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Abstract

The urban structure, as a direct reflection of urban planning, has undergone profound transformations in recent decades,
transitioning from monocentric configurations toward increasingly polycentric patterns. This evolution has revealed the
limitations of traditional methods of urban analysis, particularly in regions experiencing rapid urbanization processes such as
Latin America. This chapter proposes a theoretical-methodological framework that integrates remote sensing of building
footprints and socio-spatial indicators to understand urban structure and its relationship with human habitability, as a
consequence of urban planning. Drawing on the use of the Open Buildings V3 dataset in Google Earth Engine (GEE), the
study highlights the role of built environment morphology as a proxy for identifying urban centers and assessing spatial
patterns. Unlike conventional approaches based on statistical or economic data, this method enables high-resolution, scalable,
and dynamic analysis. It argues that polycentric configurations, when properly interpreted through remote sensing, can
strengthen urban planning strategies aimed at improving human habitability.

Modeling Urban Structure in Polycentric Contexts through Remote Sensing—
Based Built Environment Analysis and Its Implications for Human Habitability

Objetivos Metodologia Contribuciéon
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Resumen

La estructura urbana, como reflejo directo de la planeacion urbana, ha experimentado transformaciones profundas en las
ultimas décadas, transitando de configuraciones monocéntricas hacia patrones cada vez mas policéntricos. Esta evolucion ha
mostrado las limitaciones de los métodos tradicionales de analisis urbano, especialmente en regiones con procesos de
urbanizacion acelerados como América Latina. El presente capitulo propone un marco teérico-metodologico que integra la
percepcion remota de huellas de edificaciones e indicadores socioespaciales para comprender la estructura urbana y su relacion
con la habitabilidad humana, como consecuencia de la planeacion urbana. A partir del uso del conjunto de datos Open
Buildings V3 en Google Earth Engine (GEE), se destaca el papel de la morfologia del entorno construido como indicador
para identificar centros urbanos y evaluar patrones espaciales. A diferencia de perspectivas habituales basadas en datos
estadisticos o econdmicos, este método permite un analisis de alta resolucion, escalable y dindmico. Argumentando que las
configuraciones policéntricas, correctamente interpretadas mediante percepcion remota, pueden fortalecer la planeacion
urbana orientada a mejorar la habitabilidad.

El Modelo de la Estructura Urbana en Contextos Policéntricos Visto a Través del Analisis
del Entorno Construido mediante Percepcién Remota y su Impacto en la Habitabilidad
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Introduction

Urban planning, as a natural activity within society—also known as urban and regional planning—is
regarded as a multidisciplinary field in which professionals strive to promote the well-being of society,
with a particular focus on respecting communities, through the design and creation of spaces that are
suitable, equitable, healthy, efficient and attractive, both now and in the future (Kochtitzky et al., 2026).
In recent years, the city has lost its compact urban structure, easily navigable from a single centre, to
become a more complex, fragmented and, in many cases, deeply unequal structure. This transformation
reflects structural changes in the economy, mobility, technology, and the way we inhabit the territory;
indeed, as Michael Batty points out, cities must today be understood as complex adaptive systems, where
spatial patterns do not arise from a centralised logic, but from multiple interactions (Batty, 2013). In this
sense, urban polycentrism is not merely a spatial structure, but a manifestation of socio-economic
dynamics that continually reconfigure the built environment; consequently, understanding this emerging
urban paradigm is not only important but also urgent for urban planning.

Although the concept of polycentrism has been extensively studied, its measurement remains an
open question, as there is no clear definition of what constitutes an urban centre or how to delimit it
precisely. In some approaches, economic variables, such as employment density, are predominantly used,
whilst others have relied on statistical or administrative data; however, limitations are common when
using these methods, due to their low spatial resolution or lack of up-to-date temporal data. In this regard,
some studies have highlighted that the morphology of the built environment—that is, the distribution and
concentration of buildings—can serve as an indicator for identifying urban centres and analysing
polycentric structures (Taubenbock et al., 2017). In other words, observing how the city materialises in
space offers us a clearer picture of its internal workings, opening up the possibility of interpreting the
city directly from its form, rather than relying exclusively on traditional data.

It is here that remote sensing takes on great significance, as technological advances such as
satellite sensors and geospatial processing techniques make it possible to analyse the built environment
in optimal detail; tools such as the Open Buildings V3 dataset provide access to millions of building
footprints derived from high-resolution satellite imagery, representing a paradigm shift in the way cities
are studied. As Sirko et al. (2021) point out, the mass detection of buildings using machine learning (ML)
models has made it possible to cover vast regions of the world with scalable and consistent data, which
is particularly important in contexts where official data is limited or non-existent, as is the case in many
Latin American cities. This demonstrates that remote sensing not only complements certain traditional
methods but even surpasses them in terms of coverage, accuracy and timeliness.

Furthermore, it is important to consider the implications for human habitability, understood as an
environment’s capacity to meet the physical, social and emotional needs of its inhabitants—a concept
linked to the spatial configuration of the city. Some recent studies have highlighted the importance of
socio-spatial indicators for understanding how people experience their urban environment, although their
integration into planning remains limited (Schindler & Dionisio, 2024). A significant tension arises here,
given that, although the urban form can be the subject of quantitative analysis, human experience remains
primarily qualitative and subjective, which requires the integration of both dimensions.

In this context, this chapter identifies as its central problem the lack of integrated models that
allow for the analysis of polycentric urban structure based on the built environment and, at the same time,
link these patterns to human habitability, particularly in regions such as Latin America. Despite advances
in the use of remote sensing, its application in urban studies in Mexico remains in its infancy, representing
a clear and necessary research opportunity. The hypothesis guiding this work is that the morphology of
the built environment, analysed using datasets such as Open Buildings V3 on platforms such as GEE,
allows polycentric structures to be identified more precisely and dynamically, and that these spatial
patterns have a direct relationship with conditions of urban habitability. The added value of this approach
lies precisely in its ability to integrate three dimensions that have traditionally been studied separately:
spatial structure viewed from the perspective of polycentrism, the physical form of the city through
building footprints, and the experience of liveability. Unlike traditional methods, this model does not rely
exclusively on administrative or statistical data, but is constructed using geospatial information;
furthermore, its implementation in GEE allows work to be carried out at regional and metropolitan scales
without losing resolution, which is particularly useful for comparative analysis between cities.
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This chapter is organised into sections that develop the argument gradually and clearly. Initially,
a conceptual framework is proposed that links remote sensing, urban polycentrism and human
habitability. Subsequently, the methodology is outlined, explaining the variables and analysis criteria
used, before finally presenting the results through a theoretical-methodological model applicable to the
Latin American context, followed by a concluding reflection highlighting its contributions, areas for
improvement and possible avenues for future research.

Remote sensing and analysis of the built environment

In recent years, it has been observed that remote sensing is no longer merely an auxiliary tool for urban
planning, but has become fundamental to contemporary urban analysis, as the way we observe the city
has been profoundly transformed, allowing us not only to visualise it, but also to measure, classify and
analyse its spatial patterns. As Sirko et al. (2021) point out, with the aid of high-resolution satellite
imagery, the automated detection of buildings has improved, enabling the identification of millions of
structures with optimal levels of precision, opening up new possibilities for large-scale urban studies,
and establishing remote sensing as a new way of interpreting the territory.

In this vein, its technological value lies in the ability to capture the built environment objectively
and systematically, unlike traditional datasets, which are often sporadic, out of date or even non-existent
in certain contexts; consequently, data derived from remote sensors enable the generation of continuous
representations of urban space. For example, the use of building footprints as a basic unit of analysis
facilitates the characterisation of urban morphology by directly recording the physical layout of the built
environment (Sirko et al., 2021). In other words, each recorded building allows the built environment to
be read as a spatial language.

With the development of global datasets such as Open Buildings V3, it has become possible to
access geospatial information, as this dataset enables the analysis of urban patterns in regions where
information was previously scarce. According to the description on its website, each record contains
information on the building’s geometry, its area and an associated confidence index, which facilitates its
use in advanced spatial analyses (Open Buildings V3 Polygons | Earth Engine Data Catalog, n.d.). This
feature is particularly relevant in the Latin American context, where urban informality and the lack of
up-to-date records represent a constant challenge, as it broadens the scope of urban analysis and
democratises access to information.

With the help of advances in ML models, it has been possible to significantly improve the
accuracy of building detection by reducing errors and increasing data reliability (Sirko et al., 2021),
despite the limitations of remote sensing, such as resolution, similarity between building materials and
natural elements or vegetation cover, demonstrating the constant evolution of this tool and making it
ideal for urban analysis. In summary, remote sensing allows us to analyse the city from its physical
dimension with a level of detail and coverage that surpasses traditional methods, a capability that is
fundamental for addressing complex phenomena such as urban polycentrism, where the identification of
spatial patterns is key to understanding the city’s structure, consolidating this tool as a bridge between
the urban form and its interpretation.

Urban polycentrism, spatial morphology

Urban polycentrism might appear to be merely the existence of multiple centres within a city; however,
it is more complex. As Taubenbdck et al. (2017) point out, polycentrism is a concept whose definition
varies depending on the approach—be it functional, morphological or economic—which makes it
difficult to measure and compare across different contexts.

From a classical perspective, the analysis of polycentrism has been carried out mainly on the basis
of the distribution of employment, using indicators such as labour density or the concentration of
economic activities; however, such approaches have certain limitations when conducting analyses in
contexts where data are scarce or unreliable. In contrast, more recent studies have proposed analysing
polycentrism from the perspective of urban morphology, that is, based on the physical distribution of the
built environment (Taubenbock et al., 2017). From this perspective, the concentration of the built
environment, assessed through the density and height of buildings, emerges as a valuable indicator for
identifying urban centres and analysing polycentrism spatially.
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Batty (2013) proposes understanding cities as complex systems, where spatial patterns emerge
through non-linear interactions between multiple agents; under this logic, polycentrism is more of a
dynamic process that reflects the city’s evolution over time. In his study “The size, scale, and shape of
cities” (Batty, 2008), the author explains how cities tend to develop hierarchical and fractal structures,
where centres and sub-centres are organised across multiple scales; this perspective opens the door to
more flexible and realistic models, breaking with the traditional idea of a single dominant centre.

In the Latin American context, polycentrism takes on particular characteristics, as unlike cities in
the global North, where sub-centres typically emerge as a result of planned or market-driven processes,
in Latin America these patterns are strongly influenced by informality and socio-spatial inequality. As
Navarro et al. (2023) point out, Mexican medium-sized cities show a growing trend towards polycentric
structures, driven by the decentralisation of employment and urban expansion; however, this process
does not always lead to a balanced distribution of opportunities, generating new forms of urban
fragmentation.

Furthermore, the use of data through remote sensing has enabled progress in identifying urban
centres; for example, the analysis of satellite imagery and digital elevation models has been used to
delineate central business districts based on physical characteristics such as building density and height
(Taubenbock et al., 2017). Similarly, the use of data such as night-time brightness has enabled the
identification of urban centres based on the intensity of human activity (Yang et al., 2021). This yields
approaches, albeit different ones, that share the idea of urban centres leaving visible traces in space.

In conclusion, urban polycentrism can be understood as a multidimensional and complex
phenomenon, the understanding of which requires integrating different approaches and sources of
information; the incorporation of remote sensing and the analysis of the built environment allows us to
move towards a more objective and measurable definition of the concept, overcoming some of the
limitations of traditional methods. In this way, polycentrism becomes an observable reality, ceasing to be
merely a theoretical abstraction.

Human Liveability as a Socio-spatial Outcome

Studying human liveability involves considering the everyday experience of those who inhabit the city,
as it is not merely about services or infrastructure, but about how people use, perceive and feel their
environment. Although this concept may seem subjective, it is possible to analyse it using specific socio-
spatial indicators. Schindler & Dionisio (2024) point out that urban liveability is the result of the
interaction between social and spatial dimensions, making it a complex phenomenon; in this sense, it is
not enough simply to measure physical variables, but it is necessary to understand how these influence
people’s lives.

From a practical perspective, liveability is determined by various indicators that include aspects
such as access to services, safety, environmental quality and connectivity. For example, Huang & Liu
(2022) developed a community-level liveability index based on remote sensing data and geographic
sources, identifying spatial patterns of inequality in Chinese cities.

This approach demonstrates the possibility of quantifying liveability, albeit with certain
limitations, as measurement is never entirely neutral, as is the case with many concepts in the social
sciences.

That said, the relationship between urban structure and liveability is particularly relevant, as
various studies have indicated that the spatial configuration of a city directly influences the quality of life
of its inhabitants. In some cases, polycentric distributions can reduce travel times and facilitate access to
services, thereby improving quality of life; however, poorly connected centres or those with significant
inequality between them can produce the opposite results. In this sense, daily life can be affected by the
way the city is structured. It is important to note that liveability is not usually homogeneous within a city.
Wang et al. (2023) reveal the existence of structural inequalities observable in differences in quality of
life both between cities and within them; these differences are most noticeable in the quality of the built
environment, environmental conditions and the distribution of services. Therefore, any analysis of
liveability must incorporate a spatial dimension that allows these variations to be identified.
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Following this line of thought, it is possible to analyse liveability from a spatial perspective
through remote sensing. Although it is not possible to directly capture subjective aspects, it is more likely
to identify patterns in the built environment that are associated with quality of life, such as building
density, the presence of green spaces or accessibility to infrastructure, thereby allowing indirect
relationships to be established between urban experience and form.

In summary, the configuration of the built environment is key to conceiving human liveability,
understood as a socio-spatial outcome. The articulation of this concept with the analysis of polycentrism
and remote sensing enables the construction of more comprehensive and realistic urban models, capable
of representing both the form and function of the city. And it is precisely in this integration that the main
contribution of this chapter lies.

Methodology

This is a study based on a positivist paradigm, as reality is not altered; it employs a quantitative method
and a deductive procedure, moving from the general to the specific, that is, from the general to the
particular, as it moves from laws and theory to data and results; it is a non-experimental type of research,
as the data are not manipulated; and it is at an exploratory-descriptive level of research, as it seeks to
describe, explain, verify or confirm, and predict phenomena (establish causality). Generating and testing
theories (Hernandez Sampieri and Mendoza, 2018).

Specifically in this case, the aim of developing a model to analyse urban structure in polycentric
contexts requires, first and foremost, a shift in approach, as it is not enough to describe the city using
traditional indicators; it is necessary to begin by addressing it from the perspective of its own materiality.
As Batty (2013) argues, cities are neither static entities nor easily reducible to isolated variables; rather,
they function as complex systems where patterns emerge from multiple spatial, economic and social
interactions. From this perspective, the study of the built environment, particularly through building
footprints, allows this complexity to be captured directly.

Furthermore, this approach addresses the problem of a lack of urban data that combines high
spatial resolution, broad coverage and temporal consistency.

As Papini et al. (2025) point out, much of urban research has been limited by the availability of
fragmented or outdated information, which hinders an understanding of the actual processes of
urbanisation. In this sense, remote sensing, supported by ML models and platforms such as GEE, not
only expands analytical capabilities but also redefines the very object of study. The city ceases to be a
set of statistics and becomes an observable, measurable and interpretable surface. Thus, the proposed
methodology is structured along a progressive logic moving from the physical to the socio-spatial: first,
the built environment is characterised; then, polycentric patterns are identified; and finally, relationships
with human habitability are established. This sequence, far from being arbitrary, responds to the central
idea of understanding how the city is lived by first understanding how it is built.

Delimitation of the study area: the city as a spatial laboratory

To illustrate the model’s applicability, a case study is proposed in the Mexico City Metropolitan Area
(ZMCM). This is a territory where processes of urban expansion, emerging polycentrism, socio-spatial
inequality and functional fragmentation converge. In other words, an ideal setting for testing the
methodology.

As Batty (2008) suggests, spatial scale conditions the interpretation of urban patterns, since
phenomena that appear homogeneous on a large scale can reveal complex structures when observed in
greater detail. Put simply, the study area not only defines the space but also the type of analysis that can
be carried out and the level of detail that can be achieved. As can be seen in Figure 1, the first step was
to define the area of analysis, corresponding to the ZMCM. Once the geometry had been loaded, it was
reprojected to the EPSG:3857 system, which allowed work to be carried out in metric units and facilitated
distance and density calculations. In addition, a geometric simplification and a buffer operation with a
controlled margin of error were applied; this facilitated the analysis in GEE, as complex geometries not
only slow down processing but can even cause it to crash completely.
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One of the most significant challenges of the study was scale; as working with the entire ZMCM
in one go proved computationally unfeasible, a spatial tessellation strategy was implemented, dividing
the territory into regular cells of approximately 10 km % 10 km. This grid was generated using the
coveringGrid method, which allows a systematic mesh to be constructed over the study geometry.

Each cell was identified by a tile id, which allowed for a modular approach. Instead of processing
the entire metropolitan area simultaneously, one tile was analysed per iteration. For each selected tile,
two key geometries were defined: the Core Area, which corresponds exactly to the analysis cell; and the
Processing Area (buffer), an extension around the core, generally 600 metres wide.

This second element is particularly important. This is because, when calculating spatial densities,
the edges of the tile can generate artefacts or distortions. The buffer acts as a sort of buffer zone, ensuring
that the calculations are not artificially truncated; we could say that it is like analysing a neighbourhood
without ignoring what is happening in the surrounding streets.

~ Imports (1 entry) B
» var ZMCM: Table projects/ee-my-victorshezv/assets/ZMVM

1 // =====================================================
2 // ZMVM + OPEN BUILDINGS V3

3] // CENTROS URBANOS MORFOLOGICOS POR TESELA

4 // VERSION AJUSTADA

5 // =====================================================
6

A A e L L DL DT
8 // @) ENTRADA

- I B A et
1@ var roiInput = ee.FeatureCollection(ZMCM).geometry();

11

12 /) mmmm e -
13 // 1) PARAMETROS

14 /) mmmmm e e mmmmmmm—-m— oo
15 var workCrs = "EPSG:3857';

16 var analysisScale = 208@; // metros

17 var tileSize = leee8; // 1@ km

18 var densityRadius = 400; // metros

19 var processingBuffer = 668; // metros

2@ var densityThreshold = 6; // AJUSTADO

21 var confidenceThreshold = ©.7;
22 var distanceNeighborhoodPx = 256;

23 wvar tileId = 48; // cambiar manualmente: ©,1,2,3...
24

25 Jf e e

26 // 2) GEOMETRIA DE TRABAJO

27 f ) mm e o

28 wvar roi = roiInput

29 .transform(workCrs, 58)

3e .simplify(2ee)

31 .buffer(e, 58);

32

33 Map.centerObject(roi, 1©);
34 Map.addLayer(roi, {color: 'red'}, 'ROI simplificada’);

35
36 /S mmm e e m e m e e
37 // 3) CUADRIcULA

Y I B e

39 var gridProj = ee.Projection(workCrs).atScale(tilesize);
49 var rawGrid = roi.coveringGrid(gridProj);

41 wvar rawGridlList = rawGrid.tolist(rawGrid.size()):

42

43 var grid = ee.FeatureCollection(

44 - ee.lList.sequence(8, ee.Number(rawGrid.size()).subtract(1)).map(function(i) {
45 i = ee.Number(i);

46 var cell = ee.Feature(rawGridList.get(i)).geometry();
47 var core = cell.intersection(roi, 58);

48 return ee.Feature(core, {tile_id: i});

49 1)

56 );

51

52 Map.addLayer(

53 grid.style({color: 's868880', fillColor: '©BEGE0BO"}),
54 1.

=5 "GRID'

56 )s

57

1 B A e e L L L LT
5c // 4) TESELA SELECCIONADA

6@ [/ m e m e m oo

61 var tile = ee.Feature(grid.filter(ee.Filter.eq('tile_id', tileId)).first()):;
62 wvar coreGeom = tile.geometry();
63 wvar procGeom = coreGeom.buffer(processingBuffer, 58).bounds(58, workCrs);

64

65 Map.centerObject(coreGeom, 13);

66 Map.addLayer(coreGeom, {color: 'yellow'}, 'Tesela nucleo’);

67 Map.addLayer{procGeom, {color: 'orange'}, 'Tesela procesamiento');
68

69 print({'tileId actual:', tileld):
7@ print('Nimero total de teselas:', grid.size());

Figure 1

Definition of the study area
Source: Compiled by the author using Google Earth Engine
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Beyond the technical aspects, this stage has significant conceptual importance, as it defines the
urban system to be analysed. As Batty (2008) points out, cities do not have absolute boundaries; rather,
their demarcation depends on the analytical approach. In this case, a functional demarcation has been
chosen to capture metropolitan dynamics.

Data loading and cleaning

Once the study area has been defined, the next step is to load and clean the Open Buildings V3 database.
This dataset represents one of the most significant advances in contemporary urban mapping, as it
provides access to millions of building footprints derived from high-resolution satellite imagery.

As Sirko et al. (2021) point out, the detection of buildings using deep learning models has made
it possible to generate datasets on a continental scale, which is particularly valuable in regions where
official information is limited. However, not all detections are of the same quality, so it is necessary to
apply filters to ensure the reliability of the data.

T2 [/ mmmmmmmm oo
73 // 5) OPEN BUILDINGS

T4 /] mmmmmmmm o

75 var buildings = ee.FeatureCollection('GOOGLE/Research/open-buildings/v3/polygons
76 .filterBounds(procGeom)

77 .filter(ee.Filter.gte('confidence', confidenceThreshold));

78

79 print('Edificios en tesela de procesamiento:', buildings.size());

80

81 Map.addLayer(
82~ buildings.style({

83 color: 'GOFFFF',

84 fillColor: 'ceeeeese’,

85 width: 1

86 }).l

87 {1

88 "Edificios vector

89 );

9e

L R A e e L L
92 // &) RASTER BINARIO DE EDIFICIOS

93 /[ mmmmmmmm oo

94 -~ var buildingsWithOne = buildings.map(function(f) {
95 return f.set('one', 1);

96 });

97

98 var buildingRaster = buildingsWithOne
99~  _reduceToImage({

188 properties: ['one'],

1e1 reducer: ee.Reducer.max()
102 1

183 .unmask(@)

104 .gt(e)

185 .toByte()

186 .rename('bldg')

187~  .reproject(q

108 crs: workCrs,

1e9 scale: analysisScale

11e 1

111 .clip(procGeom);

112

113 Map.addLayer(
114 buildingRaster.selfMask(),
115 {palette: ['@BFFFF']},

116 "Edificios raster
117 );
118
119 ~ print('Stats edificios raster:', buildingRaster.reduceRegion({
128 reducer: ee.Reducer.minMax(),
121 geometry: coreGeom,
122 scale: analysisScale,
123 maxPixels: 1e8
124 1));
125
Figure 2

Loading and filtering of buildings
Source: Compiled by the author using Google Earth Engine
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Figure 2 shows the script for the empirical basis of the analysis, which is derived from the Open
Buildings V3 dataset, containing millions of polygons representing building footprints. This data was
filtered using two main criteria: spatial intersection with the processing area, and a confidence level
(confidence > 0.7).

This latter filter is no small matter. The truth is that, although big data offers impressive coverage,
it also involves a certain amount of noise. For this reason, it was decided to work solely with relatively
reliable detections, prioritising quality over quantity.

Once the building footprints had been obtained, the next step was to convert them to raster format.
This process was carried out using the reduceTolmage method, assigning a binary value: 1 for the
presence of a building and 0 for its absence.

Subsequently, this image was reprojected to a spatial resolution of 200 metres, generating a
homogeneous grid that serves as the basis for subsequent calculations. This step, although technical, is
key, as it moves from an individual representation of buildings to a logic of land use.

This stage reflects a key principle in spatial analysis: the quality of the results depends directly
on the quality of the input data. As the literature suggests, working with unprocessed data can introduce
significant biases in the interpretation of urban patterns (Sirko et al., 2021).

Construction of variables, transformation of data into urban structure

Once the building footprints have been obtained, the next step is to construct variables that allow for the
interpretation of the urban structure. And here something interesting occurs, as the data cease to be mere
geometries and begin to represent spatial dynamics.

Building density constitutes one of the most direct indicators of urban centrality. As Taubenbdck
et al. (2017) point out, concentrations of urban mass can be used as a proxy to identify urban centres,
allowing polycentrism to be analysed from a morphological perspective.

126 [/ ==
127 // 7) DENSIDAD REAL

128 [/ =
129 - var densityKernel = ee.Kernel.square({

130 radius: densityRadius,

131 units: "meters’,

132 normalize: false

133 });

134

135 * var density = buildingRaster.reduceNeighborhood({

136 reducer: ee.Reducer.sum(),

137 kernel: densityKernel,

138 skipMasked: false,

139 optimization: ‘'boxcar’

140  }).rename('density').clip(coreGeom);

141

142 ~ print('Stats densidad:', density.reduceRegion({
143 reducer: ee.Reducer.minMax(),

144 geometry: coreGeom,

145 scale: analysisScale,

146 maxPixels: 1e8

147  }));

148

149 Map.addLayer(
150 density,
151 {min: ©, max: 16, palette: ['white', 'lightblue’, 'blue', 'red']},

152 'Densidad de edificios’
153 );
154

Figure 3

Density calculation
Source: Compiled by the author using Google Earth Engine
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Figure 3 shows the script for determining density, estimated using a proximity operation
(reduceNeighborhood), employing a square kernel with a radius of 400 metres. The kernel was
configured with ‘normalize false’, as the aim was not to obtain an average, but rather an actual count of
occupied cells within the proximity, that is, units of the built environment surrounding each point.

Identification of urban centres, the emergence of polycentrism

Once the density has been calculated, the next step is to identify the urban centres. And this is where the
model connects directly with Batty (2013) theory of complex systems, as the centres are not predefined,
but emerge from spatial concentration.

Figure 4 shows the script for defining so-called morphological urban centres, by applying a
threshold (densityThreshold). This threshold is not universal, as it was calibrated empirically, testing
different values until those that best represented the actual concentrations of the built environment were
found. Conceptually, these centres do not represent economic or functional centralities; rather, they
reflect spatial intensities of occupation, that is, areas where the city feels denser.

A55 /) mmmmmmmmm e e
156 // 8) CENTROS
157 /) =mmmmmmmm e e e
158 var centers = density
159 .gte(densityThreshold)
168 .selfMask()
161 .toByte()
162 .rename( 'centers');
163
164 * print('Suma pixeles centros:', centers.reduceRegion({
165 reducer: ee.Reducer.sum(),
166 geometry: coreGeom,
167 scale: analysisScale,
168 maxPixels: 1e8
169 1}));
17e
171 Map.addLayer(
172 centers,
173 {palette: ['yellow']},
174 "Centros urbanos’
175 );
Figure 4

Identification of centres
Source: Compiled by the author using Google Earth Engine

The model aims to link urban structure with liveability, and although remote sensing cannot
directly capture the human experience, it does allow us to identify spatial patterns associated with quality
of life.

Once the centres had been identified, the Euclidean distance from each pixel to the nearest centre
was calculated using the fastDistanceTransform algorithm. Figure 5 shows the method, which initially
returns a quadratic distance in pixel units; it was therefore necessary to apply a square root (sqrt) and
convert to metres (by multiplying by the analysis scale).

The result is a continuous raster that expresses spatial proximity to the most densely populated
areas, allowing us to determine how close or far each point is from the most densely populated urban
centres.

As Huang & Liu (2022) point out, variables such as proximity to urban centres can be used as
proxies to assess accessibility and, consequently, liveability.
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177 /] =mmmm e e oo
178 // 9) DISTANCIA

179 /] mmmmmm e e oo
180 var hasCenters = ee.Number(

181~  centers.reduceRegion({

182 reducer: ee.Reducer.sum(),

183 geometry: coreGeom,

184 scale: analysisScale,

185 maxPixels: 1e8

186 }).get('centers')

187 );

188

189 var distance = ee.Image(
198 ee.Algorithms.If(

191 hasCenters.gt(@),

192 centers.unmask(®)

193 .fastDistanceTransform(256, 'pixels', 'squared_euclidean')
194 .sgrt()

195 .multiply(analysisScale)

196 .rename('distance_m')

197 .clip(coreGeom),

198 ee.Image.constant(®).rename( 'distance_m').clip(coreGeom)
199 )

200 );

281

202 ~ print('Stats distancia:', distance.reduceRegion({

203 reducer: ee.Reducer.minMax(),

284 geometry: coreGeom,

285 scale: analysisScale,

206 maxPixels: 1e8

207 1));

208

209 Map.addLayer(
218 distance,
211 {min: 6, max: 1800, palette: ['green', 'vellow', 'red']},

212 'Distancia a centros (m)
213 );
Figure 5

Distance to centres
Source: Compiled by the author using Google Earth Engine

Finally, due to the computational limitations of the environment, processing was carried out tile
by tile, with the results exported individually; this approach not only helped to avoid memory errors and
delays, but also opened up the possibility of subsequently reconstructing the complete analysis using
Geographic Information Systems (GIS).

It is, in a sense, a patient, fragmented approach, but also a much more robust one, which not only
improves the accuracy of urban analysis but also transforms the way we understand the city. We move
from a measured city to an observed city, and as Batty (2013) would say, understanding the city involves
accepting its complexity, not simplifying it.

In the context of Mexico and Latin America, this methodology represents a huge opportunity. Not
only because it allows knowledge to be generated where there was none before, but because it opens up
the possibility of planning cities that are more equitable, more accessible and, ultimately, more liveable.

Results

The results of this chapter are not presented in terms of a specific empirical case, but rather as the
formalisation of a theoretical-methodological model capable of being replicated in different urban
contexts. For, beyond obtaining specific figures, the true contribution lies in the construction of an
analytical framework that allows the city to be interpreted through its own materiality.
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Formalisation of the polycentric urban structure model

The first result consists of the formulation of a model that integrates morphological variables derived
from the built environment to identify polycentric structures. This model is based on the premise that the
city can be analysed as a superposition of densities, where concentrations of buildings reflect nodes of
urban activity.

In operational terms, the model proposes the following sequence:

- Extraction of building footprints (Open Buildings V3)
- Calculation of density and built-up area

- Identification of urban clusters

- Determination of centres and sub-centres

- Assessment of spatial relationships between centres

This approach allows us to identify not only the existence of multiple centres, but also their
hierarchy and spatial distribution. As Batty (2013) points out, cities tend to organise themselves into
hierarchical structures where centres emerge as a result of complex interactions. In this sense, the
proposed model does not impose a pre-existing structure, but rather allows it to emerge from the data.

Interpreting polycentrism through urban morphology

One of the most significant findings is that polycentrism can be effectively interpreted based on the
morphology of the built environment. This represents a major shift from traditional approaches, which
typically rely on economic or administrative variables.

As previously discussed, the concentration of buildings serves as a proxy for identifying urban
centres. In this regard, the results suggest that cities with polycentric structures exhibit:

— Multiple high-density cores

- A relatively balanced distribution of urban masses
- Moderate distances between centres

- The absence of a single dominant core

These patterns coincide with the findings of Taubenbock et al. (2017), who argue that
concentrations of urban mass allow polycentric structures to be identified more objectively. Thus,
morphological analysis not only complements but, in many cases, replaces traditional methods.

Relationship between polycentrism and human liveability

Another key finding is the identification of a direct, albeit complex, relationship between polycentric
structure and human liveability. Generally speaking, it is observed that polycentric configurations can
contribute to improving quality of life, provided there is an adequate distribution of services and
connectivity between centres.

As Schindler & Dionisio (2024) point out, urban liveability depends on the integration of social
and spatial dimensions, implying that the urban form has a direct impact on residents’ experience. In this
regard, the proposed model enables the identification of spatial conditions that favour liveability, such
as:

- Proximity to urban centres
— Balanced distribution of densities
— Reduction in travel distances

However, risks are also identified: in contexts where polycentrism emerges in a disorderly
manner, as is the case in many Latin American cities, it can lead to urban fragmentation and inequality
in access to services. Therefore, polycentrism is not inherently positive, as its impact depends on how it
is spatially organised.
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Applicability of the model in Latin America and Mexico

One of the model’s most significant contributions is its applicability in contexts where traditional data is
limited. In Latin America, and particularly in Mexico, the availability of up-to-date urban information
remains a challenge, which limits analytical and planning capabilities.

In this regard, the use of datasets such as Open Buildings V3 represents a significant opportunity.
As Sirko et al. (2021) point out, the detection of buildings using satellite imagery allows for coverage of
regions where official information is scarce or non-existent. This is particularly relevant in cities with
high levels of unplanned urban growth and where much of the built environment is not recorded in official
databases.

Furthermore, the implementation of the model in GEE enables large-scale analysis without the
need for advanced computational infrastructure, which facilitates its adoption in public and academic
institutions, opening up the possibility of democratising urban analysis.

Limitations of the model

Despite its advantages, the model has certain limitations that must be considered. Firstly, as it is based
on remote sensing data, it is not possible to directly capture socio-economic or subjective variables,
which may limit its ability to assess habitability comprehensively. Furthermore, the model’s accuracy
depends on the quality of the data used, and although Open Buildings V3 offers high levels of reliability,
errors may occur in the detection of buildings, particularly in areas with dense vegetation or building
materials similar to the natural environment. Finally, it is important to recognise that interpreting the
results requires contextual knowledge of the area, as spatial patterns can vary significantly between cities.

Conclusions

Throughout this chapter, we have reflected on how we are observing and understanding the city today.
And the truth is that, in a context where the urban environment is becoming increasingly dense,
fragmented and, at times, difficult to decipher, traditional methods are beginning to fall short. It is not
that they cease to be useful, but they are no longer sufficient on their own; in light of this, the integration
of remote sensing with the analysis of the built environment does not appear as a mere alternative, but
rather as a logical, almost inevitable, evolution in the way we study the city.

In this sense, one of the chapter’s most significant contributions is the proposal of a model that
enables the identification of polycentric structures based on urban morphology. Put another way, it
involves reading the city through its own form; this approach, based on building footprints, is important
because it starts from something tangible—the materiality of the built environment. As Batty (2013)
points out, the city is neither a static entity nor a sum of isolated parts, but a complex system that is
constantly changing. It is through this approach that the proposed model allows us to capture this dynamic
almost directly, as if we were following the traces left by urban life on the territory.

Furthermore, the chapter reveals that there is a significant relationship between urban structure
and human habitability, though it is neither simple nor automatic. However, certain spatial patterns do
emerge that affect quality of life; for example, areas with a higher concentration of services or better
connectivity tend to offer more favourable conditions. In this context, well-articulated polycentric
configurations can make a real difference, facilitating access to opportunities and reducing, at least in
part, spatial inequalities that are often very persistent.

On the other hand, the potential for applying this model in Latin America is particularly
interesting, given that, in many of our contexts, detailed information is scarce, out of date or simply non-
existent. This is where remote sensing comes into its own, as it enables the generation of knowledge from
accessible, up-to-date and, in many cases, open data. This not only broadens our analytical possibilities
but can also strengthen decision-making in urban planning, bringing it a little closer to the reality
experienced on the ground.
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That said, the aim is not to completely replace traditional methods; rather, the proposal is to
complement and enrich them. The integration of geospatial data and socio-economic variables remains a
significant challenge, but it also represents a line of research with great potential.

Looking ahead, there are several avenues for improvement; for instance, incorporating variables
related to mobility, land use or even environmental conditions could provide a more comprehensive
understanding of liveability. Furthermore, applying the model to specific case studies would allow it to
be tested, refined and, above all, strengthen its applicability in real-world contexts.

In summary, the analysis of the built environment using remote sensing is emerging as a powerful
tool for understanding urban structure in polycentric settings. But beyond the technical aspects, what is
really at stake is our ability to interpret the city with greater sensitivity and precision. Because, ultimately,
it is not just about analysing it, but about improving the way we live in it.
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