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Abstract
The rapid rise of data-driven weather forecasting has prompted increasing interest in how such
models perform relative to traditional numerical weather prediction systems. While recent stud-
ies have highlighted the formers’ superior skill on standard forecast metrics, questions remain
regarding their ability to forecast physically complex, derived variables, particularly in the con-
text of extreme events. In this study, we assess the performance of two leading operational data-
driven models (GraphCast and Pangu-Weather) in forecasting integrated vapour transport (IVT)
and atmospheric rivers (ARs), using ECMWF’s IFS-HRES as a reference physics-based forecast.
Forecasts are evaluated against ERA5 reanalysis over one year of global data, using three AR detec-
tion algorithms and lead times ranging from 1 to 10 days. Results show that data-driven models
achieved root-mean-square errors for IVT comparable to or slightly better than IFS-HRES, par-
ticularly in the tropics and at shorter lead times. However, they achieved a poorer representation
of the higher quantiles of the IVT distribution. A case study of a high-impact AR event revealed
that all models could forecast the main event characteristics up to five days in advance. However,
AR characteristics and detection performance varied substantially across detection algorithms.
Notably, the geometrically stricter detection method highlighted a clearer advantage for IFS-HRES,
especially in the midlatitudes and at shorter leads. Overall, while no model systematically outper-
formed the others across all AR detection algorithms, the results suggest that physics-based models
may retain advantages in forecasting geometrically and physically consistent derived features like
ARs, particularly under strict detection criteria. These findings underscore the importance of tar-
geted evaluation frameworks for derived and extreme phenomena as data-driven models become
more central in operational forecasting.

1. Introduction

Recent years have witnessed the rapid rise to prom-
inence of medium-range, data-driven weather fore-
casting. Starting from Keisler (2022), a large num-
ber of models have emerged able to compete and
in some respects outperform physics-based, numer-
ical forecasts (e.g. Bi et al 2023, Lam et al 2023,
Kochkov et al 2024, Bodnar et al 2025, Price et al
2025). Most recently, a variety of deterministic and

ensemble-based data-driven models have been oper-
ationalised by weather institutes across the world,
including the European Centre for Medium-Range
Weather Forecasting (ECMWF Lentze 2025a, 2025b).

As data-driven models play an increasingly cent-
ral role in operational forecasting, a growing body of
research has evaluated their performance relative to
traditional numerical models (e.g. Bouallégue et al
2024, Olivetti andMessori 2024b). While data-driven
approaches often outperform their physics-based
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counterparts on standard skill metrics (Bouallégue
et al 2024, Rasp et al 2024), some questions remain
about their ability to forecast extreme events (Olivetti
and Messori 2024b, Pasche et al 2025) and maintain
physical consistency, especially at extended lead times
(Bonavita 2024).

These challenges are particularly pronounced
when forecasting derived variables, i.e. variables not
directly predicted by the model, but rather calculated
a posteriori from multiple forecast fields or levels.
For example, Sun et al (2025) and Charlton-Perez
et al (2024) find physical inconsistencies in the spatial
structure of gradient wind balance and geostrophic
wind, respectively, while Pasche et al (2025) reports
mixed performance for derived variables across a
range of case studies.

While much work has been done to assess
the performance of data-driven models in relation
to extreme events, (e.g Charlton-Perez et al 2024,
Olivetti and Messori 2024a, 2024b, Camps-Valls et al
2025, Pasche et al 2025, Sun et al 2025), compar-
atively little attention has been given to their per-
formance on derived variables, their extremes, and
associated meteorological features. This study con-
tributes to filling this gap by comparing the per-
formance of two operational data-driven models and
an operational physics-based model in forecasting
integrated water vapour transport (IVT) and atmo-
spheric rivers (ARs), using different AR detection
algorithms (Shields et al 2018, Ullrich et al 2021,
Vallejo-Bernal et al 2025). We specifically compare
operational GraphCast (Lam et al 2023) and Pangu-
Weather (Bi et al 2023) to ECMWF’s flagship determ-
inistic physics-based numerical model, IFS-HRES.

ARs are transient, long, and narrow corridors of
horizontal vapour transport usually associated with
the cold front of an extratropical cyclone. A typical
AR can transport as much water as the Amazon river
(Ralph et al 2004, 2017a, Bao et al 2006, Gimeno
et al 2014). ARs account for up to 90% of the pole-
ward moisture transport in the mid-latitudes (Zhu
and Newell 1998, Guan and Waliser 2015), and play
a major role in the hydroclimate of the polar regions
(Nash et al 2018, Wille et al 2021). In satellite images,
ARs can be observed as bands of enhanced moisture
stretching from tropical regions to higher latitudes
(Bao et al 2006, Neiman et al 2008). They are iden-
tified and detected as high-intensity bands in the IVT
field, with the highest frequency of occurrence over
main extratropical oceanic basins (Guan and Waliser
2015, Thandlam et al 2022).

IVT and ARs provide a compelling testbed
for evaluating data-driven model performance on
derived variables for several reasons. First, IVT itself

is a derived variable that integrates winds and mois-
ture across multiple atmospheric levels. Second, there
are several different methodologies for detecting ARs,

typically based on specific thresholds in different
quantities (Shields et al 2018, Quagraine et al 2025).
This makes the forecast results sensitive to inconsist-
encies and performance at the edges of the forecast
distributions. Finally, understanding how well data-
driven models predict ARs has fundamental prac-
tical value, given the critical role of these phenom-
ena for extreme precipitation (Lavers and Villarini
2013, 2015, Gimeno et al 2016, Waliser and Guan
2017, Vallejo-Bernal et al 2023), natural hazards, and
management of water resources (Dettinger et al 2011,
Paltan et al 2017, Siirila-Woodburn et al 2023).

2. Data

The main data sources for this study are ECWMF’s
reanalysis dataset ERA5 (Hersbach et al 2020),
and operational forecasts generated with GraphCast,
Pangu-Weather and IFS-HRES for the year 2020,
which lies outside the training and validation periods
of the data-driven models. All datasets are provided
by the WeatherBench 2 dataset (Rasp et al 2024). All
the forecasts used in these comparisons are initial-
ised at 00 and 12 UTC, and all comparisons are per-
formed at a resolution of 0.25◦ × 0.25◦, regridded as
described in Rasp et al (2024). Below, we provide a
brief overview of the datasets used in this study. For
a more extensive description, we refer the reader to
Rasp et al (2024), Olivetti and Messori (2024b).

2.1. ERA5
ERA5 (Hersbach et al 2020) is the 0.25◦, state-of-the-
art reanalysis from ECMWF and in this study is used
both as ground truth for 2020 and training dataset for
the data-driven models, albeit for different years than
the one evaluated here.

2.2. IFS-HRES
IFS-HRES is the ECMWF’s main global high-
resolution deterministic weather prediction model. It
generates hourly forecasts across a wide array of out-
put variables, at 0.1◦ horizontal resolution and 137
vertical pressure levels. Initial conditions (referred
here as IFS-HRES at time 0) are derived from a com-
bination of in situ observations collected within a
three-hour assimilation window and the output from
the previous model run.

In this study, IFS-HRES serves as the benchmark
to compare the performance of the two data-driven
models. All IFS-HRES forecasts used in the analysis
were generated using the ECMWF operational model
configuration active at the time of forecast issuance:
cycle 46r1 for forecasts prior to 30 June 2020, and
cycle 47r1 for those after that date (Rasp et al 2024).
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4.2. Case study
For a more in-depth understanding, we assess the
forecast performance of the high-impact AR associ-
ated with Storm Dennis, which stretched across the
North Atlantic and made landfall on the British Isles
on February 15th 2020, before moving into central
and northern Europe (figure 3(a)). Its development
was closely linked to the rapidly-deepening cyclone
Dennis (Lopez-Marti et al 2025a, 2025b). The AR
caused severe weather across the region, with the UK
recording its third-highest daily rainfall (Met Office
2020), over 600 flood alerts, major transport dis-
ruptions, flooding of at least 1500 properties, and
one fatality (Sefton et al 2021). Combined insurance
losses fromDennis and the preceding storm exceeded
£360million (Association of British Insurers 2020).
In Sweden, the AR brought widespread flooding
and locally record-breaking rainfall in the southwest
(Copernicus Emergency Management Service 2020,
Swedish Meteorological and Hydrological Institute
SMHI).

For Dennis, the largest differences in IVT occur
within or near the AR, where IVT values are
highest (figures 3(a)–(p)). Data-driven models fore-
cast a slightly smoother IVT field, whereas IFS-HRES
seems to reproduce finer-scale features (figure B1).
However, up to a lead time of 5 days, the AR struc-
ture in the forecasts remains qualitatively similar to
ERA5 for the three models. Beyond this point, the
resemblance deteriorates substantially, and by day
10 the forecasted AR structure can differ entirely
from the observed. The AR contour detected by the
algorithms used in this study exhibits some minor
differences (figure 3(a)), with PIKART identifying a
broader AR extent compared to TempestExtremes.
To complement the spatial analysis, we also evaluate
the forecast evolution of area-integrated IVT within
the detected AR, which provides a combined meas-
ure of both intensity and spatial extent (figures 3(q)
and (r)). Differences between detection algorithms
are most evident in the absolute values of this met-
ric, with 350-IVT yielding the largest values (see
figure D1 in appendix D), followed by PIKART and
then TempestExtremes. Nevertheless, all detection
methods show a consistent decrease in skill beyond
day 5, in agreement with the qualitative AR structure
analysis and prior evaluation literature for other fore-
cast variables (Bonavita 2024, Olivetti and Messori
2024b). This suggests that all forecast systems pre-
dicted the IVT field and captured the AR reasonably
well up to 5 days in advance, and different AR detec-
tion methods leading to similar results.

4.3. AR evaluation
The forecasting performance ofARs in the threemod-
els is evaluated here in relation to the PIKART and
TempestExtremes detection methods (section 3.2.1).

Additionally, results obtained using the 350-IVT AR
detection algorithm are presented in appendix D.

We first compare several AR characteristics
between each model and ERA5 across different lead
times (figure 4). Across all detection methods, the
relative differences with respect to ERA5 increase
with lead time for all metrics. Using the PIKART
detection method, the positive bias in AR numbers
increases with lead time in all models. In contrast,
TempestExtremes (and 350-IVT; figure E2) shows
an increasing negative bias at longer lead times. For
AR area, PIKART indicates that IFS-HRES detects
ARs up to 5% larger than those in ERA5 at shorter
lead times, while both data-driven models detect ARs
up to 9% smaller at lead day 10. Similar patterns
were observed for the area-integrated IVT. Therefore,
PIKART reveals distinct behaviours in AR character-
istics between IFS-HRES and the data-driven mod-
els, despite both model types showing similar bias
patterns in AR counts. With TempestExtremes, the
forecasted AR area is generally closer to ERA5, with
a slight underestimation in IFS-HRES and a slight
overestimation in the data-drivenmodels. In terms of
area-integrated IVT, bothmodels tend to underestim-
ate values, especially at longer lead times. Although
both models show the same trend—performance
decreasing with longer lead times—the bias in the
number of detected ARs is reversed. We hypothesise
that this reflects the increasing biases in the forecasted
IVT field with lead time, together with differences in
the AR detection algorithms. In TempestExtremes,
the smoothing of the IVT distribution reduces the
regions where the absolute threshold for the IVT
Laplacian is met (figure 2), whereas in PIKART this
effect is mitigated by its relative, synoptic-scale IVT
threshold, which, together with a fragmented IVT
field (e.g. figures 3(k)–(p)), leads to a larger num-
ber of detected ARs. However, a detailed evaluation
of the uncertainty introduced by different detection
algorithms remains a topic for future work. Results
with the 350-IVT method (figure D1) are similar to
TempestExtremes but with larger relative differences
overall.

Absolute values of the AR characteristics and
their internal variability are shown for reference in
appendix C, figure C1, revealing clear differences
between detection algorithms. TempestExtremes
detects the fewest ARs, followed by PIKART, while
350-IVT detects the most. 350-IVT also yields
the largest AR areas, followed by PIKART, with
TempestExtremes detecting the smallest. For area-
integrated IVT, PIKART and 350-IVT produce com-
parable values, whereas TempestExtremes consist-
ently detects weaker ARs in this metric. The internal
variability across tracking algorithms and leads is
comparable, and in all cases it is larger than the dif-
ferences between datasets.
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latest generation of forecasting systems; in such a rap-
idly evolving field, future developments could lead
to improved performance. The evaluation was lim-
ited to a single year of forecasts, which may not cap-
ture interannual variability or rare events. This con-
straint was necessary to ensure consistency by using
the homogenised data provided by WeatherBench2
(Rasp et al 2024), which enabled comparison of the
three models over the same period and with the same
initial conditions. In general, the fact that many data-
driven models use a large part of the historical period
covered by reanalysis data for training and testing
poses challenges for the availability of evaluation data.
Additionally, the native spatial resolution of the data-
driven models is lower than that of IFS-HRES, which
may affect the accurate representation of fine-scale
features (e.g. figure B1), such as the narrow struc-
ture of ARs and, therefore, also the upper tail of the
IVT distribution. Finally, ERA5 was used as the refer-
ence dataset for evaluation; althoughwidely accepted,
reanalysis products also carry inherent uncertainties
(Guan and Waliser 2015, Ma et al 2023).

Finally, our main findings are summarised as
follows:

• Data-driven models achieved performance com-
parable to, or slightly better than IFS-HRES in
terms of IVT RMSE, particularly in the tropics and
at shorter forecast lead times. We hypothesise that
this may be because these models are optimised
to minimise global error and are therefore more
accurate in the tropics, which comprise a larger sur-
face area.

• IFS-HRES produced IVT distributions more
closely aligned with ERA5 compared to the data-
driven models, although all three models under-
estimated the upper tail of the IVT distribution.
This aligns with Olivetti andMessori (2024b), who
found that other extremes are also underrepres-
ented in data-driven models and calls on model
developers to address this issue.

• Allmodels were able to forecast themain character-
istics of a high-impact AR event up to 5 days ahead.
This aligns with results from other NWP systems,
whose performance also notably degrades at lead
times of 7 and 10 days, driven by a misplacement
of AR locations and a slight moist bias (Wick et al
2013).

• The characteristics of ARs detected for each model
varied significantly across detection algorithms,
with all models showing increasing deviation from
ERA5 as lead time increased. In terms of area and
intensity, ARs were represented differently in data-
driven models compared to IFS-HRES.

• F1 score performance varied depending on the
AR detection algorithm. Nevertheless, no model
consistently outperformed the others, and no sig-
nificant differences were found between models.

For the PIKART method, which is the most geo-
metrically and dynamically constrained, IFS-HRES
performed relatively better compared to the data-
driven models.

• The choice of AR detection represents a key source
of uncertainty when analysing forecast perform-
ance on ARs, as similarly found in other AR stud-
ies using reanalyses and climate models (Rutz et al
2019, Collow et al 2022).
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Appendix C. Absolute values of AR characteristics

Figure C1. Absolute values of AR characteristics detected with PIKART (a)–(c), TempestExtremes (d)–(f), and 350-IVT (g)–(i) at
forecast lead times of 1, 3, 5, 7 and 10 days. Whiskers indicate � internal variability, represented as standard deviations over time.
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Appendix D. 350-IVT AR detection algorithm

Figure D1. Evolution of IVT area-integrated within the AR detected with 350-IVT for the forecasts for the 15th of February 2020.

Figure D2. Relative differences from ERA5 [%] of AR characteristics detected with 350-IVT (a)–(c) at forecast lead times of 1, 3,
5, 7 and 10 days.
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Figure D3. Grid-point-level F1 comparison for ARs detected with the 350-IVT algorithm between Graphcast and IFS-HRES
(left), and Pangu and IFS-HRES (right). Blue colours indicate data-driven models have higher F1 than IFS-HRES, and red col-
ours the opposite. Forecast lead times of 1 day (a)–(b), 3 days (c)–(d), 5 days (e)–(f), 7 days (g)–(h) and 10 days (i)–(j) ahead.
Hatching indicates statistical significance, assessed through block bootstrapping (block length of 8 time steps), at the 0.05 signi-
ficance level (Politis and Romano 1994). p-values are corrected for multiple testing through the global false discovery rate proced-
ure (Benjamini and Hochberg 1995, Wilks 2016), as in figure 1.
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Figure D4. Cosine-weighted global and regional F1 scorecards for the 350-IVT AR detection algorithm. Numbers within each
box show absolute values of the F1 score per region, lead time, and model. Background colours show the differences between
data-driven models and IFS-HRES. Blue colours indicate data-driven models have higher F1 than IFS-HRES and red colours
the opposite. Black frames indicate significant differences from IFS-HRES, at the 0.05 significance level, assessed through block
bootstrapping (block length of 8 time steps).

Appendix E. Sensitivity and specificity of detection algorithms

Figure E1. Cosine-weighted global and regional sensitivity scorecards for the PIKART AR detection algorithm. Numbers within
each box show absolute values of the sensitivity per region, lead time, and model. Background colours show the differences
between data-driven models and IFS-HRES. Blue colours indicate data-driven models have higher sensitivity than IFS-HRES
and red colours the opposite. Black frames indicate significant differences from IFS-HRES, at the 0.05 significance level, assessed
through block bootstrapping (block length of 8 time steps).
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