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Abstract

Live fuel moisture content (LFMC) provides an indicator of vegetation flammability, the
potential for canopy dieback from drought, and habitat quality for arboreal fauna. Recent
advances in artificial intelligence have increased the potential in meteorological forecasts for
Earth surface forecasting. Combining weather forecasts with remotely sensed LFMC offers a
promising avenue for short and medium-term LFMC forecasting (i.e. weeks to months). We
adapted a transformer-based surface forecasting model to predict LFMC across the forest

regions of New South Wales, Australia, up to 50 days in advance. Using a multi-modal



spatiotemporal transformer (Contextformer) as a hind-cast model of LFMC with ‘minicubes’
of weather, soil, vegetation structure, elevation and Sentinel-2 reflectance data, we tested four
variants to evaluate if theory-guided biophysical predictors improve performance compared
to the base model. Explainable Al methods were applied to demystify model reliance, using
Integrated Gradients attribution. Incorporating biophysical theory in predictor selection
produced the lowest error (Global RMSE=15.68% dry matter), whereas adding only spectral
bands to the base model was less successful (partly due to the structure of the forecast
architecture). Within the LFMC forecast, explainable Al revealed mixed patterns in
importance amongst temperature and rainfall variables due to the transformer’s ability to
model multiple eco-physiological pathways to vegetation hydration. Dynamic weather
variations dominate forecasted LFMC temporal trends, over spectral bands. Crucially,
regression-to-the-mean effects in the LFMC forecasts caused poorer local performance
(median R?~0.21) compared to global evaluation (R?~0.69, i.e. poorer within minicubes than
amongst minicubes). When converting this hind-cast model to an operational model (i.e. true
forecast), best performance could be utilised by running rolling short-term forecasts (5 to 15

days) to capture localised fuel hazard peaks and canopy dieback in the future.

Highlights
* 50-day LFMC forecasts had low Global Error (15.68% dry matter content)
* Best forecast with the additional biophysically relevant predictors

* Seasonal differences in degree of importance of temperature, the most influential

driver, relative to rainfall, indicates the capture of LFMC first principles



* Regression-to-the-mean effects in the forecasts caused poorer local performance

compared to global performance

1. Introduction

The frequency of extreme, high-intensity wildfires is increasing in many forest biomes,
particularly the boreal and temperate forests of the northern hemisphere, but also across
southern Africa, South America, and Australia (Cunningham et al. 2024). In these forest
biomes, extreme fire seasons occur when fuels are in a dry state (Jain et al. 2024; Abram et
al. 2021; Abatzoglou and Williams 2016). Fuel is any live or dead biomass, with fine fuels,
1.e. leaves, twigs and bark less than 6 mm thick, most important for fire ignition and spread
(Matthews 2013). Although the role of live fuel moisture content (LFMC) on fire behaviour
is more debated than the role of dead fuel moisture content (Alexander and Cruz 2012; Rossa
and Fernandes 2018), many studies have demonstrated a link between low LFMC and
wildfire extent (Dennison and Moritz 2009; Argafiaraz et al. 2018; Nolan et al. 2016). LFMC,
calculated as the ratio of plant moisture to plant dry matter, can provide an indication of
when drought is driving dieback in forest canopies, which affects the ratio of dead to live
fuels and the forest microclimate (Quan et al. 2026), which in turn affect fire potential
behaviour (Banerjee 2026; Ruthrof et al. 2016). Foliar moisture content, which is the same as
LFMC but using different terminology, is also important for mammalian arboreal fauna, with
many species relying on foliage to meet their water demands (Mella et al. 2019; Ellis et al.

1995; Kotzur 2024). Thus, the capacity to forecast LFMC is important for both seasonal fire



planning and wildfire preparedness, and for responding to active fires (Burton et al. 2026), in

addition to managing biodiversity.

Attempts to forecast LFMC fall into four broad categories, namely, models based on
meteorological metrics, remote sensing models, mechanistic plant hydraulic models, or some
combination of the above. Early efforts to model LFMC were based on drought metrics, or
soil moisture, with the assumption that live fuels behaved like very wet dead fuels (Viegas et
al. 2001; Qi et al. 2012; Dimitrakopoulos and Bemmerzouk 2003). However, LFMC is driven
not just by weather, but also by plant physiological and morphological attributes, such as
rooting depth and stomatal responses to soil and atmospheric drying (Nolan et al. 2020).
Remote sensing of LFMC overcomes important limitations of models based on drought by
capturing the spectral response of vegetation canopies to environmental dryness; a variety of
remote sensing models have been developed that predict LFMC in near real-time (Watt et al.
2025; Yebra et al. 2013), with recent advances providing global (Quan et al. 2021), sub-daily
(Quan et al. 2024) or high spatial resolution estimates (Kotzur et al. 2026). However, remote
sensing alone may offer poor forecasting capability, unless combined with meteorological
data. Several studies have demonstrated the potential for forecasting LFMC by correlating
remotely sensed LFMC with forecastable meteorological variables. These models include
regressions between the Normalised Difference Vegetation Index (NDVI) and measures such
as air temperature, wind speed and drought indices (Costa-Saura et al. 2021; Garcia et al.
2008; Chuvieco et al. 2004); remotely sensed LFMC and soil moisture (Vinodkumar et al.
2021), or some combination of these metrics (Wang and Quan 2023; Santos et al. 2026).

Building on these approaches, recent advances in artificial intelligence have increased the



potential within weather data for forecasting related environmental variables, when
combining weather with other modes of geospatial and remote sensing data. Remote sensing
of LFMC at fine spatial resolution has been successful with improvements occurring in terms
of accuracy and resolution (Yebra et al. 2026; Kotzur et al. 2026). Recent advances in self-
supervised forecasting of remotely sensed surface reflectance allows the extension of remote
sensing measures into the future by combining approaches from video prediction and data-
driven Earth system modelling (Requena-Mesa et al. June 2021). Specifically, weather
forecasts are leveraged to condition a new forecast of a related land surface variable based on
the past timeseries of that variable (Pellicer-Valero et al. 2025). This image-based prediction
task, which was originally developed to observe the impacts of extreme weather on Earth’s
surface, is suitable for LFMC prediction, which is driven largely by variations in weather.
Other relevant predictors can be included, in addition to the weather forecasts, as biophysical
conditions in the form of either static or temporally dynamic features (Benson et al. 2024).
Many biophysical variables influence plant water uptake and transpiration, and therefore
LFMC, e.g. rooting patterns and leaf traits such as leaf mass per area (Griebel et al. 2023;
Nolan et al. 2020). Inclusion of these biophysical variables in LFMC forecasting may
therefore lead to improved forecasts. The core of this new modelling approach is self-
supervised learning, e.g. deep neural networks and/or transformers (Requena-Mesa et al. June
2021). This modelling approach poses the impact of climate and weather on the Earth surface

as a data-driven, imaged-based, spatio-temporal prediction problem.

A forecasting method proposed by Benson et al. (2024), which utilises this new modelling

approach for vegetation productivity, is an ideal candidate approach for forecasting LFMC.



Benson et al.’s model utilises a transformer, artificial intelligence model to leverage the local
spatial context and then predict the temporal evolution of small patches of pixels (called
‘tokens’) using a temporal transformer. Transformer models convert inputs, such as text (e.g.
ChatGPT) or images (e.g. ViT), into tokens and use a self-attention mechanism to model how
each token relates to all other tokens, enabling the model to efficiently capture both local and
global dependencies within the inputs (Dosovitskiy et al. 2021). A temporal transformer
tracks these dependencies over time. This approach was enhanced by (Benson et al. 2024) by
using a pyramid vision transformer (PVT) which better captures dependencies over multiple
spatial scales by dividing the encoding into stages with increasingly larger patches, whereas
standard vision transformers have a fixed patch size (Wang et al. 2021). This is important
when considering environmental processes like LFMC that are influenced at larger scales by
climatic variables and smaller scales by local topography, for example. Here, we explore the
suitability of this surface forecasting approach for vegetation processes (Benson et al. 2024)
for LFMC forecasting, with some modification including the introduction of a new modelled

target variable (i.e. remotely sensed LFMC), and inclusion of biophysical variables.

While Benson et al. (2024) provided a good modelling framework for vegetation forecasting,
the importance of individual inputs for the forecast model was not explored. Very few studies
using Al models with remote sensing data take an explainable Al approach (Pellicer-Valero
et al. 2025), and none to our knowledge for LFMC prediction. With high dimensional models
like transformers, simply knowing the trained model weights does not allow assessment of
model performance for the right reasons (i.e. what we assume to be important given

biophysical understanding of the processes involved, Roscher et al. 2020). Hence the good



performance of such a model may be useful but to understand that performance and improve
knowledge of the process, i.e. fuel conditions, the application of explainable Al methods
must be undertaken. Here we adapt the method of Pellicer-Valero et al. (2025) in applying
the Captum Python library to calculate feature attributions with the transformer model via
Integrated Gradients (Sundararajan et al. 2017). Feature attribution is a mature branch of
explainable Al which aims to explain the positive or negative effect of an input feature on the
outcome of the model prediction (Hohl et al. 2024). These approaches overcome the problem
of ‘black-box’ models, a common critique of self-learning approaches (Reichstein et al.
2019), allowing an explanation of the model itself and potential testing of domain specific

theory.

In this study we: (i) apply a transformer-based model framework with Sentinel-2 remote
sensing, weather and biophysical geospatial data to forecast LFMC, for the first time, across
forests of eastern Australia, over a range of lead times (up to 50 days); (ii) test if theory-
guided inclusion of biophysical variables and spectral reflectance bands improves model
performance; (iii) apply explainable Al methods to understand the influence of model inputs
and predictors of LFMC; and (iv) analyse the performance of the LFMC forecasts in tracking
known historical drying events. The achievement of these goals in this proof-of-concept
modelling study will encourage application of this type of modelling within fire management,
including for seasonal fire planning, wildfire preparedness (e.g. timing of prescribed fire),

and for responding to wildfires (e.g. resource pre-positioning).



2. Methods

2.1 Study area

The study area encompasses treed areas of the state of New South Wales (NSW), Australia,
which spans a wide climatic gradient: temperate to the south, arid to the inland west and
subtropical to the coastal north (Figure 1). The largest tracts of forest occur in the coastal
lowlands and on the mountain range toward the coastal eastern state edge (maximum
elevation ~2000 m.a.s.l.), with widespread patchy woodlands in the arid, flat plains and
riverine ecosystems in the centre and west. The area is generally fire prone with frequent low
intensity and rarer high-intensity fires occurring during the study period (2015-2025),
alongside wet, flooding periods in between (mean rainfall range: <600 mm year™ to >1,500
mm year™). The predominant forest type is dry sclerophyll forest which comprises eucalypts
with shrubby or grassy understories that typically experience fire intervals of between 5-20

years (Murphy et al. 2013; Kenny et al. 2004).
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Figure 1. Map of the study area of the state of New South Wales, Australia
(inset), with locations of the data minicubes used in LEMC forecast model
training (blue) and validation (red). Minicubes were selected to have a minimum
of 40% tree-cover pixels (i.e. forest or woodland - grey) over the 2.56 km x 2.56
km area (128 x 128 20 m pixels).

2.2 Minicube dataset in study area

We produced a dataset designed for high resolution vegetation forecasting, for New South
Wales (Figure 1). Following Benson et al. (2024) in Europe, the dataset contains not wall-to-
wall data but spatio-temporal minicubes of 128 x 128 pixels (2.56 km % 2.56 km) in spatial
size by 150 days in daily time steps, including static gridded data on elevation,
geomorphology, landcover, vegetation type, and 150 layers of daily meteorology, and 30
layers of 5-daily Sentinel-2 satellite reflectance a (Table 1, see Table S1 for complete
sources). The minicube data design ensures a highly diverse training set while keeping the

data volume low and hence computational demands manageable. In this study we



additionally included variables that are biophysically relevant to spatiotemporal variation in
LFMC, namely: additional Sentinel-2 bands, particularly short-wave infrared bands that are
sensitive to vegetation water (Yebra et al. 2013); soil moisture which limits plant water
uptake (Vinodkumar et al. 2021); vapour pressure deficit which governs plant moisture loss
(Griebel et al. 2023); leaf mass per area (LMA) which indicates the dry matter proportion of
live fuel (Nolan et al. 2022); vegetation formation which distinguishes among different
groupings of species which may have differing water regulation strategies (Jia et al. 2026);
and fire history which influences the biomass and physiology of vegetation (McNorton and
Di Giuseppe 2024). The minicube variables have two formats: static variables such as
elevation or vegetation type, and temporally dynamic variables including Sentinel-2
reflectance and BARRA weather/soil data (BARRA: BOM Atmospheric high-resolution
Regional Reanalysis for Australia). Within minicubes, the BARRA data is the only group of
variables that exist in the forecast period, prior to prediction of LFMC, and would be actual
forecasts in another study whereas here we generate historical predictions, i.e. hind-casting.
The meteorology ‘forecasts’ guide the LFMC predictions in the 50-days forecast period by
learning the covariation of LFMC with all predictors in the 100-day training (or context)
period. The location of the non-overlapping minicubes was randomly located to capture a
wide representation within forests and woodlands, and then additional constraints were
applied. Minicubes were selected where 40% or more of the minicube pixels were tree cover,
based on an existing product (Fisher et al. 2017), that product being the probability of tree
cover based on modelled foliage projective cover classified with supervision from bio-
regional thresholds. We also controlled for potential bias created by atmospheric interference,

such as cloud, and sampling frequency which depends on the location relative to satellite



paths. The cloud mask used was the same deep learning method from the original study
(Benson et al. 2024). We randomly selected minicube locations, iteratively allowing the
inclusion of minicubes that had fewer observations over time, depending on cloud masking,
to prevent the dataset having only locations with frequent good observations (e.g. inland,
satellite path overlap). The minicubes were also selected to represent all four calendar
seasons. The final dataset included a 3/1 split into training and validation sets, including:

* Training subset: 4,695 minicubes covering 150-day periods in 2015-2023

* Out-of-domain for time validation subset: 1,170 minicubes in separate locations to

training in years 2024-2025

For weather and soil data we used the Bureau of Meteorology high-resolution Atmospheric
Regional Reanalysis for Australia (BARRA, Su et al. 2025) because of its availability.
However, BARRA is not strictly a forecasted weather or environment data stream, rather it is
a reanalysis product, making our model a hind-cast. Equivalent true forecasts such as the
Australian Community Climate and Earth System Simulator (ACCESS) numerical weather
prediction models may suit a potential operationalisation of this method, but its use was
beyond the scope of this study due to the cost (Bi et al. 2020). For each BARRA variable we
included 3 versions, the mean, minimum and maximum over the 5 days between Sentinel-2
observations, to increase the information available to the self-attention mechanism in the

transformer model (Benson et al. 2024).

2.3 Live fuel moisture content prediction

To remotely sense LFMC across the minicubes we used inverse radiative transfer modelling

(RTM) based on reflectance data from the Multispectral Instrument onboard the two



Sentinel-2 satellites at 20 m ground resolution (Yebra et al. 2008; Jurdao et al. 2013). The
method is described in detail elsewhere (Kotzur et al. 2026). Briefly, an RTM includes
forward modelling to simulate the reflectance of leaves and canopies based on biophysical
principles and vegetation characteristics, and inverse modelling which uses simulated
reflectance to link the characteristics of interest (LFMC in this case) to observed reflectance
in the minicubes. From the published forward modelling we filtered the resultant look-up-
table (LUT) of simulations, to vegetation type and the leaf area domain of interest and
transformed the LUT to match wavelengths of the Sentinel-2 sensor. We inverted the RTM
using the spectral angle function and optimised this process based on a validation with field
LFMC samples across forests and woodlands of NSW. This resulted in an acceptably
accurate model (R° = 0.62, p<0.01, RMSE = 19.92% dry matter content, Kotzur et al. 2026)
relative to previous inverse radiative transfer models of the same variable in forests (R *=
0.17, p<0.01, RMSE = 32%, (Yebra et al. 2018). We accepted these error margins and used
this LFMC product as the ‘ground truth’ variable in the Contextformer, forecast model of

LFMC.

2.4 Contextformer model

The Contextformer model itself is based on Benson et al. (2024) with additional masking and
predictor variables. In brief, Contextformer predicts the future vegetation state in terms of
NDVI response based on local spatial context patches via a multi-modal transformer. The
encoders are a vision transformer for satellite and other static spatial layers, and a multilayer
perceptron (MLP) for temporal weather data. This encoding is followed by a temporal

transformer processor which fuses the temporal components to the spatial, working on 4 x 4



pixel patches across all timesteps. Lastly a MLP decoder predicts the delta change for a given
baseline target value (e.g. last cloud-free value, Kladny et al. 2024). A masked-token-
modelling strategy is used to improve generalisation and robustness by switching randomly
during training between direct inference (i.e. predicting future timesteps) and random dropout
modes (i.e. predicting various context and future timesteps). After the direct inference stage
of training the mean absolute error (MAE) was used in the loss functions to penalise the
gradients for the next epoch of model training. A maximum of 50 epochs were allowed with
the best model chosen based on the root mean squared error (RMSE) between predictions and
targets. Whereas Benson et al. (2024) forecasted the whole earth surface within minicubes, in
this study we introduced additional masking within the model itself because we were only
interested in forecasting LFMC in forests. For each patch, values were only retained if one or
more of the 4 pixels was forest, preventing transformer attention or feature learning from
non-forest landcovers. The same approach was added to the loss function so that gradients
were only calculated from forest pixels, hence non-forest landcovers could not penalise the
model for poor prediction in those environments. Another modification from the original
model which we found to bias predictions towards zero, was to use non-real mask tokens

instead of zero when ingesting the inputs, which were z-score transformed.
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Figure 2. Conceptual model of Contextformer adapted for LEMC from Benson et al. (2024).

2.5 Theory-guided predictor selection

To test if theory-guided predictor selection improves Al model performance we added to the
basic weather and reflectance data inputs (Benson et al. 2024), additional reflectance bands,

and biophysical LFMC drivers in four different variants (Table 1).



Table 1. Variants of the Contextformer model and the respective inputs and rationales, used in
modelling experiment of LEMC forecasting. See Table S1 for complete source information of each
predictor in input data.

. Input data .
Model Variant (all include historical LFMC) Rationale
- 8 BARRA weather variables: mean
temp., min. temp., max. temp.,
precipitation, radiation, air pressure,
humidity, wind speed (3 versions of
each: 5-day mean, min. and max) Simple model focusing on
LFMC and dynamic
- Dlgltal Elevation MOdel (DEM) weather/soil moisture
BARRA variables, with some
0 - Landcover: Tree cover, Shrubland, static environmental context.
Grassland, Cropland, Built-up, We expect this variant of the
Bare/sparse vegetation, Snow and Ice, | transformer model
Permanent water, Herbaceous Contextformer can forecast
Wetland, Mangroves, Moss & Lichen LFMC accurately.
- Geomorphons (landforms): flat,
summit, ridge, shoulder, spur, slope,
hollow, footslope, valley, depression
Inputs from Benson et al.
2025 which describe a
general environmental
Variant Model 0 plus: envelope relevant to
- Sentinel-2 band 2 — blue vegetation processes (e.g.
1 - Sentinel-2 band 3 — green procﬁlgtivity). We c:xpect
. small improvements in
) Sent%nel-Z band 4 —red LFMC performance due to
- Sentinel-2 band 8 A — NIR narrow additional covariation
captured by the Sentinel-2
bands alongside LFMC from
the same source.
Model 1 plus: We expect that the addition of]
- Sentinel-2 band 1 - coastal aerosol the satellite bands, including
- Sentinel-2 band 5 - red edge 1 2 shortwave-infrared bands
2 - Sentinel-2 band 6 - red edge 2 which vary with LEMC, will
) allow increased information
- Sentinel-2 Band 7 - Red Edge 3 in the fusion of spatial and
- Sentinel-2 band 8 - near infrared temporal components within
(NIR) broad the Contextformer and hence




- Sentinel-2 band 9 — water vapour

- Sentinel-2 band 11 — short-wave improve the weather
infrared (SWIR) 1 conditioning of LFMC
- Sentinel-2 band 13 — short-wave forecasts.
infrared (SWIR) 2
Model 2 plus: .\
- 2 BAII){RA weather/soil variables: Efe expect that addition Of.
) i iophysically relevant static
VPD and Soil moisture inputs will allow the model to
3 - Leaf Mass Area (LMA) better learn the process of
- Vegetation community LFMC variation and thereby
- Time since fire improve the inference of

- Long term unburnt future LFMC.

2.6 Model evaluation

We used common metrics to evaluate the model predictions, both over and throughout the
forecast window, such as the Root Mean Squared Error (RMSE), coefficient of determination
(R?) and bias. These metrics were calculated both globally and locally (i.e. all-pixels equally
and pixels weighted per minicube). Specifically, global RMSE was weighted by minicube,
whereas the global R* was evaluated across all valid pixels in all minicubes combined due to
the limited number of temporal forecast points within individual forecast windows.
Additionally, bias values were reported as absolute metrics to isolate and evaluate systematic

over- or under-prediction across the forecast horizon.

We applied explainable Al methods to understand how the model inputs are used in the
transformer model. Specifically, we adapt the method of Pellicer-Valero et al. (2025), i.e. the
txy XAl Python library, in applying the Captum library for PyTorch to calculate feature

attributions of the transformer model via the Integrated Gradients method (Sundararajan et al.



2017, txyXAlI v 0.1, Captum v 0.7.0, PyTorch v 2.4.0). Integrated Gradients provides a local
explanation for an individual prediction based on input features, which is then summarised
for all local attributions across the validation dataset to provide global results. This process is
important for LFMC because local drivers will differ between minicube environments across
the study area. Integrated Gradients are calculated for an input by shifting from a baseline
(e.g. 0) to the actual value and taking the integral of the gradients of the outputs, to answer
the question; how much does the deviation of a given feature from historical average change
the forecast LFMC compared to the model average prediction of LFMC? Here the choice of
baseline is important, so we selected baselines that were consistent with the scaling and
physical meaning of each predictor group. We used the implicit baseling in Captum of 0.0 to
match the long-term mean of the z-scored predictor groups (i.e. BARRA, static data), while
for Sentinel-2, because the reflectance bands were scaled 0-1 we applied an Input Shift which
mathematically forces Captum's 0.0 baseline to represent the Sentinel-2 historical mean by
shifting the data down by its mean before it enters Captum, and shifting it back up inside the
subsequent forward pass of Contextformer. We used the scaled absolute LFMC rather than
the delta in the attribution scoring. To enable meaningful comparisons across distinct
predictor groups (such as atmospheric weather variables and spectral reflectance bands), we
calculated relative attributions by averaging the raw attribution scores for each feature across
all validation minicubes and forecast timesteps, and subsequently rescaled these values by
multiplying each predictor's attribution by its corresponding input standard deviation to
express scores in comparable physical units. In this study, we used this explainable Al
approach to understand the model output, not to directly explain the drivers of LFMC. There

are likely to be covarying environmental drivers, particularly while using many reflectance



bands, hence the predictor attributions were taken as model reliance on certain predictors
which may be related to LFMC processes as informed by our ecological understanding of the
processes involved (Nolan et al. 2022).

To evaluate the model's capacity to track important fire-risk periods, we performed a targeted
trajectory analysis on a subset of minicubes exhibiting large, sustained drying trends within
the out-of-domain temporal validation set. For these experiments, minicubes were filtered
and randomly selected if they demonstrated a continuous, long-term downward trajectory in
target LFMC over the 50-day forecast window. We then plotted the spatial mean and
standard deviation of both the target and forecasted LFMC values across each minicube to
evaluate temporal alignment. To frame these trajectories within operational fire risk
thresholds, performance was benchmarked against a threshold of 60% LFMC. This threshold
represents an extreme low moisture level for forests across the New South Wales study
region (Nolan et al. 2016). Finally, we assessed the model's predictive asymmetry by
comparing its accuracy during these prolonged drying phases against its response to sudden,

short-term spikes and drops (i.e. episodic wetting and rapid drying events).

3. Results

3.1 LFMC forecasting model performance

The multi-modal Contextformer model successfully forecasted LFMC across a 50-day
window. Predictive performance showed a consistent decline of approximately 30% in
accuracy from day 5 to day 50 (Table 2, Figure 3), with the global R? dropping from roughly

0.50 to 0.32, while the mean RMSE increased from approximately 14% to nearly 18%. Over



all time steps, the global accuracy was promising with R? of 0.69, alongside low errors with

RMSE of 15.68.

Table 2. Error, accuracy and bias of LFMC forecasts over the 50-day period, from the modelling
experiment. Bias is absolute.

Result
Model Variant
odel varian Global Global R? | Global Bias | RMSE per R?per Bias per
RMSE minicube minicube minicube
(median) (median) (median)
0: simple model 15.85 0.69 9.71 15.09 0.20 0.14
1: vegetation
productivity 15.79 0.69 9.72 15.10 0.20 -0.11
model
2: reflectance- 17.41 0.62 10.73 15.62 0.06 -1.69
focused model
3: eco-
hydrological 15.68 0.69 9.63 14.95 0.21 0.001
model
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Figure 3. Time series of the distributions of global error (RMSE) and accuracy (R?) over the LFMC
forecast of 50 days (i.e. 10, 5-daily predictions), across the out of domain for time OOD-t validation
subset of minicubes.

3.2 Theory-guided predictor selection

Testing different predictor combinations revealed that Model Variant 3 — which had the
addition of biophysically targeted inputs like vapour pressure deficit (VPD), soil moisture,
and leaf mass per area (LMA) — achieved the lowest overall error (Global RMSE = 15.68%,
median RMSE per minicube = 14.95%, Table 2), though the improvement in performance

was not large compared to simpler models. Expanding the model only with generic satellite



data (Variant 2, adding 8 additional Sentinel-2 bands) did not greatly improve performance,
dropping the global R* from 0.69 to 0.62 and increasing the median bias from 0.001 to -1.69,
highlighting that adding high-dimensional spectral data without explicit biophysical

relevance can introduce model noise.

3.3 Explainable Al predictor importance

Global feature attributions calculated via Integrated Gradients demonstrated that the model
relies largely on meteorological and soil moisture (BARRA) variables rather than Sentinel-2
reflectance bands to forecast LFMC (Figure 4). Mean and maximum of the average daily
temperature emerged as the most important individual drivers determining forecast shifts.
Notably, increases in all temperature variables, were strongly attributed to increasing
forecasted LFMC, however maximum precipitation also drove positive attributions

(increases in LFMC).
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Figure 4. Global mean (a) and local absolute maximum (b) feature attributions by season in the best
model of forecasted LFMC (Variant 3) across a random subset of minicubes (n = 390) from the
validation subset, across all 50 days of the forecast (i.e. 10, 5-day time steps). Attributions calculated
with the Integrated Gradients method in Captum Python library. The local maximum feature
attribution is the highest single importance score a feature achieved for any specific localised pixel,
time, or prediction (i.e the extreme drivers), whereas the mean regional feature attribution is the
average importance of a feature (i.e. the everyday drivers). Positive average importance values
indicate an increase in LEMC value, and vice-versa.

3.4 LFMC forecasts for drying minicubes

An analysis of specific out-of-domain minicubes, with the largest observed drying trends
over the forecast period, confirmed that the forecasting model effectively tracks sustained,
long-term downward trajectories in vegetation moisture (Figure 5). However, the model

regularly underpredicts observed short-term temporal fluctuations (as seen in the rapid



upward and downward target fluctuations for minicubes 30454 and 30549), signalling a

smoother, more conservative trend line in the forecasts. The broad spatial patterns of drying

within minicubes were reproduced by the forecasting model (e.g. Figure 5).
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Figure 5: Trajectories of LFMC targets and forecasts of six random minicubes with large drying

trends from the OOD-T subset (mean and standard deviation across space of the minicubes). The 60%
LFMC marker is a common reference among the plots with different scales, and represents an extreme
low LFMC level for forests across the whole dataset and study area.
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pronounced drying trend (minicube 30433 from Figure 6), showing 3 of the 10 timesteps from the
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pixels.

4 Discussion

4.1 LFMC forecasting model performance

As extreme, high-intensity, wildfires become more frequent globally, including in New South

Wales (Cunningham et al. 2024), monitoring and forecasting of fine-scale fine fuel conditions



becomes important for seasonal planning (Burton et al. 2026). This study successfully meets
its primary objective by demonstrating for the first time that transformer-based deep learning
architectures can utilise local spatial context to generate forecasts of LFMC across large and
diverse forest regions at operationally relevant accuracy, spatial resolution, and lead-times.
Given that accuracy degrades linearly over time, land managers and fire authorities could
maximise operational utility by running the model continuously on a rolling schedule to focus

mostly on the more accurate 5- to 15-day forecast horizons.

An important finding in our evaluation is the divergence between the model's global and local
(minicube-level) performance metrics, particularly regarding the coefficient of determination
(R?). While all high-performing model variants achieved a strong global R* of approximately
0.69, the median R* calculated within individual minicubes dropped significantly to around
0.20-0.21. This disparity is a common statistical artefact of a "restriction of range" when
shifting from a regional to a local evaluation scale (Carretta and Ree 2022). Globally, the
model evaluates a massive dynamic range of LFMC values across the diverse environments
of New South Wales. Because the global metric evaluates all valid pixels in all minicubes
combined, it successfully captures this broad, macroscopic spatial variance. Conversely, an
individual 2.56 km x 2.56 km minicube usually exhibits relatively homogeneous fuel types
and restricted temporal variation over a brief 50-day forecast horizon. Within these localised
landscapes, the small total variance compresses the local R? score, even though the absolute
prediction errors remain low and stable (with median local RMSE values around 14.95% to
15.10%, similar to the global RMSE). This local compression is further compounded by a

regression-to-the-mean effect, wherein the transformer model systematically draws its



temporal predictions closer to the long-term historical average of the target LFMC variable
rather than capturing local, short-term fluctuations in the forecast period. These patterns
reveal that while the model is reasonable at capturing absolute localised LFMC levels, its
primary statistical strength lies in its capacity to resolve regional-scale macro-climatic
gradients across the landscape. This disparity may be due to the coarse spatial resolution of
meteorology data not providing enough information at the intra-minicube level, hence
limiting the covariation amongst predictors in the context period. Future work should
consider different structures or weights amongst the transformer parameters to improve the

forecast capability, particularly short-term fluctuations, within minicubes.

4.2 Theory guided predictor selection

While standard black-box Al applications often struggle with generalisation and
explainability (Reichstein et al. 2019), this study affirmed that adding additional predictors
based on eco-hydrological theory (i.e. Variant 3: VPD, soil moisture, LMA, Vegetation
community, Time since fire) provides superior performance over generic inputs. However,
the margin of improvement over the simpler model was narrow (Variant 0: basic weather,
elevation, land cover and form). This result confirms that while biophysical constraints (like
soil moisture and atmospheric VPD) dictate the physiological thresholds of LFMC in forest
canopies (Nolan et al. 2020), a temporal transformer can inherently extract the majority of
these complex environmental signals directly from macro-meteorology datasets (e.g. BARRA

or ACCESS model outputs).



Despite static factors such as LMA, vegetation formation and time-since-fire being included
in the best-performing model, as expected (Griebel et al. 2023), these variables are not
present in the global feature attributions. This apparent contradiction is a direct consequence
of the architecture of the Contextformer model. Because the model uses a delta prediction
scheme, the decoder calculates the future state relative to a baseline target value (in this case,
the last cloud-free observation, Benson et al. 2024), meaning the initial spatial variation of
canopy traits like LMA is already embedded within that starting state. Consequently, the
temporal transformer processor prioritises dynamic meteorological or soil drivers (i.e.
BARRA data) to compute the directional change across the 50-day window, allowing static
biophysical inputs to effectively govern the localised thresholds of the model's environment
without showing in the linear pathways measured by feature attribution tools (Pellicer-Valero

et al. 2025).

4.3 Explainable Al predictor importance

By integrating feature attribution tools, this research addresses a major critique of deep-
learning architectures in ecological modelling (Reichstein et al. 2019). The global attribution
results prove that the future LFMC model is consistent with basic plant eco-physiological
knowledge (Qi et al. 2012): it actively relies on air temperature and precipitation to establish
future LFMC states, with the best model, Variant 3, being slightly superior because its inputs
included soil moisture, which had small feature importances, and other static biophysically
relevant predictors. The latter may constrain the baseline starting state more accurately, but
the importances were unable to be quantified due to the model structure (see Methods).

However, the negligible attribution score of Sentinel-2 spectral bands suggests that while



remote sensing is vital for predicting the initial "ground truth" LFMC, weather variations
completely dominate the LFMC trend over multi-week forecast windows. That is, the
covariation between reflectance bands, LFMC and biophysical predictors is negligible
compared to variation between LFMC and the biophysical predictors. However, it must be
noted that the Sentinel-2 data only exists in the context period of the mini-cube (the first 100
of 150 days), while BARRA weather data extends into the ‘future’ (final 50 days), hence the
BARRA weathers are more likely to influence forecasted LFMC in the same ‘future’ period.
Without forecasted reflectance data there is likely to be a structural bias against the

importance of reflectance bands on the forecast LFMC.

A notable finding within the feature attributions is the positive role of air temperature. It
drives a strong effect on the forecast in the global signed attributions (Figure 4) and placed
high in the maximum absolute attribution plot (Figure 5), showing that it is the most powerful
overall predictor the model relies upon to determine future LFMC, followed by rainfall.
While a positive global relationship between air temperature and fuel dryness may seem
counterintuitive from a steady-state plant biophysics perspective, this behaviour reflects how
Contextformer can explicate indirect relationships, particularly the seasonal increase in air
temperature resulting in vegetation growth pulses hence increases in the fraction of juvenile
leaves in tree canopies resulting in increases in landscape LFMC. The attribution scores are
largest in spring for the majority of temperature variables, with a few being largest in
summer. Furthermore, other important predictors had the direction and size of attribution on
forecasted LFMC expected by eco-hydrological theory (Nolan et al. 2020), for example large

positive average influence of maximum rainfall, moderate negative average influence of solar



radiation, and the very large absolute influence of minimum rainfall (i.e. the deep rehydration
of soils hence vegetation following prolonged wet spells, Figure 4). These results suggest that
the transformer model has made predictions using overarching drivers and relied less on the
more direct LFMC drivers like VPD and soil moisture had lesser influence than is expected.
This suppression of derived indices is likely exacerbated by the mathematical mechanics of
the attribution method, where collinearity causes primary meteorological drivers to absorb the
attribution scores of highly correlated secondary variables like VPD and soil moisture.
Previous continental-scale analyses across Australia have established that soil moisture serves
as a strong indicator for LFMC over lagged intervals of days to months (Vinodkumar et al.
2021), however we did not find that, here, because of the capacity of the transformer and the

co-linearity of soil moisture with other more influential predictors such as rainfall.

This study has successfully demonstrated that LFMC can be reliably forecasted using
temporal transformer models and targeted biophysical predictors. Naturally, to operationalise
this framework, several practical caveats must be addressed. First, the model would require
predictor data available up to the present with minimal latency, replacing the BARRA
reanalysis data with genuine weather forecasts (such as the ACCESS numerical weather
prediction models). Consequently, the model would need to include the inherent uncertainty
of unadjusted weather forecasts, which could propagate errors and influence the predictive
performance observed in this historical study. Furthermore, operationalising the model over
continuous, large-scale areas would necessitate the generation of significantly more
minicubes, resulting in massive data volumes due to the numerous high-resolution predictors

required for each 50-day forecast horizon. However, these challenges are entirely manageable



using modern high-performance cloud computing infrastructure, automated Earth observation

data pipelines, and optimised data management workflows to handle real-time ingestion.

4.4 LFMC forecasts for drying minicubes

The model’s tendency to confidently predict LFMC drying trajectories while somewhat
underestimating sudden wetting events can be explained partly by data imbalances; natural
forest ecosystems spend prolonged periods steadily drying out, punctuated by rapid, episodic
rain events. While this asymmetry means short-term recoveries might be missed, the model
remains effective at capturing prolonged drying or "dieback" phases where fuel hazards peak.
Additionally, the short-term positive increases in the remotely sensed LFMC ground truth
(Figure 5), may sometimes be caused by clouds undetected in the masking process rather than
by actual 10- to 15-day wetting periods. If operationalising this model, these artefacts should
be accounted for by quality control and possibly further cloud masking. Researchers should
also note, that these forecasts remain inherently capped by the baseline LFMC accuracy
(R*=0.62) of the underlying radiative transfer models used to train it (Kotzur et al. 2026),
meaning future improvements to satellite-derived LFMC mapping will inherently yield better

forecasting systems.
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Table S1. Variables used in Contextformer Vision Transformer model to forecast Live Fuel Moisture
Content in forests of NSW.

Variable Units Native Source Use
Resolution

Live fuel moisture | % dry matter | 20 m Kotzur et al. Target variable
content (LFMC) (2026)
modelled from
Sentinel-2
Sentinel-2 scene Nominal 20 m European Space | Quality control
classification Agency
Sentinel-2 band 1 - | % 60 m (Drusch et al. Predictor
coastal aerosol 2012) via variable
Sentinel-2 band 2 — | % 10 m Planetary Predictor
blue Computer variable
Sentinel-2 band 3 — | % 10 m Predictor
green variable
Sentinel-2 band 4 — | % 10 m Predictor
red variable
Sentinel-2 band 5 - | % 20 m Predictor
red edge 1 variable
Sentinel-2 band 6 - | % 20 m Predictor
red edge 2 variable
Sentinel-2 Band 7 - | % 20 m Predictor
Red Edge 3 variable
Sentinel-2 band 8 - | % 10 m Predictor
near infrared (NIR) variable
broad
Sentinel-2 band 8A | % 20 m Predictor
- near infrared variable
(NIR) narrow
Sentinel-2 band 9 — | % 60 m Predictor
water vapour variable
Sentinel-2 band 11 | % 20 m Predictor
— short-wave variable
infrared (SWIR) 1
Sentinel-2 band 13 | % 20 m Predictor
— short-wave variable
infrared (SWIR) 2
Cloud deep Nominal 20 m (Benson et al. Quality control
learning mask 2024) and masked-
(Sentinel-2) token-modelling
Mean daily °C ~4.4 km BARRA Predictor
temperature (Su et al. 2025) | variable
Minimum daily °C Predictor
temperature variable




Maximum daily °C Predictor
variable
Mean daily near- ms’ Predictor
surface wind speed variable
Precipitation mm d' Predictor
variable

Mean daily air hPa Predictor
pressure at sea variable
level
Mean daily near- % Predictor
surface relative variable
humidity
Mean daily surface | W m? Predictor
downwelling variable
shortwave radiation
Mean daily total kg m? Predictor
soil moisture variable
content (0-3 m)
Mean daily vapour | kPa Derived (from | Predictor
pressure deficit BARRA): variable

es =0.6108 *

np.exp(17.27 *

Max.Temp /

(Max.Temp +

237.3))

ea = (Rel.Hum /

100) *es

VPD = es - ea
ALOS World M 30m Japan Predictor
Digital Elevation Aerospace variable
Model (DEM) Exploration

Agency

(Takaku et al.

2021) via

Planetary

Computer
ESA World Cover | Nominal 10 m European Space | Forest mask and
Landcover Agency Quality Control

(Zanaga et al.

2022) via

Planetary

Computer
Geomorphons Nominal 90 m (Amatulli et al. | Predictor
(topographic 2020) via variable




classes) Planetary

Computer
Leaf mass per area | kg m™ 10 km (Andrew etal. | Predictor
(LMA) 2025; Falster et | variable

al. 2021)
Vegetation Nominal Sm NSW State Predictor
community type Government variable (NSW

(Roff et al. Vegetation

2022) Formation)
Time since fire D Vector NSW and Predictor

NPWS Fire variable
Long term unburnt | Boolean Vector Histories Predictor
or unknown fire (DPIE 2026; variable
history National

Bushfire

Intelligence

Capability

2026) via SEED
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