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Geospatial analysis of the climatic
and anthropogenic influence on
the occurrence of forest fires in
Ecuador
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Suri Ballesteros-Montesdeoca ® and Lia Seminario-Espinoza ®

Ingenieria Ambiental, Facultad de Ciencias Agrarias, Universidad Agraria del Ecuador, Guayaquil, Guayas,
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Wildfires represent an increasing environmental challenge in many regions of the
world due to the combined effects of climate variability and anthropogenic
pressures on natural ecosystems. Understanding the drivers of wildfire
occurrence is essential for improving prevention strategies and environmental
management. This study analyzes the spatial and temporal patterns of forest fires
in Ecuador between 2010 and 2025 using geospatial analysis and statistical
modeling approaches. Wildfire occurrence data were obtained from official
governmental records, while climatic and demographic variables were derived
from NASA's POWER Data platform and national census data. A province—month
panel dataset comprising 4,608 observations was constructed to evaluate wildfire
dynamics across the 24 provinces of Ecuador. Spatial analysis was conducted
using Geographic Information Systems, while statistical relationships were
examined through correlation analysis and generalized linear models, including
Poisson and Negative Binomial regressions. Additionally, wildfire severity was
evaluated using a multiple linear regression model, where burned area was
considered the dependent variable. The results reveal clear spatial, temporal,
and seasonal patterns of wildfire activity, with higher wildfire frequencies
concentrated in the Andean and coastal regions and during the dry season
months between July and October. Statistical analyses indicate that maximum
temperature alone does not appear to significantly explain wildfire occurrence
patterns, whereas population density shows a stronger positive association with
wildfire frequency. These findings suggest that anthropogenic pressure may play a
more important role than climatic variability in shaping wildfire dynamics in
Ecuador. Overall, the study provides a comprehensive spatio-temporal
characterization of wildfire activity and highlights the importance of integrating
socio-environmental factors into wildfire risk management and prevention
strategies.

KEYWORDS
climate, environmental impact, forest fires, geographicinformation systems,
natural resources

1 Introduction

Climate change represents one of the most critical environmental challenges facing the
world today. Although climatic variability has occurred throughout Earth’s history, recent
decades have been characterized by unprecedented changes in atmospheric composition
largely driven by anthropogenic emissions and land-use change (AghaKouchak et al., 2020).
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These changes intensify environmental processes such as the
hydrological cycle, temperature variability and ecosystem
functioning, increasing the frequency and severity of extreme
climatic events (Hobbie and Grimm, 2020). As a result, climate
change acts as a threat multiplier that exacerbates droughts, heat
waves and other disturbances affecting terrestrial ecosystems
(Barrios Barocio et al., 2024).

In this study, the term forest fires is used following the
terminology adopted in official national reports and wildfire
monitoring systems in Ecuador. Although wildfire events may
also occur in other vegetation types such as grasslands or
shrublands, the available national datasets classify these events
under the category of forest fires.

Among these disturbances, wildfires have emerged as one of
the most destructive hazards affecting natural systems
worldwide (Kala, 2023). Their rapid propagation, capacity to
transform vegetation structure and ability to release large
quantities of greenhouse gases make them a key component
of global environmental change (Bowman et al., 2017). In recent
decades, the occurrence of high-intensity fires has increased
significantly in several regions of the world, driven by rising
temperatures, prolonged droughts and declining vegetation
moisture that transform large forest areas into highly
flammable fuels (Jolly et al., 2015; Di Virgilio et al., 2019; Hu
et al., 2023). These climatic conditions not only facilitate
ignition but also accelerate fire spread, increasing the
magnitude and severity of wildfire events (Eckdahl et al., 2023).

Wildfires generate severe ecological and socio-economic
impacts. They affect biodiversity, alter soil properties, disrupt
ecosystem services and pose risks to nearby human communities
due to their rapid expansion and the complexity of fire suppression
(Chéavez et al,, 2022). In addition, fire disturbances release large
quantities of carbon dioxide, methane and black carbon into the
atmosphere, reinforcing feedback processes that intensify climate
change (Van der Werf et al., 2017). Understanding the drivers that
control wildfire occurrence has therefore become a central topic in
environmental and climate research (Singh et al., 2025).

Although climatic conditions play a key role in determining
wildfire behavior, numerous studies have shown that human
activities frequently represent the primary ignition sources of
wildfire worldwide (Bowman et al, 2011). Anthropogenic
ignitions can originate from agricultural burning, land clearing,
tourism activities, infrastructure development and accidental or
intentional fires (Balch et al., 2017; Bowman et al., 2017) These
processes collectively generate what is known as anthropogenic
pressure, defined as the cumulative impact of human activities on
natural ecosystems that increases the likelihood of environmental
disturbances such as forest fires (Grizzetti et al., 2017).

Anthropogenic pressure results from multiple anthropogenic
activities that modify landscape dynamics and introduce ignition
sources into natural environments. These activities include
agricultural burning, expansion of livestock areas, land-use
change, tourism activities and infrastructure development
(Bowman et al,, 2011). While anthropogenic activities represent
the specific human actions that may trigger fires, anthropogenic
pressure refers to the broader environmental impact generated by
the accumulation of these activities within a territory (Bowman

et al., 2017).
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Population density is commonly used as an indicator of
anthropogenic pressure because it reflects the intensity of human
activities and the spatial concentration of potential ignition sources
(Syphard et al, 2007). Increasing human presence in natural
landscapes has been shown to significantly influence fire regimes
by increasing the probability of fire ignition and altering land-
use patterns.

Evidence from Ecuador illustrates how demographic growth and
urban consumption patterns contribute to increasing human
pressure on environmental systems. Studies conducted in major
Ecuadorian cities such as Guayaquil, Quito and Cuenca have shown
that population growth and urban dynamics are associated with
increased environmental impacts related to resource consumption
and waste generation (Mufoz Vera and Facuy Delgado, 2026).
These dynamics reflect broader processes through which
population concentration can intensify anthropogenic pressure
on ecosystems.

Across South America, climatic and socio-environmental factors
have contributed to a growing number of wildfire events during
recent decades. Rising temperatures, heat waves and prolonged
droughts have increased the number of days with fire-favorable
weather conditions throughout the region (Jolly et al, 2015;
Gajendiran et al., 2024). Particularly vulnerable areas include the
southern Amazon, the Gran Chaco and the Pantanal, where
prolonged dry seasons and land-use change have intensified
wildfire risk (Vidal Riveros et al., 2024).

In Ecuador, wildfire occurrence has intensified in recent years
due to the combined influence of climatic variability and human-
induced pressures on the landscape (Portalanza et al., 2024). The dry
season represents a critical period because low vegetation moisture
and high temperatures create favorable conditions for fire ignition
and propagation (Villacis Guaman et al.,, 2022). Satellite analyses
based on the geospatial platform Google Earth Engine indicate that
Ecuador lost approximately 3.5 thousand hectares to wildfires in
2021, 3.6 thousand hectares in 2022, 3.4 thousand hectares in
2023 and 5.6 thousand hectares in 2024, demonstrating both the
recurrence and increasing magnitude of these events (Gorelick
et al., 2017).

Despite these observations, an important limitation of available
wildfire datasets in Ecuador is the absence of detailed information
regarding ignition causes. Consequently, it is not possible to directly
determine whether individual wildfire events are triggered by
specific anthropogenic activities (Montilla Pacheco et al., 2024).
For this reason, the concept of anthropogenic pressure is used in this
study as a proxy indicator to represent the cumulative influence of
human activities on wildfire occurrence (Cisneros et al., 2024).

Although climatic variables such as temperature and drought
conditions are commonly associated with wildfire behavior, several
studies indicate that wildfire occurrence is frequently more strongly
related to anthropogenic ignition sources than to climatic variability
alone. Human activities such as agricultural burning, land clearing,
infrastructure expansion, and recreational activities introduce
ignition sources that significantly increase the probability of fire
occurrence across landscapes (Bowman et al.,, 2017; Williams et al.,
2019). In many regions, the spatial distribution of wildfires has been
shown to correlate with indicators of human presence such as
population density and accessibility rather than purely climatic
conditions (Syphard et al, 2007). Under these circumstances,
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climatic indicators such as annual maximum temperature may not
fully explain the spatial variability of wildfire events, particularly in
landscapes where human activities strongly influence fire regimes.

Therefore, this spatial
distribution and temporal variability of forest fires in Ecuador
between 2010 and 2025 using official records from the National
Secretariat of Risk Management and satellite-derived observations.
Additionally, through
indicators such as population density to explore its potential

study analyzes the occurrence,

anthropogenic pressure is evaluated
influence on wildfire occurrence.

This study hypothesizes that maximum temperature does not
significantly influence wildfire occurrence in Ecuador, whereas
anthropogenic pressure, represented by population density,
contributes more strongly to the spatial distribution and
frequency of forest fires.

In addition to describing wildfire patterns, this study contributes
to the understanding of wildfire dynamics in tropical environments
by integrating geospatial analysis with statistical modeling in a
province-month panel framework. This approach allows the
simultaneous evaluation of spatial heterogeneity and temporal
variability in wildfire occurrence, providing new insights into the
relative influence of climatic conditions and anthropogenic pressure
on wildfire regimes in Ecuador.

2 Materials and methods
2.1 Study design and study area

This study adopted an observational, longitudinal, and
ecological research design, which is appropriate for examining
spatio-temporal variations in environmental phenomena at the
population level. Ecological approaches are widely used in
environmental and climate research because they allow the
analysis of relationships between environmental drivers and
collective  outcomes units time
(Rothman, 2012).

The study area comprised the 24 provinces of Ecuador, located

acCross over

geographical

in the northwestern region of South America. Ecuador is
characterized by significant environmental heterogeneity resulting
from its complex topography, strong altitudinal gradients, and the
presence of four major geographical regions: the Coastal region, the
Andean highlands, the Amazon basin, and the Insular region. These
environmental conditions generate diverse climatic regimes and
vegetation structures that influence wildfire occurrence and
propagation across the national territory.

Although the analysis considered all provinces at the national
level, special attention was paid to provinces historically recognized
for their high incidence of forest fires and the contrasting ecological
and demographic conditions they represent. This approach is
consistent with the methodological criteria used in comparative
studies of wildfire dynamics in heterogeneous landscapes (Liang
et al., 2021).

To provide spatial context for the analysis, a cartographic
representation of Ecuador and its provincial administrative
divisions was developed using Geographic Information Systems
(GIS). This map provides the geographical framework used to
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evaluate wildfire dynamics across the country during the study
period (Figure 1).

2.2 Data source

Wildfire
governmental records provided by the National Secretariat of

occurrence data were obtained from official
Risk Management of Ecuador. These datasets compile wildfire

reports observations and satellite

monitoring

derived from ground
systems,
methodologies for burned-area detection and wildfire monitoring
(Giglio et al., 2018).

Climatic data were obtained from NASA’s POWER Data
platform, which provides validated long-term climatic datasets
widely used in environmental and climate research. From this

following internationally  recognized

database, monthly maximum temperature values were extracted
for each Ecuadorian province.

Demographic information was obtained from official national
statistics published by the Instituto Nacional de Estadistica y Censos
(INEC). Population density, expressed as inhabitants per square
kilometer, was used as an indicator of human presence and
anthropogenic pressure on ecosystems.

Wildfire severity was evaluated through the total burned area
recorded annually in each province, expressed in hectares,
representing the extent of vegetation affected by wildfire events.

2.3 Data structure and preprocessing

The dataset was organized as a province-month panel structure
to evaluate spatial heterogeneity and temporal dynamics of wildfire
occurrence across Ecuador. Panel data frameworks are widely used
in environmental research because they allow the simultaneous
assessment of variations across spatial units and over time
(Shumway and Stoffer, 2017). The wildfire database covered the
period from January 2010 to December 2025, encompassing the
24 provinces of Ecuador. Considering the 192 months included in
the study period, the
4,608 observations (24 provinces x 192 months). Descriptive

balanced panel dataset comprised
analyses included the estimation of annual wildfire totals,
cumulative provincial trends, and the construction of time series
to characterize the temporal evolution and variability of wildfire
occurrence across the country.

Spatial representations were developed using Geographic
Information Systems to visualize the spatial variability of wildfire
occurrence and burned areas across provinces. These maps were
generated following the technical guidelines of QGIS (QGIS
Development Team, 2023).

2.4 Variables of study

The analysis considered one dependent variable and three

explanatory variables derived from environmental and
demographic datasets. The dependent variable was wildfire
occurrence, defined as the number of wildfire events recorded in
each province during a given period. This variable represents count
data and is therefore suitable for modeling wildfire frequency using

statistical approaches designed for discrete event counts.
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FIGURE 1

10.3389/fenvs.2026.1764395

Geographical context and administrative division of Ecuador. Note. The map presents the national territory of Ecuador divided into its main
geographic regions and provinces, providing the spatial framework used for the analysis of wildfire occurrence during the study period.

The explanatory variables included burned area, maximum
temperature, and population density. Burned area represents the
total burned surface recorded for wildfire events in each province
and was used as an indicator of wildfire impact and ecosystem
disturbance. Maximum temperature corresponds to the monthly
maximum temperature recorded for each province and represents
climatic conditions commonly associated with wildfire risk due to
increased vegetation dryness and fuel flammability.

Population density was incorporated as a province-level
structural variable representing anthropogenic pressure and
remained constant across the monthly observations within each
province. This variable was used as a proxy indicator because it
reflects the spatial concentration of human activities, infrastructure
development, and land-use transformation processes that may
increase wildfire ignition probability. Previous research has
demonstrated that wildfire occurrence frequently correlates with
indicators of human accessibility and population presence rather
than purely climatic conditions (Syphard et al, 2007; Bowman
et al.,, 2017).

2.5 Spatial analysis
Spatial analysis was conducted using Geographic Information

Systems to examine the geographic distribution of wildfire events
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and their relationship with environmental and demographic
variables. Thematic maps were produced to visualize wildfire
incidence across provinces, population density patterns, burned
area distribution, and spatial relationships between wildfire
occurrence and anthropogenic pressure.

Additionally, bivariate spatial maps were developed to explore
the spatial association between wildfire occurrence and population
density as well as wildfire occurrence and climatic conditions. These
spatial representations facilitated the identification of wildfire
hotspots and provinces where human pressure may contribute to
increased wildfire activity.

All cartographic products were generated using QGIS software
following its official technical guidelines (QGIS Development
Team, 2023).

2.6 Spatio-temporal analytical framework

To comprehensively evaluate wildfire dynamics in Ecuador, the
study implemented an integrated spatio-temporal analytical

framework combining spatial analysis, temporal trend

exploration, and statistical modeling. This approach enabled the
simultaneous examination of wildfire patterns across geographic
time  while environmental and

space and evaluating

anthropogenic drivers.
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The
geographic distribution of wildfire events across Ecuadorian

spatial component focused on identifying the
provinces through thematic maps and spatial visualizations.
These maps allowed the identification of provinces with
higher wildfire incidence and facilitated comparisons with
demographic and climatic conditions.

The temporal component examined the evolution and seasonal
variability of wildfire occurrence throughout the study period from
2010 to 2025. Monthly and annual aggregations of wildfire records
were used to construct time series and graphical visualizations
illustrating wildfire trends over time. These analyses included the
estimation of annual wildfire totals, seasonal distribution of wildfire
events, and heatmaps representing monthly wildfire occurrence
across years.

The integration of spatial and temporal analyses provided a
comprehensive perspective of wildfire dynamics and facilitated the
identification of persistent wildfire hotspots and seasonal fire

regimes across Ecuador.
2.7 Descriptive and exploratory analysis

Descriptive statistical analyses were conducted to characterize
wildfire occurrence across Ecuador during the study period. These
analyses included the estimation of annual wildfire totals,
wildfire
distribution of wildfire events.

cumulative incidence by province, and seasonal

Graphical exploration was also performed to visualize
wildfire patterns and relationships among variables. The
included correlation matrices

visualizations summarizing

relationships among wildfire burned

maximum temperature, and population density; scatter plots

occurrence, area,

exploring relationships between wildfire frequency and
explanatory variables; seasonal boxplots illustrating monthly
variability of wildfire events; and heatmaps representing
temporal patterns of wildfire occurrence across months
and years.

These exploratory analyses allowed the identification of
preliminary patterns and potential associations among the

environmental and anthropogenic variables considered in the study.

2.8 Statistical analysis

To evaluate the influence of climatic and anthropogenic
variables on wildfire occurrence, regression models designed for
count data were applied. Because wildfire occurrence represents the
number of discrete events recorded in each province, generalized
linear models were considered appropriate for the analysis (Quinlan
et al., 2021).

Because wildfire data,

generalized linear models with a log-link function were

occurrence represents count
considered appropriate for modeling event frequency. Poisson
regression is commonly used for modeling discrete events;
exhibit
overdispersion, where the variance exceeds the mean. Under

however, environmental event datasets often
such conditions, Negative Binomial regression provides a more
flexible alternative by incorporating an additional dispersion

parameter that improves model fit.
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2.9 Equations

2.9.1 Poisson/Negative Binomial model

log(}t,-]-) = B, + B, Temp,; + B,PopDensit y,

where

o i: denotes the province

o j: denotes the month

o Ajj: represents the expected number of wildfire events in
province i during the month j

e Temp;j: represents maximum temperature

o PopDensity;: represents population density

o fB,: corresponds to the model intercept

B, B,: are regression coefficients

An overdispersion test was conducted by comparing the mean
and variance of the wildfire count variable. When the variance
exceeded the mean, indicating overdispersion, a Negative Binomial
model was estimated as a more flexible alternative.

In addition to wildfire occurrence modeling, wildfire severity
was evaluated through a multiple linear regression model in which
burned area was modeled as a function of wildfire frequency,
maximum temperature, and population density.

2.9.2 Regression for burned area

Burned Area,; = a + f3, fires,; + B,temp,; + 3, popdensity, + &,

where

o i: denotes the province

o j: denotes the month

o Burned Area,j: represents the burned area recorded in
province i during month j

o fires,j: represents the number of wildfire events recorded in
province i during month j

o temp,;: represents the maximum temperature recorded in
province i during month j

popdensit y,: represents the population density in province i
* ¢&;: represents the random error term

The province-month panel structure of the dataset allowed the
simultaneous evaluation of spatial heterogeneity across provinces
and temporal variability in wildfire occurrence. Model significance
was evaluated using p-values with a significance threshold of 0.05,
and model performance was examined through standard goodness-
of-fit diagnostics and dispersion tests for count data models.

2.10 Computational tools
Statistical analyses and graphical visualizations were conducted

using Python within the Google Colab computational environment.
Data preprocessing and descriptive analyses were performed using
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FIGURE 2

10.3389/fenvs.2026.1764395

Spatial patterns of population distribution at the beginning of the study period Note. The figure illustrates the distribution of population density across
Ecuadorian provinces around 2010. Higher demographic concentrations are observed in the Coastal and Andean regions, whereas provinces in the
Amazon basin present considerably lower population densities. Source: Instituto Nacional de Estadistica y Censos (INEC, 2010).

the pandas and numpy libraries. Graphical visualizations were
generated using matplotlib and seaborn, while regression models
were estimated using the statsmodels library. Pearson correlation
coefficients were calculated using functions from the scipy
statistical package.

Spatial analysis and cartographic production were conducted
using QGIS software, which enabled the generation of thematic
maps representing wildfire distribution and spatial relationships
among environmental and demographic variables. All figures
included in the manuscript were exported in high-resolution
PNG format suitable for scientific publication.

3 Results

3.1 Spatial distribution of wildfire
occurrence

Wildfire activity in Ecuador exhibited clear spatial
heterogeneity during the study period (2010-2025). The
spatial distribution of wildfire events across provinces
reveals that wildfire occurrence is not uniformly distributed

across the country but instead concentrated in specific regions

Frontiers in Environmental Science

with higher levels of human

transformation.

activity and landscape

3.1.1 Population density patterns

Population density provides an important spatial indicator of
anthropogenic pressure across Ecuador. The spatial distribution of
population density across provinces shows considerable territorial
contrasts between the Coastal, Andean, and Amazon regions.

In 2010, the highest population densities were concentrated in
provinces located in the Coastal and Andean regions, particularly in
Guayas, Pichincha, and Tungurahua, where the main urban centers
of the country are located (Figure 2). In contrast, provinces located
in the Amazon region exhibited considerably lower population
densities, reflecting lower levels of urban development and
human activity.

By 2025, population density increased in several provinces,
particularly within coastal and Andean areas. These changes
reflect ongoing processes of urban expansion, economic
development, and internal migration toward economically active
regions of the country (Figure 3). These demographic patterns
illustrate the spatial distribution of anthropogenic pressure

across Ecuador.
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FIGURE 3

10.3389/fenvs.2026.1764395

Population density distribution across Ecuadorian provinces (2025). Note. This map shows the updated distribution of population density by province
for 2025, reflecting demographic growth and spatial expansion of urban areas during the study period. Source: Instituto Nacional de Estadistica y Censos

(INEC, 2025).

3.1.2 Spatial distribution of wildfire activity

The spatial distribution of wildfire events reveals clear
geographic clustering across Ecuador. The cumulative wildfire
map shows that several provinces located in the Andean and
coastal regions recorded the highest number of wildfire events
during the study period (Figure 4). These provinces represent the
main wildfire hotspots within the national territory.

Similarly, the spatial distribution of burned areas reveals
Regions
experiencing higher wildfire frequencies generally accumulate larger

pronounced territorial contrasts across provinces.
burned areas, reflecting the cumulative ecological impacts of repeated

fire events on vegetation cover and landscape structure (Figure 5).
3.1.3 Bivariate spatial relationships

To further explore spatial relationships between wildfire occurrence
and potential drivers, bivariate spatial maps were developed.

The spatial comparison between wildfire incidence and population
density suggests that provinces with higher population density tend to
exhibit higher wildfire activity (Figure 6). This spatial overlap indicates
that anthropogenic pressure may play an important role in wildfire
occurrence across Ecuador.

Frontiers in Environmental Science

In contrast, the spatial relationship between wildfire occurrence
and maximum temperature appears less pronounced. The bivariate
map shows weaker spatial correspondence between temperature
patterns and wildfire incidence across provinces (Figure 7).

3.2 Temporal dynamics of wildfire
occurrence

The temporal analysis revealed notable variations in wildfire
activity throughout the study period. Wildfire occurrence across
Ecuador exhibited fluctuations over time, with certain periods
showing higher wildfire incidence across multiple provinces.

The temporal evolution of wildfire events across provinces
highlights changes in wildfire intensity between different time
intervals between 2010 and 2025 (Figure 8). These variations
indicate that wildfire dynamics are influenced by a combination
of climatic variability, land-use practices, and anthropogenic factors.

The spatio-temporal heatmap further illustrates the variability of
wildfire occurrence across provinces and years (Figure 9). This
visualization reveals both persistent wildfire hotspots and
temporal peaks in wildfire activity across different regions of
Ecuador, suggesting that wildfire risk varies both spatially and
temporally.
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FIGURE 4

10.3389/fenvs.2026.1764395

Provincial patterns of wildfire occurrence across Ecuador Note. The figure displays the spatial distribution of accumulated wildfire events recorded in
Ecuadorian provinces between 2010 and 2025. Higher wildfire incidence is mainly concentrated in provinces located in the Andean and Coastal regions.

3.3 Seasonal variability of wildfire activity

Wildfire occurrence exhibited a pronounced seasonal pattern
across Ecuador. The seasonal distribution analysis revealed that
wildfire events were concentrated during specific months of the year
rather than being evenly distributed throughout the annual cycle.

The boxplot analysis shows that wildfire frequency increases
significantly during the middle of the year, particularly between July
and October (Figure 10). These months correspond to the dry season in
several regions of Ecuador, when reduced precipitation and lower
vegetation moisture create favorable conditions for wildfire ignition
and spread.

The monthly heatmap analysis further reinforces this seasonal
pattern by illustrating the clustering of wildfire events during specific
months across multiple years (Figure 11). These results indicate the
presence of recurrent wildfire seasons driven by seasonal climatic
conditions.

3.4 Correlation analysis of wildfire drivers
The correlation matrix summarizes the statistical relationships

among wildfire occurrence, burned area, maximum temperature,
and population density (Figure 12).

Frontiers in Environmental Science

The results indicate a positive association between wildfire

occurrence and burned area, suggesting that provinces
experiencing a greater number of wildfire events tend to exhibit
larger burned areas. A positive correlation was also observed
between wildfire occurrence and population density, indicating
that provinces with higher human population density may
experience increased wildfire activity.

In contrast, the relationship between wildfire occurrence and
maximum temperature appeared weak, suggesting that temperature

alone does not strongly explain wildfire variability across Ecuador.

3.5 Relationships between wildfire
occurrence and explanatory variables

Scatterplot analyses were conducted to further explore the
relationships between wildfire occurrence and the explanatory
variables considered in this study.

The relationship between maximum temperature and wildfire
occurrence shows a weak association, which is consistent with the
low correlation observed between both variables (Figure 13). The
regression trend line indicates a minimal relationship between these
variables, suggesting that temperature alone may not strongly
influence wildfire frequency.
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FIGURE 5

10.3389/fenvs.2026.1764395

Provincial distribution of cumulative burned area in Ecuador Note. Similarly, the spatial distribution of burned areas reveals pronounced territorial
contrasts across provinces. Regions experiencing higher wildfire frequencies tend to accumulate larger burned areas, reflecting the cumulative ecological
impacts of repeated fire events on vegetation cover and landscape structure.

In contrast, the relationship between population density and
wildfire occurrence reveals a clearer positive trend (Figure 14).
Provinces with higher population density tend to exhibit higher
wildfire frequencies, suggesting that anthropogenic pressure may
increase the likelihood of wildfire ignition.

3.6 Relationship between wildfire frequency
and burned areas

The relationship between wildfire frequency and burned areas
was analyzed to evaluate wildfire severity across provinces.

The scatterplot analysis shows a positive association between the
number of wildfire events and the burned area recorded across
provinces (Figure 15). Provinces experiencing a greater number of
wildfire events tend to exhibit larger burned areas, although
variability that  additional
environmental factors may also influence wildfire severity.

across observations indicates

3.7 Statistical modeling of wildfire
occurrence

To further evaluate the influence of climatic and anthropogenic
variables on wildfire occurrence, generalized linear models for count
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data were estimated using Poisson and Negative Binomial
These
relationship between wildfire frequency and the explanatory

regressions. models allow the examination of the
variables while accounting for the discrete nature of wildfire events.

The regression results indicate that maximum temperature does
not exhibit a statistically significant association with wildfire
The

coefficient for temperature was small and not statistically

occurrence across Ecuadorian  provinces. estimated
different from zero at the conventional significance level (p >
0.05), suggesting that temperature alone does not strongly
explain variations in wildfire frequency within the study area.

In contrast, population density showed a positive and
statistically significant relationship with wildfire occurrence.
Provinces with higher population density tended to exhibit a
greater number of wildfire events, indicating that anthropogenic
pressure may contribute to increased wildfire ignition probability.

These results suggest that human presence and land-use
pressures play a more prominent role than temperature
variability in shaping wildfire occurrence patterns in Ecuador.

Overall, the statistical models reinforce the patterns observed in
the spatial and exploratory analyses, supporting the hypothesis that
anthropogenic factors contribute more strongly to wildfire

occurrence than climatic temperature variability.
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FIGURE 6

10.3389/fenvs.2026.1764395

Combined spatial patterns of wildfire incidence and demographic pressure. Note. The bivariate map illustrates the spatial relationship between
wildfire occurrence and population density across Ecuadorian provinces, highlighting areas where anthropogenic pressure may influence wildfire activity.

4 Discussion

Wildfire dynamics in Ecuador must be interpreted within the
broader environmental and socio-ecological context of South
America, where fire regimes are shaped by complex interactions
between climatic variability, vegetation characteristics, land-use
changes, and anthropogenic activities (Bansal, 2025). Previous
studies have shown that wildfire occurrence in tropical and
subtropical ecosystems rarely responds to a single driver but
instead emerges from the combined influence of environmental
conditions and human activities acting across landscapes (Bowman
etal,, 2017; Andela et al,, 2017). The results of this study support this
perspective by demonstrating that wildfire activity in Ecuador
presents clear spatial, and seasonal
with  both

anthropogenic pressure.

temporal, variability

associated environmental  conditions and

4.1 Spatial patterns of wildfire activity

The spatial analysis revealed that wildfire occurrence is not
evenly distributed across Ecuador but instead exhibits strong
geographic clustering. Provinces located in the Andean and
coastal regions recorded the highest wildfire frequencies during
the study period. These areas also accumulated larger burned areas,
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indicating that wildfire activity is concentrated in specific territories
that function as persistent wildfire hotspots. Similar spatial patterns
have been reported in other mountainous regions of South America
where environmental heterogeneity, vegetation structure, and
human land-use practices interact to shape wildfire susceptibility
(Arias et al., 2024; Vaca et al., 2024).

The analysis of cumulative burned areas further highlights
significant territorial contrasts across provinces. The province of
Loja, for example, presented the largest accumulated burned area
during the study period, suggesting that repeated wildfire events
may generate substantial ecological disturbance in these landscapes
(Fabidn and Balcazar, 2021). Recurrent fires can progressively alter
vegetation composition, soil properties, and ecosystem functioning,
potentially increasing landscape vulnerability to future fire events
(Cochrane, 2003; Flannigan et al., 2009).

Interestingly, although certain provinces accumulated the
largest burned areas across the entire study period, individual
observations revealed extreme wildfire events in other provinces.
This indicates that wildfire frequency and wildfire severity may
follow different spatial patterns (Arias Mufioz et al., 2024). Similar
findings have been documented in wildfire studies where a limited
number of extreme events produce disproportionate ecological
impacts compared with more frequent but smaller fires (Bolan
et al., 2025).
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FIGURE 7
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Association between temperature conditions and wildfire events. Note. The bivariate map illustrates the spatial relationship between wildfire
occurrence and maximum temperature across Ecuadorian provinces, highlighting areas where maximum temperature may influence wildfire activity.

4.2 Temporal and seasonal
wildfire dynamics

The temporal analysis revealed notable fluctuations in wildfire
activity across years, indicating that wildfire occurrence in Ecuador
varies considerably over time. These variations may reflect the
influence of climatic anomalies, vegetation dryness, and land-use
practices that affect ignition probability and fire spread. Previous
studies across South America have also documented strong
interannual variability in wildfire activity associated with drought
events and climatic oscillations (Jolly et al, 2015; Aragdo
et al., 2018).

Seasonal patterns further the of

environmental conditions on wildfire dynamics. The seasonal

reinforce influence
analysis indicated that wildfire events are concentrated primarily
between July and October, which corresponds to the dry season in
several regions of Ecuador (Fabidn and Balcazar, 2021). During this
period, reduced precipitation and declining vegetation moisture
increase fuel flammability and create favorable conditions for
wildfire ignition and propagation (Betancourt Carmen, 2021).
Seasonal wildfire peaks associated with dry periods have been
widely documented in tropical and subtropical ecosystems where
rainfall seasonality plays a key role in regulating fire regimes
(Flannigan et al.,, 2009; Sandoval-Diaz et al., 2025).
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4.3 Influence of climatic and
anthropogenic factors

The statistical analyses provide additional insights into the
environmental and anthropogenic drivers that may influence
in Ecuador. The results indicate that
maximum temperature shows only a weak statistical relationship

wildfire occurrence

with wildfire frequency across provinces. This suggests that
temperature alone may not sufficiently explain the spatial
variability —of  wildfire the
(Pazmino, 2019).

These findings are consistent with studies suggesting that

occurrence  within country

aggregated temperature indicators may not adequately capture
the environmental processes that regulate wildfire ignition and
propagation. Instead, variables such as fuel moisture, drought
intensity, and short-term atmospheric dryness often provide
stronger explanations for wildfire activity (Abbass et al., 2022;
Zubieta et al., 2021).

In contrast, the results show a clearer positive association
between wildfire occurrence and population density. Provinces
with higher population density tended to exhibit higher wildfire
frequencies, suggesting that anthropogenic pressure may play an
important role in shaping wildfire patterns in Ecuador (Kelley et al.,
2025). Population density can act as a proxy indicator of human
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FIGURE 8
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Changes in wildfire activity across three temporal periods. Note. The maps illustrate variations in wildfire occurrence during three-time intervals
(2010-2014, 2015-2019, and 2020-2025), allowing the identification of provinces with persistent fire activity.

presence and accessibility, factors that significantly influence
ignition probability through agricultural burning, land clearing,
infrastructure development, and recreational activities (Williams
et al.,, 2019).

These findings suggest that wildfire regimes in Ecuador may be
strongly influenced by human accessibility and land-use pressures
rather than purely climatic conditions. Similar patterns have been
documented in Mediterranean and subtropical ecosystems where
anthropogenic ignition sources dominate wildfire regimes and play a
critical role in shaping fire occurrence patterns (Balch et al., 2017;
Williams et al., 2019).

Similar relationships between wildfire occurrence and human
presence have been documented in several regions worldwide.
Studies conducted in North America and Europe have shown
that wildfire ignition probability frequently increases in areas
with greater accessibility and human activity (Syphard et al,
2007; Grizzetti et al., 2017). In this context, the findings of this
study support the hypothesis that anthropogenic pressure
contributes more strongly to wildfire occurrence patterns in
Ecuador than temperature variability alone.

4.4 Implications for wildfire management
Understanding the drivers of wildfire occurrence is essential for

improving wildfire prevention and risk management strategies. The
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results of this study suggest that wildfire risk in Ecuador is
influenced not only by climatic variability but also by human
activities that introduce ignition sources into natural landscapes.

Consequently, wildfire management strategies should integrate
both environmental monitoring and policies aimed at reducing
anthropogenic ignition sources. Strengthening land-use planning,
regulating agricultural burning practices, promoting environmental
education, and improving early detection systems may contribute
significantly to reducing wildfire risk in regions where human
pressure is high.

4.5 Study limitations

Several limitations should be considered when interpreting the
scope of this study.

First, the analysis was constrained by the availability of
environmental data at the provincial level. Important climatic
variables such as precipitation patterns, drought indicators, and
soil moisture conditions were not included due to the absence of
consistent datasets covering the entire study period.

Second, information related to land-use dynamics,
vegetation structure, and fuel availability was not available in
the compiled database. These variables may play a crucial role in
determining wildfire behavior and should be incorporated in

future analyses.
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FIGURE 9

10.3389/fenvs.2026.1764395

Spatio-temporal heatmap of wildfire occurrence across provinces and years Note. The heatmap represents wildfire occurrence across Ecuadorian
provinces and years during the study period. Warmer colors indicate higher wildfire frequency for a given province and year.

Third, the temporal availability of certain datasets was limited by
the lack of updated information in some official records, which may
affect the representation of recent wildfire dynamics.

Future research should integrate higher-resolution climatic
indices, and land-use data to better

indicators, drought

understand the complex drivers of wildfire occurrence in Ecuador.

5 Conclusion

This
assessment of wildfire occurrence in Ecuador between 2010 and

study provides a comprehensive spatio-temporal
2025 using geospatial analysis and statistical modeling approaches.
The results reveal significant spatial heterogeneity in wildfire activity
across Ecuadorian provinces, with higher wildfire frequencies
concentrated primarily in the Andean and coastal regions.
Seasonal analysis indicates that wildfire events are strongly
concentrated during the dry season months, particularly between
July and October, when environmental conditions favor fire ignition
and propagation. Spatial analysis also revealed significant territorial

differences in burned area distribution, with certain provinces such
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as Loja accumulating the largest burned areas during the
study period.

The statistical analysis suggests that maximum temperature
alone does not significantly explain wildfire occurrence patterns
across Ecuadorian provinces. In contrast, population density
showed a clearer association with wildfire frequency, indicating
that anthropogenic pressure may play a more important role in
wildfire dynamics than climatic variability alone.

Overall, the results partially support the proposed hypothesis.
While maximum temperature does not appear to be a significant
predictor of wildfire anthropogenic  pressure
represented by population density contributes more strongly to

occurrence,

the spatial distribution and frequency of wildfire events.

These findings highlight the importance of integrating climatic,
environmental, and socio-economic factors when analyzing wildfire
dynamics and designing wildfire prevention strategies. Future
research should incorporate additional environmental variables
such as precipitation patterns, drought indices, vegetation
structure, and land-use change to improve the understanding of
wildfire drivers in Ecuador and support more effective wildfire risk

management policies.
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FIGURE 10
Seasonal distribution of wildfire occurrence Note. The boxplot shows the distribution of wildfire events throughout the year, highlighting a seasonal
pattern with increased fire frequency during the dry season months.

FIGURE 11
Monthly wildfire occurrence heatmap Note. The heatmap shows the monthly distribution of wildfire events across years. Darker colors represent

higher wildfire occurrence for a given month and year.
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FIGURE 12
Correlation matrix of wildfire variables Note. The correlation matrix presents the Pearson correlation coefficients between wildfire occurrence,
burned area, maximum temperature, and population density. The color scale indicates the strength and direction of the relationships between variables.

FIGURE 13
Relationship between maximum temperature and wildfire occurrence Note. The scatter plot illustrates the relationship between maximum

temperature and wildfire occurrence across observations. The regression line represents the overall trend between both variables.

Frontiers in Environmental Science 15 frontiersin.org


https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2026.1764395

Facuy Delgado et al. 10.3389/fenvs.2026.1764395

FIGURE 14
Relationship between population density and wildfire occurrence Note. The scatter plot shows the relationship between population density and
wildfire occurrence across provinces. The regression line illustrates the general trend between both variables.

FIGURE 15
Relationship between wildfire frequency and burned areas Note. The scatter plot illustrates the relationship between wildfire frequency and burned
areas across provinces. The dashed regression line indicates the overall trend between the number of wildfire events and the extent of burned areas.
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The integration of geospatial analysis with statistical modeling
provides a valuable framework for identifying wildfire risk patterns
in regions where ignition sources are strongly associated with
human activities. This analytical approach may support more
effective wildfire monitoring and prevention strategies in tropical
and subtropical ecosystems.
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