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Abstract: Accurate assessment of burn severity is a critical need for an improved understanding of
fire behavior and ecology and effective post-fire management. Although NASA Landsat satellites
have a long history of use for remotely sensed mapping of burn severity, the recently launched (2015
and 2017) European Space Agency Sentinel-2 satellite constellation offers increased temporal and
spatial resolution with global coverage, combined with free data access. Evaluations of burn severity
derived from Landsat and Sentinel generally show comparable results, but these studies only assessed
a small number of fires with limited field data. We used 912 ground calibration plots from 26 fires that
burned between 2016 and 2019 in western North America to compare Sentinel- and Landsat-derived
burn severity estimates with the field-based composite burn index. We mapped burn severity using
two methods; the well-established paired scene approach, in which a single pre- and post-fire scene
are selected for each fire, and also a mean image compositing approach that automatically integrates
multiple scenes using the cloud-based remote sensing platform Google Earth Engine. We found
that Sentinel generally performed as well or better than Landsat for four spectral indices of burn
severity, particularly when using atmospherically corrected Sentinel imagery. Additionally, we tested
the effects of mapping burn severity at Sentinel’s finer spatial resolution (10 m) on estimates of
the spatial complexity of stand-replacing fire, resulting in a 5% average reduction per-fire in area
mapped as high-severity patch interiors (24,273 ha total) compared to mapping at the resolution of
Landsat (30 m). These findings suggest Sentinel may improve ecological discrimination of fine-scale
fire effects, but also warrant caution when comparing estimates of burn severity spatial patterns
derived at different resolutions. Overall, these results indicate that burn severity mapping will benefit
substantially from the integration of Sentinel imagery through increased imagery availability, and
that Sentinel’s higher spatial resolution improves opportunities for examining finer-scale fire effects
across ecosystems.

Keywords: fire severity; wildfire; temperate forests; composite burn index; Google Earth Engine;
image compositing; spectral indices; atmospheric correction; spatial scale; imagery resolution

1. Introduction

Mapping the landscape effects of wildfires advanced rapidly over recent decades as
technological improvements in remote sensing and computing power synergized with
unparalleled data access to enable research and monitoring efforts. Remotely sensed
data are used to investigate diverse areas of inquiry, such as fire risk [1], burned area
and severity mapping [2–4], detection of active fires [5,6], post-fire erosion risk [7], and
vegetation recovery [8,9]. Burn severity, or the degree of fire-induced change due to
consumption of organic matter [10], is commonly used by managers and researchers to
assess the ecological impacts of fire at fine scales and across broad extents [11]. Remotely
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sensed metrics of burn severity are commonly derived from multispectral satellite imaging
platforms [12], with widespread use of Landsat imagery [13–15] due to its global coverage,
multi-decadal continuity, and open data policy beginning in 2008 [16].

Spectral burn severity indices, such as the differenced normalized burn ratio (dNBR) [11],
measure differences in spectral reflectance from pre- and post-fire imagery to detect surface
changes, including decreased vegetation cover and moisture, and increased exposure
of ash, char, and bare soil [17,18]. Validations of the dNBR and related indices with a
commonly used field-based measure of burn severity, the composite burn index (CBI) [11],
generally show good correlation within various regions of North America [19–21], as
well as to independent field measures of burn severity [22], though the strength of the
relationship differs between regions and land cover types [15]. Still, the general utility of
Landsat-derived burn severity mapping led to its widespread implementation, including
the development of national burn severity atlases, such as the Monitoring Trends in Burn
Severity (MTBS) program in the United States [23,24] and the Canadian Landsat Burn
Severity (CanLaBS) product [14].

Recently, the addition of the Sentinel-2 constellation (hereafter referred to as Sentinel)
to the network of Earth observation satellites brings new opportunities to improve burn
severity mapping [25]. Consisting of two platforms sharing the same Multi-Spectral
Instrument (MSI) sensor, Sentinel is designed to be complementary to the Landsat mission,
but has several notable differences that make it appealing for burn severity mapping. When
compared to the Landsat 8 Operational Land Imager (hereafter referred to as Landsat),
differences include (1) a higher spatial resolution of the bands used for dNBR and related
indices (10 m NIR and 20 m SWIR compared to 30 m for Landsat), (2) an increased temporal
resolution (combined constellation revisit time average of 3 to 5 days compared to 16 days
for Landsat), and (3) a greater spectral resolution (13 spectral bands compared to 9 bands
for Landsat). In particular, the higher return interval of Sentinel offers more scene selection
options, improving the ability to match phenology between pre- and post-fire images,
which is often a challenge in areas with frequent cloud cover or rapid vegetation regrowth
following fire [26,27]. Additionally, Sentinel’s higher spatial resolution offers the potential
to improve ecological interpretation of heterogeneous burn severity effects that occur
at spatial scales finer than Landsat pixels [28–30]. These effects include high sub-pixel
variability in tree mortality between similar values of remotely sensed burn severity [31],
as well as the presence of small unburned areas, termed fire refugia, which are effectively
hidden due to the effects of spectral averaging across the scale of a Landsat pixel (i.e.,
900 m2) [32–34]. Due to the importance that distance to the nearest seed source can have
on post-fire forest recovery [2,35,36], detection of small refugia containing surviving seed-
bearing trees could alter predictions about recovery following wildfire.

While the MTBS program already announced a plan to begin integrating Sentinel
imagery upon availability of a harmonized Landsat and Sentinel dataset [24], to date, no
formal analysis of Sentinel’s performance for burn severity mapping has been conducted
in the United States or Canada. Regional studies in other parts of the world generally
show the suitability of Sentinel for burn severity mapping, including Australia [37,38],
Bolivia [39], Greece [25], India [40], Italy [41,42], Mexico [43], Portugal [44], Spain [45–48],
and Siberia [49]. However, the methods used to map and assess burn severity estimates are
highly variable, with a limited number of studies directly comparing Landsat and Sentinel
using field-validated data. Thus, there is still a need for a broad assessment of Sentinel’s
burn severity mapping ability across multiple fires with consistent, field-based measures of
burn severity.

Our main objective was to assess the relative accuracy of Sentinel and Landsat for burn
severity mapping in western North America using a dataset spanning the largest number
of fires and field validation plots of any study to date. Using multiple mapping approaches
and burn severity indices, we compared the performance of Landsat and Sentinel by
modeling the relationships between remotely sensed estimates of burn severity to a field-
based measure, the CBI. As a secondary objective, we also explored the implications of
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mapping burn severity at a higher spatial resolution with Sentinel, first by comparing the
proportion of each fire mapped at a given severity class, and second by estimating the
proportion of high-severity patch interiors within each fire.

Using a dataset of 912 CBI plots collected from 26 wildfires across western North
America, we compared the performance of burn severity estimates derived from Sentinel
and Landsat imagery using several common spectral indices. We created burn severity
maps for each fire using two methods: (1) a conventional paired scene approach in which
a single scene from before and after a fire are differenced, and (2) a recently developed
approach termed “compositing”, in which per-pixel values are computed across a stacked
time-series of imagery [50]. In the compositing approach, all clear pixels (i.e., free of clouds
and cloud shadows) acquired during a date range of interest are stacked, after which a
summary statistic (e.g., mean and median) is computed for each pixel, creating composite
images from before and after the fire, which are then differenced. The composite approach
is being increasingly used recently [51–53], as it eliminates the need for careful a priori scene
selection, while retaining similar or better performance to the paired scene approach [50].

2. Materials and Methods
2.1. Study Region and Field Data

The study area comprised fire footprints in montane conifer and mixed-conifer forests
of western North America (Figure 1). We included 26 fires that burned between 2016 and
2019, in the US states of Washington, Oregon, Idaho, Montana, Wyoming, South Dakota,
Utah, and Arizona, as well as one fire from the Canadian province Alberta. The fires burned
across a variety of forest communities, with fire sizes ranging from 91 to 76,572 ha across
elevations from 328 m to 3371 m (Table 1).Remote Sens. 2022, 14, x FOR PEER REVIEW 4 of 23 
 

 

 
Figure 1. Location of the 26 fires in the western portion of North America (inset map). Mon-
tane-forested ecoregions are displayed in light gray (EPA Level II Ecoregions Northwestern For-
ested Mountains and Temperate Sierras [54]). Numbers correspond to individual fire IDs (see Table 
1). 

  

Figure 1. Location of the 26 fires in the western portion of North America (inset map). Montane-
forested ecoregions are displayed in light gray (EPA Level II Ecoregions Northwestern Forested
Mountains and Temperate Sierras [54]). Numbers correspond to individual fire IDs (see Table 1).
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Table 1. Fires analyzed in this study. Overstory species within each fire were estimated from the
basal area product of the USDA National Individual Tree Species Atlas [55], which is available
within the US. For the Kenow fire, which was located immediately north of the US-Canadian
border, we delineated a false perimeter just south of the border in similar terrain in order to extract
estimates of overstory species prevalence to maintain dataset consistency. Tree species abbreviations:
Abies amabilis (ABAM) Pacific silver fir; Abies concolor (ABCO) white fir; Abies grandis (ABGR) grand
fir; Abies lasiocarpa (ABLA) subalpine fir; Juniperus osteosperma (JUOS) Utah juniper; Larix occidentalis
(LAOC) western larch; Picea engelmannii (PIEN) Engelmann spruce; Pinus albicaulis (PIAL) whitebark
pine; Pinus contorta (PICO) lodgepole pine; Pinus edulis (PIED) two-needle piñon pine; Pinus flexilis
(PIFL) limber pine; Pinus ponderosa (PIPO) ponderosa pine; Populus tremuloides (POTR) quaking aspen;
Pseudotsuga menziesii (PSME) Douglas-fir; Thuja plicata (THPL) western redcedar; Tsuga heterophylla
(TSHE) western hemlock; and Tsuga mertensiana (TSME) mountain hemlock.

Map
ID Fire Year Fire Size

(ha)
Elevation
(m)

CBI
Plots

Data
Source *

Overstory Species
(in Order of Prevalence)

1 Hayes Two 2016 1081 988–1903 31 3 ABAM, ABLA, TSHE, PSME, TSME
2 Norse Peak 2017 20,590 830–2099 35 1 ABAM, PSME, TSME, TSHE, PIEN
3 Rock Creek 2016 552 983–1359 11 1 PSME, ABGR, PIPO
4 Jolly Mountain 2017 15,399 693–1929 12 1 PSME, ABGR, TSHE, PIPO, THPL
5 Jones 2017 4144 328–1147 27 1 PSME, TSHE, THPL
6 Rebel 2017 3653 570–1633 8 1 PSME, TSHE, THPL, ABGR
7 Milli 0843 CS 2017 9722 1092–2200 65 1 PIPO, TSME, ABAM, PICO, ABGR
8 Rail 2016 17,693 1325–2370 23 1 PICO, ABGR, PSME, PIPO, LAOC, ABCO
9 Pioneer 2016 76,572 1002–2649 12 1 PSME, PICO, ABLA, PIPO, PIEN
10 Kenow 2017 20,058 1263–2409 147 5 ABLA, PIEN, PSME
11 Lolo Peak 2017 25,152 1010–2779 21 1 PSME, ABLA, PICO, LAOC, PIEN, PIPO
12 Liberty 2017 11,191 1339–2330 9 1 ABLA, PICO, PSME, PIEN, LAOC
13 Rice Ridge 2017 69,202 1266–2652 27 1 PSME, ABLA, PIEN, PICO, LAOC, PIAL
14 Meyers 2017 27,738 1664–2921 23 1 PICO, ABLA, PIEN, PIAL, PSME
15 Maple 2016 20,835 2003–2666 36 1, 3 PICO, PSME, ABLA, PIEN
16 Berry 2016 8394 2061–2797 27 1 PICO, ABLA, PIEN
17 Legion Lake 2017 22,162 1022–1719 32 2 PIPO
18 Bald Mountain 2018 8496 1694–3229 17 4 PSME, POTR, ABLA, ABCO
19 Mammoth 2019 270 2757–3129 25 6 PIEN, ABLA, PSME, POTR
20 Trail Mountain 2018 7416 2121–3233 38 4 PSME, POTR, ABLA, PIEN
21 Skull Flat 2019 674 2272–3031 31 6 ABCO, PSME, ABLA, POTR
22 Skull Flat 2 2019 1022 2313–3030 30 6 ABLA, POTR, ABCO, PSME
23 Brianhead 2017 30,042 2169–3371 72 4 ABLA, POTR, PIEN, PIPO
24 Little Bear 2019 1078 2395–2828 47 6 PIPO, ABCO, PIFL, PSME
25 Chippean 2019 91 2323–2405 33 6 PIPO, PSME, PIED, JUOS
26 Fuller 2016 6180 1314–2761 73 2 PIPO, ABCO, PIED, JUOS, POTR

* Composite burn index (CBI) data sources: (1) Brian Harvey and Saba Saberi, University of Washington [22];
(2) Joshua Picotte, USGS [56]; (3) US National Park Service; (4) Larissa Yocom, Utah State University; (5) Parks
Canada; (6) James Lutz, Utah State University, Utah Forest Institute.

In order to assess the relative accuracy of burn severity estimates based on imagery
derived from Landsat and Sentinel, we gathered composite burn index (CBI) data, a
commonly used field-based estimate of burn severity, from several sources (Table 1). CBI
data collection follows a standardized procedure for visually assessing burn severity within
30 m diameter plots across five strata (i.e., substrates, herbs and low shrubs, tall shrubs,
subcanopy, and upper canopy) [11]. Fire effects specific to each stratum are scored on a
continuous scale of zero (unchanged) to three (most severe burn severity), and all strata are
then averaged together to obtain an aggregated burn severity estimate for the plot.

The first of two satellites in the Sentinel-2 constellation, Sentinel-2A, were launched
on 23 June 2015. Therefore, only CBI data from fires that burned during 2016 and later are
available for use in this study to ensure availability of Sentinel pre-fire imagery, which is
typically obtained from the year before the fire. We assembled a dataset of 1007 CBI plots
from 26 wildfires (Table 1). Because the interpretation and measurement of burn severity
differs between forest and non-forest environments [1,57,58], we chose to compare the
accuracy of Landsat and Sentinel using only forested CBI plots. To remove non-forested
plots, we used the 2015 NASA Global Forest Cover Change (GFCC) 30 m dataset [59] to
filter out plots located within pixels with less than 5% canopy cover greater than 5 m in
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height prior to burning. The GFCC estimates tree cover using regression tree modeling of
Landsat surface reflectance and temperature data using 250 m tree cover estimates derived
from Moderate Resolution Imaging and Spectroradiometer (MODIS) imagery as training
data. This filtering resulted in a final dataset of 912 CBI plots.

2.2. Burn Severity Indices

We evaluated imagery obtained from Landsat and Sentinel for burn severity mapping
of each fire using four spectral indices derived from pre- and post-fire imagery. Three
indices are based on the normalized burn ratio (NBR) [11,60] and include (a) the differenced
normalized burn ratio (dNBR) [11] (b) the relativized burn ratio (RBR) [61], and (c) the
relative delta normalized burn ratio (RdNBR) [62]:

NBR =

(
NIR− SWIR2
NIR + SWIR2

)
(1)

dNBR =
(

NBRpre f ire − NBRpost f ire

)
× 1000 (2)

RBR =
dNBR

NBRpre f ire + 1.001
(3)

RdNBR =


dNBR

|NBRpre f ire|0.5 ,
∣∣∣∣NBRpre f ire

∣∣∣∣ ≥ 0.001

dNBR
0.0010.5 ,

∣∣∣NBRpre f ire

∣∣∣< 0.001
(4)

where NIR (Equation (1)) is the near infrared band (Landsat: B5; Sentinel: B8) and SWIR2 is
the shortwave infrared band 2 (Landsat: B7; Sentinel: B12) (Table 2). In Equation (4), the
NBRprefire qualifier is necessary so that the equation does not fail when NBRprefire equals zero.

Table 2. Comparison of Sentinel-2 MultiSpectral Instrument (MSI) and Landsat 8 Operational Land
Imager (OLI) radiometric and spatial resolutions of spectral bands.

Band Name
Sentinel-2 MSI Landsat 8 OLI

Index
Number

Wavelength
(nm)

Spatial
Resolution (m)

Index
Number

Wavelength
(nm)

Spatial
Resolution (m)

Coastal aerosol B1 432–453 60 B1 433–453 30
Blue B2 459–525 10 B2 450–515 30
Green B3 541–578 10 B3 525–600 30
Red B4 649–681 10 B4 630–680 30
Red edge 1 B5 696–712 20
Red edge 2 B6 732–748 20
NIR (narrow 1) B7 770–793 20
NIR B8 780–886 10 B5 845–885 30
NIR (narrow 2) B8A 853–875 20
Water vapor B9 933–955 60
SWIR Cirrus B10 1358–1392 60 B9 1360–1380 30
SWIR 1 B11 1563–1659 20 B6 1560–1660 30
SWIR 2 B12 2093–2290 20 B7 2100–2300 30
Panchromatic B8 500–680 15

Due to the resolution differences between the bands of Sentinel (Table 2), we also
tested a metric based on the normalized difference vegetation index (NDVI) [63], which is
often used to assess vegetation change in forests [64–66]. Unlike NBR, which combines the
Sentinel 10 m NIR band with the 20 m SWIR2 band, NDVI uses the 10 m red band instead
of the SWIR2 band, allowing for true 10 m resolution. We tested both the differenced
normalized difference vegetation index (dNDVI) [55] and a relativized version (RdNDVI)
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similar to the one used in [65], but with NDVIprefire in the denominator squared in the same
formulation as RdNBR:

NDVI =
(

NIR− red
NIR + red

)
(5)

dNDVI =
(

NDVIpre f ire − NDVIpost f ire

)
× 1000 (6)

RdNDVI =


dNDVI

|NDVIpre f ire|0.5 ,
∣∣∣∣NDVIpre f ire

∣∣∣∣ ≥ 0.001

dNDVI
0.0010.5 ,

∣∣∣NDVIpre f ire

∣∣∣< 0.001
(7)

where NIR (Equation (5)) is the near infrared band (Landsat: B5; Sentinel: B8) and red is
the red band (Landsat and Sentinel: B4). Because dNDVI showed weaker correlation to
field measures of burn severity than RdNDVI (i.e., lower R2), we excluded it from further
analysis (Figure S1A).

We calculated all indices using the native resolution of each sensor’s band. For Sentinel,
this means all indices derived from NBR (i.e., dNBR, RBR, and RdNBR) were mapped
at a pseudo-resolution of 10 m using a combination of the 10 m NIR band and the 20 m
SWIR2 band resampled to 10 m, while RdNDVI was mapped at true 10 m resolution.
Indices derived from Landsat were mapped at the native 30 m resolution. All indices were
calculated in the cloud-based remote sensing platform Google Earth Engine (GEE) [67] for
both the paired scene (Section 2.3) and composite approach (Section 2.4).

2.3. Calculating Burn Severity: Paired Scene Approach

We mapped burn severity for all 26 fires (Table 1) using the well-established paired
scene approach, in which a single pre- and post-fire image is manually selected [11,23]. For
all fires that were mapped by the Monitoring Trends in Burn Severity (MTBS) program
(n = 23), we selected the pre- and post-fire Landsat 8 imagery from the acquisition dates
reported by MTBS. With the three remaining fires that were not mapped by MTBS (Table 1,
Kenow, Mammoth, and Chippean), we selected pre- and post-fire imagery that minimized
cloud and snow cover within the fire perimeter, while also attempting to match the im-
agery acquisition dates between years to be as similar as possible to minimize seasonality
differences that can affect phenology and sun angle (see Table S1 for scene dates used in
the paired scene analysis). Because MTBS map products are distributed with only two of
the burn severity indices (i.e., dNBR and RdNBR), we performed the calculation of all burn
severity indices using the corresponding pre- and post-fire image for each fire from the
Landsat 8 Surface Reflectance Tier 1 dataset in GEE.

For the Sentinel imagery used in the paired scene burn severity mapping approach,
we attempted to select the scene closest in acquisition timing to the corresponding Landsat
scene used for each fire. This generally resulted in Sentinel and Landsat pre- and post-fire
scenes acquired within approximately two weeks of each other, however, the presence of
cloud or snow contamination covering the fire footprint required the use of some Sentinel
scenes that were acquired further apart. Finding temporally matched imagery was more
challenging for earlier dates prior to the launch of the Sentinel-2B satellite in March of 2017,
thus requiring the use of eight pre-fire scenes that were acquired during a different year
than their Landsat counterparts (Table S1).

To assess the effect of atmospheric correction applied to Sentinel imagery, we used
both Level-1C Top of Atmosphere Reflectance (TOA) and Level-2A Bottom of Atmosphere
Reflectance (BOA) data products. Acquiring the latter required post-processing the Level-
1C imagery using the Sen2Cor atmospheric correction algorithm [68], as the European
Space Agency did not begin global distribution of Level-2A imagery until late in 2018.
We used the R package sen2r v1.5.0 to download all Sentinel-2 Level-1C imagery and
post-process it to Level-2A [69]. We then uploaded the Sentinel TOA and BOA scenes to
GEE, where we calculated burn severity maps using both sets of imagery separately for
each fire following the paired scene approach described above.
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2.4. Calculating Burn Severity: Composite Approach

In addition to the paired scene approach for burn severity mapping, we also used an
image compositing approach in the cloud-based remote sensing platform Google Earth
Engine (GEE) [67]. Image compositing uses an imagery stack from a user-specified date
range before and after the fire to compute a per-pixel mean value from the imagery time
series [50,53]. We additionally tested two modifications to the compositing approach,
including: (1) computing the per-pixel median, rather than mean, and (2) calculating a
severity offset to account for phenological or moisture differences between pre- and post-
fire years [11], which was calculated as the difference between the pre- and post-fire mean
burn severity of unburned pixels 180 m outside of the fire perimeter. The offset value
for each fire was then subtracted from the burn severity raster of each fire following the
methods of [50]. However, we found no significant difference in correlation with CBI field
data using the median instead of the mean (Figure S1B), while using the offset resulted in
decreased correlation with CBI values compared to no offset (Figure S1C). Thus, we chose
to exclude the offset and median composite from further analyses.

One complication of comparing Landsat and Sentinel using the composite imagery
approach arises from differential access to atmospherically corrected imagery collected by
each sensor. We used the Landsat 8 Surface Reflectance Tier 1 dataset and the Sentinel-2
Level-1C TOA dataset, which combines imagery collected by both Sentinel-2A and -2B.
Although the European Space Agency (ESA) now produces an atmospherically corrected
BOA product, Level-2A, this dataset was not processed globally until approximately the
fall of 2018, inhibiting its use in this study for the compositing approach to burn severity
mapping. We instead tested the Level-2A product using the paired scene approach (see
Section 2.3), as the reduced number of scenes requiring atmospheric correction compared to
the composite approach made this feasible to accomplish, given computation limitations. In
order to filter out pixels with cloud, snow, shadow, or water, we used the quality assessment
band of Landsat 8 to mask contaminated pixels from each image before computing each
pixel’s composite value. Although the Sentinel-2 Level-2A product’s quality assessment
band contains flags for all the contaminants listed above, the Level-1C product’s quality
assessment band only allowed for masking of cloud and cirrus covered pixels.

We tested two different “image season” date ranges for the pre- and post-fire imagery
compositing (Table 3). The “extended composite” method uses a static date range starting
on 1 June and ending on 30 September for both the year before and the year after fire.
This choice of date range reflects the timeframe when scenes were selected for the paired
scene assessment of these fires by MTBS (see Table S1 for scene dates used in the paired
scene analysis), and is the range used by Parks et al. [50] for fires occurring in the same
regions. The pre-fire composite image also includes imagery occurring during the year of
fire between 1 June and the start date of the fire, which was done to ensure the availability
of Sentinel scenes for 2016 fires.

Table 3. Image season date ranges for pre- and post-fire imagery used in composite imagery methods
for calculating burn severity. YBF indicates “Year Before Fire”, YOF indicates “Year of Fire”, and YAF
indicates “Year After Fire”.

Method
Pre-Fire Imagery Season Post-Fire Imagery Season

Start End Start End

Extended
1 June YBF 30 September YBF

1 June YAF 30 September YAF
1 June YOF Fire Start Day

Hybrid 20 May YBF 31 August YBF Day after fire ends YOF 15 November YOF
Day after snow cover ends YAF 1 July YAF

In contrast to the extended composite imagery season, the “hybrid composite” com-
bines post-fire imagery from both the year of fire (i.e., an immediate assessment) with
imagery from the year after the fire (i.e., an extended assessment) [11]. The goal of the hy-
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brid composite approach is to minimize the influence of rapid herbaceous and shrub cover
green-up following fire; this approach is shown to increase correlation of burn severity
estimates with plot validation data in the boreal forests of North America [70]. Specifically,
the MODIS Aqua and Terra Thermal Anomalies and Fire Daily Global datasets are used to
estimate the date when there are no longer any high-confidence active “fire” pixels within
the fire perimeter. All Landsat or Sentinel imagery occurring after the end of fire date
and before November 15 of the fire year are included in the post-fire imagery season. If
the end of fire date is not able to be determined by MODIS, then the start of the imagery
season defaults to 15 September (this only occurred for the two smallest fires, Chippean
and Mammoth). In the following year, the MODIS Aqua and Terra Snow Cover Daily
Global datasets are used to estimate the earliest date of majority snowmelt (i.e., snow cover
of 5% or less for each pixel within the fire perimeter), and imagery from this date to 1 July
is added to the image stack used to compute the post-fire image composite. If a majority
snowmelt date is not able to be determined by MODIS, then the start of the imagery season
defaults to 30 April (this did not occur for any fires analyzed).

2.5. Evaluating Remotely Sensed Indices of Burn Severity

We compared all burn severity indices to CBI field data of burn severity for the 26 fires.
For each CBI plot, we extracted burn severity values from the computed severity imagery
using the area-weighted values of pixels within a 15 m radius of each plot center (the size
of a CBI plot). We evaluated the correlation between each remotely sensed measure of
burn severity and field-measured CBI using Nonlinear Least Squares (NLS) regression of
the form:

y = a + b× exp(CBI × c) (8)

where y is the remotely sensed severity index being evaluated, CBI is the field-based
measure of burn severity, and a, b, and c are the coefficients being estimated.

NLS models were fit to all burn severity indices, except for two models, which failed
to converge and a linear model was instead fit to the data [19]. We quantified the strength
of the relationship between each burn severity index and CBI by calculating the coefficient
of determination for each NLS or linear model (i.e., the R2 of the linear regression between
the predicted and observed values of CBI), as well as the normalized Root Mean Squared
Error (RMSE). Each NLS or linear model was fit to the full dataset of 912 CBI plots across
all 26 fires, as the number of CBI plots was highly variable between fires (Table 1), limiting
the ability to compare burn severity indices on a per-fire basis. Models and model statistics
were computed in the statistical environment R version 4.1.2 [71].

2.6. Assessing the Effects of Imagery Resolution on Estimates of Categorical Burn Severity Classes
and High-Severity Patch Interiors within Fires

We explored the difference between Landsat- and Sentinel-derived burn severity maps
classified into categorical fire severity groupings of low, moderate, and high severity for the
forested pixels within each fire. To isolate the effects of imagery resolution, we additionally
compared Sentinel burn severity maps at 10 m spatial resolution to the same maps at
30 m resolution using mean resampling. We used RdNBR calculated with the extended
composite method (Table 3), as it showed relatively high correlation with field-based CBI
plots for both Landsat and Sentinel (Table 4). Threshold values of RdNBR for each severity
category were estimated based on the NLS models of CBI data fit to the Landsat and
Sentinel burn severity maps, with commonly used severity breakpoints in the CBI scale
as follows: 0 to 1.25 for low severity, 1.26 to 2.25 for moderate severity, and 2.26 to 3 for
high severity [62]. We estimated the burn severity class predictive accuracy derived from
Sentinel and Landsat imagery with a Kappa statistic calculated from a confusion matrix
using the R package caret [72].
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Table 4. Composite imagery method model fit (R2) and normalized root-mean-square error (RMSE)
for non-linear least squares regression between composite burn index (CBI) plots and remotely sensed
burn severity estimates using either Landsat or Sentinel imagery. Results are presented for the four
spectral indices tested and computed using pre- and post-fire imagery composited using either the
extended or hybrid imagery seasons (see Table 3). Models were fit to the combined dataset of 912 CBI
plots from all 26 fires.

Composite
Imagery Method Spectral Index Landsat 8

Surface Reflectance (Tier 1)

Sentinel-2
Top of Atmosphere

(Level 1C)

R2 RMSE R2 RMSE

Extended imagery
seasons

dNBR 0.552 0.538 0.561 0.526
RBR 0.606 0.480 0.613 0.474
RdNBR 0.613 0.463 0.643 0.447
RdNDVI 0.554 0.519 0.426 0.765

Hybrid imagery
seasons

dNBR 0.570 0.502 0.517 0.542
RBR 0.627 0.443 0.573 0.489
RdNBR 0.641 0.423 0.579 0.487
RdNDVI 0.562 0.441 0.515 0.396

In addition to the percentage of each fire burned by severity class, we estimated
the percentage of forested area within each fire that was more than 90 m from the likely
surviving forest edge (low or moderate severity pixels), hereafter referred to as ‘high-
severity patch interior’. These regions within fires have received increasing attention due
to concerns for natural conifer regeneration being limited by the distance to the nearest
seed source [2,35,73]. Though seed dispersal distance is highly variable by species and
environmental context, approximately 100 m from a seed source is a common threshold
beyond which conifer seedling regeneration density is sparse following disturbance [74–76].
We chose a 90 m distance threshold because it was a common multiple of both Landsat and
Sentinel pixel sizes (i.e., 30 m and 10 m, respectively).

Because not all regions mapped as low or moderate severity within a fire perimeter
are potential conifer seed sources (i.e., forested), we applied a ‘forest mask’ to exclude
pixels unlikely to be forested pre-fire before calculating high-severity patch interiors and
severity class percentages for all fires. Our forest mask was similar to that used in [77],
which used a combination of pre-fire canopy cover and NDVI [1]. Although the [77] forest
mask used LANDFIRE data to estimate percent canopy cover [78], we instead used the 2015
NASA GFCC [59], so as to include coverage for the Kenow fire, which occurred in Canada.
Though LANDFIRE predicts canopy cover with additional biophysical variables and field
validation data than the GFCC, it is only available in the United States. Pre-fire NDVI
was calculated as the mean composite from Landsat imagery collected between June 1
and 30 September the year before fire. The final forest mask used a combination of mean
composite pre-fire NDVI of greater than or equal to 0.4 and tree canopy cover greater than
or equal to 5%. Visual examination of the mask overlaid with high-resolution aerial imagery
showed this combination of thresholds provided the most consistent masking of non-forest
across the 26 fires analyzed, minimizing land cover with high NDVI, such as meadows and
grassland, while retaining forested pixels with sparse canopies. Estimates of high-severity
patch interior for each fire were then made by calculating the Euclidian distance of each
forested high-severity pixel to the nearest low- or moderate-severity forested pixel using
the distance function in GEE. Pixels greater than or equal to 90 m in the resulting distance
map were classified as high-severity patch interior. Finally, differences in proportion of low,
moderate, high, and high-severity patch interior between fires mapped with Landsat and
Sentinel imagery were assessed using a Wilcoxon signed-rank test in R version 4.1.2 [71].
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3. Results
3.1. Landsat and Sentinel Burn Severity Correspondence with Field Data

Across the burn severity indices and mapping approaches tested, Landsat and Sentinel
performed similarly as measured by their correlation with CBI field data (i.e., higher R2 or
lower RMSE error). However, when comparing between specific mapping approaches (e.g.,
imagery season used for the compositing approach and atmospheric correction in the
paired scene approach), some consistent differences were observed.

Using the paired scene approach, Bottom of Atmosphere (BOA) Sentinel imagery
with Sen2Cor atmospheric and terrain corrections consistently performed better than the
uncorrected Top of Atmosphere (TOA) imagery. BOA imagery improved R2 by an average
of 0.078, with a particularly large increase of 0.212 for RdNBR (Table 5). Compared to
Landsat imagery, the BOA Sentinel imagery also performed better across all indices with
an average increase in R2 of 0.059.

Table 5. Paired scene method model fit (R2) and normalized root-mean-square error (RMSE) for
non-linear least squares regression between composite burn index (CBI) plots and remotely sensed
burn severity estimates using either Landsat or Sentinel imagery. Results from Sentinel imagery are
presented both for atmospheric and terrain corrected Bottom of Atmosphere (BOA) and uncorrected
Top of Atmosphere (TOA) scenes. Models were fit to the combined dataset of 912 CBI plots from all
26 fires.

Spectral Index
Landsat 8 Sentinel-2

Surface Reflectance
(Tier 1)

Bottom of Atmosphere
(Level 2A)

Top of Atmosphere
(Level 1C)

R2 RMSE R2 RMSE R2 RMSE
dNBR 0.537 0.517 0.578 0.505 0.533 0.538
RBR 0.584 0.471 0.637 0.444 0.601 0.465
RdNBR 0.607 0.447 0.633 0.443 0.421 0.661
RdNDVI 0.481 0.544 0.597 0.492 0.578 0.492

Using the extended composite imagery method, Sentinel performed marginally better
than Landsat with all three NBR-derived indices (dNBR, RBR, RdNBR, mean R2 = 0.590
and 0.606, Landsat and Sentinel, respectively), with the Sentinel-derived RdNBR showing
the overall highest coefficient of determination with field-measured burn severity of all
methods tested (R2 = 0.643, Table 4). Conversely, when using the hybrid composite imagery
method, Landsat-derived NBR indices performed better than Sentinel, with an average
difference of 0.057 R2 across the three indices. For Landsat, the hybrid compositing method
performed better than the extended compositing with the three NBR indices, increasing R2

by an average of 0.023. For Sentinel, the opposite trend occurred, with hybrid compositing
reducing R2 by an average of 0.05 compared to extended compositing. The only non-NBR-
derived index tested, RdNDVI, performed consistently worse than the average of its NBR
counterparts, lowering R2 for both Landsat compositing methods (0.036 and 0.081, extended
and hybrid compositing, respectively), as well as for Sentinel (0.180 and 0.041, extended and
hybrid compositing, respectively). RdNDVI derived from the Sentinel extended composite
method performed notably worse than all other indices with an R2 of 0.426.

Finally, comparing the paired scene and image compositing methods, Landsat NBR-
derived indices from both compositing methods slightly outperformed their paired scene
counterparts, increasing R2 by an average of 0.014 and 0.037 (extended and hybrid com-
positing methods, respectively, Tables 4 and 5). In contrast, the paired scene approach using
the Sentinel atmospherically corrected BOA imagery improved R2 for the NBR indices by
0.01 compared to the extended composite method, and by 0.06 compared to the hybrid
composite method. However, when comparing the compositing approaches, which used
uncorrected TOA imagery in the paired scene approach also using TOA imagery, both
compositing methods improved average NBR indices by 0.088 and 0.038 (extended and
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hybrid composites, respectively), largely due to the low R2 of the paired scene RdNBR
of 0.421. Notably, the R2 of RdNDVI from paired scene Sentinel BOA imagery was im-
proved compared to compositing by 0.171 and 0.082 (extended and hybrid composites,
respectively), although the opposite was true for Landsat, where the R2 of the paired scene
RdNDVI was reduced by 0.073 and 0.081 (extended and hybrid composites, respectively).

3.2. High-Severity Patch Interior and Severity Class Estimates between Fires

Using the NLS models fit to the composite burn index (CBI) and satellite-derived
burn severity indices, we calculated burn severity thresholds for RdNBR derived from
the extended compositing approach for low (Landsat: ≤334; Sentinel: ≤314), moderate
(Landsat: 335–664; Sentinel: 315–633), and high severities (Landsat ≥665; Sentinel ≥634). A
confusion matrix was used to assess the predictive accuracy of the severity categorization
compared to the field-based measurement, resulting in an overall accuracy of 66% and a
Kappa of 0.485 for Landsat, and an accuracy of 69% and Kappa of 0.518 for Sentinel. In
order to estimate high-severity patch interior, we further simplified the severity classes
into high and not high (i.e., low and moderate) severity classes. This classification had an
accuracy of 81% and a Kappa of 0.607 for Landsat, and an accuracy of 82% and Kappa of
0.631 for Sentinel.

Differences between per-fire proportions of the three severity classes made by Land-
sat and Sentinel were non-significant (p > 0.05, Figure 2A). In contrast, the difference
in the proportion of a fire mapped as high-severity patch interior (high-severity pixels
90 m or further from the nearest non-high-severity forest pixel) was significantly higher
for Landsat as compared to the same fire mapped with Sentinel (mean 5.0%, p < 0.001,
Figure 2A). This difference resulted in Landsat estimating 24,273 additional hectares (6.6%
of forested area) of high-severity patch interior compared to Sentinel across all fires ana-
lyzed (Figures 2B and 3).
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calculated using the extended composite approach (see Section 2.4), and the difference in percent
estimated for each class is shown between Landsat and Sentinel (A), and Sentinel at 10 m resolution
and resampled to 30 m resolution (C). Each dot represents one of the 26 fires (the two smallest
fires were excluded for the high-severity patch interior), and the bars show the mean ± 1 standard
deviation. The relationship between percent high severity and percent high-severity patch interior for
each fire is shown as mapped by Landsat (red circle) and Sentinel (blue triangle) (B). Frequency plots
of the continuous RdNBR values for the Hayes Two fire are overlaid as mapped by Sentinel at 10 m
resolution (blue) and 30 m resolution (red), with the vertical dashed lines depicting the categorical
breaks between low/moderate severity and moderate/high severity (D).
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Figure 3. Maps of high-severity patch interior for the 2017 Meyers fire in southwestern Montana
(A), and the 2018 Trail Mountain fire in central Utah (B) derived from Landsat (left column) and
Sentinel (right column) imagery. High-severity patch interior (red) was mapped from all high-
severity pixels 90 m or further from the nearest low- or moderate-severity forest-classified pixel. Tan
areas represent all other forest-classified pixels; white areas were classified as non-forest. For the
Meyers fire, Landsat predicts 10.7% more high-severity patch interior than Sentinel (2801 additional
hectares). For the Trail Mountain fire, Landsat predicts 11.0% more high-severity patch interior than
Sentinel (710 additional hectares). Maps using Landsat imagery are at their native 30 m resolution,
while Sentinel maps use 10 m resolution. Severity was derived from RdNBR measured using the
extended compositing approach in GEE, with severity thresholds estimated from NLS models of the
satellite-derived burn severity fit to field-based CBI measurements.
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Comparing the same Sentinel categorical severity maps for a fire at 10 m resolution to
a reduced resolution version at 30 m resulted in small but consistent shifts in the percent
of a fire mapped at a given severity class. The higher resolution maps decreased the
amount of moderate severity by an average of 1.0% across fires, increasing the amount
predicted as low- and high-severity (all differences significant, p < 0.001, Figure 2C). This
effect is illustrated in Figure 2D, which shows the frequency histogram of the continuous
RdNBR values for the 2016 Hayes Two fire when mapped at 10 and 30 m spatial resolutions.
Compared to the 30 m distribution, the 10 m imagery has fewer pixels in the moderate-
severity range, and instead has more pixels in the high- and low-severity range. Across all
26 fires, the mean reduction in area mapped at moderate-severity corresponds to 2443 ha
(0.7% of forested area). Finally, high-severity patch interior estimates were significantly
higher for the 30 m Sentinel severity maps than those mapped at 10 m (mean 4.2%, p < 0.001,
Figure 2C).

4. Discussion

In the most comprehensive assessment of burn severity mapping using Sentinel-
derived imagery to date, we found that Sentinel generally performed as well or better than
Landsat for mapping burn severity in western North American forests, lending further evi-
dence to the complementary nature of both earth-observing missions in this context [25,47].
However, nuances in the performance between products emerged when comparing dif-
ferent mapping methods, such as the date range used to select imagery for compositing
(Table 4), as well as the effect of post-processing Sentinel imagery for atmospheric and
terrain correction (Table 5). Emerging products, such as the Harmonized Landsat Sentinel-
2 [79], seek to alleviate some of these issues by fully integrating imagery from both sources
through a consistent post-processing chain. Although integrated datasets will be invaluable
for long-term time series analyses and image selection options, they forfeit one of the major
advantages of the Sentinel-2 MSI sensors over the Landsat mission; namely, higher spatial
resolution. Our results show that mapping burn severity at higher resolution helps resolve
some heterogeneity in fire effects masked at coarser scales e.g., [31,32,34], reducing the
number of pixels classified as ‘moderate’ severity (Figure 2C). Though the proportional
differences in severity classes are small when mapping at Sentinel’s higher resolution, these
can have much larger impacts on metrics seeking to quantify the spatial configuration of
severity patches. This highlights opportunities to assess the ecological interpretations of
mapping burn severity at higher resolution at broad scales, but also warrants caution when
comparing results to previous work at the commonly used 30 m resolution.

Though we generally found similar regression model fits between field data and burn
severity indices derived from Landsat and Sentinel compared to other studies in west-
ern North America [19,53,62], some studies reported even stronger correlations [61,70,80].
Discrepancies in model fit are likely due in part to the degree of pooling data from fires
occurring in different ecoregions and vegetation types. Picotte et al. [15] assessed how
the scale of the regression model affected burn severity estimate accuracy by comparing a
model spanning the continental United States to models subset by increasingly narrow land
cover classifications, finding that the more specific models generally improved model fit,
particularly in the western US. Thus, it is likely we would observe stronger R2 values in our
assessment if the models were further broken down regionally. Furthermore, it is important
to note that classifying burn severity should ideally be conducted with ecologically mean-
ingful thresholds calibrated to the vegetation community being analyzed [81]. Though we
used a single threshold to classify stand-replacing fire across the fires we studied, this was
done to simplify analysis and focus on the effect of imagery resolution. Cross-regional
studies of burn severity patterns would ideally use regionally defined thresholds where
they show improved fit [15], or use non-parametric methods, such as machine learning, to
predict burn severity by integrating multiple spatially varying predictors e.g., [37,51,55].
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4.1. Image Compositing Approaches

Applying the relatively new image compositing method to burn severity mapping
showed similar, and in some cases stronger, correlations with CBI data compared to the
traditional paired scene approach for both Landsat and Sentinel, corroborating the results
of recent studies [50,53]. The extended composite approach, which used a static pre- and
post-fire date range for imagery selection, performed well for both Sentinel and Landsat,
with the exception of Sentinel’s RdNDVI (Table 4). Our study included fires from a diverse
set of forested ecosystems within western North America (Table 1), and it is likely that
further improvements to the extended composite method could be obtained by customizing
the date ranges by region to account for differences in phenology and weather patterns.
For instance, Parks et al. [50] used an earlier date range of April through June for fires in
the states of Arizona, New Mexico, and Utah, due to monsoonal precipitation patterns
common in the region, while using a date range of June through September for all other
fires. In the present study, we used a single date range (June through September) for the
extended composite, as the delineation between fires affected by monsoonal precipitation
was less clear for the fires in our analysis.

One alternative to choosing a static temporal window for compositing is to make
the date range dynamic. The other compositing method we tested, the hybrid composite,
was developed specifically to customize the image selection process dynamically for the
boreal region of North America, where rapid herbaceous green-up in the year following fire
frequently depresses estimates of burn severity [70]. In the first test of this method for fires
in temperate forests, we obtained contrasting results for Landsat and Sentinel, with modest
improvements for all indices from Landsat imagery, while the R2 of all indices derived from
Sentinel imagery (except RdNDVI) decreased compared to the extended composite version.
While it is challenging to pinpoint the reason for this difference, one potential explanation
is that the higher temporal resolution of Sentinel (3–5 days return time compared to 16 for
Landsat) results in more cloud-free pixels obtained during the late fall and early spring
included for the post-fire composite image. Particularly for areas that burned at lower to
moderate severity and contain some proportion of deciduous vegetation, the NBR values
could be depressed for these late and early season pixels, resulting in a lower post-fire mean
composite pixel NBR unrelated to the effects of fire. If this is the case, then the addition of
Landsat 9 imagery could pose the same issue for the hybrid compositing approach applied
to the Landsat catalog in the future due to the increase in temporal resolution. Regardless,
the fact that performance increased in the current analysis for Landsat compared to the
extended composite shows promise for this dynamic approach to the temporal selection of
imagery in regions outside of the Boreal, and performance could continue to be improved
with the additional tweaking of date ranges.

4.2. The Paired Scene Approach

In addition to being a well-established and widely used method for burn severity map-
ping, testing the paired scene approach allowed us to evaluate the impact of atmospheric
and terrain corrections to Sentinel imagery. Atmospheric correction is demonstrated to
increase NDVI with both Landsat and Sentinel due to an increase in reflectivity in the near-
infrared spectrum and decrease in the visible range of the electromagnetic spectrum [82],
and also affects shortwave infrared light reflectance [83], which is used in NBR indices.
Additionally, use of atmospherically corrected imagery is particularly important when
comparing burn severity across fires in different regions or years, as we carried out in this
study, due to differences in atmospheric conditions [84].

The Sen2Cor post-processing algorithm [68], which applies atmospheric and terrain
corrections to Sentinel TOA imagery to create BOA scenes, improved burn severity corre-
lations with CBI data for all indices, with a particularly large boost for RdNBR (Table 5).
This was notable since the uncorrected Sentinel TOA imagery still performed similarly, or
even slightly better, than the corrected Landsat imagery. Given that image compositing
with Sentinel TOA imagery improved performance for all NBR-derived indices compared
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to the paired scene approach, it is likely that applying the image compositing approach
to the Sentinel BOA catalog will result in further improvements. This is possible for fires
occurring in 2020 or later, which we were unfortunately unable to test in the current analysis
because our most recent field data were collected from 2019 fires.

Even though we attempted to minimize differences between the acquisition dates
of the scene pairs acquired by Landsat and Sentinel, for some fires, the chosen pre-fire
Sentinel image was more than a month, and in some cases more than a year, apart from
the Landsat counterpart (Table S1). This was unavoidable and potentially impacted the
resulting burn severity estimates, but in all cases we made sure to match the post-fire
scene’s season as closely as possible to the acquisition time of the pre-fire Sentinel image,
as seasonal differences between paired scenes are shown to have a large effect on burn
severity estimates [85].

4.3. The Effect of Imagery Resolution

While acknowledging Sentinel’s higher spatial resolution as an asset, research com-
paring Landsat and Sentinel for burn severity mapping is yet to examine the impact it will
have on landscape assessments of fire severity patterns. Fire has heterogeneous effects at
scales finer than 30 m [28,86], particularly in non-stand replacing fires, resulting in high
sub-pixel variability in tree mortality [31,87] and frequency of smaller-sized unburned
patches [32,34]. Efforts to map burn severity with sub-30 m resolution imagery show an
improved ability to capture fine-scale fire patterns of burn severity, e.g., [88,89], though they
had to rely on proprietary data sources, limiting the ability to scale-up analyses. Mapping
NBR-derived indices at pseudo-10 m resolution with Sentinel by resampling the 20 m SWIR
band provided a 9-fold increase in resolution over the 30 m Landsat pixel, while still being
a freely available dataset with global coverage. True 10 m resolution can also be obtained
with Sentinel NDVI-derived indices, such as the RdNDVI we tested. Though RdNDVI
performed worse than NBR-derived indices with the compositing approach (Table 4), it
performed similarly in the paired scene approach (Table 5), suggesting that with some
tweaking of the compositing date range, it could also be a useful index for assessing
fine-scale fire effects.

Fires mapped at a 10 m resolution had a consistent reduction in moderate severity
compared to pixels resampled to 30 m (Figure 2C). While this effect was small overall,
averaging a 1% reduction in moderate severity across the 26 fires, this corresponds to a
total area of 2443 ha. The effect of this partitioning of ‘moderate’ severity into low and high
can be seen by looking at the continuous distribution of burn severity values from a 10 m
and 30 m resolution burn severity map of the Hayes Two fire (Figure 2D). While this result
is not surprising, given that the resampling process to reduce the 10 m Sentinel imagery to
30 m averages the underlying pixel values, it still provides a baseline for the magnitude
of difference that could be expected when mapping burn severity at higher resolution in
similar forest types. ‘Moderate’ severity is the result of a mixture of high and low severity
effects within close proximity. This often occurs at the edge of high-severity patches [20],
suggesting that mapping burn severity at higher resolution could help delineate unburned
areas within a fire, providing more accurate estimates of area burned.

Compared to the relatively small differences in severity class proportions, the effect
that imagery resolution can have on metrics of the spatial arrangement of high-severity
fire are starker, which is an important consideration as these factors gain increasing atten-
tion [90–93]. High-severity patch interior was estimated by Landsat to be 6.6% higher than
Sentinel across forested areas within fires in our analysis (Figure 2A), corresponding to a
24,273 ha difference. This is primarily driven by the difference in resolution, rather than dif-
ferences between sensors, as evidenced by a similar difference between Sentinel estimates
of high-severity patch interior when mapped at 10 and 30 m resolution (Figure 2C). While
many landscape metrics that quantify patch spatial characteristics are known to be sensitive
to resolution [94], this result highlights two important points. First, that researchers of
burn severity patch dynamics need to be careful when comparing across resolutions, and
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ideally test the scaling relationship explicitly, and second, that burn severity maps using
coarser-scale sensors may be overestimating the amount of area vulnerable to seed dispersal
limitations in some fires, though it is beyond the scope of this analysis to determine whether
the higher resolution imagery is actually picking up meaningful ecological differences.
Yet, recent work indicated that surviving trees (i.e., fire refugia) are frequently located
in Landsat pixels categorized as moderate- or even high-severity [34]. Testing the ability
of Sentinel to identify these small-scale refugia would be a valuable next step towards
assessing whether mapping burn severity at a higher resolution would provide a tangible
benefit to the ecological interpretation of fire effects.

5. Conclusions

The Sentinel-2 constellation of Earth-observing satellites provides similar or even
improved estimates of burn severity compared to Landsat 8, further validating its use for
mapping fire effects across a diversity of forested ecosystems. Atmospherically correcting
Sentinel imagery to Bottom of Atmosphere noticeably improved correlations with field mea-
sures of burn severity using the paired scene approach. The image-compositing approach,
which required the use of uncorrected Top of Atmosphere Sentinel imagery due to data
access limitations, still performed well relative to corrected Landsat imagery, suggesting
that use of the composite approach with corrected Sentinel imagery may improve accuracy
even further. Developing products that consistently process imagery from both missions
to ensure compatibility for time series analyses, such as the Harmonized Landsat and
Sentinel-2 [79], will ultimately streamline the process of integrating both data sources. This
will have major benefits for burn severity mapping globally, increasing both the number of
cloud-free scenes to choose from for the paired scene approach and the number of cloud-
free pixels available to integrate for the image compositing method. Yet we caution against
ignoring the increased spatial resolution that Sentinel provides. Mapping burn severity at
true 10 m resolution with an NDVI-derived index, or pseudo-10 m with NBR, helps resolve
some of the fine-scale heterogeneity of fire effects. There are opportunities to test Sentinel’s
ability to delineate unburned areas within a fire footprint, potentially improving estimates
of burned area. Detection of fire refugia occurring at the sub-30 m pixel scale could aid
in interpreting the ecological resilience of post-fire landscapes [34,95], as well as reduce
uncertainty in the amount of tree mortality for a given burn severity estimate [31,87].
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