates the effects of differing spectral response functions 
(SRFs) of ten very high spatial resolution sensors on the cross-calibration of 
numerous spectral indices for cultivated grass covers. The results of this chapter 
provide the necessary basis for the subsequent work of comparing the field and 
satellite image measurements, as well as comparing measurements from 
multiple satellite imaging sensors in the context of dike inspection.  

Chapter 4 evaluates the remote sensing measurements obtained from satellite 
imagery to those obtained in the field for assessing soil moisture and cover 
quality indicators for the inspection of grass covered dikes. The results of this 
chapter also provide the groundwork for the follow-up work of using images 
from multiple satellite imaging sensors.  

Chapter 5 examines data of six satellite images from five different sensors 
recorded between 2008 and 2013 for their usability in dike inspection of grass 
covered dikes, specifically for the soil moisture and cover quality indicators. 

Chapter 6 summarises and synthesizes the results of Chapters 2 to 5, providing 
general conclusions, an outlook for the use of remote sensing data for dike 
inspection and recommendations for future work. 
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2 Investigation of Remote Sensing 
for Potential Use in Dike 
Inspection 1 

 

                                                      
1 This chapter has been published as: Cundill, S. L., van der Meijde, M. & Hack, H. R. 
G. K. (2014). Investigation of remote sensing for potential use in dike inspection. 
Selected Topics in Applied Earth Observations and Remote Sensing, IEEE Journal of, 7 
(2), 733-746. © 2014 IEEE. Reprinted, with permission. 
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2.1 Introduction 
Dikes are increasingly becoming structures of major importance and concern 
due to the expected consequences of subsidence and of climate change, such as 
sea level rise and more extreme weather events. With 10 % of the world 
population living in the Low Elevation Coastal Zone (i.e., less than 10 m above 
sea level) (McGranahan et al., 2007), often in subsiding sedimentary areas, 
dikes are critical barriers against storm surges, sea level rise and flooding by 
rivers. The failure of a dike can result not only in substantial economical and 
infrastructural losses but also in significant loss of lives. It is therefore essential 
that dikes are monitored for weaknesses and kept in optimal condition (van 
Westen, 2005). 

As in many countries across the world, dikes in the Netherlands are monitored 
by inspectors walking the dike looking for a variety of qualitative indicators that 
reflect a change or loss in the coherence of the dike structure (Boukalová et al., 
2009; Dupray et al., 2010; Givehchi et al., 2002; Mériaux and Royet, 2007; 
Moser and Zomer, 2006; Swart, 2007). With about 14 000 km of regional or 
inland water barriers in the Netherlands alone (Knoeff et al., 2008; van Baars, 
2004), this is clearly a slow, costly, time-consuming process and is limited by 
accessibility to the areas to be inspected, especially during times of flooding. 
Remote sensing has been proposed as a tool that could facilitate faster dike 
inspection (Givehchi et al., 2002; Hack et al., 2008; Hanssen and van Leijen, 
2008; Swart, 2007; van der Schrier et al., 2004).  

Over the last decade, there have been several studies on remote sensing for dike 
monitoring and assessment. The studies are largely motivated by the idea of 
providing a screening process which is faster than manual inspection, as remote 
sensing can cover large areas in a relatively short time. Other research for dike 
monitoring and assessment appears to focus on in-dike solutions (Pengel et al., 
2013; Xiao and Huang, 2013; Zhu et al., 2010; Khan et al., 2008; Naruse, 2001; 
Zhu et al., 2008a). This requires sensors to be installed in or on the dike for 
continual or “live” monitoring of the dike. Due to the costs and infrastructure 
required, these systems are more suited to structures still to be constructed or to 
relatively important dikes which warrant the expense. With thousands of 
kilometres of regional and secondary dikes already in place, remote sensing 
most likely still has an important role in current and future dike monitoring and 
assessment. 

The remote sensing studies of the last decade have largely focused on 
deformation, slides and seepage. Both LiDAR (Bishop et al., 2003; Haarbrink 
and Shutko, 2008) and synthetic aperture radar (SAR) (Closson et al., 2003; 
Hanssen and van Leijen, 2008; Jones et al., 2011; Jones et al., 2012) have been 
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investigated for deformation detection on dikes. Both LiDAR (airborne) and 
radar interferometry (satellite borne) are offered commercially for dike 
deformation detection. The detection and prediction of shallow surficial failures 
or slough slides are the focus of a number of on-going studies. Along the 
Mississippi River, anomalous vegetation is associated with probable slide-
affected areas (Hossain and Easson, 2012; Hossain et al., 2006). Airborne 
multispectral imagery has been used to develop a slide detection model 
(Hossain et al., 2006) and airborne hyperspectral imagery has been used to 
develop a slide prediction model (Hossain and Easson, 2012). Polarimetric SAR 
imagery (both on airborne and satellite platforms) is being investigated for slide 
detection to aid in the dike screening process and thus far appears to be 
promising (Aanstoos et al., 2012; Aanstoos et al., 2011; Aanstoos et al., 2010; 
Dabbiru et al., 2012; Lee et al., 2012). Research on seepage detection with 
remote sensing has taken diverse approaches. Passive microwave radiometry 
(PMR) is sensitive to soil moisture and has been used for monitoring soil 
moisture condition in dikes (Haarbrink and Shutko, 2006; Swart, 2007). 
Nevertheless low spatial resolution and complex calibration and interpretation 
(especially for vegetated surfaces) remain issues (Lillesand et al., 2008; Shutko 
et al., 2006; Swart, 2007). SAR is likewise sensitive to soil moisture (Aanstoos 
et al., 2010) (as it operates in the same range of wavelengths) but also 
experiences problems with vegetated surfaces. In the Netherlands, various 
studies have tested thermal remote sensing for seepage detection (Swart, 2007). 
These have shown varying degrees of success. Recently, airborne polarized 
radar was investigated for seepage detection (Jones et al., 2012). It showed 
promising results but the authors themselves note that this may be as a result of 
the size and duration of the flood specific to this study. 

The dike inspection process, including frequency and inspection criteria, varies 
from country to country and sometimes even between smaller administrative 
authorities. However, dike inspection is usually done by visual inspection of the 
dike by an expert. Potential problems areas are identified for further 
investigation and measurements, after which necessary remediation measures 
are taken. International collaboration, such as The International Levee 
Handbook, aims to provide mutual benefit from learning from other countries’ 
experience and expertise, also in the area of dike maintenance. The inspection 
process of dikes with grass covers could be aided by the results of the research 
reported here.  

In the Netherlands, there are nine damage parameters for grass covered dikes 
that dike inspectors need to evaluate (Bakkenist et al., 2012b). Six of these 
relate, either entirely or partially, to the quality of the grass cover. Two of the 
damage parameters relate to the moisture content of the dike, either to wet 
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patches or to dryness. Thus two key criteria that dike inspectors consider when 
assessing grass covered dikes are the moisture content of the dike and the 
quality of the dike cover (Moser and Zomer, 2006; van Baars and van Kempen, 
2009). Soil moisture is one of the most important factors affecting surface 
stability in soil structures (Mukhlisin et al., 2011) of which regional dikes are an 
example. Soils in dikes can develop cracks and lose structural integrity if they 
become very dry (van Baars and van Kempen, 2009). Conversely, localised 
areas of high soil moisture content, where water is seeping through the soil, may 
indicate weaknesses in a dike (Moser and Zomer, 2006). If remote sensing data 
can be used as a proxy for soil moisture content, then a faster inspection process 
for this indicator is possible without limitations on accessibility.  

Thermal remote sensing is often favoured for soil moisture studies (Lillesand et 
al., 2008). In addition, vegetation is highly responsive to changes in soil 
moisture (Hopkins and Hüner, 2009). Remote sensing is researched extensively 
for assessing vegetation water content and thermal, multispectral and 
hyperspectral remote sensing are actively researched for detection of water 
deficit stress in plants, particularly for agriculture (Caccamo et al., 2011; Chen 
et al., 2005; Fensholt and Sandholt, 2003; Fitzgerald et al., 2006; Govender et 
al., 2009; Grant et al., 2007; Hunt and Rock, 1989; Jimenez-Bello et al., 2011; 
Jones et al., 2009; Kim et al., 2010; Moller et al., 2007; Rodríguez-Pérez et al., 
2007; Sepulcre-Canto et al., 2006; Zhang et al., 2012b). Thermal remote 
sensing has also been investigated for seepage detection in canals (Huang et al., 
2010; Nellis, 1982) and concrete dams (Abakarov et al., 2000). In addition, 
thermal imaging has been tested specifically for dike seepage monitoring but 
with mixed responses (Givehchi et al., 2002; Moser and Zomer, 2006; Swart, 
2007; van Hemert, 2004). Further research is required particularly with regards 
to time of observation and environmental influences.  

The quality of the cover of a dike is another key feature for dike inspection. The 
quality of the dike cover is important for resistance against erosion and water 
infiltration in the case of overtopping. In addition, a grass cover can also be 
influenced by processes taking place within the dike structure, such as seepage 
or cracking. If remote sensing data can be used as a proxy for cover quality of 
grass covered dikes, then a faster inspection process for this indicator is possible 
without limitations on accessibility.  

The cover quality of grass covered dikes is assessed by evaluating the health of 
the vegetation and the presence of standing litter (dead plant material), flotsam 
(floating debris), bare soil and weeds. Multispectral, and more recently 
hyperspectral, remote sensing is widely used in vegetation studies (Blackburn, 
2007; Lillesand et al., 2008; van der Meer et al., 2006). Vegetation health can 
be assessed by the amount of biomass and is influenced by water availability, 
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the presence of diseases and nutrient availability. The multispectral based 
Normalized Difference Vegetation Index (NDVI) was developed and is still 
used for biomass estimation (Broge and Leblanc, 2000; Rouse et al., 1973). 
Hyperspectral remote sensing is also found to be useful for the estimation of 
biomass (Broge and Leblanc, 2000; Darvishzadeh et al., 2009; Haboudane et 
al., 2004). Remote sensing is researched extensively for assessing vegetation 
water content and plant stress induced by water deficit (Caccamo et al., 2011; 
Chen et al., 2005; Fensholt and Sandholt, 2003; Hunt and Rock, 1989; Kim et 
al., 2010).  

Remote sensing has proven useful for estimating nutrient deficiencies in 
vegetation. Nitrogen, one of the key nutrients for plants, has been extensively 
researched (Ramoelo et al., 2012; Skidmore et al., 2010; Zhao et al., 2005), 
with some research being done on micronutrient deficiency (Adams et al., 
2000). Additionally, it has been found that the spectral response of vegetation to 
soil-oxygen deficiency can be detected using hyperspectral remote sensing, 
regardless of whether the deficiency is the result of waterlogging or oxygen 
displacement by other gases (Smith et al., 2004). Thus remote sensing can be 
used for assessing overall vegetation health. 

Plant types can be distinguished with the use of remote sensing since their 
spectral signatures differ (Bentivegna et al., 2012; de Castro et al., 2012; 
Kandwal et al., 2009). Remote sensing can therefore be used to discriminate 
between grass and weeds. The spectral signature of healthy vegetation is quite 
distinct especially when compared to those of bare soil, standing litter and water 
(Aguilar et al., 2012; Asner, 1998; Jensen, 2007; Lillesand et al., 2008). 
Therefore remote sensing should prove useful for evaluating the grass cover of 
dikes. 

The objectives of the present chapter are to identify if there are significant 
relationships between 1) soil moisture content and 2) cover quality, and 
a) thermal, b) broadband visible, c) broadband multispectral and d) narrowband 
hyperspectral remote sensing measurements for grass covered dikes. The study 
makes use of ground-based, hand-held remote sensing sensors. Moreover, the 
findings are compared with the subsurface composition of the dike to assist in 
the understanding of processes that could be manifesting at the surface. 
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2.2 Materials and Methods 

2.2.1 Study site 
A section of a grass covered dike in the Netherlands (from now on referred to as 
the dike, Figure 1.7) was selected as the study site since it is reported to have 
problems by the local authorities. The surface of the dike is uneven, showing 
signs of subsidence. In addition, the dike surface varies in firmness, with some 
areas feeling spongy when pressure is applied. Further, the bottom of the dike 
shows signs of extruding water. The dike is a ‘peat dike’, that is a water barrier 
of in situ material which has been left in place around an excavated area. In the 
17th and 18th centuries, peat was excavated for fuel (Schuetze, 2008) and 
possibly salt production (Post, 2004). The resulting lowlands filled with water 
to create lakes. These lakes were later drained as the demand for land increased 
with population growth. Water is pumped out of ditches in the excavated areas 
to ditches above, which then drain into a system of canals to the nearest river 
and out to sea (Figure 1.8). The water level in the ditches is controlled and 
maintained at constant levels (Moria, 2008; Querner et al., 2008; Schuetze, 
2008; ten Cate, 1982; van Baars, 2005). The study area has a ditch at the bottom 
and at the top of the dike (Figure 2.1).  

The geology of the area consists of Holocene deposits (mainly clay and peat) on 
top of Pleistocene sandy deposits. After the last glaciation in the late 
Pleistocene, with the transgression in the west of the Netherlands, clay and sand 
layers were deposited over the Pleistocene deposits. Later in the Holocene, 
strand barriers developed, behind which extensive swamp areas formed 
 

 

 
Figure 2.1: Section of dike showing the study area, with ditches at the top and the bottom of the 
dike. The black dots on the dike indicate the data location points. © 2014 IEEE. 
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(resulting in peat development) (Bosch and Kok, 1994; de Mulder et al., 2003; 
ten Cate, 1982). Cundill et al. (2013) provide further information on the 
geology and landscape for the study location. 

2.2.2 Data collected 
A field campaign was conducted on 15 to 16 July 2010, when ground-based 
remote sensing and validation data sets were measured. Four types of remote 
sensing data were collected. These were thermal, visible, multispectral and 
hyperspectral remotes sensing data. Two sets of validation data, namely soil 
moisture data and quality assessment of the grass cover of the dike, were 
collected. The soil moisture and hyperspectral instruments limited the study to 
point based measurements. For every point location an image was recorded 
using each of the remaining remote sensing instruments (i.e., visible, 
multispectral and thermal). Since all measurements covered similar areal 
extents, each image was averaged to obtain a single value for each sensor for 
that location. Measurements were recorded at 54 point locations on the west-
facing side of the dike (Figure 2.1). The measurement grid consisted of six lines 
along the dike, with nine points per line at 5 m spacing. The period April to July 
2010 was extremely dry in the Netherlands, with the rainfall shortage (i.e., 
rainfall minus evaporation) being high enough that this period falls within the 
5 % driest years (Groen, 2010). The local weather conditions varied during the 
measurement period and included sunny, partly-cloudy and cloudy conditions 
(with the sunniest conditions being between 18h00 and 21h00). A trace amount 
of rain occurred at about 16h00 on 15 July 2010. Solar noon was at 13h38, with 
apparent sunset at 21h30 on 15 July 2010 and apparent sunrise at 05h46 on 16 
July 2010 (Earth Systems Research Laboratory, n.d.).  

2.2.2.1 Validation data 

Soil moisture data and the quality of the grass cover of the dike were collected 
as validation data. Volumetric soil moisture for each location was measured 
using a ThetaProbe Soil Moisture Sensor-ML2x (by Delta-T Devices Ltd, 
Cambridge, UK). Nine sets of measurements were taken over a 24 hour period. 
Since the sensor pins slightly disturb the soil when removed after a 
measurement, the nine measurements for a location were not taken at exactly 
the same place because optimum soil-contact with the pins would not be 
attained, resulting in erroneous readings. However, the nine measurements were 
always taken within the areal extent of the remote sensing sensors. No diurnal 
trend was observed in the soil moisture measurements. Within-point variation 
was observed, which was probably the result of variations in soil composition 
within the measurement extent. For these reasons, the nine measurements per 
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location were averaged and the mean soil moisture value was used for further 
analysis. The sensor was not calibrated for the site using gravimetric 
measurements and so the absolute values may not be completely correct. 
However, the spatial relations and statistics are still valid. 

The quality of the dike cover was evaluated for each location for the areal extent 
of the remote sensing data. Evaluation criteria include grass density, canopy 
cover and the presence and quantity of standing litter (dead plant material), 
flotsam (floating debris), weeds and bare soil. The cover quality for each 
location was assessed and allocated to either a good, medium, poor or bad 
quality class (based on the current Dutch dike assessment classes) (Bakkenist et 
al., 2012a). The assessment criteria for the different classes are shown in 
Table 2.1. 

 

 
Table 2.1: Cover quality classes and assessment criteria used for this study (modified after 
Bakkenist et al., 2012a). © 2014 IEEE. 

CLASS DESCRIPTION EXAMPLE PHOTO 
Good More than 90% green grass cover;  

little to no standing litter, weeds, etc.;  
no bare soil  

 
Medium 50% to 90% green grass cover;  

more than 40% dry grass or weeds;  
less than 5% bare soil 

 
Poor Less than 50% green grass cover;  

5% to 20% bare soil 

 
Bad More than 20% bare soil 
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A 3D electrical resistivity survey was completed in May 2008 for the study 
area. The resistivity of subsurface materials depends on their composition and 
structure and whether there is water present in the pore spaces (Price et al., 
2009). Thus electrical resistivity can be used to map lateral and vertical changes 
in ground conditions (Nijland et al., 2010; Waltham, 2009). The survey was 
done using a Sting R1 resistance meter with a Swift control switching box (from 
Advanced Geosciences, Inc., Austin, Texas). Two multicore cables, each with 
14 electrodes, were set out in a straight line, with 2 m spacing between 
electrodes. Twenty lines were measured, with 3 m spacing between lines (to 
enable 3D computation line spacing must be less than two times electrode 
spacing). Due to the position of a house and the location of possible seepage, 
the lines were shifted to a maximum of 20 m in the north-south direction. This 
has a limited effect on the inversion but limits interpretations along the edge of 
the model. The study area falls well within the edges of the model. Local 
elevations were measured and used for height correction in the resistivity 
inversion model. A Schlumberger array was used because it has a high signal to 
noise ratio, a good depth resolution (Dahlin and Zhou, 2004) and is moderately 
sensitive to both horizontal and vertical structures. 

In August 2008, 17 Dutch cone penetration tests (CPT) were conducted on the 
study site (Hack et al., 2008). The test measures an index related to the strength 
of the ground that the cone passes through, thereby allowing for the boundaries 
of layers with different properties to be determined (Price et al., 2009). The 
CPTs, skin friction and pore water measurement were done to a depth of 
between 9 m and 15 m below surface. In December 2008, two boreholes were 
drilled with a 66 mm ‘Delft Continuous Soil Sampler’ (a type of triple-tube 
sampler) to a depth of 9 m below surface. The undisturbed cores were examined 
and the different geological layers and their boundaries were identified. The 
information from these geotechnical measurements were manually interpreted 
in a 3D GIS program so as to generate a 3D subsurface lithology model (Hack 
et al., 2008). The variation, both horizontally and vertically, is such that even 
over short distances correlation of lithological boundaries from one CPT to the 
next is not unambiguous. The accuracy of the 3D model in an environment with 
many (repeating) near similar layers and lenses, which may or may not be 
horizontally continuous, is always questionable. However, for the purpose of 
this research, the 3D model likely provides sufficient information. The trend of 
the layers and lenses is quite certain, and thicker layers with distinct differences 
in lithology can be followed throughout. The correlation of these is likely 
correct.  
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2.2.2.2 Remote sensing data 

Thermal, visible, multispectral and hyperspectral remotes sensing data were 
collected. A summary of data sets collected is shown in Table 2.2. Thermal 
images were taken for each location using the TH9100 Thermo Tracer camera 
(from NEC Avio Infrared Technologies Co., Ltd, Tokyo, Japan), which has a 
single broad band with the spectral range of 8 to 14 µm, measuring apparent 
temperature. Images were recorded over the 24 hour period, starting from 12h00 
on 15 July 2010. The main purpose of this data was to improve the 
understanding of the effects of time of observation and environmental 
conditions. According to Jensen (2007), there is an energy surplus around solar 
noon which results in maximum surface temperatures around the mid-point 
between solar noon and local sunset. Thermal cross-overs between water and 
other surfaces occur at sunset and about 1.5 hours after sunrise. From sunset 
until sunrise, temperatures tend toward convergence, with the exception of 
water due to its high thermal inertia. The maximum thermal difference between 
water and most other objects occurs just before sunrise. For these reasons 
thermal measurements were focused on the period from solar noon until sunset, 
and the hours preceding sunrise. Due to the collection of the other types of 
remote sensing data it was not possible to record thermal images at 13h00 and 
19h00. All thermal data sets were used for analysis. Since the peak surface 
temperature should have been around 17h30 (based on Jensen, 2007: Fig. 8-22) 
and since the other types of remote sensing data were recorded for 19h00, the 
18h00 and 20h00 thermal measurements were averaged for an approximation of 
the 19h00 temperatures for comparison with the other remote sensing data sets. 
The 16h00 measurements were considered less suitable because the rain event 
occurred around this time and no visible imagery was recorded. Similarly, the 
13h00 measurements were also considered less suitable because there were 
more clouds at 13h00, no visible imagery was recorded and 13h00 falls outside 
the peak surface temperatures. As thermal remote sensing is based on emitted 
radiation, the remaining three types of remote sensing data will be collectively 
referred to as reflected remote sensing data. 

Broadband multispectral images were taken for each location using the 
Agricultural Digital Camera 2004 model (from Tetracam, Inc., Chatsworth, 
California). The camera records images in the JPG format for overlapping broad 
bands in the green (G), red (R) and near-infrared (NIR) wavelengths. Images 
were recorded at 13h00, 16h00 and 19h00 on 15 July 2010. Technical problems 
resulted in images not being recorded on 16 July 2010. For this chapter, the 
results for the 19h00 measurements will be shown for the previously discussed 
reasons. 
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Table 2.2: Summary of remote sensing measurements from 15 July 2010 12h00 to 16 July 2010 
10h00 (in local time). © 2014 IEEE. 

SENSOR TIME (in hours according to 24h00 format, local time) 

12 13 14 15 16 17 18 19 20 23 24 03 04 05 10 

Thermal x  x x x x x  x x x x x x x 

Multispectral  x   x   x        

Visible        x        

Hyperspectral  x   x   x       x 

 

It was decided to include measurements from a relatively cheap and easily 
available digital camera to test whether such an instrument could be used as a 
cost-effective and simple alternative to more expensive and complex sensors 
traditionally used in remote sensing applications. The camera used was a Canon 
EOS 400D (from Canon Inc., Tokyo, Japan). Visible light digital photographs 
were taken in raw CR2 format. The images have three layers with data recorded 
in broad bands in the red (R), green (G) and blue (B) wavelengths. The blue 
band is sensitive from ~410 nm to ~540 nm with the band maxima at ~450 nm. 
The green band is sensitive from ~460 nm to ~600 nm with the band maxima at 
~540 nm and the red band is sensitive from ~560 nm to ~680 nm with the band 
maxima at ~600 nm (Spigulis et al., 2010). The photographs were taken at 
19h00 on 15 July only and these were used for analysis (Table 2.2). Since these 
images also use broad bands, they will be included in the multispectral analysis 
and discussion. 

Hyperspectral reflectance spectra for each location were measured using the 
ASD Fieldspec Pro spectrometer (from ASD, Inc., Boulder, Colorado), which 
has narrow bands of 2–3 nm (with a 1 nm sampling interval) over the spectral 
range of 350 nm – 2500 nm. An 8° fore-optic was used at a height of about 75 
cm with inclination so as to obtain data that covers about the same area as the 
image-based remote sensing instruments, which is about 30 cm by 40 cm. Four 
sets of measurements were taken, namely 13h00, 16h00 and 19h00 on 15 July 
2010 and 10h00 on 16 July 2010 (Table 2.2). For the reasons discussed above, 
the results for the 19h00 measurements will be presented in this chapter. 

2.2.3 Analysis 
Pearson correlation coefficients were calculated in PASW Statistics v18 
software (from IBM Corporation, Armonk, New York) to investigate the linear 
relationships between the data sets. For the ordinal data, namely the cover 
quality data set, the Spearman’s rho correlation coefficient (Siegel and 
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Castellan, 1988) was used. The strength of the relationships were qualified as 
strong when r >0.7, moderate when 0.4< r <0.7 and weak when r <0.4. The 
same scale was used for the Spearman’s rho. Using Moran’s I (Legendre and 
Legendre, 1998), the data was found to be spatially autocorrelated. This means 
that there is a systematic pattern in the spatial distribution of a data set. This is 
useful for the spatial interpretation of the data but it does mean that the data sets 
do not satisfy the correlation coefficients’ assumptions of independence (Burt 
and Barber, 1996; Legendre and Legendre, 1998).  

Dutilleul’s modified t-test (Dutilleul, 1993) for the correlation coefficient 
corrects for spatial autocorrelation in the data by adjusting the degrees of 
freedom. Therefore the significance of the correlations were assessed with 
Dutilleul’s modified t-test in the PASSaGE v2 software (Rosenberg and 
Anderson, 2011) for the Pearson correlation coefficient and in the 
modttest-5000 program (Legendre, 2000) for the Spearman’s rho. The test 
requires the number of distance classes to be determined by the user, where 
more, narrower classes increase resolution but decrease the power of the test 
(since there are less pairs per distance class). The simple and often used 
Sturge’s rule was used to determine the number of distance classes (Legendre 
and Legendre, 1998). Using the number of distances in the lower triangular 
matrix, Sturge’s rule recommends eleven distance classes for this study. The 
classes were determined using the equal width setting. 

Combinations of wavelength bands frequently provide more information than 
the bands on their own since the relative proportions of reflectance in different 
bands offer information on vegetation quality. For example, the NIR/R ratio 
provides information on overall vegetation quality and is sensitive to changes in 
chlorophyll concentration (Jensen, 2007) and the G/R ratio provides 
information on the appearance of the vegetation including the presence of 
standing litter and bare soil (as observed in Asner, 1998: Fig. 2-4). Moreover, 
ratios reduce the effects of illumination differences between measurements 
(Lillesand et al., 2008), which allows for easier comparison between 
measurements. Simple ratios such as NIR/R, NIR/G and G/R were calculated as 
well a large number of indices (over 100 in total, see Table A.1) that were 
developed for assessing vegetation health and water content. These ratios and 
indices were used for analysis. The indices specifically mentioned in this 
chapter are shown in Table 2.3. To explore the spatial distribution and patterns 
of the data, the data were interpolated using the natural neighbour method and 
visualised using ArcGIS 10 (from ESRI, Redlands, California). 
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Table 2.3: Hyperspectral indices specifically mentioned in the results and discussion of this chapter. 
© 2014 IEEE. 

INDEX NAME (ABBREV.)  EQUATION REFERENCE 
Carotenoid Reflectance Index 1 
(CRI550) 

(1/R510)−(1/R550) (Gitelson et al., 2002b) 

Carotenoid Reflectance Index 2 
(CRI700) 

(1/R510)−(1/R700) (Gitelson et al., 2002b) 

Green/Red Ratio (GRR) R554/R673 (Kanemasu, 1974; Rodríguez-
Pérez et al., 2007) 

Green/Red Ratio 2 (GRR2) R550/R670 This study 

Greenness Index (GI) R554/R677 (Smith et al., 1995) 

Near-infrared / Red Ratio (NIRRR) R780/R670 This study 

Ratio Vegetation Index (RVI) a R800/R673 (Rodríguez-Pérez et al., 2007), 
(Pearson and Miller, 1973) 

Ratio Vegetation Index 1 (RVI1) R810/R660 (Zhu et al., 2008b) 

Simple Ratio Water Index 2 (SRWI2) R1350/R670 (Rodríguez-Pérez et al., 2007) 

Water Band Index (WBI) R970/R900 (Peñuelas et al., 1993) 

R: Reflectance at specified wavelength in nanometres 

a Original index was for a broadband sensor 

 

2.3 Results 

2.3.1 Soil moisture and remote sensing data 
The mean volumetric soil moisture values measured for the dike for the 24 hour 
period ranged from 19.1 to 33.5 % vol. with the average being 24.2 % vol. Even 
accounting for calibration errors, these values are low for the soil type (Kabat 
and Beekma., 1994; Schlotzhauer and Price, 1999) which is predominantly 
clayey peat (obtained from the borehole and CPT data). It is not surprising that 
the measurements values were low considering that they were taken during one 
of the driest Julys on record. Most of the dike had low soil moisture values but 
the bottom part of the dike had higher values (boundary indicated by the dashed 
line in Figure 2.2a). Additionally, there are a number of locations over the dike 
which had higher values, noticeably the location near the top left of the dike.  

There are significant negative correlations between the soil moisture values and 
the daytime thermal remote sensing, specifically the 15h00 and 19h00 data sets 
(r = −0.667 and r = −0.619 respectively; see Table 2.4 for details). The 
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correlations between the reflected remote sensing data and the soil moisture are 
less strong (r < 0.600), with about 68 % of these having significant moderate 
correlations. The strongest of these are shown in Table 2.4 and are for the 
narrowband hyperspectral RVI1, NIRRR and RVI ratios as well as for the 
broadband visible G/R ratio. All three of these hyperspectral narrowband 
indices are simple ratios using wavelengths in the range of 780 nm to 810 nm 
for the numerator and 660 nm to 673 nm for the denominator. The correlations 
between soil moisture and the multispectral remote sensing are mostly not 
significant, with only the ratios showing significant correlations. These were 
r = 0.447 for NIR/R, r = 0.444 for NIR/G and r = 0.354 for G/R.  

 

 
Table 2.4: Correlation coefficients for selected data sets. Resistivity (mean) refers to the mean 
resistivity value for the top 0.5 m. See Table A.1 for definitions of hyperspectral indices. © 2014 
IEEE. 

DATASET 1 DATASET 2 CORRELATION 
COEFFICIENT 

CORRELATION 
TYPE 

Soil moisture Thermal (15h00) −0.667 Pearson 
Soil moisture Thermal (19h00) −0.619 Pearson 
Soil moisture Hyperspec. RVI1 0.591 Pearson 
Soil moisture Hyperspec. NIRRR 0.591 Pearson 
Soil moisture Thermal (20h00) −0.590* Pearson 
Soil moisture Hyperspec. RVI 0.590 Pearson 
Soil moisture Visible G/R 0.589 Pearson 
Cover quality Multispec. NIR/R −0.655 Spearman 
Cover quality Multispec. NIR/G −0.632 Spearman 
Cover quality Hyperspec. WBI  −0.630 Spearman 
Cover quality Thermal (19h00) 0.612 Spearman 
Cover quality Hyperspec. CRI700  −0.611 Spearman 
Cover quality Hyperspec.CRI550  −0.610 Spearman 
Cover quality Thermal (18h00) 0.605 Spearman 
Cover quality Soil moisture −0.460 Spearman 
Resistivity (surface) Hyperspec. GI 0.611* Pearson 
Resistivity (surface) Hyperspec. GRR 0.610* Pearson 
Resistivity (surface) Hyperspec. GRR2  0.608* Pearson 
Resistivity (mean) Hyperspec. GI 0.633* Pearson 
Resistivity (mean) Hyperspec. GRR 0.632* Pearson 
Resistivity (mean) Hyperspec. SRWI2  0.603* Pearson 
* Correlations are significant at p < 0.05 (two-tailed) 
Remaining correlations are significant at p < 0.01 (two-tailed). 
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Figure 2.2: Maps showing spatial distribution of the two validation data sets, namely (a) soil 
moisture and (b) cover quality and four of the remote data sets from the four different types of 
sensors, namely (c) the thermal camera, (d) the multispectral camera, (e) the visible light digital 
camera and (f) the hyperspectral spectrometer. The dashed line indicates where the bottom part of 
the dike manifests differently from the rest of the dike. © 2014 IEEE. 

 

The spatial distributions for the thermal (15h00) data and the visible G/R ratio 
are shown in Figure 2.2c and 2.2e respectively. The same overall spatial pattern, 
as found in the soil moisture map, is found in these maps, with the bottom part 
of the dike being different from the rest of the dike (as indicated by the dashed 
line) and with the smaller wetter locations also visibly different. There is a 
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significant moderate correlation (r = −0.460) between cover quality and soil 
moisture. The area at the bottom of the dike, which is different from the rest of 
the dike, is evident in both the soil moisture and cover quality maps 
(Figure 2.2a–b). This is not unexpected. Soil moisture has a considerable effect 
on vegetation health, on which the quality of the dike cover is largely 
dependent.  

2.3.2 Cover quality and remote sensing data 
The cover quality on the main dike body was medium to poor, with the bottom 
part of the dike having good quality cover. The spatial distribution of cover 
quality is shown by the cover quality map in Figure 2.2b, with the dashed line 
indicating the separation between the poorer quality cover on the top part of the 
dike from the good quality cover at the bottom. The line does not run parallel 
with the dike but moves up the dike towards the left of the study area. The cover 
quality has significant correlations with a number of the remote sensing data 
sets, with the strongest relationships shown in Table 2.4. About 75 % of the 
reflected remote sensing data have significant moderate correlations to cover 
quality. The cover quality demonstrates stronger relationships with reflected 
remote sensing data compared to the emitted thermal remote sensing data. 
Noticeably, the correlations with the broadband multispectral NIR/R and NIR/G 
ratios and the narrowband hyperspectral Water Band Index (WBI) are moderate 
(r = −0.655, r = −0.632 and r = −0.630 respectively), with a less strong 
correlation to the 19h00 thermal data (r = 0.612). Although there are other 
hyperspectral or thermal data sets that have higher correlations, the moderate 
−0.593 correlation for the simple visible G/R ratio to cover quality is interesting 
because the data is from a standard digital camera. The NIR/R ratio, WBI and 
G/R ratio spatial distributions are shown in Figure 2.2d, 2.2f and 2.2e 
respectively. The same overall spatial pattern, as found in the cover quality 
map, with the bottom part of the dike being different from the rest of the dike 
(as indicated by the dashed line), is visible in all three data sets.  

2.3.3 Relationships between remote sensing data 
The remote sensing data sets have many strong significant correlations between 
different instruments and wavelengths (not shown). There are strong 
correlations between the afternoon thermal remote sensing data and many of the 
reflected remote sensing data, specifically vegetation indices. There are also 
strong correlations between the different types of reflected remote sensing data. 
The broadband visible G/R ratio data shows correlations to many of the 
narrowband indices that make use of data in the NIR and R wavelengths. Water 
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content indices show correlations to vegetation health indices. This, together 
with the correlation between soil moisture and cover quality, would indicate 
that the moisture and vegetation health are strongly linked for this dike. 

Maps for four remote sensing data sets are shown in Figure 2.2c–f. These data 
sets were selected as they have strong correlations to soil moisture (Figure 2.2c 
and 2.2e) and to cover quality (Figure 2.2d and 2.2f) and so that the four types 
of remote sensing data are represented. The 15h00 temperatures (Figure 2.2c) 
reveal that the dike was cooler along the bottom, with the temperatures warmer 
along the upper parts of the dike except for a cooler patch in the upper left 
corner of the study area. Similar patterns, with the large area along the bottom 
of the dike and the smaller area at the top left of the dike being different, are 
also apparent in the reflective data sets shown by the multispectral NIR/R, 
visible G/R and hyperspectral WBI maps in Figure 2.2d–f.  

In order to explore the effect of time of observation on the thermal 
measurements, the values were plotted against time (Figure 2.3). For easier 
discernment, only six locations are presented, three for higher soil moisture 
content and three for lower soil moisture content. Two of the wetter locations 
were located at the bottom left of the dike and the third was located at the wetter 
spot in the upper left of the dike. The three drier locations were on the right 
hand side of the dike and distributed from top to middle. The maximal 
difference between the wetter and drier locations occurred in the afternoon after 
solar noon. Post sunset values converged with little to no difference between the 
locations. Heavy cloud accompanied by a few rain drops occurred at around 
16h00 and had a significant effect on the temperature values causing them to  
 

 

Figure 2.3: Thermal time series plot showing the diurnal variation in thermal measurements and the 
differences between wetter and drier soil locations. © 2014 IEEE. 
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drop. The curves per location are not smooth and show fluctuations. Some of 
these fluctuations can be linked to the locations experiencing changes in 
illumination, either from changes in cloud cover density, shadowing from 
objects (such as trees) or due to the slope of the dike. 

2.3.4 Other data 
The resistivity values for the dike as a whole were relatively low (with a 
maximum of 39 Ohm-m) which is in line with the geographical setting of the 
area in a former delta area with sea influences (Palacky, 1988). The electrical 
resistivity values at the surface layer and the mean resistivity values for the top 
0.5 m show a moderate correlation to reflected remote sensing data sets, 
particularly in the green wavelengths and also a water index (Table 2.4). The 
correlation coefficients between these resistivity data sets and the soil moisture 
values and the cover quality are not significant. Figure 2.4a shows the spatial 
distribution of the surface resistivity values, where the bottom of the dike has 
higher resistivity values compared with the top. This basic spatial distribution, 
where the bottom of the dike is different from the rest of the dike, is also 
evident in the maps in Figure 2.2. Figure 2.4b shows the vertical spatial 
distribution of the electrical resistivity for a cross-section of the dike (the 
location of cross-section A–A′ is indicated by the solid line in Figure 2.4a). The 
top part of the dike (on the right in Figure 2.4b) exhibits horizontal layering in 
the resistivity, with the resistivity decreasing from the surface to about 
−7.5 m NAP (Normaal Amsterdams Peil or Amsterdam Ordnance Datum), from 
where it starts to increase in value again. The bottom part of the dike (on the left 
in Figure 2.4b) exhibits higher resistivity values compared to the rest of the 
dike, with a slight decrease in resistivity at about −8 m NAP, but without the 
horizontal layering found in the top part of the dike. When viewed in three-
dimensional space (not shown), this higher resistivity at the bottom of the dike 
manifests as a dome. 

The 3D subsurface lithology model, which is based on the CPT and borehole 
data (Hack et al., 2008), shows that the dike is made up of horizontal layers of 
peat with slightly different compositions, which are interbedded with layers and 
lenses of clay and silt (Figure 2.4c). These lie above Pleistocene sands which 
occur at a depth of about −11 m NAP. The horizontal geological layers are 
apparent in the resistivity data for the top part of the dike (the right side of the 
cross-sections in Figure 2.4b–c), where the decrease in resistivity at about 
−7 m NAP corresponds with thicker layers of silt and clay and where the 
increase in resistivity at about −11 m NAP corresponds with the sand layers. 
For the bottom part of the dike (the left side of the cross-sections in 
Figure  2.4b–c),   the  horizontal  geological  layers   are   not   reflected  in   the 



Chapter 2 

51 

 

Figure 2.4: Resistivity and (simplified) lithology data: (a) map of resistivity at the surface, where the 
dashed line indicates where the bottom part of the d ke manifests differently from the rest of the d ke 
and with the location of cross-section A–A′ indicated by the solid line; (b) resistivity cross-section  
A–A′ showing horizontal layering on the right and higher resistivity values on the left (bottom of the 
dike) with horizontal layering absent; (c) lithology cross-section A–A′ showing horizontal layering of 
peat, clay and silt, with sand layers starting at about −11 m NAP. (Note: the lithology descriptions 
are simplified, indicating the most important constituents for this research). © 2014 IEEE. 
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resistivity data. Rather the resistivity values are consistently higher than the rest 
of the dike and follow a plume shaped pattern originating from the bottom of 
the model and fanning out at the surface.  

2.4 Discussion 

2.4.1 Soil moisture 

2.4.1.1 Soil Moisture in Relation to Dike Condition 

The bottom of the dike was anomalously wet during the years that the dike has 
been investigated which may be indicative of processes, other than the dry 
season, which could be compromising the quality of the dike. The wetter area at 
the bottom of the dike could not be linked back to the lithology. As seen in the 
results, the lithological layering is predominantly horizontal. However, it could 
be linked to the resistivity measurements for the dike, where the occurrence of 
the plume shaped feature of higher resistivity is spatially correlated with the 
wetter portions in the area. There are two possible processes that can explain the 
higher resistivity values at the bottom of the dike while also accounting for the 
discrepancy between the lithographical and resistivity models. The first is that 
gases are present in the dike. Gases do not readily allow the flow of electric 
current and therefore their presence in the soil increases the electrical resistivity 
of the soil. These gases could originate from deeper layers below the dike or 
from other areas, transported via groundwater. The gases could also originate 
from decomposing peat (Estop-Aragonés and Blodau, 2012).  

The second possible process is that fresh water is flowing upwards from the 
deeper sand layers. Fresh water has less free electrolytes, thereby increasing the 
overall resistivity of the medium. An up-rise of fresh water is remarkable in an 
area known for saline water seepages (de Louw et al., 2007; TNO, 2006). 
However, the saline effect is localized to boils and paleochannels (de Louw et 
al., 2007; de Louw et al., 2010). It is therefore possible that locally fresh water 
comes to the surface. Studies (de Louw et al., 2007; de Louw et al., 2010; Oude 
Essink et al., 2012) show that in environments such as the study site, upwelling 
of fresh water is not unlikely to occur (Figure 2.5). From the scale of the 
resistivity model it is not possible to explain if the water comes from the nearby 
ditch or the lakes further away (Figure 2.5). The small scale explanation with 
fresh water from the nearby channel is possibly more likely due to the size and 
shape of the plume but larger subsurface studies (both horizontally as well as 
vertically) would be required to provide more evidence to the source of this 
possible fresh water plume.  
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Figure 2.5: Schematic diagram of ground water flows in a peat excavation environment (modified 
after Oude Essink et al., 2012: Fig. by P. de Louw). The black rectangle indicates an area 
representative of the study site. © 2014 IEEE. 

 

Due to the higher soil moisture levels measured at the bottom of the dike and 
the spreading of the higher resistivity plume along the surface, it seems unlikely 
that the higher resistivity values are due to gases in the subsurface, which would 
most likely not extend horizontally. The higher soil moisture values at the 
bottom of the dike would confirm the second process of upwelling water. 
Further, the healthier vegetation at the bottom of the dike during a time of 
extreme dryness would affirm a long-term process of upwelling water. In the 
long-term, the higher soil moisture values at the bottom of the dike indicate a 
process which needs to be investigated further to establish whether this process 
poses a problem to the dike quality. 

2.4.1.2 Soil moisture and thermal remote sensing 

Vegetation responds to available soil moisture. When a plant suffers from a 
shortage of water, the stomata close which reduces evapo-transpiration 
(Hopkins and Hüner, 2009; Medrano et al., 2003). This causes an increase in 
plant temperature (Jackson et al., 1986). Thus when a plant has sufficient water 
available, the plant is cooler than when suffering from water deficiency. 
Previous thermal remote sensing studies for dikes focused on seepage alone 
(Givehchi et al., 2002; Moser and Zomer, 2006; Swart, 2007; van Hemert, 
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2004). These previous studies were only successful when there were large 
contrasts in temperature between the water and the dike surface. The results 
from this study show that thermal remote sensing can also be used to distinguish 
areas of varying soil moisture and not only where water itself is present at the 
surface. 

Although there are correlations between soil moisture values and the thermal 
measurements, they are not strong, and their spatial distributions show some 
differences. This may be due to the fact that the cover was not a uniform green 
grass cover. The temperature of the dike cover recorded at the camera is 
affected by a number of factors. These include evapo-transpiration and the 
thermal properties of the cover, such as emissivity and specific heat capacity. 
Evapo-transpiration is an endothermic process which cools down green 
vegetation (Jayalakshmy and Philip, 2010). Green grass has a higher emissivity, 
which results in a lower apparent temperature, than dry grass or bare soil 
(Snyder et al., 1998). Vegetation, whether dry or green, has high values for the 
specific heat capacity (Jayalakshmy and Philip, 2010). This means that it 
requires more energy to raise the temperature of vegetation than for bare soil 
(which has a lower specific heat capacity). Therefore with the same amount of 
incoming solar radiation, vegetation will be cooler than bare soil. Additionally, 
some of the grass was long causing shadowing, which results in lower 
temperatures for the cover. Another reason for the moderate correlation could 
be the changing cloud cover during measurement, which caused fluctuations in 
temperatures, as shown in Figure 2.3.  

2.4.1.3 Soil moisture and multispectral remote sensing 

The simple G/R ratio from the visible broadband camera has a moderate 
correlation to soil moisture, which is also evident in their spatial distribution. 
From these results, it would seem that the standard digital camera out-performs 
a specialised camera for this application. Thermal responses of vegetation are 
relatively rapid, whereas long-term exposure to abundant soil moisture results in 
lush, green vegetation. Long-term exposure to water deficiency results in plant 
senescence, with the leaves drying out and dying, and which may in turn result 
in the death of the plant itself. The G/R ratio is used for estimating the 
greenness of the vegetation (Adamsen et al., 1999). Thus, this ratio could be 
used for identifying areas affected by long-term soil moisture regimes. Since 
there is a correlation between the G/R ratio and the soil moisture, it would 
appear that the study area is affected by a long-term water condition. This 
would confirm the explanation of the high resistivity values at the bottom of the 
dike, where it is proposed that water is being pushed up through the dike. 
Considering that the resistivity measurements are from 2008 and the remote 
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sensing measurements from 2010, it would indeed seem that the process is a 
long-term one.  

2.4.1.4 Soil moisture and hyperspectral remote sensing 

The three strongest relationships found between the narrowband hyperspectral 
remote sensing data and the soil moisture values all make use of simple NIR/R 
ratios. These indices provide information about vegetation biomass (Jensen, 
2007). Reflectance in these wavelengths is also affected by the presence of 
standing litter, the leaf area (as observed in Asner, 1998: Fig. 2 & 4) and water 
stress (Jensen, 2007). Thus these indices provide information on overall 
vegetation health, which is strongly affected by soil moisture availability. 
Similarly to the G/R ratio discussed above, these NIR/R indices’ correlations to 
soil moisture would seem to indicate that the dike is undergoing processes 
which affect the long-term water condition in the dike.  

2.4.2 Cover quality 

2.4.2.1 Cover quality and thermal remote sensing 

A likely explanation for the only moderate correlations between the thermal 
remote sensing data and cover quality is that a single cover quality class is often 
comprised of several cover types, such as green vegetation, standing litter (dry 
vegetation) and bare soil, in varying proportions. As discussed in the soil 
moisture and thermal remote sensing section, these various cover types have 
different thermal responses. Thus the varying proportions of cover types within 
a single class could account for some of the differences between the thermal 
remote sensing data and the cover quality. A more detailed classification system 
could improve the strength of the relationships. 

2.4.2.2 Cover quality and multispectral remote sensing 

The multispectral remote sensing shows the strongest correlations to cover 
quality compared to the other remote sensing data sets. This is consistent with 
what Broge and Leblanc (2000) found, in that broadband indices performed 
better than hyperspectral narrowband indices for gauging green leaf area index 
and canopy chlorophyll density. Both the NIR/R and the NIR/G ratios have 
moderate correlations to cover quality. For these data sets, the NIR 
measurements are the main contributors, with measurements in the R and G 
being similar in magnitude. Energy in the NIR is strongly reflected from green 
vegetation (Jensen, 2007; Lillesand et al., 2008) and is affected by leaf area, 
bare soil and standing litter (Asner, 1998). Therefore, these ratios are suitable 
for cover quality evaluation. However, the cover quality data is ordinal and the 
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ratio data is continuous which may account for the relationship being only 
moderate. 

2.4.2.3 Cover quality and hyperspectral remote sensing 

Significant relationships are found between the narrowband hyperspectral 
remote sensing data and the cover quality, and are also discernible in the spatial 
distribution of these data sets. The strongest relationship is between the WBI 
and cover quality. This index (see Table 2.3 for formula) was developed for use 
as an indicator for leaf and canopy water content (Peñuelas et al., 1993) based 
on a water absorption feature around 970 nm, and the absence of it at 900 nm. 
Reflection in the 970 nm and 900 nm wavelengths is also affected by low leaf 
area, standing litter and bare soil (as observed in Asner, 1998: Fig. 2-4), all of 
which increase the index value. Peñuelas et al. (1993) also state that the index 
does not perform well with changes in leaf area and if the vegetation does not 
completely cover the soil. The presence of standing litter and bare soil strongly 
affect values for this index and dominate over the subtler changes in absorption 
feature depth that result from water deficit stress in green vegetation. With the 
cover quality largely being medium to poor, there were substantial amounts of 
standing litter and bare soil. This would explain why, in this case, this index 
works well for cover quality but not for soil moisture. The next strongest 
correlations for hyperspectral data and cover quality are for the two carotenoid 
reflectance indices, CRI700 and CRI550. Although these indices were developed 
for assessing carotenoid content in plants, reflectance in the wavelengths 
700 nm, 550 nm and 510 nm is strongly affected by the presence of standing 
litter and bare soil (as observed in Asner, 1998: Fig. 2-4). This supports that 
these indices are suitable for assessing cover quality, which is to a large degree 
determined by the presence of standing litter and bare soil. 

For many of the remote sensing measurements, the signal collected was from a 
mixture of cover components. These components do not affect the signal 
linearly. In particular, a small amount of standing litter has an inordinate effect 
on the overall reflectance from the dike cover (Asner, 1998). This, together with 
the cover quality data being ordinal, could account for the correlations only 
being moderate between the remote sensing data and the cover quality data. 
Using a more detailed classification system for cover quality may improve these 
correlations. Further, for the hyperspectral data, the collection of end-member 
spectral signatures for the specific components of the dike cover and the use of 
these in spectral analysis could also be useful for determining proportions of the 
these components. This would further improve the characterisation of the dike 
cover.  
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2.4.3 Thermal remote sensing conditions 
From the results for both the soil moisture and the cover quality data sets, it is 
clear that the optimal time for thermal remote sensing data collection for these 
applications is between solar noon and apparent sunset, when temperature 
differences are at their maximum. Since no standing water was visible on the 
dike (e.g., from seepage), thermal cross-overs were not apparent in the thermal 
data and the pre-dawn measurements did not show separation between the 
wetter and drier locations. As has been discussed, the composition of the dike 
cover strongly affects the thermal response from the dike surface. This, together 
with the effect of moisture, makes the interpretation of thermal data complex. 
Additionally, as was shown in the thermal time series plot in Figure 2.3, local 
conditions have a substantial impact on temperatures. Heavy cloud cover and 
rain had a considerable cooling effect, reducing the difference between 
locations. The effect of illumination conditions, either from changing cloud 
cover, shadowing or slope, is seen in the fluctuations in temperature for 
individual locations.  

2.5 Conclusions 
This study, using ground-based measurements, found that there are relationships 
between remote sensing data and two inspection criteria for grass covered dikes, 
namely soil moisture and cover quality. Afternoon thermal remote sensing data 
have the strongest relationships to soil moisture. Weaker relationships are found 
between soil moisture and narrowband hyperspectral near-infrared and red 
indices and the broadband G/R ratio from the standard digital camera. These 
relationships to reflected remote sensing data appear to be based on long-term 
responses to a water regime induced by subsurface processes. A standard digital 
camera could be used to monitor long-term moisture conditions in dikes via 
vegetation responses. Nevertheless, relating soil moisture directly to dike 
quality is complex and requires contextual interpretation due to the peat dike 
quality being compromised by both excessive dryness and excessive wetness.  

Broadband multispectral remote sensing data has the strongest relationships to 
cover quality, particularly those using NIR ratios. Weaker relationships are 
found between cover quality and afternoon thermal data and narrowband 
hyperspectral indices. Due to the complex nature of the spectral signature from 
mixed cover types, further research is required to establish if more information 
may be obtained from hyperspectral data with analysis of the whole spectra 
using specific end-members. 



Investigation of Remote Sensing for Potential Use in Dike Inspection 

58 

It was found that the optimal time for thermal measurements for these 
applications is in the afternoon, after solar noon. However, it was shown that 
the thermal response of the dike is strongly affected by cover type, local 
weather conditions and illumination levels. Even fluctuations in thickness of 
cloud cover result in changes in measured temperatures. These factors can make 
the interpretation of the thermal data difficult and must be taken into 
consideration.  

Remote sensing shows great potential for use as proxies for dike inspection 
criteria for grass covered dikes. From these results it is proposed that remote 
sensing can be used to facilitate dike inspection, particularly for identifying 
larger spatial features that require further geo-technical exploration. A large 
spatial feature at the bottom of the dike was consistently detected, with smaller 
features apparent only in certain data sets. Whether this is extendable to other 
dike situations requires further investigation. Future work will explore the 
scaling from ground-based measurements to airborne and satellite based 
imagery for dike inspection. 
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3 Adjusting Spectral Indices for 
Spectral Response Function 
Differences of Very High Spatial 
Resolution Sensors Simulated 
from Field Spectra 2 

 

                                                      
2 This chapter has been published as: Cundill, S. L., van der Werff, H. M. A. & 
van der Meijde, M. (2015). Adjusting spectral indices for spectral response function 
differences of very high spatial resolution sensors simulated from field spectra. Sensors, 
15 (3), 6221-6240. 
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3.1 Introduction 
Remote sensing data are widely used for vegetation, environmental, hazard and 
land process monitoring and assessment from local through to global scales. For 
monitoring, data from multiple sensors are often used in order to ensure 
coverage and continuity, particularly due to limitations of satellite revisit time 
(Steven et al., 2003), cloud cover (Soudani et al., 2006; Steven et al., 2003) as 
well as satellite design life (van Leeuwen et al., 2006). However, data obtained 
from different sensors are not directly comparable (Steven et al., 2003; Teillet 
et al., 1997). Differences in sensor specifications as well as scene-specific 
conditions (e.g., atmosphere, sun angle, etc.) affect measurements (Pandya et 
al., 2007; van Leeuwen et al., 2006). Cross-calibration between sensors is 
necessary for consistency and comparison of observations (Chander et al., 
2013b; Steven et al., 2003; Teillet et al., 2007). One of the main causes of 
differences in remote sensing data is the difference in spectral response 
functions (SRF) between sensors (Chander et al., 2013b; D'Odorico et al., 2013; 
Gonsamo and Chen, 2013; Pandya et al., 2007; Trishchenko et al., 2002a). The 
effect may be such as to mask subtle natural variability that is of interest 
(D'Odorico et al., 2013; Trishchenko et al., 2002a).  

It has been shown that SRF corrections are target (cover type) specific (Chander 
et al., 2013b; Du et al., 2007; Gallo et al., 2005; Teillet and Ren, 2008). The 
cover type of cultivated grasslands, which includes cultivated pastures (used for 
fodder production, grazing, erosion protection, etc.) and turf grasses (such as 
lawns, parks and golf courses), cover substantial proportions of land surface. 
For example turfgrass is estimated to cover some 1.9 % (about 163 800 km2) of 
the continental United States (Milesi et al., 2005) and permanent cultivated 
pastures cover about 18.4 % (about 7 664 km2) of the Netherlands (FAO, 2011), 
with thousands of kilometres of grass covered dikes (Knoeff et al., 2008; 
Verheij et al., 1997). Evaluation and monitoring of cultivated grasslands using 
remote sensing data are the subjects of numerous studies (e.g., Baghzouz et al., 
2006; Dettman-Kruse et al., 2008; Metternicht, 2003), including for inspection 
and monitoring of grass covered dikes (Cundill et al., 2014; Hossain et al., 
2006). Consequently investigation of SRF effects for the cross-calibration of 
sensors for the cultivated grasslands cover type is required.  

While some investigations of SRF effects for cross-calibration focus on 
comparing sensors at reflectance band level (Chander et al., 2013b; Potts et al., 
2013; Teillet et al., 2007), many include spectral indices that provide 
information on plant biophysical parameters. In fact, Miura et al. (2013) suggest 
that there may be an advantage to cross-calibrating at the index level rather than 
the reflectance band level, since indices generated from cross-calibrated 



Chapter 3 

61 

reflectance bands may include bias errors that arise from not accounting for 
intra-sensor band to band correlations. Since the development of the attributed 
first vegetation index in 1969 (Jordan, 1969), over a hundred different indices 
have been developed (Cundill et al., 2014), addressing different aspects of 
improving vegetation characterization. Many aim at reducing the effects of 
extraneous influences (e.g., soil background, atmosphere) while others focus on 
specific chemical or structural components of vegetation (e.g., chlorophyll, 
water content). Various indices have been investigated for the evaluation and 
monitoring of turfgrass (Fitz-Rodriguez and Choi, 2002; Taghvaeian et al., 
2013), pastures (Metternicht, 2003) and a large number of spectral indices have 
been tested for use in the inspection of grass covered dikes (Cundill et al., 
2014). Only a few studies have addressed the SRF effects for cross-calibration 
of indices other than NDVI. These studies, for 2–8 indices across up to 
17 sensors (Soudani et al., 2006; Steven et al., 2003; Teillet and Ren, 2008; 
Teillet et al., 1997; Xu and Zhang, 2011), show that variations in the SRFs of 
different sensors result in significant differences in index values which must be 
corrected to avoid bias in observations.  

Most cross-calibration related studies focus on low to medium spatial resolution 
sensors, such as AVHRR, MODIS and Landsat (Chander et al., 2013b; 
Gonsamo and Chen, 2013; Miura et al., 2013; Teillet and Ren, 2008; Teillet et 
al., 1997; Trishchenko et al., 2002a; van Leeuwen et al., 2006). However, the 
small size of individual lawns and parks and the often long and narrow structure 
of dikes and golf courses dictate that remote sensing data of very high spatial 
resolution are required. A few studies have included higher spatial resolution 
instruments (e.g., IKONOS, QuickBird) amongst those studied (Forestier et al., 
2013; Franke et al., 2006; Pandya et al., 2007; Soudani et al., 2006; Steven et 
al., 2003; Teillet et al., 2007), however SRF adjustment coefficients are 
dependent on the specific sensors studied and in particular, the sensor selected 
as reference. To the best of the authors’ knowledge, none have focused on very 
high spatial resolution sensors. 

This research is conducted as part of on-going studies that are investigating the 
use of remote sensing data for the inspection of grass covered dikes. The initial 
research (see Cundill et al., 2014) involved the testing of ground based remote 
sensing data for two dike inspection indicators. With the successful results of 
that research, a subsequent investigation is underway to test the use of imagery 
for the same application. However, since index values from different sensors are 
not directly comparable, this chapter aims to investigate the effects of differing 
SRFs of various very high spatial resolution sensors on the cross-calibration of 
numerous spectral indices in the context of cultivated grasslands, which are 
typically found on dikes that do not have a hardened cover.  
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Figure 3.1: Summary workflow of the materials and methods used in this chapter. 

3.2 Materials and Methods 
A summary workflow of the materials and methods used in this chapter is given 
in Figure 3.1, with the details elaborated on in the remainder of this section. 

3.2.1 Data 
While some studies that address the effects of SRFs on cross-calibration 
between sensors make use of laboratory measurements (e.g., Trishchenko et al., 
2002b), many make use data from airborne imagery (e.g., Franke et al., 2006; 
Teillet et al., 1997), satellite imagery (e.g., Chander et al., 2013b; Miura et al., 
2013) or field measurements (e.g., Pandya et al., 2007; Steven et al., 2003). 
Data from field measurements provide reflectance spectra of the vegetation 
canopy, practically free from atmospheric affects, and allow for precise 
measurement of specific locations and a range of conditions. The data used for 
this chapter are field measurements that were collected as part of a study testing 
ground based remote sensing data for two dike inspection indicators (Cundill et 
al., 2014). The data were collected for 54 locations on a grass covered dike in 
the Netherlands on 15 July 2010. The measurement grid consisted of six lines 
running along the dike spread over the geometric profile, with nine points per 
line at 5 m spacing. The grass on the dike is cultivated pasture and used for hay 
production as well as directly for grazing. Although the measurements were 
recorded during one of the Netherlands’ driest Julys on record, it should be 
noted that the soil moisture condition in part of the study area is thought to be 
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influenced by long-term subsurface hydrological processes (Cundill et al., 
2014). A wide range of grass conditions were thus present at the time of 
measurement, varying from extremely lush and green to substantial proportions 
of dry, dead grass and some bare soil, thereby making the data set representative 
of potential conditions for cultivated grasslands. The grass had not been 
recently mowed.  

The data consists of three data sets: a set of reflectance spectra, a set of soil 
moisture measurements (referred to as the soil moisture indicator) and a set of 
grass cover assessments (referred to as the cover quality indicator). The ground-
based reflectance spectra were obtained using an ASD FieldSpec Pro 
spectrometer (Analytical Spectral Devices, Boulder, CO, USA). The instrument 
has a wavelength range of 350 nm – 2500 nm, band widths of 2–3 nm, with a 
1 nm sampling interval. An 8° foreoptic was used to constrain the field of view 
to the areas of interest and aid in the accurate placement of measurement 
locations. Each spectrum per location was an average of three spectra with 
sample counts of 25. A calibrated Spectralon® panel was used as a white 
reference to calculate reflectance. Soil moisture was directly measured using a 
ThetaProbe Soil Moisture Sensor-ML2× (by Delta-T Devices Ltd, Cambridge, 
U.K.), averaging nine measurements per location. The quality of the dike 
covering was evaluated and classified into four classes. The evaluation criteria 
include grass density, canopy cover and the presence and quantity of standing 
litter (dead plant material), flotsam (floating debris), weeds, and bare soil. A 
comprehensive description of the data are available in Cundill et al. (2014). 

3.2.2 Spectral convolution 
As cultivated grasslands are often relatively small or narrow, only sensors 
capable of a multispectral spatial resolution of 5 m or finer were considered. 
The selection includes both broad- and narrowband sensors, hyper- and 
multispectral sensors and sensors that are mounted on satellite, airplane and 
unmanned aerial vehicle (UAV) platforms. Simulated data were generated by 
convolving the field ASD reflectance spectra to the spectral resolution of each 
sensor (Table 3.1, Figure 3.2) by means of their respective SRFs using the built 
in resampling functions in the ENVI 5.0 software (Exelis Visual Information 
Solutions, Inc., Boulder, CO, USA). Since most of these sensors do not have a 
shortwave infrared (SWIR) band, only bands in the visible and near-infrared are 
considered. The WorldView-3, HyMap and two Tetracam Mini-MCA sensors 
were not available as pre-defined functions in ENVI. Therefore, for the two 
Tetracam Mini-MCA sensors, the ASD data were convolved in ENVI using 
sensor specific SRFs which were obtained from the supplier. However, to the 
best of the authors’ knowledge, the SRFs for the HyMap and WorldView-3 
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sensors had not yet been published. Thus for these two sensors, ASD spectra 
were convolved using Gaussian shaped response functions based on the position 
and width of each band. The only variation between these simulated data sets is 
thus due to the sensor specific SRFs (or approximate SRFs for the HyMap and 
WorldView-3 sensors). This allows for the investigation of only the effects of 
differing SRFs since all other parameters (e.g., atmospheric conditions, sun and 
viewing geometry, spatial resolution, etc.) are identical between the data sets.  

 
Table 3.1: Details of sensors used in this chapter (in order of maximum band width from narrowest 
to broadest). 

SENSOR 
(ABBREV.) 

SPATIAL  
RESOLUTION 

SPECTRAL 
TYPE 

SPECTRAL 
RESOLUTION 

BANDS 
 

PLATFORM 
 

ASD 
Fieldspec Pro 
spectrometer 

Dependent on 
height of sensor 
(non-imaging) 

hyper narrow 
(2-3 nm) 

2151 contiguous 
bands between  
350-2500 nm 

ground 

Tetracam 
Mini-MCA 
(TC10) *a 

10s to 100s mm 
(dependent on 
height of 
sensor) 

multi narrow  
(10 nm) 

6 bands between 
520-910 nm 

UAV, 
airplane 

HyMap b Dependent on 
height of sensor 

hyper narrow  
(15-20 nm) 

128 contiguous 
bands between  
450-2500 nm 

airplane 

Tetracam 
Mini-MCA 
(TC05) *a 

10s to 100s mm 
(dependent on 
height of 
sensor) 

multi narrow  
(10-20 nm) 

6 bands between 
430-790 nm 

UAV, 
airplane 

RapidEye c 5 m multi broad  
(40-90 nm) 

5 bands between 
440-850 nm 

satellite 

IKONOS d 3.2 m multi broad  
(66-96 nm) 

4 bands between 
445-853 nm 

satellite 

GeoEye-1 d 1.65 m multi broad  
(35-140 nm) 

4 bands between 
450-900 nm 

satellite 

WorldView-3 
(WV3) e 

1.24 m  multi broad  
(40-180 nm) 

8 bands between 
400-1040 nm 

satellite 

WorldView-2 
(WV2) f 

2 m 
(resampled) 

multi broad  
(40-180 nm) 

8 bands between 
400-1040 nm 

satellite 

Pléiades-1A g 2m multi broad  
(120-200 nm) 

4 bands between 
430-940 nm 

satellite 

QuickBird  
(QB) h 

2.62 m multi broad  
(115-203 nm) 

4 bands between 
430-918 nm 

satellite 

*Note: the Tetracam Mini-MCA is a configurable spectroscope, using changeable filters which 
the user selects. a (TetraCam Inc, n.d.); b (HyVista Corporation, n.d.); c (RapidEye, n.d.); 
d (GeoEye, 2010); e (DigitalGlobe, 2013b); f (DigitalGlobe, 2012b); g (Airbus Defence and Space, 
n.d.); h (DigitalGlobe, 2012a). 
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Figure 3.2: Band positions and widths for the sensors used in this chapter. 

 

3.2.3 Indices 
The selection of spectral indices tested in this chapter (see Table A.2) is based 
on over one hundred indices tested by Cundill et al. (2014), but limited to those 
that are applicable to at least three of the sensors being investigated (Table 3.1). 
The selected 48 indices cover general vegetation indices, moisture indices, as 
well as specific compositional or structural indices. Many were developed for 
narrowband data but those developed for broadband data (as indicated in 
Table A.2) have previously been applied in narrowband form in various 
publications (e.g., Haboudane et al., 2004; Kim et al., 2010; Rodríguez-Pérez et 
al., 2007). Likewise, narrowband indices have similarly been applied in 
broadband form (e.g., Kross et al., 2015; Waser et al., 2014). The current study 
includes both broad- and narrowband sensors, and thus indices are applied in 
both their broad- and narrowband form. Since the SRFs of broadband and 
narrowband sensors are considerably different, the index values calculated from 
these sensors are also expected to be different. However, it is sometimes 
necessary to compare data from these two extremes. In addition, a number of 
studies have investigated whether the broad- or narrowband form of an index 
performs better for a parameter. For example, Elvidge and Chen (1995) found 
that for seven indices investigated, the narrowband form performed better for 
percent green cover and leaf area index (LAI) than the broadband form of the 
same index. Similarly, Thenkabail et al. (2002) show that the narrowband form 
of various indices performed better for biomass and LAI. On the other hand, 
Broge and Leblanc (2000) demonstrate in their study that the broadband form of 
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ten indices generally appear to be better at predicting LAI and canopy 
chlorophyll density. The results of the current study contribute to this 
discussion. 

The equations for the indices in Table A.2 are in the form for narrowband 
hyperspectral data. If the specified wavelength was not available in the HyMap 
data set, then the band with the centre wavelength closest to this wavelength 
was used. For the other data sets, wavelengths were grouped into generic bands 
(Figure 3.2). For each sensor or index, a specific band or wavelength was 
allocated to a generic band based on whether the centre wavelength of the 
sensor band or index wavelength fell within the generic band’s wavelength 
range. Exceptions were made when a sensor had only one band in a particular 
region of the electromagnetic spectrum (e.g., only generic Blue 2). In these 
cases, the same reflectance values were allocated to the remaining generic 
band/s for that region of the electromagnetic spectrum (e.g., Blue 1). This was 
done in order to limit the effect of the arbitrary allocation of wavelength range 
to the generic bands which may have resulted in the invalidity of an index for a 
particular sensor. An index was considered not valid (indicated by NA) for a 
particular sensor when either the required wavelengths were not available, or 
when the index became equivalent to another index as a result of using broader 
bands.  

3.2.4 Analysis 
The analysis to investigate the effects of SRFs and performance of the indices 
from different sensors took two main forms. The first was to evaluate index 
values generated from convolved narrow- and broadband data compared to the 
index values obtained from original narrowband ASD data. The original 
narrowband ASD data were selected as the reference data set for this study 
because the 2–3 nm band widths of the ASD sensor are an extreme case of 
narrowband sensors against which the indices calculated from broader-band 
sensors could be tested, thereby testing the robustness of the indices across a 
wide range of spectral resolutions. The band widths of the other sensors range 
between 10 nm and 203 nm. In addition, narrowband multispectral sensors, 
such as the Tetracam Mini-MCA, are becoming increasingly popular, especially 
for use on UAVs. These narrowband sensors do not allow the averaging of 
wavelengths to simulate broad bands and so direct comparison of index values 
from narrow- and broadband sensors is useful. Further, Yao et al. (2013) point 
out a lack of cross-calibration studies that systematically compare narrowband 
indices with broadband indices. The other form of analysis was to compare the 
performance of indices from various sensors for an application, namely 
inspection and monitoring of grass covered dikes. The use of the original ASD 



Chapter 3 

67 

data as the reference data set also allows for comparison with the results from 
Cundill et al. (2014). 

3.2.4.1 Comparison to original ASD index values 

To evaluate the effects of differing SRFs on indices between sensors, index 
values for simulated data were compared to those for original ASD data. Four 
measures were used to indicate the extent to which the simulated data deviate 
from the original ASD data, namely the slope and intercept of the linear trend 
line, and two variants of the coefficient of determination.  

A perfect match between the index values for the original ASD data and those 
of the simulated data should render a linear trend line with a slope of 1 and 
intercept of 0, the so-called 1:1 line. The linear trend was computed for each of 
the simulated index data sets, and the slope and intercept for these trend lines 
were compared to the 1:1 line. Since the value of the intercept is relative to the 
values for a particular index, the intercept was normalized via division by the 
mean of the ASD index values.  

The two variants of the coefficient of determination used in this chapter have 
the same basic equation structure but their definitions differ in that they use 
different data sets. The first variant of the coefficient of determination, the 
square of the correlation coefficient (Eq. 3.1), is calculated to test how the data 
fits the linear trend. To avoid confusion with the second variant of the 
coefficient of determination (calculated for the 1:1 line), the square of the 
correlation coefficient is denoted in this chapter as ccR2. A perfect fit of the data 
to the trend line would render a ccR2 value of 1. Values can range between 
0 and 1. 

ccR2 = 1 −  
∑  (yi −  y�i)2i
∑ (yi  −  y�)2i

 
 (3.1) 

where yi denotes index values for the simulated data, y�i denotes modelled index 
values, and y� denotes the mean of the index values for the simulated data. 

The second variant of the coefficient of determination (denoted as 1:1R2 in this 
chapter to avoid confusion with the first variant of the coefficient of 
determination) provides information on the overall deviation of simulated index 
values from original ASD index values, relative to the 1:1 line (Eq. 3.2), similar 
to the Nash-Sutcliffe efficiency (Nash and Sutcliffe, 1970). The simulated data 
have not been derived from a model fitting procedure, and thus values outside 
of the typical 0 to 1 range are possible since the test, in this case, is not using 
modelled values (Rooney, 2012). Ideally, 1:1R2 should be 1, indicating that there 
is no difference between the simulated and original ASD index values. This is 
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not expected, however, as the different SRFs of the various sensors will result in 
differing index values (as shown by the previous studies discussed in the 
Introduction). 

𝑅𝑅1:1
 2 = 1 −  

∑  �𝑦𝑦𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖 −  𝑦𝑦𝐴𝐴𝑆𝑆𝑆𝑆𝑖𝑖�
2

𝑖𝑖

∑ �𝑦𝑦𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖  −  𝑦𝑦�𝐴𝐴𝐴𝐴𝐴𝐴�
2

𝑖𝑖
 

 (3.2) 

where 𝑦𝑦𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖denotes index values for the original ASD data, 𝑦𝑦𝐴𝐴𝑆𝑆𝑆𝑆𝑖𝑖 denotes index 
values for the simulated data, and 𝑦𝑦�𝐴𝐴𝐴𝐴𝐴𝐴 denotes the mean of the index values for 
the original ASD data. 

For an objective overview of how an index performed across sensors, the mean 
for each measure per index was computed. This is straight-forward for the 1:1R2 
and ccR2. However, for the other measures where the values vary around a 
central value (1 for the slope and 0 for the intercept), adjustments needed to be 
done before the mean could be calculated. In the case of the intercepts, the 
absolute values (|intercept|) were used for the calculation of the mean. For the 
slopes, since the values vary around 1, the mean was computed from the 
absolute values of slope minus 1 (|slope – 1|).  

3.2.4.2 Correlation to dike inspection indicators 

In a previous study (Cundill et al., 2014), the relationships between index 
values from the original ASD data and two inspection indicators for grass 
covered dikes were investigated. Now, to evaluate how the indices from the 
simulated data for various sensors perform for an application, the relationships 
between their index values and the two inspection indicators for grass covered 
dikes are explored. The two inspection indicators are soil moisture and cover 
quality. Although the inspection indicators are specifically defined here in the 
context of dikes, both soil moisture and condition of grass cover are the subject 
of many remote sensing studies relating to cultivated grasslands (e.g., Dettman-
Kruse et al., 2008; Fitz-Rodriguez and Choi, 2002; Metternicht, 2003; 
Taghvaeian et al., 2013). The correlation coefficients between each index (for 
each sensor) and each quality indicator were computed, with the Pearson 
correlation coefficient used for the soil moisture quality indicator and the 
Spearman correlation coefficient used for the ordinal dike cover quality 
indicator. As for the previous measures, the mean for each correlation 
coefficient was computed per index, using their absolute values (|r|). 
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3.3 Results and Discussion 

3.3.1 Comparison to original ASD index values 
The index values for the simulated data of the different sensors were tested 
against those of the original ASD data and, based on the mean statistical 
measures, can be grouped into three representative categories: overall 
performing well (i.e., similar to the original ASD index values), overall 
performing poorly (i.e., dissimilar to the original ASD index values) and mixed 
performance. Individual statistical measures for representative indices for these 
three groups are shown in Table 3.2, with DVI and GEMI representative of the 
first group, ARI and CTR1 of the second and BGI2 and MSR of the third. Mean 
statistical measures for all 48 indices are provided in Table B.1, with individual 
statistical measures for the 48 indices provided in Table B.2. For cultivated 
grasslands, indices that perform well for all measures for the simulated data 
from all selected sensors compared to the original ASD data are DVI and GEMI 
(Table 3.2 and Table B.1) as well as EVI, MCARI1, MSAVI2, MTVI1, RDVI, 
SARVI and SAVI (Table B.1). This can be observed in the scatterplots for DVI 
and GEMI (Figure 3.3a–b), where the points fall close to the 1:1 line with very 
little scattering, and the slope and intercept are similar to the 1:1 line. All these 
indices make use of reflectance in the near-infrared and red wavelengths (see 
Table A.2 for index equations). Moreover, the indices all use the difference 
between the near-infrared and red bands. Most of these indices were originally 
designed for broadband sensors. Vegetation’s broad spectral features in the red 
and near-infrared regions allow these indices to transfer well between sensors of 
differing band widths and positions. Despite the good performance of these 
indices, the relationships between the simulated data and the ASD data do not 
perfectly fit the 1:1 line (Table 3.2 and Table B.1). Thus for accurate 
comparisons between index output for data from different sensors, minor 
adjustments will need to be made using the modelled relationship between the 
data sets. 

For cultivated grasslands, indices that perform the least for all measures for the 
simulated data compared to the original ASD data are ARI and CTR1 (Table 3.2 
and Table B.1), as well as CARI, CRI700 and mARI (Table B.1). The 
scatterplots for ARI and CTR1 (Figure 3.3c–d) show general scattering of the 
points and their deviation from the 1:1 line. For ARI, the slope for some of the 
simulated data sets (e.g., WorldView-2) even reverses sign, with a resulting 
large shift in intercept. All these indices include the red-edge band, (Table A.2). 
For green vegetation, there is a sharp order-of-magnitude increase in reflectance 
in  the  region  of the red-edge (680 nm to 750 nm) (Horler et al., 1983),  over  a  
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Table 3.2: Individual statistical measures per sensor for representative indices. 

1:1R2 
INDEX TC10 HYMAP TC05 RAPID-EYE IKONOS GEOEYE WV3 WV2 PLÉIADES QB 

ARI 0.576 -3.853 -0.624 -14.216 NA NA -34.998 -28.234 NA NA 
BGI2 NA 0.944 0.646 -0.260 -8.800 -1.320 -3.378 -0.670 -10.000 -7.200 
CTR1 NA NA 0.378 -4.199 NA NA -47.760 -40.060 NA NA 
DVI 0.966 0.999 0.983 0.993 0.877 1.000 0.986 1.000 0.995 0.958 
GEMI 0.972 1.000 0.986 0.994 0.887 1.000 0.988 1.000 0.995 0.962 
MSR 0.860 0.734 0.773 0.613 -0.450 0.716 0.177 0.625 0.039 0.085 

slope 
INDEX TC10 HYMAP TC05 RAPIDEYE IKONOS GEOEYE WV3 WV2 PLÉIADES QB 

ARI 0.616 -0.176 0.486 -1.135 NA NA -2.000 -1.715 NA NA 
BGI2 NA 1.019 1.012 0.953 0.594 0.967 0.848 0.984 0.544 0.693 
CTR1 NA NA 0.670 0.186 NA NA 0.423 0.489 NA NA 
DVI 1.058 1.012 0.959 0.971 0.859 1.009 0.953 0.999 0.974 0.920 
GEMI 1.004 1.005 1.001 0.994 0.909 0.998 0.961 0.998 0.965 0.956 
MSR 0.868 0.849 0.886 0.757 0.423 0.810 0.567 0.747 0.500 0.542 

intercept 
INDEX TC10 HYMAP TC05 RAPIDEYE IKONOS GEOEYE WV3 WV2 PLÉIADES QB 

ARI 2.071 7.105 4.196 12.547 NA NA 19.477 17.531 NA NA 
BGI2 NA 0.008 0.039 0.103 0.406 0.126 0.220 0.102 0.441 0.344 
CTR1 NA NA 1.312 3.520 NA NA 6.547 5.983 NA NA 
DVI 0.003 -0.001 -0.001 -0.001 -0.001 0.000 0.000 -0.001 -0.001 -0.001 
GEMI 0.019 -0.001 -0.015 -0.006 0.014 0.004 0.010 0.000 0.014 0.002 
MSR -0.064 -0.179 -0.238 -0.038 0.251 -0.087 0.183 0.003 0.301 0.199 

normalized intercept 
INDEX TC10 HYMAP TC05 RAPIDEYE IKONOS GEOEYE WV3 WV2 PLÉIADES QB 

ARI 1.460 5.010 2.958 8.846 NA NA 12.361 12.361 NA NA 
BGI2 NA 0.018 0.090 0.239 0.942 0.292 0.236 0.236 1.023 0.798 
CTR1 NA NA 0.532 1.426 NA NA 2.425 2.425 NA NA 
DVI 0.012 -0.003 -0.004 -0.004 -0.004 -0.001 2.425 2.425 -0.004 -0.004 
GEMI 0.029 -0.001 -0.024 -0.010 0.021 0.006 0.000 0.000 0.022 0.003 
MSR -0.026 -0.071 -0.095 -0.015 0.100 -0.035 0.001 0.001 0.120 0.079 

ccR2 
INDEX TC10 HYMAP TC05 RAPIDEYE IKONOS GEOEYE WV3 WV2 PLÉIADES QB 

ARI 0.910 0.067 0.654 0.489 NA NA 0.556 0.528 NA NA 
BGI2 NA 0.991 0.997 0.984 0.978 0.946 0.990 0.962 0.972 0.989 
CTR1 NA NA 0.785 0.035 NA NA 0.024 0.040 NA NA 
DVI 0.994 1.000 0.995 0.999 0.998 1.000 1.000 1.000 1.000 1.000 
GEMI 0.995 1.000 0.997 0.999 0.998 1.000 1.000 1.000 1.000 1.000 
MSR 0.998 0.999 0.999 0.999 0.989 0.999 0.996 0.999 0.992 0.995 
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Figure 3.3: Scatterplots for representative indices, showing the relationships between the original 
ASD data and the spectrally simulated data of various sensors. (a) DVI, (b) GEMI, (c) ARI, (d) 
CTR1, (e) BGI2 and (f) MSR. The dashed line represents the 1:1 line. 

 

relatively narrow wavelength range. Thus the position and width of the band in 
this transitional region will have a considerable effect on the reflectance 
measured by the sensor (Figure 3.2). A related and known problem for the 
cross-calibration of sensors is the spread of the SRFs for the red or near-infrared 
bands into the red-edge region (Gonsamo and Chen, 2013; Soudani et al., 2006; 
Trishchenko et al., 2002a). 

For cultivated grasslands, indices with mixed behaviour for the statistical 
measures comparing the simulated data to the original ASD data are for 
example BGI2 and MSR. They perform well for some sensors and less well for 
others, while also showing differing performance for the individual measures 
(Table 3.2). They show little scatter but their trend lines can deviate quite far 
from the ideal 1:1 line. The scatterplot of BGI2 (Figure 3.3e) is an example of 
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where both the ccR2 and the slope are reasonable but the 1:1R2 and the intercept 
are poor (Table 3.2 and Table B.1). The scatterplot of MSR (Figure 3.3f), on the 
other hand, is an example of where the ccR2 and intercept are reasonable but the 
1:1R2 and slope are poor (Table 3.2 and Table B.1). Both these scatterplots show 
instances where the relationship between the simulated sensor data and the 
original ASD data can be modelled despite their deviation from the 1:1 line. 
Thus despite the apparent poor 1:1R2, slope and intercept values, many indices 
may still be transferable across sensors as long as the relationship between the 
two sensors (for an index) is defined and the ccR2 value is close to 1. This is 
applicable regardless of the spatial resolution of the sensor and is in agreement 
with numerous studies that found that differences in SRFs cause systematic 
errors between data from different sensors (e.g., Chander et al., 2013b; Franke 
et al., 2006; Gonsamo and Chen, 2013; Trishchenko et al., 2002a). It should be 
noted that these relationships may not be linear. For example for the index MSR 
(Figure 3.3f), second order polynomial functions model the relationships 
between the ASD data set and the simulated data sets better than linear 
functions (with increases in the ccR2 values). The literature has examples of 
where linear translation functions are recommended (Gallo et al., 2005; 
Gonsamo and Chen, 2013; Steven et al., 2003; van Leeuwen et al., 2006) and 
where second order polynomial functions are recommended (D'Odorico et al., 
2013; Pandya et al., 2007; Trishchenko, 2009; Trishchenko et al., 2002a). 
Additionally, D'Odorico et al. (2013) found that the choice of regression model 
is more important than the choice of calibration data source. Worth noting, is 
that the WorldView-2 and -3 data have the same band widths and positions with 
only their SRFs differing (WorldView-2 with actual SRFs and WorldView-3 
with Gaussian curves), and yet their values for the various measures differ 
throughout this study (e.g., BGI2 in Figure 3.3e, Table 3.2). It is thus important 
that actual SRFs be used for spectral cross-calibration and not approximations 
such as Gaussian curves. 

For some indices, no or only weak relationships are apparent (low ccR2 values), 
with much scattering around the trend line (e.g., ARI, Figure 3.3c). In these 
cases, these indices are not suitable for cross-calibration between these sensors 
as there are non-systematic biases resulting from the different SRFs. It should 
however be noted that the relationships examined in this study are to the 
narrowband ASD data. It is possible that for these indices there may be strong 
relationships between two of the other sensors, particularly if they have similar 
band widths and positions. Several indices were excluded from this study as 
they are not appropriate for many sensors since they were designed for narrow 
spectral features and the bands in the sensors simply either do not cover that 
region of the electromagnetic spectrum or are too broad. Furthermore, certain 



Chapter 3 

73 

indices (particularly those related to moisture) make use of reflectance in the 
short-wave infrared (SWIR) which is not covered by many sensors and were 
thus also excluded from the current study. Examples are the Photochemical 
Reflectance Index (PRI) which uses reflectance at 528nm and 567nm (Gamon 
et al., 1992) and the Normalized Difference Water Index (NDWI) which uses 
reflectance at 860nm and 1240nm (Gao, 1996).  

When applied to images, accounting for other parameters such as atmospheric 
variables, solar and observational geometries, spatial resolution, etc. (Teillet et 
al., 2007; Trishchenko et al., 2002a; van Leeuwen et al., 2006) is necessary to 
achieve high cross-calibration accuracy. The effect that different spatial 
resolutions of various sensors have on NDVI and other index values depends on 
the nature (and spatial extent) of the target (Teillet et al., 1997). A related, but 
often neglected, consideration is the effects of the change in support (scale 
effect) between sensors which affects items such as the variance (Dungan, 
2001) and range (Wong, 2009) of values measured by various sensors. It has 
been recommended (Franke et al., 2006; Trishchenko et al., 2002a) that step-
wise correction be applied for cross-calibration between sensors, with SRF 
effects being corrected first followed by correcting for residual factors such as 
atmospheric conditions, sun- and viewing angles and spatial resolution.  

3.3.2 Correlation to inspection indicators  

3.3.2.1 Soil moisture 

Cundill et al. (2014) show that several spectral indices correlate with the soil 
moisture quality indicator for grass covered dikes, where they function as 
proxies for the vegetation’s response to available soil moisture. In the current 
chapter, indices which have the highest correlations to soil moisture across all 
sensors are RVI, GRR, MSR, GM2, and mSR705 (mean |r| > 0.550, Table C.1). 
These results are similar to what Cundill et al. (2014) found using only the 
original ASD data, where RVI1, NIRRR, RVI (which are all variants of near-
infrared:red ratio) and a broadband green:red ratio have the highest correlations 
to soil moisture. GRR is equivalent to the broadband green:red ratio and RVI 
and MSR are variants of the ratio near-infrared:red. Indices that were identified 
in the previous section as transferring particularly well between sensors (i.e., 
DVI, EVI, GEMI, MCARI1, MSAVI2, MTVI1, RDVI, SARVI and SAVI, see 
Table B.1), but which all make use of the difference between the near-infrared 
and red bands, do not have high correlation coefficients for soil moisture (mean 
|r| < 0.210; Table C.1). GM2 and mSR705 make use of near-infrared:red-edge 
ratios. This appears contrary to what was discussed in the previous section, 
where the use of the transitional red-edge region indicated that an index would 
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not transfer well. However, indices ARI, CARI, CRI700, CTR1 and mARI 
(which make use of the red-edge band and have low ccR2 values) primarily use 
a form of the difference between the red-edge band and the green band 
(Table A.2), with the exception of CTR1 (which uses a red-edge:blue ratio). It 
would thus seem that indices that ratio the near-infrared and red-edge bands can 
be used for correlation with soil moisture of grass covered surfaces. Further, it 
would also appear that for correlation to soil moisture, the proportional (ratio) 
reflectance of bands is important for adjusting for the effects of SRFs on indices 
rather than the difference in reflectance between bands.  

This indeed would seem to be true. When examining vegetation spectra, there is 
an order-of-magnitude increase from red to near-infrared. Decreasing plant 
water content causes physiological changes that result in an increase in the near-
infrared reflectance and a lesser increase in the red reflectance (Jensen, 2007; 
Lee et al., 2007). However, proportionally the increase in the red reflectance is 
larger because of relatively low absolute reflectance values. This explains why 
the RVI and MSR indices, and also the GM2 and mSR705 indices, work well for 
soil moisture of grass covered surfaces while the DVI, EVI, GEMI, MCARI1, 
MSAVI2, MTVI1, RDVI, SARVI and SAVI indices do not (Table C.1). For the 
GRR index, decreasing plant water content results in an overall increase in 
reflectance in the visible wavelengths (400–700 nm) due to leaf pigments’ 
physiological dependence on water (Carter, 1993; Rodríguez-Pérez et al., 
2007), with a greater proportional increase in red reflectance than in green (as 
observed in Carter, 1993: Fig. 2). Positive correlations were also found between 
GRR and water potential in a study by Rodríguez-Pérez et al. (2007) on 
grapevines. Further, with extreme water deficiencies, leaves turn yellow or 
brown (leaf firing) and ultimately result in an increase in standing litter (dead 
vegetation). Standing litter affects reflectance in that, similar to water deficit 
stress, there is an overall increase in reflectance in the visible spectrum, with a 
greater proportional increase in red than in green reflectance, although with 
much larger increases in magnitude (as observed in Asner, 1998: Fig. 8). Thus, 
for the current study, where there is also dead vegetation (most likely due to 
water deficit), the GRR index also correlates relatively well with soil moisture. 
Overall, the narrowband sensors appeared to perform better than the broadband 
sensors for the five indices with the highest correlations to the soil moisture 
indicator (Table C.1). However, the broadband RapidEye, GeoEye-1 and 
WorldView-2 sensors also performed relatively well. 

3.3.2.2 Cover quality 

Cundill et al. (2014) found that several spectral indices correlate with the cover 
quality indicator. In the current chapter, indices NDVI705, mNDVI705, mSR705, 
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GM2, CTR2, RGI, GRR and NGRR have the highest correlations to cover 
quality across all the sensors (mean |r| > 0.580, Table C.2). Indices NDVI705, 
mNDVI705, mSR705, GM2 and CTR2 use near-infrared and red-edge bands and 
the remaining three (RGI, GRR and NGRR) use green and red bands. These 
indices use either the ratio between the bands (i.e., mSR705, GM2, CTR2, RGI 
and GRR) or the difference between the bands (i.e., NDVI705, mNDVI705 and 
NGRR). Cover quality for the dike is determined by the presence and 
proportions of healthy grass, dry dead grass (standing litter) and bare soil. 
Dense green grass cover, with high LAI values, affect the reflectance spectra in 
that there is an order-of-magnitude increase in the near-infrared reflectance, an 
increase in the red-edge, a decrease in the red reflectance and little change in the 
green (as observed in Asner, 1998: Fig. 5). The presence of standing litter and 
bare soil affect the whole spectrum but non-linearly, with, for example, larger 
increases in reflectance in the red than the green (as observed in Asner, 1998: 
Fig. 2, 3, 8 & 9). The combined effects of the amount of lush green vegetation, 
standing litter and bare soil on reflectance are such that relationships to cover 
quality can be established using indices NDVI705, mNDVI705, mSR705, GM2, 
CTR2, RGI, GRR and NGRR.  

Although these indices were not those found by Cundill et al. (2014) to have the 
highest correlations for the original ASD data (of which the highest is 0.630 for 
an index not valid for this study), their values still range between ±0.567 and 
±0.580 for this data set (Table C.2). Indices that were identified in the previous 
section as transferring particularly well between sensors (i.e., DVI, EVI, GEMI, 
MCARI1, MSAVI2, MTVI1, RDVI, SARVI and SAVI, see Table B.1), all make 
use of the difference between the near-infrared and red bands and do not have 
high correlation coefficients for cover quality (mean |r| < 0.205, Table C.2). 
However, some indices that make use of the near-infrared and red bands 
(e.g., NDVI, RVI) have correlations for the original ASD data in the range of 
±0.576 and ±0.583, with mean |r| values in the range of 0.578 and 0.580 across 
all sensors (Table C.2). These include indices that ratio the near-infrared bands 
as well as those that difference them. Thus correlation to cover quality depends 
not only on the bands used by the index but also the computation of the index, 
which cannot be simply separated based on ratio or difference. 

Although the indices that performed well for cover quality were designed for 
narrowband sensors, the spectral features for cover quality in the green, red and 
near-infrared are broad. Thus for an application such as grass cover quality 
assessment, broadband sensors can perform as well and sometimes better than 
narrowband sensors. This is in agreement with other studies which found that 
for some applications broadband indices perform almost as well or better than 
the equivalent narrowband indices (Broge and Leblanc, 2000; Elvidge and 



Adjusting Spectral Indices for Spectral Response Function Differences  

76 

Chen, 1995), particularly if attention is paid to the position of the bands (Zhao 
et al., 2007) and the parameter which is being estimated (Yoder and Waring, 
1994). This is favourable for the implementation of operational systems for 
monitoring and assessing cultivated grasslands, including dike inspection and 
monitoring, because broadband satellite data are cheaper and more easily 
available than airborne and narrowband data.  

3.4 Conclusions 
This chapter examined the effects of differing spectral response functions 
(SRFs) on the cross-calibration of a large number of indices across various very 
high spatial resolution sensors for cultivated grasslands. The data for the various 
sensors were simulated by convolving field reflectance spectra using sensor 
specific SRFs, which enabled the investigation of the SRF effects alone without 
being affected by other factors such as atmospheric condition or spatial 
resolution. Index values calculated from data of sensors with differing spectral 
response functions are not directly comparable. Broadband indices DVI, GEMI, 
EVI, MSAVI2 and SAVI render the most similar values per index across all 
sensors tested (1:1 line mean 1:1R2 > 0.960 and linear trend mean ccR2 > 0.997), 
but despite their similarity, there are differences which should be adjusted for 
when comparing absolute index values between sensors. For many indices, the 
index values altered significantly with the changing spectral resolution of the 
sensors. However, in most cases, relationships could be established between the 
index values for different sensors and the narrowband ASD data. The width and 
position of bands that fall within transitional regions of the spectrum (e.g., red-
edge) adversely affect the relationships for indices that use these bands. The 
correct definition of the relationship is necessary for accurate adjustment of 
SRF effects and is often linear or second order polynomial. Thus adjusting for 
the effects of SRFs on indices between sensors of different spectral resolutions 
is possible as long as the relationship of the index values between these sensors 
can be modelled and the square of the correlation coefficient (ccR2) is close to 
1. It is crucial that the full definition of the SRFs be used and not only the band 
widths and positions. It is recommended that when applied to indices obtained 
from images of different sensors, not only SRF effects should be considered but 
also the effects of items such as atmospheric conditions, solar and observational 
geometries, spatial resolution and change in support. 

The performance of indices across sensors was tested for an application. 
Correlations to two indicators were tested in the context of inspection and 
monitoring of grass covered dikes, although the results could be more generally 
applied to cultivated grasslands. For the soil moisture indicator, indices that 
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ratio bands performed better across sensors than those that difference bands, 
with ratios using the near-infrared and red bands out-performing others. 
Although the index values were different between sensors, the correlation 
coefficients were similar because the relationships between the sensors could be 
defined. Similarly, various indices had similar correlation coefficients across 
different sensors to the indicator of cover quality. However, for this indicator, 
the bands used by the index affect the performance as well as how they are 
applied. The results show that for certain indices, sensors with broad spectral 
bands can perform almost as well or better than narrowband sensors for the 
estimation of these parameters and that for many indices it is not necessary to 
have narrowband data if the appropriate bands are defined in the broadband 
system. 
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4 Comparison of Indices from Field 
Spectral Measurements and 
Satellite Imagery as Proxies for 
Dike Inspection Indicators 3 

 

  

                                                      
3 This chapter has been submitted for publication as: Cundill, S.L., van der Werff, 
H.M.A., van der Meijde, M., van der Meer, F.D. & Hack, H.R.G.K. (in review). 
Comparison of indices from field spectral measurements and satellite imagery as 
proxies for dike inspection indicators. 
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4.1 Introduction 
Remote sensing data are widely used as proxies for various parameters, notably 
relating to vegetated surfaces (e.g., Daughtry et al., 2000; Gitelson et al., 2014; 
Hall et al., 1992; Houborg et al., 2013). Recently, various ground-based field 
remote sensing data were researched as proxies for two indicators, cover quality 
and soil moisture, used for inspection of grass covered dikes (Cundill et al., 
2014). Grass cover is one of the most common forms of surface cover on dikes 
(CIRIA et al., 2013). The grass cover protects against external erosion, inhibits 
infiltration and the roots help prevent sliding (CIRIA et al., 2013). Although 
dike inspection procedures and regulations vary between (and even within) 
countries, inspections are most often done by visual examination, ideally on 
foot (CIRIA et al., 2013). Inspectors evaluate the quality of the grass cover 
taking into account such items as the cover density, grass health, absence of 
grass and presence of weeds, dead vegetation or debris (Bakkenist et al., 2012a; 
CIRIA et al., 2013; USACE, 2006). Additionally, discontinuous grass cover 
may be indicative of other issues (e.g., erosion, slumps, slides, burrowing 
animals) (CIRIA et al., 2013). A further indicator that inspectors consider for 
grass covered dikes is soil moisture content. Excess soil moisture may soften 
soils, weaken shear strength and decrease stability, while also being indicative 
of other possible issues such as internal erosion (CIRIA et al., 2013). 
Desiccation of dike soils may lead to the loss of weight, soil shrinkage and the 
formations of cracks, which in turn can decrease stability, reduce crown height 
and increase the risk of seepage. Cracks may also cause increased infiltration 
resulting in further instability (CIRIA et al., 2013). Inspectors look for standing 
or pooling water, increased vegetation growth due to increased water 
availability, yellowing or dead vegetation due to water deficiency and the 
presence of cracks (Bakkenist et al., 2012b; CIRIA et al., 2013; USACE, 2006).  

The dike inspection process could be facilitated by the use of remote sensing 
data since large areas can be covered in a relatively short space of time. In a 
proof-of-concept study, Cundill et al. (2014) investigated the potential use of 
remote sensing data as proxies for the two indicators of cover quality and soil 
moisture for grass covered dikes. They used ground-based point field 
measurements from narrowband hyperspectral, and broadband multispectral, 
visible and thermal instruments as well as measuring soil moisture and 
assessing cover quality. Cundill et al. (2014) found relationships and similar 
spatial patterns between the two indicators and various remote sensing data. The 
use of field measurements is a commonly used approach to investigate the 
relationships between the parameter of interest and remote sensing data (e.g., 
Peñuelas et al., 1995a; Gitelson et al., 2005; Zhang et al., 2012a). However, 
field measurements, although useful, do not provide contiguous data coverage 
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and are also time-consuming and labour-intensive to collect. Imagery provides 
contiguous coverage over large areas and thus a subsequent step is to evaluate 
remote sensing image data against field measurements for the parameter of 
interest, as the change in spatial scale is a recognized problem (Moreno and 
Melia, 1992; Fisher et al., 2006; Baccini et al., 2007). Further, at an operational 
level, the use of airborne or satellite imagery is required in order to obtain data 
with the necessary coverage. An important question is how the data from 
imagery compare to what is measured in the field and to the parameters of 
interest. 

The aim of this chapter is to compare and evaluate the remote sensing 
measurements obtained from satellite imagery to those obtained in the field for 
assessing soil moisture and cover quality indicators for the inspection of grass 
covered dikes. Index values obtained from satellite image data and those 
obtained from field data for a section of grass covered in situ peat dike are 
examined and possible reasons for discrepancies are discussed. As with all 
sensor cross-calibration, a number of factors could contribute to measurements 
not being directly comparable. These include sensor specific and scene specific 
differences. The relationships of both the image and field data to the indicators 
are studied and findings are discussed.  

4.2 Materials and Methods 
The study site is a section of a dike located near Gouda in the Netherlands 
(Figure 4.1). It is an in situ peak dike, covered with a thin mixed layer of peat 
and clay and a grass cover. It is reported by the local authorities to have 
problems, notably due to seepage and possibly subsidence. It is thought that 
parts of the dike are influenced by a long-term subsurface process with 
upwelling water (Cundill et al., 2014). Measurements were made during one of 
the driest summers on record, which allowed for a range of soil moisture and 
cover quality conditions to be represented. The dike section is about 60 m wide 
and westerly-facing with a gentle slope over about 45 m. The soils are 
predominately strongly-clayey peat. The dike has a grass cover which is mowed 
regularly for hay production, as well as used directly for grazing. The condition 
of the grass at the time of measurement varied from extremely lush and green to 
substantial proportions of dry, dead grass (standing litter) and some bare soil. It 
had not been recently mowed.  
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Figure 4.1: Maps of (a) the Netherlands showing the location of the study site and (b) the d ke and 
surrounding area, with (c) the section of dike (vertical scale exaggerated). WorldView-2 panmerge 
image (© DigitalGlobe, Inc. All Rights Reserved) draped over the Actueel Hoogtebestand Nederland 
AHN2 digital elevation model data. The black dots represent the locations for which field 
measurements were recorded. 

 

4.2.1 Data 
The ground-based field measurements for this study were recorded on 15 July 
2010 at 54 point locations within the 35 m (width) by 45 m (length) study area 
(Figure 4.1) which covers both the supposed seepage region, which is several 
metres in diameter, and a broad region around it which represents natural 
conditions of the dike system. The experiment setup is described in detail in 
Cundill et al. (2014) and the most relevant parts are summarized below. The 
measurement grid consisted of six lines along the dike, with nine points per line 
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at 5 m spacing. The ground-based field remote sensing data set are 
hyperspectral reflectance spectra recorded using an ASD FieldSpec Pro 
spectrometer (Analytical Spectral Devices, Boulder, CO, USA) with an 
8° foreoptic (Table 4.1) and a calibrated Spectralon® panel was used to 
calculate reflectance. This data set and products (i.e., indices) are referred to as 
the ASD data sets in the remainder of the chapter (Table 4.2). As a result of the 
used foreoptic, each point location covered an area of about 30 cm by 40 cm, 
for which both indicators and remote sensing data sets were recorded. 
Volumetric soil moisture for each location was measured using a ThetaProbe 
Soil Moisture Sensor-ML2x (by Delta-T Devices Ltd, Cambridge, UK). Nine 
sets of measurements were taken over a 24 hour period and since no diurnal 
trend was observed, the mean values were used for the soil moisture indicator. 
For the cover quality indicator, the dike cover was assessed for each location 
and allocated to either a good, medium, poor or bad quality class. The 
evaluation criteria include grass density, canopy cover and health as well as the 
presence and quantity of standing litter (dead plant material), debris, weeds and 
bare soil. The spatial patterns of the two indicators for dike inspection are 
shown by the maps in Figure 4.2. 

The satellite image used in this chapter is a WorldView-2 image (Table 4.1; 
DigitalGlobe, Longmont, CO, USA). It was selected since it has the very high 
spatial resolution required to provide sufficient pixels to cover the narrow 
structure of the dike, it has eight spectral bands (more than most other very high 
spatial resolution satellite sensors) and it was recorded on 14 July 2010, a day 
before the ASD reflectance spectra. In addition, WorldView-2 data are shown to 
exhibit high spectral compatibility with ASD data (as observed in Cundill et al., 
2015; see ccR2 in Table B.2). The processing level of the WorldView-2 image 
is 2A and digital numbers were converted to radiance using the ENVI 5.0 
 
Table 4.1: Sensor characteristics of the ASD FieldSpec Pro spectrometer and WorldView-2 sensor. 

CHARACTERISTIC ASD FIELDSPEC PRO WORLDVIEW-2* 
Nominal spatial resolution 
 

30 – 40 cm 
(for this study) 

2 m 

Spectral resolution Continuous: 
350 nm – 2500 nm range 
1 nm sampling interval  
2–3 nm band width 

8 bands: 
396 – 458 nm (coastal) 
442 – 515 nm (blue) 
506 – 586 nm (green) 
584 – 632 nm (yellow) 
624 – 694 nm (red) 
699 – 749 nm (RE) 
765 – 901 nm (NIR1) 
856 – 1043 nm (NIR2) 

   
  * (DigitalGlobe, 2013a) 
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Table 4.2: Summary of data sets, and their abbreviations, used in this chapter. 

DATA SET  DESCRIPTION OF DATA SETS 
Soil 
moisture 

Data set for the soil moisture indicator for inspection of grass covered dikes, 
consisting of mean volumetric soil moisture measurements for 54 point locations on 
a grass covered dike obtained using a ThetaProbe Soil Moisture Sensor. 

Cover 
quality 

Data set for the cover quality indicator for inspection of grass covered dikes, where 
the quality of the grass cover was assessed for 54 point location on a grass covered 
dike and allocated to one of four classes. 

ASD Reference data set of narrowband hyperspectral ground-based field reflectance 
spectra obtained using an ASD FieldSpec Pro spectrometer, consisting of spectra 
for 54 point locations on a grass covered dike. Includes product data sets (i.e., data 
sets for various indices). 

Sim Simulated data set convolved from the ASD data set using the spectral response 
functions (SRFs) of the WorldView-2 sensor. Includes product data sets (i.e., data 
sets for various indices). 

SimAdj The simulated data set that has been adjusted to correct for the spectral differences 
between the ASD FieldSpec Pro sensor and the WorldView-2 sensor using a 
translation function. Includes product data sets (i.e., data sets for various indices). 

Img54 The data set obtained from the WorldView-2 image, where the pixel values were 
extracted from the reflectance image for the 54 point locations. Includes product 
data sets (i.e., data sets for various indices). 

Img54Adj The image data set (for the 54 point locations) that has been adjusted to correct for 
the spectral differences between the ASD FieldSpec Pro sensor and the WorldView-
2 sensor using a translation function. Includes product data sets (i.e., data sets for 
various indices). 

ImgAdj The image clipped to the study area boundary and where the index values have been 
adjusted to correct for the spectral differences between the ASD FieldSpec Pro 
sensor and the WorldView-2 sensor using a translation function. The data set 
includes all the WorldView-2 image pixels within the study area. Includes product 
data sets (i.e., data sets for various indices). 

 

software (Exelis Visual Information Solutions, Inc., Boulder, CO, USA). 
Reflectance values were then calculated using ENVI’s FLAASH atmospheric 
correction module (Adler-Golden et al., 1998; Adler-Golden et al., 1999), 
which incorporates the MODTRAN4 radiation transfer code (Berk et al., 1998). 
FLAASH supports the WorldView-2 sensor, correcting for scene specific sun 
and viewing angles. The atmospheric model applied was Mid-Latitude Summer, 
with the Rural aerosol model and initial visibility set to 35 km (from nearest 
weather station) (KNMI, 2011). Pixel values were extracted from the 
WorldView-2 reflectance image for each of the eight bands for the 54 locations 
for which the ASD reflectance data were collected. This point data set and 
products are referred to as the Img54 data sets (Table 4.2). 
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Figure 4.2: Maps showing the spatial distr bution and values for the two indicators used in this 
study, namely (a) soil moisture indicator and (b) cover quality indicator. The values are interpolated 
from the point data for the 54 locations (black dots) using natural neighbour algorithm. The study 
area is outlined by the black rectangle and the background image is the panchromatic WorldView-2 
image (© DigitalGlobe, Inc. All Rights Reserved). 

 

4.2.2 Translation functions 
Variations in spectral response functions (SRFs) between sensors are considered 
one of the main causes of differences in reflectance data and derived products 
(Chander et al., 2013b; Trishchenko et al., 2002a). Since the SRFs of the 
WorldView-2 sensor are known, it was decided to correct for the differences in 
SRFs between the WorldView-2 sensor and ASD FieldSpec Pro sensor before 
continuing with further analysis. A common approach is to use translation 
functions (Gonsamo and Chen, 2013; Steven et al., 2003; Trishchenko et al., 
2002a), which convert the reflectance or product values of one sensor to 
equivalent values of another by adjusting for differences in SRFs. These 
translation functions are usually defined by modelling the relationships between 
simulated data sets from two different sensors, where the differences in 
reflectance or product values are due to the differences in sensor SRFs.  

Following the method described in Cundill et al. (2015), the ASD reflectance 
spectra were convolved using the SRFs of the WorldView-2 sensor. The only 
differences between these simulated data and the ASD data are due to 
differences in the SRFs. These simulated data (and products) are referred to as 
the Sim data sets in this chapter (Table 4.2). Translation functions were defined 
based on relationships between ASD and Sim data sets. Although Cundill et al. 
(2015) used linear regression in their study (which included the WorldView-2 
and ASD FieldSpec Pro sensors), D'Odorico et al. (2013) found that the choice 
of regression model is more important than the choice of calibration data 
source. It was therefore decided to also test second degree polynomial functions 
for this chapter, since in the literature there are examples of where linear 
translation functions are recommended (Gallo et al., 2005; Gonsamo and Chen, 
2013; Steven et al., 2003; van Leeuwen et al., 2006) and where second degree 
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polynomial functions are recommended (D'Odorico et al., 2013; Pandya et al., 
2007; Trishchenko, 2009; Trishchenko et al., 2002a). Best-fit translation 
functions were selected based on highest coefficients of determination (R2). 
However, since similar wavelengths are used, bands and products are not 
independent and so no statistical confidence should be inferred from the 
R2 value. The best-fit translation functions (see Table 4.4 in the Results section) 
were applied to the Sim and Img54 data sets to create ASD-equivalent values 
and are referred to as SimAdj and Img54Adj data sets respectively (Table 4.2). 
Likewise, the translation functions were applied to the index values for the 
WorldView-2 image, which was clipped to the study area boundary (thereby 
including all pixels within the study area). This spectral resolution adjusted 
image and product data sets are referred to as the ImgAdj data sets (Table 4.2). 

4.2.3 Indices 
Cundill et al. (2015) explored relationships between numerous spectral indices 
from simulated data of ten very high spatial resolution sensors to two indicators 
for the same study site. They found that ten indices (Table 4.3) have the 
strongest mean correlations across all ten sensors, indices RVI, GRR, MSR, 
GM2, and mSR705 for the soil moisture indicator and indices NDVI705, 
mNDVI705, mSR705, GM2, CTR2, RGI, GRR and NGRR for the cover quality 
indicator. There is some overlap in indices between the indicators (i.e., GRR, 
GM2 and mSR705) due to the long-term subsurface process that affects both the 
cover quality and soil moisture of the dike. Many of these indices are of the 
same types that Cundill et al. (2014) found to perform well for the soil moisture 
and cover quality indicators. It was thus decided to use these ten indices for the 
current study. The index values for the ten indices were calculated for the ASD, 
Sim and Img54 data sets according to the equations in Table 4.3. 

4.2.4 Analysis methods 
Univariate statistical measures and boxplots were generated to explore and 
compare data sets. To further compare the data sets to the field ASD data sets, 
three bivariate measures were calculated for the Sim, SimAdj, Img54 and 
Img54Adj data sets.  

The first of the bivariate measures is a variant of the coefficient of 
determination (denoted as r2

1:1) and is calculated as a function of the 1:1 line 
(Eq. 4.1) similar to the Nash-Sutcliffe efficiency (Nash and Sutcliffe, 1970), and 
not as a function of the trend line. It therefore provides information on the 
overall deviation of the index values for a data set from the index values for the 
field  ASD  data  set.  The ideal value of 1 is not expected  since  the  translation  
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Table 4.3: Indices used in this chapter. 

INDEX NAME (ABBREV.) EQUATION FOR
ASD DATA  

EQUATION FOR
WORLDVIEW-2
DATA 
(i.e., Sim, Img54) 

REFERENCE 

Carter Index 2 (CTR2) R695/R760  RRE/RNIR1 (Carter, 1994) 

Gitelson and Merzlyak 2 
(GM2) 

R750/R700 RNIR1/RRE (Gitelson and 
Merzlyak, 1997) 

Green/Red Ratio (GRR) R554/R673 Rgreen/Rred (Kanemasu, 1974; 
Rodríguez-Pérez et 
al., 2007) 

Modified Red Edge 
Normalized Difference 
Vegetation Index 
(mNDVI705) 

(R750−R705)/ 
(R750+R705 −2* 
R445) 

(RNIR1−RRE)/ 
(RNIR1+RRE −2* 
Rcoastal) 

(Sims and Gamon, 
2002) 

Modified Simple Ratio 
(MSR) a 

(R800/R670 −1) / 
[(R800/R670)0 5 +1] 

(RNIR1/Rred −1) / 
[(RNIR1/Rred)0 5 +1] 

(Chen, 1996) 

Modified Simple Red Edge 
Ratio Index (mSR705) 

(R750−R445) / 
(R705−R445) 

(RNIR1−Rcoastal) / 
(RRE−Rcoastal) 

(Sims and Gamon, 
2002) 

Normalized Green/Red Ratio 
(NGRR) 

(R673−R554) / 
(R673+R554) 

(Rred−Rgreen) / 
(Rred+Rgreen) 

(Rodríguez-Pérez et 
al., 2007) 

Ratio Vegetation Index 
(RVI) a 

R800/R673 RNIR1/Rred (Jordan, 1969; 
Rodríguez-Pérez et 
al., 2007),  

Red Edge Normalized 
Difference Vegetation Index 
(NDVI705) 

(R750−R705) / 
(R750+R705) 

(RNIR1−RRE) / 
(RNIR1+RRE) 

(Sims and Gamon, 
2002) 

Red/Green Index (RGI) R690/R550 Rred/Rgreen (Zarco-Tejada et al., 
2005) 

R: Reflectance at specified wavelength (in nanometres) or band 

a Original index was for a broadband sensor 

functions already have R2 values below 1 (see Table 4.4 in the Results section). 
Further, for the WorldView-2 image data sets, it is anticipated that the increase 
in spatial resolution and other sensor and scene specific differences will 
increase the deviation from the 1:1 line. Values outside of the typical 0 to 1 
range are possible since the test, in this case, is not using modelled values.  

𝑟𝑟21:1  = 1 −  
∑  (𝑦𝑦𝑖𝑖 −  𝑦𝑦�𝑖𝑖)2𝑖𝑖
∑ (𝑦𝑦𝑖𝑖  −  𝑦𝑦�)2𝑖𝑖

(4.1) 
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where 𝑦𝑦𝑖𝑖 denotes index values for the field ASD data set, 𝑦𝑦�𝑖𝑖 denotes index 
values for the simulated or image data set, and 𝑦𝑦� denotes the mean of the index 
values for the field ASD data set. 

The second bivariate measure, the mean percentage difference (Eq. 4.2), is used 
to evaluate the differences between the field ASD data sets and the other data 
sets. This measure is useful for comparing data sets for the same index but not 
across indices since the measure is not standardized. Ideally, the mean 
percentage difference should be 0 indicating that there is no difference between 
the data sets. As for the r2

1:1, the ideal is not expected. 

𝑚𝑚𝑚𝑚𝑎𝑎𝑚𝑚 % 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑. =  
1
𝑚𝑚

 � � �
𝑦𝑦�𝑖𝑖 − 𝑦𝑦𝑖𝑖  

(𝑦𝑦�𝑖𝑖 + 𝑦𝑦𝑖𝑖)/2�
 × 100�

𝑖𝑖
  

 (4.2) 

where 𝑦𝑦𝑖𝑖 denotes index values for the field ASD data set, and 𝑦𝑦�𝑖𝑖 denotes index 
values for the simulated or image data set. 

The third bivariate measure is Hedges’s g (Eq. 4.3), which is one estimate of 
effect size. Effect size is a generic term referring to the magnitude and direction 
of the relationship of interest (other examples include correlation coefficient 
and coefficient of determination). Hedges’s g is a standardized measure of the 
difference between two means, used to assess the difference between two 
groups (Ellis, 2010). Ideally, Hedges’s g should be 0 indicating that there is no 
difference between the data sets. Hedges’s g can be grouped into effect size 
classes (Ellis, 2009) based on the Cohen’s (1988, as cited in Ellis, 2009) and 
Rosenthal’s (1996, as cited in Ellis, 2009) thresholds of 0.20 for small, 0.50 for 
medium, 0.80 for large and 1.30 for very large effect size and where an effect 
size of less than 0.20 is considered trivial. Effect size should be preferably 
interpreted in context of the problem under study (Ellis, 2010).  

𝐻𝐻𝑚𝑚𝑑𝑑𝐻𝐻𝑚𝑚𝑠𝑠′𝑠𝑠 𝐻𝐻  =  
�̅�𝑏1 −  �̅�𝑏2
𝑠𝑠∗

 
 (4.3) 

𝑠𝑠∗   =  �
(𝑚𝑚1 − 1)𝑠𝑠12 +  (𝑚𝑚2 − 1)𝑠𝑠22

𝑚𝑚1 + 𝑚𝑚2 − 2
  

  

where �̅�𝑏1 denotes the mean of the index values for the field ASD data set, �̅�𝑏2  
denotes the mean of the index values for the simulated or image data set, 𝑚𝑚1 
denotes the number of cases for the field ASD data set, 𝑚𝑚2 denotes the number 
of cases for the simulated or image data set, 𝑠𝑠1  denotes the standard deviation 
for the field ASD data set and 𝑠𝑠2  denotes the standard deviation or the 
simulated or image data set. 
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Correlations of the ASD, Img54 and Img54Adj product data sets to the 
indicators were calculated. The Pearson correlation coefficient was used for the 
soil moisture indicator and the Spearman correlation coefficient was used for 
the ordinal cover quality indicator. Spatial patterns were visualized either using 
the image itself or by interpolating the data for the 54 locations using the natural 
neighbour algorithm of ArcGIS 10.2 (from ESRI, Redlands, CA, USA). 

4.3 Results and Discussion 

4.3.1 Translation functions 
Translation functions, to correct for spectral resolution differences between 
sensors, were defined based on relationships between ASD and Sim data sets, 
where for all ten indices second degree polynomial functions rendered higher 
coefficients of determination (R2) than for linear functions. Since the R2 values 
are less than 1, not all biases caused by differing SRFs could be modelled and 
adjusted. Translation functions with R2 values less than 0.995 are for indices 
that include the red-edge band. Cundill et al. (2015) note that reflectance 
measured for bands in transitional regions of the spectrum (i.e., where the slope 
of the spectrum changes such as in the red-edge region for vegetation) are 
noticeably influenced by the position and width of these bands and that 
relationships between sensors for indices that use these bands are thus adversely 
affected. The second degree polynomial functions (Table 4.4) were applied to 
the Sim, Img54 and image data sets to render the respective spectral resolution 
adjusted (i.e., ASD-equivalent) SimAdj, Img54Adj and ImgAdj data sets.  

4.3.2 Comparison of field and image data 
Based on the bands used, the ten indices (Table 4.3) can be divided into three 
groups, namely those that use green and red bands, those that use red and near-
infrared bands and those that use red-edge and near-infrared bands. For each 
group, indices RGI, MSR and GM2 were respectively selected as representative 
based on the R2 values presented in Table 4.4. While indices MSR and RGI 
have the highest R2 values, index mNDVI705 has the lowest R2 value and thus 
was also added to the selection of representative indices. Boxplots (Figure 4.3), 
bar graphs of the bivariate statistics (Figure 4.4) and maps showing spatial 
patterns (Figure 4.5) are presented for representative indices. Bivariate statistics 
for all ten indices are given in Table D.1.  
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Table 4.4: Best-fit translation functions for correcting differences in spectral resolution between the 
ASD FieldSpec Pro and WorldView-2 sensors for grass cover of varying conditions, where x is the 
WorldView-2 value and y the ASD-equivalent value. 

INDEX TRANSLATION FUNCTION R² 

CTR2 y = 10.543x2 − 10.312x + 2.6175 0.917 

GM2 y = −0.7182x2 + 10.978x − 12.902 0.965 

GRR y = 0.2016x2 + 0.9764x − 0.0532 0.997 

mNDVI705 y = −11.474x2 + 9.6459x − 1.272 0.882 

MSR y = −0.0153x2 + 1.4023x − 0.0598 0.999 

mSR705 y = −1.0929x2 + 11.548x − 13.737 0.944 

NGRR y = 0.1677x2 + 1.2639x − 0.0575 0.998 

RVI y = 0.0095x2 + 1.0507x − 0.3939 0.997 

NDVI705 y = −9.8017x2 + 7.8828x − 0.9032 0.951 

RGI y = 0.1583x2 + 0.8682x + 0.0218 0.999 

 

Comparing the results for the Sim and SimAdj data sets (Figures 4.3 and 4.4), it 
can be seen that the translation functions reduced the differences between the 
simulated data sets and the field ASD data sets. The r2

1:1 values improved closer 
to 1, the mean percentage differences improved to less than 13 % and the 
Hedges’s g values reduced to 0.00 for all indices. As previously mentioned, not 
all the differences caused by spectral resolution could be modelled (Table 4.4, 
R2 < 1) and thus corrected, and so some uncertainty remains (especially for 
lower R2 values). This is particularly evident for GM2 (R2 = 0.965) and 
mNDVI705 (R2 = 0.882), where the bivariate statistical measures (Figure 4.4) 
have higher values than for MSR (R2 = 0.999) and RGI (R2 = 0.999). 
Comparing the results for the Img54 and Img54Adj data sets (Figures 4.3 and 
4.4), it can likewise be seen that the translation functions reduced the 
differences between the image data sets and the field ASD data sets. For all 
indices except RGI, r2

1:1 values improved and both the mean percentage 
difference and Hedges’s g reduced in value. As expected, the Img54Adj data 
sets are less similar to the field ASD data sets than the SimAdj data sets, as are 
the Img54 data sets than the Sim data sets (Figures 4.3 and 4.4). Since these 
data sets have the same spectral resolution, the differences undoubtedly arise 
from some other source. Possible sources for these differences are discussed in 
the following paragraph.  

There are a number of possible causes for differences between data sets. 
Atmospheric influences are a challenge for the comparison of data (Teillet et 
al., 2007; van Leeuwen et al., 2006), though their effects are sometimes 
considered  negligible  or small  (Teillet et al., 2007; Trishchenko et al., 2002a).  
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Figure 4.3: Boxplots for selected indices (selection based on R2 values in Table 4.4). The grey line 
is at the position of the mean for the ASD data sets. The shaded area indicates the area above or 
below the mean (depending on the direction of the correlation to the indicators). For example, the 
GM2 index values tend to increase with increasing soil moisture, while the RGI index values tend to 
decrease with increasing soil moisture. 

 

 

 
Figure 4.4: Bar graphs for the three bivariate measures for selected indices (selection based on 
R2 values in Table 4.4). The coefficient of determination to the 1:1 line (denoted as r2

1:1) has been 
subtracted from 1 in order that the graph may be more easily interpreted with the value 0 
representative of no difference from the field ASD data sets. 
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Both the ASD spectra and image data were corrected to reflectance before 
processing and analysis. It is therefore likely that atmospheric conditions 
(including sun and viewing geometry) do not contribute significantly to the 
differences between the data sets and that any remaining uncertainties in the 
atmospheric corrections will be negligible. Differences between the data sets 
due to geometric misregistration are foreseen to be small since the RMS error is 
less than 0.6 m, which is less than half the WorldView-2 image pixel size. This 
study did not address the effects of directional reflectance (affected by 
anisotropy, topography and sun and viewing angles). Their correction is 
complex, dependent on land cover, terrain model resolution, sensor spectral 
resolution and confounded by mixed pixels (Feingersh et al., 2010). Disparity 
between the data sets as a result of directional effects could account for some of 
the differences between the data sets. Interestingly, Verrelst et al. (2008) in their 
study of angular sensitivity of vegetation indices found that RVI and NDVI705 
are sensitive to changing viewing angles while mSR705 and mNDVI705 are 
insensitive. In the current study, the RVI image data sets were among the most 
similar to the ASD data sets (see Table D.1) and that mSR705, mNDVI705 and 
NDVI705 were among the least similar (e.g., mNDVI705 in Figures 4.3 and 4.4). 
The fact that that mSR705, mNDVI705 and NDVI705 were among the least similar 
is most likely strongly influenced by the inclusion of the red-edge band in these 
indices (and consequently the lower R2 value for translation functions). 
Therefore, when the NDVI705 (Table D.1) and mNDVI705 are compared, 
NDVI705 is found to be more similar to the ASD data sets. This would seem to 
indicate that the differences observed in the current study were not due to 
viewing angle variations.  

Differences in spatial scale and resolution are known problems for data 
comparison (Chander et al., 2013a; Steven et al., 2003; Teillet et al., 1997), 
especially for heterogeneous surfaces (Jiang et al., 2006) where the relative size 
of land cover elements to spatial resolution is important (Teillet et al., 1997; van 
der Meer et al., 2001). Already at the spatial scale of the ASD FieldSpec Pro 
sensor, many of the measurements contained a mixture of cover types, 
i.e., green grass, standing litter and bare soil. It is expected that the proportions 
of cover types will alter and become more complex as the measured area 
increases in size, such as with the spatial resolution of the WorldView-2 sensor. 
Indeed, Weber et al. (2013) illustrate that as the pixel size increases over a 
heterogeneous surface so it becomes more mixed, and Moreno and Melia 
(1992) found that within-pixel variance increases with increasing pixel size. 
Further, Teillet et al. (1997) showed that, for various vegetation indices, index 
values change considerably when the spatial resolution varies with respect to 
the size of the land cover elements, and Jiang et al. (2006) state that the 
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Normalized Difference Vegetation Index (NDVI) may not be comparable at 
different spatial resolutions over heterogeneous surfaces. In addition, the effect 
of standing litter is complex, and can cause the response of vegetation indices to 
be either higher or lower than for a pure green canopy (van Leeuwen and Huete, 
1996). Since the cover of the dike was heterogeneous, with small element sizes, 
and contained standing litter, it is reasonable that the increase in spatial 
resolution is largely responsible for differences in the index values between the 
WorldView-2 image data sets and the ASD and simulated data sets. It is 
anticipated that when comparing imagery of similar spatial resolution that the 
effects of spatial scale and resolution differences will be reduced.  

Despite the differences in index values between the ASD data sets and the 
Img54Adj data sets, the main spatial patterns observed in the field ASD data 
sets can still be observed in the Img54Adj and ImgAdj data sets (Figure 4.5) 
even while being represented with the same colour scale. As expected from the 
statistics (Figures 4.3 and 4.4), the actual MSR index values between the ASD 
and image (Img54Adj and ImgAdj) data sets are more similar compared to 
those of the mNDVI705 (as seen in the similar shading intensity in Figure 4.5). 
The spatial patterns can be observed in that the toe of the dike (western part of 
study area) is different from the rest of the dike, although to a lesser extent in 
the interpolated Img54Adj data sets. The small feature along the eastern 
boundary of the study area, while not evident in the interpolated Img54Adj data 
sets, can be seen in the ImgAdj data sets. Thus similar spatial information can 
be deduced from both the field and image data. 

4.3.3 Indicators 
The spatial patterns of the indices presented in Figure 4.5 show similarities to 
those of the two indicators (Figure 4.2). For both indicators (Figure 4.2), the toe 
of the dike (western part of study area) is different from the rest of the dike, 
with the cover quality indicator having a more continuous feature. The small 
feature along the eastern boundary of the study area is visible in the map for the 
soil moisture indicator. The correlations (Table 4.5) of the ASD and image data 
sets to the indicators are moderate (0.4 < |r| < 0.7). The strongest correlations to 
the soil moisture indicator are for indices RVI, MSR and GRR, while for the 
cover quality indicator, indices RGI, GRR and NGRR have the strongest 
correlations. The correlations to soil moisture indicator are stronger for the 
Img54 and Img54Adj data sets compared to the ASD data sets. This increase in 
the soil moisture correlation coefficients could be due to the long-term 
subsurface process thought to be affecting the dike. The correlations to the 
cover quality indicator are weaker for the Img54 and Img54Adj data sets. This 
decrease is probably due to the heterogeneity of the cover being generalized.  
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Figure 4.5: Maps showing the spatial distribution and values for selected indices (selection based 
on R2 values in Table 4.4) for (left) the interpolated ASD point data (ASD data sets); (centre) the 
interpolated WorldView-2 spectrally-translated image point data (Img54Adj data sets) and (right) the 
actual WorldView-2 spectrally-translated pixel data (ImgAdj data sets). The study area for the 54 
locations is outlined by the black rectangle and the 54 locations are indicated by the black dots. The 
background image is the panchromatic WorldView-2 image (© DigitalGlobe, Inc. All Rights 
Reserved). 

 

For data to be useful for the inspection of dikes, index values need to 
consistently have the same meaning (i.e., the same or similar values) across 
different sensors. The statistics (Figures 4.3 and 4.4) indicate that the Img54 and 
Img54Adj data sets are dissimilar to the field ASD data sets, although 
correcting the image data for differences in spectral resolution (by means of 
translation equations) reduced the dissimilarity of the Img54Adj data sets. 
Nevertheless, the maps (Figure 4.5) show that for some of the indices 
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(e.g., MSR) the index values for the Img54Adj data sets were sufficiently 
similar to the ASD data sets (observed in the similar shading) for the toe of the 
dike to be consistently identified as different from the rest of the dike based on 
index value. This is also apparent in the ImgAdj data sets (Figure 4.5). This 
would allow for the use of thresholds (whether absolute or fuzzy boundary) and 
the potential for implementation at an operational level using data from more 
than one sensor. The maps (Figure 4.5) for the RGI and GM2 indices show that, 
based on index values, a smaller proportion of the dike toe would be identified 
as different while for the mNDVI705 index virtually none of the dike toe would 
be considered as different. The normalized measures of r2

1:1 and Hedges’s g 
indicate the extent to which the image data sets are similar to the field ASD data 
sets. For the Img54Adj data sets, indices RVI (Table D.1) and MSR (Figure 4.4) 
were the most similar to their respective field ASD data sets, with r2

1:1 ≥ 0.250 
and Hedges’s g < 0.85, followed by index GRR with r2

1:1 = 0.066 and Hedges’s 
g = 1.03, while indices CTR2 (Table D.1) and mNDVI705 (Figure 4.4) were the 
least similar, with r2

1:1 < −2.200 and Hedges’s g ≥ 1.90. Based on the two 
normalized measures of r2

1:1 and Hedges’s g, the observations from the maps 
and the correlations to the indicators, it would appear that indices MSR 
(Figures 4.4 and 4.5), RVI and GRR (Table D.1) could be used for the 
inspection of dikes between the ASD FieldSpec Pro and WorldView-2 sensors. 
Since the differences between the Img54Adj and ASD data sets are mostly 
attributed to the change in spatial resolution, it is expected that for sensors with 
similar spatial resolutions that the similarity would improve between the index 
values for the different sensors.  

 

 
Table 4.5: Correlation coefficients to the indicators, with the Pearson correlation coefficient for the 
soil moisture indicator and the Spearman correlation coefficient for the ordinal cover quality 
indicator. 

SOIL MOISTURE INDICATOR  COVER QUALITY INDICATOR 
INDEX ASD IMG54 IMG54ADJ 

 
INDEX ASD IMG54 IMG54ADJ 

GM2 0.575 0.634 0.633 
 

CTR2 0.570 0.416 0.416 
GRR 0.585 0.653 0.651 

 
GM2 -0.567 -0.416 -0.416 

MSR 0.573 0.662 0.661 
 

GRR -0.579 -0.464 -0.464 
mSR705 0.555 0.627 0.626 

 
mNDVI705 -0.579 -0.406 -0.406 

RVI 0.590 0.661 0.660 
 

mSR705 -0.579 -0.406 -0.406 

     
NGRR 0.579 0.464 0.464 

     
NDVI705 -0.573 -0.416 -0.416 

     
RGI 0.580 0.464 0.464 
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4.4 Conclusion 
This chapter compares and evaluates indices for image remote sensing data to 
spectral point data obtained in the field for assessing soil moisture and cover 
quality indicators for dike inspection. Index values obtained from the imagery 
are different to those of the field data. Index value differences due to spectral 
resolution were predominately corrected using translation functions but some 
residual errors remained. The more than fourfold increase in spatial resolution is 
believed to be the main cause of the differences in index values between the 
image and field data sets owing to the heterogeneity of the cover. Of the ten 
indices studied, the values for indices RVI and MSR, followed by GRR, were 
the most similar and thus appear to be the least affected by changes in spectral 
and spatial resolution for this cover type. The values for indices CTR2 and 
mNDVI705 were found to be the least similar between the image and field data 
sets. It is expected that the spatial resolution effects should be considerably 
reduced when comparing sensors of similar spatial resolution, such as imagery 
of other very high spatial resolution satellite sensors to that of the WorldView-2 
sensor. This is promising for the inspection of dikes, as imagery from multiple 
sensors should provide the necessary coverage while still being comparable. 
The strongest correlations to the soil moisture indicator for the two sensors were 
for indices RVI, MSR and GRR, while for the cover quality indicator, indices 
RGI, GRR and NGRR had the strongest correlations. The indices MSR, RVI 
and GRR were the most similar between the field and image data sets while still 
having the strongest correlations to the two indicators. To facilitate the 
inspection of grass covered dikes, indices RVI, MSR and GRR could be used as 
proxies for the soil moisture indicator while index GRR could be used as a 
proxy for the cover quality indicator. 
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5 Usability of Multi-Date Image Data
for Dike Inspection 
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5.1 Introduction 
In the previous chapter (Chapter 4), index values for various indices computed 
from field spectral data and from satellite image data (recorded a day apart in 
July 2010) were compared for assessing soil moisture and cover quality 
indicators for the inspection of grass covered dikes. Translation functions, for 
adjusting for spectral response function (SRF) variations between sensors, 
reduced the differences (i.e. improved relationships) between the image data 
sets and the field spectral data sets. However, differences remained between the 
data sets. A wide range of factors could contribute towards these differences, 
including remaining biases from SRF differences, atmospheric influences, 
geometric misregistration, and spatial scale and resolution differences. The 
remaining biases due to SRF differences and the effects of atmospheric 
influences, geometric misregistration and directional reflectance for the field 
spectral and image data are considered negligible or small in this case (see 
Section 4.3.2). Spatial scale and resolution differences are known issues for data 
comparison (Chander et al., 2013a; Steven et al., 2003; Teillet et al., 1997), 
particularly for heterogeneous surfaces (Jiang et al., 2006; Teillet et al., 1997; 
van der Meer et al., 2001). Even at the fine spatial scale of the field spectral 
data, many of the measurements from July 2010 contained a mixture of cover 
types, i.e., green grass, standing litter (dead plant material) and bare soil. As a 
result of the heterogeneity of the cover, the more than fourfold increase in 
spatial resolution between the field spectral data and image data is considered to 
be the main contributor towards the differences in index values between the 
image and field data sets. 

Despite the differences in index values between the field spectral data sets and 
the adjusted image data sets, the main spatial patterns observed in the field 
spectral data sets can still be observed in the adjusted image data sets (see 
Figure 4.5). It was found that the Ratio Vegetation Index (RVI), Modified 
Simple Ratio (MSR) and Green/Red Ratio (GRR) could potentially be used as 
proxies for the soil moisture indicator while index GRR could potentially be 
used as a proxy for the cover quality indicator. 

The current chapter aims at addressing whether the spatial patterns observed in 
both the field spectral data and the adjusted image data are still observed in 
other image data sets and thus whether multi-date imagery from different 
sensors can be used to identify and monitor spatial patterns associated with an 
anomalous subsurface process. The hypothesis for this chapter is: considering 
the long-term process of upwelling water that affects parts of the dike, it is 
expected that similarities in spatial patterns will still be observed in imagery 
from different dates and different sensors. 



Chapter 5 

99 

5.2 Materials and Methods 

5.2.1 Study site 
The study site is a section of a grass covered dike located near Gouda in the 
Netherlands (52°03′N, 4°41′E). It was selected as the study site since it is 
reported by the local authorities to have problems, notably due to seepage and 
possibly subsidence. Evidence of these phenomena was observed during field 
campaigns in 2008 and 2010. It is thought that parts of the dike are influenced 
by a long-term subsurface process with upwelling water (Cundill et al., 2014). 
Spatial patterns associated with this long-term upwelling process were apparent 
in field data (Cundill et al., 2014) and very high spatial resolution imagery 
(Chapter 4) recorded in July 2010, where the toe of the dike section (western 
part) is different from the rest of the dike section. The dike is an in situ peat 
dike, covered with a thin mixed layer of peat and clay and a grass cover. The 
soils are predominately strongly-clayey peat. The dike section is westerly-
facing with a gentle slope (about 5°) over about 45 m. An extended dike 
segment is examined in this chapter, with a length of about 170 m. The dike has 
a grass cover which is mowed regularly for hay production, as well as used 
directly for grazing. According to the Köppen-Geiger climate classification, the 
Netherlands has a warm temperate, fully humid with warm summer climate 
(Kottek et al., 2006). The temperate maritime climate is associated with cool 
summers (mean temperature of 16°C) and mild winters (mean temperature of 
3°) with rainfall throughout the year (annual average 770 mm) (KNMI, n.d.). 
Specific weather information is presented in Figure 5.1 for and preceding image 
acquisition dates. 

5.2.2 Image acquisition 
In the previous chapter (Chapter 4), a WorldView-2 image dated 14 July 2010 
(recorded one day before the field campaign) was introduced. For this chapter, a 
further five satellite images from five very high spatial resolution sensors were 
acquired (Figure 5.1), namely GeoEye-1, IKONOS, QuickBird, WorldView-2 
(DigitalGlobe, Longmont, CO, USA) and Pléiades-1B (CNES, Paris, France). 
In total, the six images were recorded between April 2008 and September 2013, 
for the months of March, April, May (two different years), July and September. 
No sufficiently cloud-free images were available for the study site for the 
months October to February (autumn and winter) from satellite imaging sensors 
with a multispectral spatial resolution of less than 5 m. No images were 
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available from these sensors for July 2010 other than the single WorldView-2 
image dated 14 July 2010. The 3 May 2011 IKONOS image suffers from sun 
glint off most water surfaces.  

The multispectral bands have nominal spatial resolutions of between 2 m and 
4 m (Figure 5.1). Four of the sensors have four multispectral bands with 
WorldView-2 having eight. The sensors have differing band positions and 
numbers, so for ease of reference the bands will be referred to by their general 
position in the electromagnetic spectrum instead of their specific wavelength or 
band number. Thus for the four band sensors, bands 1 to 4 will be referred to as 
blue, green, red and near-infrared (NIR) respectively. For the eight band 
WorldView-2 sensor, bands 2, 3, 5 and 7 will be referred to as blue, green, red 
and NIR respectively. Images were acquired for a minimal orderable area of 
25km2. Due to scene boundaries, not all images were able to cover exactly the 
same area, thus the overlapping image area is about 11 km2 with the study site 
located about 750 m north-east of the centre. The processing level of the 
GeoEye-1, IKONOS, QuickBird and WorldView-2 images is Standard 2A 
(radiometrically corrected, sensor corrected, and projected to a plane with the 
application of a coarse DEM, uniform ground sample distance (GSD) 
throughout the entire product). The processing level of the Pléiades image is 
Primary (radiometrically corrected, sensor corrected, and sensor level geometric 
correction).  

5.2.3 Pre-processing 
A number of corrections and procedures are necessary for direct comparison 
between the data of the images. A workflow of these pre-processing steps is 
given in Figure 5.2, with specific details for each step explained in the sections 
that follow. Radiometric correction was performed before geometric registration 
in order to avoid alteration of pixel values due to spatial resampling. Geometric 
correction was applied before the radiometric normalization (between images) 
and the verification steps so as to facilitate the selection of invariant targets for 
these processes. The image selected as reference for this chapter is the 
WorldView-2 image dated 14 July 2010. It was selected because it was 
recorded a day before the field measurements and it has one of the finer spatial 
resolutions. The other five images used in this chapter are referred to as the 
subject images. 
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Figure 5.2: Summary workflow of the image pre-processing and processing steps applied in this 
chapter. Data are indicated as black text and processes as bold blue text. 

5.2.3.1 Radiometric calibration 

Image digital numbers (DN) were converted to at-sensor radiances (in 
W m−2 sr−1 μm−1) in ENVI 5.0 software (Exelis Visual Information Solutions, 
Inc., Boulder, CO, USA), using the calibration coefficients provided in the 
image metadata or by the image supplier.  

5.2.3.2 Atmospheric correction 

Atmospheric correction was performed using ENVI’s FLAASH (Fast Line-of-
sight Atmospheric Analysis of Hypercubes) atmospheric correction tool (Adler-
Golden et al., 1998; Adler-Golden et al., 1999), which incorporates the 
MODTRAN4 radiation transfer code (Berk et al., 1998), to convert radiance to 
surface reflectance. FLAASH requires input radiance data in μW cm−2 sr−1 μm−1 
and thus the necessary scale factors were applied. FLAASH supports the 
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Table 5.1: ENVI FLAASH atmospheric correction module settings for images used in this chapter. 

IMAGE DATE SENSOR ATMOSPHERIC MODEL 
based on temperature at 
nearest weather station; 
(KNMI, 2011; KNMI, 
2013) 

AEROSOL 
MODEL

INITIAL 
VISIBILITY
at nearest 
weather station; 
(KNMI, 2011; 
KNMI, 2013) 

09 Apr 2008 QuickBird  Sub-Artic Summer Rural 21 km 
14 Jul 2010 WorldView-2  Mid-Latitude Summer Rural 35 km 
24 Mar 2011 GeoEye-1  Sub-Artic Summer Rural 60 km * 
03 May 2011 IKONOS  Sub-Artic Summer Rural 35 km 
27 May 2013 Pléiades-1B Sub-Artic Summer Rural 22 km 
05 Sep 2013 WorldView-2  Mid-Latitude Summer * Rural 30 km 
* Exceptions (see Section 5.2.3.2 for details)

GeoEye-1, IKONOS, Pléiades-1, QuickBird and WorldView-2 sensors, as well 
as correcting for scene specific sun and viewing angles. FLAASH does not 
correct for terrain but the imaged area is relatively flat (see Section 5.2.3.3). 
Image specific FLAASH settings (Table 5.1) were determined according to the 
ENVI Atmospheric Correction Module User’s Guide (ITT Visual Information 
Solutions, 2009) using weather information from the nearest weather station 
(KNMI, 2011; KNMI, 2013), with two exceptions. Based on the surface 
temperature for 05 September 2013, the ENVI User’s Guide proposes a 
Tropical atmospheric model but due to the latitude of the image location, Mid-
Latitude Summer was preferred. The second exception was that the Initial 
Visibility for the 24 March 2011 GeoEye-1 image was increased to avoid 
excessive negative reflectance values.  

5.2.3.3 Geometric registration 

The five subject surface reflectance images were orthorectified to the reference 
WorldView-2 image (dated 14 July 2010) in Erdas Imagine 2014 (Intergraph 
Corporation, Madison, AL, USA). The geometric models were created using 
image specific rational polynomial coefficient (RPC) files, a digital elevation 
model (DEM) and refined using a first order polynomial based on ground 
control points (GCPs). The digital elevation model used was AHN1 (Actueel 
Hoogtebestand Nederland or Actual Height model of the Netherlands) with a 
spatial resolution of 5 m. The ground surface for the area under the images is 
mostly (>80 %) between −6.0 m and −1.5 m NAP (Normaal Amsterdams Peil 
or Amsterdam Ordnance Datum). Between 68 and 272 GCPs were defined 
between the subject images and the reference image. The total root mean square 
(RMS) errors for the geometric models were between 0.16 m and 0.64 m. The 
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output projection was Universal Transverse Mercator (UTM), zone 31, 
Northern Hemisphere, with the WGS84 datum and spheroid. A nearest 
neighbour resampling kernel was applied and the original image pixel sizes 
(Figure 5.1) were retained in order to limit the effects of resampling on pixel 
values. Since the sensors have different spatial resolutions, the image pixels 
were divided into grids with a cell size of 0.2 m (which is divisible into the 
spatial resolutions of the all images used in this study). This was done so as to 
facilitate the extraction of data for invariant targets and field locations. 

5.2.3.4 Radiometric normalization 

Although atmospheric correction will remove most of the atmospheric 
influences, the algorithms necessarily assume simplifications of reality and thus 
some degree of bias remains. To address these remaining biases, relative 
radiometric normalization was applied to the atmospherically corrected images. 
Relative radiometric normalization is often applied to improve homogeneity 
between images (Vicente-Serrano et al., 2008) since it reduces differences 
between images that are the result of disparities in acquisition conditions 
(e.g., atmospheric effects, illumination conditions, sensor properties) rather than 
changes in surface reflectance (Caselles and López García, 1989; Eckhardt et 
al., 1990; Hall et al., 1991; Schott et al., 1988; Yang and Lo, 2000; Yuan and 
Elvidge, 1996) by using one image as a reference to which the subject image(s) 
are adjusted, with separate corrections derived for each spectral band. Relative 
radiometric normalization can be applied to DNs, radiance, top-of-atmosphere 
reflectance or surface reflectance values although Vicente-Serrano et al. (2008) 
recommend that it be applied after other corrections.  

The most widely used method of radiometric normalization is linear regression. 
Confirmation of the validity of the assumption of a linear relationship can be 
found in Caselles and López García (1989), Schott et al. (1988) , and Hall et al. 
(1991). An empirical linear scene-to-scene radiometric normalization technique 
was applied using the analyst selection of invariant targets approach (after 
Eckhardt et al., 1990) in ENVI software. This approach was preferred as the sun 
glint off most water bodies in the 3 May 2011 IKONOS image as well as the 
seasonal differences in vegetation cover and general land cover change amongst 
all images would likely adversely influence most automated relative radiometric 
normalization target selection approaches. In addition, invariant targets are also 
required for verification of the atmospheric correction and radiometric 
normalization steps.  
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Figure 5.3: Location of the training and verification invariant targets on the background of the 
panchromatic WorldView-2 image dated 5 September 2013 (© DigitalGlobe, Inc. All Rights 
Reserved). Data from invariant target 32 (as indicated on the map) are included in the results shown 
in Figures 5.12 and 5.13. 

 

At least two points of constant reflectance are required for relative radiometric 
normalization (Caselles and López García, 1989). Following the criteria 
suggested by Eckhardt et al. (1990) for manual invariant target selection, the 
same 32 targets were selected for all images over a wide range of brightness 
values (Figure 5.3). The targets covered areas of dark water, roofs, asphalt and 
sand and were distributed throughout the image overlap area. These can broadly 
be grouped into bright, dark and medium brightness targets. Each group was 
randomly divided into two independent sets: one for training the radiometric 
normalization regression and one for the verification of this as well as the 
atmospheric correction products. This resulted in 16 invariant targets per set 
consisting of 3 bright, 3 medium and 10 dark invariant targets each.  

Unlike in Eckhardt et al. (1990), the mean pixel values for the invariant target 
were used. This is because the sensors have different spatial resolutions and so, 
for example, the IKONOS image (4 m resolution) already has average 
reflectance values over the same area covered by more than one pixel of the 
WorldView-2 or GeoEye-1 images. To ensure that, as precisely as possible, the 
same target area is averaged and averaged over the same number of cells, the 
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images with the 0.2 m gridded cell size (see Section 5.2.3.3) were used for this 
and subsequent steps, thus averaging over multiple 0.2 m grid cells. 

5.2.3.5 Verification 

Verification of the atmospheric correction and radiometric normalization 
products were evaluated using the 16 invariant targets selected randomly for 
this purpose (see Section 5.2.3.4 for description). Two widely used statistical 
measures are employed to assess the robustness and error of the corrections, 
namely the root mean square error (RMSE, Eq. 5.1) and mean absolute error 
(MAE, Eq. 5.2), which are calculated between the reference image and 
corrected subject images (per spectral band). The RMSE and MAE are 
calculated as:  

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �
1
𝑚𝑚
�(𝑦𝑦�𝑖𝑖 − 𝑦𝑦𝑖𝑖)2
𝑛𝑛

𝑖𝑖=1

 

(5.1) 

  

𝑅𝑅𝑀𝑀𝑅𝑅 =
1
𝑚𝑚
�|𝑦𝑦�𝑖𝑖 − 𝑦𝑦𝑖𝑖|
𝑛𝑛

𝑖𝑖=1

 
(5.2) 

  
where 𝑦𝑦𝑖𝑖 is the reference image value and 𝑦𝑦�𝑖𝑖 is the corrected subject image 
value for 𝑚𝑚 invariant targets. The results are given in Section 5.3.1.2. 

5.2.4 Processing 
A workflow showing the processing steps is given in Figure 5.2, with specific 
details for each step explained in the sections that follow. 

5.2.4.1 Indices 

Indices are widely used as proxies for parameters relating to vegetated surfaces 
(e.g., Houborg et al., 2013; Kross et al., 2015; Peñuelas et al., 1995a; Rouse et 
al., 1973). In the previous chapters, various indices (calculated from ground-
based field spectra and 14 July 2010 WorldView-2 image data) were researched 
as proxies for two indicators, cover quality and soil moisture, used for 
inspection of grass covered dikes. Chapter 3 showed that of the numerous 
indices tested, ten had the strongest mean correlations to the two dike inspection 
indicators despite the spectral differences between the sensors investigated 
(Cundill et al., 2015). Of these ten indices, the values of three indices were the 
most similar between field spectra and 14 July 2010WorldView-2 image data 
(Chapter 4), while also maintaining the strongest correlations to the two dike 
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inspection indicators. Based on these results, the three indices Ratio Vegetation 
Index (RVI), Modified Simple Ratio (MSR) and Green/Red Ratio (GRR) will 
be examined in this chapter and are defined as: 

𝑅𝑅𝑅𝑅𝑅𝑅 =  
𝑅𝑅𝑁𝑁𝑆𝑆𝑁𝑁
𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟

 

 

(Jordan, 1969) 

 

(5.3) 

 

𝑅𝑅𝑅𝑅𝑅𝑅 =  

𝑅𝑅𝑁𝑁𝑆𝑆𝑁𝑁
𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟

 −  1

�𝑅𝑅𝑁𝑁𝑆𝑆𝑁𝑁𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟
 +  1

 

 

(Chen, 1996) 

 

(5.4) 

 

𝐺𝐺𝑅𝑅𝑅𝑅 =  
𝑅𝑅𝑔𝑔𝑟𝑟𝑟𝑟𝑟𝑟𝑛𝑛
𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟

 

 

(Kanemasu, 1974) 

 

(5.5) 

 

where R is reflectance of the specified band. Indices were calculated for the 
atmospherically corrected images as well as for the radiometric normalized 
images. 

5.2.4.2 Translation functions 

Although the image data from the different sensors have been corrected to 
atmospherically corrected reflectance products, data obtained from different 
sensors are not directly comparable due to differences in sensor characteristics 
(Steven et al., 2003; Teillet et al., 1997), with variations in SRFs between 
sensors considered one of the main causes of differences in reflectance data and 
derived products (Chander et al., 2013b; Trishchenko et al., 2002a). The five 
sensors used in this chapter have different SRFs, which are shown in Figure 5.4. 
Since the SRFs of the image sensors used in this study are known, corrections 
for the differences in SRFs between the WorldView-2 sensor and the GeoEye-1, 
IKONOS, Pléiades-1B and QuickBird sensors were made before analysis. A 
common approach in correcting for SRF differences is to use translation 
functions (Gonsamo and Chen, 2013; Steven et al., 2003; Trishchenko et al., 
2002a), which convert the reflectance or product values of one sensor to 
equivalent values of another sensor by adjusting for the differences in SRFs. 
These translation functions are usually defined by modelling the relationships 
between simulated data sets from two different sensors, where the differences in 
reflectance or product values are due only to differences in sensor SRFs. 
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Figure 5.4: Spectral response functions (SRFs) for the sensors used in this chapter. The sensor is 
indicated by a solid or dashed line while colours are used to differentiate bands. 
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Following the method described in Cundill et al. (2015), field reflectance 
spectra (described in Cundill et al., 2014; Cundill et al., 2015) were convolved 
using the SRFs of the five image sensors. The differences between these 
simulated data sets are thus due only to differences in the SRFs of the sensors. 
Translation functions were defined based on relationships between the 
simulated WorldView-2 and the other simulated sensor data sets. These 
translation functions are specific for grass covered surfaces. The literature has 
examples of both linear translation functions (Gallo et al., 2005; Gonsamo and 
Chen, 2013; Steven et al., 2003; van Leeuwen et al., 2006) and second degree 
polynomial functions (D'Odorico et al., 2013; Pandya et al., 2007; Trishchenko, 
2009; Trishchenko et al., 2002a). Since D'Odorico et al. (2013) found that the 
choice of regression model is more important than the choice of calibration data 
source, best-fit translation functions were selected based on highest coefficients 
of determination (R2). It should be noted however that since similar wavelengths 
are used, bands and products are not independent and so no statistical 
confidence should be inferred from the R2 value. The best-fit translation 
functions (see Table 5.4) were applied to the index values calculated from the 
atmospherically corrected reflectance images of GeoEye-1, IKONOS, Pléiades-
1B and QuickBird to create WorldView-2-equivalent index values.  

5.2.5 Analysis methods 
Visual comparison of the index image products is used to qualitatively analyse 
spatial patterns over time. Scatterplots and Pearson correlation coefficients are 
used to statistically assess relationships between the image index products. To 
assess spectral behaviour, mean index values were extracted for four locations 
on the dike and plotted over time. The four locations were selected over the 
width of the dike (Figure 5.5) with varying soil moisture and cover quality 
values (as measured on 15 July 2010, values given in Figure 5.5). For all the 54 
locations measured on 15 July 2010, the volumetric soil moisture measurements 
ranged between 19.1 and 33.5 % vol. and the cover quality was classified as 
good, medium, poor or bad. In order to reduce differences due to image spatial 
resolution, the mean index values per location were calculated (using the 
images with the 0.2 m gridded cell size, see Section 5.2.3.3) for an area of 4 m 
by 4 m, which corresponds to the coarsest spatial resolution of the images used 
in this study (i.e., IKONOS). In addition, the index values for one of the 
verification invariant targets (see Figure 5.3) were also included in the graphs to 
illustrate the variation that remains between the images after corrections.  
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Figure 5.5: Map showing the four locations used for spectral behaviour analysis. The location 
identification numbers correspond to those defined in Chapter 2. The volumetric soil moisture and 
cover quality values are those measured on 15 July 2010 in the field, with cover quality assessed 
using the classification described in Table 2.1. The dike segment is outlined in black on the 
background of the 14 July 2010 WorldView-2 image (RGB:532; © DigitalGlobe, Inc. All Rights 
Reserved). 

 

5.3 Results and discussion 

5.3.1 Pre-processing 

5.3.1.1 Radiometric normalization 

Based on the 16 invariant targets of the training data set (see Section 5.2.3.4), 
empirical line functions for relative radiometric normalization were defined per 
band for each subject reflectance image to the reference reflectance image using 
ENVI’s Empirical Line Compute Factors function. Coefficients for the linear 
regression equations are given in Table 5.2, along with their coefficients of 
determination (R2). The R2 values are above 0.978 for all bands with the 
exceptions of Pléiades-1B red and near infra-red bands (0.977 and 0.963 
respectively). These R2 values are in alignment with those reported by Caselles 
and López García (1989), who reported R2 values equal to or above 0.978 for 
paired Landsat-5 TM images. 
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Table 5.2: Coefficients for linear relative radiometric normalization of the five subject images to the 
reference WorldView-2 image (dated 14 July 2010) obtained from 16 training invariant targets; 
𝑦𝑦� = 𝑎𝑎 + 𝑏𝑏𝑏𝑏 where 𝑎𝑎 is the intercept, 𝑏𝑏 is the slope, 𝑏𝑏 is the input subject image reflectance value 
and 𝑦𝑦� is the normalized reflectance value. 

IMAGE BAND a b R2 
QuickBird Blue −0.029 0.750 0.992 
9 Apr 2008 Green −0.017 0.764 0.992 
 Red −0.007 0.830 0.993 
 Near−infrared −0.015 0.951 0.990 
GeoEye-1 Blue −0.047 0.702 0.991 
24 Mar 2011 Green −0.020 0.715 0.987 
 Red −0.003 0.752 0.988 
 Near−infrared 0.010 0.771 0.979 
IKONOS Blue −0.028 0.899 0.980 
3 May 2011 Green −0.010 0.977 0.982 
 Red −0.001 1.076 0.988 
 Near−infrared −0.011 1.039 0.994 
Pléiades-1B Blue −0.017 0.762 0.987 
27 May 2013 Green −0.011 0.807 0.982 
 Red −0.003 0.846 0.977 
 Near−infrared 0.004 0.875 0.963 
WorldView-2 Blue −0.044 1.084 0.997 
5 Sep 2013 Green −0.028 1.101 0.997 
 Red −0.017 1.088 0.996 
 Near−infrared −0.015 1.040 0.992 

 

5.3.1.2 Verification 

RMSE and MAE values calculated from the 16 verification invariant targets for 
the atmospheric correction and radiometric normalization products of the 
subject images are presented in Table 5.3. The RMSE values for the 
atmospheric correction products range between 0.017 and 0.099, while for the 
radiometric normalization products they range between 0.016 and 0.044. The 
MAE values for the atmospheric correction products range between 0.011 and 
0.081, while for the radiometric normalization products they range between 
0.012 and 0.027. 

While many related previous studies focus on methods to train and fit relative 
radiometric normalization functions, only a few report verification results in 
terms of comparable statistical measures or in reflectance units (many are in 
digital numbers which cannot be compared when dynamic ranges between 
sensing  systems  differ,  e.g., 8 bit versus 11 bit). The MAE values  reported  in 
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Table 5.3: Root mean square error (RMSE) and mean absolute error (MAE) for each band per 
image relative to the reference WorldView-2 image (dated 14 July 2010) obtained from 
16 verification invariant targets for both the atmospherically corrected images and the 
radiometrically normalized images (expressed in reflectance). 

  BLUE GREEN RED NIR 

IMAGE CORRECTION RMSE MAE RMSE MAE RMSE MAE RMSE MAE 

QB Atm. Cor. 0.065 0.055 0.059 0.046 0.036 0.026 0.029 0.025 

 Rad. Nor. 0.034 0.021 0.031 0.021 0.030 0.020 0.034 0.024 

GE Atm. Cor. 0.099 0.081 0.081 0.054 0.066 0.035 0.050 0.027 

 Rad. Nor. 0.035 0.020 0.036 0.020 0.038 0.023 0.039 0.026 

IK Atm. Cor. 0.053 0.047 0.029 0.023 0.017 0.011 0.030 0.023 

 Rad. Nor. 0.016 0.012 0.019 0.012 0.023 0.013 0.028 0.020 

PL Atm. Cor. 0.052 0.040 0.048 0.032 0.041 0.022 0.028 0.022 

 Rad. Nor. 0.044 0.022 0.038 0.021 0.036 0.020 0.036 0.027 

WV2 Atm. Cor. 0.051 0.046 0.037 0.030 0.033 0.023 0.036 0.029 

 Rad. Nor. 0.030 0.018 0.033 0.020 0.035 0.019 0.030 0.021 

QB: 9 April 2008 QuickBird, GE: 24 March 2011 GeoEye-1, IK: 3 May 2011 IKONOS, PL: 27 
May 2013 Pléiades-1B, WV2: 5 September 2013 WorldView-2. 

 

Table 5.3 for the atmospheric correction products are well within the range 
(≤0.160) reported by Vicente-Serrano et al. (2008) for across-sensor 
comparisons (in their case, Landsat-5 TM and MODIS). Half the RMSE values 
for the atmospheric correction products (Table 5.3) are within the range 
(<0.050) reported by Schroeder et al. (2006), with the other half higher. 
However they reported averaged RMSE values using only Landsat-5 TM and 
Landsat-7 ETM+ images, where the differences in sensing systems are 
comparatively small and where averaging suppresses extreme values. Thus, 
from these verification results (Table 5.3), the atmospheric correction products 
are considered acceptable.  

The RMSE values for the radiometric normalization products (Table 5.3) are 
generally higher than the averaged RMSE values (≤0.025) reported by 
Schroeder et al. (2006) using only Landsat-5 TM and Landsat-7 ETM+ images. 
Schott et al. (1988) report adjusted RMSE values of 0.016 and less for 
radiometrically normalized Landsat-5 TM image pairs and values of less than 
0.022 for aerial photos paired to Landsat-5 TM images. Their adjusted RMSE 
values have been corrected for sampling error and thus are smaller than regular 
RMSE values. Vicente-Serrano et al. (2008) report averaged MAE values for 
only radiometrically normalized Landsat image pairs (i.e., not including 
MODIS), with values less than 0.013. While the values presented in Table 5.3 
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for radiometric normalization are generally larger than those presented in the 
literature, most of these studies compare images from the same sensor or sensor 
series. The differences in the sensing systems (including band positions and 
widths, spatial resolution and viewing geometry) of the various images used in 
the current study may account for these higher values as well as the actual 
values being reported (i.e., not averaged values). Radiometric normalization 
generally reduced the RMSE and MAE values compared to those of the 
atmospheric correction products, thereby improving homogeneity between the 
images. The exceptions were IKONOS red band and the near-infrared bands of 
Pléiades-1B and QuickBird. These bands already had the lowest RMSE and 
MAE values for the atmospherically corrected products, with those for the 
radiometrically normalized products comparable to the other bands. 

5.3.2 Translation functions 
Translation functions, to correct for SRF differences between sensors, were 
defined based on relationships between simulated WorldView-2 and simulated 
GeoEye-1, IKONOS, Pléiades-1B and QuickBird data sets, where for all cases 
second degree polynomial functions rendered higher coefficients of 
determination (R2) than for linear functions. The R2 values of the second degree 
polynomial functions (Table 5.4) are all greater than 0.995 with the exception of 
IKONOS GRR which has a R2 value of 0.984. The lower R2 value for IKONOS 
GRR is likely attributable to the SRF of the IKONOS red band, where the tails 
extend into the neighbouring portions of the electromagnetic spectrum, 
specifically into the near-infrared portion. Based on the simulated data, the 
IKONOS red reflectance is 32 % higher than that of the WorldView-2 (other 
sensors to WorldView-2: −3 % to +21 %) while the IKONOS green reflectance 
is 4 % higher (other sensors to WorldView-2: −6 % to +8 %) and IKONOS NIR 
reflectance is 8 % lower (other sensors to WorldView-2: −5 % to +1 %). This is 
agreement with the findings of Soudani et al. (2006) where IKONOS red 
reflectance is 53 % higher and NIR reflectance 5 % lower than those of 
Landsat-7 ETM+ and SPOT-4 HRVIR and where the edge distortion of the 
IKONOS red SRF was found to be the main explanatory factor for reflectance 
product differences between IKONOS and both Landsat-7 ETM+ and SPOT-4 
HRVIR. The second degree polynomial functions defined for the current study 
(Table 5.4) were applied to the index values obtained from atmospherically 
corrected reflectance images of GeoEye-1, IKONOS, Pléiades-1B and 
QuickBird to create WorldView-2-equivalent index values. 
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Table 5.4: Best-fit translation functions for correcting differences in spectral response functions 
between WorldView-2 and GeoEye-1, IKONOS, Pléiades-1B and QuickBird sensors for grass cover 
of varying conditions, where y the WorldView-2-equivalent index value and x is the subject sensor 
index value. 

SENSOR INDEX TRANSLATION FUNCTION R2 
QuickBird RVI y = 0.0377x2 + 0.9709x + 0.0387 0.999 
 MSR y = 0.1199x2 + 0.9615x + 0.0426 0.999 
 GRR y = 0.9205x2 − 0.3512x + 0.5603 0.995 
GeoEye-1 RVI y = −0.0031x2 + 0.9725x + 0.1435 0.999 
 MSR y = −0.0125x2 + 0.9795x + 0.0303 0.999 
 GRR y = −0.0393x2 + 1.0035x + 0.0479 0.999 
IKONOS RVI y = 0.1327x2 + 0.6037x + 0.7733 0.998 
 MSR y = 0.3359x2 + 0.8036x + 0.1659 0.999 
 GRR y = 2.4907x2 − 3.144x + 1.8183 0.984 
Pléiades-1B RVI y = 0.0358x2 + 0.9899x − 0.1442 0.999 
 MSR y = 0.1111x2 + 0.9955x − 0.0149 0.999 
 GRR y = 0.5152x2 + 0.2417x + 0.3009 0.998 

 

5.3.3 Comparison of multi-temporal and multi-sensor image 
index data 

Maps of the dike segment showing the values and spatial patterns of the RVI, 
MSR and GRR indices for the adjusted atmospherically corrected image 
products are presented in Figures 5.6, 5.7 and 5.8 and for the radiometrically 
normalized image products in Figures 5.9, 5.10 and 5.11. The previously 
mentioned anomaly-related spatial patterns (Section 5.2.1) can be observed in 
the reference 14 July 2010 WorldView-2 index products (e.g., Figure 5.6b), 
where the toe of the dike segment (western part) is different from the rest of the 
dike segment. Furthermore, in the extended study area, the anomalous spatial 
patterns expand into the central part of the dike segment (central western part), 
which was already signalled by the spread of the anomaly in the north-western 
corner of the original study section (see Figure 2.4).  

Dot graphs showing the spectral behaviour of four locations on the dike 
segment (see Figure 5.5 for locations) for the three indices are presented in 
Figure 5.12 for the adjusted atmospherically corrected image products and in 
Figure 5.13 for the radiometrically normalized image products. The inclusion of 
the verification invariant target (IT 32, see Figure 5.3 for location) illustrates the 
remaining variability of the index values after image corrections. 
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Figure 5.12: Dot graphs showing the spectral behaviour of the adjusted RVI, MSR and GRR 
atmospherically corrected image products for four locations on the dike segment (Figure 5.5) and 
one verification invariant target (IT 32, Figure 5.3) for the six image time series. 
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Figure 5.13: Dot graphs showing the spectral behaviour of the RVI, MSR and GRR radiometrically 
normalized image products for four locations on the dike segment (Figure 5.5) and one verification 
invariant target (IT 32, Figure 5.3) for the six image time series. 
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The maps (Figures 5.6 to 5.11) show that for the dike segment, the 5 September 
2013 WorldView-2 index products (Figures 5.6f to 5.11f) have the lowest mean 
index values and the 27 May 2013 Pléiades-1B (Figures 5.6e to 5.11e) the 
highest mean index values. RVI and MSR image products for the 3 May 2011 
IKONOS (Figures 5.6d, 5.7d, 5.9d and 5.10d) and 9 April 2008 QuickBird 
(Figures 5.6a, 5.7a, 5.9a and 5.10a) images have the next highest overall values 
after 27 May 2013 Pléiades-1B. For the atmospherically corrected GRR image 
products, the next highest overall values after 27 May 2013 Pléiades-1B are for 
14 July 2010 WorldView-2 (Figure 5.8b), while the 24 March 2011 GeoEye-1 
(Figure 5.11c) index values are the next highest for the radiometrically 
normalized GRR image products. Similar to the maps, the dot graphs 
(Figures 5.12 and 5.13) of four locations show that the 27 May 2013 
Pléiades-1B index products have the highest index values and the 5 September 
2013 WorldView-2 index products have the lowest (with the exception of 
atmospherically corrected RVI where the 24 March 2011 GeoEye-1 index 
values are the lowest). The indicated general weather conditions preceding each 
image acquisition (see Figure 5.1) are hot and very dry for 14 July 2010 
WorldView-2, warm and very dry for 3 May 2011 IKONOS, hot and dry for 
5 September 2013 WorldView-2, cool and wet for 24 March 2011 GeoEye-1, 
warm and wet for 27 May 2013 Pléiades-1B and cool and very wet for 9 April 
2008 QuickBird. These weather conditions preceding each image acquisition do 
not explain the overall index values observed in the maps and dot graphs.  

The outputs of the two correction methods (i.e., atmospheric correction and 
radiometric normalization) have different accuracies when compared to the 
reference image (see Table 5.3), and thus the expected differences in actual 
index values are evident in the maps (Figures 5.6 to 5.11) and dot graphs 
(Figures 5.12 and 5.13). Despite this, the spatial patterns observed for an image-
date’s atmospherically corrected index product appear almost identical for the 
same image-date’s radiometrically normalized index product (e.g., compare 
Figures 5.6c and 5.9c). Similarly, in the dot graphs (Figures 5.12 and 5.13) the 
relative distributions of index values per date do not alter between the two 
correction methods. This is confirmed by strong Pearson correlation coefficients 
of above 0.957 between an image-date’s atmospherically corrected and 
radiometrically normalized index products for the dike segment, with two 
exceptions. The first exception is for the 3 May 2011 IKONOS GRR products 
where the Pearson correlation coefficient is 0.862 and the second is for the 
24 March 2011 GeoEye-1 GRR products where the Pearson correlation 
coefficient is 0.833. Nevertheless, these correlation coefficients are still strong. 
It would thus appear that in this study the correction method does not 
substantially influence spatial patterns. The differences in actual index values 
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(due to correction methods) do however alter the trends in spectral behaviour 
across the image series (Figures 5.12 and 5.13). The most noticeable changes 
can be observed in the GRR dot graphs (compare Figures 5.12c and 5.13c), 
where the 9 April 2008 QuickBird, 24 March 2011 GeoEye-1 and 3 May 2011 
IKONOS index values change noticeably in relation to the other image dates. 
This is problematic for direct comparison of index values over time.  

Scatterplots between image-dates (of the same index and correction method) 
reveal weak negative relationships between the 14 July 2010 WorldView-2 
image products and those of the 9 April 2008 QuickBird and 24 March 2011 
GeoEye-1 image products (Figure 5.14 shows examples). The Pearson 
correlation coefficients between the respective reference 14 July 2010 
WorldView-2 index products and those of the 9 April 2008 QuickBird are 
weaker than −0.438 for the dike segment, and weaker than −0.373 for those of 
the 24 March 2011 GeoEye-1 index products. The weak negative relationships 
can also be observed as weak inverse spatial patterns (where the central part and 
western edge of the dike segment is different from the rest of the dike segment) 
in both the 9 April 2008 QuickBird (e.g. Figure 5.9a) and 24 March 2011 
GeoEye-1 (e.g. Figure 5.9c) index products compared to the 14 July 2010 
WorldView-2 (e.g. Figure 5.9b) index products, although the boundaries of the 
patterns do not consistently coincide. The dot graphs of four locations also show 
an inverse distribution for the 24 March 2011 GeoEye-1 index products 
(e.g., Figure 5.13b) compared to the 14 July 2010 WorldView-2 index products. 
However, this inverse distribution does not persist when examining other sets of 
locations across the slope of the dike (not shown). Unlike in the scatterplots and 
maps, the dot graphs do not show an inverse distribution for 9 April 2008 
QuickBird index products (e.g., Figure 5.13c) compared to the reference 14 July 
2010 WorldView-2 index products, but rather the 5 September 2013 
WorldView-2 index products show an inverse distribution. The Pearson 
correlation coefficients between the 5 September 2013 WorldView-2 and 
14 July 2010 WorldView-2 index products however only range between −0.006 
and 0.093 (i.e., there is practically no relationship). 

The indicated general weather conditions (see Figure 5.1) preceding the image 
acquisitions are cool and wet for both 9 April 2008 QuickBird and 24 March 
2011 GeoEye-1 but hot and dry for 14 July 2010 WorldView-2. The weak 
negative relationships and inverse spatial patterns and distributions between 
these two subject images and the reference image could thus be related to the 
preceding weather conditions. Vegetation is highly responsive to changes in soil 
moisture (Hopkins and Hüner, 2009) but increases in soil moisture (due to 
wetter and cooler weather) were expected to rather increase than decrease index 
values  because  of water being more readily available. However,  the  soil  may 
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Figure 5.14: Scatterplots of the radiometrically normalized RVI image products for (a) 9 April 2008 
QuickBird versus 14 July 2010 WorldView-2 and (b) 24 March 2011 GeoEye-1 versus 14 July 2010 
WorldView-2. 

 

have become waterlogged due to the high precipitation, low evaporation (as a 
result of low temperatures) and long-term subsurface process of upwelling 
water. Waterlogging results in plant stress primarily owing to anaerobic soil 
conditions caused by displacement of oxygen by water (Anderson and Perry, 
1996; Smith et al., 2004). Waterlogging has been shown to result in the 
chlorosis (yellowing due to lack of chlorophyll) of leaves in red maples 
(Anderson and Perry, 1996) and stunted, yellowed and sparse vegetation in 
wheat (Pickerill and Malthus, 1998). Furthermore, waterlogging results in 
increased reflectance particularly in the visible wavelengths (Anderson and 
Perry, 1996; Pickerill and Malthus, 1998; Smith et al., 2004). If the soil were 
waterlogged for extended periods of time, then the vegetative grass cover could 
be stressed, chlorotic or even dying off, resulting in lower index values in these 
areas compared to the rest of the dike segment.  

Since both the 9 April 2008 QuickBird and 24 March 2011 GeoEye-1 index 
products show negative relationships to the 14 July 2010 WorldView-2 index 
products, and the preceding weather conditions were cool and wet as opposed to 
the hot and dry conditions preceding the 14 July 2010 WorldView-2 image, 
strong positive correlations are expected between the 9 April 2008 QuickBird 
and 24 March 2011 GeoEye-1 index products. However, the Pearson correlation 
coefficients between the respective 9 April 2008 QuickBird and 24 March 2011 
GeoEye-1 index products are weaker than 0.268. Although these relationships 
are positive, they are weak. Furthermore, the relationships and spatial patterns 
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of the other subject images’ products do not correspond to preceding weather 
conditions. Namely, the 27 May 2013 Pléiades-1B index products, which had 
warm and wet weather preceding acquisition, have almost no relationships 
(weaker than 0.039) to 14 July 2010 WorldView-2 index products and no to 
very weak relationships (±0.007 to ±0.148) to the other subject images. As 
stated earlier, the 5 September 2013 WorldView-2 index products have almost 
no relationships to the 14 July 2010 WorldView-2 index products despite the 
preceding weather conditions being hot and dry for both image acquisitions. 
The 3 May 2011 IKONOS atmospherically corrected GRR product, with its 
preceding weather conditions of warm and dry, show a weak positive 
relationship (0.301) to the atmospherically corrected GRR product of 14 July 
2010 WorldView-2. However this relationship weakens to only 0.181 for the 
radiometrically normalized GRR products. The Pearson correlation coefficients 
for the RVI and MSR index products show very weak negative relationships 
(weaker than −0.166) for these two image-dates. It would thus seem that 
although preceding weather conditions may contribute in some instances to 
manifestation of the anomalous spatial patterns associated with the upwelling 
process, the spectral measurements of the dike grass cover are clearly 
influenced by other factors.  

Sensor and pre-processing factors that may influence the manifestation of 
spatial patterns are remaining bias due to SRF differences, atmospheric 
influences, geometric misregistration, and spatial scale and resolution 
differences. The remaining bias after adjusting for SRF differences using 
translation functions are expected to be trivial, where the R2 values are greater 
than 0.995 with the exception of IKONOS GRR. In addition, two of the images 
are from the same sensor (i.e., WorldView-2) and thus have exactly the same 
SRFs and yet do not manifest the same spatial patterns. Although differences 
remain in reflectance values between images (Table 5.3), the pre-processing 
correction methods do not appear to be responsible for the lack of consistent 
spatial patterns visible in the index products between image dates, since the 
same spatial patterns can be observed in both the atmospheric correction and 
radiometric normalization products. This would also imply that atmospheric 
influences are not responsible for the lack of consistent spatial patterns between 
image acquisitions. For geometric registration, the total RMS errors for the 
geometric models are less than a third of the reference WorldView-2 image 
pixel size and are thus small. Two of the subject images have the same nominal 
spatial resolution as the reference image (i.e., 24 March 2011 GeoEye-1 and 
5 September 2013 WorldView-2). Consequently, for these two images, spatial 
resolution should not be a significant factor. In addition, when the reference 
WorldView-2  image  (dated  14  July  2010)  is   aggregated  to  coarser  spatial 
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Figure 5.15: The effects of spatial aggregation on spatial patterns in the reference 14 July 2010 
WorldView-2 RVI image products, with a) original atmospherically corrected RVI image product at 
2 m spatial resolution; b) RVI image product using atmospherically corrected image aggregated to 
4 m spatial resolution using bilinear resampling and c) RVI image product using atmospherically 
corrected image aggregated to 8 m spatial resolution using cubic convolution resampling. Black line 
indicates general spatial pattern of the bottom of the d ke segment being different from the rest of 
the dike segment. (© DigitalGlobe, Inc. All Rights Reserved). 

 

resolutions (Figure 5.15), the general spatial patterns are still discernible in the 
data. Similarly, the spatial patterns observed in the reference image are evident 
in the interpolated field spectral point data (see Figure 4.5). It is thus unlikely 
that geometric misregistration or spatial resolution are major contributors 
towards the lack in consistent spatial patterns between the reference and subject 
images.  

Management is another factor that may impact on the manifestation of spatial 
patterns. Pasture management for the dike usually involves mowing every six to 
eight weeks during the growing season of April through to September. 
Although the pasture management is unknown for the times of the subject 
images, it is known that the dike had not been recently mown at the time of the 
reference image acquisition due to the extreme dry conditions that prevailed at 
the time. It is thus possible that in July 2010, the natural variation of vegetation 
in response to the long-term upwelling process was able to become apparent 
due to the lack of human interference. For the same reason, the inverse spatial 
patterns observed in the 9 April 2008 QuickBird and 24 March 2011 GeoEye-1 
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index products (compared to the 14 July 2010 WorldView-2) may have been 
apparent since they were both recorded at the beginning of the growing season, 
possibly before any mowing had occurred. It has been suggested (see above) 
that these inverse patterns could be the result of waterlogging. These inverse 
spatial patterns may be less obvious than the original spatial patterns observed 
in the 14 July 2010 WorldView-2 products because waterlogging during the wet 
season may influence vegetation less strongly than upwelling water in times of 
drought. Many dikes are multi-purposed for both flood protection and pasture. 
Standard dike maintenance practice requires the regular trimming of grass to 
promote a healthy cover as well as good visibility along the dike (CIRIA et al., 
2013; Mériaux and Royet, 2007). It would thus seem that pasture and dike 
management (specifically mowing) could override the natural variation of 
vegetation in response to the long-term upwelling process that may otherwise 
have been apparent in other subject images. 

5.4 Conclusion 
This chapter investigated whether multi-date and multi-sensor imagery can be 
used to identify and monitor spatial patterns associated with an anomalous 
subsurface process affecting a dike. Index products of a reference satellite 
image were compared to those of five subject images obtained from various 
very high spatial resolution satellite sensors. The RMSE and MAE values for 
the atmospheric correction and radiometric normalization pre-processing steps 
are, while generally higher, compatible with what has been reported in the 
literature. Radiometric normalization improved homogeneity between the 
images, as evidenced by lower RMSE and MAE values. The correction methods 
(i.e., atmospheric correction and radiometric normalization) have been shown in 
this study to not substantially influence spatial patterns. However, the correction 
method does affect direct comparison of index values across an image series, as 
shown by the trends in the dot graphs.  

The weather conditions preceding each image acquisition do not clearly explain 
the overall index values observed in data. Nevertheless, anomalous spatial 
patterns associated with a long-term upwelling process are apparent in the index 
products of the reference image which was acquired after a period of hot and 
dry weather conditions. Weak negative relationships and inverse spatial patterns 
are observed between index products of two images acquired after cool and wet 
periods and those of the reference image acquired after a hot and dry period. 
These are perhaps thought to be related to waterlogging as a result of high 
precipitation, low evaporation (as a result of low temperatures) and the long-
term subsurface process of upwelling water. However, the index products of the 
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two images acquired after cool and wet periods are only weakly correlated and 
the other images do not correlate with images acquired after periods of similar 
weather conditions. Although preceding weather conditions may contribute in 
some instances to the manifestation of the anomalous spatial patterns associated 
with the upwelling process, other factors also influence the spectral responses of 
the dike grass cover. Atmospheric influences, geometric misregistration and 
spatial resolution were eliminated as major contributors to the lack of spatial 
patterns associated with the upwelling process. It is thought that pasture and 
dike management (specifically mowing) could override the natural variation of 
vegetation in response to the long-term upwelling process that may otherwise be 
apparent. The findings of this study do not conclusively support the hypothesis, 
i.e., that considering the long-term process of upwelling water that affects parts
of the dike, it is expected that similarities in spatial patterns will still be 
observed in imagery from different dates and different sensors. It is 
recommended that the research be expanded to include the non-growing season 
(i.e., winter period) as well as examine dikes undergoing little or no pasture 
management, where mowing may only occur once a year or less.  
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6 Synthesis 
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6.1 Introduction 
The purpose of dikes is flood protection and the goal of dike inspection is to 
ensure that dikes maintain their functional capability. Since dike inspection is 
typically done on foot and thus slow, tools to expedite the inspection process 
would be of value. Remote sensing is one such possible tool. Previous work has 
focused on the use of remote sensing for deformation, slides and seepage. The 
aim of this research is to evaluate optical remote sensing as proxies for two 
inspection indicators for grass covered dikes that have not previously been 
investigated. The soil moisture indicator encompasses not only seepage but also 
dryness. In this study, the vegetation response to available soil moisture is 
investigated. The cover quality indicator is used to evaluate the quality of the 
grass cover taking into account the cover density, grass health, the presence of 
weeds, standing litter (dead plant material) or debris as well as the absence of 
vegetation. Absence of vegetation can be indicative of other issues, such as 
slides, animal activity, etc. The results in this thesis are specifically for in situ 
peat dikes (see Section 1.1.2 for descriptions of in situ dikes and Section 1.4 for 
in situ peat dikes specifically). It is possible that results can be extrapolated to 
other forms of dikes with a grass cover but that has not been tested in this thesis. 

This chapter summarises the results and achievements of previous chapters 
(Chapters 2 to 5) and discusses the findings in relation to the original research 
objectives, which were defined as: 

• to identify if, when using field measurements, there are significant 
relationships between 1) soil moisture indicator and 2) cover quality 
indicator, and a) broadband thermal, b) broadband visible, c) broadband 
multispectral and d) narrowband hyperspectral remote sensing data for 
grass covered dikes (Section 6.2), 

• to investigate the effects of differing spectral response functions (SRFs) 
of various very high spatial resolution sensors on the cross-calibration 
of numerous spectral indices for cultivated grasslands that are typically 
found on dikes that do not have a hardened cover (Section 6.3), 

• to compare and evaluate remote sensing measurements obtained from 
imagery to those obtained in the field for assessing soil moisture and 
cover quality indicators for the inspection of grass covered dikes 
(Section 6.4.1), 

• to compare and evaluate remote sensing image data obtained from 
different very high spatial resolution satellite imaging sensors for a 
section of dike in the context of facilitating the inspection of dikes 
(Section 6.4.2). 
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The following sections are structured around the research objectives, under the 
themes of proof of concept, technical issues relating to the comparison of data 
from different sensors and evaluating remote sensing imagery for use in dike 
inspections. The final two sections specifically relate the findings to use in dike 
inspection and give recommendations for future research.  

6.2 Proof of concept 
The first objective of this thesis pertains to the proof of concept as to whether 
relationships exist between optical remote sensing and two inspection 
indicators. In Chapter 2, significant relationships were found between four types 
of ground-based remote sensing data (i.e., broadband thermal, broadband 
visible, broadband multispectral and narrowband hyperspectral) and both 
inspection indicators. For the reflected remote sensing data sets, indices were 
specifically investigated.  

For the soil moisture indicator, the strongest relationships were to the afternoon 
thermal data sets. Since there was no very high spatial resolution thermal 
imagery available (see Section 6.4), these relationships have not been further 
tested and developed for airborne or space-borne implementation. From the 
reflected data sets, the strongest correlations to the soil moisture indicator were 
narrowband ratios using near-infrared and red bands and the broadband ratio of 
green to red (see Sections 2.4.1.3, 2.4.1.4 and 3.3.2.1). Interestingly, in the case 
of the green to red ratio, a standard digital camera out-performed a specialised 
camera. In addition to the correlation coefficients as evidence of relationships, 
spatial patterns from the various remote sensing data were linked to those of the 
soil moisture indicator. A large spatial feature was consistently identified at the 
bottom of the dike section. This was associated to a possible subsurface process 
of upwelling water. In Chapter 3 it was shown that for the top five indices for 
the soil moisture indicator, indices from narrowband sensors appeared to 
perform better than those from broadband sensors. Nonetheless, the differences 
in correlation coefficients to soil moisture were small (<0.050) and indices for 
certain broadband sensors performed as well or better. In Chapter 4, the indices 
recommended for potential use by dike inspectors as proxies for the soil 
moisture indicator were narrowed down to RVI, MSR and GRR, in either their 
broad- or narrowband form. 

For the cover quality indicator, the strongest relationships were to broadband 
multispectral data, particularly ratios using the near-infrared band, followed by 
afternoon thermal data and narrowband hyperspectral indices. The list was 
narrowed down in Chapter 3 to eight indices (i.e., NDVI705, mNDVI705, mSR705, 
GM2, CTR2, RGI, GRR and NGRR) based on their correlation coefficients to 
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cover quality across all sensors investigated. These include indices that use 
near-infrared and red-edge bands and those that use green and red bands (see 
Sections 2.4.2.2 and 3.3.2.2). However, it was found that the choice of index for 
the cover quality indicator could not be so easily generalized according to the 
bands used but also their specific formulation should be considered. It was 
further shown in Chapter 3 that for these eight indices, those from broadband 
sensors appeared to perform better overall than those from narrowband sensors 
but that the differences in correlation coefficients were small (< 0.040). As for 
the soil moisture indicator, spatial patterns from various remote sensing data 
were linked to those of the cover quality indicator, with a large spatial feature 
consistently identified at the bottom of the dike section. In Chapter 4, indices 
RGI, GRR and NGRR are recommended as proxies for the cover quality 
indicator, with a preference (based on similarity between field and actual image 
data) for GRR. These indices could be used by dike inspectors as proxies for the 
cover quality indicator to identify potentially problematic areas on grass 
covered dikes, but that may require further investigation.  

An additional aim of Chapter 2 was to investigate time of observation and 
environmental influences on thermal measurements. Temperatures measured for 
vegetated surfaces are a complex combination of actual temperature, evapo-
transpiration (related to available soil moisture), illumination and thermal 
properties of the specific cover type (e.g., emissivity, specific heat capacity). 
Pre-dawn thermal crossovers were not evident, seemingly due to lack of 
standing water (not tested) and vegetation effect. For soil moisture, as well as 
cover quality, the optimal time for thermal measurements of grass covered dikes 
was found to be between solar noon and apparent sunset when temperature 
differences were at their maximum. Thermal response is strongly affected by 
cover type (e.g., bare soil, standing litter, green vegetation), local weather 
conditions (e.g., rain) and illumination (e.g., cloud, shadowing). Whereas non-
uniform cover is of interest for cover quality, it distorts the measured thermal 
response of green vegetation to available soil moisture. For both indicators, 
illumination and weather conditions are problematic. This study contributed to 
knowledge regarding optimal time of observation as well as effects of 
environmental conditions for thermal measurements. 

6.3 Data processing 
There are a number of factors that can affect the comparison of data from 
different sensors. SRF differences are one of the main causes of differences in 
data sets between sensors. SRFs are usually known which makes it sensible to 
address this source of differences. While much research has tried to address the 
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effects of different SRFs, this research fills the knowledge gap regarding SRFs 
of very high spatial resolution sensors specifically for the cover type of 
cultivated grasslands. This is the subject of the second research objective of this 
thesis. 

This research confirmed that the change in SRFs between sensors noticeably 
altered index values (Chapter 3). Indices DVI, GEMI, EVI, MCARI1, MSAVI2, 
MTVI1, RDVI, SARVI and SAVI were found to be the least affected by SRF 
differences across a range of band widths. Nonetheless there are still differences 
in their index values that should be corrected. In most cases, relationships could 
be modelled between the index values for the reference narrowband ASD 
FieldSpec Pro spectrometer and those of the ten different sensors (both narrow- 
and broadband). The coefficients of determination (R2) for the modelled 
translation function should be as close to perfect (i.e., 1) as possible in order to 
reduce biases. Caution should be exercised when using indices that use bands 
which fall within transitional regions of the spectrum (e.g., red-edge), since the 
relationships for these indices between sensors are particularly adversely 
affected by the widths and positions of these bands (as evidenced by the often 
lower R2 values). The importance of using actual SRFs and not approximations 
such as Gaussian curves was illustrated by differences in statistical measures 
between WorldView-2 and WorldView-3 in Chapter 3 (where the SRFs for 
WorldView-3 were not yet available and so were approximated using Gaussian 
curves based on band width and positions, identical to those of WorldView-2). 
In Chapter 4, translation functions were proven to reduce differences 
(i.e., improve similarity) in index values between the reference narrowband 
ASD FieldSpec Pro spectrometer data and both simulated and image data for 
the broadband WorldView-2 sensor. Since, for many studies, data from multiple 
sensors are often required to ensure coverage and continuity, it is essential that 
translation functions be used to correct for differences in sensor SRFs before 
comparing data across sensors. 

Linear translation function coefficients for 48 indices are provided in Table B.2 
in order to adjust data from ten very high spatial resolution sensors to ASD 
FieldSpec Pro spectrometer-equivalent index values for cultivated grasslands. 
Although linear coefficients are presented, correct definition of the relationship 
is necessary for accurate adjustment of SRF effects and the best-fit translation 
function may not necessarily be linear but rather second order polynomial. This 
is the case for translation functions between ASD FieldSpec Pro spectrometer 
and WorldView-2 for specific indices (coefficients are provided in Table 4.4 for 
10 indices) and between WorldView-2 and GeoEye-1, IKONOS, Pléiades-1B 
and QuickBird sensors (coefficients are provided in Table 5.4 for three indices). 
Although care was taken to include a range of grass cover conditions and 
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multiple grassland species, a limitation of the data set is that it lacks the possible 
worldwide variability of cultivated grassland species and underlying soil types. 
The translation function coefficients are thus considered transferable to 
environments similar to the study site but may not be applicable to vastly 
different environments, particularly with paler underlying soils.  

Further considerations for comparing data are atmospheric and radiometric 
corrections. In Chapter 5, whether an image was only atmospherically corrected 
or also radiometrically normalized did not substantially influence spatial 
patterns, which is encouraging for geospatial studies. In this study, as in 
literature, radiometric normalization generally improved homogeneity between 
images. However the corrections did alter the actual index values per image and 
thus altered trends over time. This is problematic for comparison of index 
values between dates and sensors where choice and level of correction may 
result in larger variability in the data values than the subtle natural differences 
that are of interest. A challenge remains for the remote sensing researcher in 
determining what level of processing is adequate and what errors are considered 
acceptable for the application at hand. For dike inspection purposes, specific 
rectifications could be proposed, which is done in detail in Section 6.5. 

6.4 Imagery 
A challenge to achieving the third and fourth objectives was obtaining suitable 
imagery. Due to the narrowness of the dike, very high spatial resolution 
imagery is required to avoid contamination of pixels from other surfaces such as 
ditches, buildings, roads and trees. Very high spatial resolution imagery is also 
preferred when comparing image data to those obtained from field 
measurements so as to limit spatial scale and resolution effects. Various 
traditional as well as unconventional methods were explored in order to obtain 
the required very high spatial resolution imagery. Due to the nature of thermal 
electromagnetic energy, the spatial resolutions of thermal imaging systems are 
typically coarser than those of reflected. At the time of the study, the available 
thermal imaging systems were too coarse, prohibitively expensive, not practical 
or not yet operational. However, continual technological advancements should 
overcome most of these issues in the near future. Traditional hyper- and 
multispectral airborne imaging campaigns (using manned-aircraft) were 
considered financially unjustified for this comparatively small research area and 
so more cost-effective alternatives were favoured. Very high spatial resolution 
images were obtained for the study site using a multispectral sensor mounted on 
a UAV platform. The images suffered from extensive random noise and striping 
(thought to be a result of electronic interference), as well as non-systematic 
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geometric distortions from the rolling shutter and UAV motion. These rendered 
the images unsuitable for use due to the high levels of uncertainty in the data. 
There are a number of satellite sensors with the necessary very high spatial 
resolution, although all are multispectral. Availability of these images is limited 
by revisit times and cloud cover. Six suitable multispectral images were found 
for the study site. One was recorded a day before the field campaign. None of 
the other images were recorded close to this date and nor did any of the other 
images have overlapping dates.  

6.4.1 Single image 
In order to achieve the third objective, WorldView-2 image data from a day 
before the field campaign were compared to the ASD FieldSpec Pro 
spectrometer data (Chapter 4). After atmospheric correction, index values 
obtained from the WorldView-2 image are different to those of the ASD 
FieldSpec Pro spectrometer field data. Differences due to SRFs were 
predominately corrected using translation functions with some residual biases 
remaining (as seen in the adjusted simulated data sets in Figures 4.3 and 4.4) 
since the relationships are not perfect (Table 4.4, R2). However, after adjustment 
for SRFs, the image index values (although improved) are still different from 
the ASD FieldSpec Pro spectrometer field data. These differences arise from 
biases remaining after the SRF adjustments as well as other factors. Through a 
process of reasoning and elimination, the more than fourfold increase in spatial 
resolution is considered to be the main cause of these differences in index 
values owing to the heterogeneity of the cover (although this could not be tested 
due to the lack of suitable imagery).  

Despite the differences in index values between the field and adjusted image 
data, the index values for certain indices (e.g., MSR) were sufficiently similar to 
allow similar spatial patterns to be identified even when represented with the 
same colour scale. The spatial patterns could also be related back to those of the 
inspection indicators, where the correlations between the soil moisture indictor 
and certain indices for the adjusted image data even improved compared to the 
field data. These comparable index values between the field and adjusted image 
data were achieved without any operator interference or “tweaking”. This 
allows for the use of thresholds (whether absolute or fuzzy boundary) and 
shows potential for implementation at an operational level using data from more 
than one sensor.  
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6.4.2 Multiple images 
The last research objective involved comparing images from different satellite 
imaging sensors. When evaluating six satellite images, weather conditions 
preceding each image acquisition do not explain the overall index values 
observed in the data. The relationships and spatial patterns between image-dates 
(of the same index and correction method) are mostly weak or practically non-
existent. Although in some instances, weather conditions may contribute to the 
manifestation of the anomalous spatial patterns associated with the upwelling 
process, they could not conclusively be linked to the observed spatial patterns 
and index values. Factors other than weather conditions clearly affect the 
spectral response of the dike cover. In this case, atmospheric influences, 
geometric misregistration and remaining biases due to SRF differences were 
ruled out as major contributors to the absence of spatial patterns associated with 
the upwelling process. Since similar date imagery from different sensors of 
similar spatial resolution were not available, it was not possible to test if similar 
spatial resolution reduces differences between data sets (i.e., that differences are 
in fact a result of spatial resolution effects). Nevertheless, as when comparing 
the ASD FieldSpec Pro spectrometer data to the similar date WorldView-2 data, 
similar spatial patterns were still evident when the reference image was 
resampled to coarser resolutions. Thus spatial scale and resolution effects were 
also ruled out as major contributors to the absence of spatial patterns associated 
with the upwelling process. The findings of this study do not conclusively 
support the use of optical remote sensing data as proxies for the soil moisture 
and cover quality indicators so as to facilitate the inspection of grass covered 
dikes. Pasture and dike management (especially mowing) are thought to 
override the natural expression of vegetation response to the long-term 
upwelling process that may otherwise be apparent.  

6.5 Remote sensing for dike inspection 
Remote sensing for dike inspection is a relatively new application with 
literature only starting about a decade ago. The current research is the first to 
systematically investigate optical remote sensing data as proxies for the 
inspection indicators of cover quality and soil moisture so as to facilitate the 
inspection of grass covered dikes. All four specific research objectives 
(Section 1.3) have been achieved, with the latter three achieved for reflected but 
not thermal remote sensing data. 
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The current research was conducted for an in situ peat dike but it is expected 
that the dike inspector could use indices RVI, MSR and GRR as proxies for the 
soil moisture indicator for long-term moisture processes (e.g., weeks to months) 
for grass covered dikes, where vegetation growth and health have sufficient 
time to respond to available soil moisture. It should be remembered that 
vegetation responds to available soil moisture that is in reach of its roots and 
thus soil moisture variations in the subsurface may not be evident in the remote 
sensing data. The vegetation response to available soil moisture is most likely 
season dependent and thus relationships between the indices and the soil 
moisture indicator may be either negative or positive and thus both conditions 
should be considered. Similarly, indices RGI, NGRR and especially GRR could 
be used as proxies for the cover quality indicator, signifying the state of the 
grass cover at the time of imaging. While the relationships between the indices 
and the two indicators are not strong, the observed spatial patterns were 
sufficiently clear to identify and delineate a comparable area that is affected by 
a possible upwelling process. Smaller features observed in the field data were 
not always identified in imagery (Chapter 4). Although the internal structure 
and composition of the dike may influence soil moisture and cover quality, no 
definitive link could be established between the subsurface lithography of the 
dike and either the inspection indicators or the remote sensing data (Chapter 2). 
As was shown in Chapter 5, evidence of the upwelling process was not always 
evident in the remote sensing data and may be masked (e.g., by management 
practices). The remote sensing information is thus not definitive but rather 
indicative. Dike inspectors can use information obtained from the remotely 
sensed index data to identify potential problem areas for further investigation. It 
should be noted that not all potential problem areas may be identified using the 
remote sensing data and that the absolute values of the indicators might not be 
retrieved from the remote sensing proxies. Traditional inspections should be 
continued but remote sensing may help as a screening tool by identifying 
potentially problematic areas that may have been over looked in the field or 
manifest between traditional inspections.  

Following are suggestions for operational implementation of optical remote 
sensing for dike inspection, in the context of the specific indices as proxies for 
soil moisture and cover quality indicators. It is suggested that imagery be 
recorded on a regular basis (e.g., every 1–3 months) throughout the year and 
that extra campaigns be scheduled during times of drought or high water. 
Images can then not only be assessed for a moment in time but also evaluated 
for changes over time. Very high spatial resolution imagery is required for dike 
inspection due to the narrowness of dike structures and the small size of features 
of interest. Although a large spatial feature could be still be identified in 
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resampled 8 m imagery (Figure 5.15), it is suggested that imagery for dike 
inspections should have a spatial resolution of 2 m or less, with a preference for 
sub-metre imagery (optimal spatial resolution remains to be tested). Satellite 
image data are limited by revisit times, cloud cover and multispectral spatial 
resolution. Aerial surveys may overcome these problems as well as reducing 
atmospheric effects due to a reduction in the atmospheric path (although aerial 
images are more prone to geometric distortions associated with aircraft 
attitude). Images need to be adequately corrected, taking into account, for 
example, atmospheric, spatial and spectral characteristics. Ideally, multi-date 
images should be recorded using the same or at least similar sensors (where 
SRFs and spatial resolutions are similar) so as to reduce possible biases. It is 
recommended to perform full atmospheric corrections and adjust for SRF 
differences when comparing imagery. Radiometric normalization improves 
homogeneity between images and is additionally recommended for data 
comparison across image series despite invariant target selection being 
potentially labour-intensive or computationally complicated.  

6.6 The way forward 
In general, the results from this and previous studies on remote sensing for dike 
inspection (Table 1.2) appear promising. Nonetheless, there is still much that 
needs to be addressed and clarified, with ample interesting and challenging 
work to be done. Sensor and system technologies are constantly improving, 
with instruments getting smaller, lighter, more diverse (greater assortment), 
more specialised, cheaper and more ubiquitous. This is encouraging for future 
research, as it makes obtaining the required measurements and images more 
probable. Future research opportunities which arise out of the current research, 
as well as in the context of previous studies, are: 

• For the cover quality indicator, it is suggested to test whether a more 
detailed classification improves the relationships between the indicator 
and remote sensing indices. It is also suggested to test whether end-
members can be used to produce proportions for the various cover types 
present within a pixel, thereby improving the classification of a pixel 
into a specific cover quality class. This will however require 
hyperspectral remote sensing data. 

• For the soil moisture indicator, it is recommended to pursue the use of 
thermal remote sensing images. Technological improvements have 
improved the spatial resolution of thermal sensors and thermal imaging 
systems are even designed for use on UAV platforms. Since the type of 
cover (with its particular thermal properties) can significantly influence 
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thermal response, it is suggested to investigate the use of reflected 
remote sensing for stratifying the thermal data according to cover type. 
This may prove particularly useful in identifying recent increases or 
decreases in soil moisture since the thermal response of vegetation to 
changes in available soil moisture is relatively rapid compared to the 
vegetation’s growth response. It is also suggested to investigate the 
combination or fusion of thermal with microwave remote sensing data 
(e.g., PMR, PolSAR), as it may assist with their interpretation and 
issues related to spatial resolution. This could also be extended 
(or limited) to include reflected remote sensing data to overcome 
complications related with vegetated surfaces.  

• Management practices are thought to override otherwise observable 
spatial patterns associated with either the soil moisture or cover quality 
indicators. To confirm this, it is advised to expand the research to 
include the non-growing season (i.e., winter period) as well as dikes 
undergoing little or no pasture management (where mowing may only 
occur once a year or less). If management practices are proven to 
override these spatial patterns, then it may be interesting to explore if 
these techniques can be used in specific extreme events, such as drought 
when there is little or no mowing or during high water in the non-
growing season. 

• Although the research for this thesis was conducted using data from an 
in situ peat dike, the findings should be transferrable to other dikes with 
a grass cover since it focused on the quality of the grass cover and the 
vegetation response to available soil moisture. However, internal 
structure and composition of the dike may affect how the soil moisture 
is made available to the vegetation and different substrates may affect 
general vegetation health. The findings should thus be tested for other 
types of dikes.  

• This and other research (Table 1.2) have investigated the use of remote 
sensing for various inspection indictors (i.e., deformation, seepage, 
slides, soil moisture and grass cover quality). There are however other 
inspection indicators that still require investigation as to whether remote 
sensing could facilitate with their inspection (e.g., riprap and other 
revetments, woody vegetation, encroachments, cracking and animal 
burrows).  
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• Geophysics is concerned (amongst other things) with measuring and 
mapping physical properties of the subsurface from the surface, 
including lithological layers, water content, intrusions and voids. 
Traditionally, measurements are ground-based but geophysical 
instruments are increasingly developed and modified for airborne use, 
including electromagnetic, magnetic, gravimetric, ground penetrating 
radar (GPR) and radiometric (gamma-ray spectrometry) methods. 
Although these airborne systems often have coarser resolutions than 
ground-based systems, sensor and system technologies are constantly 
improving, allowing higher subsurface resolutions to be achieved. It is 
recommended that airborne geophysical methods be explored not only 
for dike inspection indicators (e.g., soil moisture, cracking and animal 
burrows) but also to facilitate the characterisation of the dike earthfill 
and foundations themselves. 

• On the technical side, translation functions for many indices presented 
in this research were often (for simplicity) in their linear form. These 
need to be reviewed as to whether these are in fact the best fitting 
functions. In addition, for the purpose of the research, only two 
reference sensors were selected. It would be useful to expand the 
definition of translation functions to incorporate, as reference, the other 
sensors. The translation functions are based on data encompassing a 
wide range of grass cover conditions on a background of clayey peat 
soil. For completeness, translation functions for cultivated grasslands 
should be defined for other soil types.  

• At the time of this study, imagery available for the study site was 
limited and thus spatial scale and resolution effects could not be 
completely tested. Using actual image data (not simulated data), it 
would be interesting to explore index value differences between images 
recorded on the same date with a similar spatial resolution but differing 
spectral resolutions, as well as those recorded on the same date with 
similar spectral resolutions but differing spatial resolutions. This should 
contribute to the understanding of factors affecting image data 
comparisons, specifically for indices and for cultivated grasslands. 
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Table A.1: Full list of hyperspectral indices used in Chapter 2. © 2014 IEEE. 

INDEX NAME (ABBREV.)  EQUATION REFERENCE 
Anthocyanin Reflectance Index 
(ARI) 

(1/R550)−(1/R700) (Gitelson et al., 2001) 

Atmospherically Resistant 
Vegetation Index (ARVI) a 

[R830−(R660−1*(R485−R660))]/ 
[R830+(R660−1*(R485−R660))] 

(Kaufman and Tanré, 
1992) 

Blue/Green Index 2 (BGI2) R450/R550 (Zarco-Tejada et al., 2005) 

Blue/Red Index 1 (BRI1) R400/R690 (Zarco-Tejada et al., 2005) 

Blue/Red Index 2 (BRI2) R450/R690 (Zarco-Tejada et al., 2005) 

Carotenoid Reflectance Index 1 
(CRI550) 

(1/R510)−(1/R550) (Gitelson et al., 2002b) 

Carotenoid Reflectance Index 2 
(CRI700) 

(1/R510)−(1/R700) (Gitelson et al., 2002b) 

Carter Index 1 (CTR1) R695/R420 (Carter, 1994) 

Carter Index 2 (CTR2) R695/R760 (Carter, 1994) 

Carter Index 3 (CRT3) R700/R420 (Rodríguez-Pérez et al., 
2007) 

Cellulose Absorption Index (CAI) 0.5*(R2000+R2200)−R2100 (Nagler et al., 2003) 

Chlorophyll Absorption in 
Reflectance Index (CARI) 

CAR * (R700/R670) 
where CAR = |(a*670+R670+b)|/(a2 +1)0.5 ,  
a = (R700−R550)/150 and b = R500− (a*550) 

(Broge and Leblanc, 2000; 
Kim et al., 1994) 

Curvature Index (CUR) (R2
683)/ (R675*R690) (Zarco-Tejada et al., 2000) 

Difference Vegetation Index 
(DVI) a 

R830−R660 (Lillesand et al., 2008; 
Richardson and Everitt, 
1992) 

Double-peak Canopy Nitrogen 
Index (DCNI) 

(R720−R700) / (R700−R670) / 
(R720−R670+0.03) 

(Chen et al., 2010) 

Enhanced Vegetation Index  
(EVI) a 

2.5*(R830−R660) / 
(R830+6*R660−7.5*R485+1) 

(Huete et al., 1997) 

Floating Position Water Band 
(fWBI) 

R900/[min (R930 to R980)] (Strachan et al., 2002) 

Gitelson and Merzlyak 1 (GM1) R750/R550 (Gitelson and Merzlyak, 
1997) 

Gitelson and Merzlyak 2 (GM2) R750/R700 (Gitelson and Merzlyak, 
1997) 

Global Environmental 
Monitoring Index (GEMI) a 

eta*(1−0.25*eta)−[(R660−0.125)/(1−R660)] 
where eta = [2*((R830)2 – (R660)2) + 
1.5*R830 + 0.5*R660] / (R830+R660+0 5) 

(Pinty and Verstraete, 
1992) 

Green Chlorophyll Index (CIg) a (R830/R560)−1 (Gitelson et al., 2005) 

Green Normalized Difference 
Vegetation Index (gNDVI) a 

(R830−R560)/(R830+R560) (Gitelson and Merzlyak, 
1998) 
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Table A.1 (continued)   

INDEX NAME (ABBREV.)  EQUATION REFERENCE 
Green/Red Ratio (GRR) R554/R673 (Kanemasu, 1974; 

Rodríguez-Pérez et al., 
2007) 

Greenness Index (GI) R554/R677 (Smith et al., 1995) 

Green/Red Ratio 2 (GRR2) R550/R670 This study 

Infrared Percentage Vegetation 
Index (IPVI) a 

R830/(R830+R660) (Crippen, 1990) 

Lichtenthaler Index 2 (LIC2) R440/R690 (Lichtenthaler, 1996) 

Lichtenthaler Index 3 (LIC3) R440/R740 (Lichtenthaler, 1996) 

Modified Anthocyanin 
Reflectance Index (mARI) 

[(1/R550)−(1/R700)] * R800 (Gitelson et al., 2009; 
Gitelson et al., 2001) 

Modified Chlorophyll Absorption 
in Reflectance Index (MCARI) 

[(R700−R670)−0.2*(R700− R550)]*(R700/R670) (Daughtry et al., 2000) 

Modified Chlorophyll Absorption 
in Reflectance Index 1 (MCARI1) 

1.2*[2.5*(R800−R670)−1.3* (R800− R550)] (Haboudane et al., 2002) 

Modified Chlorophyll Absorption 
in Reflectance Index 2 (MCARI2) 

[1.5*[2.5*(R800−R670)−1.3* (R800− R550)] ] 
/ [ ( (2*R800+1)2 − (6*R800−5*(R670)0.5) )0.5 
−0.5] 

(Haboudane et al., 2002) 

Modified Red Edge Normalized 
Difference Vegetation Index 
(mNDVI705) 

(R750−R705)/(R750+R705−2* R445) (Sims and Gamon, 2002) 

Modified Simple Ratio (MSR) a (R800/R670 −1) / [(R800/R670)0.5 +1] (Chen, 1996) 

Modified Simple Red Edge Ratio 
Index (mSR705) 

(R750−R445)/(R705−R445) (Sims and Gamon, 2002) 

Modified Soil-Adjusted 
Vegetation Index (MSAVI2) a 

[2*R800 + 1 – ( (2*R800+1)2 – 
8*(R800−R670) )0.5] / 2 

(Qi et al., 1994) 

Modified Triangular Vegetation 
Index 1 (MTVI1) 

1.2*[1.2*(R800−R550)−2.5* (R670− R550)] (Haboudane et al., 2002) 

Modified Triangular Vegetation 
Index 2 (MTVI2) 

[1.5*[1.2*(R800−R550)−2.5* (R670− R550)] ] 
/ [( (2*R800+1)2 − (6*R800−5*(R670)0.5) )0.5 
−0.5] 

(Haboudane et al., 2002) 

Modified Triangular Vegetation 
Index 3 (MTVI3) 

1.2*[1.2*(R880−R554)−2.5* (R758−R554)] (Rodríguez-Pérez et al., 
2007) 

Moisture Stress Index (MSI) (Average of R1550 to R1750) /  
(Average of R760 to R800) 

(Harris et al., 2005; Rock 
et al., 1986) 

Moisture Stress Index 1 (MSI1) R1600/R820 (Hunt and Rock, 1989) 

Moisture Stress Index 2 (MSI2) R1650/R835 (Hunt and Rock, 1989; Lee 
et al., 2007) 

Moisture Stress Index 3 (MSI3) R870/R1350 (Rodríguez-Pérez et al., 
2007) 

Near-infrared / Red Ratio 
(NIRRR) 

R780/R670 This study 
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Table A.1 (continued)   

INDEX NAME (ABBREV.)  EQUATION REFERENCE 
Normalized Difference Infrared 
Index (NDII) 

(R850−R1650)/(R850+R1650) (Hardisky et al., 1983) 

Normalized Difference Lignin 
Index (NDLI) 

[log(1/R1754)−log(1/R1680)] / 
log(1/R1754)+log(1/R1680)] 

(Serrano et al., 2002) 

Normalized Difference Nitrogen 
Index (NDNI) 

[log(1/R1510)−log(1/R1680)] / 
[log(1/R1510)+log(1/R1680)] 

(Serrano et al., 2002) 

Normalized Difference 
Vegetation Index  
(green –blue) (NDVIg-b) 

(R573−R440)/(R573+R440) (Chen et al., 2010; Hansen 
and Schjoerring, 2003) 

Normalized Difference 
Vegetation Index (NDVI) a 

(R830−R660)/(R830+R660) (Rouse et al., 1974) 

Normalized Difference 

Vegetation Index 2 (NDVI2)  

(R800−R680)/(R800+R680) (Lichtenthaler et al., 1996) 

Normalized Difference 
Vegetation Index 3 (NDVI3) 

(R870−R673)/(R870+R673) (Rodríguez-Pérez et al., 
2007) 

Normalized Difference 
Vegetation Index 4 (NDVI4) 

(R884−R680)/(R884+R680) (Rodríguez-Pérez et al., 
2007) 

Normalized Difference 
Vegetation Index 5 (NDVI5) 

(R845−R665)/(R845+R665) (Rodríguez-Pérez et al., 
2007; Rouse et al., 1974) 

Normalized Difference Water 
Index – McFeeters  
(NDWIMc) a 

(R560−R830)/(R560+R830) (McFeeters, 1996) 

Normalized Difference Water 
Index (NDWI) a 

(R859−R1240)/(R859+R1240) (Gao, 1996; Rodríguez-
Pérez et al., 2007)  

Normalized Difference Water 
Index 2 (NDWI2) 

(R870−R1260)/(R870+R1260) (Rodríguez-Pérez et al., 
2007) 

Normalized Difference Water 
Index 2130 (NDWI2130) 

(R858−R2130)/(R858+R2130) (Chen et al., 2005) 

Normalized Green/Red Ratio 
(NGRR) 

(R673−R554)/(R673+R554) (Rodríguez-Pérez et al., 
2007) 

Normalized Multi-band Drought 
Index (NMDI) 

[R660 − (R1640−R2150)]/[R660 +(R1640−R2150)] (Wang and Qu, 2007) 

Normalized Phaeophytinization 
Index (NPQI) 

(R415−R435)/(R415+R435) (Barnes et al., 1992; 
Peñuelas et al., 1995b) 

Normalized Pigment Chlorophyll 
Index (NPCI) 

(R680−R430)/(R680+R430) (Peñuelas et al., 1994) 

Normalized Soil Moisture Index 
(NSMI) 

(R1800−R2119)/(R1800+R2119) (Haubrock et al., 2008) 

Optimized Soil-Adjusted 
Vegetation Index (OSAVI) a 

(1+0.16)*(R800− R670) / (R800+R670+0.16) (Rondeaux et al., 1996) 

Photochemical Reflectance  
Index 1 (PRI1) 

(R528−R567)/(R528+R567) (Gamon et al., 1992; 
Rodríguez-Pérez et al., 
2007) 
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Table A.1 (continued)   

INDEX NAME (ABBREV.)  EQUATION REFERENCE 
Photochemical Reflectance  
Index 2 (PRI2) 

(R531−R570)/(R531+R570) (Gamon et al., 1992; 
Gamon and Surfus, 1999) 

Photochemical Reflectance  
Index 3 (PRI3) 

(R570−R539)/(R570+R539) (Rodríguez-Pérez et al., 
2007; Gamon et al., 1992) 

Plant Senescence Reflectance 
Index (PSRI) 

(R680−R500)/R750 (Merzlyak et al., 1999) 

Ratio Vegetation Index  
(RVI) a 

R800/R673 (Rodríguez-Pérez et al., 
2007; Pearson and Miller, 
1973) 

Ratio Vegetation Index 1 (RVI1) R810/R660 (Zhu et al., 2008b) 

Ratio Vegetation Index 2 (RVI2) R810/R560 (Xue et al., 2004) 

Red Edge Normalized Difference 
Vegetation Index (NDVI705) 

(R750−R705)/(R750+R705) (Sims and Gamon, 2002) 

Red Edge Position Index (REP) 700+40*[(((R670+R780)/2) – R700)/ 
(R740−R700)] 

(Guyot and Baret, 1988) 

Red/Blue Index (RBI) R695/R445 (Rodríguez-Pérez et al., 
2007) 

Red/Green Index (RGI) R690/R550 (Zarco-Tejada et al., 2005) 

Red/Green Index 2 (RGI2) R695/R554 (Rodríguez-Pérez et al., 
2007) 

Red/Green Ratio (RG) a R660/R560 (Gamon and Surfus, 1999) 

Red-Edge Symmetry (RES) (R718−R675)/(R755−R675) (Ju et al., 2010) 

Renormalized Difference 
Vegetation Index  
(RDVI) a 

(R800−R670) / [(R800+R670)0.5] (Roujean and Breon, 1995) 

Shortwave Infrared Water Stress 
Index (SIWSI) 

(R859−R1640)/(R859+R1640) (Fensholt and Sandholt, 
2003; Rodríguez-Pérez et 
al., 2007) 

Simple Ratio (SR) a  R845/R665 (Rodríguez-Pérez et al., 
2007; Pearson and Miller, 
1973; Jordan, 1969) 

Simple Ratio 2 (SR2) R1070/R1340 (Rodríguez-Pérez et al., 

2007) 

Simple Ratio 3 (SR3) R673/R880 (Rodríguez-Pérez et al., 
2007) 

Simple Ratio 4 (SR4) R678/R1070 (Rodríguez-Pérez et al., 
2007) 

Simple Ratio Pigment Index 
(SRPI) 

R430/R680 (Peñuelas et al., 1995b) 

Simple Ratio Water Index 
(SRWI) 

R858/R1240 (Zarco-Tejada and Ustin, 
2001) 
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Table A.1 (continued)   

INDEX NAME (ABBREV.)  EQUATION REFERENCE 
Simple Ratio Water Index 1 
(SRWI1) 

R880/R1265 (Rodríguez-Pérez et al., 
2007) 

Simple Ratio Water Index 2 
(SRWI2) 

R1350/R670 (Rodríguez-Pérez et al., 
2007) 

Soil-adjusted Atmospherically 
Resistant Vegetation Index 
(SARVI) a 

[R800−(R670−1*(R445−R670))] / 
[R800+(R670−1*(R445−R670)) +0.5]*(1+0.5) 

(Huete et al., 1994) 

Soil-Adjusted Vegetation Index 
(SAVI) a 

[(R800−R670)/(R800+R670+0.5)] * (1 + 0.5) (Huete, 1988) 

Structure Independent Pigment 
Index (SIPI) 

(R800−R445)/(R800+R680) (Peñuelas et al., 1995a) 

Sum Green Index (SG) Average of R500 to R600 (Gamon and Surfus, 1999) 

Transformed Chlorophyll 
Absorption in Reflectance Index 
(TCARI) 

3*[(R700−R670)−0.2*(R700−R550)* 
(R700/R670)] 

(Haboudane et al., 2002) 

Transformed Normalized 
Difference Vegetation Index 
(TNDVI) a 

[(R830−R660) / (R830+R660) + 0.5]0.5 (Rouse et al., 1973; Rouse 
et al., 1974) 

Triangular Vegetation Index 
(TVI) 

0.5*[120*(R750−R550)−200* (R670− R550)] (Broge and Leblanc, 2000) 

Triangular Vegetation Index 1 
(TVI1) 

0.5*[120*(R758−R554)−200* (R674−R554)] (Rodríguez-Pérez et al., 
2007) 

Visible Atmospherically 
Resistant Index (VARI) a 

(R560−R660) / (R560+R660–R485) (Gitelson et al., 2002a) 

Vogelmann Index (VOG) R740/R720 (Vogelmann et al., 1993) 

Vogelmann Index 2 (VOG2) (R734−R747)/(R715+R726) (Zarco-Tejada et al., 2005; 
Zarco-Tejada et al., 2001) 

Vogelmann Index 3 (VOG3) (R734−R747)/(R715+R720) (Zarco-Tejada et al., 2005; 
Zarco-Tejada et al., 2001) 

Water Band Index (WBI) R970/R900 (Peñuelas et al., 1993) 

Zarco and Miller (ZM) R750/R710 (Zarco-Tejada et al., 2005; 
Zarco-Tejada et al., 2001) 

R: Reflectance at specified wavelength in nanometres 

a Original index was for a broadband sensor 
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Table A.2: The 48 indices selected based on whether applicable to at least three of the ten sensors 
investigated in Chapter 3. 

INDEX NAME (ABBREV.) EQUATION REFERENCE 
Anthocyanin Reflectance Index 
(ARI) 

(1/R550)−(1/R700) (Gitelson et al., 2001) 

Atmospherically Resistant 
Vegetation Index (ARVI) a 

[R830−(R660−1*(R485−R660))]/  
[R830+(R660−1*(R485−R660))] 

(Kaufman and Tanré, 
1992) 

Blue/Green Index 2 (BGI2) R450/R550 (Zarco-Tejada et al., 2005) 

Blue/Red Index 1 (BRI1) R400/R690 (Zarco-Tejada et al., 2005) 

Carotenoid Reflectance Index 2 
(CRI700) 

(1/R510)−(1/R700) (Gitelson et al., 2002b) 

Carter Index 1 (CTR1) R695/R420 (Carter, 1994) 

Carter Index 2 (CTR2) R695/R760 (Carter, 1994) 

Chlorophyll Absorption in 
Reflectance Index (CARI) 

CAR * (R700/R670) 
where CAR = |(a*670+R670+b)| /(a2+1)0.5 ,  
a = (R700−R550)/150 and b = R500− (a*550) 

(Broge and Leblanc, 2000; 
Kim et al., 1994) 

Difference Vegetation Index 
(DVI) a 

R830−R660 (Lillesand et al., 2008; 
Richardson and Everitt, 
1992) 

Enhanced Vegetation Index  
(EVI) a 

2.5*(R830−R660)/(R830+6*R660−7.5*R485+1) (Huete et al., 1997) 

Gitelson and Merzlyak 1 (GM1) R750/R550 (Gitelson and Merzlyak, 
1997) 

Gitelson and Merzlyak 2 (GM2) R750/R700 (Gitelson and Merzlyak, 
1997) 

Global Environmental 
Monitoring Index (GEMI) a 

eta*(1−0.25*eta)−[(R660−0.125)/(1−R660)] 
where eta = [2*((R830)2 – (R660)2) + 
1.5*R830 + 0.5* R660] / (R830+R660+0.5) 

(Pinty and Verstraete, 
1992) 

Green Chlorophyll Index (CIg) a (R830/R560)−1 (Gitelson et al., 2005) 

Green Normalized Difference 
Vegetation Index (gNDVI) a 

(R830−R560)/(R830+R560) (Gitelson and Merzlyak, 
1998) 

Green/Red Ratio (GRR) R554/R673 (Kanemasu, 1974; 
Rodríguez-Pérez et al., 
2007) 

Infrared Percentage Vegetation 
Index (IPVI) a 

R830/(R830+R660) (Crippen, 1990) 

Lichtenthaler Index 2 (LIC2) R440/R690 (Lichtenthaler, 1996) 

Lichtenthaler Index 3 (LIC3) R440/R740 (Lichtenthaler, 1996) 

Modified Anthocyanin 
Reflectance Index (mARI) 

[(1/R550)−(1/R700)] * R800 (Gitelson et al., 2009; 
Gitelson et al., 2001) 

Modified Chlorophyll Absorption 
in Reflectance Index (MCARI) 

[(R700−R670)−0.2*(R700− R550)]*(R700/R670) (Daughtry et al., 2000) 

Modified Chlorophyll Absorption 
in Reflectance Index 1 (MCARI1) 

1.2*[2.5*(R800−R670)−1.3* (R800− R550)] (Haboudane et al., 2002) 
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Table A.2 (continued)   

INDEX NAME (ABBREV.) EQUATION REFERENCE 
Modified Chlorophyll Absorption 
in Reflectance Index 2 (MCARI2) 

[1.5*[2.5*(R800−R670)−1.3*(R800−R550)]]/ 
[((2* R800+1)2 −(6*R800 −5*(R670)0.5))0.5 
−0.5] 

(Haboudane et al., 2002) 

Modified Red Edge Normalized 
Difference Vegetation Index 
(mNDVI705) 

(R750−R705)/(R750+R705 −2* R445) (Sims and Gamon, 2002) 

Modified Simple Ratio (MSR) a (R800/R670 −1) / [(R800/R670)0.5 +1] (Chen, 1996) 

Modified Simple Red Edge Ratio 
Index (mSR705) 

(R750−R445)/(R705−R445) (Sims and Gamon, 2002) 

Modified Soil-Adjusted 
Vegetation Index (MSAVI2) a 

[2*R800 + 1 – ( (2*R800 +1)2 – 
8*(R800−R670) )0.5] / 2 

(Qi et al., 1994) 

Modified Triangular Vegetation 
Index 1 (MTVI1) 

1.2*[1.2*(R800−R550)−2.5* (R670− R550)] (Haboudane et al., 2002) 

Modified Triangular Vegetation 
Index 2 (MTVI2) 

[1.5*[1.2*(R800−R550)−2.5* (R670−R550)] ]/ 
[((2* R800+1)2−(6*R800−5* (R670)0.5))0.5 
−0.5] 

(Haboudane et al., 2002) 

Normalized Difference 
Vegetation Index (green –blue) 
(NDVIg-b) 

(R573−R440)/(R573+R440) (Chen et al., 2010; Hansen 
and Schjoerring, 2003) 

Normalized Difference 
Vegetation Index (NDVI)a 

(R830−R660)/(R830+R660) (Rouse et al., 1974; Rouse 
et al., 1973) 

Normalized Difference Water 
Index – McFeeters (NDWIMc) a 

(R560−R830)/(R560+R830) (McFeeters, 1996) 

Normalized Green/Red Ratio 
(NGRR) 

(R673−R554)/(R673+R554) (Rodríguez-Pérez et al., 
2007) 

Normalized Pigment Chlorophyll 
Index (NPCI) 

(R680−R430)/(R680+R430) (Peñuelas et al., 1994) 

Optimized Soil-Adjusted 
Vegetation Index(OSAVI) a 

(1+0.16)*(R800− R670) / (R800+R670+0.16) (Rondeaux et al., 1996) 

Plant Senescence Reflectance 
Index (PSRI) 

(R680−R500)/R750 (Merzlyak et al., 1999) 

Ratio Vegetation Index (RVI) a R800/R673 (Jordan, 1969; Rodríguez-
Pérez et al., 2007),  

Red Edge Normalized Difference 
Vegetation Index (NDVI705) 

(R750−R705)/(R750+R705) (Sims and Gamon, 2002) 

Red/Blue Index (RBI) R695/R445 (Rodríguez-Pérez et al., 
2007) 

Red/Green Index (RGI) R690/R550 (Zarco-Tejada et al., 2005) 

Renormalized Difference 
Vegetation Index (RDVI) a 

(R800−R670) / [(R800+R670)0.5] (Roujean and Breon, 1995) 

Soil-adjusted Atmospherically 
Resistant Vegetation Index 
(SARVI) a  

[R800−(R670−1*(R445−R670))] / 
[R800+(R670−1*(R445−R670)) +0.5] *(1+0 5) 

(Huete et al., 1994) 
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Table A.2 (continued) 

INDEX NAME (ABBREV.) EQUATION REFERENCE 
Soil-Adjusted Vegetation Index 
(SAVI) a 

[(R800−R670)/(R800+R670+0.5)] * (1 + 0.5) (Huete, 1988) 

Structure Independent Pigment 
Index (SIPI) 

(R800−R445)/(R800+R680) (Peñuelas et al., 1995a) 

Transformed Chlorophyll 
Absorption in Reflectance Index 
(TCARI) 

3*[(R700−R670)−0.2*(R700− R550)* 
(R700/R670)] 

(Haboudane et al., 2002) 

Transformed Normalized 
Difference Vegetation Index 
(TNDVI) a 

[(R830−R660) / (R830+R660) + 0.5]0.5 (Rouse et al., 1974; Rouse 
et al., 1973) 

Triangular Vegetation Index 
(TVI) 

0.5*[120*(R750−R550)− 200* (R670− R550)] (Broge and Leblanc, 2000) 

Visible Atmospherically 
Resistant Index (VARI) a 

(R560−R660) / (R560+R660–R485) (Gitelson et al., 2002a) 

R: Reflectance at specified wavelength in nanometres 

a Original index was for a broadband sensor 
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Appendix B:  
Statistical measures per index, 
comparing index values generated 
from convolved narrow- and 
broadband data to index values 
obtained from original narrowband 
ASD data 
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Table B.1: Mean values (per index) of the statistical measures for the ten sensors studied in 
Chapter 3, comparing index values generated from convolved narrow- and broadband data to index 
values obtained from original narrowband ASD data. 

INDEX MEAN 

1:1R2 
MEAN 

|SLOPE−1| 
MEAN 

|INTERCEPT| 
MEAN 

|NORMALIZED 
INTERCEPT| 

MEAN 
CCR2 

ARI -13.558 1.654 10.488 7.166 0.534 
ARVI 0.874 0.093 0.054 0.077 0.997 
BGI2 -3.353 0.161 0.199 0.430 0.979 
BRI1 -4.090 0.284 0.257 0.529 0.876 
CRI700 -0.463 0.435 2.424 0.130 0.652 
CTR1 -22.910 0.558 4.341 1.702 0.221 
CTR2 -3.203 0.307 0.240 1.005 0.918 
CARI -0.318 0.979 0.403 0.148 0.353 
DVI 0.976 0.044 0.001 0.004 0.998 
EVI 0.962 0.037 0.006 0.012 0.998 
GM1 -0.155 0.304 0.503 0.117 0.994 
GM2 -0.276 0.508 0.882 0.232 0.984 
GEMI 0.978 0.023 0.008 0.012 0.999 
CIg 0.825 0.138 0.229 0.058 0.995 
gNDVI 0.876 0.048 0.038 0.058 0.993 
GRR 0.363 0.424 0.372 0.172 0.976 
IPVI 0.892 0.047 0.033 0.036 0.999 
LIC2 0.205 0.261 0.180 0.273 0.968 
LIC3 -1.273 0.070 0.039 0.342 0.973 
mARI -12.774 1.319 2.412 5.851 0.503 
MCARI -70.250 2.776 0.031 0.522 0.894 
MCARI1 0.950 0.066 0.002 0.006 0.997 
MCARI2 -2.669 0.539 0.050 0.166 0.953 
mNDVI705 -1.445 0.370 0.100 0.174 0.928 
MSR 0.417 0.305 0.154 0.054 0.996 
mSR705 -0.706 0.641 1.101 0.291 0.969 
MSAVI2 0.963 0.053 0.013 0.031 0.997 
MTVI1 0.950 0.066 0.002 0.006 0.997 
MTVI2 -0.073 0.231 0.040 0.133 0.953 
NDVIg-b -1.348 0.318 0.058 0.167 0.708 
NDVI 0.892 0.047 0.033 0.043 0.999 
NDWIMc 0.876 0.048 0.038 0.058 0.993 
NGRR 0.428 0.228 0.050 0.159 0.994 
NPCI 0.747 0.320 0.057 0.271 0.981 
OSAVI 0.933 0.067 0.025 0.045 0.997 
PSRI 0.909 0.138 0.014 0.343 0.991 
RVI 0.748 0.290 1.241 0.114 0.989 
NDVI705 -0.544 0.309 0.089 0.186 0.967 
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Table B.1 (continued) 

INDEX MEAN 

1:1R2 
MEAN 

|SLOPE−1| 
MEAN 

|INTERCEPT| 
MEAN 

|NORMALIZED 
INTERCEPT| 

MEAN 
CCR2 

RBI -0.730 0.333 0.281 0.142 0.903 
RGI 0.795 0.152 0.184 0.222 0.996 
RDVI 0.953 0.043 0.010 0.024 0.996 
SARVI 0.948 0.069 0.013 0.035 0.996 
SAVI 0.963 0.042 0.011 0.026 0.997 
SIPI 0.823 0.055 0.036 0.044 0.998 
TCARI -2.619 0.134 0.009 0.119 0.646 
TNDVI 0.894 0.042 0.045 0.038 0.999 
TVI 0.939 0.066 0.181 0.014 0.990 
VARI -0.343 0.548 0.042 0.107 0.992 
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Table B.2: Individual values (per index) for the statistical measures for the ten sensors studied in 
Chapter 3, comparing index values generated from convolved narrow- and broadband data to index 
values obtained from original narrowband ASD data.  

1:1R2 
INDEX TC10 HY-

MAP* 
TC05 RAPID-

EYE 
IKO-
NOS 

GEO-
EYE 

WV3* WV2 PLÉIA-
DES† 

QB 

ARI 0.576 -3.853 -0.624 -14.216 NA NA -34.998 -28.234 NA NA 
ARVI NA 0.685 0.971 0.989 0.537 0.998 0.854 0.995 0.959 0.876 
BGI2 NA 0.944 0.646 -0.260 -8.842 -1.320 -3.378 -0.670 -10.049 -7.247 
BRI1 NA NA -5.733 -3.849 -2.346 -5.785 -1.510 -3.714 -6.761 -3.022 
CRI700 -2.806 0.985 -2.807 0.101 NA NA 0.921 0.830 NA NA 
CTR1 NA NA 0.378 -4.199 NA NA -47.760 -40.060 NA NA 
CTR2 0.784 0.985 0.604 -1.604 NA NA -10.568 -9.421 NA NA 
CARI -0.376 -0.348 -0.377 -0.324 NA NA -0.244 -0.238 NA NA 
DVI 0.966 0.999 0.983 0.993 0.877 1.000 0.986 1.000 0.995 0.958 
EVI NA 0.999 0.972 0.989 0.806 0.999 0.954 0.999 0.998 0.939 
GM1 0.352 0.998 0.247 -0.214 0.562 -0.748 -1.421 -0.664 0.324 -0.989 
GM2 0.945 0.220 0.995 -0.091 NA NA -1.942 -1.784 NA NA 
GEMI 0.972 1.000 0.986 0.994 0.887 1.000 0.988 1.000 0.995 0.962 
CIg 0.953 0.991 0.966 0.864 0.990 0.707 0.454 0.734 0.982 0.612 
gNDVI 0.914 0.993 0.968 0.925 0.979 0.778 0.644 0.811 0.981 0.766 
GRR 1.000 0.933 0.942 0.621 -0.577 0.715 -0.225 0.572 -0.054 -0.296 
IPVI 0.969 0.999 0.986 0.989 0.407 0.999 0.884 0.996 0.852 0.839 
LIC2 NA 0.565 -0.379 0.261 0.511 -0.370 0.742 0.901 -0.804 0.416 
LIC3 NA 0.861 0.817 -9.158 NA NA 0.655 0.458 NA NA 
mARI 0.534 -3.548 -0.624 -13.057 NA NA -32.601 -27.345 NA NA 
MCARI 0.724 -4.841 0.805 -15.919 NA NA -149.38 -252.88 NA NA 
MCARI1 0.942 0.999 0.987 0.989 0.776 0.998 0.941 0.995 0.976 0.898 
MCARI2 -5.734 -3.837 -3.520 -2.942 0.049 -3.595 -1.333 -3.174 -1.671 -0.930 
mNDVI705 NA 0.928 0.340 0.687 NA NA -4.973 -4.206 NA NA 
MSR 0.860 0.734 0.773 0.613 -0.450 0.716 0.177 0.625 0.039 0.085 
mSR705 NA 0.866 -0.886 0.485 NA NA -2.108 -1.886 NA NA 
MSAVI2 0.941 1.000 0.997 0.997 0.809 0.995 0.974 0.998 0.978 0.943 
MTVI1 0.942 0.999 0.987 0.989 0.776 0.998 0.941 0.995 0.976 0.898 
MTVI2 -1.408 -0.545 -0.411 -0.142 0.913 -0.429 0.501 -0.240 0.384 0.644 
NDVIg-b NA 0.806 0.485 0.222 -4.923 -0.475 0.759 0.592 -5.693 -3.902 
NDVI 0.969 0.999 0.986 0.989 0.407 0.999 0.884 0.996 0.852 0.839 
NDWIMc 0.914 0.993 0.968 0.925 0.979 0.778 0.644 0.811 0.981 0.766 
NGRR 1.000 0.968 0.940 0.777 -0.683 0.800 -0.177 0.722 0.175 -0.242 
NPCI NA 0.960 0.948 0.862 0.664 0.831 0.284 0.894 0.533 0.743 
OSAVI 0.928 0.999 0.996 0.994 0.639 0.996 0.943 0.996 0.943 0.898 
PSRI NA 1.000 0.950 0.954 0.754 0.982 0.791 0.948 0.910 0.892 
RVI 0.993 0.989 0.999 0.922 0.122 0.976 0.588 0.923 0.457 0.515 
NDVI705 -0.016 0.940 0.523 0.798 NA NA -3.031 -2.480 NA NA 
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Table B.2 (continued) 

1:1R2 
INDEX TC10 HY-

MAP* 
TC05 RAPID-

EYE 
IKO-
NOS 

GEO-
EYE 

WV3* WV2 PLÉIA-
DES† 

QB 

RBI NA 0.851 -0.962 -1.181 -1.170 -1.517 0.847 0.145 -2.314 -1.271 
RGI 0.732 0.694 0.919 0.959 0.419 0.987 0.715 0.984 0.852 0.686 
RDVI 0.926 1.000 0.996 0.997 0.751 0.995 0.968 0.997 0.972 0.931 
SARVI NA 0.999 0.998 0.995 0.759 0.986 0.889 0.993 0.977 0.935 
SAVI 0.932 1.000 0.997 0.998 0.806 0.994 0.977 0.997 0.982 0.947 
SIPI NA 0.998 0.998 0.981 0.168 0.990 0.975 0.982 0.566 0.747 
TCARI 0.959 0.646 0.995 0.309 NA NA -5.720 -12.903 NA NA 
TNDVI 0.968 0.999 0.983 0.989 0.409 0.999 0.889 0.996 0.861 0.844 
TVI 0.724 0.994 0.973 0.962 0.959 0.915 0.984 0.933 0.959 0.991 
VARI NA 0.344 0.325 0.012 -1.267 0.044 -0.863 -0.048 -0.677 -0.952 

           
slope 

INDEX TC10 HY-
MAP* 

TC05 RAPID-
EYE 

IKO-
NOS 

GEO-
EYE 

WV3* WV2 PLÉIA-
DES† 

QB 

ARI 0.616 -0.176 0.486 -1.135 NA NA -2.000 -1.715 NA NA 
ARVI NA 0.692 1.158 1.031 0.926 1.043 0.938 0.997 0.895 0.944 
BGI2 NA 1.019 1.012 0.953 0.594 0.967 0.848 0.984 0.544 0.693 
BRI1 NA NA 1.802 1.265 0.749 1.468 0.873 1.231 1.063 0.933 
CRI700 -0.051 0.994 -0.051 0.626 NA NA 1.035 0.907 NA NA 
CTR1 NA NA 0.670 0.186 NA NA 0.423 0.489 NA NA 
CTR2 0.703 0.964 0.928 0.752 NA NA 0.368 0.440 NA NA 
CARI 0.022 0.023 0.022 0.024 NA NA 0.020 0.013 NA NA 
DVI 1.058 1.012 0.959 0.971 0.859 1.009 0.953 0.999 0.974 0.920 
EVI NA 1.011 0.992 0.984 0.879 1.010 0.919 0.991 1.011 0.934 
GM1 1.021 0.985 1.242 1.435 1.232 1.404 1.526 1.421 1.212 1.526 
GM2 0.905 0.519 0.938 0.384 NA NA 0.089 0.115 NA NA 
GEMI 1.004 1.005 1.001 0.994 0.909 0.998 0.961 0.998 0.965 0.956 
CIg 0.859 1.035 1.036 1.202 1.030 1.176 1.278 1.190 1.014 1.276 
gNDVI 0.804 0.998 0.998 1.086 1.078 0.978 1.009 1.005 0.988 1.071 
GRR 0.989 0.833 0.902 0.600 0.217 0.691 0.327 0.591 0.316 0.293 
IPVI 0.938 0.998 1.106 1.027 0.956 1.020 0.949 0.992 0.889 0.959 
LIC2 NA 0.571 1.496 1.047 0.617 1.229 0.715 1.138 0.893 0.769 
LIC3 NA 1.087 1.066 1.170 NA NA 1.020 1.009 NA NA 
mARI 0.770 0.037 0.601 -0.766 NA NA -1.359 -1.197 NA NA 
MCARI 1.244 2.123 1.206 2.911 NA NA 6.696 8.475 NA NA 
MCARI1 1.058 0.986 0.962 0.961 0.813 0.988 0.900 0.977 0.942 0.873 
MCARI2 1.697 1.683 1.690 1.604 1.256 1.627 1.415 1.599 1.422 1.393 
mNDVI705 NA 0.921 0.995 0.659 NA NA 0.253 0.323 NA NA 
MSR 0.868 0.849 0.886 0.757 0.423 0.810 0.567 0.747 0.500 0.542 
mSR705 NA 0.779 1.707 0.502 NA NA 0.095 0.128 NA NA 
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Table B.2 (continued) 
slope 

INDEX TC10 HY-
MAP* 

TC05 RAPID-
EYE 

IKO-
NOS 

GEO-
EYE 

WV3* WV2 PLÉIA-
DES† 

QB 

MSAVI2 0.994 0.989 0.998 0.975 0.832 0.985 0.912 0.978 0.909 0.900 
MTVI1 1.058 0.986 0.962 0.961 0.813 0.988 0.900 0.977 0.942 0.873 
MTVI2 1.358 1.346 1.352 1.283 1.005 1.302 1.132 1.279 1.138 1.114 
NDVIg-b NA 0.879 0.787 0.674 0.415 0.584 0.974 0.966 0.380 0.481 
NDVI 0.938 0.998 1.106 1.027 0.956 1.020 0.949 0.992 0.889 0.959 
NDWIMc 0.804 0.998 0.998 1.086 1.078 0.978 1.009 1.005 0.988 1.071 
NGRR 0.999 0.941 1.029 0.816 0.474 0.914 0.630 0.831 0.566 0.576 
NPCI NA 0.868 0.921 0.674 0.427 0.748 0.611 0.826 0.527 0.513 
OSAVI 0.906 0.994 1.019 0.971 0.879 0.957 0.901 0.950 0.881 0.910 
PSRI NA 1.001 1.088 0.881 0.851 0.890 0.835 0.842 0.733 0.814 
RVI 1.003 0.925 0.984 0.784 0.329 0.875 0.516 0.778 0.435 0.479 
NDVI705 0.843 0.937 1.030 0.738 NA NA 0.297 0.364 NA NA 
RBI NA 0.837 0.807 0.583 0.395 0.588 1.001 0.971 0.368 0.454 
RGI 0.949 0.947 1.052 0.863 0.652 0.980 0.815 0.902 0.675 0.745 
RDVI 0.974 0.995 1.004 0.981 0.879 0.986 0.931 0.980 0.930 0.923 
SARVI NA 0.992 1.010 0.961 0.843 0.970 0.876 0.952 0.904 0.890 
SAVI 0.976 0.992 1.003 0.982 0.878 0.984 0.932 0.981 0.931 0.927 
SIPI NA 1.006 1.029 1.012 0.952 0.990 0.865 0.899 0.888 0.959 
TCARI 1.080 1.221 0.979 1.219 NA NA 0.954 0.785 NA NA 
TNDVI 0.928 0.997 1.114 1.034 0.992 1.021 0.961 0.994 0.902 0.977 
TVI 1.159 0.969 1.063 1.064 0.916 1.096 1.012 1.085 1.049 0.981 
VARI NA 0.555 0.630 0.496 0.281 0.549 0.384 0.506 0.322 0.340 

           
intercept 

INDEX TC10 HY-
MAP* 

TC05 RAPID-
EYE 

IKO-
NOS 

GEO-
EYE 

WV3* WV2 PLÉIA-
DES† 

QB 

ARI 2.071 7.105 4.196 12.547 NA NA 19.477 17.531 NA NA 
ARVI NA 0.138 -0.120 -0.039 -0.064 -0.029 -0.021 -0.011 0.044 -0.020 
BGI2 NA 0.008 0.039 0.103 0.406 0.126 0.220 0.102 0.441 0.344 
BRI1 NA NA -0.004 0.212 0.399 0.172 0.303 0.224 0.401 0.342 
CRI700 5.792 -0.236 5.794 -0.124 NA NA -1.654 -0.944 NA NA 
CTR1 NA NA 1.312 3.520 NA NA 6.547 5.983 NA NA 
CTR2 0.106 -0.005 0.086 0.236 NA NA 0.522 0.486 NA NA 
CARI 0.178 0.264 0.176 0.336 NA NA 0.676 0.785 NA NA 
DVI 0.003 -0.001 -0.001 -0.001 -0.001 0.000 0.000 -0.001 -0.001 -0.001 
EVI NA 0.000 -0.015 -0.007 -0.008 -0.001 0.007 -0.001 -0.007 -0.006 
GM1 0.667 0.091 -0.205 -0.834 -0.372 -0.467 -0.775 -0.577 -0.118 -0.923 
GM2 0.655 0.737 0.202 1.095 NA NA 1.320 1.280 NA NA 
GEMI 0.019 -0.001 -0.015 -0.006 0.014 0.004 0.010 0.000 0.014 0.002 
CIg 0.667 -0.032 0.039 -0.412 -0.144 -0.077 -0.262 -0.168 0.087 -0.405 
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Table B.2 (continued) 
intercept 

INDEX TC10 HY-
MAP* 

TC05 RAPID-
EYE 

IKO-
NOS 

GEO-
EYE 

WV3* WV2 PLÉIA-
DES† 

QB 

gNDVI 0.137 0.007 0.011 -0.038 -0.054 0.046 0.034 0.026 0.016 -0.014 
GRR 0.006 0.157 -0.002 0.388 0.693 0.230 0.566 0.366 0.692 0.622 
IPVI 0.064 0.003 -0.095 -0.030 -0.008 -0.019 0.024 0.003 0.075 0.011 
LIC2 NA 0.176 -0.110 0.139 0.358 0.079 0.102 -0.035 0.332 0.290 
LIC3 NA 0.006 0.011 0.123 NA NA 0.023 0.031 NA NA 
mARI 0.515 1.631 0.951 2.869 NA NA 4.434 4.076 NA NA 
MCARI -0.002 -0.011 -0.002 -0.018 NA NA -0.063 -0.093 NA NA 
MCARI1 0.011 0.000 -0.002 -0.001 -0.002 0.002 0.001 0.000 0.001 -0.001 
MCARI2 0.090 0.041 0.028 0.043 0.034 0.055 0.050 0.053 0.063 0.040 
mNDVI705 NA 0.013 0.098 0.135 NA NA 0.136 0.115 NA NA 
MSR -0.064 -0.179 -0.238 -0.038 0.251 -0.087 0.183 0.003 0.301 0.199 
mSR705 NA 0.449 -1.107 1.187 NA NA 1.407 1.356 NA NA 
MSAVI2 0.034 0.003 -0.006 0.004 0.008 0.014 0.016 0.012 0.021 0.009 
MTVI1 0.011 0.000 -0.002 -0.001 -0.002 0.002 0.001 0.000 0.001 -0.001 
MTVI2 0.072 0.033 0.023 0.034 0.027 0.044 0.040 0.042 0.050 0.032 
NDVIg-b NA 0.017 0.080 0.085 0.057 0.092 0.035 0.048 0.060 0.048 
NDVI 0.066 0.005 -0.084 -0.033 -0.060 -0.017 -0.002 -0.001 0.039 -0.018 
NDWIMc -0.137 -0.007 -0.011 0.038 0.054 -0.046 -0.034 -0.026 -0.016 0.014 
NGRR 0.003 0.016 0.055 0.032 0.080 0.061 0.093 0.049 0.031 0.079 
NPCI NA -0.007 -0.028 0.018 0.083 -0.022 0.202 0.078 -0.020 0.053 
OSAVI 0.079 0.000 -0.017 0.008 -0.002 0.028 0.030 0.027 0.043 0.014 
PSRI NA -0.001 0.008 0.013 0.031 0.007 0.029 0.014 0.003 0.021 
RVI 0.528 0.278 -0.022 0.990 2.259 0.671 1.992 1.134 2.453 2.083 
NDVI705 0.189 0.002 0.067 0.080 NA NA 0.107 0.091 NA NA 
RBI NA 0.146 -0.385 0.072 0.518 -0.004 -0.221 -0.466 0.363 0.355 
RGI -0.098 0.184 -0.112 0.063 0.434 -0.014 0.267 0.054 0.292 0.318 
RDVI 0.035 0.000 -0.007 0.003 -0.001 0.012 0.012 0.010 0.015 0.005 
SARVI NA 0.001 -0.009 0.011 0.003 0.023 0.010 0.011 0.035 0.015 
SAVI 0.037 0.002 -0.007 0.003 0.000 0.014 0.013 0.011 0.017 0.004 
SIPI NA -0.008 -0.026 -0.021 -0.043 0.000 0.100 0.087 0.031 -0.012 
TCARI -0.001 -0.001 0.001 -0.006 NA NA -0.019 -0.028 NA NA 
TNDVI 0.089 0.005 -0.130 -0.043 -0.033 -0.025 0.025 0.003 0.089 0.004 
TVI 0.628 -0.003 0.044 0.124 0.059 0.237 0.212 0.182 0.214 0.111 
VARI NA -0.003 -0.044 -0.026 -0.062 -0.048 -0.073 -0.039 -0.023 -0.061 
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Table B.2 (continued) 
normalized intercept 

INDEX TC10 HY-
MAP* 

TC05 RAPID-
EYE 

IKO-
NOS 

GEO-
EYE 

WV3* WV2 PLÉIA-
DES† 

QB 

ARI 1.460 5.010 2.958 8.846 NA NA 12.361 12.361 NA NA 
ARVI NA 0.197 -0.171 -0.055 -0.091 -0.041 -0.029 -0.015 0.063 -0.029 
BGI2 NA 0.018 0.090 0.239 0.942 0.292 0.236 0.236 1.023 0.798 
BRI1 NA NA -0.009 0.454 0.853 0.367 0.480 0.480 0.859 0.732 
CRI700 0.328 -0.013 0.328 -0.007 NA NA -0.053 -0.053 NA NA 
CTR1 NA NA 0.532 1.426 NA NA 2.425 2.425 NA NA 
CTR2 0.456 -0.020 0.369 1.012 NA NA 2.086 2.086 NA NA 
CARI 0.063 0.093 0.062 0.118 NA NA 0.275 0.275 NA NA 
DVI 0.012 -0.003 -0.004 -0.004 -0.004 -0.001 -0.004 -0.004 -0.004 -0.004 
EVI NA -0.001 -0.034 -0.016 -0.019 -0.002 -0.001 -0.001 -0.017 -0.014 
GM1 0.161 0.022 -0.049 -0.202 -0.090 -0.113 -0.139 -0.139 -0.029 -0.223 
GM2 0.174 0.195 0.054 0.290 NA NA 0.339 0.339 NA NA 
GEMI 0.029 -0.001 -0.024 -0.010 0.021 0.006 0.000 0.000 0.022 0.003 
CIg 0.177 -0.008 0.010 -0.109 -0.038 -0.020 -0.045 -0.045 0.023 -0.108 
gNDVI 0.214 0.010 0.017 -0.060 -0.084 0.071 0.040 0.040 0.025 -0.022 
GRR 0.003 0.077 -0.001 0.190 0.339 0.112 0.179 0.179 0.338 0.304 
IPVI 0.073 0.004 -0.109 -0.034 -0.009 -0.021 0.004 0.004 0.085 0.013 
LIC2 NA 0.278 -0.173 0.220 0.565 0.124 -0.055 -0.055 0.525 0.459 
LIC3 NA 0.050 0.095 1.038 NA NA 0.262 0.262 NA NA 
mARI 1.280 4.055 2.364 7.135 NA NA 10.135 10.135 NA NA 
MCARI -0.030 -0.152 -0.029 -0.263 NA NA -1.329 -1.329 NA NA 
MCARI1 0.030 0.001 -0.006 -0.002 -0.006 0.004 0.001 0.001 0.003 -0.003 
MCARI2 0.299 0.137 0.094 0.143 0.112 0.182 0.175 0.175 0.208 0.134 
mNDVI705 NA 0.024 0.179 0.247 NA NA 0.211 0.211 NA NA 
MSR -0.026 -0.071 -0.095 -0.015 0.100 -0.035 0.001 0.001 0.120 0.079 
mSR705 NA 0.120 -0.296 0.317 NA NA 0.362 0.362 NA NA 
MSAVI2 0.087 0.006 -0.016 0.010 0.020 0.036 0.029 0.029 0.055 0.022 
MTVI1 0.030 0.001 -0.006 -0.002 -0.006 0.004 0.001 0.001 0.003 -0.003 
MTVI2 0.239 0.110 0.075 0.114 0.089 0.146 0.140 0.140 0.166 0.107 
NDVIg-b NA 0.048 0.225 0.238 0.161 0.259 0.134 0.134 0.168 0.135 
NDVI 0.088 0.006 -0.112 -0.043 -0.080 -0.023 -0.002 -0.002 0.052 -0.024 
NDWIMc 0.214 0.010 0.017 -0.060 -0.084 0.071 0.040 0.040 0.025 -0.022 
NGRR -0.010 -0.056 -0.192 -0.111 -0.281 -0.212 -0.170 -0.170 -0.110 -0.277 
NPCI NA -0.045 -0.176 0.115 0.523 -0.137 0.493 0.493 -0.124 0.335 
OSAVI 0.143 0.000 -0.031 0.015 -0.003 0.052 0.050 0.050 0.078 0.026 
PSRI NA -0.029 0.216 0.369 0.859 0.184 0.380 0.380 0.094 0.573 
RVI 0.052 0.028 -0.002 0.098 0.223 0.066 0.112 0.112 0.242 0.206 
NDVI705 0.407 0.004 0.143 0.171 NA NA 0.196 0.196 NA NA 
RBI NA 0.067 -0.177 0.033 0.239 -0.002 -0.215 -0.215 0.167 0.163 
RGI -0.134 0.251 -0.152 0.086 0.593 -0.019 0.074 0.074 0.399 0.435 
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Table B.2 (continued) 
normalized intercept 

INDEX TC10 HY-
MAP* 

TC05 RAPID-
EYE 

IKO-
NOS 

GEO-
EYE 

WV3* WV2 PLÉIA-
DES† 

QB 

RDVI 0.086 0.001 -0.017 0.007 -0.003 0.029 0.025 0.025 0.037 0.013 
SARVI NA 0.001 -0.024 0.029 0.008 0.059 0.030 0.030 0.091 0.039 
SAVI 0.091 0.004 -0.018 0.007 -0.001 0.034 0.027 0.027 0.042 0.010 
SIPI NA -0.010 -0.033 -0.027 -0.054 0.000 0.110 0.110 0.040 -0.015 
TCARI -0.006 -0.016 0.010 -0.061 NA NA -0.310 -0.310 NA NA 
TNDVI 0.080 0.004 -0.116 -0.039 -0.030 -0.022 0.003 0.003 0.080 0.004 
TVI 0.048 0.000 0.003 0.009 0.004 0.018 0.014 0.014 0.016 0.008 
VARI NA -0.009 -0.123 -0.072 -0.171 -0.133 -0.109 -0.109 -0.065 -0.169 

           

ccR2 
INDEX TC10 HY-

MAP* 
TC05 RAPID-

EYE 
IKO-
NOS 

GEO-
EYE 

WV3* WV2 PLÉIA-
DES† 

QB 

ARI 0.910 0.067 0.654 0.489 NA NA 0.556 0.528 NA NA 
ARVI NA 0.976 0.999 1.000 0.998 1.000 0.998 1.000 0.999 0.999 
BGI2 NA 0.991 0.997 0.984 0.978 0.946 0.990 0.962 0.972 0.989 
BRI1 NA NA 0.862 0.887 0.889 0.844 0.907 0.886 0.835 0.895 
CRI700 0.046 0.987 0.047 0.944 NA NA 0.946 0.939 NA NA 
CTR1 NA NA 0.785 0.035 NA NA 0.024 0.040 NA NA 
CTR2 0.963 1.000 0.989 0.956 NA NA 0.789 0.808 NA NA 
CARI 0.660 0.425 0.664 0.298 NA NA 0.054 0.017 NA NA 
DVI 0.994 1.000 0.995 0.999 0.998 1.000 1.000 1.000 1.000 1.000 
EVI NA 1.000 0.987 0.998 0.998 1.000 1.000 1.000 0.999 1.000 
GM1 0.974 0.999 0.996 0.996 0.995 0.996 0.996 0.997 0.997 0.996 
GM2 0.994 0.998 0.999 0.994 NA NA 0.952 0.965 NA NA 
GEMI 0.995 1.000 0.997 0.999 0.998 1.000 1.000 1.000 1.000 1.000 
CIg 0.983 1.000 0.991 0.997 0.992 0.998 0.997 0.998 0.997 0.995 
gNDVI 0.975 1.000 0.991 0.995 0.990 0.998 0.996 0.997 0.997 0.991 
GRR 1.000 0.999 0.999 0.994 0.916 0.997 0.960 0.993 0.953 0.953 
IPVI 0.999 1.000 0.998 1.000 0.999 1.000 0.999 1.000 0.999 0.999 
LIC2 NA 0.936 0.961 0.984 0.976 0.959 0.963 0.990 0.954 0.986 
LIC3 NA 0.997 0.999 0.930 NA NA 0.974 0.966 NA NA 
mARI 0.950 0.005 0.741 0.383 NA NA 0.480 0.462 NA NA 
MCARI 0.995 0.943 0.994 0.910 NA NA 0.781 0.740 NA NA 
MCARI1 0.985 1.000 0.998 0.999 0.999 0.998 0.998 0.998 0.994 0.999 
MCARI2 0.956 0.928 0.918 0.950 0.969 0.943 0.965 0.953 0.980 0.969 
mNDVI705 NA 1.000 0.999 0.988 NA NA 0.806 0.848 NA NA 
MSR 0.998 0.999 0.999 0.999 0.989 0.999 0.996 0.999 0.992 0.995 
mSR705 NA 0.999 0.998 0.994 NA NA 0.913 0.943 NA NA 
MSAVI2 0.989 1.000 0.999 1.000 0.999 0.999 0.997 0.998 0.995 0.998 
MTVI1 0.985 1.000 0.998 0.999 0.999 0.998 0.998 0.998 0.994 0.999 
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Table B.2 (continued) 
ccR2 

INDEX TC10 HY-
MAP* 

TC05 RAPID-
EYE 

IKO-
NOS 

GEO-
EYE 

WV3* WV2 PLÉIA-
DES† 

QB 

MTVI2 0.956 0.928 0.918 0.950 0.969 0.943 0.965 0.953 0.980 0.969 
NDVIg-b NA 0.978 0.571 0.509 0.709 0.384 0.918 0.901 0.727 0.674 
NDVI 0.999 1.000 0.998 1.000 0.999 1.000 0.999 1.000 0.999 0.999 
NDWIMc 0.975 1.000 0.991 0.995 0.990 0.998 0.996 0.997 0.997 0.991 
NGRR 1.000 1.000 0.998 0.998 0.979 0.998 0.987 0.997 0.995 0.988 
NPCI NA 0.997 0.998 0.994 0.971 0.993 0.919 0.990 0.982 0.984 
OSAVI 0.989 1.000 1.000 0.999 0.999 0.999 0.997 0.998 0.995 0.998 
PSRI NA 1.000 0.997 0.992 0.983 0.996 0.982 0.991 0.990 0.985 
RVI 1.000 1.000 1.000 0.996 0.963 0.999 0.984 0.995 0.972 0.979 
NDVI705 0.993 1.000 0.999 0.993 NA NA 0.900 0.916 NA NA 
RBI NA 0.997 0.875 0.885 0.911 0.839 0.983 0.938 0.797 0.900 
RGI 0.994 0.995 0.998 0.997 0.993 0.998 0.994 0.998 0.999 0.995 
RDVI 0.981 1.000 0.999 1.000 0.999 0.998 0.996 0.997 0.993 0.998 
SARVI NA 1.000 1.000 0.997 0.999 0.995 0.997 0.998 0.984 0.994 
SAVI 0.985 1.000 0.999 1.000 1.000 0.998 0.997 0.998 0.996 0.999 
SIPI NA 1.000 1.000 0.999 0.996 0.998 0.998 0.999 0.995 0.997 
TCARI 0.999 0.960 0.996 0.749 NA NA 0.125 0.048 NA NA 
TNDVI 0.999 1.000 0.998 1.000 0.999 1.000 0.999 1.000 0.999 0.999 
TVI 0.970 1.000 0.999 0.994 0.996 0.990 0.989 0.990 0.984 0.992 
VARI NA 0.991 0.993 0.993 0.984 0.994 0.991 0.994 0.995 0.991 
*Convolved using Gaussian curves and not actual spectral response functions (SRFs) 
† Pléiades-1A 
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Appendix C:  
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inspection indictors and index 
values for simulated data sets 
used in Chapter 3 

 

 

 

  



Correlation coefficients between inspection indictors and index values  

192 

Table C.1: Pearson correlation coefficients between soil moisture indicator and index values for 
simulated data sets used in Chapter 3. 

Index ASD TC10 Hy-
Map 

TC05 Rapid-
Eye 

IKO-
NOS 

Geo-
Eye 

WV3 WV2 Pléia-
des 

QB Mean 
|r| 

ARI -0.461 -0.399 0.233 -0.293 0.409 NA NA 0.421 0.412 NA NA 0.375 
ARVI 0.460 NA 0.485 0.452 0.460 0.471 0.457 0.473 0.461 0.464 0.468 0.465 
BGI2 -0.240 NA -0.282 -0.266 -0.300 -0.182 -0.347 -0.287 -0.332 -0.162 -0.220 0.262 
BRI1 0.460 NA NA 0.548 0.541 0.504 0.551 0.498 0.539 0.550 0.524 0.524 
CRI700 0.459 -0.293 0.439 -0.293 0.409 NA NA 0.421 0.412 NA NA 0.389 
CTR1 -0.428 NA NA -0.219 0.301 NA NA 0.324 0.294 NA NA 0.313 
CTR2 -0.402 -0.469 -0.398 -0.443 -0.480 NA NA -0.520 -0.526 NA NA 0.463 
CARI -0.479 -0.263 -0.132 -0.265 -0.045 NA NA 0.170 0.245 NA NA 0.228 
DVI -0.051 -0.092 -0.056 -0.017 -0.034 -0.030 -0.054 -0.054 -0.050 -0.056 -0.042 0.049 
EVI 0.070 NA 0.065 0.125 0.092 0.095 0.075 0.078 0.077 0.054 0.078 0.081 
GM1 0.500 0.471 0.494 0.491 0.522 0.522 0.506 0.513 0.509 0.513 0.522 0.506 
GM2 0.574 0.565 0.564 0.572 0.557 NA NA 0.536 0.545 NA NA 0.559 
GEMI -0.046 -0.080 -0.049 -0.020 -0.032 -0.028 -0.047 -0.048 -0.044 -0.047 -0.040 0.044 
CIg 0.511 0.471 0.511 0.491 0.522 0.522 0.506 0.513 0.509 0.513 0.522 0.508 
gNDVI 0.440 0.418 0.438 0.407 0.433 0.432 0.425 0.424 0.425 0.431 0.425 0.427 
GRR 0.585 0.586 0.582 0.586 0.584 0.543 0.582 0.568 0.584 0.562 0.565 0.575 
IPVI 0.438 0.440 0.436 0.427 0.437 0.450 0.438 0.450 0.439 0.445 0.445 0.440 
LIC2 0.508 NA 0.433 0.548 0.541 0.504 0.551 0.462 0.525 0.550 0.524 0.515 
LIC3 -0.258 NA -0.281 -0.266 -0.244 NA NA -0.224 -0.211 NA NA 0.247 
mARI -0.576 -0.517 0.118 -0.412 0.483 NA NA 0.509 0.502 NA NA 0.445 
MCARI 0.131 0.172 0.273 0.179 0.299 NA NA 0.385 0.426 NA NA 0.266 
MCARI1 0.004 -0.057 0.010 0.027 -0.001 0.018 -0.013 -0.008 -0.012 -0.024 0.000 0.016 
MCARI2 0.131 0.241 0.283 0.294 0.260 0.229 0.265 0.236 0.254 0.205 0.231 0.239 
mNDVI705 0.487 NA 0.489 0.477 0.513 NA NA 0.543 0.551 NA NA 0.510 
MSR 0.573 0.577 0.578 0.579 0.576 0.555 0.576 0.566 0.575 0.560 0.564 0.571 
mSR705 0.554 NA 0.553 0.553 0.552 NA NA 0.544 0.554 NA NA 0.552 
MSAVI2 0.102 0.048 0.104 0.112 0.096 0.091 0.084 0.075 0.083 0.068 0.080 0.086 
MTVI1 0.004 -0.057 0.010 0.027 -0.001 0.018 -0.013 -0.008 -0.012 -0.024 0.000 0.016 
MTVI2 0.131 0.241 0.283 0.294 0.260 0.229 0.265 0.236 0.254 0.205 0.231 0.239 
NDVIg-b -0.083 NA -0.001 0.285 0.320 0.187 0.372 0.046 0.069 0.166 0.227 0.176 
NDVI 0.438 0.440 0.436 0.427 0.437 0.450 0.438 0.450 0.439 0.445 0.445 0.440 
NDWIMc -0.440 -0.418 -0.438 -0.407 -0.433 -0.432 -0.425 -0.424 -0.425 -0.431 -0.425 0.427 
NGRR -0.531 -0.532 -0.534 -0.539 -0.544 -0.519 -0.542 -0.539 -0.544 -0.528 -0.537 0.535 
NPCI -0.539 NA -0.539 -0.544 -0.535 -0.497 -0.543 -0.467 -0.527 -0.535 -0.516 0.524 
OSAVI 0.226 0.186 0.233 0.234 0.226 0.242 0.219 0.222 0.216 0.210 0.223 0.222 
PSRI -0.362 NA -0.366 -0.380 -0.395 -0.414 -0.389 -0.417 -0.400 -0.405 -0.410 0.394 
RVI 0.590 0.585 0.589 0.591 0.591 0.580 0.588 0.585 0.590 0.584 0.586 0.587 
NDVI705 0.497 0.501 0.499 0.489 0.510 NA NA 0.527 0.535 NA NA 0.508 
RBI -0.422 NA -0.429 -0.505 -0.509 -0.481 -0.513 -0.448 -0.491 -0.510 -0.496 0.480 
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Table C.1 (continued) 

Index ASD TC10 Hy-
Map 

TC05 Rapid-
Eye 

IKO-
NOS 

Geo-
Eye 

WV3 WV2 Pléia-
des 

QB Mean 
|r| 

RGI -0.484 -0.472 -0.493 -0.480 -0.497 -0.492 -0.491 -0.505 -0.497 -0.493 -0.505 0.492 
RDVI 0.130 0.064 0.133 0.143 0.126 0.140 0.109 0.110 0.110 0.098 0.120 0.117 
SARVI 0.219 NA 0.222 0.227 0.203 0.224 0.188 0.232 0.217 0.170 0.197 0.210 
SAVI 0.088 0.029 0.092 0.100 0.085 0.096 0.070 0.070 0.071 0.063 0.078 0.077 
SIPI 0.411 NA 0.416 0.410 0.421 0.432 0.426 0.417 0.410 0.429 0.427 0.420 
TCARI -0.154 -0.178 -0.282 -0.192 -0.457 NA NA -0.665 -0.671 NA NA 0.371 
TNDVI 0.421 0.425 0.419 0.407 0.419 0.433 0.421 0.434 0.423 0.429 0.429 0.424 
TVI 0.007 -0.070 0.011 0.011 -0.013 0.000 -0.029 -0.026 -0.026 -0.036 -0.017 0.022 
VARI 0.527 NA 0.541 0.542 0.546 0.518 0.544 0.542 0.547 0.525 0.537 0.537 
 

 

 

Table C.2: Spearman correlation coefficients between cover quality indicator and index values for 
simulated data sets used in Chapter 3. 

Index ASD TC10 Hy-
Map 

TC05 Rapid-
Eye 

IKO-
NOS 

Geo-
Eye 

WV3 WV2 Pléia-
des 

QB Mean 
|r| 

ARI 0.570 0.529 -0.361 0.364 -0.555 NA NA -0.584 -0.573 NA NA 0.505 
ARVI -0.577 NA -0.575 -0.577 -0.577 -0.584 -0.581 -0.586 -0.579 -0.582 -0.579 0.580 
BGI2 0.433 NA 0.484 0.451 0.496 0.391 0.529 0.476 0.523 0.369 0.412 0.456 
BRI1 -0.473 NA NA -0.555 -0.546 -0.528 -0.551 -0.516 -0.543 -0.561 -0.530 0.534 
CRI700 -0.611 0.362 -0.590 0.364 -0.555 NA NA -0.584 -0.573 NA NA 0.520 
CTR1 0.465 NA NA 0.070 -0.447 NA NA -0.484 -0.460 NA NA 0.385 
CTR2 0.570 0.584 0.570 0.572 0.588 NA NA 0.598 0.603 NA NA 0.584 
CARI 0.579 0.324 0.173 0.329 0.056 NA NA -0.159 -0.224 NA NA 0.264 
DVI 0.040 0.094 0.047 0.015 0.027 0.025 0.048 0.047 0.042 0.047 0.041 0.043 
EVI -0.039 NA -0.036 -0.085 -0.058 -0.069 -0.041 -0.053 -0.049 -0.017 -0.051 0.050 
GM1 -0.574 -0.548 -0.574 -0.564 -0.582 -0.582 -0.577 -0.576 -0.577 -0.582 -0.587 0.575 
GM2 -0.567 -0.584 -0.574 -0.572 -0.588 NA NA -0.598 -0.603 NA NA 0.584 
GEMI 0.088 0.131 0.091 0.064 0.074 0.078 0.091 0.091 0.088 0.090 0.088 0.089 
CIg -0.571 -0.548 -0.573 -0.564 -0.582 -0.582 -0.577 -0.576 -0.577 -0.582 -0.587 0.574 
gNDVI -0.571 -0.548 -0.573 -0.564 -0.582 -0.582 -0.577 -0.576 -0.577 -0.582 -0.587 0.574 
GRR -0.579 -0.580 -0.581 -0.578 -0.578 -0.588 -0.579 -0.585 -0.579 -0.583 -0.585 0.581 
IPVI -0.583 -0.581 -0.585 -0.579 -0.580 -0.573 -0.585 -0.573 -0.582 -0.577 -0.573 0.579 
LIC2 -0.517 NA -0.450 -0.555 -0.546 -0.528 -0.551 -0.482 -0.536 -0.561 -0.530 0.526 
LIC3 0.525 NA 0.540 0.519 0.447 NA NA 0.484 0.460 NA NA 0.496 
mARI 0.535 0.506 -0.246 0.363 -0.546 NA NA -0.569 -0.561 NA NA 0.475 
MCARI -0.149 -0.177 -0.266 -0.178 -0.288 NA NA -0.355 -0.383 NA NA 0.256 
MCARI1 -0.004 0.066 -0.008 -0.029 0.003 -0.016 0.020 0.012 0.020 0.027 -0.001 0.019 
MCARI2 -0.120 -0.192 -0.254 -0.262 -0.227 -0.207 -0.221 -0.206 -0.218 -0.189 -0.206 0.209 
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Table C.2 (continued) 

Index ASD TC10 Hy-
Map 

TC05 Rapid-
Eye 

IKO-
NOS 

Geo-
Eye 

WV3 WV2 Pléia-
des 

QB Mean 
|r| 

mNDVI705 -0.579 NA -0.579 -0.579 -0.589 NA NA -0.574 -0.585 NA NA 0.581 
MSR -0.579 -0.581 -0.579 -0.579 -0.580 -0.573 -0.585 -0.573 -0.582 -0.577 -0.573 0.578 
mSR705 -0.579 NA -0.579 -0.579 -0.589 NA NA -0.574 -0.585 NA NA 0.581 
MSAVI2 -0.077 -0.002 -0.081 -0.086 -0.068 -0.075 -0.055 -0.053 -0.057 -0.050 -0.062 0.060 
MTVI1 -0.004 0.066 -0.008 -0.029 0.003 -0.016 0.020 0.012 0.020 0.027 -0.001 0.019 
MTVI2 -0.120 -0.192 -0.254 -0.262 -0.227 -0.207 -0.221 -0.206 -0.218 -0.189 -0.206 0.209 
NDVIg-b -0.083 NA -0.173 -0.451 -0.496 -0.391 -0.529 -0.233 -0.244 -0.369 -0.412 0.338 
NDVI -0.583 -0.581 -0.585 -0.579 -0.580 -0.573 -0.585 -0.573 -0.582 -0.577 -0.573 0.579 
NDWIMc 0.571 0.548 0.573 0.564 0.582 0.582 0.577 0.576 0.577 0.582 0.587 0.574 
NGRR 0.579 0.580 0.581 0.578 0.578 0.588 0.579 0.585 0.579 0.583 0.585 0.581 
NPCI 0.551 NA 0.556 0.555 0.546 0.528 0.551 0.482 0.536 0.561 0.530 0.540 
OSAVI -0.252 -0.197 -0.261 -0.262 -0.250 -0.270 -0.244 -0.235 -0.233 -0.222 -0.235 0.242 
PSRI 0.575 NA 0.575 0.571 0.574 0.565 0.579 0.568 0.572 0.571 0.567 0.572 
RVI -0.581 -0.581 -0.579 -0.579 -0.580 -0.573 -0.585 -0.573 -0.582 -0.577 -0.573 0.578 
NDVI705 -0.573 -0.584 -0.574 -0.572 -0.588 NA NA -0.598 -0.603 NA NA 0.585 
RBI 0.434 NA 0.450 0.555 0.546 0.528 0.551 0.482 0.536 0.561 0.530 0.517 
RGI 0.580 0.580 0.581 0.578 0.578 0.588 0.579 0.585 0.579 0.583 0.585 0.581 
RDVI -0.161 -0.087 -0.171 -0.176 -0.166 -0.180 -0.155 -0.161 -0.158 -0.144 -0.170 0.157 
SARVI -0.215 NA -0.219 -0.229 -0.186 -0.231 -0.167 -0.226 -0.207 -0.151 -0.184 0.201 
SAVI -0.087 -0.009 -0.091 -0.108 -0.087 -0.093 -0.065 -0.065 -0.069 -0.063 -0.077 0.074 
SIPI -0.585 NA -0.587 -0.582 -0.580 -0.577 -0.585 -0.576 -0.578 -0.571 -0.573 0.579 
TCARI 0.169 0.181 0.256 0.205 0.449 NA NA 0.547 0.516 NA NA 0.332 
TNDVI -0.583 -0.581 -0.585 -0.579 -0.580 -0.573 -0.585 -0.573 -0.582 -0.577 -0.573 0.579 
TVI -0.012 0.076 -0.020 -0.017 0.015 0.003 0.029 0.025 0.027 0.028 0.012 0.024 
VARI -0.584 NA -0.566 -0.574 -0.573 -0.590 -0.578 -0.583 -0.576 -0.585 -0.583 0.579 
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Appendix D:  
Bivariate statistical measures for 
the ten indices investigated in 
Chapter 4 
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Table D.1: Values for the three bivariate statistical measures for the ten indices investigated in 
Chapter 4, comparing index values generated from WorldView-2 simulated and image data to index 
values obtained from original narrowband ASD data. Data sets are defined in Table 4.2.  

INDEX SIM SIMADJ IMG54 IMG54ADJ 

r2
1:1 

CTR2 -9.421 0.917 -13.376 -2.231 
GM2 -1.784 0.965 -2.207 -0.327 
GRR 0.572 0.997 -0.450 0.066 
mNDVI705 -4.206 0.882 -6.857 -2.943 
MSR 0.625 0.999 -0.442 0.250 
mSR705 -1.886 0.944 -2.516 -1.125 
NGRR 0.722 0.998 -0.976 -0.273 
RVI 0.923 0.997 0.218 0.325 
NDVI705 -2.480 0.951 -4.257 -1.181 
RGI 0.984 0.999 -0.205 -0.582 

mean % diff. 
CTR2 92.529 9.532 99.232 52.332 
GM2 68.100 6.979 76.057 47.031 
GRR 22.121 1.830 50.846 38.834 
mNDVI705 59.170 6.257 78.677 50.934 
MSR 28.578 1.051 59.136 38.313 
mSR705 62.604 7.915 73.368 61.656 
NGRR 101.058 12.577 1349.163 254.774 
RVI 8.142 1.709 49.409 47.750 
NDVI705 54.465 4.756 71.702 41.261 
RGI 2.567 0.909 30.476 33.361 

Hedge's g 
CTR2 3.991 0.002 5.175 1.901 
GM2 1.968 0.000 2.137 1.326 
GRR 0.612 0.000 1.352 1.027 
mNDVI705 2.875 0.000 3.747 2.439 
MSR 0.625 0.000 1.407 0.844 
mSR705 2.024 0.000 2.279 1.819 
NGRR 0.535 0.000 1.716 1.240 
RVI 0.176 0.001 0.818 0.740 
NDVI705 2.292 0.000 2.997 1.674 
RGI 0.069 0.000 1.104 1.346 
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