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ABSTRACT

Wildfires in tropical mountain ecosystems are difficult to assess because steep terrain and persistent cloud cover
constrain field surveys and satellite observation. This study developed an integrated workflow combining Unmanned
Aerial Vehicle (UAV) photogrammetry, Sentinel-2 imagery, and Google Earth Engine to quantify burn severity and early
vegetation recovery after the January 2024 Fontibon fire in Pamplona, Colombia. RGB imagery acquired with a DJI Mavic
3E was processed in Agisoft Metashape to delineate the affected area and produce 3-cm orthophotos. Sentinel-2 Normalized
Burn Ratio (NBR) and differenced Normalized Burn Ratio (ANBR) were used to classify severity, while Normalized
Difference Vegetation Index (NDVI) images from January 2024 and January 2026 characterized greenness trajectories.
UAV orthophotos supported image-based validation through 500 purely random checkpoints. The fire affected 175 ha,
of which 61.9% showed moderate-high or high severity. Classification agreement with UAV visual interpretation was
87.4% (Cohen’s k = 0.82). Mean NDVI declined from 0.62 £ 0.09 before the fire to 0.28 + 0.13 immediately afterward and
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increased to 0.38 + 0.06 by 2026 (paired z-test, p < 0.001). Although 98.7% of the area showed moderate greenness by 2026,
no zone returned to the pre-fire high-NDVI class. These results indicate widespread spectral greening without evidence of

complete structural or ecological recovery. The workflow provides operational inputs for restoration planning, but UAV

image interpretation is not independent ecological ground truth, the validation sample was not stratified by severity, and the

two-year observation window limits long-term ecological inference.

Keywords: Sentinel-2; Burn Severity; Vegetation Recovery; dNBR; UAV; Colombian Andes

1. Introduction

Wildfires are a major global threat with ecological,
socioeconomic, and climatic consequences. They can re-
duce biodiversity and habitat complexity, particularly in fire-
sensitive ecosystems!!1. Fires also degrade soils by increas-
ing hydrophobicity and reducing surface organic carbon (%3,
In addition, they release greenhouse gases that reinforce
climate warming and threaten nearby communities®). The
resulting social and economic burdens are especially severe
for rural populations !,

Tropical mountain regions such as Fontibon, in Pam-
plona (Norte de Santander, Colombia), combine several fac-
tors that increase wildfire risk. ENSO-related climate vari-
ability promotes drought[®!, while steep slopes can accelerate
fire spread!l. Anthropogenic ignition and landscape trans-
formation are also central components of fire dynamics in
the northern Andes!”]. This context underscores the need for
methods that can quantify fire impacts and support adaptive
restoration.

Conventional post-fire assessments rely on in situ in-
spections and vegetation inventories. Although these meth-
ods provide detailed local information, they are expensive,
spatially limited, and difficult to implement in rugged or
unsafe terrain[®l. Field-based severity assessment can also
vary among observers and may sample only a small fraction
of a burned areal®l. Remote sensing therefore provides a
scalable complement for mapping disturbance and monitor-
ing recovery!%!!]_ Tt does not, however, replace ecological
field measurements.

Geospatial technologies provide complementary ob-
servation scales. Sentinel-2 offers frequent, open-access
multispectral coverage, while UAV imagery provides sub-
decimetric detail for localized assessment!'?!3], The Normal-
ized Burn Ratio (NBR) uses near-infrared and short-wave
infrared reflectance to detect fire-related surface change!'#.
The differenced Normalized Burn Ratio (ANBR) compares
pre- and post-fire NBR, whereas the relativized dNBR

(RANBR) accounts for differences in pre-fire vegetation den-
sity (15161 Recent UAV studies further demonstrate the value
of high-resolution RGB and multispectral imagery for clas-
sifying burned areas and severity[!7],

Combining satellite and UAV products can link broad
spatial coverage with local detail, but cross-scale comparison
should not be confused with complete quantitative data fusion.
GIS-based severity products can nevertheless support restora-
tion prioritization and risk-management decisions'®!°1. Re-
cent studies have examined fire precursors and post-fire map-
ping in tropical and subtropical settings, including Colombia,

20-221 ' Machine-learning and object-

Ecuador, and Yunnan!
based approaches also provide promising routes for integrat-
ing multisource imagery (23231, while NPP-based analysis can
extend interpretation beyond greenness alone 6],

This study develops and applies an integrated remote-
sensing workflow to evaluate the Fontibon wildfire and sup-
port post-fire management. The objectives were to: (1) de-
lineate the affected area using RGB UAV photogrammetry
and 3D processing; (2) classify burn severity from Sentinel-2
dNBR using established thresholds; and (3) generate spatial
evidence for restoration prioritization. The contribution lies
in combining UAV-derived spatial detail, Sentinel-2 sever-
ity mapping, and two-year NDVI monitoring in a tropical
mountain setting with persistent cloud cover and limited field
access. Throughout this study, ANBR denotes the differenced

Normalized Burn Ratio.

2. Materials and Methods

2.1. Study Area

Pamplona is located in Norte de Santander, northeast-
ern Colombia (Figure 1), in the Eastern Cordillera of the
Andes. The municipality lies at approximately 2,342 m a.s.l.
and has a cool mountain climate, with typical temperatures
of 10—18 °C. The landscape is characterized by steep terrain

and recurrent low-level fog.
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Figure 1. Geographical location of the Fontibon study area, Pamplona, Norte de Santander, Colombia.

2.2. UAV Photogrammetry and Image Acquisi-
tion via Google Earth Engine

UAYV imagery was acquired after a pre-flight risk as-
sessment, coordination with local airspace activities, and
identification of no-fly zones. DJI Pilot was used to config-
ure the flight plan. The mission targeted a ground sampling
distance of <3 cm/pixel, with 80% forward overlap and 70%
side overlap. A DJI Mavic 3E equipped with a 20 MP RGB
camera, 4/3-inch CMOS sensor, and mechanical shutter was
used. Autonomous flight lines were supplemented with man-
ual inspections of critical areas. Photogrammetric processing
was performed in Agisoft Metashape Professional (Agisoft
LLC, St. Petersburg, Russia). The workflow included im-
age alignment, dense point-cloud generation, surface recon-
struction, digital surface model generation, and orthomosaic
export.

The pre-fire baseline corresponded to 5 January 2024.
The immediate post-fire image was acquired on 25 January
2024, after smoke had dissipated but before substantial herba-
ceous regrowth. Recovery was assessed on 5 January 2026
to maintain comparable seasonal timing.

Google Earth Engine supports reproducible multi-

[27] Sentinel-2 surface-

temporal classification workflows
reflectance images were filtered by date and study-area in-
tersection. Clouds and cloud shadows were masked using

the QA60 quality band, and median composites were gener-

ated for the pre-fire, post-fire, and recovery periods. Each

composite was then clipped to the study-area boundary.

2.3. Wildfire Detection and Burn Severity As-
sessment

The Normalized Burn Ratio (NBR) was calculated from
Sentinel-2 Band 8A (narrow NIR, 865 nm) and Band 12
(SWIR, 2202 nm). This combination is sensitive to fire-
related changes in vegetation water content, ash, charcoal,

[28

and exposed soil (8], NBR was calculated as shown in Equa-

tion (1):
(NIR — SWIR)

NBR =
B=N1r + swinr)

)

NBR ranges from —1 to 1. High values generally indi-
cate dense, moist vegetation, whereas burned surfaces com-
monly show reduced NIR reflectance and increased SWIR
reflectance because of foliage loss, charcoal, ash, and soil
exposure >,

Burn-related spectral change was estimated with the
differenced Normalized Burn Ratio (ANBR), calculated by
subtracting post-fire NBR from pre-fire NBR (Equation (2)):

ANBR=NBRpre—fireNBRpost— fire ()

NBRy,..;ire represents the pre-event vegetation and mois-

ture baseline, and NBR,o.sire represents the post-event con-

dition. Larger positive dNBR values indicate greater spectral
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change associated with burning. Severity classes followed
the framework of Key and Benson!! (Table 1). These

classes describe remotely sensed burn effects and should not

be interpreted as direct measurements of ecological function.

Table 1. Burn Severity Classification.

Burn Severity Level dNBR Threshold Interpretation and Evidences Ecological Impact
Strong spectral and visible surface change, Potential loss of biological legacies and elevated
High Severity >0.66 extensive canopy consumption, ash, and soil  erosion risk; ecosystem-function effects were not
exposure. measured.
Moderate-High Marked canopy consumption and soil Recovery may depend on surviving vegetation and
. 0.44-0.66 exposure with some structural elements .
Severity retained propagules; species responses were not measured.
Moderate-Low 0.27-044 Partial surface burning with substantial Natural recovery may be possible, but recovery time
Severity ’ ’ vegetation cover retained. and soil response require field confirmation.
. Limited spectral change consistent with Potentially rapid greenness recovery; biodiversity
Low Severity 0.1-0.27 effects on fine fuels and minor charring. effects were not evaluated.
Unburned Area 0201 No detectable fire-related spectral change at ~ Possible local refuge; ecological condition and

Sentinel-2 scale.

function require field verification.

On-site verification was not possible because of rugged
terrain and post-fire safety restrictions. Accordingly, 500
purely random—not severity-stratified—checkpoints were
overlaid on the ANBR map. At each checkpoint, the assigned
dNBR class was compared with visual interpretation of the
3-cm UAV orthophoto using vegetation consumption, soil
exposure, and charcoal presence as image-based indicators.
Overall agreement was 87.4% (Cohen’s k = 0.82; p <0.001).
Because this design was not stratified, uncommon severity

classes may be underrepresented. Moreover, UAV image

interpretation is a high-resolution visual reference, not inde-

pendent ecological ground truth.

3. Results

The workflow delineated a 175-ha fire-affected area
located approximately 1.1 km from the urban center of Pam-
plona (Figure 2). UAV orthophotos and 3D products cap-
tured patch-scale variation, while Sentinel-2 composites pro-
vided the spatial distribution of pre-fire NBR, post-fire NBR,
and dNBR (Figure 3).

-

i

.‘.
i

: )

Figure 2. Delineation of the fire core using UAV-derived 3D photogrammetric models. Area A Orthophoto mosaic (GSD = 3 cm/pixel)
of the 175 ha burned area; Area B Digital Surface Model (DSM) showing elevation range (2,200-2,600 m a.s.l.) and steep slopes (>30°
in red); Area C Fire perimeter (yellow line) overlaid on pre-fire RGB imagery; Area D 3D perspective view (vertical exaggeration x 2)
showing the proximity to Pamplona urban area (visible in upper right).
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Figure 3. Pre-fire NBR, post-fire NBR, and dNBR severity. Pre-fire image: 5 January 2024; post-fire image: 25 January 2024. In the
dNBR map, red indicates high severity (>0.66), orange moderate-high (0.44-0.66), yellow moderate-low (0.27-0.44), light green low
(0.10-0.27), and dark green unburned (0 £ 0.1).

Moderate-high severity (0.44—0.66) covered 62.55 ha, low severity (0.27-0.44) covered 32.54 ha, low severity
and high severity (>0.66) covered 45.56 ha. Together, these (0.10-0.27) covered 21.68 ha, and 12.32 ha were mapped as
classes accounted for 61.9% of the mapped area. Moderate- unburned (Table 2).

Table 2. NBR Interpretation.

Burn Severity Level dNBR Range Area (ha) Percentage (%) Technical Explanation

Enhanced Regrowth —0.50 to —0.10 0.00 0.00 No areas with post-fire vegetative growth were detected.

Low Regrowth —0.10 to 0.00 0.00 0.00 No areas with post-fire vegetative growth were detected.

Unburned 0.00 0 0.10 12.32 705 EV1denct? of baseline areas that did not experience fire
degradation.

Low Severity 010 t0 0.27 21,68 12.42 Vegetation w1t_h1n this range exhibited minor canopy or
surface alteration.

Moderate-Low Severity 027 to 0.44 32,54 18.63 Vegetation within this range showed partial burning of
structural layers.

Moderate-High Severity 0.44 t0 0.66 62.55 35.81 Vegetation within this range displayed significant scorched
and burned patches.

High Severity ~0.66 45.56 26.10 Severe vegetative destruction resulting in total canopy loss

and bare soil exposure.

For sensitivity analysis, RANBR and RBR were cal-

culated for a stratified random sample of 1,000 pixels. The
correlation between dNBR and RANBR was r = 0.94 (p <

0.001), corresponding to R? = 0.88, and severity-class agree-

ment was 91.2% (see Figure 4 and Table 3).

The dNBR-RANBR in Table 3 comparison showed

a strong linear relationship (Figure 5). The dNBR-RBR
pattern was nonlinear (Figure 6), as expected from ratio nor-

malization; therefore, fitting and reporting a simple linear

equation for Figure 6 would be misleading.
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Figure 4. Comparative severity maps derived from dNBR, RANBR, and RBR. Colors indicate low (green), medium (yellow), and high
(red) severity.

Table 3. Areas by severity class derived from dNBR, RANBR, and RBR.

Index Class Area_Ha Percentage
dNBR High Regrowth 0.00 0.0
dNBR Low Regrowth 0.00 0.0
dNBR Unburned 12.33 7.1
dNBR Low Severity 21.71 12.4
dNBR Medium — low severity 32.57 18.6
dNBR Medium — high severity 62.62 35.8
dNBR High severity 45.60 26.1
RANBR High Regrowth 0.00 0.0
RANBR Low Regrowth 0.00 0.0
RAINBR Unburned 14.78 8.5
RANBR Low Severity 25.55 14.6
RANBR Medium — low severity 45.12 25.8
RANBR Medium — high severity 80.49 46.0
RANBR High Severity 8.89 5.1
RBR High Regrowth 0.00 0.0
RBR Low Regrowth 0.00 0.0
RBR Unburned 16.86 9.6
RBR Low Severity 35.54 20.3
RBR Medium — low severity 51.01 29.2
RBR Medium — high severity 70.42 40.3
RBR High Severity 1.00 0.6

RdANBR

-150 -100 -50 0 50
dNBR

Figure 5. Scatter plot of dNBR vs. RANBR for the stratified sample. Linear fit using the plotted scaled values: RANBR = 0.0845 x
dNBR +0.419; R* = 0.88; n = 1,000; p < 0.001.
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Figure 6. Scatter plot of ANBR vs. RBR (n = 1,000). The relationship is nonlinear; therefore, a linear equation and R? are not reported.

Quantitative comparison showed: (i) a negative associ-
ation between dNBR and UAV-derived canopy surface height
(Spearman’s p = —0.87; p < 0.001); (i1) 87.4% agreement
between dNBR classes and UAV visual interpretation; and
(iii) 12.3 ha of unburned refugia visible in UAV orthophotos
but partly mixed within 10-m Sentinel-2 pixels. Sentinel-2
classified 7.05% of the area as unburned, compared with
8.9% from UAV interpretation.

To evaluate vegetation recovery within the affected
area, the Normalized Difference Vegetation Index (NDVI)
was analyzed by comparing pre- and post-fire conditions

calculated using Equation (3):

*  NIR is the amount of near-infrared light reflected by the
surface (Sentinel-2 Band 8).

*  RED is the surface reflectance in the visible red band
(Sentinel-2 Band 4) 3%,

The NDVI series represented three periods: pre-fire (5
January 2024), immediate post-fire (25 January 2024), and
recovery (5 January 2026). Before the fire, 95.1% of the area
was in the high NDVI class (>0.5). Immediately after the fire,
54.2% was in the low class (<0.2) and 31.4% in the moderate
class (0.2—-0.5). By 2026, 98.7% was in the moderate class

and 1.3% remained in the low class; no area returned to the

NIR — RED . . N
NDVI = ——
NIR & RED (3) high class. Spatial patterns are shown in Figures 7 and 8,
Where: and area summaries are reported in Tables 4 and 5.
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Figure 7. Multitemporal NDVI trajectories (January 2024 pre-fire, January 2024 post-fire, January 2026 recovery). Bottom left NDVI:
95.1% of area > 0.5 (dark green); Bottom center Post-fire NDVI: 54.2% < 0.2 (red/brown); Bottom right Recovery NDVI: 98.7% in

moderate class (0.2-0.5, light green).
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Comparacion NDVI por clase y periodo
W Pre-Fire Post-Fire [N 2026

Porcentaje (%)

Clase NDVI (1=Baja, 2=Media, 3=Alta)
Figure 8. Comparison of NDVI classes across the pre-fire, immediate post-fire, and recovery periods.

Table 4. Area and NDVI percentages.

NDVI Pre-Fire (5/01/2024) Post-Fire (25/01/2024) Recovery (5/01/2026)
Low (<0.2) -/- 94.9 Ha (54.2%) 2.3 Ha (1.3%)
Moderate (0.2-0.5) 8.6 Ha (4.9%) 54.8 Ha (31.4%) 172.7 Ha (98.7%)
High (>0.5) 166.4 Ha (95.1%) 25.3 Ha (14.4%) -/-
TOTAL 175 Ha (100%) 175 Ha (100%) 175 Ha (100%)
Table 5. Mean NDVI values (+SD) for the pre-fire, immediate post-fire, and recovery periods.
Metric Pre-Fire (05-01-2024) Post-Fire (25-01-2024) Recovery (05-01-2026)
Mean NDVI 0.62 0.28 0.38
Standard Deviation +0.09 +0.13 +0.06

Mean NDVI increased significantly between the im-
mediate post-fire and 2026 recovery periods but remained
below the pre-fire baseline (Table 5; paired ¢-test, p <0.001).
This result supports spectral greening but does not by itself

demonstrate structural or functional ecosystem recovery.

4. Limitations

Several limitations should be considered. First, NDVI
is a proxy for vegetation greenness and photosynthetic ac-
tivity; it can saturate in dense canopies and may respond to
understory growth without reflecting tree-canopy recovery.
Second, the two-year post-fire period is short relative to for-
est recovery times. Third, no independent ecological ground-
truth plots were available. The UAV assessment was based
on visual interpretation of RGB orthophotos and cannot vali-
date tree mortality, soil burn severity, species composition,
seed-bank viability, or seedling recruitment. Fourth, the 500
validation checkpoints were purely random rather than strat-
ified by severity, so rare classes may be underrepresented.
Fifth, the UAV carried only an RGB sensor; multispectral
or LIDAR measurements would permit stronger cross-scale

validation. Finally, the analysis represents one fire event,

limiting transferability to other vegetation, fuel, weather, and

topographic conditions [281,

5. Discussion

The spectral and UAV products provide evidence of
biophysical change, including canopy-surface loss, visible
charring, and reduced greenness. They do not directly mea-
sure seed-bank viability, species turnover, succession, or
ecosystem functioning. Any discussion of these processes is
therefore framed as a hypothesis requiring field evaluation.
The 175-ha burned area, located 1.1 km from Pamplona’s ur-
ban perimeter, illustrates the exposure of Andean peri-urban
landscapes to climate variability and anthropogenic fire pres-
6,71
The dNBR classification placed 61.9% of the area in
the moderate-high or high severity classes. This pattern dif-

sure!

fers from lower-severity distributions reported in some other

environments!!%-13

I'but is consistent with the strong influence
of drought, terrain, land use, and pre-fire fuels on mapped
severity 3. Because the present study did not measure those
drivers directly, their role in Fontibon should be interpreted

as plausible rather than causal.
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High and moderate-high dNBR patches may experience
slower recovery. It is plausible that intense burning affected
propagule availability and altered regeneration pathways,
but seed-bank viability and species responses were not mea-
sured 2. Low-severity and unburned patches may function
as refugia, although this hypothesis requires field measure-
ments of seed rain, germination, and seedling establishment.
Fire-related changes in plant-soil water relations also de-
pend on severity and ecosystem type[**]. Consequently, the
restoration actions proposed here should be treated as spatial
priorities for field verification rather than confirmed ecolog-
ical diagnoses!!3341,

The NDVI series showed an immediate decline fol-
lowed by widespread greening by 2026. Nevertheless, no
area returned to the pre-fire high-NDVI class. This pattern
is consistent with early foliage or herbaceous recovery while
longer-lived structural components remain altered.

Large-scale evidence indicates that higher fire severity
can prolong forest recovery 3. Optical greenness indices
may recover faster than woody biomass-sensitive signals,

[36] and recent image-analysis

particularly in dense forests
methods also distinguish vegetation change from longer-
term recovery®*’l. Accordingly, the Fontibon NDVI trend
should be interpreted as spectral greening rather than proof
of ecological recovery. Future monitoring should combine
NDVI with canopy-height, biomass, and field-composition
measurements.

A principal strength of the study is its multiscale design.
Sentinel-2 provided complete spatial coverage of the 175-ha
area, while UAV products supplied sub-decimetric visual
detail in heterogeneous patches. Similar work supports the
use of UAV imagery as a high-resolution complement to
satellite burn-severity mapping!!”-1].

UAV orthophotos and 3D products supported delin-
eation of the fire perimeter, identification of unburned
patches, and visualization of heterogeneity not resolved
within Sentinel-2 pixels. Comparable satellite analyses show
the value of multitemporal imagery for reconstructing burn

[38] Google Earth Engine improved

severity and progression
reproducibility by supporting scripted filtering, cloud mask-
ing, compositing, and index calculation.

The present workflow primarily performs cross-scale
comparison rather than full quantitative fusion of UAV and
Sentinel-2 measurements. Future work should evaluate

object-based image analysis, pixel-level fusion, and machine-

learning models that jointly use spectral, textural, and struc-
tural features >3], These approaches may reduce mixed-
pixel effects and improve class-specific validation.

The severity map provides a spatial basis for prioritiz-
ing field assessment and restoration. High and moderate-high
areas can be screened first for erosion control and assisted
regeneration, whereas low-severity and unburned patches
can be evaluated for passive restoration. These are manage-
ment recommendations inferred from mapped severity, not
verified ecological outcomes. Integration with local risk-
management systems could improve preparedness and re-
source allocation 19391,

As summarized in Table 5, mean NDVI increased sig-
nificantly after the immediate post-fire period but remained
below the pre-fire baseline. This trend supports continued
monitoring and should not be interpreted as full structural
recovery.

The main uncertainty sources were considered follow-

ing Chuvieco et al.[']:

1. Atmospheric effects: Sentinel-2 surface reflectance
was atmospherically corrected with Sen2Cor. Residual
aerosol and haze effects may still influence NBR; no
independent atmospheric validation was available for
this study.

2. Geometric registration: UAV orthophotos were co-
registered to the Sentinel-2 grid with an RMSE of 0.5
pixels (5 m). Residual misregistration can affect com-
parisons along patch boundaries.

3. Cloud masking: QA60 filtering removed pixels iden-
tified as cloud-contaminated. Persistent fog reduced
the availability of clear observations, and median com-
positing was used to limit this effect.

4.  Classification uncertainty: comparison of dNBR
classes with 500 UAV-interpreted checkpoints yielded
87.4% overall agreement (95% CI: 84.2-90.1%). Be-
cause the checkpoints were not stratified, class-specific
estimates should be interpreted cautiously.

5. NDVI saturation: sensitivity to additional biomass de-
creases at high NDVI. This may compress pre-fire
variability but does not alter the observation that 2026
values remained below the pre-fire high-NDVI class.

The results obtained support the planning of restoration
processes, for which the following prioritization Table 6 is
proposed:
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Table 6. Recovery prioritization scheme.

Severity Class Area (ha) Priority Active Intervention Timeline Estimated Cost (USD/ha)
High (>0.66) 45.56 Critical Mulching, check dams, native tree planting -y $2,500-3,500
(Escallonia, Miconia), grazing exclusion
Moderate-High . Assisted natural regeneration, seed
(0.44-0.66) 62.55 High broadcasting, erosion barriers Years 1-3 $1,200-1,800
i\(/)[(;(ie_rgti—‘%ow 32.54 Medium Passive restoration + invasive species control ~ Years 1-2 $300-500
Low (0.10-0.27) 21.68 Low Monitoring only Ongoing $50-100
Unburned 12.32 None Conservation — $0

6. Conclusions

This study demonstrates an integrated workflow us-
ing UAV photogrammetry, Sentinel-2 imagery, and Google
Earth Engine for post-fire assessment in a tropical mountain
setting.

UAYV imagery processed in Agisoft Metashape delin-
eated a 175-ha affected area located 1.1 km from Pam-
plona. The UAV products complemented satellite observa-
tions where terrain complexity and cloud cover constrained
conventional assessment, but they did not replace ecological
field validation.

Sentinel-2 dNBR placed 61.9% of the area in moderate-
high or high severity classes. These classes identify priority
zones for field inspection and potential active restoration;
they should not be interpreted as direct evidence of seed-bank
loss, species replacement, or ecosystem-function decline.

NDVI showed widespread greening by January 2026,
but no area returned to the pre-fire high-NDVI class. Longer
monitoring with structural and ecological measurements is re-
quired to determine whether this spectral response develops
into sustained ecosystem recovery.

The principal contribution is a replicable multiscale
workflow for data-constrained mountain environments. Fu-
ture work should incorporate stratified field sampling and
quantitative fusion of UAV and satellite data.

The resulting maps can guide field verification, erosion-
control planning, assisted regeneration, and protection of
low-severity refugia. Final intervention decisions should
integrate local ecological surveys, land-use conditions, feasi-
bility, and community priorities.

The workflow may be transferable to other tropical
mountain regions with steep slopes, persistent cloud cover,
and ENSO-related drought. Transfer requires:

¢ Local validation of ANBR thresholds for the dominant
vegetation types;

*  Adaptation of UAV flight parameters to local terrain
and airspace regulations; and
*  Calibration of recovery trajectories using local field

measurements.

Multi-fire studies across the Andes are needed to es-
tablish generalized severity thresholds and recovery curves.
The contribution of this study is methodological rather than
evidence of broad ecological generalizability.

Open-access Sentinel-2 data and Google Earth Engine,
combined with commercial UAVs, can facilitate technology
transfer to environmental and risk-management agencies

operating under limited budgets.
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