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1. Introduction

Population data play important role in addressing a wide range of geographical issues (Halder, 2018; Papanikolaou & Mitsi, 2020; Par-
askevopoulos et al., 2019; Photis & Sirigos, 2015). Census is broadly used as the main source of population data. To meet statistical confidentiality
and privacy requirements, census data are spatially aggregated into enumeration spatial units such as census tracts and/or communes. However,
there is often a compelling need to transform these datasets into user-defined spatial scales that deviate from the standardized census units. The
process of transforming data between different spatial zones is also known as areal interpolation.

Areal interpolation refers to the process of transforming data from a set of spatial units (source) to another (target) (Mennis, 2003) and is
suitable for aggregated data (such as census data) (Lam, 1983). Areal interpolation methods either use ancillary information or entirely depend
on source and target data (Wu et al., 2005). Perhaps, the simplest form of areal interpolation is the Areal Weighted Interpolation (AWI) (Fisher &
Langford, 1995; Kim & Yao, 2010). AWI may be improved by involving additional information to aid the interpolation process (dasymetric mapping).
Dasymetric Mapping in the context of Areal Interpolation have dominated the population downscaling related literature as they significantly im-
prove accuracy (Langford, 2006). Ancillary information may be in any form of a categorical layer map such as Land Use Land Cover (LULC) data
(Younes et al., 2023), usually acquired by remotely sensed images (Gervasoni et al., 2019; Karunarathne & Lee, 2019; Liu & Martinez, 2019; Wu et
al., 2005).

Mobile phone (Bergroth et al., 2022; Kubicek et al., 2019; Peng et al., 2020) and social media geospatial data (Bao et al., 2023; Lin & Cromley,
2015; Park et al., 2020) have been used as alternative sources of ancillary information for population downscaling. While mobile phone data are
not always available for public use, recent studies incorporate new forms of spatial data that emerged from the widespread use of the internet
and the evolution of web technologies which have enabled users to generate geographic content online. Michael Goodchild (2007) noticed this
trend and defined it as Volunteered Geographic Information (VGI). Open Street Map (OSM) is a typical example of VGI with a considerably large
community of volunteers that generate, update, and verify spatial content (Bertolotto et al., 2020). OSM data have been extensively incorporated
for population downscaling using areal interpolation schemes (Bakillah et al., 2014; Comber & Zeng, 2019; Gervasoni et al., 2019; Guo et al., 2017).

Downscaling of population data using areal interpolation methods undoubtedly has attracted significant attention during the last few dec-
ades. However, advances in areal interpolation have primarily focused on developing methods using modern and sophisticated techniques to
improve accuracy rather than developing standardized methods accessible to the Geographic Information Systems (GIS) community (Eicher &
Brewer, 2001; Langford, 2007; Mennis, 2009). To the best of our knowledge, only a few implementation tools exist in both open-source and off-
the-shelf GIS-enabled software.

Sleeter and Gould (2008) introduce a Dasymetric-Mapping Extension (DME) compatible with ESRI ArcGIS versions 9.1 and 9.2. The extension
streamlines dasymetric mapping and automates the areal interpolation process through a dialog box. Developed and modified by Michael Gould
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of the USGS (United States Geological Survey) using a combination of the methods described in Holloway et al. (1997) and Mennis (2003). DME
requires two input datasets, a population layer in polygon shapefile format, regardless of geographical level, and an ancillary layer, land use, or a
land cover derived ArcGRID raster, with four population density classes.

Intelligent Dasymetric Mapping (IDM) Toolbox developed by Torrin Hultgren on behalf of the United States Environmental Protection Agency
(US EPA - https://www.epa.gov/enviroatlas/dasymetric-toolbox) for ArcGIS versions 10.2 and 10.3. IDM was developed using the Arcpy library and
arcpy.da and follows the areal interpolation and dasymetric mapping methods proposed in (Mennis & Hultgren, 2006). Qiu et al. (Qiu et al., 2012)
created Areal Interpolation Extension for ArcGIS using VB.NET (Visual Basic.NET) and ArcObjects. There are four methods available namely: a)
area-weighting, b) pyhnophylactic, c) binary dasymetric, and 3-class regression dasymetric. Source and target shapefiles (vector) required for all
methods and ancillary information for binary and 3-class dasymetric methods. Ancillary data may be either in raster or vector type, such as land
use, land cover, and road network.

Areal interpolation alternatives also exist within the R programming ecosystem (R Core Team, 2015) through the Comprehensive R Archive
Network (CRAN) repository. Pebesma (Pebesma, 2018) developed sf an R package for spatial vector data support. Among many others, simple
areal-weighted interpolation functionality is provided in sf. The sf method is an ancillary information-independent method suitable for completely
overlapping source and target data. Prener and Revord introduced areal (Prener & Revord, 2019) which extends the sf package’s functionality by
providing an additional formula suitable for data without complete overlap. Finally, a recent addition named populR (Batsaris & Kavroudakis, 2021)
extends areal functionality by introducing a new method that uses a volume-weighted approach.

The use of the existing tools encounters several limitations. One of the main limitations of using off-the-shelf software is that it requires
special software and a commercial license to be able to work. ArcGIS extensions are also developed to be used with specific versions of the
software and therefore, may not be supported in newer/older software releases. In addition, ancillary data are required for dasymetric interpola-
tion. Moreover, implementationsin R, are publicly and freely available for population downscaling but require special software such as R program-
ming language kit, an IDE (Integrated Development Environment), and programming skills.

In this article a web tool named PoD is introduced as an alternative implementation in the context of areal interpolation of population data.
PoD has the capacity to operate effectively with minimal data input requirements (source and target data). The contribution of this article focuses
on three main pillars. First, to overcome the limitations of using existing implementations (both off-the-shelf and open source), PoD emerged as
an addition to the domain of areal interpolation of population data. Second, a comparative analysis of existing R implmentations is carried and
finally, as well as it provides four interpolation methods of which one is a novel approach by harnessing VGI from OpenStreetMap (OSM).

The remainder of this paper is structured as follows. First, we provide an extended description of the PoD web tool including architecture,
workflow, VGI, and the available methods. Then, numerical experiments and accuracy assessment based on actual data from the city of Mytilini,
Lesvos are presented and finally, the conclusions section summarizes the study's key findings and insights while also suggesting directions for
further improvements and research.

2. Materials and Methods

2.1 PoD Web Tool

PoD is a web tool focusing on population downscaling using areal interpolation methods and VG, through a ready-to-work and easy-to-use
Ul with point-and-click features and minimum user inputs. PoD functionality adopts the areal interpolation schemes of the latest version (v0.2.1)
of populR package (Batsaris, 2021) and is composed of a Data Upload module and four downscaling method modules namely: 1) AWI (Areal
Weighted Interpolation), 2) VWI (Volume Weighted Interpolation), 3) BDI (Binary Dasymetric Interpolation) and 4) FDI (Float Dasymetric Interpo-
lation).

2.1.1. Architecture

PoD was developed using the R programming language (R Core Team, 2015) extended by shiny (RStudio, 2013), a package for building
interactive web apps. As an app developed with shiny, PoD has a common client-server architecture as shown in Figure 1. It consists of a user
interface script (Ul) that controls the layout and appearance, and a server script responsible for the logic and reactivity of the app. R session is
used to facilitate the interaction between these elements. User inputs, trigger updates in the reactive expressions, which are subsequently trans-
lated into outputs that update the Ul accordingly.

</P0d>

Ul » Server

( input » downscaling

Ul Elements : :
output <€ functionality

Figure 1. PoD web tool architecture schema

2.1.2. Workflow

Figure 2 presents screens of the PoD web tool. Data upload is a prerequisite. The user uploads source and target geojson files via the data
upload module. PoD, then, extracts VG| from the Open Street Map © (OSM) collaborative database right after data upload. PoD plots user inputs
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and OSM data (Figure 2a). After data upload, users may proceed with population downscaling modules. In each module, users must specify pa-
rameters such as source identification number, source population values, and target volume information for VWI, BDI (optional), and FDI. The
downscaling results are visualized in interactive leaflet maps (Cheng et al., 2019) and may be downloaded in geojson format for further analysis
(Figure 2b).
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Figure 2. PoD web tool main screens. a) data upload module where user inputs and extracted OSM data are also visualized, b) fdi module in which
the user selects the desired parameters from the uploaded data calculates the results, and visualizes them in an interactive leaflet map. The results
may be downloaded in ESRI Shapefile format for further analysis.

2.2VGl

With the growth of user-generated spatial content on platforms such as OSM, VGI has grown dramatically. However, this excessive amount
of VGI comes with several notable limitations. First, the quality and accuracy of VGI can vary significantly as it relies on a diverse group of users.
Inaccuracies and inconsistencies are common, as contributors may lack geographic expertise or use different mapping tools and techniques. Sec-
ond, it is important to acknowledge that VGI frequently manifests geographic and thematic biases, in which specific regions or subjects receive
excessive attention than others e.g. densely populated urban areas often receive more contributions compared to remote or less populated re-
gions. Lastly, concerns about data currency and relevance emerge because VGI may not always capture recent changes in the real world.

PoD obtains point and polygon data from the Open Street Map © (OSM) collaborative spatial database under the Open Data Commons
Open Database License (OdbL) of the OSM Foundation through the osmdata (Padgham et al., 2017) extension right after data upload. The osmdata
package downloads OSM map features through queries from the Overpass API (https://www.overpass-api.de/). Each query consists of a bounding
box of the study area, the OSM map features to be extracted, and, a data conversion command from XML to simple features (sf) (Pebesma, 2018).

After extracting VGI, PoD then converts the polygon data into points using the center of gravity (centroid) and combines them into a new
set of point data. The new set of point data is then used to count points over target polygons to be used as ancillary information for BDI and FDI
modules.

2.3 Method's
2.3.1. Areal Weighted Interpolation (AWI)

AWI has an easy and straightforward implementation using simple polygon overlay operations and simple calculations in a GIS (Comber &
Zeng, 2019; Qiu et al., 2012). Given a set of city block polygons (s - source) accompanied by population values (v) and an incongruent yet super-
imposed set of buildings (t - target), AWI proportionately interpolates city block population values based on areal weights calculated by the area
of intersection between source and target features. Algebraically may be expressed by equations 1 and 2 (Goodchild & Siu-Ngan Lam, 1980).

W = Qs
ts — 1
Dtes Ats @)
Prs = Wis X Vg (2)
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Where: wts: areal weight of t belongs to s
ats: area of t belongs to s
pts: estimated population of t belongs to s
vs: population of s

The main advantage of AWI is that preserves the initial source population values when summarized, however, it assumes homogeneity
within the source zone features (Goodchild & Siu-Ngan Lam, 1980; Lam, 1983).

2.3.2. Volume Weighted Interpolation (VWI)

Given the number of floors (n) as additional target information (volume), VWI interpolates population values using volume weights measured

by the area of intersection between source and target features multiplied by the number of floors (Lwin & Murayama, 2009) as shown in equations
3and 4.

Wae = Ars X Nt
s = =———————
s ZtEs(ats X nts) (3)

Des = Wes X Vs

Where: wts: volume weight of t belongs to s
ats: area of t belongs to s
nts: number of floors of t belongs to s
pts: estimated population of t belongs to s
vs: population of s

2.3.1. Binary Dasymetric Interpolation (BDI)

BDl is a basic type of dasymetric mapping method (Zandbergen & Ignizio, 2010). Suppose an additional dataset (u), of point data, is retrieved
by the OSM spatial database. This dataset is used as a binary mask to highlight populated and unpopulated buildings upon intersection. Un-

populated features are excluded, while areal weights are calculated in populated features (Langford, 2013). Then, BDI may be expressed by equa-
tions 5, 6, and 7.

Wee = Ars X Utg
BT Yees(@rs X ugs) ()
Pts = Wis X Us (6)
u €(0,1) 0 unpopulated

1 populated (7)

Alternatively, if volume information is available, then equation 5 may be modified as follows in equation 8.
Aps X Ups X Nig

Wes =
T Vres(rs X Ugs X Ngg) (8)

Where: wts: volume weight of t belongs to s
ats: area of t belongs to s
uts: binary value of t belongs to s
nts: number of floors of t belongs to s
pts: estimated population of t belongs to s
vs: population of s

2.3.1. Float Dasymetric Interpolation (FDI)

Consider another dataset (u), of OSM point data. FDI uses this dataset to measure the residential occupancy rate of target features upon
intersection. This is a two-step procedure. The first step is to count OSM points over target polygons (c) and divide them by the number of floors
(non-residential occupancy rate). Then, the results of the first step are subtracted by 1 to calculate the residential occupancy rate. The residential
occupancy rate ranges between 0 and 1, where 0 stands for buildings with non-residential use, 0.1 to 0.9 for both residential and non-residential
(mixed) buildings, and 1 for buildings completely used as residencies. FDI is expressed by equations 9 to 11.

utszl_n_ts (9)

https://doi.org/10.48088/ejg.m.bat.14.4.022.036



https://www.eurogeojournal.eu/
https://doi.org/10.48088/ejg.m.bat.14.4.022.036
http://www.eurogeography.eu/

eure
gee European Journal of Geography 2023, 14 (4) e p. 26

Aps X Ups X N

W =
ks Dres(Qrs X Ups X M) (10)

Pts = Wis X Vs (11)

Where: uts: residential occupancy of t belongto s
cts: count of VGI points over t belongs to s
wts: volume weight of t belongs to s
ats: area of t belongs to s
nts: number of floors of t belongs to s
pts: estimated population of t belongs to s
vs: population of s

3. Numerical Experiments

3.1. Study Area

Numerical experiments were carried out using the city of Mytilini as the case study. Mytilini is a medium-sized Greek city located in the
southeast part of Lesvos Island (Figure 3) and is the capital of both Lesvos Prefecture and the North Aegean Region. Mytilini is an important
transportation hub as it is the main port as well as the main airport of the Island of Lesvos.

GREECE LESVOS ISLAND CITY OF MYTILINI

-l

Figure 3. Study area and its location in different scales.

3.2. Data

The data used in this study were provided for academic use by the Hellenic Statistical Authority (ELSTAT) and referred to 2011 (Hellenic
Statistical Authority, 2014) and 2001 Population and Housing Census of Greece (Hellenic Statistical Authority, 2009). ELSTAT provided 2011 (de
facto) population data aggregated in the city block level of granularity in spreadsheet format. Spatial datasets were also provided. City blocks and
building units were retrieved in vector spatial format (ESRI Shapefile - .shp) and correspond to the 2011 Census and 2001 Census accordingly. The
study area counts 27,871 residents and is composed of 673 city block polygons (source data) and 11,744 building units (target data). Source and
target data are visually presented in Figure 4.

Figure 4. Source (brown) and target (orange) data provided by ELSTAT for the city of Mytilini.
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Spreadsheet data were joined to the source attribute table using the common city block identification field. As a result, 558 out of 673 city
blocks are populated with 25,699 residents because of data inconsistencies, and the spatial distribution of the population is depicted in Figure 5a.
Most of the population is concentrated in the southern part of the city, while the northern part of the city is somewhat sparsely populated. In
addition, the target dataset consists of more than 11,500 building polygons ranging from 1 to 8 floors. The vast majority of the buildings have up
to 3 floors as shown in Figure 6. High-rise buildings (more than 3 floors) appear in the southern part of the city as shown in Figure 5b.

Population of 2011 Number of Floors

(a) (b)

Figure 5. a) Spatial distribution of the population in the city block level of detail, and b) Building unit number of floors distribution.

Number of Floors

1 2 3 4 5 5

7 8

4000

3000

2000

1000

Figure 6. Number of floors for the buildings of the study area.
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Additional information required for BDI and FDI methods is extracted by the OSM open spatial database upon data upload. OSM provides a
large number of map features (OSM Contributors, 2023), however, PoD only uses a subset of point and polygon geometries that are likely to be
related to the population’s activities. More than 5,000 point and polygon geometries were extracted by the OSM database from the following map
features: 1) amenity, 2) clothes, 3) healthcare, 4) leisure, 5) military, 6) office 7) religion, 8) shop, 9) social_facility and 10) tourism. Next, polygons
were converted into points using the centroid and combined into a new point dataset. Finally, PoD count points over polygons using overlay
operations. As a result, 1.340 OSM points were found over 865 buildings as shown in Figure 7.

Vel

Figure 7. VGI distribution in the buildings of Mytilini.

3.3. Results and Evaluation

In this sub-section, PoD web tool and open-source (areal and sf) implementations are demonstrated and evaluated using a reference dataset
from our previous work (Batsaris et al., 2019).

3.3.1. Results

Open-source alternatives include areal-weighted interpolation functionality. The sf package areal interpolation functionality proportionately
interpolates source population values using areal weights measured using the total area of source polygons (total weights). The areal package
provides two areal-weighted interpolation formulas. The first is similar to sf and the second calculates areal weights by using the sum of the
remaining areas after the intersection (sum weights).

For the reader’s convenience method names are shortened as follows.

o sf:sfimplementation using total weights (sf)
awt: areal implementation using total weights (areal)
aws: areal implementation using sum weights (areal)
awi: Areal Weighted Interpolation (PoD)
vwi: Volume Weighted Interpolation (PoD)
bdia: Binary Daymetric Interpolation using Areal Weights (PoD)
bdiv: Binary Daymetric Interpolation using Volume Weights (PoD)
fdi: Float Dasymetric Interpolation (PoD)

sf, awt, aws, awi and vwi entirely depend on source and target data while bdia, bdiv and fdi use VGl as ancillary information. vwi, bdiv and
fdi exploit building volume information and bdia, bdiv and fdi exploit VGI extracted by the OSM spatial database. The implementation results are
visually presented in Figure 8. The patterns of population distribution initially appear to be quite similar. Most of the population is concentrated
in the southern part of the city while the northern part is somewhat sparsely populated. Slight differences appear when the results are closely

https://doi.org/10.48088/ejg.m.bat.14.4.022.036
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examined. These differences are the result of binary and float constraints as well as the impact of the number of floors during the interpolation

process.
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Legend e Legend

(g) (h)

Figure 8. Results obtained by the implementation of the PoD web tool and open-source alternatives. a) sf, b) awt, c) aws, d) awi, e) bdia, f) bdiv,
g) vwi, h) fdi.

As mentioned in the previous section, sf and awt are suitable for completely overlapping data and thus, they significantly underestimate the
total population while the rest of the methods preserve the total population of the study area as shown in Table 1. The estimated results were
also summarized for each city block and the relationship with the initial source population values was further explored. Scatterplots presented in
Figure 9 provide evidence that apart from sf and awt, all methods preserve the initial city block population values when summarized.

Table 1. Comparison of the total estimated population to the total population of the study area.

Method Total Estimated Population Total Population
sf 10.271,78 25.699
awt 10.271,78 25.699
aws 25.699 25.699
awi 25.699 25.699
bdia 25.699 25.699
bdiv 25.699 25.699
VWi 25.699 25.699
fdi 25.699 25.699
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Figure 9. Scatterplots of summarized target estimates in each city block (estimated — y-axis) and initial source population values (actual — x-axis).
a) sf, b) awt, c) aws, d) awi, e) bdia, f) bdiv, g) vwi, and h) fdi.

Table 2 presents the estimated values for ten randomly selected buildings of the study area and indicates that sf and awt provide the same
results. The same results are also obtained by aws and awi methods, while the rest provide somehow different estimated values.

Table 1. Comparison of the results of the PoD web tool with open-source implementations for 10 randomly selected buildings.

sf awt aws awi bdia bdiv vwi fdi

0.058 0.058 1.840 1.840 1.840 1.372 1.372 1.372
1.134 1.134 2.405 2.405 2.641 1.038 0.900 0.931
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
0.421 0.421 0.925 0.925 0.925 1.095 1.095 1.095
0.152 0.152 0.340 0.340 0.514 0.699 0.458 0.560
2.110 2.110 4.588 4.588 4.588 1.546 1.546 1.546
1.146 1.146 2.172 2.172 2.172 0.855 0.855 0.855
0.612 0.612 1.558 1.558 1.581 1.633 1.591 1.600
0.182 0.182 1.888 1.888 1.888 2.862 2.862 2.862
0.443 0.443 0.946 0.946 0.946 0.775 0.775 0.775
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3.3.2. Evaluation

Since no official fine-scale population data exist, results obtained by the PoD web tool and open-source tools were further evaluated using
a population dataset from our earlier research (Batsaris et al., 2019). This dataset (reference dataset) is based on an extended field survey carried
out back in 2010 by the Carto-GlI Lab (https://cartogi-lab.aegean.gr/), highlighting populated and unpopulated floors for the buildings of Mytilini,
and were validated through random in-situ visits in 2019. Then, the VWI approach is employed for populated floors to obtain population estimates
at the building level of detail. The population distribution of the reference dataset (rf) is presented in Figure 10.
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Figure 10. Reference dataset population distribution.

Linear Regression Analysis was carried out to investigate the statistical relationship between rf data and the obtained results (Figure 11).
Linear regression R2 was used to quantify the number of actual (rf) values explained by the results retrieved by the PoD web tool and open-source
alternatives
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Figure 11. Scatterplots to investigate the relationship between rf and the implemented methods. a) sf, b) awt, c) aws, d) awi, e) bdia, f) bdiv, g)
vwi and h) fdi.

There are multiple points identified out of the general trend especially in methods using areal weights (sf, awt, aws, awi and bdia). Outlier
values in the y-axis represent buildings that were excluded from the rf dataset due to their status (abandoned/unused), whereas the values as-
signed by the demonstrated implementations are incorrect. Extreme values can also be found on the x-axis, most notably in bdia and bdiv results,
but less so in the fdi results. These values apply to buildings that have been labeled as unoccupied by the binary constraints or the residential
occupancy rate, but not in the rf dataset.

Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) were also calculated and along with R2 are shown in Table 2. As expected,
sf and awt provide the biggest error values and smaller R2 while the best RMSE, MAE, and R? values are achieved by fdi and vwi methods.

Using minimal input and several automated areal interpolation schemes, the PoD tool produced reasonable results. One of the most signif-
icant limitations is the availability of VGI in the study area. The availability of OSM data is generally good. However, availability can vary depending
on many factors, including location and level of community involvement. In many cases, OSM data is incomplete or out of date, whereas in others
it is detailed and accurate. The availability of OSM data may have a significant impact on the outcomes of population downscaling. Less OSM data
yields results similar to awi and vwi, whereas more OSM data yields very accurate results. For example, in the case of fdi, less OSM data produces
results that are quite similar to vwi, while more OSM points may produce results that are similar to rf.
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Table 1. MAE, RMSE, and R2 values.

method MAE RMSE R?

sf 1.49 3.35 0.628
awt 1.49 3.35 0.628
aws 0.85 2.27 0.690
awi 0.85 2.27 0.690
bdia 0.88 2.43 0.647
bdiv 0.55 2.19 0.733
vwi 0.50 1.93 0.786
fdi 0.48 1.70 0.830

4. Conclusions

Population downscaling using areal interpolation methods has been extensively used in a wide range of geospatial applications. However,
evidence shows that only a few implementation tools exist in off-the-shelf and open-source GIS-enabled tools. In this study, PoD is proposed as a
promising addition to the existing population downscaling implementation tools. PoD is a web application that automates the downscaling process
through a simple Ul with minimum user input and is accessible from modern internet browsers via https://mbatsaris.shinyapps.io/pod tool/. PoD
introduces four areal interpolation schemes namely: Areal weighted interpolation (awi), Volume Weighted Interpolation (vwi), Binary Dasymetric
Interpolation (bdi) and Float Dasymetric Interpolation (fdi). Fdi is a novel approach that utilizes VGI from OSM, offering a whole new perspective
on population downscaling.

The results of the PoD web tool were further compared to alternative implementations of the areal and sf packages in R programming
environment. In detail, vwi and fdi approaches provide the best results by achieving the smallest error measurements and highest R2 values. As a
consequence, the number of floors positively affects the interpolation process. Furthermore, VGI plays an important role in achieving better
results, especially when using the fdi approach. Nonetheless, the availability and reliability of VGl are sometimes questionable as it heavily depends
on the involvement of the community which may vary in different locations. However, PoD produces reasonable results in comparison to alterna-
tive implementations in R.

Conclusively, this work makes the particular contributions listed below:

e  Provides a freely accessible, ready-to-work, easy-to-use, and standardized solution for areal interpolation of population data with
minimum  user input and point-and-click features suitable either for experts or novice users

e  Removes the complex stage of ancillary information collection and pre-processing by automated extraction of VGI from the OSM
database upon data upload

Yet, there is one major limitation:

e  The outcomes of the PoD web tool strongly depend on the availability and reliability of OSM data which can vary between different
locations
To improve the results of the proposed web tool additional sources of ancillary information such as social media or other sources of open
data may be also incorporated along with VGI. Furthermore, the PoD web tool was demonstrated using an example using residential population
data. However, temporal variations of urban population distribution may be helpful in many applications (Pajares et al., 2021) and therefore,
future improvements of the PoD tool should focus on this direction.
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