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ABSTRACT

This study evaluates the performance of multispectral optical sensors onboard PlanetScope (PS) and Sentinel-2
satellites in mapping burned areas resulting from a small forest fire that occurred on 21 March, 2025, in Nghiem
Mountain, northern Vietnam. Cloud-free pre- and post-fire imagery acquired on the same dates (17 January and 12
May, 2025) were used to compute the difference Normalized Difference Vegetation Index (ANDVI) using Red and
Near-Infrared surface reflectance. A threshold value (T = 0.10), selected after analyzing the INDVI histograms, was
applied to classify burned (AINDVI > T) and unburned regions (AINDVI < T). Results showed a strong spatial
correlation between ANDVI maps derived from both satellites (R = 0.97), although Sentinel-2 tends to yield slightly
higher dNDVI values than PS satellites. The burned area estimated from PS was 20.622 ha, while Sentinel-2
produced a similar estimate of 20.225 ha, a difference of less than 2% and in close agreement with the official
damage assessment report (~20 ha). Most discrepancies occurred along fire boundaries, where mixed pixels and
spectral heterogeneity are expected. Our results demonstrate the effectiveness of Sentinel-2 and PS satellite imagery
for mapping burned areas from small-scale fires, which is essential for forest management. Despite several
limitations, including dependence on clear-sky conditions and the lack of a ground-based validation dataset, the
proposed approach provides a timely and cost-effective solution for wildfire mapping at small scales, particularly
important in remote regions.
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1. Introduction

Wildfires are uncontrolled, destructive
fires that spread rapidly through forests,
grasslands, woodlands, or brush. They occur
thousands of times each year across all
continents and represent one of the most
widespread natural hazards worldwide
(Gibson et al., 2020; P. Pereira et al., 2021).

*Corresponding author, Email: pham-duc.binh@usth.edu.vn

Their impacts have become increasingly
severe as climate change has intensified
environmental stress, particularly through
rising temperatures and prolonged droughts
(Marin et al., 2018; Paquette et al., 2018).
Recent satellite-based studies have estimated
that approximately 4 million km* of land are
burned each year globally (Chuvieco et al.,
2018). Although there has been a 27% global

decline in burned areas over the last two
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decades (Jones et al., 2022), the frequency and
intensity of large fires are expected to increase
in the future, notably in regions such as North
and South America, Australia, and Southern
Europe (Moreira et al., 2020; Radeloff et al.,
2018; Seydi et al., 2021). Wildfires play a
critical role in climate change and the global
carbon cycle by emitting large quantities of

greenhouse gases to the atmosphere,
potentially reinforcing climate warming
through positive feedback loops (Zhang et al.,
2024).

Additionally, wildfires can lead to the
destruction of forests, short- and long-term
disruption of biodiversity, soil degradation, air
pollution, disruption of water cycles, and
threats to human lives and infrastructure.
Accurate burned-area mapping is essential for
monitoring the spatial extent and severity of
wildfires, which is important for post-fire
recovery efforts (Pham-Duc & Nguyen, 2024;
Pham Thanh et al., 2024). Such information
also supports land management, fire
prevention planning, and climate modeling by
providing critical data on fire frequency and
spatial distribution over time (Or et al., 2023).

Traditional burned-area assessments rely
heavily on field surveys and administrative
reports (Mouillot & Field, 2005; Nguyen
Thanh et al, 2025). While ground
observations remain valuable, they are often
labor-intensive, time-consuming, and
impractical for large or remote fire-affected
regions (Chuvieco et al., 2019). Moreover,
inconsistencies in data collection and methods
across countries and agencies make it difficult
to integrate such data for regional or global
analyses (Chuvieco et al., 2018). To address
these limitations, satellite imagery has been
used for burned-area mapping since the
1970s, as satellites provide timely, consistent,
and cost-effective alternatives to field surveys.
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One of the first publications, presented shortly
after the launch of Landsat-1 in 1972 at a
conference, highlighted the potential of
satellite imagery for burned-area mapping
(Hitchcock & Hoffer, 1974). Since then,
satellite observations have become widely
adopted for fire monitoring, using spectral
indices such as the Normalized Burn Ratio
(NBR) or the Normalized Difference
Vegetation Index (NDVI) (Key & Benson,
2003; Suarez-Fernandez et al., 2025).
Different  satellite support
burned area mapping at various spatial
and temporal scales. At global and continental
levels, coarse-resolution sensors such
as the Moderate Resolution Imaging
Spectroradiometer (MODIS) and the Visible
Infrared Imaging Radiometer Suite (VIIRS)
are widely used due to their frequent revisit
times (Chen et al., 2023; Giglio et al., 2018;
Quattara et al., 2024; A. A. Pereira et al.,
2017). However, their spatial
resolution often leads to high omission errors
in their estimates, particularly for small and
fragmented burned areas (Liu et al., 2023).
For regional-scale applications, medium-
resolution sensors such as Landsat and the
Sentinel-2 series (10-30 m) provide more
detailed burned-area assessments (Hawbaker
et al., 2020; Howe et al., 2022; Suwanprasit &
Shahnawaz, 2024). However, mapping burned
areas with these sensors is limited by their
infrequent revisit times, making it challenging
in areas with high cloud cover, such as
tropical regions (Liu et al., 2023). The
introduction of cloud computing platforms,
such as Google Earth Engine (GEE), has
revolutionized satellite data processing,
making it more accessible and efficient
(Gorelick et al.,, 2017). Recently, the GEE
platform has been widely used for many
monitoring applications in Earth sciences

systems
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(Pham-Duc et al., 2023), including burned-
area monitoring and mapping (Konkathi &
Shetty, 2021). Recently, some scholars used
GEE to combine data from multiple satellite
sensors to enhance the accuracy of burned
area detection (Bar et al., 2020; Bastarrika et
al., 2024). For small-scale fires (<30 ha), very
high-resolution commercial satellite imagery
(e.g., PlanetScope (PS), Geoeye-1,
Worldview-2, and QuickBird-2) is ideal as
they can provide sub-meter spatial resolution
maps (Dragozi et al., 2015; Palandjian et al.,
2009; Pham-Duc, 2023; Vanderhoof et al.,
2018). However, access to such data is often
restricted due to financial constraints. To
overcome cloud-related limitations in optical
systems, recent research has explored data
fusion techniques that integrate optical and
radar satellite images for more robust burned-
area mapping (Lasko, 2021; Nguyen Cong et
al., 2024; Zhang et al., 2021, 2024).

The objective of this study is to evaluate
and compare the effectiveness of Sentinel-2
and PS optical imagery for mapping burned
areas resulting from a small forest fire which
occurred on 21 March, 2025, in Nghiem
Mountain, northern Vietnam. The results
contribute to both regional and global
literature on burned area mapping using
moderate- and  high-resolution satellite
imagery. In addition, the findings provide
valuable information for local authorities
involved in post-fire damage assessment and
land management planning. Following the
introduction, Section 2 provides a detailed
description of the study area and the main
characteristics of the Sentinel-2 and PS data
used. Section 3 presents the methodology
employed to process and analyze satellite
imagery. The main results are presented in
Section 4, followed by a discussion in Section
5. Finally, Section 6 concludes the study by

summarizing our main findings, highlighting
key limitations, and proposing potential ideas
for future work in this research direction.

2. Study area and Materials
2.1. Study area

Nghiem Mountain, located in Hoang Khai
commune, Tuyen Quang province, northern
Vietnam (Fig. 1la), reaches a maximum
elevation of approximately 470-480 m above
sea level. A forest fire broke out in the area at
around 11:00 on 21 March, 2025. The
affected forest, primarily bamboo, was highly
flammable, and the combination of dry
weather and strong winds caused the fire to
spread rapidly and widely, posing significant
challenges for firefighting forces. By 16:00 on
the same day, the fire had largely been
contained but continued to flare up within the
fire barriers established by the local
authorities. By 08:00 on 22 March, the fire
was completely extinguished. According to
the Tuyen Quang People's Committee, the
forest fire resulted in one fatality and
destroyed more than 20 hectares (ha) of the
forest (Lao-Dong, 2025). Figures 1b and Ic
show the true color composite images of the
fire-affected area, derived from PS satellite
observations before and after the fire event,
respectively. In Fig. lc, the burned area is
clearly visible in the central portion of the
scene. To enhance visual discrimination and
highlight burned vegetation, Figures 1d and
le present false-color composites obtained
using PS bands, with Band 4 (NIR) assigned
to the red channel, Band 3 (Red) to the green
channel, and Band 2 (Blue) to the blue
channel. The ENVI software (version 5.0) was
used to produce these images. In the post-fire
false-color composite (Fig. 1le), burned areas
appear in dark green, contrasting with the
bright red tones of healthy vegetation.
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Figure 1. (a) Location of Nghiem Mountain in Tuyen Quang province, northern Vietnam (the red box
in the small Vietnam map on the bottom left). The fire-affected area is inside the red square. (b & c) true
color composite, and (d & ¢) false color composite maps of the study area before (left) and after the
fire (right), derived from PS imagery
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2.2. PlanetScope satellite imagery

The PS satellite constellation, operated by
Planet Labs Inc., consists of a fleet of
nanosatellites known as "Doves", designed to
provide  high-resolution,  high-frequency
optical imagery of Earth's surface. Since the
launch of the first Doves satellites, Planet
Labs Inc. has launched successfully over 450
nanosatellites across multiple generations,
including the first-generation Dove Classic
(launched from 2016), the second-generation
Dove-R (launched from 2018), and the third
and latest-generation SuperDove series
(launched from April 2019). These PS
satellites operate in Sun-synchronous orbit at
an altitude of approximately 475 km above
sea level, with an orbital inclination of 98°,
completing an orbit every 90 minutes (Pham-
Duc et al., 2025). The early generations of the
Dove satellites were equipped with four-band
multispectral sensors (Red, Green, Blue, and
NIR), whereas the latest SuperDove units
feature eight-band multispectral sensors.
Depending on the sensors and generations, PS
satellites offer a spatial resolution ranging
from 3 to 12 m, with varying swath widths.
Further technical details on the three PS

generations and their spectral characteristics
can be found in earlier review studies (Frazier
& Hemingway, 2021).

In this study, two cloud-free PS
Level 3B Ortho Analytic surface reflectance
images with a 3-m spatial resolution were
used. These images were provided free of
charge by Planet Labs Inc. through the
Planet's Education and Research Program
(https://www.planet.com/industries/education-
and-research/), which supports scientific and
educational use of PS imagery. The PS dataset
includes one image acquired before the fire
event and another after the event. Details of
the image acquisitions are provided in
Table 1. The pre-fire image was captured on 17
January, 2025, at 03:45:56 UTC,
approximately two months before the fire,
while the post-fire image was captured on 12
May, 2025, at 03:54:09 UTC, nearly two
months after the event. Both images were
acquired by similar sensors onboard two
different SuperDove satellites, resulting in
acquisition times that differ by about
10 minutes. For this study, the Red band (650—
680 nm) and NIR band (845-885 nm) were
used to compute the NDVI to assess vegetation
changes associated with the forest fire.

Table 1. Detailed information on pre- and post-fire PS imagery is utilized in this study
PS Acquisition Area Cloud| Pixel Instrument Bands used
Date Coverage |Cover |Resolution (wavelengths)
Pre-fire Imagery 1.7/0_1/2025 100% 0%
(03:45:56 UTC)
3m  [SuperDove (PSB.SD) e (el S
Post-fire Image 12/05/2025 100% 0% P ’ NIR (845885 nm)
£ (03:54:09 UTC) 0 ’

2.3. Sentinel-2 satellite imagery

Sentinel-2 is an optical satellite mission
under the European Union's Copernicus
program, consisting of three Sun-synchronous
satellites: Sentinel-2A  (launched in June
2015), Sentinel-2B (launched in March 2017),
and Sentinel-2C (launched in September
2024). These three satellites operate at an
altitude of approximately 786 km above sea

level and, together, provide a global revisit
time of 5 days, with a higher frequency (2-3
days) over mid-latitudes. Each Sentinel-2
satellite is equipped with the Multispectral
Instrument (MSI), which acquires imagery
across 13 spectral bands, ranging from the
visible (400 nm) to the short-wave infrared
wavelengths (SWIR; 2200 nm). Depending on
the wavelengths, the MSI offers three spatial
resolutions: 10, 20, and 60 m. Detailed
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technical descriptions of Sentinel-2 satellites
and their spectral characteristics can be found
in earlier review studies (Spoto et al., 2012).
In this study, two cloud-free Sentinel-2
Level-2A  Bottom-Of-Atmosphere  (BOA)
images with a 10-m spatial resolution were
used. Similar to the PS dataset, the Sentinel-2
dataset includes one image acquired before
and another acquired after the event. The
acquisition details are summarized in Table 2.

Both Sentinel-2 images were captured on the
same dates as the PS images (17 January,
2025 and 12 May, 2025) and acquired at
exactly 03:42:20 UTC by the same sensor.
The GEE cloud-based platform (Gorelick et
al., 2017) was used to extract and process the
Red (650-680 nm) and NIR (785-900 nm)
bands from Sentinel-2 satellite imagery to
calculate the NDVI and assess vegetation
damage caused by the forest fire.

Table 2. Detailed information on the pre- and post-fire Sentinel-2 imagery utilized in this study

Sentinel-2 Area Cloud Pixel Resolution | Instrument Bands used
Acquisition Date |Coveragel Cover (wavelengths)

17/01/2025

Pre-fire Imagery . 100% 0% .
(03:42:00 UTC) 10 m resampling N{E?&?ﬁg z;rtal Red (650-680 nm)

IPost-fire 12/05/2025 100% 0% to3m (MSI) INIR (785-900 nm)
[magery (03:42:20 UTC) ’ ¢
3. Methodology maps were stacked using the Layer Stacking

The method applied in this study was
adapted from (Pham-Duc & Nguyen, 2024),
where it was originally implemented only on
PS data. In this work, we extended the
approach to include Sentinel-2 imagery,
thereby  implementing a  multi-sensor
framework. Integrating both Sentinel-2 and
PS data required reassessing the threshold
selection with a broader multi-sensor
perspective. Figure 2 summarizes all the
processing steps of the integrated workflow.
First, a predefined shapefile of Nghiem
Mountain (Fig. 1) was used to spatially subset
both the pre- and post-fire images, ensuring
identical spatial coverage across the two
datasets. To harmonize spatial resolution,
Sentinel-2 imagery (originally at 10 m) was
resampled to 3 m using the resample function
on the GEE platform, matching the native
resolution of PS imagery. Second, the pre-
and post-fire NDVI maps were generated
using surface reflectance values from the Red
and NIR bands (see Equations (1) and (2)).
Specifically, PS's band 3 (Red) and band 4
(NIR), and Sentinel-2's band 4 (Red) and band
8 (NIR) were used. Third, the resulting NDVI
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tool in ENVI software. All stacked NDVI
images were projected in the WGS-84
coordinate system, with uniform spatial
resolution (3 m) and dimensions (3203 x 2761
pixels). Fourth, the difference of the NDVI
(AINDVI) was computed from the pre- and
post-fire NDVI using Equations (3) and (4)
for PS and Sentinel-2 imagery, respectively.
Fifth, a threshold value (T = 0.10) was applied
to classify pixels into two clusters: burned
pixels (ANDVI > T, coded as 1) and unburned
pixels (ANDVI < T, coded as 0). Pixels
exceeding the threshold T were considered to
exhibit significant vegetation loss associated
with fire damage. This threshold was
determined through careful manual inspection
of the ANDVI maps and their histograms, and
it is consistent with thresholds utilized for
mapping burned area in other studies (Kim et
al., 2019; UN-SPIDER, 2023; Vetrita et al.,
2025). Next, the classification maps were

post-processed to correct potential
misclassifications, such as pixels having
significant NDVI reduction caused by

seasonal vegetation dynamics rather than by
fire. The final maps were then reprojected
from WGS-84 to Geographic Lat/Lon
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coordinate systems to enable integration into
Google Earth for visualization. Finally, the
two burned-area maps, derived independently

from PS and Sentinel-2 imagery, were
compared to perform cross-validation and
assess their spatial consistency.

NIRps — REDps  BAND 4pg — BAND 3pg
NDVIPS = = (1)
NIRps + REDps  BAND 4pg + BAND 3pg
NIRs, — RED BAND 85, — BAND 4
NDVISZ — S2 S2 — S2 52 (2)
NIRs, + REDg;  BAND 8, + BAND 4,
ANDVIps = NDVIyye_ps — NDVi,ose_ps 3)
dANDVIg, = NDVIyyo_sp — NDVI,e s (4)

4. Results

4.1. Burned area mapping based on the
NDVI derived from PlanetScope imagery

The pre- and post-fire NDVI maps derived
from PS imagery are shown in Fig. 3. Before
the fire, 71.98% of the area exhibited NDVI
values greater than 0.5, while 28.02% had
NDVI values below this threshold. After the
fire, 88.17% of the area had NDVI values
above 0.5, while only 11.83% remained below
0.5. This NDVI increase is consistent with the
seasonal vegetation growth that typically
occurs between January and May in northern
Vietnam. However, within the burned areas,
NDVI values noticeably decreased compared
to the pre-fire image, resulting in very low
NDVI signals (represented in yellow to red),
in contrast to the high NDVI values of the
surrounding unburned vegetation (shown in
light to dark blue).

The dNDVI map derived from PS imagery
is shown in Fig. 4 (left panel), where burned
areas are clearly visible in yellow to red tones
at the center of the map, standing out against

the blue-colored areas of unchanged
vegetation. After applying the threshold
(T = 0.10) and removing misclassification

pixels (pixels with significant NDVI reductions

caused by seasonal vegetation dynamics rather
than by the fire), the final burned area map was
produced and shown in Fig. 4 (right panel).
The total burned area estimated from PS
imagery is approximately 20.622 ha.

Original Pre- & Post-Fire
Sentinel-2 Imagery
Spatial Resolution: 10 m resampling
to3m

[ Subset using a predefined Shapefile ]

| !

e = ~ - 5
Pre- & Post NDVI Calculation Pre- & Post NDVI Calculation B

Band 4ps — Band 3py Band 85, — Band 4,

Band 4,5 + Band 3p5 Band 8, + Band 4,

-
NDVIps Layer Stacking NDVI, Layer Stacking

Projection: WGS-84 Projection: WGS-84
Dimensions: 3203 x 2761 pixels Dimensions: 3203 x 2761 pixels

J
ANDVI; Calculation
ANDVIps = NDVI;e ps — NDVIip5

| 3 |

s : s
Classification using an user- Classification using an user-

PS Imagery

Spatial Resolution: 3 m

[ Original Pre- & Post-Fire

dNDVIg, Calculation

dNDVIg; = NDVI;e 5~ NDVIeye 52

defined Threshold defined Threshold
(T=0.10) ) L (T=0.10)
[ Post-processing for Corrections ]

!

Burned Map derived by S2 }

Projection: Geographic Lat/Lon
Dimensions: 3208 x 2766 pixels

Burned Map dern ed by PS
Projection: Geographic Lat/Lon

Dimensions: 3’08 X 2766 pixels

[ Comparison of burned maps derived from the two optical sensors ]

Figure 2. The flowchart used in this study to
process PS and Sentinel-2 imagery, adapted from
(Pham-Duc & Nguyen, 2024)
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Figure 3. Pre- (left) and Post-fire NDVI maps (right) of the study area, derived from
PS observations

dNDVI derived from PS

21.760

21.750 =N
105.165

105.175

105.170 105.180

0.4

Burned area: 20.622 ha

Figure 4. The ANDVI map (left) and the corresponding classified burned area map (right),
derived from the PS observation

4.2. Burned area mapping based on the
NDVI derived from Sentinel-2 imagery

Similar to Fig. 3, Fig. 5 presents the pre-
and post-fire NDVI maps derived from
Sentinel-2. Owing to differences in spectral
characteristics and spatial resolution between
the two sensors, the NDVI distributions are not
identical. In the pre-fire map, only 14.54% of
the study area had NDVI values greater than
0.5, while 85.46% had values below 0.5. In
contrast, the post-fire map shows that 77.57%
of the study area had NDVI values above 0.5,
reflecting seasonal vegetation growth, while
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22.43% remained below this threshold.
However, within the burned areas, NDVI
remained significantly lower (represented in
red) than in the surrounding healthy vegetation
(represented in blue), which had much higher
NDVI values. Figure 6 is similar to
Fig. 4 shows the Sentinel-2 ANDVI map (left
panel). Applying the threshold
(T =0.10) and correcting for potential seasonal
misclassification resulted in the burned-area
map shown in Fig. 6 (right panel). The total
burned area estimated from Sentinel-2 imagery
is approximately 20.225 ha.

same
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Figure 5. Pre- (left) and Post-fire NDVI maps (right) of the study area, derived from Sentinel-2 observations
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Figure 6. The ANDVI map (left) and the corresponding classified burned area map (right),
derived from Sentinel-2 observation

4.3. Comparison between burned areas
derived from PS and Sentinel-2 imagery

Figure 7 presents a comparison of the
PS- and Sentinel-2-derived dNDVI maps. The
spatial patterns of both maps are highly
consistent, with high dNDVI values observed
in the burned areas and low values in the
surrounding unburned vegetation. Figure 8a
illustrates the scatter plot of dANDVI values
extracted from these two maps, revealing a
very strong linear correlation (R = 0.97). The
linear equation describing the relationship
between the two parameters is dNDVlIs, =
1.09 x ANDVIps— 0.05, indicating that ANDVI

values derived from Sentinel-2 imagery tend
to be systematically higher than those from PS
imagery.

As presented in Fig. 4 and Fig. 6, the
burned areas estimated from PS and
Sentinel-2 imagery are 20.622 and 20.225 ha,
respectively. The difference between the two
estimates is less than 2%, and both are close
to the official number of approximately 20 ha
reported by local authorities (Lao-Dong,
2025). Figure 8b illustrates the spatial
agreement between the two burned-area maps:
red pixels denote burned areas detected by
both sensors, green pixels are detected only by
Sentinel-2, and blue pixels only by PS. The
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jointly identified burned area amounts to
19.4148 ha (approximately 94% of the total),
while burned areas uniquely detected by
Sentinel-2 and PS are 0.8103 ha and
1.2073 ha, respectively. The discrepancies
between the two maps are mostly located
along transition zones between burned and
unburned vegetation, where mixed pixels and
spectral heterogeneity commonly introduce

dNDVI derived from PS

21.765 g e .

21.760

21.750 ® - —
105.165 105.170 105.175

105.180

uncertainty. For visualization purposes, the
two burned area maps were reprojected to the
Geographic Lat/Lon coordinate system and
exported as .kmz files for being displayed in
Google Earth Pro (Fig. 9). The visualization
again confirms that the two burned maps
exhibit a strong spatial correlation, with the
burned areas mainly located on the eastern
slopes of Nghiem Mountain.

0.5

-0.5

Figure 7. Comparison of the ANDVI maps derived from PS (left panel) and
Sentinel-2 (right panel) observations

Comparing burned maps derived from S2 and PS

06 21.765
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2 en: bumed areas detected in S2 only
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Figure 8. (a) A scatter plot shows a positive correlation between ANDVI maps derived from PS and
Sentinel-2, as shown in Fig. 7. (b) Comparison between burned area maps derived from PS and
Sentinel-2 observation
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Figure 9. Burned area maps derived from PS imagery (blue) and Sentinel-2 (green),
as shown in Google Earth Pro

5. Discussions

Accurate burned-area mapping at fine
spatial  resolution is  essential  for
understanding wildfire behavior and impacts,
even in events of very limited extent (Liu et
al., 2023). Small fires typically produce
highly heterogeneous burn patterns, with
charred, partially burned, and unburned
patches occurring in proximity. Such fine-
scale variability produces subtle, spatially
fragmented spectral signatures that
medium- or coarse-resolution sensors may fail
to capture effectively (Balakavi et al., 2025).
In this context, the limitations of SWIR-based
indices, such as NBR or dNBR, become
evident. Although these indices are well
established for larger, more homogeneous
burns (Amos et al.,, 2019; Szpakowski &
Jensen, 2019), their performance is strongly
constrained by the spatial resolution of SWIR
bands. In Sentinel-2, SWIR data are natively
acquired at 20 m, a scale at which the small,
irregular burn scars examined in this study
becomes indistinguishable from surrounding
vegetation, soil, and shadow components.
This mixing reduces the radiometric contrast

typically exploited to discriminate burned
surfaces, and the enhancement attempts
performed in this work did not sufficiently
isolate the fire signal.

Compared with the authors' previous work,
which relied exclusively on PS imagery
(Pham-Duc & Nguyen, 2024), the present

analysis introduces several new
considerations. Integrating both Sentinel-2
and PS required reassessing threshold
selection with a broader multi-sensor

perspective. The two sensor systems differ in
radiometric calibration, spectral bandwidth,
spatial resolution, and sampling strategy.
Consequently, thresholds effective for PS
cannot be directly applied to Sentinel-2
without  adaptation.  This  multi-sensor
approach  therefore  offers a  more
generalizable framework, demonstrating that
cross-sensor consistency depends not only on
the spectral information but also on the spatial
and radiometric properties of the sensors
involved. In any case, even though the

burned-area maps derived from the two
sensors exhibit a very high spatial
correspondence,  their  spectral  index
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distributions differ substantially, as presented
in Figs. 10 and 11. PS produces NDVI and
dNDVI histograms that are systematically
shifted toward higher values, a pattern evident
both across the full scene (Fig. 10) and within
the burned area (Fig. 11). These systematic

NDVI S2 pre-fire (0.123 - 0.628) 2
15000 NDVI S2 post-fire (-0.130 - 0.806) HY (a)
——NDVI PS pre-fire (0.260 - 0.772) i
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differences  reflect the influence of
sensor-specific factors on vegetation index
estimation and confirm that absolute NDVI or
dNDVI values from the two sensors cannot be
used interchangeably, as shown in Fig. 3,
Fig. 5, and Fig. 10a.
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Figure 10. Histograms of NDVI (a) and dNDVI (b) before and after the fire event, derived from Sentinel-
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Figure 11. Histograms of NDVI within the burned
area before and after the fire event, derived from
Sentinel-2 and PS imagery. Numbers in
parentheses are NDVI ranges.

Several factors can partly explain this
difference, as already discussed in previous
studies. First, differences in sensor design
between Sentinel-2 and PS, including specific
wavelength ranges, can lead to systematic
differences in the Red and NIR bands, which
directly affect the NDVI signal (Baldin &
Casella, 2024a). Second, differences in spatial
resolution play a critical role. With a higher
spatial resolution of 3 m, PS sensors can
capture purer vegetation signals and reduce
mixed pixel effects. On the other hand,
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2 and PS imagery. Numbers in parentheses are NDVI and dNDVI ranges.

Sentinel-2 sensors with a 10 m spatial
resolution tend to integrate reflectance from
vegetation, soil, and ash into a single pixel,
leading to a lower average NDVI distribution
from Sentinel-2 compared to PS (do Amaral
et al., 2023). Third, differences in atmospheric
correction algorithms applied to the two
datasets might further amplify their NDVI
signals (Di Francesco et al., 2025). A potential
solution to this problem is to apply histogram-
matching techniques to harmonize the spectral
reflectance between Sentinel-2 and PS
imagery using radiometric intercalibration or
linear regression (Baldin & Casella, 2024b,
2025). Histogram matching aligns the surface
reflectance distribution of one dataset (e.g.,
PS) with that of a reference dataset (e.g.,
Sentinel-2), thereby reducing systematic
differences in NDVI signals. In addition, data
fusion of Sentinel-2 and PS imagery can
improve the accuracy of burned-area mapping
(Sadeh et al., 2021).

Despite the strong agreement in area
estimates and fire-perimeter delineation, some
limitations should be acknowledged. The
reliance on cloud-free and temporally
consistent images remains a critical

requirement for optical approaches. In this
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case study, the closest suitable pre- and post-
fire scenes were acquired approximately two
months before and after the fire event. Such a
temporal separation introduces uncertainties
into spectral change metrics and limits the
operational applicability of the approach,
particularly in cloud-prone environments
(e.g., tropical and humid subtropical regions),
where acquiring synchronous clear-sky
imagery is inherently challenging. The
absence of in situ reference data prevented
quantitative validation of the classification
results using standard accuracy metrics (e.g.,
confusion matrices, error budgets, or
geolocation-based precision assessments).
Nevertheless, the high degree of agreement
between the PS- and Sentinel-2-derived
burned area estimates supports the internal
consistency of the results. This is further
corroborated by the fact that PS imagery is
frequently employed as a high-resolution
reference layer in fire-related remote sensing
studies, owing to its 3-m pixel size and
radiometric stability (Martins et al., 2022;
Vetrita et al., 2025). Finally, it should be
acknowledged that relying on a user-defined
threshold may reduce the reproducibility of
the proposed framework, particularly when
applied to scenes characterized by varying
radiometric and environmental conditions. A
simple sensitivity test, performed by varying
the threshold by +0.05 around the reference
value of 0.10, showed changes in the
estimated burned area of up to 10%. The
variability was slightly higher for PS data, as
expected given its higher spatial resolution
compared to Sentinel-2. Such fluctuations
may affect overall detection accuracy and
should therefore be carefully considered when
assessing the method's broader applicability.
Future research should explore several
directions. First, image fusion techniques
should be investigated to combine the
advantages of both sensors, namely, the high
spatial and temporal resolution of PS and the
spectral resolution of Sentinel-2, using

methods presented in (Gasparovic et al., 2018;
Sadeh et al.,, 2021). Second, integrating
unmanned aerial vehicle (UAV) imagery
(Minh Khanh et al., 2024; Wicaksono et al.,
2024) or very high-resolution satellite
imagery (Ngo Van et al., 2025) could enhance
validation efforts and support post-fire
rehabilitation and conservation. Third, the
potential of radar satellite data (e.g.,
Sentinel-1 imagery) for burned area mapping
should be examined to reduce reliance on
optical imagery and overcome limitations
posed by cloud cover (Rokhmatuloh et al.,
2022). Fourth, adopting a data-driven
approach based on multitemporal satellite data
analysis would enable the definition of
automated, self-adaptive thresholds, thereby
enhancing the reproducibility of burned-area
segmentation across heterogeneous datasets
(Satriano et al., 2023). Finally, extending the
proposed approach to additional test sites
characterized by diverse climatic conditions,
land cover types, fire regimes, and integrating
ground-based observations (e.g., field surveys
or burn severity measurements), would allow
a more robust evaluation of the method's
generalizability and improve its applicability
across different operational contexts.

6. Conclusions

This study compared the performance of
multispectral optical sensors onboard PS and
Sentinel-2 satellites in mapping burned areas
associated with a small forest fire that
occurred on 21 March, 2025, in Nghiem
Mountain, northern Vietnam. Cloud-free pre-
and post-fire images acquired by both
satellites on the same dates (17 January and
12 May, 2025) were used to calculate the
dNDVI from surface reflectance at the Red
and NIR wavelengths. A user-defined
threshold (T = 0.10), selected following a
visual inspection of the dNDVI histograms,
was applied to classify burned and unburned
pixels. The results revealed a strong spatial
correlation between the ANDVI maps derived
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from PS and Sentinel-2 imagery (R = 0.97).
Although  Sentinel-2  sensors  generally
produced slightly higher ANDVI values than
PS sensors, the burned-area estimates were
remarkably similar: 20.622 ha for PS and
20.225 ha for Sentinel-2, corresponding to a
difference of less than 2%. These values were
also consistent with the ~20 ha of burned area
as reported by local authorities. The high
degree of spatial agreement between the two
burned-area maps, particularly within the core
of the affected region, highlights the
reliability of both sensors for mapping
small-scale fires, with discrepancies mostly
restricted to transitional areas where mixed
pixels introduce uncertainties. The findings
confirm that medium- and high-resolution
optical satellite imagery provides reliable and
accurate burned-area estimates even for
small-scale forest fires, offering essential
support for effective forest management.
Moreover, the approach adopted in this study
demonstrates that such mapping can be
achieved  cost-effectively, = making it
particularly valuable for wildfire monitoring
in rural or remote regions where on-site
surveys are logistically challenging or
resource-intensive. Looking ahead, integrating
multi-sensor data fusion strategies, UAV-
based validation, and radar observations could
further enhance the robustness, temporal
continuity, and operational applicability of

burned-area mapping workflows, thereby
strengthening future wildfire monitoring
capabilities.
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