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Abstract

Twenty-five years after the implementation of the Birds Directive in 1979, Eur ope 6 s
farmland bird species and long-distance migrants continue to decrease at an alarming rate.
Farmland supports more bird species of conservation concern than any other habitat in
Europe. Therefore, it is imperative to understand farmland s peci es 6 r el ati onshi
habitats.
Bird conservation requires spatial information; this understanding not only serves as
a check on the i ndi vi llhualsd as ampeasure ef thé ovgradl pealthaft i on s
the ecosystem as birds are good indicators of the state of the environment. The target
species in this study is the corn bunting Miliaria calandra, a bird whose numbers in northern
and central Europe have declined sharply since the mid-1970s.
This study utilizes public domain data, namely Landsat imagery and CORINE land
cover, along with t h e c or n poegence-absende sdata, to create a predictive
distribution map of the species based on habitat preference. Each public domain dataset
was preprocessed to extract predictor variables. Predictive models were built in R using
logistic regression.
Three models resulted from the regression analysis; one containing the satellite-only
variables, one containing the land cover variables and a combined model containing both
satellite and land cover variables. The final model was the combined model because it
exhibited the highest predictive accuracy (AUC=0.846) and the least unexplained variation
(RD=276.11). The results have shown that the corn bunting is strongly influenced by land
surface temperature and the modified soil adjusted vegetation index. Results have also
shown that the species strongly prefers non-irrigated arable land and areas containing
vegetation that has high moisture content while avoiding areas with steep slopes and areas
near human activity.
This study has shown that the combination of public data from different sources is a
viabl e met hod i n producing habitdte preferenteh dhe r ef | e
development of maps that are comprised of information from both satellites and land cover

datasets are of importance for species whose habitat requirements are poorly known.
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Chapter 1 Introduction

1.1 Background and significance

In 1979, the European Economic Community passed the Council Directive
79/409/EEC on the conservation of wild birds, otherwise known as the Birds Directive, which
ai ms fiat p renvprotectiongandlcanseg/ation of all bird species naturally living in
the wild within the European t erri tory of the Member St at eso
things, the directive seeks the protection and management of wild birds through the creation
of protected areas and habitat maintenance. However, 25 years after the implementation of
the Birds Directive, farmland bird species and long-distance migrants continue to decrease
at an alarming rate (Birdlife-International 2004). This has been credited to detrimental land
use policies such as the Common Agricultural Policy (Birdlife-International 2004) that have
promoted the intensification of farmlands through crop specialization (monocultures),
pesticide use and the eradication of uncultivated areas in order to maximize productivity
(Donald et al. 2001).

Farming evolved over the last 10,000 years and spread across the forested
European landscape up to the point that over 50% of the European continent is used for
farming. Several organisms have adapted to this new landscape and are now open-country
specialists that use farmland as their primary habitat (Donald et al. 2002). Gradually,
agricultural landscape began to support a large amount of biological diversity and eventually
became its own ecosystem, sustained by humans through traditional farming systems that
employ low-input techniques such as lack of irrigation, large fallow areas and relatively low
potential yields. This habitat supports more bird species of conservation concern than any
other habitat in Europe (Stoate et al. 2003).

1.1.1 The decline of farmland breeding birds in Europe

The decline in farmland bird species first became obvious in the 1980s, which was
the decade that displayed a steady rise in EU agricultural output and the adoption of

intensive agriculture to maximize yield (Siriwardena et al. 1998; Donald et al. 2001). The use



of intensive agricultural practices is characterized by a high amount of heavy soils and
extensive irrigation of the landscape which doubles the yield of certain crops (Stoate et al.
2000). In contrast, areas that are extensively farmed are high in biodiversity (Tucker and
Heath 1994; Benton et al. 2003) and are characterized by thin soils, no irrigation, high fallow
areas and low yields (Stoate et al. 2000).

Some species have been extinct as breeders in certain countries; for example the
Red-backed Shrike Lanius collurio in the UK and the Roller Coracias garrulus in the Czech
Republic (Tucker and Heath 1994). While others, such as the Corncrake Crex crex in
France (Deceuninck 1998), have been identified as endangered. The declines in breeding
birds not only have implications for Europe but also contribute to declines in biodiversity for
Africa and Asia as those continents host many migratory European species during winter
months.

Birds are good indicators of the state of the environment because they are highly
mobile, well-studied, easily monitored and occupy a range of habitats (Tankersley 2004;
Gregory et al. 2005). Due to their high mobility, birds can also respond quickly to changes in
landscape and local vegetation (Coreau and Martin 2007; Vallecillo et al. 2008).
Accor dingl vy, it is critical to understand

which areas are more favorable than others. Bird conservation requires spatial information;

a

speci e:

this understanding not only serves as a check on the individual species 6 popul ati ons bl

as a measure of the overall health of the ecosystem.

The ter m 0 biappdared in breitsofvgichl aczabulary to mean aggregated
distribution maps based on rectangular presence/absence grids produced from field
surveys; currently many countries have their own breeding bird atlases. However, such
projects may take several years to complete and there often is a large temporal lag between
two inventories because it is a time and effort consuming process that is often limited to
small spatial extents (Norris and Pain 2002; St-Louis et al. 2006). Therefore, there is a need
for a rapid and more effective process to map species distributions that is relatively

affordable, accurate, and that can be applied frequently.



1.1.2 The Corn Bunting Miliaria (Emberiza) calandra.

The target species in this study is the corn bunting Miliaria calandra (Figure 1), which
is a bird of low-intensity arable landscapes (Taylor and O'Halloran 2002). The northern and
central European corn bunting population has declined sharply since the mid-1970s (Tucker
and Heath 1994) particularly in Britain (Brickle et al. 2000), Poland (Orlowski 2005) and
Ireland (Taylor and O'Halloran 2002) while southern European breeding densities,
particularly in Spain, Portugal and Turkey are stable (Diaz and Telleria 1997). Declines in
northern corn bunting populations have been attributed to the process of farmland
intensification (Brickle et al. 2000; Donald et al. 2001) mentioned in the preceding section.
However, relatively few studies have been conducted on the habitat requirements and

breeding density of corn buntings in southern Europe (Brambilla et al. 2009).

Figure 1: The Corn Bunting Miliaria calandra. (Photograph by Raul Baena Casado)



1.2 Species distribution modeling

Birds, like all mobile organisms, have favorite habitats in which to breed, spend
winter months and refuel while on migration. In order to effectively conserve a species it is
vital to know these habitats and their spatial dimensions. Several studies have utilized
geospatial technologies in bird distribution research. However in this thesis only indirect
methods of mapping species will be discussed. Indirect methods involve the use of land
cover mapping and other remote sensing techniques based on habitat requirements to
predict the distribution of species (Nagendra 2001). The advantages of using satellite
imagery include large areal coverage and fine spatial and temporal resolutions (Griffiths et
al. 2000) while national land cover datasets have proven to link birds to habitat classes and
vice versa (Fuller et al. 2005).

St-Louis et al (2006) used linear regression models to evaluate the correlation
between high-resolution satellite image texture and bird point count data, the results have
shown that different methods described 57% to 76% of variability in species richness. A
similar study by Bellis et al (2008) assessed the relationship between greater rhea Rhea
americana group size against normalized difference vegetation index (NDVI) and texture

measures from Landsat Thematic Mapper (TM) imagery. Thei r resul t s head

group size was most strongly positively correlated with texture variables derived from near

infrared reflectance measur e me om the charadidnizmtionu s e

and identification of upland vegetation using satellite imagery in bird abundancei habitat
models was performed by Buchanan et al (2005). Their results showed that bird
abundances forecasted using Landsat Enhanced Thematic Mapper (ETM) derived
vegetation data was similar to that acquired when field-collected data were used for one bird
species.

A study on the use of unclassified satellite imagery in the study of habitat selection of
three bird species was undertaken by Erickson et al (2004) in a method that uses Landsat
TM spectral values. Foody (2005) applied geographically weighted regression (GWR) on
NDVI and temperature variables derived from Advanced Very High Resolution Radiometer
(AVHRR) of the National Oceanic and Atmospheric Administration (NOAA) and his research

show

of



indicated the ability to characterize aspects of biodiversity from coarse spatial resolution
remote sensing data and highlight the need to accommodate for the effects of spatial non-
stationarity in the relationship. Wallin et al (1992) monitored potential breeding habitat for
the red-billed quelea Quelea quelea using NDVI calculations derived from AVHRR.
A combination of land cover maps derived from Landsat ETM imagery, digital
elevation models (DEM) were utlized by Hale (2006) to model the distribution and
abundance o f thruBhi Calthares| Hicknslli that resulted in spatially explicit
predictions of probability ohcriterla éocthedomgerhgad e senc e
shrike Lanius ludovicianus were derived from one province and applied to Landsat TM
imagery covering another province by Jobin et al (2005) in order to evaluate the availability
of suitable breeding habitats. Laurent et al (2005) investigated the potential of using
unclassified spectral data in the predicting the distribution of three bird species using
Landsat ETM imagery and point count data.
The effectiveness of combining Landsat TM satellite imagery, topographic data and a
Geographic Information System (GIS) in bird species richness modeling was investigated by
Luoto et al (2004) where they concluded that a spatial grid system containing different
environmental variables derived from remote sensing data creates consistent datasets that
can be used when predicting species richness. Nohr and Jorgensen (1997) concluded that
ithere is a positive correlation between avian
the highest value obtained when correlating avian data with combined data from Landsat
TM images on landscape diversity and integrated NDVI (INDVI) derived from AVHRR
i mageryo.
Knowledge of the range and distribution of species at risk of extinction is crucial. In
Senapathi et al (2007) the loss of habitat thatthe cr i t i cal ly endeowser ed Je
Rhinoptilus bitorquatus suffered from 1991 to 2000 was quantified using classified Landsat
TM and ETM imagery. Their results have shown t h:
decreasing at an annual rate of 1.2-1.7%.
Apart from unclassified satellite imagery, habitat variables can be extracted from land

cover maps and be used to predict the distribution of species. Seoane et al (2004b)



compared the capacity of two gener al l and cover

vegetation mapso in forespaces.i ng the distributior
A review of studies in bird-habitat relationships using satellite imagery in the last

thirty years was presented in Gottschalk et al (2005), where 120 publications were

examined. A noteworthy conclusion of the review was that the potential of using the

geospatial tools of remotesens i ng and GI S i mapglitation i@ kmitedtaccassr t hei r

ecosystems and where coarse and quick but quantitative estimates with statistical

confidence limits on biodiversity are needed to achieve wildlife conservation and

management objectiveso.

1.3 Statement of problem

Conservation work is sometimes done by non-profit organizations that cannot
afford expensive methodologies with their limited resources. On the other hand, national
agencies and environmental lobby groups might find themselves in situations that require
the rapid production of results to decision makers. Since Coordination of Information on the
Environment (CORINE) land cover and Landsat datasets are free and bird distribution and
habitat suitability models can be derived from them relatively quickly, they present
themselves as important conservation tools.

The problem is that the potential of public domain data is not fully exploited. Public
data is under-used because of its coarse output compared to more detailed, and more
expensive, data.

Although as Gottschalk (2005) demonstrated, there is no lack in research that deals
with the use of geospati al tools in the predict,|
lack in comparative research that assesses land cover data and satellite imagery in habitat
modeling. There is additionally a need to evaluate the viability and accuracy of distribution
maps from public sources because of their potential as primary sources of environmental

and physical data for habitat modeling and conservation studies.



1.4 Study area

The study area is located in the province of Lerida in the western part of the
Autonomous Community of Catalufia, Spain. The area is covered by low-intensive cereal
crops and small remains of the original dry-shrub vegetation. The study area covers
approximately 1,514 square kilometers and is a stepic landscape comprised of non-irrigated
cropland and dry forests with land use devoted to extensive agriculture and dry pastureland
(Sundseth and Sylwester 2009). The study area also encompasses part of the Lerida plain,
which is an area of steppes and pseudo-steppes on the eastern edge of the river Ebro basin
(Ponjoan et al. 2008).

: .L,ooglc

(A) (B)

Figure 2: Overview of the study area in Google Earth. (A): The white box shows location of the study area within

Europe. (B): The red outline shows location of the study area within Catalufia.

1.5 Research objectives

Notwithstanding previous research, there is an inadequate amount of information on the
relationship between the occurrence of farmland bird species and predictor variables
extracted from a combination of public domain sources. This study aims to develop a model
of the probability of occurrence of the corn bunting based on habitat preference.

The specific objectives of the study are:



1. Assess the predictive power of variables derived from public domain satellite imagery
and general-purpose land cover data in modeling the distribution of the corn bunting
based on habitat preference.

2. Compare predictions produced by satellite imagery against predictions obtained from
the land cover data.

3. Examine the potential of combining both public data sources in the modeling
process.

1.6 Research questions

1. Can the distribution of the corn bunting be predicted by solely using data derived
from public domain satellite imagery?

2. Can the distribution of the corn bunting be predicted by solely using data derived
from a general-purpose land cover dataset?

3. What is the relative performance of the model resulting from data based on land
cover data against the model resulting from data based on satellite imagery?

4. How does a combined model perform against the individual land cover and satellite
models?

5. Which approach would be more effective in predicting the distribution of the corn

bunting?

1.7 Thesis organization

The design of the thesis encompasses twelve steps that were employed in order to
answer the research questions and fulfill the research objectives. The steps were divided
into three general categories: acquisition, GIS & remote sensing analysis and statistical
analysis. The first category involves the acquisition of the response and the explanatory
predictor variables. The second category involves the computation and extraction of the
predictor raster images using GIS and remote sensing methods. The third category involves
the use of the R in a series of statistical analyses that culminates in the creation of a habitat

suitability map in a GIS environment.
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This chapter describes how the predictor variables from satellite imagery and land cover

Chapter 2 Data

data were extracted and preprocessed for use in the statistical procedure that follows.

2.1 Satellite imagery

Imagery from the Enhanced Thematic Mapper Plus (ETM+) sensor onboard Landsat
7 satellite was downloaded from the United States Geological Survey (USGS) Global
Visualization Viewer version 7.26. Two scenes from path-198, row-31 for the month of June
(01/06 & 17/06) of the year 2001 were used for this study to temporally coincide with the
survey period. Imagery used is a standard level-one terrain-corrected (L1T) product that has
also undergone radiometric and geometric correction. This product level was chosen

because the L1T correction employs ground control points and digital elevation models to

achieve complete geodetic accuracy (USGS 2009).

Table 1: Landsat 7 ETM+ band characteristics

Band reSsF())?L;[![?(Ln it RS Bandwidth %gf Gain  Offset
m  @m @m "™ el

1 BLUE 30 0.45 0.52 70 8 0.786 26.19
2 GREEN 30 0.53 0.61 80 8 0.817 26.00
3 RED 30 0.63 0.69 60 8 0.639 24.50
4 NIR 30 0.75 0.90 150 8 0.939 24.50
5 MIR 30 1.55 1.75 200 8 0.128 21.00
6 THERMAL 60 10.40 12.50 2100 8 0.066 0.00
7 MIR 30 2.10 2.35 250 8 0.044 20.34
8 PAN 15 0.52 0.90 380 8 0.786 26.19

10



Atmospheric correction was performed using the Quick Atmospheric Correction
(QUAC) method available in the ENVI 4.7 image processing software. QUAC is a method
for atmospherically correcting multispectral imagery in the visible, near infrared and through
mid-infrared region (0.4 7 2.5 um). The method was chosen because of its ability to
determine atmospheric compensation parameters directly from information contained within
the scene without the need for ancillary information and also allows for any view or solar
elevation angle resulting in accurate reflectance spectra (ITTVIS 2009). Clouds were
masked and the imagery underwent pixel-by-pixel averaging to produce a single
representative image for the month.

2.2 Satellite imagery preprocessing

2.2.1 Texture analysis

Image texture represents the visual effect produced by the spatial distribution of tonal
variability (pixel values) in a given area (Baraldi and Parmiggiani 1995). Satellite image
texture can thus serve as a substitute for habitat structure because variability in the
reflectance among adjacent pixels can be caused by horizontal variability in plant growth
(St-Louis et al. 2009). Due to the size of the study area, a 3x3 pixel local statistic was
selected to calculate first order texture measures of mean, standard deviation and
coefficient of variation. The mean computes the average texture value, the standard
deviation assesses the variability of texture and the coefficient of variation is standard
deviation of pixel values divided by the mean and gives a measure of the variability in image
texture as a percent of the mean. St-Louis et al (2006) has indicated that first order standard

deviation to be the best predictor amongst the first order texture measures.

2.2.2 Calculation of vegetation indices

Photosynthesis in green vegetation requires the absorption of solar radiation in the
region 4007 700 nm (called photosynthetically active radiation or PAR) for use as an energy
source (Alados-Arboledas et al. 2000). Beyond the PAR, in the near-infrared region, the

absorption decreases significantly and the vegetation instead reflects radiation. Due to this
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strong difference in absorption and reflectance, a relatively simple algorithm, the Normalized

Difference Vegetation Index (NDVI) was developed (Tucker 1979):

NIR — RED

NDVI = e T RED

(Equation 1)

Where NIR refers to the near-infrared band (ETM4) and RED refers to the visible red
band (ETMS3). The resultant reflectance values are in the form of ratios of the reflected over
the incoming radiation. NDVI ranges between -1 and +1; negative values indicate lack of
vegetation while positive values indicate the presence of vegetation.

NDVI has been proven to be correlated with ecological and physical conditions such
as land cover, vegetation composition, species richness and productivity of many species
(Wallin et al. 1992; Sanz et al. 2003; Seto et al. 2004; Foody 2005; Pettorelli et al. 2005).

Modified Soil Adjusted Vegetation Index (MSAVI) was also added as a predictor
variable because the algorithm possesses a correction factor that can be adjusted according
to vegetation density (Liang 2004; Qi et al. 1994). MSAVI has been shown to enhance the
dynamic range of the vegetation signal, producing greater vegetation sensitivity (Qi et al.
1994). Itis defined as:

MSAVI = NIR +0.5—,/(NIR + 0.5)% — 2(NIR — RED)

(Equation 2)

The correction factor (0.5) is generally used for most applications and represents
areas with intermediate vegetation densities. The amount of detail produced by MSAVI
compared to NDVI is highlighted in Figure 4.
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Figure 4: MSAVI vs. NDVI

2.2.3 Tasseled cap transformation

The tasseled cap transformation (TCT; Crist and Kauth 1986) translates multispectral bands
into a feature space that denotes the physical characteristics of the ground cover (Liang
2004). TCT returns six bands, the first three of which: brightness, greenness and wetness
are of relevance. The brightness band corresponds to overall reflectance, greenness is a
measure of vegetation health and structure and the wetness band measures soil moisture
and vegetation density (Crist 1983). The first three TCT bands have been shown to explain
up to 97% of the spectral variance in individual Landsat scenes (Huang et al. 2002) and

strongly correlate with avian composition and tree cover (Ranganathan et al. 2007).
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Table 2: Tasseled cap transformation coefficients for Landsat ETM+ (Liang 2004)

Feature Band 1 Band 2 Band 3 Band4 Band5 Band?7
Brightness  0.3561 0.3972 0.3904 0.6966 0.2286  0.1596
Greenness -0.3344 -0.3544  -0.4556 0.6966 -0.0242 -0.2630

Wetness 0.2626 0.2141 0.0926 0.0656 -0.7629 -0.5388

Fourth 0.0805 -0.0498 -0.1050 -0.1327 -0.5752 -0.7775
Fifth -0.7252 -0.0202 0.6683 0.0631 -0.1494 -0.0274
Sixth 0.4000 -0.8172 0.3832 0.0602 -0.1095 0.0985

2.2.4 Land surface temperature

The first step of obtaining LST involves accounting for the land surface emissivity
(LSE) of the study area. Surface emissivity is a quantification of the intrinsic ability of a
surface in converting heat energy into above-surface radiation and depends on the physical
properties of the surface and on observation conditions (Sobrino et al. 2001). LSE was
calculated following the procedure by Sobrino et al (2004).

LSE can be extracted by using NDVI considering three different cases (1) bare
ground (2) fully vegetated and (3) mixture of bare soil and vegetation (Sobrino et al. 2004).
Since the study area falls within the third case, the following equation is used to extract LSE:

= 0.004F, + 0.9586

(Equation 3)

Where Uis the LSE and Pv is the proportion of vegetation obtained and is calculated by:

_ [ NDVI— NDVI,,, 1’
v INDVI...— NDVI

Max min

(Equation 4)

Where :
NDVIpax = 0.5 and NDVIyi, = 0.2
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The next step involves calculating the at-sensor radiance (L), which is the amount of energy

that reaches the satellite sensor:

L (LMax — LMin)
27 (QCalMax — QCalMin)

« (DN — QCalMin) + LMin

(Equation 5)
Where:
DN = the quantized calibrated pixel value in DN
LMin = the spectral radiance that is scaled to QCalMin in watt/m? * ster * pm
LMax = the spectral radiance that is scaled to QCalMax in watt/m? * ster * pm
QCalMin = the minimum guantized calibrated pixel value (corresponding to LMin) in DN
QCalMax = the maximum quantized calibrated pixel value (corresponding to LMax) in DN

The at-sensor radiance is in turn converted to the effective at-satellite temperatures
of the viewed Earth-atmosphere system under an assumption of unity emissivity (USGS
2009). This is also referred to as blackbody temperature and denotes a surface that absorbs
all the electromagnetic radiation that reaches it. The blackbody temperature is calculated by:

=)

(Equation 6)

TB=

Where:

K, = Calibration constant 1 (666.09 watt/m? * ster * pm)
K, = Calibration constant 2 (1282.71 K)

L.= At-sensor radiance calculated from Equation 5.

A final step involving correction for spectral emissivity is necessary according to the
nature of the surface:
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Ty

2T,

B 1+ (T) IneTM,

(Equation 7)
Where:
TB = Blackbody temperature from Equation 6.
&= Wavelength of emitted radiance (11.5 pm)
}  hxc/t =1.438 x 10 mK (=Boltzmann constant=1.38 x 10 J/K,h=P| anc k 6 s
constant=6.626 x 10 Js, c=velocity of light=2.998 x 10® m/s)
In0 Land surface emissivity calculated from Equation 3.
TMs = Landsat thermal band 6 in DN

All LST retrieval algorithms and descriptions apart from LSE estimation are
according to the Landsat SWUSG82009 Data User 6s Har
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Figure 5: NDVI values compared to Land Surface Temperature and Land Surface Emissivity
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2.2.5 Topographic variables

Topography indirectly affects the distribution of species by modifying the relationships of
birds with vegetation or by modifying the vegetation types (Seoane et al. 2004a). Shuttle
Radar Topography Mission (SRTM) digital elevation model (DEM) resampled to 250m was
downloaded from the CGIAR-CSI database.

Figure 6: Topographic variables employed in the study

2.3 Land cover data

CORINE Land Cover (CLC) data for the year 2000 (CLC2000; dated 01/01/2002)
was downl oaded from the EEA-&sropean prdjectehat pimgto a | . CL
produce distinctive and comparable land cover data set for Europe. CLC has a total of 44

land cover classes out of which 27 classes occur in the study area (Figure 7).
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