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Highlights

What are the main findings?

e Hyperspectral imagery demonstrated superior performance compared with multi-
spectral data for estimating fire severity across Mediterranean ecosystems.

e Among the hyperspectral vegetation indices, DVIRED, EVI, and CAI achieved the
highest correlations across Composite Burn Index (CBI) levels and vegetation types.

What are the implications of the main findings?

e  Hyperspectral remote sensing shows strong potential as an accurate, scalable tool for
post-fire severity assessment in heterogeneous Mediterranean ecosystems.

e  Variations in the performance of hyperspectral vegetation indices among vegetation
formations reflect distinct spectral responses associated with differing vegetation
structures and burn characteristics.

Abstract

Assessing post-fire disturbance in Mediterranean ecosystems is essential for quantifying
ecological impacts and guiding restoration strategies. This study evaluates fire severity
following an extreme wildfire event (~28,000 ha) in northwestern Spain using vegetation
indices (VIs) derived from PRISMA hyperspectral imagery, validated against field-based
Composite Burn Index (CBI) measurements at the vegetation, soil, and site levels across
three vegetation formations (coniferous forests, broadleaf forests, and shrublands). Hy-
perspectral VIs were benchmarked against multispectral VIs derived from Sentinel-2.
Hyperspectral VIs yielded stronger correlations with CBI values than multispectral Vls.
Vegetation-level CBI showed the highest correlations, reflecting the sensitivity of most VIs
to canopy structural and compositional changes. Indices incorporating red-edge, near-
infrared (NIR), and shortwave infrared (SWIR) bands demonstrated the greatest explana-
tory power. Among hyperspectral indices, DVIRED, EV], and especially CAI performed
best. For multispectral data, NDRE, CIREDGE, ENDVI, and GNDVI were the most effective.
These findings highlight the strong potential of hyperspectral remote sensing for accurate,
scalable post-fire severity assessment in heterogeneous Mediterranean ecosystems.
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1. Introduction

Forest fires are the most significant disturbance in Mediterranean ecosystems world-
wide, particularly in the Mediterranean basin, where large areas have been burned in
recent decades due to abrupt changes in fire regimes caused by climate change and ru-
ral land abandonment [1-3]. Fires play an essential role in shaping species composition,
structure, and dynamics of Mediterranean plant communities [4,5]. Furthermore, fires
cause physical, chemical, and biological changes in forest soils [6]. Assessing fire severity
is critical for quantifying losses in above- and below-ground biomass [7], evaluating the
ecological and socioeconomic impacts of wildfires, and informing evidence-based decision-
making in land management [8]. Fire severity is defined as the magnitude of ecological
change in a burned area relative to the pre-fire conditions and is measured qualitatively or
quantitatively through the effects of fire on vegetation and soils [9,10]. Fire severity can
be evaluated in the field through integrative indices such as the Composite Burn Index
(CBI) [9]. CBI is considered a well-known field-based fire severity index to calibrate remote
sensing products [11]. Its advantages include fast deployment and assessment over large,
burned landscapes [12], and strong relationships with field measurements of individual
indicators [13] and satellite spectral-based fire severity indices [14]. CBI measurement in
the field is based on the visual assessment of several fire severity indicators across the
substrate and four vegetation strata in the plots. The individual indicators are rated on a
semiquantitative scale between zero (unchanged) and three (highest fire severity), with the
indicator scores across strata linearly averaged to procure aggregated fire severity estimates
for the substrate, vegetation, and the whole plot (site CBI), which are considered to offer an
integrative perspective of the fire-induced ecological impact on ecosystems.

Remote sensing has become a valuable data source for ecological assessment, as
it overcomes limitations associated with traditional field-based methods, such as being
spatially or temporally limited due to irregular data collection [15]. It is highly effective for
assessing fire severity across large, burned landscapes, owing to its favorable cost-benefit
ratio and synoptic capabilities [16], as it improves the efficiency, speed, and feasibility of
monitoring fire-prone regions [17]. In particular, multispectral data provided by Landsat or
Sentinel-2 missions are commonly used in quantitative fire severity assessments [18-21].
More broadly, multispectral sensors have formed the backbone of operational fire severity
mapping for several decades, providing long-term, spatially consistent records that support
large-scale fire monitoring [22,23]. For instance, Landsat imagery underpins the Monitoring
Trends in Burn Severity (MTBS) program in the United States, which delivers standardized
fire severity products for all large wildfires nationwide. Similarly, in Europe, Sentinel-2 data
are routinely used within the framework of the European Forest Fire Information System
(EFFIS) to support operational fire damage assessment and post-fire monitoring across
member states. These operational applications highlight the central role of multispectral
imagery in fire severity assessment at regional to continental scales.

However, while multispectral sensors remain the cornerstone of operational fire sever-
ity mapping due to their temporal continuity, spatial coverage, and accessibility, their
limited spectral resolution (typically fewer than 15 broad spectral bands) constrains the
detection of subtle post-fire changes in vegetation and soil properties [24]. In this con-
text, hyperspectral remote sensing offers a complementary and potentially transformative
capability by providing hundreds of contiguous, narrow spectral bands, typically with
bandwidths of 5-15 nm [25,26]. The availability of these data has great potential to provide
fire severity estimates that are more closely aligned with post-fire management needs,
partly by overcoming the suboptimal sensitivity of broadband data to fire effects [18].

Vegetation indices (VIs) calculated from remotely sensed data are critical for conduct-
ing post-fire assessments and assisting with spatio-temporal analysis [27]. Indeed, VIs are
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among the most widely used remote sensing products for evaluating fire severity across
large burned landscapes [28]. VIs can capture subtle spectral variations associated with
different surface components and provide information on vegetation status, soil conditions,
and other land-cover characteristics [29]. VIs are typically defined as linear or nonlinear
combination of two or more spectral bands. Traditional multispectral VIs rely on a small
number of bands with broad bandwidths and restricted wavelength positions, limiting
their capacity to accurately represent biomass changes and thus fire severity. However,
hyperspectral VIs may overcome such limitations due to the higher spectral resolution and
the availability of spectral information in hundreds of bands [28].

Beyond VlIs, physically based approaches have been widely applied to broadband
and narrowband satellite data to estimate fire severity, including radiative transfer models
(RTMs) and spectral mixture analysis (SMA) techniques. RTMs simulate fire-induced
changes in canopy reflectance by explicitly linking biophysical and structural properties
of vegetation to observed spectral responses, enabling fire severity to be retrieved along a
continuous scale [16,30]. Sub-pixel approaches based on SMA-family techniques, such as
Multiple Endmember Spectral Mixture Analysis (MESMA), provide a physically sound al-
ternative by decomposing pixel reflectance into fractions of char, vegetation, and soil, which
are common components of post-fire landscapes at moderate spatial resolutions [18,31].
These methods have demonstrated strong performance for fire severity assessment in
heterogeneous environments and are more scalable than RTMs. Nevertheless, despite
their physical robustness, both RTM- and MESMA-based approaches involve consider-
able methodological complexity and computational demands. As a result, their opera-
tional implementation by land managers and emergency-response agencies may be con-
strained, particularly when rapid, transparent, and easily transferable tools are required for
post-fire decision-making [32].

In this context, hyperspectral VIs may offer an intermediate and operationally al-
ternative, combining enhanced spectral sensitivity with methodological simplicity. The
availability of contiguous narrowbands in imagery from recent spaceborne spectrometer
missions such as PRISMA or EnMAP enables a systematic evaluation of a comprehensive
battery of VIs across large wildfires, including broadband-adapted, hyperspectral, and mul-
tispectral formulations, as well as the exploration of multiple wavelength combinations for
each index. While previous studies have largely relied on fixed band definitions [33], only
a limited number of works have explicitly explored alternative narrowband combinations,
notably the assessment of different near-infrared and shortwave infrared band combi-
nations for a bi-temporal fire severity index, i.e., the differenced normalized burn ratio
(dNBR) [24]. This systematic assessment of band combinations, which is uniquely facili-
tated by hyperspectral data, allows the identification of spectrally optimal and ecologically
meaningful indices while maintaining interpretability and transferability to operational fire
severity monitoring frameworks. Therefore, this study aims to evaluate the performance of
an extensive battery of monotemporal VIs, many of which remain largely unexplored for
fire severity assessment, computed from post-fire hyperspectral PRISMA data to estimate
fire severity across both forest and non-forest ecosystems affected by a large wildfire in
northwestern Spain. CBI was assessed at three hierarchical levels—vegetation, soil, and
site— to provide field-based reference data. In addition, multispectral VIs derived from
Sentinel-2 imagery were computed to benchmark hyperspectral Vls. Finally, fire severity
was extrapolated across the entire study site to generate spatially explicit maps for each
CBlI level.
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2. Materials and Methods

2.1. Materials
2.1.1. Study Area

The Sierra de la Culebra wildfire (Figure 1), located in Zamora province, Castilla y Leén
autonomous region (northwest Spain), was the second largest and most destructive fire
recorded in the country. This event occurred between 15 June and 19 June 2022, affecting
a total area of 28,046 ha. A lightning strike was recorded as the cause of the wildfire,
associated with dry storms and a heat wave during that summer period [34]. The Sierra
de la Culebra natural area, which is part of the Meseta Ibérica Biosphere Reserve, lost a
significant proportion of its high ecological value as a result of this event [23].
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Figure 1. (a) Location of Sierra de la Culebra wildfire and (b) distribution of Composite Burn Index
(CBI) field plots over a Sentinel-2 false color composite—R: band 12; G: band 8A; B: band 4.

The region exhibits diverse topography, characterized by steep slopes and broad
valleys, with elevations ranging from 747 to 1205 m above sea level. The climate is Mediter-
ranean, with hot, dry summers and mild, wet winters. The mean annual temperature is
11 °C, and the mean annual precipitation is 750 mm [35].

The main vegetation formations present in the study area prior to the fire are shown
in Figure 2: (1) coniferous forests, dominated by species such as Pinus sylvestris L. (Scots
pine) and Pinus pinaster Ait. (Maritime pine); (2) deciduous and evergreen broadleaf forests,
composed of Quercus ilex L. (Holm oak) and Quercus pyrenaica Willd. (European oak); and
(3) shrublands dominated by Cistus ladanifer L. (gum rockrose), Pterospartum tridentatum (L.)
Willk. (prickled broom), Erica australis L. (Spanish heath) and Halimium lasianthum subsp.
Alyssoides (Lam.) Greuter (Lisbon false sunrose), as well as Mediterranean grasslands. The
study area comprises 9054 ha of coniferous forests (36.1%), 5380 ha of broadleaf forests
(21.4%), and 10,664 ha of shrublands (42.5%).

2.1.2. Field Data

The Composite Burn Index (CBI) is a standardized field metric widely used to val-
idate satellite-derived fire severity estimates [9]. It is based on the visual assessment of
post-fire changes across four distinct vegetation and soil strata, providing an integrated
measure of fire-induced damage [20]. In this study, post-fire vegetation responses such as
changes in species composition were not considered. To ensure consistency and minimize
observer bias, each plot was evaluated by at least two trained observers, and only consensus
scores were retained for analysis [18]. The CBI system divides the plot into five different
strata: (1) substrate stratum, (2) vegetation < 1 m (herbs, low shrubs and tree seedlings),
(3) vegetation 1-5 m (tall shrubs and small trees), (4) vegetation 5-20 m (intermediate
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trees), and (5) vegetation > 20 m (tall trees). From the consensus of the observers, we rated
12 individual CBI attributes across strata.
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Figure 2. Vegetation formation in the Sierra de la Culebra wildfire. White areas inside the wildfire
perimeter represent grasslands and other non-vegetated surfaces (e.g., buildings and roads).

A total of 70 field plots of 30 m x 30 m were surveyed approximately one month after
the wildfire, between 25 June and 25 July 2022 (Figure 1). The sampling design followed
a stratified random approach, where strata were defined by dominant vegetation types,
excluding Mediterranean grasslands. The final distribution of plots was as follows: 34 in
coniferous forests, 20 in broadleaf forests, and 16 in shrublands (Figure 3a).
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Figure 3. Distribution of (a) Composite Burn Index (CBI) values by CBI level and vegetation formation,
and (b) the percentage of plots by CBI type and fire severity level in the Sierra de la Culebra wildfire.

The site-level CBI for each plot was calculated as the mean CBI score across all strata,
while the vegetation CBI was calculated as the mean of the vegetation strata only (excluding
substrate). The soil CBI was computed from the substrate stratum alone. Fire severity cate-
gories were defined using CBI thresholds: low (CBI < 1.25), moderate (1.25 < CBI < 2.25),
and high (CBI > 2.25) [18,36].
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As shown in Figure 3b, the proportion of plots within each severity class varies across
vegetation types. Fire severity classes correspond to distinct post-fire structural patterns:
low severity indicates partial shrub foliage consumption with minimal canopy damage;
moderate severity involves substantial understory consumption and partial canopy loss;
and high severity denotes nearly complete consumption of both understory and over-
story foliage [32]. Figure 3a shows the distribution of CBI values by severity class and
vegetation formation.

2.1.3. Hyperspectral and Multispectral Satellite Data

The hyperspectral imagery was acquired on 13 July 2022 by the PRecursore Iper-
Spettrale della Missione Applicativa (PRISMA) satellite mission (https://prisma.asi.it),
developed by the Italian Space Agency (ASI). PRISMA, launched in March 2019, provides
spectroscopic data within a spectral range of 400 to 2500 nm, with a spatial resolution of
30 m and a swath width of 30 km. These characteristics render PRISMA a valuable instru-
ment for fire severity assessment [18], particularly due to its sensitivity to post-disturbance
spectral changes in vegetation and soil [37].

The multispectral imagery was obtained from the Sentinel-2 satellite mission (level-2A
product) on 15 July 2022. The European Space Agency (ESA) operates the Sentinel-2 satellite,
which is equipped with a multispectral sensor offering 13 bands with spatial resolutions of
10 m, 20 m, and 60 m, and a swath width of 290 km (https:/ /dataspace.copernicus.eu/).
These bands encompass the visible (VIS), red-edge, near-infrared (VNIR), and shortwave
infrared (SWIR) regions.

2.2. Methods

The processing of the hyperspectral and multispectral images followed these steps:
preprocessing, calculation of VIs, statistical analysis and fire severity mapping. Preprocess-
ing and calculation of VIs were carried out using the Python version 3.11 programming
language in Visual Studio Code version 1.108. Image manipulation and VIs calculation
were conducted using bespoke libraries such as rasterio version 1.4.3, numpy version 2.4.1,
and pandas version 2.3.3.

2.2.1. Image Preprocessing

Hyperspectral bands displaying low signal-to-noise ratio (SNR) and sensor artefacts
were excluded from the analysis to improve the quality of the data. The identification of
these bands was carried out in accordance with the recommendations set out by previous
studies in post-fire applications [18,38]. Specifically, following the same preprocessing
strategy adopted by Quintano et al. [18] for PRISMA hyperspectral data acquired over the
same wildfire event, bands in the 400-434 nm, 1345-1459 nm, 1774-1975 nm, 2010-2035 nm,
and 2469-2505 nm spectral regions were discarded due to low signal-to-noise ratios and
atmospheric absorption features. In addition, an empirical assessment of SNR was per-
formed using visually homogeneous burned and unburned areas within the study scene.
A total of three polygons were defined for each condition (burned and unburned), each
encompassing at least 100 pixels. Unburned polygons were selected to represent areas
with homogeneous vegetation cover. Burned polygons were further constrained to areas
affected by comparable fire severity within each polygon to avoid internal heterogeneity.
For each spectral band, SNR was estimated as the ratio between mean reflectance and
its standard deviation within these homogeneous regions, following the homogeneous
area (HA) approach commonly adopted for hyperspectral noise characterization [39]. This
empirical analysis confirmed the presence of consistently low SNR values across the same
spectral regions identified in previous PRISMA-based studies and considered here. Al-
though the most pronounced SNR minima were generally confined to narrower spectral
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intervals within these regions, the full wavelength ranges reported in the literature were
conservatively retained and excluded to ensure robust data quality control.

The aggregation and renaming of selected hyperspectral bands were conducted ac-
cording to standard wavelength regions (i.e., blue [400-500 nm], green [500-600 nm],
red [600-700 nm], red edge [700-750 nm], near-infrared [NIR; 750-1050 nm] and shortwave
infrared [SWIR; 1050-2500 nm]) to facilitate index calculation and enable comparison with
multispectral data. Consequently, the number of hyperspectral bands was reduced from
233 to 191, and these bands were labeled with both hyperspectral and multispectral names
for the VI computation (Table S1a). The multispectral imagery bands used in this study
encompassed the blue (B2), green (B3), red (B4), red edge (B5, B6, B7), near-infrared (BS,
B8A), shortwave infrared 1 (B11), and shortwave infrared 2 (B12), with all other bands
excluded (Table S1b).

Furthermore, to ensure precise spatial alignment between the PRISMA hyperspectral
image and the Sentinel-2 multispectral image, a geometric co-registration procedure was
conducted [18]. Well-distributed ground control points (GCPs) were manually selected
over invariant landscape features. This step was essential to ensure sub-pixel alignment
suitable for pixel-wise analysis and VI computation.

2.2.2. Vegetation Indices Computation

Monotemporal VIs were calculated from both hyperspectral and multispectral im-
agery to quantify post-fire vegetation and soil changes across the study area. A total of
140 spectral indices were computed, including 40 multispectral and 100 exclusively hyper-
spectral, enabling a comprehensive evaluation of fire severity (Table S2). The calculation
of classical broadband VIs, such as the Normalized Difference Vegetation Index (NDVI)
or the Normalized Burn Ratio (NBR), was performed using PRISMA and Sentinel-2 data.
In contrast, hyperspectral Vls, such as the Leaf Chlorophyll Index (LCI), the Normalized
Difference Nitrogen Index (NDNI), or the Cellulose Absorption Index (CAI), rely on narrow
spectral bands that are available only in hyperspectral datasets. These VIs have been specifi-
cally designed to discern subtle physiological or structural changes in vegetation, including
chlorophyll degradation, variations in nitrogen content, or loss of cellulose [40], which are
frequently associated with fire damage. It is noteworthy that the computation of these
indices entailed the evaluation of multiple permutations of the VI formula, incorporating
several bands situated immediately below and above the target band for each index. The
calculation was performed using multiple band combinations within a single formula, with
all possible permutations being computed. For instance, the red edge difference vegetation
index (DVIRED) was calculated using 32 near-infrared (NIR) and 5 red edge bands from
hyperspectral data, yielding 160 VIs; the multispectral data used 2 NIR and 3 red edge
bands, yielding 6 Vls.

For the sake of clarity throughout this study, hyperspectral indices refer to indices
calculated exclusively from PRISMA hyperspectral data, regardless of whether their original
formulation was for hyperspectral or multispectral use. Multispectral indices refer to
indices derived from Sentinel-2 multispectral data.

All VIs were computed using a monotemporal post-fire approach for both hyperspec-
tral and multispectral imagery to ensure methodological consistency between sensors. This
choice was motivated by the operational constraints of spaceborne hyperspectral missions,
such as PRISMA, which operate largely on an on-demand acquisition strategy and rarely
provide systematic pre-fire coverage [38]. Under these conditions, monotemporal analyses
constitute a realistic and widely used framework for post-fire severity assessment and
enable a consistent comparison between hyperspectral and multispectral data [18,41].
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2.2.3. Statistical Analysis

All hyperspectral and multispectral VIs were extracted at the plot scale (30 m x 30 m)
using a regular grid of systematically sampled points within each plot to account for
potential mismatches between the pixel grid and field plot boundaries. All statistical
analyses were conducted in R version 4.4.2 [42]. Univariate linear regression models were
used to evaluate the relationship between each hyperspectral and multispectral VI and
fire severity, with VIs treated as independent variables and CBI values at the vegetation,
soil, and site levels as dependent variables. This approach allowed the identification of the
indices most strongly associated with fire severity, and has been effectively used in previous
research [20,32,36,43,44] to analyze relationships between field fire severity assessments
and satellite-derived data. Ordinary least squares regression assumptions, including
homoscedasticity and normality of residuals, were graphically assessed, confirming that
these assumptions were met in all cases. The coefficient of determination (R?) was used
to evaluate model performance and the proportion of variability in the CBI data that was
explained by each VI. We evaluated model generalization ability within each vegetation
formation and CBI level through 10-fold cross-validation (CV) repeated 10 times, using
the cross-validated coefficient of determination (CV-R?) and the root mean square error
(CV-RMSE) to quantify predictive performance.

2.2.4. Mapping Fire Severity Using CBI Analysis

The assessment of fire severity across the study area was carried out using PRISMA
hyperspectral and Sentinel-2 multispectral imagery. VIs were calculated separately for the
three dominant vegetation formations: coniferous forests, broadleaf forests, and shrublands.
For each vegetation formation, the VI with the highest R? with the corresponding CBI
level was selected for further analysis. The CBI values were classified into three fire
severity levels according to the established thresholds. The CBI-VIs relationships were
subsequently extrapolated to the entire study area by applying linear model predictions to
the respective spectral dataset, thereby producing spatially explicit maps of fire severity for
each vegetation formation.

3. Results
3.1. Best Performing Spectral Indices

The correlations derived between hyperspectral indices and CBI exhibited consid-
erable variability (Figure 4), ranging, for instance, from 0% to 75% within a single VI
formulation. Conversely, some indices displayed a narrow correlation range (i.e., 60-70%),
suggesting that these hyperspectral VIs convey similar spectral information. Such variabil-
ity is expected, as specific VI formulations incorporate spectral bands with a large number
of hyperspectral wavelengths (Table Sla). This variability is expected because several VI
formulations rely on a broad set of hyperspectral wavelengths (Table Sla), which differ
in their sensitivity to fire-induced changes. Consequently, correlation strength depends
strongly on the specific band combinations selected, with only a subset producing robust re-
lationships with CBI. Furthermore, the R? distributions associated with each hyperspectral
VI formulation showed marked differences in shape (Figure 4). Uniform, rectangular-
shaped envelopes indicate similar explanatory power across band combinations, whereas
conical or violin-shaped patterns reveal that only a subset of combinations yields moderate
to high correlations with CBL
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Figure 4. Distribution of the coefficient of determination (R?) for hyperspectral vegetation indices
(Vis) as a function of band combination, vegetation formation, and Composite Burn Index (CBI) level.

By contrast, the correlations obtained from multispectral indices exhibited consider-
ably lower variability within each VI formulation, primarily due to the limited number of
spectral bands available in Sentinel-2 imagery (Figure 5). Nonetheless, some multispec-
tral VIs displayed contrasting correlation values, for instance, ranging from 0% to 75%.
This marked disparity suggests that certain spectral bands employed in low-performing
VIs were suboptimal or unsuitable for those specific formulations. Conversely, a narrow
dispersion of R? values across multispectral VI formulations suggests that these indices
respond similarly to fire-induced spectral changes and convey comparable information on
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Figure 5. Distribution of the coefficient of determination (R?) for multispectral vegetation indices
(Vis) as a function of band combination, vegetation formation, and Composite Burn Index (CBI) level.

The best-performing VIs demonstrated differences between hyperspectral and multi-
spectral data (Table 1). With respect to the hyperspectral indices, the CAI was identified as
the most frequent best-performing VI in broadleaf forests and shrublands. The coniferous
forests exhibited the DVIRED and the EVI as the most effective VIs. Among the multispec-
tral Vs, fire effects in coniferous forests are best characterized by the normalized difference
red edge (NDRE) and the red edge chlorophyll index (CIREDGE), while fire-induced effects
in broadleaf forests are best characterized by the enhanced normalized difference vegetation
index (ENDVI) and in shrublands by the GNDVL

Table 1. Best-performing hyperspectral and multispectral vegetation indices (VIs) across vegetation
formations and Composite Burn Index (CBI) levels evaluated using the cross-validated coefficient
of determination (CV-R?) and the root mean square error (CV-RMSE). All the relationships were
statistically significant (p-values < 0.001).

Vegetation Formations CBI Level Vegetation Index CV-R? CV-RMSE

Coniferous forest DVIRED ., (Red edge),ps0(NIR)] 0.706 0.379
Broadleaf forest Vegetation CAI[P1976(SWIR)/P2199(SW[R)/PHOB(SWIR)] 0.725 0.415
Shrubland CAI[plggg(SWIR),pmgg(SWIR),ngg(,(SWIR)] 0.783 0.412
Coniferous forest EVI|,,s (Blue) pe1a (Red) ps77 (NTR))] 0.415 0.462
Broadleaf forest Soil CALjp, 56 (SWIR), 02160 (SWIR) 02105 (SWIR)] 0.683 0.391
Shrubland AI[P1993(SWIR),legg(SWIR),‘DZQSG(SWIR)] 0.754 0.364
Coniferous forest EVI[),s (Blue) oo (Red) ps77 (NTR))] 0.575 0.393
Broadleaf forest Site CAlp1056 (SWIR) 02199 (SWIR) 02103 (SWIR)] 0.734 0.355
Shrubland CAI[plggg(SWIR),Pz]QQ(SW[R),pZ(]gé(SWIR)] 0.801 0.364
Coniferous forest NDRE g5 (Red edge),BS(NIR)] 0.758 0.347
Broadleaf forest Vegetation ENDVI (B5 ke dge) B3 Greem) B2 p1ue) 0.490 0.576
Shrubland GNDVI[Ba(Green)/BS(RPd edge) BBANIR narrow)] 0.705 0.480
Coniferous forest CIREGDE 5(Red edge),B8(NIR)] 0.283 0.521
Broadleaf forest Soil ENDVlIgs ., ize) B3 Greeny B2 51 | 0.396 0.550
ShrUbland GNDVI[BS(GVBM)IBS(RM Bdge)lBSA(NIR nm’mw)] 0.596 0.475
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Table 1. Cont.
Vegetation Formations CBI Level Vegetation Index CV-R? CV-RMSE
Coniferous forest CIREDGE g5 (Red edge),B8(NIR)] 0.602 0.385
Broadleaf forest Site ENDVI[BS 1 osee) B3 (Greem) B2 p1ue) 0.502 0.506
Shrubland GNDVI[B3(G)'6571)/BS(RPd edge) BBANIR narrow)] 0.677 0.456

Overall, hyperspectral VIs exhibited consistently stronger and more stable relation-
ships with fire severity than multispectral VIs across vegetation formations and CBI levels
(Table 1), as reflected by higher CV-R? and lower CV-RMSE values. This advantage was
most pronounced in shrublands and broadleaf forests, where the Cellulose Absorption
Index (CAI) repeatedly emerged as the best-performing hyperspectral index across vegeta-
tion, soil, and site CBI levels. In coniferous forests, the performance of hyperspectral VIs
was more variable across CBI levels, with DVIRED providing the strongest relationships
at the vegetation level and EVI performing best at soil and site levels. Although CV-R?
values in coniferous forests were generally lower than those observed in shrublands and
broadleaf forests, hyperspectral indices still showed relatively low and stable CV-RMSE val-
ues, indicating robust predictive behavior. By contrast, multispectral Vs displayed lower
and more heterogeneous performance, consistent with the reduced spectral resolution of
Sentinel-2 data. NDRE yielded the strongest relationships in coniferous forests, particularly
for vegetation-level CBI, whereas ENDVI and GNDVI performed best in broadleaf forests
and shrublands, respectively. Across both sensor types, vegetation-level CBI consistently
produced higher CV-R? values than soil-level CBI, with site-level CBI showing intermediate
performance. Collectively, these results emphasize the superior ability of hyperspectral
data to resolve post-fire severity patterns, especially in ecosystems characterized by high
structural and compositional complexity.

3.2. Spatial Distribution of Fire Severity

Fire severity at the three CBI levels was spatially mapped within the wildfire perimeter
using the best-performing VIs for each sensor type and vegetation formation (Table 1). Over-
all, both hyperspectral and multispectral data revealed similar spatial patterns (Figure 6),
with high fire severity dominating at the vegetation level, affecting approximately half
of the study area (hyperspectral: 50.2%; multispectral: 49.2%), followed by moderate
(H: 28.5%; M: 32.1%) and low (H: 21.3%; M: 18.3%) fire severity. At the soil level, mod-
erate fire severity prevailed, particularly in the multispectral data (71.3%) compared to
hyperspectral imagery (58.5%), while high-severity areas decreased accordingly (H: 15.5%;
M: 6.3%). At the site level, moderate fire severity accounted for nearly half of the area
(H: 40.0%; M: 43.8%), exceeding both high (H: 37.5%; M: 36.0%) and low severity
(H: 22.6%; M: 20.2%) levels. Among vegetation formations, coniferous forests and shrub-
lands were the most affected across all CBI levels. At the vegetation level, coniferous forests
(H: 25.6%; M: 26.9%) and shrublands (H: 17.8%; M: 15.8%) exhibited the highest propor-
tions of high-severity burns, while at the soil level, shrublands showed the greatest impact
(H: 9.4%; M: 5.4%). Under moderate fire severity, coniferous forests and shrublands again
represented the largest affected areas across CBI strata, whereas shrublands maintained a
relatively stable proportion of low-severity burns (=212-15%) across all levels.

The spatial patterns of fire severity maps highlight a clear aggregation of high-severity
areas within the central portion of the wildfire perimeter across vegetation formations and
sensor types (Figure 7). Moderate and low fire severity classes appear as more fragmented
patches surrounding these core high-severity zones. At the soil level, moderate severity
shows a widespread and relatively continuous spatial distribution, whereas high-severity

https:/ /doi.org/10.3390/rs18020244


https://doi.org/10.3390/rs18020244

Remote Sens. 2026, 18, 244 12 of 23

patches remain spatially constrained. At the site level, high-severity areas are spatially
concentrated in central regions, while moderate and low severity classes display a more
heterogeneous and dispersed distribution across the landscape.

100

75
Vegetation Formation
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§ Broadleaf forest
® .+, Shrubland
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Satellite data and CBI level

Figure 6. Percentage of burned area by vegetation formation and fire severity category (low, mod-
erate, and high), shown separately for each CBI level (vegetation, soil, and site) and sensor type
(hyperspectral and multispectral).
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Figure 7. Spatial distribution of fire severity estimates across vegetation formations (coniferous
forests, broadleaf forests, and shrublands) using the best-performing hyperspectral and multispectral
vegetation indices (VIs) selected for each vegetation formation and Composite Burn Index (CBI) level,
as identified in Table 1. Fire severity is shown separately for vegetation, soil, and site CBI levels.

4. Discussion

Hyperspectral VI formulations exhibited R? distributions that were either narrowly
clustered, indicating stable performance across band combinations, or widely dispersed,
reflecting strong sensitivity to band selection. As a result, band shifts in the VI formula
using adjacent spectral bands exert a substantial influence on hyperspectral index values.
This sensitivity is attributed to the availability of narrow, contiguous bands, which allow for
more precise detection of biochemical changes in vegetation and soil properties following
fire [40]. This pattern is consistent with previous hyperspectral studies showing that distinct
index formulations can converge toward comparable explanatory power when sensitive
spectral regions are involved [45-47]. Indeed, some VI formulations demonstrated high
explanatory power for CBI with numerous hyperspectral band combinations, for example,
in coniferous forest at the vegetation CBI level and shrubland at the soil CBI level, among
others. By contrast, multispectral indices demonstrated reduced variability, attributable
to the smaller number of possible band combinations. Additionally, multispectral indices
showed lower sensitivity than hyperspectral indices in detecting fine-scale spectral varia-
tions, particularly in transition zones between fire severity classes. For instance, several
multispectral VI formulations exhibited strong correlations, indicating that multiple indices
can effectively characterize fire-induced vegetation damage, such as in coniferous forests
at the vegetation-level CBI. In contrast, a similar pattern of consistently weak correlations
was observed in the coniferous forests at the soil level.
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Hyperspectral VIs showed a stronger correlation with CBI values compared to those
derived from multispectral data. For instance, hyperspectral Vls associated with site-level
CBI presented a mean correlation of CV-R? = 0.703, while the corresponding multispectral
indices reached a correlation of CV-R? = 0.594. These results confirm the greater capacity
of hyperspectral images to capture finer-scale details in fire severity, in agreement with
previous studies that also highlight the superiority of PRISMA images over Sentinel-2
images in landscapes dominated by Mediterranean oak and pine species [18]. The higher
sensitivity of the narrow bands of hyperspectral images allows a more precise detection of
physical and chemical changes in vegetation [48], making them suitable for fire severity
assessment. In addition, visible bands from hyperspectral data are sensitive to soil back-
ground effects [45]. Consequently, despite its coarser spatial resolution, PRISMA-derived
hyperspectral VIs can achieve higher explanatory power than Sentinel-2 VIs for fire severity
estimation, highlighting the dominant role of spectral resolution in this context [18,49].
Advanced modelling techniques, including multiple endmember spectral mixture anal-
ysis (MESMA) and machine learning algorithms, have also been shown to achieve high
predictive performance when exploiting hyperspectral data [18,31]. These approaches
can effectively capture complex and nonlinear relationships between spectral responses
and fire-induced ecosystem changes. However, their methodological and computational
complexity, as well as their reliance on extensive parameterization and model tuning, may
limit their operational applicability for rapid and large-scale fire severity mapping, particu-
larly in emergency-response and land management contexts where ease of implementation
is critical. In this respect, the results obtained in the present study are consistent with
those reported by Quintano et al. [18], while providing complementary insights. Our
ecosystem-specific analyses revealed that simpler, index-based approaches can yield com-
parable performance when applied at the level of individual vegetation formations and
CBI components. This finding supports the use of hyperspectral Vls as an operationally
efficient alternative for fire severity assessment.

Optimal band selection within each VI formulation resulted in high performance for
specific vegetation formation—CBI level combinations. However, no single VI demonstrated
consistent accuracy across all combinations, highlighting the need to carefully select indices
that align with the specific ecological context and analytical objectives. The vegetation-level
CBI showed the strongest correlations with spectral indices across all vegetation formations
(coniferous forests, broadleaf forests, and shrublands) when using both hyperspectral and
multispectral data. This outcome is expected, as the majority of VIs are designed to capture
vegetation-related characteristics such as chlorophyll concentration, canopy density, and
plant vigor [50]. Moreover, the penetration of optical data into lower strata is enabled by leaf
and branch consumption due to fire, which in turn reduces canopy closure [51]. However,
the nature of optical satellite data preferentially captures the upper vegetation strata rather
than the substrate [52], thereby explaining the superior performance of vegetation-level
CBI in comparison to soil-level CBI. These findings reinforce the importance of selecting
VIs that are ecologically and structurally meaningful for the vegetation type under analysis.
Furthermore, existing fire severity research has yet to incorporate approaches that classify
post-fire residual vegetation according to structural attributes, diversity metrics, or pre-fire
community composition [24,53]. Additionally, variability in soil properties such as texture,
moisture content, organic matter, and ash cover may further contribute to the weaker
relationships observed for soil-level CBI, introducing additional spectral heterogeneity that
is difficult to capture using VIs [18].

With respect to the vegetation formations under consideration, broadleaf forests and
shrublands exhibited the strongest relationships between VIs across all CBI levels, com-
pared with coniferous forests. This pattern is predicated on the notion that distinct plant
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communities exhibit divergent structural characteristics [51]. Tree density, understory
cover, and coarse wood biomass were identified as the most effective predictors of fire
severity [52]. As the density of trees and shrubs increases, the extent of canopy damage
observed following wildfires also increases [53]. Similarly, variation among vegetation for-
mations can be ascribed to the unique spectral behavior and adaptive traits of plant species
within these plant communities. These characteristics include variations in foliar chemistry,
moisture content, and post-fire regrowth. These phenomena are more accurately captured
by the narrow spectral bands and specific wavelength combinations of hyperspectral sen-
sors [48,54]. The weaker relationships found in coniferous forests may reflect differences in
canopy structure and biomass distribution, which have the potential to obscure soil signals
and reduce index sensitivity to post-fire changes [55-57]. Furthermore, soil composition
varies across vegetation formations due to differences in the biomass inputs from plant
species, encompassing discrepancies in the mass, volume, and chemical composition of
litter such as leaves, needles, and other organic debris [58]. As indicated by the extant
literature, factors such as forest density, stem architecture, and remaining biomass influence
the sensor detection of exposed soil and ash following fire [59,60]. This further explains the
differential performance of spectral indices depending on vegetation formation.

The hyperspectral and multispectral image bands that most frequently appeared in the
best-correlated indices with the CBI were the red edge, NIR, and SWIR regions, which are
well known for their sensitivity to fire-induced changes in vegetation structure, chlorophyll
content, and moisture status [8,61,62]. The normalized burn ratio (NBR) remains one of the
most widely used indices for operational fire severity mapping [63]. However, under the
monotemporal framework adopted in this study, NBR showed a comparatively limited
capacity to correlate with CBI across vegetation formations and CBI levels relative to
other VIs tested here. This outcome is consistent with the fact that the performance of
NBR may be affected by its sensitivity to differences in canopy structure and vegetation
density among ecosystem types as compared to alternative VIs [64-67]. Moreover, the
NBR was initially designed to delimit burned areas, not to assess vegetation biophysical
variability as a result of the fire [10,19]. Consequently, the selection of appropriate VIs for
fire severity assessment should be guided by the sensor characteristics, data availability,
and study objectives, rather than assuming universal applicability across contexts [57].
Looking forward, the increasing availability of on-demand acquisitions and expanding data
catalogs from spaceborne hyperspectral missions is expected to facilitate the development
of multitemporal fire severity analyses, thereby enabling a more complete characterization
of post-fire dynamics in future studies.

Hyperspectral indices such as the red edge difference vegetation index (DVIRED), the
enhanced vegetation index (EVI), and the cellulose absorption index (CAI) are particularly
effective for assessing fire-induced vegetation damage due to their sensitivity to changes
in leaf reflectance, canopy structure, and biomass loss following combustion [68]. This
sensitivity is consistent with the strong correlations observed in this study between these
indices and CBI-derived fire severity across vegetation formations. DVIRED is especially re-
sponsive to reductions in chlorophyll content and canopy disruption in vegetation-covered
areas, performing well under heterogeneous post-fire conditions, although its sensitivity
decreases over shadowed or sparsely vegetated substrates [69]. EVI, originally designed
for high-biomass forests, accounts for canopy saturation and atmospheric effects, making
it suitable for capturing fire-driven reductions in canopy density and vigor in forested
ecosystems [70]. In contrast, CAI exploits shortwave infrared absorption features around
2100 nm to detect the increased exposure of cellulose- and lignin-rich materials following
fire, such as charred litter and woody debris. This response is particularly pronounced
under moderate to high fire severity, with coniferous litter exhibiting higher CAI values
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than deciduous litter, and both exceeding those of bare soil due to the cellulose-lignin ab-
sorption feature in the SWIR region [71]. The marked variability in performance observed
among hyperspectral band combinations within the same vegetation index formulation
reflects the strong sensitivity of post-fire spectral responses to narrow wavelength shifts.
Small displacements in red-edge, near-infrared, or shortwave infrared bands can markedly
alter index sensitivity to fire-induced changes such as chlorophyll degradation, canopy
opening, and the exposure of cellulose- and lignin-rich materials. Hyperspectral sensors
allow these fine spectral differences to be resolved, enabling the identification of optimal
band combinations that maximize the correspondence with CBI across vegetation forma-
tions and severity levels. In contrast, band combinations that partially overlap absorption
features or include wavelengths less responsive to post-fire physicochemical changes tend
to yield weaker correlations. This mechanistic interpretation explains why optimal hy-
perspectral band combinations consistently outperform alternative formulations, beyond
purely statistical effects.

The most effective Sentinel-2 spectral indices for fire severity assessment were primar-
ily derived from the red-edge (B5) and near-infrared bands (B8/B8A), which are closely
linked to variations in chlorophyll content, canopy structure degradation, and biomass
loss following fire [9,67]. In this study, multispectral indices such as NDRE, CIREDGE,
ENDVI, and GNDVI consistently captured fire-induced changes in vegetation condition,
reflecting gradients in chlorophyll concentration, biomass, and vegetation density across
ecosystems [72]. NDRE and CIREDGE, both based on red-edge information, proved partic-
ularly sensitive to chlorophyll and nitrogen-related responses, whereas ENDVI and GNDVI
effectively captured broader vegetation stress and biomass variations. Overall, these results
highlight the relevance of red-edge— and NIR-based multispectral indices for fire severity
mapping, while also emphasizing that, compared to hyperspectral indices, their perfor-
mance remains more dependent on vegetation type and structural complexity. In contrast,
the identification of optimal hyperspectral indices enables a more precise characterization
of post-fire vegetation and soil severity by exploiting narrow spectral features that are not
accessible in multispectral data [62,73].

This detailed understanding of vegetation and soil fire severity supports the planning
of ecological restoration strategies and post-fire monitoring by enabling the identification
of priority areas for management actions [59]. In particular, the estimation of fire severity
across the study area based on hyperspectral VIs provided a more detailed and spatially
explicit characterization of fire severity patterns across vegetation formations [74]. From an
applied perspective, the enhanced spectral sensitivity of hyperspectral data allows a more
precise depiction of post-fire damage and recovery processes, thereby supporting land
management decisions aimed at ecosystem recovery and resilience. As such, hyperspectral-
based fire severity assessments can contribute indirectly to broader policy frameworks,
including the United Nations Sustainable Development Goals, particularly SDG 15 (Life on
Land) and SDG 13 (Climate Action), in fire-prone Mediterranean regions [75].

The findings of this study highlight several key directions for future research aimed at
refining fire severity assessment methodologies. The development of adaptive algorithms
that explicitly incorporate information on vegetation community composition and structure
could substantially improve the accuracy and transferability of fire severity estimates [15].
In this context, machine learning-based approaches may offer additional advantages when
applied within multivariate frameworks that integrate multiple predictors, allowing com-
plex and nonlinear interactions to be explored. In addition, the timing of image acquisition
warrants careful consideration, particularly in the context of hyperspectral data availability,
which is often constrained by sensor revisit frequency and tasking priorities. Long post-fire
intervals (e.g., one year after the event) may reduce the reliability of severity estimates due
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to seasonal precipitation patterns and rapid post-fire regrowth of shrubs and grasses, which
can partially obscure fire-induced spectral signals [9,76]. To ensure robust model calibration
and validation, increasing the number and spatial representativeness of field reference plots
remains essential [57], and extending the validation framework to include multiple wildfire
events and burned areas would be critical to assess the robustness and generalizability
of the proposed approach across contrasting environmental and ecological conditions.
Furthermore, the implementation of bitemporal analysis approaches that explicitly com-
pare pre- and post-fire conditions could enhance the isolation of fire-driven vegetation
changes, allowing them to be distinguished from pre-existing stressors such as drought
or disease outbreaks [57]. Additional research is also required to evaluate the suitability
and consistency of alternative hyperspectral imaging sources for operational fire severity
assessment. Ultimately, fire severity analyses should be designed with the needs of wildfire
management agencies in mind, ensuring that methodological advances translate into timely,
reliable, and actionable information for post-fire monitoring and decision-making.

5. Conclusions

This study demonstrates the superior capacity of hyperspectral imagery over multi-
spectral data for estimating fire severity across Mediterranean ecosystems. Hyperspectral
VIs showed stronger correlations with field-based CBI measurements, particularly at the
vegetation level, due to their enhanced sensitivity to biochemical and structural changes
in plant canopies following fire. The most effective spectral regions for assessing fire
severity were the red edge, NIR, and SWIR bands. However, no single index achieved
consistent performance across all vegetation formations and CBI levels, emphasizing the
need for context-specific index selection according to ecosystem structure and spectral
characteristics. Broadleaf forests and shrublands exhibited the highest correlations between
hyperspectral Vis and CBI levels, reflecting their distinct spectral responses and post-fire
regeneration strategies. Overall, these results confirm that hyperspectral remote sensing
enables a more detailed and accurate characterization of fire impacts, supporting post-fire
ecological restoration and management planning. Methodological improvements should
focus on integrating bitemporal analyses, image acquisition timing and expanding field
validation. However, it should also be considered that, while hyperspectral imagery pro-
vides enhanced spectral detail for fire severity characterization, multispectral missions such
as Sentinel-2 still remain essential for operational applications due to their higher revisit
frequency, longer temporal coverage, and broader data accessibility.
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