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Abstract

Weather forecasts are crucial in agricultural decision-making. The first objective was to assess
the performance of eight weather forecast models for predicting five key meteorological
variables in agriculture: air temperature, humidity, wind speed, global radiation, and
precipitation. The tested models were ICON-D2, AROME, HARMONIE, MAR, GFS, and
three models from the ECMWF: the deterministic model (HRES), the ensemble model (ENS),
and the deep learning-based model (AIFS). The forecasts were compared over a six-month
period with observations from 22 weather stations located in Wallonia (Belgium). AIFS
achieved the lowest RMSE for predicting global radiation. For lead times up to 48 h, ICON-
D2 had the lowest RMSE for wind speed; ICON-D2 and AIFS showed the lowest RMSE for
air temperature and humidity, and AIFS and HRES performed best at predicting rainy versus
non-rainy days. For lead times beyond 48 h, AIFS had the lowest RMSE for predicting air
temperature and humidity, and ENS had the lowest RMSE for predicting wind speed. The
second objective was to evaluate the suitability of these forecasts to feed a simple agricultural
decision-support tool, helping farmers identify the optimal time windows for spraying plant
protection products. ICON-D2 and AIFS yielded the most reliable recommendations.

Keywords: forecast; verification; agriculture; spraying; decision support tool; AI; precipitation;
temperature; wind speed; global radiation

1. Introduction
Weather forecasts are crucial in agricultural decision-making, as weather is one of the

biggest concerns for farmers. Some farmers check weather forecasts several times a day to
plan activities such as planting, crop protection, fertilisation, irrigation, and harvesting.

The performance of forecasts within a 3- to 10-day horizon has improved by about one day
per decade. This means that current 6-day forecasts are as accurate as 5-day forecasts were
10 years ago [1]. However, despite these improvements, weather forecasts are still subject to
many uncertainties. Farmers and agronomists have access to several forecast sources and wonder
which forecasts to trust. Hence, there is a need to compare and evaluate weather forecast models.

A few studies have evaluated physical forecast models for predicting near-surface
weather variables relevant to agriculture, i.e., air temperature at 2 m, relative humidity, wind
speed at 2 m, precipitation and global radiation. The European Centre for Medium-Range
Weather Forecasts (ECMWF) regularly provided reports on the evaluation of its models,
including performance scores for near-surface variables [2]. Green Books are annual reports
produced by ECMWF members and give details on how national meteorological services
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use, verify and validate the forecasts of the ECMWF in their country. At the time of writing,
the most recent Green Book was published in 2024 (Green Book chapters are available on
the ECMWF website, consulted on 19 February 2026). The last report for Belgium was
published in 2021. It evaluated the performance of ECMWF deterministic and ensemble
models for one year. Key variables studied included 2-metre air temperature, 10-metre
wind speed, and precipitation accumulated over 6 h. The U.S. National Oceanic and
Atmospheric Administration (NOAA) published verification results of its model on its
website, comparing it with models from the ECMWF and the national weather services
of the UK, Germany, and France (noaa.gov consulted on 24 February 2026). Meteoblue
(meteoblue AG, Basel, Switzerland), a meteorological services company, also published
reports on the performance of forecast models for several near-surface weather variables.

In the peer-reviewed literature, Haiden et al. [3] compared precipitation from several
forecast models with ground-based observations collected worldwide. Magnaldo et al. [4]
evaluated solar radiation forecasts from the AROME model in detail and proposed improve-
ments to enhance its performance. Hagelin et al. [5] tested the AROME model for nowcasting
air temperature and wind speed in France. In addition, several forecast models have been
evaluated in student theses. Häuser [6] analysed the performance of four global and two
regional models for wind speed prediction. Reiß [7] assessed solar radiation forecasts from
several models on a global scale and proposed a multi-model approach to reduce prediction
errors. Fessler [8] studied the air temperature forecasts of six global models.

Most of these studies focused on a limited number of models or a restricted set of
meteorological variables. Moreover, weather forecast models evolve rapidly. Regular updates
and improvements can substantially alter their performance, meaning that earlier evaluations
may quickly become obsolete. At the same time, physics-based forecast models are being
reshaped by advances in artificial intelligence (AI), particularly by machine learning and deep
learning techniques. These approaches have already demonstrated considerable potential [9].

Waqas et al. [10] conducted a literature review on the integration of machine learn-
ing and deep learning into numerical weather prediction models. These models make
predictions very quickly and require less computational energy than conventional mod-
els. Their performance is largely determined by the number and quality of training data.
However, many challenges still need to be addressed to improve these data-driven ap-
proaches [11]. AI models may struggle to predict extreme weather events, especially
because such atmospheric conditions are poorly represented in the input data [12]. They
also lack interpretability [10]. ECMWF developed its own AI model, named AIFS. The deter-
ministic model has been operational since February 2025, and the ensemble model has been
operational since July 2025. AIFS produced very accurate forecasts for upper-level variables
and surface variables [13]. Other AI models such as Aurora [14], Pangu-Weather [15], and
GraphCast [16] also gave promising results. Yet these models are new and require further
evaluation and comparison with conventional physics-based models.

This study addresses this gap by comparing the performance of eight recent weather
forecast models, including a deep learning-based model, for predicting five key meteoro-
logical variables relevant to agricultural decision-making in Belgium. The objectives were
(i) to assess forecasts of near-surface outputs from these eight models over Belgium and
(ii) to evaluate their suitability for driving a simple agricultural decision-making tool to
help farmers identify optimal spraying windows for plant protection products.

2. Materials and Methods
2.1. The Network of Weather Stations

The study was conducted from 1 March 2025 to 31 August 2025. Weather observations
served as the reference for evaluating forecast performance. The observations used in

https://doi.org/10.3390/atmos17080728

https://doi.org/10.3390/atmos17080728


Atmosphere 2026, 17, 728 3 of 30

this study were recorded by the automated weather stations of the PAMESEB network,
managed by the Walloon Agricultural Research Centre (CRA-W). The PAMESEB network
comprised 35 weather stations distributed across Wallonia (Belgium), a region occupying
the southern half of the country. This study focused on 22 stations (Figure 1), located in rural
areas and selected for their good siting, i.e., the absence of obstacles or heat sources that
could influence the measurements, in accordance with the siting recommendations of the
World Meteorological Organization. Each station consisted of an instrument enclosure and
several sensors installed on or near a mast. The enclosure housed an OTT netDL 1000 data
logger (OTT HydroMet GmbH, Kempten, Germany), which recorded data from all the
sensors every minute. These data were transmitted via GPRS every hour to a central server.
Air temperature and relative humidity were measured using a HMP155 probe (Vaisala,
Vantaa, Finland), placed in a naturally ventilated meteoShield Professional radiation shield
(Barani Design Technologies s.r.o., Bratislava, Slovakia). The radiation shield was mounted
at a height of 1.5 m on the mast. The probe was recalibrated approximately once a year by
the manufacturer or an accredited company. Global radiation was recorded using a SP Lite2
pyranometer (Kipp & Zonen B. V., Delft, The Netherlands) positioned at the top of the mast,
at a height of 2 m. The pyranometer was recalibrated every two years by the manufacturer.
Wind speed was measured by an A100R/K cup anemometer (Windspeed Ltd., Rhyl, UK)
at a height of 2 m. At the beginning of the study period, most stations were equipped with
an unheated YOUNG Model 52203 tipping-bucket rain gauge (R. M. YOUNG Company,
Traverse City, MI, USA), with the top of the funnel positioned at a height of 1.2 m on a
separate mast. This rain gauge was calibrated in our laboratory every six months. The only
stations equipped with a weighing rain gauge before the start of the study period were
Gembloux and Jevoumont. The weighing rain gauge was an OTT Pluvio (OTT HydroMet
GmbH, Kempten, Germany). During the study period, nine additional stations were
equipped with this rain gauge model: Ath (2 June), Casteau (20 May), Haut-le-Wastia
(11 June), Libramont (17 June), Michamps (26 August), Ragnies (23 May), Seny (12 June),
and Upigny (20 March). Data quality was ensured through semi-automatic quality control,
combining automatic checks [17] with daily human supervision. This process helped to
maintain a complete historical record of high-quality observations.

Figure 1. The 22 PAMESEB stations that were selected for the study. The location of Wallonia in
Europe is indicated by a blue shape on the map in the bottom left corner. The locations of the stations
in Wallonia are indicated by red dots on the topographic map. The map of Europe comes from
OpenStreetMap. The topographic map has been provided by EuroGeographics 2022 and is available
for free at https://www.mapsforeurope.org (accessed on 13 December 2024).
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2.2. Overview of Weather Conditions During the Study Period

Wallonia has a temperate climate. Owing to its location in the mid-latitudes, the
region is influenced by both polar and tropical air masses. Winters are mild and wet,
whereas summers are relatively cool. Precipitation is evenly distributed throughout the
year. During the 2000–2024 period, annual precipitation totals ranged from 700 to 1300 mm,
while annual mean temperatures ranged from 8 to 11 ◦C. The Ardennes and the High Fens
regions, located at higher elevations, are colder and receive more precipitation.

The study period began with a very dry and sunny spring. March was extremely dry.
Across the entire station network, the highest precipitation total recorded in March was
only 12 mm, whereas the average March precipitation over the 2000–2024 period ranged
from 50 to 100 mm, depending on the station. Temperatures in March were well above
average. April was warm and sunny, further intensifying the drought, particularly in
western Wallonia. May was also sunny and dry, although precipitation was close to average
in the easternmost part of Wallonia. Warm and sunny conditions persisted in June. It was
only in July that most of Wallonia experienced above-average rainfall, while temperatures
remained close to normal. Finally, August was dry and marked by a heatwave that occurred
in the middle of the month.

2.3. Weather Forecast Data

Eight weather forecast models were evaluated (Table 1). The first four were global
models with relatively coarse spatial resolutions. The Integrated Forecasting System of the
ECMWF (Cycle 49r1) provided a deterministic physics-based model, referred to as HRES,
and its ensemble version, referred to as ENS. This ENS model was treated as a deterministic
model by considering the mean of all ensemble members. ECMWF also provided the AIFS
Single V1 data-driven model, based on deep learning [13]. The last global model was the
Global Forecast System (GFS), operated by NOAA.

Table 1. Characteristics of the forecast models. * Note: the native step (temporal resolution) of the
HRES, ENS and GFS models depended on the forecast lead time. This table shows the step considered
for this study, i.e the minimum step available for the entire forecast horizon.

Model Scale Type Runs (UTC) Step (h) Forecast
Horizon (Days)

Horizontal
Resolution

(km lat × km lon)

HRES Global Physics-based 00 & 12 6 * 10 17 × 7.5
ENS Global Physics-based 00 & 12 6 * 10 17 × 7.5
AIFS Global AI 00 & 12 6 10 27 × 27
GFS Global Physics-based 00 & 12 6 * 10 27 × 27

MAR Regional Physics-based 00 & 12 1 10 5 × 5
AROME Regional Physics-based 00 & 12 1 2 2.5 × 2.5
ICON-D2 Regional Physics-based 00 & 12 1 2 2 × 2

HARMONIE Regional Physics-based 00 & 12 1 2.5 2 × 2

Four regional physics-based models were also tested. AROME was operated by the
French national weather service (Météo-France) and driven at its limits by the global model
ARPEGE [18]. ICON-D2 was operated by the German national weather service (DWD)
and driven by the global model ICON [19]. HARMONIE was operated by the Dutch
national weather service (KNMI) and driven by HRES [20,21]. The MAR model (version
3.14.0) [22] was run by the University of Liège (Belgium) and driven by GFS. Additionally,
the ERA5 reanalysis data [23] were compared with observations. ERA5 was included
to benchmark the performance of the forecasts at 0 h lead time with that of a reference
gridded product. Owing to its assimilation of various observations, ERA5 was expected to
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provide an improved estimation of the state of the atmosphere. It should be noted that the
observations from the PAMESEB network, which are used as a reference in this study, were
not incorporated into ERA5.

The forecast data of HRES, ENS and AIFS were retrieved via an API from the ECMWF
Meteorological Archival and Retrieval System (MARS) (https://apps.ecmwf.int/archive-
catalogue, accessed on 27 November 2025). GFS data were retrieved from the NOAA
website (https://nomads.ncep.noaa.gov, accessed on 27 November 2025). The remaining
models were accessed via an API from the open-meteo.com platform [24]. The 00 UTC and
12 UTC runs were used for this study. Although some models provided forecasts beyond
10 days, the analyses were limited to a 10-day forecast horizon. Regional models had a
much shorter forecast horizon. AROME and ICON-D2 provided forecasts up to 2 days
ahead, and HARMONIE up to 2.5 days ahead. ERA5 reanalysis data were retrieved from
the Climate Data Store (CDS) and had a horizontal resolution of 0.25◦ × 0.25◦, which is
equivalent to 27 km × 27 km.

Five meteorological variables were analysed: air temperature, relative humidity, pre-
cipitation, wind speed, and global radiation (Table 2). However, not all variables were
available for each model. Air temperature forecasts were available from all models. Global
radiation forecasts were analysed for HRES, MAR and AIFS. Relative humidity and precip-
itation forecasts could not be retrieved from ENS. Precipitation and wind speed forecasts
were also unavailable for GFS. The comparison of the models with the observations was
carried out at 11 specific forecast lead times: 0, 6, 12, 18, 24, 48, 72, 96, 120, 168, and 240 h.

Table 2. Summary of weather variables tested for each model.

Model Air Temperature
(◦C)

Air Humidity
(%)

Precipitation
(mm)

Wind Speed
(m s−1)

Global Radiation
(W m−2)

HRES ✓ ✓ ✓ ✓ ✓
ENS ✓ ✓
AIFS ✓ ✓ ✓ ✓ ✓
GFS ✓ ✓

MAR ✓ ✓ ✓ ✓ ✓
AROME ✓ ✓ ✓ ✓
ICON-D2 ✓ ✓ ✓ ✓

HARMONIE ✓ ✓ ✓ ✓

This study had to deal with missing data due to difficulties in retrieving some forecast
runs. For MAR, missing data resulted from server problems. For the models retrieved from
open-meteo.com, missing data resulted from delayed model runs. Missing data for each
model and forecast run are summarised in Table A1. For ICON-D2 and AROME, the results
at 48 h lead time are not shown for the 12 UTC runs because data were not available at this
lead time from 1 March to 18 March inclusive.

2.4. Matching Observations and Forecasts

Several preprocessing steps were performed to enable a meaningful comparison
between observations and weather forecast models. The first preprocessing step involved
converting all model outputs into the same units as the observations. HRES provided dew
point temperature rather than relative humidity. Therefore, a conversion from dew point
to relative humidity was applied, following the formulation of Goff [25] for saturation
vapour pressure. All models provided wind speed at 10 m above ground level, except
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MAR, which provided wind speed at 2 m. Wind speed was converted from 10 m to 2 m
using a logarithmic wind profile (Equation (1)).

WS2m = WS10m
log( 2

Z0
)

log( 10
Z0
)

(1)

WS2m and WS10m (m s−1) are wind speeds at 2 and 10 m, respectively. Z0 (m) is the
rugosity length and was approximated to 0.05.

The second preprocessing step was to assign each weather station to the nearest model
grid cell. The third preprocessing step involved the temporal matching of observations
and forecasts. For MAR, the model outputs represented hourly averages. For example,
the temperature value at 00:30 UTC was the average temperature between 00:00 UTC and
01:00 UTC. This value was compared with the observed average hourly temperature. For
all the other models, temperature, relative humidity, and wind speed were instantaneous
values. These instantaneous forecasts were compared with one-minute observations,
rather than with hourly average observations. For precipitation and global radiation, the
comparisons were based on the total precipitation and the average global radiation over
24 h periods.

The fourth preprocessing step was to remove numerical artefacts in the data. For
example, MAR occasionally produced precipitation amounts as low as 0.0001 mm. For both
observations and forecasts, precipitation values below 0.1 mm and global radiation values
below 1 W m−2 were set to zero. Daily precipitation totals above 120 mm were excluded
because AIFS and HRES data sometimes contained unrealistic daily precipitation, reaching
up to several thousand millimetres. Since the smallest of these artefacts was 125 mm, a
threshold of 120 mm was adopted. No extreme but plausible observation approached
this threshold. The highest daily precipitation total recorded during the study period was
54.13 mm.

The fifth preprocessing step consisted of removing pairs of observations and forecasts
for which the observations were considered unreliable. These implausible observations
were flagged during the PAMESEB network quality control process [17], which relied on
manual and automatic checks against physical and climatological thresholds, as well as
temporal consistency with previous observations, spatial consistency with neighbouring
stations, and internal consistency between sensors at the same station. For temperature,
relative humidity, and wind speed, only the hours during which observations were im-
plausible were removed. For precipitation and global radiation, if observations were
flagged as implausible for two hours or more within the same day (00:00–00:00 UTC or
12:00–12:00 UTC), the entire day was excluded. This was necessary because subsequent
analyses were based on daily accumulated values for these variables.

Overall, relatively few observations were excluded. No wind speed observations were
excluded. For air temperature, only two observations were excluded. For relative humidity,
about 100 values were removed. The largest number of excluded observations concerned
precipitation, mainly due to clogged tipping-bucket rain gauges. Precipitation data from
the Chimay station were excluded for more than one month, from the start of March to
15 April, while those from the Louvain-la-Neuve station were deleted from 31 July to the
end of August. Very few global radiation observations were excluded. The largest number
of excluded observations concerned the station of Humain, with 4 days deleted in March.

2.5. Decision-Support Tool for Identifying Optimal Spraying Windows in Agriculture

The quality of weather forecasts was assessed based on their impact on the output of a
decision-support tool, compared to the output of the same tool fed by weather observations.
The tool was a simple model to determine the best hours for spraying based on four weather
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variables: air temperature, relative humidity, wind speed, and precipitation. These weather
variables impact both product efficacy and losses in the environment. The algorithm of this
tool is presented in Figure 2. A score was assigned to each weather variable based on its
value. The four scores were then summed to produce one of five spraying classes: optimal,
correct, limit, avoid, or forbidden. The forbidden class was assigned only when wind speed
was greater than or equal to 20 km h−1, which was a legal threshold in Belgium in 2025.
The thresholds for temperature, relative humidity, and wind speed were established by
local experts from the PROTECT’eau asbl. For rain, some forecast models only provided
rainfall totals over 6 h periods. The criteria therefore had to be defined by combining expert
knowledge with this constraint. Considering the rainfall totals over a 6 h period makes
sense because the leaves can remain wet for several hours. For some plant protection
products, it is best to wait for the leaves to dry before spraying.

 

Figure 2. Criteria used to assess weather conditions for spraying. T◦ is the mean air temperature
during the hour of interest (◦C), RH is the mean relative humidity during the hour of interest (%), W
is the mean wind speed during the hour of interest (km h−1), and P6h is the cumulative precipitation
over the 6 h period ending with the hour of interest (mm).

This threshold-based approach is consistent with many of the decision-support tools
currently used by farmers. Nevertheless, the model is very simple, and it is important to
acknowledge its main limitations. Firstly, the model only accounts for rainfall during a 6 h
period ending at the hour of interest. It does not account for heavy rain in the next hours
that could wash off the product. Nor does it consider rainfall during the preceding days
that could have made the soil unsuitable for the passage of heavy machinery. Secondly,
the model does not account for the fact that weather requirements vary according to the
category of product being sprayed (e.g., root herbicide, foliar herbicide, plant growth
regulator, fungicide) and the mode of action (e.g., contact or systemic). Thirdly, it does not
account for temperature inversion that could lead to spray drift, even if the wind speed
criterion is met. Finally, this is a threshold-based model. A small change in the input values
can cause a threshold to be crossed and result in a very different output.

2.6. Performance Metrics

The comparison of weather forecast models was restricted to run dates for which
all models had complete data. The number of excluded dates varied across analyses
because the set of models being compared depended on the variables and forecast lead
times considered. Of the 184 dates in the study period, up to 71 were excluded for the
00 UTC run and up to 46 for the 12 UTC run. Although this approach involved sacrificing
a substantial amount of data, it ensured that all models were compared using the same set
of observations.

Two metrics were used for the quantitative comparison between the observations and
the forecasts of air temperature, relative humidity, wind speed, average global radiation
over 24 h, and total precipitation over 24 h. The Mean Bias Error (MBE) indicates the
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direction of model bias (underestimation or overestimation). The Root Mean Square Error
(RMSE) provides an assessment of overall model performance. These indicators were
stratified by month and by station. The same stratification was applied to the metrics
presented in the next paragraphs. The RMSE was chosen instead of the Mean Absolute
Error (MAE) because it gives more weight to large errors, which must be avoided to
prevent poor agricultural decisions and costly consequences. For quantitative precipitation
forecasts, the RMSE was calculated using only observation–forecast pairs for which the
observed or forecast precipitation amount was greater than or equal to 0.1 mm.

MBE =
1
n

n

∑
i=1

( fi − oi) (2)

With f the forecast and o the observation. The letter n represents the number of
observations.

RMSE =

√
∑n

i=1 ( fi − oi)²
n

(3)

A qualitative verification of precipitation forecasts was also performed. Precipitation
was treated as a binary event and evaluated using a contingency table. A precipitation
event was defined as daily precipitation greater than or equal to 1 mm. True positives (TPs),
or hits, were events that were both observed and forecast. False positives (FPs), or false
alarms, were events that were forecast but not observed. False negatives (FNs), or misses,
were events that were observed but not forecast. True negatives (TNs) corresponded to
occasions when no event was either observed or forecast. Although numerous metrics
can be derived from a contingency table, this study focused on four metrics commonly
used for the verification of precipitation forecasts. The description of these scores provided
below is largely based on the documentation produced by the Joint Working Group on
Forecast Verification Research, available on the knowledge hub of the World Meteorological
Organization (accessed on 3 December 2025). The Equitable Threat Score (ETS), also called
Gilbert Skill Score (GSS), calculates the proportion of events that were correctly predicted. It
is adjusted for hits associated with random chance, to account for the fact that it is generally
easier to forecast precipitation events in a wet climate than in a dry climate. It answers the
question: how well did the forecast “yes” events correspond to the observed “yes” events,
after accounting for hits due to chance? However, the ETS does not indicate whether there
were more false alarms or misses. This information was provided by the Frequency Bias
Index (FBI), the Probability of Detection (POD), and the False Alarm Ratio (FAR). The
FBI compares the frequency of forecast events with the frequency of observed events. It
expresses the bias of the model. The perfect value is 1. Values greater than 1 indicate that
the model over-forecasts the event, whereas values lower than 1 indicate that the model
under-forecasts the event. The POD measures the proportion of observed events that were
forecast, whereas the FAR measures the fraction of forecast events that were in fact false
alarms. These two metrics are easy to interpret for decision-makers.

ETS =
TP − TPchance

TP + FP + FN − TPchance
; TPchance =

(TP + FP)(TP + FN)

TP + FP + FN + TN
(4)

FBI =
(TP + FP)
(TP + FN)

(5)

POD =
TP

TP + FN
(6)

FAR =
FP

TP + FP
(7)
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The output of the spraying decision-support tool was one of the following five spraying
condition classes: optimal, correct, limit, avoid, and forbidden. Therefore, the evaluation of
the agreement between the outputs of the tool fed by the observations and the tool fed by
the forecasts required a metric adapted for multiple ordinal classes. The metric selected in
this study was the weighted kappa coefficient. This metric provided a quantitative measure
of the level of agreement between spraying classes derived from observations and forecasts
by subtracting the proportion of agreement expected by chance. The weighted kappa gives
more weight to large classification errors [26]. For example, a confusion between “optimal”
and “avoid” classes has more weight than a confusion between “optimal” and “correct”
classes. Quadratic weighting was chosen to emphasise the penalisation of these large errors.
The weighted kappa was computed using the Python sklearn.metrics library, version 1.4.2.

To determine whether two models differed significantly for a given metric, a bootstrap
procedure was used to estimate the confidence interval of the difference in metric scores
between the two models. For each lead time, bootstrapping was carried out for all possible
model pairs. For each pair, 1000 bootstrap samples were generated by randomly sampling
with replacement from the original dataset, and the same resampled observations were
used to recompute the metric score for each model in the pair. Resampling was performed
completely at random and was not stratified by station. The bootstrap distribution of score
differences was obtained by calculating the difference in metric scores between the two
models for each bootstrap sample. The 95% confidence interval of the difference between
the scores of two models was obtained from the 2.5th and 97.5th percentiles of this bootstrap
distribution. The scores of the two models were considered significantly different if this
confidence interval did not include 0. Models were then assigned letter rankings according
to the significance of their pairwise comparison. A model could receive multiple letters if it
was not significantly different from the best-performing model within each letter group.

3. Results
3.1. Air Temperature

Table 3 and Table A2 present the RMSE of air temperature for the 12 UTC and 00 UTC
runs, respectively. For lead times of less than 2 days, ICON-D2 and AIFS achieved the best
performance. For lead times of 2 to 6 days, AIFS performed best, followed by ENS. For lead
times of 7 days or more, ENS had a slight advantage over AIFS.

Table 3. RMSE (◦C) of air temperature forecasts for the 12 UTC runs. For each lead time, the letters
indicate statistically distinguishable groups based on the bootstrap comparison. Green, yellow,
orange, and red correspond to a, b, c, and d, respectively. Subsequent letters are also shown in red.

Model

Forecast Lead Time (h) and Corresponding UTC Hour
0

12
6

18
12
00

18
06

24
12

36
00

48
12

72
12

96
12

120
12

168
12

240
12

ERA5 1.23 c

AROME 1.06 b 1.18 c 1.62 c 1.32 c 1.52 b 1.69 d

ICON-D2 0.72 a 0.95 a 1.36 a 1.18 b 1.34 a 1.44 ab

HARMONIE 1.22 c 1.36 d 1.66 c 1.34 c 1.64 c 1.72 d 1.88 d

MAR 1.93 e 1.61 e 2.92 e 1.94 e 1.97 d 2.85 f 2.07 e 2.39 d 2.59 d 3.21 d 3.81 c

HRES 1.04 b 1.41 d 1.44 b 1.13 ab 1.45 b 1.52 c 1.62 c 1.96 c 2.15 c 2.48 c 3.56 b 4.90 c

ENS 1.03 b 1.4 d 1.38 a 1.11 a 1.40 ab 1.46 b 1.55 b 1.76 b 1.98 b 2.21 b 3.14 a 4.04 a

GFS 1.67 d 1.88 f 1.89 d 1.47 d 2.00 d 2.00 e 2.21 f 2.68 e 2.94 e 3.45 e 3.93 c 5.71 d

AIFS 1.02 b 1.04 b 1.37 a 1.08 a 1.32 a 1.40 a 1.39 a 1.62 a 1.82 a 2.10 a 3.18 a 4.5 b

The MAR model made large errors at 00:00. For the first few days of lead time, it
strongly overestimated air temperature at 00:00 by slightly less than 2 ◦C on average
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(Figure A1). Furthermore, MAR underestimated the air temperature at 12:00 by slightly
less than 1 ◦C. GFS was also biased. It underestimated air temperature at 00:00 by slightly
less than 1 ◦C on average and overestimated it at 12:00 by approximately 0.5 ◦C. The biases
did not increase much with the lead time. Overall, the RMSE did not differ much between
weather stations. However, at 00:00, all models had a significantly higher RMSE at the
Ferrières station and the Floriffoux station, located in a village in a river valley. AROME
was one of the models that overestimated the air temperature the most at 00:00 in Floriffoux.
The overestimation was +2 ◦C on average but reached as high as +8 ◦C.

MAR showed a positive bias of approximately 3 ◦C at 00:00 from May to August
(Figure A2). GFS had a negative bias throughout the study period, and it was most
pronounced around May. At 12:00, MAR bias was very negative in spring (about −1.5 ◦C),
and GFS bias was very positive in July and August (about +1.5 ◦C).

3.2. Relative Humidity

Table 4 and Table A3 present the RMSE of relative humidity forecasts for the 12 UTC
and 00 UTC runs, respectively. AIFS was the best-performing model across the entire
forecast horizon, except at 0 h lead time. ICON-D2 also performed well for lead times less
than 2 days. MAR strongly overestimated relative humidity, particularly at 12:00. This
overestimation was greatest in March, with an average overestimation slightly above 20%
at 12:00. For the 12 UTC runs, AIFS and ICON-D2 had a lower RMSE than ERA5, but this
was not the case for the 00 UTC runs.

Table 4. RMSE (%) of relative humidity forecasts for the 12 UTC runs. For each lead time, the
letters indicate statistically distinguishable groups based on the bootstrap comparison. Green, yellow,
orange, and red correspond to a, b, c, and d, respectively. Subsequent letters are also shown in red.

Model

Forecast Lead Time (h) and Corresponding UTC Hour
0

12
6

18
12
00

18
06

24
12

36
00

48
12

72
12

96
12

120
12

168
12

240
12

ERA5 6.7 c

AROME 7.3 d 9.7 c 11.1 d 8.7 c 9.9 c 12.5 e

ICON-D2 5.4 a 7.3 b 8.4 b 7.0 ab 8.9 b 9.3 b

HARMONIE 8.6 e 12.4 e 10.0 c 8.5 c 9.8 c 10.9 d 11.0 b

MAR 18.3 g 17.1 g 13.4 e 10.1 d 18.0 e 13.3 f 18.3 d 19.1 d 19.7 d 21.5 d 22.4 d

HRES 7.0 d 10.8 d 8.8 b 7.2 b 9.2 b 9.9 c 10.9 b 11.8 b 12.9 b 14.7 b 16.8 b 19.5 b

GFS 11.2 f 14.9 f 11.5 d 11.6 e 12.8 d 12.4 e 13.9 c 15.7 c 18.0 c 19.4 c 20.9 c 23.5 c

AIFS 5.9 b 6.8 a 7.8 a 6.8 a 8.4 a 8.8 a 9.1 a 9.8 a 10.7 a 12.0 a 15.8 a 17.7 a

For all models, the RMSE was higher at 00:00 at the Ferrières and Floriffoux stations.
At 00:00 in Floriffoux, AROME had the highest RMSE and the strongest negative bias
(approximately 14%) (Figure A3). However, at 12:00, the RMSE of the models was constant
across stations. The models had a slightly positive bias at 00:00 in spring, but this bias
became slightly negative in summer (Figure A4). GFS had a more pronounced negative
bias at 12:00 in July and August.

3.3. Wind Speed

Table 5 and Table A4 present the RMSE of wind speed for the 12 UTC and 00 UTC
runs, respectively. ICON-D2 had the best performance for the first two days of lead time.
After 4–5 days of lead time, ENS clearly outperformed the other models.

Interestingly, the errors did not always increase with lead time. For the 12 UTC runs,
the RMSE at 6, 12, 18, and 36 h lead times (corresponding to 18:00, 00:00 and 06:00) was
lower than the RMSE at 0 and 24 h lead times (corresponding to 12:00), for all models
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except MAR. This is correlated with lower wind speed at night and higher wind speed
during the day. The average wind speed over the entire study period and across all stations
at night (from 18:01 to 06:00) was 1.50 m s−1, and the average during the day (from 6:01
to 18:00) was 2.62 m s−1. Unlike other models, the RMSE of MAR did not change much
for the lead times from 6 to 72 h. This was observed for both the 12 UTC and 00 UTC runs.
MAR forecast wind speed well at 12:00, but for 06:00, 18:00 and 00:00 it was one of the
worst-performing models.

Table 5. RMSE (m s−1) of wind speed forecasts for the 12 UTC runs. For each lead time, the letters
indicate statistically distinguishable groups based on the bootstrap comparison. Green, yellow,
orange, and red correspond to a, b, c, and d, respectively. Subsequent letters are also shown in red.

Model

Forecast Lead Time (h) and Corresponding UTC Hour
0

12
6

18
12
00

18
06

24
12

36
00

48
12

72
12

96
12

120
12

168
12

240
12

ERA5 0.99 a

AROME 1.25 c 1.03 ab 0.93 bc 0.90 ab 1.28 a 0.99 c

ICON-D2 1.2 b 0.99 a 0.81 a 0.87 a 1.26 a 0.88 a

HARMONIE 1.46 e 1.05 b 0.91 b 0.89 ab 1.43 b 0.94 b 1.47 b

MAR 1.31 d 1.36 c 1.35 e 1.23 d 1.28 a 1.38 d 1.27 a 1.30 a 1.42 b 1.49 b 1.70 b

HRES 1.28 cd 1.04 b 0.95 c 0.92 b 1.29 a 0.96 bc 1.32 a 1.40 b 1.45 b 1.51 b 1.71 b 1.83 b

ENS 1.28 cd 1.00 ab 0.94 bc 0.91 b 1.25 a 0.94 b 1.27 a 1.32 a 1.35 a 1.41 a 1.45 a 1.49 a

AIFS 1.3 cd 1.00 ab 0.99 d 0.96 c 1.27 a 0.98 c 1.32 a 1.38 b 1.43 b 1.51 b 1.68 b 1.85 b

For the 12 UTC runs, ERA5 had the lowest RMSE, whereas for the 00 UTC runs, ERA5
had the second-highest RMSE.

At 00:00, the models had a negative bias of around −1.5 m s−1 at the Ragnies station
and a positive bias of around 0.5 m s−1 at the Esplechin station (Figure A5). It should be
noted that the Ragnies station was the windiest station during the day, with an observed
average wind speed of 3.83 m s−1. There was no significant change in RMSE over the
months for any of the models.

3.4. Precipitation

Table 6 and Table A5 present the RMSE of daily precipitation for the 12 UTC and
00 UTC runs, respectively. AIFS had the numerically lowest RMSE value at every lead time,
although it was not significantly different from at least one other model at most lead times.

Table 6. RMSE (mm) of daily precipitation forecasts (≥0.1 mm) for the 12 UTC runs. For each lead
time, the letters indicate statistically distinguishable groups based on the bootstrap comparison.
Green, yellow, and orange correspond to a, b, and c, respectively.

Model
Forecast Lead Time (h) and Corresponding UTC Hour

24
12

48
12

72
12

96
12

120
12

168
12

240
12

AROME 5.0 bc

ICON-D2 4.8 b

HARMONIE 5.6 c 6.2 c

MAR 4.3 ab 5.1 b 4.6 ab 5.5 b 5.5 a 5.5 a

HRES 4.5 ab 4.4 a 5.0 b 5.1 b 6.6 b 6.8 b 7.1 b

AIFS 3.9 a 4.0 a 4.0 a 4.2 a 5.1 a 5.1 a 6.2 a

Figure 3 shows the monthly RMSE of daily precipitation for the 12 UTC runs. The
RMSE was lowest in March, increased in spring, and peaked in July. March was a very dry
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month, which may explain the low RMSE. The maximum reached in July likely corresponded
to a peak in thunderstorm activity. The station of Seny stood out from the other stations
with a higher RMSE at every lead time. This could be explained by the underestimation of
precipitation by all models for the series of thunderstorms that struck this station in July.

Figure 3. Monthly RMSE of daily precipitation (≥0.1 mm) for each forecast lead time of the 12 UTC runs.

The ETS metric was used to evaluate the ability of the models to predict binary
precipitation occurrence: rainy day or non-rainy day. The same conclusions were drawn for
the 12 UTC and the 00 UTC runs, presented in Table 7 and Table A6, respectively. AROME
and ICON-D2 were among the best models for 24 h lead time. For lead times beyond 48 h,
HRES and AIFS had the best ETS values. MAR was the poorest-performing model for
predicting daily precipitation occurrence.

Table 7. ETS of rainy day (daily precipitation ≥1 mm) event forecasts for the 12 UTC runs. For each
lead time, the letters indicate statistically distinguishable groups based on the bootstrap comparison.
Green, yellow, and orange correspond to a, b, and c, respectively.

Model
Forecast Lead Time (h) and Corresponding UTC Hour

24
12

48
12

72
12

96
12

120
12

168
12

240
12

AROME 0.53 ab

ICON-D2 0.52 ab

HARMONIE 0.50 b 0.49 a

MAR 0.39 c 0.36 c 0.37 b 0.29 b 0.19 b 0.12 b

HRES 0.56 a 0.44 b 0.43 a 0.38 a 0.35 a 0.18 a 0.11 b

AIFS 0.54 ab 0.45 ab 0.41 a 0.34 a 0.32 a 0.21 a 0.16 a

Table 8 and Table A7 present the False Alarm Ratio (FAR) for the 12 UTC and 00 UTC
runs, respectively. The FAR increased with lead time, except for the first three lead times
for MAR. The FAR was higher in March for all models, and at every lead time, it reached
values between 50% and 80% at the first three lead times for every model.

https://doi.org/10.3390/atmos17080728

https://doi.org/10.3390/atmos17080728


Atmosphere 2026, 17, 728 13 of 30

Table 8. FAR (%) of rainy day (daily precipitation ≥1 mm) event forecasts (rain or no-rain) for the
12 UTC runs. For each lead time, the letters indicate statistically distinguishable groups based on the
bootstrap comparison. Green, yellow, and orange correspond to a, b, and c, respectively.

Model
Forecast Lead Time (h) and Corresponding UTC Hour

24
12

48
12

72
12

96
12

120
12

168
12

240
12

AROME 32 b

ICON-D2 30 ab

HARMONIE 35 b 33 a

MAR 46 c 48 c 46 a 52 b 62 c 68 b

HRES 26 a 40 b 42 a 46 a 47 a 62 a 64 a

AIFS 32 b 43 b 46 a 52 b 53 b 62 a 62 a

Table 9 and Table A8 present the Probability of Detection (POD) for the 12 UTC and
00 UTC runs, respectively. AIFS had the best POD for every lead time. MAR had the
lowest POD for lead times beyond 48 h. POD values were lowest in March, with the
best-performing model (AIFS) achieving a POD of only 70%.

Table 9. POD (%) of rainy day (daily precipitation ≥1 mm) event forecasts (rain or no-rain) for the
12 UTC runs. For each lead time, the letters indicate statistically distinguishable groups based on the
bootstrap comparison. Green, yellow, and orange correspond to a, b, and c, respectively.

Model
Forecast Lead Time (h) and Corresponding UTC Hour

24
12

48
12

72
12

96
12

120
12

168
12

240
12

AROME 87 a

ICON-D2 82 b

HARMONIE 86 a 82 c

MAR 89 a 85 bc 82 c 73 c 67 c 52 c

HRES 82 b 86 b 86 b 82 b 76 b 61 b 53 b

AIFS 88 a 96 a 94 a 94 a 89 a 74 a 73 a

Table 10 and Table A9 present the Frequency Bias Index (FBI) for the 12 UTC and
00 UTC runs, respectively. For both runs, all models overforecast precipitation occurrence
(FBI > 1) at every lead time, and the FBI increased with lead time. For all models, FBI values
were substantially higher in March than in the other months.

Table 10. FBI of rainy day (daily precipitation ≥1 mm) event forecasts (rain or no-rain) for the
12 UTC runs. For each lead time, the letters indicate statistically distinguishable groups based on the
bootstrap comparison. Green, yellow, and orange correspond to a, b, and c, respectively.

Model
Forecast Lead Time (h) and Corresponding UTC Hour

24
12

48
12

72
12

96
12

120
12

168
12

240
12

AROME 1.28 b

ICON-D2 1.16 a

HARMONIE 1.32 b 1.21 a

MAR 1.64 c 1.64 c 1.52 a 1.51 a 1.74 b 1.63 a

HRES 1.10 a 1.44 b 1.49 a 1.52 a 1.43 a 1.60 a 1.47 a

AIFS 1.3 b 1.68 c 1.73 b 1.96 b 1.9 c 1.93 b 1.94 b
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3.5. Global Radiation

Table 11 and Table A10 present the RMSE of mean daily global radiation for the 12 UTC
and 00 UTC runs, respectively. AIFS achieved the lowest RMSE at every lead time.

Table 11. RMSE (W m−2) of mean daily global radiation for the 12 UTC runs. For each lead time, the
letters indicate statistically distinguishable groups based on the bootstrap comparison. Green, yellow,
and orange correspond to a, b, and c, respectively.

Model
Forecast Lead Time (h) and Corresponding UTC Hour

24
12

48
12

72
12

96
12

120
12

168
12

240
12

ERA5 28.5 b

MAR 38.4 c 40.4 c 43.7 c 47.5 c 56.3 c 67.9 c

HRES 16.5 a 32.5 b 35.7 b 41.7 b 46.5 b 61.7 b 93.4 b

AIFS 16.2 a 28.3 a 32.5 a 35.1 a 42.5 a 54.2 a 86.5 a

HRES overestimated global radiation at all stations and at every lead time, while AIFS,
MAR and ERA5 underestimated it. The bias remained relatively constant across lead times.

3.6. Case Study I: Incoming Thunderstorms

This section details a case study in which the RMSE of air temperature was high for
most of the models. It happened on 14 June. Figure 4 shows the observed air temperature
at each station at 12:00 together with the corresponding forecast air temperature from each
model, based on the 12 UTC run of 13 June. AROME overestimated air temperature at
all stations, except in Emmels, with the largest errors occurring in central and southern
Wallonia. ICON-D2 overestimated air temperature at all the stations, with strong overesti-
mation in central Wallonia. AIFS strongly overestimated air temperature in almost every
weather station.

Figure 4. Maps of air temperature for 14 June at 12:00. The upper left map presents the observed
temperatures, and the other maps present the temperatures forecast by 8 different models. Each
bubble indicates the location of a weather station. The colour scale ranges from the lowest to the
highest temperature, among all the observed or forecast temperatures for that hour. The darker the
red, the higher the temperature. The darker the blue, the lower the temperature.
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Figure 5 shows the observed 24 h precipitation totals between 13 June and 14 June at
12:00, as well as the forecast precipitation totals. No rainfall was observed on 13 June, but
MAR forecast moderate continuous rainfall at every station for several hours during the
afternoon. The other models performed quite well for this afternoon. During the night, a
band of thunderstorms approached the west of the country but deteriorated rapidly. The
Esplechin station, located at the western edge of the study area, recorded 7 mm and the
next station to the east recorded 2 mm. MAR failed to detect this rainfall while the other
models captured the event. However, most of them overestimated the rainfall amounts,
and several predicted the precipitation band too far east.

Figure 5. Maps of precipitation from 13 June at 12:00 to 14 June at 12:00. The upper left map presents
the observed precipitation; the other maps present the precipitation forecast by 8 different models.
Each bubble indicates the location of a weather station.

During the morning of 14 June, very light rainfall (<1 mm) was recorded at some weather
stations in central Wallonia. Around 11:00, thunderstorms developed near the French border
and struck the southernmost part of the region, including the Libramont and Chassepierre
stations. All the models failed to predict this event correctly. AROME forecast thunderstorms
further east but failed to predict any over southern Wallonia. ICON-D2 forecast a thunderstorm
over Casteau during the morning, although no precipitation was observed there. This forecast
was too far east of the observed precipitation area, which at that time was limited to the far
west of the region. ICON-D2 also underestimated thunderstorm activity over Libramont and
Chassepierre at noon. HARMONIE did not predict any thunderstorm activity on 14 June.
MAR forecast rainfall over much of southern and eastern Wallonia during the afternoon.
Because this rainfall occurred after 12:00 UTC, it was not included in the 24 h accumulated
totals. Timing errors were not taken into account. HRES accurately predicted the rainy area
during the night of 13–14 June. It also detected the thunderstorm that developed around noon
over Libramont, although it did not detect it in Chassepierre. Finally, AIFS forecast light rain
throughout the night and the following morning (approximately 1–2 mm maximum).

3.7. Case Study II: Heat Spike in July

This case study allows for an examination of model performance in forecasting a
period of unusually high temperatures. Indeed, the first two days of July were particularly
hot, with maximum temperatures exceeding 35 ◦C in some areas. On 3 July, temperatures
dropped considerably (maximums around 25 ◦C). The RMSE values of the models were
computed for the 0, 12, 24, 36, and 48 h lead times, for the 12 UTC runs of 30 June and
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1 July. On average, across the lead times of the 12 UTC run of 30 June, the models with the
lowest RMSE were ICON-D2, AIFS, HRES and ENS. The models with the highest RMSE
were MAR, AROME, and HARMONIE. MAR had a particularly high RMSE, especially at
00:00. HARMONIE’s temperature forecast at the 48 h lead time was significantly lower
than the observed temperature, with differences of more than 10 ◦C for some stations. For
the 12 UTC run of 1 July, the RMSE for all the models, except for GFS, showed that the
temperature forecasts at 48 h lead time (3 July) were much more reliable than the forecasts
at 12 h lead time (2 July, during the heat spike). Figure 6 shows the dynamics of observed
and forecast air temperature for the weather station of Couthuin.

Figure 6. Dynamics of observed and forecast air temperature in Couthuin for the 12 UTC runs of
30 June and 1 July.

3.8. Case Study III: Heat Wave in August

This case study is another examination of model performance in forecasting a period
of high temperatures. From 10 to 15 August, a large part of the network’s weather stations
experienced a heatwave, defined by five consecutive days with a maximum temperature
reaching 25 ◦C, including three days reaching 30 ◦C. The RMSE of the forecast models was
calculated at several lead times for the 12 UTC runs of 12 August (Table 12) and 13 August
(Table 13). AIFS was the best-performing model for predicting air temperature during this
heatwave event. MAR and GFS had a strong positive temperature bias.

Table 12. RMSE of air temperature (◦C) for the 12 UTC run of 12 August. For each lead time, the
letters indicate statistically distinguishable groups based on the bootstrap comparison. Green, yellow,
orange, and red correspond to a, b, c, and d, respectively.

Model
Forecast Lead Time (h) and Corresponding UTC Hour

0
12

12
00

24
12

36
00

48
12

ERA5 1.95 c

AROME 1.16 b 2.00 ab 0.93 b 2.50 bc 2.54 bc

ICON-D2 0.63 a 1.52 a 0.51 a 2.42 bc 2.29 b

HARMONIE 1.01 b 1.71 ab 1.03 bc 1.24 a 2.31 b

MAR 1.81 c 4.22 c 1.40 c 3.54 c 3.45 c

HRES 1.12 b 1.50 a 0.98 bc 1.85 b 2.08 ab

ENS 1.09 b 1.37 a 1.05 bc 1.41 ab 1.70 ab

GFS 3.08 d 2.16 b 3.17 d 3.00 c 4.23 c

AIFS 1.03 b 1.53 a 0.52 a 1.11 a 1.58 a
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Table 13. RMSE of air temperature (◦C) for the 12 UTC run of 13 August. For each lead time, the
letters indicate statistically distinguishable groups based on the bootstrap comparison. Green, yellow,
orange, and red correspond to a, b, c, and d, respectively.

Model
Forecast Lead Time (h) and Corresponding UTC Hour

0
12

12
00

24
12

36
00

48
12

ERA5 1.43 c

AROME 0.85 b 2.53 c 1.91 ab 1.12 a 1.13 a

ICON-D2 0.50 a 2.09 c 1.57 a 1.98 bc 1.98 bc

HARMONIE 0.96 b 2.32 c 1.96 ab 2.53 c 1.34 ab

MAR 1.09 bc 3.78 d 2.37 b 4.16 d 2.31 c

HRES 1.10 bc 1.53 b 3.10 bc 1.76 b 1.88 bc

ENS 1.11 bc 1.37 ab 2.70 b 1.51 ab 1.63 ab

GFS 2.08 d 3.40 d 3.76 c 1.27 ab 4.38 d

AIFS 0.70 ab 1.08 a 1.52 a 1.02 a 1.83 b

3.9. Evaluation of Weather Forecasts for Identifying Optimal Spray Time Windows

The weighted kappa score measured the consistency between the output of the
decision-support tool fed by the observations and the output of the tool fed by the forecast
models. This kappa score was computed for each model and for each forecast lead time.
For both the 12 UTC runs (Table 14) and the 00 UTC runs (Table 15), ICON-D2 and AIFS
ranked first up to 48 h lead time. AROME ranked second. For lead times beyond 48 h,
AIFS was the best-performing model. For all models, the weighted kappa was generally
higher at 00:00 and 06:00 than at 12:00 on the same day. It was true even at long lead times.
The MAR model, however, was proportionally less accurate than the others at 00:00 for the
12 UTC runs. It may be related to its poor performance in estimating wind speed at night
for these runs.

Table 14. Weighted kappa indicating the ability of weather forecasts to correctly predict spraying
classes. A kappa of 1 corresponds to a perfect prediction. Forecasts were computed during the
12 UTC runs. For each lead time, the letters indicate statistically distinguishable groups based on the
bootstrap comparison. Green, yellow, and orange correspond to a, b, and c, respectively.

Model

Forecast Lead Time (h) and Corresponding UTC Hour
6

18
12
00

18
06

24
12

30
18

36
00

42
06

48
12

54
18

60
00

66
06

72
12

AROME 0.46 b 0.56 b 0.57 b 0.35 b 0.43 b 0.51 b 0.53 b

ICON-D2 0.53 a 0.65 a 0.61 ab 0.41 a 0.42 b 0.59 a 0.57 ab

HARMONIE 0.37 c 0.58 b 0.59 ab 0.35 b 0.37 c 0.54 b 0.55 ab 0.32 b

MAR 0.34 c 0.36 c 0.46 c 0.37 ab 0.35 c 0.33 c 0.44 c 0.37 ab 0.36 b 0.35 b 0.46 b 0.34 a

HRES 0.42 b 0.59 b 0.6 ab 0.41 a 0.36 c 0.55 ab 0.54 ab 0.34 b 0.34 b 0.57 a 0.55 a 0.3 a

AIFS 0.53 a 0.59 b 0.62 a 0.4 ab 0.49 a 0.54 ab 0.58 a 0.39 a 0.49 a 0.56 a 0.56 a 0.35 a

102
18

108
00

114
06

120
12

150
18

156
00

162
06

168
12

222
18

228
00

234
06

240
12

MAR 0.24 b 0.21 b 0.39 b 0.28 a 0.18 b 0.13 c 0.26 b 0.13 b 0.05 b 0.1 c

HRES 0.24 b 0.45 a 0.51 a 0.28 a 0.17 b 0.37 b 0.41 a 0.15 ab 0.17 a 0.31 b 0.29 a 0.01 b

AIFS 0.31 a 0.49 a 0.51 a 0.3 a 0.26 a 0.46 a 0.40 a 0.19 a 0.17 a 0.41 a 0.3 a 0.15 a

These weighted kappa values below 0.4 highlight poor consistency between forecasts
and observations. For the 12 UTC runs and for all models, the score of the best model (AIFS)
dropped below 0.4 at 48 h lead time for daytime forecasts (12:00), and at 102 h lead time for
evening forecasts (18:00). For the 00 UTC runs, the score of the best model dropped below
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0.4 at 60 h lead time for daytime forecasts, and at 114 h lead time for evening forecasts. For
both runs, the scores for night-time (00:00) and morning (06:00) forecasts remained above
0.4 much longer. Overall, forecasts remained better than random chance for all the lead
times, except for the 12 UTC runs at 240 h lead time where the score of HRES dropped close
to 0.

Table 15. Weighted kappa indicating the ability of weather forecasts to correctly predict spraying
classes. A kappa of 1 corresponds to a perfect prediction. Forecasts were computed during the
00 UTC runs. For each lead time, the letters indicate statistically distinguishable groups based on the
bootstrap comparison. Green, yellow, and orange correspond to a, b, and c, respectively.

Model

Forecast Lead Time (h) and Corresponding UTC Hour
6

06
12
12

18
18

24
00

30
06

36
12

42
18

48
00

54
06

60
12

66
18

72
00

AROME 0.64 a 0.44 a 0.44 b 0.50 b 0.56 b 0.43 a 0.39 b 0.37 b

ICON-D2 0.68 a 0.48 a 0.46 b 0.59 a 0.57 ab 0.45 a 0.40 b 0.47 a

MAR 0.46 b 0.43 a 0.37 c 0.33 c 0.44 c 0.39 a 0.36 bc 0.23 c 0.42 b 0.38 a 0.32 b 0.33 b

HRES 0.64 a 0.42 a 0.39 c 0.56 a 0.56 b 0.41 a 0.34 c 0.48 a 0.57 a 0.35 a 0.35 b 0.55 a

AIFS 0.66 a 0.43 a 0.51 a 0.50 b 0.61 a 0.42 a 0.48 a 0.44 a 0.57 a 0.37 a 0.43 a 0.57 a

102
06

108
12

114
18

120
00

150
06

156
12

162
18

168
00

222
06

228
12

234
18

240
00

MAR 0.39 b 0.28 ab 0.21 b 0.23 c 0.32 c 0.21 b 0.20 b 0.15 c 0.26 b 0.17 a 0.15 a 0.16 c

HRES 0.54 a 0.27 b 0.22 b 0.46 b 0.39 b 0.19 b 0.17 b 0.36 b 0.31 a 0.11 b 0.19 a 0.37 a

AIFS 0.55 a 0.32 a 0.28 a 0.53 a 0.45 a 0.28 a 0.30 a 0.45 a 0.33 a 0.11 b 0.17 a 0.27 b

4. Discussion
4.1. Challenges Encountered in Conducting This Study

The first challenge was identifying open data sources and collecting forecasts for all
the models. Forecast archives were rarely centralised, often heterogeneous, and sometimes
incomplete. The second challenge was to automate the downloads of the forecasts to avoid
missing some runs. This was not straightforward because the times of run publication
could vary from day to day, sometimes with delays of several hours. These fluctuations
led to erroneous downloads that had to be identified and removed from the dataset. For
some models, such as HARMONIE, which updated its runs hourly, these delays resulted
in the loss of many runs. The third challenge was data storage. Each run included a
complete set of meteorological variables over the entire forecast horizon and for all grid
cells. For example, a single run of the full grid of MAR, including all variables (not only
those used in this study), produced approximately 150 MB of data. When multiplied by
the two daily runs and the number of days in the study period, this reached 55 GB for this
model alone. In comparison, HRES and ENS outputs required less storage space because
the data were stored in a compact binary format. For HRES, all information covering the
entire study period was contained in roughly 130 MB, as the selected grid was smaller and
only the relevant variables were filtered. Finally, the fourth challenge was to implement
preprocessing steps to make the data comparable to each other and to observations. This
work included converting heterogeneous units, transforming and harmonising variables,
but also rigorously mapping the spatiotemporal relationships between model outputs
and observations.

4.2. Comparison with Other Studies

For wind speed, our study shows that the models made larger errors during the day,
when wind speeds were higher. Häuser [6] also reported that models had more difficulty
predicting wind speed when speeds were higher. The author noted that wind forecasting

https://doi.org/10.3390/atmos17080728

https://doi.org/10.3390/atmos17080728


Atmosphere 2026, 17, 728 19 of 30

was better in continental areas than near the sea and that ICON performed best among all
the models tested, with similar or even better performance than ERA5 reanalysis data. In
our study, ICON global was not tested. ICON-D2 had a better performance than ERA5 for
the 00 UTC runs but not for the 12 UTC runs.

For global radiation, Reiß [7] obtained better estimates with ERA5 than with GFS or
ICON. However, the author showed that combining several forecast models improves
global radiation estimation. Such multi-models performed slightly better than ERA5. In
our study, HRES and AIFS global radiation forecasts largely outperformed ERA5.

For precipitation, Haiden et al. [3] studied the performance of global models over an
11-month study period, using observations from all around the world. The ETS (threshold
≥1 mm) of HRES at 24 h lead time was just below 0.35. At 72 h lead time, ETS was between
0.3 and 0.25, and at 120 h it was about 0.2. The ETS values for the same model were much
higher in our study, which may be due to the focus on Belgium and the improvement of
HRES over time. The same authors also reported that the FBI (threshold ≥ 1 mm) of all the
models was above 1 and did not change much with the lead time. In our study, the FBI of
all the models was greater than 1 but tended to increase with lead time.

The results obtained from ECMWF products in this study were compared with 2024
Green Books from countries surrounding Belgium. The German Green Book noted the
strong performance of AIFS compared to ICON and HRES. For synoptic stations in the
Northern Hemisphere in April 2024, AIFS was the best-performing model for predicting air
temperature, and this was true for most lead times from 24 h until 168 h. In our study, the
magnitudes of the errors of AIFS and HRES were similar for air temperature at these lead
times. For April 2024, AIFS seemed to have difficulty forecasting wind, especially at lead
times up to 120 h. The errors were larger at 00:00 for AIFS, with much higher errors at 00:00
than at 12:00, and for HRES the error was stronger at noon. In our study, the errors were
much lower for wind speed. Regarding 6 h precipitation totals, the German Green Book
stated that AIFS provided good-quality forecasts, but with a strong bias at low precipitation
rates. A bias (FBI) was also observed in our study.

The French Green Book provided an estimation of the RMSE of the ECMWF ensemble
model (ENS) post-treated for maximum air temperature at 24, 48, 72 and 96 h lead times.
The observations came from a network of weather stations in France. The report showed
that the RMSE of maximum air temperature in July and August was about twice as high as
in the other months. In our study, by contrast, almost no difference was found between the
months for air temperature. In the French Green Book, considering a full year, the RMSE
at 24 h lead time for maximum air temperature was between 1.5 and 2.0 ◦C. The RMSE
increased with lead time and was between 2.0 and 2.5 ◦C at 96 h lead time. In our study,
for air temperature, the RMSE of ENS was slightly lower.

The 2021 Belgian Green Book computed the RMSE of HRES and ENS over one year for
the 12 UTC and 00 UTC runs. Forecast outputs were compared with observations from the
synoptic station of Zaventem in Belgium. The RMSE of air temperature at 24 h lead time
for each model was similar to the RMSE in our study. At 120 and 168 h lead times, ENS
outperformed HRES, as in our study. At these lead times, the RMSE of each model was
similar to the RMSE in our study for the 00 UTC runs, but lower than in our study for the
12 UTC runs. This may be due to the different study periods (one year versus six months).
Forecasts of wind speed at 10 m were difficult to compare with forecasts at 2 m in our study,
yet the same trend was observed, with ENS performing better than HRES at longer lead
times. This trend was also observed for air temperature.

Zhang et al. [27] demonstrated that the errors of deep learning-based models (Graph-
Cast, Pangu-Weather and Fuxi) were greater than those of HRES in extreme cold, heat
and wind situations. They also found that deep learning-based models tend to underes-
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timate the frequency and intensity of record-breaking events. They underestimate heat
records and overestimate cold records. In our study, AIFS showed very good results com-
pared to conventional models in forecasting the heat spike in July and the heat wave in
August. However, although these days were hot by Belgian standards, they were not
record-breaking. The ability of AIFS to forecast extreme hot and cold events should be
evaluated over an extended period.

Moldovan et al. [28] studied the performance of HRES and AIFS SingleV1. As in our
study, AIFS had a lower RMSE than HRES for temperature and radiation at all lead times.

When comparing AIFS with other models, it is important to note that the differences
between these models do not lie solely in the distinction between data-driven and physics-
based approaches. AIFS operates at a much coarser resolution than local models such
as AROME, ICON-D2, and HARMONIE, and spatial resolution may explain part of the
observed differences in model performance.

4.3. Precipitation Forecast and Its Verification

Verifying precipitation forecasts over short periods (a few hours or less) is particularly
complex due to high temporal and spatial variability. Regional weather forecast models can
simulate realistic heavy precipitation events, but due to the stochastic nature of convection
triggering, they sometimes fail to predict these events at the right time and/or the right
location. Evaluating precipitation forecasts from high spatial and temporal resolution
models presents challenges when applying the same scoring systems as low-resolution
models [29,30]. A degradation of these scores is generally observed for high-resolution
models, even though these models appear to provide relevant information on the structure
and intensity of certain weather phenomena. In the case of intense rainfall during convec-
tive thunderstorms, a model with a low spatial resolution tends to spread the maximum
rainfall over a larger area, leading to lower local accumulations, rather than accurately
simulating highly localised rainfall. A high-spatial-resolution model generally represents
the spatial structure of the storm better, but it typically has a localisation error that causes
a “double penalty” [30,31]. The first penalty arises from failing to predict the event in the
correct location, and the second from the false alarm at the incorrect location. Thus, a small
localisation error can have a significant negative impact on the scores of the high-resolution
model. In our study, regarding quantitative precipitation forecasts, some high-resolution
regional models exhibited higher errors than the global models HRES and AIFS. The double
penalty also applies to timing errors in high-temporal-resolution outputs, typically hourly
precipitation accumulation rather than daily accumulation. There are many alternative
scoring methods for evaluating high-resolution models without subjecting them to dou-
ble penalty. Small spatial errors can be identified by examining the forecasts in the grid
cells surrounding the target cell, and small timing errors can be detected by checking the
forecasts for the hours preceding and following the exact lead time.

In this study, the temporal errors were limited because precipitation was accumulated
on a daily basis, but there could be spatial errors, and the selected metrics were subject to
the double penalty. This method was chosen for its simplicity. Forecast models downloaded
from open-meteo.com were stored only for grid cells containing the stations. Thus, it was
not possible to analyse the spatial structure of the forecast in the neighbourhood of the
point of interest. On the one hand, penalising the localisation errors may make sense from
the farmer’s point of view. Farmers want to know whether rain is likely to fall on their
specific fields. On the other hand, farmers often manage several plots of land, sometimes
separated by dozens of kilometres. They may prefer to know that a thunderstorm is about
to occur in the region (even if the exact localisation is uncertain) rather than receive a
low-resolution forecast unable to detect the thunderstorm. In any case, future studies

https://doi.org/10.3390/atmos17080728

https://doi.org/10.3390/atmos17080728


Atmosphere 2026, 17, 728 21 of 30

should ensure that forecasts are stored in the neighbourhood of points of interest in order
to assess spatial errors.

Another question when dealing with precipitation occurrence is the choice of the
threshold to separate rainy and non-rainy days. Rossa et al. [31] reported that thresholds
ranging from 0.1 to 0.3 mm were commonly used for daily accumulations. In this study, a
threshold of 1 mm was selected, in agreement with Nitha et al. [32]. Another option would
be to consider several rainfall thresholds, for example thresholds for light, moderate and
heavy rainfall, in order to assess forecast performance for different rainfall classes [33].

Pan et al. [34] showed that AIFS estimated precipitation in China with a lower RMSE
than HRES. We also found lower RMSE values for AIFS than for HRES, at all the lead
times. However, the RMSE should not be the only metric considered. When precipitation
occurrence was taken into account, HRES performed better than AIFS, which largely
overestimated the number of precipitation days.

4.4. Use of Weather Forecasts in Decision-Support Systems for Agriculture

Part of this study focused on a decision-support tool designed to identify optimal
spraying windows in agriculture. Choosing the right spraying time is crucial for farmers,
as they seek to maximise product efficacy and avoid losses in the environment. The most
suitable models to feed the decision-support tool were ICON-D2 and AIFS. The results of
this study suggest that farmers should consult the spraying decision-support tool daily
and avoid planning daytime spraying activities more than 2 days in advance. Decision-
support tool designers should also be aware of the forecast limitations and avoid displaying
spraying recommendations one week in advance. Although these spraying decision tools
are common in agriculture, no other study (to our knowledge) has described the impact of
lead time on the spraying recommendations.

Aleksovska et al. [35] calibrated ensemble weather forecasts against observations from
weather stations. The same authors then detailed how to combine these post-processed
ensemble weather forecasts to feed a temperature-driven pest development model for
vineyards. Ensemble predictions from the regional AROME model were the most accurate
but were limited to 48 h, whereas global ensemble predictions from ARPEGE or ENS
could extend the forecast horizon. The authors developed a method to smoothly combine
high-resolution AROME ensemble members at short range with larger-scale ensemble
members at longer range. For the spraying decision-support tool presented in this paper,
such a combination approach may be useful if long-range forecasts improve in the future.
For now, it may be best to limit forecasts to a 48 h lead time, and avoid displaying longer
lead times, as they could mislead farmers.

This recommendation to limit the use of weather forecasts to the first 48 h is valid
only for the simplified spraying decision-support tool presented in this study. This recom-
mendation could probably be extended to other spraying decision-support tools, but not
to decision support tools for other agricultural applications, which may use longer-range
weather forecasts. For example, Tarraf et al. [36] studied a decision-support tool for water
stress in vineyards and concluded that, in most scenarios for lead times shorter than 120 h,
uncertainties from model parameters and past weather observations were more important
than uncertainties associated with weather forecasts. This water stress model can afford
to use longer-range, less reliable weather forecasts than the spraying model because the
consequences of forecast errors are less critical. Unexpected rain would force the complete
cancellation of the spraying operation, whereas it would only slightly affect the vineyard’s
water status, which is also influenced by previous rainfall and modelled crop development.

Different errors in the input weather forecasts can lead to different consequences for
the farmer and the environment. For the spraying decision-support tool, an unexpected
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rain just before spraying leads to the cancellation of the operation and to a loss of time for
the farmer. But an unexpected rain just after spraying may lead to environmental pollution
and the need for the farmer to repeat the spraying operation to ensure the efficacy of the
product and avoid crop damage due to the absence of adequate protection, thus also having
economic consequences. The same forecasting error, but occurring at different times, gives
rise to different risks. Spraying decision-support tools could weight the interpretation of
ensemble forecasts differently depending on the risk level associated with the product’s
sensitivity to specific weather conditions and the planned timing of the spraying operation.

4.5. Limitations of This Study

The study period covered six months, which remains short to capture the full range
of meteorological variability. It would be inappropriate to extrapolate the results to other
time periods or to different regions. This study therefore provides only an indication of the
performance of the evaluated weather forecast models for a specific region and a specific
time frame.

It should also be noted that the models were compared only at lead times that were
multiples of 6 h. Yet, many decision-support tools used in agriculture require input weather
data with an hourly time step, even for longer lead times. Models with temporal resolution
coarser than one hour for long lead times therefore require interpolation to feed decision-
support tools. Such interpolations may prove less accurate than forecasts generated directly
for every hour. In this sense, the MAR model may have an advantage over other models
that provide a long forecast horizon, but at a lower temporal resolution. The results of this
study may therefore lead to an underestimation of the value of the MAR model. It should
also be noted that the temporal resolution of AIFS was limited to 6 h, even for short lead
times. Although this model performed very well for the lead times considered in this study,
its practical usefulness for agricultural decision-support systems may be limited.

Another important limitation lies in the rapid evolution of numerical weather pre-
diction models. Forecasting systems are continuously updated through improvements
in model physics, data assimilation techniques, and spatial resolution, each of which can
significantly affect forecast performance. Consequently, the version of a model used at
a given time may differ substantially from the version used later, potentially leading to
different results. It is therefore essential to closely monitor model developments and fu-
ture upgrades when interpreting forecast evaluations or implementing such models in
operational decision-support tools.

This study was based on the stations of the PAMESEB network, which served as the
reference for agricultural areas, but these stations differ in some respects from stations
from the national weather service, the Royal Meteorological Institute of Belgium (RMI).
Table A11 presents the RMSE and bias between a PAMESEB weather station and an RMI
weather station.

Finally, the usefulness of the different weather forecast models for helping farmers
determine the best time to spray was investigated only through the outputs of a simplified
decision-support tool. It was not based on actual farmer decisions or on field measurements
of the agronomic efficacy or the environmental pollution resulting from spraying. Moreover,
the simplified spraying decision-support tool did not include all the criteria that may
influence the decision to spray. Its limitations are detailed in Section 2.5. For example,
root herbicides require the soil to be sufficiently wet, while excessive rainfall in the days
following spraying should be avoided. A more advanced spraying decision-support tool
could check the occurrence of rain in the days before or after the spraying date to ensure that
the soil is, or will become, sufficiently wet. A weather forecast model that did not perform
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best with the simplified tool might prove to be the most suitable for a more advanced tool,
for example if it performs better at forecasting light rainfall.

5. Conclusions
This study evaluated the performance of eight weather forecast models for five near-

surface meteorological variables and assessed their suitability for use in a simple agricul-
tural decision-support tool designed to help farmers identify optimal spraying conditions.

The following conclusions were drawn based on data from 22 locations in Wallonia
(Belgium) over a relatively dry six-month period, from March to August 2025. They are
valid under these conditions and only for the versions of the weather forecast models
used in this study. ICON-D2 and AIFS were the best-performing models for predicting
air temperature and relative humidity up to two days ahead. Beyond two days, AIFS
performed best. It was only outperformed by ENS for forecasting air temperature at ten
days. ICON-D2 was the best model for predicting wind speed up to two days ahead.
After two days, ENS performed best. AIFS was the best model to predict global radiation,
followed by HRES. AIFS was one of the best models for quantitative and qualitative
(rainy or non-rainy day) precipitation forecasting, although it tended to predict too many
precipitation events. Model performance was spatially consistent across the different
weather stations in Wallonia, indicating homogeneous behaviour among the evaluated
forecast models within the study area.

When the forecast models were tested as inputs to a simplified agricultural decision-
support tool, ICON-D2 and AIFS yielded the most reliable recommendations for spraying
conditions. However, based on the results of this study, such spraying recommendations
should not be based on weather variables forecast more than 48 h in advance. After this lead
time, the weather forecasts led to poor spraying recommendations, especially for spraying
in the daytime. It should also be noted that AIFS has a temporal resolution of 6 h. Although
it ranked among the best models for the evaluated lead times, its practical usefulness for
agricultural decision-support tools is limited, as these often rely on hourly weather data.
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Abbreviations
The following abbreviations are used in this manuscript:

AI Artificial Intelligence
AIFS Data-driven Weather Forecast Model of the ECMWF
ECMWF European Center for Medium-Range Weather Forecasts
ETS Equitable Threat Score
GFS Global Forecast System
ENS Ensemble Weather Forecast Model of the ECMWF
FAR False Alarm Ratio
FBI Frequency Bias Index
HRES Deterministic physical model of the ECMWF
MAE Mean Absolute Error
MBE Mean Bias Error
POD Probability Of Detection
RMSE Root Mean Square Error
UTC Coordinated Universal Time

Appendix A

Table A1. Missing 12 UTC and 00 UTC runs.

Model Missing 12 UTC Runs Missing 00 UTC Runs

HRES 0 0
ENS 0 0
AIFS 0 0
GFS 9 9

MAR 10 14
AROME 6 45
ICON-D2 5 26

HARMONIE 26 162

Appendix B

Table A2. RMSE (◦C) of air temperature forecasts for the 00 UTC runs. For each lead time, the
letters indicate statistically distinguishable groups based on the bootstrap comparison. Green, yellow,
orange, and red correspond to a, b, c, and d, respectively. Subsequent letters are also shown in red.

Model

Forecast Lead Time (H) and Corresponding UTC Hour
0

00
6

06
12
12

18
18

24
00

36
12

48
00

72
00

96
00

120
00

168
00

240
00

ERA5 1.21 a

AROME 1.3 b 1.19 b 1.36 c 1.31 b 1.67 c 1.72 c 1.91 c

ICON-D2 1.23 ab 1.08 a 1.18 a 1.24 a 1.46 ab 1.45 ab 1.58 b

MAR 3.24 d 2.01 d 1.72 d 1.66 d 3.24 e 1.84 d 3.23 e 3.00 e 3.30 d 3.49 d 3.87 d 4.06 e

HRES 1.31 b 1.07 a 1.37 c 1.46 c 1.53 b 1.52 b 1.61 b 1.80 c 2.00 b 2.21 b 2.85 b 3.66 c

ENS 1.27 b 1.03 a 1.30 bc 1.43 c 1.46 a 1.42 a 1.52 ab 1.68 b 1.84 a 2.00 a 2.44 a 2.81 a

GFS 1.72 c 1.34 c 2.00 e 1.77 e 2.00 d 2.13 e 2.05 d 2.05 d 2.25 c 2.48 c 3.23 c 4.31 d

AIFS 1.24 ab 1.03 a 1.26 b 1.25 a 1.41 a 1.45 ab 1.47 a 1.56 a 1.82 a 1.94 a 2.48 a 3.52 b
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Figure A1. MBE (◦C) of air temperature forecasts by weather stations for the 00 UTC runs at 24 h
lead time (00:00).

Figure A2. Monthly MBE (◦C) of air temperature forecasts for the 00 UTC runs at 24 h lead time.

Appendix C

Table A3. RMSE (%) of relative humidity forecasts for the 00 UTC runs. For each lead time, the
letters indicate statistically distinguishable groups based on the bootstrap comparison. Green, yellow,
orange, and red correspond to a, b, c, and d, respectively. Subsequent letters are also shown in red.

Model

Forecast Lead Time (H) and Corresponding UTC Hour
0

00
6

06
12
12

18
18

24
00

36
12

48
00

72
00

96
00

120
00

168
00

240
00

ERA5 6.9 a

AROME 8.5 c 7.2 c 8.3 b 10.5 c 12.2 c 11.4 c 13.7 d

ICON-D2 7.1 a 6.6 b 7.6 a 9.1 b 8.9 a 9.4 ab 9.3 a

MAR 13.8 e 10.0 d 16.5 d 15.7 f 13.9 d 16.7 e 14.0 d 14.1 d 15.5 d 16.1 d 17.8 d 19.9 d

HRES 7.9 b 6.7 b 8.3 b 11.1 d 9.3 b 9.8 b 9.9 b 11.0 b 11.8 b 13.3 b 14.2 b 17.3 b

GFS 10.6 d 10.6 e 12.4 c 14.3 e 12.6 c 13.4 d 12.8 c 12.9 c 13.8 c 14.6 c 16.2 c 18.2 c

AIFS 7.0 a 6.1 a 8.0 b 8.5 a 9.2 ab 9.2 a 9.1 a 9.1 a 9.7 a 10.4 a 11.7 a 13.9 a
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Figure A3. MBE (%) of relative air humidity forecasts by weather stations for the 00 UTC runs at 24 h
lead time.

Figure A4. Monthly MBE (%) of relative humidity forecasts for the 00 UTC runs at 24 h lead time.

Appendix D

Table A4. RMSE (m s−1) of wind speed forecasts for the 00 UTC runs. For each lead time, the
letters indicate statistically distinguishable groups based on the bootstrap comparison. Green, yellow,
orange, and red correspond to a, b, c, and d, respectively. Subsequent letters are also shown in red.

Model

Forecast Lead Time (h) and Corresponding UTC Hour
0

00
6

06
12
12

18
18

24
00

36
12

48
00

72
00

96
00

120
00

168
00

240
00

ERA5 1.01 d

AROME 0.90 bc 0.88 ab 1.30 b 1.04 ab 0.96 bc 1.26 ab 0.96 bc

ICON-D2 0.75 a 0.84 a 1.27 ab 1.02 a 0.80 a 1.24 ab 0.79 a

MAR 1.29 e 1.21 c 1.24 a 1.38 c 1.32 d 1.27 ab 1.36 d 1.42 c 1.45 c 1.63 d 1.67 d 1.69 d

HRES 0.93 c 0.92 b 1.33 b 1.08 b 0.95 bc 1.29 b 0.94 bc 0.99 b 1.06 b 1.16 c 1.32 c 1.27 b

ENS 0.93 c 0.91 b 1.28 ab 1.02 a 0.93 b 1.22 a 0.93 b 0.96 a 1.00 a 1.03 a 1.07 a 1.09 a

AIFS 0.89 b 0.93 b 1.30 b 1.04 ab 0.98 c 1.27 ab 0.97 c 1.00 b 1.04 b 1.10 b 1.19 b 1.39 c
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Figure A5. MBE (m s−1) of wind speed forecasts by weather stations for the 00 UTC runs at 36 h lead time.

Appendix E

Table A5. RMSE (mm) of daily precipitation forecasts (≥0.1 mm) for the 00 UTC runs. For each
lead time, the letters indicate statistically distinguishable groups based on the bootstrap comparison.
Green, yellow, and orange correspond to a, b, and c, respectively.

Model

Forecast Lead Time (h) and Corresponding UTC Hour
24
00

48
00

72
00

96
00

120
00

168
00

240
00

AROME 5.4 b 6.2 c

ICON-D2 5.7 b 5.6 bc

MAR 4.8 ab 4.9 b 4.6 b 5.0 b 5.9 b 5.6 b 6.6 b

HRES 4.8 ab 4.8 ab 4.7 b 5.4 b 5.8 b 6.6 c 7.4 c

AIFS 4.5 a 4.1 a 3.9 a 4.1 a 4.7 a 4.9 a 5.9 a

Table A6. ETS of rainy day (daily precipitation ≥1 mm) for the 00 UTC runs. For each lead time, the
letters indicate statistically distinguishable groups based on the bootstrap comparison. Green, yellow,
and orange correspond to a, b, and c, respectively.

Model

Forecast Lead Time (h) and Corresponding UTC Hour
24
00

48
00

72
00

96
00

120
00

168
00

240
00

AROME 0.62 a 0.45 b

ICON-D2 0.59 a 0.45 b

MAR 0.38 c 0.34 c 0.32 b 0.27 c 0.27 b 0.17 b 0.08 c

HRES 0.51 b 0.51 a 0.42 a 0.35 b 0.3 ab 0.22 a 0.13 b

AIFS 0.53 b 0.5 ab 0.42 a 0.39 a 0.32 a 0.22 a 0.18 a

Table A7. FAR (%) of rainy day (daily precipitation ≥1 mm) for the 00 UTC runs. For each lead time,
the letters indicate statistically distinguishable groups based on the bootstrap comparison. Green,
yellow, and orange correspond to a, b, and c, respectively.

Model

Forecast Lead Time (h) and Corresponding UTC Hour
24
00

48
00

72
00

96
00

120
00

168
00

240
00

AROME 25 a 36 ab

ICON-D2 24 a 32 a

MAR 46 c 50 c 51 b 56 b 55 b 63 b 69 b

HRES 30 b 34 ab 41 a 48 a 48 a 56 a 61 a

AIFS 31 b 38 b 45 a 48 a 51 ab 60 ab 60 a
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Table A8. POD (%) of rainy day (daily precipitation ≥1 mm) for the 00 UTC runs. For each lead time,
the letters indicate statistically distinguishable groups based on the bootstrap comparison. Green,
yellow, orange, and red correspond to a, b, c, and d, respectively. Subsequent letters are also shown
in red.

Model
Forecast Lead Time (H) and Corresponding UTC Hour

24
00

48
00

72
00

96
00

120
00

168
00

240
00

AROME 91 a 76 d

ICON-D2 85 b 70 e

MAR 89 ab 83 c 78 b 76 b 77 b 59 b 50 c

HRES 85 b 89 b 81 b 79 b 69 c 63 b 54 b

AIFS 88 ab 95 a 93 a 93 a 86 a 76 a 77 a

Table A9. FBI of rainy day (daily precipitation ≥1 mm) for the 00 UTC runs. For each lead time, the
letters indicate statistically distinguishable groups based on the bootstrap comparison. Green, yellow,
orange, and red correspond to a, b, c, and d, respectively. Subsequent letters are also shown in red.

Model
Forecast Lead Time (h) and Corresponding UTC Hour

24
00

48
00

72
00

96
00

120
00

168
00

240
00

AROME 1.22 b 1.19 b

ICON-D2 1.12 a 1.03 a

MAR 1.63 c 1.68 e 1.59 b 1.74 b 1.69 b 1.60 b 1.61 b

HRES 1.22 b 1.35 c 1.37 a 1.51 a 1.33 a 1.43 a 1.41 a

AIFS 1.28 b 1.52 d 1.69 b 1.79 b 1.76 b 1.89 c 1.90 c

Appendix F

Table A10. RMSE (W m−2) of mean daily global radiation for the 00 UTC runs. For each lead time,
the letters indicate statistically distinguishable groups based on the bootstrap comparison. Green,
yellow, orange, and red correspond to a, b, c, and d, respectively.

Model
Forecast Lead Time (h) and Corresponding UTC Hour

24
12

48
12

72
12

96
12

120
12

168
12

240
12

ERA5 32.0 c

MAR 40.1 d 42.9 c 49.2 c 54.4 c 65.9 c 77.1 b 88.6 c

HRES 29.2 b 32.8 b 39.0 b 41.0 b 50.4 b 59.3 a 78.4 b

AIFS 28.0 a 30.8 a 34.5 a 39.3 a 46.5 a 59.4 a 69.8 a

Appendix G

Table A11. Quantitative comparison between PAMESEB and RMI weather stations. Positive bias
indicates an overestimation of the PAMESEB station and negative bias indicates an underestimation.

Weather Variables RMSE Bias

Air temperature 2 m 0.18 ◦C 0.10 ◦C
Relative humidity 2 m 3.8% 2.4%

Wind speed 2 m 0.17 m s−1 0.0 m s−1

Global radiation 24 W m−2 18 W m−2, even greater during summer
Precipitation / Underestimation on long-term accumulation
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