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Abstract—Accurate detection of active fires (AFs) is crucial
for improving estimates of biomass burning emissions and envi-
ronmental management. Satellite remote sensing at shortwave
infrared (SWIR) bands with 10–30 m spatial resolution has
great potential in identifying the numerous small AFs missed by
fire-monitoring systems using coarse spatial resolution data, but
is challenging due to heterogeneous backgrounds and multiple
interferences. By combining the enhanced threshold method and
abundant prior information, we developed a generalized and
robust fire detection algorithm using the daytime Sentinel-2
SWIR observations over complex surfaces in China. To discrimi-
nate with high reflecting surface targets such as rooftops and
solar panels, more thresholds with visible and SWIR bands,
along with land cover datasets, are used. Moreover, industrial
thermal anomalies are excluded by time series satellite images.
Validations of Sentinel-2 AF detection through visual inspection
show very low commission rates (<1%–3%) over selected regions
of the world. Since burned areas in fire boundaries with higher
temperature than the background were taken as AFs, the average
omission rates increase to ∼3%–4%. A maximum omission rate
of ∼7%–8% occurs in African grassland, which has a short
burning time. In spite of consistent spatial patterns, 1 km mod-
erate resolution imaging spectroradiometer (MODIS) and 375 m
visible infrared imaging radiometer Suite (VIIRS) detections
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performed in the medium infrared (MIR) bands missed more
than 90% of Sentinel-2 AFs. With the flexible framework, our
method also has robust performance in similar Landsat 8/9 SWIR
observations. By combing Sentinel-2 2B/2C and Landsat 8/9
observations, our reliable AF detection at fine scales (20–30 m)
can provide a significant supplement for the biomass burning
emission estimation with a temporal resolution of 2–3 days.

Index Terms—Biomass burning, detection algorithm, Sentinel-
2 Multispectral Instrument (MSI), small fires.

I. INTRODUCTION

OPEN biomass burning throughout global vegetation
cover is a big threat to surrounding residents, with

tremendous casualties and losses caused by large-scale
wildfires every year. Moreover, these widespread burning,
including both lightning and anthropogenic fires, emit a huge
amount of greenhouse gases such as carbon dioxide (CO2),
carbon monoxide (CO), and methane (CH4), and smoke par-
ticles contributing to a large fraction of global organic carbon
(OC) and black carbon (BC) [1]. The elevated dense fire
smoke with large transport potential can be blown thousands
of miles away, which not only harms air quality and pub-
lic health, but also has intense interactions with radiative
energy balance, cloud, and biogeochemistry cycles. Owing to
the abruptness and a certain randomness of these burnings
in both spatial and temporal scales, global fire monitor-
ing is fundamental in disaster management and emission
estimation.

Satellite observations, thanks to global coverage, have
enabled operational detection of biomass burning fires early
since the 1980s [2]. By using the temperature differ-
ence between medium infrared (MIR) and thermal infrared
(TIR) bands of the advanced very high-resolution radiometer
(AVHRR), the bi-spectral algorithm was used to identify
the location and timing of active fires (AFs) [3]. Since
fixed thresholds can increase false alarms or omit smaller or
cooler fires, the moderate resolution imaging spectroradiome-
ter (MODIS) contextual algorithm makes use of dynamic
thresholds by comparing signals of potential AF pixels with
those of the neighboring ones in different windows [4].
Furthermore, fire radiative power (FRP) is largely used to char-
acterize the fire combustion and emission rates [5]. However,
the burnt area usually accounts for a very small fraction of
the pixel size. Even fire detections performed using the MIR
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band, at 375 m spatial resolution, from the visible infrared
imaging radiometer suite (VIIRS) detection tend to omit most
of the small agricultural fires in regions such as eastern China
(EC) [6], [7].

Thanks to higher spatial resolutions (20–30 m for Land-
sat 8/9 and Sentinel-2), satellite shortwave infrared (SWIR)
observations have a great potential in identifying small AFs
below the 375 m VIIRS detection limits (e.g., 100 m2 for
375 m VIIRS at 1000 K) [8]. However, reflected solar radiation
over high-reflecting surface targets, such as steel rooftops and
solar panels, exerts multiple challenging interferences on fire
detection at SWIR bands in daytime, especially in agricultural
regions with dense populations. Furthermore, the numerous
industrial thermal anomalies at fine scales are difficult to be
separate from biomass burning fires directly with the radiation
energy difference [9]. In addition, Sentinel-2 and Landsat 8/9
observations have a low revisit time (> 5–10 days) due to their
narrow swath width, which should be combined.

The unique fine-scale measurements from satellites such as
Landsat 8/9 and Sentinel-2 have motivated increasing efforts
to develop SWIR fire detection algorithms [9], [10], [11],
[12], [13]. Before the launch of Landsat 8 and Sentinel-2
satellite, a simple fixed threshold method with contextual
test using SWIR bands of Advanced Spaceborne Thermal
Emission and Reflection Radiometer (ASTER) achieved an
accuracy of 80%–90% for AF detection at 30 m in the
regions with dense fire activities [14]. More complex detection
schemes were then proposed to detect AF using Landsat 8
operational land imager (OLI) at 30 m in selected scenes of
the world [9]. Moreover, a multitemporal analysis is adopted
to exclude fixed heat sources such as industrial hotspots and
gas flares by their detection frequency. In spite of a very
low (<0.2%) commission error rate (CR) (fraction of nonfire
pixels mistaken as AF in the whole AFs) in selected scenes
around the world, CR of Landsat 8 AF detection exceeds
34% in China with heterogeneous surface types [9]. Sentinel-2
multispectral instrument (MSI) AF detection at 20 m with
adaptive thresholds in different fire-prone biomes achieved a
low omission error rate of 4% on average [12]. By contrast,
the mean CR of corresponding Sentinel-2 MSI AF detection
is much higher (14%), and even exceeds 40% in complex sur-
faces. Tailored normalized hotspot indices based on radiance
of two SWIR bands from combined Landsat 8/9 and Sentinel-2
measurements show reliable performance in wildfire mapping
over forest regions [13], which can obtain a much higher
temporal resolution of 2–3 days for global coverage [15].

The deep-learning (DL) methods have been used in
Landsat/Sentinel-2 AF detections due to their powerful ability
in modeling the nonlinear/high-order function relationships
between satellite measurements and target parameters [16],
[17], [18], [19]. Unfortunately, it is unfeasible to collect
massive ground truths of the dynamic and transient fires
manually matched with satellite measurements at 20–30 m.
By annotating AF labels with detection results of threshold
algorithms, Landsat 8 AF detection based on a convolutional
neural network (CNN) achieved an average precision of ∼87%
[16]. Visual interpretations are further used to label inter-
ference objects, including building roofs, solar panels, and

industrial heat sources in China, and only the U-Net type of
CNN model is found to capture Landsat 8 AF boundary pixels
fully and accurately [18]. It is worth noting that the train-
ing and validation of DL-based AF detection are conducted
with satellite images covering very limited regions. More
importantly, the AF label annotations of DL-based Landsat
8/9 and Sentinel-2 rely on detection results of the traditional
threshold methods, which introduce their uncertainties before
training [19]. By now, few works have given how the AF
changes over space and time on a fine scale besides the limited
scenes associated with DL methods training. Additionally,
superresolution reconstruction with DL methods has been used
to downscale daily VIIRS AF to the 30 Landsat 8 detection
[20], which can obtain a more precise location of the AFs but
cannot detect small/cool fires that only Landsat 8 can identify.

In spite of considerable uncertainties of current threshold
methods, their flexible structures with clear physical principles
have large potential for further improvement. Besides multiple
bands, multitemporal information, and multiple a priori infor-
mation can be used to both identify fires and filter interferences
hierarchically and effectively. The highly reflective targets,
such as rooftops and solar panels, are generally difficult to
distinguish in the SWIR bands from small fires [21]. However,
compared with the dynamic and transient fires, the artificial
objects have distinct features such as fixed locations, visible
colors, and geometric shapes [21]. While these features may
not be fully identified by fire-related spectral bands and
thresholds, there have been numerous classification datasets
that can provide abundant prior information for AF detection
[22], [23], [24], [25].

In this study, we present and test a new algorithm using
Sentinel-2 MSI and Landsat 8/9 OLI SWIR data to improve
the identification of small fires, with a primary focus on six
regions of China that are more frequently affected by small
fires, and with an overview of the algorithm performance
provided over selected regions of the world. Section II intro-
duces the current MODIS and VIIRS operational AF products
and ancillary data used. The specific SWIR AF algorithm
flow is described in Section III. Performance of Sentinel-2
and Landsat AF is validated with confirmed samples. Then,
an intercomparison with MODIS and VIIRS AF products is
conducted in EC. At last, the application potential and uncer-
tainties of SWIR AF detection in global scale is discussed.

II. DATASETS

A. Description of the Study Area

As shown in Fig. 1, open biomass burning is primarily
concentrated in northeast, eastern, southwest, and southern
China (SC), with straw burning and forest fires being the most
common fire types. Agricultural activities are primarily located
in the densely populated plains of the northeast and EC, with
biomass burning also occurring in the mountainous and hilly
regions surrounding the plains. Previous studies indicate that
most farmland in China supports two or more harvests each
year [26]. Postharvest of rice straw, wheat, maize, and other
crops, agricultural residues are often burned in the field as a
quick method of clearing the land. This practice has persisted
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Fig. 1. Terrain of central and EC. The red dots represent the statistics of VIIRS fire pixels detected in each 1◦ grid cell during 2023. The solid white
lines delineate the regions—NC, Chinese Loess Plateau (CLP), EC, Southern East (SE), Southern West (SW), and SC—selected for analyzing Sentinel-2 fire
detection results based on the spatial distribution of VIIRS AFs.

in spite of being discouraged or prohibited since the late
1990s [26]. In SC, wildfires are common during the dry
season, which spans from winter to early spring, when low
humidity and drought conditions coincide with agricultural
activities. Since extensive deserts and barren land are pre-
dominant in western China, we divided the main cropland in
China into six distinct regions: northeast, Loess Plateau, EC,
southeast, southwest, and SC. The overview of our algorithm
performance is provided over selected regions of the world.

B. Sentinel-2 MSI and Landsat OLI Instrument

The European Space Agency (ESA) develops and operates
the Sentinel-2 mission under the Copernicus program of the
European Commission, aimed at collecting land observation
data to support environmental services and disaster response
[27]. The same MSI aboard Sentinel-2A (launched in 2015),
Sentinel-2B (launched in 2017), and Sentinel-2C (launched
in 2024) satellites capture optical images across 13 spectral
bands covering visible (VIS), near-infrared (NIR), and SWIR
spectrum, with spatial resolution of most bands at 10–20 m
(Table I). As Sentinel-2A comes to the end of its operational
life, combined Sentinel-2B and 2C observations with a swath

width of 290 km can provide an extended revisit time of
approximately five days near the equator and about 2–3 days
at mid-high latitudes [15]. Sentinel-2 data are available on
Google Earth Engine (GEE) as ortho-rectified images (UTM
projection). The study used 22 493 tiles of Sentinel-2 MSI
images from six regions, covering the second month of each
season in 2022 and 2023 (January, April, July, October),
obtained from GEE for the development of the AF detection
algorithm.

The Landsat 8 and 9 satellites were launched in 2013 and
2021 respectively, with OLI and OLI-2 onboard measuring
VIS, NIR, and SWIR radiation of the atmosphere-Earth system
at a spatial resolution of 30 m. Besides the same spectral bands
as OLI, OLI-2 has an enhanced 14-bit radiometric resolution.
With a swath width of 185 km, Landsat 8/9 satellites together
have an eight-day repeat cycle. Because of the similarity of
spectral bands, we mainly analyzed Landsat 8/9 OLI data for
the test of our method here.

C. Satellite AF Products

With a close time crossing the equator around 10:30
am local time as Sentinel-2, MODIS aboard Terra satellite
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TABLE I
LIST OF SENTINEL-2 MSI CHANNELS USED IN THE AF DETECTION ALGORITHM

since December 1999 provides operational AF products at
1 km [28]. The MODIS contextual algorithm analyses MIR
and TIR brightness temperature coupled with reflectance at
0.86 µm to identify potential fire pixels [4], which can not only
detect large or high-temperature fires using absolute thresh-
olds, but also include smaller or cooler fires through statistical
tests with background pixels [29]. The global commission
errors (CR) for MODIS fire detections are very low with a CR
of only 1.2% [29]. By contrast, there is a substantial increase
in omission errors (OR) of MODIS AF in cropland with much
smaller or cooler fires [30].

The first VIIRS instrument was launched aboard the Suomi
National Polar-orbiting Partnership (S-NPP) satellite in Octo-
ber 2011 with an overpass time at 1:30 pm local time. With a
higher spatial resolution of 375 m, VIIRS may detect smaller
fires than MODIS [8]. To assess differences in the ORs, using
sensors at different spatial resolutions, we compared Sentinel-
2 AF with the Terra MODIS 1 km fire product (MCD14ML)
and the VIIRS 375 m fire product (VNP14IMG) on Sentinel-2
imaging orbits during 2022 and 2023.

D. High-Resolution Satellite Images

High-resolution satellite images from GaoFen (GF)-1, GF-6,
Google Earth, and uncrewed aerial vehicles (UAVs) were used
to validate AF detection from Sentinel-2 SWIR measurements
in typical cropland regions of China (Table S1). GF-1 and
GF-6 satellites are equipped with panchromatic and multispec-
tral sensors (PMSs), which provide panchromatic data at 2 m
resolution and multispectral data at 8 m resolution. Google
Earth images have high resolutions ranging from sub-meter to
several meters. Moreover, UAV images offered resolutions as
high as 0.1 m, providing clear evidence of biomass burning
through the “black burn scar.”

III. METHODS

To enhance the detection of small AFs, we developed a
fire detection algorithm tested over some complex surfaces of
China (Fig. 2). The detection begins with the identification

of “candidate thermal anomaly pixels,” which are potential
indicators of fire activity. False alarms among these candidate
pixels are then filtered with specific masks to establish a set of
confirmed fire pixels. Specifically, the algorithm primarily uses
the MSI Band 4 (Red), Band 8A (NIR), and Band 12 (SWIR)
for fire detection, along with the other bands for masking
clouds and water and excluding high-reflective objects.

A. Sentinel-2 MSI AF Detection

Step 1 (Identification of Potential AF Pixels): To iden-
tify potential AF pixels, a normalized index based on
MSI band12 and band 8A is used. ρ12 and ρ8A denote
Sentinel-2 MSI reflectance at the top of atmosphere
(TOA), respectively. The test (1) is designed to maximize
the specific sensitivity to AFs and minimize the interfer-
ence from artificial surfaces (Fig. S1) [31]. By statistical
analysis from 369 MSI images in northern and SC, the
index is robust to both flaming and smoldering fires with
obviously higher temperature than the background

(ρ12 − ρ8A)/(ρ12 + ρ8A) > 0.5. (1)

Based on GF5B hyperspectral satellite images (Fig. S2),
surface reflectance in Red and NIR bands differs signifi-
cantly in different surface types [21]. Test (2) is used to
exclude interferences from impervious surfaces as much
as possible. ρ4 denotes Sentinel-2 TOA reflectance in
band 4

−0.05 < (ρ8A − ρ4) < 0.15. (2)

Step 2 (Mask of Clouds/Snow/Ice/Water): An effective
cloud mask is essential for accurate AF detection [4].
To reduce AF omission under thin clouds, a threshold of
less than 30% clouds was selected for the MSI images
we used. Since the MSI cloud mask is conducted at 60 m
resolution, some bright but small clouds can be neglected.
To give a stringent mask of high-reflective clouds and
snow/ice, a test is made as follows:

(ρ3 − ρ12)/(ρ3 + ρ12) < 0 ρ8A < ρ11 ρ12 > 0.5.
(3)
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Fig. 2. Flowchart of the algorithm for detecting small fires over complex surfaces.

Water pixels were filtered out by testing using their strong
absorption in the SWIR band as follows:

ρ12 > 0.03. (4)

Furthermore, seasonal bare lands on the slope can lead
to false fire alarms, which can be excluded

ρ1 > 0.1 ρ2 > 0.1 ρ3 > 0.1. (5)

Step 3 (Mask of High-Reflectance Roofs): In densely
populated EC, the high-reflectance roofs can significantly
interfere with the accuracy of AF detection. There-
fore, reflectance tests were conducted by selecting a
large number of roofs in densely populated areas across
Northeastern, Northern, and EC (Fig. S3). A series of
masks (6)–(8) was made to reduce the false alarms caused
by high-reflectance roofs of different colors and materials
at SWIR bands.

Red Roofs

0 ≤ |ρ3 − ρ2| ≤ 0.05 (ρ4 − ρ3)/ρ3 > 0.5. (6)

Blue Roofs

ρ2 > ρ3 ρ2 > ρ4 (ρ2 − ρ3)/ρ3 > 0.2. (7)

White Roofs

(ρ2 + ρ3 + ρ4) > 0.6 ρ12 < 1|
(ρ2 + ρ3 + ρ4) − ρ12 > 0|

(ρ2 + ρ3 + ρ4) > 0.9 ρ12 < 1.4. (8)

Step 4 (Filtering Fixed Thermal Anomalies From
Multitemporal Observations): The persistent thermal
anomalies from industrial activities that burn fossil fuels
were filtered out by their repeated detection frequency
at the same location (Fig. S3). Specifically, MSI thermal
anomaly pixels that appeared more than four times at the
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Fig. 3. Panels A–C show the spatial distribution of photovoltaic power plants, artificial surfaces, and high-frequency thermal anomalies, respectively. Panels
D–F show the results after the filtering procedures.

same location were excluded [32]. A 100 m buffer was
established around these pixels to further eliminate poten-
tial artificial interferences associated with these persistent
anomalous pixels (Fig. S4a).

Step 5 (Mask of Other High-Reflectance Surface
Objects): The specular reflection from solar panels of
photovoltaic power stations and vegetable greenhouses
can also severely interfere with SWIR AF detection [9],
[10]. This phenomenon is especially common on hilltops
and in open areas with full sunlight (Fig. S5). To filter
out these high-reflectance objects, a 5 × 5 window with
potential AF centered in was used. If any pixel within
the window passed test, the central potential AF pixel
was excluded as follows:

ρ4 > 0.5 ρ3 > 0.5 ρ2 > 0.5|(ρ2 − ρ4)/ρ3
> 0.5|ρ8A > 0.5 ρ12 > 1.2. (9)

Step 6 (Filtering False Alarms With Prior Land Clas-
sification Datasets): Compared with AFs that have great
changes in location and size, land cover classification
datasets have very robust performance in most scenes
due to the fixed distribution of artificial objects. Besides
threshold tests with MSI spectral reflectance, these prior
land classification datasets provide a fundamental con-
straint of the nonvegetation surface types (Fig. 3). As

shown in Fig. S4, external datasets such as “China
Photovoltaic Power Plants” and impervious surface prod-
ucts can effectively exclude the interference from these
permanent artificial objects.

B. Algorithm Assessment

Validation of open biomass burning at the global scale is
challenging due to the scarcity of ground-based monitoring
or high-resolution satellite data at Sentinel-2 overpass time.
Here, we select cloud-free dates randomly to visually interpret
AFs in typical surface type regions of the world with stricter
discriminatory criteria in Fig. 2.

1) Warm Colors: False-color images (B12, B11, B8A) with
“warm” colors (red or orange) are used to identify
potential AFs with higher temperature than backgrounds,
while nonfire backgrounds exhibit “cool” colors.

2) Smoke: A smoke plume over the vegetation area can
visually verify a fire event.

3) Burn Area: A “black burn scar” in the MSI true color
image can indicate a straw-clearing fire in the current or
previous period.

4) GF Images: High-resolution satellite images or UAV
RGB images can be used as supplements. Fig. S6 and
S7 provide examples of the confirmed Sentinel-2 AFs
in croplands and forests, respectively. AF detections that
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Fig. 4. Spatial distribution of MSI and VIIRS AFs in the six study areas.

do not correspond to true fire occurrences are defined as
commission errors. By contrast, the true fires that were
taken as nonfires in AF detection are considered as ORs.

C. Estimating Omission Rate of MODIS and VIIRS AF

MSI AF detection during 2022–2023 was compared with
MODIS and VIIRS products on Sentinel-2 imaging orbits.
ORs for MODIS and VIIRS AF data were estimated using the
error matrix method, which assesses the overall classification
accuracy of moderate-resolution satellite observations [33],
[34]. Considering the distortion of VIIRS and MODIS pixel
size at large viewing angles at the image edge [35], MSI AF
detections within spatial windows of 1.5 and 0.5 km were used
to match with and validate MODIS and VIIRS fire detection,
respectively. Although numerous MSI AFs can exist within the
spatial window, MODIS or VIIRS detection may omit most
AFs with very a small size or cool temperature [36]. The OR
of MODIS and VIIRS AF detection was calculated as follows:

OR =
Q
N

× 100%. (10)

Q is the number of MODIS or VIIRS scenes did not detect
fires within the 1.5 or 0.5 km window that has MSI AFs fires,
and N is the total number of 1.5 or 0.5 km windows that have
MSI AFs.

IV. RESULTS AND ANALYSIS

A. Sentinel-2 MSI AF Detection and Evaluation

Fig. 4 shows the comparison of MSI and VIIRS fire detec-
tion in typical scenes, including croplands, grasslands, and
forests in northern and SC. In northern China with widespread
croplands and dense villages, Sentinel-2 MSI AF detections
have CRs ranging in ∼1%–2% and ORs in ∼1%–5%. Agri-
cultural fires for straw cleaning are predominant in northern
China, which usually have small areas (< 1000 m2) and
rapid burning process (within 1–2 h) with high temperature
only lasting a short time (<half to 1 h). Compared with CR,
the slightly higher ORs can be caused by the burned fires
around the burning region boundaries. For validation of MSI
detection, burned fire pixels with a higher temperature than the
background are considered as AFs. Sentinel-2 MSI with higher
spatial resolution detected nearly 50 000 AF pixels in northeast
China (NC) on April 8, 2023, among which 483 were false
alarms, with a CR of approximately 1%. In contrast, VIIRS
detected only 857 AF pixels, with an OR of 94.55%. As shown
in Fig. S6, most cropland fires can be missed due to their small
size or cool temperature by the 375 m VIIRS fire products.
Sentinel-2 detections provided a more detailed map of burning
fires and combustion phase, including the spreading fire front,
owing to their 20 m spatial resolution.

In SC, MSI AF detections have very low CRs in 0.2%–1%
and ORs in 1%–4% (Fig. 4). The increase of MSI AF detection
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TABLE II
DETAILED DESCRIPTIONS OF FIRE DETECTION RESULTS IN SIX STUDY AREAS. “OUTPUTS” REFERS TO ALL AF CANDIDATES GENERATED BY THE

ALGORITHM PRIOR TO SCREENING. “FILTERED RESULTS” REPRESENT DETECTIONS RETAINED AFTER APPLYING THE FILTERING PROCEDURES.
“FALSE ALARMS” DENOTE NONFIRE THERMAL ANOMALIES. “CR” IS THE COMMISSION RATE, DEFINED AS THE RATIO OF FALSE

ALARMS TO THE TOTAL OUTPUTS. “FILTERED CR” AND “FILTERED OR” CORRESPOND TO THE COMMISSION AND OMISSION
RATES AFTER FILTERING, RESPECTIVELY. “ACCURACY” INDICATES THE OVERALL CORRECTNESS. “VIIRS AF” DENOTES

THE TOTAL NUMBER OF VIIRS FIRE DETECTIONS, WHILE “VIIRS OR” REPORTS THE OMISSION RATE
OF VIIRS RELATIVE TO SENTINEL-2 FIRE DETECTIONS. “MAIN FIRE TYPE” INDICATES

THE DOMINANT FIRE TYPE WITHIN EACH REGION

accuracy in SC is ascribable to the higher intensity of forest
fires. Most false alarms are caused by the high-reflectance
rooftops. Our filtering procedure has effectively reduced the
CR from ∼8% to 30% to only ∼0.2%–1% (Table II). Notably,
the number of small fire pixels detected by Sentinel-2 was
much higher than those by VIIRS and MODIS, with OR
ranging from 75.02% to 98.78% (Table II). Compared with
MODIS and VIIRS, the MSI can provide a clear fine-scale
distribution of the forest fire fronts (Fig. S7).

To compare our algorithm with other methods using
Sentinel-2 or Landsat 8/9 data in detecting small-area/cool-
temperature AF, we selected Shandong province with pre-
dominated croplands, densely populated cities, and villages
as a test region (Fig. 5). During October 2023, the straw
burning of corn after harvest is prevalent in Shandong. Pixel-
by-pixel validation using Google Earth images, GF images,
and UAV images demonstrated that the average CR of our
detection for straw burning is as low as 3.57% with a total
number of 1564 AF pixels (Fig. S8). In spite of much larger
numbers, other methods have very high CRs with Sentinel-2
detection in Liu (83.47%), and Landsat 8 detections in
Schroeder (84.02%) and Murphy (92.91%) due mainly to
the poor consideration of interferences from high-reflectance
surface objects at SWIR bands [9], [11], [21]. It should be

stated that these works only provided the CR of their AF
detections. By masking the diverse high-reflectance surface
objects with multiple thresholds and prior information, our
algorithm achieves a very high accuracy in detecting small
agricultural fires (Table S2).

B. Intercomparison With MODIS and VIIRS AF Products

To compare the spatial patterns of satellite AFs in different
detection resolutions, Fig. 6 illustrates the seasonal frequency
of three AF results across the study area in China for 2022
and 2023. Because of a much higher spatial resolution, the
spatial occurrence rate of MSI AF is substantially larger than
that of VIIRS and MODIS. The biomass burning hotspots have
shifted from northern China in the summer to northeast during
the spring and autumn [6]. Although the seasonal occurrence
of fires detected by MSI, MODIS, and VIIRS varies signif-
icantly in magnitude, the spatial distribution patterns remain
consistent across regions.

Fig. 7 shows the intercomparison of MODIS, VIIRS, and
MSI fire detection ability in different scales. For relatively
large and intense forest fire events, there is strong spatial
consistency between the AF detected by MSI, MODIS, and
VIIRS. However, MODIS and VIIRS AF cannot provide the
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Fig. 5. (a) Spatial distribution of straw burning in Shandong Province during October 2023 based on Sentinel-2 MSI. (b) Number of candidate fire detections
and false alarms produced by the proposed method (red), and the Liu (green), Schroeder (pink), and Murphy (yellow) methods in October 2023 when both
Sentinel-2 and Landsat 8 observations were available. (c) Validation with 2 m GF satellite images. (d) Validation with UAV images.

Fig. 6. Seasonal occurrence of 20 m MSI, 375 m VIIRS, and 1 km MODIS AFs on the Sentinel-2 imaging orbits in Central and EC during 2022 and 2023.

precise location of the actual fires and the detailed distribution
of fire fronts as MSI. As the scale of forest fires gets smaller,
MODIS detection begins to miss the AFs. Meanwhile, VIIRS

detection exhibits a larger omission for the scattered cropland
fires with smaller areas and cooler temperatures, which can
only be detected by MSI.
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Fig. 7. Spatial distribution of AFs detected by MSI, VIIRS, and MODIS for fire events of different sizes.

As shown in Fig. 8, the MODIS detection missed 555 706
AFs identified by MSI detection with our method, with an
overall OR of 94.47%. The VIIRS observations did not detect
556 120 AFs identified by MSI, with an overall OR of 94.86%.
The ORs of VIIRS and MODIS AF detection are very close,
which are caused by the fact that several missed AFs by
VIIRS is only taken as one in the coarser MODIS pixel.
There is little difference in the average OR in 2022 and 2023
(Fig. S9). The OR of both VIIRS and MODIS AF followed
a seasonal trend, with the highest OR rates near 100% in
the summer, which can be mainly caused by less combustion
fuel and shorter burning time of wheat and rice straws. It
should be stated that Sentinel-2 satellites pass over the equator
about 2–3 h earlier than VIIRS. Most Sentinel-2 AFs can be
burned out when VIIRS passes, and a considerable fraction
of VIIRS AFs can be new fires in the corresponding time
(Fig. S10). On the other hand, comparison of VIIRS and
MSI detection shows that the total number of VIIRS AFs
is less than 10% of those confirmed by MSI in matched
grids (Fig. 4).

C. Applicability in Landsat 8/9 Detection and Global Scale
With the flexible framework, our method can be directly

expanded to similar satellite instruments and other regions
of the world. With similar wavelengths as Sentinel-2 MSI,
Landsat 8/9 OLI AF detection with our method also achieved
very low CRs (∼1%–4%) and ORs (∼5%–8%) over north-
eastern, central, and SC with different surface backgrounds
and cropland types (Figs. S11–S13). Compared with Sentinel-
2 MSI, the slight decrease in Landsat 8/9 OLI AF detection
accuracy can be partly caused by the coarser pixel resolution.
The combination of Sentinel-2B/2 C and Landsat 8/9 observa-
tions can increase the temporal resolution of global fine-scale
(20–30 m) AF detection to ∼2–3 days [15], which can improve
the common underestimation of biomass burning emissions.

Thanks to robust performance in heterogeneous surface
types and small-area/cool-temperature fires, Sentinel-2 AF
detection with our algorithm can be directly used in other
typical regions of the world (Fig. S14). Unlike most studies
with validations only in certain image scenes, Sentinel-2 AF
detections with our method have very low CRs (0.1%–3%)
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Fig. 8. Daily omission rates of AF detections from VIIRS and MODIS on Sentinel-2 imaging orbits in 2023. In this context, “V with MSI” denotes AFs
detected by both VIIRS and MSI, while “V without MSI” refers to fires detected by VIIRS but not by MSI. The red/green horizontal dotted line represents
the annual average of the MSI AFs omitted by VIIRS or MODIS.

and ORs (2%–8%) in all the randomly selected regions of
the world (Fig. 9). In spite of enhanced thresholds and prior
information used, a few of commission errors can occur in
the croplands due to inference such as seasonal bare lands
or temporary artificial objects. Most omissions occurred in
fire boundaries, indicating that the actual ORs can be lower
due to ambiguous identifications in the validation with looser
thresholds. For AF detection, little looser thresholds can lead
to an obvious increase of CRs. The maximum ORs (8.64%)
of MSI detection occurred in the African grassland, where
rapidly burned areas with slightly higher temperature than the
background can be taken as AFs in our validation. Similar
to the performance in China, MSI AF detection has a very
high accuracy in the forest regions and a slight decrease in
croplands with complex backgrounds.

V. DISCUSSION

By combining the enhanced threshold method with the
abundant prior information, Sentinel-2 MSI AF detection has

been significantly improved. Unlike previous studies that only
train and validate detection algorithms with a few satel-
lite images covering very limited scenes, here we expand
Sentinel-2 AF detection to the whole mainland of China and
examine their spatial patterns at a fine scale of 20 m for the first
time. The traditional fixed thresholds AF detection can hardly
distinguish the prevalent interferences from heterogeneous
surface backgrounds with diverse fire types and is subject to
surface types, spatial resolution of satellite instruments, and
clouds (Fig. S15). The introduction of prior information, such
as the land cover datasets from Sentinel-2 MSI measurements,
can provide a clear classification of the nonvegetation regions,
which enables a robust performance of our threshold method.
As shown in both previous threshold and DL-based methods,
their AF detections can easily have a perfect performance over
vegetation regions, such as forest without the interferences of
artificial objects, but usually perform poorly in regions with
heterogeneous surface types, such as in EC. In spite of a low
temporal resolution of ∼5 days, Sentinel-2 MSI can detect
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Fig. 9. Global geographic distribution of selected regions for validating AF detections from the Sentinel-2 MSI algorithm.

many more small-area or cool-temperature AFs than VIIRS
and MODIS, which have been missed by current operational
satellite AF products.

The robust and high accuracy at a global scale demonstrates
a clear applicability of our method to provide operational fine-
scale AF detection by making use of combined Sentinel-2B/2
C and Landsat 8/9 observations, as well as similar satellites.
The global coverage of these combined satellite detections
within ∼2–3 days can greatly reduce the substantial omission
of prevalent small-area/cool-temperature fires in VIIRS and
MODIS products. To provide regular global products asso-
ciated with large amounts of satellite datasets, our method
can be run on the GEE platform, and more accurate a priori
information can be used to better exclude interferences in com-
plicated conditions. For emission estimation, a fire radiation
power parameter at the SWIR bands should be developed in
the future.

VI. CONCLUSION

The biomass burning emissions have been largely under-
estimated due to the omission of most small fires by coarse
resolution of satellite detection. To enhance Sentinel-2B/2C
and Landsat 8/9 AF detection at fine scale over complex
surfaces, we developed a robust and high-accuracy algorithm
by combining improved thresholds and prior constraints. To
mitigate the common interference problem caused by high-
reflectance targets, VIS and SWIR measurements and land
cover dataset are used. Meanwhile, time series MSI images are
used to further exclude the persistent industrial thermal anoma-
lies. Validations of AF detection using randomly selected
images in typical regions of the world, including croplands,
grassland, and forests have very low CR (0.1%–3%) and ORs
(2%–8%). The actual ORs of Sentinel-2B/2C and Landsat 8/9
detection can be lower due to ambiguous discriminations in
fire boundaries taken as AFs in the validation. Burned fires
with only slightly higher temperature than background pixels

cannot be totally detected by our methods, since little looser
thresholds can lead to a large increase of CRs.

With combined Sentinel-2B/2C MSI and Landsat 8/9 OLI
observations, our method can provide an operational AF
detection globally within 2–3 days, which can greatly improve
fire management and the underestimation of biomass burning
emissions. By contrast, more than 90% of Sentinel-2 AFs
are missed by MODIS and VIIRS products, which are either
too small or too cool for their coarse resolution. To sup-
port fire emission estimation, an FRP retrieved from SWIR
observations will be developed in the future. The SWIR
detections are mainly performed in daytime due to the scarcely
available nighttime Landsat 8/9 data, which can have great
potential in AF detection if more nighttime observations are
conducted in the future satellite missions. To further enhance
the data coverage, the Sentinel-2B/2C MSI and Landsat 8/9
OLI detection of burned area can be used as a supplement of
the fires out of their passing time.
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made available on request.
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