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ABSTRACT
Wildfires in the Arctic-boreal zone have increased in frequency over 
recent decades, carrying substantial ecological, social, and economic 
consequences. Remote sensing is crucial for mapping burned areas, 
monitoring wildfire dynamics, and evaluating their impacts. 
However, existing high-latitude burned area products suffer from 
significant discrepancies, particularly in Siberia, and their coarse spa
tial resolutions limit accuracy and utility. To address these gaps, we 
developed a convolutional neural network model to map burned 
areas at a 30 m resolution across the Arctic- boreal zone using 
Landsat and Sentinel-2 imagery. Using vegetation indices including 
the normalized burn ratio, normalized difference vegetation index, 
and normalized difference infrared index our model achieved strong 
performance, with an Intersection Over Union (IOU) of 0.77 and an F1 
score of 0.85 on unseen test data. Performance was higher in North 
America (IOU = 0.84) than in Eurasia (IOU = 0.72), reflecting regional 
differences in fire regimes and data quality. Predictions for six repre
sentative years showed our model’s burned area closely matched the 
median values of Landsat, MODIS, and VIIRS-based products, 
although alignment varied annually and spatially. Visual assessments 
indicated our approach was generally more accurate, notably in 
detecting unburned vegetation islands within fire perimeters missed 
by other products. This research has numerous potential applica
tions, such as analysing feedback between vegetation and burn 
patterns, characterizing spatial dynamics of unburned islands, and 
improving carbon emission estimates through detailed burn severity 
assessments.
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1. Introduction

The Arctic-boreal zone (ABZ) is a vast, high-latitude region that encircles Earth’s north
ernmost land masses. It includes areas of boreal forest, which is the world’s largest land 
biome (Gauthier et al. 2015), and tundra, which is typically treeless, cold and underlain 
with permafrost (Elmendorf et al. 2012). The ABZ is warming two to four times faster than 
the global average (Rantanen et al. 2022; Serreze and Barry 2011), and subsequently both 
boreal (Kelly et al. 2013) and tundra (ACIA 2004) ecosystems have experienced increasing 
fire frequency in recent decades (French et al. 2015; Jones et al. 2024). Shifts in future fire 
regimes will likely alter ecosystem dynamics, including vegetation composition 
(Flannigan et al. 2009; Johnson and Johnson 1996; Johnstone et al. 2010; Mekonnen 
et al. 2019; Payette 1992; Viereck 1973) and carbon and nutrient cycling (Balshi et al. 2009; 
Genet et al. 2013). These northern ecosystems store about 50% of global belowground 
soil carbon and play a crucial role in global climate regulation (McGuire et al. 2009; Young 
et al. 2017). However, the increasing frequency of fires has the potential to shift these 
ecosystems from historical carbon sinks to sources (Bond-Lamberty et al. 2007; Li, 
Lawrence, and Bond-Lamberty 2017; Virkkala et al. 2025; Walker et al. 2019; Wang et al.  
2021). To understand how changing fire regimes influence carbon and other ecosystem 
dynamics, it is critical to accurately map ABZ burned areas.

Fires in the North American boreal typically occur in mature stands of black spruce (Picea 
mariana) and jack pine (Pinus banksiana), both of which are prone to crown fires that kill 
most of the standing trees (de Groot et al. 2013; Johnstone et al. 2010; Rogers et al. 2015; 
Scherer-Lorenzen and Schulze 2005). Such crown fires exert large changes in optical to 
shortwave infrared reflectance, and hence are well suited to being mapped from satellite 
imagery. Burned area mapping in Alaska historically relied on digitized maps of fire observa
tions from the Alaska Large Fire Database (Kasischke, Williams, and Barry 2002) and the 
Monitoring Trends in Burned Severity program (MTBS; Eidenshink et al. 2007), which is 
a satellite-based mapping project that relies largely on human interpreters for imagery 
selection and mapping. For instance, a human interpreter examines pre-fire and post-fire 
scenes and then creates a normalized burn ratio (NBR) image that is used to delineate 
a burned area boundary. In Canada, burned area mapping historically relied on the 
Canadian National Fire Database (CNFD; Amiro et al. 2001; Stocks et al. 2002), which 
primarily maps perimeters using manual digitization and aerial Global Positioning System 
(GPS). More recently, the Canadian National Burned Area Composite (NBAC; Hall et al. 2020; 
Skakun et al. 2022) was created and improves on the CNFD by using remote sensing 
imagery to account for water bodies and unburned islands within the fire perimeters.

Both MTBS (1984–2024) and NBAC (1986–2024) offer relatively long time series of 
burned area. However, these products are not fully consistent with one another, primarily 
because MTBS does not account for unburned vegetation patches within its vector-based 
fire perimeter polygons. Additionally, these datasets are limited geographically to Alaska 
and Canada, respectively, and comparable products do not currently exist for Eurasia.

Boreal Eurasian forests are dominated primarily by Scots Pine (Pinus sylvestris) and 
several species of larch (Larix spp.) (Furyaev et al. 2001; Goetz et al. 2007; McRae et al.  
2006; Rogers et al. 2015; Scherer-Lorenzen and Schulze 2005), which are more prone to 
lower intensity and non-stand replacing surface fires than boreal North America forests. 
The spectral change from surface fires is typically much smaller (<100 ha) and short-lived 
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compared to crown fires, and hence boreal Eurasian fires are often less amenable to 
satellite-based detection. Additionally, no reliable government burned area mapping data 
source exists in Siberia, and official statistics largely underestimate burned area (Rogers 
et al. 2015; Romanov et al. 2022; Shvidenko and Schepaschenko 2013; Shvidenko et al.  
2011). While the total burned area in Eurasia does not occur solely in Siberia, the large 
majority of it it does (Rogers et al. 2015). However, substantial discrepancies persist 
among these products in estimating burned area across Eurasia, especially in southern 
Siberia (Clelland et al. 2024). This region predominantly consists of open forests, grass
lands, and shrublands, which burn early in the season, mostly by small fires (Scholten et al.  
2024). These fires are particularly challenging to detect via satellite remote sensing due to 
the rapid vegetation recovery. Given these inconsistencies in Eurasia, and the lack of 
reliable government data, it is important to develop an independent and accurate burned 
area mapping approach that can be uniformly applied to the ABZ at high (30 m) 
resolution.

Global burned area mapping from 2001 to present has historically been derived from 
250 to 500 metre (m) Moderate Resolution Imaging Spectroradiometer (MODIS) and 
Visible Infrared Imaging Radiometer Suite (VIIRS) products, such VNP64A1 (Giglio 2019), 
MCD64A1 (Giglio et al. 2018), Fire Climate Change Initiative (FireCCI) (Chuvieco et al. 2016,  
2018) and Arctic Boreal Burned Area (ABBA; Loboda et al. 2024). MODIS sensors have 
provided frequent acquisitions, which are favourable to burned area mapping, but there 
are known omission errors as small (<100 ha) fires are missed (Y. Chen et al. 2023). MODIS 
sensors also tend to overestimate burned area at the pixel level due to their relatively 
coarse resolution, which is prone to including unburned vegetation islands and water 
bodies (Giglio et al. 2018). More recently the use of 30 m Landsat mostly bypasses these 
issues because of its higher spatial resolution (Guindon et al. 2018; Walker et al. 2018), but 
it suffers from less frequent overpass times (16-day return intervals) that are compounded 
by often cloudy conditions in the boreal and tundra biomes, leading to data gaps. More 
recently, the launches of Sentinel-2A (launched 2015) and 2B (launched 2017) began 
a new era of higher-resolution satellite monitoring (Drusch et al. 2012; Roy et al. 2014). The 
return interval of both Sentinel-2 satellites is 5 days, but when combined with Landsat 8 
this is further reduced to 2.9 days, which is a large improvement compared to the 16-day 
Landsat return interval (Roy et al. 2019).

Satellite-based burned area mapping often makes use of vegetation indices (VIs) such 
as NBR, which uses the near-infrared (NIR) and shortwave infrared (SWIR) reflectance 
bands (Key and Benson 2006): 

NIR is sensitive to the leaf structure and area of live vegetation, and SWIR is sensitive to 
water content in soils and vegetation. Additionally, SWIR is useful for separating dead 
wood from soil and ash (Jia et al. 2006). Both Landsat and Sentinel-2 offer two SWIR bands, 
with SWIR 1 centered at 1.61 μ m and SWIR 2 at 2.20 μ m. The differenced normalised burn 
ratio (dNBR), which is the difference between pre- and post-fire NBR, has become 
standard for mapping using spectral indices (Eidenshink et al. 2007; Fassnacht et al.  
2021). The dNBR is often combined with a threshold based on ground observations to 
separate burned and unburned pixels (Loboda, O’neal, and Csiszar 2007; Rogers et al.  
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2014; Veraverbeke, Rogers, and Randerson 2015; Walker et al. 2018; Potter et al. 2023). 
A drawback of this threshold-based approach is that dNBR thresholds are often region-, 
vegetation-, and even fire-specific, and have to be fine-tuned using manual rule-based 
approaches (Key and Benson 2006; Loboda, O’neal, and Csiszar 2007; Miller and Thode  
2007). Additionally, since the threshold does not take into account the spatial surround
ings of a pixel, it can confuse burned pixels with other plot-level disturbances, for 
example, due to changing hydrology, insects, pathogens, land use, extreme weather 
events, or abrupt permafrost thaw, especially at 30 m (Potter et al. 2023).

In addition to improvements in spatial, temporal and radiometric quality of data, there 
have also been advancements in machine and deep learning, particularly with respect to 
image classification and image segmentation, which has led to improvements in burned 
area mapping (Jain et al. 2020). Automated machine learning methods such as support 
vector machines (Cao et al. 2009; Pereira et al. 2017), random forests (Ramo and Chuvieco  
2017; Roteta et al. 2019) and boosted regression trees have shown promise in burned area 
mapping due to their ability to model complex non-linear phenomena. For example, Todd 
et al. (2017) used MTBS data, boosted regression trees and Landsat imagery to map 
burned area in the contiguous United States from 1984 to 2015, finding that this method 
mapped 36% more burned area than the Global Fire Emission Database version 4 (GFED4; 
Giglio, Randerson, and Van Der Werf 2013; Randerson et al. 2012; Van der Werf et al. 2010), 
and 116% more than MTBS.
Long et al. (2019) mapped global burned area at 30 m using a Random Forest model with 
eight VIs and six surface reflection bands derived from Landsat 8 imagery. The authors 
used pre- and post-fire image differencing with the VIs to achieve a global commission 
error of 13% and omission error of 30%. Accuracy ranged from 71% to 96% depending on 
the region tested. While validation scenes were located in Alaska, Canada and Eurasia, no 
error metrics specifically for these regions were reported. Additionally, validation was only 
reported for the 2015 fire year, and there are known issues in the burned area estimations 
in other years, partly related to the Landsat 7 ETM+ Scan Line Corrector (Clelland et al.  
2024).

Deep learning, and more specifically Convolutional Neural Networks (CNNs), have 
great potential for mapping burned areas at high resolution because it is designed to 
operate on spatially dependent data, such as images, and can effectively capture both 
local and global dependencies. CNNs excel at detecting spatial patterns through con
volutional layers (LeCun et al. 1998) and apply nonlinear functions that generalize well to 
learned features (Knopp et al. 2020). For example, Hu, Zhang, and Ban (2023) tested 
a variety of UNet CNN models using MTBS training polygons and Landsat imagery in the 
contiguous U.S. from 2001 to 2019 to map burn severity, and found that an attention UNet 
achieved the best mean Intersection Over Union (IOU) score of 0.78 and a Kappa 
score � 0:90.

Most recently Zhang et al. (2024) examined various UNet architectures along 
with multi-source satellite imagery including Synthetic Aperture Radar (SAR) from 
Sentinel-1 and surface reflectance from Sentinel-2 to map burned area at 20 m in 
Canada. NBAC was used as the reference fire perimeters to train the model over 
the 2017 and 2018 fire seasons, and models were evaluated on the 2019 fire 
season. They found that UNets worked best for single sensor data, such as using 
only SAR or only surface reflectance rather than both together. They also tested if 
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pre- and post-fire image differencing performed better than only post-fire scenes, 
and found that pre- and post-fire imagery with surface reflectance alone resulted 
in the best model with an IOU � 0:84.

Despite these advances, very few research efforts have attempted to map wildfires 
across the whole ABZ at 30 m, where forests and permafrost dynamics are strongly 
influenced by wildfire activity with important implications for global carbon budgets 
(Phillips et al. 2022; Walker et al. 2018, 2019). One notable exception is the Global 
Annual Burned Area Maps (GABAM; Long et al. 2019), although known issues with 
false positives at high latitudes have been reported (Clelland et al. 2024). In this 
work, we introduce new methods for mapping burned areas at 30 m spatial resolu
tion across the ABZ. We integrate Landsat 5, 7, 8, and 9 imagery with Sentinel-2A 
and 2B data to train two models: a machine-learning-based extreme Gradient 
Boosting (XGBoost) model and a deep-learning-based UNet++, which is a type of 
CNN. Our overarching goals in this research were to 1) evaluate the difference in 
model performance between machine learning and deep learning methods, 2) deter
mine if region-based models performed better or worse than a model trained across 
the ABZ, and 3) assess burned area estimates, both quantitatively, for representative 
fire years, and qualitatively through visual comparisons of individual fire events. Our 
objective is to produce an annual burned area mapping product spanning 
2001–2024, which will be updated annually using our methodology. Here, we 
evaluate the effectiveness of our methods using six representative fire years from 
the ABZ.

2. Materials and methods

We compiled a large reference dataset of fire perimeters across North America and Siberia 
to train, validate, and test our models. For each fire, we used Google Earth Engine to 
acquire and preprocess Landsat and Sentinel-2 surface reflectance imagery, removed 
clouds and snow, calculated spectral indices, and harmonized bands across sensors. We 
then created two types of image composites including annual and multi-monthly to 
capture pre- and post-fire conditions, and generated predictor layers representing spec
tral change. These composites, along with rasterized fire perimeters, were used to train 
XGBoost and U-Net++ models under multiple sampling and cross-validation schemes. 
Model performance was evaluated using a suite of accuracy metrics and tested across 
different ecoregions. Finally, we applied our best-performing models across the ABZ, 
constrained predictions using active fire detections, and compared results against ten 
existing burned-area products. A workflow of our methodology is shown in Figure 1.

2.1. Study area

Our study area (Figure 2) is the ABZ, defined by boreal and tundra biomes according to 
Dinerstein et al. (2017). It includes areas within Alaska, Canada, Greenland, Iceland, 
Fennoscandia, and Russia. Altogether, the study area is 25,462,143 km2, representing 
17% of Earth’s land surface.
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Figure 1. Simplified flowchart of methodology. Acronyms include normalised difference infrared index 
(NDII), normalised difference vegetation index (NDVI) and normalised burn ratio (NBR).

Figure 2. Map of the study area. Historical fire polygons within the boreal and tundra regions used for 
model training, validation and testing are shown in black for MTBS in Alaska, in blue for NBAC in 
Canada, and in purple for Talucci, Loranty, and Alexander (2022) in Russia.
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2.2. Reference fire polygons

For model training, validation and testing we used a total of 12,425 reference fire 
polygons covering 84.53 Megahectares (Mha) in North America. Fire polygons in 
Canada (n = 11,248, burned area = 70.74 Mha) were acquired from NBAC, and polygons 
in Alaska (n = 2,076, burned area = 9.59 Mha) were acquired from MTBS (Figure 1). We 
include NBAC records from 1986 to 2020 and MTBS records from 1984 to 2020.

In Eurasia, our reference polygons were limited to eight ecozones across eastern 
Siberian boreal and tundra regions (Talucci, Loranty, and Alexander 2022). Fire polygons 
are available in this region from 2001 to 2020 and were developed by creating 30 m 
Landsat image composites and calculating the associated dNBR, which was then con
verted to binary burned and unburned pixels based on dNBR thresholds (Key and Benson  
2006). To delineate fire perimeters from binary burned/unburned pixels, MODIS hotspot 
data were used. Specifically, a 3 km buffer was applied around MODIS hotspot points, 
merged into single polygons and fire perimeters were delineated within these larger 
polygons due to computational limits. For more detailed discussion of these methods see 
Talucci, Loranty, and Alexander (2022). A total of 7740 fire polygons covering 76.84 Mha in 
Siberia were used in model training and validation (Figure 1). Although this reference 
dataset does not encompass the entirety of Eurasia, 75% of the historical burned area 
between 2001 and 2023 occurred in the region containing the Talucci, Loranty, and 
Alexander (2022) reference polygons according to MCD64A1. Table S1 compares the 
three reference polygons sources, their temporal availability, and reported accuracy 
metrics if available.

After acquiring the vector fire perimeters from the respective sources, we uploaded the 
data to Google Earth Engine (GEE; Gorelick et al. 2017). We then calculated the bounding 
box of every fire perimeter, buffered them by 10 km, and used this buffered bounding box 
as the area of interest for every individual fire. We buffered the bounding box for two 
reasons: 1) to ensure we trained on both burned areas and unburned areas outside of 
where the fire occurred, and 2) so that we could determine the influence of buffering 
distance from MODIS and VIIRS active fire hits on model performance (section 2.2). We 
then acquired available Landsat and Sentinel-2 imagery, also within GEE. We used Landsat 
5, 7, 8 and 9 Collection 2 with Sentinel-2A and 2B surface reflectance for image acquisition. 
Pre-processing steps for Landsat imagery included removing clouds, cloud shadows, and 
snow using the C Function of Mask (CFMask; Foga et al. 2017).

We then calculated NBR and two additional VIs, including the normalized difference 
infrared index (NDII; Hardisky, Smart, and Klemas 1983): 

and the normalized difference vegetation index (NDVI; Tucker 1979): 

NDII is a proxy for vegetation moisture content and NDVI is a proxy for chlorophyll 
content or vegetation greenness. All spectral bands used to calculate the VIs and for each 
satellite are listed in Table S2. Due to differences in the sensors and spectral bandwidths 
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between Landsat satellites, it is necessary to cross-calibrate bands and spectral indices 
between sensors (Berner et al. 2020; Roy et al. 2016; Sulla-Menashe, Friedl, and Woodcock  
2016). To do so, we adjusted Landsat 5, 8 and 9 to match Landsat 7 using the cross- 
calibration approach implemented by the LandsatTS package in R (Berner et al. 2023). 
Specifically, we cross-calibrated NBR, NDVI and NDII with second- or third-order poly
nomial regression models that were fitted and evaluated using measurements from 
a random sample of recently undisturbed grid cells (n � 100,000) across the boreal forest 
biome. These grid cells were identified, and the Landsat data were sampled, as part of 
a prior study (Berner and Goetz 2022). Cross-validation showed high model performance 
(R2 = 0.94–0.97), with the mean absolute percentage bias decreasing from 3.4% (range =  
−5.3% to 6.6%) to 0.2% (range = −0.5% to 0.0%). While Berner et al. (2023) did not 
explicitly develop correction coefficients for Landsat 9, we implemented the same correc
tion coefficients developed for Landsat 8 because the bandwidths for each are identical.

Clouds were masked from Sentinel-2 using the Sentinel-2 Cloud Probability based on 
the s2cloudless algorithm (Skakun et al. 2022). We used a cloud probability threshold of 
50%, i.e. any pixel with a greater than 50% probability of being a cloud was masked. This 
threshold provides a practical balance between minimizing cloud interference in the 
imagery and retaining as much cloud-free data as possible, ensuring that high- 
probability cloud pixels are effectively excluded without excessively discarding valuable 
clear-sky pixels. After masking clouds, we resampled the 10 m and 20 m resolution pixels 
to 30 m to match Landsat imagery by using spatial averaging. As with the Landsat data, 
we calculated NBR, NDVI and NDII and cross-calibrated Sentinel-2 to match Landsat 7 
using the same polynomial regression coefficients used with Landsat 8.

Using the burned year associated with each fire, we then acquired pre-fire and post-fire 
imagery in two ways: using 1) annual and 2) multi-monthly image compositing methods. 
We tested these two methods because compositing provides a better opportunity to 
detect spectral changes immediately following a fire, which is especially important for 
capturing surface fires whose spectral signatures may fade within a small number of 
months, such as understory forest fires or fires in herbaceous and shrub-dominated 
ecosystems. Since the timing of each fire within a given year is unknown beforehand, 
the multi-monthly method helps ensure maximal spectral change is captured, regardless 
of when during the season the fire occurs. For 1) we acquired pre-fire imagery as the 
median composite across all available images one year before fire in the summer months 
(June-August) and post-fire imagery as the median composite one-year post-fire in the 
summer months. We then differenced the pre- and post-fire imagery by subtracting the 
post-fire from the pre-fire image (Figure S2). For 2) we acquired pre-fire imagery in multi- 
monthly time intervals while allowing for one month overlap from March to November, 
and post-fire imagery that matched the same pre-fire months used but within the year of 
fire. For example, if the year of fire was 2004, pre-fire intervals would be 2003–03-01 to 
2003–04-30, 2003–04-01 to 2003–05-31 and continuing to 2003–09-01 to 2003–10-31. 
The same multi-monthly intervals were used for post-fire imagery, but images were 
selected in 2004 (year of fire). Median composites in each of the multi-monthly pre- and 
post-fire intervals were then calculated. We used a one month overlap to increase the 
number of potential observations per pixel that would be available for input into the 
median composites. We also created median image composites using the same methods 
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as 1). We then differenced the pre-fire and post-fire imagery and then calculated the 
maximum pixel values across all eight of the differenced image composites. A flowchart of 
this method is in Figure S3.

For method 2, we applied an additional pre-processing step to remove snow, which 
was more problematic for the multi-monthly approach because it used both spring and 
fall imagery. Before calculating our median composites, we first calculated the normalized 
differenced snow index (NDSI): 

NDSI ranges from −1 to 1 with pixels closer to 1 having a higher probability of snow. 
We removed any pixels with values >–0:2 to be conservative in our snow masks, and to 
avoid inclusion of any snow covered pixels (Riggs, Hall, and Román 2015). Hereafter 
method 1 will be referred to as the annual composite method, and method 2 will be 
referred to as the multi-monthly composite method.

Lastly, for both the annual and multi-monthly composite methods, we masked water 
bodies using the Pekel et al. (2016) yearly water classification product derived from 
Landsat.

For both image composite methods, we exported the dNBR, dNDVI and dNDII bands, 
which were used as predictor variables in our XGBoost and UNet ++ models (Figure S4). 
Additionally, we rasterized and exported the reference fire perimeters as a binary fourth 
band that represented the target variable as either 0 (no fire) or 1 (fire).

After exporting individual images of each fire, we normalized the predictor bands in 
each image so pixel values were stretched from 0 to 1. We first calculated the 5% quantile 
as the minimum and 95% quantile as the maximum value across all available training data 
in each band, and then normalized each image using these minimum and maximum 
values. The quantiles were used to remove abnormally high and low values in the training 
data, and ensured all training images were normalized consistently.

2.3. Model development

We tested two primary models: XGBoost (T. Chen and Guestrin 2016) and UNet++ (Zhou 
et al. 2019). Due to the relatively large input size of our training data (100 gigabytes), when 
comparing the XGBoost model to the UNet++ we randomly selected 1000 polygons each 
from MTBS, NBAC and Talucci, Loranty, and Alexander (2022), and only used those polygons 
for model training, validation and testing. This represents 98% of the MTBS polygons, 10% of 
the NBAC polygons and 13% of the Talucci polygons. We used a randomized search grid 
within a 5-fold cross-validation framework to tune the XGBoost model parameters (supple
mental methods 1.1, Table S3). For final XGBoost model evaluation we used 70% of the 3000 
fires as training, 20% as validation and 10% as testing.

Due to the input requirements of the UNet++, we extracted 128 × 128 sub-matrices 
from the original fire imagery rather than processing the full-sized scenes, allowing for 
a direct performance comparison with our XGBoost model. We then trained our UNet++ 
model in an identical manner as to XGboost where we used the same sample of 3000 fires. 
We also used the same 70/20/10 split for our training/validation/testing sets to match the 
XGBoost model and to be able to directly compare the two.
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We then added a second experiment which only focused on UNet++ model perfor
mance. For this experiment we no longer focused on a sample of 3000 fires like we did when 
comparing XGboost and UNet++, but instead we used all available reference polygons.

Model testing was implemented using a 5-fold cross validation. While we use Landsat/ 
Sentinel-2 imagery dating back to 1985 to train and validate our models, we restricted our 
model testing to regions surrounding known active fire detections from MODIS (Giglio 
and Justice 2015a,2015b) and VIIRS (Schroeder et al. 2014), similar to many previous 
approaches (Potter et al. 2023; Talucci, Loranty, and Alexander 2022; Veraverbeke, Rogers, 
and Randerson 2015). By focusing our testing on these known active fire areas, we aim to 
minimize commission errors, as these locations account for the vast majority of burned 
area (Potter et al. 2023). Because of this our model testing data only includes fire polygons 
from 2001 to 2020 so that we could implement this active fire constraint. We considered 
active fire detections classified as nominal or high confidence, removing low confidence 
detections. More specifically we use MODIS active fire from 2001 to 2012, MODIS and VIIRS 
Suomi-NPP from 2012-present, MODIS/Suomi-NPP and VIIRS NOAA-20 from 2018 to 2023. 
It is common to buffer the hotspots to account for potential burned areas occurring 
outside these known hotspots, for example due to quickly spreading fires (Potter et al.  
2023; Talucci, Loranty, and Alexander 2022; Veraverbeke, Rogers, and Randerson 2015). 
However, the influence of buffer size on estimated burned area needs to be considered. 
To assess this, we applied buffer zones ranging from 1 km to 8 km around active fire hits, 
allowing us to evaluate how varying sizes influenced model performance and estimates of 
total burned area.

Given that we constrain our model testing using active fire hits which are only available 
beginning in 2001, we needed to ensure only 2001–2020 polygons were used in our 
testing set used for final model performance evaluation. Due to this we used 80% of all 
polygons prior to 2001 in MTBS and NBAC as training and 20% as validation. We then used 
70% of the 2001–2020 polygons from MTBS, NBAC and Talucci, Loranty, and Alexander 
(2022) as training, 10% as validation and 20% as testing (Table S4). We used a 5-fold cross- 
validation approach whereby a different 20% of the polygons from 2001 to 2020 were 
used in each of the test folds so that every single reference fire polygon was in the test set 
once, and our final error metrics were reported as the mean across these 5 folds. Since 
a different 20% of the 2001–2020 polygons is in the testing set in each of the 5 folds, we 
also shuffled the 70% and 10% of the polygons used in the 2001–2020 training and 
validation sets accordingly. The polygons used in the 80% of the data used to train/ 
validate the model is never included in the 20% of the data used to test the model to 
ensure our test set and evaluation is completely independent. All error metrics reported 
from here on out represent the scores across the 5-fold cross-validation.

Lastly, we evaluated the performance of these models across the ABZ in addition to 
distinct ecoregions. In North America we used the Omernik and Griffith (2014) ecoregions, 
and in Eurasia we used Soja et al. (2004) ecoregions (Figure S1).

UNet++ models were trained for a maximum of 100 epochs, and parameters were 
tuned using Bayesian optimization (supplemental methods 1.2, Table S5). We used 
adaptive learning to reduce the learning rate if the validation IOU (Equation 5) did not 
increase in five consecutive iterations. If this condition was met, we reduced our learning 
rate by 50% for each subsequent iteration. We also implemented an early stopping 
procedure to prevent overfitting, whereby we stopped training and the model was 

10 S. POTTER ET AL.



assumed to converge if its IOU did not improve for 20 consecutive iterations. IOU is 
calculated by dividing the intersection between the predicted and reference data by their 
union, which can also be expressed in terms of True Positives (TP), False Positives (FP) and 
False Negatives (FN). 

An IOU score can range from zero to one, with one representing a perfect overlap 
between reference data and predictions. When IOU was maximized in the training/ 
validation process and didn’t improve for 20 consecutive iterations we then saved the 
weights of the model to be used on our held out test set and for use as final model 
evaluation. While IOU was the primary metric we used to determine if our model had 
stabilized in the training/validation process, when we evaluated our model on the test set 
we also calculated precision, recall, F1, and accuracy, which are functions of TP, FP, FN and 
True Negatives (TN). Precision measures the proportion of positive predictions made by 
the model that are correct: 

Recall measures the proportion of actual positive cases that the model correctly 
identified: 

F1 is the harmonic mean of precision and recall: 

Finally, accuracy is the total proportion of pixels predicted correctly: 

We evaluated UNet++ models by comparing error metrics on the two image composite 
methods described in section 2.3 in three ways: 1) a combined North America and Eurasia 
model that was trained on all available training polygons, 2) a North American model 
trained on NBAC and MTBS, and 3) a Eurasia model trained on the Talucci, Loranty, and 
Alexander (2022) polygons. Because model performance was substantially weaker than 
the UNet++ (see Results), we only evaluated XGBoost models trained on the combined 
North American and Eurasian Dataset.

Lastly, since our UNet++ models output a probability that a pixel burned, the specific 
threshold chosen to classify a pixel as burned or unburned can substantially impact model 
performance. To identify the optimal threshold, we evaluated how precision and recall 
varied across a range of probability thresholds, assessing the trade-off between omission 
errors (false negatives) and commission errors (false positives). Higher thresholds typically 
yield greater precision by reducing false positives, whereas lower thresholds increase 
recall by capturing more true positives. Our analysis aimed to determine the threshold at 
which precision and recall are most effectively balanced.
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2.4. Model inference

We implemented our best-performing model across the study domain while restricting 
our burned area to locations of MODIS/VIIRs active fire detections and also masked out 
croplands from any potential prediction location, as cropland management can display 
similar dNBR signals to fires and produce false positive detections. To identify croplands, 
we used the Potapov et al. (2022) global cropland layer, which is available for five epochs: 
2001–2003, 2004–2007, 2008–2011, 2011–2015 and 2016–2019. We used the epoch most 
closely associated with a fire year of interest. We also removed water bodies using the 
Pekel et al. (2016) yearly water classification product.

Finally, we compared our burned area to ten other products ranging in resolution from 
30 m to a quarter degree (supplemental methods 1.3, Table S6) for the years 2003, 2004, 
2013, 2014, 2015 and 2023. We selected these years because they represent a range of 
large/small fire years across the domain. For example, 2003 is a very large fire year in 
Eurasia but small in North America, 2004 is large in North America but small in in Eurasia, 
and 2013, 2014 and 2015 are relatively large fire years in both. In addition, these years 
represent periods with varying satellite data availability: Landsat 5 and 7 were available 
only in 2003 and 2004; Landsat 7 and 8 in 2014; Landsat 7, 8, and Sentinel-2A in 2015; and 
Landsat 7, 8, 9, and Sentinel-2A and 2B in 2023.

3. Results

3.1. Influence of active fire buffer size on model performance

We evaluated error metrics on a range of active fire buffer sizes to determine how the 
choice of buffer size influenced model performance (Figure 3). For this comparison we 
used a multi-monthly composite UNet++ model trained on the combined North America 
and Eurasia reference fire polygons. We found precision decreased as buffer size 
increased, indicating that more false positives were present with larger buffer sizes. 
However, recall increased as the buffer size increased, indicating there were also fewer 
false negatives. Both the IOU and F1 scores, which incorporate the tradeoffs of precision 
and recall, plateau with a buffer size of approximately 6 km, after which the increase in 
overall performance is minimal. Therefore, for all future model comparisons we used 
a buffer size of 6 km.

The limitation of smaller buffer sizes is further illustrated by visually comparing 
predicted burned areas with different active fire buffer sizes to the reference polygons 
used for model training (Figures S5–S6). With smaller buffers, burned areas can be 
omitted due to spatial mismatches between actual burned locations and recorded active 
fire detections. Consequently, smaller buffer sizes fail to capture portions of fires that 
occurred beyond the immediate vicinity of active fire pixels.

3.2. XGboost vs. UNet++

We compared model performance on the 10% subset of reference polygons sampled 
from the 3000 randomly selected fires (Section 2.5), as well as across the annual and multi- 
monthly composite approaches for both the XGBoost and UNet++ models (Table 1). The 
UNet++ models performed considerably better than the XGBoost models regardless of 
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image composite method (e.g. IOU of 0.80–0.83 vs. 0.64–0.65). Moreover, the multi- 
monthly method resulted in a slightly higher IOU than annual compositing for both 
XGBoost and UNet++.

3.3. UNet++ model performance by region

Because of their superior performance, we limited further evaluation and comparisons to 
the UNet++ models only. All error metrics were evaluated on the testing set of the 5-fold 
cross-validation. We then compared our regional UNet++ models trained on three 
regions: (1) combined North American and Eurasian fires, (2) North American only fires 
and (3) Eurasian only fires. Within each of these three regions we also compared our two 
image compositing methods (Table 2).

The multi-monthly composite method performed better than the annual composite 
method regardless of the training region. Regionally, the North American multi-monthly 
model performed the best (IOU = 0.83) while the Eurasian model performed somewhat 
worse (IOU = 0.71). The combined model (IOU = 0.77) performed worse than the North 

Figure 3. Comparison of intersection over union (IOU), F1, precision and recall across a range of active 
fire buffer sizes in the Arctic boreal zone (ABZ).

Table 1. Comparison of XGBoost and UNet++ models by image compositing method. Metrics used are 
IOU, precision, recall, F1, and accuracy on the testing set. Best scores are shown in bold.

Composite Method Model IOU Precision Recall F1 Accuracy

Annual XGBoost 0.64 0.88 0.71 0.78 0.94
Annual UNet++ 0.80 0.92 0.86 0.89 0.95
multi-monthly XGBoost 0.65 0.88 0.72 0.79 0.95
multi-monthly UNet++ 0.83 0.94 0.88 0.91 0.97

INTERNATIONAL JOURNAL OF REMOTE SENSING 13



American model but better than the Eurasian model. Our models have high precision, 
meaning that when a fire is predicted, it’s likely to be correct. However, their lower recall 
indicates that some fires are missed, suggesting the presence of false negatives. 
Regardless of the region, precision scores tend to be high, but recall scores are more 
variable, particularly in Eurasia which has lower recall than in North America. It is also 
worth noting that precision is somewhat lower when using the multi-monthly composit
ing method compared to the annual method for the combined Eurasia and North 
American models, but recall in the multi-monthly compositing method is considerably 
higher than the annual method. This indicates the multi-monthly compositing method’s 
improved performance is due to a reduction in false negatives – i.e. omissions are 
reduced. A visual comparison of the annual and multi-monthly compositing methods 
demonstrates that the annual method can nearly miss entire fires (Figure S7 a,b,e,f). 
Additionally, even within fires identified by both methods, the multi-monthly composit
ing method more accurately captures the full extent of burned areas (Figure S7 i,j,m,n).

Table 2 highlights regional discrepancies in model performance, but it does not clarify 
whether a model trained on combined data from both regions outperforms models trained 
solely on regional data. In other words, it does not indicate whether a combined North 
America – Eurasia model performs better in North America than a North America-only model, 
or better in Eurasia than a Eurasia-only model. To investigate this, we compared performance 
between region-specific models and the combined model for each region separately (North 
America and Eurasia) using the multi-monthly compositing method (Table 3).

Table 2. Comparison of UNet++ models by image composite methods and training regions. Metrics 
used are IOU, precision, recall, F1, and accuracy on the testing set. Best scores are shown in bold.

Composite Method Region IOU Precision Recall F1 Accuracy

Annual Combined 0.72 0.93 0.76 0.83 0.97
Annual North America 0.76 0.90 0.83 0.87 0.97
Annual Eurasia 0.68 0.89 0.77 0.83 0.96
multi-monthly Combined 0.77 0.86 0.85 0.85 0.98
multi-monthly North America 0.83 0.93 0.88 0.91 0.97
multi-monthly Eurasia 0.71 0.89 0.78 0.83 0.96

Table 3. Comparison of the UNet++ model with multi-monthly image compositing by training and 
evaluation region. Metrics compared include IOU, precision, recall, F1, and accuracy on the testing set. 
Best scores are shown in bold.

Training Region Evaluation Region IOU Precision Recall F1 Accuracy

Combined North America 0.84 0.89 0.94 0.91 0.98
North America North America 0.83 0.93 0.88 0.91 0.97
Combined Eurasia 0.72 0.88 0.80 0.84 0.96
Eurasia Eurasia 0.71 0.89 0.78 0.83 0.96
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Based on this comparison, a combined model does just as well in North America (IOU =  
0.84) as a North American-only model (IOU = 0.83), and just as well in Eurasia (IOU = 0.72) 
as a Eurasian-only model (IOU = 0.71). Interestingly, precision scores for the combined 
model are nearly identical between North America and Eurasia, yet recall scores are 
different (0.94 for North America vs. 0.80 for Eurasia). Hence, the decreased model 
performance in Eurasia compared to North America is due almost exclusively to a larger 
number of false negatives, or omissions. As there is no benefit to using regional-based 
models, all remaining results focus on a combined multi-monthly model.

3.4. Effects of UNet++ probability threshold on model performance

To determine the optimal probability threshold for model implementation, we evaluated 
how precision and recall changed across various thresholds on the test set (Figure 4). For 
our model, precision and recall were most balanced at a probability threshold of 0.5. We 
therefore use a 0.5 probability threshold for model implementation.

3.5. UNet++ model performance by ecoregion

We also evaluated IOU, precision, recall and F1 scores across North American and Eurasian 
ecoregions to assess model performance at finer spatial scales. Using our combined multi- 
monthly image compositing model, it is apparent that IOU scores are variable depending 
on the ecoregion (Figure 5a), particularly within Eurasia, where the IOU scores are the 
highest in Central Siberia (0.79–0.84) and lower in ecoregions further to the south (0.52
–0.59). IOU scores in North America are relatively consistent (0.84–0.90).

Figure 4. Comparison of precision and recall for the combined multi-monthly model within a 6 km 
active fire buffer across different probability thresholds and in the Arctic-boreal zone (ABZ).
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Compared to the combined annual image compositing method, every ecoregion has 
a higher IOU score using the multi-monthly method (Figure 6a). Although the annual 
method has slightly higher precision in most ecoregions in both North America and 
Eurasia (Figure 6c), this difference is offset by the larger recall scores using the multi- 
monthly composite method (Figure 6d), and therefore stronger F1 scores overall 
(Figure 6b).

Given the variation in IOU scores between ecoregions, we compared the association 
between fire size and IOU for the combined model using both the annual and multi- 
monthly compositing methods for fires less than 120 ha in size (Figure S8). Overall, the 
association between fire size and IOU is weak (R2 < 0:01). However, for larger fires within 
the training data (� 25 ha), the IOU scores are consistently higher, particularly when using 
the multi-monthly image compositing method. Since the combined multi-monthly model 
performs better than the annual method, this was our chosen model for final implemen
tation and all further analysis.

Figure 5. Comparison of the intersection over union (a), F1 (b), precision (c) and recall (d) for fires 
within individual ecoregions using the combined multi-monthly model.
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3.6. Burned area comparisons

We compared our predicted burned area to other products across the entire ABZ for the 
years 2003, 2004, 2013, 2014, 2015 and 2023 (Figure 7). Note that regional products not 
covering the entire domain were excluded here.

Although burned area is variable by product and year, on average GABAM predicts the 
most burned area and MCD64A1 the least. Our predictions are generally closest to ABBA 
and FireAtlas (Scholten et al. 2024). While not all products are available across all years, 
when the total burned area is compared for the years 2013–2015 (when all products have 
data; Figure S9), our predicted burned area is the median estimated burned area (34.26 
Mha). The product with the most burned area (GABAM) predicts 71.2% more burned area 
(or 18.8 Mha) than the product with the least (MCD64A1).

We tend to predict slightly more burned area in North America than all other products 
besides GABAM and ABBA (Figures S10, S11). However, except for GABAM, which has 
considerably more burned area than all other products, the differences are relatively 

Figure 6. Comparison of the differenced intersection over union (a), F1 (b), precision (c) and recall (d) 
for fires within individual ecoregions. Differences are calculated by subtracting the combined annual 
compositing method model from the combined multi-monthly image compositing method model.
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small. The results are similar to burned area comparisons in Canada (Figures S12, S13). Of 
particular note is the record-breaking fire year of 2023 in Canada, for which we predict 16.29 
Mha of burned area; 1.73 Mha more than NBAC and 1.00 Mha less than FireAtlas. Our burned 
area predictions in Eurasia (Figures S14, S15) tend to be the median compared to other 
products, and closest in total burned area to FireAtlas. In Siberia (Figures S16, S17), we 
predict less burned area than Talucci, Loranty, and Alexander (2022),which includes 
unburned islands, and again closest in burned area estimates to FireAtlas and ABBA. In 
only Alaska (not shown), we predict 5.84% less burned area than MTBS, or 5.48 vs 5.82 Mha. 
Overall, our burned area estimates are within the range of previous products, although 
there is large inter-annual variability between products depending on year and region.

4. Discussion

Our final model, which used the combined multi-monthly compositing method, per
formed well on unseen test data, achieving an IOU score of 0.77 and an F1 score of 0.85 
(Table 2). Notably, the multi-monthly compositing method outperformed the annual 
compositing method (IOU = 0.72), and the differences in approaches is visually distinct 
(Figure S7). It is likely the multi-monthly performs better than the annual compositing 
method because it is better at detecting understory fires as well as quickly recovering 
grassland or shrubland fires which burn early or late in the season, and therefore are 
already fully recovered one year postfire, which the annual method would not detect. This 
finding is particularly important given that previous burned area studies predominantly 
employed annual compositing techniques (Potter et al. 2023; Rogers et al. 2014; Talucci, 
Loranty, and Alexander 2022; Veraverbeke, Rogers, and Randerson 2015) or sliding 

Figure 7. Comparison of predicted burned area between our model and other products (GFED5, 
MCD64A1, ABBA, FireAtlas, FireCCI and GABAM) across the study domain.
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window approaches, such as that used in the MODIS MCD64A1 product, to detect 
maximum spectral change. To our knowledge, this study is the first to directly compare 
a multi-monthly compositing method against the widely used annual approach. Utilizing 
imagery from within the year of fire occurrence poses challenges, primarily due to 
difficulties in accurately distinguishing snow cover. This issue can introduce substantial 
noise into satellite-derived spectral signals, especially in northern regions. Here, we 
demonstrated that by implementing a snow-masking strategy based on the NDSI, it is 
possible to effectively remove snow-related interference, even in shoulder-season 
months. This enables accurate fire detection using multi-monthly compositing. 
Moreover, this multi-monthly compositing approach could potentially be adapted for 
use in other biomes that experience similar seasonal limitations due to snow cover.

Even with the multi-monthly compositing approach there were notable differences in 
model performance depending on the region of evaluation. Our model achieved an IOU 
of 0.84 in North America but only 0.72 in Eurasia (Table 3). The reasons for this are two- 
fold. First, the reference polygons provided by MTBS/NBAC for North America are likely 
more accurate than any available data in Eurasia, including the source we used (Talucci, 
Loranty, and Alexander 2022). More specifically, NBAC, which constitutes most of the 
reference training data in North America, accounts for unburned vegetation islands, while 
MTBS does not. In Eurasia, the variation in IOU by ecoregion is more pronounced than in 
North America (Figure 5a), likely because the fire regimes vary more in terms of season
ality, type of fire (crown vs surface), and dominant land cover types. In Eurasia, based on 
visual inspection of numerous reference polygons, the Talucci, Loranty, and Alexander 
(2022) data also often do not account for unburned vegetation patches. This is reflected 
by comparing the precision and recall scores in each region. In North America we have 
higher recall (0.94) than precision (0.89; Table 3), which shows we have slightly higher 
rates of false positives (commission error) than false negatives (omission error). In Eurasia 
we have higher precision (0.88) than recall (0.80; Table 3), which shows we have higher 
rates of false negatives than false positives. However, as there is some doubt as to how 
well the reference data initially accounts for unburned vegetation islands, these scores 
may not fully reflect reality. It is likely that the inclusion of unburned vegetation islands in 
the Eurasian testing data artificially deflates our accuracy scores, with the recall score in 
particular being lower than expected with a perfect training dataset. This is further 
confirmed by comparing our predicted burned area only in the region where Talucci, 
Loranty, and Alexander (2022) data exist (Figures 9, S16). We predict considerably less 
burned area than the reference dataset, and are much more in line with the alternative 
products. Secondly, the fire regime in North America is more amenable to satellite-based 
mapping than in Eurasia due to its higher frequency of stand-replacing fire compared to 
the lower-severity surface fires that dominate Eurasia (de Groot et al. 2013; Rogers et al.  
2015). Although we were able to improve the model by using our multi-monthly image 
compositing method instead of the annual method (Figure 6), there is still room for 
improvement. One possible way to improve burned area estimates in this region would 
be to use the full time series of Landsat/Sentinel-2 imagery in a model that incorporates 
both space and time, such as a 3-dimensional CNN or a Long Short Term Memory neural 
network, fused with a CNN. This could be further facilitated by incorporating satellite- 
based radar information, which is not as sensitive to cloud cover as optical imagery and 
thus can provide a more complete time series. It is possible that even the multi-monthly 
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time steps used in this study are not sufficient to fully capture these fast recovering fires. It 
is possible that these methods may be particularly beneficial for mapping fires in southern 
Eurasia where we have comparatively lower recall scores (Figure 5) which indicates the 
presence of false negatives and an underestimation of burned area in this region.

We tend to predict much less burned area than GABAM (Figures 7, S9), which is the 
only other publicly available 30 m product that covers the ABZ. It has previously been 
documented that GABAM includes a high rate of false positives. In particular, there are 
occasions where entire Landsat scenes seem to be classified as burned, which increases 
the total burned area (Clelland et al. 2024). Overall, our burned area estimates across the 
ABZ are closest to FireAtlas and ABBA. While ABBA is a 500 m MODIS product, it was 
developed specifically for the Arctic-boreal region, as opposed to the global MCD64A1 
product, which is likely why the burned area estimates in ABBA are closer to our own.

In Alaska and Canada we predict more burned area than the reference MTBS and NBAC 
datasets (Figures S10, S11). This is related to our higher recall than precision scores in 
North America, which indicate a higher commission error. In particular, by visually 
comparing to NBAC (Figure S18), we can see that there are occasions where we miss 
unburned islands that NBAC detects, but this phenomenon is variable by fire perimeter 
(Figures S19, S20). In addition, we also predict burned area within the active fire buffers 
that NBAC does not include. Across the six chosen years for wall-to-wall implementation 
of our model, 14.8% of our total burned area in Canada came from areas outside of the 
NBAC polygons but within the 6 km active fire buffers.

In Alaska, comparisons to the MTBS dataset (Figures 8, S21) demonstrate that our 
model more accurately incorporates unburned vegetation islands because unlike our 
approach, MTBS fire perimeters typically do not differentiate these unburned islands 
within their boundaries.

Southern Eurasia experienced particularly extensive wildfires in 2003, which was con
sistently observed across all products analysed (Figure S22). Nonetheless, our product 

Figure 8. Comparison of burned area for an example 2005 fire in Alaska according to MTBS, our model, 
GABAM, fire CCI, ABoVE-FED, ABBA and MCD64A1. For ABoVE-FED, yellow colors are closer to 0 and 
red colors are closer to 100% burned fraction for each pixel. For all other products burned area is in 
red.
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frequently estimates less burned area compared to the reference dataset (Talucci, Loranty, 
and Alexander 2022, Figure 9), which is due to our identification of unburned vegetation 
islands.

There are several difficulties that need to be considered when applying the approach 
we used. Firstly, while we used the most accurate reference training data available when 
training our model, neither MTBS nor Talucci, Loranty, and Alexander (2022) consistently 
accounted for unburned vegetation islands. Hence, our model is limited by the accuracy 
of the training data, and it is likely that we still include more unburned islands than truly 
exist. There are methods which will propagate the error of the reference datasets through 
to the final product (Foody 2023), yet these methods require that the accuracy of the 
reference datasets themselves are known. Of the three reference datasets we use the only 
accuracy metric reported is by NBAC, and we do compare our burned area to this product 
when appropriate. Despite this limitation, our model still captures unburned islands that 

Figure 9. Comparison of burned area for a set of 2015 fires in Siberia according to Talucci et al., our 
model, GABAM, fire CCI, MCD64A1, ABBA and FireAtlas.
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reference data sets do not (Figure 8, 9, S21). One approach that may further increase the 
accuracy of a 30 m product would be to use the raster version of MTBS, which includes an 
unburned/low severity fire class, and remove those locations from the MTBS polygons. 
While this approach would remove some areas that truly burned at low severity, it is 
possible the accuracy of classifying unburned islands would improve. Secondly, to limit 
false positives we constrained our predictions to be within 6 km of MODIS or VIIRS active 
fire hits. Without the use of this constraint, our burned area estimates would be con
siderably higher (Figure S23) and arguably less accurate. The use of the active fire hits and 
the selection of the buffer size itself influenced estimated burned area. If the buffer size is 
too small, burned area will be missed (Figures S5, S6); however, if the buffer size is too 
large, the rate of false positive detection will increase.

Another consideration in our approach is the temporal variability in satellite image 
availability, due to additional satellites becoming operational closer to the present. 
Specifically, from 2001 to 2012 only Landsat 5 and 7 imagery is available, from 2013 to 
2016 imagery from Landsat 7 and 8 is available, and from 2017 to 2020 imagery from 
Landsat 7, 8, and Sentinel-2A and 2B is available. To assess whether these differences in 
satellite availability influenced our model results over time, we compared median IOU 
scores across these intervals (Table S7). However, we found no substantial temporal 
variability, with median IOU scores consistently ranging between 0.77 and 0.79.

Lastly, an inherent limitation of our multi-monthly image compositing approach is that 
we can’t deploy our model, and therefore estimate burned area, until we have Landsat/ 
Sentinel-2 imagery available one year post fire (for any given fire year) through 
August 31st (Figure S3). For applications which need near real time burned area estimates 
our method will not be useful and alternative burned area products will need to be used 
instead. As of this writing we can generate burned area from 2001 to 2024 because 
summer imagery from Landsat and Sentinel-2 has been aquired through August 31st of 
the year 2025. If, however, a pure multi-monthly approach was used whereby imagery 
1-year post fire was not still used in the post-fire image compositing (Figure S3), it may be 
possible to use this approach to detect burned areas in near-real time as well.

Despite these considerations, our model performs well overall, producing burned area 
predictions that align with and, in most cases, improve upon previous estimates. Even 
though portions of our reference training data included unburned vegetation islands, our 
approach notably improves upon earlier methods by accurately capturing these 
unburned islands within the majority of the fire scars analysed. Furthermore, our use of 
high-resolution (30 m) imagery for model training results in significantly clearer and more 
precise fire perimeters compared to earlier estimates based on MODIS and VIIRS data. The 
ability to accurately map wildfires at 30 m resolution holds promise for numerous applica
tions, including analysing the feedbacks between vegetation and burn patterns, assessing 
short-interval reburns, characterizing spatial patterns and dynamics of unburned islands, 
quantifying fine-scale impacts on wildlife habitats, evaluating post-fire erosion risks, 
guiding targeted rehabilitation and restoration efforts, and improving carbon emission 
estimates through detailed burn severity assessments.
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5. Conclusion

In this study we developed a deep learning approach based on a UNet++ model to map 
wildfires at 30 m resolution across the ABZ. Evaluated on the years 2001–2020 our 
approach yielded promising results, achieving an overall IOU of 0.77. However, model 
performance varied notably by region, with better performance observed in North 
America (IOU = 0.84) compared to Eurasia (IOU = 0.72).

Our model’s performance in North America is comparable to results reported by 
previous studies (Zhang et al. 2024). In contrast, this research represents the first applica
tion of such a method in Eurasia, marking a significant advancement in mapping burned 
areas across the entire ABZ. Overall, our burned area estimates closely align with MODIS- 
based estimates specifically tailored to the ABZ (Loboda et al. 2024), as well as with those 
derived from VIIRS active fire-based mapping (Scholten et al. 2024). However, when 
compared to the only other available 30 m resolution mapping approach (Long et al.  
2019), our model predicted substantially lower burned area, primarily due to the higher 
rate of false positives that inflated burned area estimates in the previous approach 
(GABAM). Moreover, we better resolved areas within fire boundaries that escaped burn
ing. While we only compared burned area across the ABZ for six selected fire years, future 
research steps include producing an annual burned area product from 2001 to 2023 for 
the ABZ that can be updated annually.
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