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Wildtire forecasting requires joint modeling of recent fire activity The Google Earth Engine stage converts retrospective wildfire events

and evolving environmental context across space and time. This into event-centered forecasting samples. In the current workflow,

work presents a computational framework for next-day active- spatial windows are localized using recently observed fire activity,
fire forecasting, where the prediction target is defined as a

| . after which static landscape context, temporal environmental history,
remote-sensing based proxy for short-horizon spread rather than and short-horizon target layers are assembled into aligned tensors.
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explicit fire-perimeter propagation. The emphasis of the current The exported samples retain validity masks, sample-level metadata,

study is the construction of a reproducible, leakage-aware and quality control information, making this stage a structured
pipeline linking geospatial data preparation with neural dataset construction module rather than a simple imagery export . .
spatiotemporal prediction. routine. N Wmm
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The proposed system is organized as an end-to-end pipeline The machine learning stage uses a U-Net-based segmentation model | = g actve oice @ 05 '
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linking data construction and model development. In the first
stage, wildfire-centered samples are generated from historical
geospatial observations and environmental context. In the second
stage, these samples are used within a U-Net based machine

to perform short-horizon spatial wildfire forecasting. In this workflow,
temporally ordered geospatial inputs are fused within an encoder—
decoder architecture to estimate subsequent fire activity over the
forecast patch. Training is conducted with event-level data
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learning workflow for spatial forecasting. The framework is partitioning, train-only normalization, and validity-aware /) — -f—"fh
intentionally modular so that sample construction, supervision supervision, making the model suitable for sparse and uncertain [/
design, feature representation, and predictive architecture can be wildfire targets while preserving flexibility for continued architectural -
revised without changing the overall scientific workflow. refinement. | I —
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e - S e N L i || (2 Ve, Results show that the current Earth Engine-to-U-Net pipeline is already functioning at meaningful scale, with 11,291
(’@ O . \ Ry Cooute Earth Engine . | ammemsuns | Valid samples across event-level train, validation, and test splits and a stable learning trajectory that selected its best
e | B || \ ¢// \ i /- checkpoint at epoch 45, currently. The model achieves nontrivial next-day active-fire forecasting skill, establishing a
- \ / gy spostatonmen ; <ry> N N credible baseline for short-horizon wildfire prediction. Ongoing work focuses on targeted refinement of
\5“ . remor M UUH”UF“’”‘” - Etvﬂ“’" representation, supervision, and calibration to improve performance while preserving the overall framework as a
e i | s L) oy e, | scalable, scientifically grounded forecasting system.
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