Global satellite forest loss mapping conflates transient canopy disturbance with forest destruction

Supplementary Methods 1. Vegetation type and fire-loss classification
The NSW State Vegetation Type Map (SVTM) was used to identify vegetation types across the study area1. Original vegetation classes were grouped into wet sclerophyll forest, dry sclerophyll forest, other forest/woodland, non-forest native vegetation and cleared land. Other forest/woodland included wooded formations outside the target wet and dry sclerophyll forests, such as rainforest, grassy woodland and forested wetland, whereas non-forest native vegetation included heathland, shrubland, grassland and wetland. Subsequent analyses retained only wet and dry sclerophyll forests as the target eucalypt forest domain.

Fire extent and severity were obtained from the Fire Extent and Severity Mapping (FESM) dataset2. FESM distinguishes unburnt areas and four fire severity classes: low, moderate, high and extreme. FESM severity was used as the primary measure of fire impact. Low severity generally represents effects concentrated in surface fuels or understorey vegetation with limited canopy damage, moderate severity indicates greater understorey and canopy effects, and high and extreme severity represent progressively greater canopy scorch, consumption and structural damage2.

Fire-related forest loss was obtained from the UMD GLAD Global Forest Loss Due to Fire dataset3, which identifies the subset of annual forest loss in the Hansen Global Forest Change product associated with fire4. The original mapped period covered 2001–2019, and the annual GLAD product was subsequently extended to later years. We used the updated annual fire-related forest-loss layer and retained its medium- and high-certainty fire-loss values for 2019 and 2020 as candidate pixels for the 2019–2020 Black Summer fire season.

Because the target fire season extended from 1 July 2019 to 30 June 2020, the NPWS Fire History—Wildfires and Prescribed Burns dataset5 was used to reduce inclusion of candidate fire-loss pixels associated with fires outside this period. Candidate 2019 pixels overlapping fires recorded between 1 January and 30 June 2019 were excluded, as were candidate 2020 pixels overlapping fires recorded between 1 July and 31 December 2020. NPWS fire-history polygons were buffered by 60 m before overlay to reduce spatial mismatch between mapped fire boundaries and raster pixels. The fire-loss raster was aligned to the approximately 10 m SVTM analysis grid using nearest-neighbour resampling.

The resulting layer represented fire-related forest impact associated with the 2019–2020 fire season rather than the complete extent of burnt forest. Within the FESM-burnt wet and dry sclerophyll forest domain, pixels retained as fire-related forest loss were classified as Global Wildfire Forest Impact Loss (GWFIL), while the remaining burnt forest pixels were classified as Global Wildfire Forest Impact Stable (GWFIS). These classes were subsequently compared using spectral, structural and field observations to evaluate the ecological meaning of mapped wildfire-related forest loss.

Supplementary Methods 2. Remote-sensing proxies
Quarterly Sentinel-2 NBR2 composites were generated from the Google Earth Engine Sentinel-2 Level-2A surface reflectance collection (COPERNICUS/S2_SR_HARMONIZED).6 Images with more than 20% cloud cover were excluded, and cloud-affected pixels were masked using the Scene Classification Layer (SCL). NBR2 was then calculated for the remaining observations and aggregated into quarterly median composites. The analysis used the stored quarterly layers directly rather than rebuilding composites from scene-level imagery. NBR2 was calculated from the Sentinel-2 shortwave-infrared bands as:

where B11 is the Sentinel-2 SWIR1 band and B12 is the SWIR2 band. For the main temporal analysis, three seasonally matched quarterly composites were used: April–June 2019 (pre-fire), April–June 2020 (immediate post-fire), and April–June 2025 (five years post-fire). These layers were used to characterise pre-fire and post-fire spectral conditions. NBR2 is sensitive to vegetation and soil moisture, charred residues and changes in exposed post-fire surfaces, and is therefore useful for describing surface moisture and burn residues after fire7.

Global Ecosystem Dynamics Investigation (GEDI) Version 2 monthly gridded products retrieved from Google Earth Engine were used to characterise three-dimensional forest structure8: (LARSE/GEDI/GEDI02_A_002_MONTHLY) for RH98, (LARSE/GEDI/GEDI02_B_002_MONTHLY) for canopy cover and foliage height diversity (FHD), and LARSE/GEDI/GEDI04_A_002_MONTHLY for aboveground biomass density (AGBD; Mg/ha). For the April–June 2019, 2020 and 2025 structural exports, L2A required quality_flag = 1, degrade_flag = 0 and non-negative RH metrics; L2B required algorithmrun_flag = 1, l2b_quality_flag = 1, degrade_flag = 0, canopy cover between 0 and 1, and non-negative PAI and FHD; L4A required algorithm_run_flag = 1, l4_quality_flag = 1, l2_quality_flag = 1, degrade_flag = 0 and non-negative AGBD. Sensitivity was restricted to 0.95–1, observations on SRTM slopes greater than 20° were excluded, and the latest valid observation was selected by delta_time within each annual mosaic. No additional beam-class restriction was applied. GEDI observations represent approximately 25 m diameter footprints9,10.

Supplementary Methods 3. ALS and field evaluation of remote-sensing proxies
Airborne lidar data were obtained from NSW Government Spatial Services airborne laser scanning (ALS) point-cloud products accessed through the ELVIS platform11. The acquisitions covered multiple locations within the study area and were collected between April and September 2017, before the 2019–2020 Black Summer fires. Point clouds were processed using the lidR package12 and height-normalised so that return heights represented vegetation height above the ground surface.

Structural metrics were calculated for 10 m ALS cells. Canopy cover above 2 m was the fraction of valid returns at or above 2 m, and mean canopy height (MCH) was the mean height of returns at or above 2 m. For an approximately footprint-matched 30 × 30 m window centred on each GEDI footprint, RH98 and ALS-derived AGBD were first calculated for each valid 10 m cell and then averaged across the valid cells. FHD was calculated separately by pooling all height-normalised ALS returns across the 3 × 3 target cells, assigning returns to 1 m bins from 0 to 30 m, and calculating Shannon entropy from the proportional height distribution. ALS-derived AGBD was calculated for each valid cell using the empirical relationship:


where MCH is mean canopy height and C2m is canopy cover above 2 m expressed as a proportion from 0 to 113. This equation provides an ALS-derived biomass proxy rather than a locally calibrated ground-truth biomass estimate; consequently, its comparison with GEDI AGBD was interpreted as an evaluation of correspondence rather than independent biomass validation.

Field surveys were conducted from September to December 2025, approximately 5.5–6 years after the 2019–2020 Black Summer fires. The study included 43 circular plots, each 30 m in diameter, in wet and dry sclerophyll forest. The field protocol targeted five upward-looking digital canopy photographs per plot: one at the plot centre and four at randomly selected locations toward each cardinal direction. Photograph positions were selected to avoid trunks and elevated understorey or midstorey vegetation obscuring the canopy. The photographs were processed using the R package coveR2 to calculate canopy cover for each image14, and image-level estimates were averaged within plots to obtain plot-scale canopy cover. Valid plot-scale estimates were available for 41 plots.

Before their use in subsequent analyses, GEDI structural metrics and Sentinel-2 NBR2 were evaluated for correspondence with independent ALS and field observations. For the pre-fire comparison, 2019 GEDI observations from months comparable to the April–September 2017 ALS acquisition period were spatially matched to the approximately footprint-sized ALS windows. A total of 1,000 valid matched GEDI footprints was randomly sampled, and GEDI RH98, AGBD and FHD were compared with the corresponding ALS-derived metrics using ordinary least-squares regression. Field-measured canopy cover was compared with Sentinel-2 NBR2 from 2025 Q4, the quarterly composite closest to the September–December field campaign. All 43 plots had an NBR2 value, but two plots lacked a valid coveR2 canopy-cover summary; the field–NBR2 comparison therefore retained 41 plots (n = 41). For the field–GEDI comparison, valid archived May–September 2024 GEDI L2B canopy-cover observations within a 1 km buffer of each field plot were averaged by site; 15 plots contained at least one valid GEDI observation (n = 15). Latest valid post-fire GEDI footprints for all 15 plots fell within June–September 2024. Because these GEDI observations preceded the 2025 field campaign, this panel was treated as a cross-date correspondence assessment rather than a contemporaneous validation. All comparisons used ordinary least-squares regression, with model fit assessed using R2 and p values (Fig. 6a–e).

Supplementary Methods 4. Data preprocessing
All raster data were projected to the GDA 1994 NSW Lambert coordinate reference system (EPSG:3308) and aligned to the approximately 10 m analysis grid. Categorical rasters, including FESM fire severity and SVTM vegetation type, were aligned using nearest-neighbour resampling. Continuous rasters were handled in their dataset-specific processing steps rather than by a single universal resampling rule; the precomputed quarterly NBR2 asset was already stored on the 10 m EPSG:3308 project grid and was sampled directly for the field comparison. Each GEDI footprint overlapped multiple 10 m analysis pixels; vegetation type, fire severity and GWFI status were assigned using the dominant class within the footprint area.
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