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Abstract

Wildfire risk prediction remains a critical yet challenging
task due to the complex interactions among fuel condi-
tions, meteorology, topography, and human activity. De-
spite growing interest in data-driven approaches, publicly
available benchmark datasets that support long-term tempo-
ral modeling, large-scale spatial coverage, and multimodal
drivers remain scarce. To address this gap, we present a
25-year, daily-resolution wildfire dataset covering 240 mil-
lion hectares across British Columbia and surrounding re-
gions. The dataset includes 38 covariates, encompassing ac-
tive fire detections, weather variables, fuel conditions, terrain
features, and anthropogenic factors. Using this benchmark,
we evaluate a diverse set of time-series forecasting models,
including CNN-based, linear-based, Transformer-based, and
Mamba-based architectures. We also investigate effectiveness
of position embedding and the relative importance of differ-
ent fire-driving factors.

Code and Datasets —
https://github.com/SynUW/BCWildfire

Introduction

Wildfires have experienced unprecedented escalation in fre-
quency, scale, and intensity globally, with climate change
exacerbating fire-prone conditions and creating an urgent
need for accurate wildfire risk prediction models (Ager et al.
2019). Boreal regions, characterized by substantial carbon
storage and high wildfire susceptibility, face particularly
acute risks (Stephens et al. 2014; Jain et al. 2024). For in-
stance, British Columbia’s wildfire patterns threaten both re-
gional ecosystems and global climate stability, necessitating
robust predictive frameworks for effective fire management
strategies (Parisien et al. 2023; Daniels et al. 2024).
Data-driven approaches, especially deep learning archi-
tectures, have shown great promise in wildfire prediction due
to their capacity to model complex nonlinear interactions
among heterogeneous environmental variables (Xu et al.
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Figure 1: Time series of key variables (2023-2024) show-
ing wildfire prediction challenges. Figure (a)-(e): precipi-
tation, soil moisture L1, MODIS Band 20, 2m tempera-
ture (exogenous), and burned area (endogenous) at an ig-
nition point. Figure (f)-(j): same variables in non-ignition
areas. Red: wildfire periods; Green: missing data. The fig-
ure demonstrates spatiotemporal decoupling between exoge-
nous/endogenous variables and remote sensing data gaps.

2025). However, the deployment of such models is often hin-
dered by the lack of comprehensive and high-quality training
datasets. Despite extensive research on wildfires, publicly
available standardized datasets remain limited in terms of
scope and accessibility (Gerard, Zhao, and Sullivan 2023).

Current wildfire prediction systems face fundamental
challenges across multiple dimensions. A key limitation lies
in the lack of standardized, publicly accessible datasets with
broad geographic coverage, particularly in carbon-rich bo-
real ecosystems. Most existing research focuses on localized
fire spread modeling (see Table 1), typically using input se-
quences constrained to short temporal windows such as 1 or
7 days (Eddin, Roscher, and Gall 2023; Deng et al. 2025;



Temporal Span

Dataset (Lookback/Forecast) Resolution
FireCube Daily/Daily Daily
WildfireDB Daily/Daily Daily
WildfireSpreadTS 14-94 d/4-94 d Daily
e gzysprea . Daily/Daily Daily
SeasFire Cube N/A/N/A 8d
BCWildfire (ours) <25y/<25y Daily

Table 1: Comparison between current next day or event-
based wildfire prediction datasets and BCWildfire.

Zhou et al. 2025b). This narrow temporal scope fails to ac-
count for large-scale, long-term wildfire risk driven by fuel
accumulation, prolonged drought, and anthropogenic activ-
ity over seasonal to annual timescales. In addition, the in-
tegration of diverse and heterogeneous fire-driving factors
remains limited, which restricts models’ ability to capture
the complex and multi-scale mechanisms that govern wild-
fire ignition and spread.

By contrast, methodological challenges arise from the in-
herent complexity of wildfire systems, where risk is driven
by long-term cumulative interactions among diverse geospa-
tial covariates, including meteorological conditions (e.g.,
temperature, humidity, precipitation), vegetation character-
istics (e.g., fuel load, moisture content), human activity, and
topography (Xu et al. 2025). The interdisciplinary nature of
this domain has led to a knowledge gap: machine learning
practitioners often lack the geospatial expertise required to
effectively apply advanced algorithms to wildfire prediction,
while wildfire experts continue to rely on traditional models
such as Random Forest and XGBoost (Di Giuseppe et al.
2025). As a result, data-driven wildfire research has yet to
fully leverage the recent advances in deep learning.

To address these fundamental limitations, we present
BCWildfire, a comprehensive spatiotemporal dataset that
covers British Columbia, Canada, and adjacent regions,
spanning approximately 240 million hectares over the pe-
riod 2000 to 2024 and incorporating 38 multimodal wild-
fire driving factors. We further conduct a systematic bench-
mark of deep learning architectures, including CNN-based,
linear-based, Transformer-based, and Mamba-based models,
for the next day wildfire risk prediction to evaluate their ef-
fectiveness on this challenging task.

The primary contributions of this work are:

* We introduce BCWildfire, a large-scale spatiotemporal
dataset for wildfire risk prediction, consisting of 2.4
million samples across 240 million hectares of boreal
landscapes over a 25-year period. The dataset integrates
38 multimodal wildfire-driving factors, addressing ma-
jor limitations in existing resources related to geographic
coverage, feature completeness, and long-term temporal
representation.

In contrast to existing datasets that primarily focus on
wildfire spread and behavior modeling based on spatial
information, BCWildfire is specifically designed to sup-

39487

port time series forecasting. This design enables the mod-
eling of cumulative interactions among wildfire drivers
over time, thereby facilitating the development of models
with enhanced temporal reasoning capabilities and the
potential to establish new benchmarks for wildfire pre-
diction.

We conduct a systematic benchmarking of state-of-the-
art deep learning architectures across 4 major paradigms
including CNN-based, linear-based, Transformer-based,
and Mamba-based models for spatiotemporal wild-
fire prediction. Our evaluation highlights the strength
and limitations of each paradigm in handling complex
variable dependencies, non-periodic patterns, and high
stochastic inherent in wildfire dynamics.

Related Work
Datasets

Several open-source wildfire datasets have been released in
recently, including WildfireDB (Singla et al. 2020), Next
Day Wildfire Spread (Huot et al. 2022), FireCube (Prapas,
Kondylatos, and Papoutsis 2022; Kondylatos et al. 2023),
WildfireSpreadTS (Gerard, Zhao, and Sullivan 2023), and
SeasFire Cube (Alonso et al. 2023) (see Table 1). These
datasets compile environmental covariates related to wildfire
events across the United States and the Mediterranean, in-
corporating meteorological conditions, topography, vegeta-
tion (fuel) status, human activity, and fire behavior. Most of
these datasets are designed to support models that use recent
covariate states and fire activity as inputs to predict wildfire
spread at the next time step. Consequently, as summarized
in Table 1, most studies generally adopt a daily temporal
resolution with short look back periods and limited predic-
tion horizons. Moreover, they mainly emphasize small scale
wildfire spread and behavior prediction after ignition, rather
than large scale wildfire risk prediction.

Overall, the number and spatiotemporal coverage of pub-
licly available wildfire datasets remain limited. Existing
datasets tend to focus on fire spread modeling for individ-
ual events within short time windows, primarily in the U.S.
and Mediterranean regions. This limited scope constrains
the development of wildfire ignition risk prediction mod-
els, which rely on long-term accumulative drivers and are
crucial for proactive wildfire management (Xu et al. 2025).
Moreover, due to the high sensitivity of wildfire behavior to
local environmental and climatic conditions, models trained
on region-specific or structurally constrained datasets often
fail to generalize to boreal forests (Gerard, Zhao, and Sulli-
van 2023).

From a time series forecasting perspective, although there
exists a wide range of datasets in domains such as electricity
trading, energy consumption, traffic flow, and weather fore-
casting, there remains a notable scarcity of datasets focused
on natural disaster prediction, particularly those involving
complex and stochastic hazards like wildfires (Chen et al.
2001; Lai et al. 2018; Wu et al. 2021; Zhou et al. 2021). This
scarcity limits the ability of machine learning researchers to
apply and evaluate advanced time series forecasting algo-
rithms in real-world disaster risk scenarios.
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Figure 2: Partial overview of the dataset, illustrating fuel (green), fire detection (red), topography (yellow), human activities

(black), and meteorological factors (blue).

Methods

Current wildfire risk prediction research predominantly
treats the problem as a spatiotemporal forecasting task, uti-
lizing wildfire burning states and covariate conditions from
previous days as inputs to predict wildfire coverage ex-
tent and behavior at next day (Shams Eddin, Roscher, and
Gall 2023; Bhowmik et al. 2023; Ali et al. 2024). Conse-
quently, algorithmic approaches frequently employ various
CNN and Vision Transformer-based variants, such as UNet,
UNETR, and T4-Fire, with primary emphasis on spatial in-
formation consideration, while neglecting the cumulative ef-
fects of long-term driving factors (Ronneberger, Fischer, and
Brox 2015; Hatamizadeh et al. 2022; Zhao, Gerard, and
Ban 2024). On the other hand, wildfire prediction algorithms
based on long-term time series information remain predom-
inantly grounded in traditional machine learning method-
ologies, including XGBoost, Random Forest, simple feed-
forward neural networks, and Long Short-Term Memory
(LSTM) (Kondylatos et al. 2022; Di Giuseppe et al. 2025).

Deep learning has greatly advanced time series forecast-
ing, enabling models to infer future dynamics from histori-
cal observations. Multiple model architectures have emerged
based on CNN, Linear, Transformer, and Mamba frame-
works (Wang et al. 2025), including CNN-based TimesNet
(Wu et al. 2022) and SCINet (Liu et al. 2022), Linear-based
TiDE (Das et al. 2024), and CrossLinear (Zhou et al. 2025a),
as well as Transformer-based models such as TimesNet (Wu
et al. 2022), Autoformer (Wu et al. 2021), FEDformer (Zhou
et al. 2022), Crossformer (Zhang and Yan 2023), PatchTST
(Nie et al. 2023), and iTransformer (Liu et al. 2024). These
models have demonstrated significant advantages across di-
verse prediction tasks in transportation, meteorology, and
trading domains (Wang et al. 2025; Zhou et al. 2025a). How-
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ever, exploration in natural disaster applications, particularly
in wildfire risk prediction, remains notably limited.

BCWildfire Benchmark Dataset
Overview

Overall, we construct a long-term time series forecasting
dataset with consistent spatiotemporal resolution, covering
British Columbia, Canada, and surrounding regions from
2000 to 2024. Each sample includes 38 daily covariates
grouped into five categories: vegetation (fuel) conditions, ac-
tive fire detections, meteorological factors, human activity,
and topographic features, as shown in Figure 2. The dataset
primarily sources data from MODIS satellite remote sensing
products, ERA5-Land reanalysis data (Mufioz-Sabater et al.
2021), OpenStreetMap (OpenStreetMap contributors 2021),
and the ASTER digital elevation model (DEM) (NASA et al.
2019). As illustrated in Figure 2, each day’s observation
is organized into a structured data cube with all features
aligned. Given the varying native resolutions of the data
sources, we resample all inputs to a uniform spatial resolu-
tion of 1 km and a daily temporal resolution to ensure con-
sistency across both dimensions.

Driving Factors

Fuel Conditions Vegetation serves as the primary fuel for
wildfires; therefore, capturing its dynamic changes is es-
sential for predicting wildfire occurrence and spread (Smith
et al. 2023). Given the rapid dynamics of wildfire behavior,
stable products that provide long-term time series with high
temporal resolution are extremely scarce. Accordingly, we
selected MODIS products to characterize fuel conditions.
First, we used the stable 500 m, 4-day Leaf Area Index (LAI)
composite product (MCD15A3H), which provides LAI and



the Fraction of Photosynthetically Active Radiation (FPAR)
(Myneni, Knyazikhin, and Park 2015). These variables serve
as proxies for fuel load, structure, moisture, and vegetation
activity. In addition, to better capture the rapid temporal dy-
namics of vegetation, we employed the daily 500 m MOD-
/MYDO09GA reflectance data, specifically Bands 1, 2, 3, and
7, together with the derived Normalized Difference Vegeta-
tion Index (NDVI) and Enhanced Vegetation Index (EVI), to
jointly represent fuel conditions (Vermote and Wolfe 2015).
The combination of these bands and products not only pro-
vides robust proxies for fuel status but also effectively dis-
tinguishes healthy vegetation from burned areas while main-
taining sensitivity to clouds and smoke (Gerard, Zhao, and
Sullivan 2023).

Meteorological Factors Weather and climate factors are
primary drivers of wildfire activity, influencing fire occur-
rence, burned area, and fire behavior, thus occupying a cen-
tral position in various wildfire prediction models (Xu et al.
2025). High temperature, low relative humidity, insufficient
precipitation, and strong winds are key short-term mete-
orological conditions affecting fire occurrence and spread
(Kondylatos et al. 2022). This study employs daily com-
posite ERAS5-Land products (with approximately 11 km
spatial resolution) to extract meteorological driving factors
(Muiioz-Sabater et al. 2021). In variable selection, beyond
key factors that directly influence fuel moisture, wind trans-
port, and fire propagation, such as 2 m air temperature, 10
m eastward and northward wind components, atmospheric
pressure, total precipitation, surface latent heat flux, and 2 m
dewpoint temperature, we additionally include snow cover
as a seasonal variable with a significant impact in northern
regions. Snow cover not only modulates surface temperature
and humidity but also significantly delays the exposure and
drying process of combustible materials during winter and
spring seasons, thereby affecting wildfire occurrence proba-
bility and initial spread rate. Furthermore, to more compre-
hensively reflect the cuamulative effects of environmental hu-
midity over longer time scales, this study also incorporates
soil moisture data from the 0-289 cm depth range.

It is important to note that the relatively coarse spatial res-
olution of ERAS5-Land leads to spatially smoothed tempera-
ture fields, which are insufficient to capture fine-scale ther-
mal anomalies associated with wildfire ignition and spread.
To overcome this limitation, we additionally incorporate
MODIS thermal products, including MOD/MYD11A1 and
MOD/MYDO09CMG, with spatial resolutions of approxi-
mately 1 km and 5.6 km, respectively (Wan, Hook, and
Hulley 2021; Vermote 2015). The MOD/MYDI11A1 prod-
uct provides day- and night-time land surface temperature
and emissivity derived from Bands 31 and 32, whereas the
MOD/MYDO09CMG product contains brightness tempera-
ture from Bands 20, 21, 31, and 32. By combining these
MODIS products with ERAS5-Land temperature data, we
aim to enhance the spatial detail and responsiveness to lo-
cal thermal anomalies.

Topographical Factors Topographical factors also play
an important role in the ignition and spread of wildfires
(Coen et al. 2013). Steep slopes help fire to rise quickly up-
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hill, increasing the rate of spread; aspect affects sunlight ex-
posure and dryness, thereby influencing the flammability of
fuels; and hillshade reflects, to some extent, the shading of
terrain on solar radiation, indirectly affecting local micro-
climate and burning conditions (Deng et al. 2025). There-
fore, we selected 30-meter resolution ASTER DEM data and
calculated slope, aspect, and hillshade based on it (NASA
et al. 2019). Additionally, water bodies often serve as nat-
ural barriers that can significantly reduce the probability of
fire spread, so we also calculated the distance to the nearest
water body using OpenStreetMap’s water distribution map,
further enhancing the model’s ability to represent fire behav-
ior (OpenStreetMap contributors 2021).

Human Activity Factors Human activities represent a
major source of wildfire ignition (Bowring et al. 2024). To
capture their potential influence, we incorporated the yearly
500 m resolution MODIS Land Use product (MCD12Q1) to
account for the impact of different land use types on wild-
fire occurrence, as substantial contrasts exist between agri-
cultural and forested areas in terms of fuel characteristics
and human intervention (Friedl and Sulla-Menashe 2019).
In addition, using settlement and power grid distribution
data from OpenStreetMap, we computed the distance to the
nearest infrastructure for each pixel. Since human activities
tend to cluster around infrastructure, such proximity may
increase the likelihood of ignition events (OpenStreetMap
contributors 2021).

Wildfire Data To construct temporally continuous and
spatially consistent records of wildfire activity over the ex-
tended study period, we utilize daily MODIS Active Fire
products MOD/MYD14A1, both with 1 km spatial resolu-
tion (Giglio and Justice 2015). These products are based on
thermal anomaly detection in mid-infrared bands (primar-
ily Bands 20 and 21), providing global coverage with up
to four observations per day. MODIS Active Fire products
offer several advantages, including extensive historical cov-
erage, high temporal frequency, and consistent detection al-
gorithms, making them particularly suitable for large-scale
and long-term fire trend analysis. We merge MOD and MYD
detection data daily to generate composite active fire masks,
retaining only pixels with high confidence levels to reduce
false positives. When a pixel is detected as actively burning,
its value reflects the most recent observation time for that
day. This approach reliably identifies fire location and inten-
sity, enabling precise delineation of wildfire ignition timing
and spatial extent. The resulting time series provides a ro-
bust foundation for downstream tasks such as wildfire risk
modeling and fire spread analysis.

Dataset Preparation

As our dataset integrates multimodal drivers from diverse
sources, several challenges arise during its construction, in-
cluding differences in geographic reference systems, spatial
and temporal resolutions, and cloud contamination in opti-
cal remote sensing imagery. Moreover, since wildfires are
extreme and relatively rare events, their spatiotemporal dis-
tribution is highly sparse compared to non-fire occurrences.
Consequently, when wildfire risk prediction is formulated



Temperature 2m Band 21 Night V Wind 10m Total Precipitation Soil Water L4 LAI
—— Burned
—— Not Burned
(a)
250 275 100 200 300 0 10 O 0.03 0.05 0.20 0.40 0.60 25 50 75
280.6 281.8 0.693 0.0026 0.380 17.4
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277.9 271.4 0.195 9.2e-04 0.346 11.4
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Days Before Ignition

Figure 3: Comparison of key environmental drivers between burned and unburned areas prior to wildfire ignition. (a) Kernel
density distributions of six selected variables within 10 days before ignition. (b) Mean temporal trends of the same variables.

as a binary classification problem, it suffers from severe
class imbalance between positive (fire) and negative (non-
fire) samples.

The study area is frequently influenced by maritime
air masses. Moist westerlies from the Pacific Ocean are
forced to ascend over the Rocky Mountains, resulting in
orographic precipitation and persistent cloud accumulation,
which cause substantial cloud contamination and data gaps
in MODIS optical imagery (see Figure 1). To mitigate this
issue, we applied the quality control (QC) bands provided by
the MODIS products to mask low-quality observations, fol-
lowed by temporal filling using historical records. This ap-
proach produces cloud-free observations without introduc-
ing future data leakage.

Given the substantial discrepancies in coordinate refer-
ence systems and spatiotemporal resolutions among dif-
ferent drivers, all spatial inputs were standardized to the
WGS84 coordinate system to ensure geographic consis-
tency. We further resampled all inputs to a uniform 1 km
grid, using nearest-neighbor interpolation for categorical
data (e.g., land use and fire occurrence) and bilinear interpo-
lation for continuous variables. To address temporal hetero-
geneity, we forward-filled non-daily data sources under the
assumption of short-term temporal stability, thereby align-
ing all variables into a unified daily sequence.

Ultimately, we constructed a large-scale, preprocessed
wildfire risk assessment dataset in GeoTIFF format, cov-
ering British Columbia and adjacent regions from 2000 to
2024. The dataset comprises 38 daily variables over a spa-
tial domain of 2,782 x 1,302 km? at 1 km resolution. All

files share identical spatial extent and resolution across and
within variables, providing a flexible structure that facilitates
customized preprocessing and dataset assembly.

In our experiments, wildfire risk prediction is formulated
as a binary time-series prediction problem, where the goal
is to predict the probability of wildfire occurrence at time ¢
based on historical fire ignition and driver conditions from
t — 1 to t — n at the pixel level. Because wildfires are rare
events, negative samples (non-fire pixels) greatly outnumber
positive samples (fire pixels). To alleviate this imbalance,
we adopted an undersampling strategy (Kondylatos, Camps-
Valls, and Papoutsis 2025). In this benchmark, rather than
randomly selecting negative samples, we excluded those lo-
cated within a 60 km and 3-day spatiotemporal buffer around
positive samples to avoid sampling from high-risk regions.
Following the experimental setup of Kondylatos et al., we
ensured that for each land cover type and across all years,
the number of negative samples remained a fixed multiple
of the positive samples (two times in the training and vali-
dation sets, and equal in the test set), preventing the model
from learning trivial mappings. We also used the driver con-
ditions from the previous 10 days as input to predict wildfire
risk on the following day.

Dataset Analysis

Following the aforementioned data collection and process-
ing procedures, our final dataset for model training, val-
idation, and testing comprises 1,015,275 samples, includ-
ing 338,425 positive samples and 676,850 negative samples.
To examine the distributional characteristics and temporal
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Models
\ P R F1 PR_AUC \ P R F1 PR_AUC

SCINet 84.77 88.05 86.38 94.46 85.18 86.63 85.90 94.33
TSMixer 85.69 90.39 87.97 96.24 86.98 89.29 88.12 96.10
CrossLinear | 88.04 87.59 87.81 96.07 86.31 89.56 87.90 95.74
Crossformer | 88.74 87.49 88.11 96.28 87.89 89.52 88.70 96.34
FEDformer | 82.95 91.18 86.87 94.93 85.17 89.82 87.43 95.23
S_Mamba 84.21 86.44 85.31 94.83 84.99 90.09 87.46 95.74

Table 2: Comparison of model performance for next-day wildfire risk prediction using driver conditions from the previous 10
days and evaluating the effectiveness of positional embedding.

dynamics of wildfire-driving factors across multiple time
scales, we computed the probability density functions for
wildfire and non-wildfire pixels over the preceding 365 days
and analyzed their temporal trends during the last 10 days
prior to ignition, as shown in Figure 3(a) and Figure 3(b),
respectively. The results indicate that temperature increases,
fuel accumulation, precipitation decreases, and surface soil
moisture reductions are strongly associated with wildfire ig-
nition. However, substantial distributional overlap remains
between burned and unburned areas, underscoring the in-
trinsic stochasticity of wildfire occurrence in space and time,
whereby under similar environmental conditions, fires may
either ignite or remain dormant even within high-risk zones.
Interestingly, regions experiencing wildfire ignition tend to
exhibit slightly higher deep-layer (100-289 cm) soil water
content, suggesting that wildfires often occur in ecologically
moist, fuel-rich environments where deep soil moisture does
not directly mitigate surface drying and ignition risk.

Experiments
Evaluation Setups

Evaluated Models. We evaluated 6 time series forecast-
ing models on the BCWildfire dataset, covering a diverse
range of architectures, including CNN-based, linear-based,
Transformer-based, and Mamba-based approaches. Specifi-
cally, the models include the CNN-based SCINet (Liu et al.
2022), linear-based models such as CrossLinear (Zhou et al.
2025a), and TSMixer (Wang et al. 2024), Transformer-based
models including Corssformer (Zhang and Yan 2023) and
FEDFormer (Zhou et al. 2022), as well as the Mamba-based
S_Mamba (Wang et al. 2025).

Through extensive comparative experiments across mul-
tiple models, we aim to address several key challenges at
the intersection of wildfire risk assessment and time-series
forecasting. These challenges include identifying the perfor-
mance limits of existing time-series models for wildfire pre-
diction, understanding the relative importance of wildfire-
driving factors within the study area, and investigating how
factors such as spatial encoding influence predictive per-
formance and model interpretability. Our findings provide
clearer guidance for the effective use of datasets and the de-
sign of models in this field.

Evaluation Protocols. We evaluate model performance
using recall (R) and precision (P), Fl-score (F1), and
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precision-recall area under curve (PR-AUC). Binary cross-
entropy loss is used for model training. All models are
trained using the Adam optimizer on two NVIDIA A6000
GPUs. We use a batch size of 128 and train for 50 epochs.
The learning rate is scheduled to 1 x 10~° during training.
For data partitioning, we use the years 2000-2020 as the
training set, 2021-2022 as the validation set, and 2023-2024
as the test set.

Main Results

Mechanistic Drivers of Wildfire Risk. To identify the
short term mechanisms underlying wildfire ignition, we con-
ducted a SHAP analysis on the Crossformer model using a
10 day input sequence to predict next day wildfire risk. The
analysis indicates that ignition probability in our study re-
gion is primarily governed by recent fire activity, soil mois-
ture dynamics, surface energy flux, and fuel conditions de-
rived from multispectral reflectance.

The most influential feature is fire detection, whose strong
negative SHAP contribution suggests that the absence of re-
cent fire activity is a key signal for identifying potential new
ignitions, while persistent fire signals correspond to already
burned areas. Following this, soil moisture L3 (28—100 cm
depth) and surface latent heat flux show strong positive ef-
fects, indicating that intermediate soil moisture and high sur-
face energy exchange promote rapid drying of near surface
fuels and create favorable ignition conditions. Snow cover
exerts a pronounced negative influence, confirming that the
presence of snow effectively suppresses ignition risk.

Spectral variables such as Band 3 (459-479 nm re-
flectance), Band 32 (11.77-12.27 um emissivity), and veg-
etation indices including EVI and FPAR contribute posi-
tively, revealing that bright visible reflectance, high emissiv-
ity, and productive vegetation jointly reflect exposed, desic-
cated, and fuel rich surfaces prone to burning. Topographic
variables such as hillshade, slope, and aspect rank within
the top 15 predictors, suggesting that terrain controlled ra-
diation and wind exposure further modulate ignition likeli-
hood, although their effects remain secondary to biophysical
and thermal factors.

Performance Ceilings Our benchmark reveals persistent
performance ceilings among existing wildfire prediction
architectures under the 10 day input configuration. Even
the best performing models, including CrossLinear (recall
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Figure 4: Visualization of predictions from different time se-
ries forecasting models on August 15, 2024.

87.56%), Crossformer (87.49%), and FEDformer (91.19%),
plateau below 92% recall, while precision remains within a
narrow 83-88% range. These results underscore fundamen-
tal challenges in wildfire risk prediction, such as extreme
class imbalance, strong spatiotemporal heterogeneity, and
complex nonlinear interactions among drivers.

Precision varies only slightly across architectures, sug-
gesting that current representations still struggle to cap-
ture causal ignition signals and to suppress false posi-
tives. Transformer based architectures, especially Cross-
former and FEDformer, achieve higher recall and stability
than CNN or Mamba based models, reflecting their advan-
tage in capturing long range temporal dependencies. Linear
models such as TSMixer and CrossLinear remain competi-
tive and efficient when temporal correlations are strong. No-
tably, S_Mamba achieves balanced performance across all
metrics (precision 84.21%, recall 86.44%, F1 85.31%, PR-
AUC 0.9483), confirming its ability to model fine scale tem-

39492

poral dynamics with good computational efficiency.

We further assessed the impact of incorporating spatial
positional embedding, which encodes pixel level geographic
information. As shown in Table 2, adding spatial context
consistently improves accuracy across architectures. Trans-
former based models exhibit the largest gains in recall and
F1 score, indicating that spatial cues enhance their ability
to capture regional patterns and neighborhood dependen-
cies. Linear and Mamba based models also benefit, with
S_Mamba showing clear improvement in recall (3.659%)
and F1 (from 2.15%). Overall, spatial embedding provides
valuable contextual information that improves model robust-
ness and accuracy in wildfire risk prediction.

Qualitative Comparison between Different Models As
shown on the left side of Figure 4, most wildfire occurrences
correspond closely to areas classified as high risk. Combined
with the quantitative comparison above, this result demon-
strates that existing time series models can effectively pre-
dict next day wildfire risk. However, as illustrated in the
zoomed in view on the right, model performance limitations
remain evident, particularly in predicting new ignitions and
small scale fires.

On the other hand, Figure 4 shows that different models
produce distinct spatial patterns in their predictions, partic-
ularly in false positives and high-risk regions, even though
their quantitative metrics in Table 2 differ only marginally.
This observation suggests two key implications. First, en-
semble predictions that combine different model outputs
may further improve overall accuracy. Second, quantitative
comparisons based solely on sampled test data may be bi-
ased and fail to fully capture the true predictive capability of
each model.

Conclusion

We present BCWildfire, a 25 year multimodal wildfire
benchmark dataset covering 240 million hectares across
British Columbia and adjacent northern regions. The dataset
integrates 38 key wildfire driving factors, including mete-
orological, fuel, topographic, and human activity variables,
harmonized at 1 km spatial and daily temporal resolution.
Based on this resource, we establish the first unified time
series forecasting benchmark for wildfire risk prediction.

Our experiments show that advanced architectures such as
Crossformer, FEDformer, and S_Mamba achieve strong pre-
dictive performance but remain constrained by the stochastic
nature of ignition events and class imbalance between fire
and non fire samples. SHAP analysis reveals that wildfire
risk is shaped by recent fire activity, soil moisture transi-
tions, surface energy flux, snow cover, vegetation productiv-
ity, and terrain effects, reflecting physically meaningful ig-
nition mechanisms. Incorporating spatial positional embed-
ding further improves accuracy across models, emphasizing
the importance of spatial context in capturing regional fire
dynamics.

Future work will extend the temporal horizon of modeling
to better exploit the dataset’s long-term information and to
examine how extended temporal drivers influence wildfire
occurrence and evolution.
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