
The growing availability of Earth Observation satellite imagery has led to the production of global and regional burned 
area products with higher temporal and spatial resolution. Quality assurance of these products is essential for both 
producers and users before the public release. This requires large volumes of high-quality reference data, which should 
be spatially explicit and have minimal errors to accurately represent the actual areas burned across the eco-regions, 
land cover, topography and climate conditions. Conducting field surveys to generate these reference datasets is not 
feasible due to the high cost and time requirements at a global scale. We address these challenges by developing a 
spatially explicit and accurate reference dataset using deep learning in combination with visual interpretation with the 
high-resolution PlanetScope multi-temporal images. This dataset is prepared to validate the medium to high resolution 
burned area (BA) products in particular, the global BA products from the ESA CCI projects. We selected validation units 
(regular hexagon tessellation, each covering 2500km2) across the world ensuring the representation of all land cover, 
biomes, topography and fire regimes. The deep learning model, used for automatically mapping burned areas between 
pairs of images representing pre-fire and post-fire conditions, is trained and validated using the highly accurate 
datasets of fire perimeters derived interactively from PlanetScope imageries. The extracted reference data include the 
burned area polygons along with the image acquisition dates (pre and post event) that is used for burned area mapping. 
The model built to develop this 3m spatial resolution burned area dataset has OA > 94%, with higher Intersection over 
Union (IoU) and lower losses in both training and validation dataset. In the separate testing sites F-1 score = 0.83 and IoU
= 0.79 was obtained. The training and validation metrics are very similar and high accuracy, IoU and F1 score indicates 
the generalization of the model and no-evidence of overfitting. This model will be implemented to all selected sites 
followed by cleaning and quality assurance of the burned polygons interactively to develop high quality reference burned 
area polygons. 
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BACKGROUND
Forest loss due to fires rose by 5.4% annually from 2001 to 2023, with 2023 setting a record of 12 million hectares burned 
(World Resources Institute, 2024). 
Boreal forests (e.g., Canada, Russia) accounted for ~70% of fire-related tree cover loss, with climate change amplifying fire 
seasons. For example: Canada’s 2023 wildfires burned 18.5 million hectares, nearly double the annual average from 2001–
2022. Tropical and subtropical regions also saw increased fire activity, contradicting earlier reports of declining trends 
(Tyukavina et al. 2022).

▪ Mask out non-burnable area water, snow and bare land, 
▪ Mask out cloud and smoke areas
▪ Multispectral imagery with 10 bands, including pre- and post-event Red, 

Green, Blue (RGB), Near-Infrared (NIR) bands and NDVI.

Model Architecture Overview
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METHOD

▪ Accuracy is consistently high: Both training and validation 
accuracy hover above 95%. The model predicts the 
correct class most of the time.

▪ Dice Coef./IoU/F1 improve over time: You see an upward 
trend in Dice Coef, F1 Score, and IoU Metric, indicating the 
model is improving in capturing the shape and overlap of 
objects (very important in segmentation tasks).

▪ Validation loss decreases: From 0.076 initially to around 
0.03, showing better generalization.

▪ Precision and recall both high: Most validation precision 
and recall values are above 0.85, which means few false 
positives and few false negatives.

Accuracy Metrics

▪ A wildfire detection framework using U-Net with a ResNet34 backbone was developed 
and trained from scratch using Planet imagery with RGB, NIR, and NDVI inputs. 

▪ Learning is occurring effectively — Loss is decreasing, and segmentation metrics (Dice 
coefficicent, IoU, F1) are improving on both training and validation.

▪ Overfitting is not evident — Training and validation metrics are closely aligned. 
▪ Generalization is strong — High validation accuracy, Dice coefficient and F1 score 

indicate that model is likely performing well on unseen data.
▪ Incorporation of Sentinel-2 imagery with additional spectral bands (like SWIR 1, SWIR2) 

could enhance the performance.

DISCUSSION

Reference Burned Area Delineation with Deep Learning Model 

for Validating High Resolution Global Burned Area Maps
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Product
Spatial 

Resolution

Detection 

Method
Key Strength Major Gap

MODIS 500m
Optical/Thermal 

imaging
Historical data

Not suitable for 
small fires

FireCCI51 250m
Optical/Thermal 

imaging
Consistent coverage/Daily 

BA detection 
Not suitable for 

small fires

FireCCIS311 300m
Optical/Thermal 

imaging
Daily BA detection /Better 

for small fire
Not suitable for 

small fires

VNP64A1 500m Thermal imaging Better small-fire detection
Not suitable for 

small fires

Among the most 
prominent satellites for 
burned area monitoring 
and mapping. The ESA 
FireCCI project is 
leveraging Sentinel-2 to 
develop high-resolution 
global burned area 
products.

Site Selection

➢ Stratified Sampling of size 300 considering 

        Continents
       Landcover types
       Biome
       Fire regimes
       Climatic zones

➢ Twenty days range of  pre-fire and post-fire, coincident with S-2 dates (±1 day)

➢ Hexagons Entirely Within a S-2 path/tile , with temporal matching with S-2 A/B
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RESULTS

➢ In order to build end-user confidence, need to provide the product’s quality and consistency that helps users to 
determine the product’s fitness for use.

➢ Deep learning models (e.g., U-Net with ResNet backbones) offer superior segmentation accuracy by learning complex 
spatial features (Khankeshizadeh et al 2024).

➢ 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.

Stage Operation
Output 

Channels

Spatial 

Resolution
Notes

Input
Concatenate pre & 

post images
10 128 × 128

5 bands pre + 5 bands 

post

Initial Conv + 

Pool

Conv7x7 stride 2 + 

MaxPool
64 32 × 32 Downsampling begins

ResNet Layer 1 3 Residual blocks 64 32 × 32 Skip connection saved

ResNet Layer 2
4 Residual blocks 

(stride 2)
128 16 × 16 Skip connection saved

ResNet Layer 3
6 Residual blocks 

(stride 2)
256 8 × 8 Skip connection saved

ResNet Layer 4
3 Residual blocks 

(stride 2)
512 4 × 4

Bottleneck, skip 

connection saved

Decoder
Upsampling + Skip 

Connections

Decreasing 

channels

Increasing 

spatial resolution

Reconstruct 

segmentation mask

Output 1x1 Conv 1 (or classes) 128 × 128
Burnt area 

segmentation mask

Input Data Preparation

PlanetScope scenes with less than 70% cloud cover 
intersecting a validation unit of 2500 km2 within the 

designated time duration are considered

Data preparation
▪ Radiometric calibration
▪ Normalization to Sentinel-2 bands: built-in option provided by Planet 
▪ Histogram matching Landsat/Sentinel-2 – using a selected high-quality reference image 

Mosaicing 

October 8, 2023,                      October 7,8,9, 2023

Before and after Histogram matching

Location (52.689, -75.334)

Proposed 300 sites of 2500km2 covering all land cover types, biomes,  fire regimes, and climatic zones.

Step Options

Data Multi-spectral/multi-sensors indices + DEM + temporal composites

Loss Binary Cross-Entropy to Jacard (IoU) loss

Augmentation Brightness, noise

Validation Leave-one-site-out cross-validation for generalization

Domain Adaptation Metadata embedding, adversarial adaptation

Post-processing Morphological filtering, temporal consistency

Generalization Strategies

▪ Search the PlanetScope Dataset for the 
identified hexagons during fire regimes, of 
20 days apart of two S2 images.

▪ Consider ±1 day from targated date. 
Histogram matching 

▪ Mosaic to confirm final data to consider

Proposed Sites

Actvie fire frequency in 2023

Training and validation metrics (a) 
Loss, (b) overall accuracy, (c) IoU 
(d) F1-metric, (e) Precision metric, 
(f) Recall metric (g) Dice 
Coefficient over Epochs
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