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Agreement between Sentinel-1 C-band backscatter change and Sentinel-2
burn severity indices across land-cover types in a low-biomass transitional
eco-region

Abstract

The shifting fire regimes of the Southern Great Plains, characterized by increasing wildfire
frequency and intensity, present challenges for traditional damage-assessment methods. Optical
indices such as the Differenced Normalized Burn Ratio (AINBR) are standard for forested
environments, but their efficacy is limited in the low-biomass, transitional eco-regions of Texas
due to rapid herbaceous recovery and background soil signals. This study compares Sentinel-1 C-
band Synthetic Aperture Radar (SAR) backscatter change (Ac®) with Sentinel-2 optical burn-
severity indices (ANBR and RANBR) to characterize biophysical alterations from the 2022
Eastland Complex Fire. Across the fire complex, only ~42% of the mapped perimeter was
classified as burned, with substantial unburned refugia remaining. The cross-polarized (VH)
backscatter change showed a wider dynamic range than the co-polarized (VV) signal, indicating
greater sensitivity to structural loss. Radar backscatter change correlated more strongly with ANBR
in evergreen forest (r = -0.53) than in shrub/scrub (r =-0.29) or grassland (r = -0.19), and RANBR
consistently underperformed dNBR as a proxy for radar-detected structural loss across all land-
cover classes, suggesting that relativization amplifies noise in sparsely vegetated landscapes. A
radar-derived moisture-loss index was spatially consistent with expected post-fire hydrological
deficits, complementing optical indices in areas where they showed limited dynamic range. These
findings support integrating active microwave remote sensing with optical indices for burn-
severity assessment in semi-arid, transitional fire regimes.

Keywords: Wildfire, microwave, Synthetic Aperture Radar (SAR), Geospatial Big Data, Wildland-
Urban Interface (WUI)



1. Introduction

Wildfires are among the most destructive natural hazards in the United States, and as climate
conditions shift, they are occurring more frequently and burning with greater intensity. This trend
represents a systemic change in fire behavior driven by human-induced climate change, long-
standing land management decisions, and the expansion of the Wildland-Urban Interface (WUI).
While wildfire research has historically focused on dense conifer forests in the Western U.S., recent
events demonstrate a clear expansion of large fires into the Great Plains and the Southern United
States, challenging long-held assumptions about extreme fire geography (Donovan et al., 2023).

The traditional fire season has evolved into a year-round phenomenon, driven by warmer
temperatures, earlier spring snowmelt, and prolonged vapor pressure deficits (Westerling, 2016).
These changes carry serious ecological and socio-economic consequences, threatening water
resources and air quality at scales exceeding historical natural disturbances (Jaffe et al., 2020).
This context is essential for understanding the 2022 Eastland Complex Fire in Texas, where
extreme weather, accumulated fuels, and human ignition sources converged to produce a
destructive event in a transitional eco-region.

Assessing wildfire damage is critical for managing regional ecosystem resilience. Over the past
several decades, advances in geospatial technologies have revolutionized fire science, allowing
researchers to rapidly assess fire extent and severity (Miller & Thode, 2007). While initial efforts
utilized moderate-resolution sensors like Landsat and MODIS, the recent introduction of Sentinel-
2 (multispectral) and Sentinel-1 (C-band Synthetic Aperture Radar) provides unprecedented detail.
Sentinel-2 offers narrow-band coverage at red-edge and short-wave infrared (SWIR) wavelengths
sensitive to canopy water and chlorophyll (Brown et al., 2018), while Sentinel-1 provides an all-
weather perspective on structural alterations.

Despite these advances, standard optical indices like the Differenced Normalized Burn Ratio
(NBR) and its relative version (RANBR) vary significantly in sensitivity across different
ecosystems. In the heterogeneous landscapes of Texas where grasslands mix with oak motts and
mesquite the spectral signal can be confounded by rapid post-fire herbaceous recovery and bright
background soil signals (Yin et al., 2020). These limitations highlight the urgent need for a multi-
sensor framework that integrates active microwave remote sensing to resolve the spectral-
structural decoupling inherent in human-modified, semi-arid fire regimes.

Since the development of the Normalized Burn Ratio (NBR) by Key and Benson (2006), satellite
remote sensing has been the primary tool for mapping fire perimeters. The difference between pre-
and post-fire NBR (ANBR) provides a measure of change, while the Relative differenced NBR
(RANBR) was developed to correct pre-fire vegetation density (Miller et al., 2009). However, these
indices face challenges in open canopies or shrublands, where background soil signals often
overwhelm the vegetation signal (Soverel et al., 2010). Furthermore, rapid post-fire green-up in
grassy fuels can mask woody mortality, leading to potential misclassification of fire effects (Picotte
et al., 2020). To address these limitations, recent research has explored machine learning to
integrate spectral indices with topographic and texture data for more robust classification (Hu et
al., 2023). To overcome the atmospheric and biophysical limitations of optical sensors, active
remote sensing is increasingly utilized. While LiDAR provides direct measurements of vegetation
structure, its acquisition is often cost-prohibitive over large areas (Rahman & Rashed, 2015).



Synthetic Aperture Radar (SAR) offers a scalable alternative, where backscatter (intensity)
changes based on surface roughness and moisture. Fire-driven removal of vegetation generally
decreases volume scattering and increases surface scattering, though the magnitude depends on
the radar wavelength (Tanase et al., 2010). C-band SAR (Sentinel-1) is particularly sensitive to
canopy leaves and smaller branches, as well as the dielectric properties of the surface (Millard et
al., 2022). This makes differential backscatter analysis (c°) a robust method for monitoring
structural recovery and soil moisture memory, independent of cloud cover or smoke.

The Eastland Complex Fire of March 2022 serves as a critical case study for the shifting fire
regimes of the Southern Great Plains, occurring in a transitional eco-region characterized by a
heterogeneous mosaic of oak motts, mesquite shrublands, and mixed grasslands. Assessing
ecological damage here is difficult because standard optical indices like the Differenced
Normalized Burn Ratio (ANBR) were designed for dense forests. In the Texas Cross Timbers,
rapid grass regrowth and high soil reflectance often interfere with these signals. This creates a risk
where standard maps misclassify fire effects due to the fast recovery of herbaceous fuels. Synthetic
Aperture Radar (SAR) provides an all-weather alternative sensitive to moisture and structure, but
its use in Texas shrublands is not well documented. Without comparing active and passive sensors,
managers lack a reliable way to quantify fire impact and plan restoration in these specific
environments.

Current literature lacks SAR validation in transitional biomes. Most research focuses on high-
biomass boreal or tropical forests rather than the grass-shrub savannas of Texas. Furthermore, the
correlation between radar backscatter (Ac®) and optical indices across specific land covers remains
uncertain. There is also a temporal disconnect in current assessments. SAR detects immediate
structural loss, while optical sensors monitor greenness, which recovers quickly in grass-
dominated systems. Integrating these observations is necessary to evaluate fire-induced change
and recovery together.

This study evaluates combined optical and radar data to map burn severity and moisture loss. The
work first quantifies severity distributions using Sentinel-2 indices. It then measures the sensitivity
of Sentinel-1 C-band backscatter to combustion-driven changes in vegetation and moisture. A
primary goal is to determine where radar serves as a reliable proxy for fire effects by analyzing
correlations across different land covers. Finally, the study examines how slope and land use
influenced observed burn patterns.

To guide this investigation, this study addresses several interrelated questions regarding the
measurement and drivers of the Eastland Complex Fire. Fundamentally, the research asks how the
spatial patterns of burn severity derived from Sentinel-2 optical indices (ANBR, RANBR)
compared to those derived from Sentinel-1 SAR backscatter changes (Ac®). It further investigates
whether there is a statistically significant correlation between optical burn severity (ANBR) and
radar backscatter loss (AcYy and Ac¥y), and to what extent this correlation varies between
grassland and shrubland ecosystems. From a methodological standpoint, the study questions
whether the combination of VV and VH backscatter changes can serve as a reliable proxy for
moisture and structure loss in areas where optical imagery might be compromised or ambiguous.
Finally, regarding the physical drivers of the event, the research examines how local topographic



factors, such as slope, and pre-existing land cover classes influenced the ultimate severity of the
Eastland Complex Fire.

This pattern is consistent with the broader intensification of drought cycles under anthropogenic
climate change, which has increased vapor pressure deficit and fuel flammability across the
Southern Great Plains (Williams et al., 2019; Lee et al., 2025). As vegetation becomes water-
stressed, associated changes in dielectric properties are detectable via microwave remote sensing,
linking fuel-moisture conditions directly to the radar-based methods used in this study (Mass &
Ovens, 2024).

Finally, wildfires in the Southern Great Plains must be understood as tightly coupled socio-
environmental systems. Unlike the lightning-dominated regimes of the Western U.S., fires in Texas
are predominantly driven by human ignitions and land-use patterns. Specific socio-economic
indicators, such as the expansion of the Wildland-Urban Interface (WUI) and infrastructure
density, serve as significant predictors for fire risk (Katuwal & Kafley, 2024). Consequently,
characterizing the 2022 Eastland Complex requires a multi-sensor approach that connects physical
combustion effects with the underlying environmental and anthropogenic drivers that shape the
regional fire landscape.

2. Study Area

The research focuses on the Eastland Complex Fire, which occurred in March 2022 in Central
Texas. The analysis focuses on the four biggest fires, which burned during 16 March 2022 to 31
March 2022. The selected fires those were analyzed are Kidd fire, Wheatfield fire, Ramsey fire
and Oak Mott fire (Figure 1). The complex consisted of multiple distinct ignitions but they falls
into several counties namely Eastland, Callahan, Brown and Comanche county and burnt over
54,000 acres. Ecologically The region lies within the Cross Timbers and Rolling Plains ecoregions,
a transitional zone characterized by a mosaic of vegetation types. The landscape is dominated by
mixed oak woodlands (Quercus spp.), mesquite shrublands (Prosopis glandulosa) and mixed-
grass prairies. This fuel complex is highly volatile, with fine grassy fuels facilitating rapid fire
spread and woody vegetation contributing to higher residence times and severity (Katuwal &
Kafley, 2024).
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Figure 1: Study area with National Land Cover Database (NLCD) map overlay on Google Earth
Engine and county perimeter




3. Data & Methods

The analysis focuses on the Eastland Complex Fire in north-central Texas, which burned during
16 March 2022 to 31 March 2022. The official fire perimeter from Texas A & M Forrest Service
was used and modified to define the study area. All remote-sensing processing was constrained
within this boundary. Two temporal windows were selected to characterize pre- and post-fire
conditions: (i) a pre-fire window from 05-16 March 2022, and (ii) the earliest cloud-free post-fire
period available in 01-11 April 2022 for optical indices.

Table 1: Datasets used in this study

Provider / . Spatial Temporal Resolution and .
Dataset Product Variables Resolution | output Purpose in Study
Pre-fire range:
05 Mar 2022 to 16 Mar
. 2022 Radar-based burn
Sentinel-1 ESA Vv, VH Post-fire range: severity, backscatter
SAR (IW, . backscatter; 10 m )
GRD) Copernicus | (post-pre) 01 Apr 2022 to 11 Apr loss, moisture-loss
post-p 2022 index, Ac® classification
(and 11 Apr 2023 for
long-term moisture-loss)
10-20 m Optical burn severity:
. ESA B8 (NIR), B12 (NBR uses . NBR, dNBR, RANBR;
Sentinel-2 SR . (SWIR), Same as previous L
Copernicus QA60 20m Validation of radar
SWIR) products
Derived .
NBR /dNBR from NBR, dNBR, 20m Pre- and post-fire Burn severity reference;
/ RANBR . RANBR composites comparison with Ac®
Sentinel-2
. . Topographic
Copernicus Elevation, . o
DEM GLO30 ESA Slope 30 m Static dataset chara.cterlzat}on, slope-
burn interactions
NLCD 2019/ Landcover Vegetation-type
2021 Land USGS Class (LC) 30m 2021 analysis; stratified Ac®-
Cover dNBR correlations
Random Derived Ac®, dNBR, 30m
Sample from RANBR, samplin Extracted from all raster Statistical correlation
mp stacked slope, land mplng after masking analysis (Python)
Points grid
rasters cover
Soil/vegetation
moisture-loss inference.
. . All datasets used in this
Moisture- Derived . . 3 X
Combined Same as Sentinel-1 post- study, with their
Loss Index - | from VVAVH | 10m fire wind ; tial
(860 +A%) | Sentinel-1 0SS e windows sources, spatia

resolutions and
reference dates, are
listed in Table 1.




Figure 2 and Figure S3 in supplemental documents provide a better understanding of the
methodological workflow.
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Figure 2: Methodological flowchart

3.1 Sentinel-1 SAR Processing

Sentinel-1 Interferometric Wide (IW) Ground Range Detected (GRD) scenes were collected for
both VV and VH polarizations. Images were filtered by instrument mode (IW), product type
(GRD), presence of the chosen polarizations and the defined pre- and post-fire date windows. Code
can be accessed here: https://code.earthengine.google.com/?accept repo=users/sonet/Eastlandl
The COPERNICUS/S1_GRD collection used here is provided by Google Earth Engine already
border-noise-removed, thermal-noise-removed, and radiometrically calibrated to sigma-nought;
no additional terrain correction beyond the standard GRD product processing was applied prior to
the speckle-filtering step described below.

3.1.1 Speckle filtering using a 3x3 Lee filter

Backscatter coefficients were first converted from decibels to linear power before applying a 3x3
Lee filter. This specific kernel size was selected to maximize speckle reduction while maintaining
the sharp edges of the fragmented burn patches and agricultural boundaries characteristic of the
Eastland landscape. While larger kernels (e.g., 5x5 or 7x7) were initially considered for their
ability to further smooth homogeneous grasslands, they were ultimately rejected due to the risk of
over-smoothing and losing the fine-scale structural detail of the unburned refugia identified within
the fire perimeters.


https://code.earthengine.google.com/?accept_repo=users/sonet/Eastland1

3.1.2 Pre- and post-fire composites and Ao’ calculation

Filtered scenes were averaged to create pre-fire and post-fire mean composites for each
polarization. Radar backscatter change was then computed as:

Ac® = 0 — O
Both Ac®(VV) and Ac®(VH) were derived. A combined moisture-loss metric was also generated
by summing VV and VH changes and multiplying by —1 so that larger positive values reflected
greater post-fire moisture and biomass loss. All radar products were exported for subsequent GIS
and statistical analysis.

3.2 Sentinel-2 Optical Burn-Severity Indices
3.2.1 Cloud-masking and NBR calculation

Sentinel-2 Surface Reflectance images were used to compute optical burn indices. Cloud and cirrus
contamination were removed using QA60 bitmasks. The QA60 bitmask is a metadata band
included in Sentinel-2 imagery that provides quality assurance information at a 60-meter spatial
resolution, specifically used to identify and filter out atmospheric obstructions. It operates by
flagging specific bits within the data Bit 10 for opaque clouds and bit 11 for cirrus clouds allowing
analysts to create binary masks that exclude these contaminated pixels from analysis. For each
cloud-free image, the Normalized Burn Ratio (NBR) was computed as:

B8 — B12

NBR = pe T B12

3.2.2 Multi-day composites and burn indices

Median pre-fire and post-fire NBR composites were generated to minimize noise from single-date
variability. Median compositing was employed to generate spatially contiguous pre- and post-fire
baselines. This statistical approach mitigates artifacts caused by cloud cover, shadows, and
atmospheric opacity, while smoothing short-term phenological variations that could otherwise
introduce bias into the burn severity assessment. Burn severity was quantified using both the
difference NBR (dNBR) and relativized NBR (RANBR). While dNBR calculates the absolute
magnitude of change in vegetation health, its values are heavily influenced by pre-fire biomass,
often resulting in lower severity ratings for sparse vegetation types. (Miller & Thode, 2007).
RANBR accounts for this bias by normalizing the differenced value against the pre-fire baseline,
essentially scaling the severity based on the initial vegetation density. This relativization allows
for a more consistent and accurate comparison of burn severity across heterogeneous landscapes
containing both dense forests and sparse shrublands:
dNBR = NBR,;,. — NBR

Table 2: Burn severity level and their ranges (Miller & Thode 2007)

dNBR Range dNBR Range

Burn Severity Level (scaled by 10°) (not scaled)
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Enhanced Regrowth, high (post-fire) =500 to —251 —0.500 to —0.251
Enhanced Regrowth, low (post-fire) —250 to —101 —0.250 to —0.101
Unburned —100 to +99 —0.100 to +0.099
Low Severity +100 to +269 +0.100 to +0.269
Moderate-low Severity +270 to +439 +0.270 to +0.439
Moderate-high Severity +440 to +659 +0.440 to +0.659
High Severity +660 to +1300 +0.660 to +1.300

Both rasters were exported for comparison against the Sentinel-1 backscatter-change data, with
optical severity levels assigned following Table 2 (Miller & Thode, 2007). RANBR is
mathematically defined as:

dNBR

RANBR =
JINBR, . [ +€

Where | NBR,,. | serves as a proxy for pre-fire biomass density. The square-root transformation

in the denominator is applied to better fit field observations in sparsely vegetated areas, preventing
the index from becoming unstable where pre-fire biomass is low. (Miller et al., 2009). Interpreting
RdANBR requires understanding that it measures the proportion of vegetation lost rather than the
absolute quantity of biomass consumed. Consequently, a high severity fire in a sparse shrubland
can yield a similar RANBR value to a high severity fire in a dense forest, as both represent a near-
total loss of the available pre-fire vegetation. This makes RANBR particularly robust for comparing
severity across diverse land cover types within the same fire perimeter. For classification purposes,
this study adopted the widely cited thresholds established by Miller and Thode (2007), which
categorize severity, as summarised in Table 3, as Unchanged/Low (< 69), Low (69-315), Moderate
(316-640), and High (>641). These thresholds align with the standard 4-class system used by
monitoring programs like MTBS to ensure consistency and comparability across studies.

Table 3: Relativized difference NBR Classification severity level

Severity Class | RANBR Range | Interpretation

Unchanged/Low | < (.069 Minimal change relative to pre-fire.

Low 0.069 - 0.315 Low severity relative to initial density.
Moderate 0.316 - 0.640 Moderate severity relative to initial density.
High >0.641 High severity relative to initial density.

Initial RANBR calculations revealed data gaps in sparsely vegetated areas due to the application
of a stringent pre-fire vegetation mask (NBR > 0.1). To ensure spatial continuity across the entire
study area, including grassland and shrubland zones with naturally low pre-fire NBR values, this
masking threshold was removed. The stability of the relative index was maintained by applying a
small epsilon value (¢ = 0.001) to the denominator in the RANBR equation. This specific value
follows the technical standards used by the Monitoring Trends in Burn Severity (MTBS) program.
Its inclusion prevents division-by-zero errors and stabilizes the index in areas where pre-fire
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vegetation 1is exceptionally sparse, ensuring that the resulting severity values remain
mathematically consistent across the diverse land cover types of the study area without excluding
valid low-biomass pixels.

3.3 Terrain and Land-Cover Drivers

To assess environmental controls on burn severity, topographic and land-cover variables were
incorporated into a stratified analysis. Elevation and slope (in degrees) were derived from the
Copernicus GLO30 Digital Elevation Model (30 m resolution) using standard terrain algorithms,
providing a mosaicking-artifact-free topographic baseline. For land cover, all analyses use the
National Land Cover Database (NLCD) 2021 release. The terrain and land-cover analysis in
Section 4.6 was originally computed using the NLCD 2019 release and a later post-fire
compositing window; it has been re-run using NLCD 2021 and the same date window as the rest
of the study, and the earlier configuration is retained and reported as a sensitivity analysis (Table
S3). Analysis focused on the dominant classes within the fire perimeter, deciduous forest (41),
evergreen forest (42), shrub/scrub (52), and grassland/herbaceous (71), which, together with
pasture/hay, cultivated crops, and woody or emergent herbaceous wetlands, make up most of the
study area's agricultural and semi-natural landscape. A burn mask (dANBR > 0.05) was applied to
isolate the fire footprint, and zonal statistics were computed to determine mean severity per land-
cover class. A pixel-based regression analysis was performed between slope steepness and ANBR
to test whether topography influenced fire severity in this event. For joint analyses such as
correlation, all layers were clipped to the fire perimeter and resampled to 30 m.

3.4 Sample Extraction for Statistical Analysis

A multi-band stack consisting of Ac®, INBR, RANBR, slope and NLCD land-cover class was
constructed. Because the Ac® raster is clipped to the fire perimeters, and because a common
validity mask was applied requiring simultaneous valid data in all input layers, the effective
sampling domain corresponds to the burned perimeters of the four fires rather than to the full
administrative study area. Within this domain, simple random sampling was applied using the
Earth Engine Image.sample function at 30 m resolution, drawing 3,000 points (random seed 42)
for the pixel-wide and burn-only correlation analyses and 5,000 points (random seeds 42 and 99)
for the land-cover-stratified and terrain analyses. Sampling was spatially unstratified: points were
drawn with uniform probability across all valid pixels, so the number of points falling within a
given land-cover class is proportional to the area of that class inside the burned perimeters rather
than being fixed by design. Stratification by land cover was therefore applied post hoc, at the
analysis stage, by grouping the sampled points by NLCD class. The spatial distribution of the
sample points is shown in Figure S1, and the number of sample points obtained for each land-
cover class is reported in Table S1. Samples were exported to CSV and analysed using Python.

3.5 Burn-only Analysis and Ac® Optical Correlation

A burn-specific mask was created to isolate meaningful fire-affected pixels. Pixels were retained
only where dNBR > 0.1 and Ac® < 0 dB, indicating spectral/thermal burn signal and radar
backscatter loss. Correlations were computed using Pearson’s r between: Ac® - ANBR and Ac® -
RdANBR. Scatter plots were generated for visual inspection. This analysis quantified the strength
and direction of radar optical agreement across the fire scar.



3.6 Land-Cover-Specific Sensitivity Assessment

To determine how vegetation structure influences radar sensitivity, the sampled points were
grouped post hoc by NLCD class. Classes represented by at least 30 valid samples were retained
for analysis; classes falling below this threshold were excluded, and the sample size of every class,
including those excluded, is reported in Table S1. For each retained land-cover class, separate
Pearson correlations were computed between Ac® and both optical indices (ANBR and RANBR),
and the correlation coefficient, p-value and sample size are reported together. Scatter plots were
produced for key classes such as evergreen forest (42), shrub/scrub (52), and grassland/herbaceous
(71). This approach isolated the vegetation-specific relationships between radar backscatter change
and burn severity. All radar, optical, terrain, and land-cover products were integrated in a
geographic information system (GIS) environment for visualization. Burn-severity maps from Ac®,
dNBR, RANBR, and the moisture-loss index were produced and compared spatially. Additional
overlays and difference maps were used to highlight areas of agreement and divergence between
radar- and optical-derived indicators, and to evaluate whether topography or vegetation cover
influenced observed burn patterns. The Moisture Loss Index (MLI) is defined as -1 times the
summed VV and VH backscatter change because fire-driven structural and moisture loss typically
produces a negative backscatter change (Section 4.1); multiplying by -1 converts this loss into a
positive-valued index, so that larger MLI values correspond to greater combined backscatter loss,
consistent with the sign convention used for the burn-severity indices above. MLI is a combined
backscatter-loss composite rather than a calibrated soil-moisture retrieval; this distinction, and the
absence of independent moisture validation, is noted explicitly in Section 5.5.
MLI = —1 x (AgQ, + Acdy)

3.7 Comparison with an Independent Burn-Severity Product

An independent comparison was made against the Monitoring Trends in Burn Severity (MTBS)
product, an interagency programme that maps burn severity for all large fires in the United States.
The 2022 MTBS thematic severity mosaic (USFS/GTAC/MTBS/ annual burn severity
mosaics/vl) was sampled at the same points used for correlation analyses. MTBS severity is
reported on a five-level thematic scale; to permit comparison, AINBR and RANBR classes were
harmonised onto the same four-level ordinal scale (unburned-to-low, low, moderate, high) by
merging the moderate-low and moderate-high dNBR classes of Table 2, and pixels labelled as
increased greenness or falling in the non-processing mask were excluded. Agreement was
quantified using confusion matrices with overall and within-one-class agreement, and the
relationship between Ac® and the ordinal MTBS severity level was assessed using Spearman's rank
correlation, overall and by land-cover class.

4. Results

Geospatial and radar analysis of the 2022 Eastland Complex Fire revealed a highly fragmented
burn pattern. Across the total fire perimeter of 62,195 acres, only 25,916 acres (~41.67%) were
classified as burned, with significant unburned refugia remaining within the perimeters. The
Ramsey fire was the most spatially continuous, with 52.52% of its footprint burned, while the Oak
Mott fire exhibited the highest fragmentation with only 37.09% of the area classified as burned.

10



4.1 Backscatter Analysis (Sentinel-1)

The analysis of Sentinel-1 Synthetic Aperture Radar (SAR) data revealed complex backscatter
changes (Ac®) across the burned landscape. The Vertical-Vertical (VV) polarization change ranged
approximately from -16.30 dB to +11.82 dB, while the Vertical-Horizontal (VH) polarization
change ranged from -14.50 dB to +21.25 dB. Negative Ac® values generally represented
backscatter loss, driven by the combustion-induced reduction in vegetation structure and moisture.
Conversely, positive Ac® values corresponded to soil exposure, ash-covered ground, and roughness
enhancement, which increased surface backscatter.

Ac® VV
11.82

Figure 3: Radar backscatter change in the study area. Only Kidd fire is shown here for example.
Next figure provides detailed understanding.

The quantitative analysis of the backscatter difference images revealed a notable disparity in the
dynamic ranges of the two polarizations. The VH backscatter change signal exhibited a broader

11



range of variability (spanning 35.75 dB, from -21.25 to +14.50) compared to the VV backscatter
change signal (spanning 28.12 dB, from -16.30 to +11.82).

*< a)Kidd fire

Figure 4: SAR Backscatter change spatial pattern. Backscatter values were speckle-filtered using
a Lee-type adaptive filter in linear power space and differenced in decibel units, preserving the
physical magnitude of change.

4.2 Burn Severity Assessment (Sentinel-2)

The optical burn-severity assessment, derived from Sentinel-2 data, utilized a four-level ordinal
scale with values ranging from 0 to 3. Areas mapped as high-intensity burn (class 2-3) aligned
spatially with the known severe fire fragments within the complex, specifically the Kidd, Oak
Mott, Ramsey and Wheat Field fires. To ensure the reliability of these spectral indices, date ranges
were selected to create stable pre-fire and post-fire image composites rather than relying on single-
date acquisitions. This multi-day window approach reduced noise associated with temporary
atmospheric anomalies, soil moisture fluctuations, and incidental rainfall. Consequently, the
change signal (ANBR) represented a comparison between stable representative pre-fire and post-
fire conditions, offering a more physically meaningful metric of disturbance (Hermosilla et al.,
2024).
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Figure 5 demonstrates the resulting Differenced Normalized Burn Ratio (ANBR) raster exhibited
values ranging from approximately -0.53 to +0.28. This range is consistent with moderate-
resolution optical burn severity mapping in low-stature vegetation landscapes. According to
LANDFIRE Existing Vegetation Height (EVH) and Existing Vegetation Type (EVT) data, the
Eastland Complex burn area is dominated by shrublands typically less than 1-3 meters in height
and seasonal agricultural fields, primarily wheat, rather than tall closed-canopy forests. These
vegetation types naturally produce lower spectral burn-severity contrast compared to conifer or
broadleaf forest systems, which explains the limited upper-range dNBR signal observed in this
study. The relatively narrow positive dNBR values are likely attributable to the short temporal
separation of approximately one month, meaning vegetation had not yet undergone full
physiological decline, as well as the limited vertical biomass of shrub and wheat fuels which
reduces spectral contrast after combustion. Furthermore, the exposure of soil and ash likely led to
mixed-pixel spectral dilution within the 10-20-meter resolution bands of Sentinel-2.

The four fires shared a common severity signature. In every perimeter the majority of pixels were
classified as unburned and the burned fraction was dominated by the low-severity class, with
dNBR values across the complex ranging from approximately -0.53 to +0.66 (Figures 5 and 6).
Ramsey, the smallest fire, contained the highest proportion of moderate-high severity (1.8% of its
perimeter), while moderate-high severity was essentially absent from the other three. Enhanced-
regrowth pixels were confined to a small number of agricultural patches. These are most plausibly
winter wheat fields that escaped the fire and continued to green up between the pre- and post-fire
acquisitions, producing a negative dNBR that the classification scheme reports as regrowth rather
than genuine post-fire recovery.

13



Percentage of mapped fire perimeter

(a) Kidd Fire

Severity Classes =
| (-0.50 to -0.25) Enhanced Regrowth, high
I (-0.25 to -0.10) Enhanced Regrowth, low
(-0.10 to +0.99) Unburned
(+0.10 to +0.27) Low Severity

F\

(b) Wheat Field Fire

Severity Classes

1 (-0.25 to -0.10) Enhanced Regrowth, low
(-0.10 to +0.99) Unburned
(+0.10 to +0.27) Low Severity

I (-0.50 to -0.25) Enhanced Regrowth, high

I (+0.27 10 +0.44) Moderate-low Severity D e A3 I (+0.27 to +0.44) Moderate-low Severity 0 075 15 225 3
I (+0.44 to +0.66) Moderate-high Severity Kilometers I (+0.44 to +0.66) Moderate-high Severity |
(c) Ramsey Fire (d) Oak Mott Fire
|
+
B TN A
0 S ¥ »
&3 e
| S A ' “
L ;; pla §
- e 78N
g N : o
’3 hlds 2
e
74 g
s
b ] g
Severity Classes Severity Classes . . ; { 'I 3
[ (-0.50 to -0.25) Enhanced Regrowth, high N 1B (-0.50 to -0.25) Enhanced Regrowth, high 3 L
[ (-0.25 t0 -0.10) Enhanced Regrowth, low A [ (-0.25 to -0.10) Enhanced Regrowth, low r— N
{-0.10 to +0.99) Unburned (-0.10 to +0.99) Unburned A
(+0.10 to +0.27) Low Severity gl o U Wb, 996 & (+0.10 to +0.27) Low Severity
I (+0.27 to +0.44) Moderate-low Severity Hing I (+0.27 to +0.44) Moderate-low Severity ¢ 05 1 15 2
[ (+0.44 to +0.66) Moderate-high Severity e | Komatars I (+0.44 to +0.66) Moderate-high Severity Risoians

100

80

60

40

20

Figure 5: Sentinel-2 dNBR burn-severity classification for the four fires of the Eastland
Complex: (a) Kidd, (b) Wheatfield, (c) Ramsey and (d) Oak Mott. Severity classes follow the
dNBR ranges of Table 2. Panels are shown at individual scales; each carries its own scale bar.
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classified as burned, that is, the sum of the low, moderate-low and moderate-high classes, with
the complex-wide mean shown for reference. Areas are taken from Table 4.

Comparing the four fires quantitatively (Figure 6) shows that severity composition was broadly
similar across the complex despite the ten-fold range in perimeter area. Unburned pixels dominate
every perimeter, from 47.1% in Ramsey to 61.3% in Oak Mott, and the low-severity class accounts
for most of the burned fraction in all four fires. Moderate-low severity remains below 3.6%
everywhere except Ramsey (6.3%), and moderate-high severity is essentially absent outside
Ramsey (1.8%), which is the smallest fire but the most severely burned by proportion. The burned
fraction ranges from 37.09% (Oak Mott) to 52.52% (Ramsey) against a complex-wide mean of
41.67%. This quantitative comparison supports the interpretation of a fragmented, predominantly
low-severity event and shows that the pattern is consistent across fires rather than driven by any
single event.

One feature merits specific comment because it illustrates a non-fire process affecting both sensors.
In the northern sector of the Oak Mott fire a distinct semicircular anomaly was observed within a
centre-pivot irrigation field (Figure 4), with diverging optical and radar signatures: dNBR
indicated low regrowth on one semicircle while the opposite semicircle showed a contrasting
response in Ac®VV and Ac®VH. This is attributable to asynchronous agricultural management
rather than to fire, most likely differential tillage, harvesting or irrigation scheduling altering
surface roughness and dielectric properties independently of the fire event.

Table 4: Summary of total affected fire perimeter accounted, and area burned shown in acres

Fire Enhanced Enhanced Low Moderate- Moderate- Total
Events Regrowth  Regrowth Unburned Severit low high  burned

(high) (low) y Severity Severity area
KiddFire 14.08 26136 265932 17819.46 497.77 142 40.54%
OakMott 0.08 101.08 3748.64  2055.48 212.42 1.92 37.09%
Ramsey 0 11.72 1569.74  1477.75 210.19 61.36 52.52%
Wheatfield 0.5 16.68  3962.12  3385.77 191.41 117 47.35%
Total 14.66 390.84 35873.70 24738.46 1111.79 65.87 41.67%

Figures 5 and 6 and Table 4 reveal that the geospatial analysis of the burn severity distribution
indicates that the Eastland Complex was characterized by a highly fragmented fire pattern, with
the total burned area comprising only 41.67% of the mapped perimeters. Although reported burned
area as 54,543 acres our analysis found total of 62,195 acres accounted as fire perimeter of which
~42% was burned on a ratio of total burned and unburned area. This suggests that despite the rapid
spread, the fires left significant unburned refugia and agricultural tracts untouched within their
boundaries. The Ramsey fire emerged as the most spatially continuous event, being the only fire
where the burned area exceeded half of the total footprint (52.52%); this aligns with it also having
the highest absolute area of moderate-high severity (61.36 acres), indicating a more intense and
cohesive consumption of fuels. In contrast, the Oak Mott fire exhibited the lowest burned
proportion (37.09%), reflecting a discontinuous burn scar likely broken by varying land use or fuel
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gaps. The largest event, the Kidd fire, followed this patchy trend with only 40.54% of its area
classified as burned, reinforcing the interpretation that these were primarily wind-driven, fast-
moving fires that skipped over substantial portions of the landscape rather than consuming it
entirely.

4.3 Multi-Sensor Correlation Analysis

This section evaluates the relationship between Sentinel-1 radar backscatter change (Ac®) and
optical burn-severity indices using three progressively constrained analyses: (i) unfiltered pixel-
wide correlations, (ii) burn-only correlations, and (iii) vegetation-stratified correlations. Both
dNBR and RANBR are examined separately to assess their relative suitability for low-biomass
ecosystems.

4.3.1 Ac® vs dNBR correlation across all pixels

Using all sampled pixels within the fire perimeters (n = 3,000; see Section 3.4), a weak, statistically
significant negative correlation was observed between Ac® (VV) and dNBR (r=-0.252, p <0.001)
due to presence of low severity burn with few regrowth and number of smaller areas burned. This
indicates that, at the landscape scale, increasing optical burn severity is generally associated with
a reduction in radar backscatter, consistent with the physical loss of vegetation volume and
moisture.

However, the weak magnitude of the correlation (|r] < 0.3) suggests substantial scatter in the
relationship. This is expected given that the dataset includes unburned and low-severity pixels,
where natural variability in soil moisture, surface roughness, and land management practices can
obscure fire-related radar signals. Thus, while the trend is statistically robust, it reflects a broad
landscape response rather than a tightly coupled pixel-level relationship.
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Aac® vs dNBR (all pixels)
r=-0.252, p = 1.91e-44
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Figure 7: Ac’ vs dNBR correlation across all pixels

4.3.2 Ac® vs dNBR correlation for burned pixels
To isolate fire-driven effects, the analysis was repeated using only burned pixels (ANBR > 0.1 and
Ac® < 0 dB). Under this constraint, the correlation strengthened slightly (r = -0.296, p < 0.001),

confirming that the negative relationship between Ac® and dNBR represents a genuine physical
response to combustion rather than background noise.
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Ac® vs dNBR (burned pixels)
r=-0.296, p = 7.57e-15
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Figure 8: Aa’ vs dNBR correlation for burned pixels only

Despite the improvement, the correlation remains weak-to-moderate, indicating that optical burn
severity and C-band radar backscatter are not tightly coupled in this landscape. This decoupling
reflects the dominance of low-stature fuels (shrubs, grasses, and crops), where fire alters vegetation
greenness more strongly than it alters physical structure detectable by C-band SAR. Unlike
forested systems, the removal of fine fuels often produces insufficient changes in surface
roughness or volume scattering to generate a strong linear radar response; the same pattern has
been reported in Sentinel-1 burned-area mapping, where detection accuracy is highest over forest
and lowest over grassland because pre- to post-fire backscatter variation is smaller in low-biomass
cover types (Belenguer-Plomer et al., 2019).

4.3.3 Ac® vs dNBR Correlation Stratified by Land Cover

When stratified by NLCD 2021 land-cover class, substantial variation emerged in the strength of
Ac®-dNBR relationships. Forested classes exhibited the strongest correlations, with evergreen
forest showing the strongest negative relationship of any class (r = -0.533, p < 0.001, n = 552),
followed by deciduous forest (r = -0.337, p = 0.004, n = 73), reflecting the removal of vertically
complex canopy structures detectable by both optical and radar sensors. Correlation coefficients,
p-values and sample sizes for every land-cover class are reported in Table S1.
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Ac® vs dNBR stratified by NLCD 2021 land-cover class (n = 4,999)
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Figure 9: Ac’ vs dNBR Correlation Stratified by Land Cover

Correlations within the dominant fuels of the region were weak. Shrub/scrub returned r = -0.291
(p <0.001, n = 1,664) and grassland/herbaceous r = -0.188 (p < 0.001, n = 878). Although both
are statistically significant, the significance is driven by sample size rather than effect size: Ac®
explains less than 10% of the variance in ANBR within either class. When the analysis was further
restricted to burned pixels only (ANBR > 0.1 and Ac® <0 dB), these relationships weakened further
and lost statistical significance entirely, falling to r = -0.087 (p = 0.095, n = 370) in shrub/scrub
and r = -0.075 (p = 0.451, n = 103) in grassland/herbaceous, whereas evergreen forest retained a
significant relationship under the same restriction (r = -0.279, p < 0.001, n = 227). This contrast
quantifies a C-band sensitivity floor in low-biomass environments: the transition from standing
grass or sparse shrubs to burned ground does not consistently produce a detectable change in radar
backscatter. Among managed and anthropogenic classes, pasture/hay (r = -0.076, n = 1,136) and
developed open space (r = -0.205, n = 159) exhibited the weakest relationships, while cultivated
crops (r=-0.290, n = 477) was comparable to shrub/scrub; irrigation, tillage, and artificial surfaces
plausibly introduce non-fire-related variability into the radar signal in these classes.

4.3.4 Ac® vs RANBR correlation across all pixels

Across all sampled pixels, the correlation between Ac® and RANBR was statistically significant
but weak (r =-0.204, p < 0.001, n = 4,999), and consistently weaker than the corresponding Ac®-
dNBR correlation over the same sample (r = -0.294). Per-class coefficients ranged from r =-0.392
in evergreen forest to r = -0.057 in pasture/hay, the latter not statistically significant (Table S1).
Although dNBR and RANBR are strongly correlated with one another across the sample (r=0.71,
p < 0.001), RANBR consistently underperformed in its relationship with SAR backscatter. This
underperformance reflects a structural limitation of RANBR in semi-arid shrub and grass systems.
RANBR normalizes burn severity by pre-fire NBR, which is inherently low and spatially uniform
in sparse vegetation. As a result, the normalization amplifies background noise rather than
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enhancing true fire-induced signals, degrading its correspondence with radar-based structural
change.

4.3.5 Ac® vs RANBR correlation stratified by land cover

Vegetation-stratified analysis further confirmed the limited utility of RANBR in this landscape. In
shrub/scrub (NLCD 52) and grassland/herbaceous (NLCD 71) classes, Ac®-RANBR correlations
were weak (r =-0.202 and r = -0.156, respectively), despite large sample sizes and high statistical
significance driven by n rather than effect size. In developed open space and pasture/hay the
RdANBR relationship was not statistically significant at all (r = -0.086, p = 0.279 and r = -0.057, p
= 0.054, respectively). In every land-cover class examined, the Ac®-RANBR coefficient was
weaker than the corresponding Ac®-dNBR coefficient (Table S1).

Ac® vs RANBR stratified by NLCD 2021 land-cover class (n = 4,999)
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Figure 10: Ao’ vs RANBR correlation stratified by land cover

When analysis was restricted to moderate-to-high severity pixels within these classes, correlations
were negligible and statistically insignificant. This reinforces the conclusion that RANBR is poorly
suited for multi-sensor integration in low-biomass systems, where pre-fire vegetation density is
insufficient to support meaningful normalization.

4.3.6 Synthesis of dNBR vs RANBR for SAR Integration

Taken together, these results demonstrate that ANBR is the more appropriate optical burn-severity
metric for integration with Sentinel-1 SAR in the Eastland fire landscape. dANBR captures absolute
reflectance changes associated with char, ash, and soil exposure that correspond more directly to
radar-detected structural and moisture loss.
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Agreement between indices: r = 0.919, p = 3.48e-03
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Figure 11: Correlation comparison across radar and optical analyzed data

The two optical indices rank the land-cover classes in a closely similar order: the per-class Ac®-
dNBR and Ac®-RdANBR coeftficients are themselves strongly correlated across the seven classes
examined (r = 0.919, p = 0.003, n = 7 classes; Figure 11). This is a comparison between the two
sets of class-level coefficients, and should not be confused with the pixel-level correlation between
the indices themselves, which is weaker (r = 0.71; Section 4.3.4). Both optical indices correlate
more strongly with radar (Ac®) in forested classes and lose that correlation in grassland and
agricultural classes. The fire in these areas changed the vegetation’s health/color (which dNBR
saw) but did not significantly change the physical structure or biomass enough for the radar to
detect it. Thus, RANBR is better suited to high-biomass forested environments and introduces
instability in shrub- and grass-dominated systems.

4.3.7 Statistical Robustness of the Reported Relationships

Because the correlations reported above are weak in absolute terms, we assessed their robustness
rather than relying on significance testing alone; full results are given in Table S4 and Figure S2.
Confidence intervals were obtained by bootstrap resampling (5,000 resamples), which is
appropriate here because a Breusch-Pagan test indicates heteroscedastic residuals (LM =25.1,p <
0.001) and a Jarque-Bera test rejects residual normality (p <0.001), so parametric intervals would
be optimistic. The pooled Ac®-dNBR coefficient is r = -0.294 with a 95% interval of [-0.319, -
0.267], and the per-class intervals exclude zero for every class reported. Subsampling from 25%
to 100% of the data returns coefficients between -0.293 and -0.296, so the estimates are not
artefacts of sample size or of the random seed.
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We also tested whether a linear coefficient is an adequate summary. Pearson and Spearman
coefficients differ by no more than 0.037 in any class, indicating a close to monotonic-linear
association. Adding a quadratic term to the pooled model raises the coefficient of determination
from 0.086 to 0.101 and is statistically significant (F = 82.0, p < 0.001), but the additional 1.5
percentage points of explained variance shows the curvature is detectable at this sample size rather
than substantial. In five-fold cross-validation, Ac® alone predicts ANBR with an out-of-sample R?
of 0.085, rising to 0.106 when land cover is included. A random-forest model fitted to Ac?, slope,
elevation and land cover reaches a cross-validated R? of 0.164, against 0.109 for the equivalent
linear model, indicating that some interaction structure is present that a single correlation
coefficient does not capture. In that model Ac® is the most important predictor of ANBR by
permutation importance. Taken together these tests support the central claim of this study, which
is that the radar-optical relationship is real but weak in this eco-region, and they place explicit
bounds on how much of the variance in optical burn severity radar backscatter change can be
expected to explain.

4.4 Comparison with an Independent Burn-Severity Product (MTBS)

To assess the optical and radar metrics against a reference produced independently of this study,
all sample points were compared with the MTBS thematic burn-severity product for 2022 (n =
4,405 after harmonisation). The distribution of MTBS severity across the fire complex is itself
informative: 89.3% of mapped pixels were assigned to the low severity class, 8.5% to unburned-
to-low and 2.0% to moderate, with no pixel anywhere in the complex classified as high severity.
MTBS therefore characterises the Eastland Complex as an extensive but predominantly low-
severity event, which is consistent with the fine-fuel, wind-driven fire behaviour described in
Section 4.2.

Agreement between the Sentinel-2 optical indices and MTBS differed markedly between the two
indices. ANBR matched the MTBS class exactly for 37.8% of pixels but fell within one severity
class of MTBS for 99.9% of them, with the disagreement almost entirely systematic: ANBR assigns
a severity one class lower than MTBS, reflecting the fixed thresholds of Table 2 against the analyst-
adjusted, per-fire thresholds MTBS applies. RANBR agreed exactly for 29.9% of pixels but fell
within one class for only 72.7%, with 27.3% of pixels assigned a severity two or more classes
away from the MTBS value. This provides independent support for the conclusion of Section 4.3.6
that RANBR behaves unstably in this landscape. Overall kappa values are low for both indices
(0.07-0.09) because the strongly unbalanced MTBS class distribution inflates expected chance
agreement, and the agreement percentages should be read together with that distribution.

The comparison of radar backscatter change against MTBS is the only genuinely cross-sensor test
available here, and its outcome is strongly conditioned by land cover (Figure 12; Table S2). Across
all classes combined the relationship is negligible (p =-0.055), but this global figure is misleading
because it averages a real signal in woody vegetation with its absence elsewhere. In evergreen
forest, Ac® correlates with MTBS severity in the expected direction and with high significance (p
=-0.315, p < 0.001, n = 488). In every other land-cover class the relationship is statistically
indistinguishable from =zero or negligible in magnitude: shrub/scrub (p = -0.077),
grassland/herbaceous (p = -0.004), pasture/hay (p = +0.055) and cultivated crops (p = +0.082). By
contrast, dNBR correlates significantly with MTBS in all seven classes examined (p = +0.185 to
+0.559). Because MTBS is generated by a separate programme from Landsat imagery and an
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independent processing chain, this pattern constitutes external corroboration of the C-band
sensitivity floor identified in Section 4.3.3: C-band backscatter change tracks burn severity where
vertically structured woody biomass is present, and loses that capability in the low-stature fuels
that dominate this eco-region. It should be noted that MTBS assigns almost all of the complex to
a single severity class, so the reference itself provides limited dynamic range against which to
detect a severity gradient; the forest result is therefore best read as a positive finding rather than
the absence of one being read as disproof elsewhere.

Agreement with MTBS burn severity by land-cover class (*** p < 0.001, ** p < 0.01, * p < 0.05)

(a) Sentinel-1 Ag® vs MTBS severity (b) Sentinel-2 dNBR vs MTBS severity
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Figure 12: Agreement with MTBS burn severity by land-cover class. (a) Spearman's rank correlation
between Sentinel-1 Ac® and MTBS ordinal severity; (b) the same for Sentinel-2 dNBR. Solid bars denote
statistically significant relationships (p < 0.05). Ao’ is significantly related to MTBS severity only in
evergreen forest, whereas dNBR is significantly related in every class examined.

4.5 Moisture loss index

The SAR-derived Moisture Loss Index ranged from 0 to 12.59. High MLI values aligned spatially
with confirmed burned polygons, successfully capturing hydrological deficits and dielectric
changes that were undetectable by optical sensors due to smoke or rapid herbaceous recovery.
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Figure 13: Moisture Loss Index (MLI) map, legend has been scaled to highest MLI for visualization

The MLI values should be interpreted relatively (spatial ranking) rather than as biophysical
moisture percentages. The maps clearly represent that the burned areas have more moisture loss
than unburned areas. Finally, consistent with the stronger radar-to-dNBR correlations observed in
forested classes relative to shrub and grassland classes (Section 4.3.3) and the spatial agreement
between MLI and dNBR patterns shown in Figure 17 (Section 5.1), Sentinel-1 backscatter change
detection captured fire impacts across shrub and agricultural fuel environments even where optical
dNBR exhibited limited dynamic range. SAR effectively detects combustion impacts under
conditions where optical methods may be limited by vegetation type, background soil reflectance
or atmospheric interference. The Ac’-dNBR relationship is inherently weaker in low-height shrub
and wheat-field fuels, where volumetric scattering is minimal compared to taller closed-canopy
forests. Post-fire microwave response is often immediate, whereas optical canopy or greenness
response may lag, especially in semi-arid or winter agricultural settings. The moisture-loss index
demonstrates added value of SAR for structural and dielectric change assessment, complementing
optical spectral indices instead of replacing them.
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4.6 Environmental Drivers of Severity

Elevation across the four fires spans 184 m (Figure 16), and less than 100 m within any individual
fire; mean slope is 1.76 degrees with a maximum of 22.5 degrees. Within this narrow topographic
range, burn severity showed a weak but statistically significant negative relationship with slope (r
=-0.053, p < 0.001, n = 4,767) and a comparably weak positive relationship with elevation (r =
+0.051, p < 0.001); slope accounts for less than 0.3% of the variance in dNBR. This supports the
interpretation that the Eastland Complex was primarily a wind-driven event rather than a
topography-driven one. The high-velocity winds during the event likely overwhelmed local
topographic effects, driving the fire across flats and slopes with comparable intensity. Given the
limited elevation range sampled here, this finding is specific to the Eastland study area and should
not be generalized to transitional eco-regions with greater topographic relief.

Slope versus burn severity (r = -0.053, p < 0.001, n = 4,767)
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Figure 14: Locally weighted scatterplot smoothing (LOWESS) trend of slope versus dNBR

The LOWESS-smoothed relationship (Figure 14) shows dNBR remaining nearly constant below
approximately 5 degrees, where the large majority of pixels lie, with a shallow decline at steeper
slopes that rests on comparatively few observations; variability at any given slope greatly exceeds
the fitted trend. In contrast, burn severity differed significantly among pre-fire land-cover classes
(one-way ANOVA, F(6, 4711) = 21.7, p < 0.001). Evergreen and deciduous forest recorded the
highest mean dNBR (0.118 for both), followed by pasture/hay (0.091), shrub/scrub (0.089) and
grassland/herbaceous (0.079), with the lowest values in developed open space (0.070) and
cultivated crops (0.067).

Because the terrain and land-cover analysis was originally computed over a later post-fire window
(15 April - 10 May 2022) than the remainder of this study (1 - 11 April 2022), both configurations
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were re-run and compared (Table S3). The later window yields a mean dNBR of -0.018 across the
sample, that is, a net increase in vegetation greenness relative to pre-fire conditions, because
herbaceous regrowth in this eco-region is rapid enough to remove much of the optical burn signal
within six to eight weeks of the fire. Under that configuration slope shows no relationship with
severity at all (r = +0.001, p = 0.96), and the land-cover ordering inverts, with cultivated crops
recording the only positive mean dNBR of any class. The results reported above therefore use the
1 - 11 April window and the NLCD 2021 release throughout, consistent with Sections 4.1 to 4.4.
This contrast is itself informative: in low-biomass transitional systems, the choice of post-fire
compositing window over a span of only a few weeks determines whether an optical severity signal
remains detectable at all, and reporting that window precisely is therefore essential.

Mean burn severity by NLCD land-cover class
error bars show 95% confidence intervals for the harmonised window
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Figure 15: Mean-dNBR by NLCD class for only burned pixels
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Figure 16: Elevation difference in the study area

Shrub/scrub areas exhibited significantly higher mean dANBR than grassland/herbaceous
(difference 0.009, Welch t-test p = 0.005), consistent with the woody encroachment hypothesis of
escalating fire risk in the Southern Great Plains, in which mesquite and juniper encroachment
raises the potential for higher-severity fire effects relative to native grass prairie. However,
shrub/scrub did not differ significantly from pasture/hay (difference -0.003, p = 0.36), so the
present data support a distinction between shrub-encroached rangeland and open grassland but not
between shrub-encroached rangeland and managed pasture. Taken together, these results indicate
that fuel type rather than topographic control was the primary driver of spatial variability in burn
severity for the Eastland fire.

5. Discussion
5.1 Radar and Optical Response to Fire in a Transitional Eco-region

The fuel types in this area (shrublands and grasslands) created a continuous fuel bed that allowed
the fire to spread efficiently. This resulted in a cohesive burn scar with relatively few unburned
patches inside the perimeter compared to a complex forest fire, leaving fewer spots for healthy
green vegetation to appear in the final map. The results highlight the challenges of applying
standard optical burn severity indices in the Southern Great Plains. The compressed dynamic range
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of ANBR and the presence of negative values in clearly burned areas validate findings by Picotte
et al. (2020), they noted that standard MTBS protocols often underestimate severity in non-forest
biomes. In the Eastland Complex, the rapid post-fire response of herbaceous vegetation or green-
up likely masked the severity of the burn in optical imagery acquired even a few weeks post-fire.

The observation that Ac®VH displayed a greater magnitude of change than Ac®V'V that highlights
the specific structural sensitivity of C-band radar in shrub-dominated ecosystems. This study
demonstrates that Sentinel-1 SAR offers a viable proxy for burn severity. The observed increase
in VV backscatter in many burned areas contradicts the standard “fire = backscatter loss” model
often applied to dense forests (Tanase et al., 2010). In the open canopies of the Eastland region,
fire acts as a “clearing agent,” removing the attenuation of the grass/shrub layer and exposing the
rougher, more reflective soil surface to the radar beam (Tanase et al., 2010). This aligns with recent
findings by Millard et al. (2022) regarding C-band sensitivity to surface scattering. The
bidirectional signal (loss in thickets, gain in grasslands) necessitates a context-aware interpretation
of SAR data.

This bidirectional response can be explained mechanistically: the extreme decrease in VH values
reflects near-total elimination of volume scattering, since pre-fire shrub canopies and standing
grass depolarize the radar signal, and fire-driven removal of this biomass drives the cross-polarized
return toward the sensor noise floor (Imperatore et al., 2017). Where positive VH values occur,
one possible contribution is depolarization by charred, skeletal woody debris; we note this as a
candidate mechanism only, since the present GRD data do not permit the polarimetric
decomposition that would be required to test it. Because VV responds mainly to the comparatively
stable ground surface while VH is sensitive to the full vegetation volume (Imperatore et al., 2017)
undergoing this soft-to-charred transformation, VV shows a narrower dynamic range than VH
across the burn scar.
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Figure 17: Comparative analysis among spatially mapped radar derived backscatter change
data, moisture loss index and sentinel-2 derived burn severity map

In figure 17 it can be seen that in Sentinel-1 backscatter change maps for Ac®vv, Ac®vh and the
moisture loss index map, the marked areas showed identical shape but ANBR map did not detect
that rather it show unburned-low severity-moderate low severity burned areas. The co-occurrence
of this feature across SAR-based metrics indicates that the affected area experienced measurable
fire-induced changes in vegetation structure and moisture content. In contrast, the absence of a
comparable signal in ANBR suggests limited sensitivity of optical greenness-based indices to these
changes.

This discrepancy is attributable to fundamental differences in sensor response mechanisms.
Sentinel-1 backscatter is sensitive to variations in dielectric properties, surface roughness, and
canopy structure (Tanase et al., 2010; Imperatore et al., 2017), allowing it to capture sub-canopy
damage, biomass loss, and post-fire drying even where spectral vegetation greenness changes are
minimal. MLI, as an uncalibrated composite of VV and VH backscatter loss, is expected to respond
to the combined structural and dielectric changes that follow fire, although it was not validated
against independent moisture measurements in this study (Section 5.5). By comparison, dNBR
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primarily responds to changes in canopy chlorophyll and reflectance in the near-infrared and
shortwave infrared bands and therefore may fail to detect fire impacts in areas characterized by
low pre-fire biomass, sparse vegetation, or rapid post-fire recovery.

The observed divergence highlights a known limitation of optical burn-severity indices in
grassland-shrubland and agriculturally dominated landscapes, where fire may substantially alter
vegetation structure and moisture without producing strong spectral greenness contrasts. These
findings demonstrate that SAR-derived backscatter change and moisture-based metrics provide
complementary and, in some cases, more sensitive indicators of fire effects than dNBR alone.
Integrating SAR and optical observations is therefore critical for accurately characterizing burn
severity and fire impacts across heterogeneous and low-biomass environments.

5.2 Environmental Controls on Burn Severity

The minimal influence of slope coupled with the significant influence of land cover paints a clear
picture of the Eastland Complex as a fuel- and weather-driven disaster. The significantly higher
severity in Shrub/Scrub zones points to the role of mesquite and juniper encroachment in altering
the fire regime. These woody fuels burn hotter and longer than the native grasses, leading to more
severe ecological impacts. From a socio-environmental perspective, this reinforces the need for
fuel management strategies that target woody encroachment, particularly in the Wildland-Urban
Interface (WUI) where these fuels about human infrastructure (Katuwal & Kafley, 2024).

In this study, dNBR showed a substantially stronger relationship with Ac®vv than RANBR,
indicating that dNBR is the more appropriate optical burn-severity metric for the Eastland fire
landscape. This result is consistent with the dominant fuel types in the area’s low-stature shrubs
(1-3 m), grasses, and sparse herbaceous cover. In such systems, pre-fire NBR values are already
low and spatially uniform because the vegetation has limited canopy moisture and weak near-
infrared contrast. RANBR normalizes burn severity by the magnitude of pre-fire NBR, which is
designed for forests where dense canopies and highly variable biomass create strong pre-fire NBR
gradients. In shrub-grass ecosystems, however, the normalization step amplifies noise and
suppresses true burn-severity signals, causing RANBR to lose sensitivity. This explains the near-
zero Ac®-RdANBR correlations across NLCD 52 and 71.

Besides, dNBR responds directly to post-fire reflectance changes related to char, ash, and exposed
soil, which remain detectable even in sparse fuels. As a result, Ac® and dNBR exhibit a much
stronger and statistically significant coupling, with Ac® effectively capturing the same structural
and moisture losses that drive dNBR increases. Consequently, dINBR provides a more reliable
burn-severity indicator for semi-arid shrub and grass systems like Eastland, whereas RANBR is
better suited to high-biomass forested environments. Given the minimal elevation range in the
Eastland fire area, topographic effects on C-band backscatter are negligible; therefore, vegetation-
driven patterns were prioritized.

The minimal influence of slope compared to land cover confirms that the Eastland Complex was
a fuel-driven disaster exacerbated by decades of land management decisions. From a policy
standpoint, the high sensitivity of the VH channel to woody biomass loss provides a quantifiable
metric for the efficacy of prescribed burns and brush-clearing initiatives aimed at protecting the

30



expanding WUI. By integrating these active sensing capabilities, state agencies can move beyond
reactive suppression and toward a proactive, data-driven framework for regional fire resilience.
These conclusions regarding dANBR/RANBR performance and woody-encroachment effects on
severity are drawn from a single fire complex in a low-relief, low-biomass transitional eco-region
and should be tested across additional fires and regions before being generalized more broadly.

Two aspects of these environmental results were not anticipated and merit comment. First, terrain
slope correlates more strongly with Ac® (r = -0.153, p < 0.001) than with dNBR (r = -0.053),
despite the negligible influence of topography on burn severity itself in this low-relief landscape.
Because terrain cannot plausibly affect the radar signal through fire behaviour here, the most likely
explanation is a residual local-incidence-angle effect in the backscatter data, incidence angle being
among the acquisition parameters known to control C-band response alongside surface geometry
and dielectric properties (Imperatore et al., 2017). This is a measurement artefact rather than an
ecological signal, and it reinforces the need for terrain-corrected backscatter in low-relief settings
where the fire signal itself is weak. Second, although shrub/scrub burned at significantly higher
mean dNBR than grassland/herbaceous, consistent with the woody encroachment hypothesis, it
did not differ significantly from pasture/hay. The expectation that shrub-encroached rangeland
would separate cleanly from all herbaceous cover types is therefore only partly supported, and
managed pasture appears to carry fuel loads comparable to encroached rangeland in this eco-
region.

5.3 Index Behaviour and Operational Relevance

The moisture-loss index's all-weather capability may offer near-term value for provisional fire-
extent assessment when optical imagery is obscured by cloud or smoke, complementing rather
than replacing existing MTBS/Sentinel-2-based workflows. Realizing this potential operationally
would require the independent validation discussed in Section 5.5, which has not yet been
performed.

The observed decoupling between Ac® and RANBR in shrubland and grassland classes, with r
values of -0.202 and -0.156 respectively, points to a fundamental mathematical instability in
relativized indices within semi-arid transitional zones. While RANBR is a recognized standard for
temperate conifer forests, its performance degrades in landscapes where the pre-fire baseline,
NBRpre, is naturally low. In the Texas Cross Timbers, the sparse canopy and high background
soil reflectance result in NBRpre values that often approach the limit of detection. When these
values are used in the denominator of the RANBR equation, small variations in spectral reflectance
driven by soil moisture or sensor noise rather than fire effects are disproportionately amplified.
These findings suggest that for the Southern Great Plains, absolute change represented by dNBR
provides a more physically accurate representation of fire-induced biophysical alteration, as it
avoids the numerical sensitivity inherent in the relativization of low-biomass pixels.

The cross-polarized VH channel responds to the loss of three-dimensional woody structure, which
is of practical relevance in the Southern Great Plains where mesquite (Prosopis glandulosa) and
juniper (Juniperus spp.) encroachment has been associated with shifts in fire regime. Because the
VH signal tracks woody biomass loss while dNBR is dominated by the rapid greening of
herbaceous fuels, radar-derived structural metrics may remain informative after the grass layer has
recovered. We note, however, that the present data distinguish shrub/scrub from open grassland
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but not from managed pasture (Section 4.6), so this application requires testing against independent
measures of woody cover before it could be relied upon operationally.

These index results are consistent with the design assumptions of the indices themselves and with
previous evaluations. RANBR was introduced to compensate for variation in pre-fire vegetation
condition by normalising dNBR against the pre-fire NBR (Miller & Thode, 2007), and subsequent
calibration work established its performance in forested systems where that denominator is large
and stable (Miller et al., 2009). Its weaker performance here is therefore a predictable consequence
of applying it where the pre-fire baseline is small, rather than a contradiction of earlier work;
Soverel et al. (2010) likewise reported that the relative merits of ANBR and RANBR depend on the
vegetation context in which they are applied. The land-cover gradient we observe also reproduces
a pattern reported independently for Sentinel-1 burned-area mapping, in which detection accuracy
was highest over forest and lowest over grassland because pre- to post-fire backscatter variation is
smaller in low-biomass cover types (Belenguer-Plomer et al., 2019). That our comparison against
MTRBS recovers the same ordering, in a different eco-region and using severity agreement rather
than detection accuracy, suggests that the constraint is a property of C-band sensing in sparse fuels
rather than of any particular algorithm.

A critical advantage of the integrated SAR-optical framework demonstrated here is its temporal
robustness. Wildfires in Texas often coincide with frontal passages and subsequent atmospheric
instability, leading to prolonged cloud cover that blinds sensors like Sentinel-2. Furthermore, the
rapid recovery of fine fuels can lead to a quick spectral return to baseline conditions, where INBR
values may decrease within weeks of the event. Because Sentinel-1 C-band SAR is an active
system capable of penetrating smoke and clouds, it provides an immediate assessment capability.
The moisture-loss index developed in this study captures the post-fire hydrological deficit, offering
emergency managers a reliable map of fire extent and initial severity even before the first clear
multispectral window becomes available.

5.4 Fire Fragmentation and Unburned Refugia

The finding that only 41.67% of the total perimeter area was classified as burned highlights the
highly fragmented nature of the Eastland Complex. These unburned areas within the perimeter are
ecologically vital, serving as seed sources for native vegetation recovery and habitat islands for
displaced fauna. The ability of the moisture-loss index to clearly delineate these unburned
fragments, even when dNBR showed low-severity ambiguity, demonstrates the superior spatial
precision of microwave remote sensing in characterizing fire heterogeneity. Understanding this
fragmentation is essential for post-fire resilience monitoring, as it indicates a mosaic-style burn
that may recover more rapidly than a contiguous high-severity landscape.

This fragmentation estimate should be read with the threshold convention in mind, since the burned
fraction is defined by the dNBR class boundaries of Key and Benson (2006) and would shift if
different boundaries were adopted. The independent MTBS mapping supports the broader
characterisation: it assigns 89.3% of the complex to the low severity class and no pixel anywhere
to high severity, describing the same event as extensive but predominantly low in severity.
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5.5 Limitations and Future Work

While this study successfully utilized Google Earth Engine-native GRD data, the lack of phase
information (InSAR) limited the ability to quantify precise soil moisture deficits at depth. Future
research should leverage offline processing of SLC data to generate interferometric coherence and
closure phase maps, which offer higher sensitivity to soil moisture anomalies. Additionally, the
lack of contemporaneous field plots (Composite Burn Index) means the radar-optical relationships
reported here remain uncalibrated against any absolute severity scale. Future research prioritising
field data collection in these transitional biomes would allow absolute radar severity scales to be
established. This study also has several additional limitations. The optical and radar metrics were
compared against the independent MTBS thematic severity product (Section 4.4), but no field-
based reference data such as Composite Burn Index plots were available, and none can now be
collected for a fire that burned in March 2022 in a rapidly recovering herbaceous system. MTBS
is itself derived from Landsat ANBR, so the optical comparison is a consistency check rather than
a fully independent validation, and because MTBS assigns 89.3% of the complex to a single
severity class it offers limited power to validate severity gradients. Confounding factors affecting
Sentinel-1 backscatter, including soil-moisture variability, agricultural practices such as tillage and
irrigation, crop phenology, and incidence-angle effects, were not independently controlled for and
may influence observed changes in managed land-cover classes. The statistical analysis relies
solely on Pearson correlation, which does not capture nonlinear relationships or provide
uncertainty quantification; cross-validation, regression diagnostics, and machine-learning
comparisons were not performed. Conclusions regarding RANBR performance and the influence
of woody encroachment on burn severity are drawn from a single wildfire event in a low-relief
study area and require confirmation across additional fires and regions before broader
generalization. Finally, the terrain and land-cover analysis in Section 4.6 originally used a later
post-fire compositing window and the NLCD 2019 release; both have now been brought into line
with the rest of the study, and the earlier configuration is retained and reported as a sensitivity
analysis in Table S3.

A further limitation concerns comparison with earlier C-band work. Much of the published
evidence on SAR burn severity comes from closed-canopy forest, including the Mediterranean
pine systems in which C-band backscatter was found to increase with severity (Tanase et al., 2010),
whereas the dominant response here is backscatter loss in a sparse, predominantly herbaceous
landscape. Differences between our results and that literature therefore reflect contrasting biomes
and fire regimes as much as differences in method, and direct numerical comparison across those
studies should be treated with caution.

Conclusion

This study compared Sentinel-1 SAR backscatter change with Sentinel-2 optical burn-severity
indices (ANBR, RANBR) for the 2022 Eastland Complex Fire, a transitional eco-region where
optical indices are known to underestimate severity due to rapid vegetation recovery and low pre-
fire biomass. Sentinel-1 backscatter, particularly the cross-polarized VH channel, proved more
sensitive to structural loss than optical greenness in this low-biomass setting, and dNBR
consistently outperformed RANBR as the optical index best suited for integration with radar in this
study area. Fuel type, especially woody encroachment by mesquite and juniper, was a stronger
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driver of burn severity here than topography, which had minimal influence given the site's limited
elevation range.

These findings, drawn from a single fire complex, should be confirmed across additional fires and
regions before being generalized. Future work should prioritize independent field validation (e.g.,
Composite Burn Index or MTBS comparison) and Interferometric SAR (InSAR) phase
information to calibrate absolute radar severity thresholds and quantify soil-moisture deficits more
precisely.
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Data availability

Data will be made available on request. Additionally, code can be accessed here:
https://code.carthengine.google.com/?accept_repo=users/sonet/Eastland] and high resolution
maps can be accessed here: https://utdallas.box.com/s/beq2ffc67mey7ahvceddvz8d7apgaimp
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