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 A B S T R A C T

Reliable precipitation forecasting is crucial in sectors like public safety, agriculture and water management. 
Although Numerical Weather Prediction (NWP) models form the backbone of modern forecasting, their 
inherent limitations and the chaotic behavior of atmospheric equations often result in errors, requiring 
postprocessing to improve accuracy and quantify uncertainties. This study assesses hourly precipitation 
probabilistic postprocessing models tailored for the Canary Islands, aiming to improve ensemble forecasting 
accuracy. UNet-based models were explored using two strategies: one incorporating all 25 km-scale convection-
permitting ensemble forecast simulations as input, and another applying dimensionality reduction techniques 
to reduce input complexity. These models were compared to traditional benchmarks like the Censored Shifted 
Gamma Distribution (CSGD) with Ensemble Model Output Statistics (EMOS), the Analog Ensemble method 
and deep learning strategies through MLP architectures. In the analysis of the results, not only the reliability 
of the predictions for the set of available meteorological stations was considered, but also the generalization 
capacity of the UNet models to obtain precipitation predictions for the whole region.

UNet models generally improved the raw WRF ensemble and performed comparably or better than tradi-
tional approaches. Probabilistic (CRPSS, BSS) and deterministic (MAESS, RMSESS, Relative Bias) skill scores 
demonstrated improvements, particularly in forecasting light-to-moderate rainfall. The Integrated Gradients 
technique revealed that incorporating a height terrain map significantly influenced UNet’s outputs, emphasizing 
the critical role of topographic data in rainfall forecasting. Furthermore, UNet models demonstrated strong 
spatial generalization, showcasing their potential for operational forecasting in areas with limited observational 
networks.
1. Introduction

Precipitation forecasting is a crucial aspect of meteorological pre-
diction, with significant implications in different fields. Accurate and 
timely precipitation forecasts can support various sectors, including 
agriculture, flood control, and public safety. In the particular context 
of the Canary Islands, located in the North Atlantic, with a frag-
mented territory of high orographic complexity and subject to particu-
lar atmospheric circulation conditions, obtaining detailed and reliable 
precipitation forecasts is of particular interest (Suárez-Molina et al., 
2021).

Currently, the most advanced method for forecasting precipitation 
events is Numerical Weather Prediction (NWP), based on state-of-the-
art dynamic atmospheric models. Very important progress has been 
made in recent years with the increase in computational capacity, that 
allows the spatial resolution of these models to be increased, using 
fine enough grids to explicitly resolve deep convection (convection-
permitting). However, the accuracy of these model results is limited 
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by errors in initial conditions, numerical approximations, and incom-
plete representation of the underlying physical processes, in addition 
to the chaotic nature of the atmosphere (Arnold et al., 2012; Wang 
and Wu, 2022; Santanello et al., 2018). These errors in NWP models 
can propagate into subsequent hydrological simulations, affecting the 
quality and uncertainty of the final products (Lorenz, 1963). Due to 
this chaotic nature of the system and the impossibility of producing 
exact solutions, it is necessary to have a system that allows obtaining 
quantitative information on the uncertainties of the predictions, which 
cannot be easily determined from the results of a single deterministic 
simulation. To address this problem, in recent years, great effort is be-
ing made in the generation of probabilistic predictions from the results 
of a relatively large set of simulations (ensemble). As Palmer (2002) 
points out, ensemble forecasting provides a framework to represent and 
quantify forecast uncertainty, offering probabilistic information that is 
essential for decision-making in the face of inevitable model errors and 
chaotic variability. Probabilistic Quantitative Precipitation Forecasting 
(PQPF) has become a key approach within this framework, enabling 
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the estimation of precipitation probabilities across different possible 
scenarios (Hamill and Scheuerer, 2018; Haiden et al., 2023).

However, these ensemble models usually have to be calibrated in 
order to improve the results of a single deterministic simulation. For 
this purpose, various postprocessing techniques have been developed. 
Among them, traditional methods such as Bayesian Model Averaging 
(BMA), Ensemble Model Output Statistics (EMOS) and Analog Ensem-
ble (AnEn) have been widely used. EMOS (Gneiting et al., 2005) is a 
parametric postprocessing method that corrects biases and sharpness by 
fitting the parameters of the predictive distribution based on ensemble 
statistics, thereby improving forecast reliability and accuracy. Due 
to the pronounced skewness of rainfall distributions, employing the 
Censored Shifted Gamma Distribution (CSGD) has been an effective 
EMOS method for regression equation fitting. As alternatives to CSGD, 
recent studies have proposed the use of hurdle-type distributions, such 
as the hurdle gamma or hurdle Burr XII (EBXII) distributions, which 
explicitly model the probability of no precipitation and are particularly 
suited for handling zero-inflated and heavy-tailed rainfall data (Jin 
et al., 2024; Li et al., 2021). These models have shown strong perfor-
mance in extreme event forecasting and provide additional flexibility, 
although they typically involve more complex estimation procedures. 
BMA (Raftery et al., 2005), on the other hand, combines the predictions 
of multiple models, assigning a weight to each simulation based on 
their historical performance, to produce a more robust joint predictive 
distribution. Regarding the AnEn method (Monache et al., 2013), it 
relies on historical observations that had historical predictions similar 
to the current one to create the probability distribution. It could be 
considered a lazy algorithm (Aha, 1997) as it does not build a general 
model but memorizes historical data.

Traditional methods have proven effective in reducing errors, but 
have limitations in terms of flexibility for including additional pre-
dictors and handling complex non-linear relationships compared to 
novel methods (Vannitsem et al., 2021). EMOS typically assumes lin-
ear relationships between ensemble summary statistics (e.g., mean, 
variance) and the parameters of a prespecified predictive distribution, 
which restricts its ability to incorporate additional predictors or com-
plex interactions without increasing the risk of overfitting (Rasp and 
Lerch, 2018). BMA, while providing a full joint predictive distribu-
tion, also relies on linear projections (Ji et al., 2022). Similarly, the 
Analog Ensemble (AnEn) method is limited by the availability and 
representativeness of historical analogs, and it cannot explicitly model 
nonlinear interactions, making it less suitable for capturing rare events 
or complex spatiotemporal dependencies.

With the advent of machine learning (ML), new opportunities have 
emerged to overcome the limitations of these traditional methods. In 
this context, ML-based postprocessing techniques have been developed 
to correct some of the errors that affect the estimates of dynamic 
models (Zhong et al., 2023; Höhlein et al., 2024). Although NWP 
models excel at predicting and explaining large-scale phenomena, data-
driven models efficiently estimate event characteristics using observed 
data and account for biases or anomalies within those data. By com-
bining these approaches, hybrid forecasts offer enhanced predictive 
capabilities (Hu et al., 2023).

One of the challenges is to develop statistical postprocessing meth-
ods that enable forecasts at any location of the domain of interest, not 
just specific grid points or station sites. Possible approaches include in-
corporating location and surface data into regression models, removing 
spatial heterogeneity before modeling, and using spatial interpolation 
on well-calibrated station forecasts (Vannitsem et al., 2021; Yang et al., 
2021) . Neural networks, and in particular Deep Learning (DL) such as 
Convolutional Neural Networks (CNNs), exhibit considerable promise 
the extraction of spatial features from high-resolution forecasts, as they 
can intrinsically embed spatial heterogeneity information within their 
architectural design. These networks have been successfully applied to 
NWP postprocessing (Scheuerer et al., 2020; Veldkamp et al., 2021) 
and to statistical downscaling of several variables (Rampal et al., 
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2022; Dupuy et al., 2023) in complex terrain, revealing their ability to 
discern fine spatial details. Recent studies have also explored the use of 
CNNs and other deep learning methods, such as Generative Adversarial 
Networks (GANs), for the postprocessing of ensemble precipitation 
forecasts (Jin et al., 2023a,b). These approaches demonstrate the po-
tential of neural models to enhance spatial and temporal resolution 
and correct biases inherent in ensemble systems. In this context, UNet, 
a specific CNN architecture, has been shown to be very effective in 
solving pixel classification problems but it has been used to a lesser 
extent for pixel regression. However, some works, for example for 
climate regionalization, use UNets for this purpose (Doury et al., 2023, 
2024). Compared to models based on basic convolutional networks, 
UNets can keep a better balance between location accuracy and feature 
values, presenting better spatial details in the results (Yao et al., 2018). 
Inspired by these previous works, the use of an UNet architecture is 
proposed in this study to fine-tune PQPF in the Canary Islands region.

In contrast to approaches that generate synthetic ensembles from 
deterministic forecasts (Shrestha et al., 2015), this work focuses on 
improving the calibration and spatial consistency of existing physically 
based ensemble forecasts, which already capture meaningful atmo-
spheric variability. In this study, an ensemble of 25 different WRF 
(Weather Research and Forecasting) runs is used as input to the UNet 
network, with the aim of improving hourly precipitation predictions 
and providing probabilistic forecasting. Since the input to the network 
is the prediction data of each of the models, in a rectangular grid, 
and the output has the same spatial dimensions although fewer output 
channels, the UNet architecture is expected to be a suitable option 
because it considers, in addition to the precipitation values at each 
point of the grid of each simulation, the spatial relationships between 
them. Specifically, the network is trained to predict the three param-
eters of a Censored and Shifted Gamma Distribution (CSGD) (Baran 
and Nemoda, 2016) for each grid point, thus capturing the inherent 
uncertainty in the forecasts. The results obtained are compared with 
those obtained directly from the set of simulations through the para-
metric CSGD model (Scheuerer and Hamill, 2015) and non-parametric 
Analog Ensemble (AnEn) model, which are the benchmark postpro-
cessing methods. The CSGD and AnEn are widely used due to their 
effectiveness and have shown good performance in related works (Hu 
et al., 2023; Baran and Nemoda, 2016) compared to BMA methods 
or other type of distributions. In addition, given the computational 
cost involved in performing 25 simulations for rainfall prediction, the 
possibility of choosing a subset of such simulations that provide results 
with performance equal or higher than the full set is studied.

The evaluation of our approach is performed using data from 
the meteorological stations available in the central islands of the 
archipelago, i.e. La Gomera, Tenerife and Gran Canaria for which high 
resolution (1 km) WRF simulations were carried out during the period 
analyzed (15 months), comparing the results with the benchmark 
methods to highlight the advantages and limitations of using UNet in 
precipitation prediction. Also, the UNet capability to provide a reliable 
PQPF throughout the entire territory is tested, instead of computing 
results only at weather station locations.  Although the experiments 
focus on the Canary Islands, the proposed methodology is general and 
can be adapted to other regions through retraining with local data.

The remainder of the paper is organized as follows. Section 2 
describes the data used and introduces both the proposed UNet archi-
tecture and the traditional statistical postprocessing methods; Section 3 
presents the results, and finally, Section 4 summarizes the findings and 
provides additional discussion.

2. Materials and methods

2.1. Data

The data used in this work correspond to the results of an ensemble 
of WRF forecast simulations and observational data provided by me-
teorological stations distributed in the study region. The period used 
covers from July 2019 to September 2020.
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Fig. 1. Map of terrain height (HGT) in the innermost domain used in WRF simulations (left), and accumulated observed precipitation during the study period (right). In addition, 
the location of the weather stations is marked with red dots.
2.1.1. Observational data
The observational data used in this study consist of hourly precipita-

tion values recorded by a dense network of 130 meteorological stations 
distributed across three islands: La Gomera, Tenerife and Gran Canaria 
(Fig.  1). These stations are located at different altitudes, from almost 
sea level to more than 2600 meters above sea level, and cover regions 
with highly diverse precipitation regimes, from areas recording only 
50 mm during the study period to those exceeding 500 mm. This spatial 
distribution of the stations across diverse geographical and climato-
logical areas provides robust data coverage, facilitating the analysis 
of precipitation patterns with high temporal and spatial resolution. 
The stations are managed by two primary institutions: the Spanish 
State Meteorological Agency (AEMET) and the Cabildo de Tenerife. 
Despite the moderate geographical extension of the Canary Islands, the 
region exhibits significant spatial inhomogeneity in precipitation, as 
clearly illustrated in Fig.  1 by the accumulated precipitation from the 
ROCIO+CAN,2.5 km gridded product supplied by AEMET. This inho-
mogeneity is primarily due to steep orographic gradients and complex 
meteorological influences. Given this pronounced spatial variability 
and the availability of such a dense network of weather stations, the 
application of spatial deep learning techniques, such as UNet, becomes 
particularly valuable. This station density not only enables the model 
to learn spatial dependencies but also provides suitable observational 
data for evaluating high-resolution simulations.

2.1.2. WRF ensemble forecast
To generate the ensemble of numerical precipitation predictions, the 

Weather Research and Forecasting (WRF) model has been used (Ska-
marock et al., 2008). WRF is a widely used non-hydrostatic numerical 
weather prediction system designed for both atmospheric research 
and operational forecasting. Developed by the National Center for 
Atmospheric Research (NCAR) and a collaborative partnership of sev-
eral other research institutions, WRF offers high-resolution forecasts 
with flexible configurations. To generate the ensemble of numerical 
precipitation predictions, the WRF model has been used with differ-
ent configurations and updated with different input and boundary 
conditions. In the present study, WRF version 3.9 was used with a 
configuration of 4 nested domains centered on the Canary Islands. The 
innermost domain (Fig.  1), from which the values presented in this 
paper are obtained, covers the central islands of La Gomera, Tenerife 
and Gran Canaria and is composed of 207 𝑥 150 grid cells with a spatial 
resolution of 1 km and 34 vertical levels. The setup of the experiment 
consisted of performing 45 daily weather forecast simulations during 
the study period (July 2019– September 2020). The simulations for 
each day start at 00 UTC, which also corresponds to local time during 
the winter, and run for 30 h. Due to the high computational require-
ments of the simulations, they were executed in 3 batches of 15 runs on 
the Teide High-Performance Computing (TeideHPC) system, a state-of-
the-art supercomputing facility managed by the Instituto Tecnológico y 
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de Energías Renovables (ITER) in Tenerife, Spain ITER (2024), using a 
total of 64 computational cores for each run. The main two- and three-
dimensional meteorological variables were stored every hour, although 
the first 6 h were not considered for subsequent analyses, as they are 
considered as a spin-up period.

In addition, WRF runs require the specification of some physical 
parameterizations to simulate various processes that are not resolved 
by its grid-scale equations. The available options for each type of 
parameterization are described in Skamarock et al. (2008), which 
also includes the corresponding references. In this study, the Noah 
LSM (Land-Surface Model) scheme has been used to provide heat and 
moisture fluxes over land points in all simulations. The Kain–Fritsch 
cumulus scheme, to account for subgrid-scale convection effects, was 
applied to the outer domains, being disabled in the domain of interest, 
since at 1 km these effects can be explicitly resolved, resulting in a 
convection-permitting simulation. Other parameterizations, as well as 
the forecasts of various global models used as boundary conditions for 
WRF, are different for the various simulations. The list of used choices, 
as well as the acronym used for each of them, is summarized as follows:

• Global forecast model (GFM): ARPEGE (Roehrig et al., 2020), 
GEM (Côté et al., 1998) and GFS (NCEP, 2015). The GFMs provide 
the initial and boundary conditions for the simulations, both for 
the atmospheric variables and the sea surface temperature (SST), 
which is essential for the study region, since the islands cover only 
a portion of the domain.

• Planetary boundary layer (PBL) estimates vertical sub-grid-scale 
fluxes due to eddy transports. PBL parameterizations are broadly 
classified into local and non-local schemes, based on how they 
handle turbulence and vertical mixing:

– Local: Mellor-Yamada-Janjic (MYJ), Mellor–Yamada Nakan-
ishi Niino (MYNN) Level 2.5, and University of Washington 
(UW).

– Non-local: Yonsei University Scheme (YSU).

• Microphysics schemes represent water vapor, cloud and precipita-
tion processes, including the formation, growth, and dissipation of 
different cloud hydrometeors. Used schemes: Thompson (T) and 
Morrison (M).

• Shortwave and longwave radiation parameterizations account for 
the absorption, reflection, and emission of solar and terrestrial 
radiation. Used options: Rapid Radiative Transfer Model for Gen-
eral Circulation Models Applications (RRTMG, labeled as R in this 
study), and NCAR Community Atmospheric Model (CAM, labeled 
as C).

When referring to a specific WRF configuration, the following 
nomenclature is used:

{GFM}_{PBL}{Microphysics}{Radiation}
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Table 1
RMSE (mm) value for each configuration. Values are ordered from lowest to highest.
 Configuration RMSE Configuration RMSE 
 0 ensemble 0.274 13 GFS_myjtr 0.312 
 1 GFS_uwtc 0.290 14 GFS_myjmc 0.317 
 2 GEM_uwtc 0.292 15 GEM_myjtr 0.317 
 3 GFS_uwtr 0.292 16 GFS_mynn2mc 0.320 
 4 ARPEGE_uwtc 0.300 17 ARPEGE_myjtc 0.321 
 5 GFS_uwmc 0.302 18 GEM_mynn2tr 0.325 
 6 GFS_myjtc 0.305 19 ARPEGE_mynn2tc 0.325 
 7 ARPEGE_uwmc 0.305 20 GEM_ysutr 0.326 
 8 GFS_mynn2tc 0.305 21 ARPEGE_myjtr 0.327 
 9 GFS_ysutc 0.308 22 ARPEGE_ysumc 0.329 
 10 GFS_mynn2tr 0.309 23 GEM_mynn2mc 0.332 
 11 GEM_myjtc 0.309 24 ARPEGE_ysutc 0.341 
 12 GFS_ysutr 0.311 25 ARPEGE_mynn2mc 0.347 
So ‘‘GFS_ysutr’’ corresponds to simulations that take GFS forecasts 
as initial and boundary conditions, and use YSU, Thompsom (T) and 
RRTMG (R) parameterizations for PBL, microphysics, and radiation, 
respectively.

Due to the large number of simulations and instability problems in 
some of the selected configurations, this study focuses on 25 combina-
tions for which data were available for the entire study period. These 
25 combinations are presented in Table  1, where they are ordered 
according to their root mean square error (RMSE). Thus, for each sta-
tion and each hour, the difference between the simulated and observed 
precipitation for the whole period is examined, and the average RMSE 
ordered according to the accuracy is shown; in addition, the average 
RMSE of the ensemble of simulations is also indicated, and, as can 
be observed, it provides a smaller error than any of the individual 
simulations.

2.2. Benchmark methods

The classical methods, whose results will be used as a reference for 
the comparison of those obtained with the proposed methods, will be 
presented below.

2.2.1. Censored shifted gamma distribution (CSGD) based EMOS
The gamma distribution is commonly used to represent variations 

in precipitation amounts in both meteorology and climatology (Wilks, 
1990). The probability density function for this distribution is: 

𝑓𝑘,𝜃(𝑦) =
𝑦𝑘−1𝑒−𝑦∕𝜃

𝜃𝑘𝛤 (𝑘)
(1)

with shape 𝑘 > 0 and scale 𝜃 > 0, and being 𝑦 the total precipitation 
over the period of interest (𝑦 ≥ 0). Since, in addition to the amount 
of rainfall, the occurrence/non-occurrence must also be modeled, a 
distribution that allows for negative values can be used, left-censoring it 
at zero (Scheuerer and Hamill, 2015). Censoring allows the probability 
of no precipitation to be taken into account, being the probability of the 
negative values of the uncensored distribution. As the gamma distribu-
tion is not defined for negative values, a shift (𝛿 > 0) is introduced 
when calculating the corresponding cumulative distribution function, 
which is directly related to the probability of zero precipitation 

𝐹 0
𝑘,𝜃,𝛿 =

{

𝐹𝑘,𝜃(𝑦 + 𝛿), if y ≥ 0
0 if y < 0

(2)

This Censored and Shifted Gamma Distribution (CSGD) captures the 
right-skewed and mixed nature of precipitation data, while addressing 
heteroscedasticity through nonlinear, nonhomogeneous regression.

Scheuerer and Hamill (2015) proposed a model to calculate re-
lationships between ensemble statistics and CSGD parameters, using 
ensemble forecasts, that is, an EMOS method. In this study, simplified 
4 
regression equations are used, which are based on the ensemble mean 
only: 
𝜇 = 𝜇𝑐𝑙∕𝑎1 log

(

1 +
[

exp(𝑎1) − 1
]

(𝑎2 + 𝑎3𝑓∕𝑓𝑐𝑙)
)

,

𝜎 = 𝑎4𝜎𝑐𝑙
√

𝜇∕𝜇𝑐𝑙,

𝛿 = 𝛿𝑐𝑙

(3)

where 𝑓 and 𝑓𝑐𝑙 represent the raw ensemble mean forecast and its 
climatological mean in the training data, respectively. As in previous 
works (Hu et al., 2023; Ghazvinian et al., 2021), the shift parameter 𝛿
is not adjusted, keeping it identical to the climatological shift, ensuring 
a reversion to climatology when forecast skill is low.

The four regression coefficients (𝑎1, 𝑎2, 𝑎3, 𝑎4) and climatological 
CSGD are optimized by minimizing the continuous ranked probability 
score (CRPS) over the training data, following the approach outlined 
by Scheuerer and Hamill (2015).

Previous studies (Scheuerer and Hamill, 2015; Baran and Nemoda, 
2016; Lin and Wang, 2024) have demonstrated the effectiveness of the 
CSGD model and its variants, particularly in generating well-calibrated 
forecasts under various meteorological conditions. However, recent 
research (Ghazvinian et al., 2020) has revealed a tendency for the 
predictive CSGD to underestimate the probability of precipitation (PoP) 
due to an inflated climatological shift parameter. This bias is partic-
ularly pronounced at shorter lead times and during periods of high 
precipitation. In this work, the efficiency of the EMOS CSGD is tested 
for hourly precipitation, with each of the locations for which obser-
vations are available trained individually. This model is hereinafter 
referred to as PredCSGD.

2.2.2. ANN-CSGD
A traditional Artificial Neural Network (ANN) has also been used to 

postprocess WRF outputs in order to compare the results with those pro-
vided by the proposed UNet models. As in the case of EMOS discussed 
above, the CSGD will be used, so the network, called ANN-CSGD, is 
particularly designed to predict the three key parameters of the CSGD: 
mean (𝜇), standard deviation (𝜎), and shift (𝛿). By using ANNs, the 
ANN-CSGD can learn complex relationships between ensemble forecast 
inputs and the distribution parameters for each of the locations for 
which observations are available

The architecture of the ANN-CSGD model consists of multiple fully 
connected layers with Leaky ReLU activation functions. The network 
outputs three values corresponding to 𝜇, 𝜎, and 𝛿, which are then trans-
formed using a Softplus activation function to ensure positive values. 
The optimization process minimizes a custom loss function based on the 
Continuous Ranked Probability Score (CRPS), which directly evaluates 
the quality of probabilistic forecasts and will be explained in detail in 
Section 2.5.2.

The ensemble data, used as input to the network, are previously 
normalized with mean 0 and standard deviation 1 in order to trans-
form data into a consistent and standard format. During training, the 
model iteratively updates its weights to minimize CRPS on the training 



M. Esquivel-González et al. Ecological Informatics 90 (2025) 103255 
Fig. 2. Architecture of the ANN-CSGD model.

dataset. The validation process helps monitor performance and applies 
early stopping when the model does not improve for several epochs. 
Using validation set, extensive grid search of hidden layer dimensions 
was done to fine-tune the model for optimal performance. The final 
model architecture consists of two hidden layers with 64 and 32 
neurons, respectively, and is presented in Fig.  2.

2.2.3. Analog ensemble
The Analog Ensemble (AnEn) technique is a method used to create 

forecast ensembles from deterministic weather predictions (Monache 
et al., 2013). Unlike earlier parametric methods, which first assume 
a predefined distribution for forecasting (e.g., precipitation) and then 
fit the distribution parameters to the data, AnEn works by leveraging 
similarities in past predictions and their corresponding observations to 
generate ensembles. The set of selected observations is used to construct 
the empirical CDF and the mean of the observations is used to obtain 
a deterministic value.

AnEn operates on the assumption that similar forecasts, generated 
by a consistent NWP model, will exhibit similar error patterns. By 
sampling from historical predictions that resemble the current forecast, 
the associated historical observation errors can be used to correct the 
forecast.

The distance between the multivariate deterministic forecast 𝐹𝑡 at 
time 𝑡 and the historical analog forecast 𝐴𝑡′  at time 𝑡′ is calculated using 
a Euclidean distance: 

‖𝐹𝑡, 𝐴𝑡′‖ =
𝑁
∑

𝑖=1
𝑤𝑖

√

√

√

√

√

𝑡
∑

𝑗=−𝑡
𝛺𝑗 (𝐹𝑖,𝑡+𝑗 − 𝐴𝑖,𝑡′+𝑗 )2 (4)

where:

• 𝑁 is the number of variables, which corresponds to the number 
of ensemble members.

• 𝑤𝑖 is the weight for member 𝑖,
• 𝐹𝑖,𝑡+𝑗 is the target forecast for member 𝑖 at time 𝑡 + 𝑗,
• 𝐴𝑖,𝑡′+𝑗 is the historical analog forecast for variable 𝑖 at time 𝑡′ + 𝑗,
• 𝑡 is the half-size of the temporal window, used to find the most 
similar weather analogs, and

• 𝛺𝑗 is the weight for time 𝑡 + 𝑗.

This metric is calculated for all historical predictions. Those his-
torical 𝐷 times that have lower values of the metric will have their 
corresponding observations associated as members to form the analog 
ensemble. Once the analogs have been obtained, to calculate the CDF 
of the model, the empirical CDF is computed using the analog observa-
tions and the expected value is calculated as the average of the analog 
observations.
5 
In this study, extensive grid search of parameters 𝑤𝑖, 𝑡, 𝐷, 𝛺𝑗 were 
tested in the validation set for each location, finding 𝑡 = 1, 𝐷 = 50 and 
𝛺 = [0.8, 1, 0.8] as the best values for most cases.

The analog ensemble has demonstrated competitive performance 
when compared with other postprocessing algorithms (Hu et al., 2023), 
although it has difficulties in capturing extreme rainfall events (Jewor-
rek et al., 2023).

2.3. Proposed postprocessing model

To effectively process and analyze precipitation maps, this study 
proposes the use of a specific CNN. CNNs are deep learning models 
designed for processing grid-like data, such as precipitation maps. Its 
main feature is the use of convolution operations in the convolutional 
layers to extract spatial features. Additionally, CNNs may include other 
components to enhance learning, such as pooling layers to reduce 
spatial dimensions, batch normalization layers to stabilize training, and 
fully connected layers for classification or regression tasks. CNNs are 
particularly effective in tasks such as image recognition, segmentation 
and object detection.

2.3.1. Unet
In this study, a size-reduced version of the original UNet CNN (Ron-

neberger et al., 2015) is proposed for the probabilistic postprocessing 
of rainfall forecasting, due to its ability to capture fine spatial de-
tails thanks to its specific structure. The UNet architecture follows a 
U-shaped structure consisting of:

1. Contracting Path (Encoder): A series of convolutional and pool-
ing layers that capture high-level features while reducing spatial 
dimensions.

2. Bottleneck: The transition between encoding and decoding,
where the deepest feature representations are learned.

3. Expanding Path (Decoder): A series of upsampling and convolu-
tional layers that restore the image resolution while preserving 
essential features.

4. Skip Connections: Direct links between corresponding encoder 
and decoder layers to retain fine-grained spatial information.

In Fig.  3 a detailed scheme of the proposed UNet model is shown. In this 
diagram, rectangles represent tensors, and arrows indicate different op-
erations, as detailed in the figure legend. In addition, above each rect-
angle the corresponding number of channels (equal to the number of 
convolution filters) is indicated and next to each tensor block the height 
and the width are also displayed. The input to the network consists of 𝑁
channels: N-1 channels corresponding to precipitation-related variables 
predicted by the ensemble members (detailed in Section 2.3.2), along 
with a terrain height map (HGT).

At the bottleneck, additional convolutional blocks are applied to 
capture more abstract features in the low resolution space. Next, the 
decoder where the reconstruction stage takes place is applied. In this 
stage, the network performs upsampling using deconvolution opera-
tions to gradually recover the spatial resolution, followed by two con-
volution blocks. During this process, skip connections are used, where 
feature maps from corresponding encoder layers are concatenated with 
the upsampled features, helping to retain spatial information that might 
otherwise be lost.

When the feature map height and width dimensions match the 
input size, an additional convolutional block is applied to obtain the 
three channels of the final output. These three channels pass through 
a softplus activation function to get a positive output corresponding to 
the three parameters of CSGD for each grid point.

To optimize the distribution parameters in the training process, the 
CRPS metric is minimized, which is related to minimizing the area 
between the Heaviside function shifted by the ground truth (empirical 
CDF) and the CDF of predicted CSGD.
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Fig. 3. Proposed UNet model. In the legend, BN stands for Batch Normalization, and 
Conv. represents Convolution. Multiplication notation indicates kernel size; for example, 
2 × 2 MaxPooling corresponds to max pooling with a kernel size of 2. Additionally, 𝑁
represents the number of input channels.

Optimizing the CRPS function explicitly can entail a large computa-
tional cost. For this reason, a numerical approach previously presented 
in Scheuerer and Hamill (2015) is used: 
CRPS(𝐹𝑘𝑖 ,𝜃𝑖 ,𝛿𝑖 , 𝑦𝑖) = (𝑦𝑖 − 𝛿𝑖)[2𝐹𝑘𝑖 ,𝜃𝑖 (𝑦𝑖 − 𝛿𝑖) − 1]

− 𝜃𝑖𝑘𝑖∕𝜋𝛽
( 1
2
, 𝑘𝑖 +

1
2

)

[1 − 𝐹2𝑘,𝜃𝑖 (−2𝛿𝑖)]

+ 𝜃𝑖𝑘𝑖[1 + 2𝐹𝑘𝑖 ,𝜃𝑖 (−𝛿)𝐹𝑘𝑖+1,𝜃𝑖 (−𝛿𝑖) − 𝐹𝑘𝑖 ,𝜃𝑖 (−𝛿𝑖)
2

− 2𝐹𝑘𝑖+1,𝜃𝑖 (𝑦𝑖 − 𝛿𝑖)] + 𝛿𝐹𝑘𝑖 ,𝜃𝑖 (−𝛿𝑖)
2

(5)

where 𝛽 is the beta function and 𝑖 indicates each grid point. Then, the 
loss function is defined for all those grid points that coincide with the 
locations of the weather stations (N): 

 ∶= CRPS(𝑘, 𝜃, 𝛿, 𝑦) = 1∕𝑁
𝑁
∑

𝑖=1
CRPS(𝐹𝑘𝑖 ,𝜃𝑖 ,𝛿𝑖 , 𝑦𝑖) (6)

Previous studies have shown numerical instabilities with the use of 
this analytical form and propose regularizations (Hu et al., 2023). A 
new regularization in the predicted standard deviation is proposed in 
this study: 
 = CRPS(𝜇, 𝜎𝑟𝑒𝑔 , 𝛿, 𝑦) = CRPS(𝜇, 𝜎 +

√

𝜇, 𝛿, 𝑦) (7)

where the mean 𝜇 and the standard deviation 𝜎 of the predicted 
CSGD are obtained from the relationships 𝑘 = 𝜇2∕𝜎2 and 𝜃 = 𝜎2∕𝜇. 
This regularization ensures that the standard deviation always has an 
uncertainty related to the intensity of the rainfall event, facilitating the 
convergence of the UNet and also improving its performance.

2.3.2. Dimensionality reduction
The precipitation obtained from the 25 different WRF simulations 

can provide a valuable diversity of rainfall information to the UNet 
network allowing it to have a good inference performance, but it 
also has the disadvantage of possibly having a considerable amount 
of redundant information. To check this, different dimensionality re-
duction techniques are investigated: Feature Selection (FS) based on 
the correlation between the ensemble members, Principal Component 
Analysis (PCA), and Down Selection (DS) based on Integrated Gradients 
applied to the UNet trained with the full set of simulations. Although 
the latter methodology is also actually a feature selection method, 
which is performed from the trained model instead of directly using 
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the results of the WRF simulations, it has been decided to use a 
common term in these cases, Down Selection, to distinguish it from 
the former one. Although newer methods for feature number reduction 
have appeared in recent years, the PCA technique, which has been 
widely used in different application fields, has also been used in this 
work. The input channels were previously standardized before using 
these dimensionality reduction techniques.

For feature selection, the 𝐷𝐹𝑆 members of the ensemble set that 
were least correlated with each other were selected. This not only helps 
to minimize data redundancy, allowing the model to capture a greater 
diversity of precipitation patterns with less redundant data, but also 
brings the added benefit of discarding the execution of unused WRF 
models, thus achieving a significant computational saving. Since the 
variables represent the same magnitude (precipitation), linear corre-
lation is a reliable measure of similarity between them. Selecting the 
least linearly correlated variables is, therefore, a simple yet effective 
approach to reduce dimensionality without losing diversity of relevant 
information. In Fig.  4 the correlation matrix of all the variables used in 
this study is shown.

In the case of PCA, the 𝐷𝑃𝐶𝐴 principal components with the highest 
explained variance were chosen. As the principal components consist 
of linear combinations of the precipitation predicted by the ensemble 
members, these components can retain some semantic meaning, allow-
ing the UNet model to capture important patterns from the original data 
without requiring all channels.

The third approach, DS, uses Integrated Gradients (IG) (Sundarara-
jan et al., 2017), a model interpretation method that allows assessing 
the contribution of each input feature to the prediction made by a 
model. IG measures how much the model output varies as the input 
changes, based on the idea that the sensitivity of a feature can be 
estimated by integrating the gradient of the prediction with respect to 
that feature along a path from a baseline point to the current feature 
value. This baseline input is used as a reference point representing the 
‘‘absence’’ of any significant input features. Applying IG to the UNet 
trained with all simulations, the 25 ensemble members were ranked by 
their attribution scores, selecting the 𝐷𝐷𝑆 channels with the highest 
scores. Three cases from the validation set were used to compute IG 
scores, prioritizing cases where the UNet model demonstrated a marked 
improvement over the ensemble mean in precipitation estimation.

For 𝐷𝑃𝐶𝐴 and 𝐷𝐹𝑆 , values of 5, 10, and 15 were tested to train the 
network. From the results in the validation set, the value 10 turned out 
to be the most favorable using the CRPS metric, that will be explained 
in Section 2.5. This corresponds to having a 66% total variance of 
the ensemble explained by the 10 PCA components and a maximum 
ensemble member correlation of 0.37 for the feature selection model. 
Following the previous findings from PCA and Feature Selection, the 
same number (𝐷𝐷𝑆 = 10) was used for Integrated Gradients Down 
Selection method. To these 10 selected channels the HGT map is added 
to get the 11 final input channels.

Regarding the training details of the Unet, several configurations 
were tested, and the optimal parameters were found to be a batch size 
of 32, with the AdamW optimizer and a learning rate of 1𝑒 − 3. The 
model was trained for up to 40 epochs, with early stopping applied, if 
validation performance did not improve for 10 consecutive epochs, to 
prevent overfitting.

The UNet model with feature selection preprocessing will be re-
ferred to as UNet-FS, the model with PCA as UNet-PCA, and the model 
with Integrated Gradients Down Selection as UNet-DS.

To ensure a fair comparison across all methodologies, the feature 
selection approach applied to UNet-FS was also implemented for the 
other models, including the original WRF ensemble. This guarantees 
that all models are tested with the same reduced set of relevant input 
features, allowing a more controlled evaluation of their effectiveness 
across models. To facilitate the identification of all the models to be 
tested, their acronyms and the type of approach used, a summary is 
presented in Table  2.
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Fig. 4. Lower triangle of the correlation matrix using the 25 WRF ensemble members and HGT map.
Table 2
Summary of models used in this study.
 Model type Model name Dimensionality Distribution type 
 Reduction  
 
UNet

UNet-All None CSGD  
 UNet-PCA PCA CSGD  
 UNet-FS FS CSGD  
 UNet-DS DS CSGD  
 Analog AnEn None Empirical CDF  
 ensemble AnEn-FS FS Empirical CDF  
 CSGD PredCSGD None CSGD  
 based EMOS PredCSGD-FS FS CSGD  
 ANN ANN-CSGD None CSGD  
 ANN-CSGD-FS FS CSGD  
 Ensemble Ensemble None Empirical CDF  
 Ensemble-FS FS Empirical CDF  
2.4. Experimental setup

The experiments are divided into two groups. Firstly, the prediction 
skills at the weather stations are compared and, in a second stage, 
the spatial generalization capabilities of the UNet network are tested 
leaving stations out of the training.

For all the experiments the hourly precipitation data are divided by 
day into training (70%), validation (15%) and test (15%) sets. As the 
observational data are not balanced, with most days having no rainfall, 
in order to maintain a similar ratio in the different sets, the splitting is 
done in a stratified way by daily rainfall amount. Specifically, the daily 
amount of rainfall averaged by the weather stations was divided into 
four bins given by these limits: (0, 0.1, 4, 10, ∞). These four bins are 
the ones that maintained their proportionality in the three data sets. 
As the division is made by daily rainfall, all hours associated with each 
day are included in the same set.

Additionally, for the spatial generalization experiment, the station 
data are divided into 5 random folds. So the network is trained with the 
7 
training data and stations from four of the folds and in the validation 
and test set the remaining fold is used. The folds are then rotated 
until all folds have been once in the separated set (a total of 5 runs). 
Regarding the benchmark methods, since a different model was trained 
for each station, it is not possible to assess the model’s generalization 
to other geographical locations.

2.5. Evaluation metrics

Forecast quality is assessed through a suite of deterministic and 
probabilistic metrics, along with diagnostic tools that evaluate cali-
bration and bias. Deterministic metrics, such as the Mean Absolute 
Error (MAE), Relative Bias, and Root Mean Square Error (RMSE), as-
sess direct deviations between forecasts and observations. Probabilistic 
metrics, including the Continuous Ranked Probability Score (CRPS) 
and Brier Score (BS), evaluate the quality of uncertainty estimation in 
forecasts. An additional diagnostic tool, the Reliability Diagram, helps 
to illustrate the calibration of probabilistic forecasts methods.
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2.5.1. Deterministic metrics
The MAE and RMSE measure the accuracy of deterministic fore-

casts by quantifying the error between observed and predicted values 
while the Relative Bias assesses the systematic tendency to over- or 
underpredict: 

MAE = 1
𝑁

𝑁
∑

𝑖=1
|𝑦𝑖 − 𝑦̂𝑖|,

RMSE =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2,

Relative Bias = 1
𝑁

𝑁
∑

𝑖=1

𝑦̂𝑖 − 𝑦𝑖
𝑦𝑖 + 𝜖

(8)

where 𝑦𝑖 represents observations, 𝑦̂𝑖 the predictions, 𝑁 the number of 
observations, and 𝜖 is a small constant added to prevent division by zero 
(0.01). MAE provides a straightforward measure of average absolute 
error, while RMSE penalizes larger errors more heavily due to squaring, 
making it more sensitive to extreme discrepancies. The Relative Bias 
indicates whether the forecast tends to overestimate (positive values) 
or underestimate (negative values) the observations. Lower values, 
particularly lower absolute values for Relative Bias, indicate better 
forecast accuracy.

2.5.2. Continuous ranked probability score (CRPS)
The Continuous Ranked Probability Score (CRPS) is used to eval-

uate probabilistic forecasts by comparing the cumulative distribution 
function (CDF) of the forecast with the observed value. For a forecast 
with cumulative distribution function 𝐹 (𝑦) and observation 𝑦, CRPS is 
defined as: 

CRPS(𝐹 , 𝑦) = ∫

∞

−∞

(

𝐹 (𝑥) −𝐻{𝑥≥𝑦}
)2 𝑑𝑥 (9)

where 𝐻{𝑥≥𝑦} is the Heaviside step function, which equals 1 when 
𝑥 ≥ 𝑦 and 0 otherwise. The CRPS penalizes deviations between the fore-
cast CDF and the actual empirical CDF (with the Heaviside function), 
effectively summarizing the forecast reliability and sharpness. Lower 
CRPS values indicate better probabilistic forecasts, as they represent 
smaller discrepancies between predicted and observed distributions. 
For deterministic forecasts, the CRPS simplifies to the MAE when 
evaluating against observed values, as both metrics effectively capture 
the magnitude of forecast errors.

2.5.3. Brier score (BS)
The Brier Score (BS) measures the accuracy of probabilistic forecasts 

for binary events, such as whether a precipitation threshold occurs 
(yes/no). It is defined as: 

BS = 1
𝑁

𝑁
∑

𝑖=1
(𝑝𝑖 − 𝑜𝑖)2 (10)

where 𝑝𝑖 is the predicted probability of the event, 𝑜𝑖 is the observed 
outcome (1 if the event occurs, 0 otherwise), and 𝑁 is the number of 
instances. The Brier Score ranges from 0 to 1, with values closer to 
0 indicating more accurate probability forecasts. BS evaluates both the 
reliability and resolution of probabilistic forecasts, making it a valuable 
metric for assessing forecast quality in categorical prediction tasks.

2.5.4. Reliability diagram and calibration errors
The reliability diagram is a graphical tool to assess the calibration 

of probabilistic forecasts. It plots the observed relative frequency of an 
event against the predicted probability (Wilks, 2011). In this case, the 
event consists in exceeding a certain precipitation threshold. Perfect 
calibration corresponds to points lying along the diagonal. Deviations 
indicate whether forecasts are underconfident (below the diagonal) or 
overconfident (above the diagonal).

To quantify the degree of miscalibration observed in reliability 
diagrams, two metrics are commonly used (Guo et al., 2017):
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• Expected Calibration Error (ECE), defined as: 

ECE =
𝐵
∑

𝑏=1

𝑛𝑏
𝑁

|acc(𝑏) − conf(𝑏)| (11)

where 𝐵 is the number of bins used to create the reliability 
diagram, 𝑛𝑏 is the number of samples in bin 𝑏, 𝑁 is the total 
number of samples, acc(𝑏) is the observed frequency in bin 𝑏, and 
conf(𝑏) is the mean forecast probability in the bin. ECE reflects 
the average discrepancy between confidence and accuracy across 
bins.

• Maximum Calibration Error (MCE), which measures the worst-
case deviation: 
MCE = max

𝑏=1,…,𝐵
|acc(𝑏) − conf(𝑏)| (12)

This metric emphasizes the largest error across all probability bins 
and is useful to detect extreme miscalibration even if the overall 
average is low.

Together, the reliability diagram, ECE, and MCE provide a comprehen-
sive view of how well the predicted probabilities align with observed 
event frequencies, helping to identify whether forecasts are trustworthy 
in a probabilistic sense.

2.5.5. Skill score
To enable fair comparison between models, skill scores (SS) are 

computed for each metric (if applicable). The skill score compares a 
forecast to a reference model (e.g., the raw ensemble): 

SS = 1 −
𝑀forecast
𝑀reference

(13)

where 𝑀 denotes the value of the metric (e.g., CRPS, RMSE, BS). A 
skill score of 1 indicates a perfect forecast, 0 indicates parity with the 
reference, and negative values denote worse performance. By normal-
izing each metric in this way, the skill score allows for a consistent and 
interpretable comparison of forecast accuracy across RMSE, MAE, CRPS 
and BS.

3. Results

This section presents a comprehensive evaluation of the proposed 
models. First, the prediction skills are compared in the test set at the 
weather station locations. Then, an input sensitivity analysis is carried 
out to assess the relative influence of each ensemble member on the 
UNet predictions. Next, the ability of the models to generalize spatially 
is assessed through cross-validation on unseen locations. Finally, it is 
explored how the model performance is affected when the percent-
age of training stations is reduced, evaluating robustness under more 
constrained data scenarios.

Besides Relative Bias and Reliability Diagrams, the analysis evalu-
ates MAE, RMSE, CRPS, BS(> 0.1 mm) and BS(> 99th percentile) skill 
scores using the ensemble mean as the reference, as it yields lower 
errors than individual simulations (Table  1). These scores are calcu-
lated for each observation site independently, computing also their 
confidence interval using bootstrapping (Ferro, 2007) by taking 1000 
random samples with replacement. In particular, a block bootstrap has 
been used to resample the data in a way that respects the underlying 
serial dependence, since the assumption of independent random sam-
ples may provide narrower intervals than the real ones when serial 
correlation is present in the time series (Ferro, 2007; Wilks, 2010). The 
method proposed by Politis et al. (2004), and subsequently corrected 
by Patton et al. (2009), was used to estimate the size of the blocks. 
The values of the scores will be presented using box plots, one for each 
model considered (Table  2), in order to represent the dispersion of the 
results across the 130 observation sites. Specifically, the shaded boxes 
correspond to the 25–75 percentile interval, while the whiskers cover 
the 5%–95% interval. In addition, the values averaged over all locations 
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are presented, with the corresponding confidence intervals, calculated 
by propagating the intervals of the individual scores, assuming that 
they are independent.

In order to calculate RMSE, MAE and Relative Bias for the analysis, 
the expected value of the distribution is taken as the deterministic value 
of the models.

3.1. Forecasting performance

3.1.1. Overall metrics
Figs.  5 and 6 present the skill score results of the probabilistic and 

deterministic metrics, respectively. The CRPSS results (Fig.  5(a)) show 
that all tested approaches (except Ensemble-FS) achieve positive values, 
confirming their improvement over the ensemble reference. All UNet-
based architectures exhibit slightly higher median CRPSS values in the 
boxplots and higher mean CRPSS values (red markers), indicating their 
ability to enhance probabilistic forecasting. Furthermore, as the box 
plots illustrate, the improvement with respect to the ensemble occurs 
in most of the locations. However, differences among the UNet models 
(and other tested approaches) are not statistically significant within the 
95% confidence level, showing the difficult task of processing hourly 
rainfall. The PredCSGD models also show competitive results, while 
ensemble-based methods like AnEn and AnEn-FS display slightly lower 
but still positive skill scores. Notably, the ANN-CSGD models present 
a wider spread, suggesting higher variability in their probabilistic 
forecasts.

For the BSS metric at the 0.1 mm threshold (Fig.  5(b)), the models 
exhibit significant variability in their ability to predict rainfall oc-
currence. UNet models achieve the highest skill scores and median 
values, but the overlapping confidence intervals prevent establishing 
a definitive advantage. The ANN-CSGD models, both with and without 
feature selection, do not perform as well as the other models, although 
they are still better than the ensemble mean.

To further evaluate model performance under rare-event conditions, 
Fig.  5(c) shows the BSS results for the 99th percentile precipitation 
threshold. As expected, skill scores are generally lower for all models 
in this more challenging context. UNet models retain slightly positive 
median and averaged values, whereas Ensemble-FS and ANN-CSGD 
models exhibit scores closer to or below zero. Conversely, the results 
of the PredCSGD variants are centered near zero; although they may 
appear lower, they are not statistically distinguishable from the UNet 
models at the 95% confidence level. These results, where no model 
shows a clear improvement over the reference ensemble, underline the 
difficulty of predicting extreme rainfall events.

Figures S1 and S2 in the supplementary material, show the spatial 
distribution of the CRPSS and BSS(> 0.1 mm) skill scores. These maps 
do not show clear spatial patterns. In general, post-processing methods 
tend to achieve greater skill on the western part of the central island 
(Tenerife) and on the easternmost island (Gran Canaria).

Furthermore, to explore model behavior over lead time, Figures 
S3 and S4 in the supplementary material show the hourly evolution 
of the CRPSS and BSS(> 0.1 mm) across the forecast horizon. UNet-
based models maintain the highest average skill throughout nearly all 
hours, showing robustness across the lead forecast period. Since the 
skill scores compare each method to the reference one, the absence of 
a clear trend may mean that both corresponding scores behave over 
time in a similar manner. 

Fig.  6 presents the results for the deterministic metrics (RMSESS, 
MAESS and Relative Bias), following the same structure as the proba-
bilistic metrics. These deterministic metrics, while losing the probabilis-
tic information of the models, provide more information on the models’ 
ability to reduce biases and absolute and squared errors relative to the 
ensemble mean.

The RMSESS results (Fig.  6(a)) suggest that UNet-based and Pred-
CSGD models are the only ones showing moderate improvements in 
deterministic forecasting. The feature selection variants (UNet-FS and 
9 
Fig. 5. Skill score results of probabilistic metrics with the ensemble of WRF simulations 
as reference. Red error bars indicate 95% confidence intervals of the mean across 
locations, while boxplots display individual skill scores for each station.

ANN-CSGD-FS) demonstrates competitive performance while requiring 
fewer inputs, indicating that reducing the number of ensemble mem-
bers does not strongly impact deterministic forecast accuracy. On the 
other hand, the spread in RMSESS is more pronounced for AnEn-FS 
and ANN-CSGD-FS, reflecting the model inconsistencies across sta-
tions when reducing ensemble members. Similarly, the MAESS metric 
(Fig.  6(b)) suggests that all models, except analog-based methods and 
Ensemble-FS, show a robust improve upon the ensemble mean, with no 
single approach displaying a dominant advantage.
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An important point to note is that RMSE penalizes large errors 
more heavily due to the squared differences, making it particularly 
sensitive to deviations in extreme precipitation events. MAE, by taking 
the absolute differences rather than squared differences, is less sensitive 
to large errors. The higher MAESS values compared to RMSESS further 
confirm this behavior, suggesting that while post-processing generally 
reduces absolute error, their ability to mitigate large overpredictions or 
underpredictions is more limited.

To complement the analysis, Fig.  6(c) shows the Relative Bias 
of each method. All UNet-based architectures display low bias, with 
median values close to zero and narrow interquartile ranges, indicat-
ing a stable central tendency in their predictions. ANN-CSGD models 
also maintain low and consistent bias values. In contrast, ensemble-
based methods and AnEn variants show a systematic tendency to-
ward overestimation, with wider dispersion and significantly higher 
mean bias, especially for Ensemble-FS and AnEn-FS. PredCSGD models 
present intermediate behavior, with low medians but slightly higher 
variability. 

Overall, feature selection does not seem to deteriorate the quality 
of the models, indicating that reducing the number of simulations does 
not significantly diminish ensemble variability. Evidence of this is that 
the Ensemble-FS model achieves very similar results in the metrics 
to the raw ensemble, as shown by skill score error bars centered at 
zero. Additionally, no significant differences are observed between the 
use of principal components (UNet-PCA) and feature selection (UNet-
FS and UNet-DS), suggesting that both methods effectively preserve 
the key variability of the ensemble while reducing input dimension-
ality, with no statistically significant advantage of one approach over 
the other in terms of forecast skill. However, PCA requires an extra 
preprocessing step and the use of all ensemble members, while fea-
ture selection can be directly applied based on correlation analysis, 
potentially simplifying implementation and reducing computational 
overhead.

In addition to skill scores, forecast reliability is evaluated in Fig. 
7, which presents reliability diagrams for a 0.1 mm threshold. Each 
plot compares predicted probabilities to observed frequencies, with Ex-
pected Calibration Error (ECE) and Maximum Calibration Error (MCE) 
also reported in each panel. UNet models, particularly UNet-FS and 
UNet-PCA, are the best calibrated, showing smooth curves close to 
the diagonal and lower ECE/MCE values. This seems to indicate the 
benefits of dimensionality reduction with PCA for the results but es-
pecially of the FS feature selection methodology, which has reduced 
the number of ensemble members that are used. PredCSGD models 
closely follow results of UNets, and raw ensemble methods (both with 
all channels and with FS approach) tend to overpredict rainfall oc-
currence, evidenced by a calibration function entirely located to the 
right of the 1:1 line, and by the highest calibration errors. ANN-
CSGD models present more erratic reliability curves and large MCEs, 
consistent with their wider spread in skill scores. AnEn models show 
reasonable calibration but with a tendency toward underconfidence, 
especially in low-probability bins. These results reinforce the advantage 
of convolutional approaches, not only in improving skill scores but also 
in delivering reliable probabilistic forecasts.

3.1.2. Input sensitivities
To assess the relative attribution of each input feature to the UNet 

model’s accuracy in precipitation forecast, a comprehensive sensitivity 
analysis was conducted in order to identify the most influential factors 
driving the UNet model’s rainfall forecasting capabilities. The purpose 
is to gain insight into how the network prioritizes features such as 
specific ensemble members or spatial patterns, thus contributing to the 
understanding of its predictions.

To this end, Integrated Gradients (IG) technique is used to study the 
sensitivities of the final UNet models. The IG attribution technique was 
conceptually presented in Section 2.3.2 to explain the Down Selection 
method applied to the UNet trained with all input variables. Readers 
10 
Fig. 6. Same as Fig.  5 but for deterministic metrics.

can also refer to Sundararajan et al. (2017) for more details on how IG 
works.

To implement this technique, the following procedure is used:

1. Three of the rainiest samples of the ensemble were chosen in the 
test set. Also, zero values were used as baseline inputs.

2. Attributions were calculated using IG at the locations of the 
weather stations in the three channels of the UNet output maps, 
these attributions were summed for each input channel.

3. Additionally, for the PCA model case, the principal component 
matrix was used to reverse the change of basis and thus express 
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Fig. 7. Reliability diagrams for all models at a 0.1 mm precipitation threshold. Inset histograms show the count of samples per bin in logarithmic scale.
the contributions in the original space to make them compara-
ble with the feature selection results. All final sensitivities are 
expressed in absolute value.

Fig.  8 shows the sensitivities of the 10 PCA components plus the 
HGT map for the UNet-PCA model. Looking at the principal compo-
nents, it can be seen that the model is, as expected, highly sensitive to 
the first component, while for the rest of the components the model is 
equally sensitive with a very low sensitivity. The analysis of the PCA 
transformation revealed that the first principal component is close to 
the average of the ensemble members (although not normalized). This 
makes sense since the ensemble average is usually taken to give the 
11 
final results of the ensemble. In addition, since all the original variables 
contribute a significant weight in the formation of the first principal 
component, this also explains why the sensitivity of this component is 
high.

On the other hand, a very high sensitivity of the model to the HGT 
map can be seen, even higher than the first principal component. It 
is important to note that the high sensitivity of the HGT map does 
not directly imply that this channel is the most important for the 
prediction in all instances, but rather indicates that the precipitation 
outputs are highly dependent on how the inputs vary with respect to the 
fixed topography of the area. Since the value of HGT does not change 
between instances of the dataset, its high sensitivity reflects how the 
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Fig. 8. Channel sensitivities with respect to the output in the location of the weather 
stations for UNet-PCA model.

model adjusts its rainfall prediction for different meteorological inputs 
depending on the underlying topographic structure. This suggests that 
the variations of the other channels are modulated by the terrain, 
which is crucial to improve precipitation predictions in orographically 
complex regions such as the Canary Islands.

Continuing with the analysis, Fig.  9 shows the sensitivities of all 
Unet-based models, with the UNet-PCA broken down into the original 
variables by undoing the PCA transformation. In addition, the bars cor-
responding to the 11 channels with the highest sensitivity are colored 
in a darker red. For the feature selection and down selection models 
this corresponds to all input channels. In all models, it is observed a 
clear trend again: the HGT map presents the highest sensitivity by far 
compared to other channels. This reinforces the idea of the dependence 
of the final results of the UNet models on the orography.

Regarding the channels corresponding to the ensemble members, 
for UNet-PCA and UNet-All a similar sensitivity can be observed for all 
members, none of them exceeding 0.1. So these models seem to spread 
the sensitivity over the whole ensemble benefiting from their variety. 
Especially for UNet-PCA this behavior is clear, where the attribution to 
the HGT map is not as high as in UNet-All and all ensemble members 
have a similar contribution to each other. This is consistent with Fig. 
8, as the first principal component had high sensitivity, undoing the 
decomposition spreads its sensitivity across all features. For UNet-FS 
the sensitivity of the inputs is not as equally distributed, which could be 
understandable due to the differences in the dimensionality reduction 
approach. The model seems to give important attributions to individual 
members such as GEM_mynn2mc and GFS_uwtc, the latter being the 
member with the best RMSE metric obtained individually for rainfall 
prediction (see Table  1). By reducing the number of members at the 
UNet input, the model seems to start paying attention to individual 
advantages of each member. In this sense, it makes sense to look at a 
member with competent results such as GFS_uwtc. In the case of UNet-
DS, which had not reached as competitive results as the rest in the test 
set as shown in the previous Section 3.1.1, the attribution to ensemble 
members is not as localized as in UNet-FS, giving larger importance to 
the HGT map. Even so, model attribution is still observed not only to 
GFS_uwtc but also to GEM_uwtc, which is the second best performing 
RMSE member (Table  1).

3.2. Spatial generalization performance

As previously mentioned in Section 1, the benchmark methods are 
mainly focused on obtaining results only at the grid points correspond-
ing to weather station locations. However, since the predictions of 
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mesoscale numerical models, such as WRF, provide results on a grid 
covering the entire area of interest, postprocessing methods that could 
directly improve the outputs of such models not only at those points 
where observations are available, but throughout the entire simulation 
domain, would be desirable (Yang et al., 2021).

To rigorously assess the network’s ability to generalize spatially, 
that is, to predict precipitation at locations not included in training, 
a five-fold cross-validation strategy is employed. In each fold, one-
fifth of the weather stations are set aside for evaluation, ensuring that 
the model’s performance is evaluated on unseen grid points in every 
fold. This methodology provides insight into the model’s capacity to 
interpolate precipitation patterns across the entire domain based on 
limited observation points.

Figs.  10 and 11 illustrate the probabilistic and deterministic metrics, 
respectively. In the case of skill scores, they are computed using the 
ensemble mean as the reference forecast. These figures follow the same 
plotting scheme as Figs.  5 and 6, described in the initial paragraph 
of Section 3. The results are concatenated across all test splits (one 
for each fold) to provide a comprehensive evaluation. Additionally, 
Ensemble-FS results are also shown as it directly provides precipitation 
maps with the selected WRF simulations.

The results confirm that the UNet-based models are able to gener-
alize well to unseen grid points, maintaining positive skill scores in 
both probabilistic and deterministic verification metrics. Specifically, 
BSS (> 0.1 mm), MAESS and Relative Bias show statistically significant 
improvement (with 95% level) to the ensemble and ensemble with fea-
ture selection (Ensemble-FS) suggesting that the proposed UNet models 
specially enhance light-to-moderate rainfall predictions and improve 
the calibration of overall bias even at locations not seen during training.

Regarding extreme precipitation events, the BSS (99th percentile) 
metric (Fig.  10(c)) reveals no statistically significant improvement over 
the ensemble. Although the UNet models do not underperform in 
these cases, their advantage over the ensemble diminishes when it 
comes to rare, high-intensity rainfall. This highlights that, while spatial 
generalization is preserved for common rainfall intensities, capturing 
extremes at unseen locations remains a challenging task.

Further analysis of the different UNet variants reveals that mod-
els leveraging dimensionality reduction techniques (UNet-PCA, UNet-
DS and UNet-FS) do not exhibit a degradation or improvement in 
performance compared to UNet-All, which directly uses all ensemble 
members. This reinforces the idea that reducing input dimensionality, 
whether through principal component analysis or feature selection, 
does not discard crucial information for spatial generalization.

Overall, the results support the applicability of UNet-based archi-
tectures for high-resolution precipitation mapping across the Canary 
Islands. Furthermore, they highlight the potential for reducing the 
high computational cost of WRF simulations by using fewer ensemble 
members (as in UNet-FS and UNet-DS), while maintaining predictive 
performance.

3.3. Effect of training station density

To assess the importance of station density for training spatial 
models, we conducted an additional experiment in which the number 
of training stations was progressively reduced, while keeping the test 
stations set fixed. The UNet-FS model was retrained using 80%, 60%, 
40%, and 20% of the original training stations, corresponding to 104, 
78, 52, and 26 weather stations, respectively. Fig.  12 shows the result-
ing bootstrap confidence intervals of the CRPSS, RMSESS, BS(0.1), and 
BS(99th percentile) skill scores. Boxplots show the dispersion of skill 
scores across the test stations.

The results of this station reduction experiment show a logical 
but not very pronounced degradation of skill scores in all metrics as 
the number of training stations is reduced. This trend is evident in 
CRPSS, RMSESS, and BS metrics. While the median values remain 
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Fig. 9. Channel sensitivities with respect to the output in the location of the weather stations. The 11 channels with higher sensitivities are colored in a darker red.
relatively stable, the spread of the scores, specially shown in the box-
plots, increases noticeably with fewer training stations. This suggests a 
moderate deterioration in prediction precision and spatial generaliza-
tion when less spatial information is available during training, though 
the proposed method is still valuable, improving some of the metrics 
with respect to the ensemble even when a low number of stations are 
available for training. However, the impact is particularly significant 
in the prediction of extreme events, as reflected in the confidence 
intervals of BSS at 99th percentile threshold metric (Fig.  12d). This 
indicates that with fewer training stations, the network may resort to 
learning more global corrections of the input WRF ensemble rather than 
capturing localized variability, which negatively affects its ability to 
properly correct for high rainfall values. This loss of resolution in the 
extremes underscores the importance of a dense and geographically 
diverse observational network when training deep learning models for 
spatial postprocessing.

4. Summary and conclusions

This study presented a comprehensive analysis of different data-
driven postprocessing models applied to the Canary Islands, in order 
to improve ensemble numerical WRF precipitation forecasting outputs. 
The results demonstrated that the proposed models based on the UNet 
architecture, without dimensionality reduction and with it through 
PCA, feature selection and down selection, performed as well as or 
better than traditional benchmarks such as Censored Shifted Gamma 
Distribution fitting with Ensemble Model Output Statistics (EMOS), 
Analog Ensemble and ANN in all analyzed metrics. The proposed UNet 
models efficiently learned the parameters of a CSGD to capture forecast 
uncertainty effectively.

The results demonstrate that UNet-based models consistently out-
perform the WRF simulations ensemble mean, achieving positive skill 
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scores across all tested probabilistic (CRPSS, BSS) and deterministic 
(MAESS, RMSESS) metrics, and reducing Relative Bias. Specially, the 
models showed an enhance in the prediction of light-to-moderate rain-
fall events. These improvements suggest that deep learning architec-
tures can effectively learn spatial precipitation patterns from sparse ob-
servations, leveraging convolutional operations to infer high-resolution 
output maps.

Despite the overall positive results, significant variability was ob-
served in the skill scores across different locations, as reflected by the 
large interquartile ranges and extended whiskers in the boxplots. This 
variability highlights the challenging nature of spatial generalization, 
indicating that forecast performance depends in some way on the 
station locations. Nevertheless, the fact that the majority of skill score 
distributions lie above zero confirms that UNet models consistently 
outperform the raw ensemble forecast, even in unseen locations during 
UNets training. These findings suggest that the deep learning approach 
effectively captures spatial precipitation patterns, even when trained 
with sparse observational data.

The integration of the HGT variable as an additional input further 
contributed to the success of the UNet models, particularly in orograph-
ically complex regions. The sensitivity analysis using Integrated Gradi-
ents highlighted the significance of the terrain’s topography, showing 
that the incorporation of the static variable HGT in the UNet models 
adequately modulates rainfall forecasts. This underlines the necessity 
of incorporating terrain information in precipitation models for regions 
with complex geographical features.

This study demonstrates that convolutional neural networks like 
UNet, combined with dimensionality reduction techniques such as 
PCA, feature selection, and down selection, are highly effective for 
hourly precipitation forecasting in complex geographical regions. The 
proposed feature selection methodology significantly reduces the need 
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Fig. 10. Skill score results of probabilistic metrics with the ensemble as reference. Red 
error bars show 95% confidence intervals from bootstrapping and blue boxplots show 
individual skill scores across stations. The results are constructed by concatenating the 
test splits from each of the 5 folds.

for computationally expensive numerical simulations while maintain-
ing predictive accuracy. Results show that models utilizing principal 
component analysis (UNet-PCA) and feature selection (UNet-FS, UNet-
DS) perform comparably to the full-input model (UNet-All). Notably, 
UNet-FS and UNet-DS achieve this efficiency by discarding 15 WRF 
simulation members without compromising predictive quality.

Overall, the results suggest that convolutional-based architectures 
like UNet offer a promising framework for ensemble post-processing. 
Their ability to generalize spatially, learn from limited observational 
14 
Fig. 11. Same as Fig.  10 but for deterministic metrics.

data, and incorporate orographic influences makes them well-suited 
for high-resolution precipitation forecasting in complex terrain regions. 
Further research could explore more sophisticated dimensionality re-
duction techniques like auto-encoders (Michelucci, 2022) and/or the 
use of additional predictors from each ensemble member, such as the 
Integrated Vapor Transport (IVT) which has also been shown to be 
possibly relevant for rainfall forecasting (Hu et al., 2023). Additionally, 
it would be interesting to compare the performance of the CSGD against 
other advanced postprocessing distributions such as the hurdle EBXII 
distributions((Jin et al., 2024).
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Fig. 12. Skill metrics and their associated uncertainty (95% CI) for different proportions of training stations.
5. Software and data availability

The codebase for this study is built using PyTorch, a Python-based 
deep learning library. All code used in this work is publicly available 
in a GitHub repository, along with principal documentation provided 
in the README.md file. This README file also contains guidance 
for downloading and using the data and the pre-trained models used 
in this study. The repository can be accessed at https://github.com/
marcosesgonz/ProbabilisticPostprocessingPrecipitationUNets.
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