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ABSTRACT

Background. Phenological correction of pre- and post-fire imagery is used to improve remotely
sensed burn severity evaluations. Unburned offset values standardize greenness between image
pairs; however, efficacy across diverse scenarios remains underexplored. Aims. We evaluated the
impact of phenological offset correction methods to support analyst decision-making across fire-
prone environments. Methods. We generated burn severity spectral index values for a dataset of
Composite Burn Index (CBI) field plots across the conterminous US. The effectiveness of offset
corrections was tested across image selection techniques, spectral indices, offset generation
methods and burn perimeter sources. We assessed the influence of offset corrections on the
modeled relationship with CBI, agreement between burn severity thresholds and potential bias.
Key results. Applying offset corrections consistently improved the modeled relationship with
CBI by addressing extreme outlier severity values. However, automated offset corrections had
the potential to introduce bias, systematically lowering severity values and reducing correspon-
dence with observed burn severity categories. Conclusions. Offset corrections offer benefits but
also present trade-offs to accurately representing remotely sensed burn severity. Implications.
The utility of offset corrections depends on the environment, methods and scale of analysis. We
propose a decision-tree framework for analysts to consider when employing offset corrections
given their study scope.

Keywords:
offset corrections, post-fire analysis, remote sensing, wildfire, wildland fire.
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Introduction

Burn severity evaluations are crucial to characterize the ecological impacts of fire on
wildlife habitat quality (Fontaine and Kennedy 2012; Lewis et al. 2022; Steel et al. 2022),
hydrogeomorphology (Shakesby and Doerr 2006; Moody et al. 2008; Vieira et al. 2015;
Rust et al. 2019; McGuire et al. 2024), carbon storage (Meigs et al. 2009; Yang et al.
2015; Hall et al. 2024) and vegetation condition (White et al. 1996; Lentile et al. 2007;
Lydersen et al. 2016; Coop et al. 2020). Precise assessment of burn severity, the degree of
fire impact on vegetation and soil organic matter (Keeley 2009), is necessary to support
post-fire decision-making, including the prioritization of post-fire management efforts
(Stevens-Rumann and Morgan 2019; Holden et al. 2022) and hazard mitigation (Staley
et al. 2018; Dunn et al. 2019; Girona-Garcia et al. 2021). Advances in satellite technology
have enabled landscape-scale mapping of burned area (Giglio et al. 2018; Hawbaker et al.
2020) and severity (Eidenshink et al. 2007; Alonso-Gonzalez and Fernandez-Garcia
2021), tracking trends in wildland fire through time (Dennison et al. 2014; Picotte
et al. 2016) and associating field observations with satellite-derived characterizations
of fire effects (Key and Benson 2006; Parks et al. 2019). Remotely sensed burn severity
and vegetation change indices are increasingly crucial for monitoring wildland fire across
the conterminous United States (CONUS), with the rising size and severity of wildfires in the
western US (Parks and Abatzoglou 2020; Chandler et al. 2024), active application of
prescribed fire in the southeastern US (Kobziar et al. 2015; Cummins et al. 2023) and greater
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exposure to wildfire from an expanding wildland-urban inter-
face (Wigtil et al. 2016; Radeloff et al. 2018; Hawbaker
et al. 2023).

Burn severity is commonly evaluated using satellite-
derived spectral indices based on the Normalized Burn
Ratio (NBR), calculated from the shortwave-infrared
(SWIR) and near-infrared (NIR) spectral wavelengths
(Garcia and Caselles 1991). NBR values are highly corre-
lated with fire-induced vegetation change, where high SWIR
reflectance from exposed soil (Lobell and Asner 2002) and
low NIR reflectance from diminished healthy vegetation
(Elvidge 1990) are indicative of greater fire effects. Burn
severity change indices are calculated from the difference
in spectral values measured before and after a fire,
providing an estimation of the magnitude of the fire’s
impact. Commonly used metrics include the differenced
NBR (dNBR; Key and Benson 2006), Relativized dNBR
(RANBR; Miller and Thode 2007), or Relativized Burn
Ratio (RBR; Parks et al. 2014), where the latter two indices
control for pre-fire vegetation abundance and condition.
Pre- and post-fire imagery are typically derived from either
manually selected image pairs (Key and Benson 2006) or
mean composites of growing-season imagery (Parks et al
2018a; Holsinger et al. 2022). Automated processing
of satellite imagery has the capacity to rapidly quantify
burn severity across wide spatial and temporal extents
(Parks et al. 2018a; Picotte 2020; Alonso-Gonzalez and
Ferndndez-Garcia 2021; He et al. 2024), enhancing our
ability to characterize fire effects at national to global scales.
In addition to generating burn severity from spectral indices
alone, machine and deep learning approaches are being
developed to more robustly model burn severity from mul-
tiple spectral bands and indices (Parks et al. 2019; Farasin
et al. 2020; Partheepan et al. 2025; Vanderhoof et al. 2025).
However, regardless of whether burn severity is evaluated
by spectral indices or machine learning models, key deci-
sions during image processing, such as imagery selection or
choice of burn severity metric, can impact the reliability of
burn severity measures (Cansler and McKenzie 2012;
Holsinger et al. 2022; Howe et al. 2022) and the relationship
with field observations of burn severity, such as the Composite
Burn Index (CBI; Key and Benson 2006; Picotte et al. 2019).

Accounting for variation in vegetation condition between
pre- and post-fire imagery is necessary to ensure that
observed spectral changes accurately represent fire effects,
rather than extraneous environmental variation. Image
selection techniques seek to minimize differences in vegeta-
tion greenness by utilizing image pairs from closely matched
time periods during the growing season (Key 2005; Parks
et al. 2018a). Multivariate burn severity models may include
unburned training points, additional image time points, or
other environmental variables to similarly account for phe-
nological variance (Meddens et al. 2016; Collins et al. 2018;
Gibson et al. 2020; Vanderhoof et al. 2025). Despite efforts
to standardize pre- and post-fire imagery, background

spectral differences may persist owing to interannual varia-
tions in phenology, climate, disturbance, or image quality.
For single-index measures of burn severity, an image offset
value is often calculated to quantify the difference in
vegetation condition between pre- and post-fire images
(Key and Benson 2006; Miller and Thode 2007), computed
as the spectral change (e.g. dNBR) of unburned areas outside
the fire perimeter. Unburned areas may be identified manu-
ally (Key and Benson 2006; Collins et al. 2018; Picotte et al.
2020) or through automated approaches (Parks et al. 2018a;
Picotte 2020). Image offset values were introduced to assess
the suitability of pre- and post-fire image pairs, with images
ideally exhibiting a dNBR of zero in unburned areas.
Incorporating the unburned offset value into the calculation
of dNBR has been shown to improve the relationship with CBI
and make more analogous comparisons across fires (Miller
and Thode 2007; Miller et al. 2009; Parks et al. 2014; Reiner
et al. 2022); however, benefits are not consistently identified
across studies (Picotte and Robertson 2011; Howe et al. 2022;
Morresi et al. 2022; Vanderhoof et al. 2025).

Further research on the impact of offset corrections in
remotely sensed burn severity evaluations is necessary to
characterize their efficacy and generalizability. The utiliza-
tion of offset values in burn severity calculations remains
inconsistent, with approximately half of analyses applying
corrections (Miller et al. 2023). Furthermore, the applica-
tion of an image offset value has been theorized to introduce
additional error depending on a variety of factors. The
applicability of automated offset corrections has been spe-
cifically cautioned in landscapes with diverse cover types
(Parks et al. 2018a), adjacent disturbances (Whitman et al.
2020), or unclear burn perimeters (Parks et al. 2019),
although concerns have not been empirically tested. Very
few studies explicitly consider the benefit or limitations of
applying image offset corrections in burn severity calcula-
tions (Miller et al. 2023).

Our study provides a comprehensive evaluation of the
influence of offset corrections in remotely sensed burn
severity calculations, addressing key data gaps and propos-
ing a decision-tree framework to support remote sensing
analysts. We evaluate the efficacy of offset corrections
across the most commonly utilized manual and automated
approaches to measure burn severity, comparing across
choice of burned area dataset, offset generation method,
image selection process and spectral indices utilized.
Understanding how methodological choices interact and
compound uncertainty across diverse, fire-prone ecosystems
is essential to ensure reliability and generalizability of burn
severity assessments (Stambaugh et al. 2015; Miller et al.
2023). We evaluated the relationship between Landsat
satellite-derived burn severity measures and a dataset of
CBI field plots (Picotte et al. 2019) to characterize the
impact of image offset corrections for a wide range of fire-
prone ecosystems across CONUS. Our research questions
included:
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Distribution of Composite Burn Index (CBI) field plots by ecoregions of the conterminous United

States that are mapped by both the Landsat Burned Area Product (LBA) and Monitoring Trends in Burn

Severity (MTBS) datasets.

1. How do image offset corrections impact the modeled
relationship between field-observed and remotely sensed
measures of burn severity?

2. How do the stability, bias and accuracy of offset correc-
tions vary across methodological choices?

3. How do landcover characteristics influence the useful-
ness of offset corrections?

Materials and methods

Study area and field data

We evaluated the relationship between remotely sensed and
field-observed burn severity using a compiled collection of
CBI field plots (Fig. 1; Picotte et al. 2019). CBI is commonly
used to evaluate fire severity across soil and vegetation strata
on a continuous range from 0, signifying unburned condi-
tions, up to 3, representing complete biomass consumption
(Key and Benson 2006). Field plots were assembled from an
array of collection efforts (1994-2017) following 234 fire
events across CONUS. CBI plots were predominantly collected
following wildfires in the western US; however, plots do
encompass a wide range of fire-prone landscapes, providing
a robust data source to support burn severity modeling
(Miller et al. 2023). The dataset captures the full range of
CBI burn severity values (0-3), with a mean CBI of 1.47 and a
standard deviation of 0.88.

Across the evaluated CBI plots, annual precipitation aver-
aged 703 mm (range of 187-1751 mm), with average

minimum and maximum temperatures of 1.5 and 15.7°C
(1990-2020; Abatzoglou et al. 2018). Landcover, as defined
by the National Land Cover Database (NLCD; US Geological
Survey 2025), was predominantly evergreen forest (75.4%),
shrub-scrub (13.8%), grassland-herbaceous (4.6%) and
woody wetlands (2.8%). Dominant forest groups (Ruefenacht
et al. 2008) represented by the CBI data included ponderosa
pine (25.3%), Douglas-fir (15.6%), fir-spruce-mountain hem-
lock (13.8%), pinyon—juniper (9.2%), lodgepole pine (10.0%),
longleaf-slash pine (8.1%) and California mixed conifer
(5.8%).

Burned area datasets

We obtained burned area perimeters from (1) Monitoring
Trends in Burn Severity (MTBS; 30 m spatial resolution;
Eidenshink et al. 2007) and (2) the Landsat Burned Area
product (LBA; 30 m spatial resolution; Hawbaker et al.
2020), the two moderate-resolution products with full cov-
erage across CONUS. The MTBS program maps all wildland
fires greater than 400 ha in the western US and 200 ha in the
eastern US, with fire perimeters manually digitized by ana-
lysts using dNBR or NBR imagery (Key and Benson 2006;
Eidenshink et al. 2007). The LBA product uses a burn-
detection algorithm to map wildfires and prescribed fires
> 2 ha across CONUS, with omission and commission errors
of 19 and 41%, respectively (Hawbaker et al. 2020). We
included comparison with LBA to represent an automated
burned area product, as these are increasingly relied on,
relative to perimeter datasets, and provide more complete

3

G20z Joquiada( || uo 3sanb Aq ypd-9905zimM/81L27E81/990524M/L L0 0 L/10p/4pd-Bjo1lE/;M/NE"10S]0RUU0D//:dRY WOl papeojumoq


https://www.publish.csiro.au/wf

C. E. Menick et al.

International Journal of Wildland Fire 34 (2025) WF25066

Fig. 2.

Example of an identified fire event (a), and corresponding burned (b, c), and unburned (d—f) areas

used in the calculation of burn severity. (a) Landsat 5 post-fire mean image composite collected
June—September 2001, displayed with a false color composite using shortwave infrared 2, near-infrared and
red bands to highlight fire effects. Burned area polygons for the fire, delineated by (b) the Landsat Burned
Area (LBA) product, and (c) Monitoring Trends in Burn Severity (MTBS) datasets. Examples of unburned areas,
commonly used to calculate burn severity offset values, are shown in black and include (d) a manually
delineated unburned polygon of similar vegetation composition to the fire event, as well as an automated
ring buffer (180 m outer, 0 m inner) surrounding (e) LBA, and (f) MTBS fire perimeters.

mapping of small and prescribed fires, with greater spatial
and temporal consistency (Chuvieco et al. 2019). Pixels iden-
tified as burned by the algorithm were consolidated into
burned area polygons on an annual basis. Consequently,
LBA perimeters for a single fire event may comprise many
small, discontiguous burned areas (Fig. 2b), whereas MTBS
perimeters are more typically one single polygon with inclu-
sions of unburned areas (Fig. 2¢; Kolden and Weisberg 2007;
Meddens et al. 2016). Both datasets provide temporal infor-
mation as either a recorded ignition date (MTBS) or the first
burn detection date (LBA).

We identified MTBS perimeters corresponding to CBI
field plot records from spatially matching records within
the same burn year. We obtained LBA perimeters using a
similar process, additionally including discontiguous burn
polygons if located either within 1 km or the footprint of a
corresponding MTBS perimeter and having burn dates
within 1 month. In a few cases where fire events denoted
by the CBI dataset were mapped as a single event by LBA,
burned area polygons were consolidated. Out of the 234
fires within the CBI dataset, we were able to identify 171
fire perimeters from MTBS and 183 from LBA that had had
spatially matching records at the CBI plot locations. We

conducted our evaluation across the 141 fire events
recorded by both products (Fig. 1), specifically on the
shared set of CBI plots (n = 4369) that fell within both
MTBS and LBA perimeters to make equivalent comparisons
between datasets. Matched CBI data included unburned
control plots (n = 292) if points were located within both
fire polygons.

Unburned offset areas

For each of the 141 fire events, we identified corresponding
unburned areas to calculate image offset values. Unburned
areas are ideally located near the fire perimeter with similar
vegetation composition to best represent phenological dif-
ferences between pre- and post-fire image timepoints. We
generated offset values using both manual (Key and Benson
2006) and automated (Parks et al. 2018a) methods to com-
pare two commonly utilized approaches.

Manual identification of unburned areas involves
visually inspecting imagery to identify comparable vegeta-
tion unaffected by fire outside the fire perimeter (Key and
Benson 2006). For our analysis, we utilized the analyst-
generated unburned offsets provided within the MTBS
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Table 1. Satellite spectral indices and offsets used to calculate burn severity and compare performance across methodologies.
Calculation Formula Reference
(a) Normalized Burn Ratio (NBR) NBR = NR=SWR Garcia and Caselles (1991)
NIR + SWIR
(b) differenced NBR (dNBR) dNBR = (NBRprefire — NBRpostire) * 1000 Key and Benson (2006)
(c) Relativized dNBR (RANBR) \N;::B:ﬁ,d . INBR retre] = 0.001 Miller and Thode (2007)
RANBR = ¢ °°
\/mv INBRprefirel < 0.001
(d) dNBR Offset (ANBRffset) dNBRffset = ANBR — dNBR ynburned Key and Benson (2006)
(e) RANBR Offset (RANBRfset) dNBR offset Miller and Thode (2007)

RANBR =

N ‘NBRprefire| '

dNBRoffs

[NBR prefire = 0.001

\/met’ INBRpreﬁreI < 0.001

thematic severity product metadata for each fire (Eidenshink
et al. 2007). MTBS analysts derive offsets from polygons
composed of hundreds to thousands of pixels representative
of the vegetation within the fire extent, considering the
stratification of vegetation composition (Fig. 2d; Eidenshink
et al. 2007).

Automated approaches typically use a buffered ring
around fire perimeters to identify nearby unburned vegeta-
tion, presumed to be similar in composition (Fig. 2e—f; Parks
et al. 2018a; Whitman et al. 2020; Howe et al. 2022; Saberi
and Harvey 2023). Following Parks et al. (2018a), we gen-
erated ring buffers surrounding all MTBS and LBA fire
perimeters using a range of distances. Outer buffer dis-
tances, the maximum distance from the fire perimeter,
included 100, 180, 250, 500 and 1 km. Although 180 m is
a commonly used outer buffer size with MTBS fire perime-
ters (Fig. 2e—f; Parks et al. 2018a), we wanted to consider
differences from the LBA product, which has not previously
been examined. We also tested the use of inner buffer dis-
tances, a set minimum distance from the fire perimeter (0,
50, 100 and 250 m), to examine potential edge effects, for a
total of 17 different buffer sizes.

Burn severity calculation

Remotely sensed burn severity was evaluated using Landsat
5-8 TM, ETM+ (Enhanced Thematic Mapper) and OLI
(Operational Land Imager) imagery obtained from Google
Earth Engine. We generated pre- and post-fire NBR images
from (1) manually selected scene pairs used by the MTBS
program for burn severity evaluation (Eidenshink et al
2007) and (2) an automated annual mean image composit-
ing approach (Parks et al. 2018a). These two image selec-
tion methods represent the two most common approaches
used by remote sensing analysts to assess burn severity.
Scene pair selection allows greater analyst control to select
the best-matched, error-free and representative images of
pre- and post-fire conditions. Compositing imagery elimi-
nates the need for manual scene selection and may be more

robust to variations in vegetation greenness and outlier
spectral values by incorporating observations from multiple
time points. Manually selected scene pairs were identified
from the corresponding MTBS metadata for each recorded
fire. The automated method generated pre- and post-fire
composite images following Parks et al. (2018a) in Google
Earth Engine, a widely utilized and easily deployable burn
severity processing framework. Following these methods,
composite images were derived from pixel-wise mean
growing-season NBR values for the years before and after
the fire event. The growing season was defined as
April-June in Arizona, New Mexico, Utah and Nevada, and
June-September for all other states to best align with peak
vegetation greenness and expected fire seasonality, snow cover
and cloud cover identified by Parks et al. (2018a).

CFMask was used from the scene-reported pixel quality
assurance (QA) bands to exclude cloud, cloud shadow, water
and snow from all Landsat imagery used (Foga et al. 2017).
We considered the full range of pixel values, with no further
image masking, to remain consistent with established meth-
ods. Spectral indices representing burn severity, dNBR and
RANBR were derived for all CBI plots from overlapping pixel
values using the two image selection approaches (Table 1).
Although numerous spectral indices have been used to quan-
tify burn severity, dNBR and RANBR are the two most
commonly employed (Miller et al. 2023), are operationally
distributed by the MTBS program (Eidenshink et al. 2007),
are the foundation available global burn severity datasets
(Alonso-Gonzalez and Fernandez-Garcia 2021; He et al
2024) and provide opportunity to examine differences
between absolute and relativized burn severity measures
(Miller and Thode 2007). Furthermore, these indices com-
monly show strong variable importance within machine
learning modeling approaches (e.g. Gibson et al. 2020;
Vanderhoof et al. 2025). Corresponding unburned offset val-
ues were also calculated for each fire from the mean dNBR
pixel value within each identified ring buffer area. We subse-
quently derived dNBR s and RANBR ¢ indices for all CBI
plots by subtracting the corresponding automatically derived
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or MTBS-provided dANBRynburmed Values from dNBR (Table 1).
As MTBS reports the offset value without a reference polygon,
we conducted our evaluation of manually delineated offsets
using only the scene pair selection method.

Regression model performance

We used non-linear least squares (NLS) exponential regres-
sion to model the continuous relationship between CBI and
spectral indices, including dNBR, RANBR and their offset-
adjusted variants dNBRgsec and RANBRgsec (Eqn 1; Miller
and Thode 2007):

y=a+ b x exp(CBI X c) (1)

Model parameters (a, b, c¢) were derived separately for each
spectral index (y). Although many model types have been
used to characterize the association between field and satel-
lite measures of severity (Miller et al. 2023), the exponential
regression form describes the relationship with balanced
performance across the full range of severity values.
Similar spectral indices (e.g. dNBR, RANBR) are relied on
for the generation of burn severity, whether from a single
spectral index or a machine learning or deep learning algo-
rithm. However, algorithms can also be influenced by model
complexity and parameterization, making it difficult to iso-
late the impact of individual methodological choices.
Therefore, we used a more simplistic regression approach
to support broader applicability across modeling methods
and study scopes. We evaluated the performance of each
spectral index using the corresponding model root mean
square error (RMSE), across (1) paired scene selection and
mean annual image compositing approaches, (2) automated
and manual unburned offset area delineation, (3) MTBS and
LBA fire perimeter sources, and (4) dNBR and RANBR spec-
tral indices.

Offset correction influence on stability, bias and
accuracy

To assess the stability, bias and accuracy of offset correc-
tions, we evaluated the impact of offset correction using the
two most commonly used offset generation methods, man-
ual delineation (Fig. 2d; Key and Benson 2006) and an
automated ring buffer method, using 180 m outer and 0 m
inner distances (Fig. 2e—f; Parks et al. 2018a). We evaluated
the stability of offset corrections by comparing the distribu-
tion of residual values between models generated using (1)
dNBR and dNBR, e, and (2) RANBR and RANBR . For
each, we calculated the difference in mean and standard
deviation of absolute error values, along with the proportion
of CBI plots showing improved error metrics following offset
correction. All significant differences were assessed using
the Mann-Whitney U test. More stable offset corrections
would exhibit lower variability, consistent improvements

in mean squared error, and higher proportions of plots
with decreased residuals.

To investigate any sources of systematic bias, we evalu-
ated the distribution of ANBR,burmeq Offset values generated
for all 141 fire events. Compared across many fire events,
dNBRunburmea Values should average to zero and generally
fall between —50 and 50 if representative of unchanged,
background vegetation conditions (Key and Benson 2006;
Picotte 2020). We conducted one-sample t-tests to identify
any directional bias in dNBRypumed, testing if mean
dNBRunburmea Values across all 141 fire events significantly
differed from zero. Offset correction methods that introduce
bias into the characterization of burn severity would be
expected to exhibit a directional shift on burn severity
valuation.

Finally, we compared classification accuracy between
spectral indices produced with and without offset correc-
tions. CBI values were defined as Unburned (CBI = 0), Low
(0 < CBI < 1.25), Moderate (1.25 < CBI < 2.25) and High
(CBI = 2.25) following Key and Benson (2006). Spectral
index thresholds were determined individually from CBI
class values using each index’s respective NLS regression.
For dNBR and dNBRger, We also compared classification
accuracy using the fire-specific severity thresholds set by
MTBS analysts to make standard comparisons across fires.
We assessed significant differences in classification accuracy
across all fire events using paired t-tests.

Offset performance across environmental
scenarios

To assess where offset corrections had the largest influence
on model performance, we evaluated differences in model
RMSE across environmental characteristics using the annual
NLCD landcover and total canopy cover datasets (US
Geological Survey 2025). All data were obtained from the
respective pre-fire year to best represent vegetation condi-
tions. We compared model performance across dominant
landcover categories, including evergreen forest, grassland,
shrub-scrub and woody wetlands, but were unable to assess
performance for less-represented types in the dataset, such
as mixed and deciduous forests. Canopy cover was com-
pared for classes of closed canopy (=70% cover), open
canopy (10-70% cover) and non-forested (=10% cover).
We evaluated the overall impact of offset correction on
model performance for each of these classes, as well as the
influence of heterogeneity and non-representative cover
types within the derived offset area. Heterogeneity was
defined from the standard deviation of canopy cover and
the Shannon index of NLCD classes within each offset area.
Representativeness was defined as the proportion of the
canopy cover or landcover within the offset area matching
each respective CBI plot. We defined high or low strata of
heterogeneity and representativeness from the median val-
ues across the 141 fire events. We calculated RMSE between
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high and low heterogeneity and representativeness classes
to compare differences in model error.

Results

Comparison of regression model performance

Offset correction of dNBR led to consistent improvements in
the modeled relationship between remotely sensed spectral
indices and field-observed burn severity (Fig. 3). For all
tested offset generation methods and methodological
decision-points, dNBR,gse; (mean RMSE 156.6) and
RANBRse; (mean RMSE 447.4) resulted in significantly
lower RMSE values relative to uncorrected dNBR (mean
RMSE 165.6) and RANBR (mean RMSE 464.0). Among
automatically derived offsets, applying corrections derived
from LBA ring buffers typically resulted in lower model
errors relative to those derived from MTBS perimeters
(Fig. 3). Offset buffer distances also impacted performance,
with consistently lower RMSE values observed from offsets
derived using smaller inner and outer buffer distances. The
overall best-performing ring buffer offset (RMSE 142.8)
utilized a 100 m outer and 0 m inner buffer (Fig. 4), fol-
lowed closely by the commonly used 180 m outer and 0 m
inner buffer (RMSE 143.5; Fig. 3). Offset corrections had
larger benefits when using composite imagery relative to the
paired scenes and when using RANBR relative to dNBR. The
manually delineated offset produced RMSE values compara-
ble with the automatically derived buffer offsets, indicating
similar efficacy of the two approaches. Overall, other meth-
odological choices, such as image selection method or spec-
tral index, had a larger impact on model performance than
offset correction. In particular, RANBR-based models had
two to three times larger RMSE values than dNBR-based
models, exceeding the relative difference in magnitude
between the indices.

Stability of offset corrections

The stability of offset corrections, as measured by the varia-
bility in model residual values, showed that manually deli-
neated offsets provided the most consistent improvements
(Fig. 5). In contrast, the 180 m bulffer offsets showed higher
variability, particularly for those derived from LBA perime-
ters. Offset correction of RANBR also resulted in signifi-
cantly greater residual variability, whereas residual values
between dNBR and dNBR, g models were comparatively
more consistent. Across all methodological decision-points,
the improvements in model error from offset corrections
were primarily driven by poorly predicted plots with high
residual values (Fig. 5). Applying offset corrections to ANBR
reduced residual values for a narrow majority of plots across
methods (50.1-59.0%), indicating the correction also led to
poorer prediction for a substantial subset of plots (Fig. 5).

Potential of bias within offset corrections

To evaluate potential systematic bias introduced by offset
corrections, we examined the distribution of dNBR,burmed
values across all 141 fire events. The automatically derived
buffer offset values exhibited a positive bias, influenced by
buffer distance (Figs 6, 7). One-sample t-tests showed that
mean dNBRpumeqa Values were significantly greater than
zero (+7.3-86.6) for all buffer distances and calculation meth-
ods tested. The positive bias was reduced by using larger inner
and outer buffer sizes or when evaluating a greater number of
pixels further from the fire edge (Fig. 6). We observed greater
positive biases in ANBR;bumeq Values derived from LBA perim-
eters, relative to MTBS perimeters (AANBRy bumea = 31.8),
and when using paired scene selection, relative to using image
compositing (AdNBRypumea = 5.05; Figs 6, 7). Mean and
median offset values were highly similar across all tested
comparisons. Conversely, manually delineated offsets did not
exhibit any bias, with mean dNBRpumeq Offset values
insignificantly different from zero, suggesting adequate repre-
sentation of undisturbed vegetation (Fig. 7).

Offset correction influence on severity
classification accuracy

Utilizing model-specific regression thresholds, overall burn
severity classification accuracy by dNBR and RANBR was
largely similar with or without offset correction, with accu-
racy ranging from 53.4 to 56.1% (Table 2). Offset correction
offered modest improvements in overall classification accu-
racy for most comparisons; however, these differences were
largely statistically insignificant compared across fire
events. Impacts of offset correction did not have a consistent
impact across levels of burn severity, although classification
of unburned and low-severity classes saw both the largest
positive and negative impacts of offset correction.

Applying the fire-specific dNBR thresholds provided by
MTBS yielded more substantial differences in classification
accuracy following offset correction (Table 2). When com-
pared with a standard set of burn severity thresholds, auto-
mated buffer offset corrections exhibited a significant
negative influence on overall classification accuracy. Shifts
in severity classification were predominantly (77.8-97.8%)
to lower-severity classes, following the bias observed in the
dNBR burmed Values. Negative impacts were disproportionately
observed within lower-severity classes and image composites,
where unburned classification saw a significant improvement.
Conversely, dNBR correction by the manually delineated offset
values did not exhibit significant differences in classification
accuracy

Offset influence across environmental scenarios

Finally, we examined the influence of offset corrections on
model performance across vegetation conditions. Overall,
offset corrections reduced model RMSE for almost all
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Fig. 3. Performance of models relating field-collected Composite Burn Index (CBI) and satellite-derived burn
severity measures. We contrast model RMSE from (a) dNBR (differenced Normalized Burn Ratio), and (b) RANBR
(Relativized dNBR) values with and without offset correction across spectral indices, image selection method and
offset type used. Offsets generated manually (white) and from ring buffers surrounding Monitoring Trends in Burn

Severity (MTBS; black) and Landsat Burned Area (LBA; gray) fire perimeter datasets are evaluated.

canopy and landcover classes, improving model perform-
ance (Tables 3, 4). The only significant increase in model
RMSE following offset corrections occurred from CBI plots
within woody wetlands when evaluated using paired scene
imagery. The largest consistent landcover-specific reduc-
tions in RMSE were observed within shrub-scrub and

grasslands (Table 3) and within non-forested canopy struc-
tures (Table 4). Patterns of RMSE across landcover and
canopy cover classes were largely similar between dNBR
and RANBR, albeit at different magnitudes.

Vegetation composition within the offset area resulted
in larger differences between spectral indices. While using
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Fig. 4. The relationship between field-collected and satellite-derived burn severity data for the best-
performing automatically generated buffer offset correction methodology. (a) Observed Composite Burn
Index (CBI) burn severity and associated differenced Normalized Burn Ratio (dNBR) values calculated from
mean annual image composites, offset with the unburned dNBR from a 100 m buffered ring surrounding Landsat
Burned Area (LBA) fire perimeters. The red dashed line indicates the fitted exponential relationship between CBI
and dNBRset, With associated root mean squared error (RMSE) shown. (b) Exponential model-predicted dNBR
compared with associated observed dNBR.e¢ values, with red dashed 11 identity line and associated R? value

overlaid.

dNBR, buffer offset areas composed of more representative
and homogeneous vegetation composition saw greater
improvements from offset corrections, consistent across
landcover and canopy cover classes (Tables 3, 4). The only
contradictory findings were greater benefits observed in
areas with unrepresentative vegetation for woody wetlands
and heterogeneous canopy cover used to represent closed
canopy forests. Using RANBR, patterns were less consistent,
with the majority vegetation classes conversely showing
model improvement when offset areas included less repre-
sentative or more heterogeneous vegetation (Tables 3, 4).

Discussion

Patterns of burn severity model performance

Across all comparisons of offset source, image selection and
spectral indices evaluated, applying offset corrections
dependably enhanced the overall modeled relationship
between field-observed and remotely sensed burn severity
measures. Our findings align with previous research (Miller
and Thode 2007; Parks et al. 2014, 2018a) that applying
dNBR offset corrections derived from 180 m ring buffers and
manually delineated polygons are among the most effective

methods to reduce model error. Although the influence of
offset corrections on model performance was consistent,
larger benefits were observed in specific methodological
scenarios, such as when using image composites compared
with paired scenes, or when using RANBR relative to dNBR.
Overall, however, the impact of offset corrections contrib-
uted less to model performance than other methodological
decision-points, such spectral index or image selection
strategy.

Although offset corrections improved overall model
error, some resulted in less consistent outcomes. The nota-
bly larger variability observed in RANBR-based models and
from automatically generated offsets likely reflects a greater
sensitivity to spectral irregularities. RANBR may introduce
additional uncertainty, as extreme values can arise from
near-zero pre-fire NBR conditions, which may also explain
the substantially poorer model performance relative to
dNBR-based models. Automatically derived offsets, particu-
larly those derived from LBA-perimeters, may also incorpo-
rate more spectral variability across the landscape. Greater
uncertainty selecting purely undisturbed pixels representa-
tive of vegetation conditions is inherent to any automatically
derived method or burned area product. The observed varia-
bility across methodological choices may in part explain the
negative influence of offset corrections identified within
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some, relatively smaller-scale studies (Picotte and Robertson
2011; Howe et al. 2022; Morresi et al. 2022). Furthermore,
we found model improvements following offset corrections
were primarily driven by addressing high-error outlier values,
rather than uniform improvement across the dataset, some-
what differing from the perspective that offsets provide con-
sistent standardization of thresholds between fires (Miller and
Thode 2007; Parks et al. 2014).

The influence of large offset corrections was also evident
in model performance across environmental conditions,
with greater improvements observed within ecosystems
with larger variations in vegetation greenness. Although
limited CBI plots prevented comparison within deciduous
forests, non-forested ecosystems such as grasslands and
shrub-scrub, also characterized by greater seasonal and
interannual differences (Reed et al. 1994; Melaas et al
2013), exhibited larger benefits and a greater magnitude
of offset correction. In contrast, more densely canopied
ecosystems and evergreen cover have more temporally

consistent vegetation greenness (Wong and Gamon 2015;
Ulsig et al. 2017), resulting in less beneficial offset correc-
tions. The disparate impact of offset corrections within
woody wetlands may stem from the influence of seasonal
flooding or dynamic fire history (Picotte and Robertson
2011; Vanderhoof et al. 2021), which may interfere with
single-scene imagery but be mitigated by image compositing
techniques. Overall, image compositing was shown to pro-
vide more consistent outcomes and improved model perform-
ance by capturing greater variability, particularly within non-
forested landcover types. dNBR-based models showed greater
improvement when offsets were derived from homogeneous
and representative vegetation, providing more consistent
spectral values. In contrast, the pre-fire relativization of
RANBR likely mitigates that variability, resulting in improved
model performance when more diverse landcover and canopy
cover were considered. Ultimately, our findings suggest that
spatial and temporal variability of vegetation greenness is an
important consideration when characterizing burn severity,
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selection and offset delineation methodologies for 141 fire events. We compare the influence of inner and
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Area product (LBA) fire perimeters. The outer buffer indicates the maximum distance from the fire
perimeter and the inner buffer defines the minimum distance from the fire perimeter, in between which

are the pixels used to calculate the offset value.

depending on the ecosystem in consideration and methodo-
logical choices implemented.

Implications for burn severity characterization

Although offset corrections improved burn severity model
performance, our analysis of ANBRunpured Values suggests
they may also introduce bias into the characterization
of burn severity. In the automated offset delineation
approaches, positively shifted dNBRypurmeqa Values suggest
that offset areas may include phenologically mismatched,
disturbed, or otherwise fire-affected pixels. Introduced bias
may be attributed to unmapped burned pixels or unburned
pixels influenced by edge effects (Braithwaite and Mallik
2012; Harper et al. 2015; Parkins et al. 2018), as shown by
higher ANBRyuburmed Values in offsets generated closer to fire
edges, as with smaller ring buffers or pixel-based LBA perim-
eters. The inclusion of a positively shifted offset value in the
calculation of a burn severity index will reduce the burn
severity value, underestimating burn severity. Decreased
severity values have been previously observed in compari-
sons of dANBR and automated dNBRg..; (Parks et al. 2018a;
Whitman et al. 2020; Morresi et al. 2022; Jahanianfard et al.
2025). Shifted dNBR severity values explain the widespread
decrease in classification accuracy observed when using
MTBS analyst-derived fire-specific ANBR thresholds, as offset-
adjusted severity values may no longer be representative of the

underlying imagery. The lack of systematic shifts following
manually delineated offset correction shows that the
observed bias is specific to the automated ring buffer meth-
odologies. Analysts may provide a more consistent represen-
tation of unburned conditions by considering landscape
nuance and the stratification of vegetation structure and
composition in delineated offset areas. Furthermore, manual
delineation may avoid inclusion of unrepresentative land-
cover types (e.g. agriculture, developed) or other distur-
bances (e.g. insect damage, additional fire events, wildfire
suppression activities) into offset areas.

Accurate definition of burn severity classes is critical for
interpreting the ecological impacts of fire, informing post-
fire decision-making and tracking change through time.
Biased offset corrections that systematically lower severity
values may misclassify low-severity burns as unburned,
leading to underestimations of burned area, challenging
accurate mapping of fire extent (Hawbaker et al. 2017;
Vanderhoof et al. 2021). Identification of high-severity
burn patches is also significant for recognizing areas of
management priority (Bolton et al. 2015; Chambers et al.
2016; Harvey et al. 2016; Bright et al. 2019; Stevens-
Rumann and Morgan 2019; Menick et al. 2024) and charac-
terizing shifting fire regimes (Parks et al. 2018b; Singleton
et al. 2019; Buonanduci et al. 2023). Bias in burn severity
values is an important consideration when thresholding
severity classes or making comparisons between uncorrected
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and offset-adjusted measures of burn severity. Additional
scrutiny of bias is also advisable when using an algorithmi-
cally derived burned area product or other dataset with
greater fire perimeter uncertainty (Parks et al. 2019)

Considerations for calculating burn severity

Our findings present trade-offs when applying offset correc-
tions in burn severity calculations. Analysts may need to
consider whether the benefit from offset corrections to
address phenological differences outweighs the potential
to incorporate additional error. We provide considerations
for applying offset corrections tailored to the specific param-
eters of the analysis being conducted (Fig. 8).

Severity data type: although we identified improvements
from offset corrections in the continuous, modeled relation-
ship between CBI and dNBR or RANBR, we did not identify
significant benefits from applying offset values when cate-
gorizing burn severity. Studies utilizing categorical burn
severity data may not see an appreciable advantage,
or even a decrease in classification accuracy, from offset
correction. If offset corrections are used, analysts are
encouraged to set model-specific severity thresholds.

Study scale: severity evaluations using manually deli-
neated offsets to correct for phenological differences
had equivalent modeled performance to automatically
generated offsets and did not introduce directional
severity shifts. However, manually delineated offsets
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Table 2. Classification accuracy of field-observed severity classes by those derived from the differenced Normalized Burn Ratio (dNBR) or relativized dNBR (RANBR).

Model-specific regression thresholds

dNBR dNBR,ffset
Overall Unburned Low Moderate High Overall Unburned Low Moderate High
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%)
Automated LBA buffer offset mean annual image composites 56.1 66.8 51.0 45.9 71.8 54.1 623 489 46.6 73.7
Automated LBA buffer offset paired scene selection 54.5 647 56.0 474 659 53.1 60.6 51.0 453 71.0
Automated MTBS buffer offset mean annual image composites 56.1 66.8 51.0 459 71.8 56.3 67.8 54.8 479 727
Automated MTBS buffer offset paired scene selection 54.5 647 56.0 474 65.9 55.0 64.4 58.7 46.9 67.5
Manually delineated offset paired scene selection 53.8 63.0 54.5 48.6 64.2 55.0 712 53.6 48.8 65.8

Fire-specific MTBS thresholds

dNBR dNBR st
Overall Unburned Low Moderate High Overall Unburned Low Moderate High
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%)
Automated LBA buffer offset mean annual image composites 46.8 79.8 54.8 252 46.9 30.8 89.7 227 12.6 317
Automated LBA buffer offset paired scene selection 52.0 767 59.1 37.8 56.0 391 894 333 238 40.9
Automated MTBS buffer offset mean annual image composites 46.8 79.8 54.8 252 46.9 41.6 829 45.5 217 43.0
Automated MTBS buffer offset paired scene selection 52.0 767 59.1 37.8 56.0 49.8 791 56.0 344 533
Manually delineated offset paired scene selection 51.0 774 57.9 37.5 534 49.6 753 57.3 354 534

Model-specific regression thresholds

RANBR RANBR ofset
Overall Unburned Low Moderate High Overall Unburned Low Moderate High
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%)
Automated LBA buffer offset mean annual image composites 54.9 67.5 429 457 779 56.3 61.0 49.9 48.8 77.5
Automated LBA buffer offset paired scene selection 55.4 712 513 488 69.2 56.3 59.6 52.9 47.6 70.1
Automated MTBS buffer offset mean annual image composites 54.9 67.5 429 457 779 56.7 70.5 49.8 472 77.8
Automated MTBS buffer offset paired scene selection 55.4 712 513 488 69.2 56.1 70.9 533 49.7 69.5
Manually delineated offset paired scene selection 53.4 68.8 48.6 459 66.5 54.1 743 44.6 48.0 69.5

We compare the influence of offset correction using 180 m ring buffers surrounding Landsat Burned Area (LBA) or Monitoring Trends in Burn Severity (MTBS) perimeters and manual delineation.
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Table 3. Change in model RMSE following dNBR (differenced Normalized Burn Ratio) offset correction across NLCD (National Land Cover Database) landcover categories.

dNBR RANBR
Evergreen Woody Shrub-scrub  Grassland Evergreen Woody Shrub—scrub  Grassland
forest wetlands forest wetlands
Automated LBA buffer offset mean annual image composites -N.6 =326 -49.1 -55.5 -13.2 =771 -78.6 -126.5
Automated LBA buffer offset paired scene selection -31 +8.4 -19.8 -6.3 -3.5 +4.3 -71.9 -129.2
Automated MTBS buffer offset mean annual image composites -8.0 -24.0 -27.0 -417 -16.1 -39.5 -54.5 -72.4
Automated MTBS buffer offset paired scene selection -15 +9.9 -73 -18.5 +33 +20.3 -837 -162.1
Manually delineated offset paired scene selection +0.1 -0.9 -1.9 -18.3 -10.0 -83 -54.3 -1314
dNBR RANBR
Evergreen Woody Shrub—scrub  Grassland Evergreen Woody Shrub—scrub  Grassland
forest wetlands forest wetlands
Offset with more heterogeneous landcover -29 -6.7 -13.3 -214 -6.6 -4. -n7.3 -133.9
Offset with more homogeneous landcover -8.9 -17 -36.0 =377 -5.4 -42.4 -46.9 -n8.1
Offset with more unrepresentative landcover -4.2 -13.1 -16.1 -20.0 -14.4 -51.9 -124.6 -159.4
Offset with more representative landcover -77 -0.1 =351 -40.5 +6.2 +7.1 -42.2 -84.2

Negative values indicate improved predictive performance, whereas positive values suggest decreased predictive capacity by incorporating the offset value. We compare commonly utilized offset types,
including manually delineated polygons and ring buffers derived from LBA (Landsat Burned Area) and MTBS (Monitoring Trends in Burn Severity) fire perimeters, as well as the influence of landcover
composition within the offset area.
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Table 4. Change in model RMSE following dNBR (differenced Normalized Burn Ratio) offset correction across LANDFIRE canopy cover classes.

dNBR RdANBR
Closed Open Non- Closed Open Non-
canopy canopy forested canopy canopy forested
(270%) (10-70%) (<10%) (270%) (10-70%) (<10%)
Automated LBA buffer offset mean annual image composites -22.8 -9.0 -70.9 -3.0 -73 -141.5
Automated LBA buffer offset paired scene selection -10.2 -0.9 -23.2 +26.8 -22 -126.4
Automated MTBS buffer offset mean annual image composites -90 -87 -40.6 -10.8 =77 -987
Automated MTBS buffer offset paired scene selection +2.1 -3.0 -10.9 +1.5 +6.3 -146.4
Manually delineated offset paired scene selection +0.5 -0.8 -6.3 -51 -29 -114.0
dNBR RANBR
Closed Open Non- Closed Open Non-
canopy canopy forested canopy canopy forested
(270%) (10-70%) (<10%) (270%) (10-70%) (<10%)
Offset with more heterogeneous canopy cover -12.4 =35 -19.5 +16.4 -1.9 -14.9
Offset with more homogeneous canopy cover -6.4 -73 -51.7 -6.4 -17 -132.4
Offset with more unrepresentative canopy cover -84 -4.5 -18.0 47 -7.8 -15.6
Offset with more representative canopy cover -10.5 -5.9 -52.9 52 45 -133.5

Negative values indicate improved predictive performance, whereas positive values suggest decreased predictive capacity by incorporating the offset value. We compare commonly utilized offset types,
including manually delineated polygons and ring buffers derived from LBA (Landsat Burned Area) and MTBS (Monitoring Trends in Burn Severity) fire perimeters, as well as the influence of canopy cover

composition within the offset area.
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Fig. 8. Considerations for applying phenological offset corrections in the calculation of burn severity, as
a decision-tree framework dependent on the study scope and characteristics of the environment to be

evaluated.

are typically only feasible for smaller-scale evaluations.
For larger- scale analyses, where manually generating
offset values is not practical, additional considerations
are needed to determine if automated correction methods
are appropriate.

Potential for disturbed vegetation in automated offsets:
incomplete mapping of burned area or ecosystems with
frequent disturbance may affect the ability of automated
buffer offsets to accurately represent vegetation condi-
tions. The completeness and accuracy of the underlying
burned area product may be considered, as mapping
effort and accuracy are inconsistent across products and
between ecosystem types (Eidenshink et al. 2007; Padilla
et al. 2014; Vanderhoof et al. 2017; Boschetti et al. 2019;
Hawbaker et al. 2020; Picotte et al. 2020; Chen et al.
2021). Where there is a larger risk of including disturbed
pixels into an automatically generated offset area, utiliz-
ing larger ring buffer sizes, incorporating pixel masking
approaches, forgoing offset correction, or employing
alternative methods of phenological correction, such as
time series normalization, may be considered.

Phenological variability: if large differences in pre- and
post-fire imagery are anticipated, either due to imagery
limitations or vegetation conditions, applying offset cor-
rections may be more beneficial and justify the potential
risk of incorporating additional error. Should the accu-
racy of more dynamic vegetation types (e.g. non-
forested, deciduous, hydrologically sensitive) need to be
prioritized, applying offset corrections or other methods
to address phenological differences becomes increasingly
important. Analyses utilizing image offset corrections
may perform additional data checks of ANBRy,purmed Off-
set values to support accurate, unbiased assessment of
burn severity.

Limitations and future work

Although our study provides a detailed examination of the
use of offset corrections in the calculation of burn severity,
limitations should be considered. Our analysis was restricted
the extent of the CBI dataset (Picotte et al. 2019), which
does not fully capture or equivalently represent all fire-
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prone ecosystems, vegetation conditions, or fire effects.
Large-scale collections of field data are immensely valuable
to inform and guide remote sensing analyses by linking
remote sensing observations to physically observed fire
effects. The CBI database of Picotte et al. (2019) has been
widely used to model burn severity spectral indices (Miller
et al. 2023), and continued expansion of similar field
data campaigns are worthy of support. Although CBI was
designed to provide a consistent operational measurement
of burn severity and enablealignment with moderate-
resolution satellite imagery (Key and Benson 2006; French
et al. 2008; Saberi et al. 2022), it may not provide consistent
relationships with satellite spectral indices across all envir-
onments (De Santis and Chuvieco 2009; Stambaugh et al.
2015; Parks et al. 2019).

Further exploration of methods to correct for phenologi-
cal differences between pre- and post-fire imagery may be
pursued to improve the consistency and representativeness
of automated offset methods. Analysts may consider mask-
ing approaches to exclude extreme reflectance values, areas
of known disturbance, or unrepresentative cover types
(Picotte 2020; Morresi et al. 2022). Landcover-specific offset
values could be considered to more effectively standardize
measurements for different vegetation types, in particular
for fire events that burn across heterogeneous landscapes.
Although excluding non-representative landcover types was
not previously found to benefit models of burn severity
(Morresi et al. 2022), it is possible that generating offsets
distinct to each vegetation class (e.g. grassland, evergreen
forest) could be beneficial for a subset of fire events.
Analysts may also consider summarizing pixel values with
other statistics, such as the median or percentile values,
to reduce the influence of outliers. New or alternative
approaches to identify unburned pixels of similar vegetation
composition may help to avoid interference estimating
unchanged vegetation greenness (Lhermitte et al. 2010;
Veraverbeke et al. 2010; Morresi et al. 2022). If representa-
tive unburned offset areas cannot be generated, other tech-
niques of phenological standardization, such as time series
normalization or reflectance correction could be considered
to alternatively address phenology mismatch.

Finally, although the manual and automated approaches
we utilized to characterize burn severity are reflective of the
commonly employed methods within the remote sensing
community, machine learning modeling offers important
advances. Whereas more simplistic single spectral index
regression approaches are useful for characterizing the
individual influence of methodological decisions and pro-
viding interpretable results, machine learning models
have been found to achieve superior predictive accuracy
for burn severity classification (Meddens et al. 2016;
Collins et al. 2018; Gibson et al. 2020) and continuous
regression (Hultquist et al. 2014; Parks et al 2019;
Vanderhoof et al. 2025). Through decision-tree frameworks,
machine learning models may incorporate multiple variables,

such as additional imagery, spectral indices, vegetation struc-
tural measures, or ecosystem characteristics to improve
model predictions across heterogeneous landscapes (Cutler
et al. 2007). Our analysis may serve as a foundation for future
machine learning model development by providing insight
into the individual effects of key methodological choices and
importance of phenological standardization. Machine learn-
ing modeling may effectively address differences in phenol-
ogy through other methods of standardization, such as
unburned plot locations, multiple imagery time points and
landcover or climate variables. The continued development
and application of advanced modeling techniques will
improve future landscape-scale burn severity mapping.

Conclusion

There is a need for reliable, accurate and efficient remotely
sensed techniques to evaluate burn severity at landscape
scales. This study provides a novel and detailed evaluation
of the impact of image offset corrections in the calculation of
burn severity. Our findings demonstrate the need for inten-
tional application of offset corrections, and the importance
of weighing the potential methodological improvements at
the cost of additional spectral noise, bias, or computational
requirements. Consideration of the potential trade-offs iden-
tified between offset corrections mitigating extreme outlier
severity values and altering the categorization of burn sever-
ity is warranted. This work is significant to operationalized
burn severity products and landscape-scale studies of sever-
ity, where automated processing of satellite imagery is
increasingly relied on.
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