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This study introduces a novel non-parametric framework for generating ensemble forecasts directly from a
single deterministic prediction. Unlike existing approaches that rely on pre-existing ensembles or impose a
predefined parametric form on the error distribution (e.g., Gaussian), our method leverages a single deep
neural network trained using the Continuous Ranked Probability Score (CRPS) as a loss function—without
making any assumption on the shape of the predictive distribution. This non-parametric nature enables the
model to flexibly learn complex, potentially multi-modal or skewed distributions that would be poorly captured
by classical parametric methods. Applied to 24-hour wind forecasts and sea surface temperature time series, our
approach yields ensemble outputs with improved probabilistic calibration compared to standard parametric
techniques. Its ability to produce reliable probabilistic forecasts from a single deterministic input makes it
a scalable and cost-effective alternative to traditional ensemble systems, particularly valuable in operational

forecasting and long-range climate applications where computational constraints are critical.

1. Introduction

In meteorology and oceanography, ensemble forecasting has long
been a cornerstone for capturing uncertainties inherent in numerical
weather prediction (NWP) and marine modeling systems (Leith, 1974;
Epstein, 1969). Traditional ensemble forecasting strategies, such as
those used by the Ensemble Prediction System (EPS) of the European
Centre for Medium-Range Weather Forecasts (ECMWF), rely on pertur-
bations of initial conditions and model parameters to generate a set of
possible future states of the atmosphere or ocean (Leutbecher et al.,
2008; Buizza et al., 1999). These systems offer significant benefits in
terms of probabilistic forecasting, yet they come with substantial com-
putational costs due to the necessity of running multiple simulations
with varied inputs (Houtekamer and Zhang, 2016; Palmer, 2019; Tuju
et al., 2022).

In marine forecasting, ensemble systems are widely used for wave
height, sea surface temperature (SST), and current predictions (Cavaleri
et al.,, 2010; Mogensen and Bell, 2012). For example, multi-model
ensembles have proven particularly useful for ocean reanalysis, where
uncertainties in initial conditions and model dynamics are signifi-
cant (Ferry et al., 2010; Stammer et al., 2016; Balmaseda et al., 2015).
Recent advances in ensemble forecasting have significantly extended

the prediction horizon for ocean mesoscale, providing greater pre-
dictability for up to 40 days, further enhancing ocean forecasting
capabilities (Thoppil et al., 2021).

In the realm of climate modeling, traditional ensemble strategies are
employed to capture the uncertainties of long-term climate predictions.
Much like in NWP, climate ensembles rely on perturbing initial and
boundary conditions to simulate a range of potential future states.
This approach is pivotal for assessing climate sensitivity, understanding
potential extremes, and evaluating the impacts of various forcings on
climate projections (Palmer, 2019). For example, the Coupled Model In-
tercomparison Project (CMIP) uses multi-model ensembles to evaluate
uncertainties in future climate scenarios, which are crucial for under-
standing variability and predictability over long timescales (Stouffer
et al., 2017).

Although ensemble forecasting clearly brings about great improve-
ments to meteo-marine modeling and climate studies, the computa-
tional burden associated with these systems limits their operational use,
particularly when high-resolution, real-time and long-term forecasting
is required.

Another important aspect, strictly connected with uncertainty esti-
mation, is forecast calibration. Indeed, for some applications the output
of either ensemble or single models require to be refined to increase
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performances on specific predictive tasks. A large body of research
has been developed to tackle this problem by using statistical post-
processing methods, such as Bayesian Model Averaging (BMA) (Raftery
et al.,, 2005), Ensemble Model Output Statistics (EMOS) (Gneiting
and Raftery, 2005) and the Ensemble Kalman Filter (EnKF) (Evensen,
2003). These techniques produce refined ensemble outputs by us-
ing statistical methods to improve forecast calibration and sharp-
ness (Whitaker and Hamill, 2002).

Recently, hybrid data-driven models employing a multi-model en-
semble approach have shown great promise in improving forecast
accuracy and operational efficiency by combining traditional numer-
ical weather prediction techniques with advanced machine learning
methods, specifically targeting hydrological forecasting of variables like
discharge and water levels (Hauswirth et al., 2023). With the advent
of machine learning (ML) and deep learning (DL), Al-based strategies
for ensemble forecasting have emerged, showing great potential in both
post-processing and generation of ensemble forecasts (Zhang and Hong,
2019). Al methods have primarily been applied to calibrate pre-existing
ensemble forecasts, correcting systematic biases and enhancing prob-
abilistic accuracy (Rasp and Lerch, 2018; Scher and Messori, 2019).
However, these approaches still rely on a pre-existing ensemble as
input, limiting their potential in scenarios where ensemble generation
is computationally prohibitive. The work by Lee et al. (2022) employs a
Multi-Model Ensemble Skill Score (MMESS) approach, combining neu-
ral networks like CNNs and GRUs with statistical models to significantly
boost forecast accuracy of next-day maximum air temperature. While
these ensemble methods clearly improve prediction reliability, they
also entail high computational costs due to the need to train multiple
models.

Beside computational resources, there is a more fundamental lim-
itation. Indeed, both statistical or ML models for generating ensem-
ble forecasts, often require assuming a prior distribution for errors,
e.g. Gaussian, but also gamma or logistic - which may not accurately
capture the error structure in highly nonlinear dynamical systems like
the atmosphere and oceans. The need to define a priori the error
distribution can limit the flexibility and accuracy of these methods in
representing the full range of uncertainties. Generating ensembles from
deterministic forecasts has been already pursued also with classical
statistical techniques like, for example, the Bayesian Joint Probabil-
ity approach (Zhao et al., 2015; Samal et al., 2023), demonstrating
the capability to go beyond the Gaussianity assumption. However,
such methods are ultimately parametric, hence potentially incurring in
fundamental limitations.

In summary, despite the significant advancements in both tradi-
tional and Al-enhanced ensemble forecasting, several critical gaps re-
main. Traditional ensemble systems, while effective, demand immense
computational resources, which limits their feasibility to only certain
types of real-time applications (Palmer et al., 2000). Al-based methods,
although promising, have primarily focused on ensemble calibration
rather than generation, thus still relying on expensive input ensembles.
When not used for calibrating an ensemble of input models, these ap-
proaches often generate ensembles through multiple neural networks,
leading to increased computational costs due to the need to perform
multiple trainings. Statistical or Al-based approaches, when applied to
deterministic inputs, reduce computational costs but typically require
strong assumptions about the distribution of errors, which may not
be appropriate in the context of highly nonlinear systems (Hamill and
Whitaker, 2006; Gneiting, 2014).

Here we propose a new method for probabilistic calibrations of
deterministic forecasts, where a non-parametric form of the Continuous
Ranked Probability Score (CRPS) is implemented in a Deep Learn-
ing framework. Hence, our approach combines the sustainability of
building upon deterministic forecasts, which has been already explored
in previous works, with high flexibility in describing the probability
distribution of predicted variables, which is a novel feature. It is
worth underlining that predicted distributions not only depend on the
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considered application, but are also conditioned by inputs. Therefore,
the persistence of any functional form across samples is not guaranteed,
and any related assumption potentially affects performances.

Regarding sustainability, our approach significantly reduces com-
putational overhead while retaining forecast skill. It thus appears par-
ticularly valuable both in operational settings, where computational
resources are limited and quick probabilistic forecasts are essential, and
also in climate settings.

The optimization of our neural network is done employing the
Continuous Ranked Probability Score (CRPS) as a loss function. CRPS
has previously been applied in ensemble post-processing (Gneiting and
Raftery, 2005; Casciaro et al., 2022), and some recent studies have used
it for Al-based ensemble calibration (Rasp and Lerch, 2018). However,
these approaches, unlike our approach, assume a prior distribution for
errors and require pre-existing ensembles as input.

The fact that our approach generates the ensemble through a single
neural network eliminates the need to train multiple networks, signif-
icantly reducing computational costs and simplifying the implementa-
tion process. Additionally, by utilizing CRPS as a loss function without
assuming Gaussianity, we extend the applicability of this method to a
broader range of forecasting scenarios.

The new ensemble strategy is applied to two significant cases in
atmospheric and oceanic sciences: (i) the 24-hour wind forecast, using
features derived from the deterministic Weather Research and Fore-
casting (WRF) model (Skamarock et al., 2008); and (ii) the hourly
forecast of sea surface temperature (SST) time series extracted from the
operational Mercator global ocean analysis and forecast (Global ocean
physics analysis and forecast). The results demonstrate a higher level of
calibration compared to equivalent ensemble forecast techniques based
on parametric forms for the CRPS.

The paper is organized as follows: Section 2 presents the used
dataset and methodology, Section 3 shows the results, and Section 4
draws the conclusions. Finally, Section 5 reports data and software
availability.

2. Methods
2.1. CRPS-based loss function

We implemented a CRPS-based loss function that, in a multi-output
deep learning (DL) context, allows the final outputs of the neural
network to be considered as an ensemble prediction. Specifically, the
DL network output provides predictions ) = {§,, §5, ..., }, with each
9; representing an ensemble member and M the ensemble size. It is
important to note that the input to the DL network is deterministic
and not an ensemble, making the method fundamentally different from
traditional ensemble prediction approaches.

2.1.1. Non-parametric approach
The CRPS is calculated here using the following non-parametric
formula (Gneiting and Raftery, 2007):

| M 1 M M
CRPSZﬁElf’i_ytruJ_M;;

5 =9, &%

In Eq. (1), the first term computes the average absolute error be-
tween each ensemble member j; and the observed value y,.,., promot-
ing the accuracy of individual predictions. The second term calculates
the average pairwise absolute differences among all ensemble mem-
bers, encouraging diversity within the ensemble to accurately represent
predictive uncertainty.

The optimization of the network involves adjusting the weights and
biases 6 of the network to minimize the CRPS loss function defined
in Eq. (1). The logic of this optimization process is as follows. Dur-
ing training, the gradient of the CRPS loss with respect to § can be
estimated:
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The first term involves calculating the gradients of the loss with

respect to the network outputs p, while the second term % involves
backpropagating these gradients through the network to update the
parameters.

Using an optimizer, the network parameters 6 can be updated in the

direction that minimizes the CRPS loss (gradient descent):
6 — 0 — nV,CRPS,

where 75 is the learning rate. Though the gradient descent algorithm
is particularly clear and well suited to explain the main principles
underlying the optimization process, more advanced methods have
been built on it in order to enhance the network’s ability to find better
solutions and converge more efficiently. Moreover, it is often the case
where neural networks are not strictly differentiable and the concept
of gradient itself has to be dealt with caution.

Overall, the optimization process guided by the CRPS loss func-
tion ensures that the network simultaneously learns to produce accu-
rate predictions and to appropriately quantify uncertainty through the
ensemble of outputs.

2.1.2. Parametric approach with Gaussian assumption

As a second strategy we consider as benchmark a neural network
with exactly the same architecture, but now trained to minimize the
closed-form expression that the CRPS follows under the strong assump-
tion of Gaussian distribution of the prediction error (Gneiting and
Raftery, 2007):

¥

1
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Here z = y‘"iTe_”, and ¢(-) and @(-) denote the probability density func-
tion (PDF) and cumulative distribution function (CDF) of the standard
normal distribution, respectively. This loss function was already used
in Rasp and Lerch (2018), even though our approach does not require
an ensemble of predictions as input, but only relies on a deterministic
forecast, which is one of the main novelties introduced in our approach.

In this parametric approach, the network optimization involves
adjusting the weights 6 to minimize the CRPS loss expressed in terms
of u and o. These two parameters are computed from the predicted
ensemble members § = {,,9,,....9)} as their mean and standard
deviation respectively, hence preserving the same output structure
defined for the non-parametric case. Preserving the network architec-
ture ensures a more fair comparison between methods. However, as
proposed in Rasp and Lerch (2018), we also considered an alternative
approach (afterward referred as direct parametric) where the output
layer is defined by few nodes which are interpreted as parameters of
the loss function (¢ and o in our cases). In this way, x4 and o are
not computed from a generated ensemble, which can be obtained a
posteriori by sampling from the predicted parametric distribution. In
both cases, the neural network learns to adjust y to minimize the
difference between the predicted mean and the observed value yi -
Simultaneously, it adjusts ¢ to accurately represent the uncertainty in
the predictions, as dictated by the CRPS loss.

A final remark has to be made here about using a parametric
approach. Although any expression assumed a priori is necessarily a
rough approximation, it is true that considering the CRPS formula for a
distribution with a positive support, such as Gamma or Truncated Gaus-
sian distributions, might be beneficial for semi-definite positive valued
output variables, like the wind speed. However, we have explored
also these possibilities experiencing technical issues related to slow
convergence and loss divergence. Moreover, when we have managed
to overcome these difficulties, for both Gamma and Truncated Gaussian
distributions, the resulting model performs poorly. For this reason, we
decide to not show the outcome of these attempts. This is an important
aspect, which adds further value to the use of the non-parametric CRPS
loss in terms of applicability and flexibility.
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2.1.3. Comparison of the three strategies

The logic of the network optimization revolves around minimizing
the CRPS loss to enhance the model’s predictive performance and
uncertainty quantification.

The non-parametric approach offers flexibility in modeling complex
distributions without assuming a specific parametric form. The opti-
mization process adjusts the ensemble outputs directly to minimize the
CRPS, balancing accuracy and diversity among ensemble members. It
could require a larger number of ensemble members to capture the full
uncertainty, increasing computational demands.

The parametric and direct parametric approaches with Gaussian
assumption simplify the problem by assuming a Gaussian distribution,
which is completely identified by its mean and variance. Focusing the
optimization on accurately estimating only this two numbers is possibly
more efficient in computation, but may be less effective if the true
distribution deviates significantly from normality.

In all cases the CRPS-based loss function plays a crucial role in
guiding the optimization process, ensuring that the network not only
predicts accurate mean values but also provides meaningful uncertainty
estimates. The remainder of this paper is devoted to quantifying the
potential pros and cons of these three strategies, ultimately drawing a
definitive conclusion on their applicability.

2.2. Data collection

To demonstrate the potential of our model, we addressed two
distinct tasks: the probabilistic prediction of the 10-meter wind speed
and the hourly sea surface temperature (SST). For wind speed, we
generate 24-hour ensemble forecasts using features extracted from the
deterministic WRF model. For SST, we generate ensemble forecasts for
the 24-hour time series based on a single input time series covering the
preceding 24 h.

2.2.1. Wind data

The observed data used in this study are hourly surface-based wind
data, at 10 m from the ground, from 39 different stations METARs
(METeorologial Aerodrome Reports) scattered in the whole Italian ter-
ritory (blue markers in Fig. 1) collected in the period 2020-2023. The
METARs are a network of weather stations located mainly in airports
and used for flight planning and weather forecasting (Ingleby, 2015).

To train our probabilistic neural network we used features coming
from WRF model. It is a fully compressible non-hydrostatic, primitive-
equation state-of-the-art numerical model with multiple nesting capa-
bilities. A comprehensive description of the model formulation is given
in Skamarock et al. (2008). The model configuration is as in Ferrari
et al. (2021) with a resolution of 10 km covering the European region.
The used features, reported in Table A.1, have been extracted by
referring at the closest grid point to wind station, corresponding to
timestamps of observed wind data. The train dataset has been made
by concatenating all the stations data in the period 2020-2022, thus
getting a dataset with a total number of about 700,000 samples; the
test dataset is the remaining 2023 with a total number of about 250,000
samples.

2.2.2. SST data

To demonstrate our method in the alternative framework of time-
series prediction, we randomly selected 22 geographical locations
across the Mediterranean sea around the Italian territory (red markers
Fig. 1). The selection was done seeking for diverse conditions, both in
terms of sea basin and regularity of the SST signal. Data were harvested
from the dataset (Global ocean physics analysis and forecast), which
can be open accessed at the Copernicus Data Store. The global ocean
analysis and forecast system provides hourly forecasts of surface fields,
such as sea level height and sea surface temperature (SST), up to
10 days ahead on a horizontal grid with a regular spatial resolution
of 1/12 degree in longitude and latitude. Since the time series are
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Fig. 1. Map of Italy and its surrounding seas, showing the study’s target locations. The 39 METAR stations on land are represented by blue markers, while the
22 marine locations used for sea surface temperature (SST) forecasting are marked in red.

aggregated over time to create a two-year sliding window, at the time
of our analysis, we were able to collect data spanning from June 2022
to November 2024. For each location, we generated 21,339 24-hour
time series by applying a one-hour rolling window to define the input
and output. We adopt a standard approach for time-series forecasting
(e.g., Lagomarsino-Oneto et al., 2023; Cavaiola et al., 2025), where our
AI models are trained using samples organized to predict 24 h ahead,
taking as input a preceding 24-hour time series. In this case, since
observed SST data is not available, we use the SST predictions from
the Copernicus Marine Service as the reference values. Comparisons are
made between the 24-hour time series predicted by our Al models and
the corresponding SST data from the Copernicus system. The training
dataset consists of all 24-hour time series from the selected locations
over the period 2022-2023, resulting in a total of 305,206 samples. The
test dataset comprises the remaining time series from 2024, amounting
to 164,252 samples.

2.3. Neural network architectures

To showcase the effectiveness of our method in generating well-
calibrated probabilistic forecasts, we employed two straightforward
neural network architectures tailored to the two forecasting tasks:
hourly wind speed and hourly SST time series. Both architectures are
multi-output neural networks, designed to ensure consistency in the
number of trainable parameters, activation functions, regularizers, and
initializers when transitioning from the Gaussian CRPS loss function to
the non-parametric CRPS loss function. Note that, when using the direct
parametric loss function, the neural network outputs directly x4 and o,
introducing differences between architectures in number of trainable
parameters, when shifting to this approach. Notably, the input to the
networks is deterministic, not an ensemble, further distinguishing our
approach from traditional ensemble-based methods.

For both forecasting tasks, we designed the architectures seeking
for generalization across training and validation datasets. This was
performed in a deterministic setup, where the Mean Squared Error
(MSE) between target values and averages over the output nodes was
used as loss function (this was done keeping the number of output
nodes M = 100, which is the highest value that we tested). Afterward,
we performed a fine-tuning of those hyperparameters that are directly
involved in the optimization process. Specifically, the best configura-
tion is sought among the learning rate (selecting it in a range of 0.001 to
0.00001), optimizer (selecting one from Adam, RMSprop or SGD) and
batch size (selecting one from 256, 512 and 1024). For both tasks and
for both parametric and non-parametric loss functions we selected as
best configurations, the one yielding the minimum product of the loss
function (CRPS) and the 4 index (see Section 3.3), evaluated on the
validation set. The same approach of fine-tuning is performed to the
neural networks using the direct-parametric loss function, evaluating
the metrics between observed values and predicted mean prediction,
on the validation sets.

2.3.1. Neural network architecture for ensemble wind forecasting

Figs. 2 provides a schematic representation of the neural network
used for ensemble wind speed forecasting. The network consists of
three hidden layers and a multi-output layer, with the number of
nodes and activation functions detailed in the figure. The CRPS loss
function, applicable in both parametric and non-parametric cases, is
applied to the final layer. The nodes in the multi-output layer can
be interpreted as members of the ensemble forecast. To evaluate the
impact of ensemble size on probabilistic forecasting skill, we varied the
number of output nodes. In this case, the fine-tuning of optimization
parameters selected the Adam optimizer, with an initial learning rate
of 0.0002, for both the parametric and the non-parametric loss, while
for the batch size, 512 is used for the former and 1024 for the latter. For
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Fig. 2. Architecture of the neural network used for wind forecasting. The legend specifies the role of each layer. The numbers above each bar represent the
number of nodes in the output, while the activation function used in each layer is also indicated.

both loss functions, the training employs early stopping with a patience
of 10 epochs and learning rate reduction, with a patience of 5 epochs,
applying a reduction factor of 0.5. The validation loss threshold for
triggering learning rate reduction and early stopping is set to 0.0001.
As a pre-processing, all input features are normalized between 0 and 1
before training.

2.3.2. Neural network architecture for ensemble SST forecasting

For the time series forecasting task, we used the architecture il-
lustrated in Fig. 3. The input sequence first passes through a one-
dimensional convolutional layer with 200 filters and symmetric
padding. This is followed by a bidirectional LSTM layer consisting of
200 LSTM cells, which is stacked on top of another one-dimensional
convolutional layer with 150 filters and symmetric padding. The final
output layer is a one-dimensional convolutional layer with symmetric
padding and M filters. Similar to the wind forecasting case, we vary
the value of M, and the CRPS loss function is applied to this final
layer. The last multi-output layer can be interpreted as members of
an ensemble forecast. Before feeding into the neural network all data
were normalized between 0 and 1. The fine-tuning process selected
the Adam algorithm with a starting learning rate of 0.001 and batch
size of 256, for both parametric and non-parametric loss functions. The
networks are trained using early stopping with a patience of 10 epochs
and learning rate reduction with a patience of 5 epochs, employing a
reducing factor of 0.5. The validation loss threshold for learning rate
reduction and early stopping is set at 0.0001.

2.3.3. Neural networks for direct parametric loss function

To test the performance of the direct parametric loss function, we
used the same architectures reported in Sections 2.3.1 and 2.3.2, for
both wind and SST forecasting, respectively. The only difference is in
the number of outputs, where in this case they are set to 2, u and
o respectively. We use the same pre-processing of the data described
above, and for both forecasting tasks we performed fine tuning of
hyperparameter such as learning rate, optimizer and batch size. The
fine tuning process selected Adam optimizer with learning rate of
0.0001 for wind forecast, and Adam optimizer with learning rate of
0.0002 for SST forecast, both with a batch size of 512. With this set
up, to have a consistent comparisons between the methods we show,
the ensemble members are obtained by sub-sampling M values form the
Gaussian distribution with 4 and ¢ output from the neural network.

3. Results

In this section, we present the results of the probabilistic fore-
casts for the 24-hour-ahead wind speed and SST predictions. It is
worth emphasizing that the main goal of this study is to evaluate the
quality of the full probabilistic ensemble generated by our method,
rather to assess the accuracy of deterministic forecasts, such as the
ensemble mean. The forecast evaluation has been performed using a
combination of statistical indices widely employed in the scientific
literature, highlighting the importance of complementary metrics to
provide a comprehensive assessment of forecast skill. Specifically, the
probabilistic forecast performance will be evaluated using the Contin-
uous Ranked Probability Score (CRPS), the A index, and the binary
cross-entropy. These metrics capture different aspects of the ensemble
forecast’s quality, such as calibration, and the ability to assign accurate
probabilities to threshold-based events.

In addition to the probabilistic assessment, the deterministic skills of
the forecasts will be analyzed using the Normalized Root Mean Square
Error (NRMSE) and the Pearson correlation coefficient, calculated for
each location during the test period. While these deterministic metrics
provide valuable insights into the accuracy of the ensemble mean,
they are insufficient to capture the full probabilistic nature of the
forecasts. Thus, the inclusion of complementary probabilistic metrics
ensures a more complete and robust evaluation of the forecast’s overall
performance.

3.1. Assessing the overall probabilistic skill of the ensemble prediction
system

The overall probabilistic skills of our method and related bench-
marks have been firstly quantified by calculating the CRPS on test
data. For both tasks, we analyze the variation of the CRPS with the
ensemble size (Fig. 4), defined by the number of output nodes in the
model (or by the number of resampled values for the direct para-
metric method). We also associate 95% confidence intervals to the
estimated CRPS values by performing a 10* bootstrap resampling of the
location-averaged CRPS values. For wind forecasts (Fig. 4, panel a), the
non-parametric approach consistently outperforms the parametric one
across all ensemble sizes, as indicated by lower CRPS values. Instead,
slight but still significative differences emerge between non-parametric
and direct parametric methods. In the SST case (Fig. 4, panel b), the
performance of the non-parametric method remains the best, but the
parametric provides similar performances. Differently from the wind
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Fig. 3. Architecture used for 24-hour time series SST forecast. The legend specifies the role of each layer. The numbers above each bar represent the output
shape of each layer in the format 24 x M, where 24 is the time series length and M represents the latent features. The activation function used in each layer is

also indicated.

case, the direct parametric is now significantly worse. However, in
terms of accuracy and overall probabilistic structure of the forecast, our
approach turns out to be optimal in all cases, further confirming its high
flexibility. Lastly, it is interesting to notice that, in terms of ensemble
size and from a CRPS perspective, the parametric is more unstable than
our method.

3.2. Forecast reliability

Forecast reliability, closely related to calibration, assesses the agree-
ment between predicted probabilities and observed relative frequen-
cies (Silva Filho et al., 2023; Bothwell, 2010). For the tasks of the
present study, a forecast is perfectly calibrated if, for cases predicted
to have, say, x% probability of exceeding a given wind speed or SST
threshold, the observed frequency of such events within those cases is
indeed x%.

Following this idea, we have used percentiles from the observed
distribution of our target variable as thresholds to define classification
problems, where classes 1 and 0 correspond to observing higher and
lower values respectively. This procedure allows to construct reliability
diagrams for these surrogate tasks. Indeed, by evaluating the proportion
of ensemble members exceeding the threshold, each of our ensemble
of M predictions can be immediately translated into a probability for
class 1.

These probabilities have been partitioned into 10 disjoint bins be-
tween 0 and 1. For each bin, the observed frequency of class 1 events
has been calculated and plotted against the mean predicted probability
for that bin. The diagonal reference line indicates perfect reliability,
while deviations reflect calibration issues: points below the diagonal
indicate over-prediction, and points above indicate under-prediction.
This diagram is shown in Fig. 5 and provides a visual evaluation of the
model’s reliability for the defined event. Panels (a) and (b) correspond
to the wind and SST forecasts, respectively. To ensure a comprehensive
evaluation of the model’s performance, we have selected four threshold
values corresponding to the 25th, 50th, 75th, and 95th percentiles.
These thresholds capture a range of conditions from lower to extreme
values, allowing us to assess the model’s reliability across different
regimes. Reliability diagrams (Fig. 5) draw a picture that is coherent
with the behavior showed by the CRPS. In the case of wind fore-
cast (Fig. 5, panel a), the direct parametric and the non-parametric
methods perform better than the parametric. Remarkably, the non-
parametric case is superior in capturing extreme values (25th and 95th

(a)
-4-- Non-parametric —#— Parametric —#- Direct-Parametric
0.800
0.775
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= 0.725
E) A
2 0.700 e SR S T
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0.124
©70.11 1
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0.08 . . . .
20 40 60 30 100
Ensemble size

Fig. 4. CRPS evaluated on test data as function of the ensemble size. Colors
indicate different strategies: non-parametric CRPS loss function (red), paramet-
ric (blue) and direct parametric (green). Error bars represent 95% confidence
intervals obtained via bootstrap resampling. Different scenarios emerge for
the wind (panel a) and the SST (panel b) forecasts. In both cases the non-
parametric method turns out to be an optimal and more stable strategy.

percentiles). In the SST case (Fig. 5, panel b), both the parametric and
non-parametric methods behave similarly, with curves very close to
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Fig. 5. Panel (a): reliability diagrams for the network with 100 output
nodes applied to wind forecasts. The cases correspond to four different wind
thresholds defined by the 25th, 50th, 75th, and 95th percentiles (from the
ground truth marginal distribution of target values). The results are shown
for the non-parametric CRPS-loss function (red line), the parametric CRPS-
loss function (blue line) and the direct parametric CRPS-loss function (green
line). The diagonal represents the optimal reliability. The x-axis indicates the
predicted probability, while the y-axis shows the observed frequency. Panel
(b): as in panel (a) but for the 24-hour SST forecasts.

the diagonal, indicating a high degree of reliability in all considered
scenarios.
3.3. More on forecast calibration: Rank histogram

In the context of ensemble forecasts, calibration is often evaluated

using the Rank Histogram (Hamill, 2001), which assesses whether the
ensemble members {J;, J,, ..., §5s } accurately represent the uncertainty
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of the forecast. Specifically, the rank of the observed value y within the
sorted ensemble members is calculated for each forecast instance. For
an ensemble of M members, let:

Yy £V = = Jan

denote the sorted ensemble members. The rank of the observation y is
defined as:

M
Rank(y) = 1+ Y 1(5, < y),

i=l
where I(-) is the indicator function, equal to 1 if the condition inside is
true, and 0 otherwise. The rank Rank(y) lies between 1 and M +1, where
a rank of k indicates that the observation falls between the (k—1)-th and
kth ensemble members, or below the first member if kK = 1, or above
the last member if k = M + 1.

The Rank Histogram is constructed by counting the frequencies of
the ranks Rank(y) across all forecast instances and visualizing these
counts as a histogram. If the ensemble is well-calibrated, the ranks
should be uniformly distributed across [1, M + 1], resulting in a flat
histogram. Deviations from uniformity reveal systematic biases or mis-
representation of uncertainty. A U-shaped histogram indicates that the
ensemble is under-dispersed (too narrow), meaning the observation fre-
quently falls outside the range spanned by the ensemble. A hill-shaped
histogram suggests the ensemble is over-dispersed (too wide), with the
observation clustering near the center of the ensemble range. An asym-
metric histogram indicates a bias, where the ensemble systematically
under- or overestimates the observed values.

To quantify deviations from uniformity, we use the reliability in-
dex (Delle Monache et al., 2006; Casciaro et al., 2022), here denoted by
A, which measures the deviation of the Rank Histogram from a uniform
distribution:

3)

where n,, is the count of ranks in the kth bin of the histogram, N is the
total number of forecasts, and L is the expected frequency for each
bin under uniformity. A lower A'Value indicates better calibration, as
it reflects a histogram closer to uniformity.

Fig. 6 shows the rank histogram for the wind speed forecast at
three example locations. The selection has been done considering 4
values from all locations and considering the 25th, 50th, and 75th per-
centiles of the corresponding distribution. Fig. 7 analogously illustrates
examples for the SST forecast. The rank histograms presented for wind
speed and SST forecasts reveal crucial insights into the calibration of
the parametric and non-parametric CRPS loss functions. Starting with
the wind speed forecasts, it is evident that the non-parametric loss
achieves superior calibration. The histograms for the 25th, 50th, and
75th percentiles show distributions that are closer to uniformity, with
A indices of 0.05, 0.07, and 0.08, respectively. These low 4 values in-
dicate minimal deviation from the ideal flat histogram, suggesting that
the non-parametric loss captures the forecast uncertainty effectively.
While there are slight deviations, such as minor peaks at the edges
for some percentiles, these issues are relatively insignificant, and the
overall calibration is strong.

In contrast, the parametric loss for wind speed demonstrates sub-
stantial under-dispersion, as highlighted by the pronounced U-shaped
patterns in the histograms. The 4 indices for the parametric loss,
ranging from 0.33 to 0.46, are considerably higher than those for the
non-parametric loss, signaling poor calibration. This under-dispersion
implies that the ensemble members fail to span the observed values
adequately, causing the observations to frequently fall outside the range
of the ensemble. The issue becomes particularly severe at the 75th
percentile, where the inability of the parametric loss to capture extreme
events is evident. However, the direct-parametric approach shows a
better calibration even though, its 4 indices are still higher than the
non-parametric. Particularly, for the selected locations in Fig. 6, the
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Fig. 6. Rank histograms for the network with 100 output nodes applied to wind forecasts. Each column of panels refers to one of the considered approaches
(non-parametric, direct-parametric and parametric). The diagrams correspond to three stations selected based on the 25th percentile (upper panel), 50th percentile
(middle panel), and 75th percentile (lower panel) of the 4 index. The x-axis represents the PIT values divided into 10 bins, and the y-axis shows the relative
frequency of predictions in each bin. The red line at y = 1/N,,, indicates perfect uniformity, representing the expected frequency for an ideal probabilistic forecast.

The label ‘Station’ denotes the METAR code of the selected location.

direct-parametric method has a tendency to overestimate high wind
speeds while underestimating lowest values.

Turning to the SST forecasts, the non-parametric loss remains the
best choice, but the difference with the parametric method is now
less pronounced. Differently from the wind case, the direct-parametric
approach is now worse. Moreover, in the selected examples, both
parametric and direct parametric methods show a U-shape, leaning to
underestimate output distributions symmetrically. The rank histograms
for the non-parametric loss remain relatively uniform, with 4 indices
of 0.08, 0.10, and 0.12 for the 25th, 50th, and 75th percentiles,
respectively. These values, while low, are slightly higher than those
observed for wind speed, indicating that the non-parametric loss strug-
gles more with SST forecasts. Mild over-dispersion is evident in some
histograms, particularly at the 50th and 75th percentiles, where hill-
shaped patterns suggest that the ensemble members might overestimate
the forecast uncertainty. Nevertheless, the non-parametric loss provides
a consistent and robust representation of SST variability, despite these
minor issues.

The parametric loss for SST, as with wind speed, shows significant
calibration problems. The 4 indices range from 0.1 to 0.17, higher than
those for the non-parametric approach. The observed deviations from

uniformity in the histograms highlight the limitations of the parametric
approach in capturing the range and spread of SST uncertainty.

In Fig. 8, we report the behavior of the average, across all locations,
of the 4 index as a function of the ensemble size for wind forecasts
(panel a) and SST forecasts (panel b). For wind forecasts, the 4 index
highlights systematic differences across methods. The 4 values for
the parametric approach remain significantly higher, indicating poorer
calibration of the ensemble. In contrast, the non-parametric approach
exhibits small values of A across different ensemble sizes, demon-
strating its robustness and superior calibration. The direct-parametric
approach shows calibration skills closer to the non-parametric, but
still systematically lower. A index values of SST forecast also show
a systematic hierarchy of methods, with the non-parametric loss still
performing best. Noticeably, this behavior is stable to variations in the
ensemble size.

3.4. Measuring the alignment between predicted probabilities and observed
outcomes

While reliability metrics and rank histograms provide valuable in-
sights into calibration and the probabilistic spread of the ensemble,
they do not directly evaluate the model’s ability to assign accurate
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Fig. 7. Rank histograms for the network with 100 output nodes applied to 24-hour SST forecasts. Each column of panels refers to one of the considered approaches
(non-parametric, direct-parametric and parametric). The diagrams correspond to three locations that were selected based on the 25th percentile (upper panel),
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probabilities to binary events, such as exceeding a given threshold.
Cross-entropy addresses this gap penalizing forecasts that assign low
probabilities to events that actually occur (underconfidence) or assign
high probabilities to events that do not occur (overconfidence). This
makes it a critical tool for assessing how well the probabilistic forecasts
capture class-specific behavior, especially in applications like extreme
event prediction.

In the panel (a) of Fig. 9, which focuses on wind forecasts, we
observe that the non-parametric CRPS loss consistently achieves similar
or lower cross-entropy values across all ensemble sizes and thresholds
(25th to 95th percentiles) compared to the direct-parametric approach.
Instead, the parametric approach is slightly better at accurately repre-
senting the probability of exceeding the thresholds of 25th and 50th
percentiles of wind speed. However, the non-parametric loss is again
significantly better than the parametric for higher percentiles (75th and
95th), where accurate probabilistic representation is crucial for extreme
event prediction.

In the panel (b) of Fig. 9, which pertains to SST forecasts, the
cross-entropy values are lower overall compared to the wind fore-
casts, reflecting the generally smoother and less variable nature of SST
predictions. In this case, the non-parametric approach systematically
outperforms both parametric and direct-parametric, though differences
are less pronounced than in the wind forecast case. This indicates
that all methods perform reasonably well in predicting SST exceedance
probabilities, but the non-parametric approach still maintains a slight
advantage.

3.5. Assessing the skills of the mean ensemble prediction

The performance of the mean ensemble prediction, as assessed
through the normalized root mean square error (NRMSE) and the Pear-
son correlation coefficient, reveals no significant difference between
the two parametric and the non-parametric approaches. Specifically,
for wind forecasts, all models achieve an NRMSE of about 37%. The
Pearson coefficient is 69% for the direct-parametric approach and about
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while the green line shows the direct parametric CRPS-loss function. Error bars
indicate 95% confidence intervals obtained via bootstrap resampling. Panel
(b): as in panel (a) but for the SST forecasts.

70% for the other two (reported values are averages across all loca-
tions). Similarly, for SST forecasts, all models yield identical metrics,
with an NRMSE of about 82% and a Pearson coefficient of about 70%.
These results suggest that, if one were to base their evaluation solely on
the skill of the ensemble mean, there would be no discernible advantage
in choosing one model over the other. However, such a conclusion
would be incomplete and misleading. As demonstrated by the prob-
abilistic metrics discussed earlier, including the CRPS, 4 index, rank
histograms, and cross-entropy, the non-parametric loss consistently
outperforms parametric models in terms of calibration and overall
probabilistic skill. Thus, while the assessment of the ensemble mean
provides valuable information about central tendency, it fails to capture
the probabilistic quality of the forecast, which is crucial for applications
requiring a comprehensive representation of uncertainty. This high-
lights the importance of incorporating a broader range of metrics when
evaluating ensemble forecast performance.

4. Conclusions

In this study, we have introduced a novel deep learning framework,
CRPS-Net, designed to generate ensemble forecasts directly from de-
terministic inputs and through only a single Deep Neural Network.
By employing the Continuous Ranked Probability Score (CRPS) as a
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value, theoretically, is zero. Error bars indicate 95% confidence intervals
obtained via bootstrap resampling. Panel (b): as in panel (a) but for the 24-
hour SST forecasts.

loss function in its non-parametric formulations, the proposed method
has addressed some important limitations of traditional ensemble ap-
proaches, significantly reducing computational costs while maintain-
ing robust probabilistic forecast skill. Our results have demonstrated
that the non-parametric CRPS loss consistently outperforms paramet-
ric approaches, particularly for wind forecasts, where calibration and
probabilistic reliability are critical. The reliability diagrams and rank
histograms analyses have shown that the non-parametric loss achieves
superior calibration, effectively capturing the forecast uncertainty with-
out relying on strong assumptions about the error distribution. Quan-
titative metrics, including the A index, have further highlighted the
robustness of the non-parametric strategy across different ensemble
sizes and thresholds.

We have validated the versatility of CRPS-Net through two distinct
applications: 24-hour wind forecasts using deterministic WRF model
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outputs and hourly time-series forecasts of sea surface temperature
(SST) from ocean forecast datasets. In both cases, the framework has
shown consistent performance, offering a scalable and reliable al-
ternative to traditional ensemble prediction systems, particularly in
operational settings where the computational burden of simulation
ensembles is often unsustainable.

Looking ahead, the non-parametric CRPS loss function presents
significant potential for application in even more complex architec-
tures, such as image-based convolutional neural networks. This opens
the door to extending the methodology to spatially and temporally
rich datasets, enabling the estimation of uncertainty in high-resolution
forecasts for a variety of geophysical fields. By integrating this strategy
into advanced deep learning architectures, it could provide critical
tools for uncertainty quantification in applications ranging from atmo-
spheric science to oceanography and beyond. Future research should
also explore ways to further optimize the neural network architec-
tures and evaluate the approach in diverse forecasting domains. In the
specific context of hydrology, a particularly promising synergy lies in
combining CRPS-Net’s ability to generate probabilistic forecasts with
AutoGluon’s ensemble learning capabilities (Tu et al., 2024) for opti-
mizing the selection of meteorological inputs and calibrating models
to better capture hydrological processes. In way of example, while Au-
toGluon excels at identifying the most relevant meteorological drivers
and combining diverse machine learning models, CRPS-Net could pro-
vide probabilistic outputs that enhance uncertainty quantification and
improve decision-making in hydrological applications. Together, these
methods could address the challenge of reconstructing and forecasting
natural flows by ensuring robust calibration across varying conditions.

CRPS-Net could also complement existing multi-model approaches,
such as those described by Simmons and Splinter (2022) which leverage
weighted ensembles to enhance predictions for extreme coastal erosion
events. Specifically, CRPS-Net’s ability to adaptively model error distri-
butions without predefined assumptions would address potential biases
in the ensemble’s individual components, thereby refining predictions
for both high-impact and moderate events.

5. Software and data availability

Name of software: CRPS-Net

Developers: Mattia Cavaiola and Daniele Lagomarsino-Oneto
Contact: mattia.cavaiola@gmail.com and mattia.cavaiola@cnr.it
Date first available: December 21, 2024

Program language: Python

Software required: all python libraries can be found at https:
//github.com/Mattiads1l/CRPS-Net/blob/main/requirements.txt.
All those libraries can be accessed freely through the cloud.

Loss function source code at: https://github.com/Mattiads1/CRP
S-Net/blob/main/CRPSLoss.py

Documentation: Documentation for application, installation, test-
ing, and deployment can be found at https://github.com/Mattia
ds1/CRPS-Net/blob/main/README.md

SST data used in this work can be freely accessed from the
cloud (see Global ocean physics analysis and forecast). WRF
data and METAR wind observations will be made available upon
reasonable request to the authors.
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Table A.1

Features used for training the neural network applied to hourly
wind speed forecasts. The features correspond to values extracted
from the WRF model at the nearest grid point to the observation
stations.

List of WRF features used to train the AI networks

u10 - u component wind velocity at 10 m
010 - v component wind velocity at 10 m
130 - u component wind velocity at 30 m
v30 - v component wind velocity at 30 m
u50 - u component wind velocity at 50 m
050 - v component wind velocity at 50 m
u80 - u component wind velocity at 80 m
v80 - v component wind velocity at 80 m
1100 - u component wind velocity at 100 m
v100 - v component wind velocity at 100 m
u305 - u component wind velocity at 305 m
0305 - v component wind velocity at 305 m
wg - wind gust

T2m - air temperature at 2 m

T10 - air temperature at 10 m

T30 - air temperature at 30 m

T50 - air temperature at 50 m

T80 - air temperature at 80 m

T100 - air temperature at 100 m

T305 - air temperature at 305 m

blh - boundary layer height

p - surface pressure

sw - incoming short wave

lw - incoming long wave

ws10 - wind velocity at 10 m

dirl0 - wind direction at 10 m

ws30 - wind velocity at 30 m

dir30 - wind direction at 30 m

ws50 - wind velocity at 50 m

dir50 - wind direction at 50 m

ws80 - wind velocity at 80 m

dir0 - wind direction 80 m

ws100 - wind velocity at 100 m

dir100 - wind direction at 100 m

ws305 - wind velocity at 305 m

dir305 - wind direction 305 m

cos(2rh/24) - h being the hour of the day
sin(2zrh/24) - h being the hour of the day
lat - latitude

lon - longitude
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Appendix A. Features used for training the neural network for
wind forecasting

Table A.1 reports the features used to train the neural network for
wind speed forecasting. The WRF model outputs used in this study are
from the operational setup run at DICCA - UNIGE (www.meteocean.
science). The model configuration employed, here with a horizontal
resolution of 10 km, has been utilized in numerous studies focusing on
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the Mediterranean region (see, e.g., Cassola et al., 2015, 2016; Ferrari
et al., 2021 among the others).

Appendix B. Indices to assess the skill of ensemble mean predic-
tions

The error indices used here are the normalized root mean square
error (RMSE) and the correlation coefficient. Considering Y, the nth
value of the ground truth and X, the corresponding nth forecast (here
corresponding to the mean of the M ensemble members), the NRMSE
is defined as:

NRMSE = (B.1)

where N is the number of ground truth-forecast pairs over which the
performance is evaluated. In the case of wind forecast N is simply the
test set size of each station. Since for SST predictions we are providing
a multi-horizon forecast from 1 to 24 h ahead, all deterministic metrics
are computed on each predicted window, hence N=24 in this case, and
then averaged over all test samples.

The correlation coefficient, C, is a measure of linear dependence
between two variables (Wilks, 2011) and takes values between —1
and 1, where 1 represents the maximum correlation, —1 the maximum
anti-correlation. In plain formula (Lee Rodgers and Nicewander, 1988),

N R )

(B.2)

Noyoy

(B.3)

(B.4)

where X and Y are the mean values of X and Y.
Appendix C. Computational efficiency

Fig. C.10 shows the computation time in seconds (sec) required for
training the AI model for wind speed (top panel) and SST (bottom
panel) prediction, and for the two implementations of the Parametric
and Non-Parametric loss functions. The computational tests are per-
formed on an HPC system equipped with one GPU NVIDIA-H100 of 96
Gb of memory and 96 CPUs AMD EPYC 9224. Performance experiments
are performed by running 10 train processes for each ensemble size, to
account for uncertainty (error bars in Fig. C.10). Each train has been
run for 10 epochs and batch size of 1024.

We have made this analysis only for the parametric and non-
parametric approaches. Indeed, the direct-parametric method involves
a slightly different architecture, which makes unfeasible to isolate the
gain that is actually due to a different choice of the loss function. In
the case of wind forecast, the computational time needed to train the
neural network is systematically lower, while for the SST case a little
advantage emerges as the ensemble size grows. However, the purpose
of this analysis is to provide an idea of resources required for the
proposed approach (and its variations). Indeed, once we have found
out that the strategy produces accurate and well calibrated outputs, the
time required to train the model is of the order of a few tens of seconds
per 10 epochs (for the chosen batch size). This computational burden is
not even comparable with the amount of resources needed to produce
an ensemble of simulations. Furthermore, in operative forecasts, such
simulated ensembles need to be continuously run. On the contrary,
after the training stage, methods which are based on a single running
simulation with neural-network-based generation of the ensemble have
only the additional burden of using the network for inference.
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Fig. C.10. Execution time (sec) required for training the AI models for wind
speed forecasting (top panel) and SST prediction (bottom panel), as a function
of ensemble size, for both Non-Parametric (red line) and Parametric (blue line)
loss implementation. Error bars indicate 95% confidence intervals obtained
over 10 train process of 10 epochs via bootstrap resampling.

Data availability

Data will be made available on request.
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