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for Validating High Resolution Global Burned Area Maps

Bhogendra Mishra'!, Daniela Stroppiana', M. Lucrecia Pettinari?, Emilio Chuvieco?
'Consiglio Nazionale delle Ricerche-Istituto per il Rilevamento Elettromagnetico del'/Ambiente (CNR-IREA), Italy, 2Environmental Remote Sensing Research Group, Department of Geology, Geography and the
Environment, Universidad de Alcala, Spain

The growing availability of Earth Observation satellite imagery has led to the production of global and regional burned Forest loss due to fire_s rose by 5.4% annually from 2001 to 2023, with 2023 setting a record of 12 million hectares burned
area products with higher temporal and spatial resolution. Quality assurance of these products is essential for both (World Resources Institute, 2024). _ o -
producers and users before the public release. This requires large volumes of high-quality reference data, which should Boreal forests (e.g., Canada, Russia) accounted for ~70% of fire-related tree cover loss, with climate change amplifying fire
be spatially explicit and have minimal errors to accurately represent the actual areas burned across the eco-regions, seasons. For example: Canada’s 2023 wildfires burned 18.5 million hectares, nearly double the annual average from 2001-
land cover, topography and climate conditions. Conducting field surveys to generate these reference datasets is not 2022. Tr.oplcal and subtropical regions also saw increased fire activity, contradicting earlier reports of declining trends
feasible due to the high cost and time requirements at a global scale. We address these challenges by developing a (Tyukavina et al. 2022). Spatial Detection

spatially explicit and accurate reference dataset using deep learning in combination with visual interpretation with the Among the most Product Resolution Method Key Strength Major Gap
high-resolution PlanetScope multi-temporal images. This dataset is prepared to validate the medium to high resolution prominent satellites for : .

burned area (BA) products in particular, the global BA products from the ESA CCl projects. We selected validation units burned area monitoring MODIS 500m Optl_cal/Thermal Historical data Not suitable for
(regular hexagon tessellation, each covering 2500km?) across the world ensuring the representation of all land cover, and mapping. The ESA maging _ : sma'll fires
biomes, topography and fire regimes. The deep learning model, used for automatically mapping burned areas between FireCCl project is FireCCI51 250m Optical/Thermal Consistent coveruage/Dan}ly Not suitable for
pairs of images representing pre-fire and post-fire conditions, is trained and validated using the highly accurate leveraging Sentinel-2 to Imaging BA detection small fires
datasets of fire perimeters derived interactively from PlanetScope imageries. The extracted reference data include the develop high-resolution FireCCIS31] 300m Opti.cal/Thermal Daily BA detectio.n /Better Not suital?le for
burned area polygons along with the image acquisition dates (pre and post event) that is used for burned area mapping. global burned area Imaging for small fire small fires
The model built to develop this 3m spatial resolution burned area dataset has OA > 94%, with higher Intersection over roducts. ) ) i i Not suitable for
Union (loU) and lower losses in both training and validation dataset. In the separate testing sites F-1score = 0.83 and loU P UYL Ut WU E ST L2 p i BRG] small fires

= 0.79 was obtained. The training and validation metrics are very similar and high accuracy, loU and F1 score indicates » In order to build end-user confidence, need to provide the product’s quality and consistency that helps users to

the generalization of the model and no-evidence of overfitting. This model will be implemented to all selected sites determine the product’s fithess for use.

followed by cleaning and quality assurance of the burned polygons interactively to develop high quality reference burned > Deep learning models (e.g., U-Net with ResNet backbones) offer superior segmentation accuracy by learning complex
area polygons. spatial features (Khankeshizadeh et al 2024).

Keywords: Burned Area, High Resolution, PlanetScope, Deep Learning, FireCCI. » Challenges include data variability, topographical and environmental factors affecting classification accuracy.

» This study focuses on developing high-quality reference data using a deep learning based generalized model to address
the persistent issues on data, topographical and environmental variability.
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