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General Introduction

1.1 Introduction
1.1.1 Why land cover mapping and monitoring?
Land cover information is important to support policy formulation regarding
food security (Millennium Development Goal 1) and environmental
sustainability (Millennium Development Goal 7) (Dai and Khorram, 1998;
Cihlar, 2000; Defries and Belward, 2000). Up-to-date and accurate land
cover information is required from regional to global levels to effectively
monitor set MDG targets. MDG 1 concerns global elimination of hunger and
poverty, MDG 7 aims at sustainable use of natural resources.
For proper land resources management, Cihlar (2000) considered that land
cover data represents key information for biodiversity conservation, and
Jones et al (2009) states that land cover data are even of vital importance.
Land cover data are also relevant to study the impacts of precipitation on soil
erosion, run-off, flooding and crop production (Helmer et al., 2000). Accurate
land cover information extraction is the main focus of global research which
established its importance for society for example; the International
Geosphere-Biosphere Program (IGBP), the Framework Convention for Climate
Change, the Kyoto Protocol, the Biodiversity Convention, NASA's Land CoverLand Use Change (LCLUC) program, FAO land use and land cover information
program and Intergovernmental Panel on Climate Change (IPCC) (IPCC,
2001).
Land cover (LC) change is a key component in adaptation to global climate
change at regional to global scales (Cihlar, 2000; Ray et al., 2009). Land
cover change is one of the important sources of CO2 emissions globally
(20%) (Rodriguez-Yi et al., 2000; IPCC, 2001). Climate change is important
to mitigate because it is intensifying disasters, including extreme weather
events, storm surges, floods and droughts. This is adversely affecting the
progress on the targets set for the MDG 1 and MDG 7; hence it highlights the
importance of land cover change information to mitigate the issues.

1.1.2 Remote sensing derived land cover information: a
historical perspective
Remote sensing, due to its synoptic coverage, is one of the important sources
of obtaining the valuable land cover information accurately and regularly
(Cihlar, 2000; Lillesand et al., 2004). Through remote sensing, Earth can be
observed easily and regularly, which can help to understand the earth’s
surface features and processes (Xie et al., 2008) and monitor targets for
MDG 1 and MDG 7. It is possible to obtain land cover information at different
spatial and temporal scale.
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The necessity to obtain accurate, quick and regular earth surface information
over a large area has started the development of remote sensing over time.
In 1840s for the first time, still pictures of earth surface were obtained using
balloons (Lillesand et al., 2004). In the American Civil War, still cameras
mounted on balloons were used to obtain the information about enemy
positions. In the meantime, rockets, kites, and birds were used to obtain land
surface information. During the First World War, cameras installed on
airplanes were used to get information about enemy territory. Cameras
mounted on airplanes are more stable than balloons and other sources used
so far. In World War II, visible-spectrum photography, infrared detection and
radar, systems were used to acquire earth surface information (Lillesand et
al., 2004).
The term ‘remote sensing’ was used for the first time in the United States in
the 1950s by Ms Evelyn Pruitt of the U.S. Office of Naval Research
(http://earthobservatory.nasa.gov/Features/RemoteSensing Access date:
11/10/2012). It refers to the obtaining of information about an object without
being in direct physical contact with the object (Lillesand et al., 2004). In
1957, the first man-made satellite (Sputnik 1) was developed by Russia in
1957, and this started the era of space borne satellites (Williams et al.,
2006). However, the first photo was obtained from space in 1959 by the
United States Explorer 6. Landsat 1 (1972) was the first satellite to collect
data, specifically about the Earth's surface and natural resources. Landsat 1
was a key milestone in the history of remote sensing (Franklin, 2001). This
started the era of utility of satellite imagery for monitoring of natural
resources (Lillesand et al., 2004; Williams et al., 2006). The first problem
detected by using satellite imagery was the Amazonian deforestation (Peres
and Terborgh, 1995). Since the first Landsat satellite (1972), a series of
sensors named Thematic Mapper (TM) were developed, for example Landsat
4 (1982), Landsat 5 (1984) and Landsat 7 (Enhanced Thematic Mapper Plus
(ETM+) (1999) (Williams et al., 2006; Xie et al., 2008). The Landsat
Thematic Mapper provides data having higher spectral, spatial, and
radiometric resolution. The spectral channels of Thematic Mapper is
specifically designed to map vegetation type, soil moisture, and other key
landscape features (Jensen, 2000). Indian Remote Sensing (IRS) also
launched a series of satellites in 1988, 1991, 1994 and 1997 for observing
earth surfaces.
The Advanced Very High Resolution Radiometer (AVHRR) sensor on-board
the National Oceanic and Atmospheric Administration (NOAA) satellite data
(1.1 km resolution) is in use for studying land resources since 1980. Besides
that Syste`me Pour l’Observation de la Terre-1 (SPOT-1) satellite launched in
1986 (20 m and a panchromatic channel of 10 m) has provided a
multispectral information for improved land-cover and land-use monitoring
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(Pellemans et al., 1993). In 1998, SPOT launched a mid-infrared channel
(SPOT-4 sensor), suitable for land-cover and land-use monitoring (Stroppiana
et al., 2002). SPOT-5 sensor, was launched in 2002, which collects
panchromatic, visible and near-infrared, and mid-infrared data at 5, 10 and
20m spatial resolution respectively. The Advanced Space borne Thermal
Emission and Reflection Radiometer (ASTER), an instrument on the Terra
platform, acquires visible and near-infrared information at 15 m spatial
resolution and mid-infrared information at 30m spatial resolution. IKONOS
(1999) having 4m resolution and QuickBird (2000) multispectral imagery at
2.6 m resolutions provide high resolution imagery for local scale studies.

1.1.3 Common image classification methods
To date, a number of image classification methods have been developed and
used to extract meaningful information from remote sensing imagery (Lu and
Weng, 2007). Selection of suitable classification methods is very important to
successfully extract information from imagery (Lu and Weng, 2007).
Maximum likelihood classification is the most frequently used image
classification method used for land-cover and land-use mapping. However, if
the histogram of the image does not follow the normal distribution curve,
insufficient ground verification data and high correlation between two bands
result in poor classification because the covariance matrix becomes unstable
(Richards and Jia, 2006). Minimum distance classification is supervised
technique used when sufficient training data is not available. This method is
faster in operations but less accurate and less reliable because it does not
take into account covariance matrix. Parallelepiped supervised classification
suffers from class overlaps and gaps between the parallelepiped, so pixels in
that regions will not be classified (Lillesand et al., 2004; Richards and Jia,
2006). Non parametric classifiers such as artificial neural network (Foody,
1995, 2002; Kavzoglu and Mather, 2003), decision tree classifier (Hansen et
al., 2000), support vector machine and expert system require no assumption
about the data. They do not use statistical parameters to identify classes.
They are better suited for analysing multi-modal, noisy, and/or missing data
(Rogan and Chen, 2004; Lu and Weng, 2007). However, prior and detailed
knowledge of the area is needed to train the dataset (Černá and Chytrý,
2005). In case of neural network the selection of network architecture, initial
values of learning rate and momentum, the number of iterations and initial
weights make it less suitable for land cover mapping and monitoring.
The Iterative Self-Organizing Data Analysis Technique (ISODATA) and the Kmeans clustering algorithm are the most commonly used unsupervised
classification methods. ISODATA (Ball and Hall, 1965) is iterative and selforganizing, which repeats itself and locate clusters with minimum user input
(Tou and Gonzalez, 1974; Swain and Davis, 1978). No prior knowledge of the
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area is needed; however, classified land cover maps need to be labelled with
field data later (Jensen, 1996). This technique has more consistent results
(Cihlar, 2000). Different form of statistics such as divergence statistics;
Jeffries-Matsushita can be used to select the optimum number of classes (de
Bie et al., 2012). The K mean has subjected nature of selection of clusters.
To deal with more complex spectral features in vegetation, new classification
techniques have also been developed and used (Xie et al., 2008). The
continuous classification technique has been used to distinguish savanna
(Stuart et al., 2006) and complex wetland vegetation. Similarly spectral
angle classifier (SAC) has been used to classify same type of vegetation
based on distance between pair of signatures (Sohn and Rebello, 2002).
Fuzzy logic approaches are used in mixed classes vegetation (Zhang and
Foody, 1998), which calculates probability of pixels. Decision tree (DT)
approaches matches the spectral features from objects of remote sensing
images with that of vegetation types (Hansen et al., 2000). Similarly hybrid
methods are used to improve the accuracy of complex land cover
classifications (Lo and Choi, 2004).

1.1.4 Use of vegetation indices for mapping
The use of vegetation indices such as Normalized Difference Vegetation Index
(NDVI) and Enhanced Vegetation Index (EVI) has also improved the
vegetation mapping (Xie et al., 2008) from optical sensors remote sensing
imagery. The use of VIs have improved the vegetation mapping because it
tracks change in specific vegetation types and provide information to
distinguish vegetation groups (Geerken et al., 2005). Currently, NDVI is
widely used for improved mapping and monitoring of vegetation. These
indices are is also available in different spatial and temporal resolution from
different sources such as SPOT, MERIS and MODIS.
The imagery captured by different satellites are widely available via the
internet in a near real-time therefore, the remotely sensed data is widely
used for earth resources related research and management work for example
wetland mapping and monitoring (Nielsen et al., 2008; Zhao et al., 2009);
crop mapping and monitoring (Zhan et al., 2002; Sakamoto et al., 2006;
Zhao et al., 2009); modelling for ecosystem sustainability (Moulin et al.,
1998; Rogan and Chen, 2004; Bénié et al., 2005; Lasaponara, 2006; Hayes
and Cohen, 2007; He et al., 2009) etc. Advancement in geographical
information systems in the last two decades has made available a wide
variety of data handling tools to handle the data and is used effectively to get
land cover information.

5

General Introduction

1.2 Challenges in land cover mapping and
monitoring
Research efforts are underway to effectively derive land cover information
accurately and visualize it appropriately using the newly available imagery
and improved techniques. The two main challenges in accurate mapping and
monitoring of land cover are the lack of gradient representation and the use
of the limited time imagery (2-3 times imagery) of irregular time period.
These two aspects are considered in this thesis.
Representing gradients
Environmental gradient is important characteristic of variability in
environmental conditions e.g. soil moisture, precipitation, temperature etc.
(Whittaker, 1978a; Begon et al., 1990; Foody and Boyd, 1999). These
environmental conditions (Begon et al., 1990) influence biodiversity in space
and time. Consequently, species abundance and composition change along
environmental gradients (Whittaker and Levin, 1977; Whittaker, 1978a;
Townsend, 2000; Tapia et al., 2005; Tang et al., 2010). Spatially, it appears
as a gradient that represents gradual changes in space. Recognizing such a
gradient and visualize it in maps is more important for accurate and realistic
representation of land cover (Whittaker, 1978a; Austin, 1990; Begon et al.,
1990; Gosz, 1992; Kent et al., 1997; Foody and Boyd, 1999; Cihlar, 2000;
Townsend, 2000; Coppin et al., 2004; Southworth et al., 2004) (Figure 1.1).

Figure 1.1. The concept of gradient as visualized in this thesis.

Land cover gradients are the result of variable spatio-temporal phenomenon
as mentioned earlier (Müller, 1998; Löffler and Finch, 2005; Sklenár et al.,
2008). Underlying factors (e.g. geology, climate, topography) responsible for
such gradients vary continuously over space and time (Foody and Boyd,
1999). Consequently, the land cover composition changes continuously both
in space and time (Delcourt and Delcourt, 1991; Lambin and Geist, 2006)
depending upon the factors causing it (Lambin and Geist, 2006).
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To date, a variety of analytical methods available to map land cover and
changes in its composition use temporally-limited set of imagery (Haralick et
al., 1973; Wood and Foody, 1989; Bradshaw and Spies, 1992; Foody, 1992;
Skidmore and Turner, 1992; Trodd, 1992; Foody and Trodd, 1993; Gulinck et
al., 1993; Trodd, 1993; Foody, 1996a, b; Bastin, 1997; Zhang and Foody,
1998; Foody and Boyd, 1999; Gopal et al., 1999; Csillag and Kabos, 2002;
Mendel and John, 2002; Deer and Eklund, 2003; Kavzoglu and Mather, 2003;
Fonte and Lodwick, 2004; Camarero et al., 2006; Fisher et al., 2006; Arnot
and Fisher, 2007b; Berberoglu et al., 2007; Fisher et al., 2007; Verstraete et
al., 2007; Dixon and Candade, 2008; Krishnaswamy et al., 2009; Fisher,
2010; Mitrakis et al., 2011). The limited time imagery of irregular time period
potentially imposed limitation to adequately capture seasonal profiles of land
cover that can be used to accurately map land cover gradients and monitor
land cover composition changes. This has clearly articulated the need to use
long term spatio-temporal datasets to identify land cover gradients (Austin,
1990; Begon et al., 1990; Gosz, 1992; Kent et al., 1997).
Temporal resolution of earth observation data
The temporal dynamics of imagery is important for accurate characterization
and mapping of land cover due to its ability to closely track seasonal profiles
and changes (Zhan et al., 2002; Lunetta et al., 2004; Sakamoto et al., 2005;
Zhang et al., 2009). Hyper-temporal imagery can greatly enhance the
information gained from processing due to its high repetitive coverage (Xiao
et al., 2006a; Lu and Weng, 2007; Sakamoto et al., 2007; Alexandridis et
al., 2008; Khan et al., 2011). It is found effective for mapping complex land
use and land cover accurately (Lunetta and Balogh, 1999; Tucker et al.,
2001; Sakamoto et al., 2006; de Bie et al., 2008; Khan et al., 2010; de Bie
et al., 2011; Nguyen et al., 2011).
The spatial patterns of green cover that represent gradual changes in the
form of gradient can be discerned using the local vegetation seasonal trends
(Ali et al., 2013). These seasonal variations are specific to different species,
its density and composition, which can help in identification of land cover
type and state (Justice et al., 1985; Neeti et al., 2011; Ali et al., 2013).
These trends project the influence of different biotic and abiotic
environmental factors such as soil, temperature, solar illumination,
photoperiod and moisture over time which is responsible for gradients in land
cover.
Most of the research studies used multi-temporal imagery (2-3 dates) for
mapping and monitoring of land cover for example’s (Byrne et al., 1980;
Howarth and Wickware, 1981; Nelson, 1983; Wood and Foody, 1989; Lambin
and Strahlers, 1994; Elvidge et al., 1998; Vogelmann et al., 1998; Helmer et
al., 2000; Young and Wang, 2001; Homer et al., 2004; Fraser et al., 2005;
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Ingram et al., 2005; Cakir et al., 2006; Desclée et al., 2006; Knight et al.,
2006). Due to the limited time imagery used it is not possible to remove the
seasonal aspects of mapping process and make accurate identification and
estimation. The maps produced are less accurate because the seasonal
aspects are not removed. The thematic information possible to extract is also
limited as only spatial extent is considered. Due to inaccuracy and less
detailed information, the output maps are less useful for management
purposes (Nguyen et al., 2011).
In the last decade, due to the free availability of remote sensing imagery in
different spectral, spatial and temporal resolutions, research related to land
cover mapping and monitoring benefitted from it (Sakamoto et al., 2006;
Xiao et al., 2006a; Khan et al., 2010; de Bie et al., 2011; Nguyen et al.,
2011; de Bie et al., 2012). To follow up the rapid vegetation seasonal
changes in the ecosystem, high temporal resolution imagery (hyper-temporal
imagery) is needed (Tucker et al., 2001; Lunetta et al., 2004; Islam and
Bala, 2008; Zhang et al., 2009).
Still limited numbers of studies are available, that use long term hypertemporal datasets. Thus there is a need to exploit this data rich hypertemporal imagery for improved land cover mapping and monitoring. In this
regard both spatial and hyper-temporal resolution perspectives offer an
opportunity to enable new approaches of mapping and monitoring of land
cover.

1.3 Research objective and organization of the
thesis
The objective of the research is to develop and test methods to improve land
cover mapping and monitoring in terms of gradient representation and the
use of hyper-temporal remote sensing. The specific objectives are; (i) to
devise a simple technique for characterizing long-duration cloud
contamination in hyper-temporal NDVI imagery analysis (ii) identifying and
mapping land cover gradient through analysis of hyper-temporal NDVI
imagery (iii) to test a spatiotemporally explicit and gradient based landscape
heterogeneity mapping approach (LaHMa; de Bie et al., 2012) in natural and
semi-natural landscapes and (iv) to develop a land cover composition change
assessment method (CoverCAM) that extracts from hyper-temporal NDVI
imagery over time and by location the probabilities that the original land
cover composition changed. To achieve the objective, this research is
organized into six chapters.
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Chapter 1. General Introduction
This chapter provides an introduction to the problem, rationale of the study,
objective and organization of this research.
Chapter 2. Detecting long duration cloud contamination in hypertemporal NDVI imagery
This chapter deals with long duration cloud contamination impacts on the
quality of time series NDVI imagery. Normally, short-duration cloud impacts
are removed by using upper envelope filters, but long-duration cloud
contamination of NDVI imagery remains. This study attempts to devise a
simple technique for characterizing long-duration cloud contamination in
hyper-temporal NDVI imagery analysis. This is important due to the
increasing use of NDVI time series imagery for land cover mapping and
monitoring.
Chapter 3. Mapping land cover gradients through analysis of hypertemporal NDVI imagery
Gradient representation is more accurate and a realistic way to signify land
cover in maps. The existing land cover maps shows at best, mapping units
with different cover densities and/or species compositions, but typically fail to
express such differences as gradients. They did not use hyper-temporal
imagery and hence fail to properly identify and/or visualize land cover
gradients. This chapter aims at identifying and mapping land cover gradients
through the analysis of hyper-temporal NDVI imagery.
Chapter 4. Mapping the heterogeneity of natural and semi natural
landscapes
Natural and semi-natural landscape cover is heterogeneous and show
progressive transitions spatially. Land cover heterogeneity being a non-static
phenomenon depends upon temporal developments. This study tested
spatiotemporally explicit and gradient based approach called Landscape
Heterogeneity Mapping (LaHMa) method to map the heterogeneity of natural
and semi-natural landscapes on the island of Crete, Greece. This method
involves calculating the relative heterogeneity of each pixel area, using the
long-term spatiotemporal variability in land cover. It exhibits spatial
heterogeneity at various strengths of ecotones and ecoclines at any selected
scale therefore, it can be useful for understanding landscape structures and
functions.
Chapter 5. CoverCAM: a land cover composition change assessment
method
Land cover composition continuously undergoes changes over time due to
natural and anthropogenic factors. Accurate detection of the land cover
composition changes require a method which removes seasonality aspects
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such weather, phenology and crop calendars differences from change
detection process. The available techniques do not use hyper-temporal
records. They did not concern land cover composition changes because they
represent changes in discrete manner. Some current methods use hypertemporal imagery and fail to project composition changes in continuous
values. Accordingly, this study aims to develop a new land cover composition
change detection method (CoverCAM) that extracts probabilities that the
original land cover composition changed; from hyper-temporal NDVI imagery
over time and by location in the form of maps.
Chapter 6. Synthesis
This chapter synthesizes the main findings of the research and discusses its
practical relevance.
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1
Chapter is based on: A. Ali., C. A. J. M. de Bie., A. K. Skidmore., 2013. Detecting
long-duration cloud contamination in hyper-temporal NDVI imagery. International
Journal of Applied Earth Observation and Geoinformation 24, 22-31.
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Abstract
Cloud contamination impacts on the quality of hyper-temporal NDVI imagery
and its subsequent interpretation. Short-duration cloud impacts are easily
removed by using quality flags and an upper envelope filter, but longduration cloud contamination of NDVI imagery remains. In this paper, an
approach that goes beyond the use of quality flags and upper envelope
filtering is tested to detect when and where long-duration clouds are
responsible for unreliable NDVI readings, so that a user can flag those data
as missing. The study is based on MODIS Terra and the combined Terra-Aqua
16-day NDVI product for the south of Ghana, where persistent cloud cover
occurs throughout the year. The combined product could be assumed to have
less cloud contamination, since it is based on two images per day. Shortduration cloud effects were removed from the two products through using the
adaptive Savitzky-Golay filter. Then for each ‘cleaned’ product an
unsupervised classified map was prepared using the ISODATA algorithm,
and, by class, plots were prepared to depict changes over time of the means
and the standard deviations in NDVI values. By comparing plots of similar
classes, long-duration cloud contamination appeared to display a decline in
mean NDVI below the lower limit 95% confidence interval with a coinciding
increase in standard deviation above the upper limit 95% confidence interval.
Regression analysis was carried out per NDVI class in two randomly selected
groups in order to statistically test standard deviation values related to longduration cloud contamination. A decline in seasonal NDVI values (growing
season) were below the lower limit of 95% confidence interval as well as a
concurrent increase in standard deviation values above the upper limit of the
95% confidence interval were noted in 34 NDVI classes. The regression
analysis results showed that differences in NDVI class values between the
Terra and the Terra-Aqua imagery were significantly correlated (p<0.05) with
the corresponding standard deviation values of the Terra imagery in case of
all NDVI classes of two selected NDVI groups. The method successfully
detects long-duration cloud contamination that results in unreliable NDVI
values. The approach offers scientists interested in time series analysis a
method of masking by area (class) the periods when pre-cleaned NDVI
values remain affected by clouds. The approach requires no additional data
for execution purposes but involves unsupervised classification of the
imagery to carry out the evaluation of class-specific mean NDVI and standard
deviation values over time.
Keywords: Cloud, Contamination, MODIS, NDVI, Hyper-temporal, Mapping
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2.1 Introduction
The availability of accurate land cover information is important for policy
formulation and the management of natural resources, including biodiversity,
forestry and the issue of food security (Cihlar, 2000; Defries and Belward,
2000). Climate change issues further enhance the general interest in the
availability and use of accurate land use/land cover information at regional to
global scales (Cihlar, 2000). The common method of generating land cover
information is the use of satellite imagery (Cihlar, 2000; Lillesand et al.,
2004). During the past decade Normalized Difference Vegetation Index
(NDVI) time series imagery has increasingly been used for land use/land
cover mapping and monitoring (Zhang et al., 2003; Xiao et al., 2006a;
Wardlow et al., 2007; Bontemps et al., 2008; Zhang et al., 2008; de Bie et
al., 2011; Nguyen et al., 2011). NDVI provides a measure of
photosynthetically active biomass (Sarkar and Kafatos, 2004). The available
NDVI time series data suffer from cloud contamination, thus limiting the
quality of the maps generated (Jonsson and Eklundh, 2002; Fensholt et al.,
2006; Ma and Veroustraete, 2006; Hird and McDermid, 2009; Clark et al.,
2010).
The presence of clouds and haze reduces the spectral reflectance in infra-red,
causing reduced NDVI readings (Gu et al., 2009). To overcome contamination
caused by clouds and atmospheric effects at data supplier level, the preprocessing routines for satellite data include the generation of quality flags,
and maximum value composite (MVC) imagery (Holben, 1986; Stowe et al.,
1991). The remaining cloud corrections and adjustments are made at user
level through the use of provided quality flags and data adjustment
algorithms.
The quality flags provide pixel-level information about presence of
atmospheric aerosols, cloud cover, presence of snow and ice cover, likelihood
of shadow, and bidirectional reflectance (Stowe et al., 1991; Ackerman et al.,
1998; Stowe et al., 1999). At user level, they provide important information
that serves to reduce the use of spurious NDVI data (Jonsson and Eklundh,
2002).
The maximum value composite technique (Holben, 1986; Stowe et al., 1991)
selects the highest recorded value for each pixel during a pre-defined period
of time. The technique has improved the overall data quality, reducing the
effects of clouds and haze. However, in the tropics and some coastal regions
where cloud cover persists for long duration, maximum value composite
technique is known to be poor in dealing with cloud contamination (Holben,
1986; Goward et al., 1991; Verhoef et al., 1996; Cihlar et al., 1997; Roerink
et al., 2000; Fensholt et al., 2010).
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To adjust NDVI values affected by undetected clouds and those marked
missing using quality flags, researchers have proposed a number of methods.
These include best index slope extraction (BISE) (Viovy et al., 1992), the
weighted least squares regression approach (Swets et al., 1999),
geostatistical methods (Addink and Stein, 1999; Van der Meer, 2012),
modified BISE filtering (Lovell and Graetz, 2001), Fourier analysis (Verhoef et
al., 1996; Roerink et al., 2000; Moody and Johnson, 2001; Wagenseil and
Samimi, 2006), mean value iteration (Ma and Veroustraete, 2006), function
fitting approaches (adaptive Savitzky-Golay and logistics function fitting)
(Jönsson and Eklundh, 2004), the whittaker smoother (Atzberger and Eilers,
2011b), wavelets (Lu et al., 2007) and iterative interpolation for data
reconstruction (Julien and Sobrino, 2010). However, scientists have reported
that, although they are able to adjust data affected by short-duration clouds,
they are unable to correct the long-duration cloud contamination problem
(Jonsson and Eklundh, 2002; Chen et al., 2004; Jönsson and Eklundh, 2004;
Lu et al., 2007; Atzberger and Eilers, 2011a). The characterization of cloud
duration as short or long is relative and changes with different correction
tools applied; depending upon their robustness to deal with data
contamination resulted due to clouds.
The NDVI time series data affected by long-duration clouds reduce the quality
of any subsequent interpretation. The authors recognized the need and aims
to develop a procedure to detect which data are affected by long-duration
cloud contamination particularly in the case of hyper-temporal NDVI time
series. After detection, a user can flag those values as missing and avoid
their use during subsequent analysis. The method builds on statistically
derived unsupervised classification of the time series imagery.

2.2 Materials and methods
2.2.1 Study area
Ghana was selected as study area because of the high frequency of cloudy
days (Figure 2.1). It has a tropical savanna climate (Peel et al., 2007), with
annual temperatures above 24oC (Ghana Environmental Protection Agency,
2001). Ghana has two distinct rainfall regimes in two different parts of the
country. Southern Ghana has a high frequency of cloudy days and receives
more rainfall than the northern parts (Kakane and Sogaard, 1997; Shahin,
2002; Fensholt et al., 2007). Annual average rainfall varies from 600 to 2100
mm in the southern regions and is marked by two wet seasons: March-July,
and September-November (Owusu et al., 2008). In northern Ghana, rainfall
occurs in one season (May to October), with annual rainfall ranging from 700
to 1100 mm.
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2.2.2 Data pre-processing
MODIS Terra (MOD13Q1) and MODIS Aqua (MYD13Q1) 16-day maximum
value composite NDVI imagery with a 250 m spatial resolution was
downloaded from https://wist.echo.nasa.gov/wist-bin (accessed February
2010). The imagery covered the period from 1 January 2003 to 31 December
2009.
Terra and Aqua sensors acquire images at two different times of the day
(Terra 10:30 am and Aqua 01:30 pm local standard time). The downloaded
Terra and Aqua 16-day maximum value composite imagery has similar
spatial, spectral and radiometric characteristics. NDVI values of Terra and
Aqua are reported to be strongly correlated (R2=0.97, RMSE=0.04) (Gallo et
al., 2005).
The Vegetation Index Quality (VIQ) layers provide pixel values affected by
clouds, haze and other atmospheric effects, which were used to set the value
of those pixels to missing. All NDVI values were transformed to DN values (0255) using Eq. 1, where DN=0 is coded as missing.
NDVI (DN- value) = integer16-bit signed of NDVI * 0.02133 + 43.117

(Eq. 1)

15

Detecting long-duration cloud contamination in hyper-temporal NDVI imagery

Figure 2.1. Rainfall map of Ghana, showing spatial distribution of mean annual
rainfall (1961-1997) (source: Ghana Meteorological Services Department,
Leigon, Ghana).

The Terra-Aqua dataset was generated by combining both Terra and Aqua
maximum value composite NDVI imagery. The combined dataset was
expected to suffer less from cloud contamination because it is based on two
images a day instead of one.
Pixel-specific date stamps were used to combine the two images. They have
an 8-day difference in the start dates of their 16-day maximum value
composite periods, meaning that an 8-day shift between the two imagery
series occurred. We retained the Terra 16-day period as default when
merging the Aqua data. Using pixel-specific date stamps, the pixel-specific
Aqua values were compared with the corresponding maximum value
composite values of the Terra imagery; the highest values (maximum
composite) were kept to represent the relevant Terra period and pixel.
Finally, the adaptive Savitzky-Golay method built in TIMESAT was used to
remove short-duration impacts on cloud-affected pixel values of the Terra
and Terra-Aqua NDVI datasets (Jönsson and Eklundh, 2004; BeltranAbaunza, 2009). This method is widely used and found useful for noisy and
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non-uniform NDVI time series datasets (Jönsson and Eklundh, 2004; Feng et
al., 2008; Beltran-Abaunza, 2009; Boschetti et al., 2009).

2.2.3 Long-duration cloud contamination detection
The pre-processed Terra hyper-temporal NDVI dataset, composed of 161
layers, was classified into 10 to 100 classes using the Iterative SelfOrganizing Data Analysis (ISODATA) algorithm (Ball and Hall, 1965; Tou and
Gonzalez, 1974). ISODATA is used for an unsupervised classification of
patterns in remote sensing into clusters or classes (Jain et al., 1999). It is
iterative and self-organizing, which repeats itself and locates classes with
minimum user input (Tou and Gonzalez, 1974; Swain and Davis, 1978). No
prior knowledge is needed to train the processing. This has more consistent
results and easy to reproduce. Similarly different forms of statistics such as
divergence statistics; Jeffries-Matsushita can be calculated for each class to
finally select the optimum classification result (de Bie et al., 2012).
The ISODATA algorithm was run with the convergence threshold set to 1 and
iterations set to 50. After classification, the average and minimum divergence
values between cluster centroids were plotted against the number of classes
generated. Coinciding high average and minimum divergence values were
used as guidance to select the optimal classified image (Swain and Davis,
1978). The statistics generated by the ISODATA algorithm for selected NDVI
classes were used to detect areas affected by long-duration cloud
contamination.
NDVI profiles representing the mean NDVI values of all the pixels of the
respective class were plotted over time (2003-2009) to visualize their
temporal behaviour, and based on shape and intensity the NDVI profiles were
assigned to different groups.
The mean NDVI 95% confidence interval lower limit and the standard
deviation 95% confidence interval upper limit were calculated to objectively
define cloud contamination in NDVI values. To calculate the lower limit of the
95% confidence interval of NDVI, first the mean annual NDVI profiles (23
values) were calculated by averaging each decade from 2003 to 2009. After
that a single mean NDVI profile of all the classes in a group was created and
used as a reference for calculating the lower limit 95% confidence interval for
that group. The mean profile of all the classes portrayed the normal
behaviour of all the classes in a group and was used as a reference for
defining a suspicious decline. Similarly the standard deviation values of each
class in a group were first averaged (pooled standard deviation) on decadal
basis across the years (2003-2009) to create a mean profile of each class (23
values) in a group. They were then averaged (pooled standard deviation) per

17

Detecting long-duration cloud contamination in hyper-temporal NDVI imagery

group to create a single standard deviation profile as a reference to find an
upper limit 95% confidence interval of standard deviation values. The 95%
confidence interval is used to indicate a statistically safe range within which a
value can be considered closer to the actual values (Burns and Burns, 2008).
The upper limit 95% confidence interval of standard deviation values was
used because cloud contamination negatively affects NDVI values therefore
increases the standard deviation values (Figure 2.2).
To identify long-duration cloud contamination within a group of NDVI profiles,
the NDVI and standard deviation profile of each class within that group were
plotted. The mean NDVI 95% confidence interval lower limit and the standard
deviation 95% confidence interval upper limit were added to the NDVI
standard deviation plots. A decline in NDVI value below the lower limit of the
95% confidence interval and a concurrent increase in standard deviation
above the upper limit of the 95% confidence interval indicate long-duration
cloud contamination.

2.2.4 Validation
Two groups of Terra-NDVI classes with a suspicious decline in NDVI values
were randomly chosen for the validation analysis. Firstly, the level of
differences between NDVI values extracted from Terra and Terra-Aqua NDVI
imagery was inspected by comparing two NDVI classes from one of the
selected group. It was checked to see whether the period showing high
differences between the two imagery products coincided with an increase in
the standard deviation values of the Terra-based NDVI classes.
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Figure 2.2. Schematic diagram of the method used.

Secondly, regression analyses were carried out per NDVI class to statistically
test whether standard deviation values related to long-duration cloud
contamination. The analysis was performed using the differences in the NDVI
values of the Terra and Terra-Aqua products versus the standard deviation
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values of the Terra product for all the NDVI classes in the two selected
groups.

2.3 Results
2.3.1 Long-duration cloud contamination detection
Using the ISODATA algorithm, the pre-processed Terra dataset was classified
into maps with 10 to 100 NDVI classes. Divergence statistics revealed a high
average separability for the 97-class map, coinciding with a peak in minimum
divergence statistics (Figure 2.3). The 97-class map was selected as the
optimal classification result. This map and derived statistics were used
onwards for detecting long duration cloud contamination.

Figure 2.3. Average and minimum divergence statistics of maps with 10 to
100 classes. The arrow points to the coinciding peak in both separability
values (97 classes).

The NDVI and standard deviation plots were organized in groups on the basis
of comparable temporal behavior, as shown in Figure 2.4. NDVI class profiles
of those classes showing a decline in seasonal NDVI values (growing season)
below the lower limit of the 95% confidence interval as well as a concurrent
increase in standard deviation values above the upper limit of the 95%
confidence interval (marked with circles) were found having suspicious NDVI
values (Figure 2.4a). These long term drops in NDVI values were considered
suspicious because they were not consistent with the historical trends of the
classes in same group and it is unlike the annual growth and the decline
periods of vegetation of the same group. Similarly high increase in standard
values indicates spread of NDVI values, which may be associated with cloud
contamination. Similarly high standard deviation values show spread of data
values and hence make it suspicious. Figure 2.4a shows 34 NDVI classes
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found with suspicious NDVI values. These NDVI classes were located mainly
in the annual average rainfall zone of 1200 to 2100 mm (Figure 2.1 and
Figure 2.8).
(a)
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(b)

Figure 2.4. Terra-derived NDVI class profiles arranged in groups: (a)
characterized by suspicious decline in NDVI values during the growing season
(marked with circles) and (b) two groups of NDVI class profiles showing no
suspicious decline in NDVI values. 1-sided 95% confidence interval (95% CI)
is shown in dashed line.

Compared with Figure 2.4a, groups of the NDVI classes that have a
consistent behaviour over time as well as a mean NDVI value that does not
decline below the NDVI 95% confidence interval experienced no sharp
increase in standard deviation values above the upper limit of the 95%
confidence interval (Figure 2.4b). These NDVI classes have smooth and
consistent historical trends as compared to profiles of NDVI classes shown in
Figure 2.4a. Figure 2.4b shows only two randomly selected NDVI groups
which have no suspicious NDVI values. They occur mainly in drier northern
zones with less than 1200 mm rainfall (Figure 2.1). The spatial distribution of
the NDVI classes is shown in Figure 2.7.
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2.3.2 Validation
The differences between the NDVI values of the Terra and Terra-Aqua
products became large with the decline in seasonal Terra NDVI. The TerraAqua profiles do not display such seasonal decline and synchronous sharp
increase in standard deviation values (Figure 2.5). It also showed that
declines were not related to actual changes in greenness of present land
cover but rather to long duration cloud cover.

Figure 2.5. Comparison of NDVI and standard deviation profiles of the
selected two classes derived from the Terra and Terra-Aqua products. The
classes of each product cover similar areas in southern Ghana.

Regression analysis results given in Figure 2.6 showed that the NDVI
difference in the Terra product, compared with the Terra-Aqua product, was
significantly (p<0.05) correlated with the standard deviation values of the
Terra product.
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Figure 2.6. Scatterplots showing relationship between differences in NDVI of
Terra and Terra-Aqua products and the standard deviation derived from the
Terra product of two randomly selected groups of NDVI classes.

The R2 values of 0.73, 0.45, 0.57, 0.61, 0.60, 0.74 and 0.76 was found in
case of NDVI classes 78, 83, 85, 88, 94, 95 and 96 respectively (Figure
2.6a). Similarly the second group of NDVI classes (65, 69 and 72) recorded
R2 of 0.58, 0.60 and 0.71 respectively (Figure 2.6b). From Figure 2.7 it can
also be deduced that standard deviation values above a 95% confidence
interval upper limit relate to cloud contamination, as discriminated by NDVI
classes showing decline in seasonal NDVI values below a 95% confidence
interval lower limit.

2.4 Discussion
This study has introduced an exploratory method that detects long-duration
cloud contamination that in turn results in unreliable NDVI values. The
method presented in this article requires no additional source of information
or external data for execution purposes but requires the unsupervised
classification of the imagery to carry out the evaluation of class-specific mean
NDVI and standard deviation values over the time. Including this method in
the pre-processing routines of NDVI time series data can help to avoid the
use of anomalous NDVI data in time series studies. The method can be
applied to any type of time series data, irrespective of spatial and temporal
variations. The method is simple to implement and reproduce. This technique
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can be beneficial for NDVI spectro-temporal analysis based land use/land
cover mapping and monitoring, particularly in the tropics.
A synchronous decline in seasonal NDVI values below a lower limit 95%
confidence interval and an increase in the standard deviation above an upper
limit 95% confidence interval indicate possible long-term cloud contamination
that was not removed by preprocessing routines. From Figure 2.4 it is
obvious that the decline in NDVI, which is linked to an increase in standard
deviation values above the threshold (95% confidence interval), marks the
periods when the NDVI values are affected by long-duration cloud cover. This
is also proved in the regression analysis, which shows a positive and linear
relation between differences in the Terra and Terra-Aqua imagery products
versus standard deviation values of the Terra imagery (Figure 2.6). The use
of the 1-sided 95% confidence interval helps to objectively define the
contamination. This also eliminates the short time effects in NDVI values
unrelated to long-term missing data.
The validation using regression analysis to compare standard deviation and
differences between the Terra and Terra-Aqua products was undertaken
because standard deviation is considered the most common indicator to
explain spread of data values (Myers, 1997). The Terra-Aqua product suffers
less from cloud contamination, since it is a combination of two images per
day. Fensholt et al., (2006) also used differences between Terra and Aqua as
proxy for cloud cover. However, it is also notable that standard deviation
alone can mislead interpretations because standard deviation normally
increases in summer and decreases in winter owing to contrast in the
reflectance of vegetation and soil (Gonza´ Lez Loyarte and Menenti, 2000;
Loyarte and Menenti, 2008). It is also clear from the results that the
coinciding of seasonal decline in observed NDVI with increased standard
deviation readings is suspicious.
This is the first study if its kind that successfully attempts to detect long
duration cloud contamination affects in hyper-temporal NDVI imagery. In
contrast, the available cloud contaminated data correction techniques are
unable to correct long data gaps due to the inherent limitations associated
with the models used (Holben, 1986; Swets et al., 1999; Jonsson and
Eklundh, 2002; Fensholt et al., 2007; Lu et al., 2007; Gu et al., 2009; Hird
and McDermid, 2009; Julien and Sobrino, 2010). By including this method in
the preprocessing routines of NDVI time series analysis can help to mark the
period and location of long duration cloud contaminated NDVI values, which
can be avoided in subsequent data analysis.
The spatial distribution of cloud-contaminated NDVI classes over an areas
receiving more rainfall (>1200 mm) signify that areas receiving more rainfall
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and cloud cover experienced cloud contamination. More prevalent rainfall in
southern Ghana is also reported by and Kakane and Sogaard (1997),
Fensholt et al., (2006) and Fensholt et al.,(2007). While in contrast those
NDVI classes having no obvious contamination problem are distributed
through northern Ghana, which is drier region with less chances of persistent
cloud cover (Figure 2.1 and Figure 2.7).

2.5 Conclusion
In this paper a simple exploratory method is introduced to detect long
duration cloud contamination effects in hyper temporal NDVI imagery
analysis. This is an approach, that goes beyond the use of quality flags and
upper envelope filtering is tested to detect when and where long-duration
clouds are responsible for unreliable NDVI readings. The approach offers the
scientists interested in time series analysis, a method of masking by area
(class) the periods when pre-cleaned NDVI values remain affected by clouds.
It requires no additional data for execution purpose but involves
unsupervised classification of the imagery to carry out the evaluation of
class-specific mean NDVI and standard deviation values over the time. The
method was validated with secondary dataset; however, it needs to be
validated with real cloud cover data in future. The method will be useful for
time series imagery based land cover mapping and monitoring specifically in
areas where cloud cover is prevalent such as tropics.
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Figure 2.7. The spatial distribution of contaminated and uncontaminated NDVI
classes.
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Abstract
The green cover of the earth exhibits various spatial gradients that represent
gradual changes in space of vegetation density and/or in species
composition. To date, land cover mapping methods differentiate at best,
mapping units with different cover densities and/or species compositions, but
typically fail to express such differences as gradients. Present interpretation
techniques still make insufficient use of freely available spatial-temporal
Earth Observation (EO) data that allow detection of existing land cover
gradients. This study explores the use of hyper-temporal NDVI imagery to
detect and delineate land cover gradients analyzing the temporal behavior of
NDVI values. MODIS-Terra MVC-images (250 m, 16-day) of Crete, Greece,
from February 2000 to July 2009 are used. The analysis approach uses an
ISODATA unsupervised classification in combination with a Hierarchical
Clustering Analysis (HCA). Clustering of class-specific temporal NDVI profiles
through HCA resulted in the identification of gradients in landcover
vegetation growth patterns. The detected gradients were arranged in a
relational diagram, and mapped. Three groups of NDVI-classes were
evaluated by correlating their class-specific annual average NDVI values with
the field data (tree, shrub, grass, bare soil, stone, litter fraction covers).
Multiple regression analysis showed that within each NDVI group, the fraction
cover data were linearly related with the NDVI data, while NDVI groups were
significantly different with respect to tree cover (adj. R2=0.96), shrub cover
(adj. R2=0.83), grass cover (adj. R2=0.71), bare soil (adj. R2=0.88), stone
cover (adj. R2=0.83) and litter cover (adj. R2=0.69) fractions. Similarly, the
mean Sorenson dissimilarity values were found high and significant at
confidence interval of 95% in all pairs of three NDVI groups. The study
demonstrates that hyper-temporal NDVI imagery can successfully detect and
map land cover gradients. The results may improve land cover assessment
and aid in agricultural and ecological studies.
Keywords: land cover; gradient; hyper-temporal; NDVI; MODIS; mapping
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3.1 Introduction
A gradient is an inherent property of all environmental conditions (e.g. soil
moisture, precipitation, temperature) (Whittaker, 1978a; Begon et al., 1990;
Foody and Boyd, 1999). Each location on the earth’s surface is subject to
both abiotic and biotic environmental gradients (Begon et al., 1990), which
influence species distributions in space and time. Therefore species
abundance, and overall community composition can change continuously
along environmental gradients (Whittaker and Levin, 1977; Townsend, 2000;
Tapia et al., 2005; Tang et al., 2010). Mapping the abundance of individual
species can consequently reflect land cover gradients (Müller, 1998). Within
the context of this research, a land cover gradient can be considered to be
“the gradual spatial changes in green cover of the earth's surface caused by
differences in plant species composition and/or their densities”. Recognizing
land cover gradients is reported as important for many environmental and
ecological studies (Whittaker, 1973; Whittaker, 1978b; Gosz, 1992).
The spatial patterns exhibits by green cover that represent gradual changes
in space of vegetation density and/or in species composition can be discerned
using the growth responses in local vegetation, which are produced as a
result of different biotic and abiotic environmental factors. Within the context
of this research, a land cover gradient is considered to be a spatial
relationship between gradually differencing land cover units having similar
vegetative growth patterns (Figure 3.1). Looijen and Andel, (1999) also
noted the relationship between spatial patterns as they occur higher or lower
in a gradient due to its response to environmental factors. This concept of
gradient analysis considering relationship between spatial patterns
characterized by gradual changes in structure and variation of vegetation is
also noted by Whittaker (1967).
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Figure 3.1. A conceptualization of the land cover gradients based on
vegetative growth patterns.

The presence of gradients in land cover (LC) is the result of spatio-temporal
phenomenon (Müller, 1998; Löffler and Finch, 2005; Sklenár et al., 2008) as
underlying factors (e.g. geology, climate, topography) responsible for such
gradients vary continuously over space and time (Foody and Boyd, 1999).
This emphasizes the importance of exploiting spatio-temporal datasets to
identify existing gradients as displayed by land cover (Austin, 1990; Begon et
al., 1990; Gosz, 1992; Kent et al., 1997; Foody and Boyd, 1999; Couteron et
al., 2006). Thus, the need is clearly articulated to improve land cover maps
with specifications of present land cover gradients, using both spatial and
temporal aspects of land cover.
Many studies to map land cover gradients have been carried out using
imagery from a single date, or at most using imagery acquired on 2 to 3
dates for example (Haralick et al., 1973; Wood and Foody, 1989; Bradshaw
and Spies, 1992; Foody, 1992; Skidmore and Turner, 1992; Trodd, 1992;
Foody and Trodd, 1993; Gulinck et al., 1993; Trodd, 1993; Foody, 1996a, b;
Bastin, 1997; Zhang and Foody, 1998; Foody and Boyd, 1999; Gopal et al.,
1999; Csillag and Kabos, 2002; Mendel and John, 2002; Deer and Eklund,
2003; Kavzoglu and Mather, 2003; Fonte and Lodwick, 2004; Camarero et
al., 2006; Fisher et al., 2006; Arnot and Fisher, 2007b; Berberoglu et al.,
2007; Fisher et al., 2007; Verstraete et al., 2007; Dixon and Candade, 2008;
Krishnaswamy et al., 2009; Fisher, 2010; Mitrakis et al., 2011). Because all
these studies were based on the use of at most, a few images, mapping
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existing land cover gradients has remained elusive. This in spite of the fact
that a wide variety of potentially applicable methods have been explored:
probability mapping, neural network, wavelet analysis, line intersect method,
ordination techniques, Normalised Difference Vegetation Index (NDVI) based
Mahalanobis distance measures, textural analysis, adjacent patch analysis,
and split windows. No author sought to replace their temporally-limited set of
used imagery with hyper-temporal imagery for mapping land cover gradients.
This potentially imposed limitations on their studies to adequately capture
temporal aspects of land cover growth patterns, caused by differences in
species composition and/or in their densities, and their responses to local
environmental conditions.
Hyper-temporal imagery can provide the temporal resolution required to
capture such patterns in annual growth cycles. The term “hyper-temporal” is
used to describe long-term, extensively repeated (daily) time series datasets
of an area (Piwowar and LeDrew, 1995; Piwowar et al., 1998; McCloy, 2006;
de Bie et al., 2008). Due to their highly repetitive coverage, hyper-temporal
image dataset can capture the subtle fluctuations in growth characteristics
exhibited by vegetation over time. It has been found useful in studies of
vegetation growth cycles in support of agricultural and ecological studies
(Reed, 2006; Xiao et al., 2006a; Wardlow et al., 2007; Beck et al., 2008; de
Bie et al., 2008; Zhang et al., 2008; Khan et al., 2010), However it has not
yet been explored whether such datasets can be used to capture and
visualize gradients in land cover. Accordingly, this study aims to explore
whether such land cover gradients can be identified and mapped through the
use of hyper-temporal NDVI imagery.

3.2 Method
3.2.1 Study area
Crete (Greece) is a Mediterranean island with an area of 8729 km2 featuring
high plant diversity (Turland et al., 1993; Montmollin and Iatrou, 1995;
Vogiatzakis and Griffiths, 2001). The island has varied terrain (high
mountains to coastal areas) and regional to local climatic differences which
are reflected in distinct vegetation patterning across the island (Turland et
al., 1993; Montmollin and Iatrou, 1995; Chartzoulakis et al., 2001;
Chartzoulakis and Psarras, 2005).The predominant vegetation types include;
Olea and Ceratonia forest (20.69%), Sarcopoterium spinosum phrygana
(27.32%),
Cupressus
(1.12%),
Acero-Cupression(4.02%),
Oromediterranean phrygana (3.52%), Dehesas (5.38%), Mediterranean pine
forest (4.84%), Euphorbio-Verbascion phrygana (3.20%) (Sarris et al.,
2005b). The geology varies from calcareous rocks (limestone and dolomites)
dominate the mountain terrain to limestone, sandstone and marls, cover
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large areas of the lowlands (Sarris et al., 2005a). These variations in terrain,
climate, geology, combined with high plant diversity, results in a high spatial
variability of land cover (Körner, 2000; Löffler and Finch, 2005). This spatial
heterogeneity makes the area suitable for exploring the potential of mapping
land cover gradients using hyper-temporal NDVI imagery (Figure 3.2).

Figure 3.2. The island of Crete, Greece, showing field data points and natural
and semi-natural areas.

3.2.2 Data used
MODIS NDVI data
A time-series (February 2000 to July 2009) dataset of 293 16-day composite
MODIS Terra NDVI data, at 250 m spatial resolution, was downloaded from
EOS NASA Land Processes Distributed Active Archive Center (WIST). Those
pixels possibly affected by haze, clouds or other atmospheric disturbances
were removed using the Vegetation Index Quality (VIQ) information supplied
with the NDVI dataset. The NDVI was rescaled to DN values of 0 to 255 for
ease of handling and better representation. Note that such a rescaling does
not result in a loss of information (Roderick et al., 1996). Pixels with a
negative NDVI (representing water) were also removed from the dataset.
The resultant 293 images were compiled into a single NDVI time-series image
stack of sequentially ordered NDVI images. To account for data gaps, and to
retain the upper envelope of NDVI time-series within the dataset, an
Adaptive Savitzky-Golay filter (ASAVGOL) was applied (Jönsson and Eklundh,
2004; Beltran-Abaunza, 2009).
ALOS images
Ten meter spatial resolution ALOS (Advanced Land Observing Satellite)
AVNIR-2 multispectral images were acquired for 9 July 2009, 14 July 2009,
26 July 2009, 9 May 2008, and 4 November 2008, from the Remote Sensing
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Technology Center (RESTEC) (http://www.alos-restec.jp/products_e.html).
They were used during fieldwork to select image objects (disjoint regions
characterized by similar properties) for data collection. Only image objects
that were different and homogenous in nature were selected for field data
collection. The homogeneity of image objects was visually determined based
on texture, shape and colour.
CORINE Land cover map
The 2000 Coordination of Information on the Environment (CORINE)
Programme datasets contains land cover information for European Member
States with a pan-European legend. To gain an initial insight into the area,
and guide sample site selection, the CORINE 2000 land cover map of Crete,
Greece, was obtained from the European Environmental Agency (EEA). The
dataset was used to preselect natural and semi-natural areas (Figure 3.2) for
preparation of a sampling scheme to collect field data in order to validate the
gradient map.
Field data
Field data were collected using a stratified random clustered sampling
scheme. Selected NDVI class map obtained as result of ISODATA clustering
of the hyper-temporal NDVI dataset was used as strata. The CORINE land
cover map of 2000 was used to mask out agricultural and urban areas related
NDVI classes from the sampling scheme. Based on the time available for field
work (22 September – 11 October 2009) twenty nine (29) locations were
randomly selected on the selected NDVI class map. Figure 3.2 shows the
locations and field points sampled during field work. The selected locations
were sampled in the field in clusters. The data were collected from the image
objects identified on an ALOS image. At each sampled location, data were
collected on ground cover composition as well as vegetation traits. Ground
cover observations included factors such as percentage cover of stone, litter
and bare soil cover, while vegetation observations involved estimation of the
percentage cover of tree, shrub and grass layers. Percentage cover was
estimated as vertical cover, thus the total percentage for all cover in one
sample area was 100. Information was also collected about the dominant
plant species within each sample site. Dominant species samples were
gathered and stored to be later verified by an expert botanical taxonomist.
To upscale the field data to the NDVI classes, initially an image legend was
created, derived from snapshots of homogenous image objects of ALOS
image surveyed in the field along with the percentage cover of different land
cover components. Based on the image legend, the ALOS image was
manually digitized and defined into classes with attributes using fraction
cover of land cover components. The digitizing considered feature tone,
pattern, shape, texture and association as suggested by Feranec (1999).
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Intersecting the digitized ALOS map with the selected NDVI class map, the
fractional area of the ALOS classes within each NDVI class was calculated.
After obtaining the fractional area, the weighted fraction cover of the trees,
shrubs, grass, bare soil, litter and stone cover in each NDVI class were
calculated and a single value for each NDVI class was produced. The NDVI
classes defined using the fraction cover of trees, shrubs, grass, stone, litter
and bare soil were further used in the accuracy assessment of land cover
gradients.

3.2.3 Mapping land cover gradients
Hyper-temporal image dataset analysis
The pre-processed time-series NDVI image dataset (containing 293
sequential images) was clustered using an Iterative Self-Organizing Data
Analysis Technique (ISODATA) (Ball and Hall, 1965; Tou and Gonzalez, 1974)
from 10 to 100 clusters. For each ISODATA run, the maximum number of
iterations was set to 50 and the convergence threshold was 1 (de Bie et al.,
2008; Khan et al., 2010). To identify the best clustering result, statistical
separability values denoting average and minimum cluster divergence were
used, calculated using Eq. 1 (Swain and Davis, 1978; Singh, 1984).
The output cluster image containing the high average and minimum
separability values was selected. The selection is based on compromise,
between keeping the number of clusters as low as possible, whilst selecting a
cluster number with a local high, or a peak in, separability values. The
selected image, and its clusters (classes) associated temporal mean NDVI
profiles, was then used to analyse and map land cover gradients.
Gradient identification and mapping
Mean NDVI values were extracted for each 16 day composite period from the
signature file of the selected ISODATA classified image. The 16-day mean
NDVI values were averaged annually from February 2000 to July 2009. Land
cover gradients were identified by comparing NDVI classes and their mean
annual NDVI profiles as generated through of the selected ISODATA
classification. To establish a gradient, NDVI profiles were grouped using the
Hierarchical Cluster Analysis (HCA), an exploratory method designed to
reveal natural groupings within a data set (Gauch and Whittaker, 1981). In
hierarchical clustering, the nearest neighbour method was used with cosine
distance as similarity measure. Final clustering were based on smallest
ecological distance (relative similarity in term of fraction cover and species
composition), which is important for gradient identification (Gauch and
Whittaker, 1981). Using HCA, NDVI class profiles exhibiting similar temporal
behaviour are thus grouped, keeping in view the shape and intensity of NDVI
values.
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After grouping with HCA, the NDVI classes of the selected ISODATA
classification were listed and arranged in a relational diagram of increasing
average NDVI values. Different NDVI groups were given different colours,
whilst classes within a group were assigned a hue within the same colour
scale for gradient visualization. Closely related NDVI groups were indicated
by means of connecting bars. The relational diagram was used as the NDVI
map legend for the land cover “gradient map”. NDVI classes with similar
vegetative growth patterns were considered spatially related to conceptualize
land cover gradients used in this paper.

3.2.4 Accuracy assessment
Multiple regression analyses (Greene, 1997; Wooldridge, 2009) were carried
out to evaluate the land cover gradient both within and between NDVI
groups. The analysis determined whether correlations existed between
vegetative growth patterns summarized as an annual average NDVI value,
and field collected fraction cover data per NDVI class. Presence of a linear
relation was used as positive indicator of gradient presence as per the
concept used in this study (Figure 3.2). The analysis allowed as to discern
whether NDVI classes, though fundamentally different, are connected along
gradients, and whether they can be used to represent gradients in land cover
and the NDVI groups could represent different dominant gradients
(significant differences between the groups) in the land cover of the area.
The analysis was performed on individual land cover components by NDVI
classes. Only those NDVI groups consist of NDVI classes, which were covered
in the field work, were used for evaluation analysis. Cover fractions (%) of
tree, shrub, grass, bare soil, litter and stone cover were used as the
dependent variables, and the annual average NDVI (with defined dummy
variables) as the independent variable, using the functional model given in
Eq. 1:
Fraction cover = a + b (if Q) + c (if R) +d (NDVI. if P, Q, or R) + e (NDVI. if
Q) + f (NDVI. if R) + ε
(Eq. 1)
The NDVI groups evaluated were represented by P, Q, and R in model given
at Eq. 1. The intercept and slope were calculated for each NDVI group, i.e. P,
Q, and R. One of the groups (P) was arbitrary chosen to act as a reference
group, with the inputs ‘a’ and ‘d’ being the intercept and slope of the chosen
reference group. The intercepts ‘b’ and ‘c’ were the result of tests on whether
the intercepts of groups Q and R significantly differ from the reference group
(P) while ‘e’ and ‘f’ test whether the slopes of Q and R were significantly
different from the reference group (P).

39

Mapping land cover gradients through analysis of hyper-temporal NDVI imagery

The similarity between the three NDVI groups in term of species composition
(presence/absence) were investigated by calculating the Sorensen
dissimilarity index (SDI) (Sørensen, 1948; Jongman et al., 1995). The CI of
95% for the mean dissimilarity was calculated using a bootstrap technique
(Efron and Tibshirani, 1986), repeated 1000 times for each pair of analysis.
The 1000 simulation was run to test the hypothesis about the dissimilarity
between different pairs of NDVI groups. This index measures dissimilarity of
species composition between any two NDVI groups.
SDI=1-2C/A+B

(Eq. 2)

In the Eq. 2, C stands for number of species shared by the two NDVI groups
while A and B are the total number of species in the two NDVI groups
respectively. Values ranged between 0 and 1, with 0 indicating that the two
groups have common species and 1 meaning that the two groups have a
dissimilar species composition.

3.3 Results
3.3.1 Mapping Land cover gradients
Hyper-temporal image dataset analysis
Analysis of the divergence statistics indicated that 65 clusters generalized the
hyper-temporal dataset. Both the average and the minimum separability
values were found to be relatively high at the 65 clusters mark, with
coincident local peaks (Figure 3.3). The selected cluster and its signature
NDVI profiles were subsequently used to study the land cover gradients.
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Figure 3.3. Divergence statistics showing high average and minimum
separability values for the 65 clusters image (indicated with an arrow).

Gradients identification and mapping
Figure 3.4 is a hierarchical cluster analysis in the form of dendrogram,
showing relationships among the classes at different level of similarity. The
65 NDVI class profiles were categorized into 14 groups based on the lowest
cosine distance between the NDVI class profiles.
Grouped NDVI class profiles are illustrated in Figure 3.5. Examination of the
temporal behavior of annual average NDVI profiles revealed that NDVI
classes within groups (A to N) have similar temporal behavior (shape of
temporal curve), but different between groups. The only differences between
NDVI classes within groups are notably their gradually differentiating NDVI
values from low to high.
The relationship between NDVI groups is evident from the clustering results
in Figure 3.4 and NDVI profiles in Figure 3.5. For example NDVI groups A, B
and C have low NDVI values and little seasonal variation, NDVI groups D, E,
F, G, H, I, J, K show prominent seasonal fluctuations while L, M and N show
less seasonal fluctuation and high NDVI values throughout the year (Figure
3.5).
To ascertain whether the 14 NDVI groups are also spatially linked, they were
arranged in the form of a relational diagram (Figure 3.6) of mean NDVI
values of the classes as well as the association between groups. This acts as
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guideline to map land cover gradients. Grouped NDVI classes are shown
across the rows, and are represented by different shades of the same base
color. Different base colors are used for different NDVI groups. Varying barlengths serve to visualize the variability in mean annual NDVI values. NDVI
group are also cross-linked based on their similarities in temporal behavior,
as shown in Figure 3.5.
The class color codes depict (i) each class associated annual average NDVI
profile (presented in Figure 3.5), and (ii) the class spatial distribution in the
land cover map shown in Figure 3.7. The land cover gradients map (Figure
3.7) portrays the spatial arrangements of NDVI classes and their groups,
highlighting the NDVI classes/groups that are spatially linked in the form of
gradients.
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Cosine Distance
Figure 3.4. A dendrogram resulting from the grouping of the 65 NDVI class
profiles.
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Figure 3.5. Annual average NDVI class profiles, grouped based on results of
hierarchical clustering analysis.
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Figure 3.6. NDVI classes arranged in a relational diagram on the basis of their
temporal behaviour and value intensity. Class position within a group is
determined by its mean NDVI value (top axis). Groups having similarities are
linked by bars.

3.3.2 Accuracy assessment
The multiple linear regression compared NDVI groups K, M and N using cover
fractions of trees, shrubs, grass, bare soil, stone and litter cover (Figure 3.8).
Group K was arbitrarily chosen as the reference group. It can be seen that
changes in the average annual NDVI of classes within groups, relate to
changes in land cover characteristics in term of fraction cover of different
land cover components. The results (Figure 3.8) indicate that within each
NDVI-group, the collected cover fraction data were linearly related with the
given NDVI data, while these linear relationships between NDVI-groups
significantly differ. The gradual differences in NDVI class profiles within group
as shown in Figure 3.5 can also be compared with the arrangement of NDVI
classes along the regression slope. For tree cover, shrubs cover and grass
cover, both groups M and N had significantly different slopes from reference
group K (Figure 3.8).
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Figure 3.7. The spatial distribution of NDVI classes and groups in the form of
gradients in Crete derived using profile analysis of NDVI time-series. Classes
depicted here are spatial representations of those shown in Fig. 3, 4 and 5.
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The basic differences between the three groups behavior originate from
relatively higher proportions of trees, shrubs and grass cover. Within groups,
cover differences between NDVI classes are caused by a high variability in
tree cover in group M and N while Group K has relatively more shrubs and
grass with fewer trees. Regarding the non-green land cover components,
bare soil showed no significant differences in slopes between the tested
groups. However in stone cover and litter cover both slopes of M and N were
found to be different from the slope of reference group K (Figure 3.8).
Different slopes represent gradients in NDVI classes within the above defined
groups in term of land cover characteristics.
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(d)
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Figure 3.8. Regression results comparing the slopes of NDVI groups M and N
to the reference group K with respect to (a) tree cover, (b) shrub cover, (c)
grass cover, (d) bare soil, (e) stone cover and (f) litter cover. The labels show
NDVI classes in each NDVI group. The regression equation is also shown
where “*” depicts a significant difference of 10% from the reference group,
and “**” depicts a 5% significant difference from the reference group.

Similarly, high dissimilarity in species composition was found between all
pairs of NDVI groups (Table 3.1). Differences between groups K and M and K
and N are comparatively high than group M and N, which is confirmed by
differences in the temporal profiles of the three groups represented in Figure
3.4. The results suggest that at the level of 95% confidence interval, the
mean dissimilarity value ranged between 0.46-0.92, 0.44-0.87 and 0.420.79, for the NDVI groups K and M, K and N, and M and N, respectively.
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Table 3.1. Mean Sorenson dissimilarity values for pair wise analysis between
three NDVI groups (K, M, and N)

NDVI Groups

K

M

M

0.76

-

N

0.68

0.61

Overall, the evaluation results support the concept that NDVI classes, though
fundamentally different, are connected along gradients, and can be used to
represent gradients in land cover. Meanwhile NDVI groups could represent
different dominant gradients in the land cover of the area.

3.4 Discussion
A map depicting gradients in land cover was successfully extracted using
hyper-temporal NDVI imagery. The land cover gradient map is composed of
NDVI classes, which are successfully grouped on the basis of the NDVI values
and similarities in their shapes (temporal patterns). The map result (Figure
3.7) shows the spatially linked and interconnected NDVI classes which have
similar vegetation growth patterns. The NDVI classes within groups display
relatively similar seasonal patterns though they are dissimilar in the
magnitude of their temporally fluctuating mean NDVI value. The validation
results shown in Figure 3.8 indicate that within each NDVI group, the
collected cover fraction data are significantly linearly related with the given
NDVI data. These gradual differences in NDVI classes within groups support
the move to arrange NDVI classes within groups demonstrated in Figure 3.5.
Overall this indicates that NDVI classes, though fundamentally different, are
related along detectable gradients in vegetative growth patterns which can
be visualized in the form of land cover gradients.
Each NDVI group reflects a separate dominant gradient in land cover of the
area by showing different vegetation growth patterns. The linear relationships
between NDVI-groups are found to be significantly different with respect to
tree cover (adj. R2=0.96), shrub cover (adj. R2=0.83), grass cover (adj.
R2=0.71), bare soil (adj. R2=0.88), stone cover (adj. R2=0.83) and litter
cover (adj. R2=0.69) fractions. For tree cover, shrubs cover and grass cover,
NDVI groups M and N had significantly different slopes from reference group
K which is also evident from the differences in the shape of NDVI profiles of
these groups shown in Figure 3.5. Similarly SDI analysis also supports the
significant differences between pairs of NDVI groups in term of species
composition. Therefore the NDVI groups could represent different dominant
gradients in the land cover of the area.
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The results support exploiting hyper-temporal NDVI image datasets to
extract and map land cover gradients. The successful representation of land
cover gradient using hyper-temporal NDVI imagery may be due to the
sensitivity of NDVI values to the vegetation green biomass (Purevdorj et al.,
1998; Shunlin, 2004) and accurately tracking of vegetation growth patterns
due to the high repetitive coverage of the imagery used (Xiao et al., 2006b;
Zhang et al., 2008; He et al., 2009).
The results (Figure 3.7) are unlike current gradient maps which represent
gradients as “transition zones” (Trodd, 1992, 1993; Anand and Li, 2001;
Arnot and Fisher, 2007a; Dutoit et al., 2007), though this raises the question
“where does a transition zone begin and end?”. In this study, not only natural
land cover groupings were identifiable, but also the directions of gradients in
land cover. Such a representation of gradient could contribute to identifying
areas that are fundamentally different, and subsequently indicating how they
are grouped across spatial scales and over time.
The land cover gradient map and their profiles indicate a number of potential
applications. The land cover gradient map could aid researchers in stratifying
sampling regimes, to better focus on areas of interest as features in both the
temporal and spatial dimension are taken into account. This may be of
particular use to environmental researchers such as ecologists, through
providing insight into the land covers and habitats within which a species of
interest exists and could be applicable to area frame sampling for agricultural
land use research and monitoring. Furthermore, directionally ordered map
units also indicate the direction of gradient/change from low to high, which
those involved in climate change studies and ecological modeling may find
useful.

3.5 Conclusion
In conclusion, this study demonstrated the potential utility of hyper-temporal
NDVI image datasets in identifying and mapping land cover gradients. Due to
the high repetitive coverage of the imagery used, it was possible to
accurately track the vegetation growth patterns and from this land cover
gradients could be devised. The required datasets are readily available in a
variety of spatial and temporal resolutions, from a number of different
sources such as SPOT, MODIS etc. The study served to emphasize that work
in the near-future should focus on quantitative analysis of phenological
indicators (such as Start of Season dates, End of Season dates, Season-peak
dates) extracted from NDVI profiles and the underlying factors responsible
for such land cover gradients.
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Abstract
Natural and semi-natural landscape cover is heterogeneous. Ideally, mapping
land cover requires an approach that represents both gradients and land
cover spatiotemporal variability. These aspects can be visualized and
depicted by applying a new spatio-temporal analysis based Landscape
Heterogeneity Mapping (LaHMa) method to natural and semi-natural
landscapes. Using MODIS NDVI 16-day imagery (Feb 2000-July 2009) for
Crete, a 65-cluster image was selected from ISODATA classification results
using the separability values of the divergence statistics. The 65 clusters
appropriately generalize the spatial and temporal variability in land cover.
Using classified outputs from 10 to 65 clusters, the frequency of pixels
identified as boundaries of homogeneous land cover classes was translated
into the form of a landscape heterogeneity map, which was then validated
using field data. The results show that the heterogeneity map had moderate
correlation (R2 = 0.60 and 0.63 in two transects) with the sum of differences
between neighbouring transect pixels in all land cover components. In
general, the study found this new approach (LaHMa) suitable for mapping
landscape heterogeneity in the natural and semi-natural landscape of Crete,
Greece. The new method appears particularly useful for gradient analysis in
ecology.
Keywords:
MODIS
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4.1 Introduction
The degree of heterogeneity in a landscape is dictated primarily by
interactions amongst natural and anthropogenic processes, and disturbance
in landscape (Turner and Gardner, 1991). Quantification of landscape
heterogeneity is necessary to understand and study interactions and
relationships between ecological processes and spatial patterns (Turner et al.,
2003; Peters et al., 2006). Furthermore, management of dynamic landscapes
requires maps and monitoring tools that portray the nature of the landscapes
spatiotemporal heterogeneity (Gustafson, 1998) at selected spatial and
temporal scale (Kent et al., 1997; Gustafson, 1998).
Quantifying the natural and semi natural landscape heterogeneity using
continuous values is appropriate because natural and semi natural landscape
shows spatially continuous variations in vegetation communities (Austin,
1990; Begon et al., 1990; Couteron et al., 2006). Spatially, different species
(flora) in a natural and semi-natural landscape show considerable overlap,
which creates gradients that represents gradual changes in space of
vegetation density and/or in species composition (Kent et al., 1997; Müller,
1998). Presenting such a landscape in gradient form is important for
ecological studies to understand the basic structure of landscape (Gosz,
1992).
Landscape heterogeneity is considered to be a dynamic phenomenon, as it
fluctuates over time (Dunn et al., 1991; Fahrig, 1992; Gustafson, 1998).
Underlying factors that determine land cover heterogeneity are
spatiotemporally varied at different scale, and include soil, geology, climate
and topography (Foody and Boyd, 1999). The spatial pattern and the intraannual (temporal) changes should be considered to quantify landscape
heterogeneity (de Bie et al., 2012). Therefore at a landscape level, the
continuously changing environment and the dynamic nature of land cover
necessitate an understanding of both the spatial and temporal processes of
land cover (Fortin et al., 2000; Fagan et al., 2003).
Efforts to quantify the landscape heterogeneity began in the early 1980s
(Romme, 1982; Baker and Cai, 1992);However; till date the approaches
depicting land cover heterogeneity in a map format has poorly ignored
spatiotemporal variability and gradient representation. One approach to
quantifying landscape heterogeneity is the Patch Mosaic approach (Goodchild
and Quattrochi, 1997; Gustafson, 1998), which builds on information
contained in categorical or thematic maps. Information is presented on
spatial aspects such as the area, shape, patch density and fractal dimensions
of the landscape, while the non-spatial aspects are represented in the form of
a matrix containing information on a category’s proportions, evenness,
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richness and diversity (Li and Reynolds, 1995; Gustafson, 1998). The
discrete representation of landscape is an incorrect form of representation
and prone to errors in land cover class definitions (Gosz, 1992; Southworth
et al., 2004; Boyd and Foody, 2011). They are not based on spatiotemporal
explicit data which are important for accurate characterization of land cover
(Sakamoto et al., 2006; Nguyen et al., 2011). A second approach involves
the application of statistical analyses to point data collected through surveys
through the use of semi-variograms, correlograms, amongst other statistical
tools (Li and Reynolds, 1995; Gustafson, 1998) and attempts to place a
relative value on a landscape’s heterogeneity. The point data are always
limited, both in space and time, and so cannot accurately represent the
spatiotemporal explicit landscape heterogeneity. Thus, all the approaches
that claim to capture landscape heterogeneity ignore the likely presence of
gradients. Besides that research concerning the accurate mapping of
landscape heterogeneity has not specifically focused on the high-frequency
temporal dimension of land cover, even though this has already been found
very helpful in land cover mapping and monitoring (Xiao et al., 2006a;
Sakamoto et al., 2007; Nguyen et al., 2011).
Although techniques such as auto-correlation, semi-variogram analysis,
fourier spectral analysis and fractals analysis (Perry et al., 2002; Couteron et
al., 2006) do consider gradients in representation, these assume land cover
to be aperiodic and always repeats itself within a certain time period
(Bradshaw and Spies, 1992). In reality land cover is highly dynamic, and
isolating a genuine periodicity is difficult to achieve (Couteron et al., 2006).
Therefore, the ability of these techniques to quantify the spatiotemporal
aspects of landscape heterogeneity is also limited.
Natural and semi-natural landscapes show continuous changes than
landscapes which are more dominated by the boundary features common to
human landscape administration (Puech, 1994; Couteron et al., 2006). To be
accurately characterized, any method must ensure the presence of gradients
in land cover as well as spatiotemporal variability is adequately incorporated
into the mapping process. Therefore, an approach used for agricultural
landscapes by de Bie et al.,(2012) called Landscape Heterogeneity Mapping
(LaHMa) approach which was originally applied in agricultural and man-made
landscape is selected to map landscape heterogeneity in the natural and
semi-natural landscapes of island of Crete, Greece. This method was not
validated with field data therefore a through validation was undertaken using
field data composed of the fractional complexity of the area’s land cover
components.
LaHMa involves calculating the relative heterogeneity of each pixel area,
using the long-term spatiotemporal variability in land cover. Differences in
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spectro-temporal characteristics of land cover present in a particular pixel is
considered here as landscape heterogeneity. The technique exhibits spatial
heterogeneity at various strengths of boundaries (ecotones and ecoclines) at
any selected scale therefore it can be useful for understanding landscape
structures and functions (Wu and Archer, 2005; Peters et al., 2006). It is also
robust for locating plants assemblages which is important characteristics of
the natural and semi-natural landscape. The heterogeneity determined may
be arising by soil, vegetation discontinuities, changes in species composition
and its distribution.

4.2 Study area
Crete (Figure 4.1) is characterized by high mountains and plateaus
(Chartzoulakis and Psarras, 2005). The geology also varies from mountainous
areas to lowlands having calcareous rocks to limestone, sandstone and marls
respectively(Sarris et al., 2005a). The island has a sub-humid climate, with
dry summers and mild wet winters (Sluiter, 1998; Chartzoulakis et al.,
2001). An average of about 900 mm of precipitation falls on the island
annually. This varies locally, with approximately 300 mm falling at lower
altitudes, and up to 2000 mm falling in the mountain areas (Chartzoulakis et
al., 2001; Chartzoulakis and Psarras, 2005). The landscape is dominated by
both natural and semi-natural land cover, intermixed across the island with
herbaceous and woody plant species that form varying proportions of local
plant communities (Turland et al., 1993; Montmollin and Iatrou, 1995;
Chartzoulakis et al., 2001; Chartzoulakis and Psarras, 2005). The high
variability in topography, weather, geology results in high variability in
vegetation compositions and structure in Crete, hence creates a
heterogeneous landscape. The complex landscape and intermixed vegetation
with variable climatic conditions could be only detected if both spatial and
temporal aspects of land cover are considered.
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Figure 4.1. The Greek island of Crete. Natural and semi-natural areas
(extracted from CORINE map) are displayed with general relief. Field data
points are also shown.

4.3 Method
4.3.1 Remote sensing data and maps used
1.

Hyper-temporal time-series Normalized Difference Vegetation Index
(NDVI) imagery is freely available at different spatial and temporal
resolutions from sensors such as SPOT (1 km), MODIS (1000 m, 500 m,
250 m), MERIS (300 m, 1200 m) and MSG (1 km). NDVI is a wellrecognized indicator of green vegetation biomass (Tucker and Sellers,
1986; Henebry, 1993). Sixteen-day maximum value composite (MVC)
NDVI image data at a spatial resolution of 250 m, collected by the
MODIS Terra sensor between February 2000 and July 2009, was
obtained using NASA’s Warehouse Inventory Search Tool (WIST) facility.
The associated vegetation index quality (VIQ) layers of the data product
package were used to identify and remove all pixels affected by haze,
cloud and other atmospheric conditions. The per-image pixel NDVI
values were rescaled to a Digital Number format (0-255) (de Bie et al.,
2012) to facilitate data processing without degrading essential
information (Roderick et al., 1996). The dataset was then processed
using an Adaptive Savitzky Golay filter (ASAVGOL) to accommodate poor
quality data that had been removed by the initial screening, and account
for outlying spurious data values (Jönsson and Eklundh, 2004; BeltranAbaunza, 2009). This method is based on Savitzky-Golay and logistics
fitting function (Jönsson and Eklundh, 2004). This is found useful for
noisy and non-uniform NDVI time series datasets (Jönsson and Eklundh,
2004; Feng et al., 2008; Beltran-Abaunza, 2009; Boschetti et al., 2009).

2.

Fine-resolution 10 m ALOS AVNIR-2 multispectral images acquired on 9
July 2009, 14 July 2009, 26 July 2009, 9 May 2008 and 4 November
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2008 were used to support field data collection. These images were
acquired from the Remote Sensing Technology Centre (RESTEC)
(http://www.alos-restec.jp/products_e.html).
3.

The Coordination of Information on the Environment (CORINE) land
cover map for the year 2000 was obtained from the European
Environmental Agency (EEA), and used to facilitate the gathering of field
data.

4.3.2 Landscape heterogeneity mapping
The time-series image dataset, composed of 293 sequential image layers,
was classified using the Iterative Self-Organizing Data Analysis (ISODATA)
algorithm (Ball and Hall, 1965; Tou and Gonzalez, 1974). ISODATA
unsupervised classifications were run to generate maps with outputs
containing 10 to 100 clusters (Khan et al., 2010; de Bie et al., 2011; Nguyen
et al., 2011; de Bie et al., 2012). For each run, the maximum number of
iterations was set to 50 and the convergence threshold was set to 1, which
were proved useful for optimal classification results in studies for example’s
(Khan et al., 2010; de Bie et al., 2011; Nguyen et al., 2011; de Bie et al.,
2012). The maximum iterations control the ISODATA so that it stops at a
certain threshold. The convergence threshold prevents the ISODATA utility
from running indefinitely. After classification, both average and minimum
separability values, expressed in the form of divergence statistics, were
derived for each run output (Swain and Davis, 1978). Average divergence
denotes the mean similarity between temporal signatures amongst all
possible pairwise combinations of output clusters, while the minimum
divergence value expresses the similarity between the temporal signatures of
the two most similar clusters. The divergence statistics were used to aid the
selection of the number of clusters to generalize the variability in the timeseries NDVI dataset (Singh, 1984; Khan et al., 2010). The number of clusters
present in the data is based on highest value of divergence statistics used as
a validation index (Davies and Bouldin, 1979; Bezdek and Pal, 1998; Halkidi
et al., 2001).
All output cluster maps (10 clusters up to selected generalized cluster map)
were used to derive the landscape heterogeneity map using the process
presented by de Bie et al., (2012). Each cluster output map was converted
from raster to vector polygon format, merely maintaining the pixel outlines
and therefore the locations of boundaries. The vector polygon file was then
converted into a vector polyline format, following which the polylines were
subsequently converted into a raster format, with a pixel resolution of 125 m
(compared to the original 250 m pixel resolution). Each output cluster file
was processed in this manner. Following this, the sum product of the
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boundary processed raster files was obtained. This sum product was
processed further, initially being converted from a raster to a vector polyline
format, and subsequently being converted back into a raster format. Finally,
a majority filter of eight cells was run over the modified sum product image
to ensure that no non-value raster cells remained. This produced the output
landscape heterogeneity map, in which the heterogeneity value at a
particular location was essentially determined by the number of times the
pixel boundaries represented the boundary line between homogenous units of
vegetation. A landscape heterogeneity map shows the strength (within a
maximum range of y minus x) with which two adjacent pixels are classified
differently.

4.3.3 Validation
The landscape heterogeneity map was evaluated using a transect sampling
scheme (Skidmore and Turner, 1992; Fortin et al., 2000; Hennenberg et al.,
2005) with two linear transects composed of 65 pixels of 250x250 m in two
different locations randomly selected. The high resolution ALOS AVNIR-2
image datasets (10 m) were used to analyse pixels within the transects,
assisted by data gathered from ground observations. The length of the two
transects were based on availability of field data collected to define image
objects based on ALOS AVNIR-2 imagery.
Ground observation data were collected between 22 September and 11
October 2009, using a stratified clustered random sampling scheme. NDVI
clusters based on a selected NDVI cluster map were considered as strata,
which were randomly selected based on areas that did not coincide with the
urban and agricultural land cover as designated by the CORINE 2000 land
cover dataset. 29 NDVI clusters were visited in the field. Within each selected
NDVI cluster, samples were collected based on image objects identified on
the ALOS AVNIR-2 images. Different image objects were identified using
features such as tone, pattern, shape, texture and association (Feranec,
1999). In total, 230 locations (image objects) were sampled and appraised
concerning their land cover characteristics. At each sample location,
estimates of the proportions of trees, shrubs, grass, bare soil, stone and litter
cover were made. In all the layers of land cover estimates, only vertical
projection to the ground was considered, and the sum of all the cover
estimates equal to 100%.
To upscale the field data to transect pixel resolution (250 m), an image
legend was derived using snapshots of ALOS image objects, along with a field
description in terms of percentage cover of land cover components. On the
basis of this image legend, the ALOS image transect area was digitized and
described. The digitized image objects, known as “ALOS map units”, were

62

Chapter 4

then combined with transect pixels to calculate percent contribution of ALOS
map unit within each pixel (Eq. 1).
Area fraction=Area of map unit x 100 / Area of MODIS pixel

(Eq. 1)

Where, “Area fraction” represents fraction of the area covered by each map
unit within a MODIS pixel, “Area of unit” shows sum of map unit area in
MODIS pixel and “Area of MODIS pixel” presents total area of the MODIS
pixel.
After calculation of area fraction, through weighted up-scaling the cover
fraction of tree, shrub, grass, bare soil, stone and litter cover were derived
using the formula given in equation 2.
Weighted land cover = Area fraction x Mean land cover / 100

(Eq. 2)

Where weighted land cover is the sum of fraction of ALOS units within each
pixel and mean land cover (%) is the mean value for each ALOS classes
based on field calculated percent cover.
Finally fraction cover of each component was added up to calculate the total
fraction cover of land cover components individually in each pixel.
Regression analysis was then used to appraise the relationship between
landscape heterogeneity (in terms of boundary strength) and the proportional
difference in land cover components (from the adjacent transect pixels). The
absolute difference in percentage cover between two neighbouring pixels of
the transect was calculated for each land cover component, and was also
summarized as green cover (trees, shrubs and grass cover), non-green cover
(litter, bare and stone cover), and the sum of all components.

4.4 Results
4.4.1 The landscape heterogeneity map
Ninety-one cluster maps were initially produced as outputs from ISODATA
unsupervised classifications, and the cluster map containing 65 clusters was
deemed to represent the optimal generalization of the hyper-temporal NDVI
dataset. As shown in Figure 4.2, a coincident peak occurred in both sets of
divergence values at 65 clusters. Sixty and 99 cluster outputs show peaks in
average divergence; however, these are not coincident with peaks in
minimum divergence value. The selection of the optimal cluster map served
to outline the number of clusters output maps (output of 10 to 65 clusters)
used for generating the landscape heterogeneity map.
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Figure 4.2. Selection of the optimal number of clusters (65-cluster map) with
which to generalize the hyper-temporal dataset.

The landscape heterogeneity map was prepared using the 56 output cluster
maps (i.e. the maps produced from 10 to 65 clusters, respectively), and is
presented in Figure 4.3. The map details landscape heterogeneity in the form
of spatial gradients. Visually complex patterns are located in areas where
high variability in local topography and complex vegetation cover is present.
Some parts in the map look less heterogeneous with plain yellow colour, they
represent high mountains with hardly any vegetation and also valley’s having
less diversity in land cover and land use.
The two transects used for validation are also displayed in Figure 4.3. They
were located in two different areas exhibiting high local variations in land
cover along a topographical gradient.
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Figure 4.3. The output landscape heterogeneity map of Crete, Greece, depicting spatial heterogeneity patterns
resulting from analysis of spatiotemporal vegetation fluctuations over the area. The locations of the two sampling
transects, Transect 1 (T1) and Transect 2 (T2), are also outlined.
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4.4.2 Validation
Figure 4.4 (i) details transect 1 overlaid on the ALOS AVNIR-2 image and
image legend (homogenized snap shots of ALOS image objects surveyed);
Figure 4.4 (ii) displays the digitized polygons used for up-scaling; and Figure
4.4(iii) shows part of the landscape heterogeneity map represented in the
form of graduated boundary strengths.

Figure 4.4. Sample Transect 1, composed of 250x250 m areas, overlaid on (i)
the ALOS AVNIR-2 10 m resolution RGB (4, 3, 2) image, with the legend used
for interpretation (snap shots of ALOS image objects); (ii) digitized polygons;
(iii) the boundary strength map.

66

Chapter 4

90

60

Transect 1

80
50

60

40

50
30
40
30

Boundary strength

Fraction land cover (%)

70

20

20
10
10
0

0
0

1

2

3

4

Boundary strength
90

5

6

trees

7
8
9
Distance (km)
shrubs

10

11

grass

12

13

14

bare

15

16

stone

litter
60

Transect 2

80
50

60

40

50
30
40
30

20

Boundary strength

Fraction land cover (%)

70

20
10
10
0

0
0

1

2

Boundary strength

3

4

5
trees

6

7
8
9
Distance (km)
shrubs

10
grass

11

12

13

bare

14

15
stone

16
litter

Figure 4.5. Associations between variations in boundary strength and
variations in the fractional cover of different land cover (trees, shrubs, grass,
bare soil, stone and litter) from A to B in Transects 1 and 2.
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The result obtained from the transect analysis with regard to the fractions of
land cover components in each transect area is illustrated in Figure 4.5,
which indicates the variations in the cover fractions of trees, shrubs, grass,
bare soil, stone and litter cover in relation to variations in boundary strength.
In both transects, variations in spatial aggregations of green land cover
components such as tree, shrub and grass cover closely correspond to the
variations in boundary strength.
In the case of transect 1, from the results showing the correlation between
boundary strength and the differences in fractional land cover components
between neighbouring pixels, the sum of differences with respect to all land
cover components (trees, shrubs, grass, bare soil, stone and litter) was found
to be higher than those for green and non-green components, having an R2
value of 0.60 and being associated with the lowest standard error
(SE=10.06). The R2 values indicate that 49% of the variation in boundary
strength is correlated with differences in the fraction of green land cover
components, with a standard error of 11.26. The sum of differences with
respect to non-green (bare soil, stone, litter) land cover has a lower
coefficient of determination (R2=0.20), and a higher standard error
(SE=14.20).
The results for individual components (i.e. trees, shrubs, grass, bare soil,
stone and litter cover) show significant correlation (p<0.05) while stone
cover has R2 of 0.4 and is non-significant (p>0.05). However, the coefficient
of determination is low in all cases, with the exception of trees (R2=0.40) and
shrubs (R2=0.46) (Table 4.1).
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Table 4.1.Results showing correlation between boundary strength and
differences in all individual land cover components as well as the sum of these
differences between neighbouring pixels of transect 1(n=65).

Fraction land cover components
(%)
Sum of land cover difference between
pixels

R2
0.60

10.06

0.00

Green cover (trees, shrubs, grass)

0.50

11.26

0.00

Non-green cover (bare soil, stone,
litter)

0.20

14.20

0.00

Trees

0.40

12.33

0.00

Shrubs

0.46

11.70

0.00

Grass

0.20

14.07

0.00

Bare soil

0.29

13.34

0.00

Stone

0.04

15.26

0.15

Litter

0.07

15.23

0.04

Standard
Error (SE)

p-value

Furthermore, transect 2 gives R2 of 0.63 for the sum of differences with
respect to all land cover components (trees, shrubs, grass, bare soil, stone
and litter), also have low SE (11.03). Similarly as in transect 1, green cover
(R2=0.59, SE=11.61) was found to be more closely correlated than nongreen components (R2=0.26, SE=15.56). The results with individual
components are low which is summarized in Table 4.2. All the results were
found significant at p<0.05 except grass cover (p>0.05).
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Table 4.2. Results showing correlation between boundary strength and
differences in all individual land cover components as well as the sum of these
differences between neighbouring pixels of transect 2 (n=65).

Fraction land cover components (%)

R2

Sum of land cover difference between pixels

Standard
Error (SE)

pvalue

0.63

11.03

0.00

Green cover (trees, shrubs, grass)

0.59

11.61

0.00

Non-green cover (bare soil, stone, litter)

0.26

15.56

0.00

Trees

0.46

13.33

0.00

Shrubs

0.34

14.72

0.00

Grass

0.05

17.63

0.07

Bare soil

0.10

17.07

0.00

Stone

0.19

16.25

0.00

Litter

0.11

17.05

0.00

4.5 Discussion
The heterogeneity of natural and semi-natural landscapes can be
characterized and presented in continuous units with the help of this
technique. Such a continuous spatial representation of landscape
heterogeneity is consistent with the concept of landscapes being
characterized by land cover gradients, and incorporates a realistic approach
to summarizing and presenting ground conditions (Whittaker, 1967;
Cushman et al., 2010). Legendre and Legendre (1998) and Legendre et al.,
(2002) noted that in nature spatial patterns are found as gradients that are
due to the continuous changes in the physical environment. Continuous
spatial fluctuations in natural and semi-natural land cover result in spatially
continuous variations in vegetation communities (Puech, 1994).
As advocated by de Bie et al., (de Bie et al., 2012); the rapid follow up of
imagery is found effective in case of mapping landscape heterogeneity in
natural and semi natural landscapes as well. The high frequency imagery is
important for accurate characterization and mapping of land cover due to its
ability to closely track seasonal profiles and changes (Lunetta et al., 2004;
Xiao et al., 2006a; Lu and Weng, 2007; Sakamoto et al., 2007; Alexandridis
et al., 2008; Zhang et al., 2009; Khan et al., 2011). Hyper-temporal imagery
is also found effective for mapping the spatial patterns of green cover that
represent gradual changes in the form of gradient originated due to the local
vegetation seasonal trends (Ali et al., 2013). These seasonal variations are
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specific to different species, its density and composition, which can help in
identification of land cover type and state (Justice et al., 1985; Neeti et al.,
2011; Ali et al., 2013). The spatiotemporal imagery projects the influence of
different biotic and abiotic environmental factors such as soil, temperature,
solar illumination, photoperiod and moisture over time which is responsible
for landscape heterogeneity.
The heterogeneity output maps were shown to be relatable to spatial
variation in land cover heterogeneity. Results from the evaluation element of
the study revealed that differences in land cover could be related (R2 of 0.60
and 0.63 in two transects used for validation, p<0.05) to the variation in
heterogeneity values expressed in the output map. This moderate level of
explained variability could be attributed to the duration of field data collection
and single date ALOS imagery used for validation, whereas the output
heterogeneity map incorporates seasonal variations spanning a long period of
time (February 2000 to July 2009). Hyper-temporal datasets are essentially
an automated record that captures the effects of landscape dynamics
(seasonality), while the field data, being limited in space and time, do not
account for these dynamics.
The output landscape heterogeneity map of Crete represents landscape as
advocated by many scientists (Gosz, 1992; Kent et al., 1997; Martín et al.,
2006). The inherent mosaic structure originates from small spatial and
temporal scale changes (climate change/fire disturbances, growing season
length, moisture availability, species compositions, local patterns in soils or
micro-topography), as well as the effects of grazing management or other
anthropogenic activities (Gosz, 1991; Gosz, 1992). However, those seasonal
changes which occur in a certain homogenous area without change across
space, may not contribute to heterogeneity of the area. The spatial and
temporal scale of the imagery used proved sufficient for this diverse and
complex landscape. This is evident from results shown in Figure 4.3, in which
there is no such anthropogenic factors such roads, gardens etc. can be seen
as pointed out by de Bie et al., (2012) in case of MODIS imagery.

4.6 Conclusion
In conclusion, this study has served to highlight the utility of applying the
LaHMa method to the task of characterizing the heterogeneity of natural and
semi-natural landscapes. The method is useful for gradients representation.
The validation results showed the method’s potential; however a more
rigorous evaluation of the methodology with the incorporation of more study
sites into ground sampling and over a greater variety of land cover is
required. It is recommended that a comparative analysis be conducted of the
performance and informative abilities of the LaHMa technique and other
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landscape heterogeneity characterization techniques. The method is robust
and can help ecologist to further strengthen their analysis with respect to
landscape structure in natural and semi natural landscape.
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Abstract
The cover-composition on a specific piece of land can change over time due
to natural and anthropogenic factors. Accurate detection of where and when
changes occur requires a method that uses remotely sensed imagery that
represents a continuous and consistent record on the state of the green landcover. Such data are offered through hyper-temporal NDVI-imagery. Until
recently, NDVI-images were mainly used for anomaly mapping to monitor the
influence of weather on vegetation; the monitoring basically assume that,
over time, the land cover composition of a studied area remains static. This
study presents a novel cover change assessment method, labelled
‘CoverCAM’ that extracts from hyper-temporal NDVI-imagery the probabilities
that the original land cover composition did change. CoverCAM, unlike all
existing change-detection methods, makes adjustments based on seasonal
NDVI-anomalies experienced at landscape level. We tested the method by
processing SPOT-VGT NDVI-imagery (10-day Maximum Value Composites;
1km pixels) for Andalucía, Spain. CoverCAM requires specification that two
time periods are specified: a reference period (we used 2000-04), and a
change detection period (we used 2005-10). All images of the reference
period were classified using the ISODATA algorithm and by evaluating
divergence statistics. The generated map depicts strata (group of polygons),
characterized by temporal NDVI and standard deviation (SD) profiles. For the
change assessment period, first, mean NDVI-values were calculated by
decade and polygon (NDVId,p), and then for each pixel of the polygon its pixel
change values specified through the remaining difference between the pixel
NDVI and [NDVId,p ± the SD value of the stratum for that decade] (Euclidean
Distance). The above process was repeated to produce decadal land cover
change probability maps, each with its own undefined scale. The decadal
change maps were then aggregated to annual change probability maps. The
2010 map was validated using field data and high-resolution ortho-imagery.
This validation was only carried out for natural and semi-natural areas.
Results showed that the CoverCAM estimates explained significantly (p=0.00)
72% of the variability in observed land-cover composition changes (BCdissimilarity values). The success of the method to detect land cover
composition changes thus delivered an improved quantitative tool to
(i) carry out continuous monitoring to detect land cover-changes, and
(ii) to timely detect hot-spots where the land-cover composition recently
changed.
Keywords: Land cover, Change, SPOT, Monitoring, Hyper-Temporal
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5.1 Introduction
Accurate information about changes in green land cover composition is
important for management of biodiversity (Jones et al., 2009), hydrology
(Eshleman, 2004), geomorphology (Foulds and Macklin, 2006), food
production (Foley et al., 2005) and climate studies (Feddema et al., 2005;
McAlpine et al., 2009). The issue of climate change enhanced the importance
of quantifying changes in land cover composition as it is responsible for
approximately 20% of the global carbon dioxide (CO2) emissions to the
atmosphere (Batjes, 2004; Houghton, 2005). Land cover change information
is required in a timely manner to detect on-going processes and to support
resource management planning (Loveland et al., 2002; Lunetta et al., 2006;
Lupo et al., 2007; Bontemps et al., 2008; Nielsen et al., 2008).
The term ‘land cover’ refers to the biophysical surface of the earth at a
specific moment. It includes both natural and man-made features. Water,
bare land, rock, sand, ice are included in land cover (de Bie, 2000; Campbell,
2002; Gomarasca, 2009). Land cover composition in this study refers to the
relative density and areal extent of different land cover components such as
trees, shrubs, grass, bare soil, litter and stones as present in a certain area.
Land cover composition continuously changes in space and time due to
different natural and anthropogenic factors (Lambin, 1996). To accurately
detect and represent land cover composition changes, both seasonality
aspects (Loveland et al., 2002; Coppin et al., 2004; Lunetta et al., 2006) as
well as longer duration processes (e.g. abrupt and gradual inter-annual
changes) must be considered (Southworth et al., 2004; Pontius and Cheuk,
2006).
Seasonality is an important attribute of a land cover type (Sakamoto et al.,
2006; Zhang et al., 2009; de Bie et al., 2011; Nguyen et al., 2011; de Bie et
al., 2012). To accurately characterize changes in land cover composition,
cover variability due to seasonality aspects (as reflected by species
phenology and crop calendars) must be removed from the data to detect the
required change information (Geoghegan et al., 2001; Coppin et al., 2004;
Lunetta et al., 2004; Southworth et al., 2004; Lunetta et al., 2006; Lupo et
al., 2007; Turner et al., 2007). Coppin et al. (2004) considered seasonality to
be an important aspect in the monitoring of land cover. To accurately track
and remove seasonal aspects for change detection requires a high temporal
frequency of image capturing (Geoghegan et al., 2001; Southworth et al.,
2004; Lunetta et al., 2006; Turner et al., 2007). The use of continuous series
of imagery, captured at a high temporal frequency (hyper-temporal) imagery
(Piwowar and LeDrew, 1995; Khan et al., 2010) has been found to be
effective for the study of seasonality aspects (phenology and crop calendars)
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of land cover and land use practiced (Khan et al., 2010; Khan et al., 2011;
Nguyen et al., 2011).
The speed of land cover composition change varies depending on the extent
and strength of causal factors (Lambin and Geist, 2006) and is represented
using continuous values over time (Cihlar, 2000; Southworth et al., 2004).
Lambin (1996) considered ‘change’ a continuous variable that varies in both
space and time. Discrete representation (change or no-change) is deemed
inappropriate to represent land cover composition changes (Foody and Boyd,
1999; Bontemps et al., 2008). Discrete change-maps are thus less useful for
users due to the limited information they contain (Coppin et al., 2004; Ola,
2008). Use of remotely sensed is considered crucial and their data
interpretation challenging when one aims to present cover change on a
quantitative scale (Lambin and Linderman, 2006; Pontius and Cheuk, 2006).
Traditionally, change detection techniques have used multi-temporal
imagery, captured at irregular intervals, through:
•
image differencing (Weismiller et al., 1977; Ingram and Dawson, 2005),
•
image rationing (Nelson, 1983),
•
post-classification comparison (Howarth and Wickware, 1981; Chen and
Wang, 2010),
•
principal component analysis (Byrne et al., 1980; Young and Wang,
2001),
•
selective principal component analysis (Chavez and Kwarting, 1989),
•
regression models (Fraser and Latifovic, 2005),
•
change vector analysis (Lambin and Strahlers, 1994; Bayarjargal et al.,
2006),
•
neural networks (Woodcock et al., 2001),
•
coupling spectral un-mixing and trend analysis (Hostert et al., 2003),
•
correspondence analysis (Cakir et al., 2006),
•
object oriented methods (Desclée et al., 2006; Conchedda et al., 2008;
Zhou et al., 2008), and
•
the RGB composite approach (Schroeder et al., 2011).
Due to the limited number of imagery used in these studies, none were able
to remove seasonality aspects from their change detection routines, thus
compromising achieved accuracies (Lunetta et al., 2002; Coppin et al., 2004;
Lu et al., 2004; de Beurs and Henebry, 2005; Lunetta et al., 2006). Typically,
the older methods did not aim specifically at the detection of cover changes,
but focused more on the production of discrete maps depicting change versus
no-change information.
Some techniques already use time series imagery to a limited extent to
detect land cover composition changes quantitatively, e.g.: trajectory based
change detection (Kennedy et al., 2007), fuzzy methods (Foody and Boyd,
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1999; Graciela, 1999; Foody, 2001; Metternicht, 2001; Fisher et al., 2006),
probability methods (Fraser et al., 2005; Nielsen et al., 2008), regression
models (Hayes et al., 2008), a temporal segmentation algorithm (Kennedy et
al., 2012), and the gradient nearest neighbor (GNN) imputation method
(Ohmann et al., 2012). They however all fail to remove seasonality aspects
from their change detection logic and are thus still unable to characterize
land cover composition changes at a required level of accuracy.
Recently, a few studies have reported the use of hyper-temporal imagery to
detect land cover change, for example: time profiles descriptive statistic's
method (Borak et al., 2000), change vector analysis (He et al., 2011),
change in phenological cycles (Beurs and Henebry, 2005), change metrics
(Lupo et al., 2007), object based method (Bontemps et al., 2008). These
studies derived seasonal composites, annual composites or phenological
matrices to determine inter-annual land cover changes. Their logic failed to
consider common seasonality variability as caused by for example weather
conditions. Remaining recent techniques resorted to trend analysis or to the
detection of anomalies in hyper-temporal imagery without aiming specifically
at capturing cover-composition changes, e.g.: BFAST (Breaks For Additive
Seasonal and Trend) (Verbesselt et al., 2010a; Verbesselt et al., 2010b),
temporal trajectory analysis (Lunetta et al., 2006), wavelet analysis
(Martínez and Gilabert, 2009). Basically, these techniques pool detection in
changes of cover performance (biomass effects) with changes in cover
composition.
At present no specific quantitative land cover composition change assessment
method exists that (i) removes seasonality variability like anomalies, (ii)
considers phenological cycles and crop calendars, and (iii) pinpoints where
and when the cover composition likely underwent or undergoes changes,
expressed in quantitative terms. Accordingly, this study introduces a land
cover composition change assessment method (CoverCAM) that addresses
these issues. It generates land cover composition change assessment maps
through the use of hyper-temporal NDVI imagery as captured by the SPOTVGT or MODIS sensors.

5.2 Land cover change probability mapping method
The method processes hyper-temporal imagery in two steps: (a) classifying
NDVI imagery of a reference time period (e.g. 2000-04) and (b) estimating
change probabilities using NDVI imagery of a change assessment period
(following years). Details of all required processing steps are explained below
(Figure 5.1); section 3 presents details on imagery used to test CoverCAM.
All steps that constitute CoverCAM were implemented in a prototype using
Integrated Data Language (IDL).
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Processing imagery of the reference time period
1. Geo-referenced hyper-temporal NDVI imagery (Jan.2000-Dec.’04) were
classified using the Iterative Self-Organizing Data Analysis Technique
(ISODATA) (Ball and Hall, 1965; Tou and Gonzalez, 1974). ISODATA was
run with 50 iterations and a convergence threshold of 1. In total 64 runs
were completed covering all pre-set number of clusters from 10 to 75
(Figure 5.1a-1).
2. Divergence statistics expressed as average and minimum separability
values were calculated for each classified map (Figure 5.1a-2). These
were subsequently used to select the optimal classified map (Swain and
Davis, 1978; de Bie et al., 2012). The selected map was used as base
map for land cover change detection during the change assessment
period.
3. Standard deviation (SD) values were retrieved for each NDVI class on
decadal basis for all the reference period years (180 values). By class,
these decadal SD-values were then summarized (Eq.1a) to derive pooled
SD-values (Headrick, 2009) representing the annual SD-behaviour of a
NDVI-class (36 values). Equation 1a is simplified on the basis that ni
(sample size or number of pixels per class) remains constant (Eq.1b).
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(Eq. 1a & 1b)

where: SDd,c is the pooled SD, d and c respectively the decadal number
and NDVI-class, i the year number (1 to y), and y the total number of
pooled years (Figure 5.1a-3).
4. Each NDVI class comprises multiple areas (polygons or map units; red
enclosed areas in Figure 5.1-3) scattered across the study area. These
individual areas were treated as separate units because over time, each
one can show different stochastic behaviour, for example due to area
specific weather differences. Polygons that comprised less than 3 pixels
were not further processed because their SD-values were considered
meaningless (Conley et al., 1998) (Figure 5.1a-4). These small polygons
were flagged as ‘not assessed’.

Estimating change probabilities for a change assessment period
5. For the NDVI imagery of the change assessment period (Jan.2005 to
Dec.’10), mean NDVI-values were calculated by polygon and decade
(NDVId,p). Then, by decadal unit and for all pixels of each polygon, the
actual pixel-values (NDVId) were compared to and established range of
pooled SD around NDVI values: NDVId,p ± SDd,c (Figure 5.1a-4). The pixel
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change ratio for decade d was then defined by the remaining difference
(Euclidean Distance) from NDVId,p ± SDd,c (Figure 5.1b-5). During this
study, due to the applied accuracy assessment method, negative and
positive ‘changes’ were not treated differently. The above process was
repeated to produce decadal land cover change probability maps (180x;
Jan.2005 to Dec.’10). The change values are ratio data, but do not
adhere to a fixed scale.
6. The change probability decadal data can be summed to produce
seasonal-specific or annual maps (Figure 5.1b-6). The example map
shows the change probabilities as generated using CoverCAM through the
use of SPOT VGT NDVI-imagery.
CoverCAM has a functional prototype (in IDL) that provides the required
flexibility to users concerning defining input and output specifications, and
the choice to generate change maps for periods within years.
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Figure 5.1. Steps of CoverCAM: (a) to process NDVI imagery of a reference
time period (2000-04), and (b) to derive change probabilities using NDVIimagery of a change assessment period (2005-10).

81

CoverCAM - a land cover composition change assessment method

5.3 CoverCAM Test
CoverCAM was tested for the Southern part of Andalucía, Spain (Figure 5.2).
The area has a Mediterranean climate, characterized by hot dry summers and
mild rainy winters (Muñoz-Rojas et al., 2011). The annual precipitation drops
from 2000 mm in the west to 170 mm in the east (Font, 2000). Dominant
natural vegetation types typically contain oak, pines, fir species and shrubs.
In the area, agriculture is the main land use; it occupies 67% of the land.
Important land cover changes in Andalucía are: agricultural expansion and
intensification in certain areas and abandonment in others, declining grazing
intensities in natural areas, expansion of (plastic) greenhouses, urbanization,
and forest loss due to fire (González-Pérez et al., 2004).

Figure 5.2. Study area (yellow box) as part of Andalucía, Spain, with (semi-)
natural areas in green and ground survey points in red. Blue box: ortho-photo
2004 with ground survey points in red.

The hyper-temporal SPOT-VGT NDVI-images were downloaded from
www.vgt.vito.be (10-day composites; 1 km2 resolution; Jan.2000 to
Dec.’09). The image-data are provided as DN-values, specified as: DN-value
= (NDVI+0.01)/0.004. Information on data quality (SM-images)
accompanying the NDVI images were used to set NDVI-values contaminated
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by clouds or affected by other atmospheric problems, as ‘missing’. By pixel,
all missing values and remaining cloud and haze effects were adjusted by
applying an upper envelope filter (Adaptive Savitzky Golay filter) to the pixelbased time-series of DN-values (Jönsson and Eklundh, 2004; BeltranAbaunza, 2009). Then, the imagery was divided into two data-sets (Figure
5.1), i.e. a: Jan.2000-Dec.’04 (reference time period) and b: Jan.2005Dec.’10 (change assessment period). Finally, the CoverCAM routine was
carried out to prepare change maps for complete years.
For the validation, only the 2010 change probability map was tested. Field
data were collected on a pixel-by pixel basis (1 km2 area) within forests and
semi-natural
areas
(Corine
2006;
www.eea.europa.eu/data-andmaps/data/clc-2006-vector-data-version-1, Accessed on 2 July’10); fieldwork
and data analysis were supported by ortho-photos (1m resolution, dated
2004; http://80.81.99.236/Descargas/Principal.do, Accessed on 10 May’11),
and screen-captured imagery of Google Earth® (dated 2010).
Details concerning the steps needed for sampling and the validation protocol
are explained below (Figure 5.3). Note that the ortho-photos as used during
fieldwork were assumed to represent the reference time period (2000-04),
and the Google Earth® images to represent the change assessment and
fieldwork periods. Google Earth® has been increasingly used for validating
land cover products (Montesano et al., 2009; Clark et al., 2010; Dorais and
Cardille, 2011; Thomas et al., 2011).
1. Sampling (Figure 5.3-1): In Andalucía, field data were collected during
Sep.-Oct. 2010. A random clustered sampling scheme was used to collect
the data. Survey areas chosen to sample (55x35 km areas, being the
extent of 1 ortho-photo) covered always (semi-) natural areas, and
contained according to the CoverCAM-2010 map, pixels with low,
medium, and high land cover change. For each pixel (1km2; Figure 5.31), all relevant image-objects, as pre-identified from the 2004 orthophotos and 2010 Google Earth® images, were sampled in a random
manner. For each sample (20x20m), vertical cover percentages of all
cover-components present were estimated, i.e. trees, shrubs,
grass/herbs, stone, litter, and bare soil. Visual signs of past impacts,
including fire or deforestation, were recorded. In total, all image objects
of 242 pixels of 1km2 were surveyed.
2. Legend construction (Figure 5.3-2): For each pixel surveyed, for the 2004
ortho-photos and the 2010 Google Earth® images jointly, a simple legend
was constructed on the basis of pre-identified image-objects (visually
unique screen snap-shots representing 20x20m areas). Then the closely
resembling image objects were grouped and unique identification codes
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were assigned to each group. Then, by legend-class, all allocated records
were averaged to derive a final cover description for each image-object.
3. Map unit delineation (Figure 5.3-3): Based on the pre-identified imageobjects (legend), visually both ortho-photos and Google Earth® images
were interpreted into map units, which were pre-delineated using
eCognition.
4. Cover estimates by pixel (Figure 5.3-4): Using the two polygon-based
land cover maps (of 2004 and 2010) and area weights by legend-class,
generalized 1km resolution (pixel-based) maps were prepared, containing
cover-component statistics.
5. Change calculation (Figure 5.3-5): By 1km pixel, the actual (observed)
composition change between 2004 and 2010 was calculated using the
Bray-Curtis dissimilarity function (Eq. 2) (Bray and Curtis, 1957). The
function is a standardized non-metric robust estimate concerning changes
in land cover fractions (Eq. 2). Bray-Curtis dissimilarity is one of the most
commonly applied metric used in ecology and environmental sciences
(Clarke et al., 2006). A Bray-Curtis dissimilarity value of 0 means
complete similarity between two data records, a value of 1 signifies
complete dissimilarity.
∑6

𝐵𝐶𝐷2004,2010 = ∑6𝑘=1

|𝑥2004,𝑘 −𝑥2010,𝑘 |

𝑘=1(𝑥2004,𝑘 +𝑥2010,𝑘 )

(Eq. 2)

Where: BCD2004,2010 is the Bray-Curtis Dissimilarity between the 2004 and
2010 imagery, k is the sequence number of a variable (in this case 1 to
6), and x the actual estimates (cover fractions over the 1km2 pixel).
Finally, simple linear regression analysis was carried out to test the
relationship between the CoverCAM estimates and the observed changes
Bray-Curtis dissimilarity values). Results were assessed based on the
coefficient of determination (R2) and ‘p’ value (< 0.5).
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Figure 5.3. Steps needed for the accuracy assessment of CoverCAM estimates.
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5.4 Results
5.4.1 Land cover change probability mapping method
Figure 5.4 shows the divergence statistics result for the maps containing 10
to 75 classes (clusters). It shows locally high separability values for the “46
classes map”; that map was therefore selected as the ‘best’ clustering option
for the imagery of the reference time period. This map of 46 classes formed
the ‘base map’ to detect changes for the change assessment period.
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Figure 5.4. Divergence statistics for maps having 10 to 75 classes (clusters).
Red arrow: the 46 classes map.

Figure 5.5 depicts the 2010 land cover composition change map as generated
by CoverCAM. Green indicates areas with relatively no-change (value ≥ 0) to
high change (value ≤ 2041). High change values can be observed in the
eastern and western parts of the study areas; these are mainly (semi-)
natural areas. Figure 5.6 shows three typical examples of areas where land
cover composition changes were identified through CoverCAM. The change
values must be read as ‘change probabilities’. No absolute scale is used,
meaning that rescaling the values between 0 and 1 could not be done,
because it is unknown which (high) value represents 100% change. In
addition, no information on ‘what’ changes into ‘what’ is inferred. CoverCAM
thus basically identified hot-spots at which to focus attention.
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Figure 5.5. Land cover composition change map of 2010 (Andalucía, Spain).

Figure 5.6. Three typical examples of areas where CoverCAM successfully
detected land cover changes.

5.5 Accuracy assessment
The method successfully generated the required data for 242 1km2 pixels.
Regression analysis results between CoverCAM estimates and observed land
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cover change probability values proved significant (p=0.00). The explained
variability was high (R2=0.72) and most of the observations fall within the
relatively small range of the 95% confidence interval (dashed lines; Figure
5.7).

Figure 5.7. Scatter plot between observed change (BC-dissimilarity values)
and CoverCAM estimates.

5.6 Discussion
CoverCAM produces robust results because it removes seasonal stochastic
effects such as local rain showers. The calculation of pooled standard
deviation using a five-year window (2000-2004) makes interpretation more
reliable, because pooled SD-values are less affected by outliers (Rumsey,
2011). Methods that use original SD-values to detect changes suffer from
inaccuracies of the original NDVI values (Cakir et al., 2006). CoverCAM
compares image by image NDVI-values at pixel level with the average pixelreadings of individual polygons. Other change detection methods lack that
adjustment routine; they process images on a pixel-by-pixel strategy,
resulting in noisy and unreliable outputs (Radke et al., 2005). The use of
single-time imagery as reference or of multi-temporal imagery to capture and
compare seasonal or annual variations also makes change detection
unreliable (Ingram and Dawson, 2005; Bayarjargal et al., 2006; Chen and
Wang, 2010). The use of the hyper-temporal imagery as the case of
CoverCAM clearly eliminates such problems. CoverCAM aggregates the
detailed estimates over time to derive season- or year-specific change ratio
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estimates, thus emphasizing pixels that show a consistent continuous
deviation from the set norm. Aggregating results to monthly or seasonal data
reduces the influence of temporal data inaccuracies, such as the effect of
minor time-shifts in the phenological cycle causing short duration differences
(de Jong et al., 2011). Using a reference and monitor period aims to bridge
the intervals that inventory surveys take place (e.g. 10-yearly Corine in the
EU).
The method is only validated for (semi-) natural areas because cover present
there within a year does not show sudden changes due to ploughing, planting
and harvesting as is characteristic of arable systems. To validate CoverCAM
for arable crops requires within-year multi-temporal ortho-photos for the
years selected to compare. Crop calendar information collected through
farmer’s interviews can support the interpretation of high-resolution imagery
(Nguyen et al., 2011).
The estimated change probabilities provide relative indication about land
cover changes. The range in generated land cover change values is specific to
the NDVI imagery used. The relative index indicates when and where a
change is detected. This information is important in order to monitor and
understand land cover changes (Loveland et al., 2002; Coppin et al., 2004).
Introducing the use of polygons as reference units instead of the full extent
of an NDVI-class to detect changes was essential to achieve the set
objectives. It aims to eliminate local short-term and seasonal anomalies and
other stochastic events such as early/late greening or early/late maturing.
This makes CoverCAM especially suitable to detect cover changes within large
and diverse landscapes under varying climatic conditions.

5.7 Conclusion
This study introduced a new land cover change assessment method
(CoverCAM) based on long term hyper-temporal NDVI imagery. The method
was successfully applied and verified in a case study area of Andalucía,
Spain, having R2 of 0.72. CoverCAM has proved simple to implement, is fully
repeatable, and requires no prior knowledge of the area. Future work
concerns repeats of the accuracy assessment for different land cover types,
for example agricultural areas. Reporting on differences between gradual and
abrupt change plus their respective periods and dates needs further
attention, so that additional useful information is generated. The success of
the method to detect land cover composition changes thus delivered an
improved quantitative tool to (i) carry out continuous monitoring to detect
land cover-changes, and (ii) to timely detect hot-spots where the land-cover
composition recently changed.
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6.1 Introduction
In recent years, impacts on natural resources increased due to the increasing
global population and through climatic changes (Cihlar, 2000; Kok, 2004).
Formulation and implementation of required mitigation strategies do require,
amongst others, accurate and informative land cover maps and monitoring
products. The current omission in land cover maps to clearly represent
gradients that exist and the practice to prepare them through using limited
imagery over time, underexploits the present-day options to generate more
informative maps that carry improved legends that do describe gradients and
to exploit modern representation techniques of the gradients-extent. Maps
that present land cover classes using over-generalized descriptions and/or
that insufficient depict the spatial/temporal extent of spatial relationships
between classes that matter, as that depict the changes in their mixed
composition occurrences, do impose limitations on their utility for natural
resources management purposes. The use of a limited time-coverage of
imagery for interpretation causes loss in the ability to capture seasonality
aspects of the green land cover present (natural vegetation and crops), and
hence poses limitations on meaningful characterization. Capturing aspects of
phenology and followed crop calendars does matter. These shortcomings are
carry-over into subsequent monitoring products.
Research to address the stated issues of present-day land cover maps
through the use of hyper-temporal remote sensing data, as available in
different spatial and temporal resolutions, was the aim of this thesis. The
highly repetitive coverage of hyper-temporal image dataset does capture
seasonality aspects of vegetation over time (vegetative growth patterns)
(Reed, 2006; Xiao et al., 2006a; Wardlow et al., 2007; de Bie et al., 2008;
Zhang et al., 2008) that helps to improve characterization and visualization
of land cover present. To achieve that, new methods and tools were
developed and tested. They supplement existing methods.
Accordingly, this research started by testing and exploring methods that aim
at spatial-temporal pattern recognition, using information on spatial-temporal
seasonal variability of vegetation as contained within hyper-temporal NDVIdatasets. Following the exploration, the following specific research objectives
were defined: (i) to devise a simple technique to detect long-duration cloud
contamination in hyper-temporal NDVI imagery (chapter 2), (ii) to identify
and map land cover gradients through the analysis of hyper-temporal NDVI
imagery (chapter 3), (iii) to test an explicit spatial-temporal gradient and
heterogeneity detection method at landscape level (chapter 4), and (iv) to
develop and test a land cover composition change assessment method
(CoverCAM) that is insensitive to short duration spatial-temporal variability
(chapter 5).
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This chapter first highlight by chapter progress achieved, then their practical
implications, and finally it discusses various future research possibilities.

6.2 Achieved results
6.2.1 Detecting long duration cloud contamination affects in
hyper-temporal NDVI imagery
Hyper-temporal NDVI time series imagery have increasingly been used for
land use/land cover mapping and monitoring due to its spatiotemporal
explicitness and its ability to characterize land cover accurately (Xiao et al.,
2006a; Wardlow et al., 2007; Bontemps et al., 2008; Zhang et al., 2008;
Julien and Sobrino, 2010; de Bie et al., 2011; Nguyen et al., 2011).
However, cloud contamination impacts on the quality of hyper-temporal NDVI
imagery and their subsequent interpretation (Jonsson and Eklundh, 2002;
Fensholt et al., 2006; Ma and Veroustraete, 2006; Hird and McDermid, 2009;
Clark et al., 2010). Currently, the pre-processing routines of satellite data
such as the use of quality flags, maximum value composite imagery (Holben,
1986; Stowe et al., 1991) and cloud corrections and adjustments algorithms
are not able to overcome the effects. (Jonsson and Eklundh, 2002; Chen et
al., 2004; Jönsson and Eklundh, 2004; Lu et al., 2007; Atzberger and Eilers,
2011a) This is particularly important in cloud prone areas such as tropics. In
chapter 2 of this thesis, a simple method is developed which detects the data
values affected by long duration cloud. After detection, a user can avoid their
use during subsequent analysis. The tested method is built on statistically
derived unsupervised classification of the hyper-temporal time series
imagery. A synchronous decline in seasonal NDVI values below a lower limit
95% confidence interval and an increase in the standard deviation above an
upper limit 95% confidence interval are used as indicator of possible longterm cloud contamination. The results were thoroughly validated using
additional remote sensing data as reference (Terra and Aqua combine).
However, it needs to be validated with real cloud cover data.

6.2.2 Land cover gradients representation
The green cover of the earth shows various spatial gradients that represent
gradual changes in space of vegetation density and/or in species
composition. However, Most of the available land cover mapping methods
differentiates, mapping units with different cover densities and/or species
compositions, but fail to express such differences as gradients. Similarly they
used limited imagery of irregular time period which limits its capacity to
characterize and visualize gradients in land cover. In chapter 3, hypertemporal NDVI imagery was successfully used to detect and delineate land
cover gradients. The resultant land cover gradient map (Figure 3.5) shows
groups of land cover based the intensity of NDVI and similarities in their
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temporal characteristics. Each group reflects a separate dominant gradient in
vegetation density and species composition. Using field data, correlations of
cover densities with NDVI-values and of species composition (phenology
differences) with the temporal behavior of NDVI values were also established.
The results (Figure 3.6) indicates that within each NDVI group, the collected
cover fraction data are significantly linearly related with the given NDVI data
and these linear relationships between NDVI-groups are significantly different
with respect to tree cover, shrub cover, grass cover, bare soil, stone cover
and litter cover fractions. This has proved that hyper-temporal imagery
properly captures temporal aspects of land cover (seasonality) and delineates
vegetation density. This is due to the sensitivity of NDVI to vegetation green
biomass (Purevdorj et al., 1998; Shunlin, 2004) and repetitive coverage of
the imagery used which help in accurately characterizing of land
cover(Sakamoto et al., 2006; Zhang et al., 2009; de Bie et al., 2011; Nguyen
et al., 2011; de Bie et al., 2012).

6.2.3 Landscape heterogeneity mapping
In chapter 4, a spatial-temporal gradient and heterogeneity detection method
called LaHMa was applied and tested for mapping landscape heterogeneity of
natural and semi natural landscapes. Based on results, the LaHMa approach
was found suitable for mapping heterogeneity of natural and semi natural
landscapes. The validation results show that the heterogeneity output map is
relatable to spatial variation on ground (Figure 4.3). The LaHMa method
represents gradients in heterogeneity values of pixels and it takes into
account long term spatiotemporal behaviour of landscape. The continuous
spatial representation of landscape heterogeneity is more realistic and is
consistent with ground conditions (Whittaker, 1967; Whittaker, 1978b;
Cushman et al., 2010). The spatial patterns arranged in the form of gradients
are due to the continuous changes in the physical environment (Legendre et
al., 2002) (Gosz, 1992). The repetitive nature of hyper-temporal imagery
used in this method helps to track closely the vegetative growth patterns.
The spatiotemporally explicit and gradient based representation of landscape
heterogeneity is more important for ecological studies.

6.2.4 Improved land cover monitoring
The available land cover change methods do not remove seasonal aspects
from change detection process hence limits their ability to track and identify
land cover changes accurately. Most of the methods used limited imagery of
irregular time period which cannot track seasonal changes hence it is difficult
to remove from the change detection process. A new land cover composition
change assessment method (CoverCAM) introduced in chapter 5 of this thesis
(Figure 5.5) successfully produced over time land cover composition change
map. The estimated change ratio gives relative indication about land cover
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changes. The method removed seasonal differences from the mapping
process which ensure accurate characterization of land cover composition
changes. Seasonal sequences (green cover phenology and followed crop
calendars) is important attribute of a specific cover composition or type
(Sakamoto et al., 2006; Zhang et al., 2009; de Bie et al., 2011; Nguyen et
al., 2011; de Bie et al., 2012) therefore to accurately track seasonal aspects
and to remove it from change detection, hyper-temporal imagery is
important. The continuous representation of change composition is more
accurate way of representing maps (Cihlar, 2000; Southworth et al., 2004).
The method also remove local variability due to weather which is not related
to actual changes such as early greening, late greening, early or late drying
and greening effects. The method is simple and easily repeatable. It is selfregulated with no trial and error involved. It does not require any prior
knowledge of the area.
Validation performed for specifically for natural and semi natural areas
showed close agreement (72%) between land cover composition change map
and observed land cover composition changes (Figure 5.6). This was done
due to the unavailability of frequent imagery of the area for validation.

6.3 Practical implication of the achieved results
The methods tested and developed in this study helps in accurate mapping
and monitoring of land cover and its changes over time. They utilized free
imagery available from different sources in different spatial and temporal
resolution such as SPOT, MODIS etc. The techniques are adaptable to wide
range of datasets available. They can be useful to monitor effects of global
warming, droughts, deforestation, desertification, flooding, food security,
biodiversity etc. It can be easily utilized by decision-makers for sustainable
development and management of land cover.

6.3.1 Improved quality of interpretation of land cover in
cloud prone areas
The method introduced in chapter 2, successfully detects the data affected by
long duration cloud contamination. After detection, a user can recode such
values as missing and avoid their use during subsequent analysis. It offers
scientists interested in time series analysis a method of masking by area
(class) the periods when pre-cleaned NDVI values remain affected by long
duration clouds. It can be specifically useful for mapping and monitoring in
areas where cloud cover is prevalent such as tropics. This is very important
contribution because the pre-processing routines of satellite data are still not
fully able to adjust the data affected by long duration cloud contamination
(Jonsson and Eklundh, 2002; Chen et al., 2004; Jönsson and Eklundh, 2004;
Lu et al., 2007; Atzberger and Eilers, 2011a). This method improved the
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quality of maps and its interpretation. This can be specifically useful in
studies based on identification of simple anomalies such as used by Lunetta
et al., 2006.

6.3.2 Improvement in land cover maps visualization
Land cover gradient representation is accurate and realistic way of mapping
and visualizing land cover (Whittaker, 1973; Whittaker, 1978b; Gosz, 1992).
It is important for ecological studies (Gosz, 1992) because this gives more
information about land cover behaviour over time and landscape structural.
In chapter 3 successfully identification of land cover gradients through spatiotemporal analysis of hyper-temporal NDVI imagery is shown. The gradients
map clearly shows the intensity of NDVI and similarities in their temporal
characteristics (Figure 3.7). The inter-relationships between land cover
groups gives more insight about structure of landscape. The detailed
information from a single set of data over a large area makes it feasible and
suitable for extracting land cover information
Similarly landscape heterogeneity of natural and semi-natural a landscape is
successfully depicted the form of gradients. The tested method shows the
relative heterogeneity of each pixel area in natural and semi-natural
landscape. The continuous form of information presented which is based on
spatiotemporally explicit data analysis can help to study effects of fire
disturbances, moisture availability, species compositions, local patterns in
soils, micro-topography, effects of grazing management or other
anthropogenic activities. The heterogeneity is calculated based on long-term
spatiotemporal variability in land cover which is important to monitor land
cover changes and incorporate in the mapping process. It can be specifically
helpful to identify and study boundary structures such as ecotones and
ecoclines, which is functional and structural units of any landscape (de Bie et
al., 2013).

6.3.3 Can contribute to improve available data collection
mechanisms of area frame sampling
Agricultural statistics and land surveys are traditional methods of estimating
land use/ land cover. Area frame sampling is one of the widely used data
collection technique used for generating agricultural statistics. Area frame
sampling involved stratifications of land cover using fraction land cover or
density of vegetation. The stratification performed is usually based on one or
two time imagery. They do not consider spatiotemporal characteristics of land
cover which may introduce errors in stratification of land cover (FAO 1995;
USDA 2004). Therefore, the gradients based output maps produced as a
result of spatiotemporal analysis of land cover could aid researchers in
stratifying sampling regimes based on natural land cover groupings and
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direction of gradients in land cover. The inter-related and the directionally
ordered map units from low to high can be useful for finalizing sampling
scheme. Due to the proper knowledge of the direction and status of areas
over time, one can optimize sampling to save time and money.

6.3.4 Monitor land cover composition changes
The CoverCAM method (chapter 5) can help to estimate land cover
composition change ratios over time. The method is capable to produce
change maps for each decade and user can also cumulate it to specific period
of interest or any season or years. This can help to accurately monitor both
gradual and abrupt land cover composition changes (Figure 5.6 and 5.7).
The method is insensitive to any noise due to clouds, haze and other
atmospheric effects because the spectro-temporal behaviors of individual
map units are compared to each pixel values in similar land use / land cover
segments at different locations.
The method employed hyper-temporal imagery for both reference and
change assessment period which make the comparison of two time periods
reliable (Ingram and Dawson, 2005; Bayarjargal et al., 2006; Chen and
Wang, 2010).
The input imagery is free and easily available in different spatial and
temporal resolutions. In contrast most of the available techniques are not
spatiotemporally explicit and the changes are depicted in discrete form. The
discrete change-maps are less useful for users due to the limited information
they contain (Coppin et al., 2004; Ola, 2008).

6.4 Relevance, utility and possible impact on large
programmes and organizations
To get accurate estimation of current status of vegetation and its changes for
implementing any vegetation conservation program (He et al., 2005), the
new land cover mapping (chapter 2, 3 and 4) and monitoring methods
(chapter 5) can help to assess land use and land cover situation and monitor
it with time more accurately and efficiently. The spatiotemporally explicit
mapping and monitoring methods produce timely, accurate and sharable
spatial information. The techniques are easily adaptable and can be useful for
regular monitoring of the most important indicator of the any development or
conservation program in placed by world organization such as NASA, UN
organizations, USDA (United States Department of Agriculture) etc. The
results can be useful to monitor effects of global warming, droughts,
deforestation, desertification, flooding, food security, biodiversity etc. The
information produced can expedite and ease decision making process and
promote inter-organizational cooperation to support e.g. alleviating
97

Synthesis

poverty/hunger (MDG 1) and promote sustainable developments (MDG 7).
The methods are easy to execute and the imagery used is free and easily
available from different sources in different spatial and temporal resolution.
The procedures worked out are applicable at country and regional levels. The
techniques developed can contribute to the cause for global research
programs such as the International Geosphere-Biosphere Program (IGBP),
the Framework Convention for Climate Change, the Kyoto Protocol, the
Biodiversity Convention, NASA's Land Cover-Land Use Change (LCLUC)
program, FAO land use and land cover information program and
Intergovernmental Panel on Climate Change (IPCC) (IPCC, 2001).

6.5 Recommendations for future research
•

The long duration cloud contamination (chapter 2) was validated with
additional satellite data Aqua (Terra-Aqua combine) however it needs to
be validated with a real cloud cover data provided necessary
arrangements are made to collect real cloud cover data over large area
and long time period.

•

In case of land cover gradient mapping (chapter 3), work in the nearfuture should focus on quantitative analysis of phenological indicators
extracted from NDVI profiles. Study of the underlying factors responsible
for land cover gradient could be also investigated to further explore the
landscape characteristics associated with land cover distributions and
influences spatiotemporal aspects of land cover.

•

Further evaluation of the LaHMa method with the incorporation of more
study sites into ground sampling and over a greater variety of land cover
is required (chapter 4). It is recommended that a comparative analysis
be conducted of the performance and informative abilities of the LaHMa
technique and other landscape heterogeneity characterization techniques.

•

Future work regarding CoverCAM method (chapter 5) concerns repeats of
the accuracy assessment for different land cover types, e.g. for
agricultural areas. Direction of change and its rate would be interesting to
use for planning and management purpose. Differences between gradual
and abrupt change with respect to time needs further attention to make
it more useful method.
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Summary
The research objective was to develop and test mapping and monitoring
methods for accurate representation and characterization of land cover and
its changes by considering land cover gradients and use of hyper-temporal
remote sensing. It includes (i) a technique for characterizing long-duration
cloud contamination in hyper-temporal NDVI imagery, (ii) identifying and
mapping land cover gradients, (iii) testing a landscape heterogeneity
mapping approach in natural and semi-natural landscapes, and (iv)
developing a land cover composition change assessment method.
An exploratory method was developed to detect for hyper-temporal NDVI
time series imagery, data that are affected by long duration cloud
contamination. Using this, such values can be flagged as missing and their
use avoided during subsequent analysis. The method is built on statistically
derived unsupervised classification of the hyper-temporal time series
imagery. Then by class, plots were prepared to depict changes over time of
the means and the standard deviations in NDVI-values. By comparing plots of
similar classes, long-duration cloud contamination appeared to display a
decline in mean NDVI below the lower limit 95% confidence interval with a
coinciding increase in standard deviation above the upper limit 95%
confidence interval. This approach is tested to detect when and where longduration clouds are responsible for unreliable NDVI readings. The approach is
simple, robust and easily reproducible.
A map depicting gradients in land cover was successfully extracted using
spatio-temporal analysis of hyper-temporal NDVI imagery. The land cover
gradient map is composed of NDVI classes, grouped on the basis of their
NDVI-values and similarities in temporal characteristics. Validation of the
results indicates that within groups, the collected cover fraction data are
significantly linearly related with the given NDVI data. These linear
relationships are significantly different between groups with respect to tree
cover (adj. R2=0.96), shrub cover (adj. R2=0.83), grass cover (adj.
R2=0.71), bare soil (adj. R2=0.88), stone cover (adj. R2=0.81) and litter
cover (adj. R2=0.69) fractions. Hyper-temporal imagery properly captures
temporal and spatial differences in land cover greenness caused by
differences (gradients) in species composition and/or in their densities.
The LaHMa method captures spatio-temporal variability in greenness through
depicting gradients, hard boundaries, and internal unit heterogeneity. The
methods were tested and found suitable to support mapping natural and
semi-natural landscapes. The method derives heterogeneity statistics at both
pixel and area levels, using the long-term spatiotemporal variability in land
cover. The gradient based representation of landscape heterogeneity is
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consistent with landscape theories that support the existence of land cover
gradients. The heterogeneity output maps were validated using spatial
ground data capturing variation in land cover. The evaluation revealed that
differences in land cover could be related (R2 for two transects were 0.60 and
0.63) to the variation in heterogeneity values expressed in the LaHMA map.
A new land cover composition change assessment and mapping method
(CoverCAM) was developed; it uses long term hyper-temporal NDVI imagery.
The method removes the seasonal variability component from the change
detection process. The method was tested for Andalucía, Spain, and validated
for the year 2010 (only natural and semi natural areas). The validation
showed that the predicted land cover composition change map correlated for
72% with the observed land cover composition changes. The method
successfully produced over time by location (as a map) land cover
composition change probabilities. What actually changed is not detected. The
method is simple and repeatable. It requires no prior knowledge of the study
area. CoverCAM presents land cover change probabilities as a continuous
scale, as is the proper way to depict land cover change assessments of
coarse pixels over time.
Summarizing, this study succeeded to develop and test methods that
support, complement and improve accuracies of land cover mapping and
monitoring techniques, through the use of hyper-temporal remotely sensed
imagery.
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Samenvatting
De studie had als doelstelling kartering en observatie methoden te
ontwikkelen en te testen, die leiden tot verbeterde en meer accurate
beschrijvingen van groene landbedekking; dit met behulp van hypertemporele aardobservatie data en rekening houdende met voorkomende
ruimtelijke gradiënten en landbedekking veranderingen. De studie betreft (i)
het ontwikkelen van technieken ter herkenning van langdurige contaminatie
door (sluier-) bewolking van gebruikte satelliet beelden, (ii) identificatie en
kartering van ruimtelijke gradiënten betreffende de groene landbedekking,
(iii) testen van een heterogeniteit kartering methode voor een (semi-)
natuurlijk landschap, en (iv) het ontwikkelen van een groene landbedekking
verandering detectie methode.
Een prototype methode was ontwikkeld voor detectie van contaminatie door
langdurige
(sluier-)
bewolking
in
tijdseries
van
hyper-temporale
satellietbeelden met NDVI (groenheid) waarden. Na detectie, kunnen
beïnvloedde waarden buiten verdere beeld analyse gehouden worden. De
methode bouwt voort op een automatische statistische classificatie algoritme
van gebruikte beelden. Per klasse worden grafisch veranderingen over tijd in
gemiddelde NDVI waarden en de bijbehorende standaard deviaties getoond.
Door vergelijk van de grafieken van vergelijkbare klassen, wordt langdurige
contaminatie herkend door zowel een tijdelijke afname van de gemiddelde
waarden als een toename van de standaard deviaties. Gebruik van 95%
confidentie intervallen bepaald dan de gebieden waar wanneer contaminatie
verantwoordelijk is voor onbetrouwbare NDVI waarden. Het is een simpele,
robuuste, en makkelijk herhaalbare methode.
Een landkaart die gradiënten toont in landbedekking was succesvol
geproduceerd door analyse van hyper-temporale satellietbeelden. De
gradiënt geeft graduele verschillen aan in NDVI waarden tussen diverse
gegenereerde klassen. Deze zijn gegroepeerd op basis van NDVI waarden en
het temporele verloop daarvan. Validatie van de gemaakte kaart toonde aan
dat verzamelde veldgegevens tussen groepen behorende tot een gradiënt,
significant gecorreleerd zijn met de specifieke NDVI waarden. Tussen
groepen die verschillende gradiënten vertegenwoordigen, zijn deze waarden
juist significant verschillend. Dit betreft verschillen in de bedekking fracties
door bomen (R2 van 0.96), struik bedekking (R2 van 0.83), gras bedekking
(R2 van 0.71), kale grond (R2 van 0.88), bedekking door stenen (R2 van
0.81), en bedekking door blad en dood organisch materiaal (R2 van 0.69).
Het gebruik van hyper-temporele satelliet beelden is dus zeer geschikt om
graduele ruimtelijke verschillen in de groene landbedekking veroorzaakt voor
verloop in species composities en hun densiteit in kaart te brengen.

123

Samenvatting

De LaHMa methode analyseert ruimtelijke-temporele variabiliteit in de groene
landbedekking door gradiënt herkenning, het vaststellen van grenzen tussen
duidelijk verschillende landbedekking klassen en diverse gradiënten, en het
ruimtelijk detecteren van interne heterogeniteit binnen iedere unieke
landbedekking klassen. LaHMa werd getest en geschikt bevonden voor het
karteren van (semi-) natuurlijke landschappen. De methode herkent
heterogeniteit in groene landbedekking op grid niveau van gebruikte beelden,
als tussen gebieden die verschillende bedekking klassen vertegenwoordigen.
Dit door analyse van de langdurige ruimtelijk-temporele variabiliteit in groene
landbedekking. Gevonden verschillen bevestigen bekende landschap
theorieën. LaHMa kaarten zijn gevalideerd door verschillen in landbedekking
te relateren aan gekarteerde verschillen. Data verzameld in het veld voor
twee transect lijnen correleerde voor 60 en 63% met de gemaakte
vergelijking.
Een nieuwe methode ter identificatie van landbedekking veranderingen werd
ontwikkeld, genaamd: CoverCAM. Gedetecteerde veranderingen betreft de
compositie van de groene landbedekking. De methode maakt gebruik van
hyper-temporele NDVI beelden, en verwijdert seizoen specifieke variabiliteit
in groene landbedekking voordat tot identificatie van bedekking verandering
wordt overgegaan. De methode werd toegepast voor Andalusië, Spanje, en
de gedetecteerde veranderingen voor 2010 werden onderzocht in het veld. In
(semi-) natuurlijke gebieden werd een overeenkomst van 72% vastgesteld
tussen veld data en gekarteerde data. De methode identificeert probleemloos
over tijd de locaties (als kaarten) waar met een bepaalde kans bedekking
veranderingen plaats vonden. Welke veranderingen dat betreft blijft
onderhevig aan inspecties in het veld. CoverCAM is eenvoudig en volledig
herhaalbaar. Het vereist geen specifieke kennis betreffende het gebied
waarvan veranderingen worden gedetecteerd. CoverCAM bepaald enkel de
numerieke kans per grid van de gebruikte beelden, dat er verandering
optrad.
In enkele woorden bevat deze studie validatie van methoden die waarde
toevoegen aan studies betreffende de groene landbedekking; dit betreft
zowel ruimtelijke als temporele aspecten, met gebruik van hyper-temporele
NDVI beelden.
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