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Abstract
In Costa Rica despite diverse studies carried out by wildfires, collection data still is arduous 
fieldwork due to geographical conditions, there are zones where accessibility conditions 
prevent data collections. Satellite images are tools useful to study different zones to detect 
burned areas or their scars, but processing data by researchers requires too much time due 
to the number of files that need to be analyzed. We propose in this paper a framework based 
on machine learning and spectral index analysis to help burned area detection with efficient 
computational performance. Selecting as our study area in the Guanacaste Conservation Area, 
we obtained data from Sentinel-2 mission; we could detect the most probable zones affected by 
wildfire. Although this is a first step in the prevention of wildfire in protected zones, our results 
demonstrate the potential to develop a future robust detecting system.
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Resumen
En Costa Rica a pesar de diversos estudios sobre incendios forestales, la recolección de 
datos todavía es un trabajo arduo debido a las condiciones geográficas, hay zonas donde las 
condiciones de accesibilidad dificultan la recolección. Las imágenes satelitales son herramientas 
útiles en el estudio de diferentes zonas para detectar áreas quemadas y sus cicatrices. Sin 
embargo, el procesamiento por parte de los investigadores suele requerir tiempo debido a la 
cantidad de archivos que son necesarios para realizar el análisis. En este artículo proponemos 
un marco de trabajo basado en aprendizaje automático e índices espectrales para ayudar en 
la detección de áreas quemadas con un rendimiento computacional eficiente. Seleccionamos 
el Área de Conservación de Guanacaste como área de estudio para descargar imágenes de 
Sentinel-2, pudimos detectar zonas posiblemente afectadas por incendios forestales. A pesar 
de ser un primer acercamiento en la prevención de incendios forestales, nuestros resultados 
evidencian el potencial para desarrollar un futuro sistema de detección robusto.

Introduction
Wildfires are unplanned fires that can occur due to natural causes such as lightning or volcanic 
activity, as well as, unauthorized or accidental human interventions [1]. They can have negative 
effects in several ways, for instance, forest and biodiversity loss, production of carbon emissions 
and other risky substances for human health [2], [3], [4]. Nowadays there are several statistical 
and visualization tools to study wildfires [5]. Digitalization and collection of information through 
satellite monitoring [6] and other remote sensing tools are extended among researchers [2], [4], 
[6].
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Studying Burned Areas (BA) has vital importance to develop applications for mapping high risk 
areas in order to contribute to adequate prevention policies [1]. A burned area is a territorial 
surface with a certain degree of accumulation of ash and charcoal, removal or alteration of 
vegetation due wildfires [1].
On the other hand, Machine learning (ML) is a group of diverse computational tools widely used, 
together with multi-spectral indices analysis, to process satellite images for locating burned 
areas in different contexts [7]. Both ML supervised and unsupervised algorithms [7], [8], [9] 
have been utilized in detecting active fire, for instance, through neural networks to classify pre-
processed image with spectral indices [8], visualization of land cover [7], and mapping burned 
areas [9]. 
In Costa Rica, different studies have dealt with the wildfires, especially at Guanacaste 
Conservation Area (GCA), in northwestern region; among most recently published work, we 
can mention the development of a model of probability of fire occurrence based on generalized 
Least Squares Model [10]; the proposal of a geomorphometric model to determine topographic 
parameter to controlling wildfires in tropical dry forest [11] and a multi-temporal analysis based 
in Burned Area Index to discriminate affected areas and severity of fires using satellite images 
[12], [13]. 
However, Campos-Vargas and Vargas-Sanabria indicated data collection on burned areas at 
GCA has involved arduous fieldwork [10]. Due to some geographical characteristics of Costa 
Rica, it is not always possible to access some regions to collect data in situ [10]. In addition, 
the consulting information of wildfires reported by GCA are restricted to their protection area; 
nevertheless, a greater amount of data is necessary to obtain a better comprehension of the 
wildfires dynamics.
Therefore, we explored the use of different automated algorithms that allow us to detect burning 
areas. Our main objective is to implement an efficient automated system capable of analyzing 
satellite images, from which to obtain these areas affected by wildfires to extract useful 
information for future research.

Material and methods
Our methodology begins by defining the study zone through geographic coordinates capturing 
a rectangle representing a zone on the ground. Then we download files called rasters with 
satellite sensor data containing the coordinates of this rectangle, and we crop all collected 
rasters centered in the defined area. After that, we normalize these rasters to reduce the number 
of outliers [14]. With normalized files, we calculate special metrics called Spectral Indexes, and 
the decision threshold for each index, using natural breaks algorithm, to classify the raster pixels 
in burned or unburned [15]. Nevertheless, Spectral Analysis could be insufficient resource to 
achieve a better result separating burned pixels from unburned ones, then we use Machine 
Learning methods to obtain the burned area excluding other non-affected pixels in raster images 
[7]. In the next sections we explain in detail every step.

Rasters
As we mentioned before, our main inputs are raster image files; they are data structures with 
one or more associated matrices where information is stored [16]. Each point (x,y) in the raster is 
matched with a geographic point (longitude and latitude) representing a small square in ground 
called pixel. In addition the pixel coordinates refers to an entry inside the matrix of values stored 
inside the file [16], this means for each image of n column and m rows, it will be necessary 
processing n x m points.  In satellite imagery the information captured by sensors is stored in 
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rasters identified with a number that corresponds with a range of spectrum wavelength called 
band [17], [18], [19].  Before downloading a group of rasters, we defined the study area, as we 
explain in the next section.

Study Area
The study was carried out in the Guanacaste Conservation Area (GCA) located in the province 
of Guanacaste (Figure 1).  The GCA is dominated by deciduous vegetation, which loses its 
foliage during the dry season from December to mid-May, when most wildfires occur [10] with 
approximately 180 days per year reaching temperatures close to 32°C [20]. 

Figure 1. Guanacaste Conservation Area (GCA) study site.

The rest of the year, this region is characterized by significant rainfall during the rainy season 
[21] with precipitation between 900 to 2400 mm [11]. The area has different types of dry forest 
and a wide variety of coastal, riparian, and forest vegetation. However, some habitats have been 
transformed by illegal logging, wildfires, pasture planting and agricultural activities [11], [22].  
For the test of our code implementation we focus on the zone defined by a rectangle between 
the geographic points (-85.697479, 10.845445) and (-85.697479, 11.055777). In 2023, there was 
the highest incidence of wildfires in GCA in the selected area, according to SINAC [23], [24]. 
We captured these rasters using study area geographic coordinates from the satellite mission 
Sentinel-2. 

Earth Observation: Satellite Technologies
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Sentinel-2 is a group of twin satellites (Sentinel-2A and Sentinel 2B) developed by the 
Copernicus Programme of the European Space Agency (ESA) to provide high resolution images 
that help monitor crops, forests, urban areas and water resources [25].  The free access policy, 
high accuracy with machine learning classifiers, and preprocessed data has resulted in an 
increasing use of Sentinel-2 images, especially in countries where access to satellite imagery 
is limited [25]. Sentinel-2 has a low geometric error [25]; its geolocation accuracy is better than 
14.5 meters [26], while Landsat-8, another constellation developed by the National Aeronautics 
Space Administration (NASA), has a geolocation accuracy of 17 meters [27].  Besides, some of 
the products Sentinel-2 have geometric corrections [25] with a georeferencing error maximum 
value of 1.5 pixels [28].  These features are suitable for this research, therefore we selected a 
group of rasters between January - May 2023 and December 2023 - May 2024, corresponding 
to the Costa Rica dry season for the study site, when wildfire incidence is higher. We selected 
images with a cloud cover of 15% or less for testing our chosen algorithms [29]. These images 
have spatial resolutions of 10m, 20m, and 60m. For this study, the 20m was applied, i.e., one 
pixel in the image becomes 20 x 20 meters in the actual terrain.
Each group of Sentinel-2 images is compressed in files JPG2000 (.jp2); these files can be 
converted to standard georeferenced files geotiff (.TIFF) denominated rasters [18]. The 
information in rasters can be read by the python library rasterio, storing data in a grid structure 
where each pixel of image is identified by a row-column coordinate system associated with their 
corresponding geographic coordinate. We preferred to use the name of the band or its acronym 
rather than the identifier number [15], equivalences are shown in Table 1.

Table 1. Sentinel-2 Band number identifier, name and acronym.

Band Name Band Name

B01
Aerosol Coastal/Ultrablue

(Ultrablue)
B07 Vegetation Red Edge3 (VRE3)

B02 Blue (BLUE)
B08

B8A

Near Infrared  (NIR)

Near Infrared Narrow (NIR_NARROW)
B03 Green (GREEN) B09 Vegetation Red Edge4 (VRE4)
B04 Red (RED) B10 Cirrus
B05 Vegetation Red Edge1 (VRE1) B11 Shortwave Infrared1 (SWIR1)
B06 Vegetation Red Edge2 (VRE2) B12 Shortwave Infrared2 (SWIR2)

Source: [14], [17], [19], [30] 

We cropped the group images concentrating in the area with the highest number of fires reported 
by GCA [23], in order to speed up processing time. Before proceeding to obtain the spectral 
indices values for this area, we normalized band rasters files using  Abrahim et al. method [14].

Band data normalization
The normalization process standardizes the data obtained from raster files to obtain results less 
susceptible to extreme values (outliers) [14].  We selected the percentile normalization following 
the method successfully applied by Abrahim et al. [46] to detect water bodies. We implemented 
a function following equation (1) with Python numpy.clip and numpy.percentile functions:

𝐵𝐵!"#$%&'()* = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐'
𝐵𝐵  −  𝑃𝑃+
𝑃𝑃,- −  𝑃𝑃+

,  0,  1. 
	 (1)
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Where, all values in the raster band are converted into values from 0 to 1; setting the values less 
than percentile 2 to 0 and the ones over percentile 98 to 1.  With normalized raster we obtained 
spectral inaaadices values.

Spectral Indices Analysis for burned area detection
For monitoring burned areas using satellite images it is common to start with spectral index 
analysis  [15], [17], [18]. These indices are calculated using combinations of spectral values 
obtained from several bands [15], we explored a set of spectral indexes mentioned in reviewed 
literature [7], [15], [17], [18], [19], [31]. These indexes are summarized in Table 2. We use NIR_
NARROW instead of NIR [17] because band 8 is omitted in the input Sentinel-2 rasters group 
(R20m). Thresholds are values that they allow to classify pixels in an affected or non-affected 
area [15]. 

Table 2. Spectral Index Summary.

Index Equation, threshold and remarks
Normalized 

Burning Ratio 
(NBR)

 [17], [31]

      
𝑁𝑁𝑁𝑁𝑁𝑁 =  

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2  −  𝑁𝑁𝑁𝑁𝑁𝑁
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2  +  𝑁𝑁𝑁𝑁𝑁𝑁 

                                (2)

Where values under 0.08 are considered burned [18].

NBR2 [32]
𝑁𝑁𝑁𝑁𝑁𝑁2 =

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2  −  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2  +  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1 

           (3)

Dvorakova, et al. suggests a value of 0.05 as threshold [32].

NBRPLUS [17] 𝑁𝑁𝑁𝑁𝑁𝑁+=
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2 − 𝑁𝑁𝑁𝑁𝑅𝑅!"##$% − 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 − 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2  +  𝑁𝑁𝑁𝑁𝑅𝑅!"##$% + 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺  +  𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵

 
  (4)

Here,  higher values represent burned areas [17]

NBRSWIR [17] 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2  −  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1  −  0.02
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2  +  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1  +  0.1  

       (5)
Normalized 
Difference 
Shortwave 

Infrared Index 
(NDSWIR) [17]

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1  −  𝑁𝑁𝑁𝑁𝑅𝑅!"##$%
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1  +  𝑁𝑁𝑁𝑁𝑅𝑅!"##$%

 
           (6)

Normalized 
Difference 
Vegetation 

Index (NDVI) 
[18], [33]

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =
𝑁𝑁𝑁𝑁𝑁𝑁  −  𝑅𝑅𝑅𝑅𝑅𝑅
𝑁𝑁𝑁𝑁𝑁𝑁  +  𝑅𝑅𝑅𝑅𝑅𝑅 

               (7)

Green 
Normalized 
Difference 
Vegetation 

Index (GNDVI) 
[34], [35]

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 =
𝑁𝑁𝑁𝑁𝑁𝑁  −  𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺
𝑁𝑁𝑁𝑁𝑁𝑁  +  𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 

         (8)

Values under 0.2 indicates spare or no vegetation [35]
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Index Equation, threshold and remarks

Enhanced 
Vegetation 
Index (EVI) 
[36], [37]

𝐸𝐸𝐸𝐸𝐸𝐸  =  
2.5  ⋅  (𝑁𝑁𝑁𝑁𝑁𝑁  −  𝑅𝑅𝑅𝑅𝑅𝑅)

𝑁𝑁𝑁𝑁𝑁𝑁  +  6.0  ⋅  𝑅𝑅𝑅𝑅𝑅𝑅  −  7.5  ⋅  𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵  +  1.0 
      (9)

This index could be affected in place near the equator [38]. We discarded this index from 
our analysis

Global 
Environmental 

Monitoring 
Index (GEMI) 

[36]

𝜂𝜂  =
2  ⋅  (𝑁𝑁𝑁𝑁𝑅𝑅!  −  𝑅𝑅𝑅𝑅𝐷𝐷!)  +  (1.5  +  𝑁𝑁𝑁𝑁𝑁𝑁)  +  (0.5  ⋅  𝑅𝑅𝑅𝑅𝑅𝑅)

𝑁𝑁𝑁𝑁𝑁𝑁  +  𝑅𝑅𝑅𝑅𝑅𝑅  +  0.5  
(10)

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺  =
(1.0  −  0.25  ∗  𝜂𝜂)  − (𝑅𝑅𝑅𝑅𝑅𝑅  −  0.125)

(1  −  𝑅𝑅𝑅𝑅𝑅𝑅)  
          (11)

This is not recommended for dry or spare vegetation places [39]. Therefore we discarded 
this index for analysis.

Char Soil Index 
(CSI) [18] 𝐶𝐶𝐶𝐶𝐶𝐶 =

𝑁𝑁𝑁𝑁𝑁𝑁
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 

                  (12)

Analytical 
Burned Area 
Index (ABAI) 

[18]

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴  =  
3 ⋅ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2  −  2 ⋅ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1  −  3  ⋅  𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺
3 ⋅ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2  +  2 ⋅ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1  +  3 ⋅ 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺  

       (13)

For Guo et al. a burned area has values greater than -0.294 [18]

Burned Area 
Index (BAI) [36] 𝐵𝐵𝐵𝐵𝐵𝐵 =

1
(0.1  −  𝑅𝑅𝑅𝑅𝑅𝑅 )!  +  (0.06  −  𝑁𝑁𝑁𝑁𝑁𝑁)! 

         (14)

BAIM (Modis)
[40]

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵  =
1

(0.05  −  𝑁𝑁𝑁𝑁𝑁𝑁 )!  +  (0.2  −  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)! 
            (15)

We use BAIS2 instead of this index because we work with Sentinel-2 images.

BAIS2 
(Sentinel-2) [17]

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵2 = '1 −*
𝑉𝑉𝑉𝑉2 ⋅ 𝑉𝑉𝑉𝑉3 ⋅ 𝑁𝑁𝑁𝑁𝑅𝑅!"##$%

𝑅𝑅𝑅𝑅𝑅𝑅 2 ⋅ 3
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2 − 𝑁𝑁𝑁𝑁𝑅𝑅!"##$%
5𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2  −  𝑁𝑁𝑁𝑁𝑅𝑅!"##$%

+ 18 

 (16)

From -1 to 1  values represent a fire scar, and higher 1 values burned area [17]
Mid InfraRed 
Burn Index 

(MIRBI) [17], 
[36]

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 = (10.0 ⋅ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2) − (9.8 ⋅ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1) + 2.0            (17)

Source: [17], [18], [33], [34], [35], [36], [37], [38], [39], [40]

On the other hand, sometimes, water bodies could interfere with the detection of burned areas, 
therefore data is usually filtered with Normalized Difference Water Index (NDWI) [17] (equation 
18) or Water Pixels (WP) [41] (equation 19), where values greater than 0.0 represent water 
bodies, and they should be filtered through boolean operation with rasters [17].

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺  − 𝑁𝑁𝑁𝑁𝑁𝑁
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺  +  𝑁𝑁𝑁𝑁𝑁𝑁 

	 (18)
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𝑊𝑊𝑊𝑊 =

(𝑁𝑁𝑁𝑁𝑁𝑁  +  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1  +  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2)  −  (𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈  +  𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵  +  𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺)
(𝑁𝑁𝑁𝑁𝑁𝑁  +  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1  +  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2)  +  (𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈  +  𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵  +  𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺) 	 (19)

To improve the processing of data, we also utilized a procedure to mitigate cloud effect in raster 
data values [42]. Finally, the values of indices can be stored in new raster files to use later in 
the training process of machine learning methods [7], [17]. Therefore it is required defining 
threshold calculation methods to automate labeling of pixels.

Threshold Calculating
In the threshold calculating, it is common to use Jenks-Fisher’s algorithm called “natural breaks” 
[15], this method is implemented in Python by the jenskpy library. This algorithm calculates for 
each possible way of clustering a point into a data set the square deviation from general mean, 
then calculates the goodness variance fit (GVF) that is the difference between the unity and the 
proportion between square deviation mean and the sum of all squared deviation for each mean 
of each subset [43] as is shown in equation (20). 

𝐺𝐺𝐺𝐺𝐺𝐺 = 1 −  
∑!"#$ (𝑥𝑥" − 𝜇𝜇)%

∑&'#$ ∑!!"#" (𝑥𝑥(' − 𝜇𝜇')%
 
	 (20)

Where μ is the general average, m is the number of classes, N is the total of elements of the 
set, and μk is the mean in each subset.  The main problem with this method is the computer 
processing time; equation (21) shows the number of possible combinations.

𝑛𝑛𝑛𝑛𝑛𝑛  =
𝑛𝑛!

𝑚𝑚! (𝑛𝑛 − 𝑚𝑚)! =
𝑛𝑛 ⋅ (𝑛𝑛 − 1) ⋅ … ⋅ (𝑛𝑛 − 𝑚𝑚 − 1)

𝑚𝑚!  
	 (21)

Where n (number of points) and m (number of classes). The algorithm tests all these combinations 
[43], i.e., with a larger n, Jenks-Fisher algorithm needs to be executed approximately nm times.   
For a faster calculation of “breaks” we explore the use of an alternative algorithm: K-means 
clustering [44]. K-means starts from an initial partition in k classes of the dataset, then an average 
called centroid is calculated in each group.  After that each point in the dataset is rearranged 
according to its proximity with one of the centroids; with the new arranged class, centroids are 
newly obtained and repeated all rearranging until to reach a convergence (stable groups) or a 
maximum of iterations [44]. K-means is also implemented in Python through scikit-learn library, 
with a complexity value of O(n*m*d*t) [45], here n is the number of points, m number of class (m 
< n), d the dimension (in this case d = 2) and t the number of iterations (usually 300), this means 
this algorithm works with a complexity less than O(n2), i.e., the time of computing using K-means 
is smaller than Jenks-Fisher algorithm.  We use the elbow methods to find the optimal number 
of classes in K-means [46]. To compare results of K-means and Fisher-Jenks algorithms we use 
confidence intervals of means [47]. With threshold values we proceed to validate spectral index 
analysis results.

Spectral index thresholds validation
We validate the obtained thresholds from spectral indexes rasters with choosing a sample of 
values expecting a low margin of error me calculated with equation (22) adjusted by population 
[48]:
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𝑚𝑚!  = ±𝑧𝑧"  ⋅ '
𝑝𝑝(1 − 𝑝𝑝)(𝑁𝑁 − 𝑛𝑛)

𝑛𝑛(𝑁𝑁 − 1)  
	 (22)

Where z is a normal distribution value with an alpha of 0.05 (z = 1.96), p proportion of success 
waited, n size of sample and N population size.
After sample the raster we construct a confusion matrix and calculate the precision and accuracy 
metrics [49], [50]. The metrics used to evaluate our confusion matrices include overall accuracy 
(OA), which measures the proportion of correct predictions; user accuracy (UA) or precision, 
which assesses the accuracy of positive predictions; and recall or producer accuracy (PA), 
representing the ratio of correctly classified items to the total items (Table 3).

Table 3. Metrics for evaluating confusion Matrix.

Metric Equations

OA 𝑂𝑂𝑂𝑂 =  
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝐹𝐹𝐹𝐹  +  𝑇𝑇𝑇𝑇  +  𝐹𝐹𝐹𝐹  +  𝑇𝑇𝑇𝑇 
       (23)

UA 𝑈𝑈𝑈𝑈 =  
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇  +  𝐹𝐹𝐹𝐹 
          (24)

PA 𝑃𝑃𝑃𝑃  =  
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇  +  𝐹𝐹𝐹𝐹 
          (25)

F1 Score 𝐹𝐹1𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆  =  
(𝛽𝛽! + 1) ⋅ 𝑃𝑃𝑃𝑃 ⋅ 𝑈𝑈𝑈𝑈
𝛽𝛽! ⋅ 𝑃𝑃𝑃𝑃 + 𝑈𝑈𝑈𝑈  

        (26)

TP=True Positive, TN=True Negative, FP=False Positive, FN=False Negative 
Source: [49], [50].

The F1 Score metrics (equation 26) weights UA and PA importance with β value. Usually, β is 
set to 1 according to [49], [50].  The spectral indexes on their own cannot assure an optimal 
automated burned area finding [7]. Nevertheless, they can be used as input for Automated ML 
Classifiers [7]. We study different algorithms of ML to filter burned areas in the next section to 
select those algorithms with better performances.

Selecting Machine Learning Classifiers
Several models of Artificial Intelligence (AI) including Machine Learning (ML) algorithms have 
been used in fire and burned area monitoring. Among ML models k-Nearest Neighbour (kNN), 
Random Forest (RF) are mentioned in [51], [52]; also Logistic Regression (LR) has been utilized 
as a classifier [53]. The kNN is based on calculating the proximity of a value and its centroid by 
means of its distance, and recalculating centroids to find stable groups similarly to k-means but 
with a pre-labeled data set [12], [31], [51].  On the other hand, RF uses decision tree structures 
with thresholds defined by rules of “greater than”, “less than” or “equal to” for classifying values 
[51]. 
We can also using the Naive Bayes (NB) classifier that uses Bayes Probability Theorem to convert 
a conditional relation between two variables into an inverse conditional relation [7], [54], i.e., we 
can pass from a probability of a value of spectral index given a burned pixel to the probability to 
find a burned pixel given spectral index value and classifying the pixel under this criterion.  As we 
work classified values in two classes burned and unburned, we can take advantage of Support 
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Vector Machine (SVM) which uses a decision boundary (usually an hyperplane) to maximize 
the distance between subsets [55]. SVM, kNN are slow classifiers [56], RF training time could 
be slower depending on the amount of trees on it [57], faster alternatives are Extreme Gradient 
Boosting (XGB) and Histogram Gradient Boosting (HGB), both decision tree based classifiers 
[58], [59], [60]. We selected fast ML methods: NB, XGB and HGB for comparing classification 
against Spectral Index results, we also use LR algorithm as comparison point [59].  For finding 
the best parameters (tuning) of ML models, we use RandomSearch function [58].
All these algorithms need a pre-labeled set to be trained because they are supervised models 
[61], [62], we develop an automatic labeling process taking as input the decision threshold. We 
discuss the method in the next section.

Data Labeling
Raster file data structures are essentially matrices [18], where each entry represents a pixel with 
an assigned value. Therefore, we can apply linear mapping to assign a value of 0 or 1 to each 
pixel [9] representing unburned or burned respectively [8].  So, let X ∈ IRmxn be a matrix with 
values of any spectral index for each pixel in a raster file, we can define v: IR → {0, 1} as shown 
in equation (27), for each xij in X:

 v(xij) = {!	#$	%&'()	*+,(,
-		#.	/+01(	.10.#00	+	*()&+#$	*%$2#&#%$	 	 (27)

Then, we obtain a binary matrix A ∈ IRmxn, where each aij entry is equal to v(xij). We define the 
condition: if the value xij is less (or greater) than a threshold value according to specific spectral 
indexes [17], [18]. This function was implemented using features of the numpy library. The 
values of the spectral index matrix and its associated binary of labels matrix will eventually be 
used to train the ML Classifiers.

Training and Evaluation of Machine Learning Classifications Methods
For training of the classification algorithms, samples were splitted using rule 70-30 (70% 
for training set and 30% for testing) [63]. Then, we constructed a confusion matrix to obtain 
evaluation metrics [50]. 
For evaluating ML models we also can include among the metrics: Mean Absolute Error (MAE), 
Mean Square Error (MSE), Root Mean Square Error (RMSE) and R-squared score (R²) [53], [64], 
shown in table 4. 

Table 4. Error Analysis Metrics.

Metric Value

MAE 𝑀𝑀𝑀𝑀𝑀𝑀 =  
1
𝑛𝑛(

 

 

|𝑦𝑦  − ŷ| 
                        (28)

MSE 𝑀𝑀𝑀𝑀𝑀𝑀 =  
1
𝑛𝑛(

 

 

(𝑦𝑦  −  ŷ)" 
                    (29)

RMSE 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  √𝑀𝑀𝑀𝑀𝑀𝑀                                     (30)

R2 𝑅𝑅! =  1 −  
∑   (𝑦𝑦 − ŷ)!

∑   +𝑦𝑦  −  𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑦𝑦)0!
 
       (31)

n: number of values, y: true values, ŷ: predicted values 
Source: [53], [64]
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The best fit in the model is indicated with lower values of MAE, MSE and RMSE, also with higher 
values in R² near or equal to 1, a R² negative indicates a poor fit [64]. We use implemented error 
metrics in library scikit-learn. In our case, MAE and MSE will be equal due our labeling data 
system, because of (±1)2 = |±1| = 1 and 02 = |0| = 0. Then RMSE and R² will be the best option 
to watch the performance of selected ML models.
A common problem in training model is the generalization degree on data: underfitting (poor 
accuracy in sets), overfitting (low error rate in training data in train set, and a poor performance 
in test set, i. e., high error rate) [65] or the perfect fitting [66] could happen while in processing 
of data. Another possible issue is the imbalanced data (the number of elements of one class 
overpass excessively to another) and it might generate high values in accuracy or precision 
metrics [67], when this situation happens, the data must be resampled. Jouloudari et al. [68] 
suggest using Synthetic Minority Over-sampling Technique (SMOTE), in case of imbalanced 
data, Jaccard index (IoU) and ROC-AUC (Receiver Operating Characteristics Area under the 
curve) score are preferred to other accuracy metrics [37]. To balance our data set we use an 
implemented Python library called imblearn to generate more values for minority class [68].
Finally, we developed a wrapper library in python to integrate different components to apply 
our analysis in selected rasters in order to filter burned areas in our study zone. We present our 
results in the next section.

Results
Regarding the threshold calculation, for the K-means method we can use 3 or 4 classes (Figure 
2), we set the algorithm in 4 classes to obtain the greater number of approximations to limits of 
class [46]. We use the same number of classes in Jenks-Fisher algorithms to compare results 
with confidence intervals. 

Figure 2. Elbow method to get optimum number of classes for K-means.

Respecting computation time processing, the Jenks-Fisher method took, on average, 1.41 
hours by spectral index layer in raster (the complete process lasted 26.93 hours by raster), 
while K-means algorithm took 8 minutes by raster.  Using the Kruskal-Wallis’s test which could 
prove equality of variances between calculated breaks values (critical values < 0.11, p-value > 
0.05), then we proceed to test means by confidence intervals (Table 5). With respect to Jenks-
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Fisher and K-means algorithms to calculate threshold, in the analyzed index there was not found 
significant statistical evidence to affirm that there are differences between means, this means we 
can also use the faster K-means to estimate decision threshold for selected indexes [47].

Table 5. Confidence intervals from means of breaks values*.

Index
Jenks Fisher CI (95%) K-Means CI (95%)

LI LU LI LU

BAIS2 -2.67 2.47 -2.66 2.48

NBR -2.64 2.50 -2.67 2.47

GNDVI -2.15 2.99 -2.15 2.99

BAI 38.06 43.20 36.48 41.62

NBRSWIR -2.41 2.73 -2.40 2.74

NDSWIR -2.31 2.83 -2.27 2.87

NBR2 -2.63 2.51 -2.69 2.45

ABAI -2.65 2.49 -2.69 2.45

MIRBI -0.54 4.60 -0.45 4.69

NBRPLUS -2.87 2.27 -3.00 2.14

NDVI -2.03 3.11 -2.03 3.11

CSI 339.12 344.26 339.13 344.27

*Alpha =  0.05

In order to validate the performance of best spectral indices, we use reported burned zones 
of GCA in our study area, also we use VIIRS (Visible Infrared Imaging Radiometer Suite) at 
375 meters of spatial resolution and MODIS (Moderate Resolution Imaging Spectroradiometer) 
at 1 kilometer spatial resolution points from the web site of FIRMS, and fires on vegetation 
attended and reported by the Fire Department of Costa Rica (Bomberos de Costa Rica) in situ 
as validation points. 
With validation points we sample rasters with spectral index results to construct a confusion 
matrix and calculate the metrics of accuracy and precision (Table 6). We use qgis software to 
extract 2889 points (2184 burned, 705 unburned) between 2023 and 2024, with a confidence of 
95% we estimate the margin of error in ± 1.82 (with a success proportion of 0.50).  We discarded 
indexes with accuracy metrics below than ABAI values.
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Table 6.  Validation for best spectral indexes according to validation points.

index Thres.
Confusion Matrix Accuracy and Precision Metrics (%)

tp tn fp fn OA UA PA F1 Score

MIRBI > 3.487 1800 701 0 384 0.867 1.00 0.824 0.904

NBR2 < 0.216 2175 178 523 9 0.816 0.806 0.996 0.891

NBR < -0.500 1403 701 0 781 0.729 1.00 0.642 0.782

ABAI > 0.312 1129 701 0 1055 0.634 1.00 0.517 0.682

tp = True positive, tn = True negative, fp = False positive, fn = false negative, OA= overall accuracy, UA = User 
accuracy, PA = producer accuracy

Figures 3 and 4 show a correspondence between field data of GCA and burned area detected 
by Spectral Index analysis, but still it is required a better filtering of pixels by expert users.

Figure 3.  Validation of Spectral indices for the year 2023.
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Figure 4. Validation of Spectral indices for the year 2024.

By selecting the more functional indexes, i.e., those which indicate where there was a burned 
area or scar of burned area, [17], [18], [31], [32], we proceed with a further analysis with ML 
Classifiers. 
We trained models for LR, NB, and XGB, using our labeling method.  The first step was finding 
the best hyperparameters. We used a grid with different values and a scikit-learn RandomSearch 
function. Then we trained models using the 70-30 rule for partitioning sets of rasters values [49].  
The quicker method was NB (average < 15 seconds in training each Spectral Index raster set), 
followed by XGB (tuning: 563 s., training: 45 s.). The slower ones were HGB (tuning: 1137 s., 
training: 106s) and LR (tuning: 945 s., training: 85 s.). Accuracy and precision metrics were 
summarized in table 7. Best results, generally, were obtained with XGB and LR algorithms. 
Respecting the XGB model, similar results were obtained by Militino et al. [53].
We compared these models with a dummy model accuracy values with different parameter 
implemented in scikit-learn dummy test model (on average, stratified: 0.9907 ± 0.006, most_
frequent: 0.9952 ± 0.003, prior: 0.9952 ± 0.003, uniform: 0.50 ± 0.0001) [69], in general, the 
results of our selected ML models were better than the dummy model except MIRBI with NB 
model. 
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Table 7.  LR and ML models according to Spectral Indexes.

SI model oa pa ua f1 iou k roc_auc

NBR

LR 0.9998 0.9996 0.9996 0.9998 0.9996 0.9996 0.9998
NB 0.9992 0.9984 0.9984 0.9992 0.9984 0.9984 0.9992

XGB 0.9998 0.9996 0.9996 0.9998 0.9996 0.9996 0.9998
HGB 0.9987 1.0000 1.0000 0.9987 0.9975 0.9975 0.9987

NBR2

LR 0.9997 0.9994 0.9994 0.9997 0.9994 0.9994 0.9997
NB 0.9982 0.9964 0.9964 0.9982 0.9964 0.9964 0.9982

XGB 0.9988 1.0000 1.0000 0.9988 0.9976 0.9976 0.9988
HGB 0.9981 0.9963 0.9963 0.9981 0.9963 0.9963 0.9981

ABAI

LR 0.9998 0.9996 0.9996 0.9998 0.9996 0.9996 0.9998
NB 0.9965 0.9931 0.9930 0.9965 0.9930 0.9931 0.9965

XGB 0.9985 0.9969 0.9969 0.9985 0.9969 0.9969 0.9985
HGB 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

MIRBI

LR 0.9997 0.9994 0.9994 0.9997 0.9994 0.9994 0.9997
NB 0.9914 0.9830 0.9827 0.9914 0.9827 0.9830 0.9914

XGB 0.9998 0.9995 0.9995 0.9998 0.9995 0.9995 0.9998
HGB 0.9989 0.9978 0.9978 0.9989 0.9978 0.9978 0.9989

SI: Spectral Index, OA = Overall Accuracy, UA = User Accuracy, PA = Producer Accuracy, F1 = F1 Score, IOU = 
Jaccard Index, k = Cohen Kappa, ROC_AUC = Receiver Operating Characteristic Area Under the Curve. 

Values in Error analysis indicates good fit of classifiers models [21]. The best models were 
LR, XGB and HGB (Table 8).  Respecting XGB and HGB, differences in RMSE between are 
minimal; MAE, MSE and R2 are equal.  NB had the lowest fitting performance. LR had the best 
performance but is a slower training method than XGB.

Table 8. Error Analysis of ML and LR models*.

Model MAE and MSE RMSE R2

LR 0.0003 ± 0.00007 0.016 ± 0.021 0.9990 ± 0.0003

NB 0.0037 ± 0.003 0.056 ± 0.028 0.9543 ± 0.013

XGB 0.0007 ± 0.0005 0.014 ± 0.013 0.9957 ± 0.002

HGB 0.0007 ± 0.0005 0.014 ± 0.016 0.9957 ± 0.004

*Average values

Despite the high values of performance metrics could imply a high risk of overfitting, we must 
consider the limited number of rasters with a low cloud covering percentage, which allows 
us to obtain comparable spectral index values during the wildfire season in the study area. 
Nevertheless we used the normalization of input files to reduce the incidence of outliers [14] and 
performed cross validation with available GCA information.  Figure 5  shows how the ML models 
help to filter rasters with better precision, although still it is necessary for an expert interpretation; 
the most probable zone affected by a fire can be observed clearly and they closely match the 
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data reported by CGA.  Great water bodies as ocean still are detected, but this could be filtered 
nevertheless, our method using ML together with Spectral Index is more effective than using only 
Spectral Index analysis [7] to distinguish burned areas, showing more clearly affected zones by 
fires.  The best results were obtained with LR and boosting methods (XGB and HGB).

Figure 5. Classified pixels with ML models.

Conclusions
Our study demonstrated the possibility to integrate different unconnected python libraries to 
construct a system capable of detecting burned areas in our country, using rasters files as 
input, with successful results. This approach constitutes a relevant methodological contribution, 
as it demonstrates the feasibility of developing flexible and reproducible solutions based on 
open source software for environmental monitoring.  The use of Spectral Index Analysis can 
be complemented with ML algorithms [7], which opens the possibility of improving the process 
automation and reducing reliance on manual interpretation in later stages. 
Calculating a threshold for spectral analysis with natural breaks based in K-means is a useful 
fast alternative to defining spectral index limits for any region without similar previous studies 
[7], [15]. However, the performance of this approach may be influenced by spectral variability 
associated with seasonality, weather, and land cover, which suggests the needs for future 
comparative evaluations with other methods.
Our method was effective and quite efficient to detect burned zones in our study zone 
including scars of fires on lands, but still require expert perspective to interpret generated 
rasters. Nevertheless, our results indicate this method is precise enough without sacrificing 
computational performance and processing time. For future work, the incorporation of field data 
together with automated validation techniques is recommended, as these approaches may 
contribute to reducing subjectivity and enhancing the robustness and reliability of the results. 
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Although we focused on CGA, the approach can be used in different parts of Costa Rica 
for collecting information [12] through satellite imagery processing on high risk restricted or 
geographical difficult to access areas or other zones without previous historical information in 
order to map burned areas to understand damage extension, etc. [70]. Expanding the study to 
different  regions would allow for the assessment of method’s generalization capability and the 
adjustment of analysis parameters to diverse environmental and geographic contexts. 
Finally, the generation of data on burned areas will allow the study of fire dynamics in sites 
affected by recurrent fires [11]. It will also support national strategies based on integrated fire 
management and develop potential conservation strategies [71]. Our research is one effort in 
the development of tools for monitoring and prevention of wildfires in Costa Rica and lays the 
groundwork for the future development of operational monitoring and early warning systems 
based on satellite image analysis. 
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