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Abstract: Large-scale gridded population datasets available at the global or continental scale have
become an important source of information in applications related to sustainable development.
In recent years, the emergence of new population models has leveraged the inclusion of more
accurate and spatially detailed proxy layers describing the built-up environment (e.g., built-area
and building footprint datasets), enhancing the quality, accuracy and spatial resolution of existing
products. However, due to the consistent lack of vertical and functional information on the built-up
environment, large-scale gridded population datasets that rely on existing built-up land proxies still
report large errors of under- and overestimation, especially in areas with predominantly high-rise
buildings or industrial/commercial areas, respectively. This research investigates, for the first time,
the potential contributions of the new World Settlement Footprint—3D (WSF3D) dataset in the field
of large-scale population modelling. First, we combined a Random Forest classifier with spatial
metrics derived from the WSF3D to predict the industrial versus non-industrial use of settlement
pixels at the Pan-European scale. We then examined the effects of including volume and settlement
use information into frameworks of dasymetric population modelling. We found that the proposed
classification method can predict industrial and non-industrial areas with overall accuracies and
a kappa-coefficient of ~84% and 0.68, respectively. Additionally, we found that both, integrating
volume and settlement use information considerably increased the accuracy of population estimates
between 10% and 30% over commonly employed models (e.g., based on a binary settlement mask
as input), mainly by eliminating systematic large overestimations in industrial/commercial areas.
While the proposed method shows strong promise for overcoming some of the main limitations
in large-scale population modelling, future research should focus on improving the quality of the
WFS3D dataset and the classification method alike, to avoid the false detection of built-up settlements
and to reduce misclassification errors of industrial and high-rise buildings.

Keywords: large-scale gridded population dataset; dasymetric modelling; accuracy assessment;
world settlement Footprint-3D; random forest classifier; spatial metrics; sustainable development

1. Introduction

The human population is one of the core elements influencing sustainable develop-
ment. Global socio-environmental issues such as poverty, inequality, food security, land
degradation, and climate change, amongst others, can only be properly addressed with a
full and clear understanding of how demographic trends and population dynamics affect
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(positively and negatively) the social, economic and environmental development of any
given region [1,2]. On this basis, to effectively implement and monitor sustainable poli-
cies, governments, researchers and policymakers around the world need to have access to
high-quality, timely, reliable and spatially explicit population data. Accurate knowledge on
where and in what density humans live is essential not only to promote evidence-based
decisions, but also to develop location-based strategies capable of improving the living
conditions of people residing in both, rural and urban areas [3].

To respond to the increasing demand for robust population data, new global and
continental geospatial datasets that describe the size, extent and spatial distribution of
the human population are constantly being produced, harnessing the accelerated devel-
opment of Earth Observation (EO) technologies [4–7]. State-of-the-art gridded population
datasets produced through the synergies of Remote Sensing (RS) and Geographical Infor-
mation Systems (GIS), such as the Gridded Population of the World (GPW) [8], the Global
Human Settlement-Population (GHS-Pop) [9], the LandScan datasets [10,11], the World-
Pop datasets [12], the World Settlement Footprint population (WSF-Pop) datasets [13,14],
and the High-Resolution Settlement Layer (HRSL) [15] are becoming particularly popular
among researchers and practitioners, who are increasingly considering them as “dominant
sources of population data” [16].

Concisely, gridded population datasets complement and supplement conventional
aggregated census data, including projections and estimations. They provide a detailed
geographical framework that allows the integration of population data with other geospa-
tial layers, enabling the deployment of spatial and temporal analyses at local, regional and
global scales [16]. The aforementioned population datasets, for example, provide near-
global to global coverage estimations of population distributions at spatial resolutions of ~1
km, ~250 m, ~100 m ~30 m and ~10 m at the equator, respectively. The majority have been
produced using a “top-down” dasymetric modelling technique [17], in which population
counts from census, estimates or projections stored in native census units (e.g., census
blocks, townships, districts) are disaggregated into uniform georeferenced grid cells or
pixels, by means of a “restrictive” or “probability” layer. Depending on the specific method
used to derive these layers, dasymetric techniques can range from binary-weighted, to more
complex multi-layer and statistically weighted techniques, in which different remotely
sensed geospatial datasets or proxy layers (e.g., land cover, lights at night, elevation, slope,
distance to roads, distance to rivers, protected areas, built-up areas, etc.) are used to deter-
mine the variations in the density and distribution of population within the administrative
units [18] (see [19] for more details).

From an application point of view, gridded population datasets have been largely
employed to support a wide range of research areas including urban development [20],
land-use planning [21] and environmental assessments [22]. Most recently, however, topics
related to disaster risk assessment [3,23,24], health studies on infectious diseases [25] and
humanitarian actions [26] in particular have gained some predominance. Currently, gridded
population datasets are being used for mapping populations at risk [27], plan emergency
response actions [28], assess inequities in access to services [29], improve planning for
equitable service delivery and plan financial budgets. The sensitivity of these applications
illuminates the need for gridded population datasets to be as accurate as possible, as errors
or biases in the estimation of vulnerable populations can have considerable implications, in
terms of policy and decision making, as well as affect all the steps of crisis management
tasks [30].

In this context, the integration of new and highly detailed built-up land datasets into
large-scale population modelling frameworks has played a major role in the production
of more accurate population distribution datasets [31,32]. New datasets that describe the
location, characteristics and distribution of human settlements such as the High-Resolution
Settlement Layer (HRSL) [15], the Global Urban Footprint (GUF) [33], the World Set-
tlement Footprint (WSF) [34,35], the Global Human Settlement Layer (GHSL) [36], the
WorldPop growth built-up models [37] and building patterns [38], the Ecopia/Maxar [39],
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Microsoft [40] and Google building footprints [41] datasets have proven to increase the
internal quantitative and qualitative accuracy of population models up to 10–15% (based on
different metrics) [15,42–44]. Here, accuracy refinements are mainly attributed to the rela-
tive completeness of these built-area datasets, where the identification of human settlements
in rural and remote areas, in particular, has improved drastically over the years [31,43].

However, despite the advancements that these built-area and building footprint
datasets have brought to the field of large-scale population modelling, current global
gridded population datasets produced on the basis of these proxy layers still present some
limitations, as none of them provide de facto detailed information on the functional use
(residential versus non-residential) and vertical dimension of the built-up environment.
This consistent lack of information has resulted in large errors of under- and overestimation
in population estimates, especially in studies carried out at the local scale. For example, in
the work of Thomson et al. [45], the accuracy of the GHS-Pop, GPW4v.11, LandScan, HRSL
and WorldPop datasets (among other products) on slums located in Nigeria and Kenya was
evaluated. The statistical results indicated that, on average, 80% of the population located
in these areas was being underestimated by these datasets due to the lack of information
on settlement use, building heights and building densities. Comparably, in the accuracy
assessment of the WSF-Pop datasets presented by Palacios-Lopez et al. [13,14], the authors
demonstrated that large overestimation errors (sometimes higher than 150%) can be present
in the final products. This was especially true in urban regions, where non-residential
buildings (e.g., large industrial and commercial areas) were treated as residential, and
where high-rise buildings were treated identically to single houses.

With that being said, multiple local-scale studies have already shown that including
building type/use and building 3D information into models of population distribution
can greatly improve the accuracy in population estimations [31,46–51]. In these studies,
improvements of 10% up to 20% have been reported, resulting mainly from the exclusion
of non-residential areas and the inclusion of volume data, respectively. Nevertheless,
information on building use/type and volume has not yet been integrated into modern
large-scale population modelling due to a lack of appropriate data at/for large extents (e.g.,
national, continental, and global). Currently, existing research that focuses on extracting use-
related semantic information of built-up structures relies on a combination of regionalized
building footprints, cadastral data, LiDAR data, social media data, aerial imagery and/or
commercial (and frequently expensive) very high-resolution imagery (e.g., <5 m optical data
or orthoimage) [52–57], which restricts the implementation of the developed methods to the
specific areas where these data are available, reliable, replicable and—more importantly—
complete.

In this framework, the German Aerospace Center (DLR) has been working on the
World Settlement Footprint 3D (WSF3D) [58], a temporally consistent and spatially detailed
global dataset quantifying the fraction, total area, average height and total volume of
building stock within settlements. The final WSF3D is processed at a 90 m spatial resolution,
and according to the results of a first comprehensive technical quantitative assessment [58],
it reports accuracy metrics that are fairly consistent with independent, high-resolution
reference data (e.g., LiDAR derived datasets). In this study, an advanced version of the
WSF3D is used which quantifies the built-up density at an improved spatial resolution of
12 m (see Section 2.2 for more details).

In light of these new developments, a question that remains open is whether the
integration of the WSF3D dataset into models of population distribution can improve
the quantitative accuracy of population estimates. While gridded population datasets
produced on the basis of the binary and imperviousness WSF layers (2015 and 2019)
have already shown some qualitative and quantitative advantages over other existing
products [13,14], to the best of our knowledge, no assessment that reports on the suitability
of the WSF3D dataset in the framework of large-scale top-down population modelling has
been undertaken. Therefore, in this research, we examine the utility of the WSF3D dataset
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as a single proxy for top-down, large-scale population modelling. This examination was
carried out following a two-step approach briefly described as follows:

1. In the first step, we investigate if the WSF3D dataset can be used to effectively identify
and eliminate large industrial/commercial areas from the built-up environment,
which in the past have been reported as major sources of under/overestimation errors
in population modelling. To this end, we present a methodology that combines
a Random Forest algorithm with a set of spatial metrics derived solely from the
WSF3D dataset to predict the “Industrial” versus “Non-Industrial” class of built-up
settlements across 38 countries located in Europe. Reference datasets to collect training
data and validate our classification results are produced using the Urban Atlas 2018
dataset. Overall, the main objectives of this part of the research are to build an
automatic classification model for each country, and to produce binary classification
maps that can be used to refine population distribution datasets.

2. In the second step, we evaluate the accuracy of population distribution maps pro-
duced on the basis of the new WSF3D data and the integration of information on
industrial/non-industrial land use from step 1. For this assessment, we specifically
employ the information of the WSF3D building fraction (BF) and building volume
(BV) layers, downscaled to 12 m (see Section 2.2), to generate population distribution
maps using a weighted dasymetric mapping approach together with 2020 census-
derived population data. We then compared the outcomes to the results achieved
with a binary settlement mask as input. Overall, the main objectives of this part of
the research are to investigate if improvements can be gained from the inclusion of
settlement information related to the use and/or volume of building structures, and
to assess under which circumstances these improvements are more significative, and
how they correlate with the quality of our classification maps.

2. Materials and Methods
2.1. Study Area

The study area of our analyses covered the 38 countries in the European Union Area
(EEA), including the member state countries of the European Union (EU), the countries of
the European Free Trade Association (EFTA), the West Balkans countries, Turkey and the
United Kingdom, as illustrated in Figure 1.
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The selection of this study area was primarily guided by the parallel availability of
standardized land-use data from the Urban Atlas dataset (see Section 2.3 for more details)
and contemporary high-resolution population data needed for model training, population
modelling and validation. In addition, the unique characteristics of each country in terms
of the 3D morphology and functional use of the built-up environment, provided with an
excellent set up in which to test whether the contributions of the WSF3D dataset in the
field of large-scale population modelling were systematically consistent across variable
landscapes.

On the one hand, binary classification maps differentiating industrial and non-industrial
built-up settlements (Section 2.5) were produced for the EEA38 countries using training,
tests and validation datasets collected from a number of Functional Urban Areas (FUAs)
(Section 2.3) spread across all countries (red points). Tasks related to population modelling
and comparative analyses in population estimates (Section 2.6), on the other hand, were carried
out only in 30 countries, excluding Austria, Cyprus, Hungary, Latvia, Malta, Netherlands,
Portugal and Romania (crossed-out polygons) where no open population data were available
(Section 2.4).

2.2. World Settlement Footprint 3D Dataset

The WSF3D dataset is part of the WSF project and service portfolio developed by
the German Aerospace Center (DLR). This dataset includes a collection of thematic layers
quantifying the built-up fraction (BF), average building height (BH), total built-up height
(AH) and total built-up volume (BV) within a 90 m cell, based on a 12 m building mask
(BM). The processing methodology of the WSF3D dataset is based on the work presented by
Esch et al. [59]. Concisely, the production approach of the WSF3D relies on two main input
datasets: (1) the 12 m spatial resolution TanDEM-X Digital Elevation Model (TDX-DEM),
including its underlying amplitude imagery (TDX-AMP), and (2) an updated version of the
WSF imperviousness (WSF-Imp) dataset depicting the percent of impervious surface (PIS)
at ~10 m spatial resolution [34,60] within the built-up area defined by the World Settlement
Footprint 2019 (WSF2019) human settlement mask [61].

For each of the EEA38 countries, the layers employed for this research were provided
ready-to-use by DLR. Here, we include a short description of the production process of
each layer, focusing specifically on the 12 m versions displayed in Figure 2:

1. Building Height (BH): The 12 m BH layer represents a spatial disaggregation of
the standard 90 m WSF3D BH layer, which was derived by measuring the height
variations of vertical edges related to building edges (BE) in the 12 m TDX-DEM
within the settlement areas defined by the WSF-Imp layer. The height is reported in
meters (m) in the final product.

2. Building Fraction (BF): This layer was produced by quantifying the built-up coverage
at 12 m derived from the joint analysis of the WSF-Imp, TDX-AMP and BE. The values
in the final product range from 0–100, measured in percentage.

3. Building Area (BA): This layer was derived by multiplying the BF times the area of
each ~12 m grid cell (~144 m2 at the equator). The area is reported in square meters
(m2) in the final product.

4. Building Volume (BV): This layer was derived by multiplying the BH with the area
of the 12 m pixels. The total volume is expressed in cubic meters (m3) in the final
product.

5. Building Mask (BM): This layer represents the binary version of the BF layer, where
all pixels PIS > 0 have been converted to values of 1.

2.3. European Urban Atlas Datazset

The European Urban Atlas is a dataset produced and supported by the European Space
Agency (ESA) and the European Environment Agency (EEA). It provides standardized
vector land-use and land-cover (LU/LC) data covering more than 700 Functional Urban
Areas (FUAs) and their immediate rural vicinity, with more than 50,000 inhabitants across



Remote Sens. 2022, 14, 325 6 of 30

the EEA38 countries. The cartography of the Urban Atlas polygons is based on image
interpretation of very high-resolution satellite data (2 m or 4 m spatial resolution). The
LU/LC nomenclature is composed of 27 classes distributed in five major groups (Level 1)
as described in Figure 3. Within each FUA, LU/LC polygons have a minimum mapping
size of 0.25 ha for classes with class code 1, and 1 ha for classes with class code 2 to 5, which
are spatially distributed in heterogenous patterns [62].
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Figure 2. World Settlement Footprint 3D. From top left to bottom right: building fraction (BF),
building height (BH), building Area (BA) and building Volume (BV) covering the area of central-east
Munich in Germany.

For each country in our study area, the 2018 versions of 13 datasets were downloaded
from the Copernicus land monitoring services website [63]. Accordingly, for each country,
Table 1 summarizes the number of FUAs employed in this research.

Table 1. Number of available FUA per country.

Country
Name ISO No. FUAs Country

Name ISO No. FUAs Country
Name ISO No. FUAs Country

Name ISO No. FUAs

Albania ALB 4 Spain ESP 69 Italy ITA 81 Portugal PRT 11
Austria AUT 6 Estonia EST 3 Lithuania LTU 6 Romania ROM 35
Belgium BEL 11 France FRA 83 Luxembourg LUX 1 Serbia SRB 13
Bulgaria BGR 17 Finland FIN 7 Latvia LVA 4 Slovakia SVK 8

Bos. and Her BIH 5 Un. King GBR 40 Macedonia MKD 4 Slovenia SVN 2
Switzerland CHE 10 Greece GRC 9 Malta MLT 1 Sweden SWE 9

Cyprus CYP 2 Croatia HRV 7 Montenegro MNE 1 Turkey TUR 62
Czechia CZE 15 Hungry HUN 19 Netherlands NLD 35 Kosovo UNK 3

Germany DEU 96 Ireland IRL 5 Norway NOR 6 Total 753
Denmark DNK 4 Island ISL 1 Poland POL 58
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2.4. Population Data and Administrative Boundaries for 2020

The Center of International Earth Science Information Network (CIESIN) provided
upon request the subnational administrative boundaries and the corresponding 2020
census/estimate-based population data for 30 of the EEA38 countries in our study area.
According to the technical description presented in [64], the geographical boundaries and
population counts follow the cartography and official estimates collected in the 2010
round of Population and Housing Censuses, that took place between 2005 and 2014.
For each subnational boundary two types of population data estimates were provided:
(i) census/estimated-based numbers calculated using annual exponential growth rates, and
(ii) United Nation-adjusted estimates [65], which were used in this research.

Table 2 shows a summary of the population data for each country including the ISO-
code, base census year, total population estimation and number of administrative/spatial
units. For the purpose of this research, two levels of aggregation of the administrative units
were provided: one used for population modelling which was the administrative level 0 or
national polygon for each country (hereinafter referred to as L0-units), and one for used
for validation which included the finest administrative levels available for each country
(hereinafter referred to as L1-units).

2.5. Industrial and Non-Industrial Classification of Built-Up Settlements Using Random Forest

In the field of land-use mapping, research has shown that spatial metrics derived
from remotely sensed data combined with a Random Forest (RF) algorithm can be used to
effectively to identify different land-use/land-cover classes on the ground [52,66–68]. On
the one hand, spatial metrics quantitatively describe the configuration of the landscape
in terms of the structure (e.g., shape, size, number, density) and the arrangement of
elements (e.g., buildings) across space [69]. At a specific scale and resolution, differences



Remote Sens. 2022, 14, 325 8 of 30

in these metrics are normally an indicator of different land-use classes, thus allowing
the production of LU/LC classification maps. In the framework of this research, for
example, previous studies have shown that spatial metrics such as the average, median
and standard deviation of the density, height and volume of building structures can be
used to discriminate industrial (and large commercial) buildings from residential and other
non-industrial buildings [55]. Overall, industrial buildings are generally larger, higher
and denser in comparison with residential buildings, allowing their identification through
different remote sensing techniques.

Table 2. Summary of 2020 UN-adjusted census-based population data for each country, including
3-letter ISO-Code, census or estimation year, total population and highest administrative level plus
number of units (admin. level/count).

ISO Code Census Year UN2020
Estimation

L1-
unit/Count ISO Code Census Year UN2020

Estimation
L1-

Unit/Count

ALB 2011 2,935,145 3/365 IRL 2011 4,874,291 4/18,488
BEL 2014 11,634,330 4/589 ISL 2010 342,140 2/73
BGR 2011 6,884,343 2/263 ITA 2011 59,741,323 3/317
BIH 2013 3,758,147 3/141 LTU 2011 2,794,897 2/60
CHE 2010 8,654,270 3/2514 LUX 2011 605,110 4/139
CZE 2011 10,573,292 3/6249 MKD 2010 2,088,374 2/78
DEU 2011 80,392,210 3/11,185 MNE 2011 625,837 1/21
DNK 2010 5,775,633 3/2135 NOR 2011 5,490,394 2/429
ESP 2011 43,931,099 3/7931 POL 2011 38,407,264 4/2500
EST 2011 1,295,158 3/4587 SRB 2011 6,641,618 5/4616
FIN 2011 5,554,886 2/320 SVN 2010 2,075,010 3/5969
FRA 2009 65,720,028 5/36,602 SWE 2010 10,120,395 3/14,605
GRB 2011 66,700,124 6/232,296 TUR 2010 82,255,778 2/957
GRC 2011 10,825,409 5/6121 UNK 2011 2,031,895 1/37
HRV 2011 4,162,498 2/556

The RF classifier, on the other hand, is a robust ensemble machine algorithm that has
proven to be a powerful tool capable to perform accurate supervised classification tasks [70].
Essentially, the RF classifier builds multiple decision trees, each one constructed using a
random subset of the training data. Each individual tree delivers a class prediction, and the
class with most votes becomes the model’s prediction. Compared to other classification
algorithms which are also known to produce robust classifications in remote sensing
problems (e.g., support vector machines SVM), the RF performs equally, with the advantage
that is easier to implement as it requires less parametrization [71].

Following these premises, in this research we combined an RF classifier with a set of
spatial metrics derived solely from the WSF3D layers to predict the “industrial” versus
“non-industrial” class of the built-up settlement pixels in each country of our study area.
The whole workflow for the production and validation of the final binary classification
maps is shown in Figure 4, followed by a detailed description of the main steps in the
following sub-sections. Unless indicated otherwise, all processing steps were carried out
using GDAL-commands in a Linux environment and Python programming language
and libraries.

2.5.1. Derivation of Spatial Metrics

In this study, a total of 16 spatial metrics derived from the WSF3D dataset were used as
variables to train the RF models for each country. These included the four basic components
of the WSF3D dataset: BA, BH, BF and BV, and 12 additional metrics based on distributional
statistics calculated over a 25 × 25 window size (300 × 300 m): mean, median, and the
standard deviation. The window size was chosen to ensure that the surroundings of the
potentially smallest “non-industrial” areas were evaluated, using as reference the minimum
size employed in the cartography of the Urban Atlas datasets (1 ha, 100 × 100 m) [72]. For
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each country, a 16-band raster composite was generated, which included the total of all
parameters derived.

2.5.2. Interim and Reference Datasets

Following methodologies similar to the ones presented in [73,74], interim and reference
datasets needed to automatically collect training and test data, and to validate the final
classified maps, were produced using the Urban Atlas datasets. For each country the
interim and reference datasets were produced by classifying the built-up pixels of the
WSF3D building mask (BM) layer according to the class of the Urban Atlas polygons
their centroid fell into. As seen in Figure 5, the final interim/reference datasets covered
a little more than 50% of the total built-up area for six countries, between 40 and 50% for
24 countries, and between 25% and 35% for eight countries.
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Using the reclassification scheme presented in Table 3, for each FUA, built-up pixels
were classified as “non-industrial” (Class 1) if their centroids were within those UA poly-
gons with Level 2 codes: 111, 112, 113, 121, 122, 131, 141 and Level 1 codes: 2, 3, 4 and
5, respectively (see Figure 3). On the one hand, according to the Urban Atlas-Mapping
Guide [72], polygons within the classes 111, 112 and 113 encompass built-up structures
that have a predominant residential component, with the occasional presence of mix-use
buildings. Polygons within the remaining classes, on the other hand, encompass built-up
structures that have industrial, commercial, public and military use, or small built-up
structures with non-residential use located in the proximity of roads and train stations, or
within construction sites, gardens, zoos, parks or marinas.
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Table 3. Reclassification scheme using for reference and interim datasets.

Class Major Classes Urban Atlas Codes Sub-Classes

1 Non-industrial

111: 11100 1.1 High-dense residential

112: 11210, 11220, 11230, 11240
113: 11300
121: 12100 (area < 10 km2)
122: 12210, 12220, 122230
131: All
141: All
Level 1: 2, 3, 4, 5

1.2 Low-dense residential +
Small non-residential

2 Industrial 121: 12100 (area >= 10 km2)
122: 12300, 12400

As such, in the particular case of class 121, to exclude polygons representing large
industrial and commercial units (e.g., energy plants, production sites, retail parks) only
polygons with areas below 10 km2 were considered as “non-industrial”. This threshold was
selected after a visual assessment of more than 50% of the Urban Atlas polygons across all
FUAs, using very high-resolution (VHR) VHR optical imagery. Consequently, all built-up
pixels whose centroids were within Urban Atlas polygons with class code 121 and areas
>10 km2 were classified as “industrial” (Class 2), including those located within class code
122 polygons, corresponding to ports and airports.

At the same time, for the purpose of training data collection (Section 2.5.3), the built-up
pixels within the “non-industrial” class were further differentiated into two sub-classes,
namely “High-dense residential” (Class 1.1) and “Low-dense residential + Small non-
residential” (Class 1.2) as noted in Table 3 and Figure 6a–c. This sub-categorization was
simply carried out to ensure that enough samples were collected within areas where built-
up structures could potentially present similar metrics to the “industrial” class, such as the
case of high-rise buildings within the 111 class.

2.5.3. Automatic Training Data Collection

Once the interim reference datasets for each FUA within a country were produced,
these were used to automatically collect point training data by means of a proportionally
allocated stratified random design. From each class (Figure 6c), we collected 1000 samples
(or class labels), which resulted in a total of 3000-point samples per FUA per country.
The location of these samples was then used to extract the 16 spatial metrics from each
country’s 16-band composite, to finally construct the input training datasets for model
training (Section 2.5.4). In this research, the selected sample size represented the maximum
size in which the training data for the less represented class, in the less represented FUA,
was less or equal to 30% of total available pixels. This means that for each class in each
FUA, 70% or more pixels were left as independent test data for model prediction and
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reference class labels for validation purposes (Section 2.5.5). These ratios are inline to the
ones employed in Zhang, Li [54], for a similar assessment.
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Figure 6. Example of reference dataset for a FUA located in Netherlands, with (a) reclassified
Urban Atlas (UA) polygons according to Table 3 using three sub-classes, (b) WSF3D building mask
overlapping Urban Atlas (UA) polygons, (c) interim dataset for training data collection and (d) binary
reference dataset.

2.5.4. Model Training

To produce the final binary classification maps of “industrial” versus “non-industrial”
classes, for each country, a single RF model (hereinafter referred to as Full Model (FM)-RF)
was built using Python’s scikit-learn libraries [75]. As described in Figure 4, for each
country a single FM-RF was trained using the entire set of training data collected from
all the FUAs belonging to a particular country. Here, it is important to clarify that all of
the 16 spatial features derived from the WSF3D were used for model training, without the
implementation of feature selection, as internal results (not included here) showed that
removing features did not improved model predictions. Accordingly, in order to produce
the most robust predictions, during the training process, model hyperparameters were
independently optimized for each country, and the final model was used to predict over (1)
the entire test data and (2) entire country. Hyperparameter selection was carried out using
scikit-learn’s “GridSearchCV” functionalities, to select the number of trees, the maximum
depth of a tree, the minimum number of samples required to split an internal node or the
minimum number of samples required at a leaf node.

2.5.5. Quantitative Accuracy Assessment

To evaluate the classification accuracy of the FM-RF models, for each country, the
predictions made over the test data were compared against the reference data by means
of a confusion matrix. For this assessment, built-up pixels predicted as classes 1.1. and
1.2 were first merged into a single class, representing the final “Non-industrial” class to
match the final binary reference datasets (Figure 6d). From here, for a balanced accuracy
assessment, an equal number of pixels were randomly selected for each class, equal to the
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size of the least represented class (excluding training data points). This sample was then
used to derive common statistical accuracy metrics including the Overall Accuracy (OA)
and Cohen’s kappa coefficient (k), and the Producer’s and User’s Accuracy (PA, UA) for
each class, respectively.

However, considering that a proper accuracy assessment can only be performed in the
areas where reference data is available (see Figure 5), to provide a general overview of the
relative accuracy that can be expected in the country-wise classification maps, we produced
two alternative models to (1) analyse the spatial transferability of our RF-models and (2)
compare their performance against “optimal” scenarios (Figure 4, dashed process). First,
following recent methodological guidelines [76–78], for each country, k external models
(E-RF, k = no. of FUAs) were trained and optimized by excluding the training data of
one FUA at the time. In each iteration, the FUA that was left out was used as a spatially
independent test area, and the accuracy of its classified map compared against the reference
data. Accordingly, for each FUA an internal model (I-RF) was trained and optimized using
only each FUAs’ training data. This model was then applied to the test data of same FUA
and the accuracy of the classified map compared against the reference data. The results of
the I-RF and E-RM were then aggregated at the country level and compared against the
accuracy of the FM-RF.

2.6. Population Modelling and Comparative Analyses

Figure 7 illustrates the workflow followed for the assessment of population models
built on the basis of the original building mask (BM), building fraction (BF) and building
volume (BV) layers of the WSF3D, and a combination of building volume and industrial
settlement use information (exclusion of industrial settlements BV-IS).Accordingly, the main
steps included the production of gridded population distribution datasets using top-down
dasymetric modelling techniques, followed by a well-established quantitative accuracy
assessment. These steps are described in more detailed in the following sub-sections.
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2.6.1. Top-Down Dasymetric Modelling

A total of four gridded population maps for each country were modelled using a dasy-
metric binary technique or weighted technique, where the 2020 UN-adjusted population
counts from L0-units were redistributed into the built-up settlement pixels of the WSF3D
datasets. First, gridded population datasets were produced on the basis of the building
binary mask (BM) as proxy layer using Equation (1). In this technique, each built-up pixel
within a given L0-unit Pop(p∈L0) has a weight of one Wp = 1, resulting in each pixel being
allocated an equal number of people. This approach is similar to the one employed by
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the HRSL and the GHS-POP datasets and produces a homogenous distribution of the
population within each L0 unit, preserving the original population counts of the input unit.

Pop(p∈L0) = PopL0
Wp

∑n
p=1
(
Wp
)


Wp = 1, BM
0 < Wp ≤ 100, BF,
0 < Wp ≤ max(pv), BV, BV − IS

(1)

Second, gridded population datasets were produced on the basis of the different
continuous layers, including the building fraction (BF), building volume (BV) and building
volume minus industrial settlements (BV-IS). Here, unlike in the binary technique, each
built-up pixel is allocated a proportion of the input unit’s total population PopL0, relative
to their density (0 < Wp ≤ 100) or volume (0 < Wp ≤ max(pv)) pixel values pv. This ap-
proach produces heterogenous population distributions, comparable to the ones provided
by the WSF-Pop datasets, preserving the original population counts of the input unit.

2.6.2. Quantitative Accuracy Assessment

As shown by previous studies [9,13,79], in the field of large-scale population modelling,
a “true-validation” of gridded population datasets remains a very challenging task due
to the lack of high-resolution ground-truth data (e.g., population counts at the pixel level)
needed for an independent quantitative assessment. Therefore, in order to test the accuracy
of population distribution datasets, the research community has developed an empirical
validation method that measures the internal accuracy of population distribution maps in
terms of “how well and plausibly populations were distributed” [19].

Overall, in this method a series of statistical analyses are performed using the differ-
ences between population counts extracted from maps modelled using a coarser level of
the administrative units (here, L0 units or input units), and the population counts of the
finest administrative units (here, L1 units or validation units). Here, the main assumption
is that input population data is accurate, and as such, the resulting empirical analyses only
measure the relative accuracy, effectiveness and stability of the employed disaggregation
method and/or proxy layers.

For this research we applied the same validation method to systematically compare the
quantitative accuracies of the four different population datasets described in the previous
section. First, as explained in Section 2.6.1, we have chosen to model the final gridded
population datasets using the national level administrative units for all countries (L0 units).
This was carried out to reduce the bias that is normally introduced when the input units and
validation units have a similar size [14,80], on the one hand, and to be able to evaluate each
country with the largest number of validation units possible (L1 units), on the other [13].
Second, using the L1 units (validation units), from each population dataset we extracted the
estimated population counts using the Zonal Statistic tool of ArcGIS. For each country and
each gridded population dataset, the reported differences between the actual and estimated
values were then used to derive the following error metrics:

MAEc =
∑n

i∈L1=1|popa − pope|
n

(2)

%MAEc =
MAEc

popc
(3)

RMSEc =

√
∑n

i∈L1=1(|popa − pope|)2

n
(4)

REEn
i∈L1 =

popa − pope

popa
∗ 100 (5)

On the one hand, for a given country, the Mean Absolute Error (Equation (2)) and
Root Mean Square Error (Equation (4)) (MAEc, RMSEc) both measure the average of the
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absolute differences between the actual (popa) and estimated population (pope) counts of
the L1 units. However, unlike the RMSE, which penalizes larger errors by squaring the
differences, the MAE weights each error equally, allowing the identification of outliers in
the data. On the other hand, the percentage MAE (Equation (3)), which is the MAE divided
by the average population of each country, allows the comparisons across countries by
removing the bias of different population totals and number of L1 units. This metric can be
used to determine if the errors/improvements generated by the different proxy layers are
similar and systematic, or if different behaviors are observable across countries.

The Relative Estimation Error (REE, Equation (4)) measures the error in each L1 unit
in proportion to their actual population counts. By reducing the bias caused by differences
in population counts across L1 units, this metric is useful in comparing the distribution
of errors within countries and across countries produced by each covariate layer. In this
research, the REE was used in two ways:

(i) Firstly, for each country we calculated the proportion of industrial areas found within
the L1 units according to the final binary classification maps. For all L1 units with the
same amount of industrial presence, we then calculated the average REE produced by
each gridded population map.

(ii) Secondly, similar to [48], we grouped the L1 units into REE ranges of 25% according
to the results produced by each gridded population map. For each country, we then
calculated the percentage of each countries’ total population found in these units.

3. Results
3.1. Industrial and Non-Industrial Binary Classification Maps

To evaluate the overall performance of our automated FM-RF models for the classifica-
tion of industrial versus non-industrial built-up settlements, Figure 8 together with Figure 9
show the results of comparing the percentage of total area covered by each class according
to the reference (R) and the predicted (P) classified maps. First, at the country scale, as seen
from the distribution of the per-class percentage share presented in Figure 8, the proportion
of built-up settlements pixels predicted as industrial (grey bar) and non-industrial (red
bars) types by the FM-RF models were fairly comparable to those reported by the reference
maps. As observed, for most countries, there are slight overestimations in the predicted
industrial share. Overall, according to the Pearson’s correlation (r) values, the agreement
between the reference and predicted maps at the country level ranged from 0.40 (MLT) to
0.65 (LTU), with an average value of 0.54, a median of 0.55 and a standard deviation of
±0.05, reported at the Pan-European scale.
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Countries ordered according to no. of available FUAs.

At the FUA level, a closer look at the distribution of the absolute differences in class
proportions presented in Figure 9, reveals that for most countries (24/38) at least 75% of
the FUAs’ predicted maps (IQR range box) showed differences in class proportions below
10% compared to their respective reference maps. For the remaining 25% of the maps, and
for 9 of the 14 left countries, differences did not exceed 15%. As such, differences in class
proportions between the predicted and reference maps equal or larger than 20% (but lower
than 40%) were only found in a small number of outlier FUAs in BEL, NDL, TUR, ITA
and FRA.

To complement the aforementioned results, Figure 10 shows the accuracy metrics
reported by the confusion matrix analysis, for the FM-RF (black), the I-RF (red) and the
E-RF (blue) models, respectively. Focusing first on the results produced by the FM-RF,
results show that in terms of the overall accuracy (OA), for most countries, the accuracies
were higher than 85%. The highest value of 90% was reported in LTU, whereas the lowest
value of 75% was reported in MLT. Overall, at the Pan-European scale, the OA reported by
the FM-RF reached an average of 84.32%.

Accordingly, for most countries (22/38), the Cohen’s kappa coefficient (k) values
remained higher than 0.7, with the highest value of ~0.82 reported in LTU. Fifteen out of
the remaining sixteen countries reported k-values higher or close to 0.6, with the lowest
value of ~0.52 reported in MLT. At the Pan-European scale, the k value reported by the
FM-RF reached an average of 0.68.

In terms of the Producer’s Accuracy (PA) for class 1: non-industrial and class 2:
industrial, results reveal that in 37 of the 38 countries, the PA of class 1 was close or higher
than 90%, with the lowest metrics of 85% reported in MLT and the highest value of ~95%
reported in ISL, SVN, NOR, HRV, GRC and HUN, respectively. Conversely, the PA of class
2 was higher or equal to 80% for 23 countries and between 70% and 80% for the rest of the
countries. The highest value of ~87% was reported in LTU and the lowest value of ~72%
was reported in MLT and GBR, respectively. Overall, at the Pan-European scale the PA of
the non-industrial and industrial classes, reached an average of 92% and 79%, respectively.
Accordingly, results reveal than in 21 of the 38 countries, the User’s Accuracy (UA) of class
1 was higher or equal to 80%, between 70% and 80% for nine countries, and below 70% for
eight countries. The highest value of ~87% was reported in LTU, and the lowest value of
~65% was reported in MLT and GBR, respectively. Conversely, the UA of class 2 was higher,
equal or close to 90% for 36 of the 38 countries. The highest value of 95% was reported in
HRV, and SVK, and the lowest value of ~82% was reported in MLT, respectively. Overall,
at the Pan-European scale, the UA of the non-industrial and industrial classes, reached
averages of 76% and 91%, respectively.
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Figure 10. Confusion matrix average accuracy metrics reported in each country on the basis of the
FM-RF (black points), I-RF (blue crosses) and E-RF (red crosses) models. First row: overall accuracy
(OA) and kappa coefficient (K). Following rows: producers “accuracy (PA) and Users” accuracy (UA)
for class 1: Non-Industrial (left), class 2: Industrial (right). Pan-European results represented by the
average lines and bold numbers. Countries ordered according to no. of available FUAs.

Finally, from a comparative point of view, the results produced by the different RF-
models reveal that the FM-RF models performed fairly comparable to the I-RF models,
while marginally improved over the E-RF models across all countries. As observed, in terms
of the OA, the difference between the FM-RF and the I-RF was only 2%, and between the
FM-RF and the E-RF only 3% at the Pan-European scale. Accordingly, the kappa coefficient
dropped 0.04 between the FM-RF and the I-RF, while it improved 0.02 points between the
FM-RF and the E-RF. In terms of the PA and UA the trends are similar, where the largest
difference of 4% can be seen between the PA od the I-RF and the FM-RF models.

3.2. Population Modelling: Output Gridded Population Maps

Figure 11 shows several extracts of the output gridded population maps produced
using the four proxy layers (BM, BF, BV and BV-IS) and the national level (L0 units)
administrative units. Each map was produced at a spatial resolution of 12 m, representing
the estimated amount of people per pixel for the year 2020. To visually inspect the thematic
differences between maps, we focused on representative areas with a mix of non-industrial
and industrial areas, including ports and commercial centers. As observed, gridded
population maps produced on the basis of the BM proxy layer delivers homogenous
distributions of the population, where each pixel holds the same amount a people. Gridded
population maps produced on the basis of the BF, BV and BV-IS, on the other hand, offer
more spatial heterogeneity, adhering to the relative changes in the density and volume
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values, respectively. Without the inclusion of settlement use information, it is possible to
observe that maps produced with the BF and BV layers allocate a large proportion of the
population in areas identified as Industrial in the BV-IS maps. The BV proxy layer, however,
seems to minimize this effect, by allocating a higher proportion of the population in the
dense non-industrial areas, as opposed to the BF, where the allocation of people in dense
non-industrial areas and industrial areas appears balanced.
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Figure 11. Local-area examples of the output population distribution maps produced on the basis
of the BM, BF, BV and BV-IS layers and the national administrative units. Each map represents the
UN-2020 population per pixel at a spatial resolution of ~12 m at the equator. Population per pixel is
country/area dependent.

3.3. Population Modelling: Quantitative Comparative Analyses

The results of the accuracy assessment for each of the gridded population dataset in
terms of the %MAE are presented in Table 4. Overall, results indicate that the integration
of volume and industrial settlement use information (BV-IS) produced the lowest %MAE
errors in the majority of the countries (bold numbers), whereas the BM produced the highest
%MAE (italic numbers), respectively. At the Pan-European scale, 75% of the countries
reported %MAE was equal or below 47.26%, 46.06%, 42.93% and 37.72%, using the BM, BF,
BV and BV-IS proxy layers, respectively. Here, the lowest %MAE value reported by each
layer was 16.15%, 14.88%, 11.66% and 8.47%, respectively; while the highest %MAE value
was 68.37%, 67.25%, 80.13% and 56.92%, respectively.

To evaluate the correlation between industrial coverage and the %MAE reported by
each proxy layer at the country scale, we categorized the countries into three industrial
levels, namely “Low” (0–10%), “Medium” (10–20%) and “High” (>20%) according to
the share of industrial areas found according to the classified maps. With this, we then
evaluated %MAE that was reported by each country’s population map transitioning from
one proxy layer to the next (BM to BF, BF to BV and BV to BV-IS) as described in Figure 12.
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Table 4. Accuracy assessment results.

%MAE %MAE

ISO Av. Pop BM BF BV BV-IS Ind. Level ISO Av. Pop BM BF BV BV-IS Ind. Level

ALB 7869.02 60.70 55.33 46.05 41.69 Medium IRL 263.65 60.11 67.03 78.43 56.92 Medium
BEL 19,752.68 36.12 33.74 32.54 26.22 Medium ISL 4623.53 37.57 26.31 20.54 15.52 Medium
BGR 26,077.06 45.39 41.73 31.26 37.49 High ITA 189,654.99 16.15 14.88 11.66 8.47 High
BIH 26,465.83 28.11 29.17 25.18 25.73 Medium LTU 46,581.63 36.93 28.26 19.54 26.15 High
CHE 3441.06 40.27 41.39 34.75 27.43 High LUX 4353.32 33.76 30.88 31.64 27.73 High
CZE 1691.46 40.51 37.58 30.38 28.89 Medium MKD 26,774.03 34.19 33.11 28.21 30.07 Medium
DEU 7119.40 37.36 36.23 31.83 28.37 High MNE 29,801.81 25.08 26.65 28.77 29.48 High
DNK 2701.42 48.01 48.48 44.02 30.86 High NOR 12,768.36 33.59 35.39 30.85 26.99 High
ESP 5541.96 43.52 44.25 34.08 28.03 High POL 15,362.91 46.61 42.87 34.47 38.88 Medium
EST 282.35 57.59 56.7 54.8 54.00 Low SRB 1438.83 47.41 44.94 38.23 40.78 Low
FIN 17,359.02 39.55 36.38 28.03 20.06 High SVK 1857.59 37.6 34.04 31.38 33.00 Medium
FRA 1795.43 46.83 45.49 39.69 30.55 High SVN 347.63 35.14 36.1 36.22 28.86 Low
GBR 287.13 56.55 67.25 80.13 51.63 Medium SWE 6931.78 43.24 46.25 47.66 37.80 High
GRC 1768.57 68.37 64.44 47.77 35.11 Medium TUR 7869.02 60.7 55.33 46.05 41.69 Medium
HRV 7486.51 39.3 39.28 32.76 30.90 Medium UNK 54,918.53 17.45 18.78 22.08 19.55 MediumRemote Sens. 2022, 14, x FOR PEER REVIEW 19 of 30 
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Figure 12. Alluvial plot showing the transitions of the %MAE across each proxy layer for all countries.
Colors represent the industrial level of each country; x-axis elements represent the %MAE aggregated
in 10% intervals.

As observed, results indicate that only two out the 30 evaluated countries fall within
the “Low” category of industrialized level, whereas 15 and 13 countries fall within the
“Medium” and “High” category (see Table 4), respectively. For countries with “Low”
industrial coverage, the %MAE remained some-what stable from one proxy layer to the
next, where improvements of 10% are only reported in SVN by the BV-IS proxy layer.
For countries with “Medium” and “High” coverage this behavior is a more variable.
First, independently of the error range, for most countries (22/28) the %MAE produced
by the BM proxy layer remained within the same range as %MAE produced by the BF
proxy layer. Here, six countries reported improvements of 10% (4 “Medium”, 2 “High”),
while one country (GBR) reported 10% worsening. Consequently, for 12/28 countries
errors remained within the same range between the BF and BV proxy layers. Here, 12/28
reported improvements (7 “Medium”, 4 “High”), elven countries of 10% and one country
(GRC) of 20%. Three countries reported worsening of 10% and one country of 20% (GBR).
When transitioning from the BV to the BV-SI, for 11/28 the %MAE remained within the
same error range: Here, 14/28 countries reported improvements (7 “Medium”, 7 “High”),
twelve of 10%, one of 20% (IRL) and one of 30% (GBR). Three countries reported 10%
worsening. Finally, a general evaluation transitioning from the BM to the BV-IS shows that
9/30 countries remained within the same %MAE errors range, from with one had “Low”
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industrial coverage, seven “Medium” industrial coverage and 1 “High” industrial coverage.
Therefore, 21/30 countries show improvements, 15 of 10% (1 “Low”, 4 “Medium”, an” 10
“High”), 5 of 20% (3 “Medium” and 2 “High”) and one country of 30% (“Medium”).

In terms of the MAE and the RMSE, the results in Figure 13 show that for most
countries and proxy layers, the MAE value remained at least twice as low as the average
population at the country level. This behaviour was not similar for the RMSE, where
for most countries this value was higher than the average population with the BM, BF,
BV and BV-IS proxy layers, respectively. Accordingly, within most countries the distance
between these two metrics is relatively shorter for models produced with the BV and BV-IS
layers, respectively. This means, that in models produced with the BM and the BF layer, a
larger variability exists between errors, which also suggest the presence of one or multiple
outliers.
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As described in Section 2.6.2, to compare the general trends of error distribution deliv-
ered by each proxy layer, we investigated the relationship among the Relative Estimation
Error (REE), the total population and the share of industrial areas found within the valida-
tion L1-units of each country. Figure 14 presents the results of this assessment, where we
have included only those countries where the majority of industrial ranges were present,
with the rest of countries showing similar trends.

First, as seen from these plots, the largest proportion of each countries’ the population
(bar plots, y-right-axis), is mainly found in units where the calculated industrial presence is
below 40%. As the share of industrial areas increases, the average population decreases,
reaching values equal or below 20% for most countries. Second, by analyzing the distribu-
tion of the REE (line/point y-left-axis), one of the general trends we can observe, is that
the majority of the proxy layers produced errors of overestimation across all ranges of in-
dustrial share (points above the “0” horizontal line). Errors of underestimations, produced
mainly by the BV (light blue) and BV-IS (green) proxy layers, can be seen in some countries,
especially in validation units with an industrial share lower than 20%, and in some few
cases in ranges higher than 80%. Accordingly, for the majority of the countries, the BV-IS
proxy layer produced overall the lowest REE. While for most countries, this tendency
started from validation units with industrial share larger than 20%, improvements over the
BM (yellow), BF (black) and the BV (light blue) proxy layers became more pronounced in
units with industrial share >40%. For the BM, BF and BV proxy layer, the largest (visible)
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overestimations are present in units with more than 60% of industrial share. In these units,
the BV-IS proxy layer reduces the overestimations by as much as 700%, reaching either
overestimations or underestimation in the range of 25–50%.
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share of industrial share found within the validation units. Bar plots: average percent population
(right-y axis) found in validation units grouped by share of industrial areas.

This behaviour, however, is different in units with industrial shares lower than 20%.
For most of the countries, the BV proxy layer produced the smallest errors (underestimation)
in the range of 10–15%, followed by BF and BM proxy layers, respectively. Finally, while the
REE increased with increasing values of the industrial share for the BM, BF and BV layer,
the errors reported by the BV-IS were consistently more stable, remaining systematically
between −50% and 100% error ranges, in comparison with the other proxy layers, were
errors reached overestimation higher than 400%.

Finally, to evaluate the distribution of error across all countries, Figure 15 shows the
share of total population that fell within different REE ranges according to each proxy layer
summarized at the Pan-European scale. At this level of evaluation, it is possible to observe
that the BV-IS proxy layer estimates close to half of the population with errors ranging from
−25% to 25%, with most errors being of underestimation. Comparably, within the same
ranges, the BM, BF and BV proxy layers (inner to outer donuts) estimate 37%, 40% and 47%
of the population, respectively, also with a tendency to underestimate.

Accordingly, with the BV-IS the second largest proportion of the population (~30%)
was estimated with errors ranging from ± (25% to 50%), ~11% was estimated with errors
ranging from± (50% to 75%), ~3% was estimated with errors ranging from± (75% to 100%),
and ~3% with errors >100%. For the BM proxy layer, ~32% of the population was estimated
with errors ranging from ± (25% to 50%), ~20% was estimated with errors ranging from
± (50% to 75%), ~7% was estimated with errors ranging from ± (75% to 100%), and ~5%
with errors >100%. For the BF proxy layer, ~30% of the population was estimated with
errors ranging from ± (25% to 50%), ~20% was estimated with errors ranging from ± (50%
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to 75%), ~6% was estimated with errors ranging from ± (75% to 100%), and ~5% with
errors >100%. Finally, for the BV proxy layer, ~32% of the population was estimated with
errors ranging from ± (25% to 50%), ~13% was estimated with errors ranging from ± (50%
to 75%), ~5% was estimated with errors ranging from ± (75% to 100%), and ~4% with
errors >100%.
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4. Discussion
4.1. Industrial and Non-Industrial Classification of Built-Up Settlements Using Random Forest

The results of the classification tasks reveal that spatial metrics derived solely from the
WSF3D dataset in combination with an RF classifier can be used to effectively identify and
discriminate industrial versus non-industrial settlement use over large territorial extents.
First, according to the results presented in Figures 8 and 9, for most countries, the binary
maps produced on the basis of the FM-RM models showed good agreement with the
reference datasets in terms of the share of built-up settlements belonging to one or the
other class. According to the standard interpretation of the Pearson’s’ correlation metric in
the context of intraclass correlation [81], the agreement between the refence and predicted
maps was- between “fair” (0.4–0.59) and “good” (0.6–0.74) for all countries, highlighting
the overall robustness of the presented approach.

Furthermore, as seen from Figure 10, the FM-RF models for most countries delivered
average Overall Accuracy (OA) and Kappa coefficient (k) metrics that, at the Pan-European
scale, remained above 84% and 0.68, together with Producer’s Accuracy (PA) and User’s
Accuracy (UA) metrics that remained above 92–79% and 76–91% for each class, respectively.
As observed, these metrics were not only fairly comparable to those reported by the I-RF
models which, in the framework of our analyses, can be as “the best case scenario” [78], but
they also showed high correlation with the metrics of the E-RF models demonstrating that
(1) the spatial metrics that characterized the training data for each class were heterogenous
for most FUAs, and (2) that that these spatial metrics were similar across FUAs, allowing
for the spatial transferability of our approach [82].

In this context, from a comparative point of view, it is also worth noting that the results
presented here are in line with those reported in other fine-scale studies that have employed
an RF classifier in combination with more accurate and VHR remotely sensed data. For
example, for an assessment of the classification accuracy of residential and industrial areas
in Yangtze River Delta, China, the authors of [55] reported an OA of 87% and k of 0.74
from RF-models trained using spatial lacunarity metrics derived from VHR-LiDAR data.
In the same way, using feature spatial metrics derived from VHR-LiDAR data, building
footprints, VHR ortho-imagery (HRO) and Google Street View (GSV) images (GSV), the
authors of [54] obtained and OA of 51.4% for commercial and industrial buildings, focusing
on two small districts in Brooklyn, New York. Comparably, using spatial metrics derived
from VHR ortho-imagery (0.5 m) and OSM parcel data, the authors of [67] reported average
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OA of ~81.5% for the non-residential class (incl. administrative and commercial services),
in Ouagadougou, Burkina Faso and Dakar, Senegal. Here, it is important to note that
the WSF3D-based approach presented in our study is globally applicable—in contrast
to methods requiring VHR ortho-imagery. Thus, it can be assumed that the approach
developed here can easily be applied worldwide and, at the same time, accuracies can be
achieved that are in the range of results obtained on the basis of commercial, high-resolution
satellite images and building models.

With that being said, while the results presented here illustrate the high potential of
the WSF3D dataset for identifying non-industrial versus industrial areas, there were a set
of basic components that without a doubt influenced the accuracy of the final binary maps.
These can be summarized as follows:

• WSF3D: The quality and accuracy of the WSF3D in terms of settlement detection
(building mask-BM) and the final derived spatial metrics, played a fundamental role
in the final accuracies reported in this research. A thorough inspection of the classified
maps revealed that in areas identified as “industrial” by the reference datasets, many
pixels representing actual green areas or parking lots were detected as built-up in the
BM layer. Considering their low spatial metrics, the FM-RF then predicted these pixels
as “non-industrial” leading to errors of omission in the industrial class, and errors of
commission in the non-industrial class as summarized in Figure 10. In this context,
from the average 25% errors of omission reported at the Pan-European level for the
industrial class (100–75%, PA2 = 25%), it was found that approximately 15% of the
errors came from confusing class 2 for class 1.1, and 10% for class 1.2 (see Table 3) dur-
ing the prediction process. While the classification of these pixels as “non-industrial”
could be in reality “thematically correct”, for the purpose of population modelling
the presence of these pixels are detrimental, as population counts are allocated within
these areas. Therefore, to potentially reduce the misclassification caused by the false
detection of settlement pixels, future research should explore improving the final BM
layer by integrating thresholds in the BF layer (Section 2.2). Similarly, the integration
of additional post-classification steps should also be considered, such as employing a
broader number of window sizes for the extraction of spatial metrics as carried out
in [56], or by reclassifying the pixels according to their RF-class probability as carried
out in [67].

• Automatic training data collection: Unlike some local-scale research where a manual
collection of training samples allows for a visual qualitative assessment of the training
data [48], in this research we relied on an automatic procedure that did not include per-
forming any sort of quality control over the training datasets. In correlation with our
previous point, in a few cases, this lack of assessment resulted in poorly heterogenous
training samples among classes, which without a doubt lead to some misclassification
errors. For example, by evaluating the training data of a FUA in Ireland that shows
large differences between classes (see Figure 9), it was possible to observe that the
pixels values for class 1.1 “High-dense residential” and class 2: “Industrial” were
similar across the bands corresponding to the BA, BF, BH and BV as represented in
Figure 16. Within the selected FUA, this homogeneity led to errors of omission in the
“non-industrial” class close to 20%, which meant that many pixels were erroneously
classified as “industrial”. In this framework, while the errors of omission in the
non-industrial class at the Pan-European scale are considered low (Figure 10), these
misclassification errors had repercussions on the final population datasets, as seen
by the results of Figure 14. Therefore, while a manual collection of training samples
within the extent of our study area would have translated into a time-consuming
task, further research should focus on the implementation of automatic intra-class
separability analyses like the one presented in [83], with the objective to produce more
significative training datasets.

• Equal number of training samples per FUA, per class: With the aim of producing robust
comparative analyses within a country, in this research, an equal sample size was
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kept among all FUAs so that the I-RF and E-RF models were trained under similar
conditions. In this framework, while the less represented class for some FUAs would
reach close to 30% of the total available built-up pixels, in many cases less than 5%
of the available pixels per class were used for training. This under-representation,
coupled with the limitation mentioned on our previous point, affected the classification
accuracy, especially in areas with a high inter-class diversity. In light of this, to improve
the classification accuracy, future research should consider the inclusion of additional
re-sampling steps. Here, post-classification approaches such as the one presented
in [48] could become beneficial, where resampling is carried out using the RF class
probabilities to concentrate in areas with high model-uncertainty.
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While the aforementioned points refer to the components affecting the accuracy of
the final binary maps, there are also a couple of limitations and restrictions that need to
be pointed out. On the one hand, while our results suggest that the presented approach
has good spatial transferability within countries, it should not be assumed that models
trained in one country can successfully be applied to another country. As demonstrated in
Figure 10, the E-RF models did not perform better that the FM-RF model, even when the
differences were minimal, this indicates that local training data is still preferable to achieve
good classification results. In this context, future research should focus on evaluating the
spatial transferability across countries, with analyses carried out outside Europe, to include
a larger variety of built-up environments.

With that being said, it is then important to recognise that a common limitation of the
presented approach, is the impossibility of discriminating small non-residential built-up
types such as schools, hospitals, churches, etc. from the WSF3D alone, that in the end
affect the final population distributions. This type of function is purely social, and as such,
impossible to retrieve from the spatial metrics employed here. In this framework, even
when the overall objective of this research was not to generate a land-use maps, we suggest
that future work should focus on exploring the synergies between the WSF3D dataset
with other remotely sensed datasets, where the inclusion of nightlight-imagery, building
footprints and OSM tags/point of interest [57], for example, could result beneficial in the
identification and refinement of a more extensive set of land-use classes.

Finally, considering that for this research only an RF classifier was employed, to fully
evaluate the suitability of the WSF3D and derived spatial metrics for settlement classifi-
cation tasks, future research should also explore the implementation of other commonly
employed pixel-based classifiers including, but not limited, to K-nearest neighbor and Sup-
port Vector Machines (SVM), and compare if higher classification results can be achieved,
holding the same degree of automation and spatial transferability.

4.2. Population Modelling

In this research, we produced gridded population datasets across 30 countries located
in the EEA area to quantify the improvements in population estimates gained from the
inclusion of volume (BV) and settlement use information (BV-IS) derived from the WSF3D
dataset. For our assessment, we performed comparisons against other proxy layers, to
simulate the thematic characteristics of covariate layers that are currently employed in the
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production of large-scale gridded population datasets, including the binary approach em-
ployed for the GHS-POP and the HRSL datasets (BM), and the density approach employed
for the WSF-Pop datasets (BF), respectively.

From many perspectives, the results and conclusions obtained in this research are
in line with the results found in other research. The main points can be summarizing as
follows:

• Weighted approaches perform better than binary approaches: As already demonstrated in
many other studies [13,14,43,44], weighted dasymetric approaches produce higher
accuracies than binary dasymetric approaches. First of all, as observed in Figure 11,
from a qualitative point of view, the output population maps produced with the “den-
sity” layers (BF, BV and BV-IS) show a higher spatial correlation with the underlying
rural-urban gradient in comparison to those produced with the binary layer (BM). The
results of the quantitative assessment, further confirm that the spatial representations
of the population distribution are not only more “realistic”, but also more accurate, as
all “density” layers consistently reported better aggregated statistics (%MAE, MAE
and RMSE values) compared with the binary layer. On this note, however, it is worth
noticing, that at level of validation units (REE), the BM proxy layer is capable to
outperform the results of the “density” layers, especially in areas with a large share of
industrial areas (see Figure 14). This makes sense if one considers that the “density”
layers (BF and BV) amplify the errors of overestimation in these areas, by erroneously
allocating more population due to their weighting value.

• Building volume and settlement use information improve population estimates: Comparable
to the conclusions reached in local- and national-scale studies [31,48,50], the inclusion
of volume and settlement use information derived from the WSF3D dataset produced
by far the best estimation accuracies across the majority of the countries. First, accord-
ing to the results presented in Table 4 and Figure 12, the BV-IS proxy layer produced
improvements over the BM, BF and BV proxy layers that reached %MAE values up to
30%. These were more frequently present in countries with “High” industrial coverage,
where large errors were remarkably reduced as observed from Figure 14. Second,
as observed in Figure 13, the BV-IS proxy layer remarkably reduced the differences
between the MAE and RMSE metrics. This was, once again, correlated to the fact that
large errors of overestimations were drastically reduced by the proxy layer, especially
in areas with a high share of industrial land cover (Figure 14). In this context, the
inclusion of settlement use information played a major role, as it allowed the BV-IS
proxy layer to produce systematically more stable results across all countries, and
across all validation units, while REE errors remained between −50% and 100% with
the BV-IS layer for most countries, the BM, BF and BV proxy layers produced variable
results that reached overestimations in the rage of 500% or even higher (close to 4500%
for EST). Accordingly, at the Pan-European scale, the BV-IS proxy layer estimated a
larger proportion of the total population with errors in ±25% in comparison to BM
add BF proxy layer, which according to pre-established rankings of accuracy [79], can
be considered as “accurately” estimated.

• The input and validation units influence accuracy results: It is important to note that the
maps evaluated in this research have been produced with the coarser administrative
population units for each country (national scale). In some countries, where the BV-IS
did not report the same systematic improvements compared to the other proxy layer,
this characteristic might have influenced the accuracy results. For example, in the case
of ALB, EST and TUR (Figure 14), many validation units that reported high coverage
in industrial areas still reported large errors of overestimation with the BV-IS layer.
This is, because even when industrial areas were successfully identified, the very low
population counts of the validation units (sometimes less than 100) were difficult to
match from a national-scale disaggregation. In this context, it can be expected for maps
produced with the highest level of administrative units to be more accurate than the
maps presented here. This assumption is supported by the large amount of research
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that has already proven that population maps produced with the finest administrative
units produces the most accurate population maps [14,31,48,80]. However, considering
that this only affected a few countries, also indicates that BV-IS proxy layer is capable
to produce more accurate population maps than the rest of the proxy layers, when
high-resolution input population data is not available.

• The relative effectiveness of the BV-IS proxy layer is heavily dependent on the quality of the
classified maps: While the BV-IS produced consistently great improvement of the BM
and BF proxy layers, in a few cases the performance of the proxy layer was improved
by the BM and BV proxy layers, respectively. For example, as observed from Figure 14,
in the majority countries the BV proxy layer produced better results than the BV-IS
layer in validation units with industrial share below 20% (or 80% non-industrial).
In these units, errors of were ~50% higher (mostly overestimations) with the BV-IS
layer, which suggest that a number of non-industrial built-up settlements pixels were
erroneously removed, causing an allocation of a larger population in the remaining
pixels. In this context, as expressed in the previous section, these results correlate
to the difficulties of accurately classifying built-up settlements pixels in complex
urbans settings, where high-rise buildings are mixed with industrial areas. Here,
improvements in the classification process should then reflect in improvements in the
population distribution.

With that being said, when evaluating the aforementioned points, a consideration to
keep in mind is to recognize that the results presented here are strictly constrained to the
employed validation method. The quantitative assessment was conducted following two
main assumptions (1) that the population data used for disaggregation were accurate and
(2) that WSF3D dataset and its derived layers (BM, BF, BH and BV) were also complete
and accurate. Therefore, while discussing the quality of these two main inputs is out of the
scope of this research, uncertainties derived from the inherent shortcomings of each input
dataset will by default affect the overall accuracy of the final population dataset.

For example, even when the CIESIN census dataset is the most detailed and complete
database available at the global scale [65], we can observe that for many countries the
last official population data are from more than 10 years ago (Table 2). This means, that
potentially, both the population projections and administrative boundaries are outdated,
which translate into errors in the final population maps. In this framework, similar to
the points presented in the previous section, future research should focus on extending
the methods presented here to areas outside Europe. Testing the presented approach in
countries where fine resolution population data is not available, such as many countries
in Africa [13], would be of great interest, especially in relation to local-scale applications
where current gridded population dataset have presented major limitations [25,45].

5. Conclusions

In this research, we explored the contributions that the new World Settlement Footprint-
3D (WSF3D) dataset can bring into the field of large-scale top-down population modelling.
We performed a series of quantitative analyses that investigated the potential of the dataset
from two main perspectives: (1) its ability to discriminate large industrial areas which in
the past have been reported as major sources of under- and overestimation in population
estimates, and (2) its capabilities to improve population estimates by integrating volume
and settlement use information into population modelling frameworks.

To this end, we first proposed a method that relied on spatial metrics derived solely
from the WSF3D dataset in combination with a Random Forest classifier to discriminate
industrial and non-industrial areas. Here, our results revealed not only that the WSF3D
dataset is capable of producing accurate binary classification maps, but that its performance
is comparable to other, more spatially granular, VHR remotely sensed datasets that have
been used for the same purpose. Foremost, the findings also indicated that the presented
method has strong spatial transferability, which means that the dataset poses a viable
solution to the existing gap between local- and large-scale analyses.
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Accordingly, by integrating the resulting classified maps into frameworks of popula-
tion modelling, the results were also promising. The results of our quantitative assessment
indicate that inclusion of volume and settlement use information (industrial, non-industrial)
derived from the WSF3D dataset produced, by far, the best population estimates in compar-
ison to other commonly employed proxy layers. For the most part, the main advantages
delivered from the layer include (i) a remarkably, systematic and consistent reduction in
errors of overestimation in areas with a high share of industrial areas, (ii) an improved
distribution of population estimates in high-density built-up settings and (iii) an increased
ability to produce accurate population estimates in the presence of less detailed input
census-based population data.

Notwithstanding these promising results, there is however, room for improvement.
The results of the classification tasks, for example, can be further enhanced with the
integration of post-classification methods and a more careful collection of training data.
These improvements will be directly reflected in final population estimations, where
misclassification errors proved to be detrimental in highly dense and highly populated
built-up settings.

Overall, the results of this study provide a valuable contribution to the field of large-
scale population modelling. The methods presented here show strong promise for helping
to bridge the gap between fine- and large-scale efforts aimed at improving top-down
population distribution models. As shown, the synergies between volume and settlement
use information derived solely from the WSF3D dataset provide the basis to create more
accurate global population distribution dataset or related updates for arbitrary regions or
countries worldwide. In this context, future developments of this work will include the final
production and open release of global gridded population dataset, with unprecedented
accuracy and spatial resolution.
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