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A B S T R A C T

The Differenced Normalized Burn Ratio (dNBR) is a widely used satellite-based index in fire severity assessment. 
However, gaps remain in the linkage between dNBR and fire temperature. This study aims to investigate the 
relationship between dNBR and fire temperature, demonstrating the potential of dNBR to retrospectively infer 
fire temperatures and generate spatially continuous fire temperature maps, which are challenging to achieve 
through fieldwork. A total of 209 plots were established in Zaleski State Forest, southeast Ohio. Three prescribed 
fires were conducted during spring and fall. The recorded fire temperatures were analyzed with both Landsat 8–9 
and Sentinel 2-derived dNBR. Seasonal and spatial patterns of fire severity were also examined. The results 
indicate that both Landsat 8–9 and Sentinel-2 derived dNBR displayed significant positive relationships with fire 
temperature (R2 

= 0.378–0.509) for the spring burns, with Sentinel 2 fitting better than Landsat 8–9. No sig
nificant relationships were found in the fall burn between fire temperatures and dNBR for both sensors. The 
comparison between spring and fall burns revealed seasonal variation in satellite performance, with Sentinel 2 
capturing higher dNBR values compared to Landsat 8–9 in the spring but Landsat 8–9 capturing higher dNBR 
values in the fall. These findings suggest a potential method to create spatial continuous fire temperature maps 
by retrospectively inferring fire temperature using satellite-based dNBR, filling the gaps that fieldwork can only 
measure discrete fire temperature.

1. Introduction

Effectively assessing and monitoring fire intensity and severity are 
critical components of fire management (Agbeshie et al., 2022). These 
factors have been widely studied due to their importance in under
standing post-fire ecological responses, including tree mortality, organic 
material consumption, and vegetation succession (Bataineh et al., 2022; 
Perry et al., 2011). Although both fire intensity and fire severity are 
essential concepts in fire science, they represent distinct phenomena. 
Specifically, fire severity describes the effects of fire on ecosystems, 
focusing on fire-induced changes in vegetation and soils (Keeley, 2009). 
Fire intensity, in contrast, is more focused on fire behavior itself which 
represents the amount of heat released during the combustion process 
(Keeley, 2009). Based on the distinct differences between fire severity 
and fire intensity, a long-standing question for fire researchers is to 
understand the relationships between fire severity and fire intensity, and 
subsequently explore whether fire severity patterns can be utilized to 
infer fire intensity retrospectively (Gale et al., 2021; Hammill and 
Bradstock, 2006).

Current methods for measuring fire intensity continue to be limited 
and there is a lack of an instrument that can measure fire intensity 
directly because fire intensity represents the energy released during 
various phases of a fire (Silvani and Morandini, 2009). Alternative 
metrics such as fire temperature, residence time, and heat fluxes are 
usually used as surrogates for different research purposes (Keeley, 
2009). As an alternative metric, fire temperature has a long history in 
the study of fire science and it can be used to estimate the flame rate of 
spread and fire contour in the context of fire modeling (Wardihani et al., 
2018). However, the restriction of ground fire temperature measure
ments is that the measurements are discrete field-scale point measure
ments (Mueller et al., 2018). For example, Molina et al., (2022) used 
thermocouples at each spot mark to measure fire temperature and 
calculate fire rate of spread. Iverson et al., (2004) applied both ther
mocouples and temperature paints to monitor spatial and temporal 
patterns of prescribed fires by putting them into each study plot, with 
neither of them providing a spatial continuous fire temperature map.

In addition, fire radiation power (FRP) is also is a key factor in 
estimating fire temperature and assessing fire intensity owing to its 
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relation to the rates of combustion, energy released from the flaming and 
smouldering, and biomass consumption (Freeborn et al., 2008; Kremens 
et al., 2012; Wooster et al., 2005). The use of long-wave infrared im
agery is a common approach to infer fire radiative power and provide 
spatial continuous temperature maps. This approach has been applied 
across various remote sensing platforms, such as ground-based plat
forms, airborne platforms, and satellite sensors (Dickinson et al., 2016; 
Hudak et al., 2016; Kaufman et al., 1998). The method of using hyper
spectral data to retrieve active fire temperature by fire modeling has also 
been assessed by Dennison et al., (2006). With advancements in tech
nology, Unmanned Aerial Vehicles (UAVs) equipped with thermal, RGB, 
or visible (VIS) cameras have been increasingly utilized to provide 
real-time fire information during controlled burns (Ambrosia et al., 
2003; Aragon et al., 2020; Kanand et al., 2020). Nonetheless, even 
though the long-wave infrared imagery or UAVs mounted with 
multi-sensors can provide spatial continuous fire temperature maps, the 
cost and technology requirements limit their use (Akhloufi et al., 2021). 
Therefore, a more accessible and cost-efficient approach is needed to 
map fire temperature, such as using satellite images to detect vegetation 
damage (fire severity) and infer patterns of fire temperature.

Satellite-related remote sensing techniques enable efficient fire 
management planning in the relevance of assessing large-scale fire 
severity and post-fire restoration (Allison et al., 2016; Delcourt et al., 
2021). It can provide spatial continuous maps for fire severity with 
different resolutions from various sensors (Quintano et al., 2018). The 
Normalized Burn Ratio (NBR) is one of the most commonly used 
satellite-derived metrics for mapping and quantifying fire severity (Roy 
et al., 2006). It is computed by near-infrared (NIR) and shortwave 
infrared (SWIR) bands from satellite imagery and is sensitive to the 
changes caused by fire, such as the amount of chlorophyll content in 
plants, moisture, char, and ash in the soil (Parks et al., 2014). The 
research regarding fire severity assessment combined with NBR index 
utilization has acquired increased attention ((Achour et al., 2022; Del
court et al., 2021; Miller et al., 2009)). Previous studies examined the 
utilization of fire severity maps to detect fire refugia and unburnt 
patches within large wildfires, providing insight into applying remote 
sensing-derived fire severity maps to understand fire regimes or antici
pate ecological responses (Cansler and McKenzie, 2014; Collins et al., 
2019). However, a disconnect was found between remote sensing 
research and fire behavior knowledge (Gale et al., 2021), in which a 
linkage between fire severity and fire temperature is needed as fire 
temperature focuses more on fire behavior and provides more insights 
into post-fire fire behavior assessment.

To build a linkage between satellite-based metrics and fire temper
ature, this study explores the relationship between field-measured fire 
temperature and remote sensing-derived Differenced Normalized Burn 
Ratio (dNBR), providing a potential method to use spatial continuous 
fire severity values to infer fire temperature retrospectively. The ob
jectives of this study were 1) to determine the relationship between 
remote sensing-derived dNBR with fire temperature, 2) to compare the 
performance of Landsat 8 and Sentinel-2 in capturing the relationship 
between fire severity and fire temperature, and 3) to explore the sea
sonal and spatial patterns of fire severity.

2. Materials and methods

2.1. Study site description

The study area was located within the Zaleski State Forest, southeast 
Ohio. Three study sites were previously selected to conduct prescribed 
burns in the fall or spring. The first site is Morgan Hollow (39.3593◦N, 
82.3102◦W) encompassing an area of 144 acres, which was burned on 
March 21, 2022; the second site is Stony Creek (39.3464◦N, 82.3384◦W) 
encompassing an area of 224 acres, which was burned on November 11, 
2023; and the third site is Loper Hollow East (39.3355◦N, 82.3017◦W) 
encompassing an area of 245 acres, which was burned on March 13, 

2024 (Fig. 1).

2.2. Field measurements

A total of 209 circular 0.04 ha sample plots were established across 
the three study sites for the purpose of collecting multiple data, 
including forest attributes and fuel data, which were not specifically for 
this study. The plot locations were recorded by Garmin GPSMAP 64sx 
with an accuracy of 3 m. These plots were approximately 60 m apart 
from each other (depending on the accessibility and forest edge) and 
distributed evenly in a gridwork in each study site, with 93 plots in 
Morgan Hollow, 100 plots in Stony Creek, and 16 plots in Loper Hollow 
East.

Pyrometers were used to measure fire temperatures at each plot 
center and installed before each fire. The pyrometer consists of 
aluminum tags painted with temperature-sensitive paint (Tempilaq®) 
and attached to a metal pin that is inserted into the ground (Schwemlein 
and Williams, 2007). On each aluminum tag, temperature-sensitive 
paints will be applied, each with a different melting point (149◦C, 
177◦C, 204◦C, 260◦C, 343◦C, 371◦C, 399◦C, 427◦C, 454◦C, 482◦C, 
510◦C, 538◦C, 593◦C, 649◦C, and 704◦C), as a means to record the 
maximum fire temperature (Boerner et al., 2000; Iverson et al., 2004; 
Schwemlein and Williams, 2007). Pyrometers were collected immedi
ately after each burn.

HOBO dataloggers connected with K-type thermocouples were used 
to collect fire temperatures to correct and calibrate pyrometer readings. 
A total of 39 time series of temperature were recorded with K-type 
thermocouples, using the maximum temperature in each series to cali
brate the maximum fire temperature measured by pyrometers. Specif
ically, 12 thermocouples were placed at Morgan Hollow, 11 
thermocouples were placed at Stony Creek, and 16 thermocouples were 
placed at Loper Hollow East. The plots where thermocouples were 
located were selected randomly at each study site. Thermocouples were 
placed at the plot center on the day of the burn and collected immedi
ately after the fire. The probe of each thermocouple was placed right on 
each pyrometer to reduce the error between the two measurements. The 
maximum temperature was recorded and compared over two 
measurements.

2.3. Fire temperature calibration

Since pyrometers can only provide estimated ranges of fire temper
ature, the pyrometer readings were calibrated by thermocouples. The 
linear regression between maximum pyrometer reading and maximum 
thermocouple reading was examined. All the pyrometer readings were 
calibrated based on the regression equation.

2.4. Imagery collection and processing

Pre- and post-fire Landsat 8–9 imagery processed to Level 1TP were 
downloaded from USGS (https://earthexplorer.usgs.gov/), in which 
Level 1TP represents Level-1 Terrain Precision corrected product, 
meaning the images that have undergone radiometric and geometric 
corrections. The Landsat 8–9 raw images were then pre-processed to 
correct the atmospheric discrepancies by ArcGIS pro-3.2.1. Sentinel-2 
imagery processed to Level-2A was downloaded from the Sentinel Hub 
EO Browser (sentinel-hub.com) website. The Level-2A data means the 
images have been atmospherically corrected to provide surface reflec
tance. The closest cloudy-free images to the fire occurrence dates were 
downloaded (Table 1).

The NBR was computed using the NIR band and SWIR band as fol
lows Eq. 1: 

NBR =
NIR − SWIR
NIR + SWIR

(1) 

For Landsat 8–9, the 30-meter resolution of band 5 (near-infrared, 
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NIR) and band 7 (shortwave infrared, SWIR) was utilized. For Sentinel- 
2, the 10-meter resolution of band 8 (NIR) and band 12 (SWIR) was 
used. The dNBR was computed by taking the difference between the pre- 
and post-fire Normalized Burn Ratio (NBR), which is expressed as Eq. 2: 

dNBR = pre NBR − post NBR (2) 

2.5. Statistical analysis

All data analyses were performed using R statistical software version 
4.3.3 (R Core Team, 2024). The linear regression model was created 
between maximum fire temperature measured by pyrometers and 
maximum fire temperature measured by K-type thermocouples. The 
linear regressions between dNBR and fire temperature, including both 
uncalibrated and calibrated maximum pyrometer readings, were con
ducted for Landsat 8–9 and Sentinel-2 imagery over spring and fall 
seasons. Two-way ANOVA followed by a standard Bonferroni correction 
and a post-hoc Tukey–Kramer test (significance level ∝ = 0.05) was 
conducted to compare dNBR values among aspects (N, E, S, W) and 
seasons.

3. Results

3.1. Fire temperature calibration

The linear regression between maximum pyrometer reading and 

Fig. 1. Location of the study sites within the Zaleski State Forest, southeast Ohio.

Table 1 
Summary of image acquisition for three fire locations.

Sites Fire date Area 
(acres)

Sources Pre-fire image date Post-fire image date Bands Spatial Resolution

Morgan Hollow 3/21/2023 144 Landsat 8–9 L1TP 3/20/2023 4/13/2023 Band 5, Band 7 30 m
Sentinel 2 L2A 3/20/2023 4/09/2023 Band 8, Band 12 10 m

Stony Creek 11/6/2023 224 Landsat 8–9 L1TP 10/23/2023 11/08/2023 Band 5, Band 7 30 m
Sentinel 2 L2A 11/05/2023 11/10/2023 Band 8, Band 12 10 m

Loper Hollow East 3/13/2024 245 Landsat 8–9 L1TP 2/20/2024 4/07/2024 Band 5, Band 7 30 m
Sentinel 2 L2A 3/04/2024 3/24/2024 Band 8, Band 12 10 m

Fig. 2. The relationship between pyrometer-measured fire temperature (◦C) 
and thermocouple-measured fire temperature (◦C) (n = 39). The dashed black 
line represents the 1:1 line.
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thermocouple reading was examined in the Fig. 2. The results showed 
that the maximum pyrometer reading displayed a positive correlation 
with thermocouple readings with an R2 of 48.72 % (p < 0.001). All the 
pyrometer readings were calibrated based on the equation shown in 
Fig. 2.

3.2. Relationship between dNBR and fire temperature

To assess the utilization of dNBR for inferring fire temperature 
within the study area, simple linear regressions between fire tempera
ture measured by pyrometers and fire severity index (dNBR) were 
conducted. Both Sentinel-2 and Landsat 8–9 derived dNBR displayed a 
significant positive correction with fire temperature in the spring 
(Fig. 3A). Specifically, the dNBR derived by Sentinel-2 displayed a 
higher correspondence to fire temperature with an R2= 0.44 (n = 209, 
p < 0.001, Eq. 1) compared to dNBR derived by Landsat 8–9 with an 
R2= 0.378 (n = 209, p < 0.001, Eq. 2). However, there were no signif
icant correlations in the fall burn for both sensors (p > 0.05, Fig. 3B). 

Landsat8 − 9 : dNBR × 103 = 23.43+0.3582 × Pyrometer
(1 ’ ) 

Sentinel2 : dNBR × 103 = 63.56+0.4180 × Pyrometer
(2 ’ ) 

Simple linear regression also examined the relationship between 
calibrated -pyrometer readings and dNBR derived by the two sensors 
(Fig. 3C–D). The results showed that the calibrated pyrometer readings 
displayed a significant positive relationship with Sentinel 2 and Landsat 
8–9 derived dNBR for the spring burns, and the R2 increased from the 
uncalibrated pyrometer readings for both sensors (Fig. 3C). The R2 

increased to 0.423 (n = 209, p < 0.001, Eq. 3) for the relationship be
tween calibrated-pyrometer reading with dNBR derived by Landsat 8–9, 
and R2 increased to 0.509 (n = 209, p < 0.001, Eq. 4) for the relation
ship between calibrated-pyrometer reading with dNBR derived by 
Sentinel 2. Consistent with the relationship between the original py
rometer, there was no significant correlation in the fall burn for both 
sensors (p > 0.05, Fig. 3D). 

Landsat8 − 9 : dNBR × 103 = 10.18+ 0.4148 × Pyrometer (3) 

Sentinel2 : dNBR × 103 = 46.85+0.4916 × Pyrometer (4) 

Fig. 3. The linear relationship between uncalibrated fire temperature and dNBR (scaled by 103) derived from Landsat 8–9 and Sentinel 2 over (A) spring and (B) fall 
burns (n = 209), and the linear relationship between calibrated-fire temperature and dNBR over (C) spring and (D) fall burns.
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3.3. Comparison between the two sensors

Differenced Normalized Burn Ratio (dNBR) maps of the three study 
sites over two types of imagery are shown in Fig. 4. For the two spring 
burn sites, Morgan Hollow and Loper Hollow East, the Sentinel-2 im
agery identified more areas with moderate fire severity and fewer un
burnt areas compared to Landsat 8–9 imagery (Table 2, Fig. 4). Sentinel 
2 captured 40.49 % of areas as unburnt for Morgan Hollow compared to 
67.81 % as unburnt captured by Landsat 8–9 and identified more pixels 
as low and moderate-low fire severity class (58.36 % and 1.45 %, 
respectively) compared to Landsat 8–9 (32.04 % for low fire severity 
and 0.16 % for moderate-low fire severity). For the Loper Hollow East, 
Sentinel 2 imagery captured fewer pixels as unburnt and low fire 
severity (6.86 % and 76.93 % respectively) compared to Landsat 8–9 
(8.77 % and 89.95 % respectively) and captured more pixels with 
moderate-low fire severity class (16.20 %) compared to Landsat 8–9 
(1.28 %). Only Sentinel 2 captured moderate-high fire severity class in 
Loper Hollo East with a value of 0.01 % account for the total areas.

For the fall burn at Stony Creek, Sentinel-2 captured a higher per
centage of unburnt areas with a value of 10.78 % compared to Landsat 8 
with unburnt areas of 0.10 %. The largest difference between the two 
sensors is found in the low and moderate-low severity class, with 
Sentinel-2 detecting 74.31 % of the area as low severity, compared to 
10.68 % by Landsat 8, and Landsat 8 captured a larger portion in the 
moderate-low class (85.16 %) compared to Sentinel-2 (14.80 %). 
Landsat 8 detected more moderate-high severity areas with a value of 
4.06 % compared to Sentinel-2 (0.11 %).

3.4. Season and spatial variation of dNBR

Fire severity maps in Fig. 4 displayed seasonal and spatial patterns of 
fire severity. The results showed that fall burns have significantly higher 
dNBR values compared to spring burns for both Sentinel-2 and Landsat 
8–9 sensors (Fig. 5). For the fall burn, both Sentinel-2 and Landsat 8–9 
derived dNBR displayed that north-facing aspects have the lowest value 
and are significantly lower than south-facing aspects. For the spring 
burns, south-facing and western-facing aspects displayed significantly 
higher dNBR values compared to north-facing and eastern-facing aspects 
for Sentinel 2; south-facing and western-facing aspects showed signifi
cantly higher dNBR values compared to eastern-facing aspects for 
Landsat 8–9 sensors.

4. Discussion

4.1. The relationship between dNBR and fire temperature

This study demonstrates the empirical relationship between satellite- 
derived dNBR and ground measurements of fire temperature based on 
209 plots in mixed-oak forests of North-Central Appalachia. Both 
Landsat 8–9 and Sentinel-2 derived dNBR displayed significant positive 
relationships with fire temperature for the spring burns. Previous studies 
have verified the accuracy of dNBR as an index of fire severity by 
comparing satellite-derived dNBR with field measurements (Delcourt 
et al., 2021; Giddey et al., 2022), and proved that dNBR provides 
significantly accurate results for the assessment of total burn area and 
measurement of fire severity (Escuin et al., 2008; Öncü and Çorum
luoğlu, 2023). Thus, the relationship between dNBR and fire tempera
ture found in this study combined with the accuracy of dNBR for fire 
severity measurement indicates the possibility of using the 
Satellite-derived fire severity index (dNBR) to retrospectively infer fire 
temperature and provide a spatial continuous fire temperature and 
severity map, in a way that cannot be completely done with fieldwork 
alone.

When comparing the relationship between fire temperature and 
dNBR over Landsat 8–9 and Sentinel-2 sensors, the dNBR derived by 
Sentinel-2 displayed a better fit to fire temperature with a higher R2 

compared to Landsat 8–9. Part of the reason might be the higher spatial 
resolutions of Sentinel 2 images, which can capture finer scale spatial 
variability in dNBR with a resolution of 10 m compared to the 30 m 
resolution of Landsat 8–9. The other reason might be the date of image 
acquisition. The Sentinel-2 satellite has a shorter revisit time of 5 days, 
and the downloaded Sentinel-2 images date was closer to the actual burn 
date compared to the revisit time of 8 days for Landsat 8–9 images. The 
image acquisition time is shown in Table 1. Sentinel-2 images dated 
closer to the actual burn date mean that they are more sensitive to 
capturing the changes caused by the burn and perform better in mini
mizing the effects of plant regrowth or leaf drop (Konkathi and Shetty, 
2021; Munyati, 2017). Additionally, neither Landsat 8–9 nor Sentinel-2 
derived dNBR displayed significant correlations with fire temperature 
for fall burns.

4.2. Comparison between Sentinel 2 and Landsat 8–9 sensors

The results indicated that Sentinel 2 and Landsat 8–9 performed 
differently in capturing fire severity over spring and fall burns. For the 
spring burns, Sentinel 2 can capture higher dNBR values compared to 
Landsat 8–9 imagery; however, for the fall burn, Landsat 8–9 imagery 
captured higher dNBR values than Sentinel 2.

The results of spring burns are consistent with previous studies that 
even though Sentinel 2 and Landsat 8–9 sensors performed similarly in 
the detection of fire extent, Sentinel 2 tends to map burnt areas as one 
higher severity class compared to Landsat 8–9 sensor, and Sentinel 2 
produces smaller proportions of low severity and larger proportions of 
high severity (Konkathi and Shetty, 2021; White and Gibson, 2022). The 
inconsistency in fire severity classification between the two sensors is 
expected, due to the spectral similarity between adjacent classes, where 
only one severity class differs, and the effects of sub-pixel mixing 
resulting from the varying resolutions of the sensors (White and Gibson, 
2022). Conversely, Howe et al., (2022) found a higher fire severity 
estimated by Landsat 8 compared to Sentinel-2, which is consistent with 
our fall burn results. Howe et al., (2022) mentioned that the difference 
in fire severity classification is primarily driven by the difference in 
resolution, and this often occurs at the edge of each fire severity patch, 
indicating that mapping burn severity at higher resolution could help 
delineate fire severity patches (Miller et al., 2009).

Additionally, the seasonal effects on fire severity have been detected 
by Verbyla et al., (2008), which demonstrates a decrease in NBR with 
decreasing solar elevation and explains that seasonal changes in NBR 
may be influenced by a combination of changes in leaf, vegetation 
senescence, and solar elevation. Thus, pre-fire and post-fire image 
acquisition on the same day or close to the actual burn day is highly 
recommended to minimize the noise of leaf drop and solar elevation 
effects on dNBR values (Chen et al., 2020). In this study, the Landsat 8–9 
image acquisition has a broader time range compared to Sentinel 2 
(shown in Table 2). Plus, the Landsat 8–9 images were acquired in late 
fall during leaf drop, which may introduce greater uncertainty in the 
derived dNBR, as it captures changes caused by both leaf drop and fire.

The Landsat image acquisition time may also explain the lack of 
significant relationships between fire temperature and dNBR. Spectral 
indices tend to correlate better with surface variables due to the 
shielding effect of the inadequacies of sensors to detect under surface 
conditions (Tanase et al., 2011). Therefore, the leaf drop in post-fire 
imagery may influence dNBR. Additionally, tree canopy cover is 
sparse in late fall owing to marcescence, the withering of the leaves on a 
plant without abscission and leaf fall during autumn and winter, espe
cially for oak and American beech (Sánchez De Dios et al., 2009), which 
are abundant in our study area. The sparse and low canopy cover can 
influence satellite reflectance and cause higher noise levels, making it 
difficult to estimate ground changes caused by fire.

Overall, these results suggest that combining Sentinel-2 and Landsat 
8–9 datasets could provide a more comprehensive understanding of fire 
severity patterns, and image-acquiring time can, to some extent, 
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Fig. 4. Differenced Normalized Burn Ratio (dNBR) mapped with both Sentinel 2 and Landsat 8 imagery and fire temperature maps of the three study sites.
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influence overall dNBR values.

4.3. Seasonal and spatial patterns of dNBR

Seasonal and spatial patterns of dNBR were examined in this study, 
with the fall burn having higher dNBR values compared to spring burns 
for both Sentinel 2 and Landsat 8–9 sensors, and south-facing aspects 
usually having higher dNBR values compared to north-facing aspects. 
Previous research in the North-Central Appalachia region demonstrated 
that fall burns have significantly higher fire temperatures compared to 
spring burns, and south-facing aspects displayed higher fire tempera
tures compared to north-facing aspects for both spring and fall burns 
(Schwemlein and Williams, 2007). Based on the statistically significant 
correlation between fire temperature and dNBR in this research, the 
spatial and seasonal patterns of dNBR are consistent with the fire tem
perature patterns. Additionally, Dong and Williams, (2024) revealed 
that fuel bed composition changed across aspects and slope position, 
which is a primary factor influencing the environment where fire occurs. 
Specifically, southern aspects have the highest oak component in the 
fuel loading, while north-facing aspects usually have a lower proportion 
of oak fuel (Dong and Williams, 2024). Different fuel compositions 
combined with different flammability of species that oak fuels tend to 
have higher flammability and produce a hotter fire temperature than 
other species (Dong and Williams, 2023; McDaniel et al., 2021) can 
reveal that different aspects are expected to have different fire risks and 
fire severity, which was demonstrated in this study.

5. Conclusion

A linkage between satellite-derived dNBR and ground measurements 
of fire temperature was examined in this study. Both Landsat 8–9 and 
Sentinel-2 derived dNBR displayed a significant positive correlation 
with fire temperature for the spring burns, with Sentinel-2 displaying a 
better fit to fire temperature compared to Landsat 8–9. When using 
dNBR to assess fire severity, Sentinel 2 can capture higher dNBR values 
compared to Landsat 8–9 imagery in the spring; however, Landsat 8–9 
imagery captured higher dNBR in the fall burn. This comparison of 
spring and fall burns highlights that satellite performance might vary 
depending on the burn season. Additionally, the seasonal and spatial 
patterns of fire severity were detected with fall burns having higher fire 
severity compared to spring burns and south-facing aspects usually 

Table 2 
Summary of fire severity classification and the percentage of each fire severity 
class count for the total area in each study site based on the dNBR values 
calculated from Sentinel-2 and Landsat 8–9 imagery. The fire severity classifi
cation was proposed by United States Geological Survey (USGS).

Site Burn 
Season

Severity 
class

dNBR 
range 
(scaled by 
103)

dNBR 
range 
(not 
scaled)

Percentage

Landsat 
8

sentinel- 
2

MH Spring Unburnt − 100 to 
+ 99

− 0.100 to 
+ 0.099

67.81 40.49

low + 100 to 
+ 269

+ 0.100 
to 
+ 0.269

32.04 58.36

Moderate- 
low

+ 270 to 
+ 439

+ 0.270 
to 
+ 0.439

0.16 1.45

Moderate- 
high

+ 440 to 
+ 659

+ 0.440 
to 
+ 0.659

0 0

SK Fall unburnt − 100 to 
+ 99

− 0.100 to 
+ 0.099

0.10 10.78

low + 100 to 
+ 269

+ 0.100 
to 
+ 0.269

10.68 74.31

Moderate- 
low

+ 270 to 
+ 439

+ 0.270 
to 
+ 0.439

85.16 14.80

Moderate- 
high

+ 440 to 
+ 659

+ 0.440 
to 
+ 0.659

4.06 0.11

LE Spring unburnt − 100 to 
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− 0.100 to 
+ 0.099

8.77 6.86

low + 100 to 
+ 269

+ 0.100 
to 
+ 0.269

89.95 76.93
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+ 270 to 
+ 439

+ 0.270 
to 
+ 0.439

1.28 16.20

Moderate- 
high

+ 440 to 
+ 659

+ 0.440 
to 
+ 0.659

0 0.01

Fig. 5. The relationship between dNBR across seasons and aspects (S, W, E, N). Specifically, (A) Sentinel 2 derived dNBR and (B) Landsat 8–9 derived dNBR across 
spring and fall seasons over different aspects. Figures with the same letters in each group are not different between aspects (post hoc Tukey–Kramer test, p = 0.05). 
*** Significant at the 0.001 level.
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having higher dNBR values compared to north-facing aspects.
In this study, the limitations remain in the fire temperature mea

surement. The fire temperatures were measured by pyrometer and 
calibrated by thermocouples, there might be some errors in the fire 
temperature measurements that can affect the relationship between fire 
temperature and satellite-derived dNBR as pyrometers can only provide 
an estimated range of fire temperature. Even though the calibrated fire 
temperature displayed a strong positive correlation with satellite- 
derived dNBR for both sensors, a more accurate measurement of fire 
temperature is needed. Overall, these findings can provide a potential 
method to map spatial continuous fire temperature maps by retrospec
tively inferring fire temperature using satellite-based dNBR, filling the 
gaps that fieldwork can only measure discrete fire temperature, 
providing a cost-efficient and more accessible method to map fire tem
perature compared to the use of LWIR imagery or UAVs.
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Tanase, M., De La Riva, J., Pérez-Cabello, F., 2011. Estimating burn severity at the 
regional level using optically based indices. Can. J. For. Res. 41 (4), 863–872. 
https://doi.org/10.1139/x11-011.

Verbyla, D.L., Kasischke, E.S., Hoy, E.E., 2008. Seasonal and topographic effects on 
estimating fire severity from Landsat TM/ETM+ data. Int. J. Wildland Fire 17 (4), 
527. https://doi.org/10.1071/WF08038.

Wardihani, E.D., Ramdhani, M., Suharjono, A., Setyawan, T.A., Hidayat, S.S., Widodo, S., 
Triyono, E., Saifullah, F., 2018. REAL-TIME FOREST FIRE MONITORING SYSTEM 
USING UNMANNED. Aer. Veh. 13.

White, L.A., Gibson, R.K., 2022. Comparing Fire Extent and Severity Mapping between 
Sentinel 2 and Landsat 8 Satellite Sensors. Remote Sens. 14 (7), 1661. https://doi. 
org/10.3390/rs14071661.

Wooster, M.J., Roberts, G., Perry, G.L.W., Kaufman, Y.J., 2005. Retrieval of biomass 
combustion rates and totals from fire radiative power observations: FRP derivation 
and calibration relationships between biomass consumption and fire radiative 
energy release. J. Geophys. Res.: Atmospheres 110 (D24), 2005JD006318. https:// 
doi.org/10.1029/2005JD006318.

Z. Dong and R.A. Williams                                                                                                                                                                                                                   Forest Ecology and Management 585 (2025) 122709 

9 

https://doi.org/10.1016/j.rse.2008.11.009
https://doi.org/10.1016/j.rse.2008.11.009
https://doi.org/10.1016/j.jenvman.2021.114052
https://doi.org/10.1016/j.combustflame.2018.05.028
https://doi.org/10.1016/j.combustflame.2018.05.028
https://doi.org/10.1080/01431161.2017.1331057
https://doi.org/10.1080/01431161.2017.1331057
https://doi.org/10.3390/rs6031827
https://doi.org/10.3390/rs6031827
https://doi.org/10.1016/j.foreco.2011.05.004
https://doi.org/10.1016/j.jag.2017.09.014
http://refhub.elsevier.com/S0378-1127(25)00217-8/sbref38
http://refhub.elsevier.com/S0378-1127(25)00217-8/sbref38
https://doi.org/10.1007/s11258-009-9584-5
https://doi.org/10.1007/s11258-009-9584-5
http://refhub.elsevier.com/S0378-1127(25)00217-8/sbref40
http://refhub.elsevier.com/S0378-1127(25)00217-8/sbref40
https://doi.org/10.1016/j.firesaf.2008.06.004
https://doi.org/10.1016/j.firesaf.2008.06.004
https://doi.org/10.1139/x11-011
https://doi.org/10.1071/WF08038
http://refhub.elsevier.com/S0378-1127(25)00217-8/sbref44
http://refhub.elsevier.com/S0378-1127(25)00217-8/sbref44
http://refhub.elsevier.com/S0378-1127(25)00217-8/sbref44
https://doi.org/10.3390/rs14071661
https://doi.org/10.3390/rs14071661
https://doi.org/10.1029/2005JD006318
https://doi.org/10.1029/2005JD006318

	A linkage between fire temperature and satellite-derived fire severity index in a north-central appalachia mixed-oak forest
	1 Introduction
	2 Materials and methods
	2.1 Study site description
	2.2 Field measurements
	2.3 Fire temperature calibration
	2.4 Imagery collection and processing
	2.5 Statistical analysis

	3 Results
	3.1 Fire temperature calibration
	3.2 Relationship between dNBR and fire temperature
	3.3 Comparison between the two sensors
	3.4 Season and spatial variation of dNBR

	4 Discussion
	4.1 The relationship between dNBR and fire temperature
	4.2 Comparison between Sentinel 2 and Landsat 8–9 sensors
	4.3 Seasonal and spatial patterns of dNBR

	5 Conclusion
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Acknowledgments
	Data Availability
	References


