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ABSTRACT

Seasonal weather forecasts are crucial for water-related sectors. However, the presence of systematic biases
limits the usefulness of global seasonal weather forecasts produced by numerical weather prediction models.
Although statistical postprocessing approaches, such as empirical quantile mapping, are widely used to
improve accuracy and reliability, they have limitations in the accuracy of forecast values outside the training
period and difficulties in incorporating multiple static and dynamic environmental variables to capture non-
linear dependencies. This study seeks to overcome these limitations by implementing a neural network-based
distributional regression method as a postprocessing tool. The study investigates the performance of these
methods using seasonal forecasts of total precipitation and 2-meter temperatures for a one-month lead time
over the Trentino-South Tyrol region in the northeastern Italian Alps. The forecast dataset is the fifth-generation
seasonal weather forecast system (SEAS5) generated by the European Centre for Medium-Range Weather
Forecasts (ECMWF), which has a 0.125° x 0.125° horizontal grid resolution with 25 ensemble members over
the period from 1981 to 2016. The reference dataset is a high-resolution (250 m x 250 m) gridded observational
data over the region. The performance of both methods is evaluated with a focus on the effects of forecast
lead times, location, and seasonal variability. Results show that the neural network-based approach consistently

outperforms empirical quantile mapping, especially during short lead times and at higher elevations.

1. Introduction

One of the most important objectives of using seasonal weather
forecasting is to assist water management strategies with the provision
of streamflow forecasts generated by a hydrometeorological modeling
chain (Emerton et al., 2018; Vogel et al., 2021; Robertson et al., 2024).
In particular, hydrological models driven by weather forecasts can play
a crucial role in the water-energy-food nexus (Kumar et al., 2023),
allowing decision-makers to optimize planning and resource allocation
in critical sectors such as water and energy, thereby ensuring that com-
munity needs are more effectively addressed (Klemm and McPherson,
2017; Alexander and Block, 2022). Furthermore, accurate streamflow
forecasts are also essential for mitigating risks associated with extreme
weather events, such as droughts and floods, thereby facilitating the op-
timal operation and management of hydraulic infrastructure (Tripathy
et al., 2020).

These challenges are particularly acute in the Alpine region, often
referred to as Europe’s “water tower”, due to its unique topographic
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and climatic characteristics (Hohenwallner et al., 2011; Brouwer et al.,
2013). The unique topography and climatic characteristics of the Alpine
region not only play a pivotal role in shaping precipitation patterns,
hydrological processes, and regional water balances (Viviroli and Wein-
gartner, 2004) but also are considered a hot-spot for the likely effects
of climate change (Viviroli et al., 2007; Gobiet et al., 2014; de Jong,
2015; Arnoux et al., 2020).

In response to these challenges, considerable efforts have been made
to enhance the performance of numerical weather prediction (NWP)
models, including seasonal models (Johnson et al., 2019; Brotzge et al.,
2023), by applying postprocessing methods designed to correct er-
rors in raw ensemble forecasts (Hemri et al., 2014; Vannitsem et al.,
2018). Furthermore, Crochemore et al. (2016) illustrated that post-
processed forecasts could improve the skill of streamflow forecasts
for lead times of up to 3 months. Golian and Murphy (2022) com-
pared different statistical postprocessing methods in improving the
accuracy of seasonal precipitation forecasts from ECMWF-SEAS5 over

Received 7 April 2025; Received in revised form 21 July 2025; Accepted 21 July 2025

Available online 29 July 2025

0309-1708/© 2025 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

nc-nd/4.0/).


https://www.elsevier.com/locate/advwatres
https://www.elsevier.com/locate/advwatres
https://orcid.org/0000-0003-3619-0021
https://orcid.org/0000-0002-3467-4375
https://orcid.org/0000-0002-0136-5672
https://orcid.org/0000-0003-3471-7408
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://github.com/Sam-Uttarwar/NN_arch.git
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://doi.pangaea.de/10.1594/PANGAEA.924502
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
https://www.ecmwf.int/en/forecasts/dataset/operational-archive
mailto:sameer.uttarwar@unitn.it
https://doi.org/10.1016/j.advwatres.2025.105061
https://doi.org/10.1016/j.advwatres.2025.105061
http://crossmark.crossref.org/dialog/?doi=10.1016/j.advwatres.2025.105061&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

S.B. Uttarwar et al.

lead times of 1-6 months. Over the past years, the use of machine
learning (ML) techniques has been gaining significant attention, often
outperforming traditional state-of-the-art postprocessing methods such
as ensemble model output statistics (EMOS; Gneiting et al., 2005)
and Bayesian model averaging (BMA; Raftery et al., 2005). ML-based
approaches offer the distinct advantage of straightforwardly enabling
the incorporation of additional predictor variables beyond the ensemble
forecasts of the target variable, while effectively capturing non-linear
dependencies in a data-driven manner (Vannitsem et al., 2021).

In a pioneering paper, Rasp and Lerch (2018) employed neural
networks (NNs) to estimate the parameters of a specified probability
distribution for 2-m temperature at a lead time of 48 h, allowing for
the modeling of non-linear relationships between arbitrary predictor
variables (i.e., ensemble predictors and station-specific information)
and forecast distribution parameters. This parametric distributional
regression approach and related methods have been extended towards
other weather variables and use cases, including wind gusts (Schulz
and Lerch, 2022) and solar irradiance (Horat et al., 2024). Ghazvinian
et al. (2021) utilized an NN-based approach that outperforms EMOS
schemes in postprocessing ensemble forecasts of precipitation, specifi-
cally focusing on spatially averaged precipitation at the sub-basin level
with a seven-day lead time.

Motivated by the successes of ML methods on shorter time scales
and the broader need to enhance seasonal forecasting skills in alpine
regions, this study aims to evaluate the performance of these tech-
niques for probabilistic postprocessing of two key hydrometeorologi-
cal variables - precipitation and temperature — in regions character-
ized by complex terrain. Specifically, the evaluation focuses on the
Trentino-South Tyrol region, situated in the northeastern Italian Alps,
and utilizes the reforecasts from the European Centre for Medium-
Range Weather Forecasts - System 5 (ECMWF-SEAS5; Johnson et al.,
2019) for the period 1981-2016. The standard Empirical Quantile
Mapping (E-QM) approach is employed here as a benchmark for com-
parison. Given the topographic and climatic diversity, the region is a
challenging case study for further developing advanced postprocess-
ing techniques for seasonal weather forecasting. Understanding the
dependencies of different static and dynamic environmental processes
with respect to complex topography is crucial for improving forecast
accuracy. The static processes include elevation that remains constant
over time and affects the atmospheric circulation, moisture content,
and energy fluxes. On the other hand, dynamic processes, such as
precipitation, temperature, wind patterns, cloud cover, and humidity,
are time-varying and dependent on terrain characteristics.

A key novelty of this work is its departure from the site-specific
training and evaluation of NN schemes used in previous studies. In-
stead, this study utilizes the gridded observational product devel-
oped by Crespi et al. (2021a), which provides accurate data at a
250 m x 250 m resolution at a daily time scale for the period of
1981-2018. To the best of our knowledge, this study is the first applica-
tion of an NN-based probabilistic postprocessing approach for seasonal
weather forecasts using a high-resolution gridded observational dataset
over the topographically complex Alpine region, also targeting fore-
casts at a daily timestep, an aspect which is particularly valuable for
hydrological applications in the region. While we acknowledge that the
use of a gridded observation dataset is subject to an additional source
of uncertainty related to the interpolation procedure, which sums up
to the inherent bias present in any measurement data, the benefit
of producing high-resolution postprocessed forecast data is of pivotal
importance for hydrological applications in a complex topographic
domain like the Alpine region.

The remainder of the paper is organized as follows: Section 2 de-
scribes the study area and data. Section 3 provides a detailed overview
of the empirical quantile mapping (E-QM) and neural network (NN) sta-
tistical postprocessing techniques. Section 4 evaluates and discusses the
forecast performance of both these methods, and finally, in Section 5,
concluding remarks are drawn.
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2. Study area and datasets
2.1. Study area

The Trentino-South Tyrol region is geographically located between
latitude 45.5° to 47.5°N and longitude 10.5° to 12.5°E with an area of
approximately 13,000 km?. The region is located in the northeastern
Italian Alps (as depicted in the inset of Fig. 1), and is characterized by
a highly diverse and complex topography. The elevation ranges from 61
m (m a.s.l.) in the valleys to 4000 m (m a.s.l.) in the mountain peaks,
with an average elevation of 1600 m, making it a challenging location
for accurate weather forecasting. The region has only 4% gently sloped
terrain (slope steepness <5%) of the total area, with the remaining
96% being characterized by steep slopes (slope steepness >5%). These
terrain characteristics enhance substantial variations of local climatic
processes and, thus, weather patterns across short distances. Hydrome-
teorological weather variables, such as temperature and precipitation,
are influenced by temperature inversion and orographic uplifting. The
valley region experiences relatively moderate winters and hot summers,
while the mountains experience cold winters with heavy snowfall and
cool summers around the year. However, the average annual precipi-
tation ranges from around 800 mm in the valleys to over 1600 mm in
the mountainous regions (Laiti et al., 2018; Mallucci et al., 2019).

The complex terrain characteristics cause substantial seasonal vari-
ations influencing the temperature, snow cover, and precipitation be-
tween summer and winter within the region (Morlot et al., 2023;
Bertoldi et al., 2023). These factors make Trentino-South Tyrol a par-
ticularly challenging region for weather forecasting, particularly for
precipitation and temperature.

2.2. Observational dataset

The study utilizes a 250 m x 250 m gridded daily precipitation
and mean temperature dataset from 1980 to 2018 as a reference for
postprocessing. The gridded reference dataset has been developed by
using a climatological interpolation technique (Crespi et al., 2021a)
based on observations with daily precipitation and temperature records
from 243 and 311 ground stations, respectively. The analysis presented
in this work is based on a horizontal grid resolution of 1 km x 1 km,
therefore, the observational grid dataset was rescaled from 250 m to 1
km using the average sampling method. The dataset is available from:
https://doi.pangaea.de/10.1594/PANGAEA.924502.

2.3. Forecast data

The study utilizes the ECMWF Integrated Forecast System (IFS)
version 43rl global seasonal reforecast dataset (SEAS5), with monthly
releases forecasting up to 7 months, including 25 ensemble members for
the period of 1981 to 2016 at a 6-h time step (Johnson et al., 2019).
The dataset has a horizontal grid resolution of 0.125° x 0.125° (i.e., ap-
proximately 14 km). In particular, this study focuses on postprocessing
daily forecasts of precipitation and 2-m temperature for lead times
of up to one month. The dataset, extracted from ECMWF operational
archives, is compiled using the daily one-month lead forecasts from
each monthly release, ensuring that the first month of forecast data is
used. The ECMWEF-SEASS dataset significantly differs from its predeces-
sor, ECMWF-SEAS4, with a larger ensemble size (25 in the reforecast,
compared to 15 in SEAS4) and a longer reforecast period (1981-2016,
compared to 1981-2010 in SEAS4), along with an improved ocean and
sea-ice coupling model (Johnson et al., 2019). This extensive dataset, in
terms of reforecast years and the number of ensemble members, thus
enables more robust training of statistical postprocessing techniques.
That said, the monthly releases pose additional challenges for model
development, as typical medium-range datasets will often include sub-
stantially more (re-)forecast cases due to the more frequent model
runs, see, e.g., the EUPPBench dataset (Demaeyer et al., 2023). The
forecast variables are resampled to a 1 km x 1 km horizontal grid
resolution using the nearest neighbor technique, resulting in 13,289
spatially consistent data grid points across the area.
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Fig. 1. Study area map with the inset showing the location within the Italian territory. The study area map also displays the digital elevation model of the region.

3. Methods

This section briefly introduces two state-of-the-art univariate post-
processing methods for daily precipitation and 2-m temperature. Em-
pirical quantile mapping (E-QM) is employed as the benchmark method
against which the neural network approach is evaluated. The available
forecast and observation data are divided into 2 parts: the training
period (1981-2010, 30 years) used for training and validating the
postprocessing methods and the test period (2011-2014, 4 years) used
to evaluate the forecast accuracy of both methods. Furthermore, to tune
the hyperparameters of the neural network model, a validation period
of 3 years (2008-2010) is extracted from the training period, as detailed
in the ensuing section. The training period consists of 145,607,573
samples (i.e., 13,289 grid points x 10,957 days), the testing period
contains 19,415,229 samples (i.e., 13,289 grid points x 1461 days), and
the validation period contains 14,564,744 samples (i.e., 13,289 grid
points x 1096 days).

3.1. Empirical Quantile Mapping (E-QM)

The E-QM method adjusts forecast data by aligning the empirical
cumulative distribution functions (ECDFs) of observed and forecasted
datasets (i.e., considering all 25 ensemble members) over a train-
ing period. This process creates a statistical transfer function that is
afterwards used to adjust biases during the test period. Once estab-
lished, the transfer function can be applied to new forecasts ensemble-
by-ensemble, improving their accuracy by ensuring they match the

statistical characteristics of the observations at each grid point and
target day, respectively (Themefl et al., 2011; Cannon et al., 2015).
Following Monhart et al. (2018), the bias correction for a target day
was derived from a sample of reforecasts and corresponding observa-
tions collected within a 2-month window (i.e., 61 days) centered on
the target day. As shown in Fig. 2, the postprocessing function for a
specific lead time in a year is derived from a sample of reforecasts and
corresponding observations within a 61-day window centered around
the target day, thereby capturing essential temporal dynamics and
enhancing forecast accuracy. Notice that in this approach, the target
day coincides with the definition of lead time, given that we are
considering releases occurring always on the first day of each month.
The approach is synthetically outlined below:

Following the approach proposed by Monhart et al. (2018), the
empirical quantile mapping (E-QM) method adjusts the forecast data
by aligning the empirical cumulative distribution functions (ECDFs) of
the observed and forecast datasets, considering the 25 members of the
ensemble, over a designated training period. This alignment defines
a statistical transfer function, which is subsequently applied during
the test period to correct forecast biases. The correction is performed
thus independently for each ensemble member, improving forecast
accuracy by ensuring consistency with the statistical characteristics of
the observational reference at each grid point and target day (Themef3]
et al., 2011; Cannon et al., 2015).

Specifically, the method applies a quantile-based transformation
defined as follows:

! _ ’_1 f !
2! = ECDF; (ECDF/,(xI))) 6h)
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Fig. 2. Schematic illustration of the data used to train the E-QM procedure. For any forecast target day (red mark), the model builds an empirical cumulative distribution function
using all reforecast dates within a 61-day window (data from multiple release dates are used for this purpose as outlined by the blue marks in the top rows) and compares them
with corresponding observations (orange marks in the bottom row). This results in a sample size of 1769 daily observations (61 days x 29 years) and 44,225 daily reforecast
values (61 days x 29 years x 25 ensemble members), which are used to estimate the statistical transfer function for the E-QM technique associated to a given forecast target day.

where zf': denotes the bias corrected forecast for the n'th member of the
ensemble at time ¢ and grid point i, and xl"; is the corresponding raw
forecast; the variable d refers to the calendar day associated with time
t; ECDF,.{ , represents the empirical cumulative distribution function
estimated from the raw forecast; and ECDF&‘I is the inverse of the
empirical CDF constructed from observational data.

It is important to note that both ECDF{d and ECDF, are individ-
ually computed for each grid point i and for each calendar day d of the
year. This requires mapping both the forecast times and the observation
timestamps to their corresponding calendar day d, ensuring that the
data from both sources are consistently aligned. The empirical distri-
butions are then estimated using values collected within a centered
61-day moving window around day d (i.e., +30 days), aggregated over
the historical reference period. Forecast ECDFs include all ensemble
members.

For the sake of clarity, Fig. 2 illustrates the construction of the E-
QM transfer function for a specific lead time. The schematic shows
how reforecast—observation pairs are selected within a 61-day window
around the target day and used to derive the empirical CDFs of model
and observed data over the training period.

3.2. Neural networks

A neural network consists of interconnected nodes and were origi-
nally designed to imitate the structure and functionality of the biologi-
cal human brain (Maier et al., 2023). These nodes are categorized into
layers to process and transfer information. NNs generally include an
input layer, multiple hidden layers, and an output layer. Each node in
a layer receives input from the nodes in the previous layer, processes
the data using an activation function that allows it to introduce non-
linearity into the model, and then transmits the output to the nodes in
the next layer (Goodfellow et al., 2016). This interconnected network
system allows NNs to learn complex relations in the data.

In this study, NN-based parametric distributional regression net-
work (DRN) approaches (Rasp and Lerch, 2018) are implemented for
both precipitation and 2-m temperature forecasts over a one-month
lead time using a gridded observational dataset as a reference. The DRN
method extends the general ensemble model output statistics (EMOS)
approach by including ensemble predictors of additional meteorolog-
ical variables and location-specific environmental inputs. The DRN
technique links the input predictor variables to distribution parameters
by learning the non-linear relationships in a data-driven manner rather
than relying on a predetermined link function. The traditional feed-
forward neural network models are typically used for single-value
prediction, and they usually do not account for uncertainty. In contrast,
DRNs are specifically designed for distributional regression, making

them more suitable for probabilistic forecasting applications where
both the mean and spread of the forecast are important. For this reason,
DRN was selected as the most appropriate model for our objectives.
Indeed, there are other architectures that can be used and have been
used, such as CNNs (Horat and Lerch, 2024), or GNNs (Feik et al.,
2024). That said, our aim here is mainly to first investigate simple ar-
chitectures that have shown success in related studies, while exploring
more advanced approaches will be part of future work. The application
of the DRN method for precipitation and 2-m temperature forecast
variables differs in the assumed univariate parametric distribution, as
it will be explicitly presented in the corresponding subsections.

To enhance the NN model’s training, we considered ensemble fore-
casts of 10 additional meteorological variables as auxiliary features
that may particularly relate to the target variables, i.e., precipitation
and temperature. Additional features further include the daily observed
values of the North Atlantic and Atlantic Oscillation (NAO & AO)
indices provided by the NOAA National Weather Service (https://
www.cpc.ncep.noaa.gov/products/precip/CWIlink/pna/nao.shtml), the
day of the year (sine and cosine transformed), and grid point latitude
and longitude. We also included observed and model grid point el-
evations and the difference between observed and model grid point
elevations as further location-specific information. The additional fea-
tures were selected based on known physical relationships of each
feature to the target variable. A summary of these additional variables
is provided in Table 1.

Following Rasp and Lerch (2018), the ensemble forecasts of all
variables are transformed into their respective mean and standard
deviations and processed in the input layer. Fig. 3 depicts the schematic
structure of the NN-based postprocessing model implemented for pre-
cipitation (blue color) and 2-m temperature (orange color). The input
layer also processes the additional features (cyan color) presented in
Table 1. Following Xu et al. (2019), the input features are normal-
ized with respect to their maximum value. The rectangular blue box
represents the input layer of the NN model for precipitation and the
orange box represents the input layer of the NN model for temperature
forecasts, respectively. Additionally, an embedding layer connects to
the input layer (see purple nodes in Fig. 3), which allows the network to
learn the information about the grid identifier by mapping the discrete
grid identifier value into a vector of real numbers (see Table 1). This
embedding layer provides a way to transform categorical inputs into
a numeric format that captures semantic relationships that are fed
into the network (Guo and Berkhahn, 2016). The remaining elements
of the NN model are distinct, particularly based on the assumption
of a corresponding parametric distribution to postprocess the forecast
variable of interest. This is distinguished in Fig. 3 with orange dashed
lines (i.e., upper part) for temperature and blue dashed lines (i.e., lower
part) for precipitation, respectively.
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Table 1

List of adopted features and their abbreviations. Note that the meteorological fea-
tures are introduced in the NN models as the mean and standard deviation of
the ensemble.

Features (Mean & Std. dev.)

Precipitation prec
2-m temperature t2m
2-m dewpoint temperature d2m
10-m horizontal wind component ulo
10-m vertical wind component v10
100 hPa horizontal wind component ul00
100 hPa vertical wind component v100
Total cloud cover tee
Surface latent heat flux slhf
Surface sensible heat flux sshf
Convective precipitation cp
Surface net solar radiation ssr

Other features

North Atlantic oscillation nao
Atlantic oscillation ao
Day of year (sine/cosine transformed) doy
Elevation of observation data grid elv
Elevation of model grid geo
Difference in elevation elv-geo
Latitude of grid lat
Longitude of grid lon
Lead time (days) lead
Embeddings

Grid identifier Grid ID

The NN model is trained using the adaptive moment estimation
(Adam) algorithm (Kingma and Ba, 2015), and the weights are opti-
mized over the 1981-2010 (30 years) training period by minimizing
the loss function (i.e., continuous ranked probability score, see Sections
3.3 3.3.1).

The following hyperparameters (i.e., adjustable parameters that
govern the training process of machine learning models) were tested
while training the model, with the values adopted being presented in
Table 2:

» Number of nodes in hidden layer: {5,25,125,512,1025}

Batch size (i.e., number of random training samples used in one
iteration): {1250,4096}

Epochs (i.e., an epoch corresponds to one complete iteration over
the entire training dataset during which the model updates its
parameters to minimize the loss function): 5, 10, 30

Learning rate: {le—1, le—2, le—3, le—4, le—5}

Embedding (i.e., discrete grid point ID mapped to a continuous
vector space dimension): 2, 4

To evaluate the model’s performance and prevent overfitting, we use
10% of the training period (i.e., the last 3 years: 2008-2010) as a
validation period. This procedure ensures that the model’s perfor-
mance accurately reflects its ability to make predictions on unseen
data when evaluated with validation period data that was not in-
cluded in the training set. This subdivision of the training period
into the validation period ensures an independent dataset for early
stopping and hyperparameter tuning. A single hidden layer is used
for both NN-based approaches, as the additional layers with different
parameter configurations tested increased the network complexity and
computational demand but did not provide significant performance
improvements. Ablation studies testing deeper networks with two and
three hidden layers, which indicated that a single hidden layer worked
best, are presented in Table S1 in the supplementary material (SM). For
precipitation, as the number of hidden layers increases, the training
loss is slightly worse, and validation loss increases, indicating model
performance degradation. Furthermore, for temperature, the training
loss slightly improves as the depth of the network increases, but the
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Table 2
Hyperparameters used in the NN model for the respective forecast variable
of interest.

Variable Epochs Learning rate Batch size Hidden nodes Embedding size
Precipitation 10 le-5 4096 25 2
Temperature 10 le—4 4096 25 2

validation loss is slightly worse, indicating possible overfitting. This
observation is well in line with findings from other studies, where
different hyperparameter configurations were evaluated and simpler
models with only one or two hidden layers were found to work best,
and with deeper networks often deteriorating predictive performance
(e.g., Rasp and Lerch (2018), Bremnes (2020), Schulz and Lerch (2022)
and others). One potential explanation for this observation might be
that in the context of postprocessing, more complex neural network
models rarely provide any benefits due to the availability of the gen-
erally highly informative predictors in the form of NWP ensemble
forecasts. During model training, we ensured that the distribution of
input features remained consistent across the training and validation
datasets. The total number of parameters in the NN model for precip-
itation and temperature forecasts are 27,231 and 27,205, respectively.
Additionally, to account for variability caused by random fluctuations
between the model runs, we followed the approach of Rasp and Lerch
(2018) by training an ensemble of 10 networks, each one initialized
with different random NN weights for each model variant. The loss
curves of the NN model for both precipitation and temperature forecast
variables during the training and validation periods are presented in
Figs. S1 and S2 of the SM, respectively. In particular, the curves show
the mean losses, along with the +1 standard deviation band for each
epoch, obtained by running an ensemble of 10 networks to account for
random fluctuations between model runs. For precipitation (see Fig.
S1 in SM), the validation loss is slightly above the training loss, which
can be attributed to the complexity and high variability of precipita-
tion forecasts. For temperature (see Fig. S2 in SM), the training and
validation loss converge in the initial epochs and remain very close to
each other, indicating the ability to apply what the model has learned
during training and make accurate predictions on unseen data with no
overfitting. These ensemble members are then aggregated to produce
the final output by averaging the distribution parameters obtained
as the output, ensuring more robust and reliable predictions (Schulz
et al., 2024). The Python code for postprocessing both precipitation and
temperature forecast variables using the NN model is made available
through a GitHub repository link: https://github.com/Sam-Uttarwar/
NN _arch.git.

3.2.1. Precipitation

As argued by Scheuerer and Hamill (2015), precipitation is a chal-
lenging variable for statistical modeling as it exhibits both discrete
and continuous characteristics (i.e., dry and wet days), with a non-
zero probability of precipitation being zero. Therefore, Scheuerer and
Hamill (2015) proposed a censored shifted gamma (CSG) distribution
where point masses at zero precipitation are enabled by allowing for
probability mass at negative values and left-censoring the obtained
distribution at zero. Furthermore, we use the formulation of Scheuerer
and Hamill (2015) and Baran and Nemoda (2016) for the cumulative
distribution function of CSG (denoted as ¢°) which is characterized
by the parameters shape (), scale (8), and shift (). The CSG-DRN
model for precipitation (see the blue box in Fig. 3) is here implemented
over each grid point i and lead time ¢ considering a single hidden
layer and a single output layer. In our model, let y;, represents the
precipitation observation data and X;, denote the vector of mean and
standard deviation of the ensemble features (see Table 1), at each grid
point i and lead time . Additionally, the vector of X;, also includes
other features (see Table 1), including location-specific environmental
variables, grid identifier, and lead time, to further refine the forecast
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and capture spatial variability. The conditional distribution of y; , given
X, is modeled by the parametric CSG distribution,

Vie | Xip ~ go(“i,x-ﬂi,n&i,r)’ @

where the shape parameter «;, and the scale parameter f;, are the
distribution parameters predicted by the model. The shape and scale
parameters can be computed analytically from the predicted mean
#;, and standard deviation o;, estimated as a;, = u7, /o7, and f;, =
ai%t /#;, (Scheuerer and Hamill, 2015), respectively. The three parame-
ters u;,, 0;, and §;, are the outputs of the CSG-DRN at each grid point i
and lead time 7. For the CSG-DRN model, we utilize a single hidden
layer utilizing the exponential linear unit (ELU) activation function
with a parameter § = 1 to introduce the non-linear relationships to the
network, where

x>0

X,
ELU(x) = { <0

6(e* — 1),
We apply a softplus activation function ranging from [0, +oo] to the
output layer to ensure that the NN output is always positive, with

softplus(x) = log(1 + €¥).

3.2.2. Temperature

In this model, let y;, represent the temperature observation data
and X;, denote the vector of mean and standard deviation of ensemble
features (see Table 1), at each grid point i and lead time ¢. Similarly
to precipitation, the vector of X;, also includes the additional features
presented in Table 1. The conditional distribution of y,, given X;, for
2-m temperature is modeled by a parametric Gaussian distribution and
can be expressed as (Gneiting et al., 2005):

Vit | Xivf ~ 'N‘(Mivzvai,r) 3

The two parameters u;, and o;, of the Gaussian forecast distribution
at each grid point i and lead time ¢ are obtained as the outputs of the
DRN (shown in Fig. 3). We utilize a single hidden layer with a recti-
fied linear unit (ReLU) activation function to introduce the non-linear
relationships to the network, where

ReLU(x) = max(0, x).

3.3. Forecast verification

3.3.1. Continuous ranked probability score (CRPS)

To compare the performance of postprocessing methods in improv-
ing the weather forecast accuracy for each grid point (i) and lead time
(t) in the test period from 2011-2014, we use the CRPS (Matheson and
Winkler, 1976). The CRPS measures the difference between the forecast
cumulative distribution function (CDF), F(z;,), and the step function at
the observed value, I(z;, > y; ), i.e.,

i

CRPS,, = / - [F(z,) -1z, 2 v,)] dz, )

0
where F(z;,) is the forecast cumulative distribution function and I(z;, >
¥ip) is a step function that equals 1 when z;, > y;, and 0 otherwise.
Therefore, the CRPS values range between [0, +o0], and values closer
to zero indicate better forecasts. The CRPS value is influenced by
the bias in the ensemble mean and the ensemble spread. The bias
in the ensemble mean illustrates a systematic error, and the too-
small or too-large ensemble spread represents forecast uncertainty.
These characteristics reflect the reliability and accuracy of the forecast,
capturing how well the forecast represents both the average outcome
and the spread of possible outcomes (Monhart et al., 2018). Analytical
expression of the CRPS can be derived for many families of probability
distributions (Jordan et al., 2019). In this study, the DRN model was
trained using an analytical CRPS equation for the Gaussian distribution
as a loss function with parameters y;, and o, ,, and the CSG-DRN model
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was trained using an analytical CRPS equation for CSG distribution as a
loss function with the parameters being constrained to («;, = /41.2, /‘71'21) >
0, (B, = a?_t/ym) > 0 and §;, < 0 (see Eq. 10 in Scheuerer and Hamill
(2015)).

3.3.2. Continuous ranked probability skill score (CRPSS)

The CRPSS has been adopted to evaluate the relative gain achieved
by postprocessing methods over the raw ensemble forecasts across dif-
ferent lead times and variables in the test period. This metric provides a
comprehensive measure of the effectiveness of postprocessing methods
in improving forecast accuracy relative to the raw forecast (F"*) and
is defined as

CRPS(F, y)

CRPSS(F,y) =1 — ,
CRPS(Fraw, y)

G)

where M(F ,y) and @(F”‘“’, y) represent the mean CRPS values
of the postprocessed forecast variable and the raw forecast variable,
respectively, computed over the spatial dimension. We will additionally
calculate the CRPSS based on the mean CRPS values for a single grid
point over the temporal dimension for both the postprocessed and raw
forecast variables to better highlight spatial aspects of the differences
in predictive performance.

CRPSS values range from —co to 1. A value of O indicates that
the postprocessing method performs not better than the raw forecast,
while values closer to 1 indicate greater improvement in forecast
accuracy and negative values indicate a worse performance than the
raw ensemble.

4. Results and discussions
4.1. Raw forecast skill

The accuracy and reliability of raw ensemble weather forecasts are
assessed by computation of the CRPS at each grid point and for different
lead times within the specified region. During the reforecast period
(1981-2016), the temporal average CRPS for precipitation ranges from
a minimum of 1.63 in the valley to a maximum of 3.94 in the moun-
tains, with an overall spatial mean of 2.46, as shown in Fig. 4a. In con-
trast, the temporal average CRPS exhibits the opposite pattern for tem-
perature, ranging from a maximum of 10.13 in the valley to a minimum
of 1.56 on the mountain peaks, with an overall spatial mean of 3.57, as
shown in Fig. 4b. The high CRPS values for both raw weather forecast
variables reveal that the forecasts predicted probability distribution
differs substantially from the given observed value.

Substantial biases in SEAS5 raw forecasts compared to various
reference datasets have been reported in multiple studies. For exam-
ple, Crespi et al. (2021b) analyzed the performance of seasonal weather
forecasts over Europe, Ehsan et al. (2021) studied Ethiopia, Ratri
et al. (2019a) explored Java, Indonesia, and Gubler et al. (2020) ana-
lyzed South America. These studies used different forecast verification
metrics and reference observation datasets, but reveal the elevation-
dependence of the biases and the presence of significant spatial varia-
tions in the biases for both precipitation and 2-m temperature over the
respective study regions. Our results confirm these findings, showing
similar spatial patterns of the discrepancies, particularly in relation to
the presence of elevation-dependent biases. This spatial heterogeneity
indicates that traditional statistical postprocessing methods are likely
insufficient and motivates the use of more flexible, location-aware
postprocessing approaches to improve forecast accuracy.

4.2. Postprocessed forecast skill

Figs. 5 and 6 present the boxplots of spatial averaged CRPS values
during the test period (2011-2014) for precipitation and temperature
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Fig. 3. Schematic illustration of the NN-based postprocessing models. The orange dashed part is the DRN architecture for 2-m temperature forecasting. The blue dashed part is
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Fig. 4. Temporal mean CPRS values of the raw ensemble forecasts during the reforecast period 1981-2016: mean over all the lead times (a) for precipitation; and (b) for

temperature.

forecasts, respectively, comparing the postprocessing methods E-QM,
CSG-DRN, and DRN, with the raw ensemble forecasts. In particular, all
these methods are evaluated across multiple lead times (from 1 to 31
days), highlighting differences in variability and central tendency.
Concerning precipitation (see Fig. 5), CSG-DRN achieves the best
performance across most of the lead times, with lower median CRPS
values, reduced variability, and fewer extreme values compared to both
the raw forecasts and E-QM. Notably, it reaches a minimum mean CRPS
value (white dot) of 1.33 at lead time three. Over the first seven days
of lead time, CSG-DRN consistently outperforms E-QM, as indicated by
lower mean CRPS values and narrower boxplots. Between 8 and 29
days lead time, the two postprocessing methods exhibit comparable
performance, with similar mean CRPS values and variability, though on
some days, CSG-DRN is preferable. While the boxplot spreads remain
stable across most lead times, they substantially increase for both post-
processing methods at the longest lead times tested (days 30 and 31).
Both methods, however, outperform the raw simulations, particularly
until day 7 lead time, with the latter generally showing higher CRPS

values, greater variability, and more extreme outliers across all lead
times.

Concerning temperature (see Fig. 6), more pronounced improve-
ments over the raw forecasts and be observed, and the DRN method
shows a clear advantage over E-QM, particularly during shorter lead
times. It achieves a minimum averaged CRPS value (white dot) of
0.73 on day 1. In particular, over the first ten days of lead time,
DRN consistently outperforms E-QM, as indicated by lower mean CRPS
values and narrower boxplots. At longer lead times, the performance of
DRN and E-QM becomes more comparable, with overlapping boxplots
and similar medians for both methods. Across all lead times, both post-
processing methods significantly outperform the raw forecast, which
exhibits higher median CRPS values, larger variability, and a greater
number of extreme values. Unlike precipitation, the performance of
both postprocessing methods for temperature shows a clear decline
with increasing lead times, as indicated by higher mean CRPS values.
Notably, on day ten of lead time, there is a marked jump in the
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Fig. 5. Boxplot of spatial averaged CRPS values at each day of lead time for raw precipitation forecast (in green), E-QM (in orange), and CSG-DRN (in blue). The white dot and
the horizontal bar within the boxplot represent the mean and median values for each box, respectively.

reduction of performance for both methods, highlighting a critical
transition point in forecast skill.

To gain deeper insights into the relative performance of the post-
processing methods, Figs. 7 and 8 show the CRPSS values for both
precipitation and temperature, respectively. For precipitation, CSG-
DRN exhibits the highest median values, particularly for short lead
times (e.g., days 1-7), indicating greater improvement over the raw
forecast compared to E-QM. As lead times increase, the median CRPSS
values for both methods gradually decline, reflecting the typical de-
crease in forecast skills associated with long prediction horizons with
respect to the raw forecast (Buizza and Leutbecher, 2015; Ratri et al.,
2019b). However, CSG-DRN consistently exhibits higher CPRSS values
than E-QM, even at longer lead times (e.g., days 20-31).

For temperature, DRN exhibits higher CRPSS values than E-QM
during short lead times (e.g., days 1-7), where it also exhibits narrower
boxplots This is in line with the minimum average CRPS values for
DRN, as shown in Fig. 6. As lead times increase (e.g., beyond day 10),
the magnitude and range of CRPSS values for both E-QM and DRN
increase in a similar manner. After 17 days, E-QM exhibits narrower
boxplots, indicating that its performance is more stable over longer
lead times and highlighting a trade-off between consistency and overall
performance. This suggests that while DRN maintains higher median
CRPSS values than E-QM, the performance varies with longer lead
times. Overall, DRN achieves higher median CRPSS values during
most lead times, underlining its generally superior skill in improving
temperature forecast accuracy with respect to the raw forecast.

The ability of CSG-DRN and DRN to capture more complex rela-
tionships between predictors and forecast variables and to incorporate
location-specific environmental variable information highlights their
potential to improve the forecast skill for precipitation and temperature
in mountainous regions, such as the Trentino-South Tyrol region. A
key insight is the significant short lead-time gain shown by both NN-
based methods, which is essential in applications where weekly or
biweekly forecast accuracy is important, such as in water management
issues in small alpine catchments, including, e.g., hydropower oper-
ations (Anghileri et al., 2019; Dasgupta et al., 2023). The inclusion
of location-specific environmental variables and non-linear dependen-
cies, coupled with the flexibility of NNs, helps to explain the better
performance of these methods compared to E-QM. However, the grad-
ual convergence in performance between the methods as lead times
increase indicates limitations in addressing predictive uncertainty for
lead times larger than 10-15 days, which challenges both NN-based
and traditional statistical postprocessing approaches (Hou et al., 2022;
Ghazvinian et al., 2021).

The decreasing accuracy with increasing lead times suggests that
while CSG-DRN and DRN are effective for short to intermediate lead-
time day improvements, they may need further advancement to im-
prove forecast accuracy above about 10-15 days. This highlights the
need for continuous exploration of multivariate (Lakatos et al., 2023),
hybrid (Reichstein et al., 2019), or more flexible postprocessing tech-
niques to address the inherent challenges of weather forecasting in
complex regions.

4.3. Elevation dependence of postprocessed forecast skill

Postprocessing methods aim to reduce systematic biases, which
are often strongly affected by topographic variations, particularly in
complex terrain (Velasquez et al., 2020; J.J. et al., 2018). To provide
a more detailed understanding of the performance of the investigated
postprocessing methods across different ranges of elevation differences,
Figs. 9 and 10 present boxplots of temporally averaged CRPSS for pre-
cipitation and temperature forecasts, respectively, over the 2011-2014
test period. The elevation difference values (i.e., the difference between
the elevation of the observational gridded dataset and SEAS5 model
elevation at the same location) range from —1000 m to 1000 m,
where a negative elevation difference indicates that the elevation value
represented in the model is higher than the observed one (occurring
in the valleys), and a positive elevation difference indicates that the
elevation values represented in the model are lower than observed (at
high elevations).

Concerning precipitation, the boxplots shown in Fig. 9 reveal that
the CSG-DRN method consistently outperforms E-QM across all eleva-
tion difference ranges, demonstrating the CSG-DRN’s ability to better
capture key features influencing precipitation forecasts. This is in line
with the results presented in Fig. 7, where the CSG-DRN model showed
consistently higher CRPSS computed based on spatially averaged CRPS
values. On the other hand, Fig. 10 reveals that for temperature fore-
casts, both DRN (blue) and E-QM (orange) perform similarly when the
elevation difference is negative (i.e., in valley regions). For positive ele-
vation difference ranges (i.e., at high elevations), DRN exhibits a minor
advantage over E-QM, thus suggesting that DRN is more effective in
capturing topographic effects, leading to better performance in complex
terrain.

The analysis of postprocessing performance across different ele-
vation ranges provides valuable insights into the robustness of the
CSG-DRN and DRN methods in complex topographic regions. The
superior performance of CSG-DRN over E-QM for precipitation forecasts
across all elevation different ranges can be attributed to the ability
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Fig. 6. Boxplot of spatial averaged CRPS values at each day of lead time for raw 2-m temperature forecast (in green), E-QM (in orange), and DRN (in blue). The white dot and
the horizontal bar within the boxplot represent the mean and median values for each box, respectively.
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Fig. 7. Boxplot of spatial averaged CRPSS values at each day of lead time for precipitation forecast for both E-QM (in orange) and DRN (in blue). The white dot and the horizontal
bar within the boxplot represent the mean and median values for each box, respectively.

Temperature

1.00

0.75 * . T
% Method
& 0.50 E3 E-QM
(@] EX DRN

0.25 . . o€

0 e e B et e e e e o B T e R

123 456 7 8 91011121314151617 18 1920 21 22 23 24 25 26 27 28 29 30 31
Lead time (days)

Fig. 8. Boxplot of spatial averaged CRPSS values at each day of lead time for 2-m temperature forecast for both E-QM (in orange) and DRN (in blue). The white dot and the
horizontal bar within the boxplot represent the mean and median values for each box, respectively.



S.B. Uttarwar et al.

Advances in Water Resources 204 (2025) 105061

Precipitation CRPSS vs Difference in elevation

0.4

CRPSS

Method

E3 E-QM
E3 CSG-DRN

<-1000 -1000 to -500

-500 to 500

500 to 1000 >1000

Obs. - Model Elevation (m)

Fig. 9. Boxplots of temporally averaged CRPSS values for precipitation aggregated over grid points with different elevation difference ranges.
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Fig. 10. Boxplots of temporally averaged CRPSS values for 2-m temperature aggregated over grid points with different elevation difference ranges.

of NNs to capture non-linear relationships between topography and
forecast variables. In mountainous regions, where weather patterns
are influenced by localized topographic effects such as orographic
precipitation (Napoli et al., 2019), the flexibility of CSG-DRN in incor-
porating additional predictors and spatial information indeed enhances
its ability to correct systematic forecast biases.

The results also suggest a more subtle effect of elevation dependence
on temperature forecasts. In valley regions (i.e., negative elevation
differences), both DRN and E-QM perform similarly, which can be
attributed to the presence of a more stable environmental lapse rate,
making statistical methods like E-QM sufficient to correct forecast
biases. However, as elevation increases (i.e., positive elevation differ-
ences), DRN outperforms E-QM, indicating that in higher elevations,
where temperature is more influenced by elevation, slope orientation,
and thermal inversions (Mahrt, 2006; Dimri et al., 2022), the DRN
provides a better framework for capturing these complex interactions.

The variation in performance at higher elevations may also be
influenced by E-QM’s inherent limitations, which apply the same trans-
formation function across grid points without fully accounting for
local geographical features (Velasquez et al., 2020). In contrast, DRN’s
inclusion of location-specific environmental variables and additional
ensemble predictors (see Table 1) allows it to adjust forecasts to reflect
the unique climatological dynamics at higher elevations, such as the
cooling effect of elevation and the increased variability of temperature
and precipitation in alpine regions (Pepin et al., 2022).

These results overall indicate that NN-based methods can be partic-
ularly valuable in regions where topographic complexity substantially
affects weather forecast variables and that these methods can model the
complex relationships between topography and atmospheric variables
more effectively than traditional postprocessing methods like E-QM.

4.4. Spatial characteristics of postprocessed forecast skill

To provide a more explicit perspective on spatial aspects of the
improvements achieved by the NN-based approach, we calculated the
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CRPSS of the NN-based techniques relative to the E-QM method for
each forecast variable (i.e., the denominator in Eq. (5) refers to CRPS
of E-QM instead of raw forecast). In addition, the CRPSS is calculated
using the CRPS values averaged over 10-day intervals for each grid
point. The results are further averaged temporally on annual and
seasonal scales. The spatial distribution of CRPSS for precipitation and
temperature forecasts, as depicted in Figs. 11 and 12 highlights, in
particular, the locations where NN-based techniques achieve substan-
tial improvements with respect to the traditional E-QM, providing a
comprehensive overview of their performance across different seasons,
lead times, and climatic conditions. Positive CRPSS values here show
a superior forecast accuracy of the NN-based approach with respect to
E-QM, whereas negative values indicate the contrary.

For precipitation (see Fig. 11), the CSG-DRN method demonstrates
substantial improvements with respect to E-QM over almost all the grid
points for the annual average, the winter (DJF) and spring (MAM) sea-
sons in the first ten lead-time days. The improvements are less evident
in summer (JJA) and autumn (SON). As lead times extend from day ten
to day twenty (see Fig. 11 middle row), the CRPSS for the annual, DJF,
and SON seasons indicates that E-QM is preferable to CSG-DRN at most
of the grid points, except for the northern and northwestern valleys.
During the spring and summer seasons, CSG-DRN performs slightly
better than E-QM at these intermediate lead time scales. Starting from
day twenty lead time onward, the performance of CSG-DRN and E-QM
becomes broadly similar, with each method occasionally outperforming
the other. This convergence indicates that while CSG-DRN provides
better forecasts initially, its advantage decreases as lead times increase,
resulting in both methods delivering comparable performance over
longer lead times. As expected, forecast skill is substantially influenced
by seasonality, lead time, and regional factors, in line with the findings
of Ehsan et al. (2021), which demonstrated that seasonality and lead
time play a dominant role in forecast accuracy. The performance of
CSG-DRN in complex terrain, especially in northern and northwestern
valleys (see Fig. 11), indicates that NN-based methods are performing
better in regions where traditional methods face challenges. This is pri-
marily due to the complex interactions between surface characteristics
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and atmospheric conditions, interactions that are captured by the NN-
based techniques, thus allowing for a substantial enhancement of the
weather forecasts in regions with complex topography (Rasp and Lerch,
2018; Schulz and Lerch, 2022).

For temperature (see Fig. 12), DRN demonstrates substantial skill
improvements with respect to E-QM over most grid points for all
three lead time intervals during all seasons, with the exception of
summer. In the first ten days of lead time (see Fig. 12 top row), DRN
substantially outperforms E-QM during the winter season, especially at
high elevation regions. E-QM performs slightly better or similarly to
DRN only in the valley regions during spring. In contrast, during the
summer season, E-QM generally outperforms DRN, except in certain
northern or northwestern valleys where DRN maintains an advantage.
Overall, the DRN is performing much better in the first ten days of
lead time. The performance of NN-based methods in complex terrain,
especially in northern and northwestern valleys (see Figs. 11 and
12), indicates that NN-based methods are better performing in regions
where traditional methods face challenges. This is primarily due to the
complex interactions between surface characteristics and atmospheric
conditions. As the lead time extends beyond day ten, E-QM slightly
surpasses the performance of DRN for the annual average and summer
season forecasts, while DRN maintains a slight edge for the other
seasons. The same behavior is confirmed during lead times between 20
and 30 (bottom row in Fig. 12). This trend suggests that DRN’s strength
is most evident for short lead times, but its performance may gradually
align with or is surpassed by E-QM in some seasons as the lead times in-
crease. Overall, both methods offer comparable skill levels at extended
lead times, with fluctuations in performance depending on the region,
season, and lead time. Finally, the performance comparison of DRN and
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E-QM for temperature forecasts suggests that while NNs perform better
in general, they may not consistently outperform traditional methods
like E-QM, especially over longer lead times. This highlights the need
for adaptive methods to postprocessing, where the strengths of different
methods are leveraged depending on the forecast lead time, season, or
regional factors (Chen et al., 2024; Wessel et al., 2024).

In summary, the CSG-DRN and DRN methods significantly enhance
short lead-time forecasts for both precipitation and temperature, es-
pecially at high elevations and during the winter season. However,
as lead times increase, the performance of both methods tends to be
comparable, with the E-QM method providing better performance for
precipitation during 10 to 20 lead-time days in the winter (see Fig. 11)
and for temperature during summer across all lead times (see Fig. 12).
Our results also indicate that the effectiveness of the CSG-DRN and DRN
methods varies notably with the seasons. These methods perform better
in the winter season (DJF) and at high elevations, likely because of their
ability to capture complex interactions between atmospheric processes
and topography. In contrast, the less evident improvements in the JJA
season can be attributed to increased atmospheric variability, which is
challenging to reproduce accurately. An important aspect to consider is
how sensitive these methods are to lead time. The better performance
of NN-based models during the first ten days of lead time is consistent
with their ability to capture short-term atmospheric dynamics (see Figs.
11 and 12). However, as the lead time increases, their performance
decreases. This performance decrease can be attributed to growing
uncertainty in the forecast data and the limitations of NNs in inferring
complex relationships beyond short-term patterns.

Figs. 13 and 14 further present boxplots of spatially averaged CRPSS
for each season for precipitation and temperature, respectively. The
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Fig. 14. Boxplot of spatial mean CRPSS for DRN and E-QM relative to raw 2-m temperature forecasts across different seasons.

CRPSS of the NN-based approaches and E-QM is here computed with
respect to the raw ensemble forecast (see Eq. (5)) over the test period
(2011-2014). In the case of precipitation, Fig. 13 highlights that CSG-
DRN (in blue) consistently performs better than E-QM (in orange)
in improving forecast skill across all seasons. For temperature, Fig.
14 reveals that DRN (in blue) performs better than E-QM except in
the summer, in line with results presented in Fig. 12. This suggests
that on a spatial average, the NN-based approach is more effective
at correcting systematic biases and improving accuracy regardless of
seasonal variability, with the only exception of temperature during the
summer season.

4.5. Feature importance

To understand the importance of the input features utilized in
the CSG-DRN and DRN methods, we performed a permutation-based
feature importance analysis, as first proposed by Breiman (2001). Im-
portance scores calculated for individual input features thereby reflect
the relative importance of that each feature in shaping the outputs of
the NN.

We follow the approach proposed by Rasp and Lerch (2018) and
compute feature’s importance in influencing the predictive perfor-
mance of the NN-based models. The values of a given feature are
randomly shuffled across the grid points and time steps while keeping
all other features fixed. This disrupts the relationship between the
shuffled feature and the target variable, allowing us to measure the
contribution of the shuffled feature in predictive performance. The
importance of each input feature is assessed by comparing the mean
CRPS of the model for the shuffled features against the non-shuffled
features in the test period.

Fig. 15a clearly demonstrates that convective precipitation (cp) is
an essential feature after precipitation (prec) itself in the CSG-DRN
method. This highlights the crucial role of convective processes in
shaping precipitation patterns, specifically in complex terrain (Houze,
2012). Other important features include the vertical wind component
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at the 100 hPa pressure level (v100), which captures the northward
motion of atmospheric winds; the latent and sensible heat fluxes be-
tween the surface and atmosphere (sshf and slhf); and the surface net
solar radiation (ssr). Each of these features provides essential insights
into atmospheric dynamics. In addition to these physical atmospheric
features, spatiotemporal information, represented by lead times and
embeddings, is also found to be important. These features allow cap-
turing the transition of weather patterns over time and across different
grid points, substantially improving the forecast accuracy. However,
features with near-zero importance scores have an insignificant effect
on the performance of NN-based techniques. This suggests that these
features could potentially be removed in future applications to reduce
computational costs without compromising forecast accuracy.

The feature importance analysis applied to the DRN technique
for temperature forecast is shown in Fig. 15b. The plot reveals the
important role of the bias in elevation (elv-geo), which is recognized as
a feature that influences temperature forecasts in complex terrain. The
importance of the 2-m dewpoint temperature (d2m) is also highlighted,
as it reflects the moisture content in the air, which can directly influ-
ence temperature. Additionally, sensible and latent heat fluxes (sshf
and slhf) contribute to the DRN’s accuracy by explaining the energy
exchanges between the Earth’s surface and atmosphere. The cosine-
transformed days of the year (cos-doy) and embeddings are important
features that are crucial to capturing seasonal cycles and location-
specific information, respectively. Furthermore, for the DRN technique,
Atlantic Oscillation (AO) also emerges as an important feature that can
be attributed to influencing temporal weather patterns and temperature
variability. However, in the operational forecast postprocessing con-
text, neither the AO nor the NAO indices are available and can therefore
be excluded, especially given their relatively low importance compared
to other features.

Overall, this feature importance analysis highlights the importance
of using suitable features that help effectively capture complex atmo-
spheric interactions, topographical influences, and temporal dynamics
by integrating insights from precipitation and temperature weather
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Fig. 15. Feature importance plot of (a) the CSG-DRN method for precipitation (b) the DRN method for 2-m temperature.

forecast postprocessing methods. For both target variables, the inclu-
sion of uncertainty information from the ensemble forecasts is only of
negligible importance, in line with corresponding results from other
studies (Rasp and Lerch, 2018; Schulz and Lerch, 2022; Hohlein et al.,
2024). In a possible extension of this work, we will consider whether to
use only the most important input features to train the NN model while
obtaining comparable forecast accuracy. In particular, this reduction in
the input features can reduce the model complexity and computational
demand, making it more suitable for real-time forecasting contexts.

5. Conclusion

This study presents a novel approach for improving the accuracy
and reliability of seasonal weather forecasts by addressing the inherent
limitations of traditional postprocessing methods. We aim to overcome
constraints associated with the E-QM method, which struggles to cor-
rect values that are outside the training dataset. Additionally, it is
challenging for E-QM to include additional environmental variables to
account for linear or non-linear relationships, as it only adjusts the
marginal distribution of the forecast variable at each grid point and lead
time. To address these challenges, we implemented an NN-based distri-
butional regression method. The study was focused on the Trentino-
South Tyrol region in the northeastern Italian Alps, a region with com-
plex topography where accurate forecasting is particularly challenging.

13

The NN-based method and E-QM demonstrated clear improvements
in forecast skill compared to the raw ensemble forecasts; however,
the NN-based method performed better than E-QM, particularly in
shorter lead times for precipitation and temperature variables. The
CSG-DRN for precipitation consistently outperforms E-QM across all
ranges of elevation differences and over the first ten days of lead
time, indicating its ability to capture non-linear relationships. Similarly,
DRN outperformed E-QM for temperature forecasts, particularly at
shorter lead times (within the first 10 days) and at positive elevation
differences. However, as the lead time extended beyond 10 days, the
performance of NN-based methods and E-QM became comparable,
with E-QM occasionally outperforming in certain seasons and regions.
Furthermore, the NN-based methods showed substantial improvements
in forecast skills based on seasons, with superior performance in winter,
but E-QM outperforming DRN in summer. Indeed, integrating multiple
meteorological features, such as convective precipitation, vertical wind
components, heat and energy fluxes, and solar radiation, contributed to
the ability of the NN-based method to capture the complex dynamics
of atmospheric conditions in this complex topography region.

Feature importance analysis also revealed that key meteorological
variables, such as convective precipitation, wind components, surface
fluxes, and elevation, provide relevant information to improve the
accuracy of the NN-based methods. Furthermore, lead times and em-
beddings also played a significant role in improving forecast accuracy.
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In conclusion, this study demonstrates the potential of NN-based
postprocessing to significantly improve seasonal weather forecasts, par-
ticularly in complex terrain regions where traditional methods like
E-QM struggle. By leveraging the non-linear relationships between
meteorological variables and incorporating additional features, the NN-
based model offers a more dynamic and flexible solution. Future work
could explore combining the strengths of both methods for further
improvement, especially at longer lead times. Overall, this approach
represents a promising advancement in postprocessing techniques, with
the potential for broader application in improving forecast accuracy
across various regions and seasons.

Evidently, there are multiple promising opportunities for extensions
and future work. One limitation of the NN-based methods considered
here is that they process each grid point individually without taking
spatial relationships explicitly into account. Over the past years, various
ML-based spatial postprocessing methods building on advances in
convolutional neural networks have been proposed (e.g., Scheuerer
et al., 2020; Veldkamp et al., 2021; Chapman et al., 2022; Lerch
and Polsterer, 2022; Li et al., 2022; Hu et al.,, 2023; Horat and
Lerch, 2024). Those might enable further improvements by leveraging
spatial structures in the input features, but the large dimension of
the study area might require adaptations such as meteorologically-
informed subdivisions into smaller regions. Further, our study only
considered univariate aspects of forecast performance. However, many
practical applications require accurate models of spatial, temporal, and
inter-variable dependencies. A variety of multivariate postprocessing
methods has been proposed over the past years, see Lerch et al. (2020)
and Lakatos et al. (2023) for comparisons, including modern ML-based
approaches (Chen et al., 2024), the adaptation of which to the setting of
our study would be of interest. Connecting these advances to the down-
stream applications discussed in the introduction — particularly those
related to hydrological modeling, water resource management, and the
operation of hydraulic infrastructure in complex terrain — could further
enhance the value and impact of seasonal forecast systems (Avesani
et al., 2021, 2022).
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