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ABSTRACT 

Background. Wildfire risk is rising under climate change, yet most operational forecasts rely on 
daily indices that miss rapid weather shifts preceding ignition. Accurate, timely and economically 
justified forecasts are critical for early warning and resource allocation. Aims. This study evaluates 
a sub-hourly machine-learning (ML) forecasting system for fire potential using weather-station 
data from three Australian regions (Sunshine Coast, Brisbane, Hobart), and quantifies its economic 
value using a cost–loss framework. Methods. ML classifiers were trained on sub-hourly Automatic 
Weather Station (AWS) data and benchmarked against the Fire Behaviour Index (FBI). Forecast 
discrimination was assessed using True Positive Rates (TPRs) and False Positive Rates (FPRs), as well 
as a Potential Economic Value (PEV) analysis, complemented by learning-curve tests. Key results. 
The ML model improved forecast skill over the FBI by 10–30%, with the ML system doubling 
potential savings relative to the FBI. Learning-curve diagnostics indicated that stable performance 
is achieved after ~30 fire events. Conclusions. The ML forecasting framework demonstrates 
predictive skill and measurable economic value, highlighting its potential for scalable, cost- 
effective early-warning systems. Implications. By linking forecast skill directly to financial and 
operational outcomes, this approach provides a quantitative basis for prioritising investment in 
timely, data-driven fire-warning tools across regions with limited data and constrained budgets.  

Keywords: Australia, Automatic Weather Station (AWS) data, cost–loss framework, early-warning 
systems, Fire Behaviour Index (FBI), machine learning (ML), Potential Economic Value (PEV), transfer 
machine learning, wildfire potential forecasting, sub-hourly forecasting. 

Introduction 

Increasing wildfire activity raises a practical question for land managers and forecasters 
worldwide: can warning systems keep pace with the sub-hourly weather changes that 
govern ignition and initial fire spread, and deliver forecasts accurate enough to inform 
real-time decisions? Satellite-derived records show more frequent burn days and higher- 
intensity fires since 2000 across south-eastern Australia, western North America, southern 
Europe and the boreal zone (Jolly et al. 2015; Boer et al. 2020; Bowman et al. 2020). 
However, most operational fire-danger systems still rely on once-daily updates that fail to 
resolve the rapid meteorological fluctuations critical to ignition, underlining a growing 
mismatch between fire behaviour and forecast accuracy (Harris and Lucas 2019). This 
discrepancy is expected to intensify as climate change, land clearing and continued housing 
growth in the wildland–urban interface (WUI) amplifies exposure and losses (Westerling 
et al. 2006; Abatzoglou and Williams 2016; Radeloff et al. 2018; Abram et al. 2021). 

Beyond predictive accuracy, this trend raises a second challenge: can we measure the 
economic value of improved forecasts and their capacity to reduce losses? Forecasting systems are 
not judged by accuracy alone – emergency agencies must decide when the cost of mobilising 
crews, aircraft and public warnings is justified by the expected reduction in damages. Without a 
clear measure of economic benefit, even technically superior models can struggle to gain 
operational traction. Establishing a framework that links forecast performance to real-world 
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savings is therefore essential for integrating machine-learning 
(ML) forecasts into policy and preparedness planning. 

Background 

Traditional daily empirical indices remain the foundation of 
operational fire-danger warnings. In Australia, the McArthur 
Forest Fire Danger Index (FFDI) combines temperature, humidity, 
wind speed and a drought factor into a single value (McArthur 
1967; Noble et al. 1980), with analogous systems used elsewhere 
such as the Fire Weather Index (FWI) and National Fire Danger 
Rating System (NFDRS) (Cohen and Deeming 1985; Van Wagner 
1987). Although these indices can be computed hourly, opera
tional decisions are still tied to daily aggregates, which miss rapid 
sub-daily dynamics – humidity crashes, synoptic wind shifts, and 
delayed heatwave effects – that often precede ignition (Harris and 
Lucas 2019). 

The 2022 Australian Fire Danger Rating System (AFDRS) 
replaced the FFDI with the fuel-specific Fire Behaviour Index 
(FBI) and a simplified four-level public scale (Hollis et al. 
2024). While the Bureau of Meteorology (BoM) now computes 
the FBI hourly on a ~1.5 km grid (Matthews et al. 2019;  
Sauvage et al. 2024), only a single daily rating is released 
publicly, likely to maintain message consistency and avoid 
overwhelming non-specialist audiences. However, this creates 
a gap between the rapidly evolving fire weather conditions 
captured in agency-level data and the information available 
for operational decision-making. Sub-hourly ML forecasts, such 
as those developed here, are intended to bridge this gap by 
providing fire management agencies and emergency respond
ers with higher-frequency risk assessments that can inform pre- 
positioning of resources, crew readiness, and tactical suppres
sion decisions, complementing rather than replacing the sim
plified public-facing daily ratings. 

Meanwhile, several decades of dense weather-station records 
and Earth-observation data have created the ‘big-data’ environ
ment in which ML models thrive (Jain et al. 2020; Di Giuseppe 
et al. 2025). Modern artificial intelligence (AI) systems already 
rival conventional numerical weather prediction in both speed 
and skill (Allen et al. 2025; Price et al. 2025). Applied to fire 
danger, ML methods can ingest multi-scale meteorological inputs 
and generate probabilistic forecasts every few minutes at negligi
ble cost, offering a pathway to near real-time warnings where 
sufficient data coverage exists. However, transferability between 
regions has been a frequently noted weakness of fire-danger ML 
models (Shadrin et al. 2024). 

Recent Australian and international studies confirm this shift, 
from daily or spatial fire-risk mapping toward high-frequency 
probabilistic forecasting, using a range of ML and deep-learning 
approaches (e.g. Gibson et al. 2020; Nur et al. 2023; Abohaia 
et al. 2025a; Henderson and Chakrabortty 2025; Palk et al. 
2025; Partheepan et al. 2025; Xu et al. 2025). These advances 
collectively underscore the transition toward data-driven, 
dynamically updated fire-potential models such as devel
oped here. 

Despite advances in predictive skill using data-driven mod
els, the operational adoption of ML fire forecasts ultimately 
depends on demonstrating economic value. Fire-management 
agencies operate under constrained budgets, and any new 
forecasting tool must justify its cost by quantifying tangible 
benefits. The Potential Economic Value (PEV) framework 
(Murphy 1985; Busker et al. 2023; A. Ardid, D. Dempsey, 
G. McDonald, S. Cronin, unpubl.) provides a rigorous basis 
for this assessment by comparing the realised benefits of a 
forecast with those of a perfect forecast and a no-forecast 
baseline. Expressed in relative monetary terms, PEV links 
technical skill directly to decision-making efficiency and 
resource allocation. This study therefore places equal emphasis 
on forecast performance and its economic utility, using PEV as 
an objective metric to evaluate the operational relevance of 
sub-hourly fire-potential forecasts across contrasting Australian 
climates. Cost assumptions are informed by recent post-fire 
accounting in Australia (~US$500 ha−1; Dexter and Macleod 
2017) and average US federal wildfire expenditures (~US 
$2.9 billion year−1; McWethy et al. 2019). 

Our study 

This study addresses two main aspects of sub-hourly wildfire 
potential forecasting: (i) evaluating predictive performance 
across distinct Australian fire–climate regimes, and (ii) 
quantifying the economic value of those forecasts using a 
cost–loss framework. We build on the ML forecasting system 
of Ardid et al. (2025a), extending it from a single Sunshine 
Coast site to nine Automatic Weather Stations (AWSs) span
ning three contrasting environments – subtropical coastal 
Sunshine Coast, peri-urban Brisbane and cool-temperate 
Hobart (Fig. 1a–c). Together, these regimes capture similar 
gradients in temperature climate, fuel structure and synop
tic drivers that characterise other fire-prone regions, such as 
Mediterranean southern Europe and the chaparral-to-conifer 
belts of the western US (e.g. Moritz et al. 2014; Jones et al. 
2024; Di Giuseppe et al. 2025). Using almost 50 years of 
sub-hourly weather observations and 126 documented fires 
across the three regions, we train Random-Forest classifiers 
that issue ignition-probability forecasts every 30 min, bench
marking skill against the FBI and testing cross-region transfer
ability. In contrast to prior Australian ML studies focused on 
spatial fire-susceptibility or daily severity mapping (e.g. Gibson 
et al. 2020; Nur et al. 2023; Partheepan et al. 2025), our 
framework targets sub-hourly wildfire potential derived 
directly from AWS data, enabling faster operational updates 
and preliminary tests of regional transferability. 

The model workflow/pipeline is illustrated in Fig. 1d. 
Each forecast cycle ingests 30-min AWS observations – tem
perature, relative humidity, wind speed and other variables 
– transformed into 10-day rolling windows from which more 
than 700 statistical and spectral features are extracted. A 
Random-Forest classifier with 300 trees is trained on these 
features to distinguish ‘fire’ from ‘non-fire’ windows, and the 
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ensemble ‘consensus’ (the mean across all trees) represents 
the sub-hourly forecast output (fire potential). 

To evaluate operational and economic value, forecast 
outputs are passed to a cost–loss framework that quantifies 
the potential benefits of early warnings relative to suppres
sion and damage costs. This analysis estimates the PEV and 
net savings of the forecasting system over extended periods, 
comparing both the ML model and the FBI against a baseline 
scenario with no forecast guidance. Importantly, the PEV 
framework is not an operational decision model but an 
evaluation tool that expresses the long-term economic ben
efits and trade-offs of different forecasting approaches under 
varying uncertainty conditions. 

Methods 

Study sites and data streams 

We analysed nine AWSs distributed across three fire-climate 
regimes: subtropical Sunshine Coast, peri-urban Brisbane 
and temperate Hobart. These stations span gradients in 

elevation, distance to coast, fuel type and exposure risk, 
including high-risk WUI zones. Each AWS provides 30-min 
meteorological records including temperature (T), relative 
humidity (RH), wind speed (V), dew point, pressure and 
rainfall. From these time series, we derived vapour- 
pressure deficit (VPD) and the Fine Fuel Moisture Code 
(FFMC). Fire ignitions were identified from official incident 
reports, yielding over 125 documented fire events. Time 
span and event counts per region are as follows: Sunshine 
Coast (2002–2017, n = 15 fires), Brisbane (2000–2018, 
n = 32 fires) and Hobart (2005–2022, n = 79 fires). 

For consistency, both the ML forecasts and the FBI were 
computed using the same hourly AWS observations (temper
ature, humidity, wind speed and drought factor), ensuring 
that comparisons reflect model performance differences 
rather than input discrepancies. We did not use BoM fore
casted weather or public deterministic ratings (BoM 2024); 
all FBI values in this study were recalculated directly from 
observed AWS data. 

To ensure a fair comparison between models, we com
puted the FBI using the fuel type most consistent with the 
dominant vegetation and documented fire environments in 

Data acquisition
Automatic Weather Station
(AWS) records (sampled
every 30-min over >10
years)
Inputs: T, RH, V, VPD …
Three stations per region.

Feature engineering
Rolling-window feature
extraction (2/10 days)
• >700 statistical/spectral
features
• Capture temporal trends,
variability, and
autocorrelation

Training Labels
• 1 = data before within
2–10 days to fires
• 0 = no fire
• Balanced = 1:2 (fire : non-
fire) for training stability
• Used for binary
classification target

Each 30-min AWS record is converted into a 10-day rolling feature window and classified with a Random-Forest ensemble. The resulting consensus provides a sub-hourly estimate of ignition
potential, and then evaluated through cost–loss analysis and cross-regional transfer tests. These enable scalable, economically justified early-warning forecasts across diverse fire climates.

Random Forest Classifier
• 300 trees, bootstrapped
• Output of forest Î [0, 1] =>
Consensus = mean likelihood
• Validated with leave-one-
fire-out and cross-region
• Forecast interval: every 30
min (to the data resolution)

Validation & forecast
output
Pseudo-Forecast Generation
Evaluation: intra and inter
region cross-validation
Output: time series of fire
potential forecast, sampled
every 30-min (‘consensus’).

Labelling Model training PEV (cost–loss model)
Inputs: consensus,
suppression cost (C), loss per
fire (L); compute expected
savings vs no-forecast &
perfect-forecast baselines
Outputs: net savings (A$) &
relative PEV curve.

42.4°S

26.1°S

26.4°S

26.7°S

27°S

27.3°S

27.2°S

27.4°S

27.6°S

27.8°S

42.6°S

42.8°S

43°S

43.2°S

146.8°E 147.2°E 153.2°E 153°E

32 fire tested

15 fire tested

79 fire tested

(a) Hobart | Cool-temperate forests | Tasmania (b) Sunshine Coast | Sub-tropical coastal | Queensland (c) Brisbane | Peri-urban (WUI) | Queensland

Fig. 1. Spatial context and end-to-end workflow for the sub-hourly fire-potential forecasting framework. (a–c) Automatic Weather 
Stations (AWSs) and regional extents for the three study areas: (a) Hobart (Tasmania), (b) Sunshine Coast (Queensland), and (c) Brisbane 
(Queensland). Filled circles mark the AWS used for model development; inset map locates the regions within Australia. Basemap layers 
show elevation contours, rivers, coastline and urban areas for geographic reference. Fires tested per region are indicated. Methodological 
pipeline is shown in colored boxes below the maps. Each 30-min AWS record is transformed into a 10-day rolling window from which over 
700 statistical and spectral features are extracted. Windows are labelled as ‘fire’ (if an ignition occurs within the next 2–10 days) or ‘non- 
fire’ and used to train a 300-tree Random-Forest classifier that produces a likelihood forecast every 30 min. Validation combines leave- 
one-fire-out and cross-region tests to assess transferability. Forecast outputs feed an economic cost–loss module designed to estimate 
the Potential Economic Value (PEV) and net savings of the forecasting system over extended periods. The PEV analysis is not an 
operational decision model, but rather an evaluation framework used to quantify the long-term economic benefits and trade-offs of 
different forecasting approaches under varying uncertainty conditions.   
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each region. Inspection of the event catalogue showed that 
ignitions on the Sunshine Coast and in Hobart occurred largely 
within heathland, shrubland and mixed dry-eucalypt vegeta
tion. We therefore used the Heathland FBI for both regions, as 
it best reflected the fuels involved in recorded ignitions. In 
Brisbane, where fires were predominantly associated with dry 
sclerophyll forests and eucalypt woodlands, we used the Forest 
FBI. Although the ML models rely solely on observed weather 
variables and are not linked to any prescribed fuel model, we 
benchmarked them against the FBI variant most representative 
of fire-prone fuels at each site to provide an appropriate, fuel- 
specific operational comparison. 

The three regions represent distinct fire–climate regimes 
that differ in their temperature, humidity and moisture- 
dynamics. The Sunshine Coast is a subtropical coastal envir
onment characterised by rapid sub-daily humidity changes, 
frequent sea-breeze wind shifts and diurnal moisture varia
bility during the fire season (Ardid et al. 2025a). Brisbane’s 
peri-urban fringe experiences a warmer, drier subtropical 
climate with moderate diurnal humidity swings and a high 
proportion of anthropogenic ignitions (AIC 2020). Hobart, 
by contrast, has a cool-temperate climate where rapid fuel 
drying is driven by episodic foehn-like wind events and 
heatwave plateaus (Sharples et al. 2010). These different 
regimes influence how quickly fine fuels dry and re-moisten, 
and therefore the degree to which fast-changing meteoro
logical conditions contribute to ignition likelihood. 

Feature engineering and forecast target 

To characterise pre-ignition signals at multiple timescales, 
each meteorological stream was segmented into rolling 
windows of 10 days (see Ardid et al. 2025a for sensitivity 
analysis over the window length), producing backward- 
looking feature vectors. We extracted 700+ time-series fea
tures per window using ‘tsfresh’ (Christ et al. 2018), including 
statistical moments, spectral coefficients, autocorrelations 
and change-based metrics. A binary classification target was 
assigned to each 30-min timestamp, where label = 1 indicated 
that a fire occurred within a future look-ahead window (2, 5 
or 10 days), and label = 0 otherwise. Due to strong class 
imbalance (Tang et al. 2020), fire-positive windows are out
numbered by non-fire windows by ~1:50 in the raw record. 
Later, label-0 windows were randomly under-sampled to 
achieve ~1:2 balance during training. 

Model architecture and training 

We implemented an ensemble of Decision Tree classifiers 
using scikit-learn (Pedregosa et al. 2011). Each tree was 
trained on a balanced resample of the feature matrix to 
equalise the number of fire and non-fire windows (~1:2). 
A total of 300 trees were trained independently, and their 
probabilistic outputs were averaged to produce a consensus 
forecast representing the mean ignition likelihood (fire 

potential). This configuration follows the ensemble archi
tecture described in Dempsey et al. (2022) and Ardid 
et al. (2022, 2025b, 2025c), which demonstrated reliable 
classification under class imbalance and varying forecast 
horizons in similar forecasting contexts. Hyperparameters 
for the Decision Trees were fixed based on empirical per
formance and computational efficiency reported in Ardid 
et al. (2025a), and no further tuning was applied to avoid 
overfitting. 

Out-of-sample evaluation was ensured using a cross- 
validation strategy that withholds entire fire events or stations 
for testing, with all remaining fires contributing to training, 
and class imbalance was mitigated through random under- 
sampling applied independently for each Decision Tree (see 
the following subsections). This design maintains indepen
dence between training and testing windows while capturing 
local meteorological variability; and maintains sensitivity to 
rare ignition events while limiting overfitting to background 
conditions. 

Cross-validation and transfer learning 

Two cross-validation strategies were employed. (i) Tailored 
models were evaluated using a leave-one-fire-out scheme at 
each station, where an 8-week window centred on each fire 
(15 days before and after the event) was excluded from both 
feature selection and model training, mimicking pseudo- 
operational forecasting. (ii) Generalised models followed a 
leave-region-out approach, in which models were trained on 
all stations from two regions and tested on the third. In both 
cases, feature ranking and model fitting were restricted to 
the training data to avoid information leakage. Within each 
fold, under sampling was applied independently for every 
Decision Tree, and repeated across 300 trees so that nearly 
all non-fire windows contributed to the ensemble, preserv
ing the background variability of weather conditions. Model 
evaluation was always conducted on the full, naturally 
imbalanced held-out records (see codes in Supplementary 
Material). 

Evaluation metrics 

As explained, model evaluation is conducted through a time- 
blocked cross-validation on the complete, naturally imbal
anced test record. For each fire, training and testing produce 
an out-of-sample consensus record spanning approximately 
1 month around the fire date. To evaluate model perform
ance during non-fire periods, a pseudo out-of-sample record 
is generated by training a single Random Forest model using 
all fires while undersampling the training set to match the 
duration of the fire periods. In practice, this setup remains 
effectively out-of-sample, as the model has been exposed to 
less than 5% of the data later used for testing. The resulting 
non-fire consensus record is concatenated with the fire- 
specific out-of-sample records to produce a continuous 
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model output over the entire record to be tested. Feature 
scaling and model fitting remain confined to the training 
years to prevent information leakage. This approach yields 
an unbiased estimate of model reliability under realistic 
event frequencies. 

Model discrimination is summarised using threshold-free 
discrimination metrics (e.g. Receiver Operating Characteristic 
(ROC) curves, alert-rate versus detection trade-offs and 
Precision-Recall (PR) curves; see Ardid et al. 2025a). Here 
we present model discrimination quantified using the True 
Positive Rate (TPR) and False Positive Rate (FPR), defined as: 
TPR = True Positives (TP)/True Positives + False Negatives 
(FN), FPR = False Positives (FP)/False Positives + True 
Negatives (TN). In this context, positive windows correspond 
to pre-fire periods (label = 1) preceding documented ignition 
events, and negative windows correspond to all other non-fire 
periods (label = 0) within the held-out test years. Thus, the 
TPR denominator equals the total number of fire windows, 
and the FPR denominator equals the total number of non-fire 
windows. Fig. 2 provides a schematic example of how TP, FP, 
FN and TN are identified from the sub-hourly consensus time 
series relative to each fire event and threshold. 

In this context, these metrics (TPR, FPR) were selected over 
accuracy or precision because they are threshold-independent 
and directly define the ROC curves used throughout this study. 
Moreover, they align with the cost–loss framework employed 
for the PEV analysis, in which TPR reflects avoided fire 
losses (successful detections) and FPR represents unnecessary 
response costs (false alarms). Accuracy and precision are 
strongly influenced by the event imbalance and are therefore 
less informative for assessing operational value. 

Cost–loss for forecast utility 

We estimated PEV using the binary cost–loss formulation 
originally proposed by Murphy (1985) and widely applied 
in ensemble-weather forecasting (Richardson 2000; Mylne 
2002) and wildfire-risk studies (Gunasekera et al. 2006; Abt 

et al. 2008; Dale 2010; Lüthi et al. 2021; Sadowska et al. 
2021; Crowley et al. 2023). Let C = A$50,000 (cost of a 
precautionary deployment) and L = A$10 million (loss from 
an uncontrolled fire). These values represent the trade-off 
between taking preventive action (C) and suffering major 
losses from a missed fire (L), allowing forecast performance 
to be evaluated in economic terms relevant to operational 
decision-making. 

This formulation assumes that successful intervention 
completely prevents the loss. In practice, suppression only 
reduces losses with a certain success probability, so the 
framework can be adjusted for partial-mitigation scenarios: 
a correctly forecast fire still incurs a smaller loss (e.g. 
A$5 million) or, more generally, an expected loss of 
(1 − P) L, where P is the probability that the warning avoids 
or limits damage. Either adjustment lowers absolute PEV 
values but does not affect the relative ranking of models, 
since the same scaling applies to all systems. 

The TPR and FPR quantify the key trade-offs that drive 
forecast utility in this framework. In simple terms, a higher 
TPR means that more real fires are detected in advance, 
thereby reducing potential losses, whereas a lower FPR 
means fewer unnecessary responses and lower operational 
costs. Together, these two rates determine the POV, describ
ing how often an action correctly prevents a loss versus how 
often it incurs an unnecessary cost. 

Representative cost and loss parameters were selected 
to reflect realistic suppression and damage estimates 
for Australasian contexts – approximately US$33,500 
(A$50,000) per precautionary deployment and US$6.7 mil
lion (A$10 million) per uncontrolled fire – consistent with 
operational values reported by fire management agencies 
(AFAC 2021; FENZ 2021; NZFOA 2022; Marshall et al. 2023). 
Sensitivity tests (Supplementary Text S2) show that although 
absolute PEV values depend on these assumptions, the relative 
performance ranking of models remains stable. 

We emphasise TPR and FPR rather than accuracy or 
precision because these rates are threshold-independent 

Consensus

Counting TP, FP, FN, TN

Threshold

Fire
Pre-wildfire window

TN: True Negative

FP: False Positive
FN: False Negative

TP: True Positive

2012-10-10

C
on

se
ns

us

0.0

0.2

0.4

0.6

0.8

2012-11-01 2012-11-20 2012-12-10 2012-12-30

Fig. 2. Illustration of how True Positives (TP), False Positives (FP), False Negatives (FN) and True Negatives (TN) are counted in the time series of 
model consensus probabilities. The dashed horizontal line marks the probability threshold used to issue a ‘fire’ forecast. The shaded red dashed 
line marks the observed fire time. Pre-fire windows (grey) are used for evaluation, with green showing correctly forecast fires (TP), red showing 
missed fires (FN) and blue showing correct non-fire predictions (TN). Yellow shading marks false alarms (FP).  
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and align directly with the cost–loss structure: TPR repre
sents avoided losses and FPR represents unnecessary expen
ditures. Accuracy-based metrics are less informative under 
the strong class imbalance (≈1:50) present in sub-hourly 
ignition data. 

With absolute event counts, the expected forecast cost Ep 
is defined as: 

E C D L T= × (FPR × ) + × ((1 TPR) × )p (1)  

where,  

C = cost of a false alarm (precautionary action when no 
fire occurs; $ per event)  
L = loss from a missed fire (fire occurs without warning; 
$ per event)  
T = total number of documented fires in the record 
(count)  
D = total number of days in that record (days)  
TPR = true positive rate (fraction of fires correctly 
detected; dimensionless, 0–1)  
FPR = false positive rate (fraction of no-fire days with 
false alarms; dimensionless, 0–1). 

The reference cases are: 

E L T= ×no f (2) 
E = 0pe f (3)   

where, Eqn 2 represents the cost of never taking precaution
ary action (all fires are missed) and Eqn 3 represents perfect 
forecasting (no false alarms, no missed fires). PEV is then: 

E E
E E

PEV = no f p

no f pe f
(4)   

Uncertainty is assessed through a Monte Carlo analysis that 
perturbs both C and L by ±20%, generating an ensemble of 
PEV curves and optimal thresholds. The full procedure is 
implemented in the companion script ‘pev_3regions_monte_
carlo.py’, available in the project repository. 

Results 

In this section, we report the performance of our ML fore
casts relative to the FBI across the three fire–climate regions: 
Sunshine Coast (subtropical), Brisbane (peri-urban) and 
Hobart (temperate). For each region, model outputs com
bine fire-specific out-of-sample consensus records with the 
pseudo out-of-sample non-fire record to yield a continuous 
forecast over the full testing period. All metrics are com
puted on these held-out, naturally imbalanced records with
out any re-balancing at evaluation. This setup ensures that 
the reported discrimination, reliability and economic value 

metrics reflect realistic operational event frequencies rather 
than balanced experimental conditions. 

For each region, we evaluate model skill using TPR, false 
FPR, PEV and projected net savings under operational cost 
assumptions. The optimal classification threshold for each 
model is selected retrospectively to maximise PEV, reflecting 
how an operator might calibrate decision rules based on his
torical performance. Results are based on tailored ML models 
trained with local AWS data and assessed using pseudo- 
operational leave-one-fire-out cross-validation. Full perform
ance metrics for both models are summarised in Table 1. 

Hobart (temperate Tasmania) 

Fire seasons in temperate forests are shorter, but heatwave 
plateaus and foehn-like wind events can trigger sudden 
escalations (Dowdy and Pepler 2018; Harris and Lucas 
2019). The FBI, when evaluated at its optimal threshold of 
24.99, would correctly forecast/predict 43% of recorded 
ignitions in Hobart (FPR = 0.101), yielding a PEV of 
0.239 and net savings of A$35.9 million, assuming that 
correctly forecast fires are always successfully avoided. 
These figures thus represent upper-bound estimates contin
gent on idealised response effectiveness. In comparison, our 
sub-hourly ML tailored model, at a calibrated threshold of 
0.84, correctly forecasts 75.5% of ignitions (FPR = 0.135), 
improves PEV to 0.502 and nearly doubles the net savings to 
A$75.4 million (Table 1). 

During a representative Hobart fire season, the FBI values 
fluctuate moderately and reach isolated peaks but do not 
consistently rise ahead of fire events (Fig. 3a, b; see full 
record in Supplementary Fig. S1). In contrast, the ML 
consensus score (i.e. the mean predicted fire potential across 
the Random-Forest ensemble) exhibits a progressive increase 
leading up to the ignition cluster in early 2013 and remains 
elevated until the last fire in late May. This sustained high 
forecast confidence provides an early-warning signal. Notably, 
the consensus score briefly dips just before the final ignition. 
This brief dip may reflect a genuine prediction failure. It could 
also arise from uncertainty in the reported ignition time, as 
incident and fire-database records of ignition timing are known 
to differ from satellite- or model-derived estimates by hours or 
more in some cases (Benali et al. 2016), emphasising the 
importance of precise fire time records. Regardless, the broader 
signal quality remains high. In contrast, FBI values prior to 
these fires tend to be lower and more variable, with fewer 
sustained elevations. This pattern, observed across much of 
the Hobart catalogue, suggests that while the FBI captures 
some ignition-relevant conditions, it may miss others that are 
more consistently flagged by the ML model (see Supplementary 
Fig. S1 for a complete time series of consensus probabilities and 
FBI outputs across the full Hobart record). 

The ROC analysis (Fig. 3c) confirms these patterns: the 
tailored ML model achieves an area under the curve (AUC) 

A. Ardid et al.                                                                                       International Journal of Wildland Fire 35 (2026) WF25221 

6 

D
ow

nloaded from
 connectsci.​au/​w

f/​article-pdf/​doi/​10.​1071/​W
F25221/​1860629/​w

f25221.​pdf by guest on 15 O
ctober 2026



of 0.88, outperforming both the FBI (AUC = 0.80) and the 
generalised ML model (AUC = 0.78). Consistent with this, 
the PEV curves (Fig. 3d) show that tailored ML provides 
substantially higher economic value, nearly doubling the net 
savings of the FBI. In contrast, the generalised model offers 
only a modest improvement over the FBI, and in some cases 
performs comparably or slightly worse in cost terms. This 
reflects the fact that the FBI already captures the dominant 
ignition drivers; therefore, only locally trained ML models 
yield clear operational gains. The small difference between 
FBI and generalised ML indicates that much of the transfer
able meteorological structure is captured, but fully realising 
the benefits of ML forecasting requires calibration to local 
fire records. 

This consistency across regional datasets demonstrates 
encouraging generalisation capability, suggesting that the 
key meteorological precursors of ignition are broadly shared 
(these aspects of transferability and data sufficiency are 
examined further in the Discussion section). 

Brisbane fringe (peri-urban Queensland) 

Brisbane’s WUI experiences higher baseline ignition rates 
driven by anthropogenic activity and afternoon convective 
storm outflows (Sharples et al. 2016). In this region, the FBI 
already performs moderately well: at its optimal threshold 
of 12.97, it achieves a TPR of 61.1% and a PEV of 0.407, 
resulting in projected savings of A$61.1 million. The ML 
model further improves detection to 71.8% (TPR), but with 
a higher FPR of 0.158, about 50% greater than the FBI’s 
FPR, lifting PEV only slightly to 0.421 and net savings to 
A$63.2 million (Table 1). 

While the FBI captures key ignition drivers such as sus
tained dryness and diurnal variability, the room for added 
ML benefit appears smaller than in other regions. However, 
Brisbane’s peri-urban environment contains a heteroge
neous mix of dry sclerophyll forest, grass–shrub mosaics 
and highly variable anthropogenic ignition sources operat
ing at fine spatial scales. Even though we used the FBI fuel 
type most representative of the region (Forest FBI), a single 
fuel model cannot capture this spatial and temporal varia
bility in fuel structure and ignition context. In contrast, the 
ML model learns directly from high-frequency meteorologi
cal patterns without requiring an explicit fuel-type assump
tion, allowing it to retain some predictive advantage despite 
the smaller absolute gain. This highlights that ML models 
may offer complementary value in complex, mixed-fuel 
landscapes where standard fuel-specific indices have limited 
ability to represent local variability. 

Results indicate that FBI values in Brisbane fluctuate daily 
and often show short-lived peaks that do not consistently 
precede ignition events (Fig. 4, Supplementary Fig. S2). The 
ML consensus forecast also shows variability but more fre
quently exhibits a sustained ramp-up in probability prior to 
fires (Fig. 4). For example, ignitions in May, July and August 
2006 are each preceded by rising ML probabilities over 
multiple time steps, while FBI values during these periods 
appear more erratic and show transient spikes without 
clear lead-in structure. While both models produce noise, 
the ML signal tends to show greater temporal coherence 
ahead of fire events, enhancing its potential value for 
anticipatory decision-making. 

The ROC analysis confirms that both models achieve 
reasonable discrimination, with the ML model yielding an 

Table 1. Optimal operating points for fire prediction models across three Australian regions.         

Region Model Optimal 
threshold 

TPR FPR PEV Net savings 
(A$ million)   

Sunshine 
Coast 

FBI  19.53  0.38  0.08  0.23  34.5 

Sunshine 
Coast 

ML tailored  0.6  0.796  0.077  0.651  97.7 

Sunshine 
Coast 

ML generalised  0.58  0.682  0.135  0.392  39.3 

Brisbane FBI  12.97  0.611  0.109  0.407  61.1 

Brisbane ML tailored  0.57  0.718  0.158  0.421  63.2 

Brisbane ML generalised  0.52  0.568  0.137  0.379  38.1 

Hobart FBI  24.99  0.429  0.101  0.239  35.9 

Hobart ML tailored  0.84  0.755  0.135  0.502  75.4 

Hobart ML generalised  0.71  0.654  0.129  0.384  35.3 

The table presents performance metrics for both the Fire Behaviour Index (FBI) and Machine Learning (ML) tailored and generalised models, evaluated at thresholds 
that maximise Potential Economic Value (PEV). Reported values are averages based on an assumed fire suppression cost of US$6.7 million (A$10 million) per fire and 
an alert cost of US$33,500 per day (A$50,000) (conversions from AUD to USD using an exchange rate of A$1 = US$0.67). Metrics include True Positive Rate (TPR), 
False Positive Rate (FPR), PEV and net savings. The optimal threshold corresponds to the decision point that best balances false alarms and missed events for each 
region-model pair.  
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AUC of 0.89 compared to 0.81 for the FBI, reflecting a 
stronger ability to distinguish between fire and non-fire 
periods. The PEV analysis indicates that this improvement 
translates to a modest gain in operational value, with the ML 
model yielding net savings of A$63 million versus $61 mil
lion for the FBI. 

Sunshine Coast (costal sub-tropical Queensland) 

Daily fire danger in the Sunshine Coast is often driven by 
fast midday humidity collapses and abrupt sea-breeze wind 

shifts (e.g. Hanley et al. 2005). In this highly dynamic 
environment, the FBI underperforms: its optimal threshold 
(19.53) correctly predicts only 38.0% of ignitions, with a 
FPR of 0.080, yielding a PEV of 0.230 and estimated net 
savings of A$34.5 million. The ML model substantially 
improves on this, reaching a TPR of 79.6% while maintain
ing a similar FPR (FPR = 0.077). 

Results over the full record indicate that ML forecasts 
frequently show gradual increases in the days leading up 
to ignition events (Supplementary Fig. S3). This pattern 
is particularly visible during the 2016–2017 fire season 
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Fig. 3. Forecast skill and economic value comparison between machine-learning (ML) and Australian Fire Danger Rating 
System (AFDRS)-Fire Behaviour Index (FBI) models for Hobart. (a) Time series of the AFDRS-FBI for Hobart from July 2012 to 
July 2013, with documented fire ignitions marked by red dashed lines. (b) Sub-hourly ML forecast probability using tailored 
(dark blue) and generalised (light blue) models over the same period. Shaded bands show ± 1σ confidence interval from 
bootstrap ensemble. ML predictions capture rising fire potential days to weeks before ignition events. (c) Receiver 
Operating Characteristic (ROC) curves comparing FBI (green), ML tailored (purple) and ML generalised (blue) models. ML 
tailored achieves the highest area under the curve (AUC) (0.88), outperforming both FBI (0.80) and ML generalised (0.78). 
(d) Potential Economic Value (PEV) versus probability threshold. ML model achieves optimal PEV = 0.84 (net savings: A$75 
million) at threshold 0.60; FBI model peaks at PEV = 0.26 (net savings: A$41 million). ML forecasts offer higher discrimination 
and operational value across all thresholds.   
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(Fig. 5), where the ML consensus values rise ahead of most 
documented fires and remain elevated through late summer. 
During the same period, FBI values tend to fluctuate and 
show fewer extended peaks aligned with fire activity. For 
instance, the November and December fires coincide with 
sustained high ML probabilities, whereas FBI increases are 
less pronounced. 

The ROC analysis indicates that the ML model achieves 
an AUC of 0.95, compared to 0.73 for the FBI, suggesting 
stronger ability to distinguish between fire and non-fire 
conditions. The corresponding PEV curves show that this 
translates into higher decision value, with the ML model 

reaching a maximum PEV of 0.65 and projected savings of 
A$98 million, at an optimal operating threshold of 0.6. For 
comparison, the FBI achieves a PEV of 0.20 and estimated 
savings of A$30 million. 

Discussion 

Our results show that our sub-hourly ML forecasts can poten
tially improve early warning in Australia’s fire prone forest 
regions, particularly in regions where traditional indices have 
difficulty capturing rapid changes in fire-weather conditions. 
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Fig. 4. Forecast skill and economic value comparison between machine-learning (ML) and Australian Fire Danger Rating 
System (AFDRS)-Fire Behaviour Index (FBI) models for Brisbane. (a) Time series of the AFDRS-FBI (heathland configuration) 
over a representative 1-year period, with documented fire ignitions marked by red dashed lines. (b) Sub-hourly ML forecast 
probabilities generated by tailored (dark blue) and generalised (light blue) models across the same period. Shaded bands 
represent ± 1σ confidence intervals derived from bootstrap ensembles. ML models often anticipate elevated fire potential 
days to weeks prior to ignition events. (c) Receiver Operating Characteristic (ROC) curves comparing FBI (green) and ML 
model (blue). The tailored ML model consistently achieves the highest discrimination performance, outperforming both 
the FBI index and the generalised ML model. (d) Potential Economic Value (PEV) as a function of decision threshold. The ML 
model delivers substantially higher operational value across thresholds compared to the FBI benchmark, indicating superior 
utility for cost-effective fire preparedness and response decisions.   
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While the benefits of ML in handling high-frequency data and 
generating probabilistic outputs are acknowledged in the 
literature, this study supports the evidence of the transferabil
ity of ML models across contrasting climates, and their capac
ity to outperform existing indices under certain conditions. 
Nevertheless, the present framework should be viewed as a 
complementary forecasting layer, not a replacement for exist
ing fire danger systems, pending validation under a wider 
range of fuel and climate regimes. 

The degree to which our ML gains transfer across sites is 
uneven. Where existing indices fail to track fast, moisture- 

driven swings, such as on the Sunshine Coast and to a minor 
degree in Hobart, the ML model delivers large improve
ments. By contrast, at Brisbane, where traditional metrics 
already capture most ignition drivers, the incremental ben
efit is modest. This variability argues for location-specific 
performance checks and reminds us that practical roll-out 
still hinges on data-quality issues (e.g. inaccurate fire inci
dent data, such as imprecise ignition times) and on agency- 
specific workflows, risk tolerance and budget constraints, 
and an underlying evaluation of when the model may be 
relevant to new regions. 
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Fig. 5. Forecast skill and economic value comparison between machine-learning (ML) and Australian Fire Danger Rating 
System (AFDRS)-Fire Behaviour Index (FBI) models for Sunshine Coast. (a) Time series of the AFDRS-FBI (heathland 
configuration) over a representative 1-year period, with documented fire ignitions marked by red dashed lines. (b) Sub- 
hourly ML forecast probabilities generated by tailored (dark blue) and generalised (light blue) models across the same 
period. Shaded bands represent ± 1σ confidence intervals derived from bootstrap ensembles. ML models often anticipate 
elevated fire potential days to weeks prior to ignition events. (c) Receiver Operating Characteristic (ROC) curves comparing 
FBI (green) and ML model (blue). The tailored ML model consistently achieves the highest discrimination performance, 
outperforming both the FBI index and the generalised ML model. (d) Potential Economic Value (PEV) as a function of 
decision threshold. The ML model delivers substantially higher operational value across thresholds compared to the FBI 
benchmark, indicating superior utility for cost-effective fire preparedness and response decisions.   
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While the models show consistent discrimination and 
positive economic value, these results should be interpreted 
within the limits of the available dataset and experimental 
design. Dataset size constrains model generality, sample 
counts remain modest in some regions, limiting the diversity 
of meteorological–fuel combinations captured during training, 
and the cost–loss analysis assumes fixed suppression effective
ness and decision ratios, simplifying regional differences in 
asset value and response capability. These simplifications do 
not alter the relative model comparisons but highlight the need 
for broader data coverage, refined parameterisation and 
improved uncertainty quantification. Moreover, the current 
framework forecasts ignition likelihood but not subsequent 
fire spread, meaning wind speed and other growth-related 
variables may be underweighted. Future extensions could inte
grate wind-driven and satellite-derived fuel-moisture metrics, 
as well as physics-based energy-balance features, and extend 
testing to additional regions representing distinct pyroclimates 
(e.g. Cunningham et al. 2024) to further enhance model appli
cability and transferability. 

Model generalisation and data sufficiency 

The cross-regional experiments highlight both the promise 
and limits of model generalisation. When trained on stations 
from two fire–climate regimes and tested on the third, the 

sub-hourly classifier retained discrimination, in some cases 
only slightly below locally tailored models (e.g. Fig. 3c). As 
shown in Fig. 6a, tailored models improved skill by about 
0.07 AUC on average, indicating that while regional calibra
tion improves performance, much of the predictive structure 
transfers between sites. 

Fig. 6b shows that model skill at Hobart (HHO) increases 
rapidly with additional training data and levels off after 
roughly 30 fires, with the rate-of-change analysis (Fig. 6c) 
confirming this plateau for the events contained in our his
torical record. Importantly, this behaviour reflects the limits 
of the dataset rather than a guarantee that future conditions 
will resemble the past. Fire–weather relationships are non- 
stationary, and novel combinations of fuel, climate, or igni
tion drivers may lie outside the variability captured here. The 
ML framework can be incrementally updated as new, poten
tially novel events occur, allowing the model to expand its 
feature space over time. 

Two supplementary analyses support this interpretation. 
Variability-accumulation curves (Supplementary Fig. S8) 
show that cumulative variability in T, RH and V converges 
toward the full-dataset variability after ~20–30 fires. Box- 
plot comparisons (Supplementary Fig. S9) further indicate 
that fires occur across broad weather ranges – typically 
40–80% of the full climatological spectrum – rather than 
under narrowly clustered conditions. Together, these results 
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consistently outperform generalised counterparts, though generalised models retain strong discrimination (e.g. SCA 
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AUC increases rapidly until ~30 fires, after which gains plateau. Error bars indicate interquartile range across 100 
bootstrap replicates. (c) Rate of change (first derivative) of AUC from panel (b), confirming performance saturation 
beyond 32 events. This ergodic convergence, meaning that statistical patterns in past events are representative of 
future behaviour, suggests that approximately 30 well-documented fires are sufficient for model stabilisation and 
transferability.   
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suggest that a modest archive of ~30 well-documented fires 
captures most of the meteorological variability relevant for 
sub-hourly forecasting, enabling initial deployment in data- 
limited regions while retaining the ability to improve as new 
events are added. 

How our findings extend fire-risk forecasting 
research 

A growing body of work now applies ML to wildfire prediction. 
Global forecasts coupling satellite and meteorological data 
have demonstrated skill at daily-to-weekly timescales (Di 
Giuseppe et al. 2025; Illarionova et al. 2025), while deep- 
learning ensembles for fire susceptibility mapping have 
achieved strong classification performance, though typically 
focused on static risk layers rather than short-term, weather- 
driven ignition potential (Bjånes et al. 2021; Shmuel and 
Heifetz 2022). Our sub-hourly, station-based wildfire potential 
framework complements these advances by resolving rapid 
humidity drops and wind shifts that precede ignition, showing 
that finer temporal granularity yields substantial gains even 
over the AFDRS’s new fuel-specific FBI (Hollis et al. 2024). 

The PEV analysis showed that ML-based fire-potential 
forecasts consistently outperformed the FBI across all study 
regions. Importantly, these results hold not only under static 
cost–loss assumptions but also when those assumptions are 
varied to reflect operational uncertainty. A Monte Carlo sen
sitivity analysis – sampling ± 20% variation in suppression 
and alert costs – confirmed that PEV estimates for the ML 
model remained stable and continued to exceed those of the 
FBI (Supplementary Fig. S7; Supplementary Text on Monte 
Carlo). Few previous studies have translated improved fore
cast skill into monetary terms (e.g. Dexter and Macleod 
2017; DAE 2021); by applying the PEV framework to wildfire 
warnings, our analysis links technical forecast improvements 
directly to operational savings. This coupling of forecast 
accuracy, uncertainty analysis, and economic value high
lights the robustness and practical significance of the results. 
This economic resilience, combined with better classification 
performance, supports the ML model’s suitability for opera
tional use in anticipatory fire management frameworks that 
must function under uncertain or evolving cost structures. 

Conclusion 

Sub-hourly ML fire potential forecasts rooted in standard 
weather-station data close a long-standing temporal gap in 
wildfire warning systems. By showing that such models can 
be adapted across contrasting climates and evaluated in 
cost–loss terms, this study advances them from proof-of- 
concept toward potential decision-support tools, recognising 
that operational deployment will still require region-specific 
calibration and validation (as novel events happen). 

The workflow (calibrate, monetise) offers a blueprint 
for integrating probabilistic AI into operational risk man
agement while maintaining transparency and economic 
accountability. Coupling these forecasts with dynamic fuel- 
moisture inputs, impact-based response models and user- 
behaviour testing is the logical next step. Until then, the 
takeaway is simple: when fire-weather shifts by the hour, 
our warning tools must move just as quickly; and light
weight, station-level ML makes that possible. 

Supplementary material 

Supplementary material can be accessed from the article 
page online. 
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