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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

2
data, while  NDVI  groups  were  significantly  different  with  respect  to tree cover  (adj.  R =  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.
. Introduction

A  gradient is an inherent property of all environmental condi-
ions (e.g. soil moisture, precipitation, temperature) (Whittaker,
978a; Begon et al., 1990; Foody and Boyd, 1999). Each location
n the earth’s surface is subject to both abiotic and biotic envi-
onmental gradients (Begon et al., 1990), which influence species
istributions in space and time. Therefore species abundance, and
verall community composition can change continuously along

nvironmental gradients (Whittaker and Levin, 1977; Townsend,
000; Tapia et al., 2005; Tang et al., 2010). Mapping the abun-
ance of individual species can consequently reflect land cover

∗ Corresponding author at: Faculty of Geo-Information Science and Earth Obser-
ation (ITC), University of Twente, P.O. Box 217, 7500 AE Enschede, the Netherlands.
el.:  +31 0 53 487 4444; fax: +31 0 53 487 4400.
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303-2434/$ – see front matter © 2012 Elsevier B.V. All rights reserved.
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© 2012  Elsevier  B.V.  All rights  reserved.

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 envi-
ronmental and ecological studies (Whittaker, 1973, 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 (Fig. 1). Looijen and van 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

dx.doi.org/10.1016/j.jag.2012.10.001
http://www.sciencedirect.com/science/journal/03032434
http://www.elsevier.com/locate/jag
mailto:amjad@itc.nl
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ig. 1. A conceptualization of the land cover gradients based on vegetative growth
atterns.

etween spatial patterns characterized by gradual changes in struc-
ure and variation of vegetation is also noted by Whittaker (1967).

The presence of gradients in land cover (LC) is the result of
patio-temporal phenomenon (Müller, 1998; Löffler and Finch,
005; Sklenár et al., 2008) as underlying factors (e.g. geology,
limate, topography) responsible for such gradients vary continu-
usly over space and time (Foody and Boyd, 1999). This emphasizes
he importance of exploiting spatio-temporal datasets to iden-
ify existing gradients as displayed by land cover (Austin, 1990;
egon et al., 1990; Gosz, 1992; Kent et al., 1997; Foody and Boyd,
999; Couteron et al., 2006). Thus, the need is clearly articulated to

mprove land cover maps with specifications of present land cover
radients, using both spatial and temporal aspects of land cover.

Many studies to map  land cover gradients have been carried out
sing imagery from a single date, or at most using imagery acquired
n 2–3 dates for example (Haralick et al., 1973; Wood and Foody,
989; Bradshaw and Spies, 1992; Foody, 1992, 1996a,b; Skidmore
nd Turner, 1992; Trodd, 1992, 1993; Foody and Trodd, 1993;
ulinck et al., 1993; Bastin, 1997; Zhang and Foody, 1998; Foody
nd Boyd, 1999; Gopal et al., 1999; Csillag and Kabos, 2002; Mendel
nd John, 2002; Deer and Eklund, 2003; Kavzoglu and Mather,
003; Fonte and Lodwick, 2004; Camarero et al., 2006; Fisher
t al., 2006, 2007; Arnot and Fisher, 2007a; Berberoglu et al., 2007;
erstraete et al., 2007; Dixon and Candade, 2008; Krishnaswamy
t al., 2009; Fisher, 2010; Mitrakis et al., 2011). Because all these
tudies were based on the use of at most, a few images, mapping
xisting land cover gradients has remained elusive. This in spite
f the fact that a wide variety of potentially applicable methods
ave been explored: probability mapping, neural network, wavelet
nalysis, line intersect method, ordination techniques, Normalized
ifference Vegetation Index (NDVI) based Mahalanobis distance
easures, textural analysis, adjacent patch analysis, and split win-

ows. No author sought to replace their temporally limited set of
sed imagery with hyper-temporal imagery for mapping land cover
radients. This potentially imposed limitations on their studies to
dequately capture temporal aspects of land cover growth pat-
erns, caused by differences in species composition and/or in their
ensities, and their responses to local environmental conditions.

Hyper-temporal imagery can provide the temporal resolution
equired to capture such patterns in annual growth cycles. The
erm “hyper-temporal” is used to describe long-term, extensively
epeated (daily) time series datasets of an area (Piwowar and
eDrew, 1995; Piwowar et al., 1998; McCloy, 2006; de Bie et al.,
008). Due to their highly repetitive coverage, hyper-temporal

mage dataset can capture the subtle fluctuations in growth charac-

eristics exhibited by vegetation over time. It has been found useful
n studies of vegetation growth cycles in support of agricultural
nd ecological studies (Reed, 2006; Xiao et al., 2006a; Wardlow
t al., 2007; Beck et al., 2008; de Bie et al., 2008; Zhang et al., 2008;
rvation and Geoinformation 23 (2013) 301–312

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.

2. Method

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 veg-
etation types include; Olea and Ceratonia forest (20.69%),
Sarcopoterium spinosum phrygana (27.32%), Cupressus (1.12%),
Acero-Cupression(4.02%), Oro-mediterranean 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 large
areas of the lowlands (Sarris et al., 2005a).  These variations in ter-
rain, 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 (Fig. 2).

2.2. Data used

2.2.1. 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 resolu-
tion, was downloaded from EOS NASA Land Processes Distributed
Active Archive Center (WIST) (https://lpdaac.usgs.gov/lpdaac/
getdata/wist). Those pixels possibly affected by haze, clouds or
other atmospheric disturbances were removed using the Vege-
tation Index Quality (VIQ) information supplied with the NDVI
dataset. The NDVI was rescaled to DN values of 0–255 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).

2.2.2. 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 Technology Center (RESTEC)
(http://www.alos-restec.jp/products e.html). They were used dur-
ing 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 color.

https://lpdaac.usgs.gov/lpdaac/getdata/wist
https://lpdaac.usgs.gov/lpdaac/getdata/wist
http://www.alos-restec.jp/products_e.html
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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 analyze and map  land cover gradients.
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Fig. 2. The island of Crete, Greece, showing fi

.2.3. CORINE land cover map
The 2000 Coordination of Information on the Environment

CORINE) Programme datasets contains land cover information for
uropean Member States with a pan-European legend. To gain
n initial insight into the area, and guide sample site selection,
he CORINE 2000 land cover map  of Crete, Greece, was obtained
rom the European Environmental Agency (EEA) (http://www.eea.
uropa.eu/themes/landuse/interactive/clc-download). The dataset
as used to preselect natural and semi-natural areas (Fig. 1) for
reparation of a sampling scheme to collect field data in order to
alidate the gradient map.

.2.4. Field data
Field data were collected using a stratified random clustered

ampling scheme. Selected NDVI class map  obtained as result of
SODATA clustering of the hyper-temporal NDVI dataset was  used
s strata. The CORINE land cover map  of 2000 was used to mask
ut agricultural and urban areas related NDVI classes from the
ampling scheme. Based on the time available for field work (22
eptember–11 October 2009) twenty nine (29) locations were ran-
omly selected on the selected NDVI class map. Fig. 2 shows the

ocations and field points sampled during field work. The selected
ocations were sampled in the field in clusters. The data were col-
ected from the image objects identified on an ALOS image. At each
ampled location, data were collected on ground cover composition
s well as vegetation traits. Ground cover observations included
actors such as percentage cover of stone, litter and bare soil cover,
hile vegetation observations involved estimation of the percent-

ge cover of tree, shrub and grass layers. Percentage cover was
stimated as vertical cover, thus the total percentage for all cover in
ne sample area was 100. Information was also collected about the
ominant plant species within each sample site. Dominant species
amples were gathered and stored to be later verified by an expert
otanical taxonomist.

To upscale the field data to the NDVI classes, initially an image
egend was created, derived from snapshots of homogenous image
bjects of ALOS image surveyed in the field along with the per-
entage cover of different land cover components. Based on the
mage legend, the ALOS image was manually digitized and defined
nto classes with attributes using fraction cover of land cover com-
onents. The digitizing considered feature tone, pattern, shape,

exture and association as suggested by Feranec (1999).

Intersecting the digitized ALOS map  with the selected NDVI class
ap, the fractional area of the ALOS classes within each NDVI class
as calculated. After obtaining the fractional area, the weighted
ta points and natural and semi-natural areas.

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.

2.3. Mapping land cover gradients

2.3.1. Hyper-temporal image dataset analysis
The preprocessed 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 sepa-
rability 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 min-
imum separability values was selected. The selection is based on
compromise, between keeping the number of clusters as low as
10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100

Number of clusters

Fig. 3. Divergence statistics showing high average and minimum separability values
for  the 65 clusters image (indicated with an arrow).

http://www.eea.europa.eu/themes/landuse/interactive/clc-download
http://www.eea.europa.eu/themes/landuse/interactive/clc-download
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Fig. 4. A dendrogram resulting from

.3.2. Gradient identification and mapping
Mean NDVI values were extracted for each 16 day composite

eriod from the signature file of the selected ISODATA classified
mage. The 16-day mean NDVI values were averaged annually
rom February 2000 to July 2009. Land cover gradients were iden-
ified by comparing NDVI classes and their mean annual NDVI

rofiles as generated through of the selected ISODATA classifica-
ion. To establish a gradient, NDVI profiles were grouped using
he Hierarchical Cluster Analysis (HCA), an exploratory method
ouping of the 65 NDVI class profiles.

designed to reveal natural groupings within a data set (Gauch and
Whittaker, 1981). In hierarchical clustering, the nearest neighbor
method was used with cosine distance as similarity measure. Final
clustering were based on smallest ecological distance (relative sim-
ilarity 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 behav-
ior 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 ISO-
ATA classification were listed and arranged in a relational diagram
f increasing average NDVI values. Different NDVI groups were
iven different colors, whilst classes within a group were assigned

 hue within the same color scale for gradient visualization. Closely

elated NDVI groups were indicated by means of connecting bars.
he relational diagram was used as the NDVI map  legend for the
and cover “gradient map”. NDVI classes with similar vegetative
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growth patterns were considered spatially related to conceptualize
land cover gradients used in this paper.

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
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Fig. 5. 

orrelations existed between vegetative growth patterns summa-
ized as an annual average NDVI value, and field collected fraction
over data per NDVI class. Presence of a linear relation was used
s positive indicator of gradient presence as per the concept used
n this study (Fig. 1). The analysis allowed as to discern whether
DVI classes, though fundamentally different, are connected along
radients, and whether they can be used to represent gradients
n land cover and the NDVI groups could represent different
ominant gradients (significant differences between the groups)

n the land cover of the area.
The analysis was performed on individual land cover compo-

ents by NDVI classes. Only those NDVI groups consist of NDVI
lasses, which were covered in the field work, were used for
valuation analysis. Cover fractions (%) of tree, shrub, grass, bare
oil, litter and stone cover were used as the dependent variables,
nd the annual average NDVI (with defined dummy  variables)
s the independent variable, using the functional model given in

q. (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) + e
(1)
MODIS 16 -day t ime series

inued)

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 inter-
cepts ‘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).

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
(2)
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ig. 6. NDVI classes arranged in a relational diagram on the basis of their tempora
DVI  value (top axis). Groups having similarities are linked by bars.

In the Eq. (2),  C stands for number of species shared by the two
DVI groups while A and B are the total number of species in the two
DVI groups respectively. Values ranged between 0 and 1, with 0

ndicating that the two groups have common species and 1 meaning
hat the two groups have a dissimilar species composition.

. Results

.1. Mapping land cover gradients

.1.1. Hyper-temporal image dataset analysis
Analysis of the divergence statistics indicated that 65 clusters

eneralized the hyper-temporal dataset. Both the average and the
inimum separability values were found to be relatively high at the

5 clusters mark, with coincident local peaks (Fig. 3). The selected
luster and its signature NDVI profiles were subsequently used to
tudy the land cover gradients.

.1.2. Gradients identification and mapping
Fig. 4 is a hierarchical cluster analysis in the form of dendro-

ram, showing relationships among the classes at different level
f similarity. The 65 NDVI class profiles were categorized into 14
roups based on the lowest cosine distance between the NDVI class
rofiles.

Grouped NDVI class profiles are illustrated in Fig. 4. Exami-
ation of the temporal behavior of annual average NDVI profiles
evealed that NDVI classes within groups (A–N) have similar tem-
oral behavior (shape of temporal curve), but different between
roups. The only differences between NDVI classes within groups
re notably their gradually differentiating NDVI values from low to
igh.
The relationship between NDVI groups is evident from the clus-
ering results in Fig. 4 and NDVI profiles in Fig. 5. For example NDVI
roups A–C have low NDVI values and little seasonal variation, NDVI
roups D–K show prominent seasonal fluctuations while L–N show
vior and value intensity. Class position within a group is determined by its mean

less seasonal fluctuation and high NDVI values throughout the year
(Fig. 5).

To ascertain whether the 14 NDVI groups are also spatially
linked, they were arranged in the form of a relational diagram
(Fig. 6) of mean NDVI values of the classes as well as the asso-
ciation between groups. This acts as 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 bar-lengths
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 Fig. 4.

The class color codes depict (i) each class associated annual
average NDVI profile (presented in Fig. 5), and (ii) the class spatial
distribution in the land cover map  shown in Fig. 7. The land cover
gradients map  (Fig. 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.

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 (Fig. 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 (Fig. 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 Fig. 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 (Fig. 8).
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ig. 7. The spatial distribution of NDVI classes and groups in the form of gradients in
epresentations of those shown in Figs. 3–5.

The basic differences between the three groups behavior origi-

ate from relatively higher proportions of trees, shrubs and grass
over. Within groups, cover differences between NDVI classes
re caused by a high variability in tree cover in group M and N
hile Group K has relatively more shrubs and grass with fewer
 derived using profile analysis of NDVI time-series. Classes depicted here are spatial

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 refer-
ence group K (Fig. 8). Different slopes represent gradients in NDVI
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Fig. 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.
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Table  1
Mean Sorenson dissimilarity values for pair wise analysis between three NDVI
groups (K, M,  and N).

NDVI groups K M
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M 0.76 –
N 0.68  0.61

lasses within the above defined groups in term of land cover
haracteristics.

Similarly, high dissimilarity in species composition was found
etween all pairs of NDVI groups (Table 1). Differences between
roups K and M and K and N are comparatively high than group M
nd N, which is confirmed by differences in the temporal profiles
f the three groups represented in Fig. 4. The results suggest that at
he level of 95% confidence interval, the mean dissimilarity value
anged between 0.46 and 0.92, 0.44 and 0.87 and 0.42 and 0.79, for
he NDVI groups K and M,  K and N, and M and N, respectively.

Overall, the evaluation results support the concept that NDVI
lasses, though fundamentally different, are connected along gra-
ients, and can be used to represent gradients in land cover.
eanwhile NDVI groups could represent different dominant gra-

ients in the land cover of the area.

. Discussion

A map  depicting gradients in land cover was  successfully
xtracted using hyper-temporal NDVI imagery. The land cover gra-
ient map  is composed of NDVI classes, which are successfully
rouped on the basis of the NDVI values and similarities in their
hapes (temporal patterns). The map  result (Fig. 7) shows the spa-
ially linked and interconnected NDVI classes which have similar
egetation growth patterns. The NDVI classes within groups dis-
lay relatively similar seasonal patterns though they are dissimilar

n the magnitude of their temporally fluctuating mean NDVI value.
he validation results shown in Fig. 8 indicate that within each NDVI
roup, the collected cover fraction data are significantly linearly
elated with the given NDVI data. These gradual differences in NDVI
lasses within groups support the move to arrange NDVI classes
ithin groups demonstrated in Fig. 5. Overall this indicates that
DVI classes, though fundamentally different, are related along
etectable gradients in vegetative growth patterns which can be
isualized in the form of land cover gradients.

Each NDVI group reflects a separate dominant gradient in land
over of the area by showing different vegetation growth patterns.
he linear relationships between NDVI-groups are found to be sig-
ificantly different with respect to tree cover (adj. R2 = 0.96), shrub
over (adj. R2 = 0.83), grass cover (adj. R2 = 0.71), bare soil (adj.
2 = 0.88), stone cover (adj. R2 = 0.83) and litter cover (adj. R2 = 0.69)
ractions. For tree cover, shrubs cover and grass cover, NDVI groups

 and N had significantly different slopes from reference group K
hich is also evident from the differences in the shape of NDVI
rofiles of these groups shown in Fig. 5. Similarly SDI analysis also
upports the significant differences between pairs of NDVI groups
n term of species composition. Therefore the NDVI groups could
epresent different dominant gradients in the land cover of the area.

The results support exploiting hyper-temporal NDVI image
atasets to extract and map  land cover gradients. The successful
epresentation of land cover gradient using hyper-temporal NDVI
magery may  be due to the sensitivity of NDVI values to the veg-
tation green biomass (Purevdorj et al., 1998; Shunlin, 2004) and
ccurately tracking of vegetation growth patterns due to the high

epetitive coverage of the imagery used (Xiao et al., 2006b; Zhang
t al., 2008; He et al., 2009).

The results (Fig. 6) are unlike current gradient maps which rep-
esent gradients as “transition zones” (Trodd, 1992, 1993; Anand
rvation and Geoinformation 23 (2013) 301–312

and Li, 2001; Arnot and Fisher, 2007b; 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 num-
ber 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 environ-
mental 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 agricul-
tural 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.

5. Conclusion

In conclusion, this study demonstrated the potential utility
of hyper-temporal NDVI image datasets in identifying and map-
ping land cover gradients. Due to the high repetitive coverage of
the imagery used, it was possible to accurately track the vege-
tation growth patterns and from this land cover gradients could
be devized. The required datasets are readily available in a vari-
ety 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 analy-
sis 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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