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Abstract: Indicator 11.3. 1 of the 2030 sustainable development goals (SDG) 11, i.e., the ratio of
the land use to the population growth rate, is currently classified by the United Nations as a Tier
II indicator, as there is a globally-accepted methodology for its calculation, but the data are not
available, nor are not regularly updated. Recently, the increased availability of remotely sensed
data and products allows not only for the calculation of the SDG 11.3. 1, but also for its monitoring
at different levels of detail. That is why this study aims to address the interrelationships between
population development and land use changes in Poland and Lithuania, two neighboring countries
in Central and Eastern Europe, using the publicly available remotely sensed products, CORINE
land cover and GHS-POP. The paper introduces a map modelling process that starts with data
transformation through GIS analyses and results in the geovisualisation of the LCRPGR (land use
efficiency), the PGR (population growth rate), and the LCR (land use rate). We investigated the spatial
patterns of the index values by utilizing hotspot analyses, autocorrelations, and outlier analyses. The
results show how the indicators’ values were concentrated in both countries; the average value of
SDG 11.3. 1, from 2000 to 2018 in Poland amounted to 0.115 and, in Lithuania, to —0.054. The average
population growth ratio (PGR) in Poland equaled 0.0132, and in Lithuania, it was —0.0067, while the
average land consumption ratios (LCRs) were 0.0462 and 0.0067, respectively. Areas with an increase
in built-up areas were concentrated mainly on the outskirts of large cities, whereas outliers of the
LCRPGR index were mainly caused by the uncertainty of the source data and the way the indicator
is interpreted.

Keywords: land use efficiency; CORINE land cover; GHS-POP; SDG 11.3. 1; European remote
sensing; cartographic modelling; open remotely sensed data

1. Introduction

The United Nations projected that 70% of the world’s population will live in the
world’s largest cities between 2009 and 2050. This is expected to increase the population
in urban areas from 3.4 billion to 6.3 billion. Urbanization is seen as a process of urban
development [1] that began with the emergence of cities and continues today. The scientific
literature classifies urbanization as a process of cycles [2] and an increase in population
concentration areas (cities and other settlements) or population growth in higher-ranking
urban areas. Recent definitions of urbanization reveal the possible multidirectional devel-
opment of cities and their trends in population density in different geographical locations
varying in time and space [3,4]. Urbanization and urban sprawl, defined as unlimited
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and chaotic urban growth [3], as well as including economic, social, and cultural factors,
provoke the growth of the population, along with its challenges. Economic factors influence
the spread and different allocations of city activities by transport accessibility and area
location costs. The allocation of certain activities and functions is based on the assumption
that the easily accessible urban areas are more attractive, and that the relative real estate has
a higher value than those in more remote locations [5-7]. This functional disbalance and
segregation leads to differences in the dispersion of businesses and households in urban
areas. The challenges mentioned above cause traffic, pollution, an increased consumption
of resources, unemployment in peripheral areas, poor living conditions, and increased
environmental problems. This results in a discrepancy between high-density land use in
the central part of cities and less efficient land use on the outskirts of cities, with poor
infrastructure and amenities, surrounded by agricultural land. Therefore, monitoring the
densities and land-use efficiencies of an urban area is necessary to plan the sustainable
growth of future cities [8].

The analysis of urbanization, according to the Sustainable Development Goals 11
and indicator SDG 11.3. 1, is defined as the land consumption rate (LCR) relative to the
population growth rate (PGR). The land consumption rate reflects the extent of compactness
and land use efficiencies in the measured areas, and the PGR shows the demographic
changes that indicate the sustainability of urban development in selected areas, as well
as other SDG 11 sub-indicators. Recent research publications on the analysis of SDG
11.3. 1 have adopted different methodologies and data sources. Population growth is
calculated based on data from local, national, regional, and global levels. According to
Mudau et al. [9], land consumption rate measurements require information on the spatial
extent of inhabited areas that, in turn, can be derived from remotely sensed data. The
most frequently used ones are listed in Table S1, ordered from global to local geographic
coverages of the surveyed areas.

Land cover data comes primarily from Earth observation products, with constant
developments in technology leading to an increase in spatial resolution and in the accuracy
of thematic classification [10-13]. Many studies have touched upon the fact that there is
a growing number of geographical data on global settlements, the GHSL (global human
settlement layer), GUF (global urban footprint), and the Atlas of Urban Expansion, as
described by [13-17]. Schiavina et al. [18] and Zhou et al. [19] used GHD-built data for
land use efficiencies at the global and country levels. Wang et al. [20] used China’s land-
use/cover datasets and satellite night-time light data to extract built-up areas in China.
Nicolau et al. [21] based the LCRPGR study in Portugal on the COS vector map (“Carta de
Ocupagao e uso do Solo”) and CORINE land cover (CLC), obtained from computer-aided
photointerpretation of Landsat, IRS, SPOT, and RapidEye images.

Several studies have been performed to assess land use efficiencies at the city level [22-25].
Mudau et al. [9] mapped built-up areas by applying a kNN object-based image analysis
technique on SPOT 5, Landsat-5, and SPOT 2 satellite imagery. Sharma et al. [23] calculated
land use growth in Bhagalpur city (India) based on Landsat, IRS P-6 (Indian remote
sensing satellite), LISS IV (linear imaging self-scanner), and IRS P-5 Cartosat-1 data. The
urban growth in Nairobi City, Kenya, was assessed using the digital image processing
of multispectral Landsat TM imagery from 1988 and 1995, as well as 2000, 2005, 2010,
and 2015 Landsat ETM+ imagery. An unsupervised classification approach was used in
this study [24]. Based on vegetation indices obtained from Landsat-5 TM, Landsat-8 OLI,
Sentinel-2 MSI data processing, Wiatkowska et al. [25] determined the land use change
trajectories in 2000 to 2015 for Opole (Poland) urban areas.

Traditionally, the national census has been the primary source of information on
population distribution and demographic characteristics. The utility of remote sensing
for population estimation has been continuously explored since the 1950s, which has
resulted in numerous publications in this field regarding datasets and methods [26,27].
Population density can be derived from a variety of remote sensing data, such as land
use data [27], night-time light [28], spectral reflectivity [27], and texture data [29]. As
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shown by Leyk et al. [30], nowadays, there is a great availability of global and continental
gridded datasets, which include the gridded population of the world (GPW), the Global
Rural-Urban Mapping Project (GRUMP), and the LandScan Global Population Database.
Schiavina et al. [18] used the global human settlement population grid (GHS-POP) data for
LCRPGR calculation. GHS-POP, a multi-temporal global raster dataset showing the spatial
distribution of a population, expressed as the number of people per cell in the target years
of 1975, 1990, 2000, and 2015, is one of the best fits for the SDG 11.3. 1 calculation, as was
presented by Schiavina et al. [18], Zhou et al. [19], and Leyk et al. [30].

Although more than five years have passed since the adoption of the Sustainable
Development Goals, research on the SDG 11.3. 1 indicator, as noticed by Wang et al. [20], is
still in its early stages, with few reports released by the UN or national authorities, as well
as scarce related literature. The UN reports [31] over the periods 1990-2000 and 2000-2015
noticed that “in all regions of the world, the expansion of urban land outpaced the growth
of urban populations”. This means that the average ratio of the land consumption rate to
the population growth rate was greater than one. The value of 11.3. 1 increased from 1.22
in 1990-2000 to 1.28 in 20002015, making cities less compact. The study conducted by
Philip [32] revealed that, in Hamilton (Canada), there is a temporal decreasing trend of land
efficiency, with the indicator values for the 2000-2005, 2005-2010 and 2010-2015 periods
being 0.915, 0.841, and 0.783, respectively. Wang et al. [20] demonstrated that a significant
increase in urban built-up areas is currently occurring in the majority of Chinese megacities
with a population of over 5 million. The mean LCRPGR increased from 1.69 in 1990-2000
to 1.78 in 2000-2010. This means that, in China, in the first decade of the 20th century,
the LCR was 1.78 times higher than the PGR. Jiang et al. [33] examined the relationship
between urbanization and the population in 433 Chinese cities between 1990 and 2015
and found that, in most cases, the LCR outperformed the PGR. The average SDG 11.3. 1
fell from 1.34 in 1990-1995 to 0.85 in 1995-2000, then increased to 1.82 in the following
five years, dropping to 1.59, and eventually increasing to 2.15 in 2010-2015. Although
the results [19,33] of the Chinese research teams differ, the nature of changes in LCRPGR
is preserved.

Nicolau et al. [21] found that datasets used to compute land use efficiency significantly
influenced the final indicator value. Both the built-up area and the population size vary
depending on the data (i.e., national land used vectors, COS and CLC) which ultimately
affects the value of 11.3. 1. Analogous assumptions were achieved by Shelestov et al. [34]
when analyzing the land consumption rate in Kyiv; the SDG 11.3. 1, based on national
population data, was almost twice as high than that based on GHSL, namely, 4.758 and
2.845, respectively.

Scientists generally present land use efficiency values in just a few classes, from
three [20,21] to five [12,19], with ranges adapted to the interpretation of the index [12,21,35].
Thus, to depict urban areas with a simultaneous demographic decline and an expansion of
built-up areas, and to analyze a significant spatial expansion of urban areas, the intervals
—1 < LCRPGR < 0 and LCRPGR < —1 are used, respectively. When the population
increases with only a slight increase in built-up area or when LCR = PGR, the LCRPGR
takes values from the range (0, 1>, while, if the pace of the city expansion is greater than the
demographic increase, then the indicator takes values greater than one. Melchiorri et al. [35]
and Schiavina et al. [18] also distinguished values of SDG 11.3. 1 greater than 2, indicating
spatial expansion at a rate at least twice as high as the demographic growth.

Considering the availability of many datasets on built-up areas and populations, as
well as the quality and uncertainty of the data and the fact that the indicator has many
weaknesses, the authors decided to perform further research on several aspects of this
indicator. This study deals with the interrelations between population development and
land use changes within the built-up areas of Poland and Lithuania. The analysis uses
open data and remotely sensed derived data, namely, CORINE land cover on built-up
areas, and the GHS-POP population, to estimate land use efficiency in 2000-2018 at the
pixel level. The article introduces cartographic modelling to show urban expansion and
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demographic changes for sustainable development. The main objectives of the study refer
to the following aspects:

—  The land use efficiency in Poland and Lithuania, including spatial and statistical
characteristics;

—  The spatial pattern of the land cover ratio and the population growth ratio;

—  The relationship between land cover change and population change;

—  The influence of the uncertainty of remotely sensed source data on the SDG 11.3. 1
values.

The study results described in this paper benefit both researchers and practitioners.
Despite the fact that PGR and LCR value analyses are common and are currently widely
used in a multitude of urban development studies, the calculation results could, in some
instances, be ambiguous, leading to false conclusions. Two aspects that mostly influence
the reliability and clarity of results derived from PGR and LCR analyses, which amount to
the prominent scientific discovery described herein, were addressed, i.e., the occurrence of
errors in the data, and the correct interpretation of the obtained indicator values.

Firstly, this study demonstrates that data and spatial analyses were not error-free,
which is a valuable part of our research study, and is highlighted to future researchers
in the field. We showed that outliers, in general, constituted only a small, randomly
distributed fraction of all values, but they should be of great importance to policymakers
and planners. Thanks to a detailed statistical, geographical, and pixel-based analysis
using the mathematically incomplex coefficients, it was possible to identify the abnormal
values of the PGR, LCR, and LCRPGR indicators, thus increasing the awareness of the
results” uncertainties in any analysis, which may be caused by input data uncertainty,
data processing, or both. Secondly, by introducing and implementing the LCRPGR land
use efficiency classes, we were able to more fully and clearly interpret population change
patterns which, in the end, provided a valuable scientific improvement to the research
conducted in the field so far. The simplicity of the proposed approach should be considered
as one of its greatest advantages, making it possible to obtain more wholesome results
without the need for complex calculations. Finally, the paper is the first publication of SDG
11.3. 1 results in Poland and Lithuania, which underlines the European remote sensing
solutions for science and practice.

2. Materials and Methods
2.1. Study Area

This research focuses on Poland and Lithuania, two neighboring countries located
in Central and Eastern Europe (Figure 1) with a long and rich history of commonwealth
since the Middle Ages. The economic dynamics of Poland and Lithuania in 2007-2017
were similar, with Poland having been characterized by a more diversified development of
regions, while, in Lithuania, development was rather even [36]. This is also emphasized by
the GDP (gross domestic product) per capita in Poland, amounting to USD 33,221 and, in
Lithuania, USD 37,231 (for 2019), as well as the Human Development Index scores of 0.872
and 0.869, respectively [37]. On the other hand, the two countries differ significantly not
only in terms of area, population, and population density (Table 1), but also in the spatial
settlement pattern.
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Poland and Lithuania

Figure 1. Study area: Poland and Lithuania.

Table 1. Poland and Lithuania population data overview [38].

Data Poland Lithuania
Area 312,000 km? 62,674 km?
Population 38,034,079 2,801,264
Percentage of population in cities 61.5 66.7
Average population density 124 people /km? 55 people/km?
Capital city Warsaw Vilnius
Population in capital city 1.764 million 542,366
The population growth rate —0.08% —0.50%
Annual migration rate ! -17 -9.7
Annual percentage of birth rate in 2015 —0.16 —0.20

1 per 1000 inhabitants in 2010-2015.

Warsaw is the largest Polish city, with a population density of 3412 people/km?. In
total, four other Polish cities have more than 500,000 inhabitants, and 16 cities have a
population that exceeds 200,000. The most densely populated areas are found mainly in
the southern and central parts of the county [39,40], due to significant economic develop-
ment. In many regions, the population density far exceeds the Polish average, e.g., in the
Silesian region, the value is 372 people/km?, which is more than three times the national
average [38].

Lithuania is the 17th largest country in Europe. Its capital is Vilnius, and other major
cities include Kaunas, Klaipeda, Siauliai, Panevezys, Alytus, and Marijampole. Most
Lithuanian cities and towns are small; only six have over 50,000 inhabitants and two have
over 200,000, while 65 have fewer than 10,000 inhabitants [41]. Since the 1990s, the country
has experienced a constant migration of people from rural areas to cities. The well-planned
and executed development of regional centers contributed to this trend.
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2.2. Data Use Description

This research used GHS-POP, which consists of open global raster population data
provided by the European commission joint research center, presented in an equal-area
projection with grids of 1 km by 1 km [42—44] (Figure 2). Population estimates for 2000
and 2015 were collected from censuses or administrative units and were assigned to grid
cells, employing the disaggregation methodology that uses built-up area data, as described
by Freire et al. [42]. The density and distribution of built-up areas are based on satellite
images [44,45]. In particular, satellite data from the year 2000 (Landsat-7 ETM+) were
acquired from the Global Land Survey (GLS) datasets, pre-processed by the University of
Maryland, and described by Gutman et al. [46]. Scenes from the 2015 (Landsat-8 operational
land imager (OLI)) collection were downloaded directly from the USGS website [47].

Low: 0

- ngh 17000 ‘

b

- High: 13000 5

0o 75 150 300 Km Low: 0 0 75 150 300 Km

(a) (b)

Figure 2. GHS-POP unclassified choropleth map: (a) 2000; (b) 2015.

The CORINE land cover (CLC) project was carried out within the European earth
monitoring program, the Copernicus Land Monitoring framework. The CLC provides
information on the earth’s surface, both physical and biological, including land changed by
human construction, agricultural land, woodland, and water bodies [48] based primarily on
computer-assisted interpretations of satellite images. Anthropogenic surfaces, agricultural
land and woodland, and wetland and water bodies constitute the first level of the CORINE
hierarchy, which, in turn, is divided into 15 classes constituting level 2; in comparison, level
3 is made up of 44 classes. Five CLC inventories have been produced for 1990, 2000, 2006,
2012, and 2018. The proposed analysis uses data from 2000 and 2018 (Figure 3).
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Figure 3. CORINE land cover, Poland and Lithuania: (a) 2000 thematic map; (b) 2018 artificial
surfaces overlaid on sentinel images mosaic.

CLC2000 has been established by the photointerpretation of Landsat-7 ETM images
(multispectral and panchromatic), resampled with a 12.5 m resolution, as well as using
CLC2018, Sentinel-2A /B, and Landsat-8 [49]. The satellite images are synoptic in nature;
therefore, the possibility of the correct classification of the land cover largely depends on
the date of image acquisition. Poland was covered by 28 Landsat or IRS images that were
delivered due to the atmospheric conditions within a timeframe of three years (four from
1999, 19 from 2000, and five from 2001), which did not facilitate interpretation. Moreover,
the acquisition date of satellite images (images from April-May and of late October)
hindered the interpretation of built-up areas (see Figure 4).

(b)

Figure 4. IRS 2006 images, Poland, Krakow: (a) April 27; (b) October 17.
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Artificial areas of level 1 classes have been chosen to represent urban agglomerations.
The artificial areas under examination include the following (CLC level 2): urban fabric
(continuous and discontinuous); industrial, commercial, and transport units; industrial,
commercial, and transport units; mine, dump, and construction sites; green urban areas;
and sport and leisure facilities. Ultimately, the mining sites (code CLC 131) were excluded,
as they were always outside built-up areas.

2.3. Applied Method
2.3.1. Workflow

Cartographic modelling is based on the assumption that the process of map creation
(as well as the spatial database development) is preceded by an understanding the spatial
aspects of the reality, including the spatial distributions of objects and phenomena, their
mutual interactions, and the processes shaping the geographical space and manifesting
themselves with different intensities depending on the considered observation scale [50,51].
Tomlin [52] claimed that cartographic modelling indicates the usage of tools and tech-
niques for analyzing and synthesizing geospatial data by way of a geographic information
system (GIS).

The analysis was performed followed cartographic modelling rules, starting from data
understanding and processing, the GIS analysis, and the geovisualization of the results in
the form of thematic maps (choropleth maps and hotspot maps), as shown in Figure 5. The
preparatory stage included data acquisition, their transformation to a common coordinate
reference system, and data processing procedures, such as intersecting and compiling
statistics that show changes in the number of people and changes in the built-up areas. The
preprocessed data were used to determine the land-use effectiveness indicators, namely,
LCR, PGR, and LCRPGR. The GIS analysis was based on spatial autocorrelation and
consisted of a set of statistics describing how the LCR, PGR, and LCRPGR values were
spatially autocorrelated. Moreover, an outlier analysis of the LCRPGR index was performed
using a histogram analysis and the associated descriptive statistics. Finally, choropleth and
hotspot maps were elaborated to portray the results. ArcGIS pro (2.8.4) and Statistica 13.1
were used to perform the analyses.

Data acquisition:
2 | .CLC(CORINE Land Cover) . : =
= . Spatial autocorrelation analysis:
9 | -GHs-POP (Global Human Population Data)
& 8
s ‘ Getis-Ord Gi*
b Data understanding ‘ X . L Gets-Ord Gi
E | 3 Hot-Spot Analysis —— statistics
Data preprocessin 5 I
: Jpl : | § Moran’s Statisti | SRR
2 i Z oran’s istic — IR
22 %)
Z =
(U]
n ,9_ LCR calculation ‘ PGR calculation = -
3 2 | Outlier analysis
-E — |
£9 | | LCRPGR
5 calculation Histogram }7 Descriptive statistic
. B L
g Cartographic presentation: ‘ &
E J
2 LCR choropleth map ‘ -Hot-spot LCR map
g e | f f
g PGR choropleth map J -Hot-spot PGR map
3 e : _ L S
(C) LCRPGR choropleth map —
SUSTAINABLE DEVELOPMENT EVALUATION

Figure 5. Schematic flow chart of the cartographic modelling process.
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2.3.2. LCR, PGR, and LCRPGR Index Calculations

The LCRPGR indicator was calculated as a ratio of LCR-to-PGR [12,53-55]. The PGR
indicator (Equation (1)) shows the changes in populations for a specific time interval,
while the LCR indicator (Equation (2)) reveals the change in development during the same
period. Thus, LCRPGR shows the land-use efficiency relative to how much land is used for
demographic urban growth. It was calculated for each grid cell in Poland and Lithuania
for 2000 and 2018 (Equation (3)):

Popt+n

PGR = (In Pop,

)/t M

where Popy is the total population for a spatial unit in the initial year, Popiy, is the total

population in the final year for a spatial unit, and t is the number of years between the two

measurement periods.

Uran
UI'bt

where Urby is the total built-up area for a spatial unit for the initial year using CORINE
land cover data (kmz), Urbyyn, is the total built-up area for a spatial unit for the final year
using CORINE land cover data (km?), and t is the number of years between the initial and
final measuring periods.

LCR = (In

)/t @)

LCR
LCRPGR = 5o 3)

where LCR is the land cover ratio and PGR is the population growth ratio.

The LCR is an indicator of area expansion, while PGR describes the demographic
change. The positive values of the former indicate a growing built-up area and the positive
values of the latter indicate a growing population. Their values can be negative, indicating
a decreasing area or population. LCRPGR can be lower than zero, indicating that either
LCR or PGR is negative. Based on the values of the LCR, PGR, and LCRPGR indicators,
five classes of land use efficiencies were calculated in Poland and Lithuania (Table 2).

Table 2. LCRPGR classes.

LCRPGR Development o e
Classes PGR LCR Evaluation Description
PGR <0 LCR >0 Insuff1c1en.t popula.hon grovyth in relation
to the increase in the built-up area
LCRPGR < —1 -
Inefficient land use

PGR >0 LCR <0 Insufficient land per person

Moving away Insufficient population growth in relation

—1<=LCRPGR <0 PER<0 LCR>0 from efficiency to the increase in the built-up area
PGR >0 LCR <0 Insufficient land per person
PGR =0 LCR=0
LCRPGR =0 No changes
PGR =LCR

. A more balanced population decrease in

PGR <0 LCR <0 " \Eﬁmlter:l\t] ligd flflisei/n relation to the decrease in the
0 < LCRPGR <=1 oving toward eficency built-up area
More balanced population growth in
PGR>0 LCR>0 relation to the increase in the built-up area
PGR <0 LCR <0 Mov1ng away Insufficient area deqeases in r.elatlon to
from efficiency the decrease in population
LCRPGR > 1 Insufficient th in relation to th

PGR > 0 LCR > 0 nsufficient area growth in relation to the

increase in population growth
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An LCRPGR value close to 1 indicates a significant efficiency of land use, implying
a similar value of LCR and PGR. Hence, the rise in built-up areas and the population
is proportional. Conversely, areas characterized by inefficient land use are those where,
despite an increase in the built-up area, a decline in the population can be observed, in
which case LCRPGR assumes values below —1. The analysis of the outliers of LCRPGR
required the determination of descriptive statistics. It was assumed that outliers occur when
the index values exceed 2.0 standard deviation values (SD) from the mean [56]. Choropleth
map classes were selected to increase the effectiveness of the cartographic communication;
negative values of indicators related to the decrease in the built-up area are in a blue hue,
while the increase in the built-up area is presented in a red hue.

2.3.3. Spatial Autocorrelation

The scientific literature describes a few possible techniques of spatial pattern anal-
yses [57-59]. The hotspot analysis creates groupings of similar values within a given
area, where low values clusters represent cold spots, and high values represent hotspots.
Formulas (4) and (5) were used for the hotspot analysis (Getis-Ord Gi*) [60,61]:

(4)

where x; is the value for the feature j attribute, w; is the spatial weight between feature i
and j, n equals the total number of features, and

Xzis:
n n

nox o x?
Z]—l ] j=1"j . (X)Z (5)
A statistically significant hotspot is defined by an area with a high value that is also
surrounded by areas with high values. The local aggregate for a spot and its surroundings
is compared to the proportional aggregate for all spots. When these two values differ
significantly, the deviation should be verified to ensure that this difference is not the
result of a random occurrence. If this is not the case, a statistically significant z score is
obtained [62].
The Global Moran’s I index, calculated according to Formula (8), was used to investi-
gate spatial autocorrelation [63].

" Y X wii(vi —9) (v —9)

(6)
n i X wii(yi — )

where 1 is the total number of features, y is the value for a feature, i is the mean of y, and w; ;
is the spatial weight between feature i and j. The Global Moran’s I index value should range
between —1, indicating spatial dispersion, and +1, indicating spatial clustering. Spatial
clustering means that features with the same characteristics are close to one another. When
they are located away from one another, they are spatially dispersed. A Moran’s I value of
0 means that the features are randomly distributed [64].

3. Results
3.1. Population Growth Rate

The PGR index used to quantify the demographic change between 2000 and 2015
(Figure 6a) assumed negative values in big Polish and Lithuanian cities. The average
PGR, in Poland, was 0.01323, and in Lithuania it was 0.00675. In Poland, the lowest PGR
value, —0.40960, was observed in Wroctaw, and the highest value, 0.55720, was observed
in Rzeszow. The population of large 16 provincial cities of Poland significantly decreased
between 2000 and 2015. An important population decline was observed in the south of the
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country, especially in urban agglomerations, the center of which is Katowice. The lowest
PGR value in Lithuania was perceived in Siauliai city, —0.09323, and the highest value,
0.56259, was in the suburbs of Vilnius (Figure 6a). In large and medium cities, with a
population of more than 100,000 inhabitants, a decline in the population number between
2000 and 2018 was observed. The results of the hotspot analysis (Figure 6b) showed some
groupings of high and low index values in the northern part of Poland, including Gdansk
vicinity, Bydgoszcz, Toruni, and Olsztyn, as well as other parts of the country, such as areas
around Warsaw, Rzeszéw, and Lublin. In Lithuania, the hotspot areas of concentration
were observed outside the center of Vilnius, Utena, and Klaipeda. On the other hand, cold
spots were detected throughout northern Lithuania and southern Poland, near Katowice.

PGR

I 004701 - 0.56259
0.00001 - 0.04700
0.00000

-0.00799 - -0.00001

I -0 40960 - -0 00800

I coid spot - 99% Gonfidoncs

[ coid Spot - 95% Confidence
Cold Spot - 80% Confidence
Not Significant

0 75 150 300 Km Hot Spot - 90% Confidence 0 7% 150 300 Km

r + t + T + t t 1 - Hot Spot - 85% Confidence I T N N T N T N 1

- Hot Spot - 98% Confidence

(a) (b)
Figure 6. Population growth ratio: (a) classified choropleth map; (b) hotspot map.

In Poland, the number of grid cells with a PGR index equal to zero amounted to
137,633 (43.9%), while population growth with a PGR > 0 was observed for 104,382 grids
(33.3%). These statistics slightly differed in Lithuania, with a stable population observed
for 46,495 grids (70.7%) and population growth for 8313 grids (12.6%). Significantly higher
negative PGR data were observed in Poland (almost 10 times higher). The PGR histograms
for Poland and Lithuania have right-skewed distributions, with skewness values of 3.05769
and 3.05769, respectively, as well as a mean of 0.013229 (Poland) and 0.006748 (Lithuania)
and a median of 0.000 for both countries. Furthermore, for 50% of the grids, the PGR index
fluctuates from 0.000 to 0.009 (lower and upper quartile) in Poland and from —0.014 to
0.015 (lower and upper quartile) in Lithuania.

3.2. Land Cover Ratio

The analysis of land cover in Poland and Lithuania showed that the agricultural areas
decreased, and that there is a noticeable expansion of built-up areas (Figure 7). The artificial
surfaces in Poland increased from 3.3% to 6.6%, and agricultural land decreased from 64.1%
to 57.9%. In Lithuania, the built-up areas increased slightly, from 3.1% to 3.2%, and the
agricultural areas decreased (from 61.6% to 59.2%). These results show urban expansion
into rural areas, which is associated with taking over agricultural land for single-family
and multi-family housing.
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The LCR index presents the land consumption rate in 2000 and 2018 (Figure 8a). The
lowest LCR value, —0.81214, was observed in Poland, near Warsaw, while the lowest value
of the index in Lithuania was —0.70950 and occurred near the city of Telsiai. The highest
value of the index in Poland was 0.81214, whereas for Lithuania, it was 0.6664. Most of the
areas with negative development growth in Poland are located around Katowice, where
the reclamation of mining and the associated devastation of areas were taking place. The
LCR grew from the center to the outskirts in big cities, such as in Krakéw or Warsaw. The
LCR value formed hotspots of high values (Figure 8b) in the vicinity of large cities, such
as Warsaw, Krakow, and Kielce in Poland. In Lithuania, hotspots were identified around

Klaipeda and Vilnius.
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Figure 8. Land consumption ratio: (a) classified choropleth map; (b) hotspot map.
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The average LCR was 0.046229 in Poland and 0.006748 in Lithuania, indicating urban
expansion between 2000 and 2018. In Poland, the LCR was more diverse, with a variance
of 0.014643, whereas in Lithuania, this statistic amounted to 0.00035. The LCR value his-
tograms indicate that the index distribution is close to normal, with a skewness coefficient
of —0.325 in Poland, and —1.4335 in Lithuania.

The simple linear regression coefficient between the LCR and PGR, in Poland, equaled
0.03, and in Lithuania, it equaled 0.02 (with p < 0.0500). The low coefficient value indicates
that the relationship between the LCR and PGR was very weak.

The Global Moran’s I statistics of the LCR and PGR values returned positive I and
z-score values for both Poland and Lithuania, with a 99% level of significance (Table 3).
Therefore, it is possible to reject the null hypothesis that the values of indicators are
randomly distributed within the area of the two countries. Hence, it was assumed that the
indicator values are clustered in the whole study area.

Table 3. Moran’s I statistics.

Data Moran’s I Index z-Score
PGR Poland 0.125183 98.988470 Clustered
PGR Lithuania 0.108139 64.601813 Clustered
LCR Poland 0.422719 334.244207 Clustered
LCR Lithuania 0.347809 125.777961 Clustered

3.3. LCRPGR Visualization and Analysis

The cartographic presentation of the LCRPGR index, shown in Figure 9, made it
possible to identify areas where the population growth was balanced with the increase in
built-up areas (0 < LCRPGR < = 1), but also where the rate of urban area expansion was
greater than the demographic growth (LCRPGR > 1), or places where demographic decline
was simultaneous with spatial expansion (LCRPGR < 0).

The analysis of the LCRPGR values shows that 26.4% of built-up areas in Poland
and 22.9% of built-up areas in Lithuania were areas with the sustainable development
of urbanization and population, while 15.5% of Poland and 29.8% of Lithuania were
characterized by a LCRPGR equal to zero. These were mainly areas with no changes, in
the centers of big cities. Almost 24.8% of built-up areas in Poland and 28.1% of built-up
areas in Lithuania were areas where the LCRPGR value was between —1 and 0. These were
areas with an increase in urbanized areas and a decrease in population or a decrease in
urbanized areas with an increase in population, where the absolute values of the LCR and
PGR are similar. These areas were labelled as moving away from efficiency. In Poland and
Lithuania, there were mainly areas with a LCR > 0 and a PGR < 0 that covered 16.1% and
21.9% of built-up areas, respectively.

According to Table 1, areas with LCRPGR > 1 in Poland covered 17.9%, of which the
vast majority, i.e., 15.3%, were characterized by PGR and LCR values above 0, indicating
a disproportionately large increase in urban development in relation to the increase in
population. In Lithuania, 11.6% of built-up areas were characterized by LCRPGR values
greater than 1, but the vast majority, i.e., 8.5%, were areas with LCR < 0 and PGR < 0.
They were characterized by a disproportionate decrease in built-up areas in relation to the
decrease in population. Areas with insufficient land use, for which LCRPGR values were
less than —1, occupied 15.4% of the built-up territory of Poland, while in Lithuania they
were halved, and covered only 8.5% of the build-up area.
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Figure 9. Visualization of the LCRPGR index.

The average LCRPGR value in Poland was 0.115, and in Lithuania, it was —0.054. The
variance of the index in Poland was 855, which indicated a great range; in Lithuania, the
variance was 64. The standard deviations were 29 for Poland and 8 for Lithuania. The
histogram of the LCRPGR in Poland was right-skewed, with a skewness coefficient of
57.32, while, in Lithuania, the skewness was —69.35 (it was a left-skewed distribution).
In total, 44.3% of built-up areas in Poland and 34.6% of built-up areas in Lithuania were

characterized by positive values of the index (Figure 10).
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Figure 10. Histograms of the LCRPGR index: (a) Poland; (b) Lithuania.

A histogram analysis of the LCRPGR index confirmed the existence of outliers. The
analysis, based on the standard deviation of the index and the mean, showed that, in
Poland, the index outliers were below —58 and above 58. This means that 518 grids took
negative values (marked in blue), while 541 took positive values, marked in red (Figure 11a).
In Lithuania, the LCRPGR outlier values were below —16 and above 16. For 121 grids, the
values were negative, and for 114 grids, the values were positive (Figure 11b).

(a)
Figure 11. Outliers of LCRPGR in: (a) Poland; (b) Lithuania.
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The LCRPGR outliers in Poland and Lithuania were caused, inter alia, by errors in
the interpretation of the built-up areas in satellite images from the year 2000 and 2018, as
shown in Figures 12 and 13.
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Figure 12. Coarse interpretation of built-up area (CLC 112 class). The outskirts of Warsaw, Poland:
(@) 2000; (b) 2018.
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Figure 13. Differences in built-up area interpretations in CORINE. The outskirts of Vilnius, Lithuania:
(a) 2000; (b) 2018. The outskirts of Poznar, Poland: (c) 2000; (d) 2018. The outskirts of Warsaw,
Poland: (e) 2000; (f) 2018.

Undoubtedly, the occurrence of the LCRPGR outliers was also influenced by the re-
liability of the GHS-POP data. The GHS-POP represents the so-called “resident-based
population”, which denotes the residential population allocated to built-up areas. How-
ever, such an assumption could result in assigning people also to non-residential ar-
eas and, ultimately, could lead to a distortion of the number of people assigned to the
grid cells (Figure 14). As a result, the PGR assumed erroneous values and resulted in
LCRPGR outliers.

L

Residential buildings

Service buildings

Industrial buildings
Farm buildings
Other buildings

Figure 14. The outskirts of Warsaw, Poland: (a) number of people, GHS-POP; (b) building categories.
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4. Discussion
4.1. Brief Comparative Analysis between Poland and Lithuania

Comparing the results of the analyses in Poland and Lithuania, we observed both
similarities and significant discrepancies. From 2000 to 2018, depopulation in Lithuania
amounted to 0.67%, a value twice as low as that in Poland (1.32%). As shown in Table 2,
it was caused by a decrease in births and an increase in migration. The spatial pattern of
highly depopulated regions also differed; in Poland, the population decline was mainly
concentrated in the provincial city centers and the Katowice metropolitan area. In Lithuania,
depopulation covered the whole country, except the Vilnius—Utena belt.

In Poland, from 2000 to 2018, the built-up area doubled (with an upsurge from 3.3%
to 6.6%), while in Lithuania, it remained basically the same (3.1% of the country’s area in
2000 and 3.2% in 2018). A consequence of the urban area expansion was a positive value
of the land consumption indicator. The annual growth of LCR in the analyzed period in
Lithuania was almost seven times lower than in Poland and amounted to 0.67% and 4.62%,
respectively. This was perfectly highlighted by the hotspot map (Figure 8b).

The highest divergence was visible when analyzing LCRPGR, the final land use
efficiency indicator. In Lithuania, this indicator equaled —0.054, which, in light of the LCR
and PGR, indicated nearly balanced changes in the population and in built-up areas. On
the contrary, in Poland, the LCRPGR was 0.115, indicating growth in built-up areas at a
higher rate than population change.

To summarize, the synthesis of spatiotemporal territorial trajectories was as follows.
The LCR pattern illustrated an increase in the index values from the center to the periphery
in large cities, while the PRG typified a decrease in the values from the center to the city
fringe. Ultimately, the spatiotemporal trend of the LCRPGR in the 2000-2018 period was
characterized by a decrease in the index value from the center of urban areas, where it is
above 1, towards the outskirts, with negative values of the indicator.

4.2. Concise References to LCRPGR Studies

There are many articles in the literature on LCRPGR monitoring at global [18,35], na-
tional [21], or local [19,65] levels. As underlined by Nicolau et al. [21], 2018, the procedures
adopted for assessing SDG 11.3. 1 diverge from country to country. Therefore, comparing
the results is very difficult and is only indicative.

Considerable worldwide variations in the LCRPGR over the period of 1990-2015
were noted by Schiavina et al. [18] as well as Melchiorri et al. [35]. Based on GHSL and
GHS-POP, they found that, in Europe, the index had an average value of 20.2 between 1990
and 2000, and then dropped to 7.8 in the 2000-2015 period. The above-mentioned global
studies showed that Poland, like most European countries in the 1990-2015 epoch, was
characterized by a SDG 11.3. 1 index greater than 2, which meant that the land consumption
rate more than doubled that of the population growth. On the other hand, Lithuania was
assigned an LCRPGR in the range of 0 to —1, which indicated moving away from efficiency.
The results of the evaluation of SDG 11.3. 1 in Poland and Lithuania, presented in this paper,
are in line with the global national-level analysis, presenting the values of the indicator in
the same ranges for both countries. Similar conclusions were drawn based on our research
conducted in Poland; however, it was at a much more detailed level.

National-level research conducted by Nicolau et al. [21] showed that most Portuguese
municipalities in 2007-2011 and 2011-2015 had negative LCRPGR values. This indicated
that human-made surfaces grew, while the population decreased. These results are very
similar to the results presented in this study for Lithuania, and they differ from the results
obtained in Poland.

Ghazaryan [65] also made similar observations estimating the LCRPGR in North
Rhine-Westphalia. The authors found that the land-use change, and population growth
do not always run in parallel. The following results led to these conclusions. In the years
1985-2005, the indicator was positive in most municipalities, while in 2005-2017, some of
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them were characterized by negative LCRPGR values, which indicated an increase in land
consumption relative to urban population reduction.

The above studies showed variations in the land-use efficiency in Europe and around
the world, but did not explain their causes; they only advocated the environmental, eco-
nomic, and social discrepancies.

4.3. Semantic Uncertainty

When calculating the SDG 11.3. 1 indicator, attention should be paid to the semantic
uncertainty in the definitions of the used data. It is important to note that there is some
confusion in the definition of the ‘built-up areas’ used in the calculation of the LCR indicator.
Seeing as a consensus on the definition of the indicator 11.3. 1 has not yet been agreed
upon, some confusion still exists regarding the land type which it addresses [20,66,67].
Song et al. [67] defined a built-up area as the core of the city, while eliminating the rural
terrains on the periphery, which was implemented by Wang et al. [20]. Nicolau et al. [21]
used the artificial areas of the CORINE land cover data, excluding construction sites,
when calculating the indicators for Portugal. The analysis of CLC data showed that the
built-up areas were generally properly distinguished when the generalization guidelines
were followed [68]. “The thematic accuracy of the CORINE land cover 2000” report [49]
pointed out that the “urban fabric” class reliability is over 95%. However, some errors
were observed, mainly commissions and omissions, which amounted to 42% and 43% of all
errors, respectively [35]. In total, 12% of all errors resulted from incorrect generalizations,
and 2% of all errors were from the inaccurate delineation of CLC classes (if the positional
error exceeds 100 m).

The indicators calculated for the United Kingdom use the term human-made surfaces,
while, in France, the urban area refers to artificial areas [66]. It is worth mentioning that
semantic uncertainty is not only a drawback of the CLC datasets, but also of open and freely
available land use/land cover datasets used all over the world. Congalton [69] noted that
there are many semantic uncertainties in the definitions of land use classes and, especially,
the mixed classes were the most ambiguous.

Given that Goal 11.3 is to, “by 2030, enhance inclusive and sustainable urbanization
and capacity for participatory, integrated, and sustainable human settlement planning and
management in all countries” [18,21], we established that the land type addressed by the
indicator is urban land comprising of both the built-up areas and the open urban spaces.
Hence, the CORINE land cover classes chosen to represent built-up areas were the artificial
areas. Urban development often takes place at the expense of other types of non-urban
land (e.g., agricultural and forest land); therefore, it is important not to limit the analyses to
the administrative boundaries of the city.

Melchiorri et al. [35] and Freire et al. [42] proved the validity of utilizing the GHSL
to estimate the LCRPGR. Additionally, it is worth emphasizing that the GHSL is pro-
duced from open-source data with the capacity for the multitemporal mapping of the
dynamics of built-up areas (Landsat imagery and the Gridded Population of the World,
version 4) [35,70,71]. The high accuracy of those data was also proved by Calka et al. [46],
although the GHS-POP tends to underestimate the population in densely built-up areas
and to overestimate the population in transitional areas (the areas between urban and rural).
At the national level, MAPE ranges from 1.5% to 1.6% for the 250 m and 1 km resolutions
of GHS-POP data in Poland. At the local level, however, the error rates range from 4.5% to
5.8%. Archila-Bustos [72] pointed out that the great advantage of GHS-POP is that it limits
the population to built-up zones; hence, population density is proportional to the built-up
area density.

Uncertainty is an inherent attribute of every spatial data set and, as Bielecka and
Burek [73] stated during an in-depth review analysis of the quality and uncertainty of
spatial data, and each data user is aware of it. The articles on SDG 11.3. 1 monitoring
that have been published so far do not address the problem of outliers, as they provide
the values of the indicator in predetermined ranges, which, of course, does not mean that
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there are no outliers (gross errors). Demonstrating that data and spatial analyses are not
error-free is a valuable part of our research study, as it makes future readers aware of this
fact. Moreover, and most importantly, it highlights that outliers, in general, constitute a
small fraction of all values. In the presented research study, they account for 0.34% of all
values in Poland and 0.38% of all values in Lithuania. Moreover, the outstanding values
are randomly distributed throughout the country. This, in no way, limits the validity of the
final results.

4.4. Land Use Efficiency Interpretation Problems

Because of the methodology used to assess SDG 11.3. 1, this indicator can lead to
undefined values, where the PGR is 0. It is not possible to calculate the indicator when
the population has not changed in the examined period. In built-up areas, the population
dynamics are so high that the number of people changes (decreases or increases) constantly.
The interpretation of the LCRPGR (land use efficiency) can also be ambiguous when we do
not have any information about the land use changes and population growth. Negative
LCRPGR values may indicate two opposite scenarios: population growth and a land use
decrease or, inversely, a population decrease and a land use increase. Nicolau et al. [21] and
Corbane et al. [70] also pointed out the difficulties in interpreting the LCRPGR. Similarly;,
when the LCRPGR reaches positive values, it can correspond to two situations: an increase
in the population and an increase in the land consumption or, inversely, a decrease in the
population and a decrease in the land consumption. Therefore, many researchers present
the values of the changes in built-up areas and the population as a percentage.

4.5. Cartographic Presentation Challenges

Choropleth maps, using a pixel-based analysis of the quantitative SDG 11.3. 1 results,
were chosen to show a more detailed spatial distribution of the indicators to understand
the spatial variability of resource distribution. In particular, we proposed a cartographic
modelling process based on GIS analyses, including hotspot and autocorrelation analyses.
An important stage was the selection of a proper color scale and cartogram class, so as to
increase the effectiveness of the cartographic presentation of the maps. The applied process
of qualitative map generalization, based on quantitative grouping, makes it possible to
increase the legibility of the resulting maps, which can be a valuable tool in analyzing
sustainable development goals. A similar observation was also made by Cybulski et al. [74]
while analyzing landscape changes in industrial areas.

5. Conclusions

Thanks to the technological developments in mapping human settlements and the
availability of open data, such as CORINE land cover or GHS-POP, it is possible to calculate
the land-use efficiency with the use of a pixel-based analysis. This paper confirmed that an
assessment of the SDG indicator 11.3. 1, based on earth observation data, could improve
the information deficit concerning the land-use efficiency on a fine scale. The methodology
presented is universal and can be applied in any country or region, as it is based on the
UN'’s recommendation for the ratio of the land consumption rate to the population rate,
and uses open remotely sensed data.

A significant spatial expansion of built-up areas was observed, especially in Poland.
Our research study shows that, between 2000 and 2018, the spatial expansion of build-up
areas consumed, in Poland, 8.891 km? and, in Lithuania, 178 km?. Those areas are mainly
located outside big cities in both countries. An important trend is the movement of the
population from the center of big cities to the outskirts, or the adjacent areas of these cities.
The LCRPGR values in Poland are much higher than those in Lithuania. This is caused by
a big differentiation between the values of the built-up area changes and the population
growth rate. Moreover, the analysis of the LCRPGR results, at the pixel level, including the
evaluation of the sources of error and uncertainty, is prudent and enlightening.
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The results of cartographic modelling are gathered on thematic maps, which are an
effective and easy-to-use tool to present the land use efficiency in Poland and Lithuania
and may be useful in monitoring the sustainable development goals.

Our further research projects will be focused on applying the elaborated methodology
to estimate the SDG 11.3. 1 values in European capital cities.

Supplementary Materials: The following are available online at https:/ /www.mdpi.com/article/
10.3390/1s14051074/s1, Table S1: Settlement area and population datasets used in land efficiency
modelling, ordered by scale.
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