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Abstract. Wildfires and their associated impacts have increased significantly over the past two decades, heightening the risk to human 

life and causing substantial damage to forest ecosystems in the Amazon and Andean regions. To mitigate these impacts, the assessment 

of both seasonal and intra-seasonal wildfire hazard is of critical importance. The availability of satellite data, together with the 15 
implementation of regional wildfire early warning systems based on hazard indices, represents a key component in reducing wildfire 

risk. This study aims to develop a new short-term wildfire hazard model based on both observational and satellite-derived datasets, 

including data from the Moderate Resolution Imaging Spectroradiometer (MODIS) and the Global Precipitation Measurement (GPM). 

The proposed Wildfire Hazard Index (WHI) is derived from Dry-Day Frequency (DDF), the Normalized Difference Vegetation Index 

(NDVI), cultivated area (CA), and forest fuel (FF). A wildfire hazard classification scheme (extreme, very high, high, moderate, and 20 
low) is introduced to generate hazard maps. The results indicate that DDF, NDVI, CA, and FF are key variables for analyzing the spatial 

and temporal variability of wildfire hazard. Lower WHI values correspond to lower wildfire hazard, and vice versa. The findings suggest 

that the model adequately represents seasonal wildfire hazard, demonstrating consistency among WHI values, wildfire occurrence, and 

MODIS-derived hotspots. Overall, this study shows that the proposed method can support hazard classification and contribute to the 

implementation of regional wildfire early warning systems based on precipitation forecasts in the Amazon and Andean regions. 25 
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1 INTRODUCTION 

 30 
In recent decades, wildfire regimes have undergone significant changes worldwide (Keeley and Syphard, 2021; Li et al., 2026; Schmidt 

and Eloy, 2020). On average, between 1995 and 2015, approximately 1.46 million hectares of tropical rainforest were lost annually 

(Hirschberger, 2016). In 2019, the highest wildfire occurrence in tropical regions of South America over the past 20 years was recorded 

(Silva et al., 2021). Wildfires and deforestation represent the principal threats to the Amazon in tropical regions (dos Reis et al., 2021). 

For instance, 10,897 km² of forest were cleared, and cumulative forest loss in the Brazilian Amazon reached 820,000 km² by 2020 35 
(INPE, 2021). Wildfires in forested areas of South America can be regarded as environmental disasters, often triggered by anthropogenic 

activities (Alvarez et al., 2025; Pivello et al., 2021; Taboada-Hermoza and Martínez, 2025). A wildfire is defined as an unplanned and 

uncontrolled fire that occurs in natural areas, often unexpectedly, and may develop into a destructive event, causing damage to natural 
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resources and ecosystems while posing a threat to human life. Wildfire hazard has been extensively studied since 1925, incorporating 

various static and dynamic factors, both cumulative and non-cumulative (Bradshaw et al., 1984; Burgan, 1988; Van Wagner, 1987). 40 
These studies have led to the development of numerous wildfire indices at different spatial scales (Chen et al., 2023; Laneve et al., 

2020; Soto et al., 2015; Xofis et al., 2020). However, the reliability of these hazard indices varies considerably in space and time, and 

only a subset has been shown to be effective through validation against actual wildfire occurrences. 

Wildfire hazard is influenced by the moisture content of combustible materials, meteorological conditions, and topography (Rothermel, 

1972; Van Wagner, 1987). Climate variability has contributed to an increase in the frequency of extreme climatic events in Andean and 45 
Amazonian ecosystems of South America, highlighting their vulnerability to climate change (Acevedo Ortiz et al., 2026; dos Reis et 

al., 2021; Zubieta et al., 2019), particularly in terms of impacts on flora and fauna due to wildfires (Mosquera-Guerra et al., 2024). A 

primary driver is the use of fire in agricultural and livestock practices, where burns often spread uncontrollably, leading to severe 

impacts (Alvarez et al., 2025; Taboada-Hermoza and Martínez, 2025). Monitoring of fire activity and wildfire hazard is therefore 

essential for preventive management and constitutes a critical component of early warning systems (Zubieta et al., 2023a; Mestre and 50 
Manta, 2014). 

The Andean and Amazonian regions of South America exhibit exceptionally high forest diversity (Fearnside, 2017). Alterations to 

these ecosystems underscore the urgent need to preserve their integrity at large spatial scales to maintain local tree diversity (Fadrique 

et al., 2026). However, the increasing frequency of wildfires over the past two decades poses a significant threat to the conservation of 

tree species in both the Andes and the Amazon (Pivello et al., 2021; Zubieta et al., 2021a). This increase has been linked to factors such 55 
as droughts and extreme wind events in these regions (Ccanchi, 2021; Toledo et al., 2024; Zubieta et al., 2023b), which contribute to 

moisture loss and heightened exposure of vegetative fuels. Notable examples include severe droughts in 2005 (Marengo et al., 2008), 

2010 (Espinoza et al., 2012; Marengo and Espinoza, 2016), 2016 (Jimenez et al., 2021), and the 2019–2022 dry period associated with 

El Niño (Geirinhas et al., 2023) in the Andean and Amazonian regions. Tropical regions of South America have consistently 

experienced severe wildfire crises due to burning activities coinciding with prolonged drought conditions linked to climate variability 60 
(Acevedo Ortiz et al., 2026; Pivello et al., 2021; Sulca et al., 2021; Zubieta et al., 2021b, 2023b). To prevent burns from escalating into 

wildfires, continuous monitoring of climatic conditions that influence wildfire spread is a crucial measure (Carta et al., 2023). 

To characterize wildfire hazard, an initial approximation has been developed using the Fire Weather Index at large spatial scales 

(Chandler et al., 1983; Van Wagner, 1987). Ensuring the safety of local populations and firefighters requires continuous monitoring of 

the spatial and temporal distribution of vegetation conditions and the effects of drought (Artés et al., 2022). In this context, technical 65 
parameters derived from dry conditions are particularly useful for characterizing wildfire hazard. These include cumulative drought 

conditions (Zubieta et al., 2021b), forest fuel load (Fernandes, 2009), fuel treatment effectiveness (Hood et al., 2022), topographic 

factors such as elevation (Bountzouklis et al., 2023; Qadir et al., 2021), and temporal and spatial patterns of fire occurrence (Schmidt 

and Eloy, 2020). 

 70 
Applications of wildfire hazard indices in South America have been reported in Brazil (Alcarde Alvares et al., 2014; Nunes et al., 2006; 

Silva et al., 2020), Argentina (Marcuzzi et al., 2022; Waidelich et al., 2019), Ecuador (Pazmiño, 2019), and Colombia (Camargo 

Caicedo et al., 2025). Additionally, advances in wildfire hazard assessment using artificial intelligence have been proposed for the 

Chilean region in southwestern South America (Gajardo et al., 2025). However, their applicability to the Andean–Amazonian regions 

of Peru has not yet been rigorously evaluated in the scientific literature. This study aims to propose a simplified model to assess wildfire 75 
hazard potential under the influence of climatic and vegetation-related factors in the Andean and Amazonian regions of Peru.  
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2 Study area. 

The Andes Mountains and the Amazon region of Peru extend along the western margin of South America (Fig. 1). Peru comprises 80 
distinct geographical zones, including arid coastal regions in the west, three mountain systems of the Andean Cordillera (Western, 

Eastern, and Sub-Andean Cordilleras) across the central belt (Fig. 1), and predominantly tropical forests extending over the eastern part 

of the country (Pulgar Vidal, 2014). Figure 1 illustrates an approximation of Peru’s three principal geographical regions—coastal (1, 2, 

and 3), Andean (4, 5, and 6), and Amazonian (7, 8, and 9)—used in this study to analyze wildfire hazard (Cubas, 2021). The Andes 

represent one of the most important biodiversity hotspots in the world (Bax and Francesconi, 2019; Myers et al., 2000), and the 85 
Amazonian and Andean ecosystems of Peru are recognized as conservation priorities because of their exceptional biodiversity, 

including a high diversity of plant and vertebrate species (Asner et al., 2017). 

 
Figure  1:  Study area and areas of analysis proposed.  

 90 
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Annual precipitation patterns vary markedly across the country. The highest precipitation (exceeding 1000 mm/year) occurs 

predominantly in the tropical forests of eastern Peru, whereas the Andean region experiences lower values, ranging from 350 to 1300 

mm/year (Espinoza Villar et al., 2009). Under climate change scenarios, an increase in extreme precipitation events is expected to 

coincide with more frequent and intense meteorological droughts, characterized by reduced precipitation and increased 

evapotranspiration in the Peruvian Andes (Potter et al., 2023; Zubieta et al., 2021a). Extreme drought events, such as those recorded in 95 
2005, 2010, 2016, 2020, and 2022, have been strongly associated with more frequent wildfire occurrence in Peru, with increases ranging 

from 400% to 700% compared to historical averages (Zubieta et al., 2019, 2023b). 

For comparative purposes, this study defines the Andean region as reference areas located above 1500 meters above sea level (masl) 

(Zubieta et al., 2021b), while the Amazon region is considered to comprise lowlands up to 1500 masl on the eastern slopes of the Andes 

(Fig. 1). Official wildfire records from the Peruvian government, supported by data from the Civil Defense Institute, indicate that 80–100 
90% of wildfire occurrences are concentrated in the Andean region, particularly between 1500 and 4000 masl (Zubieta et al., 2021b). 

Andean grasslands constitute the ecosystem at greatest risk of wildfire in high-altitude regions (Ccanchi, 2021; Zubieta et al., 2021b), 

where the accumulation of highly flammable vegetation could significantly increase wildfire hazard, especially during the dry season 

(June–August) and the onset of the wet season (September–December). The agricultural sector, in which the use of fire is common, 

employs the largest proportion of the Peruvian workforce (27.5%) (UP, 2022). Despite its economic importance, however, the hazards 105 
associated with fire use in agriculture and livestock production have received relatively limited scientific attention (Alvarez et al., 2025; 

Taboada-Hermoza and Martínez, 2025). A recent study highlights that wildfires—officially recognized as emergencies by governmental 

authorities—in the Andean region of Cusco (southern Peru) are primarily located near rivers and roads (Zubieta et al., 2023a). 

The availability of climate datasets in Peru, including observational data (Aybar et al., 2020), satellite-based precipitation products 

(Huffman et al., 2023), and vegetation spectral indices derived from satellite observations (Ccanchi, 2021; Zubieta et al., 2021b), 110 
provides a valuable opportunity to analyze wildfire hazard and develop new prevention methodologies (Ambadan et al., 2020; Laneve 

et al., 2020; Talukdar et al., 2024). Given Peru’s extensive biodiversity and diverse natural regions, the implementation of such 

methodologies should consider the specific environmental conditions of the Pacific slope, the eastern Andean region, and the Amazon 

basin 

 115 
3 Data and Methodology 

 

3.1 Datasets  

 

Historical data on wildfire locations were compiled from the Ministry of the Environment of Peru (MINAM, 2025), constructed form 120 
emergency reports prepared by the National Institute of Civil Defense. MODIS surface reflectance data (MOD09A1 product) were 

obtained at a spatial resolution of 500 m and a temporal resolution of 8 days. To minimize atmospheric interference and ensure the 

reliability of the spectral signal, the MODIS quality band (StateQA) was applied, providing a robust basis for deriving vegetation 

parameters (Vermote et al., 2002). Daily precipitation data were obtained from the GPM-IMERG Late Run product at a spatial 

resolution of 0.1° (~10 km) (Huffman et al., 2023). Additionally, thermal anomalies (hotspots) were retrieved from the NASA FIRMS 125 
(MODIS MCD14DL product)  at 1 km resolution (Giglio et al., 2018). 
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To differentiate between vegetation cover and agricultural areas, the National Vegetation Cover Map (MINAM, 2019) and the National 

Agricultural Area Map (MIDAGRI, 2024) were used, respectively. Areas under cultivation, where the use of fire is common, were 

characterized using data from the National Survey of Planting Intentions (NSPI) for the period 2020–2025 (MIDAGRI, 2025a). This 

survey provides monthly statistics on temporary crops (hectares planned for cultivation) at the district level. Finally, for comparison, 130 
monthly wildfire hazard maps for Peru, developed by MINAM (2025) based on the Index of Favorable Conditions for Fires in 

Vegetation (CFOI), were also collected for the period 2021–2025. 

 

3.2 Methodology 

To account for Peru’s diverse climatic regions (Cubas, 2021), the study was structured using a regional sectorization adapted from the 135 
SENAMHI climate classification, dividing the country into nine homogeneous regions across the Coast, Highlands, and Rainforest 

(Fig. 1). To standardize spatial resolution, climatic, satellite, and cartographic variables were integrated into a 0.1° (~10 km) grid, 

allowing interoperability among datasets from different sources. 

To analyze fire activity from MODIS and reduce the uncertainty of this satellite product (Ccanchi and Zubieta 2024), thermal anomalies 

(hotspots) were preprocessed to remove false positives associated with glaciers, volcanoes, and identified urban areas. Anthropogenic, 140 
climatic, and vegetation-related factors influencing wildfire hazard were then selected as input variables for the hazard model. A 

schematic representation of the modeling framework is presented in Figure 2. 

3.2.1    Input variables to wildfire hazard modeling  

To analyze the dynamic nature of wildfire hazard, indicators capturing the temporal and seasonal variability of drought conditions and 

vegetation status were employed. These factors, derived from remote sensing data, enable continuous updating of hazard levels based 145 
on moisture conditions and vegetation response (Ccanchi, 2021; Zubieta et al., 2021b, 2023b). The dry season plays a cumulative role 

in reducing vegetation moisture (Zubieta et al., 2021b). This water stress indicator is assessed through the accumulation of Dry-Day 

Frequency (DDF) over the previous 30 days (Espinoza et al., 2016; Saavedra and Zubieta, 2024). For this purpose, precipitation data 

from the GPM-IMERG Late Run product were used (Huffman et al., 2023). A “dry day” is operationally defined as a day with 

accumulated precipitation below 1 mm (Espinoza et al., 2016), a criterion also applied in studies conducted in the Peruvian Andes 150 
(Zubieta et al., 2021b; Ccanchi, 2021). 

To standardize the response of this parameter within the model, the DDF was normalized using the historical 75th (P₇₅) and 99th (P₉₉) 

percentiles of the 2002–2024 time series. P₇₅ was used as the threshold for the onset of significant drought conditions, separating 

standard climate variability from periods where dry day accumulation exceeds normal levels. This percentile-based criterion follows 

the statistical rationale used in extreme climate analysis, where the 75th percentile is applied to isolate significant departures from 155 
normal atmospheric conditions (Lenderink and van Meijgaard, 2010), while P₉₉ was used as the upper bound for extreme drought 

conditions, following statistical criteria widely applied to identify high-intensity, low-probability climate events (Galeano et al., 2017). 

 

This approach enables the definition of a hazard scaling (last 30 days) function ranging from 0 to 3 for each pixel derived from GPM-

IMERG data, as described below: 160 
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𝑃!"#$%&' = #

0 if 	𝐷𝐷𝐹',) ≤ 𝑃*+
3 × ,,-!,#./$%

/&&./$%
if  𝑃*+ < 𝐷𝐷𝐹',) < 𝑃00						

3 if 	𝐷𝐷𝐹',) ≥ 𝑃00		
𝑡 = 1 ∶ 46	; 	i = 	1: 30	              (1) 

 

Where 𝑃!"#$%&'  represents the climatic parameter in the model, DDF denotes the cumulative number of dry days at time t, calculated 

for each day i over the preceding 30-day period.  “t” refers to the annual MODIS availability; “i” refers to the last 30 days. 

The effects of drought conditions, or reduced precipitation, on vegetation were assessed based on vegetation dynamics. Vegetation 165 
status was characterized using the Normalized Difference Vegetation Index (NDVI) (Rouse et al., 1974), derived from the MOD09A1 

MODIS product. This vegetation-related component enables the identification of water stress and reductions in biomass vigor, which 

are key factors influencing the flammability of live fuels during periods without rainfall (Zubieta et al., 2021b). 

To ensure comparability within the model, NDVI was normalized on a scale from 0 to 3 using the historical time series for the period 

2002–2024. The normalization procedure compares current vegetation vigor with the historical maximum average value (𝑁𝐷𝑉𝐼234) 170 
observed in April (the period of peak vegetative vigor) and a critical wilting threshold, defined as the 1st percentile (P₁) of the historical 

NDVI distribution. P₁ was selected to represent the lower bound of historically observed extreme low vegetation conditions, where only 

1% of the historical record falls below this level, consistent with the use of low-order percentiles to characterize extreme states in 

vegetation time series (Forkel et al., 2013) as described below: 

𝑉𝑒𝑔!"5 = #
0 if    𝑁𝐷𝑉𝐼' ≥ 𝑁𝐷𝑉𝐼234
3 × 6,78'().6,78!

6,78'()./*
if   𝑃9 < 𝑁𝐷𝑉𝐼' < 𝑁𝐷𝑉𝐼234			𝑡 = 1 ∶ 46	

3 if    𝑁𝐷𝑉𝐼' ≤ 𝑃9

                (2) 175 

Where 𝑉𝑒𝑔	!"5  represents the vegetation-related parameter of the model, and NDVI (average of the last 4 images), t denotes the 

spectral index at time t.   

To account for the role of human activity associated with fire use in the agricultural and livestock sectors (ignition agent) (𝐴𝑔𝑟:)";	$<;), 

this component was incorporated as a monthly dynamic variable. This variable is directly linked to the planting calendar, which typically 

involves the use of fire for land clearing and preparation prior to sowing (Alvarez et al., 2025). For its estimation, the planned area of 180 
temporary crops for the 2020–2025 seasons at the district level was used (MIDAGRI, 2025b). The planting data series was normalized 

to a scale from 0 to 3 using the 33.3% and 66.6% terciles of the historical distribution for each district. To restrict the analysis to 

agricultural areas, a vegetation cover map (MIDAGRI, 2024) was overlaid, resulting in twelve maps that characterize fire hazard zones 

associated with agricultural activity (fire use). Finally, to represent the fuel component (𝑀:$;=), defined as the combustible vegetation 

material, the spatial distribution of vegetation cover was derived from the National Vegetation Cover Map (CENEPRED, 2020) (Fig. 185 
2). Vegetation classes (MINAM, 2019) were reclassified into four hazard levels according to their flammability (CENEPRED, 2020): 

level 0 for non-combustible areas (e.g., deserts, water bodies, and urban areas), level 1 for tree cover, level 2 for shrub cover, and level 

3 for grasslands and pastures. 
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      Figure  2:  Simplified flowchart of the proposed Wildfire Hazard Index algorithm. 190 

 

3.2.2   Wildfire Hazard Index (WHI)  

Integration of climatic factors (𝑃!"#$%&'), vegetation condition (𝑉𝑒𝑔	!"5) anthropogenic influences (𝐴𝑔𝑟:)";	$<;), and fuel load (𝑀:$;=) 

was performed using a Weighted Linear Combination (WLC) approach (Fig. 2).  Unlike data-driven models that require extensive 

training datasets, this knowledge-driven approach ensures physical interpretability and remains robust in regions with limited historical 195 
records. The relative importance of each factor was determined through a meta-analysis that primarily considered (a) findings from 

previous wildfire research (Alvarez et al., 2025; Ccanchi, 2021; Espinoza et al., 2016; Zubieta et al., 2021b, 2023b), and (b) the authors’ 

expertise regarding Peru’s environmental conditions and biodiversity. 

For the assignment of weights in the WLC framework, a pairwise comparison approach based on the Analytic Hierarchy Process (AHP) 

was applied (Saaty, 1977). This method is widely recognized for multi-criteria evaluation (MCE) in Geographic Information System 200 
(GIS) environments, as it enables the integration of variables with different characteristics through the hierarchical assignment of 
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relative importance. The AHP approach has been successfully applied in various wildfire-related studies (Adaktylou et al., 2020; 

Eugenio et al., 2016). The general mathematical formulation of the model is defined as follows: 

 

𝑊𝐻𝐼 = @𝑤3 ⋅ 𝑃,"#$%&'C + @𝑤> ⋅ 𝑉𝑒𝑔,"5C + @𝑤? ⋅ 𝐴𝑔𝑟:)";	$<;C + @𝑤! ⋅ 𝑀:$;=C                 (3) 205 

 
Where the coefficients 𝑤@ represent the relative weights assigned to each factor. To account for the geographic heterogeneity across 

the nine regions, a sensitivity analysis was performed using differential weighting scenarios grouped into five categories according to 

the dominant factor: (1) balanced weights, (2) climate dominance, (3) phenological dominance, (4) anthropogenic dominance, and (5) 

fuel dominance. Within each group, the weight of the dominant factor varied progressively between 0.40 and 0.70, while the remaining 210 
weights were distributed complementarily ensuring that their sum equaled 1. The model was implemented at an 8-day temporal 

resolution, consistent with the MODIS data, while non-combustible surfaces (e.g., sparse vegetation, water bodies, deserts, and urban 

areas) were excluded from the WHI modeling (Fig. 2). The resulting WHI values range continuously from 0 to 3 and are classified into 

six hazard levels to facilitate operational interpretation (Table 1). 

 215 
 

Table 1:  Classification of Wildfire Hazard index (WHI). 

        
WHI Interval  Hazard Class Level Description 

0 Very low  0 Sparse or no vegetation. 

>0 & <=0.6 Low 1 
Predominantly humid forest ecosystems, characterized by the 
absence of agricultural activity and a very limited number of dry 
days. 

>0.6 & <=1.2  Moderate 2 

Shrubland and/or forest ecosystems of moderate humidity, 
with a probable presence of agricultural activity, where the 
accumulated number of dry days has not exceeded typical 
levels. 

>1.2 & <=1.8 High 3 
Herbaceous, shrubland, and/or forest ecosystems, with a 
very high likelihood of agricultural activity, where the 
accumulated number of dry days has led to a reduction in 
vegetation moisture. 

>1.8 & <=2.4  Very High 4 

Predominantly herbaceous ecosystems (in addition to 
shrubland and/or forest ecosystems), with a very high 
likelihood of agricultural activity, where the accumulated 
number of dry days exceeds typical levels, resulting in limited 
vegetation moisture. 

>2.4 & <=3  Extreme 5 

Predominantly herbaceous ecosystems, as well as shrubland 
and/or forest ecosystems, with a very high likelihood of 
agricultural activity, where the accumulated number of dry days 
is far above typical levels, leading to a severe reduction in 
vegetation moisture. 

    
 

 

 220 
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4 Results 

 

In 2019, Brazil recorded the highest wildfire occurrence recorded in tropical regions of South America in the past two decades (Silva 

et al., 2021). In Peru, a marked increase in wildfire occurrence was documented in the Andean regions in 2016 (PCM, 2016; Zubieta et 

al., 2021b) and 2020 (Zubieta et al., 2023b). More recently, in 2024, a large number of wildfires overwhelmed the national government’s 225 
response capacity (PCM, 2024a). To analyze wildfire hazard, a classification system was developed to estimate hazard levels in the 

Amazonian and Andean regions. Six wildfire hazard categories were defined: very low, low, moderate, high, very high, and extreme 

(Table 1).  

 

 230 
Figure  3: Success Rate Curves (SRC) for WHI and CFOI (MINAM, 2025) models, showing the Area Under the Curve (AUC). 

Hazard levels are referred to as: 1 (low), 2 (moderate), 3 (high), 4 (very high), 5 (extreme) for nine regions of Peru:  a) North 

Coast (1), b) Central Coast (2), c) South Coast (3), d) Northern Andes (4), e) Central Andes (5), f) Southern Andes (6), g) 

Northern Amazon (7), h) Central Amazon (8), i) Southern Amazon (9). The location of the regions can be seen in Fig. 1. 

 235 
Based on the best available data, to evaluate the model’s temporal detection capability across hazard levels (on an 8-day timescale), 

wildfire events (defined as wildfire emergencies in Peru) were overlaid with the spatial distribution of hazard levels derived from the 
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model for the period May–December, 2019–2024 (Fig. 3). Figure 3 presents Success Rate Curves (SRC) illustrating the performance 

of the wildfire hazard model, using the Area Under the Curve (AUC). The AUC was estimated by comparing the cumulative percentage 

frequency of reported wildfire emergencies with the cumulative percentage frequency of the modeled surface area, calculated from the 240 
total number of pixels in the wildfire hazard index maps (generated every 8 days) during the study period. Hazard levels were grouped 

as follows: 1 (low), 2 (moderate), 3 (high), 4 (very high), and 5 (extreme), for the nine regions of Peru described in Figure 1. 

The equidistribution line (dashed black line in Fig. 3) represents a scenario in which wildfire occurrences are uniformly distributed 

across space (hazard classes) and time (months). Results from the Index of Favorable Conditions for Fires in Vegetation (CFOI) 

provided by MINAM (2025) tend to be more evenly distributed in terms of wildfire occurrence (%) across hazard classes (%) compared 245 
to the WHI model proposed in this study (Fig. 3). SRC curves that closely follow the equidistribution line indicate limited model 

performance, as they fail to adequately capture the influence of key climatic, vegetation, and anthropogenic factors on wildfire hazard. 

This limitation is observed in the CFOI results for several Andean (Fig. 3d–f) and Amazonian regions of Peru (Fig. 3h). The central 

and southern coasts do not necessarily reflect optimal performance (Fig. 3a-c). The results of the proposed model exhibit a more 

heterogeneous detection pattern across both space and time (Fig. 3a–i). For example, approximately 20% of wildfire events recorded 250 
between 2019 and 2024 correspond to about 5–10% of the Andean region affected by extreme wildfire hazard (level 5) during drought 

periods (Fig. 3d–f). This pattern is consistent with years characterized by high wildfire frequency, such as 2020 (Zubieta et al., 2023b), 

and with 2024, when a state of emergency was declared because of the severity and frequency of wildfires (PCM, 2024b). 

In the Andean region, the model primarily identifies level 5 (extreme hazard) as representative of seasonal periods with the highest 

wildfire occurrence, particularly during events that exceeded the response capacity of government agencies in 2024. In contrast, results 255 
for the Amazon region indicate that severe seasonal wildfire conditions are better captured by hazard levels 4 (very high) and 5 

(extreme), as these categories encompass a larger proportion of wildfire events (Fig. 3g–i). For example, between 10% and 60% of 

wildfire events during 2019–2024 correspond to approximately 5–10% of the Amazonian region affected by high to extreme wildfire 

hazard (levels 4 and 5) during peak fire seasons (Fig. 3g–i). 

To further examine the relationship between wildfire occurrence and modeled hazard, correlation coefficients were calculated between 260 
the number of wildfire events and the corresponding area associated with each hazard level (expressed as percentages) (Table 2). For 

comparison, the number of MODIS-derived hotspots was also analyzed relative to the modeled hazard area, and correlation coefficients 

were similarly computed for each hazard level (Table 2). The results indicate that correlations are generally not significant for hazard 

levels 1 (low), 2 (moderate), and 3 (high) across coastal, highland, and rainforest regions. However, the detection of extreme hazard 

(level 5) in the Andean and Amazonian regions shows greater consistency, with statistically significant correlations at the 90% and 265 
95% confidence levels (Table 2). 

 

 

 

 270 
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Table 2:   Correlation between percentage of reported events (using wildfires and hotspots) and percentage of surface area modeled for 

hazard level 1 (Low) , 2 (Moderate) , 3 (High), 4 (Very high) , 5 (Extreme)  and 4+5 (Very high and Extreme)  zones. 

Region 
Correlation coefficients - wildfires 

r (level 1) r (level 2) r (level 3) r (level 4) r (level 5) r (level 4+5) 

North Coast - - - - - - 

Central Coast - - - - - - 

South Coast - - - 
 

- - 

Northern Andes - 0.53 - 0.65 0.55 0.75 

Central Andes - 0.39 0.54 0.20 0.91 0.82 

Southern Andes 0.45 - - 0.54 0.90 0.79 

Northern Amazon 0.13 - - 0.71 - 0.78 

Central Amazon 0.30 0.26 0.24 0.49 - 0.65 

Southern Amazon - 0.56 - - - - 

Region 
Correlation coefficients - hotspots 

r (level 1) r (level 2) r (level 3) r (level 4) r (level 5) r (level 4+5) 

North Coast - - - 0.27 - - 

Central Coast - - - - - - 

South Coast - - - 0.23 - - 

Northern Andes 0.12 0.36 - 0.49 0.95 0.86 

Central Andes 
 

0.23 - 0.66 0.96 0.82 

Southern Andes 0.52 - 0.46 0.41 0.94 0.70 

Northern Amazon 
 

0.41 0.55 0.86 - - 

Central Amazon - 0.19 - 0.73 - 0.80 

Southern Amazon - - 0.33 0.72 - 0.84 

 

A notably high occurrence of wildfires was observed in 2020, 2022, and 2024, particularly in Andean and Amazonian regions (Fig. 4d–

f). In contrast, model outputs for the coastal region do not exhibit a clear temporal pattern (Fig. 4a–c), suggesting limited performance 275 
in areas with sparse vegetation. This limitation may be associated with the extremely low precipitation conditions characteristic of the 

western slope of the Andes (Aybar et al., 2020). Compared to the coastal regions, where model performance is weaker (Fig. 4a–c), the 

proportion of wildfires reported within level 5 (extreme hazard) areas in the Andean region is consistent with the proportion of surface 

area classified as level 5 across six regions of Peru during 2019–2024 (Fig. 4d–f). Indeed, a strong and statistically significant correlation 

exists between the percentage of wildfire occurrence and the percentage of area classified as extreme hazard in the central (r ≈ 0.91; p 280 
< 0.01) and southern Andes (r ≈ 0.90; p < 0.01) (Table 2). These findings suggest that the model effectively captures periods of highest 

wildfire occurrence in Andean regions when extreme hazard levels are analyzed (Fig. 4d–f). 
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Figure 4:  Number of wildfires reported as emergency (gray bars). Percentage of wildfires reported and identified in modeled 285 
zones as level 5 (Extreme hazard level, blue line). Percentage of surface area (obtained from number of pixels) categorized as 

level 5 (red line) for nine regions of Peru:  a) North Coast (1), b) Central Coast (2), c) South coast (3), d) Northern Andes (4), e) 

Central Andes (5), f) Southern Andes (6), g) Northern Amazon (7), h) Central Amazon (8), i) Southern Amazon (9).  The location 

of the regions can be seen in Fig. 1. 

It is important to note that the exclusive use of extreme hazard (level 5) presents limitations in representing wildfire occurrence in 290 
Amazonian regions, as no clear relationship is observed between the two variables (Fig. 4g–i). To improve wildfire representation, 

hazard levels 4 (very high) and 5 (extreme) were jointly analyzed and proposed for Amazonian regions (Fig. 5a–i). The percentage of 

reported wildfires occurring within areas classified as levels 4 and 5 is consistent with the proportion of surface area categorized within 

these hazard levels, particularly in the central and northern Amazon (Fig. 5h–i) (r ≈ 0.78; p < 0.05) (Table 2). These results suggest that 

the proposed model can effectively represent and distinguish seasonal wildfire patterns in Amazonian regions when very high and 295 
extreme hazard levels are considered (Fig. 5h–i). Nevertheless, stronger model performance is observed in the Andean regions (r ≈ 

0.78; p < 0.05) (Table 2). 
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Figure 5:  Number of wildfires reported as emergency (gray bars). Percentage of wildfires reported and identified in modeled 

zones as level 4 and 5 (Extreme hazard level, blue line). Percentage of surface area (obtained from number of pixels) categorized 300 
as level 4 and 5 (red line) for nine regions of Peru:  a) North Coast (1), b) Central Coast (2), c) South coast (3), d) Northern 

Andes (4), e) Central Andes (5), f) Southern Andes (6), g) Northern Amazon (7), h) Central Amazon (8), i) Southern Amazon 

(9).  The location of the regions can be seen in Fig. 1. 

 

To further evaluate the model’s ability to detect high-probability wildfire activity, MODIS-derived hotspots were incorporated into the 305 
analysis (Figs. 6 and 7). The results indicate that the proposed wildfire hazard model adequately captures the seasonal variability of 

hotspots between 2016 and 2024 when extreme hazard (level 5) is considered in Andean regions (Fig. 6d–f). A strong and statistically 

significant correlation is observed between the percentage of wildfire occurrence and the percentage of area classified as extreme hazard 

in the central Andean region (r ≈ 0.96; p < 0.05) (Table 2). However, no clear temporal pattern is evident in Amazonian regions when 

only level 5 is considered (Fig. 6g–i). 310 
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Figure 6:  Number of hotspots (gray bars). Percentage of hotspots identified in modeled zones as level 5 (Extreme hazard level, 

blue line). Percentage of surface area (obtained from number of pixels) categorized as level 5 (red line) for nine regions of Peru:  

a) North Coast (1), b) Central Coast (2), c) South Coast (3), d) Northern Andes (4), e) Central Andes (5), f) Southern Andes (6), 315 
g) Northern Amazon (7), h) Central Amazon (8), i) Southern Amazon (9). The location of the regions can be seen in Fig. 1. 
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Figure 7:  Number of hotspots (gray bars). Percentage of hotspots identified in modeled zones as level 4 and 5 (Extreme hazard 

level, blue line). Percentage of surface area (obtained from number of pixels) categorized as level 4 and 5 (red line) for nine 320 
regions of Peru:  a) North Coast (1), b) Central Coast (2), c) South Coast (3), d) Northern Andes (4), e) Central Andes (5), f) 

Southern Andes (6), g) Northern Amazon (7), h) Central Amazon (8), i) Southern Amazon (9).  The location of the regions can 

be seen in Fig. 1. 

To enhance the analysis in these regions, the percentage of MODIS hotspots occurring within areas classified as very high and extreme 

hazard (levels 4 and 5) was also evaluated (Fig. 7). The results suggest that in Amazonian regions, the combined use of hazard levels 4 325 
and 5 is more appropriate for identifying periods of increased wildfire risk (Fig. 7g–i), although detection remains less robust than in 

the Andes. Improved consistency between wildfire occurrence and model outputs is observed when both hazard levels are considered, 

particularly in the central (r ≈ 0.80; p < 0.01) and southern Amazon regions of Peru (r ≈ 0.84; p < 0.01) (Table 2). For preventive 

purposes, this study proposes a set of optimized parameters (𝑤@) for monitoring wildfire hazard in the Andean and Amazonian regions 

(Table 3). 330 
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 335 

Table 3: Optimized parameters (wₙ), Area Under the Curve (AUC), and correlation coefficients between the percentage of modeled 

area (levels 5 and 4+5) and the percentage of wildfires and hotspots for the periods 2019–2024 and 2002–2024, respectively. 

Region 
Wa Wb Wc Wd AUC       Wildfire Hotspots  

        (5) (4+5) (5) (4+5) 

North Coast 0.10 0.10 0.60 0.20 0.62 - 
 

0.79 0.49 

Central Coast 0.15 0.15 0.50 0.20 0.88 - - - - 

South Coast 0.15 0.15 0.20 0.50 0.84 - 0.89 - 0.04 

Northern Andes 0.10 0.40 0.10 0.40 0.70 0.55 0.75 0.92 0.86 

Central Andes 0.15 0.50 0.15 0.20 0.70 0.91 0.82 0.96 0.82 

Southern Andes 0.20 0.40 0.20 0.20 0.73 0.90 0.79 0.95 0.61 

Northern Amazon 0.10 0.60 0.15 0.15 0.81 0.94 0.78 0.93 0.86 

Central Amazon 0.15 0.15 0.50 0.20 0.80 0.97 0.65 0.94 0.87 

Southern Amazon 0.10 0.60 0.15 0.15 0.82 0.64 - 0.84 0.86 

 

 

The results indicate that the Andean region and the Andean–Amazon transition zone (1500–4000 m above sea level) are primarily 340 
exposed to extreme levels of forest fire danger at the onset of the rainy season (November) along the Andes (Fig. 8a). A similar spatial 

pattern of extreme fire danger is also observed at the end of the dry season, or period of minimal rainfall (September), across both 

Andean and Amazonian regions (Fig. 8b). 

 

 345 
 

 

 

 

 350 
 

 

 

 

 355 
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Figure  8:  Wildfire Hazard Index (WHI) for (a) 16–23 November 2026 and (b) 13–20 September 2024, corresponding to periods 

during which states of emergency for wildfires were declared by the Government of Peru. 

 360 
 

In Peru, a marked increase in wildfire activity was identified in 2016 (Zubieta et al., 2021b) and 2024. These conditions were reflected 

in the declaration of states of emergency due to wildfires across multiple regions during these years (PCM, 2016, 2024a). Wildfire 

hazard across Peru is adequately represented by the model when very high and extreme WHI levels (Levels 4 and 5, respectively) are 

analyzed (Fig. 8), as these categories correspond to critical vegetation conditions that are key determinants of fuel dryness and wildfire 365 
occurrence (Zubieta et al., 2021b; IGP, 2024). 

 

 

 

5 Discussion  370 

Short-term wildfire hazard or risk indices are typically developed using variables associated with climatic conditions—such as 

temperature, relative humidity, wind speed, and precipitation (McArthur, 1967a; Van Wagner, 1974, 1987)—or parameters that reflect 

the influence of climate on vegetation and fuel characteristics (Goodrick, 2002; Sharples et al., 2009). However, these methodologies 

are often region-specific and are not necessarily transferable to other areas, as wildfire regimes vary according to local environmental 

and climatic conditions (Adab et al., 2013; Castel-Clavera et al., 2025; Srock et al., 2018). Consequently, wildfire hazard indices must 375 
be adapted to the specific characteristics of each region, particularly in countries with high biodiversity and diverse climatic regimes, 

such as Peru. 
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In response, numerous studies worldwide have incorporated satellite data to better capture the role of vegetation in terms of moisture 

content and its influence on wildfire occurrence (Chen et al., 2023; Chowdhury and Hassan, 2013; Chuvieco et al., 2004; Laneve et al., 

2020; Yebra et al., 2013). Satellite observations enable the characterization of the spatial and temporal variability of vegetation 380 
responses to precipitation (Asner et al., 2017; Brieva et al., 2023). In this context, this study proposes a new wildfire hazard index for 

the Amazonian and Andean regions of Peru, integrating observational data with satellite-derived products such as GPM (Huffman et 

al., 2023) and MODIS (Vermote et al., 2002). 

To enhance the performance of wildfire hazard indices, recent approaches have also incorporated factors related to ignition sources and 

anthropogenic influences (Adab et al., 2013; Bisquert et al., 2014; Di Giuseppe et al., 2025). Accordingly, the wildfire hazard model 385 
developed in this study integrates datasets representing fuel characteristics (MINAM, 2019) and cultivated areas across Peru to account 

for human-induced fire activity. 

The regional variability in optimal weighting scenarios reflects the ecological heterogeneity of the Peruvian territory. On the North 

Coast and in the Central Amazon, the anthropogenic component presents the highest weights, reflecting the predominant role of slash-

and-burn agricultural practices as the main ignition source (Alvarez et al., 2025; Taboada-Hermoza & Martínez, 2025). In the Andean 390 
regions, vegetation conditions and fuel load concentrate the highest weights, with high-altitude grasslands representing the structural 

component that determines the baseline hazard level, while vegetation water stress acts as a dynamic modulator during drought episodes 

(Zubieta et al., 2021b; Ccanchi, 2021). In the Northern and Southern Amazon, the dominance of vegetation conditions indicates that 

seasonal phenological dynamics are the main predictor of wildfire hazard in these ecosystems. 

The results indicate that the model does not adequately capture the spatial or temporal patterns of wildfire hazard in coastal regions 395 
(below 1500 masl). This limitation suggests reduced model performance in areas dominated by sparse vegetation and prolonged dry 

periods without rainfall. Although the coastal region lies within tropical South America, it is characterized by arid conditions, with 

precipitation occurring mainly during El Niño events, when extreme rainfall conditions may develop (Woodman and Takahashi, 2014). 

The results of the wildfire hazard model proposed in this study demonstrate an adequate capability to detect the seasonal occurrence of 

wildfires between 2019 and 2024 when extreme hazard levels are considered in Andean mountain regions. However, the Amazonian 400 
region is not adequately represented when only extreme hazard (level 5) is analyzed. To improve hazard assessment in Amazonian 

areas, the combined use of hazard levels 4 and 5 (very high and extreme) is recommended. 

Extreme environmental conditions—such as high temperatures and reduced precipitation—play a critical role in altering vegetation and 

are key determinants of fuel conditions and wildfire occurrence (Chen et al., 2023). In Peru, such conditions are reflected in the 

declaration of (a) states of emergency due to wildfires in multiple regions (PCM, 2016, 2024a), and (b) states of emergency due to 405 
water deficits associated with prolonged dry periods (PCM, 2024b). 

The results indicate that the hazard model is also effective in representing fire activity, as reflected by thermal anomalies (hotspots) 

derived from MODIS satellite data, at both regional and national scales. Hotspots are particularly useful for characterizing fire activity 

when burned areas range between 50 and 100 hectares in Andean zones (Zubieta et al., 2023a). The findings show a consistent detection 

of seasonal hotspot patterns between 2016 and 2024, particularly under very high and extreme wildfire hazard conditions in both 410 
Amazonian and Andean regions. For operational wildfire monitoring, the use of satellite data—given its high spatial and temporal 

resolution—combined with hotspot observations, provides a valuable tool for continuous validation and improvement of hazard models. 
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The spatial distribution of the WHI indicates that extreme hazard is primarily associated with higher vegetation loads in Andean forests 

(PCM, 2016; MINAM, 2019) and Andean–Amazonian forests (PCM, 2024a; MINAM, 2019), consistent with emergency declarations 

triggered by increases in difficult-to-control wildfires in 2016 and 2024. The spatial extent of extreme hazard identified by the WHI 415 
model for November 2016 along the Andes may be attributed to a prolonged dry season, or a period of below-normal rainfall lasting 

between 5 and 7 months, as documented for Andean and Amazonian regions of South America (Jimenez et al., 2021). A similar scenario 

of extreme hazard was observed in September 2024, characterized by a high number of wildfires, during which the dry season in 

Amazonian regions of Peru extended until November 2024 (IGP, 2024b), also leading to the declaration of a state of emergency due to 

water scarcity in November 2024 (PCM, 2024b). These findings suggest that the effectiveness of wildfire hazard alerts based on the 420 
WHI model proposed in this study is closely linked to the accurate estimation of the duration and severity of meteorological drought in 

the Andean and Amazonian regions. 

The wildfire hazard model proposed in this study has the potential to contribute to the development of wildfire prevention systems in 

Peru, where such systems remain limited. Existing wildfire information systems, whether developed by governmental agencies (Araújo 

et al., 2025) or researchers, are typically based on hazard or risk indices (Delgado et al., 2022; Ziccardi et al., 2020). For example, the 425 
Canadian Forest Fire Danger Rating System is based on the Fire Weather Index (FWI) (Forestry Canada, 1992; Van Wagner, 1987). In 

South America, Argentina uses the Forest Fire Danger Index (CONAE, 2026), derived from the Australian system developed by 

McArthur (1967), while Brazil uses the Nesterov Ignition Index (INM, 2026), a cumulative index for classifying wildfire danger on a 

daily basis (Nesterov, 1949). 

In the context of climate change and evolving drought regimes, wildfires are likely to pose an increasing threat to tropical ecosystems 430 
in the coming decades (González et al., 2025). As in other regions of South America, where climatic patterns strongly influence fire 

activity (Silva et al., 2025), the seasonal increase in wildfire frequency in the Andean–Amazonian region of Peru is being modulated 

and intensified by the frequency, duration, and severity of drought periods (Zubieta et al., 2021b, 2023b). Operational monitoring of 

vegetation dynamics and drought impacts is therefore essential, as these factors directly influence the seasonal and intra-seasonal 

variability of wildfire hazard. 435 

An important avenue for improving hazard prediction models lies in the application of artificial intelligence techniques. In this context, 

data quality should be prioritized, as it is fundamental to achieving significant advances in fire activity forecasting, particularly 

regarding the spatial and temporal dynamics of forest fuel (Andrianarivony and Akhloufi, 2024). Indeed, data quality may be more 

critical than model complexity in enhancing the predictive performance of artificial intelligence approaches applied to wildfire hazard 

(Di Giuseppe et al., 2025). 440 

 

5.1 Uncertainty of this study 

Although wildfire location data in Peru are approximate and primarily based on emergency reports (MINAM, 2025), their spatial and 

temporal distribution was used to evaluate the performance of the model in identifying wildfire hazard levels. The model relies on a 

climatic variable that is highly relevant for Andean regions, as demonstrated by Zubieta et al. (2021b), but not necessarily applicable 445 
to Amazonian regions. Nevertheless, calibration of model coefficients through a sensitivity analysis approach made it possible to 

classify hazard functions at a regional scale using the Wildfire Hazard Index (WHI). The results indicate that model performance varies 

across regions when coastal, Andean, and Amazonian zones are analyzed independently. The application of region-specific functions, 
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as proposed in this study, is therefore recommended to achieve optimal performance in Andean and Amazonian regions. This variability 

reflects the influence of fuel load across diverse ecosystems in South America (Fearnside, 2017), particularly in Peru, which exhibits 450 
high ecological diversity across its coastal, Andean, and Amazonian regions (Pulgar Vidal, 2014). 

The findings indicate that the model can adequately represent the probability of wildfire occurrence reported as emergencies (extreme 

hazard level), achieving an approximate efficiency of 80% in Andean regions. However, model performance in Amazonian regions is 

not adequate; when very high and extreme hazard levels are analyzed jointly, model performance improves to approximately 60% for 

these areas. 455 

It is important to note that wildfire events reported by civil defense authorities are typically concentrated near roads and rivers (Zubieta 

et al., 2023a), suggesting that fire activity in remote or high-altitude regions may be underreported. Satellite-derived fire activity data 

provide a valuable complementary source for evaluating wildfire hazard models at local and regional scales in Amazonian areas, where 

official records are limited. Indeed, model performance increases slightly (to approximately 64%) when analyzing the occurrence of 

thermal anomalies (hotspots) within areas classified as very high and extreme hazard in Amazonian regions. This suggests that the 460 
model is able to adequately identify wildfire hazard in these regions when both hazard levels are considered simultaneously.  

The use of Dry-Day Frequency and NDVI, derived from remote sensing data, enables the detection of dynamic changes in rainfall 

deficits and vegetation conditions, respectively. In addition, a static variable representing fuel type (i.e., forests, shrublands, and 

grasslands) was incorporated to characterize combustible material. However, the primary ignition source in this region of South 

America is associated with fire use in agricultural and livestock activities (Alvarez et al., 2025; Roman et al., 2024; Taboada-Hermoza 465 
and Martínez, 2025). In the current model, this anthropogenic factor is represented at the national scale solely through agricultural 

planting areas, which may be a limitation, as it does not account for (a) the quantity and type of crop residues following land clearing, 

(b) the use of fire for pasture renewal, and (c) variations in fire use within protected natural areas. 

Beyond computational capacity and data availability, the selection of wildfire hazard models should be guided by region-specific 

characteristics (Ejaz and Choudhury, 2025). In this context, potential improvements to model performance at regional and local scales 470 
may include (a) incorporating crop type and phenological stages, and (b) integrating the spatial and temporal history of wildfires 

associated with controlled burns in livestock systems and protected areas. Recent advances also highlight the potential of machine 

learning and deep learning approaches for wildfire hazard assessment (Ejaz and Choudhury, 2025; He et al., 2024; Ismail et al., 2024; 

Xu et al., 2025). 

 475 
6 Conclusions 

The increasing frequency of wildfires in South America has been closely linked to climatic factors, particularly drought. In Peru, 

wildfires are commonly associated with uncontrolled burning practices in agricultural and livestock activities. To reduce the likelihood 

of such burns developing into wildfires, continuous monitoring of wildfire hazard is essential. Accurate prediction of wildfire hazard 

is therefore critical for enhancing the safety of local populations and firefighters. In this study, a Wildfire Hazard Index (WHI) was 480 
developed based on Dry-Day Frequency (DDF), the Normalized Difference Vegetation Index (NDVI), cultivated area (CA), and forest 

fuel (FF). The proposed method enables the assessment of short-term wildfire hazard (8-day intervals) in the Amazonian and Andean 

regions of Peru, where these indicators are often limited or unavailable. The input variables—NDVI, DDF, FF, and CA—are identified 
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as key parameters for analyzing wildfire hazard levels. The results demonstrate consistency between WHI outputs and fire activity, as 

represented by reported wildfire emergencies and satellite-derived hotspots. The analysis suggests that the model adequately captures 485 
the seasonal variability of wildfire hazard. This indicates that the proposed method can support hazard classification and contribute to 

the development of regional wildfire early warning systems in the Amazonian and Andean regions. It can also be applied to generate 

short- and medium-term seasonal forecasts of wildfire hazard, contributing to disaster risk management by governmental institutions. 

Finally, the integration of machine learning and deep learning approaches is recommended to further enhance the generation of wildfire 

hazard maps in Andean–Amazonian regions. 490 
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