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Abstract 11 

The main motivation of this paper is to shed new light on the problem of spatial identification 12 

of urban and rural areas globally, and to provide a compatible disaggregation framework for 13 

linking associated country-specific, non-spatial data compilations, such as building type 14 

inventories. Existing homogeneously setup global urban extent models commonly ignore 15 

local-level specifics. While global consistency and regional comparability of urban 16 

characteristics are much strived-for goals in the global development and remote sensing 17 

communities, non-conformity at the national level often renders such models inapplicable for 18 

effective decision-making. Furthermore, the focus on identifying ‘urban’ leads to an ill-19 

defined ‘rural’, which is simply defined by contrast as ‘everything else’; a questionable 20 

definition when referring to strongly spatially localized residential patterns. In this paper we 21 

introduce the novel iURBAN geospatial modeling approach, identifying Urban-Rural patterns 22 

in Built-up-Adjusted and Nationally-adaptive manner. The model operates at global scale, but 23 

at the same time  conforms to country specifics. In this model, high-resolution, satellite-24 

derived, built-up data is used to consistently detect global human settlements at unprecedented 25 

spatial detail. In combination with global gridded population data, and with reference to 26 



 

2 

 

national level statistical information on urban population ratios globally compiled in the 27 

annually-released UN World Urbanization Prospects, iURBAN identifies matching urban 28 

extents. Additionally, a novel reallocation algorithm is introduced which addresses the poor 29 

representation of rural areas that is inherent in existing global population grids. Associating 30 

all of the population with inhabitable, built-up area and conforming to national urban-rural 31 

ratios, iURBAN sets a new standard by enabling careful consideration of both urban and rural 32 

as opposed to traditional urban-biased approaches. 33 

 34 

Keywords: Urban-Rural; High-resolution built-up area data; Population reallocation; 35 

Disaggregation; Global scale; Geospatial modeling; Adaptive. 36 

 37 

1 Introduction 38 

 39 

1.1 Defining urban 40 

What is urban? This is a seemingly simple question for which there is, however, no simple 41 

answer. When analyzing different geographical regions urban characteristics materialize very 42 

differently in different parts of the world. Looking at urban and rural as a holistic concept, 43 

that concept clearly addresses the human environment. Both urban and rural fundamentally 44 

refer to certain geographical areas which are shaped by human activities; in this context, 45 

urban points to nonagricultural tasks (Weeks, 2010) and focuses strongly on the built 46 

environment. 47 

Although people at a local level usually find it entirely self-evident as to whether the place in 48 

which they live is considered urban or rural, there is no international agreement of how urban 49 

areas are defined. In defining urban spaces, national governments first aim at best matching 50 

their own situational circumstances and internal needs. The United Nation’s biannually-51 

released World Urbanization Prospects (WUP), in its latest edition (UN-DESA, 2015), 52 
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compiles national definitions of urban as defined by more than 230 countries in statistical 53 

terms. More than half of these use a variety of minimum population size and density 54 

thresholds to identify areas as urban. Further criteria utilized refer to social, economic, and 55 

functional characteristics and services, such as water supply, the sewerage system, and access 56 

to electricity (Aubrecht et al., 2014). In line with the WUP, the World Bank’s World 57 

Development Indicators (WDI) database annually reports the urban proportion of population 58 

at the national level for every country. These global data compilations providing aggregated 59 

urban statistics are widely referred to for illustrating global trends. One of the most popular 60 

conclusions referring to those statistics points at the year 2008, when for the first time in 61 

history the 50% urban population milestone was crossed according to WUP. That means the 62 

majority of the human population are now living in what is considered urban environments. 63 

The latest numbers published in WUP-2014 indicate a 54% current global urban ratio, with a 64 

projected increase to 66% by 2050 (UN-DESA, 2015). The virtual crossing of the 50% 65 

milestone in 2008 has prominently been proclaimed the start of the ‘urban age’ (Katz et al., 66 

2006; Kreibich, 2010), or the ‘rise of homo urbanis’ (Saunders, 2010). While such 67 

constructed milestones compellingly attract public and political attention, it must always be 68 

kept in mind that in fact incomparable and often incompatible definitions of urban are used 69 

for those types of aggregated statistics. The ‘urban age’ thesis has even been referred to as a 70 

“flawed basis on which to conceptualize world urbanization patterns, an empirically untenable 71 

statistical artifact and a theoretically incoherent chaotic conception” (Brenner and Schmid, 72 

2014).  73 

Human activities and population obviously play a central role in characterizing urban areas, 74 

and all these activities happen at certain identifiable locations. Weeks (2011) defined urban as 75 

“a characteristic of a place, rather than of people”. A spatial approach to identifying and 76 

describing urban can therefore be considered indispensable. With respect to spatial parameters 77 

for urban extent identification, basic administrative criteria are still prominently used by more 78 
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than 50% of the WUP-listed countries in making the distinction between urban and rural; for 79 

approximately30%, it is even the sole criteria (UN-DESA, 2015). Attempting to circumvent 80 

the locally-biased and heterogeneous nature of administrative boundaries, urban researchers 81 

and the international development community have been active in trying to find a globally 82 

homogeneous and commonly accepted definition of urban by using spatially-explicit criteria 83 

independent of administrative parameters (see Potere et al., 2009; Gamba and Herold, 2009 84 

for a comparative overview). Global consistency, and regional as well as international 85 

comparability, are major goals in better understanding and addressing cross-boundary 86 

urbanization issues, and enabling corresponding global policy development. The main 87 

challenge therefore is  the different understanding of ‘urban’ in different parts of the world. 88 

Current global approaches to a homogeneous definition of urban extents  mostly ignore local 89 

specifics for the sake of methodological consistency. 90 

 91 

1.2 Spatial delineation of urban areas 92 

There are several approaches described in the literature, addressing spatial delineation of 93 

urban areas from different perspectives and using different kinds of input data. It is essential 94 

to give a detailed overview of these approaches at the beginning to highlight methodological 95 

gaps and thereby illustrate the need for the novel model approach introduced in this paper. 96 

Remote sensing data and derived products have played an important role in guaranteeing 97 

global methodological consistency from a data acquisition perspective. Satellite technology 98 

applied to observation of the Earth surface enables the detection of basic physical parameters 99 

of reflectance or emission. These physical parameters consequently need to be transformed 100 

into meaningful information about objects on the ground. In the identification of the 101 

distribution patterns of human activity, two features have been most prominently referred to; 102 

one being artificial light at night, and the other being built-up area. 103 
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Satellite-observed nighttime lights data was first identified as a potential proxy measure for 104 

human activity in the early 1970s (Croft, 1973), when this ‘hidden’ source of information was 105 

discovered in imagery from the Operational Linescan System (OLS) onboard the Defense 106 

Meteorological Satellite Program (DMSP). The DMSP platform was initially designed to 107 

monitor cloud cover and cloud temperatures, but due to its unique capability to detect low 108 

visible light levels, it was found that the sensor also records light at night from artificial and 109 

anthropogenic sources such as human settlements, gas flares, and various combustion sources. 110 

In those early studies by Croft, it was already stated that “inhabited areas are clearly outlined” 111 

(Croft, 1973). Subsequent research then found strong correlation between the illuminated 112 

areas and census population distribution data (Welch, 1980). However, it was not until the late 113 

1990s that nightlights data from the (by then) digital DMSP-OLS archive was first used to 114 

specifically delineate urban areas in spatially-explicit form (Imhoff et al., 1997). That study 115 

investigated applying uniform thresholds to data on cumulative percentage of light occurrence 116 

in a multi-month OLS composite product for the continental United States, to convert lights 117 

into ‘urban cover’. Different thresholds empirically derived to extract urban extents of 118 

different metropolitan areas were averaged to come up with one country-wide value (89% 119 

cumulative percentage of light occurrence), and overall good agreement was found at the 120 

national level compared to urban metrics reported in census data. At the state level, however, 121 

large variations of mismatch were observed (i.e. false positives of wrongly identified urban 122 

areas and false negatives of unidentified urban areas), questioning its applicability at coarser 123 

spatial scales. Further studies over the years tested thresholding stable nighttime lights data 124 

for urban delineation at the global scale, identifying different thresholds in different 125 

geographical settings. The main conclusion was that there is no single threshold applicable for 126 

different countries, or even for different cities within one country (Henderson et al., 2003; 127 

Small et al., 2005; Sutton et al., 2010). Despite these findings of methodological 128 

inapplicability at regional scale, nighttime lights data have been heavily used as proxy 129 
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measures for urban areas. Early studies include the GLC 2000 Database (Global Land Cover) 130 

(Bartholome et al., 2002) as well as the Global Rural-Urban Mapping Project (GRUMP) that 131 

uses primarily DMSP-OLS-derived urban extents in combination with ancillary data, such as 132 

populated places from the Digital Chart of the World (DCW) for refined population 133 

disaggregation purposes (Balk et al., 2005). 134 

Artificial surface or built-up area is an obvious alternative proxy feature in the delineation of 135 

urban areas. Following up on the early global modeling efforts of GLC 2000, more recent 136 

global land cover products, such as the European Space Agency’s GlobCover (Arino et al., 137 

2007) and CCI Land Cover (Bontemps et al., 2015), analyze artificial surface area in optical 138 

medium resolution data (e.g. 300m ENVISAT-MERIS satellite imagery) as an alternative to 139 

night lights for the classification of associated urban areas. Other notable efforts of global 140 

built-up area mapping include Boston University’s (BU)-MODIS approach, based primarily 141 

on 1km MODIS data from NASA’s Terra/Aqua satellites (Schneider et al., 2003). Due to 142 

spectral similarities between built-up and bare soil at the 1km level, ancillary data sources had 143 

to be used to define urban, including DMSP nightlights and population density from the 144 

Gridded Population of the World (GPW) product. Subsequent efforts using higher-resolution 145 

(500m) MODIS data as exclusive data source for urban extent delineation resulted in an urban 146 

mask dataset (Schneider et al., 2010), that has widely been considered the most detailed 147 

available option, and which thus became the global standard for the scientific modeling 148 

community. Most recent developments have further refined the scale of analysis in terms of 149 

spatial resolution, for example using MODIS-250m data (Mertes et al., 2015). At another 150 

order of magnitude higher spatial resolution, the Chinese GLC-30 mapping project resulted in 151 

a global 30m product, extracted from Landsat imagery (Chen et al., 2015). 152 

With the earlier BU-MODIS efforts already hinting at the potential value of joint use of built-153 

up and population density measures for refined urban area identification, gridded population 154 

density data has since become a much-used, additional input data source. In particular, the 155 
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regularly updated LandScan data set has been widely implemented in multiple application 156 

contexts since its first release that illustrated global population distribution patterns for the 157 

year 1998 (Dobson et al., 2000). While there have been various attempts to use gridded 158 

population density data as sole input for areal identification of urban patterns (Gallego, 2004; 159 

Dijkstra and Poelman, 2014; Christenson et al., 2014a), other studies integrate population 160 

with land cover and specific built-up parameters. The global Geopolis database, for example, 161 

defines urban agglomerations based on satellite-derived contiguous built-up areas containing 162 

a population of more than 10,000 people (Moriconi-Ebrard et al., 2008). This is one of the 163 

first approaches where built-up contiguity is explicitly mentioned as a defining factor. In that 164 

study, population numbers are derived from sub-national local administrative census units. 165 

Contiguity is also accounted for as a parameter of urban-ness in a joint effort of European 166 

Commission (EC) and OECD (Dijkstra and Poelman, 2014) where  gridded population is 167 

clustered (in terms of high-density cells), as opposed to identifying contiguous built-up area. 168 

A cutoff-point of 5,000 people is thereby defined as the threshold for urban clusters in 169 

developed countries (Europe, United States, Canada, Japan). Christenson et al. (2014b) 170 

perform a similar analysis for a case study in Africa (Nigeria), although their study applies a 171 

much higher threshold (20,000 people), being subject to the respective national statistical 172 

definition. Focusing on the spatial extraction of the urban share of a country’s total 173 

population, various integrations have been proposed for extracting LandScan population 174 

numbers from spatially pre-defined urban areas, as identified via nighttime lights (Salvatore et 175 

al., 2005), MODIS-500 (de Bono and Mora, 2014), the more recently released built-up 176 

reference layer (BUREF) (de Bono and Chatenoux, 2014), or fusion of several of those 177 

(Kasimu and Tateishi, 2008). 178 

A limited number of studies have attempted to include further parameters for wide-scale 179 

urban identification modeling, in particular focusing on dynamic aspects as opposed to the 180 

commonly-used static residential patterns and physical attributes. In an attempt to 181 
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conceptually extend the above-cited EC-OECD approach, commuting information was 182 

integrated as an additional factor, resulting in a notion of functional urban areas (OECD, 183 

2012). Travel time was also one major input variable in the setup of the World Bank’s so-184 

called agglomeration index, proposing an alternative measure of urban concentration (Uchida 185 

and Nelson, 2008). Furthermore, another study presented the extraction of urban footprints by 186 

applying population density thresholds to a dynamic population distribution grid for the 187 

United States that accounted for daytime work fluctuations (Burian et al., 2006). 188 

Using one globally uniform definition of urban has its benefits, especially in terms of 189 

efficiency, transparency, and comparability across regions. However, as outlined above, basic 190 

socio-economic and urban composition vary significantly from region to region, in particular 191 

between the developed and the developing world. It has therefore been largely concluded that 192 

applying fixed thresholds at the global scale, be it to nightlights, built-up, or population 193 

distribution data, is not appropriate if applicability at national and local level needs to be 194 

ensured. Criticism on the ‘urban age thesis’ and on taking the United Nations’ compiled urban 195 

statistics as a given without questioning their composition is entirely justified, legitimate, and 196 

understandable, when approaching from a global perspective. Nonetheless, at the national 197 

level, the respective individual national definitions are likely to represent the urban character 198 

of a country better than a globally imposed standard. Salvatore et al. (2005) highlight that 199 

whether to use nationally-defined statistical figures on urban-rural population counts or 200 

uniform globally-modeled approximations depends on the objectives of a specific research 201 

application. That study was the first in trying to combine global spatial and national statistical 202 

approaches by experimenting on iterative thresholding of nighttime lights intensity data to 203 

reach compliancy with national WUP-released figures. It was concluded that the approach 204 

seemed too simplistic, with the resulting urban mask being very fragmented. More recent 205 

research (Christenson et al., 2014a) builds upon that initial concept, replacing nightlights as 206 

spatial basis with LandScan population distribution data. 207 
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Residential population is directly associated with settlement structures. Built-up area 208 

approximating building structures has therefore proven to be the main spatial linking variable. 209 

Novel global high-resolution built-up data, such as the German Aerospace Center (DLR)’s 210 

Global Urban Footprint (GUF) (Esch et al., 2012), or the Global Human Settlement Layer 211 

(GHSL) (Pesaresi et al., 2013) of the European Commission’s Joint Research Centre (JRC), 212 

enable for the first time a globally-consistent look not only at urban agglomerations, but also 213 

at the flipside of urban. The identification of previously undetected small settlements in rural 214 

regions thus allows a conceptual refinement of the urban-rural spectrum, and a move from a 215 

binary ‘urban vs. rural’ to a more spatially-explicit ‘urban and rural’. Spatial identification of 216 

settlements is, however, only one step towards urban-rural pattern characterization. 217 

Population figures need to be associated with those settlements for further considerations (see 218 

for example, Freire et al., 2015). Notably, existing global population grids are not designed or 219 

calibrated for the analysis of rural settlements. The evaluation of sub-national figures on 220 

urban-rural proportions and cross-validation with existing population grids’ spatial allocation 221 

within pre-identified built-up area, reveals a clear and statistically significant correlation of 222 

the degree of urban-ness of a certain region and how many people existing global distribution 223 

models allocate to built-up area in the disaggregation process (see section 2.2 for further detail 224 

on the related population-urban-built-up regression model). The identified strong linear 225 

correlation leads to the conclusion that while existing global population grids capture urban 226 

population well within built-up area, rural population patterns are unreliable and vague in 227 

terms of their explicit spatial distribution. More precisely, total population numbers add up 228 

correctly at the administrative base unit level used as disaggregation input, but population is 229 

dispersed widely outside of built-up area in rural regions. The main reason is that for the set-230 

up of current population distribution models the type of high-resolution settlement 231 

information described above has not been available at the global scale as disaggregation input. 232 

Current standards, such as the earlier-outlined urban extents derived from MODIS-500 or 233 
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DMSP nighttime lights, operate at an order of magnitude different scale levels, and are thus 234 

much less sensitive to detection of smaller built-up areas. 235 

 236 

1.3 Introducing the iURBAN model 237 

In this paper, we present a novel geospatial modeling approach - iURBAN - identifying 238 

Urban-Rural patterns in Built-up-Adjusted and Nationally-adaptive manner. The model has 239 

been developed under the framework of the World Bank’s Country Disaster Risk Profiles 240 

(CDRP) project implemented in Central America and the Caribbean (Gunasekera et al., 2015) 241 

under the Latin America and Caribbean Region Probabilistic Risk Assessment (CAPRA) 242 

Program. In that context, iURBAN provides the geospatial basis for the building stock 243 

exposure model which is consequently integrated with hazard and vulnerability modules for 244 

probabilistic risk and loss assessment. In several aspects, the model is novel in design and 245 

provides a refined perspective on the definitions and implementations outlined above. The 246 

most recent high resolution GUF built-up area product, as derived from the TanDEM-X radar 247 

mission (Esch et al., 2012), has been provided for the CDRP project prior to public release, in 248 

an internal collaboration agreement with DLR. In a first step, GUF serves as spatial basis to 249 

accurately delimit human settlements from uninhabited land. For classification of those 250 

detected settlements in urban and rural, GUF built-up contiguity and built-up density are used 251 

as contributing variables aside from LandScan population distribution. In a composite index 252 

approach, the degree of urban-ness is defined for each contiguous built-up patch. Patches are 253 

then ranked and iteratively added up until the patch-inherent population numbers match the 254 

national urban share, as provided in WUP. In order to address the weakness of current global 255 

population grids in accurately representing rural distribution patterns, the rural population is 256 

reallocated to settlements identified as rural in a counter-weighted, spatial disaggregation 257 

approach. The final iURBAN output is consequently fully compliant with WUP, not only with 258 
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regard to its urban ratio, butalso in its identification and allocation of rural population to 259 

actual inhabited land. 260 

 261 

2 Materials and methods 262 

 263 

2.1 Data 264 

The Global Urban Footprint (GUF) product is used as built-up data. DLR provided a 265 

preliminary binary mask at 75m resolution for CDRP implementation. GUF is derived from 266 

TanDEM-X Radar imagery, which implies significant advantage with regard to distinguishing 267 

built structures from flat terrain, compared to optical satellite imagery. LandScan (v2012) is 268 

used as population data. Compared to other existing global population grids, LandScan has a 269 

strong focus on urban areas that shows in clear peak density patterns. Annual urban ratios and 270 

national population counts and projections are taken from UN-WUP. While perhaps not 271 

comparable globally, the use of national definitions provides a consistency in terms of local 272 

level applicability. iURBAN consequently follows the same path, i.e. applying a global 273 

methodological design while keeping national plausibility. 274 

 275 

2.2 Population-urban-built-up regression model 276 

The hypothesis that existing global population grids, such as LandScan, spatially allocate 277 

population well to built-up area (as identified in high-resolution GUF data) in urban areas, but 278 

fail to do so in rural areas, is one of the main underlying assumptions of the iURBAN model 279 

(see section 2.3 below). Based on that assumption, LandScan population numbers are not 280 

altered in identified urban areas, whereas a population reallocation model is proposed for rural 281 

areas. The hypothesis is grounded in the fact that high-resolution built-up data (such as the 282 

used GUF) has to date not been accessible for global population modeling efforts. More 283 

coarse-scale, publicly available built-up data (such as MODIS or nighttime lights data) has 284 
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therefore been used, which leads to a vast under-representation of small rural settlements that 285 

are not detected in these data sets. Larger urban agglomerations, on the other hand, are also 286 

well identified in coarse-scale, built-up data products, and are therefore reasonably 287 

represented in existing population disaggregation models (such as LandScan). 288 

Qualitatively, the hypothesis is outlined in a straightforward manner. For quantitative 289 

evaluation, however, the data correlation patterns need to be statistically analyzed. We 290 

consequently perform a weighted linear regression referring to the following parameters. GUF 291 

built-up data is aggregated from the initially available 75m resolution to a 30 arc-sec grid 292 

(hence called built-up mask) in order to be spatially compatible with LandScan. For each 293 

province in every Central American country, the share of LandScan population counts that is 294 

allocated within that built-up mask is calculated. That relative share is labeled the capture 295 

ratio (i.e.  the share of a province’s population captured by LandScan within the GUF built-up 296 

mask). The assumption is that the more urban a province, the higher the capture ratio should 297 

be. The provinces’ degree of urban-ness (urban ratio) is derived from the most recent sub-298 

national census data for each country. In a basic linear regression, R² values vary from 299 

country to country between 0.75 (El Salvador) and 0.95 (Panama), with an overall value of 300 

0.78 determined for Central America. Basic linear regression, however, does not represent the 301 

hypothesis in appropriate terms. It basically implies that every province is equally weighted, 302 

independent of its population size. For example, the province Emberá (Panama) with just over 303 

10,000 inhabitants, has the same statistical influence on the R² estimation as the province of 304 

Guatemala City (Guatemala), with almost 3.2 million inhabitants. To account for that 305 

inequality (given that more densely populated provinces are almost certainly more urban), we 306 

introduce population size as a weighting factor in the regression analysis. In this weighted 307 

linear regression model, each of the two parameters (capture ratio and urban ratio) is 308 

multiplied with the square root of the respective province’s total population. The resulting R² 309 

value for Central America is 0.95, thus showing a highly significant correlation and 310 
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quantitatively supporting the above-stated hypothesis, and accordingly, backing the iURBAN 311 

approach presented in this paper.  312 

It should be noted that the result, while clearly statistically relevant in the current setting, 313 

could in fact be influenced by varying data acquisition times. The GUF built-up data 314 

represents the situation in 2012 (when the Radar imagery serving as input was acquired). 315 

Latest census collection years in Central America (and thus the used urban ratio values) vary 316 

in a range between 2002 (Guatemala) and 2011 (Costa Rica). LandScan, in turn, while not 317 

documented, also seems to represent different years (based on comparison of aggregated 318 

country totals to annual national projections as reported in WUP), ranging from 2006 (El 319 

Salvador) to 2014 (Honduras). For statistical analysis, it would be optimal to have all data sets 320 

harmonized to a 2012 reference year. However, this is not possible with sub-national urban 321 

ratio projections not being available annually, and LandScan not representing one 322 

homogeneous time stamp. The data used in this study is therefore considered the best input 323 

available. 324 

 325 

2.3 iURBAN model assumptions 326 

Assuming that, as outlined above, the locational population information from LandScan is 327 

reasonably accurate in urban areas, these urban areas need to be identified at the grid level. 328 

Population numbers can be maintained as input for further modeling steps, while the more 329 

‘rural’ an area, the less ‘trust-worthy’ the population numbers are considered. In order to 330 

measure the urban-ness of an area at a 15 arc-sec grid scale, two assumptions are made: 331 

(1) the larger a contiguous built-up patch, the more likely it is to be considered urban (larger in 332 

terms of the summed-up area of individual high-resolution built-up patches detected in the 333 

75m GUF data), and 334 

(2) the greater a population (in absolute terms) clustered within a contiguous built-up patch, the 335 

more likely that patch is to be considered urban. 336 
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After a 30 arc-sec grid (corresponding to the final CDRP output cell size) was initially tested, 337 

a 15 arc-sec grid was eventually chosen as spatial modeling unit, thereby following Week’s 338 

conclusion that such a grid size (i.e. around 500m cells) would ensure proper understanding of 339 

“variability both between and within human settlements” (Weeks, 2010).  340 

 341 

2.4 iURBAN model steps 342 

In a first step, the nationally aggregated LandScan sum is compared to WUP country totals. 343 

There is no documentation on which population input data LandScan uses for a specific 344 

country, thus the reference year is also unclear. In other words, taking LandScan v2012 as an 345 

example, that version number does not necessarily indicate that population distribution is 346 

consistently shown for the year 2012. LandScan country data are updated following specific 347 

internal needs and priorities that are not revealed to the external user. For urbanization 348 

studies, this practice  makes application of the data product difficult. In iURBAN, the 349 

respective reference year per country is identified by comparing population totals to the 350 

annual WUP figures, i.e. the year for which the WUP value and nationally aggregated 351 

LandScan value best match. 352 

For the identification of urban areas, a composite, normalized weighting index is introduced, 353 

weighting every contiguous built-up patch in the 15 arc-sec grid, accounting for its: 354 

(1) built-up area (inherent summed-up patches), and 355 

(2) absolute population count. 356 

Both indicators are normalized to a 0-1 range; the patch with the highest built-up area value 357 

within one country is assigned 1. Multiplicative composition is applied for the index in order 358 

to put stronger focus on particularly high values of individual indicators. The built-up patches 359 

are then ordered according to their index value and iteratively added up using their respective 360 

population values until the national-level urban-rural split (according to WUP/WDI) is 361 

reached. The same reference year is thereby taken for the urban ratio as identified before in 362 
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LandScan for a specific country. The selected patches are consequently classified as urban. 363 

The remaining contiguous built-up patches are considered rural. 364 

 365 

 366 

Figure 1. Fictitious ‘country’ with various contiguous built-up patches, labeled A-J. 367 

 368 

Table 1. Illustration of iURBAN methodology for identification of urban areas. 369 

Built-up 

Patch Built-up Area Population Index Ranking 

 

absolute 

[km²] 

normalized 

[0-1] 

absolute 

[people] 

normalized 

[0-1]   

A 1.10 0.07 1,100 0.03 0.0019 8 

B 0.70 0.05 500 0.01 0.0005 9 

C 0.20 0.01 700 0.02 0.0002 10 

D 15.00 1.00 43,000 1.00 1.0000 1 

E 4.10 0.27 39,000 0.91 0.2479 2 

F 5.30 0.35 8,700 0.20 0.0715 5 

G 1.85 0.12 3,500 0.08 0.0100 6 

H 3.30 0.22 22,000 0.51 0.1126 4 

I 6.00 0.40 15,000 0.35 0.1395 3 

J 1.60 0.11 900 0.02 0.0022 7 

   134,400 identified within built-up 

   162,000 actual national population 

 370 

Figure 1 shows a fictitious ‘country’ with several contiguous built-up patches. Table 1 371 

illustrates the iURBAN methodology for identifying urban areas. After normalization of both 372 
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the built-up area and the population value for each patch, the index is calculated by 373 

multiplication of the two normalized values. Subsequently, all patches are ranked according to 374 

their index value. The total population within the identified built-up patches is 134,400. 375 

However, the actual population count of this fictitious country is 162,000 people (considering 376 

that global population grids such as LandScan also distribute outside of built-up area as 377 

identified in the GUF data). Referring to a given national urban ratio of 60% (as reported in 378 

WUP), roughly 97,000 people are living in urban areas. To reach that value, the contiguous 379 

built-up patches are iteratively added following the ranking order. In this illustrated case, that 380 

would imply adding patches D, E, and I, after which a population count of 97,000 is reached. 381 

Those patches are then classified as urban, and all other patches considered rural. 382 

As existing global gridded population data only allocate or capture a minor share of the rural 383 

population within the identified built-up area (for example, around 35% in Guatemala and 384 

Costa Rica, and less than 30% in Panama), a novel reallocation approach has been developed 385 

to overcome this limitation. iURBAN’s objective is to have the entire population allocated to 386 

built-up area in order to subsequently be able to use population counts as a proxy for other 387 

related parameters, such as building distribution. Absolute population counts in existing 388 

global grids are not considered trustworthy for rural areas, considering the poor population 389 

representation within built-up area in rural regions. As a starting point for built-up-adjusted 390 

rural population reallocation, the entire national-level rural share is taken as disaggregation 391 

basis. The contiguous built-up patches that were pre-identified as rural serve as disaggregation 392 

target zones. Following the assumption that the larger and denser such a patch (in terms of its 393 

inherent summed-up built-up area derived from the original high-resolution GUF data), the 394 

more likely larger population counts are; all patches are weighted and normalized 395 

accordingly. Those weights are then used to disaggregate the national level rural share of the 396 

population, resulting in a new patch population number. 397 
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Referring again to the fictitious country in Figure 1 for illustrative purposes, Table 2 shows 398 

the iURBAN patch-level population reallocation approach for rural areas. In that case, the used 399 

population distribution grid (e.g. LandScan), allocates 37,400 people to the identified rural 400 

built-up patches. The actual rural population, however, is 64,800 people. Less than 60% of the 401 

rural population is therefore captured correctly within built-up area. The inherent built-up area 402 

values of the rural patches are used as weights (in relative terms) to disaggregate the total 403 

rural population of 64,800 people to the rural patches. Consequently, the entire national 404 

population, both urban and rural, is allocated to built-up area. 405 

 406 

Table 2. Illustration of iURBAN methodology for rural population reallocation. 407 

Built-up 

Patch Built-up Area Population 

 

absolute 

[km²] 

relative 

weights 

original 

[people] 

reallocated 

[people] 

A 1.10 0.08 1,100 5,073 

B 0.70 0.05 500 3,228 

C 0.20 0.01 700 922 

F 5.30 0.38 8,700 24,444 

G 1.85 0.13 3,500 8,532 

H 3.30 0.23 22,000 15,220 

J 1.60 0.11 900 7,379 

rural population in BU 37,400  

actual rural population 64,800 

 408 

As the next step, patch-internal population distribution patterns at the cell level need to be 409 

determined. This approach refers back to the aspect that population is being better captured in 410 

areas that are more likely urban, as well as to the prior assumption that the larger a contiguous 411 

built-up patch, the more likely it is to be urban. It is therefore concluded that for the largest 412 

contiguous rural patches – despite not relying on absolute population counts – the patch-413 

internal distribution patterns can be considered as reallocation weighting factor (see relative 414 

relevance of the ‘population’ indicator for the largest rural patch [F] in Table 3). This means 415 

the cell with the highest population value (in the original population grid) within a contiguous 416 
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built-up patch is correspondingly weighted strongest for the patch-internal disaggregation. 417 

However, the smaller a patch becomes (thus the higher its potential degree of rural-ness), the 418 

less reliable even the relative internal distribution patterns of existing global population grids 419 

are considered. Therefore, the individual cells’ built-up ratio is introduced as a counter-420 

weighting factor, complementing the above relative population distribution weight in 421 

normalized manner (see relative relevance of the ‘built-up area’ indicator in Table 3). Taking 422 

the fictitious small rural patch A as an example, the ‘population’ weighting factor (or relative 423 

relevance) is determined at 0.21 and the complementing ‘built-up area’ counter-weight is 424 

consequently set at 0.79. In other words, for such a patch at the cell level, a large built-up 425 

ratio is considered a higher influence for the disaggregation process, compared to a high 426 

original population value. Figure 2 illustrates the steps of the patch-internal reallocation for 427 

the rural patch A. First, the patch-internal weights for population and built-up area are 428 

calculated. Then, those weights are weighted according to the indicators’ relevance for the 429 

respective patch, and summed to a final cell weight value. That value, in turn, is used for 430 

internal disaggregation of the pre-determined patch population. 431 

 432 

Table 3. Illustration of iURBAN methodology for determining relative relevance of 433 

contributing factors (population and built-up area) for patch-internal rural population 434 

reallocation. 435 

Built-up 

Patch Built-up Area Population Relative Relevance 

 

absolute 

[km²] 

reallocated 

[people] 

indicator 

‘populatio

n’ 

indicator 

‘built-up 

area’ 

A 1.10 5,073 0.21 0.79 

B 0.70 3,228 0.13 0.87 

C 0.20 922 0.04 0.96 

F 5.30 24,444 1.00 0.00 

G 1.85 8,532 0.35 0.65 

H 3.30 15,220 0.62 0.38 

J 1.60 7,379 0.30 0.70 
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 436 

 437 

Figure 2. Patch-internal 2-factor weighted population reallocation for the fictitious rural patch 438 

A. 439 

 440 

Applying that 2-factor weighted disaggregation approach results in a new built-up-adjusted 441 

population distribution that, when summed-up from individual cell level to country level, 442 

equals the sum of the used original LandScan grid for the respectively identified reference 443 

year. In order to come up with a temporally consistent output, in an iterative process, iURBAN 444 

adjusts every country’s reference year to the year 2012, which is determined as output time 445 

stamp. 2012 was chosen as it reflects the status of the GUF data which is derived from Radar 446 

imagery acquired during 2011/12. The adjustment works in a way that first population counts 447 
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at cell-level are linearly projected from the identified reference year to 2012, using WUP’s 448 

respective country totals. Then, the urban identification is re-run using the 2012 urban ratio. 449 

 450 

3 Results 451 

To date, iURBAN has been implemented for the countries modeled under the umbrella of the 452 

World Bank’s CDRP project. These include all Central American countries (excluding 453 

Mexico) as well as several islands in the Caribbean, the latest additions being Jamaica, Saint 454 

Lucia, and Grenada. With easy transferability and upscaling in mind, a fully-automated 455 

geoprocessing tool has been developed that allows consistent implementation of iURBAN for 456 

other countries in a fast and straightforward manner. The ultimate goal of iURBAN in the 457 

context of CDRP is to provide a nationally consistent and spatially disaggregated basis for 458 

building stock analysis, in terms of building type-specific replacement value calculation and 459 

structural vulnerability assignments for consequent probabilistic risk assessment. In this paper 460 

we do not focus on those follow-up products (see Gunasekera et al., 2015), but rather on: 461 

(1) the urban-rural classification as main output, and 462 

(2) refined population distribution patterns (after urban-rural reallocation) as side product. 463 

 464 

 465 
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Figure 3. Spatial overview of iURBAN output for Central America: 1) urban-rural mask (left), 466 

and 2) population distribution (right). 467 

 468 

It should be clarified that, regarding the population pattern refinement, iURBAN is not a 469 

population distribution model per se. Rather, it refers to an existing modeled grid as input 470 

(both LandScan and WorldPop have been tested) and refines distribution patterns, in 471 

particular for rural areas, by integrating very high resolution built-up data as target features 472 

for reallocation. Rural population distribution patterns are problematic in existing global grids 473 

due to the hitherto unavailability of such local level settlement data at global scale. As 474 

outlined in detail in section 2.4, iURBAN eventually allocates all of the population to 475 

identified built-up structures, with resulting national level population sums and urban ratios 476 

compliant to WUP figures. 477 

 478 

3.1 Urban-rural mask 479 

Figure 4 illustrates the output of the iURBAN model, taking Panama City as an example, in 480 

comparison to other existing urban identification approaches outlined above. Other urban 481 

layers include GRUMP urban extents (Balk et al., 2005), an urban mask based on uniform 482 

stable nighttime lights thresholding (> 14DN) as replicated from Small et al. (2005), MODIS-483 

500 urban areas (Schneider et al., 2010) which were e.g. used in the Global Assessment 484 

Report 2013 (de Bono and Mora, 2014), an urban mask based on uniform BUREF 485 

thresholding (> 10%) as used in the Global Assessment Report 2015 (de Bono and 486 

Chatenoux, 2014), a WUP-adjusted urban mask using LandScan as replicated from 487 

Christenson et al. (2014a), and an urban mask as replicated from the EC-OECD approach 488 

presented by Dijkstra & Poelman (2014), also using LandScan. While at this stage it is not yet 489 

possible to provide evaluative true-false statements at cell level due to the lack of a 490 

corresponding reference source, it is clear that GRUMP and the nightlights-based approach 491 
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overestimate the urban area (including large portions of non-built-up, uninhabited land), 492 

whereas MODIS and the BUREF-thresholding approach underestimate the built-up extent 493 

(failing to detect small settlements in rural areas in particular). The method presented by 494 

Christensen et al. (2014a) is the only one (other than iURBAN) that adjusts the urban 495 

classification to the WUP national urban ratio. Urban patches are rather scattered, with a 496 

number of falsely identified urban cells likely resulting from the LandScan-inherent road 497 

network bias (i.e. strong population disaggregation weight on road vectors, whereas high-498 

resolution built-up data has not been integrated). The EC-OECD approach provides a higher 499 

degree of urban clustering, but does not conform to national WUP statistics. None of the 500 

presented approaches had access to high-resolution built-up data, which makes iURBAN 501 

vastly superior in the initial identification of settlement structures in urban environments, and 502 

even more so, in rural environments. The index-based approach at contiguous patch-level also 503 

ensures the proper clustering and compactness of derived urban extents. 504 

 505 
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 506 

Figure 4. Comparison of urban masks, Panama City example. iURBAN vs. six existing global 507 

approaches. 508 

 509 

3.2 Population distribution 510 

Figure 5 shows the iURBAN population reallocation output in comparison to six existing 511 

global gridded population distribution modeling approaches, again taking Panama City as the 512 

example. Exemplified population grids include the GPW version 3 (Balk et al., 2010) and 513 

version 4 (Doxsey-Whitfield et al., 2015) data sets, the follow-up GRUMP with urban 514 

refinement (Balk et al., 2010), WorldPop (Sorichetta et al., 2015), LandScan (Dobson et al., 515 

2000), as well as the regional Latin American and Caribbean Population Database (LACD) 516 

(Hyman et al., 2000). The GPW data sets uniformly distribute population counts from 517 

administrative units to a predefined output grid. In that regard, GPW version 4 provides major 518 

improvement in terms of a much higher output resolution (i.e. 30 arc-sec compared to the 2.5 519 
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arc-min of GPW version 3) due to the increased availability of sub-national census data. 520 

GRUMP uses the GPW (version 3) population data as input, and further refines the 521 

distribution patterns by putting stronger weight on pre-identified urban areas. LACD, 522 

WorldPop, and LandScan all apply more complex modeling techniques to derive population 523 

disaggregation weights. To date, WorldPop and LandScan provide the most fine-grained 524 

distribution patterns. WorldPop clusters population more than LandScan, thus excluding more 525 

actual uninhabited land. LandScan, on the other hand, puts more focus on allocating peaks in 526 

urban centers, the latter being favorable for the iURBAN implementation approach. One 527 

aspect unites all of these data sets: very vague representation of rural population patterns. 528 

iURBAN provides significant improvement in that context by reallocating population to actual 529 

built structures as identified in the high resolution GUF data. 530 

 531 

 532 
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Figure 5. Comparison of population distribution data sets, Panama City example. iURBAN vs. 533 

six existing global/continental population grids. 534 

 535 

4 Accuracy and uncertainty 536 

Accuracy and uncertainty are two crucial aspects contributing to the overall quality of every 537 

geospatial model. In remote sensing science, accuracy usually refers to the degree of 538 

‘correctness’ of a map or classification (e.g. land cover), and is commonly analyzed using a 539 

confusion matrix, showing, amongst other measures, omission and commission errors (Foody, 540 

2002). Respective quality assessment of iURBAN is, however, not that straightforward. The 541 

reason is there is simply no ground reference for what iURBAN is attempting to measure at 542 

the relevant scale level, i.e. whether a particular pixel is either urban or rural. There may be 543 

individual government maps of selected urban areas, but to our knowledge, there is no 544 

consistent reference at continental or even national scale available in that regard, that would 545 

allow adequate statistical accuracy assessment. National and regional land cover maps (such 546 

as the European CORINE or the US National Land Cover Database NLCD 2011) commonly 547 

depict built-up as opposed to urban land. It is not the intention of this paper to evaluate the 548 

accuracy of the built-up data we use (i.e. GUF) as there have already been various 549 

publications on that (e.g. Klotz et al., 2014; Felbier et al., 2014). 550 

Urban-rural ratios are usually reported at the sub-national administrative level, referring to 551 

urban and rural population distribution from census collections. Inter-model comparative 552 

statistics can be calculated in that context, aggregating individual cells to sub-national units 553 

and using the census figures as reference. Taking Panama as an example, we compared 554 

modeled urban-rural ratios from different approaches at sub-national level to census figures 555 

(see Table 4). In addition to iURBAN, we selected three of the urban identification approaches 556 

illustrated in section 3.1, namely GRUMP (using nighttime lights), BUREF-10 (using MODIS 557 

and LandScan), and LS-OECD (using certain clustering methods), for their inherent 558 
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methodological differences. It should be specifically noted in this context that the reference 559 

years for all the various models can differ significantly. The most recent census in Panama 560 

was conducted in 2010. iURBAN, however, provides output consistently for the reference year 561 

2012 (i.e. projected to match WUP 2012 total population counts and urban-rural ratios). 562 

GRUMP refers to population data from 2000, whereas LandScan v2012 (for Panama 563 

matching most closely the WUP 2007 total population count) is used for implementation of 564 

the BUREF-10 and LS-OECD approaches. 565 

Two statistical measures are chosen for describing model output differences. The average 566 

absolute deviation (AAD) of the modeled urban ratios to the census reference gives an 567 

indication on the statistical dispersion, or the general magnitude of error at province level. 568 

iURBAN has the lowest AAD at 6.6%, with GRUMP having the highest value at 10.1%. The 569 

AAD considers all provinces statistically equally relevant and does not account for the size of 570 

a province in terms of its population. This is, however, crucial for urban ratios that inherently 571 

refer to population numbers. Therefore, we also report the population-weighted sum of 572 

absolute deviations as an additional quality parameter. The lower that value, the better the 573 

measured model output accuracy. Populous provinces therefore have a stronger statistical 574 

influence on the output, compared to sparsely population provinces. iURBAN again 575 

outperforms the other models with a value of 0.08, whereby BUREF-10 is at the other end of 576 

the scale with a value of 0.20. 577 

 578 

Table 4. Comparison of modeled urban ratios and deviations to census, Panama example. 579 

iURBAN vs. three existing global/continental urban identification models. 580 

Province Urban Ratios Deviation from Census 

 census iURBAN GRUMP BUREF-10 LS-OECD' iURBAN GRUMP BUREF-10 LS-OECD' 

Bocas del 

Toro 0.3976 0.5016 0.4914 0.4068 0.5493 0.1039 0.0937 0.0092 0.1517 

Chiriquí 0.5069 0.4725 0.3899 0.4598 0.5880 -0.0344 -0.1170 -0.0471 0.0811 

Coclé 0.3446 0.4895 0.1828 0.2508 0.5195 0.1449 -0.1619 -0.0938 0.1749 
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Colón 0.6841 0.5793 0.8162 0.5884 0.7529 -0.1047 0.1321 -0.0956 0.0688 

Darién 0.0832 0.0000 0.0000 0.0000 0.0000 -0.0832 -0.0832 -0.0832 -0.0832 

Emberá 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

Herrera 0.5414 0.4831 0.4681 0.3130 0.4472 -0.0583 -0.0732 -0.2284 -0.0942 

Kuna Yala 0.0000 0.0000 0.3694 0.0000 0.0000 0.0000 0.3694 0.0000 0.0000 

Los 

Santos 0.3180 0.2124 0.3756 0.1466 0.2802 -0.1056 0.0575 -0.1715 -0.0378 

Ngöbe 

Buglé 0.0000 0.0000 0.0000 0.0000 0.1542 0.0000 0.0000 0.0000 0.1542 

Panamá 0.9008 0.8367 0.8075 0.7730 0.9137 -0.0641 -0.0933 -0.1279 0.0128 

Veraguas 0.3264 0.2368 0.3015 0.2383 0.2755 -0.0896 -0.0249 -0.0880 -0.0509 

average absolute deviation 0.0657 0.1005 0.0787 0.0758 

population-weighted* sum of absolute deviations 0.0802 0.1962 0.2028 0.1059 

* national population totals differ for census, iURBAN, GRUMP, LandScan 

 581 

The above statistical comparison of urban ratio deviations does, however, actually only 582 

illustrate one extracted aspect. Urban definitions follow different rules in different countries, 583 

some of which have multiple facets and are very ambiguous. Some settlements could thus 584 

even be considered partly urban (which iURBAN does not account for due to its consideration 585 

of built-up contiguity as one defining parameter). Furthermore - and this moves the discussion 586 

to the aspect of uncertainty - iURBAN is conceptually designed to provide the best quality at 587 

national level (i.e. as input for the Country Disaster Risk Profiles initiative) by adjusting for 588 

national WUP values. The fact that iURBAN provides better statistical values (i.e. lower 589 

deviations) at sub-national level compared to other global/continental approaches, is 590 

obviously a very positive result. However, that is  more a favorable side effect, as the sub-591 

national unit was never intended to be a primary reporting scale level. 592 

LandScan, one of the major input sources for iURBAN (and various other models too), 593 

provides a lot of detail regarding local physical settlement features for population 594 

disaggregation (thus including more inner-urban variation). However, at sub-national level, 595 

aggregated LandScan totals rarely match census counts. Assumedly, the reason for this is not 596 

only census but also spatially coarse projection data are used for disaggregation (details on the 597 

methodology are not documented). iURBAN reallocates rural population to within built-up 598 
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area in order to provide a closer match to the reality on the ground in terms of distributional 599 

patterns. Also, absolute population counts are adjusted for high-resolution built-up density, 600 

which is assumed to be most accurate (following common practice in dasymetric mapping). 601 

With regard to population distribution patterns, e.g., GPW - when aggregated to sub-national 602 

level - will certainly provide the best accuracy compared to census counts, simply because 603 

GPW uses the highest level census data as disaggregation input. That does not signify, 604 

however, that GPW would be suitable to use at grid cell level for urban-rural identification. 605 

Considering built-up contiguity as an essential parameter of an urban settlement, this 606 

parameter would be undetectable in GPW as population is uniformly distributed within an 607 

administrative area. On the other hand, GPW could be used as a reallocation basis for 608 

iURBAN (as has been done, e.g. for the currently developed GHSL-based population 609 

distribution data of Freire et al., 2015). That would, however, consequently mean losing out 610 

on the complex distributional inner-urban detail that LandScan provides. 611 

Given all the above, the quality of iURBAN should be viewed from different perspectives. 612 

Accuracy and uncertainty issues are deeply intertwined in the model setup and design, a fact 613 

that basically applies to all global and continental urban identification models. As outlined 614 

above, iURBAN provides a statistically measureable improvement for sub-national urban ratio 615 

identification even though this was not the initial goal of the model. The model’s main 616 

strength lies in the use of much finer detection of settlement patterns via high-resolution, 617 

satellite-derived, built-up area. This implies a completely different basis for urban 618 

identification as well as detailed distributional population reallocation that is hard to illustrate 619 

adequately in statistical terms, due to the lack of appropriate ground reference data. 620 

 621 

5 Discussion and conclusions  622 

Taking on board the various different perspectives outlined above, the question which arises 623 

is why the choice of urban definition is such a major concern. While ascertaining what urban 624 
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consists of is  neither obvious nor straightforward, it is clear that the very definition of urban 625 

has many implications and ramifications, and is therefore of utmost relevance and importance. 626 

For instance, the targeting of national development or educational assistance programs, 627 

criteria for eligibility, as well as allocation of funds from those programs, depend on whether 628 

an area is classified as urban or rural. National data compilations such as census, housing, 629 

health, and living surveys, use national statistical definitions as guidelines for data collection 630 

and reporting. Consequently, when ancillary non-spatial data needs to be integrated with 631 

spatial urban extents for a specific application, accounting for the respective national 632 

statistical delineation approaches is crucial in order to ensure valid and retraceable linking. 633 

Remotely sensed information is often not used as an exclusive input data source for urban and 634 

regional development studies, but commonly linked to ancillary data for more integrative 635 

information retrieval (Aubrecht et al., 2013). Ancillary data, as derived using traditional 636 

methods such as surveys and public records, can include contextual information such as  637 

building typologies and population characteristics, as well as more complex indicators, such 638 

as explicit vulnerability aspects (Aubrecht and Özceylan, 2013). The prerequisite for the 639 

proper linking of two related data sets is always the availability of a common parameter, a 640 

distinct key in terms of relational database management. Focusing on regional and global 641 

scale urban research, high-to-medium spatial resolution remote sensing data can provide 642 

information on land cover patterns in a straightforward manner. When it comes to illustrating 643 

functional relationships and different use categories however, proxy measures are often 644 

applied, thus physical parameters are identified via remote sensing that are correlated to 645 

functional aspects. Data compilations which are not explicitly spatial, such as national 646 

censuses, encyclopedias, gazetteers, etc., commonly use classification schemes which 647 

introduce a typological structure for large data volumes. Global and national level databases, 648 

such as the World Housing Encyclopedia and the USGS PAGER (Prompt Assessment of 649 

Global Earthquakes for Response) initiative, refer to simple inventory region schemes such as 650 
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urban and rural for their data collection (Jaiswal et al., 2010). When attempting to link such 651 

information properly to spatially-explicit data, the same classification scheme needs to be 652 

applied at both ends, i.e. non-spatial data collected for urban areas need to be spatially linked 653 

to according pre-identified urban locations.  654 

‘Link-ability’ was highlighted as major issue of concern in integrating inventory region based 655 

tabular data with a spatial base framework. All the above-presented approaches have their 656 

objective firmly set on the identification of urban areas. However, many of the global 657 

challenges, such as poverty or natural hazards, have significant impacts in rural areas. For 658 

example, more than three quarters of the extreme poor live in rural areas, with those areas 659 

often being the most vulnerable to disaster risk and associated multi-faceted consequences 660 

(World Bank, 2013). It is therefore an issue of urgent necessity to take a closer look at the 661 

‘flipside of urban’ (Aubrecht et al., 2015) in the context of spatial identification or urban-rural 662 

patterns. Whether existing approaches derive urban extent via the thresholding of nightlights 663 

or population density data, or via contiguous built-up area data, one assumption remains the 664 

same: the entire remaining area outside of urban is consequently defined as rural (Balk et al., 665 

2010). Binary definitions of urban-rural do not capture the gradual spectrum between a city 666 

and its agricultural surrounding, with a peri-urban perimeter or suburban transition zone. 667 

Furthermore, uninhabited areas are conflated with low population density areas in an 668 

overarching definition of rural (Christenson et al., 2014a). While the conceptual urban-rural 669 

dichotomy is specifically evident in non-spatial databases, a consequently linkable, spatially-670 

dichotomous representation should at least aim at excluding uninhabited and uncultivated 671 

land, and distinctly depict rural settlements. iURBAN addresses this issue by classifying 672 

spatially-explicit settlement structures in rural and urban, and leaving non-built land 673 

unclassified. Furthermore, allocating the entire population to those built-up areas guarantees 674 

full link-ability and conceptual compatibility, for joining non-spatial data collected based on 675 

urban-rural inventory region schemes. This compatibility consequently refers to both 676 
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building- and population-based data compilations. In the CDRP project implementation, both 677 

building and population components are relevant as building typology data is disaggregated 678 

via an inventory region schema to cell level, where population counts are required as one 679 

proxy measure for final asset value calculation. Caution is advised when considering rural 680 

cultivated land and agricultural productivity, given that iURBAN specifically addresses the 681 

built environment. 682 
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