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Abstract


Despite the well-known strong influence of spatial resolution on the quality of burned area mapping and the need for timely environmental information, global wildfire monitoring services are commonly based on coarse spatial resolution (300–500 m) reflectance imagery and deliver products months or years after the present date. The paper presents, for the first time, an algorithm that provides highly accurate near-real-time medium spatial resolution burned area, from 20 m Sentinel-2 imagery. The paper exploits a pioneering sensor-independent potential of a mapping method, based on land surface reflectance modelling and machine learning, originally optimised for Sentinel-3 imagery. The mapping method uses predictions of time series of burned area from a neural network, which are combined with the spatio-temporal density of active fire detections. The mapping method was calibrated and validated using reference datasets for the years 2020 and 2019, respectively. The novelty of this method lies in its high accuracy and multi-latency flexibility: it achieves a Dice coefficient (DC) of 82.7% with zero-day latency, already surpassing the 81.8% accuracy of current state-of-the-art non-time critical methods. As reflectance data availability increases, accuracy scales to DC 84.7% and 85.4% with 5 and 10 days of latency, respectively, and to DC 87.2% for monthly composites with 45 days of latency.
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1. Introduction


The frequency and intensity of extreme wildfires are increasing due to anthropogenic global warming [1,2], leading to longer fire seasons and worsened environmental and socio-economic impacts [3,4]. Therefore, precise, timely information about the areas affected by fires is becoming critical for evaluating the environmental and societal impacts of fires [5]. Burned area (BA) is identified as one of the Essential Climate Variables by the Global Climate Observing System (GCOS) programme [6], as it is critical, for example, in the estimation of the amount of gas and particulate matter released by fires [7,8,9].



Several wildfire monitoring services already provide BA data at a global scale. However, the BA datasets are generated at coarse spatial resolutions (300–500 m). They are often distributed several months or years after the present date on a so-called non-time critical (NTC) basis. For example, the US National Aeronautics and Space Agency (NASA) provides the 500 m MCD64A1 product [10] with a latency of several months. The Copernicus Climate Change Service and the European Space Agency’s Climate Change Initiative (CCI) Fire Disturbance project distribute the 300 m CS3BA11 and FIRECCIS311 products, respectively, with a latency of several years [11,12,13]. The Copernicus Land Monitoring Service (CLMS) is the only exception, as it provides a 300 m product, the CLMBA40nrt, on a near-real-time (NRT) basis, the day after image sensing, and, since recently, at a similar accuracy to the above-mentioned NTC products [14].



Several studies have demonstrated that the quality of BA maps depends strongly on the spatial resolution of input imagery. In particular, medium spatial resolution imagery (20–30 m), from Sentinel-2 and Landsat, leads to large improvements in accuracy due to an improvement in the detection of small fires [15,16], which have considerable implications in the evaluation of fire impacts. Ramo et al. [17] found that using 20 m Sentinel-2 BA estimates instead of 500 m MODIS estimates increased fire emission estimates by 31–101% in sub-Saharan Africa. For this reason, several methods have been developed to provide medium-resolution BA products, but not yet at the global scale.



Semi-automated methods have been used, for example, by the Portuguese Forest Research Centre to provide BA products for Portugal since 1975 [18] or by the Queensland Government between 1986 and 2016 for the state of Queensland in Australia [19,20]. Such methods might yield high-quality BA data, but their reliance on human intervention hinders their implementation at regional or global scales.



Fully automated methods have been used to retrieve BA; however, they have not yet been developed for an NRT basis at a global scale. The United States Geological Survey provides BA data from 1984 onwards for the Conterminous United States, using an algorithm that provides NRT estimates based on temporal mosaics before the mapping day [21]. Roteta et al. [15] also designed an algorithm that provides NRT estimates based on image pairs, but it was also designed for a specific region, sub-Saharan Africa in this case. Furthermore, successive evolutions of this algorithm [22,23] incorporated images acquired after the mapping day, thereby losing the capacity to provide NRT estimates. Roy et al. [16] designed an algorithm to simultaneously use Landsat and Sentinel-2 data by analysing image pairs; in this case, three months of data were needed to map the central month. Long et al. [24] and Bastarrika et al. [22] designed two algorithms to map BA at a global scale, but both used temporal mosaics of reference data before and after the mapping days, rendering those approaches unsuitable for NRT estimates.



The challenge of global BA mapping is the broad diversity of soil reflectivity and fire-related spectral changes across the globe [19,25]. NRT mapping adds the challenge of limited observational data availability, as observations after the mapping day are unavailable. Time series of observations after the mapping day are useful for distinguishing between land surface reflectance changes caused by fire, which persist over time, and ephemeral reflectance changes unrelated to fire, such as shadows cast by clouds. The most recent NRT BA mapping studies propose using temporal or spatio-temporal deep learning models, such as recurrent neural networks or Transformer-based models, possibly because they may be more efficient at exploiting the temporal information embedded in reflectance time series than temporal mosaics or image-pair analyses previously used. However, deep learning needs large amounts of data. For this reason, some studies proposed addressing such data needs by using other global or regional products as training data [26,27,28]. Such practice inevitably limits the algorithm’s output accuracy to that of existing products. Nolde et al. [29] proposed an NRT mapping method for medium- to coarse-resolution (10–500 m) data using a superpixel-based image segmentation technique, temporal mosaics, and a graph-based deep learning model. However, the intermediate accuracy of their output estimates, similar to that of the coarse-resolution 500 m MCD64A1 product [29,30], possibly reflected an inefficient use of temporal reflectance information.



Land surface reflectance modelling of fire effects on vegetation [31,32] has been applied over a relatively large area in southern Africa to map BA using Landsat and Sentinel-2 imagery and machine learning [16]. Building on those methods, Padilla et al. [14] developed an algorithm that implements fire effect modelling and deep learning specifically designed to exploit the temporal evolution of 300 m Sentinel-3 reflectance data, yielding unprecedented accuracy and timeliness in BA estimates. Therefore, the purpose of this study is to demonstrate the suitability of this algorithm for NRT BA mapping from medium-resolution 20 m Sentinel-2 data.



The proposed algorithm can retrieve BA estimates in NRT and on an NTC basis. It is based on a deep learning algorithm trained on a dataset automatically built from a global sample of reflectance time series located at active fire detections. A physically based radiative transfer modelling framework is used to estimate land surface fire effects independently for each time series, thereby building a swarm of quantifications of fire effects, each with an associated spectral evolution. Fractional estimates of fire-affected area predicted by the deep learning model are combined with the spatio-temporal density of active fire detections to reduce false positives. This combination is calibrated using time series of Landsat-derived reference data generated in 2020 by the Copernicus Climate Change Service (C3S). The main output of the algorithm is the date of the BA detection, which was validated against independent C3S reference data from the previous year, 2019. The validation year was selected to enable comparison with the Bastarrika et al. [22] global 20 m BA algorithm, which was also validated using the same 2019 dataset. At the time the calibration analysis started, the archive of Sentinel-2 Level-2A product files was complete for 2020, but not for 2017–2018, which led to the selection of 2020 as the calibration year. The validation results are contextualised by including other operational global products available for 2019 at the time of writing this manuscript: the NTC CLMBA40ntc CLMS product, the MCD64A1 Collection 6 from the United States NASA, the C3SBA11 from C3S, and the FIRECCIS11 from the CCI Fire Disturbance project. The Global Annual Burned Area Map (GABAM) from Long et al. [24] is available for 2019 but is not included in the validation analysis due to its large temporal mismatches with the reference data (one-year temporal resolution vs. up to 48 days).




2. Methods


2.1. Burned Area Mapping


The burned area algorithm used here was developed in the framework of the Copernicus Land Monitoring Service and was originally designed to process Sentinel-3 OLCI&SLSTR imagery. A detailed description of the algorithm can be found in the open access manuscript by Padilla et al. [14]. Therefore, this section includes a summary of the algorithm (Figure 1), its calibration, and the adaptations needed for its use with Sentinel-2 imagery.



2.1.1. Algorithm Overview


The deep learning algorithm consists of a neural network (NN) formed by convolutional layers [33] followed by a Long Short-Term Memory (LSTM) layer [34], a recurrent neural network designed to process the time series of data. The convolutional layers are applied to the spectral and temporal dimensions of the data. Therefore, the NN is applied on a per-pixel basis. The network is trained on a global, automatically built dataset containing time series of reflectance observations and associated fractional BA derived from physically based radiative transfer modelling. Fractional BA is estimated by a spectral mixing model of land surface changes caused by fire effects over vegetation [31,32], and taking into account the effects of land surface anisotropy [35,36] on the Sentinel-2 reflectance measurements. A logistic model is used to combine the fractional BA predicted by the NN with the spatio-temporal density of active fire detections. This combination aims at reducing false positive detections—land surface changes unrelated to fires, such as agricultural practices, fast vegetation senescence or cloud shadows. The generation of the global dataset with reflectance time series, and the NN training and the logistic model calibration analyses are performed once, globally and ‘offline’, outside the processing chain.



The NRT implementation of the algorithm produces one BA map per day (hereinafter referred to as BAS2nrtR0) using reflectance data for that day and the previous 45 days. Additionally, each daily NRT map is updated twice over the following ten days: BAS2nrt0, generated at day zero, is updated in days five (BAS2nrtR5) and ten (BAS2nrtR10), in both cases with all images available until the product generation day. Accuracy is expected to improve with each update, as additional images after the mapping day are expected to reduce errors, such as false positives due to cloud shadows, caused by the scarcity of observations. Lastly, an NTC monthly BA map (BAS2ntc) is produced using all available images for that month and the previous and posterior 45 days. Therefore, BAS2ntc is expected to have the highest accuracy.




2.1.2. Input Data


The BA mapping is mainly based on Sentinel-2 MultiSpectral Instrument (MSI) Level-2A data from the European Space Agency (ESA). The Sentinel-2 mission consists of a constellation of two satellites in the same sun-synchronous orbit (https://sentinels.copernicus.eu/copernicus/sentinel-2, accessed on 28 April 2026). The Level-2A product provides land surface reflectance estimates and a Scene Classification Layer (SCL) that includes information on its quality and land surface type [37]. The MSI swath of 290 km and the two satellites allow a revisit time of 5 days at the equator and 2–3 days at mid-latitudes. The BA algorithm uses five of the 20 m spectral bands: the red band B4, centred at 0.665 µm, two near-infrared (NIR) bands B6 and B8A, centred at 0.740 and 0.864 µm, respectively, and two shortwave infrared (SWIR) bands B11 and B12, centred at 1.610 and 2.190 µm, respectively. Similar to Roteta et al. [15], MSI reflectances are discarded if classified as ‘no-data’, ‘saturated or defective pixel’, ‘cloud shadows’, ‘cloud medium probability’, ‘cloud high probability’, ‘thin cirrus’ or ‘snow or ice’, or if B12 reflectance is below 0.07.



The BA mapping is also based on active fire data from NASA’s 375 m VIIRS active fire and thermal anomalies products [38]. The NRT VNP14IMGTDL VIIRS active fire product is used for the NRT BA processing chain, and the NTC VIIRS VNP14IMGML product for the NTC BA processing. The two active fire products are available at the LANCE archive via HTTP [39] and through the Archive Download tool of the Fire Information for Resource Management System [40], respectively. They provide the spatial location, timing, and degree of confidence for the fire detection. Only detections labelled as ‘vegetation fire’ are used by the algorithm, and those detected over urban areas are excluded, as they may correspond to heat released by industrial buildings [41,42]. Pixels over urban areas are identified using the Land Cover (LC) v2.1.1 product from the Copernicus Climate Change Service [43].




2.1.3. Training Data


The training data are built from a global sample of reflectance time series and associated estimates of the fractional area of a pixel affected by fire (    0 ≤ f   b   ≤ 1  ), retrieved independently for each time series using two semi-empirical models. The details of the semi-empirical modelling can be found in Padilla et al. [14]. In summary, a linear spectral mixing model [31,32] is used to estimate     f   b     and its associated uncertainty from two consecutive land surface reflectance estimates at a common acquisition geometry (Figure 2 and Figure 3). The model assumes that the reflectance of the land surface unaffected by the fire is constant over short time intervals between consecutive observation times. Reflectance at the common acquisition geometry at the observation times immediately before and after the active fire detection times is retrieved from a semi-empirical bidirectional reflectance model [35,36], independently applied over the two segments of the reflectance time series before and after the active fire detection time. The two semi-empirical models are based on linear equations; therefore, the model parameters (expected values and associated uncertainties) are estimated using least-squares estimators. Time series are discarded if (1) spectral model parameter expected values are outside the ranges with physical meaning or (2) the highest     f   b     expected value is found at an observation time not immediately after active fire detection time, which helps avoid using time series with invalid data or without burns, eventually sampled by false active fire detections or due to misalignments between the 375 m VIIRS and the 20 m Sentinel-2 pixels.



The target data to be predicted by the neural network can be represented as a matrix,   Y  , with     t   m a x     columns and two rows: one for each target variable,     f   b    , and one for the probability that     f   b     is above 0.1,     p r o b ( f   b   > 0.1 )  .     t   m a x     represents the number of observations included in a time series. The variable     p r o b ( f   b   > 0.1 )   allows incorporating the uncertainty of the semi-empirical modelling into the following steps of the BA algorithm.     f   b     and     p r o b ( f   b   > 0.1 )   range from zero to one and are zero except for the first observation after the active fire detection time.


  Y =  [       f   b , 1       f   b , 2     …     f   b ,   t   m a x             p r o b ( f   b   > 0.1 )   1         p r o b ( f   b   > 0.1 )   2     …       p r o b ( f   b   > 0.1 )     t   m a x         ]   



(1)







Each reflectance time series can be represented by another matrix,   X  , with     t   m a x     columns and five rows, one for each predictor variable: three spectral bands B4, B8A and B12, in the red, NIR and SWIR regions, respectively, and two spectral indices, the Normalised Difference Vegetation Index (NDVI) and the Normalised Burn Ratio Index 2 (NBR2) [44]. Spectral changes in the red, NIR, and SWIR spectral regions are strongly related to changes in leaves’ chlorophyll content and structure, canopy cover and landscape dryness [45]. Spectral indices are commonly used for burned area mapping because they are less affected by variations in image acquisition geometry than raw reflectance observations. NBR2 is often used in global burned algorithms [13,22], and NDVI has been found useful for reducing false positives (incorrect burned detections) associated with agricultural harvesting [46].


  X =  [       ρ   r e d , 1       ρ   r e d , 2     …     ρ   r e d ,   t   m a x           ρ   N I R , 1       ρ   N I R , 2     …     ρ   N I R ,   t   m a x           ρ   S W I R , 1       ρ   S W I R , 2     …     ρ   S W I R ,   t   m a x           N D V I   1       N D V I   2     …     N D V I     t   m a x           N B R 2   1       N B R 2   2     …     N B R 2     t   m a x         ]   



(2)







Preliminary tests showed that the best performance was observed with NN predictions from data of the same temporal length as the training data, particularly for short time series. Therefore, multiple training sets were generated across several time series lengths, with     t   m a x     ranging from 3 to 20. Each set of training data is divided into three (sub)datasets, the training, validation and testing datasets, containing, respectively, 58,485, 12,938 and 10,385 burned samples (i.e., time series with an associated active fire detection), and the same number of unburned samples, located far away from fire detections. It is important to emphasise that, here, the term ‘validation’ follows the machine learning naming convention to refer to an intermediate model assessment, not to be mistaken for the products’ independent validation analyses presented in Section 2.2.



A cluster sampling design is followed to sample reflectance time series across the globe in 2020. The clusters are defined spatially by the delineations of the 100 km × 100 km Sentinel-2 tiles and temporally by calendar months. In total, 627 tiles are randomly selected across the globe: 60% (375) for training, 20% (126) for validation and 20% (126) for testing the model (Figure 4). For each selected tile, time series are sampled at 12 clusters (one per month) within a 40 km × 40 km spatial window, each located at the centre of the tile. In order to address the class imbalance problem—in our case, the high prevalence of unburned area—on each selected cluster, the same number of burned and unburned time series are sampled: up to 10,000 reflectance time series are sampled at the locations of the VIIRS active fire detections, and up to the same number of time series are sampled at locations far away from fire detections, further than 20 km and 40 days from any fire.




2.1.4. Neural Network Training


The neural network contains two blocks of 1-dimensional (1D) convolutional layers followed by a bidirectional Long Short-Term Memory (LSTM) [34] layer (Figure 5). The convolutions are applied to the spectral and temporal dimensions of the data. As recommended by De Fauw et al. [47], two blocks of 1D convolutional layers are used instead of 2-dimensional convolutional layers, leading to a smaller and faster network with similar accuracies: three 1D convolutional layers applied on the spectral dimension, with 64, 96 and 64 filters respectively and a kernel size of five, are followed by the other three 1D layers, with the same number of filters, 64, 96 and 64 filters respectively, applied on the temporal dimension with kernel size of five or up the length of the time series if that is lower than five (Table 1). The convolutional layers are followed by an LSTM layer with 64 filters and a fully connected layer, the latter activated with the sigmoid function to ensure a meaningful output range of 0 to 1. The other layers are activated by a linear function, and a dropout of 0.2 is applied in each layer. The weights and biases of the activation functions are initialised with the Glorot uniform method [48], the default method in the software used: TensorFlow [49] version 2.13.0.



One neural network is trained separately for each of the 18 sets of training data (with     t   m a x     ranging from 2 to 20). Each neural network, which contains up to 210,000 parameters, is trained by minimising the mean squared error (MSE) with Adam’s optimisation algorithm [50], with a learning rate of 0.0001 and 64 elements per batch until the MSE did not decrease by more than     10   − 6     over 50 epochs, evaluated with the validation dataset after each epoch. The network was evaluated with the testing dataset only once, after the training was finalised.




2.1.5. Burned Area Prediction


Time series of     f   b     and     p r o b ( f   b   > 0.1 )   maps (one for each reflectance image acquisition) are generated by the trained neural networks, covering the products’ mapping periods—i.e., a natural month for the NTC and a single day for the NRT products—and an additional 15-day buffer. Pixels located far from active fires (more than 20 km and 40 days from any fire) are flagged as unburned and excluded from the analyses, which allows a large improvement in computational speed. This computational optimisation implies a small penalty, in the form of an omission of less than 0.2% of the burned area, according to a comparison between this VIIRS-based unburned mask and 30 m Landsat-derived reference data, undertaken during the preparation of the original algorithm calibration for Sentinel-3 data [14].



The neural network prediction     p r o b ( f   b   > 0.1 )   is combined with the density of active fire detections (  A F d e n s i t y  ) using a logistic regression model designed to predict the probability that a pixel is classified as burned by the reference data,   p r o b  (  b  )   . Fire density is based on a Gaussian kernel with a standard deviation of 2 km and 4 days, and is temporally accumulated to match the time intervals between consecutive reflectance image acquisitions. The large kernel size in the spatial dimension (2 km) helps limit the spatial ‘mismatches’ between the 375 m VIIRS active fire detections and the 20 m Sentinel-2 reflectance observations. The   A F d e n s i t y   aggregations across the temporal dimension allow addressing the datasets’ temporal mismatches, caused by cloud coverage and the different satellite revisit frequencies: daily (VIIRS) vs every 5 days (Sentinel-2).



This logistic model is calibrated separately for the two mapping modes, NTC and NRT (at day 0), using the C3S BA reference data for 2020, which includes long time series (≥48 days) of Landsat-based BA maps across 106 units. The time series of maps of     p r o b ( f   b   > 0.1 )   and   A F d e n s i t y   (one every ~5 days) are temporally mosaicked to match the periods covered by the reference data, similarly as in the final temporal mosaics of the product (mentioned in the paragraph below) and with the   A F d e n s i t y   value of the acquisition time with the highest     p r o b ( f   b   > 0.1 )  . The pixels with estimated   p r o b  (  b  )    below a specific threshold are flagged as unburned (i.e.,     p r o b ( f   b   > 0.1 ) = 0   and     f   b   = 0  ). This threshold is selected according to the output’s accuracy measured by the Dice coefficient; 21 threshold candidates were tested, from 0 to 1 with increments of 0.05, and the one leading to the highest Dice coefficient was selected as the optimal   p r o b  (  b  )    threshold. Each dataset used to calibrate the logistic model contains 1 million observations sampled across the 106 units. The stratified random sampling design of the reference data is taken into account by allocating the sample across the units inversely proportional to the inclusion probability. Therefore, the logistic regression and the   p r o b  (  b  )    threshold are representative of the entire globe.



The output products consist of temporal mosaics of burn dates (day of the year) detected during the mapping period: for the NTC product, a whole calendar month, and for the NRT product, a single day. The highest     p r o b ( f   b   > 0.1 )   value determines the detection date when multiple burns are detected across the product mapping period and the additional 15-day buffer. Pixels with no prediction available during the mapping period (with no observation available during the mapping period or with less than three reflectance observations during the entire mapping period and the previous and posterior 45 days) are flagged as no-data (−1).





2.2. Validation Analysis


The validation dataset was generated by the Copernicus Climate Change Service (C3S) for 2019 [51], similarly to the 2020 reference dataset used for algorithm calibration (see previous section). The dataset consists of long time series of BA maps, generated by supervised classifications of consecutive Landsat image pairs, covering approximately 100 × 100 km2 squares, for a sample of 105 units distributed across the globe, following a stratified random sampling design based on the Ecoregions 2017 biomes [52]. The validation analysis for the Sentinel-2 products presented here focused on 40 × 40 km2 squares centred on each sampled unit to keep the computational effort required for product generation at affordable levels. The amount of data available in each unit, commonly referred to as cluster size, affects the uncertainty but not the bias of the accuracy estimates [53]. Therefore, using the 40 × 40 km2 cluster instead of the 100 × 100 km2 cluster might increase the standard errors of the accuracy estimates, but it is not expected to introduce any bias. The accuracy measures are derived from error matrices generated by a cross-tabulation analysis, as is common in BA products [54]. Accuracy inferences consist of a stratified combined ratio estimator [55], which accounts for the amount of available data in each sampling unit. Similarly as in Padilla et al. [14,56], product pixels with no-data are considered as no-data and accuracy measures are defined as ratios: (1) the Dice coefficient (DC) [56], the conditional probability that one classifier identifies a pixel as burned, given that the other classifier also identified it as burned, (2) the commission error ratio (Ce), the amount of commission errors divided by the total product BA, (3) the omission error ratio (Oe), the amount of omission errors divided by the total reference BA, and (4) the relative bias (relB), the difference between the product and reference BA divided by the reference BA.





3. Results


The observed NN training performances are relatively high. The highest performance is observed at the longest time series (    t   m a x   = 20  ): similarly across the three evaluation datasets, training, validation and testing, the correlation coefficient (    r   2    ) and root mean squared error (RMSE) for the fractional BA (    f   b    ) are approximately 0.8 and 0.03, respectively; for     p r o b ( f   b   > 0.1 )  , 0.79 and 0.07, respectively (Figure 6). The observed training performance declines with time series length, leading to the lowest RMSE of approximately 0.08 and 0.15 for     f   b     and     p r o b ( f   b   > 0.1 )  , respectively, at the shortest time series (    t   m a x   = 3  ).



The distribution of reference burned classifications across the two-dimensional space of     p r o b ( f   b   > 0.1 )   and   A F d e n s i t y   (the two explanatory variables of the logistic model) is clearly different from that of the unburned classifications (Figure 7). Similarly, in both mapping modes, NTC and NRT, particularly in NRT, the proportion of burned classifications is highest for high     p r o b ( f   b   > 0.1 )   and high   A F d e n s i t y  . Proportions of burned classifications are slightly higher in intermediate levels of     p r o b ( f   b   > 0.1 )   for NTC than NRT mapping modes. Such variations in data distributions are well modelled by the logistic regressions; the receiver operating characteristic’s area under the curves (AUCs) [57,58] are 0.972 and 0.968 for NTC and NRT, respectively (Figure 8). The identified optimal thresholds of   p r o b  (  b  )    (probability of reference burned classification, the outcome of the logistic model), which led to the highest accuracy, are 0.25 and 0.5 for NTC and NRT, respectively. Nearby threshold candidates lead to similarly high accuracies (Figure 9).



According to the validation results based on the 2019 C3S global reference dataset, the Sentinel-2 NTC mapping (BAS2ntc) produces the most accurate BA estimates (Dice coefficient (DC) of 87.2% and commission and omission error ratios of 13.2% and 12.5, respectively), closely followed by the NRT mapping with the highest latency (DC 85.4% for BAS2nrtR10). The accuracy of the NRT estimates gradually decreases along with the mapping latency (DC 84.7% and 82.7% for BAS2nrtR5 and BAS2nrtR0, respectively). Clearly, lower accuracies are observed in the coarse-resolution BA products (DCs around or below 75%).



The accuracies inferred at global scale are somewhat replicated at biome level (Figure 10), particularly for two of the eight biomes: Tropical Savanna and Tropical Forest. Departures from global inferences vary across the other biomes, particularly in Boreal Forest, Deserts and Xeric Shrublands, where the accuracy of the Sentinel-2 BA mapping is similar to, and lower than, that of the coarse-resolution products. Particularly in the latter case, the uncertainty in the Sentinel-2 BA accuracy is remarkably large (see the large 95% confidence intervals in Figure 10).




4. Discussions


This study used a burned area (BA) mapping method based on deep learning developed originally for Sentinel-3 OLCI&SLSTR data [14] but implemented here for Sentinel-2 MSI data.



The relatively high neural network (NN) training performance with Sentinel-2 data, which increases with the length of the time series, similarly to what was observed with Sentinel-3 data [14], reflects the consistency of the NN architecture in retrieving accurate estimates regardless of the source of reflectance data. Likewise, the distinct distributions of burned and unburned reference classifications across the two-dimensional space of NN-predicted     p r o b ( f   b   > 0.1 )   and active fire detection density (  A F d e n s i t y  ), broadly similar in Sentinel-2 and -3 data, reflect the usefulness of a single logistic model to incorporate active fire information, regardless of the source of reflectance data. The flat curves around the selected thresholds of   p r o b  (  b  )    (Figure 9) reflect the relatively low sensitivity of the output’s accuracy to the threshold selection.



The implementation of the NN convolutional layers on the temporal and spectral dimensions of the data enabled the use of a computationally efficient, relatively small neural network (<300,000 parameters). The generation of each daily NRT and monthly NTC product takes, on average, 6.5 and 19 min, and up to 20 and 40 GB of memory, respectively, per 100 km × 100 km Sentinel-2 tile. This is in the same order of magnitude as the computational runtimes of another Sentinel-2 BA algorithm run in Google Earth Engine [59]. In our case, the computational requirements were measured in a 15-CPUs (Intel(R) Core(TM) i7-10700K CPU @ 3.80 GHz) computer, generating products over a multiyear period covering a fire-prone region (approximately 105 km2) in the north east of Spain.



The benefits of adding convolutional layers on the spatial dimension are unclear in the literature. While Belenguer-Plomer et al. [60] found there was no such benefit, other studies successfully implemented convolutional layers simultaneously on the spatial, temporal and spectral dimensions [26,61,62], however, needing very large NNs and training data made of pre-existent global BA products to estimate BA at very coarse 0.01–0.25° spatial resolutions. The large size of such NNs, up to 3.5 million parameters [26], may lead to computationally expensive algorithms, which can be of concern for NRT applications. Furthermore, using global BA products as training data might lead to the transfer of product quality issues into NN predictions. Therefore, further research should be conducted to ensure the NNs’ computational efficiency and to generate large amounts of high-quality spatio-temporal training data.



The accuracy of the Sentinel-2 NTC BA, BAS2ntc, Dice coefficient (DC) 87.2%, is slightly higher than the accuracy of the equivalent Sentinel-2 BA algorithm available in the literature, developed by Bastarrika et al. [22] (DC 81.8%), also evaluated with the same 2019 C3S reference dataset but using the full spatial extent of the sampled units, 100 × 100 km2—commonly referred to as cluster size in the sampling design literature ([54], Chapter 9). The use of a smaller cluster size in this study (40 × 40 km2) did not increase the uncertainty of the accuracy estimates: the magnitudes of the standard errors of the accuracy estimates reported here (Table 2) are similar to those in Bastarrika et al. [22]. This might reflect a strong positive intracluster spatial autocorrelation of errors, similarly as in previous BA validation exercises [63]. Positive spatial autocorrelation is common in the spatial distribution of classification errors [53]. It might explain the limited extra information added when cluster sizes are increased, leading to limited reductions in the uncertainty of estimates.



The higher accuracy of BA as timeliness decreases (Table 2) reflects the expected benefits of using reflectance observations after the mapping period, which help reduce false BA detections caused by cloud shadows. The highest gains in accuracy at the shortest prediction latencies—DC increases 2% between 0 and 5 days of latency (between BAS2nrt0 and BAS2nrt5) and 0.7% between 5 and 10 days (between BAS2nrt5 and BAS2nrt10)—indicate the effects of the reflectance observations availability following the mapping periods, particularly when those are scarce.



The large uncertainties in the accuracy estimates for some products in some biomes and the relatively large variability in differences between products at the biome level reflect the small validation sample sizes allocated in some biomes. It is important to emphasise that the sample allocation in the C3S reference datasets was designed to provide accurate estimates at the global level, not at the biome level [30,54]. Therefore, per-biome accuracy results must be interpreted with caution. Small sample sizes together with large variability in accuracies in some biomes might raise questions about the validity of accuracy inferences in some cases [30,54].



The results of this study demonstrate that a semi-empirical and deep learning-based method, originally designed for Sentinel-3 OLCI&SLSTR data [14], can be used to retrieve highly accurate BA estimates from Sentinel-2 MSI data. The high accuracies of Sentinel-2 and -3 BA estimates, in both cases higher than equivalent global products, yet retrieved by a single BA mapping method, provide support for the sensor independence of this method, which can be critical for integrating ever-evolving satellite technologies and expanding fire-monitoring systems. Such sensor independence could be key to facilitating the transfer of developments from one satellite sensor to another and keeping the costs of monitoring system development down. Our work provides opportunities to develop new BA monitoring systems by combining existing missions’ data (e.g., Sentinel-2 and Landsat) or integrating new satellite instruments, such as the EUMETSAT geostationary MTG-FCI, which has been available since September 2024 and delivers 0.5–1 km radiance imagery every 10 min. In the latter case, some modifications are needed to ingest radiance instead of reflectance observations. Additionally, the mapping method used here is able to provide estimates at several levels of latency—with accuracy estimates increasing along with latency. BA estimates are retrieved as daily maps at NRT, with 0, 5, and 10 days of latency relative to the mapping day, and as monthly mosaics at NTC with 45 days of latency. Such capability might facilitate the usage of BA products in time-critical wildfire impact applications by providing a range of choices with several levels of accuracy and latency.




5. Conclusions


This study presents the results of the calibration and the validation of a burned area (BA) mapping method, based on semi-empirical modelling and deep learning, originally developed for Sentinel-3 OLCI&SLSTR data but implemented here with Sentinel-2 MSI data. The mapping method uses a neural network (NN) with two blocks of 1-dimensional convolutional layers applied to the temporal and spectral dimensions of the data, along with a bidirectional Long Short-Term Memory layer. Additionally, a logistic model is used to account for the spatio-temporal density of active fire detections. The similar NN training performance and logistic regression results obtained here with Sentinel-2 data, compared to those with Sentinel-3 data, indicate the usefulness of this mapping method regardless of the source of reflectance data. Additionally, the mapping method used here is able to provide BA estimates across a wide range of latencies. The accuracy of the estimates increases with the latency, which allows for a higher amount of observations posterior to the mapping period and helps avoid false positive classifications caused by cloud shadows. Similarly, and as is the case for Sentinel-3, Sentinel-2 BA estimates have a similar or higher accuracy—DC 82.7% for daily maps with 0 days of latency, DC 84.7% with 5 days, DC 85.4% with 10 days, and DC 87.2% for monthly composites derived on a non-time critical basis (NTC) with 45 days of latency—than equivalent global algorithms found in the literature, in this case only one—DC 81.8% for NTC BA.
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Figure 1. The burned area mapping algorithm workflow. The calibration steps (blue boxes) run once, global and offline, and prepare the algorithm to be run in the operational processing chain (orange boxes). The arrows indicate the data flow, which starts at the input data (grey boxes). 
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Figure 2. Illustration of the semi-empirical modelling for a time series of Sentinel-2 MSI NIR band B8A reflectance observations (at wavelength 0.864 µm;     ρ   0.864    ) at an active fire detected in the Asian Boreal Forest in August 2020. The left panel shows the reflectance observations before (green) and after (orange) the active fire detection time. The middle panel shows the acquisition geometry angles: viewing zenith angle (VZA), solar zenith angle (SZA) and relative azimuth angle (RAA). The right panel shows the estimated NIR reflectance before (green) and after (orange) the active fire detection time, normalised to a common acquisition geometry. The solid lines represent the expected values, and the shaded areas the 95% confidence intervals. 






Figure 2. Illustration of the semi-empirical modelling for a time series of Sentinel-2 MSI NIR band B8A reflectance observations (at wavelength 0.864 µm;     ρ   0.864    ) at an active fire detected in the Asian Boreal Forest in August 2020. The left panel shows the reflectance observations before (green) and after (orange) the active fire detection time. The middle panel shows the acquisition geometry angles: viewing zenith angle (VZA), solar zenith angle (SZA) and relative azimuth angle (RAA). The right panel shows the estimated NIR reflectance before (green) and after (orange) the active fire detection time, normalised to a common acquisition geometry. The solid lines represent the expected values, and the shaded areas the 95% confidence intervals.



[image: Fire 09 00195 g002]







[image: Fire 09 00195 g003] 





Figure 3. Illustration of Sentinel-2 MSI red, NIR and SWIR observations (bands B4, B8A and B12, respectively; left panel) for the same time series shown in Figure 2, with the associated active fire detection (dashed orange vertical line), and the probability density function of the fraction of fire-affected material     f   b     retrieved by the semi-empirical modelling (right panel). 
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Figure 4. Spatial distribution of the units used to sample the reflectance time series for the training, validation and testing datasets (top panel) and number of reflectance time series at VIIRS active fires (up to 2642 per unit; bottom panel). For brevity, the number of unburned time series is not plotted. 
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Figure 5. Diagram of the neural network’s architecture designed for time series with five or more observations (    t   m a x   ≥ 5  ). For shorter time series, only the kernel dimension of the temporal convolution differs (see main text for details). The numbers within brackets represent the shapes of the input and output data (  X   and   Y  ), the sizes of the kernels and the number of filters used for the convolutional layers (Conv1d; the first three Conv1d layers for the spectral dimension and the following three for the temporal dimension) or the number of filters used for the Long Short-Term Memory (LSTM) and the fully connected dense layers (Dense). All layers are activated by a linear function, except the last one (Dense), which is activated by the sigmoid function, with dropout of 0.2 in all cases. 
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Figure 6. Scatter plots between NN predictions and reference data (inferences from semi-empirical modelling) for the two target variables (    f   b     and     p r o b ( f   b   > 0.1 )  ), in the training, validation and testing datasets (top, middle and bottom panels, respectively) with the time series of 20 observations. The density of points is represented by the colour palette. The solid black line represents the 1:1 line. 
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Figure 7. Distribution of proportions of reference burned classifications,   p r o p  (  b  )   , across the dimensional space of the explanatory variables of the logistic model for the NTC and NRT mapping modes. The contour lines represent the probability of a burned classification,   p r o b  (  b  )  ,   estimated by the logistic model. 
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Figure 8. Receiver operating characteristic curves for NTC and NRT. 
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Figure 9. Global inference accuracy, based on the 2020 C3S global reference dataset, across the candidates of threshold of probability of a burned classification,   p r o b  (  b  )  ,   for the NTC and NRT mapping modes. 
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Figure 10. Per-biome inferences of accuracy for 2019, Dice coefficient (DC), commission error ratio (Ce), and omission error ratio (Oe) expressed as %. Error bars represent 95% confidence intervals. 
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Table 1. Summary of the neural network’s hyperparameters.






Table 1. Summary of the neural network’s hyperparameters.





	Name
	Values





	Temporal convolutional kernel size
	5



	Filters of the convolutional layers
	64, 96 and 64



	Filters of the LSTM layer
	64



	Activation functions
	Linear; sigmoid for the last layer



	Dropout
	0.2



	Weights and biases initialisation
	Glorot uniform method



	Loss function
	Mean squared error (MSE)



	Stopping criteria
	MSE decreases <     10   − 6     over 50 epochs



	Learning rate
	0.0001



	Software
	Tensorflow 2.13.0










 





Table 2. Global inferences of accuracy for 2019, Dice coefficient (DC), commission error ratio (Ce), omission error ratio (Oe) and relative bias (relB) expressed as %. Standard errors are shown in parentheses.






Table 2. Global inferences of accuracy for 2019, Dice coefficient (DC), commission error ratio (Ce), omission error ratio (Oe) and relative bias (relB) expressed as %. Standard errors are shown in parentheses.





	Product
	DC (%)
	relB (%)
	Ce (%)
	Oe (%)





	BAS2ntc
	87.2 (1.0)
	0.7 (1.7)
	13.2 (1.1)
	12.5 (1.4)



	BAS2nrtR10
	85.4 (1.3)
	−2.2 (2.2)
	13.6 (1.3)
	15.5 (1.9)



	BAS2nrtR5
	84.7 (1.4)
	−3.5 (2.4)
	13.7 (1.5)
	16.7 (2.0)



	BAS2nrtR0
	82.7 (1.6)
	−5.2 (2.8)
	15.0 (1.7)
	19.5 (2.2)



	CLMBA40ntc
	75.6 (1.8)
	−3.4 (3.5)
	23.0 (1.3)
	25.7 (2.8)



	FIRECCIS311
	68.7 (2.4)
	−26.4 (2.6)
	19.0 (1.6)
	40.4 (2.9)



	MCD64
	60.3 (3.1)
	−42.6 (3.7)
	17.2 (1.3)
	52.5 (3.5)
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