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A B S T R A C T

The operational monitoring of global wildfires is frequently constrained by the delayed availability of reliable 
reference labels, the latency of standard surface reflectance products, and spectral confusion between charred 
biomass and naturally dark surfaces. These limitations are especially problematic for near-real-time wildfire 
monitoring, where burned-area maps must be produced before manual training data or fully processed reference 
products are available. To address these limitations, this study presents the Burn Area Mapper (BAM), a fully 
automated, physics-informed machine learning framework implemented in Google Earth Engine (GEE). The 
framework utilizes a Physics-Informed Self-Supervision paradigm that eliminates the need for manual annotation 
by leveraging the stoichiometry of combustion to generate scene-specific training labels. Central to this approach 
is the novel Automated Temporal Burn Index (ATBI), which utilizes multiplicative scaling of NIR and SWIR bands 
to enforce a strict bimodal distribution, enabling an adaptive Otsu algorithm to automatically isolate high 
confidence burn signals. These physics-derived labels are refined by a Gradient Tree Boost (GTB) classifier 
incorporating textural and topographic features. We validated the framework using internal spatially blocked 
assessment across 15 wildfire events spanning 6 continents, achieving a global mean F1-score of 0.994 without 
regional retraining. Comparative benchmarking against the MODIS MCD64A1 coarse-resolution product 
revealed that BAM captures up to 93% more burned area in fragmented landscapes. Furthermore, for one test 
event, validation against 3 m PlanetScope imagery at 30 m aggregated scale confirms (R2 = 0.80) that BAM’s 
probabilistic output effectively proxies the sub-pixel burn fraction, resolving fine-scale fire fronts and unburned 
refugia that are invisible to coarse-resolution systems. By combining rapidly available Landsat 8/9 TOA obser
vations, SREM atmospheric correction, automated pseudo-label generation, and GTB refinement within GEE, 
BAM provides a scalable open-source framework for near-real-time burned-area mapping and post-fire 
assessment.

1. Introduction

The escalating frequency and intensity of global wildfire events have 
necessitated a paradigm shift in Earth observation, moving from his
torical post-fire assessment to active, Near-Real-Time (NRT) monitoring 
(Bowman et al., 2020). The operational viability of any global wildfire 
mapping framework is fundamentally constrained by data latency and 
the ability to function in data-scarce environments (Chen et al., 2024). 
For disaster response agencies, the utility of satellite-derived burn pe
rimeters is often compromised by the processing delays associated with 
standard Surface Reflectance (SR) products, which require ancillary 

atmospheric data that may not be available during the critical window 
of active fire suppression (Vermote et al., 2016). Furthermore, these 
standard workflows often employ conservative cloud masking algo
rithms that aggressively discard pixels in hazy or smoky conditions, 
precisely the atmospheric states most prevalent during active combus
tion (Zhu and Woodcock, 2012). Consequently, a significant portion of 
optical imagery becomes unusable, creating observational gaps that 
hinder continuous tracking of fire fronts in tropical and high-latitude 
regions. To bridge this gap, there is an urgent need for automated sys
tems that can extract valid burn signals from noisy NRT data without 
relying on external atmospheric models.
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The pursuit of automated mapping has long been obstructed by a 
fundamental radiometric challenge: the spectral ambiguity between 
charred biomass and other naturally occurring dark surface features. In 
heterogeneous landscapes, identifying burn scars is not merely a matter 
of detecting change but of distinguishing pyrogenic carbonization from 
deep-water bodies, topographic shadows, dark organic soils, and 
ephemeral cloud shadows (Liu et al., 2023). Traditional spectral indices, 
most notably the Differenced Normalized Burn Ratio (dNBR), have 
served as the industry standard for decades (Holsinger et al., 2022). 
However, these indices typically rely on an additive-difference formu
lation that implicitly assumes a linear trajectory of surface change.

Comprehensive analysis of global wildfire events suggests that fire- 
induced surface alterations are, in contrast, fundamentally non-linear 
(Alonso-González and Fernández-García, 2021; Artés et al., 2019; 
Bhattarai et al., 2025). Combustion triggers two simultaneous spectral 
shifts: a sharp reduction in NIR plateau reflectance attributable to the 
collapse of spongy mesophyll structures, and a concurrent increase in 
SWIR reflectance driven by the removal of moisture-laden vegetation 
and the exposure of dry soil, ash, and carbonized biomass. Linear indices 
frequently fail to capture this complex stoichiometry, leading to signif
icant histogram overlap between burned and unburned pixel pop
ulations (Balakavi et al., 2025). This transition zone uncertainty is 
particularly pronounced in complex environments, such as temperate 
broadleaf forests, where the spectral similarity between canopy shadow 
and scorch can cause separation indices to collapse, resulting in sub
stantial omission errors or the need for manual thresholding (Artés et al., 
2019).

To bypass this non-linear bottleneck, operational frameworks must 
integrate robust preprocessing strategies that can extract surface signals 
from noisy data. The use of physics-based inversions, such as the 
Simplified and Robust Surface Reflectance Estimation Method (SREM), 
offers a pathway to eliminate dependencies on external atmospheric 
models (Bilal et al., 2019). By performing inversion using only image- 
based priors, it becomes possible to recover valid burn perimeters 
even in transboundary events characterized by extreme atmospheric 
opacity, such as the heavy smoke accumulation observed in the 2024 
India-Nepal border fires (Balakavi et al., 2025).

While Machine Learning (ML) offers the potential to resolve complex 
non-linear spectral relationships, its application to global wildfire 
mapping is currently hindered by the scarcity of high-quality, pixel-level 
training data. A critical limitation of many existing regional algorithms 
is their tendency to overfit to specific vegetation types or atmospheric 
conditions, resulting in significant performance degradation, often 
referred to as domain shift, when applied to unseen biomes (Chen et al., 
2024; Costa-Saura et al., 2022; He et al., 2024; Quintero et al., 2025; Shi 
and Touge, 2022). Consequently, models trained on North American 
datasets frequently fail to generalize to the distinct fire regimes of the 
African Savanna or the Mongolian Steppe.

To overcome the dependency on manual annotation, recent research 
has pivoted toward self-supervised paradigms where physics-informed 
feature engineering replaces human labeling (Bilal, 2025a, 2025b; 
Defourny et al., 2019; Liu et al., 2023). This approach is essential not 
only for automation but for resolving the resolution gap inherent in 
current global baselines. While the MODIS MCD64A1 product serves as 
the standard for global carbon emission estimates, its coarse 500-meter 
spatial resolution inherently limits its capacity to resolve sub-pixel 
heterogeneity. This limitation leads to substantial omission errors in 
heterogeneous landscapes, where dendritic fire spread patterns along 
narrow valley bottoms or agricultural interfaces remain effectively 
invisible to coarse sensors (Alonso-González and Fernández-García, 
2021; Bilal, 2025a). The ability to recover these fragmented burn scars is 
critical for accurate ecological assessment, particularly in identifying 
unburned refugia that serve as seed sources for regeneration.

To address these challenges, this study introduces the Burn Area 
Mapper (BAM), a hierarchical, automated framework that synthesizes 
physics-based spectral analysis with data-driven ML refinement. BAM 

adopts an automated self-supervision paradigm where the physical 
properties of the fire itself are used to train a scene-specific classifier, 
eliminating the need for external training data. Central to this approach 
is the novel Automated Temporal Burn Index (ATBI), which integrates a 
multiplicative scaling factor derived from the SWIR and NIR bands 
(Bilal, 2025a). By acting as a noise reducer, the ATBI enforces a strict 
bimodal distribution in the feature space, enabling an adaptive statis
tical Otsu algorithm to generate reliable labels without human 
intervention.

These physics-derived labels are subsequently refined by an ML 
classifier, which ingests textural (Gray-Level Co-occurrence Matrix 
(GLCM)), spectral, and topographic features to resolve spatial ambigu
ities and filter noise. To address these atmospheric constraints and 
bypass the latency associated with standard products, this study in
tegrates SREM to enable robust atmospheric correction. This ensures 
operational continuity even in data-scarce, hazy environments.

The specific objectives of this research are to: 

1) Develop a fully automated framework that leverages physics- 
informed self-supervision to generate high-precision burn perime
ters in near-real-time.

2) Validate the zero-shot transferability of the framework across het
erogeneous ecological gradients, assessing its stability in diverse 
biomes ranging from the boreal taiga to tropical deciduous forests.

3) Quantify the resolution enhancement provided by the 30-meter 
Landsat-based assessment compared to the operational MODIS 
MCD64A1 baseline, particularly in identifying fragmented burns and 
unburned refugia.

2. Methodology

2.1. BAM framework overview

The Burn Area Mapper (BAM) framework (Fig. 1) operates as a 
sequential, automated three-stage pipeline that synthesizes physics- 
based spectral constraints with data-driven machine-learning refine
ment. First, Landsat 8/9 imagery and ancillary global datasets are 
ingested, atmospherically corrected using SREM, and filtered with a 
unified exclusion mask. Second, scene-specific pseudo-labels are 
generated from the ATBI using adaptive Otsu thresholding. Third, a 
Gradient Tree Boost (GTB) classifier refines these labels using spectral, 
textural, and topographic predictors to produce 30 m burn-probability 
and binary burned-area maps. This modular design enables rapid 
scene-specific mapping without manual annotation or regional retrain
ing. Fig. 1 provides a conceptual overview of the BAM workflow, while 
the detailed implementation choices, including feature-stack composi
tion, pseudo-label sampling, parameter settings, and validation design, 
are described in Sections 2.3–2.7 and Supplementary Tables S2–S4.

2.2. Global validation sites and sensor fusion

To evaluate the efficacy and global transferability of the framework, 
this study analyzes a stratified dataset of 15 distinct wildfire events 
spanning 6 continents and biome types. The selection criteria prioritized 
biogeographical diversity to ensure the framework is tested against a 
wide spectrum of environmental complexities, including heterogeneous 
topography, atmospheric interference, and varying vegetation densities. 
Detailed metadata for the 15 selected wildfire events and the complete 
multi-source input datasets (Landsat 8/9, JRC Water, ESA WorldCover, 
and FABDEM) are provided in Supplementary Tables S1 and S2.

The study area encompasses representative samples from Boreal 
forests in Canada and Russia, Temperate conifer forests in North 
America, Mediterranean sclerophyll in Chile and Europe, and Subtrop
ical broadleaf systems in Asia. This global distribution is illustrated in 
Fig. 2 (Panel A).

To ensure the temporal density required for active fire monitoring, 
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the framework employs a sensor fusion approach that leverages both the 
Landsat 8 (OLI) and Landsat 9 (OLI-2) constellations. By interleaving 
acquisitions from both platforms, the system achieves a nominal revisit 
period of 8 days. Fig. 2 (Panel B) quantifies operational data availability 
for 2025, demonstrating that the combined constellation provides suf
ficient observational frequency to track active fire fronts across most 
global burn regimes, significantly reducing the latency gaps inherent in 
single-sensor workflows.

3. Data acquisition, preprocessing, and unified masking

3.1. Multi-source data acquisition and sensor fusion

The pipeline ingests Landsat 8/9 Collection 2 Tier 1 top-of- 
atmosphere (TOA) reflectance data because these observations are 
available more quickly than standard surface reflectance products. TOA 
scenes are converted to surface reflectance using the Simplified and 
Robust Surface Reflectance Estimation Method (SREM), which performs 
image-based inversion without external atmospheric inputs and is 
therefore suitable for smoky or hazy NRT conditions (Bilal et al., 2019). 
Topographic context is represented using FABDEM at 30 m (Hawker 
et al., 2022) to derive elevation, slope, and aspect, which help account 
for terrain-driven illumination and fire-spread effects.

3.2. Unified exclusion masking

To reduce commission errors during pseudo-label generation, BAM 
applies a unified exclusion mask immediately after atmospheric 
correction. Permanent and seasonal water are removed using JRC Global 
Surface Water, with shoreline buffering to reduce spectral mixing; a 
global ocean mask is also applied. Built-up areas were excluded to 
reduce false positives due to urban shadows and dark impervious sur
faces. Croplands were also excluded in the default BAM configuration 
because the present study focuses on wildland and forest burned-area 
mapping, while harvested fields, bare agricultural soils, and seasonal 
crop removal can produce dATBI-like spectral changes unrelated to 
wildfire. However, this choice can remove true agricultural burns or 
cropland–wildland interface fires where ESA WorldCover classifies the 
surface as cropland. Therefore, cropland masking should be interpreted 
as a conservative default option rather than a universal requirement. 
Details of the input datasets and their sources are provided in Table S2.

3.3. Physics-informed self-supervised label generation

BAM adopts a self-supervised strategy in which the target scene 
provides its own initial training signal. Pseudo-labels are generated from 
ATBI, a non-linear spectral feature designed to amplify the radiometric 
signature of combustion and improve the separability required for 
automated thresholding.

3.4. The automated temporal burn index (ATBI)

Standard indices such as the NBR rely on an additive difference 
formulation, which often yields insufficient separability in complex 
environments where the spectral signature of burns overlaps with dark 
soils or shadows (Bilal, 2025b). To address this, we introduce the ATBI, a 
non-linear spectral feature designed to physically amplify the radio
metric signal of carbonized biomass (Bilal, 2025a).

ATBI was calculated separately for the pre-fire and post-fire epochs 
using Landsat 8/9 near-infrared (NIR; Band 5) and shortwave infrared 2 
(SWIR2; Band 7) reflectance after SREM correction. In this study, the 
term “NBR-like component” refers to the normalized NIR–SWIR2 
contrast term, while the physical scaling factor refers to the multipli
cative SWIR2/NIR ratio. ATBI is defined as Equation (1): 

ATBIt =

(
ρNIR, t − ρSWIR, t
ρNIR, t + ρSWIR, t

)

×

(
ρSWIR, t
ρNIR, t

)

(1) 

where ρNIR,t and ρSWIR2,t are the SREM-corrected reflectance values at 
epoch t. The first term is structurally similar to the Normalized Burn 
Ratio (NBR), but the second term non-linearly amplifies the combustion 
signal. In burned pixels, NIR reflectance decreases due to vegetation 
structure collapse, while SWIR2 reflectance increases due to moisture 
loss, ash exposure, and carbonized material. Therefore, the SWIR2/NIR 
scaling term increases the separation between burned and unburned 
surfaces.

The temporal ATBI anomaly was then computed as Equation (2): 

dATBI = ATBIpre − ATBIpost (2) 

This convention produces positive dATBI values for burned pixels 
because post-fire ATBI decreases strongly after combustion. The dATBI 
layer was used only for pseudo-label generation and was excluded from 
the subsequent GTB feature stack to reduce leakage between pseudo- 
labeling and model refinement.

Fig. 1. Conceptual workflow of the BAM framework. Near-real-time Landsat 8/9 TOA observations are converted to surface reflectance using SREM and filtered 
using unified exclusion masks. The corrected pre- and post-fire observations are transformed into dATBI, which is thresholded using adaptive Otsu to generate 
conservative pseudo-labels. A scene-specific GTB classifier then refines these pseudo-labels using 15 spectral, textural, and topographic predictors to produce 30 m 
burn-probability and binary burned-area outputs.
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3.5. Adaptive thresholding and pseudo-label extraction

The separation of burned and unburned training samples is per
formed dynamically using Otsu’s method, which treats the dATBI his
togram as a bimodal distribution and iteratively searches for the 
threshold t* that maximizes the inter-class variance. However, standard 
Otsu thresholding can be sensitive to histogram noise in low-severity fire 
events. To ensure the generation of high-precision labels, the framework 
implements a Robust Parameterized Thresholding strategy: 

1. Conservative Bias Injection: A positive bias (δ = 0.02) is added to the 
calculated Otsu threshold (tfinal = totsu + δ). This constraint enforces 
a conservative selection strategy, prioritizing User’s Accuracy (Pre
cision) to ensure that the burned training samples represent core fire 
areas with high certainty, rather than ambiguous edge pixels.

2. Minimum Stability Floor: To prevent over-segmentation in scenes 
with negligible fire activity, a minimum threshold floor tmin = 0.03 is 
strictly enforced. If the calculated threshold falls below this value, it 
indicates a unimodal (no fire) distribution, and the system defaults to 
a background-only state.

The resulting binary mask serves as the automated ATBI guided label 
set, providing the instructional signal necessary for the subsequent su
pervised learning phase.

To quantify burned–unburned separability, we used two comple
mentary metrics: the Histogram Separation Index (HSI) and the 
M− statistic. For each index, burned and unburned values were con
verted into normalized distributions using common histogram bins or 
kernel density estimates. The overlap coefficient was calculated as 
Equation (3): 

Fig. 2. Study design and Landsat acquisition density. (A) Global distribution of the 15 wildfire events used for development and validation. (B) Annual acquisition 
density for combined Landsat 8/9 observations, illustrating nominal NRT coverage.
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OVL =
∑n

i=1
min(pb,i, pu,i) (3) 

where pb,i and pu,i are the normalized burned and unburned proba
bilities in bin i. The Histogram Separation Index was then calculated as 
Equation (4): 

HSI = 1 − OVL (4) 

where values closer to 1 indicate stronger class separation and values 
closer to 0 indicate greater overlap. We also calculated the M− statistic 
using Equation (5): 

M =
|μb − μu|

σb + σu
(5) 

where μb and μu are the class means and σb and σu are the corre
sponding standard deviations for burned and unburned samples.

3.6. Multi-dimensional feature engineering and self-supervised refinement

Because spectral thresholding alone remains vulnerable to ambiguity 
in heterogeneous landscapes, BAM refines the pseudo-labels using a 
supervised model trained directly on the target scene. This scene-specific 
refinement step learns the spatial and structural context of fire, enabling 
rejection of false positives such as cloud shadow, dark soil, and other 
spectrally similar surfaces.

3.7. High-dimensional feature space construction

BAM utilizes a 15-variable feature stack integrating multi-modal 
data to capture physical, structural, and topographic surface charac
teristics (details provided in Supplementary file as Table S3). The 
refinement feature stack combines post-fire reflectance, bi-temporal 
spectral change variables, GLCM texture metrics derived from post-fire 
NIR, and terrain variables from FABDEM. These predictors capture 
spectral, structural, and topographic information that helps distinguish 
true burn scars from confounding surfaces. To prevent data leakage, 
dATBI is excluded from the refinement feature space, forcing the model 
to derive decision boundaries from independent evidence.

The feature order was fixed across all events to ensure reproduc
ibility. Spectral predictors were placed first because they represent the 
primary physical burn signal. Temporal change predictors were 
included next to isolate fire-induced disturbance from static background 
reflectance. Texture predictors were derived from post-fire NIR because 
burned surfaces often exhibit spatial fragmentation and perimeter 
roughness that cannot be captured by pixel-level spectra alone. Terrain 
variables were included last to account for topographic illumination, 
shadowing, and fire-spread context. The dATBI layer was not included as 
a GTB predictor because it was already used to generate the pseudo- 
labels; excluding it reduces leakage between label generation and 
model refinement.

3.8. Gradient tree boost classification

GTB model was selected because it satisfies three requirements of the 
BAM framework: non-linear discrimination, robustness to weak pseudo- 
labels, and operational compatibility with Google Earth Engine (GEE). 
Tree boosting is suitable for this setting because it sequentially fits weak 
learners to residual errors, allowing the model to capture non-linear 
interactions among spectral, temporal, texture, and terrain predictors 
(Friedman, 2001; Hastie et al., 2001). Compared with a single CART 
model, boosting reduces instability; compared with kernel-based models 
such as SVM, it scales more efficiently within the GEE environment; and 
compared with deep learning, it does not require large manually labeled 
training datasets or external GPU-based inference (Chen and Guestrin, 
2016; Hastie et al., 2001).

Additionally, we benchmarked GTB against the available in-platform 

classifiers used in this study, including Random Forest, CART, SVM, 
Naive Bayes, and k-NN (Supplementary Fig. S1). GTB produced the most 
consistent performance across the 15 events and was therefore selected 
for the final BAM implementation. XGBoost and LightGBM were not 
used because the objective was a fully server-side GEE implementation 
without exporting features to an external machine-learning environ
ment. Deep learning was not adopted because the framework is designed 
for scene-specific self-supervised learning with limited pseudo-labels, 
not for supervised training on a large manually labeled burn database.

For each wildfire event, BAM was trained as a scene-specific classi
fier using 10,000 stratified pseudo-labeled pixels, consisting of 5,000 
burned and 5,000 unburned samples. The 10,000-sample size was 
selected to balance class representation, spatial diversity, and compu
tational feasibility in Google Earth Engine. Sensitivity testing showed 
that smaller sample sizes produced less stable decision boundaries in 
fragmented burns, while increasing the sample size beyond 10,000 
produced limited performance gains but increased runtime. These labels 
were not obtained from external reference products or manual digiti
zation. Instead, they were generated automatically from the conserva
tive dATBI–Otsu pseudo-labeling procedure described in Section 2.4.2. 
Thus, the GTB model learns from physics-derived pseudo-labels gener
ated within the target scene, which is the basis of the self-supervised 
design. Across the 15 wildfire events, this produced 150,000 pseudo- 
labeled training candidates before spatially blocked internal assessment.

The GTB hyperparameters were selected using a fixed global sensi
tivity analysis rather than event-specific tuning, because the objective of 
BAM is operational transferability without per-fire calibration. We 
tested alternative values for the number of trees, learning rate, 
maximum leaf nodes, training sample size, and thresholding parameters 
across the event set (Table S3). The final configuration of 100 trees, 
learning rate of 0.1, maximum of 10 leaf nodes, and least-absolute- 
deviation loss was selected because it provided stable F1-score and 
Intersection over Union (IoU) while limiting overfitting to weak pseudo- 
labels and maintaining feasible runtime in Google Earth Engine. 
Increasing model complexity beyond this configuration produced 
negligible accuracy gains but increased computation time. Lastly, BAM 
produces two outputs: a continuous burn-probability layer and a binary 
burned-area map derived from that probability surface.

3.9. Validation and benchmarking

Model performance is evaluated by using fire-aware spatially strat
ified cross-validation to reduce spatial leakage. Each scene is partitioned 
into 3 × 3 km blocks, which are then assigned to three strata based on 
burn density: core fire (>20%), edge/transition (1–20%), and back
ground (<1%). Ten-fold cross-validation samples proportionally from 
these strata so that each fold contains a representative mixture of inte
rior burns, complex perimeters, and unburned background. Each fold 
must contain at least 50 total samples, including a minimum of 10 
burned and 10 unburned samples. This out-of-fold internal assessment 
assesses spatial generalization within each event; external validation is 
addressed separately using PlanetScope imagery.

We distinguish between internal assessment, external validation, and 
operational benchmarking. Internal assessment uses held-out spatial 
blocks derived from the pseudo-label set; therefore, it evaluates spatial 
generalization and pseudo-label consistency within each event but is not 
treated as fully independent ground truth validation. Independent 
external validation was conducted using 3 m PlanetScope imagery over 
the 2024 Park Fire. MODIS MCD64A1 was not used as a ground-truth 
reference because its 500 m resolution is not directly comparable with 
BAM’s 30 m output. Instead, MCD64A1 was used only as a coarse- 
resolution operational benchmark to evaluate differences in spatial 
detail, fragmented burns, and unburned refugia. More details are pro
vided in Supplementary file as Table S5.
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3.10. Post-processing and implementation

Raw GTB outputs are regularized using 3 × 3 morphological opening 
and closing followed by a connected-component sieve with an 8-pixel 
minimum mapping unit (0.72 ha). BAM is implemented in Google 
Earth Engine for scalable NRT processing. Platform access details are 
provided in the Data and Code Availability section. The operational 
implementation of BAM in Google Earth Engine is illustrated in Fig. 3, 
which shows the post-SREM input, ATBI signal, pseudo-label mask, final 
burned-area output, and web interface used for visualization and export.

4. Results

4.1. Physical foundation: Spectral separability and feature space 
dynamics

The success of BAM depends on whether dATBI can generate pseudo- 
labels that are sufficiently separable for automated thresholding. Fig. 4
shows that dATBI expands the burned class more clearly than dNBR in 
the bi-spectral feature space, especially in Mediterranean and subtrop
ical examples where class overlap is otherwise substantial. In the 
representative Kernel Density Estimation (KDE) comparison, dATBI 
produces a clearer bimodal distribution, with the Otsu threshold falling 
in a pronounced low-density valley between burned and unburned 
modes. This property is important because pseudo-label quality, rather 
than raw index magnitude alone, determines the stability of the 

Fig. 3. Operational BAM implementation in Google Earth Engine. The top row (A to D) shows post-SREM input, ATBI signal, pseudo-labels, and final BAM output; 
the bottom panel (E) shows the BAM web interface used for near-real-time visualization and export.
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subsequent self-supervised refinement.
To quantify whether ATBI improved separability relative to con

ventional NBR-based change detection, we compared dATBI with dNBR 
using the Histogram Separation Index and M− statistic (Table S6). Across 
the 15-event benchmark, dATBI produced stronger burned–unburned 
separation than dNBR in 13 events, with a mean separation index of 0.99 
compared with 0.85 for dNBR. The improvement was most pronounced 
in spectrally complex cases such as Willi Willi and India–Nepal, where 
dNBR exhibited stronger overlap between burned and unburned distri
butions. The improved separability of dATBI is consistent with previous 

burned-area studies showing that fire-induced spectral change is pri
marily governed by NIR reduction and SWIR enhancement (Farhadi 
et al., 2022). However, unlike conventional dNBR-based approaches, 
ATBI explicitly multiplies the normalized NIR–SWIR2 contrast by the 
SWIR2/NIR ratio, which increases the distance between burned and 
unburned distributions when combustion produces simultaneous vege
tation structure loss and surface drying. This explains why the largest 
gains occurred in spectrally complex events, where conventional 
normalized differences are more likely to suffer from class overlap (Bilal 
et al., 2019).

Fig. 4. Comparison of burned–unburned separability for dATBI and dNBR. (A–B) Representative bivariate density plots. (C–D) Kernel Density Estimation (KDE) 
distributions showing cleaner thresholding for dATBI. (E) Distribution-overlap summary across 15 events, where lower values indicate better separability.
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4.2. Self-supervised denoising and biogeographical generalization

The efficacy of the BAM framework relies on the capacity of the self- 
supervision framework to transform physics-constrained spectral 
anomalies into spatially coherent burn probabilities. Fig. 5 shows this 
refinement process across four distinct pyromes, tracking the progres
sion from raw spectral inputs to calibrated probabilistic outputs. The 
initial labels, derived via adaptive Otsu thresholding of the dATBI signal, 
serve as a coarse heuristic that successfully delineates the approximate 
fire perimeter but remains susceptible to radiometric noise and frag
mentation. As evidenced in the 2024 Park Fire and 2016 Central Chile 
panels, the binary labels exhibit characteristic salt-and-pepper artifacts 
in transition zones where spectral values oscillate near the global 
threshold. The subsequent integration of the GTB classifier functions as a 
spatial filter, effectively decoupling the structural topology of the burn 
scar from these stochastic artifacts. Therefore, by ingesting textural and 
topographic covariates alongside the spectral data, the ML model sup
presses false positives in the unburned matrix while reinforcing the 
confidence of detection within the core burn area. This results in the 
smooth, high-fidelity probability gradients observed in column 4, con
firming that the model learns to identify the morphological invariance of 
wildfire rather than memorizing the noise inherent in the training labels.

The analysis further substantiates the framework's zero-shot trans
ferability across extreme ecological gradients. The 2024 Chiang Mai 
event represents a significant adversarial test case, characterized by a 
complex tropical deciduous landscape where rapid vegetative regrowth 
and steep topography typically attenuate the post-fire spectral signal. 
Despite the reduced magnitude of the dATBI anomaly relative to the 
temperate examples, the adaptive nature of the local thresholding 
mechanism, combined with the classifier's non-linear decision 

boundaries, successfully recovers the fragmented burn patterns. Simi
larly, at the 2022 Quebec event, the framework distinguishes between 
the spectral signature of deep boreal burn scars and that of optically 
similar dark water bodies typical of the Canadian Shield. The consistent 
performance across these disparate biomes indicates that the physics- 
guided feature space captures the fundamental spectral-structural 
properties of fire disturbance, enabling robust mapping without the 
need for region-specific parameter tuning or supervised retraining.

4.3. Probabilistic calibration and model reliability

To validate that the self-supervised learning GTB model does not 
merely overfit to the binary automated labels but learns a robust prob
abilistic representation of fire occurrence, we evaluated the model’s 
calibration using reliability diagrams and sharpness histograms (Fig. 6). 
The global reliability analysis (Panel A) yields a Brier Score of 0.0017, a 
value significantly lower than the reference baseline for random 
guessing (BS = 0.25), confirming that the calibrated probabilities closely 
approximate the true empirical burn frequency. The reliability curve 
exhibits a characteristic S-shaped deviation from the diagonal, indi
cating that the model is sharp; it tends to predict probabilities close to 
0 or 1 rather than hedging in the uncertain middle range. This behavior 
is operationally desirable for automated mapping, as it reflects high 
decisiveness in classification decisions while maintaining strong cali
bration at the extremes where the vast majority of pixels reside.

The sharpness of the classifier is further quantified by the probability 
distribution histogram (Panel B), which displays a pronounced U-shaped 
profile. Across the 150,000 stratified samples (from 15 events), 99.3% of 
predictions fall into high-confidence categories ($P < 0.2$ or $P > 0.8 
$), leaving only 0.7% of pixels in the intermediate transition zone. 

Fig. 5. Examples of BAM refinement across four biomes. Columns show post-fire composite, dATBI, pseudo-labels, and final GTB burn probability, illustrating 
conversion of coarse spectral labels into spatially coherent probabilities.
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Spatially, these intermediate probabilities are strictly confined to the 
perimeter of burn scars, accurately reflecting the sub-pixel heterogene
ity of mixed edge pixels rather than global model uncertainty. Critically, 
this calibration stability is maintained across disparate ecological re
gimes. The per-biome calibration curves (Panel C) demonstrate that the 
functional relationship between predicted probability and true burn rate 
remains consistent across all eight tested vegetation types, from the 
sparse canopy of the Temperate Steppe to the dense biomass of the 
Boreal Forest. The analysis of transition zone variance (Panel D) reveals 
that while complex canopy structures like Eucalypt forests exhibit 
slightly higher uncertainty (2.8% intermediate pixels) due to mixed 
spectral signals, the model retains extremely high confidence (>99%) in 
simpler biomes such as Steppe and Mediterranean Scrub. This cross- 
biome consistency confirms that the self-supervised mechanism suc
cessfully normalizes the output probability space, ensuring that a P =
0.9 prediction reliably indicates burn detection regardless of the un
derlying landscape.

4.4. Global accuracy and biome-agnostic transferability

The operational viability of a global wildfire mapping framework is 
contingent upon its stability across heterogeneous ecological gradients. 
A critical limitation of many regional algorithms is their tendency to 
overfit to specific vegetation types or atmospheric conditions, resulting 
in significant performance degradation when applied to unseen biomes. 
To evaluate the zero-shot transferability of the BAM framework, we 
conducted a rigorous cross-validation assessment across 15 distinct 
wildfire events spanning varying regimes of biomass, moisture content, 
and topographic complexity. Fig. 7 presents the comprehensive perfor
mance matrix, quantifying the agreement between the self-supervised 
GTB model predictions and the out-of-fold internal assessment subsets 
(prepared through spatial stratified sampling, as discussed in Section 
2.6. “Fire-Aware Spatially Stratified Validation”).

The heatmap visualization in Panel A reveals a high degree of uni
formity in model performance, with most event-metric combinations 
yielding scores exceeding 0.99. The global mean F1-score of 0.9940, 

Fig. 6. Probability calibration and model sharpness across 15 global events (sample size = 150,000). (A) Global reliability diagram with Brier Score = 0.0017 and 
Expected Calibration Error (ECE) = 0.0075. (B) Sharpness distribution showing 99.3% high-confidence predictions (P < 0.2 or P > 0.8). (C) Per-biome calibration 
curves demonstrating transferability across eight vegetation types. (D) Confidence breakdown by biome illustrating that transition-zone uncertainty remains 
below 2.8%.
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with a tight range between 0.9856 and 0.9993, indicates that the 
framework maintains operational fidelity regardless of the underlying 
landscape. Notably, the model achieves high internal agreement under 
spatially blocked assessment in high-latitude boreal environments, such 
as the 2024 Siberia event, with an F1-score of 0.999. This suggests that 
the inclusion of texture and topographic features successfully mitigates 
the common spectral confusion between dark lichen, permafrost, and 
burn scars that often confound traditional indices in these regions.

The distribution of performance metrics, summarized in Panel B, 
further clarifies the classifier's behavioral characteristics. Across the 15 
events, the internal spatially blocked assessment produced an F1-score 
of 0.994 ± 0.004 (mean ± standard deviation), with a range of 
0.986–0.999. Precision was 0.990 ± 0.007 (0.974–0.999), and recall 
was 0.998 ± 0.001 (0.997–1.000). IoU was 0.988 ± 0.007, and kappa 
was 0.988 ± 0.008. These uncertainty summaries show that the high 
mean performance was not driven by a small number of easy events; 
however, the values should be interpreted as internal spatially blocked 
agreement against pseudo-labels rather than fully independent external 
accuracy.

To further examine the pixel-level classification structure, we 
analyzed the confusion matrices for four representative validation 
events shown in Panel C. These matrices reveal a consistent pattern in 
which True Positives and True Negatives dominate the classification 
structure, accounting for over 99% of the 10,000 stratified samples for 
each event. A critical operational insight is the systematic minimization 
of False Negatives, which range from only 6 pixels in the Tropical Dry 
Deciduous biome of Chiang Mai to 9 pixels in the Chaparral of the Park 
Fire. This confirms the model's capacity to capture the complete fire 
perimeter with negligible omission. While False Positives are slightly 
more frequent, ranging from 49 to 91 pixels, they remain operationally 
low and are primarily attributed to sub-pixel mixing at the burn edges. 
The ability of the model to maintain this high-fidelity separation equally 
well in the dense boreal forests of Quebec and the sparse sclerophyll 
shrublands of Central Chile confirms that the learned decision bound
aries are driven by the physical invariant of the burn signal rather than 
biome-specific artifacts.

Fig. 7. Internal performance from spatially stratified cross-validation. Event-level metrics (A), distribution summaries (B), and representative confusion matrices (C) 
show consistently strong performance and low omission error.

M. Waleed and M. Bilal                                                                                                                                                                                                                       International Journal of Applied Earth Observation and Geoinformation 153 (2026) 105517 

10 



4.5. Qualitative assessment of signal refinement and noise suppression

To evaluate the refinement of self-supervised learning, we compared 
raw spectral inputs with the BAM probabilistic outputs for the 2024 Park 
Fire (Fig. 8). While the False Color Composite (Panel A) reveals charred 
biomass, the raw reflectance is contaminated by smoke and topographic 
shadows that spectrally mimic burn signals in rugged terrain. Standard 
indices like the NBR (Panel B) capture the general fire extent but exhibit 
significant salt-and-pepper noise in unburned areas due to sub-pixel 
variability in soil moisture and canopy shadow. Such spectral confu
sion typically leads to fragmented perimeters and thresholding 
ambiguity.

In contrast, the BAM probability surface (Panel C) demonstrates high 
spatial coherence. By integrating textural (GLCM) and topographic 
covariates, the GTB classifier suppresses stochastic noise and clarifies 
signals where NBR values are ambiguous (0.1 < NBR < 0.3). This 
distillation process produces a sharp decision boundary that decouples 
the burn topology from radiometric interference. The final binary mask 
(Panel D) enforces physical validity, rejecting false positives in urban or 
water features while preserving unburned refugia essential for post-fire 
regeneration. These visual results confirm BAM’s superior balance of 
sensitivity and specificity compared to traditional index-based methods.

4.6. Comparative benchmarking and resolution enhancement

To position the BAM framework within the operational landscape, 
we benchmarked its performance against the industry-standard MODIS 
MCD64A1 burned area product. While MCD64A1 serves as a critical 
baseline for global carbon emission estimates, its 500 m resolution 
inherently limits its capacity to resolve sub-pixel heterogeneity. Fig. 9
illustrates this resolution gap across four distinct fire events, revealing 
that discrepancies between the two products are primarily driven by the 
superior spatial granularity of the 30 m Landsat-based assessment. The 
comparative analysis relies on a spatial agreement map where consensus 
pixels appear in orange, while divergences are classified as either reso
lution gain (blue), where BAM detects burns missed by MODIS, or 
omission (red), where MODIS aggregates unburned islands into the fire 
perimeter.

The most significant divergence is observed in fragmented fire re
gimes where burn scars do not form contiguous monotypic blocks. In the 
2024 Park Fire (California) and Chiang Mai (Thailand) events, the 
framework demonstrates a substantial resolution gain of 93% and 68% 
respectively. As shown in the agreement maps, the MODIS product 
frequently fails to detect the fine-scale fingers of the fire front and small, 
isolated spot fires that occur in complex topography. In the Chiang Mai 
event, which occurred in a tropical dry deciduous forest characterized 
by steep terrain, the coarse sensor footprint of MODIS could not resolve 
the scattered burn patches that define the fire regime in this biome. 

Fig. 8. Spectral-to-probabilistic workflow for the 2024 Park Fire, CA. (A) FCC (SWIR2-NIR-R) spectral input; (B) dNBR index exhibiting background noise and poor 
signal separation; (C) BAM probability surface (P > 0.9 core; P < 0.1 background) illustrating ML-based denoising; and (D) final BAM binary mask.
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Consequently, BAM recovered a significant area of burned biomass that 
was effectively invisible to the operational baseline.

Conversely, in the massive contiguous burns of the 2022 Quebec 
(Boreal) and 2016 Central Chile (Mediterranean) events, the two prod
ucts show stronger agreement on the core fire extent, with resolution 
gains of 7% and 3%, respectively. However, a closer inspection of the 
spatial topology reveals a consistent over-aggregation artifact in the 
MODIS product. The red regions in the agreement maps indicate areas 
where the 500 m pixels subsume unburned refugia and water bodies into 
the burned class. The BAM framework, operating at 30 m, correctly 
delineates these unburned islands, providing a more ecologically precise 
estimate of net vegetation loss. This ability to resolve the fragmentation 
of the burn scar is not merely an aesthetic improvement but a critical 
functional enhancement for post-fire recovery planning, as it accurately 
identifies surviving vegetation patches that serve as seed sources for 
regeneration.

4.7. High-resolution validation and sub-pixel fidelity assessment

To rigorously validate the framework's capacity to resolve fine-scale 
fire heterogeneity beyond the limits of moderate-resolution baselines, 
we benchmarked BAM against high-resolution commercial PlanetScope 
imagery acquired over the 2024 Park Fire event. Given the absence of 
validated agency perimeters for this recent event, a supervised proxy 
ground truth was generated using 3 m multispectral PlanetScope data. 
We developed a custom XGBoost classifier trained on a feature stack 
comprising native spectral bands (RGB, NIR) and derived indices (NDVI, 

NDWI). The model, trained on 10,000 stratified samples derived from 
manual expert person interpretation, achieved exceptional performance 
metrics, yielding an overall accuracy of 94.95%, an F1-score of 0.95, and 
a ROC AUC of 0.99, thereby establishing a reliable high-granularity 
baseline for validation.

Fig. 10 presents a comparative assessment between this 3 m baseline 
and the 30 m BAM output. Despite the tenfold difference in spatial 
resolution, the self-supervised BAM framework demonstrates remark
able topological consistency with the commercial standard. As evi
denced in the magnified insets, BAM successfully preserves the 
structural integrity of the fire perimeter, correctly identifying narrow, 
dendritic fire fingers and small unburned refugia that are typically ho
mogenized by coarser sensors. While the 30-meter output inherently 
aggregates the high-frequency “salt-and-pepper” noise observed in the 3 
m classification (Panel B), the BAM probability gradients (Panel C) 
closely mirror the spatial density of the burn, suggesting that the model's 
probabilistic output effectively functions as a calibrated proxy for sub- 
pixel burn severity.

To move beyond visual assessment, we quantified the spatial 
agreement between the BAM predictions and the high-resolution ground 
truth using standard confusion matrix metrics. The spatial error map 
(Fig. 11, Panel A) reveals that the vast majority of disagreements are 
concentrated at the burn scar perimeter, a pattern consistent with the 
mixed-pixel effect where the 30 m Landsat footprint aggregates sub- 
pixel spectral variation. Despite this resolution constraint, the frame
work achieved a high Precision of 0.952, indicating that commission 
errors (false positives) are negligible and that the model rarely 

Fig. 9. Comparison of BAM and MODIS MCD64A1 across representative fires. BAM shows the greatest gains in fragmented burns and better delineates unburned 
islands within contiguous burn scars.
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hallucinates fire in unburned areas. The Recall of 0.832 highlights a 
moderate omission rate, primarily attributable to the inability of the 30 
m sensor to resolve the microscopic, low-severity surface burns detected 
by the 3 m PlanetScope baseline. Overall, the model maintained a robust 
F1-score of 0.888 and an Intersection over Union (IoU) of 0.799, con
firming that the core burn extent is captured with high fidelity.

Recognizing that direct pixel-to-pixel comparisons at differing reso
lutions are often confounded by geometric registration noise, we per
formed a multi-scale correlation analysis to isolate the true predictive 
signal. Fig. 11 (Panel B) illustrates the coefficient of determination (R2) 
as a function of spatial aggregation. While the pixel-level correlation is 
moderate (R2 = 0.578), the agreement improves dramatically with 
minimal aggregation, reaching the standard validation threshold of R2 

= 0.80 at a resolution of just 90 m (3 by 3 pixels). The curve asymptotes 
near R2 = 0.92 at coarser scales, demonstrating that the residual 

variance is driven by local spatial noise rather than systematic model 
bias. This structural agreement is further validated by the density scatter 
plot at 90 m resolution (Fig. 11, Panel C), which exhibits a strong linear 
relationship (Pearson's r = 0.892). The regression slope of 0.96 is near- 
unity, confirming that the BAM probability scores are well-calibrated 
and effectively serve as a linear proxy for sub-pixel burn fraction, 
rather than merely acting as a binary classifier.

4.8. Physical drivers of classification: Feature importance hierarchy

To elucidate the decision-making logic of the self-supervised model, 
we analyzed the Gini importance of the input features across the global 
validation set. Fig. 12 visualizes this importance score through biome- 
specific polar plots, which confirm that the classification is primarily 
driven by physical changes in surface reflectance rather than scene- 
specific artifacts. Across all events, the model exhibits a strong reli
ance on post-fire near Infrared and shortwave infrared bands, which 
collectively account for the majority of the information gain. This aligns 
with the fundamental spectral behavior of fire, where the combustion of 
vegetation results in a drastic reduction in NIR reflectance due to cell 
structure collapse and a concurrent increase in SWIR reflectance due to 
charring and drying. The dominance of these post-fire spectral bands 
confirms that the GTB model successfully learned the biophysical 
signature of burn scars as the primary discriminant.

The biome-stratified analysis reveals adaptive shifts in feature pri
oritization that correspond to distinct ecological characteristics. In high- 
biomass environments such as Tropical and Temperate forests, the 
model effectively relies almost exclusively on spectral data, particularly 
the post-fire SWIR signal, to identify the stark contrast between the 
canopy and the burn scar. However, in the Grassland biome, a notable 
divergence occurs where topographic variables, specifically slope, 
emerge as significant predictors. This suggests that in landscapes with 
subtle spectral changes—where the signal of burned grass can resemble 
dry soil or topographic shadows, the model utilizes terrain information 
to differentiate between naturally occurring shadow regions and true 
burn scars on hillslopes. Similarly, in the Boreal biome, vegetation 
indices such as changes in NDVI play a more prominent role, likely 
aiding discrimination between burn scars and the naturally dark, slow- 
growing vegetation typical of high latitudes. While textural features 
such as GLCM contrast and entropy contribute a smaller fraction to the 
overall importance, their consistent presence across biomes suggests 
they function as critical local filters for rejecting high-frequency noise 
that spectral data alone cannot resolve.

5. Discussion

5.1. The physics of spectral discrimination and automated label 
generation

The main contribution of BAM is not the use of another burn index in 
isolation, but the use of a physically targeted feature to generate reliable 
pseudo-labels without manual annotation. The multiplicative SWIR/NIR 
component in ATBI amplifies the simultaneous SWIR increase and NIR 
collapse associated with combustion, which improves burned–unburned 
separation relative to additive indices such as dNBR. This matters 
operationally because self-supervised refinement is only as good as the 
weak labels that initiate it. By producing a clearer histogram valley for 
Otsu thresholding, dATBI increases pseudo-label precision and reduces 
the propagation of noise into the GTB model. The improvement 
observed in 13 of 15 events indicates that this mechanism is robust 
across a wide range of fire environments.

5.2. Biogeographical invariance and zero-shot transferability

The cross-biome stability of BAM appears to stem from three design 
choices. First, pseudo-labels are generated scene-by-scene rather than 

Fig. 10. High-resolution validation over the 2024 Park Fire. (A) PlanetScope 3 
m false-color composite (NIR–Green–Blue). (B) PlanetScope-derived 3 m su
pervised reference map generated with XGBoost (Accuracy = 94.95%, F1 =
0.95). (C) BAM burn-probability output at 30 m. Insets highlight strong 
agreement in major fire morphology, including narrow burn fronts and internal 
unburned islands, despite the resolution difference.
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imported from a fixed regional training set, thereby reducing domain 
mismatch. Second, the refinement model integrates complementary 
spectral, textural, and topographic predictors rather than relying on a 
single index. Third, the validation strategy enforces spatial separation 
within each fire, making the reported performance less vulnerable to 
local autocorrelation. Together, these choices help explain why the 
framework maintained high internal accuracy across boreal, Mediter
ranean, tropical, temperate, and grassland environments without 
regional retraining.

5.3. Operational latency and the role of robust preprocessing

The integration of SREM directly supports the NRT purpose of BAM. 
Because SREM relies on image-based priors rather than external atmo
spheric products, the framework can operate on rapidly available 
Landsat TOA scenes and remain usable under smoky conditions that 
would otherwise reduce data availability. The India–Nepal case illus
trates the importance of this preprocessing step for preserving opera
tional continuity during active events. The NRT capability of BAM is 
therefore methodological rather than simply computational: the 

workflow avoids manual reference-label preparation, avoids depen
dence on delayed surface reflectance products, and uses scene-specific 
pseudo-label generation directly from newly available Landsat 
observations.

The present implementation was restricted to Landsat 8/9 to main
tain a sensor-consistent ATBI–SREM–GTB workflow. This design uses 
harmonized OLI/OLI-2 TOA observations, 30 m optical bands, and the 
Landsat thermal band included in the feature stack. Sentinel-2 offers 
clear advantages for burned-area mapping, including higher spatial 
resolution, red-edge information, and shorter revisit frequency; how
ever, its integration would require cross-sensor harmonization, adjust
ment of the ATBI/SREM preprocessing chain, treatment of mixed 
Sentinel-2 band resolutions, and redesign of the feature stack because 
Sentinel-2 does not provide a Landsat-like thermal infrared band. We 
therefore treat Sentinel-2 integration as an important future extension 
rather than part of the present Landsat-based BAM version.

Fig. 11. Statistical validation of BAM 30 m probability against 3 m PlanetScope reference data. (A) Spatial error map showing True Positives (grey), False Positives 
(blue), and False Negatives (red), with disagreements largely confined to boundary pixels (Precision = 0.952). (B) Multi-scale correlation analysis indicating 
increasing agreement with spatial aggregation (R2 = 0.58 at 30 m to 0.80 at 90 m), suggesting resolution-driven variability rather than systematic bias. (C) Density 
scatter plot at 90 m showing strong correlation (r = 0.892) and near-unity slope (0.96), consistent with well-calibrated probabilistic output.
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5.4. Resolving sub-pixel heterogeneity: Comparison with MODIS and 
PlanetScope

The comparison with MODIS and PlanetScope shows that BAM adds 
value at two complementary scales. Compared with MODIS, the key 
benefit lies in resolving fragmented burns and internal refugia that 
coarse global products smooth over or omit. Against PlanetScope, the 
benefit lies in preserving meaningful fire structure even when the 
Landsat footprint necessarily aggregates fine-scale variability. The 
probability layer is particularly useful because it expresses spatial 
gradation along burn boundaries and correlates with aggregated refer
ence burn fraction, making it more informative than a binary perimeter 
alone.

Previous burned-area mapping studies have demonstrated the value 
of spectral indices, Sentinel-2 time series, and machine-learning classi
fiers for regional fire mapping. Index-based approaches such as NBR, 
dNBR, Burned Area Index for Sentinel-2 (BAIS2), and Burn Area 
Detection Index (BADI) provide physically interpretable burn-sensitive 
features, while supervised machine-learning approaches can improve 
classification by combining multiple spectral and contextual variables 
(Bilal, 2025b; Farhadi et al., 2022; Holsinger et al., 2022; Liu et al., 
2023; Roodsarabi et al., 2025). BAM differs from these approaches by 
using a physically constrained index not as the final classifier, but as an 
automated pseudo-label generator for scene-specific self-supervised 
learning. This distinction is important because it reduces dependence on 
manually prepared training data while retaining the interpretability of 
spectral burn physics. The comparison with MODIS further shows that 
BAM’s main operational advantage is not simply higher total burned 
area, but improved delineation of fragmented burn scars and internal 
unburned refugia.

5.5. Limitations and future trajectories

While the BAM framework exhibits robust performance, it remains 
limited by the physical constraints of optical remote sensing. Persistent 
cloud cover can still produce temporal gaps, and independent high- 
resolution validation is currently limited to one event. Future work 
should therefore prioritize integrating microwave sensing in cloud- 
affected regions and extend external validation to additional pyromes. 
The self-supervised label-generation strategy may also support future 
deep learning models, but this should be framed as a downstream op
portunity rather than as a core claim of the present study. Finally, a 
limitation of the default exclusion mask used for BAM is that cropland 
fires may be underestimated, particularly where burned croplands are 
mapped as class 40 in ESA WorldCover or where land-cover classifica
tion errors occur. For agricultural fire applications, the cropland mask 
should be disabled or replaced with a crop-aware configuration, which 
should then be validated separately.

6. Conclusions

This study introduced the Burn Area Mapper (BAM), a physics- 
informed self-supervised framework for near-real-time wildfire 
burned-area mapping from Landsat 8/9 observations. The core contri
bution of BAM is the use of the Automated Temporal Burn Index (ATBI) 
as a physically constrained pseudo-label generator, allowing scene- 
specific model training without manually prepared reference labels or 
region-specific supervised calibration. By combining ATBI-based 
pseudo-labeling, SREM atmospheric correction, and Gradient Tree 
Boost refinement using spectral, temporal, textural, and topographic 
predictors, BAM produces both binary burned-area maps and 

Fig. 12. Biome-stratified feature importance in BAM. Post-fire NIR and SWIR dominate overall, while topographic and vegetation variables gain importance in 
spectrally subtle environments.
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continuous burn-probability outputs at 30 m resolution.
The results show that dATBI improves burned–unburned separability 

relative to conventional dNBR in most evaluated events, supporting 
more stable automated thresholding and pseudo-label extraction. Across 
15 wildfire events spanning diverse biomes and fire regimes, the internal 
spatially blocked assessment demonstrated consistently high agreement 
between BAM predictions and held-out pseudo-labels, indicating that 
the refinement model generalizes beyond the initial training samples 
within each scene. Independent evaluation using 3 m PlanetScope data 
further showed that BAM preserves major burn morphology at 30 m and 
that its probability output provides meaningful information on sub-pixel 
burn fraction when aggregated to coarser scales.

Compared with MODIS MCD64A1, BAM provides finer spatial 
delineation of fragmented burn scars, narrow fire fronts, and internal 
unburned refugia that are often generalized in coarse-resolution prod
ucts. These characteristics make BAM particularly useful for rapid post- 
fire assessment, ecological impact analysis, and local-to-regional 
disaster response, while complementing existing global burned-area 
products designed for long-term climate and emissions applications.

BAM remains subject to the limitations of optical remote sensing, 
including persistent cloud cover, smoke opacity, and data gaps when 
suitable post-fire observations are unavailable. The default cropland 
mask also prioritizes conservative wildland-fire mapping and may 
require adjustment for agricultural-fire applications. Future work should 
extend independent high-resolution validation across additional 
pyromes, evaluate cropland-sensitive configurations, and explore 
Sentinel-2 and SAR integration to improve revisit frequency, spatial 
detail, and robustness under cloud-affected conditions. Overall, BAM 
provides a scalable, interpretable, and operationally practical pathway 
for automated 30 m near-real-time burned-area mapping.
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