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Abstract

Background Assessing the severity of forest fires allows us to identify changes that compromise the natural regener-
ation capacity of vegetation. In this study, we evaluated the severity and recovery of vegetation after a fire using Sen-
tinel-2 satellite images for the Cajamarca department in northeastern Peru. Hot spots were downloaded from the Fire
Information for Resource Management System (FIRMS). This allowed us to identify eight groups with an area> 100
hectares, heat intensity > 100 Fire Radiative Power (FRP), and the presence of trees. By applying the Normalized Burn
Ratio (NBR) and the Normalized Difference Vegetation Index (NDVI), the levels of extreme, high, medium, and low
severity were determined, as well as the recovery of vegetation before and after the fire events.

Results and Conclusions The results indicated that 71.02% of the evaluated territory had low severity, 21.95% had
medium severity, 6.41% had high severity, and 0.65% had extreme severity, indicating a prevalence of medium to low
severity in the study area. The fires that occurred had similar NDVI levels in the pre-fire stage; however, after the fire,

a progressive recovery of vegetation was observed in the study area. This highlights the application of spectral indices
to assess the impact and regrowth of vegetation after the development of fires.

Keywords Forest fire management, Forest degradation, Spectral indices, DNBR, Google Earth Engine

Resumen

Antecedentes Determinar la severidad de incendios forestales nos permite identificar cambios que comprometen
la capacidad natural de regeneracién de la vegetacion. En este estudio, evaluamos la severidad y recuperacion de la
vegetacion luego de un incendio, usando imagenes del satélite Sentinel-2 para el departamento de Cajamarca en

el noreste del Peru. Los puntos calientes fueron bajados del sistema de informacion sobre incendios para el manejo
de Recursos (FIRMS en idioma Inglés). Esto nos permitié identificar ocho grupos con un area >100 ha, intensidad

del fuego >100 usando el poder de radiacion del fuego (FRP), y la presencia de arboles. Mediante la aplicacion de la
relacion del Indice que Quemas Normalizado (NBR) y el indice de vegetacion de diferencia normalizada (NDVI), los
niveles de severidad extrema, media, y baja fueron determinados como asi también la recuperacién de la vegetacion
antes y después de eventos de fuego.
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Resultados y Conclusiones Los resultados indicaron que el 71,02 % del territorio evaluado tuvo una baja severi-
dad, 21,95 % tuvo una severidad media, un 6,41% una severidad alta, y un 0,65% una severidad extrema del fuego,
indicando la prevalencia de severidades medias a bajas en el drea de estudios. Los fuegos ocurridos tuvieron similares
niveles de NDVI en el pre-fuego. Sin embargo, luego del fuego, una recuperacion progresiva de la vegetacion fue
observada en el drea de estudios. Esto subraya la utilidad de la aplicacion de indices espectrales para determinar el
impacto y recrecimiento de la vegetacion luego del desarrollo de incendios.

Introduction

Wildfires can pose a serious threat to the natural envi-
ronment and public safety (Jaafari et al. 2018; Zhang
et al. 2018). These events occur due to the existence of a
fire source that can be originated both naturally and by
human actions (Dentoni & Mufoz 2012; Kolanek et al.
2021; Marques et al. 2021). Forest fires are considered
the main source of ecological degradation (Sudhakar
et al. 2020) and modify the dynamics of natural ecosys-
tems (Tonbul et al. 2016). They are currently the subject
of intense research worldwide to develop prevention and
mitigation strategies (Gongalves et al. 2024).

Different factors such as vegetation characteristics,
climatic conditions, and terrain topography can favor
the spread of fire in different parts of the world (Den-
toni & Muiioz 2012; Singh et al. 2022). Fires are mainly
related to the development of anthropogenic activi-
ties, such as agriculture, livestock, and urban growth
(Comisiéon Nacional Forestal [CONAFOR], 2010;
Kolanek et al. 2021; Mabaso et al. 2022). According to
Caraveo (2013), fires are one of the main hazards for
forests and the environment, given that they increase
greenhouse gas emissions and affect ecosystems show-
ing different levels of severity (Botella & Ferndndez
2017; Liu et al. 2021).

According to Garcia-Llamas et al. (2020), fire severity
is an important variable for the prediction of post-fire
vegetation recovery and succession, as it integrates the
active characteristics of the fire and the immediate effects
on the local environment (Shvetsov et al. 2019). Severity
level is a descriptive concept that encompasses the physi-
cal, chemical, and biological alterations experienced by
an ecosystem as a consequence of fire (McLauchlan et al.
2020; Smith et al. 2018; White et al. 1996). Likewise, high
severity is related to low vegetation resilience and to fac-
tors that contribute to its deterioration and changes in its
natural state (Flores et al. 2021). In general, fire severity
is directly related to vegetation regeneration processes:
the more intense the fire, the longer the recovery period
(Caraveo 2013).

Vegetation recovery processes after a fire can vary sig-
nificantly according to place and time, which makes it
difficult to identify patterns or models (Gonzdles et al.
2024; Naveh 1990). Plant regeneration capacity is one of

the most relevant indicators to evaluate the recovery of
ecosystems affected by fire and is strongly influenced by
soil characteristics and the type of climate present in the
area. Despite their negative consequences, forest fires
play essential roles in many forest processes; for example,
they influence the composition and stages of succession
and act as a selective factor for plant traits (Mohajane
et al. 2021). Therefore, understanding post-fire forest
recovery is fundamental to the study of forest dynamics
and global carbon cycling (Meng et al. 2018).

Traditional techniques for monitoring forest fires are
expensive and time-consuming, and their application in
large remote forested areas is of little benefit (Kurbanov
et al. 2022). In view of this, several researchers have
employed remote sensing to assess vegetation regrowth
and monitor fire severity (Pérez-Cabello et al. 2021; Sto-
rey et al. 2016; Vo & Kinoshita 2020). This technique
obtains spectral information that allows to clearly dif-
ferentiate areas affected by fire from those with vegeta-
tion cover (Chuvieco 2001). In addition, the combination
of remote sensing with geographic information systems
(GIS) has been key to understand the behavior of vegeta-
tion and its recovery after fire (Caraveo 2013). Similarly,
remote sensing techniques have facilitated the study of
vegetation regeneration processes from spectral informa-
tion (Diaz-Delgado & Pons 2001).

Recent studies have employed artificial neural net-
works and machine learning as modeling approaches
to achieve high accuracy in wildfire analysis (Piao et al.
2022). According to Sidhu et al. (2018), computing plat-
forms facilitate open access to large datasets and increase
the possibilities for analysis, including the availability of
satellite imagery in large volumes. In this context, Google
Earth Engine (GEE) has established itself in recent years
as a key platform offering advanced services to the scien-
tific community (Piao et al. 2022). GEE is a cloud-based
satellite image processing tool, which stands out for its
high computational speed and its ability to be applied to
large areas (Piao et al. 2022; Singh et al. 2022). It also ena-
bles efficient assessment of fire status (Singh et al. 2022)
and allows semi-automated and systematic monitoring of
spectral severity indices (Parks et al. 2018; Silva-Cardoza
et al. 2021). The assessment of vegetation severity and
recovery by remote sensing provides essential mapping
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information for post-fire action planning, such as refor-
estation, monitoring of vegetation regeneration, or soil
protection against possible erosion processes (Caraveo
2013). Worldwide, several studies have used remote sens-
ing techniques to evaluate regeneration and severity of
forest fires (Morante-Carballo et al. 2022; Morresi et al.
2019; Pérez-Cabello et al. 2021; Shvetsov et al. 2019; Vo
& Kinoshita 2020); however, in Peru, work in this field is
still limited.

The estimation of forest fire risks is uncertain due
to factors such as the presence of compound events,
the interaction between fire and vegetation, and social
aspects (Gongalves et al. 2024). The report of favorable
conditions for the occurrence of fires on vegetation cover
(CFOI), of the Cajamarca region, determined that, in
2019, 26% of the regional territory presented a high level
of conditions conducive to the occurrence of forest fires
(SIAR, 2019). The lack of estimates of the severity level of
forest fires in the Cajamarca region based on remote sen-
sors and calibrated with field data hinders decision-mak-
ing by the competent authorities. Therefore, the present
research aims to evaluate the severity and post-fire vege-
tation recovery using satellite images, in order to provide
information to decision-makers and assist in the restora-
tion and improvement of damaged areas, while analyzing
the behavior of fires in this part of the Peruvian territory.

Methods
Study area
The department of Cajamarca is located in north-
ern Peru, approximately 800 km from the capital, Lima
(Fig. 1). It covers an area of 33,317.54 km? (Sineace,
2020). Politically, it is divided into the provinces of
Cajamarca, Cajabamba, Celendin, Chota, Contumaz,
Cutervo, Hualgayoc, Jaén, San Ignacio, San Marcos, San
Miguel, San Pablo, and Santa Cruz, with an approximate
population of 1,341,012 inhabitants (INEL, 2018).

According to the Ecological and Economic Zon-
ing (ZEE) of the Cajamarca department, 39% of the
Cajamarca territory is allocated to productive zones
(1,286,576 ha), of which 20.5% corresponds to agriculture
(263,762 ha), 19.4% to pasture for livestock (249,596 ha),
and 23.7% to forestry production (305,397 ha) (Quispe,
2017). According to the National Meteorology and
Hydrology Service (SENAMHI) (https://www.senamhi.
gob.pe/), the region has an average annual temperature of
14.7 °C, with average maximum and minimum tempera-
ture values ranging between 4.9 and 22.2 °C. The average
relative humidity is 72%, and rainfall varies between 380
and 1200 mm per year.

The relief, strongly influenced by the Andes Moun-
tains, conditions agricultural and livestock development
according to altitude and soil characteristics (DGP, 2019).
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According to CENEPRED (2022), the department
of Cajamarca has a high incidence of forest fires, with
42.08% of its territory classified in high and very high risk
levels, affecting approximately 1,388,605 hectares. The
months of November and December register the high-
est frequency of occurrence, with the provinces of Jaén,
Cajamarca, Cutervo, Celendin, and Chota being consid-
ered the most critical.

Methodological approach

Figure 2 shows the methodological process to assess
the severity and recovery of post-fire vegetation in the
Cajamarca department through the analysis of satel-
lite images and remote sensing. The first step was to
identify fires occurring between 2020 and 2021 from
hot spot data captured by MODIS and VIIRS sensors,
obtained from the FIRMS platform. To determine the
levels of extreme, high, medium, and low severity and
vegetation recovery for pre-, during, and post-fire, the
Normalized Burned Area Ratio (NBR) and Normal-
ized Difference Vegetation Index (NDVI) were applied
to analyze fire severity and monitor vegetation regen-
eration. Over the last two decades, numerous spectral
indices have been developed to quantify fire severity,
each showing specific strengths in local studies (Guo
et al. 2024a, b). Although these indices differ in the
combination of spectral bands used, which leads to
differences in their performance for assessing severity,
the highest accuracy for fire severity classification has
been reported for RANBR (Sentinel) and dNBR (Land-
sat) (Glney et al. 2023). In this sense, the differenced
Normalized Burn Ratio (ANBR) has become the stand-
ard spectral index for evaluating fire severity (Guo et al.
2024a, b; Veraverbeke et al. 2012). On the other hand,
vegetation indices play an important role in remote
sensing studies of burned forest areas and fire sever-
ity (Kurbanov et al. 2022). The Normalized Difference
Vegetation Index (NDVI), calculated by combining the
red and NIR bands, is well correlated with fire severity
(Guo et al. 20244, b; Ryu et al. 2020).

Gathering cartographic information

Data collection was based on records of hot spots
detected by MODIS (resolution: 1 km) and VIIRS (reso-
lution: 375 m) sensors in Peru during 2020 and 2021
(Table 1). FIRMS data (downloaded on 03/11/2021,
https://firms.modaps.eosdis.nasa.gov/download/), exten-
sively validated for forest fires (Colak & Sunar 2020;
Morresi et al. 2019; Suresh Babu et al. 2016), were com-
plemented with geospatial layers from the MINAM Geo-
server (https://geoservidor.minam.gob.pe/recursos/inter
cambiodedatos/). This integration allowed delimiting
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Fig. 1 Location of the study area. Sites (a) and (f) correspond to fires in forested areas (green symbols), whereas sites (b—e), (g), and (h) correspond
to fires in areas dominated by shrubs, grasslands, and herbaceous vegetation (red symbols)
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Fig. 2 Methodological diagram for assessing fire severity and post-fire regrowth

Table 1 MODIS and VIIRS hot spots downloaded from FIRMS
geoserver

Id Instrument Year Heat sources
fire_nrt_M-C61_199225 MODIS 2021 885
fire_archive_M-C61_199225 MODIS 2020 17,919
fire_nrt_J1V-C2_199226 VIIRS 2020 104,751
fire_nrt_V1_199227 VIIRS 2021 1510
fire_archive_V1_199227 VIIRS 2020 102,567

forest areas excluding urban, agricultural, and aquatic
areas, ensuring that only fires in forest areas were
analyzed.

MODIS and VIIRS products provide highly relevant
information on fire events, their spatial and seasonal
trends (Biogeosciences & Alperen Coskuner 2022).
MODIS fire products have a nominal spatial resolu-
tion of 1 km, which is very low compared to the size of
typical forest fire features. However, simulations show
that MODIS has a 50% chance of detecting a 100 m?
(~1000 K) flaming fire or a 1000-2000 m?* smoldering

fire (Eckmann et al. 2008; Fraser et al. 2000; Giglio et al.
2016; Hawbaker et al. 2008). Furthermore, algorithms
cannot detect fires through dense clouds or smoke.
Therefore, a large fire may go undetected for several
days and then reappear; a small fire may burn and
extinguish without being detected (Fraser et al. 2000).
Given the above, smaller fires (<100 ha) were excluded
from this research (Vetrita et al. 2021).

Identification of areas affected by forest fires

The first filter was based on MODIS and VIIRS hot spot
extraction using standardized methods (Li et al. 2018;
Yang et al. 2023). These data were intersected with
Cajamarca boundaries using QGIS 3.28 and checked
against local GeoMINAM records to exclude urban, agri-
cultural, and aquatic areas. The second filter, applied with
a MIDAGRI agricultural layer, reduced the initial foci,
retaining only those in forested areas. Finally, the perime-
ters of burned areas were delimited. For this purpose, size
and heat intensity criteria were established (Gonzalez-
Gutiérrez et al. 2020; Vilchis-Francés et al. 2015) that
allowed the identification of significant fires, ensuring
that the analysis focused on ecologically relevant events:
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— Size: perimeters of forest fires with areas larger than
100 ha were estimated.

— Heat intensity: heat sources with normalized Fire
Radiative Power (FRP)>100 MW/km?* were selected
using Eq. 1:

FRP(n) = FRP/(SCAN * TRACK) 1)

Where:

« FRP(n): normalized Fire Radiative Power (MW /km.?)
« FRP: measured Fire Radiative Power (MW /pixel)

+ SCAN: satellite perpendicular scan width (km)

« TRACK: satellite sampling orbital path length (km)

Determination of severity level in forest fires

Fires with an affected area greater than 100 hectares were
subjected to a selection process by applying inclusion
and exclusion criteria. Heat intensity was estimated from
active hot spot data obtained from MODIS and VIIRS
sensors. For each active-fire pixel, we calculated the nor-
malized Fire Radiative Power FRP(n) (MW km™?) using
Eq. (1). Hotspots with FRP(n) >100 MW km™2 were then
grouped into spatial clusters through a kernel analysis of
FRP values, and clusters that met the criteria of burned
area>100 ha and presence of high-intensity pixels were
retained as individual fire events. This procedure allowed
us to accurately identify high-energy fires and robustly
delimit their spatial extent.

Pre-fire and post-fire dates were determined from the
chronological analysis of forest hot spots detected for
each cluster, identifying the first and last record of the
event. In order to capture pre-fire and post-fire condi-
tions more accurately, the start date was set as the day
before the first heat thermal anomaly and the end date as
the day after the last active record (Briones-Herrera et al.
2020).

The satellite images were processed using the GEE plat-
form, in which a script developed by Silva-Cardoza et al.
(2022) was adapted and applied, modified to incorporate
specific dates corresponding to the periods before, dur-
ing, and after each fire. The necessary spectral indices
to quantify the changes in the vegetation caused by the
fire and to delimit the burned areas were calculated from
these images (Escuin et al. 2008).

The corrected Differential Normalized Burning Index
(dNBRc) was used to determine the severity of the fire
(Silva-Cardoza et al. 2022). It was obtained by the dif-
ference between the values of the NBR derived from
multispectral images captured for the pre- and post-fire
periods. The name dNBRc refers to the application of a
phenological correction, as detailed in Briones-Herrera
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et al. (2020), with the purpose of minimizing natural sea-
sonal variations in vegetation that could interfere in the
interpretation of changes attributable to fire.

For the spatial analysis and cartographic representa-
tion, ArcGis 10.8 software was used. The burned areas
were classified into severity levels (low, medium, high,
and extreme) using a symbology adapted to the condi-
tions of the study area. This classification was based on
the ranges established by Briones-Herrera et al. (2022)
for the values of spectral indices and was supported by
the files and criteria of the Mexican Forest Fire Danger
Prediction System (SPPIF) (http://forestales.ujed.mx/
incendios2/#). The symbology was modified to suit the
ecological context of the region of analysis, thus ensuring
a consistent interpretation of fire impacts on vegetation.
The color ramp of the symbology established colors: yel-
low, representing low damage; orange, medium damage;
red, high damage; and black, extreme damage (Briones-
Herrera et al. 2022). The Burned Area Plugin downloaded
from SPPIF and compatible with QGis 3.16.11 was used
to map the perimeter of the fires.

Based on the dNBRc thresholds proposed by Silva-
Cardoza et al. (2021) for temperate forests, we visually
inspected the dNBRc histograms and spatial patterns
of the eight fires and compared them with the severity
observed in the field in the two validated fires. The origi-
nal thresholds used in this study were unburned < 66, low
severity 66—197, medium severity 197—-394, high severity
394-590, and extreme severity > 590 (ANBRc units scaled
by 10°) (Table 2).

Using the GEE platform, Sentinel-2 MSI Level 2A
surface reflectance images (COPERNICUS/S2_SR col-
lection) were downloaded and processed for the peri-
ods before and after the fire for each event. From these
scenes, the NBR was calculated using the 20 m 8 A (NIR)
and 12 (SWIR) resolution bands. Subsequently, the
dNBR was obtained from the temporal difference in NBR
between the scenes before and after the fire (Delcourt
et al. 2021). Finally, the dNBRc was derived by apply-
ing a phenological correction, with the aim of improv-
ing the accuracy of fire severity detection. For each fire,
the dNBRc was determined by calculating the average
value of ANBR in all pixels located from 3 to 5 km out-
side the fire perimeter (Briones-Herrera et al. 2022).
Once the images were processed and reclassified using
the dNBRc index, the areas where the intensity of the fire
affected the ecosystem were verified using orthophotos.
This remote verification was complemented by exhaus-
tive field work, in order to validate the results obtained by
remote sensing.

During the satellite analysis, a total of eight forest fires
were identified in the study area. Of these events, two
representative fires were selected for field verification,
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Table 2 Fire severity classification according to dNBRc values for
temperate ecosystems
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Table 3 Severity levels in vegetation according to the
percentage of scorching in the canopy

Severity Classification
values (¥)

Unburned <66

Low 66-197

Medium 197-394

High 394-590

Extreme >590

(¥) Classification thresholds correspond to dNBRc values calculated from NBR
scaled by 10° and stored as integer values, according to Lutes et al. (2006)

considering their accessibility, magnitude, and diversity
of spectral severity levels classified as follows.

The second step consisted of evaluating fire sever-
ity in the field; for this purpose, 10 plots were identified
and selected (two plots with a radius of 9 m and eight
plots with a radius of 15 m) systematically distributed in
areas representative of the different severity levels previ-
ously classified. Then, three transects were established in
each plot, where in each transect three 30X 30 cm square
sampling subsites were identified (Gonzales et al. 2024;
Morfin-Rios et al. 2012; Silva-Cardoza et al. 2021). The
geographic location of the plots was recorded using a
Global Positioning System (Garmin GPSmap 79S), which
allowed georeferencing and comparison with the results
derived from the satellite analysis.

In each plot, the following severity variables were eval-
uated in the field:

— DPercentage of vegetation cover affected

— Level of soil and litter carbonization

— Damage to tree and shrub canopy foliage

— Presence of post-fire regrowth

— Mortality of herbaceous and woody species

The in situ severity level was assigned based on a
standardized visual key proposed by Silva-Cardoza
et al. (2021), which classifies severity into five levels: not
burned, low, medium, high, and extreme. Table 3 con-
tains the measures of vegetation severity levels according
to the percentage of crown affected by fire.

Among the eight mapped fires, we selected the
Huasmin and San Felipe events for field validation
because they combined (i) contrasted severity gradients,
(ii) accessibility and safety conditions, and (iii) repre-
sentativeness of the dominant fuel types in the region.
In total, 10 circular plots (2 plots with 9 m radius and 8
plots with 15 m radius) were distributed across the five
dNBRc severity classes (unburned, low, medium, high,
and extreme), following the procedure described by

Vegetation severity level Description

Unburned (control) Unburned tree crown

Low Crown scorch < 1/3 of the tree crown

Medium Crown scorch > 1/3 and < 2/3 of the tree
crown

High Crown scorch>2/3 and < 90% of the tree
crown

Extreme Crown consumption >90% of the tree

crown

Silva-Cardoza et al. (2021). For each plot, we assigned a
field-based severity class and extracted the correspond-
ing dNBRc class from the map.

Verification of post-fire natural regeneration indicators
To evaluate post-fire vegetation recovery, a script was
developed in the GEE platform, using the NDVI formula
proposed by Rouse et al. (1973), as shown in Eq. 2:
NDVI=(NIR - RED)/(NIR+RED) (2).
Where:

+ NDVIis the Normalized Difference Vegetation Index
on ascale of —1to 1.

+ NIR is the light reflected in the near-infrared spec-
trum.

+ RED is the reflected light in the red range of the spec-
trum.

Of the eight fires evaluated, two occurred in forested
areas and six in areas dominated by scrubland, grassland,
and herbaceous vegetation. For this reason, field valida-
tion was carried out only in the two forested areas, where
it was possible to more accurately assess the severity lev-
els in the tree cover, in accordance with the criteria estab-
lished in the study.

The analysis was carried out using satellite images
from the Sentinel-2 sensor, corresponding to three key
moments: before the fire (approximately 2 months before
the event), during the fire, and after the fire (approxi-
mately 3 months after the event). Due to the high cloud
cover in the study area, cloud cover of less than 30% was
considered in order to obtain clear images for the study
areas.

The three key moments of analysis in this study are
shown in Table 4.

For the general analysis of vegetation cover, compos-
ites based on the median of Sentinel-2 images were used,
which allowed minimizing the influence of outliers and
generating a more stable representation of the spectral
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Table 4 Download dates of the Sentinel-2 images used for the NDVI analysis of the fire
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Fecha_dur

Fecha_post

Fire Fecha_pre

Huasmin '2020-05-25;'2020-08-25'
Jesus '2020-04-21,"2020-07-21"
Miracosta '2020-06-06;'2020-09-05"
Pomahuaca 2020-05-10,'2020-08-10
Pucara '2020-06-28;"2020-09-28'
Querocatillo '2020-04-18,2020-07-18'
San Felipe 2020-06-30,'2020-09-30"
San Juan 2020-05-20,'2020-08-25"

'2020-09-26;2020-11-30’

'2020-08-22,2020-11-03"
'2020-10-04,2020-11-20'
'2020-09-10;"2020-11-09'

'2020-10-27,2020-12-28'

'2020-08-18,'2020-10-06'

'2020-10-30,"2020-11-30
'2020-09-25,"2020-10-25"

'2020-12-30;'2021-03-30'
'2020-12-03;"2021-03-03"

'2020-12-20;"2021-03-20'
2020-12-09;2021-03-09'
'2021-01-28,"2021-04-28'
2020-11-06;'2021-02-06'
'2020-12-30;"2021-03-30'
'2020-11-25,2021-02-25'

Table 5 NDVI classification according to vegetation type

Class Type of vegetation

-1-0 Sparse vegetation or bare soil

0-0.33 Vegetation with some type of deficiency
0.33-0.66 Moderately healthy vegetation

0.66-1 Very healthy vegetation

behavior of the landscape. Additionally, post-fire visual
mosaics were generated to facilitate the spatial interpre-
tation of recovery patterns.

Once the NDVI images were generated, we proceeded
to their analysis within ArcGIS 10.8 software, where
NDVI values were reclassified according to the proposal
of Filicetti et al. (2018), in order to evaluate the quality of
the post-fire vegetation cover, as detailed in Table 5.

Results

Identification of areas affected

A total of 366,060 hot spots were recorded in Peru,
detected by MODIS and VIIRS sensors. Of these, 9077
hot spots corresponded to the Cajamarca department
with occurrences in primary forest, secondary forest,
grasslands, agricultural areas, and pastures. When apply-
ing the MINAM forest layer filter, non-forest outbreaks
were discarded, resulting in 4949. Subsequently, when fil-
tering with the agricultural use layer of the region, 1795
outbreaks located in agricultural areas were identified;
the difference of 3154 remaining outbreaks corresponded
to detections in forest areas (210 from MODIS and 2944
from VIIRS).

From the 3154 forest hot spots, 351 clusters were gen-
erated with areas ranging from 0 to 648 ha, for a total
of 17,251 ha throughout Cajamarca. Of these clusters,
48 exceeded 100 ha and 101 had a Fire Radiative Power
(FRP) greater than 100 MW/km? Crossing both crite-
ria (area>100 ha and FRP >100) resulted in a subset of
32 clusters, from which eight representative fires were

selected, named according to the place of occurrence:
San Felipe, Pucard, Pomahuaca, Miracosta, Huasmin, San
Juan, Jesds, and Querocotillo. The selection was based
on the presence of trees, accessibility (topographic and
social considerations), and the visibility of signs of the
fire.

Determination of the severity level

The NBR index in before and after images for the fires
revealed significant differences in the distribution of fire
damage. Figure 3 shows the results of the NBR index for
the images obtained before and after the eight fires ana-
lyzed, showing a marked difference in vegetation when
comparing pre-fire and post-fire conditions. In the pre-
fire images, blue and green coloration can be seen, indi-
cating that the vegetation has not been affected by the
fire, while in the post-fire images the scar left by the
impact of the fire on the vegetation is evident, generat-
ing pixels with dark tonality that represent less recovery
of the vegetation. Thus, it is evident to appreciate the scar
left by the impact of fire in the Pomahuaca, Pucara, and
San Juan fires, since the entire surface shows a marked
dark coloration. In contrast, the fires in San Felipe, Quer-
ocotillo, Miracosta, Huasmin, and Jesis show a higher
concentration of light pixels, which denotes a recovery
in the reflectance of the vegetation due to the growth of
some plants that emerged after the rains.

The results of the dNBRc index for the fire incidence
areas in the department of Cajamarca are presented in
Fig. 4, where, associated with a color symbology (yellow,
orange, red, and black) that reflects severity levels (low,
medium, high, and extreme), they show the level of affec-
tation during the fire. Accordingly, it is possible to visu-
ally differentiate the separation of the index values that
classify the severity levels. It is observed that in the eight
fires there is a similar pattern of the area burned by the
fire, where the most affected areas are surrounded by
areas of medium severity followed by low severity, pre-
sent in most of the affected polygons.
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Fig. 4 Severity levels determined by the bitemporal spectral index (before and after the fire) dNBRc of the fires distributed in five provinces
of the Cajamarca region: in the province of Jaén there are the San Felipe, Pomahuaca, and Pucard fires (a, b, and ), in the province of Cutervo
the Querocatillo fire (d), in the province of Chota the Miracosta fire (e), in the province of Celendin the Huasmin fire (f), and in the province

of Cajamarca the San Juan and Jesus (g and h)

In aggregate terms, the total area impacted by the eight
fires amounted to 6028.06 ha. Low severity predomi-
nated with 4278.60 ha (71.02% of the total), followed by
medium severity with 1323.33 ha (21.95%), high sever-
ity with 386.69 ha (6.41%), and extreme severity with
39.44 ha (0.65%) (Table 6).

On a specific scale, the fire in Jesis was particu-
larly noteworthy for being the largest, with 2422.48 ha
affected, mainly in the low severity category (74.90% of
the area). On the other hand, San Felipe and Huasmin
had relatively smaller affected areas (345.30 ha and
793.06 ha, respectively), with a predominance of low
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Table 6 Area affected by fires according to severity level of the
dNBRc index

Fire Total area Severity
ha Low (ha) Medium High (ha) Extreme

(ha) (ha)

San Felipe 34530 279.21 39.97 16.40 9.71

Huasmin 793.06 566.74 183.24 36.57 6.51

Jesus 242248 181444  475.16 132.84 0.04

Miracosta  452.92 259.10 149.59 40.85 3.38

Pomah- 354.36 150.16 137.48 55.12 11.60

uaca

Pucara 535.36 350.64 169.12 15.60 0.00

Queroco-  845.95 749.96 69.49 23.55 2.95

tillo

San Juan 278.64 108.36 99.28 65.76 524

Total 6028.06 427860 132333 386.69 3944

severity and few areas of extreme severity. The Pomah-
uaca fire stands out for the greater relative proportion
of high (55.12 ha) and extreme (11.60 ha) severity areas
compared to its total area (354.36 ha), while Queroco-
tillo showed a high predominance of lightly affected areas
(94.15% with low severity).

Finally, San Juan, with the smallest total area affected
(278.64 ha), stood out for having a more balanced dis-
tribution between low, medium, and high severity
categories.

Verification of indicators of natural regeneration

The temporal evaluation of the NDVI index made it
possible to determine the state of the vegetation cover
before, during, and after the forest fires that occurred in
the department of Cajamarca. The results show that veg-
etation health and activity were affected during the fire,
followed by a variable recovery in the post-fire period,
determined by the edaphoclimatic conditions of each
site.

In the pre-fire period, vegetation cover predominated
in the moderately healthy (NDVI between 0.33 and
0.66) and very healthy (NDVI>0.66) vegetation classes.
In Huasmin, 95.90% of the area presented NDVI values
higher than 0.33, distributed in 74.61% of moderately
healthy vegetation and 21.29% classified as very healthy.
During the fire, the very healthy category was reduced
to 3.40%, while the poor vegetation (NDVI between 0
and 0.33) increased to 59.18%. In the post-fire period,
moderately healthy vegetation dominated (80.53%), and
very healthy cover accounted for 14.89% of the area. In
Jests, very healthy vegetation decreased from 27.85%
pre-fire to 9.69% during the fire and 6.70% in the post-
fire period, whereas the moderately healthy category
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remained predominant, varying from 65.67% pre-fire to
66.27% post-fire. In Pomahuaca, the behavior was more
drastic: during the fire, 87.48% of the area was classified
as deficient, but this condition partially reversed in the
post-fire period, when moderately healthy vegetation
reached 59.79% and poor vegetation decreased to 39.08%.
Highly positive responses were observed in Pucara and
San Felipe. In Pucard, very healthy vegetation increased
from 0.11% pre-fire to 41.26% post-fire, accompanied by
a marked reduction of vegetation with some type of defi-
ciency from 49.60% to 1.04%. In San Felipe, very healthy
vegetation rose from 14.83% pre-fire to 53.11% post-fire
(21.57% during the fire). In San Juan, on the other hand,
recovery was slower, with 36.00% of the area still clas-
sified with low NDVI after the fire, despite registering
59.10% of moderately healthy cover and only 4.90% of
very healthy cover.

These results reflect a significant recovery in most of
the evaluated sites; however, this did not follow the same
behavior, since marked differences were observed from
one site to another. Detailed NDVI values for each veg-
etation cover class in the pre-, during, and post-fire peri-
ods are presented in Table 7, providing a quantitative
picture of vegetation impact and recovery by locality.

NDVi variation for fires

Table 8 shows the behavior of NDVI for the fire areas
evaluated in three time periods (pre-, during, and post-
fire) allowing the identification of clear quantitative pat-
terns of vegetation impact and recovery. The comparison
between times shows that all fires experienced deterio-
ration in vegetation health during the fire, with marked
differences in the magnitude of the impact and in the
recovery response.

In the Miracosta and Querocotillo fires, NDVI was
moderately reduced during the fire, decreasing from
0.58 to 0.45 and from 0.57 to 0.52, respectively; however,
post-fire mean values remained below their initial levels
(0.42 and 0.36). On the other hand, in Pomahuaca and
Pucard, NDVI was reduced to low levels during the fire
(0.22 and 0.21, respectively), but subsequently showed
marked increases (0.36 and 0.63, respectively), reflecting
a stronger recovery response. San Felipe showed one of
the greatest post-fire recoveries, with a mean NDVI of
0.62, exceeding its pre-fire value (0.50). In contrast, San
Juan presented a post-fire NDVI of only 0.39, indicating a
slower and more limited recovery.

The analysis of the coefficient of variation (CV) reveals
that during the fires, NDVI heterogeneity increased in all
sites, and although this trend generally decreased after
the event, post-fire CV values in some areas remained
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Table 7 NDVI values according to range threshold for pre-, during, and post-fire times
Fire Type of vegetation Evaluation time
Pre During Post
ha % ha % ha %
Huasmin Bare soil 0.00 0.00 0.00 0.00 0.00 0.00
With some deficiency 32.60 41 469.72 59.18 36.32 4.58
Moderately healthy 592.20 74.61 297.08 3743 639.24 80.53
Very healthy 168.96 21.29 26.96 340 118.20 14.89
Jesus Bare soil 0.00 0.00 0.00 0.00 0.00 0.00
With some deficiency 156.84 6.47 805.84 33.27 654.72 27.03
Moderately healthy 1590.96 65.67 1382.00 57.05 1605.40 66.27
Very healthy 674.68 27.85 234.64 9.69 162.36 6.70
Miracosta Bare soil 0.00 0.00 0.00 0.00 0.00 0.00
With some deficiency 10.04 2.21 130.04 28.58 146.00 32.09
Moderately healthy 32044 7042 266.68 5861 262.32 57.65
Very healthy 124.56 2737 5832 12.82 46.72 10.27
Pomahuaca Bare soil 0.00 0.00 0.00 0.00 0.00 0.00
With some deficiency 81.08 22.88 310.00 87.48 13848 39.08
Moderately healthy 254.68 71.87 4140 11.68 211.88 59.79
Very healthy 18.60 5.25 2.96 0.84 4.00 1.13
Pucard Bare soil 0.00 0.00 0.00 0.00 0.00 0.00
With some deficiency 265.52 49.60 493.16 92.12 5.56 1.04
Moderately healthy 269.24 50.29 42.16 7.88 308.92 57.70
Very healthy 0.60 0.11 0.04 0.01 220.88 41.26
Querocotillo Bare soil 0.00 0.00 0.00 0.00 0.12 0.01
With some deficiency 16.48 1.94 40.72 4.80 368.48 4339
Moderately healthy 669.08 78.79 705.92 83.13 459.60 5412
Very healthy 163.64 19.27 102.56 12.08 21.00 247
San Felipe Bare soil 0.00 0.00 0.12 0.03 0.00 0.00
With some deficiency 37.56 10.83 85.72 24.71 36.60 10.55
Moderately healthy 257.92 7435 186.24 53.68 126.08 36.34
Very healthy 51.44 14.83 74.84 21.57 184.24 53.11
San Juan Bare soil 0.00 0.00 0.00 0.00 0.00 0.00
With some deficiency 592 212 189.96 68.17 100.32 36.00
Moderately healthy 188.64 67.70 82.56 29.63 164.68 59.10
Very healthy 84.08 30.18 6.12 2.20 13.64 4.90

1: sparse vegetation or bare soil; 2: vegetation with some type of deficiency, 3: moderately healthy vegetation, and 4: very healthy vegetation

above pre-fire levels, indicating spatially heterogeneous
regeneration.

The analysis of the rate of variation (TV) of NDVI
reveals a rapid degradation of vegetation caused by fire
and a differential recovery behavior between fires. The
pre — during transition shows negative values in all sites,
evidencing an effect of vegetation degradation after fire
impact. The most pronounced reductions were recorded
in San Juan (—48.52%), Pomahuaca (—47.32%), and
Huasmin (—39.87%), which reflects a notable effect on
the active vegetation cover. However, the during— post
transition revealed a positive and accelerated vegetation

response in several study areas. Pucard (199.31%) and
Pomahuaca (64.37%) showed the highest recovery rates,
followed by San Juan (33.19%) and San Felipe (26.41%),
whereas Jests (2.29%) exhibited only slight improvement
and Miracosta (—5.66%) and Querocotillo (—29.94%)
continued to decline. The final pre — post balance reveals
that only Pucard (+85.98%) and San Felipe (+23.31%)
managed to exceed the pre-fire vegetation state in terms
of NDVI, while the remaining sites did not reach their
initial values, particularly Querocotillo (—35.96%), San
Juan (—31.43%), and Miracosta (—26.66%). This con-
trast suggests ecosystem variability in both regeneration
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Table 8 Statistical values of NDVI for the study areas at different
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Table 9 Rate of change of NDVI for the study areas at different

times times
Fire Stage Mean SD CV (%) Fire Comparison ANDVI (%)
Huasmin Pre 0.55 0.13 2367 Huasmin Pre—during —39.87
During 0.33 0.16 47.31 During — post 61.09
Post 0.53 0.12 22.14 Pre— post -3.14
Jesus Pre 0.56 0.15 269 Jesus Pre—during —2442
During 042 0.15 349 During — post 229
Post 043 0.15 3453 Pre — post —22.69
Miracosta Pre 0.58 0.12 20.72 Miracosta Pre—during —22.25
During 045 0.17 38.59 During — post —5.66
Post 042 0.18 41.58 Pre — post —26.66
Pomahuaca Pre 042 0.13 31.59 Pomahuaca Pre—during —47.32
During 0.22 0.1 48.67 During — post 64.37
Post 0.36 0.1 27.16 Pre — post —13.41
Pucarad Pre 0.34 0.07 20.52 Pucard Pre —during —37.86
During 0.21 0.08 37.04 During — post 199.31
Post 0.63 0.1 16.23 Pre —post 85.98
Querocotillo Pre 0.57 0.1 18.05 Querocotillo Pre —during -86
During 0.52 0.12 22.64 Durante — post —29.94
Post 0.36 0.13 35.98 Pre — post —35.96
San Felipe Pre 0.5 0.15 28.74 San Felipe Pre—during —246
During 049 0.21 43 During — post 2641
Post 0.62 0.2 3143 Pre — post 2331
San Juan Pre 0.57 0.13 23.11 San Juan Pre—during —48.52
During 0.3 0.15 50.97 During — post 33.19
Post 0.39 0.13 337 Pre — post -3143

capacity and post-fire functional efficiency. A detailed
summary of the NDVI rate of variation across all sites
and time intervals is presented in Table 9, supporting the
observed spatiotemporal dynamics.

The temporal variation (before-pre, during) and veg-
etation recovery after fires (post) in the eight study sites
(San Felipe, Pomahuaca, Pucard, Querocotillo, Mira-
costa, Huasmin, San Juan, and Jests) is shown in Fig. 5.
The spatial representation of the Normalized Difference
Vegetation Index (NDVI) levels allows us to identify the
differential impact of the fires in each study site and the
degree of vegetation recovery. In all cases, a decrease in
NDVI was observed during the fires, evidenced by the
expansion of red and orange areas, indicating loss of veg-
etation cover. In the “post” stage, localities such as San
Juan (Fig. 5u), Jests (Fig. 5x), and Querocotillo (Fig. 5i)
show partial recovery, reflecting a limited or slow regen-
eration (Table 7); on the contrary, San Felipe (Fig. 5c) and
Huasmin (Fig. 5r) show a marked recovery of greenness
in the “post” stage, with a greater presence of light and
dark green shades compared to during the fire.

The NDVI values reveal that, in San Felipe, mean
NDVI changed from 0.50 before the fire to 0.49 during

the fire and increased to 0.62 post-fire, accompanied
by an expansion of the very healthy vegetation class
(NDVI>0.66) from 14.83% to 53.11% of the burned area.
With respect to Huasmin, mean NDVI decreased from
0.55 to 0.33 during the fire (A= —0.22), a trend that was
repeated in all study sites, as all forest physiognomies
showed a marked decrease in NDVI during the fire, even
in unburned areas.

Discussion
The evaluation of severity and post-fire vegetation
recovery was based on cartographic information of hot
spots and the processing of Sentinel-2 satellite images,
which made it possible to accurately identify the loca-
tion, magnitude, and spatial behavior of forest fires in
the Cajamarca region. As stated by Afiamuro-Luque
et al. (2020), tools based on geographic information sys-
tems and remote sensing are useful for mapping burned
areas, identifying fire severity and monitoring vegetation
regeneration.

In this study, the selection of fires was carried out
under criteria adjusted to the regional context: clusters
larger than 100 ha and FRP greater than 100 MW /km?
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Fig. 5 Spatiotemporal variation of the Normalized Difference Vegetation Index (NDVI) in areas affected by forest fires in eight localities
of the Cajamarca region—~Peru, at three points in time (pre-, during, and post-fire)
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Although other authors, such as Gémez-Sanchez et al.
(2017), define large fires as those larger than 500 ha, the
adaptation of this category was justified by the predomi-
nance of smaller events in the Cajamarca region, which
despite their size cause the same damage, affecting the
connectivity and resilience of ecosystems and implying
serious consequences for ecology, the environment, the
population, and property (Kala 2023). The disruption
of local economies due to forest fires directly affects the
livelihoods of small farmers (Carmo et al. 2022), whose
incomes often require greater dependence on the sus-
tainable exploitation of available natural resources to
increase their income (Lopes et al. 2025).

An important factor influencing hotspot detection is
the temperature thresholds of fire candidates (Kumar
& Kumar 2022). In thermal remote sensing, thresholds
determine the level at which a pixel is classified as a fire
candidate. Lower thresholds will allow smaller fires to
be detected with a lower average temperature of the fire
pixel (Qian et al. 2009). However, lower thresholds for
selection would result in a strong overestimation of fires,
especially in areas with a warmer background>300 K,
such as small urban areas and bare soils that are not
detected with exclusion masks or filters (Plank et al.
2017). Conversely, the corresponding MODIS channel
saturates at approximately 500 K (Justice et al. 2002),
which favors the use of higher thresholds and allows the
selection of fire candidates in areas with warmer back-
grounds. Therefore, in fire detection with MODIS data,
the detection work is mainly based on infrared bands
sensitive to ground temperature, to detect abnormally
high temperature points on the ground according to the
fixed brightness temperature threshold (Ding et al. 2023).
In this research, the co-regulated dNBR index (dNBRc)
was used to classify severity, using the threshold values
proposed by Silva-Cardoza et al. (2021) for temperate
forests, which are the result of applying statistical mod-
els to predict severity assessment in the field in temperate
forest ecosystems (pine, pine-oak, oak-pine). Unlike the
thresholds defined by Key and Benson (2006), which were
formulated for the dNBR index without phenological
correction, the methodology adopted in this study incor-
porates a seasonal correction that improves the detection
of changes attributable to fire. As part of the procedure,
we visually inspected the histograms and spatial patterns
of ANBRc for the eight fires analyzed and compared them
with the severity observed in the field in the two validated
fires. In other words, the remote indices (RBRc, dNBRc)
were calibrated with actual observations of vegetation
and soil severity. This approach allowed us to adjust the
severity ranges to the structural and functional charac-
teristics of the areas evaluated in the Cajamarca region
and confirm that the ranges proposed by Silva-Cardoza
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et al. (2021) were consistent with the spectral distribution
and observations of vegetation and soil damage in the
study area.

The results obtained reveal that most of the fires evalu-
ated had medium to low severity levels, which is consist-
ent with Ferndndez-Garcia et al. (2019), who argue that
these patterns may be associated with the type of vegeta-
tion and its degree of structural maturity, as well as with
its natural fire regime. On the other hand, other research
has explained the factors that influence the severity of
fires; Estes et al. (2017) documented that topography, cli-
mate, and fuels are known factors that drive fire behav-
ior; for example, fires on high and middle slopes tend to
burn more severely than low slopes; and east and south-
east orientations tend to burn more severely than other
orientations. Shrub vegetation was also more likely to
burn more severely than mixed hardwood/coniferous
or hardwood vegetation (Stevens-Rumann et al. 2020).
This background information allows us to understand
that the predominantly low to medium levels observed
in the study area may be associated with both the struc-
tural characteristics of the vegetation and the interaction
between topographic and environmental factors, which
may influence fire behavior, given that the study areas are
dominated by shrub vegetation and pine plantations. and
its relief is strongly influenced by the Andes Mountain
range, which conditions agricultural and livestock devel-
opment due to the altitude and soil characteristics.

The spatial distribution of severity showed a con-
centric pattern, with the most severely affected areas
located at the core of the fires, surrounded by areas
with moderate and low damage. The behavior of the
NDVI index over time allowed us to identify different
regeneration trends. Indeed, Ibarra-Bonilla et al. (2024)
revealed that NDVI and SAVI are the most useful spec-
tral indices for assessing post-fire vegetation dynamics.
In particular, the NDVI serves as an indicator of veg-
etation growth and ecosystem change (Nemani et al.
2003; Zahabnazouri et al. 2025) and is the most widely
used index for assessing vegetation health and density
(Pettorelli et al.,2011). While it is true that time series
of indices such as NDVI are influenced by climate and
surface changes, as well as being vulnerable to atmos-
pheric effects and different acquisition angles (Corner
et al. 2003; Santana 2018); however, the application of
data masking techniques using convolution allows the
influence of noise to be effectively represented (Corner
et al. 2003; Zewdie et al. 2017); as well as in the detec-
tion of changes using regression methods, temporal
autocorrelation, or nonparametric methods such as the
Mann-Kendall test (Forkel et al. 2013; Santana 2018).

The behavior of the NDVI index over time allowed
us to identify differentiated regeneration trends. At
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the San Felipe and Huasmin sites, significant increases
in post-fire NDVI were recorded, reaching values
above 0.5, indicating an outstanding recovery. These
results coincide with those reported by Spadoni et al.
(2020) and Vlassova et al. (2016), who identified values
between 0.6 and 0.7 in mountain ecosystems after fire
events, which reinforces the hypothesis of high plant
resilience in these environments. In contrast, San Juan
presented a limited recovery: although NDVI increased
from 0.30 to 0.42 after the fire, it failed to recover its
pre-fire value (0.57), with a net negative variation
of —26.62%. This behavior suggests a lower regrowth
capacity, possibly associated with restrictive edaphocli-
matic factors or greater fire severity at the site (Capa-
dor et al. 2021).

These contrasted regeneration patterns can be partially
explained by environmental and ecological factors. The
differences observed in post-fire recovery trajectories
among the study sites may be associated with environ-
mental factors that play a decisive role in vegetation resil-
ience. Several studies indicate that resprouting capacity,
vegetation structure, and post-fire moisture availabil-
ity strongly influence the speed of recovery (Mallikar-
jun et al. 2025; Ouattara et al. 2025), which may explain
the higher NDVI increases documented in Pucard and
San Felipe, where a rapid transition toward moderately
healthy and very healthy vegetation cover was evident. In
contrast, the limited recovery observed in Querocotillo,
Miracosta, and San Juan may be related to the influence
of topographic gradients that modify water availabil-
ity and solar exposure (Haney et al. 2008; Tangney et al.
2022; Zahura et al. 2024). Likewise, previous research
has shown that variability in precipitation, soil mois-
ture retention, and plant functional traits are key deter-
minants of vegetation reestablishment (Xie et al. 2025).
These elements highlight the need to integrate edaphocli-
matic and vegetation-related variables in future studies to
deepen the understanding of the mechanisms that regu-
late post-fire recovery in high Andean regions.

On the other hand, NDVI values reflected the dynam-
ics of vegetation recovery after a forest fire. When com-
paring the different moments, it was highlighted that
very healthy vegetation recovered more significantly in
several sites. In parallel, vegetation with some type of
deficiency was reduced, showing a considerable improve-
ment (Table 7), suggesting a general improvement in the
functional status of the vegetation cover. This behavior is
especially evident in sites such as Pucard and San Felipe,
where very healthy vegetation represented up to 18.54%
and 71.85% of the total area evaluated, respectively, after
the fire. These findings coincide with those reported by
Vales et al. (2020), who emphasize the usefulness of these
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results for urgent decisions, monitoring, and restoration
planning, in order to prioritize future actions.

Although this study demonstrates the use of remote
sensing techniques to spatially and temporally evalu-
ate the impact of forest fire severity on vegetation, some
limitations of the work include the low spatial resolution
of the sensor used, as well as the availability of cloud-
free satellite images that condition the temporal and
spatial selection of the dates of analysis, which could
influence the accuracy of the NDVI and dNBRc estima-
tion. Likewise, although field validation was performed,
it was restricted to two representative fires, limiting the
extrapolation of the results to the entire region. In addi-
tion, complementary environmental variables (e.g., pre-
cipitation, slope, soil texture) that could have better
explained the variability in post-fire response were not
incorporated.

It is recommended that future research integrate pre-
dictive models of vegetation recovery using machine
learning techniques, including longer time series and
validation at a larger number of sites. Additionally, the
use of radar data such as multispectral Sentinel-1 SAR
images can be integrated. Furthermore, it would be valu-
able to incorporate ecological and socio-environmental
variables to better understand the factors that condition
vegetation cover regeneration.

Conclusions
This study integrated FIRMS hotspot data with Senti-
nel-2 imagery and calibrated dNBRc indices to identify
and characterize forest fires in Cajamarca, enabling pre-
cise mapping of fire severity and improved understand-
ing of its spatial behavior. The results showed that most
affected areas exhibited low to medium severity (71.02%
and 21.95%, respectively), while high and extreme sever-
ity zones represented only a small fraction of the total.
The applied methodology demonstrated strong capac-
ity to differentiate levels of impact and capture patterns
characteristic of Andean landscapes, where topography,
vegetation type, and fuel continuity modulate fire inten-
sity. These findings validate the use of ANBRc as a robust
index adaptable to local ecological conditions and rein-
force its utility for fire monitoring and management.
Temporal analysis of NDVI revealed significant vegeta-
tion degradation during the fires, followed by contrasting
recovery trajectories among sites. While localities such
as Pucard and San Felipe reached post-fire NDVI values
exceeding pre-fire conditions, others such as Queroco-
tillo, Miracosta, and San Juan exhibited limited recov-
ery, indicating strong dependence on edaphic, climatic,
and severity-related factors. These results underscore the
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need to incorporate complementary ecological and cli-
matic information in future studies, as well as to expand
field validation efforts. Overall, the integration of satel-
lite data and remote sensing methodologies applied in
this study proves to be an effective tool for mapping fire
severity and assessing vegetation resilience, providing
key information for restoration planning, territorial man-
agement, and adaptive fire management in high Andean
regions.
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