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Abstract: Natural or anthropogenic urban vegetation is an important resource for urban planning,
risk assessment, and sustainable development of a city. Quito is a megadiverse city due to its location
and topography, but the socioeconomic diversity generates more contrasting conditions of certain
behaviors and habits related to urban infrastructure. The contrasts of vegetation and green spaces
in the different sectors of Quito also reflect the diversity of the city. This study examines the effects
of socioeconomic conditions on the loss or increase of urban vegetation. The exploratory regression
method (spatial) and logit model (non-spatial) were used to explain the socioeconomic effects on
urban vegetation density at the level of urban parishes. On the one hand, the Normalized Difference
Vegetation Index (NDVI) was calculated as the dependent variable based on the 2021 sentinel images.
On the other hand, the independent variables were structured based on the socioeconomic level,
the land valuation areas of Quito (AIVAS), and the quality of life index. This article contributes to
establishing baseline information that helps structure the conditions, strategies, and investments to
design and implement plans and programs for urban drainage, ecosystem benefits, and sustainable
development in the city of Quito.
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1. Introduction

The most sustainable cities in the world are characterized by having a high proportion
of natural and anthropic green spaces, as well as diverse habitats with urban vegetation
and biodiversity [1].

The traditional approach to urban planning, originally aimed to improve sanitary con-
ditions in cities, has changed to a paradigm of sustainability that incorporates urban green
spaces into the city to create a more attractive environment for the inhabitants themselves.

According to [2], approximately 80% of residents of urban areas worldwide are ex-
posed to air pollution levels above those established in the World Health Organization’s
air quality guidelines (WHO). In addition, rapid and unsustainable urbanization has sig-
nificant environmental and social consequences, when urban infrastructure is abruptly
introduced without preserving sufficient green spaces in the city and the recreation of its
inhabitants. The impact of vegetation in the city is of great concern to decision-makers and
planners of public policies, mainly due to urban expansion.

Planning and integrating vegetation into the urban system brings systematic benefits
on three interrelated axes: (1) the social axis, which improves citizens’ quality of life through
comfortable environments for coexistence and recreation; (2) the ecological axis, vegetation
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mitigates urban impacts that negatively affect the environment, such as e.g., temperature,
noise, cityscape, but mainly as a complement to prevent flooding, landslides, and alluvial
deposits; and (3) the economic axis, the acquired social benefits, by increasing the quality of
life, directly increases the value of the land and consequently acquires an added value [3].

Parks, green spaces, streams with natural vegetation, and watercourses located within
the city are generally public spaces that need to be studied as part of a strategic interest to
combat threats such as climate change, which is defined in the Sustainable Development
Goals (SDGs), including sustainable cities, public health, and conservation. Several studies
also demonstrate the impact of incorporating urban green spaces on community health.
Among the most important are mental health, depression, and reductions in mortality from
cardiovascular disease, obesity, and diabetes [4].

Refs. [5,6] agree that cities need trees and water to be habitable. They also artic-
ulate the public perception and impact of failed urban planning leading to the loss of
urban vegetation.

One oft-repeated phrase that has become an “unconfirmed truth” is the one that
establishes a minimum of 9 m2 of green space per inhabitant, purportedly from the World
Health Organization (WHO). However, there is no source that confirms these values.
Ref. [7] compiles the analysis of 386 European cities with population densities comparable
to Latin American cities and gives values between 15 m2 and 50 m2 of green space per
inhabitant. Similarly, [8] identifies the range between 3 m2 and 12 m2 per inhabitant.

Latin American cities are generally lower than the average issued by WHO and much
lower than the European average. In this way, a relationship can be established between
the level of economic development of Latin American countries and public green spaces [9].
This, interpolated to the city of Quito and complemented by the observation of the different
urban sectors of the city, allows us to assume that, in general, the maintenance of the
richness of urban vegetation in general depends largely on the socioeconomic level and
development of the different sector.

In addition, cities will increasingly need to increase their resilience to cope with the
impacts of climate change and natural disasters within them. Urban heat islands and
unexpected flooding are expected to increase as cities grow [10]. Urban vegetation and
green spaces established throughout the city are directly related to sustainable urban
drainage practices (SUD), which provide environmental and social benefits; they also help
manage the complications caused by rainwater and stormwater (runoff) [11].

Classical approaches to the study and planning of Green Infrastructure (GI) focus
only on social benefits related to recreation and landscape; strongly associated with the
concept of the “garden”, which has led to GI urban planning being underestimated in
recent decades and appearing as a low priority in public policy [12,13]. GI appears strongly
in the design and planning of urban and peri-urban environments only in the last two
decades [14].

For [15], urban GI is a system of green spaces that maintain the value of natural
ecosystems [16–18], which states that urban green spaces have biophysical properties that
help cities adapt to climate change. Figure 1 shows the cycle of benefits and the evolution
of ecosystem services provided by GI.

According to [19], GI can be defined as “an interconnected network of green spaces
that preserves the functions and values of natural ecosystems and provides corresponding
benefits to human populations”. In this way, what [20,21] say about understanding cities
as sustainable ecological-sociological-economic systems is confirmed. Urban green space
refers to a variety of green open spaces, for example, public parks, residential gardens,
green roofs, and street trees [22].



Geographies 2022, 2 399Geographies 2022, 2, FOR PEER REVIEW  3 
 

 

 

Figure 1. Cycle of ecosystem services. 

According to [19], GI can be defined as “an interconnected network of green spaces 

that preserves the functions and values of natural ecosystems and provides correspond‐

ing benefits to human populations”. In this way, what [20,21] say about understanding 

cities as sustainable ecological‐sociological‐economic systems is confirmed. Urban green 

space  refers  to  a  variety  of  green  open  spaces,  for  example,  public  parks,  residential 

gardens, green roofs, and street trees [22]. 

Apart from an absolute definition of urban GI, it is built by its origin and concepts 

related to scientific and technical approaches to urban growth, environmental protection, 

quality of life, socio‐economic realities, links between urban environments, and natural 

urban drainage, among others, which form the link between theoretical bodies and prac‐

tice in the context of urban planning. However, the gap in technical and methodological 

frameworks  linking the city to ecosystem services and GI  is still  large, especially  in re‐

gions such as Latin America and the Caribbean (LAC) [23]. 

According  to  [24,25],  the  elements  of GI  at  different  levels  that maximize  social 

benefits  and  ecosystem  health  can  be  classified  as  follows:  (1)  Neighborhood  level: 

squares,  green  roofs,  and walls,  tree‐lined  streets,  private  gardens,  institutional  open 

spaces, ponds and streams, right‐of‐way, pedestrian and bicycle paths, cemeteries, sports 

fields, small forests, streams, orchards, wastelands; (2) City level: rivers and floodplains, 

intermunicipal  parks,  urban  canals,  lagoons,  urban  forests,  natural  parks,  contiguous 

water areas, urban plazas, hills, large recreation areas, estuaries, wastelands, community 

forests, agricultural  lands,  landfills, and;  (3)  regional  level: Protected wilderness areas, 

national parks, coasts and beaches, strategic and long‐distance trails, forests, shelterbelts 

in power lines, road and rail networks, designated greenbelts, agricultural lands, rivers 

and floodplains, canals, mountain ranges, aqueducts, fault lines, and lakes. 

The  importance  of maintaining urban GI  becomes more  relevant  in  situations  of 

high globalized uncertainty, especially those related to climate change and the associated 

impacts of global warming [26]. For example, one of the most prominent and consistent 

benefits of urban vegetation is the reduction and control of urban surface temperature by 

providing shade while absorbing solar radiation (transpiration and photosynthesis) [27]. 

The  systematic  implementation  of  GI  leads  to  the  transformation  of  cities  into 

so‐called  eco‐cities, which  are  characterized  by  the maintenance  of  an  ecological  ap‐

proach to urban design. That is, cities are understood as ecosystems where technologies 

Figure 1. Cycle of ecosystem services.

Apart from an absolute definition of urban GI, it is built by its origin and concepts
related to scientific and technical approaches to urban growth, environmental protection,
quality of life, socio-economic realities, links between urban environments, and natural
urban drainage, among others, which form the link between theoretical bodies and practice
in the context of urban planning. However, the gap in technical and methodological
frameworks linking the city to ecosystem services and GI is still large, especially in regions
such as Latin America and the Caribbean (LAC) [23].

According to [24,25], the elements of GI at different levels that maximize social benefits
and ecosystem health can be classified as follows: (1) Neighborhood level: squares, green
roofs, and walls, tree-lined streets, private gardens, institutional open spaces, ponds and
streams, right-of-way, pedestrian and bicycle paths, cemeteries, sports fields, small forests,
streams, orchards, wastelands; (2) City level: rivers and floodplains, intermunicipal parks,
urban canals, lagoons, urban forests, natural parks, contiguous water areas, urban plazas,
hills, large recreation areas, estuaries, wastelands, community forests, agricultural lands,
landfills, and; (3) regional level: Protected wilderness areas, national parks, coasts and
beaches, strategic and long-distance trails, forests, shelterbelts in power lines, road and
rail networks, designated greenbelts, agricultural lands, rivers and floodplains, canals,
mountain ranges, aqueducts, fault lines, and lakes.

The importance of maintaining urban GI becomes more relevant in situations of high
globalized uncertainty, especially those related to climate change and the associated impacts
of global warming [26]. For example, one of the most prominent and consistent benefits of
urban vegetation is the reduction and control of urban surface temperature by providing
shade while absorbing solar radiation (transpiration and photosynthesis) [27].

The systematic implementation of GI leads to the transformation of cities into so-called
eco-cities, which are characterized by the maintenance of an ecological approach to urban
design. That is, cities are understood as ecosystems where technologies to protect the envi-
ronment, economic activities, and waste are efficiently managed to protect the environment.
Reducing urban heat islands and promoting the use of GI are also components that stand
out in this concept [28]. Similarly, eco-neighborhoods and eco-communities are derivatives
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of eco-city trends due to the need to create green spaces at the residential level and ensure
ecosystem services within cities.

GI-based planning and design approaches have become best practice for achieving
the concept of urban resilience because of their multifunctionality. They also support urban
policies to address environmental issues, including stormwater regulation, air quality,
urban heat islands, and landscape connectivity [29].

The presence of natural or anthropogenic urban vegetation in the city plays a key role
in different approaches and dimensions in the territories, e.g., SUDs are part of GI and
their functionality can be compared to traditional urban stormwater management systems
(including unified networks and stormwater and wastewater disposal) [30].

The approach of SUD can be traced back to the “Clean Water Act” and the National Pol-
lution Discharge Elimination System of the United States of America, which introduce these
techniques as Best Management Practices (BMPs) and complement conventional stormwa-
ter treatment. Since then, SUDs have been viewed as more flexible and efficient drainage
systems to manage the risks associated with runoff and urban flooding (stormwater quality
and quantity) and to improve the landscape of the city [31,32].

According to the ICLEI European Secretariat (2011), SUDs are considered management
and planning techniques that attempt to replicate hydrologic processes such as infiltration,
filtration, storage, lamination, evapotranspiration, and others, but primarily techniques for
controlling runoff and integrative resources of the urban landscape. Ref. [33] argues that
SUDs as a whole mimic the behavior of a hydrographic basin in its natural state, helping
to improve the condition of water masses, protect against floods and droughts, adapt and
mitigate climate change (CO2 sinks), reduce solids entrainment, provide ecosystem services,
and enhance green spaces.

Over the past three decades, the growing need in LAC cities to improve stormwater
and runoff management to mitigate the impacts of urban flooding has motivated the
application of BMPs through regulations and ordinances that encourage their use and
application. For example, European, North American, and Australian countries have their
own SUD regulations, manuals, and drafts [34]. According to [35], the reduction in water
treatment costs when using SUD techniques is generally between 18% and 50%.

The drastic change in land use in cities and their sphere of influence, due to economic
development and population growth, primarily results in natural ecosystems being altered
and replaced by buildings and roads (grey infrastructure), which inevitably changes the
quality of life of residents, for better or worse [36]. As a result, the provision of ecosystem
services provided by urban vegetation is becoming increasingly complex, especially in
regions such as LAC [37].

Currently (2022), the ecosystem benefits of urban vegetation are recognized worldwide.
However, many cities around the world do not provide adequate conditions for access and
use of this resource [38,39]. According to [39,40], socioeconomic factors have proven to
be one of the limiting factors in the provision and public amenities of urban green spaces
and elements in quality and quantity; resulting in the most disadvantaged socioeconomic
groups lacking urban IG.

In LAC cities, where 80% of the population lives in cities with marked social inequal-
ity [41–43]. The authors [42–44] found that citizens with better economic income in Santiago
de Chile have better access to green spaces and tree species. In the case of Bogotá, a lower
occurrence of GI was found in the poorest areas of the city [45].

The objective of this study is to establish the relationship between the density of urban
vegetation and the socioeconomic conditions of urban areas in the city of Quito, Ecuador,
using Geographic Information Systems (GIS), spatial analysis, and remote sensing. In
this way, the conservation, maintenance, and inclusion of vegetation areas in 2021 are
evaluated under the influence of socioeconomic factors. The specific question underlying
this study is: to what extent do the socioeconomic situation and the quality of life of the
inhabitants of Quito influence the conservation and maintenance of anthropogenic and
natural urban vegetation?
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2. Materials and Methods

There are two parts to this investigation:

• determine the relationship between socioeconomic conditions and urban vegeta-
tion density. Exclude areas of urban expansion, large parks (emblematic parks and
metropolitan parks), and streams located within the Hyperconsolidated Longitudinal
Urban Core (HLUC).

• determine the density of vegetation at the parish level in the HLUC.

2.1. Study Area

The study area (Figure 2) includes the 32 urban parishes of the city of Quito in the
Metropolitan District of Quito (Quito Canton), Pichincha Province, Ecuador. The city of
Quito is located in the eastern Andes, on the slopes of the active volcano Pichincha, forming
a closed landscape. The average altitude is 2850 m above sea level. Quito is the capital of
Ecuador. The city is bounded on the north by the Casitagua volcano, on the east by the
geological fault “Falla de Quito”, on the east by the eastern slopes of Pichincha, and on
the south by the Atacazo volcano. The city is 50 km long (south-north) and 4 km wide
(east-west).
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Figure 2. Study area.

The prevailing climate corresponds to the temperate mountain climate, characterized
by two distinct seasons, a prolonged rainy season (October–May) and a four-month dry
season (June–September). Despite the city’s altitude, Quito experiences spring-like weather
most of the year, as the city is located in the middle of the world. According to the official
website [46], Quito’s Green Urban Index (GUI) reached 21.6 m2 of green space per inhabitant
in 2018. In addition, in 2020, the city was recognized as one of the Tree Cities of the world
by the “Tree Cities of the world” program of the Food and Agriculture Organization of the
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United Nations (FAO). Quito also has a public policy to expand green spaces as part of
the Metropolitan Territorial Planning Plan [47]. However, some areas of the city still lack
vegetation, especially in the interior of the city.

The analyzes of this study are carried out in the “hyperconsolidated longitudinal
urban core” (HLUC) of the city of Quito (Figure 3a), that is, in the consolidated urban
areas where urban infrastructure (grey infrastructure) is predominant so that it can be
assessed whether the city has a friendly green behavior, i.e., whether it preserves natural
vegetation and green infrastructure. HLUC is a relatively flat area (Figure 3b) where the
natural vegetation has been virtually completely altered by urbanization. Moreover, it is
the area where the social, economic, and environmental dynamics typical of the city take
place; most importantly, HLUC is at high risk of flooding at certain times of the year, due
to its location and topography. The HLUC represents the predominant grey infrastructure
patch in the city, this area is extracted to perform subsequent analyzes.
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Figure 3. (a) Hyperconsolidated Longitudinal Urban Core (HLUC), (b) Elevation map of HLUC.

2.2. Resources for Information and Preparation

The information considered in this work is geographical information collected by
different institutions between international platforms, the national government of Ecuador,
and the local government of the city of Quito (Table 1) (see details below):
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Table 1. Geographical Information Collected.

ID Data File
Extension Agency Accuracy/Scale/Territory

Level Date

I1
Satellite
imagery

SENTINEL
Raster (.img) Sentinel Hub

EO Browser Spatial resolution of 10 m 2021

I2

Value
intervention

areas of
Quito

(AIVAS)

Polygons
(.SHP)

Gobierno
Abierto de

Quito
Cadastral level 2022

I3

Socioeconomic
Level of

Quito
Polygons

Polygons
(.SHP)

Geoportal
Military

Geographic
Institute of

Ecuador

Scale 1:5.000 2014

I4

Quality of
Life Index
Polygons

(QLI)

Polygons
(.SHP)

Quito City
Institute Parish Level 2017

I5 Urban parks Polygons
(.SHP)

Open
Government

of Quito
Cadastral Level 2022

I1. The image of the Sentinel-2 satellite was downloaded from the EO Browser plat-
form (https://apps.sentinel-hub.com/eo-browser/, accessed on 21 October 2021) and is
dated 4 August 2021 (identifier: S2A_MSIL2A_20210804T153621_N0301_R068_T17MQV_20
210804T211530). The sentinel image acquired has processing level 2A (L2A), meaning it
includes scene classification and upper atmosphere correction, the main output of level
2A is an orthoimage with reflectance corrected. Bands 8 (near infrared, VNIR) and 4 (red,
R) of the images allowed the calculation of the Normalized Difference Vegetation Index
(NDVI) using the Formula (1). This index normalizes green leaf scattering in Near Infra-red
wavelengths with chlorophyll absorption in red wavelengths. In this way, the vegetation in
the study area was quantified [48,49].

NDVI = (VNIR − R)/(VNIR + R) (1)

Then, the values above 0.2 to 1 of the index corresponding to shrubs, grass, trees, and
forests are extracted from the resulting coverage (NDVI).

They are then vectorized into polygons in shapefile format and the density of vegeta-
tion in each territorial unit (AIVAS and parishes) is calculated (Figure 4).

The process and analyses were performed using ArcGIS Pro® version 2.9 software.
I2. The AIVAS are areas that preserve homogeneous physical and economic character-

istics and behaviors. The basic criteria for the delimitation of the AIVAS are administrative,
urban (land use, services, and infrastructure construction category), market, and economic-
social conditions, the main data of this resource is the value of land ($/m2). The HLUC
considered in this study consists of 1054 AIVAS. AIVAS is a cartographic product in geospa-
tial shapefile format (polygon). The AIVAS are managed and updated every two years by
the local government of Quito (Figure 5a).

I3. The cartographic products of the socioeconomic level are based on the Census of
Population and Housing 2010, produced by the National Institute of Statistic and Censuses
of Ecuador, and are spatialized considering the “census sector” as the minimum unit
of analysis (subdivision of parishes for statistical purposes and data collection). This
resource provides an attribute that combines four dimensions: housing characteristics,
basic services, educational level, and economic sectors. It represents the ability to have

https://apps.sentinel-hub.com/eo-browser/
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access to a set of goods and lifestyles [50,51]. This resource is classified into five levels:
high, middle high, middle, middle low, and low [52] (Figure 5b) (product in geospatial
shapefile format (polygon).
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I4. The Quality of Life index cartographic resource is a multidisciplinary statistical
indicator that allows the comprehensive and comparative identification of the quality of life
at the level of the Metropolitan District of Quito. This is based on objective and subjective
dimensions such as security, services, land and housing, mobility, environment, green
spaces, health, education, integration, well-being, cohesion, and leisure [53]. This index is
presented as a percentage (%) (Figure 5c) (product in geospatial shapefile format (polygon).

I5. Urban park resources are registered in the system of the open government system
of Quito. They were calculated at the AIVAS level.

In this way, the dependent variable is the percentage of vegetation (vegetation density—
I1) calculated in relation to the total area of each AIVAS and each parish. The independent
variables (explanatory variables) are I2, I3, I4 & I5. The explanatory variables are presented
at the AIVA and parish levels.
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2.3. Relationship between Urban Vegetation Density and Socioeconomic Factors in HLUC of Quito,
AIVAS Level
2.3.1. Spatial Statistical Analysis

The analysis of the relationship is based on: (1) measuring the spatial autocorrelation
(global Moran’s I) of the vegetation density variable, based on the location of each AIVA
and the attribute of the variable (I1). The analysis evaluates whether the expressed pattern
is clustered, dispersed, or random. It also reports the z and p-values, which allow the
evaluation of significance [54]. (2) Evaluation of all possible combinations of the exploratory
variables by exploratory regression. This tool explores each combination of the explanatory
variables to find the best one. That is, it tries to find the Ordinary Least Squares (OLS) model
that passes all diagnoses: coefficient p-value, VIF (Max Variance Inflation Factor), Jarque
Bera minimum p-value, and spatial autocorrelation p-value. acceptable minimum [55].
Therefore, the most favorable combination of explanatory variables is expected to be an
OLS model that maintains the following:

• the coefficients of the explanatory variables are statistically significant
• the coefficients reflect the expected or at least a defensible relationship between each

explanatory variable and the dependent variable
• the explanatory variables are not redundant, the VIF values are smaller than 7.5
• normally distributed residuals indicate that the model is free of bias (the Jarque-Bera

p-value is not statistically significant)
• randomly distributed above and below predictions, indicating that the model residuals

are normally distributed (the p-value for spatial autocorrelation is not statistically
significant) [56].

The analyzes were performed using ArcGIS Pro® version 2.9 software (Esri, Quito,
Ecuador).
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2.3.2. Non-Spatial Statistical Analysis, Logit Model

Logistic regression is a binary classifier that uses a function to predict the probability
of a categorical dependent variable (I1) containing data coded as features of interest [57,58].
The hypothesis of this paper assumes that each AIVAS must maintain at least 30% of
vegetation (natural or anthropogenic) to provide ecosystem services that promote the
general well-being of its inhabitants. Therefore, the AIVAS with a vegetation density of
less than 30% are coded “1” as a feature of interest, while AIVAS with a vegetation density
of more than 30% are coded “0” (I1-1: vegetation density ≤ 30%; I1-0: vegetation density
> 30%) (Table 2). With this consideration, the probability of the presence of vegetation
explained by the independent variables (I2, I3, I4 & I5) is estimated using Formula (2).

E(y) = ρ =
eXβ

1 + eXβ =
eβ0+β1X1+···βnXn

1 + eβ0+β1X1+···βnXn
(2)

Table 2. Variables categorized for inclusion in the logit mode.

I1 I1-0: Vegetation Density > 30%
I1-1: Vegetation Density ≤ 30%

I3
I3-0: low and middle low

I3-1: middle
I3-2: middle high and high

I4
I4-0: from 64% to 67%
I4-1: from 68% to 70%
I4-2: from 71% to 73%

Variables I2 & I5 were not categorized.

β0, β1, . . . , βn: intercept and constants; X1, X2, . . . , Xn: explanatory variables.
After testing various logistic models, it was determined that variables I3 and I4 were

not statistically significant in their original form. Therefore, these variables were categorized
based on their statistical frequency for inclusion in the logit model, as follows (Table 2):

To determine and evaluate the predictive capacity of the logistic model, a Receiver
Operating Characteristic Curve (ROC) was constructed and the area under the curve (AUC)
was calculated. Furthermore, the goodness of fit of the logistic model is evaluated by the
omnibus statistic

The logit model was executed with the R version 4.2.0 (The R Foundation) (free
software environment for statistical computing and graphics).

2.4. Parish-Level Analysis of the HLUC

For the analysis, only the areas of the parishes that are within the HLUC are considered,
and based on this, the percentage of existing vegetation is calculated. In the first instance,
the level of vegetation in each HLUC parish is analyzed, then the relationship between the
percentage of vegetation in each parish and the quality-of-life index is evaluated. They
are analyzed under a spatial autocorrelation on the vegetation density variable and the
OLS method. At the parish level, the ability to cope with heavy precipitation events and
flooding in HLUC areas is analyzed.

3. Results
3.1. Spatial Statistical Analysis

Table 3 shows the results of the statistical analysis of the spatial autocorrelation of
vegetation density (I1) under the following settings: Conceptualization of spatial relation-
ship = inverse distance, distance method = Euclidean and standardization = the spatial
weighs are standardized; each weight is divided by its row sum (the sum of the weights
of all neighboring features). Figure 6 shows that given the z-score of 29.696007, there is
less than a 1% probability that this clustered pattern is the result of random chance, and
Figure 7 shows vegetation density and AIVAS level.
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Table 3. Global Moran’s I Summary, AIVAS level (I1).

Moran’s Index 0.402745
Expected Index −0.00095

Variance 0.000185
z-score 29.696007
p-value 0
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Tables 4–9 show the intercept of the models and the regression coefficients for the
predictors, as well as the results of the exploratory regression related to the relationship
between urban vegetation density and socioeconomic conditions, also including variable
I5. Independent variable (I1), explanatory variables (I2, I3, I4, I5).
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Table 4. Intercepts and regression coefficients for the predictors, combination of 2 variables.

Model Coefficient StdError t-Statistic Probability

Intercept 93.625968 10.493644 8.92216 0.000000 *
I2 −0.016623 0.003946 −4.212761 0.000032 *
I3 −0.879549 0.162199 −5.422667 0.000000 *

Intercept 119.987561 8.712864 13.771311 0.000000 *
I3 −1.319408 0.127418 −10.354994 0.000000 *
I5 −0.234988 0.201792 −1.16451 0.24448

Intercept 125.743878 21.082354 5.964413 0.000000 *
I3 −1.253514 0.202367 −6.194253 0.000000 *
I4 −0.152464 0.431426 −0.353397 0.723876

* An asterisk next to a number indicates a statistically significant p-value (p < 0.01).

Table 5. Highest adjusted R-squared results, combination of 2 variables.

AdjR2 AICc VIF SA Model

0.1 9555.77 1.65 0 −I2 *** −I3 ***
0.09 9572.06 1 0 −I3 *** −I5 *
0.09 9573.29 2.53 0 −I3 *** −I4

AdjR2 Adjusted R-Squared, AICc Akaike’s Information Criterion, VIF Max Variance Inflation Factor, SA Global
Moran’s I p-value, Model Variable sign (±), Model Variable significance (* = 0.10; *** = 0.01).

Table 6. Intercepts and regression coefficients for the predictors, combination of 3 variables.

Model Coefficient StdError t-Statistic Probability

Intercept 94.266013 10.496148 8.981011 0.000000 *
I2 −0.017072 0.003955 −4.316541 0.000021 *
I3 −0.881094 0.162106 −5.435294 0.000000 *
I5 −0.300576 0.200696 −1.49767 0.134534

Intercept 80.279321 23.497544 3.416498 0.000674 *
I2 −0.017219 0.004057 −4.244222 0.000028 *
I3 −0.96605 0.211867 −4.559701 0.000008 *
I4 0.279277 0.439899 0.634867 0.525654

Intercept 128.772695 21.228973 6.065894 0.000000 *
I3 −1.248069 0.202376 −6.167067 0.000000 *
I4 −0.196468 0.432896 −0.453845 0.650048
I5 −0.242788 0.202598 −1.198371 0.231044

* An asterisk next to a number indicates a statistically significant p-value (p < 0.01).

Table 7. Highest adjusted R-squared results for the combination of 3 variables.

AdjR2 AICc VIF SA Model

0.11 9555.54 1.66 0 −I2 *** −I3 *** −I5 **
0.1 9557.38 2.82 0 −I2 *** −I3 *** −I4

0.09 9573.87 2.55 0 −I3 *** −I4 −I5 *

AdjR2 Adjusted R-Squared, AICc Akaike’s Information Criterion, VIF Max Variance Inflation Factor, SA Global
Moran’s I p-value, Model Variable sign (±), Model Variable significance (* = 0.10; ** = 0.05; *** = 0.01).

Table 8. Intercepts and regression coefficients for the predictors, combination of 4 variables.

Model Coefficient StdError t-Statistic Probability

Intercept 83.032352 23.560935 3.524153 0.000458 *
I2 −0.017561 0.004062 −4.323659 0.000021 *
I3 −0.95376 0.211922 −4.500523 0.000010 *
I4 0.234732 0.440727 0.532602 0.594431
I5 −0.293138 0.201249 −1.456593 0.145542

* An asterisk next to a number indicates a statistically significant p-value (p < 0.01).
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Table 9. Highest adjusted R-squared results, combination of 4 variables.

AdjR2 AICc VIF SA Model

0.11 9557.28 2.82 0 −I2 *** −I3 *** +I4 −I5 *

AdjR2 Adjusted R-Squared, AICc Akaike’s Information Criterion, VIF Max Variance Inflation Factor, SA Global
Moran’s I p-value, Model Variable sign (±), Model Variable significance (* = 0.10; *** = 0.01).

AdjR2 values are considered a measure of the performance of the model derived from
the regression equation [59]. In Tables 5, 7 and 9, it can be observed that the models can
explain only up to 11% of the variation in the dependent variable in each combination of
variables. Moreover, the SA values are equal to 0 in all cases, which means that they do
not contribute to the prediction or modeling of the dependent variable. The AICc values,
which can be used to compare the different models (meaning that the lowest value is an
indicator of the best model), are very high and similar to each other. It should be noted that
the VIF values, which measure the redundancy between the explanatory variables, are low
and the explanatory variables are obviously not redundant (Table 10).

Table 10. The summary of multicollinearity is shown.

Variable VIF

I2 1.75
I3 2.82
I4 2.69
I5 1.02

Table 11 shows that variables I2 and I3, which correspond to socioeconomic factors,
are significant but explain little of the dependent variable I1.

Table 11. Summary of Variable Significance.

Variable % Significant % Negative % Positive

I2 100 100 0
I3 100 100 0
I4 42.86 71.43 28.57
I5 42.86 100 0

3.2. Non-Spatial Analysis, Logit Model

There were 614 AIVAS identified with vegetation density less than 30% (I1-1) and
440 AIVAS greater than 30% (I1-0). Table 12 shows the results of the regression with the
logit model.

Table 12. Logistic regression models—explanatory variables associated with vegetation index.

Coefficients Estimate Std. Error Z Value Pr (>|z|)

(Intercept) −0.901 0.193 −4.654 3.25 ×10−6 ***
I2 0.053 0.000 3.848 0.00011 ***

I3-1 0.745 0.224 3.327 0.0008 ***
I3-2 1.003 0.246 4.077 4.56 × 10−5 ***
I4-1 −0.822 0.191 −4.300 1.70 × 10−5 ***
I4-2 0.279 0.208 1.339 0.180634
I5 0.053 0.024 2.195 0.028195 *

Variables marked with (*) indicate statistical significance and must meet the statistical criteria: * p < 0.1 or
*** p < 0.01 and z > |2|.



Geographies 2022, 2 411

The intercept is statistically significant, p-value < 0.05 and z > |2|, that is, if it explains
the model.

The categories of variable I3 (I3-1, I3-2), are statistically significant, with p-value < 0.05
and z > |2|, i.e., that the middle, middle-high, and high socioeconomic levels have a
greater probability of affecting the vegetation density of I1-1 (≤30%) than the middle low
and low socioeconomic levels. This is justified by the fact that the middle-low and low
levels have higher vegetation density.

Category “1” of variable I4 (I4-1) is statistically significant, p-value < 0.05 and z > |2|.
I4-1 has a greater probability of affecting the vegetation index of I1-1 (≤30%) compared to
I4-0. The category I4-2 is not statistically significant, p-value > 0.05 and z < |2|.

Figure 8 shows the accuracy of the model using the AUC of ROC, which in this case is
0.72, i.e., the prediction of the model is quite acceptable, being close to 1. Table 13 shows the
global measures of fit associated with the estimated Logit model of explanatory variables
related to vegetation density.
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Table 13. Show Global fit measures associated with the LOGIT model.

Global Fit Measures Logit Model

Omnibus tests 7.21 × 10−12

Pseudo R2 de McFadden 0.10
Accuracy of the model in the graph 0.72

Error percentage 0.31
Accuracy 0.68

Area under the ROC curve-cutoff point 0.50
Akaike information criterion 1298.17
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3.3. Analysis at Parish Level

Table 14 shows the results of the statistical analysis of the spatial autocorrelation of veg-
etation density at parish level (I1) under the following settings: conceptualization of spatial
relationship = inverse distance, distance method = Euclidean, and standardization = the
spatial weighs are standardized; each weight is divided by its row sum (the sum of the
weights of all neighboring features). Figure 9 shows that given the z-score of 0.228154883913,
the pattern does not appear to be significantly different than random, and Figure 10 shows
the density of vegetation in the HLCU at the parish Level.

Table 14. Global Moran’s I Summary, parish level (I1).

Moran’s Index 0.001174
Expected Index −0.031250

Variance 0.020196
z-score 0.228155
p-value 0.819526

Geographies 2022, 2, FOR PEER REVIEW  16 
 

 

 

Figure 9. Global Moran’s I Summary parish level (I1). Figure 9. Global Moran’s I Summary parish level (I1).



Geographies 2022, 2 413Geographies 2022, 2, FOR PEER REVIEW  17 
 

 

 

Figure 10. Density of vegetation in the HLCU at the parish Level. 1 Guamaní, 2 Turubamba, 3 La 

Ecuatoriana, 4 Quitumbe, 5 Chillogallo, 6 La Mena, 7 San Bartolo, 8 Solanda, 9 La Argelia, 10 La 

Ferroviaria, 11 Chilibulo, 12 La Magdalena, 13 Chimbacalle, 14 Puengasí, 15 La Libertad, 16 Centro 

Histórico, 17 San  Juan, 18 Belisario Quevedo, 19 Mariscal Sucre, 20  Iñaquito, 21 Rumipamba, 22 

Kennedy, 23 Concepción, 24 Cochapamba, 25 Cotocollao, 26 Ponceano, 27 Comité del Pueblo, 28 

San Isidro del Inca, 29 Carcelén, 30 Calderón, 31 El Condado, 32 Jipijapa, 33 Itchimbia. 

Tables 15 and 16  show  the only model  run at  the parish  level.  It  shows a higher 

AdjR2 value  than at AIVAS  level, but  it  is  still  low,  the model manages  to  reach 20%. 

Variable I4 (Figure 5c) turns out to be significant, although not very explanatory. 

Table 15. The highest adjusted R‐squared results. 

Figure 10. Density of vegetation in the HLCU at the parish Level. 1 Guamaní, 2 Turubamba,
3 La Ecuatoriana, 4 Quitumbe, 5 Chillogallo, 6 La Mena, 7 San Bartolo, 8 Solanda, 9 La Argelia,
10 La Ferroviaria, 11 Chilibulo, 12 La Magdalena, 13 Chimbacalle, 14 Puengasí, 15 La Libertad,
16 Centro Histórico, 17 San Juan, 18 Belisario Quevedo, 19 Mariscal Sucre, 20 Iñaquito, 21 Rumipamba,
22 Kennedy, 23 Concepción, 24 Cochapamba, 25 Cotocollao, 26 Ponceano, 27 Comité del Pueblo,
28 San Isidro del Inca, 29 Carcelén, 30 Calderón, 31 El Condado, 32 Jipijapa, 33 Itchimbia.

Tables 15 and 16 show the only model run at the parish level. It shows a higher AdjR2

value than at AIVAS level, but it is still low, the model manages to reach 20%. Variable I4
(Figure 5c) turns out to be significant, although not very explanatory.
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Table 15. The highest adjusted R-squared results.

AdjR2 AICc VIF SA Model

0.19 263.07 1 0.96 −I4 ***

AdjR2 Adjusted R-Squared, AICc Akaike’s Information Criterion, VIF Max Variance Inflation Factor, SA Global
Moran’s I p-value, Model Variable sign (±), Model Variable significance (*** = 0.01).

Table 16. Summary of Variable Significance.

Variable % Significant % Negative % Positive

I4 100 100 0

4. Discussion

Refs. [45,60] analyze tree inequality in Bogotá in relation to socioeconomic strata.
Ref. [61] similarly refers to socioeconomic characteristics as predictors of GI. This study
analyzes the distribution of natural and anthropogenic vegetation, including trees in the
HLUC of Quito, and its relationship with socioeconomic factors.

The accuracy of the analysis of this work is based on the AIVAS, which is a more
accurate territorial approximation than the urban parishes (much larger areas than the
AIVAS), and it is also analyzed at the parish level. Ref. [37] analyzes the distribution of
public GI based on the zonal planning units of the city of Bogotá, which are units with
similar land use and urban development, analogous to the AIVAS. These approximations
make it possible to better relate socioeconomic conditions to vegetation density and also
assess the resilience, sustainability, habitability, and ecosystem services of the AIVAS.

The importance of calculating NDVI within cities has become increasingly important
to create indicators for planning and design. Ref. [62] evaluates the greening and activities
that take place in the neighborhoods of Warrnambool, Australia, using the NDVI, Ref. [37]
estimates forest cover in urban areas at the level of the planning area of Bogotá (larger than
a neighborhood). Therefore, the calculation of the NDVI to quantify the green areas at the
level of AIVAS is practical in this work.

The modeling of urban vegetation is countless and serves different purposes, for exam-
ple, modeling thermal and energy regulation (urban microclimate) as shown in the work
of [63], evaluating the relationship between GI and SUDs [64] or studies on hydrological
modeling with the work of [65]. In this case, the relationship between socioeconomic
factors and urban vegetation density is evaluated by a spatial and non-spatial statistical
study combined with remote sensing (NDVI). However, it should be taken into account
that the calculation or approximation of socioeconomic factors is complex since it is not an
observable variable in itself [66]. and therefore, there is no specific formula to determine
the phenomenon, but methods that take into account variables that allow differentiation of
layers and grouping of areas with similar characteristics. This can be demonstrated in the
study of [37,42,45].

Refs. [6,67] comment on the negative socio-environmental impacts and consequences
of replacing green spaces with grey infrastructure. Ref. [68] also assesses vegetation
changes associated with urbanization processes. In addition to assessing vegetation density
in sectors where grey infrastructure is prevalent, this study proposes basic analyzes and
studies to characterize issues related to city surface temperature (heat islands), urban
drainage, green space restoration, and the creation of more GI in the HLUC.

5. Conclusions

Satellite resources that have the elements (sensors-bands) to calculate NDVI are an
indispensable tool for this type of study. Sentinel L2 imagery provides spatial resolution
up to 10 m., which means that up-to-date information is available to analyze vegetation
density in a space-time approach.

Because of the multiple social, environmental, and economic interactions among
residents in the HLUC of Quito, parish-level socioeconomic analyzes prove to be highly
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generalized, making it imprecise to establish a relationship between vegetation density and
socioeconomic conditions at this territorial scale. Therefore, urban vegetation analyses at
the AIVAS level are more appropriate in cases involving socioeconomic variables.

The AIVAS are a very useful tool for the city of Quito. The information they provide
allows the carrying out of accurate studies on territorial assessment and socioeconomic
conditions since they are constantly maintained and updated. This source of information
is the most important factor for the evaluation of vegetation density in the study area.
However, the results of the two levels of analysis (AIVAS level and parishes level) suggest
that socioeconomic factors contribute to understanding the density of urban vegetation,
but they are not decisive by themselves.

It can be concluded that unlike other cities in the region, such as Santiago de Chile and
Bogota, where several authors confirm that the sectors with low socioeconomic conditions
have a lack of public, ornamental, and private urban vegetation, while the sectors with
medium-high and high socioeconomic conditions enjoy and maintain a higher density of
vegetation, establishing a direct and general relationship in the city. In the HLUC of Quito,
the relationship is neither direct nor proportional. In fact, most AIVAS with vegetation
index above 30% are concentrated in the low and medium socioeconomic sectors, while in
the medium, medium-high, and high socioeconomic sectors, AIVAS have vegetation indices
below 30%. Therefore, it is indicated that complementary explanatory variables should be
included and that analyzes should be developed using nonlinear mathematical-statistical
approaches.

Application of the logistic model in areas with a vegetation index of less than 30%
revealed that factors related to green spaces and green infrastructure (I5) in combination
with socioeconomic factors (I2, I3, and I4) largely explain the vegetation index in these
areas. Moreover, it is confirmed that the medium, medium-high, and high socioeconomic
levels tend to affect areas with a low vegetation index (<30%).

Historically and geographically, the HLUC of Quito concentrates the richest areas
(high socioeconomic conditions) in the north center, which at the same time results in a
concentration of AIVAS with low vegetation indices, i.e., confirming the results of this
work. Therefore, more attention needs to be paid to these areas to preserve and promote
urban GI and green spaces to counteract the effects of high urban surface temperatures and
polluted air and to create natural urban drainage areas.

Finally, the city of Quito is vulnerable to natural risks, it has fewer and fewer green
areas in the HLUC, and there is no public policy with an ecosystem approach. Therefore,
the results of the analyses conducted in this paper contribute as research and fundamental
studies to the planning, design, and implementation of techniques and methods for sustain-
able urban drainage systems. In addition, this type of study supports the characterization
of urban vegetation density and SUDs to strengthen the resilience, sustainability, and
habitability of the city.
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