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Abstract
Wildfire prediction is often framed as classification or regression,
yet operational management relies on coherent ordinal risk levels.
We propose the Cluster-Centered Latent Transition Loss (CCLLT), a
novel ordinal objective designed for operational wildfire risk. Rather
than predicting event occurrence directly, the proposed framework
learns ordinal operational risk systems whose levels correspond to
increasing real-world operational consequences. CCLLT combines
latent ordinal centers, hierarchical EMA priors, monotonic ranking
constraints, coverage regularization, and adaptive threshold cali-
bration to directly optimize the ordinal consistency of risk signals.
Unlike standard classification, it enforces monotonic operational
transitions while preventing collapse toward dominant low-risk
classes. Evaluated via a monotonic explainability framework, our
approach successfully moves prediction beyond event-centeredmet-
rics to produce stable, interpretable, and operationally meaningful
risk signals.
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1 Introduction
Wildfires represent a major environmental, economic, and human
challenge whose frequency and intensity are increasing under cli-
mate change. To support emergency response strategies, we pro-
pose the Cluster-Centered Latent Transition Loss (CCLLT), a novel
ordinal learning objective. Rather than optimizing event prediction
directly, CCLLT learns ordinal operational risk signals that ensure
higher predicted risk levels correspond to increasingly severe ex-
pected operational consequences. This fundamental distinction
between “event prediction” (detecting an occurrence) and “risk sig-
nal learning” (estimating potential severity) is central to operational
decision-making.

It is important to emphasize that our contribution is not a new
wildfire forecasting architecture, but rather a new architecture-
agnostic ordinal learning objective that can be used with GRU,
LSTM, MLP, and DilatedCNN models. By exploiting large-scale
meteorological, environmental, and operational data, the proposed
framework goes beyond simple classification to target operational
decision support, providing interpretable risk signals capable of
helping firefighting services better prepare for extreme situations.
The central hypothesis of this work is that operational risk is not a
classification problem. It is the construction of an ordinal system
whose levels must correspond to increasingly severe operational
consequences. The objective is not to determine whether a wild-
fire will occur, but to organize future situations into a coherent
operational severity system. Thus, risk learning should be treated
as a system-construction problem rather than an event-prediction
problem. The implementation of CCLLT is publicly available.1

2 Related Work
Most systems formulate wildfire forecasting as binary classification
or continuous regression [4]. Methods range from early statistical
models [6, 8, 10] to recent deep learning architectures (CNNs, RNNs)
and foundation models [5, 11, 12]. However, these approaches pri-
marily focus on event occurrence (mostly binary classification
tasks).

1https://github.com/NicolasCaronPro/Learning-Operational-Ordinal-Wildfire-Risk-
Signals-with-Monotonic-Ranking-Constraints
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Beyond standard classification, Learning-to-Rank and ordinal
learning paradigms, such as RankNet [1], optimize the relative or-
dering of samples. While relevant, pairwise sample ranking does
not inherently structure the macroscopic transitions between pre-
defined operational risk classes.

The evaluation of wildfire prediction models is often overlooked.
However, recent work by Xu et al. [11] demonstrated that evalua-
tion protocols can have a greater impact on reported performance
than the model architecture itself. In operational settings, emer-
gency services continue to rely heavily on expert-based indices
such as the Canadian Fire Weather Index (FWI) because of their
interpretability and proven robustness [7, 9]. Unlike conventional
predictive models that focus on estimating event probability, these
systems are designed to assess the potential severity of an event
should it occur. To better align evaluation with this operational
perspective, [2] introduced a framework for assessing ordinal risk
prediction systems based on their monotonic operational consis-
tency.the objective of this work is not event detection itself, but the
learning of an interpretable ordinal operational prediction system
define in 2.1.

Definition 2.1 (Operational Risk). Let 𝑅𝑧,𝑡 ∈ {0, . . . , 𝐾} denote the
operational risk level and 𝑌𝑧,𝑡 ∈ R+ the real operational variable.

Operational risk is defined as a bounded latent ordinal variable
satisfying a monotonic consistency property:

E[𝑌𝑧,𝑡 | 𝑅𝑧,𝑡 = 𝑎] < E[𝑌𝑧,𝑡 | 𝑅𝑧,𝑡 = 𝑏] ∀𝑎 < 𝑏.

3 Contribution
We introduce the Cluster-Centered Latent Transition Loss (CCLLT),
a novel ordinal learning objective designed for operational wildfire
risk inspired by RankNet [1]. Rather than predicting highly sto-
chastic wildfire occurrences, CCLLT learns an ordinal risk system
whose levels correspond to increasing operational consequences.
The proposed loss combines latent ordinal centers, hierarchical
EMA priors, monotonic transition constraints, and coverage regu-
larization to directly optimize ordinal consistency while preserving
predictive coverage. Unlike RankNet, which focuses on pairwise
ordering between individual samples, CCLLT structures the latent
space at the class level and can be integrated into a wide range of
architectures, including MLPs, recurrent networks, and temporal
convolutional models. To explicitly highlight the novelty of CCLLT
compared to the standard RankNet formulation, Table 1 provides a
direct comparison. While RankNet operates purely at the individual
sample level, CCLLT structures the latent space at the ordinal class
level through latent centers, hierarchical EMA priors, and coverage
regularization.

Table 1: Methodological differences between RankNet and
CCLLT.

Feature RankNet CCLLT (Proposed)

Operational Level Individual Samples Ordinal Classes
Latent Structure Pairwise Score Diff. Latent Ordinal Centers
Regularization None Coverage & Midpoint
Temporal Stabilization None EMA Centers

4 Experimental Setup
Experiments are conducted on wildfire intervention data collected
from three French departments (Ain, Doubs and Alpes-Maritimes).
Data from 2017–2020 and 2022 are used for training, 2021 for val-
idation and 2023 for testing. The final benchmark contains 157
explanatory variables from Caron et al. [3] database. It’s include
meteorological, environmental, historical, topographical, and socio-
economic variables. The data spans 2,089 unique dates, including
7,006 positive wildfire interventions.

The objective is to learn an operational risk signal composed of
five ordinal levels ranging from 0 (Very Low) to 4 (Extreme). For
each department, day, and operational target, the model predicts
a single risk level. This five-level scale was selected because it is
commonly used in French wildfire risk assessment systems and
operational decision-making frameworks.

For each department and each day, three operational targets are
considered independently: the number of wildfire incidents, the
intervention duration, and the resources deployed by emergency
services.

The goal is therefore not to predict the exact value of these op-
erational variables, but rather to learn an ordinal risk level whose
ordering remains consistent with the observed operational conse-
quences.

The proposed loss is evaluated using several architectures com-
monly employed for wildfire prediction, including GRU and LSTM
temporal models, a Multi-Layer Perceptron (MLP), and a Dilated
Convolutional Neural Network (DilatedCNN). These architectures
allow the evaluation of the proposed ordinal framework across
recurrent, fully connected, and temporal convolutional paradigms.
Hyperparameters are optimized using Optuna while model selec-
tion relies on the monotonic explainability framework introduced
in [2].

Let 𝑠𝑖 ∈ R denote the latent risk score predicted for sample 𝑖 , and
let 𝑝𝑖,𝑘 denote the soft probability that sample 𝑖 belongs to ordinal
class 𝑘 .

Figure 1 provides an overview of the proposed Cluster-Centered
Latent Transition Loss (CCLLT). The framework first estimates soft
ordinal centers from model predictions, stabilizes them through
hierarchical EMA priors, and finally enforces monotonic transitions
between ordinal risk levels through a ranking objective.

4.1 Hierarchical Soft Ordinal Centers
Latent ordinal centers are estimated dynamically using soft mem-
berships. For a grouping structure 𝑔, the latent center associated
with ordinal class 𝑘 is defined as:

𝜇
(𝑔)
𝑘

=

∑
𝑖∈G (𝑔) 𝑝𝑖,𝑘𝑦𝑖∑
𝑖∈G (𝑔) 𝑝𝑖,𝑘 + 𝜀

,

where G (𝑔) denotes the set of samples belonging to grouping
scale 𝑔, 𝑝𝑖,𝑘 is the soft probability that sample 𝑖 belongs to ordinal
class 𝑘 , and 𝑦𝑖 denotes the real operational target.

To stabilize ordinal structures across optimization steps, we in-
troduce a hierarchical shrinkage mechanism over several grouping
scales:
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Latent Score 𝑠

Soft Class Assignments 𝑝 (𝑘 )

Latent Ordinal Centers 𝜇𝑘

Global EMA Priors Dept. EMA Priors

Hierarchical Shrinkage

Rank Loss L𝑟𝑎𝑛𝑘 Anchor Loss L𝜇0 Coverage Loss L𝑐𝑜𝑣 Calibration Loss L𝑚𝑖𝑑

Final CCLLT Objective

Figure 1: Overview of the proposed CCLLT objective. Latent
ordinal centers are stabilized through hierarchical EMA pri-
ors and optimized using ranking, anchor, coverage, and cali-
bration losses.
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,

where𝑚 (𝑔)
𝑘

denotes the effective mass of class 𝑘 at scale 𝑔, and
𝜆
(𝑔)
ℓ

controls the shrinkage toward coarser ordinal systems.
Consequently, ordinal consistency is enforced independently in-

side each grouping structure rather than globally across all samples.
In the wildfire context, this distinction is essential: the objective is
not to compare a historically high-risk region against a low-risk
one, but instead to verify that the ordinal risk structure remains
coherent inside each region individually.

Finally, the hierarchical shrinkage toward larger-scale ordinal
systems allows sparse or underrepresented groups to remain statis-
tically stable. Groups containing very few samples can therefore
still contribute to training while borrowing robustness from higher
aggregation levels. This mechanism prevents unstable ordinal cen-
ters while preserving local operational specificity.

In this work, two hierarchical resolutions are considered. The
first corresponds to the global level, where all samples are used to
define a shared ordinal system across the entire dataset. The second
corresponds to the departmental level, where an independent ordi-
nal system is learned for each French department. This hierarchical
formulation allows the model to capture both large-scale ordinal
trends shared across all regions and local operational characteristics
specific to each department.

4.2 EMA Ordinal Priors
The latent centers defined in the previous section are estimated
from mini-batches and may therefore suffer from high variance,
especially when some ordinal classes are rare or completely absent
from the current batch. Relying exclusively on batch statistics would

make the learned ordinal structure unstable and highly dependent
on local sampling fluctuations.

To address this limitation, we maintain Exponential Moving
Average (EMA) estimates of the latent centers at both global and
departmental scales. For each ordinal class 𝑘 , the corresponding
prior is updated according to

𝜇𝐸𝑀𝐴
𝑘
← 𝜌 𝜇𝐸𝑀𝐴

𝑘
+ (1 − 𝜌) 𝜇𝑘 ,

where 𝜌 denotes the EMAmomentum and 𝜇𝑘 is the current batch
estimate.

These priors serve three complementary objectives. First, they
allow the ordinal system to emerge progressively during training in-
stead of being determined solely by the current mini-batch. Second,
they provide meaningful estimates for classes that are not present
in the current batch. Finally, they produce a stable representation
of the relative spacing between ordinal levels at the end of training,
which can subsequently be used to evaluate monotonic transitions.

To avoid propagating highly noisy estimates during the initial
optimization phase, EMA updates are activated only after the first
two training epochs. The resulting global and departmental priors
are then incorporated into the hierarchical shrinkage mechanism.

4.3 Monotonic Transition Ranking
For each transition pair (𝑎, 𝑏) with 𝑎 < 𝑏, we define:

Δ𝑎→𝑏 = 𝜇𝑏 − 𝜇𝑎 .
The transition ranking loss is defined as:

L𝑟𝑎𝑛𝑘 =

𝐶−1∑︁
𝑘=1

𝑤𝑘 BCEWithLogits(Δ𝑎→𝑏 −𝑚𝑎,𝑏 , 1) .

This formulation directly penalizes inverted ordinal transitions
while preserving smooth optimization dynamics.

4.4 Coverage Regularization
To prevent collapse toward dominant low-risk classes, a cumulative
distribution regularization term is introduced:

L𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 =


𝐹 (𝑝𝑔) − 𝐹 (𝑞𝑔)

22 .

This formulation directly constrains the ordinal structure of
predicted risk distributions and preserves higher-risk operational
states during training.

4.5 Low-Risk Anchor Regularization
Finally, an additional regularization term is introduced to anchor the
lowest ordinal level and stabilize the lower bound of the operational
risk scale. In practice, the latent center associated with class 0 is
encouraged to remain as small as possible through the following
penalty:

L𝜇0 = Softplus(𝜇0),
where 𝜇0 denotes the averaged latent center of the first ordinal

class over the active clusters.
This regularization prevents upward drift of the lowest-risk rep-

resentation during training and ensures that the Very Low risk level
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remains associated with the weakest operational intensity. Conse-
quently, the ordinal structure becomes better anchored globally,
while the transition ranking loss continues to enforce monotonic
increases between higher-risk classes.

4.6 Final Objective
The final loss combines ranking, coverage regularization, low-risk
calibration, and threshold alignment:

L = 𝜆𝑡𝑟𝑎𝑛𝑠L𝑟𝑎𝑛𝑘 + 𝜆𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒L𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 + 𝜆𝜇0L𝜇0 + 𝜆𝑚𝑖𝑑L𝑚𝑖𝑑 .

5 Evaluation as Monotonic Explainability
Because the objective is to learn an operational risk system rather
than maximize event-detection accuracy, evaluating CCLLT re-
quires metrics capable of assessing the consistency of the entire
ordinal structure. The proposed framework is evaluated using the
monotonic explainability strategy introduced in [2]. Traditional
event-detection metrics (like precision, recall, or F1-score) are in-
sufficient for operational risk systems. Similar recall values may
correspond to very different underlying risk structures; a model
might correctly detect events but randomly assign severity levels,
which is operationally unusable. Monotonic consistency is there-
fore a necessary property. The objective is not purely predictive
performance, but also ensuring operational interpretability so that
increasing predicted risk levels systematically translate to increas-
ingly severe field conditions.

Given a predicted ordinal risk score 𝑆 and an operational variable
𝑌 , the relationship is estimated using a spline regressionwith spatial
and temporal fixed effects:

𝑌 = 𝑓 (𝑆) + 𝑍 + 𝐷 + 𝜀,
where𝑍 and𝐷 denote zone and date fixed effects. Themonotonic

transitions between ordinal levels are then defined as:

Δ𝑎→𝑏 = 𝜇 (𝑏) − 𝜇 (𝑎),
where 𝜇 (𝑠) denotes the expected operational outcome associated

with risk level 𝑠 .
For each transition order 𝑘 , four complementary monotonic

metrics are computed:
• 𝑀𝐸𝐷𝑘 : median monotonic increase across transitions,
• 𝑀𝐼𝑁𝑘 : worst observed transition,
• 𝑉 𝐼𝑂𝐿𝑘 : frequency of monotonicity violations,
• 𝑁𝐸𝐺𝑘 : average magnitude of negative transitions.

These quantities are combined into a transition consistency
score:

SCORE𝑘 =
MED𝑘 +MIN𝑘

2
− NEG𝑘 (1 + VIOL𝑘 ) .

Positive values indicate coherent monotonic operational behav-
ior, while negative values reveal ordinal inconsistencies and in-
verted operational transitions. In addition to monotonic explain-
ability metrics, recall is also reported in order to evaluate the ability
of the framework to preserve event detection capacity while learn-
ing operational ordinal structures.

Table 2: Average operational monotonicity performance
across all targets, clusters and architectures. Higher is better
for 𝑘𝑖 and Recall. Bold values represents the best value of
each criteria.

Loss Recall 𝑘1 𝑘2 𝑘3 𝑘4

FWI (Expert) 0.730 -0.096 -0.059 -0.019 -0.001
Cross Entropy 0.748 0.159 0.096 0.082 -0.003
RankNet 0.688 0.088 0.172 0.169 0.133
CCLLT 0.893 0.053 0.184 0.220 0.078

CCLLT Ablation Study

w/o EMA Priors 0.659 -0.026 -0.008 0.011 0.026
w/o Coverage Reg. 0.867 0.043 0.105 0.113 0.073
w/o Midpoint Calib. 0.948 0.100 0.155 0.065 0.002

6 Performance
For readability, results are averaged across architectures, depart-
ments, and operational targets. Table 2 reports average monotonic-
ity scores across all operational targets, architectures, and clustering
configurations.

First, CCLLT achieves the highest average recall (0.893) among
all baselines, outperforming RankNet (0.688) and the operational
FWI index (0.730). This demonstrates that explicitly structuring the
latent space through latent centers not only preserves predictive
coverage but actively improves event detection capacity compared
to pairwise sample ranking.

Second, while predicting a positive risk more frequently than
RankNet (as shown by its significantly higher recall), CCLLT learns
a risk system of similar operational coherence, and even improves
upon RankNet for critical higher-order transitions (𝑘3 = 0.220
vs 0.169). Furthermore, both ranking-based approaches (RankNet
and CCLLT) demonstrate a clear improvement in monotonic con-
sistency compared to standard classification with Cross Entropy.
Finally, all data-driven models tend to produce much more coherent
operational systems than the expert FWI index, which exhibits neg-
ative average transitions across the board (e.g., 𝑘1 = −0.096, 𝑘2 =
−0.059), highlighting its frequent ordinal inversions.

Overall, directly constraining monotonic transitions is a strong
alternative to pairwise sample ranking, preserving predictive per-
formance while ensuring a much more robust ordinal consistency
across severe risk levels.

6.1 Ablation Study
The ablation study provides insight into the role of each component
of CCLLT. First, EMA priors appear essential for learning a stable
ordinal structure. Removing them causes a substantial drop in recall
(0.893 to 0.659) and deteriorates monotonic consistency across all
transition orders, indicating that the latent ordinal centers become
significantly less reliable during optimization. Second, coverage
regularization contributes to both predictive coverage and ordinal
quality. Although the overall degradation remains moderate, remov-
ing this term consistently reduces recall and weakens higher-order
transitions, suggesting that preserving a balanced risk distribution
helps maintain meaningful ordinal structures. Finally, midpoint
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Figure 2: Evolution of EMAordinal centers for the the number
of wildfire incidents target.

calibration primarily affects the organization of severe risk levels.
While its removal increases recall (0.948), the performance on dis-
tant transitions drops markedly (𝑘3: 0.220→0.065, 𝑘4: 0.078→0.002),
indicating that the model tends to over-predict high-risk states
without properly separating them. Overall, the results suggest that
EMA stabilization is the most critical component, while coverage
regularization and midpoint calibration further improve the quality
and interpretability of the learned ordinal system.

6.2 Interpretability of the Learned Ordinal
System

Figure 2 illustrates the evolution of EMA ordinal centers. The cen-
ters remain strictly ordered without crossings throughout optimiza-
tion, preserving the ordinal structure of the risk scale, and stabilize
after approximately 100 epochs, demonstrating the robustness of
the EMA mechanism.

Importantly, the learned systems differ substantially across de-
partments. While ordinal ordering is preserved globally, the dis-
tances between successive risk levels vary significantly (e.g., the
distance between low and extreme risk is larger in Alpes-Maritimes
than in Ain). This indicates risk levels should be interpreted relative
to local operational conditions rather than a unique national scale,
directly justifying the hierarchical formulation and departmental
ordinal priors of CCLLT.

7 Conclusion
We argue that operational wildfire risk should be learned as an
ordinal system rather than predicted as isolated events. We intro-
duced CCLLT, a novel ordinal learning objective that constrains
monotonic transitions between ordinal risk levels via latent centers,
hierarchical shrinkage, and EMA priors.

Experiments on three operational targets demonstrate that the
proposed loss produces more coherent monotonic risk structures
while preserving recall. Furthermore, the learned centers reveal
that operational risk systems differ across departments, supporting
the modeling of risk through hierarchical local structures.

The objective is not to determine whether a wildfire will occur,
but to organize future situations into a coherent operational severity
system. Results suggest that learning such systems requires explic-
itly modeling ordinal consistency rather than optimizing event
prediction alone. Ultimately, operational risk is not a classification

problem. It is the construction of an ordinal system whose levels
must correspond to increasingly severe operational consequences.
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