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Abstract of Thesis

A Feature to Believe In:

Evaluating theAbility to use Contextual Features Derived from M@tale Satellite
Imagery to Map Spatial Patterns of Urban Attributes and Population Distributions
With an increasing global population, accurate and timely population counts are essential
for urban planning and disaster management. Researchers have modeled population and

sociceconomic variables with contextual features derived from satellite imagery.
Contextual features can be defined as the statistical quantification of edge patterns, pixel
groups, gaps, textuseand the raw spectral signatures calculated over groups of pixels or
neighborhoods. Previous research using contextual features has mainly udgdtvery
spatial resolution imagery at subnational to city scales and has found straigtioms

with population and poverty. This study evaluated the feasibility and accuracy of using
contextual features derived from mestiale satellite imagery to model elements of the
humanmodified landscape. Contextual features from sr@gh spatiaresolution (< 2 m
pixels) imagery and lower spatial resolution Sentth¢l0 m pixels) imagery in Sri

Lanka and Belize were calculated, and those outputs were then correlated with
OpensStreetMap buildingnd roadralues. These relationships were compaoed t

determine how spatial resolution impacts the predictive power and how different
countries affect the relationship. The ability to predict the population density of the
smallest census units available with Sentthebntextual features was subsequently
assessed. The results suggest that contextual features are able to map urban attributes
well, with R? values ranging from 44% to 86%. Moreover, the degradation of spatial

resolution does not significantly reduce the results, and for some urban attribeites, t
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results actually improved. The findings also indicate that Sefftisehtextual features

can explain up to 78% of the variation in population density in the study area. Finally

these contextual featut'ased model results were compared with models uming

nighttime lights. An analysis of the comparisons indicated that nighttime lights are less

robust than contextual features in modeling urban attributes and population density.
Keywords:machine learning, contextual features, population, urbabdts,

modeling, spatial resolution, nighttime lights
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squared difference from meé&m@andom forest)

regiord wainingdataresponseneanvalue(random forest)
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Glossary of Terms

a priori: known from before

choropleth map: thematic map where a statistical variable is
summarized within boundary units and represer
visually through shaded patterns; also referred 1
choroplethic magEsri, n.d-a; Holt et al., 2004;
McGrew et al., 2014)

coefficient: number by which a variable is multiplied; also
referred to asegression coefficienmodel
coefficient or model parametewhen associated
with regressions and models (James et al., 201
McGrew et al., 2014)

contextual features: statistical quantificatin of edge patterns, pixel
groups, gaps, textures, and the raw spectral
signatures calculated over groups of pixels or
neighborhoods; synonymous wipatial features
(R. Engstrom, personal communication, Octobe
17, 2019)

crossvalidation: process of evaating the fit of models by subsetti
a dataset inttwo groups, with one group being tl
validation or holdout set and the other being the
training set; withk-fold crossvalidation, the datas
is split intok groups and each group is rotated ir
thevalidation set fok iterations (James et al.,
2013)

geographically weighted regressicapproach that fits a regression model (usually
ordinary least squares) to each geographic sub:
(Joseph et al., 2012)

gray-level cooccurrence matrix:  matrix thatcalculates how often a pixel with a
certain graylevel value appears adjacent to anot
specified pixel (Bayram et al., 2011)

homogeneity: extent of imagery having similar pixel values
(variability); dependent on scalklyint et al.,
2006)

impervious surface: manmade features that prevent water from

percolating down to the soil (e.g., parking lots; L
& Weng, 2006)
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interpolation:

kurtosis:

least squares

mean square error:

model:

modifiable areal unit problem:

multicollinearity:

out-of-sample:

overfitting:

p-value:

process of estimating a value at an unknown
location based on other known values (e.g., cuk
convolution looksat the 16 nearest pixels; Bolste
2016; Esri, n.db)

measurement of the flatness or peakedness of
dataset (McGrew et al., 2014)

standard regression method where a line is fit
between the independent and dependent variak
so as to minimize theesidual sum of squaresne
type isordinary least squareswhich is also
referred tdeast squares linearegressionJames ¢
al., 2013)

average squared difference between predicted
values and actuaklues; one way to assess mod
accuracy and quality of fit (James et al., 2013)

simplified version of reality used to estimate or
predict a phenomenon (Bolstad, 2016; McGrew
al., 2014)

problem due to thdiffering boundaries and
subdivisions used to group and summarize date
potentially leading to different results and
interpretations despite them being based from t
same dataset (Bolstad, 2016; McGrew et al., 2C

problem in multipleregression where the
independent variables are correlated with each
(McGrew et al., 2014)

statistics obtained o
used to build model, e.g., test set) to serve as a
measure of model fit (James et al., 2013)

phenomena where the model fits the training dé
(including the noise) too well, which can cause 1
model to perform poorly on the test set or other
Aunseendo data (James

probability value in hypothesis testing tladicates
the probability that the result is due to chance (i
making a Type | error; James et al., 2013; McG
etal., 2014)
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Pearson correlatiom)

principal component analysis

projected coordinate system:

R-squared statistid?):

random seed:

residual sum of squares:

sample size:

spatial resolution:

spectral band:

extent of a linear relationship (i.e., the strength «
association) between two variabjgaluesrange
from -1 to 1; officially knownaf® ear sono
productmoment correlation coefficiedames et
al., 2013; McGrew et al., 2014)

approach that reduces the dimensionality of a
dataset; in other words, the data variables are
retransformed into uncorrelated principal
components, with only a few principal compone
explaining most of the variance within the data
(James et al., 2013)

two-dimensional representation of the Earth; als
referred to asnap projectionBolstad, 2016)

proportion of the variation in the dependent vari
explained by the independent variables; simply
extent to which the indepdant variables can
explain the dependent variable; can be express
a percentage; officially known asefficient of
multiple determinatiorfJames et al., 2013; McGr
et al., 2014)

function in the NumPy package that generates
pseuderandom numbers and thereby enables
random processes to be repeated (SciPy, 2018

sum of squared difference betwehe predicted
values from a model and actual valuesicates
extent of variation in dependent variable not
explained bythe model; also referred to asim of
squared residualéSSR or sum of squared errors
(SSE James et al., 2013)

number of observations or samples that are suk
or drawn from a paylation; also referred to as
sample numbe(Bolstad, 2016; McGrew et al.,
2014)

size of the smallest object that can be determine
an image (Jensen, 1996)

wavelength intervals (or range of values) in the
electromagnetic spectrum to which a sensor is
sensitive (e.g., blue, green, red, and apfared;
Jensen, 1996)
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test set/testing data:

train set/training data:

urban attribute:

very-high spatial resolution:

zonal statistics:

subset of the data not used to build a model
(described as Aunseen
robustness (James ét, 2013)

subset of the data used to build a model (Jame:
al., 2013)

aspect or characteristic of the hurmandified
landscape

spatial resolution less than 2 m (for this study)

statistics calculated within a specified geograph
area, region, or zone; also referred ta@sal
functions(Bolstad, 2016)
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Chapter 1: Introduction

The world population is growing and is projected to reach 9.8 billion by 2050, with most
of the growth expected to occur in developing countries. Of that anG8%atis
predicted to live in urban areas (United Nations Department of EconachiSacial
Affairs, Population Division, 2019). It is thus important that population demographics
and trends be understood. Current and accurate population data are important for
managing timesensitive issues such as vulnerable populations identificaisease
impact, natural disaster or emergency response, management, and evacuations
(Chakrabortyet al.,2005; Curtis & Schneider, 2011; Hogan & Marandola, 2012; Kinzli
et al., 2000; Linard & Tatem, 2012; Marandola & Hogan, 2006; Nadiah, 2006;
Natioral Research Council, 2007; Noji, 2005; Bahl, 2003; Tatem, 2014ratem et al.,
2012; administrative and legislative issues such as resource and service allocation,
policymaking, planning, and boundary delineation (Benn, 1995; Glbgh 1989;
Guiteraset al, 2019; Schirm & Preston, 1987; United Nations, 2017); and private and
social research such as selecting sites for businesses or assessing health care accessibility
(Luo & Wang, 2003; Plane & Rogerson, 1994; Tayman & P@85 UnitedNations,
2017). Populations also can significantly impact the environment, placing strains on
natural resources and contributing to deforestation (Carr, 2004; de Shettahi2007).

There are multiple ways to supply population information. Censusdathe
helpful; however, there are a few limitations. First, countries usually conduct them at
most once every 10 years, as recommended by the United Nations (2017), which affects
their relevance in the subsequent years. Second, due to privacy reassus dzta are

usually aggregated, generalized, and not available at the loca{XBaat¢ al., 2014,



Mennis, 2009; Zandbergen & Ignizio, 2Q1Third, these aggregations form

administrative unitsyvhich are premade administrative boundaries thatnot

necessarily align with human settlement boundaAsshoroplethmaps can be used to

depict these units, a spatial incongruity issue results when mapping pop(Hetibet

al., 2004 Jiaet al, 2014; Mennis, 2009; Zandbergen & Ignizio, 2010). Fouhi&y tan

be expensive and require a substantial amount of resources and human labor, which make
them more difficult to carry out, especially in developing or reselimtiéed countries. In

these countries, census data can also be inaccurate or incompléiagdey groups or

areas (Linard & Tatem, 2012; Tatexnhal, 2007; Yeet al, 2012).

Another method is to use demographic models based on demographic and
economic indicators, such as births, deaths, net migration, and marketing household
information. This type of modeling can be extremely complicated and costly due to the
use of commercial dat&€(Wu & Murray, 2007). High rates of migration and urban

growth also make existing data quickly outdated (Wardrop et al., 2018).

1.1 PopulationEstimation Techniques

In general, remote sensing technologies enable the frequent collection of data, making it
effective and widely used amongst researchers in predicting and modeling population
(National Research Council, 2007; Zétual, 2015). Therer@ many different approaches

in remote sensing for estimating population distributi@sS( Wu et al, 2005). In an

effort to organize the various methodologies developed to\d&terop et al. (201&nd

S-S.Wu et al. (2005) introduce similachemas, which consist of two main categories.



The first category is areal interpolation, a technique where population data are
reallocated within one areal unit usually using some weighting mechanismettalt
2004;S-S.Wu et al., 2005; Zandbergenlgnizio, 2010). Wardrop et al. (2018) name
this categ-downas ap p e-nwntype ofareal exterpolation is
dasymetric mapping, whidtisaggregatesensusderived population courdsusually
spatially associ at tative bhounddries o spattaluunits smglieérs a d mi n i
than the original boundaries by overlaying ancillary data (Holt et al., Z004;&

Weng, 2010; Mennis, 2009). Theoretically, these new areal units would greasgvith
similar population data together (Mean2009).

Dasymetric mapping for population has several advantagesloveaplethc
mapping. A dasymetric approach can depictwattiances within administrative
boundaries; this includes capturing areas that are unpopulated, which is not possible with
achoroplethmap (Holt et al., 204). Consequently, dasymetric maps are less likely to
succumb to the modifiable areal unit problem (MAUP; Holt et aD420ia et al., 2014).
Karume et al. (2017) noted that dasymetric mapping is generally more accurate
irrespective of land use, land use classification errors, urbanization rates, and population
density. Naglest al.(2014), however, cautioned that dasymetric mapping always
introduces uncertainty regardless of methodology. This is because localized factors can
influence population distributions, such as local laws and environmental conditions,
which are not accountddr in the deterministicelations. Moreover, because these
methods depend on census data as inputs, the results can be inaccurate or outddted (Liu

al.,, 2018; Wardrop et al., 2018).



The other category is statistical modefngs named b$.-S.Wu et al (20059
or a Fubpodt tagdpas mamer by Wardrop et al. (2018). Accordin§ 8. Wu
et al. (2005), statistical modeling relies on socioeconomic variables and examines their
relationship with population. Wardrop et al. (2018) defines it as thefus&mcensus
surveys, which are population counts for small, defined areas inputted into statistical
models to estimate population at-@itsample locations.

While these definitions differ slightly, they both highlight that census data are not
used as iputsthat are redistributeas they are in areal interpolation, but rather used to
train or assess the models to predict population. Consequently, one benefit of this
approach is that it can overcome the limitations assocratadtensuses, including the
lack of data (Wardrop et al., 2018:S. Wu et al., 2005). Statistical model methods vary
between estimating both population and population density; however, these methods
oftentimes can be used interchangeably given that population count and population
density are related via area-S.Wu et al., 2005).

In order to show the relationship between population variables and remotely
sensed variables, | incorporate examples from these two population method categories
under a schema adapted from Lo (1986;itesl inG. Li and Weng, 2005) based on input
data: urban areas, land use, dwelling units, raw spectral values, other socioeconomic
variables, and combination.

1.1.1 Urban Areas
The use of urban areas for population modeling is predicated on the notiarbtma
areas are related to population counts. Feiid.(2015) introduced a method using the

Global Human Settlements Layer (GHSL), which indicates the presence adfifpaileas,



and Gridded Popul ation of the \resoldion( GPW) .

they superimposed GHSL on GPW and subsequently redistributed the population counts
in Syria. They concluded that GHSL was an effective distribution mKdeél. et al.
(2018) found that urban variables were better at modeling-scell poplation than
land use and land cover (LULC) variables.

Impervious surface area (ISA), which in essence is a measurement of urban areas
(Lu & Weng, 2006)hasbeen found to correlate with population density (Azar et al.,
2010;L. Li & Lu, 2016; C. Wu & Murray, 2007). Zhu et al. (2015) explained that ISAs
are not substantially affected by weather conditions and do not requireri knowledge
of land cover. One limitation, however, is that ISAs cannot distinguish the difference
between various types of ISAsuch as residential, commercial, and transportation;
humans do not necessarily reside in the latter two types of ISAs& Lu, 2016).

C. Wu and Murray (2007) used the spectral mixture analysis appovdamdsat
Thematic Mapper (TM) imagery tweate a new population indicator called the
impervious surface fraction and compared their models across space. They found that a
remote sensing model developed to estimate population in one urban area could be
applied to accurately estimate populatiommnother culturally similar area. Likewise, a
model developed from one Landsat image could be used on another image with a similar
date.
1.1.2 Land Use
The land use methodology considers the various types of land usage and the potential for
humans to reselon a type of land use. For instance, Holt et al. (2004)resectely

sensedlata to obtain LULC data for the Atlanta metropolitan area. This was then used to
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reallocate the population density values originally calculated at the census tract level,
which produced satisfactory results. Likewise,Li and Weng (2010) obtained LULC

data from Landsat Enhanced Thematic Mapper Plus (ETM+) and concluded that LULC
allowed for a better estimation of population than spectral values. They reasoned that
LULC is morestable than spectral values. Another advantage is that LULC can generally
be determined from any image; however, this can be subjective given that humans label
LULC and that there are varying definitions of LULC typ€sl(i & Weng, 2010).

1.1.3 DwellingUnits

Counting the number of residential building units was one of the initial ways that
population counts were determindéd YWang & Wu, 2010). The idea behind this bottom

up methodology is that because people live in buildings, obtaining the number of
dwelling units in an area and the average household size will allow for the approximation
of population. As an example, Karume et al. (2017) subdivided two GeoEye satellite
images of Bukavu city into 2772 cells, which were each assigned to a housing density
classification: high, medium, and low. Next, they multiplied the number of houses in the
i mage by the number of inhabitants as indica
classification. Karume et al. (2017) noted that this is a straightforwareffacient

method for quickly estimating population.

Researchers have stressed the importance of incorporating building height into the
dwelling unit methodology (Karume et al., 20%,;Li & Weng, 2005;L. Li & Lu, 2016;
Silvan-Cardenas et al., 2010) topmove accuracy. Building height best represents the
threedimensional (D) nature of living space (Silva@ardenas et al., 2010). Building

height is also important for assessing population density asdeigity areas generally



will have highrise apartrents. Height, however, cannot be easily determined from
optical satellite imagenQ. Li & Weng, 2005).

Consequently, methods using light detection and ranging (LIDAR) have been
developed. Tomast al.(2016) constructed aB model of Uberlandia city in izil.
They subsequently subtracted the digital terrain model (DTM) from the digital surface
model (DSM) to create a digital height model (DHM), which was assumed to be the area
suitable for living. After digitizing a building footprints layer from imagetye DHM
was superimposed onto the footprints. This was used to calculate the habitable surface,
which enabled the estimation of popul ation.
underestimated the population counts, the values were statistically the saeie as t
reference population dataset. Likewise, SiNzardenas et al. (2010) used LIDAR to
automatically extract buildings in an effort to estimate population at a soaddl. They
demonstrated the importance of building volume for population estimatitia €tal.
(2016) also accounted for building volume in their work in rural Poland, and they
determined that 96% of the variation in population counts was explained by the number
of buildings.

Despite its effectiveness, this method has disadvantagesistamée, the average
household size cannot be determined directly from remote seisiviéu(& Murray,
2007). Moreover, obtaining building information is tinaad resourcéntensive, making
it challenging to improve accuracy (Calka et al., 2016; SiR@amenas et al., 2010).
Consequently, while Silva@ardenas et al. (2010) found building volume to be a good

indicator of population, the authors also demonstrated that building counts were often



sufficient and could be used given the difficulties associatddobtaining building

volume.

1.1.4 Image Pixel Characteristics

This set of methods refers to associating population variables directly with imagery pixel
values. lisaka and Hegedus (1982, as citéd. ini and Weng, 2010) were the first
researchers tattempt this approach to map population in Tokyo. The main limitation is
that population is not directly related to spectral values: Spectral values are easily
impacted by weather conditions and seasonality, and the complex LULC dynamics are
not necessasilreflected in spectral value§ (Li & Weng, 2005;G. Li & Weng, 2010;L.

Li & Lu, 2016).

Consequently, solely using spectral values derived from imagery may be
inadequateG. Li and Weng (2010) found that Landsat ETM+ spectral bands were not
sufficient to model population alone. Instead, they had to be combined with land surface
temperature da. Inputting ETM+ bands, principal component analysis (PCA),
vegetation indices, temperature, texture (variance), and fraction images into a stepwise
regression. Li and Weng (2005) modeled population density in Indianapolis, Ind., at
various populationlensity levels (low, medium, and high). They found that the model for
medium density was the best and concluded that one single overarching model was not
sufficient for capturing population density. This conclusion was also similar to the one
reached byasephet al.(2012). The authors created vegetatimpervious surfacsoil
(VIS) fractions to derive various variables. They inputted the mean value of houses, mean
value of vegetation, and standard deviation of vegetation into an ordinary least squares

(OLS) regression and geograpdlly weighted regression (GWR). After comparing the



two, the authors concluded that GWRBmonstrated more accurate results than an OLS
regression.

Nighttime Lights. Nighttime lights (NTL) derived from remote sensing have
shownvarying results in estimating and modeling population, with some researchers
obtaining better results than others.

One area with differing results is the effectiveness of various satellites and
cameras. Research has compared the National Oceanic AtmospheAd mi ni st r at i on
(NOAA) Defense Meteorological Satellite Program Operational Linescan System
(DMSP-OLS) launched in 197®& and the National Aeronautics and Space
Admini stration (NASA) a n dorbNng RaktbdesshipSvisidlen i Nati o
Infrared maging Radiometer Suit@ay/Night Band (NPP VIIRS DNB) launched in
2011 (Kramer, n.da, n.d-b). Suomi NPP VIIR®DNB has a better resolution and
dynamic range compared to DMER_S (Falchi et al., 2016)X. Chen and Nordhaus
(2015) and Jingt al.(2016) th concluded that VIIRS was better than DMSPES
when correlating NTL with population and other socioeconomic variables. Alternatively,
Andersoret al.(2010) compared the effectiveness of DMSES imagery with the
International Space Station (ISS) phatqgh bands, which have better spatial resolution
than DMSPOLS, in modeling population density. They found that DMSPS was
more accurate, leading them to conclude that imagery with finer spatial and spectral
resolutions than DMSBPLS was not necessarily better.

Another area with differing results is the relationship between NTL and
population. Lo (2001) concluded that the relationship between NTL from DOISP

and population variables differed across scales but was generally sttdhg.phovincial



level in China, light volume was related to agricultural production, and mean pixel value
was related to population density. At the county scale, light volume and mean pixel value
combined were related to population, and percent lightveasaelated to population
density. At the city scale, only light area or light volume were related to population, and
percent light area was related to ragricultural population.

Ma, Zhou, Wang, et a(2014) found a lodinear relationship between average
NTL and population density at the county scale and strong relationships witaridw
high-density areas at the district scale. Ma, Zhou, €teil.(2014) also found a positive
relationship betweervarage NTL and population density in China; Bagan and Yamagata
(2015) obtained similar results with land use added as a predictor. Jing et al. (2016) noted
that while average NTL had no relationship, aggregate light correlated wittuputeas
and lightarea correlated with city and town populations.

On the contrary, other researchers found weak correlations (Anderson et al., 2010;
X. Chen & Nordhaus, 201%. Li et al., 2018; Zandbergen & Ignizio, 2010). For
instance X. Chen and Nordhaus (2015) cavehtieeir claim that VIIRS was better than
DMSP-OLS by noting that VIIRS alone only explained®@o 40% of the variation in
population. In addition, as most population modeling methods assume that population
counts are modeling place of residence populdtien nighttime population; Calka et
al., 2016), Anderson et al. (2010) argued that NTL may be better suited for modeling
ambient(i.e., nonresidentialpopulation density. They observed that the brightest lights
were in places with zero population degygsuch as stadiums and shopping centers),

resulting in their model overestimating population density in those areas.
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A review of literature on NTL indicates that the effectiveness of NTL at
predicting population depends on the scale and context. Isadgmests that NTL alone
may not have much predictive powraomali and Zhou (2018) created an urban NTL
(UNTL) index resulting from the overlay of DMSBLS NTL with urban land cover to
redistribute population counts. They argued that one benefit@fpoating urban data
to create a UNTL weight dataset is that it reduces the oversaturation and overglow
problems associated with DMSBLS, further suggesting that NTL by itself may not be
sufficient.

1.1.5 Other Socioeconomic Variables

Other socioeconomieariables have been used to examine population variables. Liu et al.
(2018) combined mobile phone data and land use data to improve dasymetric mapping.
The benefit of this approach is that this can estimate daytime and nighttime populations.
The availabity of mobile phone data, however, limits its potential to be applied on a
global scale.

Jia et al. (2014) created a product called the Hagolution Gridded Population
Surface (HGPS) using dasymetric mapping. The researchers identified and calculated a
weight for each type of land parcel (property type) in Alachua County, Fla.; they
subsequently redistributed the census data based on that weight and redistributed the data
a second time to 3M-by-30-m cells. They found that this method was a better @idic
of population density than land cover. Land cover data includes open spaces, such as
streets and empty land parcels, where no one lives, whereas their methodology accounted
for and masked out these open spaces.

1.1.6 Combinations

11



Areal interpolationstatistical modeling, angemotely sensedariables have been
combined in some approaches (Stewatra, 2015). For instance, Zandbergard
Ignizio (2010) modeled population across four US states, which he chose to ensure
representativeness of the US. The authors incorporated variables such as land cover,
imperviousness, NTL, and road density, finding that the importance of features differed
in each state. Land cover and imperviousness were consistently important, NTL were
consistently unimportant, and roads varied in importance. Another example is the work of
Azaret al.(2013), who combined builip areas derived from satellite imagery and
ancillary data. Population was distributed based on the-bpiftaction measured in
terms of density. For lowdensity places, population was distributed based on a weighted
likelihood layer that incorporated proximity to builp areas, density of poputat places,
terrain, and landscape heterogenéity.estimate population density at unsampled
locations in Sri Lanka, Engstrom, Newhouseqd Soundararajg2019) created a Poisson
regression model by combining household survey data with satellite imagery.
results mirrored the data from the countryods
Stevens et al. (2015) introduced a method to dasymetrically map population in
Vietnam, Cambodia, and Kenya. After acquiring and processing a wide variety of
countryspecific geospatial data.¢e, NTL, OpenStreetMap [OSM] vector daaadland
cover), they inputted those variables into a random forest algorithm to predict the log of
population density on a p@ixel basis. This population density output became the
weighting mechanism used talistribute census data in their study area. These

output® which form the basis of WorldPdpwere shown to be more accurate than other
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population productsicluding AsiaPop, Global Rurdlrban Mapping ProjedlGRUMP),

and GPW.

These examples highlight théfatulty of neatly sorting the methodologies into
strict categories; there is overlap. In short, this suggests not only that population can be
modeled using all these predictor variables but also that the best models will rely on a
diverse range of varidds. Spatial features have the potential to capture these various

variables.

1.2 Spatial Features and Remote Sensing
Texture analysis and spatial feature extraction, although used extensively for image
segmentation and processing, is a newer methodohotipeifield of remote sensing
(Bayramet al, 2011; Sandborn & Engstrom, 2016). These technigues can identify
patterns and homogeneity in spatial configurations and go beyond spectral patterns or
color intensities. Approaches inclu@abor,gray-level caoccurrence matrix (GLCM)
method histogram of oriented gradients (HQ@cal binary pattern (LBM), andlocal
edge pattern (LEMBayram et al., 2001

In remote sensing, spatial feature extractions have primarily been used for LULC
classification (Bayramteal., 2011). It claims to improve classification accuracy when
compared to pepixel classification, especially for vetyigh spatial resolution (VHSR
less than 2n spatial resolutionimagery due to greater pixel variance (Puissaal,
2005). For instance, Engstrom et al. (2015) and Graesser et al. (2012) used contextual

features to map slums. Graesser et al. (2012) introduced the technique of using various
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pixel windows to calculate spatial feature values as opposed to lookingved uradli

pixels. They rationalized that because the scale of urban areas differed spatially, multiple
window sizes were needed to effectively capture and label an urban neighborhood.
Moreover, they noted that looking at areas rather than individual pixklsaé the

amount of class outliers and computational power.

The traditional and most popular approach for LULC classification with spatial
features is GLCMAbeigne Ella et al., 2008ayram et al., 2011). Bayram et al. (2011),
however, found that GLCM isot particularly accurate, along with LEP and edge
oriented features. AlternativebpbeigneElla et al. (2008) tried to identify the texture
feature extraction methods that produce the best results for urban settlement
classification, specifically focusignon informal settlements. The authors found that
LBPM was better than GLCM in th#te formerwas more consistent in terms of
accuracy and not significantly affected by the number of sampling points. Pesaresi and
Gerhardinger (2011) determined that-fiteering imagery information before PanTex is
run was more accurate at identifying human settlements with QuickBird imagery than
incorporating the normalized difference vegetation index (NDVI) and PanTex.

Zhanget al.(2003), alternatively, found that miglte texture features were
necessary to accurately classify LULC, as a single texture feature was not enough. They
recommended using at least three or four, and beyond that threshold, the classification
accuracy improvement became negligible. For homogenareas, the number of texture
features needed was less than for spatially varying areas. They found that using the mean

derived from 16m SPOT(Satellite PourdObservation de la Tery@anchromatic

14



imagery of Beijing, China, produced the best resutisvidually, while the combination
of mean and GLCM produced the best results overall.

Spatial features have also been used to examine their relationship with urban
attributes and various country statistics. For example, Engstrom, Haeisdr(2019)
calculated spatial features, such as PanTex, Gabor, and NDVI, from VHSR imagery and
correlated them with urban attributes from OSM. Following the methodology of Graesser
et al. (2012), they did this over select areas in Sri Lanka at a block Sipexels (the
output size) and scales of 8 m, 16 m, 32 m, and 64 m (the kernel or pixel window within
which spatial features were calculated). Their model was able to explain 70% to 92% of
the variance in urban attributes (building area, building count, buiténgity, builtup
area, builtup percent, road area, road length, and road density). Engstrom, &ietsh,
Newhousg2017) and Engstrom, Newhouse al.(2017) created spatial features from
VHSR imagery to estimate poverty. Engstrom, Newhouse, et al. \201r7d that using
an OLS linear regression model allowed the spatial features to explain up to 54% of the
variance in poverty. Thus, this underscores the ability of spatial features to detect human

created features in the landscape.

A review of previouditerature highlights new potential areas to improve
population modeling efforts. Many articles on population estimation use VHSR imagery
(e.q., Azar et al., 2013szar et al., 2010Engstrom, Harrison, et al., 2019; Engstrom,
Newhouseand Soundararaja@019; Karume et al., 2017; Sandborn & Engstrom, 2016;
Tomas et al., 2016) or medium spatial resolution imagery such as from Landsat (e.g.,

Azar et al., 2013Azar et al., 2010Holt et al., 2004; Joseph et al., 20@2Li & Weng,
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2005;G.Li & Weng, 20D; L. Li & Lu, 2016; SilvanCardenas et al., 2010; Stevens et

al., 2015; Tiecke et al., 201Z;, Wu & Murray, 2007; Zandbergen & Ignizio, 2010; Zhu

et al., 2015). Furthermore, many researchers agreed that population counts must be
accurate and timely foram-emergency and emergency purposes (e.g., Azar et al., 2013;
Azar et al., 2010Fernandcet al.,2018; Joseph et al., 2013; Li & Weng, 2005;G. Li

& Weng, 2010; Sandborn & Engstrom, 2016; SiN@érdenas et al., 2010; Tomas et al.,
2016;L. Wang & Wu,2010;C. Wu & Murray, 2007; Zhu et al., 2015).

It can be argued, however, that while VHSR imagery may be more beneficial and
accurateahan lower spatial resolution imag€fliecke et al., 2017), it is not always
accessible ais is not free. Similar to howountries with limited financial resources may
encounter difficulties conducting a census (Tatem et al., 2007), thisctatstd access
barrier can also prevent them from accessing VHSR imagery. Given that Landsat has
been effective at modeling demograptariables, the freely available Senti2etan be
a powerful resource. There is a paucity of research using Seatweich, at 16m
spatial resolution, is finer than Landsat but coarser than VHSR imagery (European Space
Agency, n.d.). Sentin&? alsohas broader spatial coverage compared to VHSR imagery
(Engstrom, Harrison, et al., 2019). Thus, this can enable reslimitad government
officials to accurately estimate various variables.

Likewise, for texture analysis, though research has focusadiog VHSR
imagery to predict various country variables, current research is exploring how lower
spatialresolution imagery, such as from Sentifiels related with these attributes.

Results so far have shown that Sent@hagery is adequate in prodagisimilar

results to VHSR imagery (R. Engstrom, personal communication, March 26, 2019).
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As previously mentioned, using textural features in remote sensing is an area with
potential growth. This bottorap methodology can thus fit into the broader, growing
trend of using imagergerived textures to model and estimate population (Engstrom,
Newhouse, et al., 2019). It is important to note that the methodologies discussed in
Engstrom, Newhouse, et al. (20BAdEngstrom et al. (2015) are contaldpendent,
where the correlated variables in one area of a country were not necessarily the same in
another part of the country. To date, there has not been any work to identify how
correlations compare across countries andregtons or if there is a global indicatiat

can estimate these attributes.
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Chapter 2: Objectives
In this context, this paper will demonstrate how contextual features are related to
population density and human modification to the landscape. In other words, the
objective was tadentify if certain contextual feature characteristics are associated with
specific types of landscapes. Contextual features can be defined as the statistical
guantification of edge patterns, pixel groups, gaps, textures, and the raw spectral
signatures daulated over groups of pixels or neighborhoods (R. Engstrom, personal
communication, October 17, 2019). Given the ability of texture analysis to identify
human presence on satellite imagery ,(baildingsand roadsand the demonstrated
relationship beteen remotely sensed variables and population density, it was
hypothesized that contextual features will be strongly correlated with human settlements
and population density. To further this objective, the main research question was broken
down into the flowing questions:
1. What do contextual features derived from VHSR imagery represent in the human

modified landscape?

In order to better situate and understand the contextual features and population

density research, it was first important to understand wdratextual features

detected on the ground. Thus, looking at the relationship between contextual

features and humamodified landscapes (hereinafter synonymous wiban

attributeg could help clarify the patterns associated with various types of

landscaes. VHSR imagery could provide an accurate representation of the

ground as it minimizes the loss in detail as compardaltter spatial resolution

imagery.
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2. How do these representations of the landscape change as the spatial resolution of
the satellite imgery changes (from VHSR imagery to Sentid@magery)?
As previously mentioned, one benefit of lower resolution satellite imagery, such
as those from Sentin€l and Landsat, is the ability to freely acquire imagery. For
demographers, given the challengesociated with a census, these images can be
particularly helpful in assessing population.

In this context, once a relationship between contextual features from

VHSR imagery andirban attributebad been established, the next logical step
was to assessdlextent the relationship weakéng at alld when SentineR
imagery was used in place of VHSR imagery. thportantcontextual features
from the models based on Senti@ehind VHSR imagerwerecompared.

3. How do contextual features derived from Sentetlate to population density
based on census data?
This question served as a precursor to the subsequent question in that it only
focused on one country. This allowed for a baseline to be established to which the
results from the next question were compgare

4. To what extent can a population density model be built based on contextual
features to allow for the dasymetric mapping of population density? In other
words, can contextual features model population density in multiple countries?
After exploring the riationship between population density and contextual
features from Sentingé imageryin one countrythe study area was expanded to

incorporate data frora seconatountry. The goal was to investigate the accuracy
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of a population density model that coultba for the estimation of population

density in multiple countries.

. Do contextual features provide more information than NTL about the human
modified landscape and population?

This question sought &xplorethe relationship between urbatiributes and

NTL and between population density and NTL. These results were compared with
the model outputs from the previous questions to see whicha@remost

effective in modelingurban attributes angopulation density.
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Chapter 3: Study Area
Thestudy areafor this research were the countries of Belize and Sri Lanka. These two
countries are located in two different regiérisatin America and the Caribbean region
and South Asia regi@gnand two different continendsNorth America and Asia,
respectivly. Similar to Zandbergen and Ignizio (2010), this can create the potential to

improve the representativeness of the built models.

3.1 Belize

3.1.1 Administrative Boundaries and Governance

The government in Belize is decentralize® can be divided intiwvo tiers: national and
local (Commonwealth Local Government Forum, n@Government of Belize, n.d.). At
thefirst administrativdevel, Belize is divided into six administrative distridéelize,

Cayo, Corozal, Orange Walk, Stann Creek, Bolkkda Theseare subdivided into 31
constituencies, each with representation in
cities, town, and villagegee Figure 1Qrganization of American Stat@epartment for
Electoral Cooperation and Observatigf12 Statistical Institute of Belize, 2013b). The
local government is established through laws and consists of 2 city, 7 town, 181 village,
and 12 community councils. City and town councils oversearuntunicipalities under

the direction oklected may® village councils are responsible for village affairs

through appointing and managing committees. Community councils operate in a similar
fashion to village councils in areas that are not considecésgl,down, or village. Toledo

and parts of southern Belize utilize the alcalde system, where the village or community

leader also has judicial powers. This is primarily used by the indigenous Maya
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communities; however, rural communities are allowed twloot their affairs under this
style of governance (Commonwealth Local Government Forum, n.d.; Commonwealth of
Nations, n.d.).

Figure 1

Country of Belize Located in the Latin America and the Caribbean Region on the
Continent of North America
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Note.The map depicthrst-level district boundaries in the country. Data from Esri,
DigitalGlobe, GeoEye, Earthstar Geographics, CNES/Airbus DS, USDA, USGS,
AeroGRID, IGN, GIS User Community, DIV/&IS (n.d.), and Natural Earth (2018a
2018b, 2018c).
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3.12 Human Landscape

The Statistical Institute of Belize (2013a) counted nearly 80,000 households in Belize in
2010, of which 39,162 were in urban areas. The average household size was 4.1 people,
with a 3.7 average in urban areas and 4.4 in rural arba®elize District had the

greatest number of households (nearly 28,000), with more urban households than rural,
but had the lowest average household size offhi&ToledoDistrict had the lowest

number of households (nearly 7000), with more rural houdshiban urban, but had the
greatest household size of 4.7. In 2014, the Statistical Institute of Belize (2015) found
that most households resided in undivided private houses, but some also live in other
types includingparts of private houses, apartmenigplexes, combined business and
dwellings, and barracks.

Living conditions in the country are unigue in that cities and towns in Belize have
relatively low densities of residential development (see Figure 2; Day, 2003; World Bank
Group, 2011). This idue to the relatively large amount of available land, Belizean cities
being generally smaller than those in other countries, and Belizeans tending to own large
pieces of property due to cultural and regulatory factors (World Baokp 2011).

Belize is thus still a rural country, with 54% of its citizens living in rural areas (see Figure
3; Day, 2003; World Bank Group, 2019). According to the World Bank Group (2019),
97% of the population has access to electridibe lowdensity development results in
lengthy roads connecting residential areas together (World Bank Group, 2011). There are
four main highways in Belize, all of which are thane roads. Of the 3000 km of roads

in the country, only 600 km are paved (Central Intelligence Agency, 2020a; McNish &

Granada, 2013).
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Low population densities, coupled with an economy supported in part by forest
products, have ensured that much of the coun
Wyman & Stein, 2010)Jrbanexpansion and population growth along wattotourism
however have put a strain on forested and agricultural lands (Day, 2003; Escott & Day,

2005).

Figure 2
Population Density in Belize (1972D18)
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Note.Data from World Bank Group (2019), which are derived from Food and
Agriculture Organizatin and World Bank population estimates.
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Figure 3
Percentage of Urban and RurBbpulationsin Belize (1972018)
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Note.Data from World Bank Group (2019), for which rural data are estimates based on

theUnited Nations Population DivisioM/orld Urbanization Prospec{2018 Revision)

and for which urban data are basedJmited Nations Population DivisionVorld

Urbanizatian Prospect$2018 Revision).

3.1.3 Population

Belizeds most recent decennial census was <coO
conducted in 2000. The 2010 census counted 323,236 people (Statistical Institute of

Belize [SIB], 2010). As of 2018, Belize $ian estimated population of 383,000 (World

Bank Group, 2019). The country has seen its population doublel€dB80emostly via

immigration (see Figures 4 & 5; Munoz & Gibson, 2015). Also contributing is a

relatively new trend of lifestyle migration. R#e from around the world have been

moving to Belize (and other similar countries) due to its attractive retirement benefits (via
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its Qualified Retired Persons program), favorable tropical climate, and affordability

(Jackiewicz & Govdyak, 2015).

Figure 4
Total Population Count in Belize (19-2018)
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Note.Data from World Bank Group (2019), using {dnited Nations Population

Division: World Population Prospect2019 Revision), (2) Census reports and other
statistical publications from national statistical offices, (3) Eurostat: Demographic
Statistics, (4United Nations Statistical DivisiofPopulation and Vital Statistics Report
(various years), (5) U.S. CerssBureau: International Database, and (6) Secretariat of the

Pacific Community: Statistics and Demography Programme.
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Figure 5
Annual Population Growth in Belize (192018)
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national statistical offices, (3) Eurostat: Demographic Statistic&Jr{te¢d Nations
Statistical DivisionPopulation and Vital Statistics Repdviarious years), (5) U.S.
Census Bureau: International Database, and (6) Secretariat of the Pacific Community:
Statistics and Demography Programme.

Although Belize is experiencing a decreastoial fertility rate and has a low
population density, this increasing population will put a strain on the al@nadgd food
and natural resources in the country. Currently, Belize faces manyesmriomic issues:

high unemployment and poverty ratespecially amongst women; low adult literacy

rates; and a singlgector economy reliant on tourism receipts (Munoz & Gibson, 2015).

3.2 Sri Lanka
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3.2.1 Administrative Boundaries and Governance

There are fousubnationabdministrative levels in Sri Lankat thefirst level, the

country is divided into nine provinceSentral, Eastern, North Central, North Western,
Northern, Sabaragamuwa, Southern, lArajWestern(see Figure 6Department of
Census antatistics, 2012a). These are tliertherdivided into 25 districts, each
managed by a District Secretary chosen by the central government. The District Secretary
serves as a liaison between the central government and thelédswleadministrative
unitsand manages Distrid¢vel activities including elections. Under the Districts are 331
DS Divisions, which are administered by Divisional Secretaries. The lowest
administrative level sees the DS Divisions split into 14,022 GidadhariDivisions

(GN), within which administrative duties are carried out under the direction of the
Divisional Secretaries (Ministry of Public Administration, Home Affairs, Provincial

Councils,andLocal Government, n.eh, n.d-b, n.d-c).

28



Figure 6
Country of the Democratico8ialist Republic of Sri Lanka Located in the South Asia
Region on the Continent of Asia
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Jawewardenepura Kotte (also spelled Sri JayawardenepuraoK&telayewardenepura
Kotte) i s Sri L a iC&lanbosis the eqgnimerdiabpital(@eatralc a pi t al ;
Intelligence Agency, 2020blpata from Esri, DigitalGlobe, GeoEye, Earthstar

Geographics, CNES/Airbus DS, USDA, USGS, AeroGRID, IGN, GIS User Community,
Department of Census and Statistics (2012b), DIM& (n.d.), and Natural Earth

(2018a, 2018b, 2018c).
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3.2.2 Human Landscape
In 2012, there were nearly 6 million building units, with 5.2 million occupied housing
units and 685,000 unoccupied housing ufitspartment of Census afdatistic§DCS],
2015). The average household size was 3.8 people; Jaffna had the highest average size at
4.1, and Potonnaruwa had the lowest at 3.5. In Sri Lanka, owning property is extremely
important to residents. This igpawerful sociepsychological force, as it enables a family
to settle down (Dayaratne & Kellett, 2008). Thus, 4.2 million of the 5.2 million occupied
housing units were permanent housing units, and approximately 930,000 and 40,000 were
classified as senpermanent and improvised, respectively. The census also found that
2. 1% of Sri Lankads urban population | ives i
population living in slums is the lowest in the region (World Bank Group, 2015). On
average, 97% of Sri Lamk households have access to electricity: 99% have access in
urban areas, and 97% have access in rural dbegaftment of Census aldatistics&
Ministry of Health, Nutritionand Indigenous Medicin@017).
The proportion of 8ginurbhnearesas dower tham thatl at i on
of rural areas, at 18.5% (see Figure 7; World Bank Group, 2015; World Bank Group,
2019). This has been relatively steady as there are numerous rural development programs
(Ministry of Housing andConstruction, n.d.). laddition, with the distinction between
urban and rural becoming nebulous, these official statistics may not be reflective of
reality: Communities may appear to have urban characteristics but are officially classified

as rural Ministry of Housing andConstuction, n.d.; World Bank Group, 2015).
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Figure 7
Percentage of Urban and RurBbpulationsin Sri Lanka (1972018)
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Note.Data from World Bank Group (2019), for which rural data are estimates based on
theUnited Nations Population Dision: World Urbanization Prospect{2018 Revision)

and for which urban data are basedJmited Nations Population Divisiohorld
Urbanization Prospect&018 Revision).

Urban planning is regulated by the Urban Development Authority. The agency
sets standards on building characterissogh as square footage, building height, and
permitted activities to keep traffic manageable and maintain city aesthtigst(y of
Housing andConstruction, n.d.). Despite this, urban planning efforts are still lacking. Sri
Lanka faces numerous urbiamd management challenges. One salient issue is urban
sprawl Ministry of Housing andConstruction, n.d.). The World Bank Group (2015)

characterizeS r i Lankabs urbanization as fAmessyo an

development. As properties in the centecigés increase in value, Sri Lankans have sold
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their land and moved outside the cities. This has caused the urban areas to expand faster
than the urban population growth. An associated consequence is the disappearance of
agricultural lands, which used @ located in city centers and are now found near the
urban fringesNlinistry of Housing andConstruction, n.d.).

Sri Lanka also has over 100,000 km of roadways, of which roughly 17,000 km are
paved (Central Intelligence Agency, 2020b). Of the six roaskels, class A and class B
roads are mostly twtane national roads, and class E roads are in rural areas (Jagaratne
al., 2016; Kumarage, 2003; Mampearachchi, 2017); 70,000 km of roads, however, are not
classified (Mampearachchi, 2017). Rapid urban egjmm has placed pressure on the
countryo6s rMnastd of Heusing anorstrution, n.d.). The government is
investing in the road infrastructure: Efforts to alleviate traffic, which include widening
roads Ministry of Housing andConstructionn.d.), building new roads (Amarawickrama
et al, 2015),and restricting roads to oiveay traffic have seen varying degrees of success
(Ministry of Housing andConstruction, n.d.).

Urban land planning research in Sri Lanka has focused mainly on Colombo,
which has experienced demographic changes, sprawl, and disappearing agricultural lands
(Amarawickrama et al., 201Ministry of Housing andConstruction, n.d.; Saparamaeiu
al., 2018; Weerakoon, 2017). The region has seen its mattabs population slowly
move to the urban fringes, leaving only the wealthy anditmeme populations in the
city. Theseurbanfamilies generally live in highises, with the wealthy families living in
luxury apartmentsMinistry of Housing andConstruction, n.d.; Samaratunga®6 Ha r e ,
201 3; Samaratunga & OO6Har e, 2014). Amar awi cKk

density correlated with builip density and paddgnd area in Colombo and that the

32



level of sprawl strongly correlated with population density, huplidensityand paddy
land area. The authors also observed high levels of population density and low levels of
sprawl in Colombo but low levels of population density and high levels of sprawl in the
outskirts.

This reinforces the notion that this development is Rigineven across the
regions in the country. Development in Sri Lanka is reminiscent of ancient colonial rule,
where Colombo was the economic center. Consequently, Colombo is highly developed
compared to other regions in the country. Furthermore, thedadk af connection
between other regions, as all regions are connected via road to Colombo (Uduporuwa,
2010).
3.2.3 Population
Sri Lankaods movisldcensus was natriedoowt in ALY ayd 2012; this was
also the first countryide census isri Lanka since 198IDCS, 2015; Fernando et al.,
2018). The 2012 census counted 20,359,054 peDpleaftment of Census afdatistics
[DCS], 2012b);as of 2018, Sri Lanka has a population of nearly 21.7 million (see Figure

8; World Bank Group, 2019).
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Figure 8
Total Population Count in Sri Lanka (192018)
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Division: World Population Prospect2019 Revision), (2) Census reports and other
statistical publications from national statistical offices, (3) Eurostat: Demographic
Statistics, (4)Jnited Nations Statistical DivisiofPopulation and Vital Statistics Report
(various years), (5) U.S. CerssBureau: International Database, and (6) Secretariat of the
Pacific Community: Statistics and Demography Programme.
As of 2002, the Sri Lanka government strived to obtain a 0% population growth
due to its concern that a high population density will siown its efforts to improve the
quality of life (see Figure QVorld Health Organization [WHQO] Department of Family
and Community Healt h, n.d. ). Over the | ast

rate has been declining, and it has one of the logrestth rates in its region (see Figure

10; Ministry of Housing and Construction, n.d.).
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Figure9
Population Density in Sri Lanka (192D18)
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Note.Data from World Bank Group (2019), which are derived from Food and
Agriculture Organization and World Bank population estimates.
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FigurelO
Annual Population Growth iri Lanka(19702018)
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Note.Data from World Bank Group (2019), which are derived from total population.
Population sources are (1) United Nations Population Divishdorid Population
Prospectg2019 Revision), (2) Census reports and other statistical publications from
national stastical offices, (3) Eurostat: Demographic Statistics, (4) United Nations
Statistical DivisionPopulation and Vital Statistics Repd@various years), (5) U.S.
Census Bureau: International Database, and (6) Secretariat of the Pacific Community:
Statisticsand Demography Programme.

Sri Lanka reached the third phase of the demographic transition around the 2000s,
with decreasing birth rates and a low death rate; the total fertility rate reached
replacement level in 2001 (WHO Department of FaraitgCommunty Health, n.d.).

The Sri Lankan government integrated the National Family Planning Programme with

health care services. This, coupled with the proportion of married women, high

contraception usage rate (and subsidization of contraceptives), and theepohcti
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abortiord despite it being illegal in Sri LanBacontributed to the rapid fertility

transition between the 1960s and 2000s (Perera, 2017; WHO Department ofdramily
Community Health, n.d.). In recent years, however, there has been an increage in tota
fertility rates. Perera (2017) attributed this increase to low education levels, the rural and
urban divide, low economic status, and the weakening of the family planning program.

In the future, the ageing population and influx of a younger generatibpose
sociaeconomic and infrastructure challenges in the couMigiétry of Housing and
Construction, n.dPerera, 201 AVorld Bank Group, 20D2Increasing population
densities will also contribute to the tension between development and sustainability
(Ministry of Housing andConstruction, n.d.). Thilinistry of Housing andConstruction
(n.d.) outlined that one goal is to encourage strategickbed highdensity cities and
low-density villages to alleviate this tension.

Sri Lanka is notable in that migration out of the country is a regular phenomenon
(Sriskandarajah, 2002). Migration is usually due to settlement, economic, political, or
educatimal reasons. The Sri Lankan government encourages its habitants to migrate for
work, and it is estimated that there are over 1.5 million migrants working abroad (United
Nations EconomiandSocial Commission for Asiandthe Pacific [UN ESCAR]Social
Devdopment Division n.d.). The 1962009 Sri Lankan Civil War also forced people to
move (Fernando et al., 2018). The wavducedmnany internally displaced persons
(IDP), especially in the Northefrovinceand EasteriProvince. For instance, IDPs in
the Nathern Province fled to the Vavuniyaistrict, andthe JaffnaDistrict andthe
MannarDistrict experienced a decline in growth rates (Fernando et al., 2018). Moreover,

between 1983 and 2001, close to 1 million pedpigostly Sri Lankan Tamis left the
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county; most of them sought asylum in India, but some went to France, Germany,
Canada, and the United Kingdom (UN ESCA&Bcial Development Divisiom.d.;
Velamati, 2009). Nearly 500,000 returned back to the Northern Province or resettled
across Sri Lanka posvar (Fernando et al., 2018; UN ESCAFRcial Development

Division, n.d.).

Within the context of the objectives, the courdpecific discussion enables the
confirmation of the following points for the study ares:geople live in buildings(b)
the clanges in the humamodified landscape (land use change to include electrification,
urban expansion, and road construction) have the potential to indicate changes in
population and €) the impacts of population growth remain a conckighlighting the

need for current and accurate population counts.
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Chapter 4. Methodology
To answer the research objectives, the following relationships were analyzed: contextual
features versus urban attributes, contextual features versus populatityy t&rs
versus urban attributes, NTL versus population density, and contextual features and NTL
versus population density (see Table 1). The methodology used in this project largely
followed the approach taken by Engstrom, Harrison, et al. (2019) andséra al.
(2012; see Figure 11).

Table 1
Relationships Analyzed in Research

Q Independent Variables Dependent Variable Area(s)

1 Contextual features (VHSR) Urban attributes (OSM)  Sri Lanka (4 cities)

Sri Lanka (4 cities)
2 Contextual features (Sentir2) Urbanattributes (OSM) Sri Lanka
Belize-Sri Lanka

Sri Lanka
Contextual features (Sentir2) Population density (censusBelize
Belize-Sri Lanka

Sri Lanka
Belize-Sri Lanka

Sri Lanka
5 Nighttime lights (Suomi NPP) Population density (censusBelize
Belize-Sri Lanka

Sri Lanka
Population density (censusBelize
Belize-Sri Lanka

Note.The table depicts the simain relationships investigated in the context of the
research questions (Q). The independent and dependent variables, along with their
sources and areas covered, are listed for each relationship. Data used inchiighvery
spatial resolution imagery (VHY, Sentinel2 imagery, urban attributes from
OpenStreetMap (OSM), census data, and nighttime lights imagery from Suomi National
Polarorbiting Partnership (NPP).

AR W

5 Nighttime lights (Suomi NPP) Urban attributes (OSM)

5 Contextual features (Sentir2)
& nighttime lights (Suomi NPP}
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Figure 11
Project Methodology

DATA ACQUISITION
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Calculate U Calculate zonal Calculate zonal
DATA PROCESSING opulation density bulldings 8 roads statistics statistics
pop within EDs & GNs

Create independent and dependent variables

Calculate
contextual features

Perform exploratory data analysis

Build models (random forest &

DATA ANALYSES elastic net regularized regression)

Assess / compare models

Note.Abbreviations: ED, Enumeration District, ED; GN, Grailadhari Division
OSM, OpenStreetMaf he project methodology generally mirrors the approach by
Engstrom, Harrisoret al.(2019) and Graesser et al. (2012).

The processing and analysis were run using Esri ArcGIS Desktop 10.7, QGIS
2.14, Microsoft Exel, Google Earth Engine, Python 3.6, and R 3.6.1. For Python, the
following libraries,modules andpackagegand their associated version numbers) were

used: ArcPy, NumPy (1.17.2), SciPy (1.3.0), pandas (0.25.1),-kakit (0.21.2;

Pedregosa et al., 20), joblib (0.13.2), and os. For R, ggplot2, RColorBrewer, and scales
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packages were used. While most tasks were completed on individual personal computers
running Windows 10 Enterprise version 1809 and macOS version 10.14.3, resource
intensive scripts wertasked to the George Washington University supercomputer
ColonialOne (https://colonialone.gwu.edu) using the bash scripting language. Sri Lanka
data were reprojected to the Universal Transverse Mercator (UTM) Zone 44N coordinate
system (European PetrotaeuSurvey Group [EPSG]: 32644), and Belize data, the UTM
Zone 16N coordinate system (EPSG: 32616). Both projected coordinate systems are
based on the World Geodetic System (WGS) 1984 datum and have units in meters

(MapTiler, n.d-a, n.d:b).

4.1 Data Acquskition

4.1.1 Vector Boundary Data

Country boundaries were downloaded from DPZAS (n.d.)andNatural Earth (2018a)

as polygon shapefiles. Populated places were downloaded from Natural Earth (2018c) as
a point shapefile. Ocean boundaries were downloaded from Natural Earth (2018b) as a
polygon shapefile. Detailed polygon shapefiles delineating the Enumeration Didi)ct (E
and GN levels were also provided by the SIB (2010) for BelizeDs2@(2012b) for Sri

Lanka, respectively. The shapefiles had 723 EDs in Belize and 14,021 GNs in Sri Lanka.
4.1.2 Multispectral Satellite Imagery

Limited VHSR imagery was provided only f@olombo, Kurunegala, Negombo, and
Batticaloa (see Figure 12). WorldVie2vimagery resampled torBeter spatial resolution

for Colombo (January 1, 2010) and Kurunegala (January 30, 2012) were used

(DigitalGlobe, 2010b, 2012). Also used was GeclEymageryfor Negombo (February
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14, 2010) and Batticaloa (September 16, 2010), resampled-hoete spatial resolution

(DigitalGlobe, 2010a).

Figure 12
Cities in Sri Lanka with VHSR Imagery Coverage
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Census and Statistics (2012b), DAM&AS (n.d.), and Natural Earth (2018a, 2018b,
2018c).
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Imagery of Belize and Sri Lanka from Senti2ef and B satellites between
January 1, 2017, and March 31, 2018, were obtained freely from tbhpdzur Space
Agency (2018). Google Earth Engine was used to create afrlidnage for each
country using the median pixel in each band (blue, green, red, anohinaged [NIR]).
4.1.3 Nighttime Lights Imagery
Suomi NPP VIIRS DNB NTL imagery watownloaded from the Earth Observation

Group (EOG), Payne I nstitute for Pu-blii

oomntl|l 06 for the tiles A75NO0O60EO and A75N180WO

resolutions of approximately 750 m (Jing et 2016; Kramer, n.db) and have units of
naneWatts cn¥ srt (nano is 10; Ma, Zhou, Pei, et al., 2014). This particular dataset
was temporally averaged across the year and consists offcb@uaverage radiance
values with outliersd.g.,temporal and ephemeral lights) removed and background non
lights set to 0 (EOG, Payne Institute for Public Policy, 2018).

This product was chosen for a few reasons. First, it is the most recent annual
dataset available and thereby matches imagery datks 8entineR imagery the
closest. Second, the monthly datasets do not have temporal lights removed, which
thereby woulchaverequiral extensive masking and thresholding (Jing et al. 628 Li
et al.2013;RunWanget al, 2017). Third, although snowtdicially inflates NTL values
(Elvidgeet al, 2013; Levin & Zhang, 2017), the lack of snow in Sri Lanka and Belize
makes the annual composite acceptable to use (Department of Meteorology, 2019;
Ministry of Forestry, Fisheries, and Sustainable Developmeteal, n.d.; Statistical
Institute of Belize, 2018).

4.1.4 Urban Attributes
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To capture the humamodified landscapédyuilding footprint polygonsind oad
polylineswere downloaded in shapefile format from OpenStreetMap (2019) via
GeoFabrik (https://wwvgeofabrik.de), which enables the quick download of OSM
variables within a country. OSM is an opswurce database of physical and maade
features digitized on a base map and continually updated (Engstrom, Harrison, et al.,
2019). OSM data for Sri Lank&ere downloaded on May 21, 2019, and the Belize OSM
data were downloaded on August 20, 2019.

4.1.5 Population

Census data were provided in table format by SIB (2010) for Beliz®@&{2012b) for

Sri Lanka. The enumeration ufiite., census tracth SriLanka was at the GN level,
resulting in 14,001 records. For Belize, the enumeration unit was at the ED level; there

were 775 records

4.2 Data Processing

4.2.1 Vector Boundary Data

The vector data boundaries were modified as necessary to ensthetbatere no
overlapping polygons.

4.2.2 Contextual Features

The 11 contextual features calculated for this project were Fourier; Gabor; HOG;
lacunarity; line support regions (LSR); LBPM; mean; NDdfiented FAST andotated
BRIEF (ORB); Pafex; and stratural feature sets (SFS). Bas

(https://github.com/jgrss/spfeas), an o@emnirce Python package developed by Graesser
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(n.d.), andhe Geospatial Data Abstraction Library (GDAkgre used to process these
images.

Fourier Transform. Fourier transform captes the frequency of patterns across
an image. The underlying concept is that any signal can be represented as a series of
sinusoidal signals (Jensen, 1996; King, 2017). Thus, an image can be decomposed into
sine and cosine waves with various amplitudesfeequencies (Couteron, 2002). The
Fourier transform is a complex function that consists of magnitude and phase parts, and
the former is usually displayed as the output image. In these magnitude outputs, low
frequency features, such as a water bodyloasged closer towards the center, and the
frequency of the components increases farther from the center (Jensen|riS@6kras,
Fourier produces two outputs: mean and variance (Graesser, n.d.).

Gabor. Gabor is a linear filter used for edge detectioayfam et al., 2011).
Multiple filters essentially consisting of strips are created by a sinusoidally modulated
Gaussian function (C. Chen et al., 2005;Li & Du, 2014; Yang et al., 2015), all of
which form the filter bank (Bianconi & Fernandez, 2007;ddajlet al.,2013). The size,
shape, and orientation of the filters are set through various parameters, and the various
orientations of the filters enable extraction of features with different orientations (C.
Chen et al., 2015; Yang et al., 2015). Whenmage is run through the filter bank, a
Gabor wavelet transformati oetal.@®ll)inhe i mage i s
SpFeas(Gabor produces6loutputs: mean, variance, and the individugfilters
(Graesser, n.d.).

Histogram of Oriented Gradients. HOG identifies the orientation and

magnitude of shades (Dalal & Triggs, 2005). It is thus able to distinguish settlement and

45



nonsettlement classes (Graesser gt24112). To calculate HOG, gradient magnitudes in
both thex andy directions are calculated for each pixel. These two values are then
combined to obtain the magnitude and the direction of the gradient (Toetiahe

2014). The image is subsequentlyided into subregions called cells (Lee & Mokji,

2014). Within each cell, the gradient direction is used to bin (group) the pixels by angles
(1°-180°; Dalal & Triggs, 2005; Lee & Mokji, 2014; Torrione et al., 2014). The

magnitude of each pixel is distrilmat to its associated bin, withe magnitude value split
amongst two bins if the gradient direction falls between the two bins. The magnitudes are
then aggregated within each bin to form a histogram (vector) for the cell (Dalal & Triggs,
2005;Z. Lei et al, 2010).

To remove the effects of lighting, four cells (and their four associated histograms
or vectors) are concatenated into a block, and the concatenated vector is subsequently
normalized (Lee & Mokji, 2014; Torrione et al., 2014). All the block vectoe
combined again to form the final HOG vector (Bayram et al., 2011). Various statistics on
the histograms can be extracted (Graesser et al., A81)FeasHOG produces five
outputs: maximum, mean, variance, skew, and kurtosis (Graesser et)l., n.d.

Lacunarity. Lacunarity measures the homogeneity of the landscape by looking at
the spatial distribution of gap sizes. For heterogeneous images, all gap sizes are not the
same; thus, the image is not translationally invariant, and lacunarity is hight @i,

2006; Quaret al, 2014). For instance, in urban areas, there are gaps between buildings,
and in high density areas, there tend to be less gaps (Graesser et al., 2012). The extent of
the variation in gap sizes, however, is scale dependent (Fye&dfux, 1995; Myint et

al., 2006; Quan et al., 2014).
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There are multiple ways to calculate lacunarity. One method involves a moving
window in which the number of holes is calculated (Ploteical, 1996 Quan et al.,
2014). First, an intensity surfacejnere the plane is the image and z&is (.e., height)
is the intensity of the pixels (based on value), is created. A moving window of a set size
is chosen and centered over one pixel. A smaller gliding box is placed in the upper left
corner of the moving window. If necessary, multiple boxes are staxkéhat all the
pixel intensities are contained within the gliding box column. The relative height is
calculated using the minimum and maximum pixel values within the column. As the
gliding box moves across the image window, all the relative heightsiammed, and a
formula is used to calculate lacunarity for that initial center pixel. The window moves
across the image, repeating the process (Dong, 2008pFeaslacunarity produces one
output, which is the lacunarity value (Graesser, n.d.).

Line Support Regions.LSR extracts straight lines from imagery, which can
determine the area and spatial configuration of settled areas @wah986; Graesser
et al., 2012; Unsalan, 2006). Gradient orientations on an image are first calculated and
used to goup pixels intd_SRs with similar gradient orientations. Lines that do not have
enough support, as described in Burns et al. (1986), are removed. A plane fit to the pixel
intensities using a leastuares fit and a horizontal plane of average pixel integsi
both weighted by local gradient magnitude, are created. A line is extracted where the two
pl anes intersect. Th eie.lintemsity@hange aver the lihe), wi dt h,
steepness.g., slope of intensity change), and straightness aasexjuently be obtained
(Burns et al., 1986)n SpFeasl.SR produces three outputs: line length, line mean, and

line contrast (Graesser, n.d.).
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Local Binary Pattern. LBPM assesses the homogeneity of an image. It can
detect bright and dark spots, flat eaeand edges (Ojakt al, 2002). After the radius and
number of neighbors are specified, the value of a center pixel is compared with the values
of its surrounding neighbors. If the center pixel value is smaller or equal, the neighbor is
given a value ol; if the center pixel value is greater, then the neighbor is given a value
of 0 (AbeigneElla et al., 2008; Guet al, 2010;D. Huanget al, 2011; Ojala et al., 2002;
Zhaoet al, 2012). The values around the center pixel are taken sequentially @aamin
binary string made up of Os and 1s) and inputted into an equation to obtain tkle LBP
code for the center pixeD( Huang et al., 201MV. Li et al, 2015; Ojala et al., 2002).
Patterns with more than twel0or 10 switches are not uniform, while patie with two
or less switches are considered uniform (Guo et al., 2010; Ojala et al., 2002; Zhao et al.,
2012). These patterns are used to build a histogram that has separate bins for each
uniform patternile.,.s ame sequence of O0oéalnoaumitbrml ds) and o
patterns (Ojala et al., 2002; Zhao et al., 20k2BpFeasl.BPM produces five outputs:
maximum, mean, variance, skew, and kurtosis (Graesser, n.d.).

Mean. The mean of the image is calculated using inverse distance weighting
(IDW; Graesser, n.d.). IDW is an interpolation method, where the influence of a point on
an unknown point decreases with distance; in other words, it is inversely related with
distanceFact or s affecting a pointds weight inclu
and the specified power setting, which controls the rate at which the influence of points
decreases with increasing distance (Bolstad, 2016). In the contextSgFeasnodule

pixels near the center of a frame of interest are given higher weights in calculating the
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mean than pixels near the edges (Graesser, Imn&pFeasmean produces two outputs:
mean and variance (Graesser, n.d.).

Normalized Difference Vegetation IndexNDVI is one of the most widely used

spectral approaches to assess vegetation.

in the NIR region and in the red region. High NDVI values (towards 1) reflect a higher
density of green vegetation, and low val(tesvards-1) reflect a lower density (Jensen,
1996). NDVI values are generally lower in and negatively correlated with built up areas
due to sparser vegetation (Fung & Siu, 20005pFeasNDVI produces two outputs:
mean and variance (Graesser, n.d.).

ORB. ORB is a featurdased matching method introduced by Rulelea!.
(2011), and not much literature exists on the subject (Kulledrali, 2013). In short,
ORB combines the Features from Accelerated Segment Test (BASEpture
detectod and Binary Robst Independent Elementary Features (BRER)feature
descriptod approaches together, which, according to the authors, improves efficiency
and reduces computational power (Rublee et al., 2011).

To calculate ORB, the FAST algorithm is first used to iderkiypoints at each
level in a scale pyramid of the image, and the Harris corner measure orders the keypoints
and rejects edges picked up by FAST (Kulkarni et al., 2013; Rublee et al. 201d et
al., 2012). Intensity centroid is used to assign an atent to the corner(. Lei et al,

2015; Rublee et al., 201Rui Wanget al, 2019). Finally, BRIEF selects a random pair
of pixels around a keypoint, compares their intensity values, and assigns them binary
values (Rublee et al., 2011; Xtial, 2012).The orientation from the intensity centroid is

then used to steer BRIEF towards this orientation, as BRIEF is not invariant to rotation.
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Finally, a greedy algorithm takes all the pairs and creates a subset (usually 256) of
uncorrelated pairs. This form=2&6-bit feature descriptor output referred to as rotated
BRIEF (rBRIEF;Y. Lei et al., 2015; Pharet al, 2019; Rublee et al., 2011 SpFeas,
ORB produces five outputs: maximum, mean, variance, skew, and kurtosis (Graesser,
n.d.).

PanTex.PanTex extras builtup areas from panchromatic imagery using the
GLCM approach (Pesaresi & Gerhardinger, 2011; Pesatraki 2008). The textural
contrast is calculated in all directions within a window around a pixel. The minimum
value is taken, and the output wall the minimum values is the PanTex index. For urban
areas, this minimum value would be consistently high. Pesaresi et al. (2008) justified
their use of minimum values over average values by explaining that average values
would produce an edge effectaitttould overestimate builip areasln SpFeasPanTex
produces one output: minimum contrast (Graesser, n.d.).

Structural Feature Sets.SFS extracts information on directitines (X. Huang
et al, 2007). To calculate SFS, lines from the center pixetiaated in all directions.

For a directiorine, a pixel is compared with the center pixel to determine whether that
pixel is considered homogenous. If it is, it is added to the direction line; the line keeps
extending until a pixel, compared with the aamixel, is not considered homogenous

based on set threshold levels Huang et al., 2007; Sghaieral, 2017). This is

repeated for all line directions, and the lengths of the lines are aggregated using a formula
described irX. Huang et al. (2007). Aistogram is then built from the lines associated

with the central pixel, from which statistical measures can be extratctétuang et al.,

2007).In SpFeasSFS creates six outputs: maximum line length, minimum line length,
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mean, wmean, standard deviah, and maximum ratio of orthogonal angles (Graesser,

n.d.).

The contextual featuresecalculated by comparing each pixel or group of
pixelsd referred to as the bloékwith its surrounding pixe referred to as the scale
Theblock sizeis alsothe pixel size to which the contextual feature stasdiereported
(Engstrom, Harrison, et al., 2018)ultiple scale sizes were chosen becausextent
and variability of neighborhoods vary (Graesser et al., 2F2)VHSR imagery,
contextual featres were created at a block size of 8 pixels and scales of 8 m, 16 m, 32 m,
and 64 m (see Figure 13; Engstrom, Harrison, et al., 2019). For Seéhimagery, most
contextual features were created using scales of 30 m, 50 m, and 70 m. For-8entinel
derived SFS, Fourier, and LSR, however, the scales were 31 m, 51 m, and 71 m in order
to effectively contextualize the landscape. For all Senfir@intextual features, the
block size remained one pixel to be consistent with VHSR contextual features (gee Figu
14; Engstrom Research Group, 2019).

When run over an image, a series of tiles that contain multiple bands, with the
number of bands dependent on the contextual feature run (as they all have a different

number of outputs) and the scales (as the procassesn at each scale), are created.
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Figure 13
Scale and Block Size Diagram for Calculating Contextual Features from VHSR Imagery

IMAGE

Note.The scale sizes were setto 8 mx8m, 16 m x 16 m, 32 m x 32 m, and 64 m x 64
m, and the block size was set to 8 pixels. Diagram is not drawn to scale. Adapted from
Graesser et al. (2012).
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Figure 14
Scale and Block Size Diagram for Calculating Conteeatures from Sentingl

Imagery

IMAGE

Note.Most scale sizes were set to 30 m x 30 m, 50 m x 50 m, and 70 m x 70 m, and the
block size was set to one pixel. Diagram is not drawn to scale. Adapted from Graesser et
al. (2012).

Next, the tiles from the feat& extraction process were combined to form a
unified image for each study area. The bands from these images were subsequently
separated. Finally, zonal statisticenean, sum, and standard deviafiomere calculated
on each separated feature output at theaBDGN levels.

The combining of tiles resulted in gaps of blank pixels where they were merged.

To prevent these values from influencing the results, EDs and GNs that overlapped with
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these seams were removed from analysis: 36 EDs and 619 GNs were remmoved f

Belize and Sri Lanka, with 687 EDs and 13,402 GNs remaining, respectively (see Figures

15 & 16).

Figure 15
Contextual Feature Areas in Belize (687 EDs)
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Note.Abbreviation: ED, Enumeration District. Data from DIMAIS (n.d.),Engstrom

Research Grou(2019),Natural Earth (2018a, 2018b, 2018c), and Statistical Institute of
Belize (2010).
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Figure 16
Contextual Feature Areas in Sri Lanka (13,402 GNSs)
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Note.Abbreviation: GN, Grama Niladhari Division. Data from Department of Census
and Statistics (2012b), DIV/&SIS (n.d.),Engstrom Research Group (201&0d Natural
Earth (2018a, 2018b, 2018c).

4.2.3 Nighttime Lights

NTL imagery was resampled to 500 m usihg tubic convolution method, as don&in

Chen et al. (2015), Jing et al. (B)Tesampled to 491 ypandXi Li et al. (2013) The

Zonal Statistics tool was used to summarize NTL data within each ED and GN for the
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following statistics: mean, sum, and standard deviation. These statistics were chosen to
maintain consistency with the contextual feature variables and because siatigics

also proved to be related to population (as concluded by Jing et &; 1202001 Ma,

Zhou, Pei, et al., 2014ndMa, Zhou, Wang, et al., 2014

4.2.4 Urban Attributes

As the comprehensiveness of OSM data varies over space, the filsatagkidentify

the EDs and GNs with complete and accurate road and building OSM data. The data
layers were overlaid on top of satellite imagery to assess their comprehensiveness (see
Figures 17 & 18). For Belize, 80 EDs had complete data (see Figueot Gri Lanka
overall, 333 GNs had complete OSM data (see Figure 20). Of the 333 GNs, 192 fell
within the VHSR coverage areiag(, Colombo, Kurunegala, Batticaloa, and Negombo).

In total, there were 413 EDs and Gidsed inboth countries (see Figure 21).
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Figure 17
Examples oEDs in Belize with Complete OSM Data
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Note.Abbreviations: ED, Enumeratlon Dlstrlcts OSM OpenStreetMap Data from Esri,
DigitalGlobe, GeoEye, Earthstar Geographics, CNES/Airbus DS, USDA, USGS,
AeroGRID, IGN, GIS User Community, DIV/&SIS (n.d.), OpenStreetMap (2019), and
Statistical Institute of Blize (2010).
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Figure 18
Examples oGNsin Sri Lanka with Complete OSM Data
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DIVA-GIS (n.d.), and OpenStreetMap (2019).
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Figure 19
EDs in Belize with Complete OSM Data
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OpensStredtlap (OSM). Data from DIVAGIS (n.d.), Engstrom Research Group (2019),
Natural Earth (2018a, 2018b, 2018c), and Statistical Institute of Belize (2010).
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Figure 20
GNs in Sri Lanka with Complete OSM Data

OSM Areas

SRI LANKA | 2019

Palk Strait

Kurunegala

Author: Steven Chao

Date: Spring 2020

Sources: Department of Census & Statistics,
DIVA-GIS, Matural Earth

Coordinate System: WGS 1984 UTM Zone 44N

Laccadive
Sea

. Populated place

O Capital

| GN with complete
OSM data

5[0 Kilometers - GN with incomplete
OSM data

(=R =}

1
50 Miles

Note.In Sri Lanka, 333 Grama Niladhari Divisions (GN) had complete road and building
data in OpenStreetMap (OSM). Of that amount, 141 GNs were located in areas that were
covered by venhigh spatial resolution imagery. Data from Department of Census and
Statigics (2012b), DIVAGIS (n.d.), Engstrom Research Group (2019), and Natural

Earth (2018a, 2018b, 2018c).
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Figure 21
Count of EDs in Belize and GNs in Sri Lanka with Complete OSM for each Imagery Type
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Note Belize had 80 Enumeration Districts (ED) withntplete OpenStreetMap (OSM)
urban attribute data. In Sri Lanka, 333 Grama Niladhari Divisions (GNs) had complete
data. Of the 333 GNs, 192 were within the area with-tégh spatial resolution (VHSR)

imagery coverage.

The road and building shapefiles wdirst clipped to each of the 80 EDs and 333
GNs. Within each unit, building area, building count, building density,-bpilarea,
built-up percent, road area, road density, and road length were calculated in a fashion
similarin Engstrom, Harrison, et al. (2019). Building area is the total area of building
footprints in square meters. Building count is the number of buildings. Building density is
building count divided by ED or GN area in square kilometers. Bpilarea is theusn
of road area and building area in square meters.-Bpifiercent is buttip area divided

by ED or GN area in percent. Road length is the toal $ummed) length of all road
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segments in meterRoad density is road length in meters divided by EGMrarea in
square kilometers.

Road area is the total area of all road segments in square meters. Since OSM
roads are polylines, they were multiplied by estimated road widths based on their
classifications and the direction of traffic. The estimated radthe/were determined
using the ArcGIS Measure tool on satellite imagery and the OSM metadata guidance
provided by Ramm (2019; see Tables 2 & 3 for the measurements).

Table 2
Belize Road Classes and Widths Used to Calculate Road Area

OpenStreetMap Road Qass Two-Way Road One-Way Road
[fclass] [ oneway [ oneway = i

primary

primary_link 13.00 m 6.50 m

secondary

: 10.00 m 5.00 m
secondary_link

tertiary

tertiary_link 7.50m 3.75m

living_street
residential
service
track
track_gradel
track_grade2
track_grade3
track_grade4
track_gradeb
unclassified

500m 5.00m

cycleway
footway
path
pedestrian

(other) Om Om

4.00 m 4.00 m

Note.Road classeanddirectiors from OpenStreetMap (2019) and Ramm (2019).
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Table 3

Sri Lanka Road Classes and Widths Used to Calculate Road Area

OpenStreetMap Road Class

[fclass]

Two-Way Road

[ oneway

One-Way Road
[ oneway = i

motorway
motorway_link
trunk
trunk_link
primary
primary_link

15.00 m

7.50 m

secondary
secondary_link

10.50 m

525m

tertiary
tertiary_link
cycleway
footway
living_street
path
pedestrian
residential
service
track
track_grade3
track_grade5
unclassified
unknown

4.25m

425m

(other)

Om

Om

Note.Road classes and directions from OpenStreetMap (2019) and Ramm (2019).

4.2.5 PopulatiorDensity

The census datasets were joined to their respective shapefiles. The area was calculated for

each ED and GN, and the census datadwaded by the area to obtain the population

density (people per fhfor each ED and GN. A few records did not join successfully due

to possible mismatches between the respective datasets.

4.3 Data Preparation and Exploratory Data Analysis

63



The datasets we then combined in accordance with the six main analyses (see Table 1),
with each analysis having its own CSV file consisting of the relevant dependent and
independent variables. In total, 49 CSV files were created. When the population density
and contexial feature datasets were combined, 687 EDs and 13,402 GNs remained.
When NTL statistics were combined with population data, 702 EDs and 13,976 GNs
remained. This was most likely due to possible mismatches between the datasets.

Before building a model, it first important to explore the data to assess
expectations, anomalies, and assumptions (Pe
2014). Various descriptive statistics were calculated on the variables usinguBealnt
comparehevariables across admintsative boundaries.

To reduce the large number of independent variables, bivariate correlations were
conducted between each independent variable and the dependent variable, which is a
similar methodology used by Engstrom, Harrison, et al. (28d8)oseptet al. (2012)
Pearsonés correlations, which characterize t
were calculated. The associatedgiue for each correlation was obtained, and only the
independent variables that hadgdueslessthan a significane level of 0.05 were kept.

Of these, only the top 200 variables with the strongest correlation coeHi(pesttive or
negative) were kept to further subset the significant independent variables. Finally, all the

variables within each CSV file were sadland normalized.

4.4 Model Building

The processed data were separated, with 80% for training and 20% for testing. These

were then used to create elastic net regularized (ENR) regression models and random
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forest models to predictrban attributes angopulation density. Given the small sample
sizes of some analyses, which can make models unstable, each analysis went through 100
trials, with the random seed values set from 1 to 100 for each subsequent trial (this is
similar to Engstrom, Harrison, et al., 2019, who performed 10 trials per endys

Mann, personal communication, 14 July 2019). The ousgatssticsfrom the 100 trials

were then combined and averagilbst of the output statistics were eaftsample

values in order to assess how well the models fit (James et al., 2013).

4.4.1 Elastic Net Regularized Regression

Developed by Zou and Hastie (2005) and used by Engstrom, Harrison, et al. (2019), ENR
is a variable selection method that combines the least absolute shrinkage and selection
operator (LASSO) and ridgegressionsBoth are similar to OLS (linear regressions

were used by BagaandYamagata, 2015]loseph et al., 201Ro, 2001; andMa, Zhou,

Wang, et al., 204but have slight differences (Janetsal, 2013). The ridge regression
applies a regularization term equathe sum of squared coefficieftshe Jb normd

which can shrink coefficientdose(but not equal) to 0. Alternatively, the LASSO
regression applies a regularization term equal to the sum of absolute values of the
coefficient® the/bnormd which can remove olependent variables by forcing their
coefficients to 0, a method also known as variable selection (Hans, 2011; James et al.,
2013). Each regularization term is multiplied by a tuning parametehich together

forms the shrinkage penalty (i.€5 penaly and/b penalty); thus, the tuning parameter
controls the weight or extent of the penalties. Whénlarge, the coefficiestapproach

or equal 0 in ridge regression and approach 0 in LASSO regreasmENR essentially

becomes aull model. When_is small or equal to O, the penalties are essentially voided,
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and ENR becomes equal to OLS (James et al., 2013). Moreover, the mixing parameter
is set to control the ratio between ridge ( ) and LASSO|(  p; Pedregosa et al.,
n.d-b).

Thus,ENR comhbnes the advantages of LASSO and ridge regressions, proving to
be more accurate than solely using the LASSO technique (Hans,Z201& Hastie,

2005. TheENR equation is written as (Zou & Hastie, n.d., 2005):

Ik ADCE®Y QOIE _AAE _AE 1)
where:

A A f

A K f

It can also be written as (Zou & Hastie, n.d.):

| EAw O 2

subject to:

where:
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In brief, as (1) and (2) show, ENR minimizes the residual sum of squares (RSS,
which is used for OLS&0 @ &) with the constraint of the added regularization terms
(i.,e.,Jbnorm,A A& and/bnorm,A 4£). Thus, ENR gives a model of best fit by using
the least number of independent variables to explain the dependent variables, improving
on OLS and reducing multicollinearity (Schreilgregory, 2018a, 2018Db).

Using ElasticNetCV, select parameters were tunadive-fold crossvalidation
to produce théest model, as used by Engstrom, Harrison, et al. (2019; see Table 4). The
output variables from each trial were a list of features, (ndependent variables) and
their coefficients, oubf-sampleR-squaredstatistic(R?), out-of-samplemean square emro
(MSE), the I1 ratio, and alpha .

Table 4

UserDefined Parameters for ENR Regression Using ElasticNetCV from-Bedin
Module (Version 0.21)

Parameter Description of Purpose Value(s)
max_iter maximum iterations 1e8
alphas constraint 0.0005, 0.001, 0.01, 0.03, 0.05, ¢
. the ratio between
[1_ratio /b and/b penalties 0.1,0.5,0.7,0.9,0.95,0.99, 1
verbose verbosity False
. number of CPUs for
n_jobs . -1
cross validation
cv crossvalidation splitting strategy 5
: random coefficient updated
selection . . random
each iteration
fit_intercept calculate intercept if data not False

centered

Note.The remaining parameters were left as default. Abbreviation: ENR, elastic net
regularized regressioRarameters and descriptidnem Pedegosa et al. (n.d).
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4.4.2 Random Forest Regression

Introduced by Breiman (2001) and usedkb\Li et al. (2018) and Stevens et al. (2015),
random forest is an ensemble modeling approach that consists of many decision trees.
Graphically,decision trees are essentially tHide diagrams with numerous splits used to
predict an output value given an input valseq Figure 22James et al., 2013).

Figure 22
Decision Tree Diagram with Nomenclature

Root Node

Internal Node Internal Node

Leaf Node Leaf Node

Note.Nomenclaturdrom Jamest al.(2013).

To build a decision tree, the data are split ihk@af nodes or distinct regiods

Y,Y, €Yo where each observation within a region is given the same prediction

which is the mean of the regionds training o
2013). To split the regiorR into J regions, each split is determined by minimizing the

overall RSS between the separated groups (James et al., 2013), which is:

233 ® O (3)

68



For random forests, each tree is chosen from a different sample, and each split at
the node of a tree is determined by a random subset of independent variables (Breiman,
2001; James et al., 2013; Stevens eR8all5). As trees are unable to utilize the entire set
of predictors, it prevents one strong predictor from overpowering other variables and
creating similar decision trees. Thus, a random selection from a set ensures that the
predictions from the trees amet strongly correlated and that the average of all the trees
is more reliable (James et al., 2013). One major advantage of random forests is that they
work well even when there are a large number of predictors, including when some are co
related. Randonofests are also nonparametric, meaning the methodology makes no
assumptions about the distribution of the data (Stevens et al., 2015).

When building the random forest models using RandomForestRegressor and
GridSearchCV, select parameters were tunediwefold crossvalidation to produce the
best model (see Tables 5 & 6; M. Mann, personal communication, 14 July 2019). The
output variables from each trial were a list of features, (ndependent variables) and

their importancevalues outof-sampleR?, and out-of-sampleMSE.
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Table 5
UserDefined Parameters for Random Forest Using RandomForestRegressor from
ScikitLearn Module (Version 0.21)

Parameter Description of Purpose Value(s)
n_jobs number of CPUs for crosslidation -1
verbose verbosity False

n_estimators number of trees in forest [see Table 6]

min_samples_leaf minimum number of samples at leaf noc  [see Table 6]

maximum number of features to be

max_features considered during a split

[see Table 6]

Note.Theremaining parameters were left as default; some parameters were not used until
GridSearchC\{see Table 6)Parameters and descriptidnem Pedregosa et al. (n-a).

Table 6
UserDefined Parameters for Crodsalidation Using GridSearchCV frofcikitLearn
Module (Version 0.21)

Parameter Description of Purpose Value(s)

n_estimators200, 300, 500, 700, 900, 10(
parameters used for min_samples_leatt, 2, 5, 10, 25
crossvalidation max_featuresauto, sqrt, log2, 0.33, 0.20,
0.10, None

param_grid

crossvalidation
CcVv . 5
splitting strategy

method to evaluate

SCOMNG  predictions against test s

neg_mean_squared_error

verbose verbosity False

) number of CPUs for
n_jobs e -1
crossvalidation

Note.The param_grid parameters were taken from the RandomForestRegressor output.
The remaining parameters were left as def®atameters and descriptidingm
Pedregosa et al. (n-d).

7C



Chapter 5: Exploratory Data Analysis
5.1 Enumeration District and Grama Niladhari Division Areas
While the mean ED area of Belize was greater than the mean GN area of Sri Lanka, the
median ED area of Belize was less than the median GN area of Sri Lanka (see Table 7).
The statistics thus reveal that the Belize distribuisoextremely skewed to the right but
that most of the EDs in Belize are smaller than the GNs in Sri Lanka. The large
maximum value of Belize is the one ED that extends over the Caribbean Sea theover
soutlernislands.

Table 7
DescriptiveStatistics for the Areas of 702 EDs in Belize and 13,976 GNs in Sri Lanka

Study Area Minimum Median Mean Maximum [S)tea:/ri]gt?(;ﬂ
Belize 0.013 049 29.31 293457 145.36

Sri Lanka 0.038 1.97 4.68 562.64 13.81
Belize-Sri Lanka 0.013 1.95 5.86 2934.57 34.90

Note.Units are in kni. Abbreviations: ED, Enumeration District, ED; GN, Grama
Niladhari Division. Underlying data from Department of Census3tatistics (2012b)
and Statistical Institute of Belize (2010).

5.2 Contextual Features

ForVHSR imagery of Sri Lanka, there were 576 contextual feature oufputSentinel

2 imagery, there were 432 contextual feature outputs each for Belize and Sr{demka
Figures 2333). Descriptive statistié&s minimum, median, mean, maximum, astdndard
deviatior® were calculated on the contextual features for Beli®2 EDs), Sri Lanka

(13976 GNs), and solely the VHSR coverage of Sri Lanka (192 GbisAppendtcesA,

B, & C).

71



Figure 23
Variance Output of Fourier at Scale of 8fram VHSR Imagerof Batticoloa
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Note.Abbreviation: VHSR, vershigh spatial resolution. Data from Department of
Census antatistics (2012band DIVA-GIS (n.d.).
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Figure 24
Filter 7 Output of Gabor at Scale of 30 m from Sentth#hagery of Belize
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Note.Datafrom DIVA-GIS (n.d.), Natural Earth (2018a, 2018b), and Statistical Institute
of Belize (2010).
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Figure 25
Maximum Output of HOG at Scale of 50 m from Senfietagery of Sri Lanka

HOG

Palk Strait : \ Scale 50 - Maximum
g SRI LANKA | SENTINEL-2 2017 & 2018

Bay
of
Bengal

Indian
Ocean

Laccadive
Sea

Author: Steven Chao

Date: Spring 2020

‘Sources: Department of Census & Statistics,
DIV/ Natural Earth

Coordinate System: WGS 1984 UTM Zone 44N

Feature Value

m"
i - Low
T 1

¥ Data displayed using bilnear interpolation
50 Miles ith a percent clp vaive of 0.5

50 Kilometers

oTo

Note.Abbreviation: HOG, histogram of oriented gradients. Data frapddtment of
Census antatistics (2012h)DIVA-GIS (n.d.), and Natural Earth (2018a, 2018b).
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Figure 26
Lacunarity Output of Lacunarity at Scale of 16 m from VHSR Imagery of Colombo
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Note.Abbreviation: VHSR, vershigh spatial resolution. Data from Department of
Census antatistics (2012band DIVA-GIS (n.d.).
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Figure 27

Skew Output of LBPM at Scale of 70 m from SenrHrielagery of Belize
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Earth (2018a, 2018b), and Statistical Institute of Belize (2010).
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Figure 28
Line Contrast Output of LSR at Scale of 31 m from Sefflilalagery of Sri Lanka
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Figure 29
Variance Output of Mean at Scale of 32 m from VHSR Imagery of Kurunegala

Note.Abbreviation: VHSR, vershigh spatial resolution. Data from Department of
Census antatistics (2012band DIVA-GIS (n.d.).
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