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ABSTRACT

1. Introduction

Accurate weather forecasting is one of the most consequential scientific and operational endeavours of the modern
era. Forecasts of temperature, precipitation, wind, and extreme events underpin decision-making across agriculture,
energy, aviation, emergency management, and public health, with the economic value of improved forecast skill
estimated in the hundreds of billions of dollars annually at the global scale [1, 2]. This economic calculus is itself
shifting, as Al methods begin to reshape the cost structure of forecast production [3]. For more than five decades,
this forecasting infrastructure has been built on numerical weather prediction (NWP), a physics-based
computational approach that integrates the partial differential equations governing atmospheric dynamics forward
in time from an observed initial state. The European Centre for Medium-Range Weather Forecasts (ECMWF)
Integrated Forecasting System (IFS), widely regarded as the global benchmark of forecast quality, exemplifies the
maturity of this approach: through decades of sustained scientific investment in data assimilation, model physics,
and high-performance computing, IFS has progressively extended the useful forecast horizon from around three
days in the 1980s to beyond seven days today, a level of continual refinement documented in successive operational
verification reports [1, 4, 5]. Despite these advances, operational NWP remains computationally intensive,
requiring dedicated supercomputer infrastructure and several hours of wall-clock time to deliver a single global
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forecast, a constraint that limits forecast frequency, accessibility, and the ability to run large probabilistic
ensembles at high resolution.

The past decade has witnessed a profound transformation in the field of weather prediction driven by the
convergence of three enabling developments: the accumulation of long-term, high-quality atmospheric reanalysis
datasets, most notably the ERAS5 global reanalysis produced by ECMWEF [4]; rapid advances in deep learning
architectures and computational hardware that have made it feasible to train large neural networks on global
atmospheric datasets; and the establishment of community benchmarking frameworks that enable systematic,
reproducible comparison between data-driven and physics-based approaches [6, 7]. Early investigations
demonstrated that machine learning models could learn skilful predictions of large-scale atmospheric patterns from
reanalysis data [8, 9], while subsequent work showed that deep learning could represent subgrid physical processes
in climate models with substantially greater computational efficiency than traditional parameterisation schemes
[10, 11]. These foundational results, though insufficient in themselves to challenge operational NWP, established
the methodological and infrastructure basis for the more ambitious global forecasting models that followed, a
convergence of machine learning and earth-system science that contemporaneous reviews also identified as a

turning point for the field [12].

The period from 2022 to 2023 marked a qualitative transition in the capabilities of Al weather prediction, with
multiple modelling groups independently demonstrating that deep learning systems trained on ERA5 could
produce global medium-range forecasts of comparable or superior quality to IFS-HRES at a fraction of the
computational cost. FourCastNet [13], based on Adaptive Fourier Neural Operators [14], was among the first
models to demonstrate GPU-accelerated global forecasting at 0.25-degree resolution. Pangu-Weather [15]
followed soon after as the first Al model to clearly outperform IFS-HRES on most standard meteorological
variables, and GraphCast [16] then set a performance benchmark of its own, outperforming IFS-HRES on the large
majority of WeatherBench 2 verification targets. This progress continued in 2023 with FengWu [17] and FuXi [18],
which pushed skilful forecasts out beyond ten and fifteen days, respectively, and with two further advances:
GenCast [19], a diffusion-based probabilistic system that outperformed the ECMWF ensemble on the large
majority of its verification targets, and Aurora [20], a foundation model trained on over one million hours of diverse
atmospheric data at 0.1-degree resolution. FuXi Weather [21] then became the first end-to-end Al system to

produce global forecasts directly from satellite observations, without any NWP-generated initial conditions.

The rapid proliferation of Al weather models has generated a substantial primary literature evaluating individual
systems against operational NWP benchmarks. Comprehensive reviews that systematically compare architectures,
guantify performance across variables and lead times, assess applications beyond standard medium-range
forecasting, and critically evaluate remaining limitations, however, remain limited. Schultz et al. [22] and
Bochenek and Ustrnul [23] provided early reviews of machine learning in weather prediction, but predate the
transformative advances of 2022 to 2023. Zhang et al. [24] and Wagas et al. [25] have offered more recent surveys
of ML methods for weather forecasting, but do not systematically integrate the post-2023 generation of foundation

models, probabilistic systems, and end-to-end data assimilation frameworks that now define the field’s frontier.
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There remains a need for a review spanning the full arc of Al weather model development, evaluating performance
quantitatively across the WeatherBench 2 framework, assessing applications including extreme events, tropical
cyclones, nowcasting, and sector-specific forecasting, and placing current capabilities in the context of emerging
hybrid physics-Al systems.

This review addresses that gap by providing a systematic and critical synthesis of Al-based global weather
prediction from 2020 to 2026, based on 62 peer-reviewed publications identified through a structured search of
Scopus, Web of Science, and Google Scholar.

1.1. Study Objectives

The aim of this study is to provide a systematic and critical synthesis of Al-based global weather prediction from
2020 to 2026. The specific objectives of the study are to:

1) Survey the principal neural network architecture families (Fourier Neural Operators, Graph Neural Networks,
Transformer-based models, diffusion models, and hybrid physics-Al systems) and relate architectural choices to

forecast skill and operational properties.

2) Present a quantitative comparison of Al model performance against IFS-HRES using standardised

WeatherBench 2 metrics across multiple variables and lead times from one to fifteen days.

3) Review the performance of Al models in four application domains (extreme event prediction, tropical cyclone
forecasting, precipitation nowcasting, and extended-range and sector-specific forecasting) where the performance

characteristics of Al and NWP approaches diverge substantially from global aggregate benchmarks.

4) Critically evaluate the structural limitations of current Al weather models, including training data constraints, the
absence of physical conservation laws, evaluation framework deficiencies, and dependence on NWP-generated

initial conditions, and review the emerging hybrid and end-to-end architectures that address these limitations.

5) Synthesise the evidence on architectures, benchmark performance, applications, and limitations into a set of
forward-looking priorities and recommendations for future research and operational adoption of Al-based weather

prediction.

Taken together, these objectives are intended to give forecasting centres, model developers, and policymakers an
evidence base for judging where Al weather models are ready to complement or replace operational NWP, and

where continued investment in physics-based methods remains warranted.
2. Methodology
2.1. Literature Search Strategy

This review adopted a systematic search strategy conducted across Google Scholar, Web of Science, and Scopus,
covering peer-reviewed journal articles, indexed conference proceedings (ICML, ICLR, NeurlPS, PASC), and
indexed technical reports published in English between January 2020 and June 2026. The lower temporal bound
was set to 2020 to capture the period in which data-driven global weather models first demonstrated skill

approaching operational NWP, coinciding with the release of WeatherBench [6]. Two keyword streams were
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applied in parallel. The first targeted global Al weather prediction using: (“Al” OR “machine learning” OR “deep
learning”) AND (“weather prediction” OR “weather forecasting” OR “numerical weather prediction”) AND
(“global” OR “medium-range” OR “data-driven”). The second targeted specific model families using:
(“GraphCast” OR “Pangu-Weather” OR “FourCastNet” OR “FengWu” OR “FuXi” OR “GenCast” OR “Aurora”
OR “Neural GCM” OR “AIFS”) AND (“weather” OR “forecasting”). Results were merged and deduplicated, and
additional records were identified through forward and backward citation tracing of high-impact papers and manual
inspection of key journals including Nature, Science, npj Climate and Atmospheric Science, and the Bulletin of the
American Meteorological Society.

Records were identified across three databases (Google Scholar, Web of Science, Scopus), screened at
title/keyword and abstract stages, and assessed for full-text eligibility against the inclusion and exclusion criteria
described in Section 2.2, as summarised in the PRISMA diagram (Figure 1). A total of 62 peer-reviewed studies
were retained for qualitative synthesis. These were classified into three thematic groups, core Al model and
architecture papers (n = 28), evaluation and benchmark studies (n = 18), and application and limitation studies (n =
16), of which the 28 architecture and benchmark studies contributed the quantitative data presented in Tables 1 to 3,
while the remaining studies provided architectural, methodological, or contextual support.

[ z ] Records identified through database searching i
g (n = 486)
.S. « Google Scholar (n = 238) g Dupicases e ’
e (n=94)
E » Scopus (n = 137)
a « Web of Science (n = 111)
- g
e v .
(U] Records screened
2 Records excluded
Z (title/abstract) —"[ (n = 289)
) (n=392)
‘ -
[v]
? l d
e Full-text articles excluded
Full-text articles assessed (n = 41)
E for eligibility =1 « Not Al weather prediction (n = 15)
@ (n =103) * No quantitative evaluation (n = 12)
g « No NWP comparison (n = 8)
= * Review/non-peer-reviewed (n = 6)
, Studies included in qualitative synthesis
g (n=62)
3 » Al model & architecture studies (n = 28)
g « Evaluation & benchmark studies (n = 18)
= « Applications & limitations studies (n = 16)

Figure 1. PRISMA flow diagram for the systematic literature search and study selection process.
2.2. Inclusion Criteria, Screening, and Classification

Studies were included if: (i) the primary subject was an Al or machine learning model applied to atmospheric

prediction at regional or global scale; (ii) the study was published in a peer-reviewed journal or indexed conference
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proceedings; (iii) the study reported quantitative performance metrics such as RMSE or ACC; and (iv) the study
compared model performance against an operational NWP reference or standard benchmark dataset. Studies were
excluded if the scope was limited to local station-based forecasting without broader context; if the primary
application was outside weather prediction without NWP comparison; or if the paper was a review, thesis, or
non-peer-reviewed document. Background papers on foundational deep learning architectures, Transformers [26],
Fourier Neural Operators [27], and Graph Convolutional Networks [28], were retained to contextualise

architectural choices. The PRISMA flow diagram is presented as Figure 1.
3. Results
3.1. From Numerical Weather Prediction to Data-Driven Forecasting

Weather prediction has long represented one of the most consequential challenges in applied science. Operational
NWP solves the governing equations of atmospheric motion on a discretised global grid, ingesting millions of
observations daily through four-dimensional variational data assimilation. As noted above, sustained investment in
this approach has pushed the ECMWF Integrated Forecasting System’s useful forecast horizon out to beyond seven
days [1], yet this skill carries a substantial cost: IFS-HRES requires thousands of computing cores and several hours

of continuous processing per forecast, which limits accessibility in data-sparse regions [29].

The publication of ERA5 changed this picture fundamentally. Spanning 1940 to the present at hourly 0.25-degree
resolution across 137 pressure levels, ERA5 provided a corpus large and consistent enough to make data-driven
global weather modelling genuinely tractable for the first time [4]. Early machine learning approaches were
encouraging but fell short of operational standards: convolutional and residual networks could learn skilful
large-scale pressure patterns from historical data, yet remained clearly inferior to IFS-HRES beyond two to three
days [8, 9].

Progress accelerated when the community adopted a shared measurement standard. WeatherBench [6] and
WeatherBench 2 [7] established common evaluation metrics, RMSE and ACC, computed on fixed test periods
across 1,380 verification targets, making performance claims reproducible and directly comparable against
IFS-HRES. This benchmarking infrastructure, combined with the adoption of Transformer, Graph Neural Network,
and Fourier Neural Operator architectures, catalysed the period from 2022 to 2023 in which multiple Al models
independently surpassed the operational benchmark. The following subsections examine the architectures enabling

these advances, their quantitative performance, and the limits of their advantage.
3.2. Neural Network Architectures for Al Weather Prediction

The rapid progress of data-driven weather prediction from 2022 onwards is largely due to the adoption of deep
learning architectures originally developed for image recognition, natural language processing, and operator
learning. Four principal architecture families have been applied to global weather forecasting, each with distinct
inductive biases, computational properties, and forecast skill profiles: Fourier Neural Operators, Graph Neural
Networks, Transformer-based models, and diffusion-based generative models. These are reviewed in turn below,

followed by a summary comparison of the fourteen models identified in this review (Table 1).

ISSN: 2582-398 [124] OPEN () ACCESS



|2

/I ’ Irish Interdisciplinary Journal of Science & Research (I1JSR)
g Volume 10, Issue 3, Pages 120-142, July-September 2026

PUOGIES TUHIVOUGH IESHA U

3.2.1. Fourier Neural Operators

The Fourier Neural Operator (FNO), introduced by Li et al. [27], learns mappings between function spaces by
operating directly in the spectral domain, a natural fit for atmospheric data that are conventionally represented on a
spectral grid. FNO layers apply learned linear transformations to the Fourier coefficients of the input field and
combine them with local pointwise operations, enabling efficient learning of long-range spatial dependencies
without the quadratic cost of standard attention. FourCastNet [13] pioneered the application of an adaptive Fourier
Neural Operator (AFNO) to global weather prediction, training on 73 ERAS variables at 0.25-degree resolution and
producing six-hourly global forecasts in under two minutes on a single graphics processing unit (GPU), which was
orders of magnitude faster than IFS-HRES. Although its benchmark skill was comparable to IFS-HRES rather than
superior, FourCastNet demonstrated the feasibility of GPU-accelerated global Al forecasting and established the
ERAJS training pipeline adopted by most successor models [7]. SolarSeer [30] later combined AFNO with a Swin
Transformer to extend this architecture family from global medium-range forecasting to a sector-specific
application, solar irradiance prediction, discussed further in Section 3.4.4.

3.2.2. Graph Neural Networks

Graph Neural Networks (GNNSs) represent the atmospheric state as a mesh of nodes connected by learned edges,
with message-passing operations propagating information across the graph. This formulation avoids the
latitude-dependent distortion inherent in regular grids and allows the network to learn variable-range interactions
by adjusting the message-passing depth. GraphCast [16], developed by Google DeepMind, implemented an
encoder-processor-decoder GNN architecture trained on 227 ERAS variables across 37 pressure levels, producing
ten-day global forecasts at 0.25-degree resolution in approximately 60 seconds on a Google Tensor Processing Unit
(TPU) v4. On WeatherBench 2, GraphCast outperformed IFS-HRES on 90 percent of 1,380 verification targets,
establishing a new performance standard for Al weather models and showing superior skill for tropical cyclone
track prediction and medium-range geopotential forecasting [16, 31]. The GNN architecture’s ability to encode
irregular connectivity, including multi-scale mesh hierarchies, has made it one of the most widely adopted

frameworks in subsequent model development.
3.2.3. Transformer-Based Models

The self-attention mechanism introduced by Vaswani et al. [26], adapted to image domains as the Vision
Transformer [32] and Swin Transformer [33], underpins the largest family of Al weather models by number of
variants. Pangu-Weather [15] implemented a three-dimensional Earth Transformer that partitions the atmosphere
into local windows at multiple scales, producing 0.25-degree global forecasts in under one minute on a GPU. On
WeatherBench 2, it became the first Al model to outperform IFS-HRES consistently across most standard
meteorological variables, with particular strength in tropical cyclone track prediction, where it reduced 72-hour
track errors relative to NWP [15, 34]. The Transformer framework was then extended in two directions: FengWu
[17] adopted cross-modal multi-task learning to push skilful forecasts beyond ten days, a lead time at which
IFS-HRES skill degrades substantially, while FuXi [18] used a cascade design with separate sub-models for short-,

medium-, and extended-range windows to achieve competitive skill at fifteen days with reduced error
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accumulation. Aurora [20], published in Nature, combined a 3D Swin Transformer with a Perceiver
encoder-decoder to train a foundation model on over one million hours of diverse atmospheric data, achieving the
highest publicly reported forecast resolution of 0.1 degrees and outperforming IFS-HRES on most benchmark
targets. FuXi Weather [21] pushed the cascade Transformer family further still, embedding a deep learning data
assimilation module that enables end-to-end forecasting directly from raw satellite and surface observations,

without requiring NWP-generated initial conditions, a landmark capability for operational independence.
3.2.4. Diffusion-Based Generative Models

Diffusion models generate probabilistic samples by iteratively denoising a random perturbation towards a target
distribution, making them well-suited to ensemble weather prediction where the goal is to characterise forecast
uncertainty. Li et al. [40] demonstrated an early application of this approach, generating emulated forecast
ensembles that reproduced the spread characteristics of physics-based ensemble systems at a fraction of the
computational cost. GenCast [19], developed by Google DeepMind and published in Nature, implemented a
diffusion-based ensemble prediction system trained on ERA5 (1979-2019) that generates 50-member ensembles at
0.25-degree resolution for up to fifteen days. On WeatherBench 2 probabilistic metrics, GenCast outperformed the
ECMWF ensemble prediction system (ENS) on 97.4 percent of 1,320 verification targets, with clear advantages for
tropical cyclone track prediction and the representation of forecast uncertainty at extended range [19]. The primary
limitation of diffusion-based models relative to deterministic architectures is inference cost: GenCast requires

approximately eight minutes per 50-member ensemble on a TPU, compared to under one minute for deterministic

models.
Table 1. Comparison of Al weather prediction models reviewed in this study.
Model Architecture Developer |Resolution Forecast | Inference vs IFS-HRES | Ref.
Range Speed
Fourier Neural o < 2 min
FourCastNet Operator (AENO) NVIDIA 0.25 5d GPU Comparable [13]
Pangu- 3D Earth Huawei o <1min
Weather Transformer Noah’s Ark 0.25 7d GPU Outperforms [15]
Graph Neural Google o ~60 sec
GraphCast Network DeepMind 0.25 10d TPU Outperforms [16]
Cross-modal Shanghai Al o <1 min
FengWu Transformer Lab 0.25 >10d GPU Outperforms [17]
. Cascade Fudan o <1 min
FuXi Transformer University 0.25 15d GPU Outperforms [18]
Diffusion model Google o ~8 min Outperforms
GenCast (probabilistic)y | DeepMind | °0%° 15d 1 1py ENS [19]
3D Swin . .
Microsoft o <1 min
Aurora Transfor_mer + Research 0.1 10d GPU Outperforms [20]
Perceiver
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Hybrid physics + Google 1 0 <1 min
NeuralGCM ML Research 1.4 15d GPU Comparable [35]
AIFS o <1 min
(ECMWF) Graph Transformer ECMWF 0.25 10d GPU Comparable [36]
Physics-constrained |  Tsinghua N <1min
NowcastNet DL University 1 km 3h GPU Outperformst | [37]
Convolutional + Google <1 min
MetNet-2 Attention Research 4 km 12 h GPU Outperformst | [38]
Cascade Fudan < 1min
FuXi Weather| Transformer + DL S 0.25° 10d Outperforms [21]
q . University GPU
ata assim.
AFNO + Swin Multi-inst. < 3sec
SolarSeer Transformer USA 5 km 24 h GPU Outperformsi | [30]
. Vision Transformer UCLA/ o <1 min
ClimaX (ViT-based) Microsoft 1.4 10d GPU Comparable [39]

Note: DL = deep learning; AFNO = adaptive Fourier neural operator; ENS = ECMWF ensemble prediction
system. Resolution refers to horizontal grid spacing of the model output. Forecast range is the maximum lead time
demonstrated in the published evaluation. Inference speed is the approximate time to produce one global forecast
on the stated hardware platform. Performance vs IFS-HRES is based on WeatherBench 2 [7] unless otherwise
stated. 1 Compared against operational NWP for regional nowcasting (not global medium-range). ; Compared
against HRRR NWP for 24-hour solar irradiance across the contiguous United States.

3.2.5. Hybrid Physics-Al Architectures

A distinct architectural strand embeds physical constraints into the neural network to address conservation law
violations in purely data-driven models. NeuralGCM [35] replaced the dynamical core of a traditional general
circulation model with a differentiable neural network while retaining physics-based parameterisations, satisfying
mass and energy conservation by construction. At T85 spectral resolution (approximately 1.4 degrees),
Neural GCM achieved benchmark skill comparable to IFS-HRES and demonstrated stable integrations to fifteen
days, a property that purely data-driven models at equivalent resolution have not consistently exhibited [35, 41]. He
et al. [42] further demonstrated that Neural GCM outputs could drive the regional WRF model for high-resolution
downscaling over the Tibetan Plateau, with spatial correlations for 36-hour cumulative precipitation nearly
doubling relative to the standard GFS-driven WRF scheme, showing the potential of hybrid Al global-to-regional

forecast chains.
3.3. Performance Comparison Against ECMWF IFS-HRES

Model performance is evaluated using RMSE and ACC on the WeatherBench 2 framework [7], with the primary
benchmark variable being 500 hPa geopotential height (Z500). Lower RMSE and higher ACC (maximum 1.0)
indicate better forecast skill. IFS-HRES values serve as the reference baseline throughout (Table 2). With a one-day
lead time, IFS-HRES achieves a Z500 RMSE of 46 m?/s? and an ACC of 0.998. GraphCast and Pangu-Weather
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match this at 20 and 21 m?/s?, respectively, a counterintuitive advantage reflecting direct training on ERAS initial
conditions without observational noise [15, 16]. At five days, the conventional medium-range threshold, the
performance differential widens substantially. GraphCast achieves 136 m?/s? (ACC 0.969), Pangu-Weather 140
m2/s2 (ACC 0.967), FuXi 131 m?/s? (ACC 0.971), Aurora 130 m?/s2 (ACC 0.971), and FengWu 133 m?/s? (ACC
0.970), all compared against the IFS-HRES baseline of 152 m?/s?, representing improvements of 8 to 14 percent in
RMSE [15, 16, 17, 18, 20]. FourCastNet, the earliest model, achieved an RMSE of 163 m?/s? at five days, a value
higher than the IFS-HRES baseline of 152 m?/s?, confirming that its forecast skill fell short of the operational
benchmark; the material gains delivered by subsequent architectures within just two years are shown in Figure 2. At
ten days, GraphCast achieves 358 m2/s2 (IFS-HRES: 388), outperforming by 8 percent, and FuXi extends to fifteen
days with 521 m#/s?, a lead time at which IFS-HRES deterministic skill is largely absent [18]. The systematic
intercomparison by Ben Bouallegue et al. [31] confirmed statistically significant skill improvements across a broad

set of variables and lead times. The ACC progression across lead times for all models is illustrated in Figure 3.

IFS-HRES
400 = [F5-HR NWP basadine (NWP baseline)

Lead time (days)

Figure 2. Z500 RMSE versus lead time (1-10 days) for six Al models and IFS-HRES. Lower RMSE = better skill.
FourCastNet (2022) lies above IFS-HRES across all lead times; all later models fall below
IFS-HRES beyond day one. Data: WeatherBench 2 [7].

For surface variables, GraphCast achieves a T2m RMSE of 1.29 K at five days versus IFS-HRES at 1.42 K, a 9
percent improvement, while Aurora achieves 1.26 K and Pangu-Weather 1.33 K [7, 15, 16, 20]. The performance
of Al models across all three surface variables at five days is summarised in Figure 4. Regional evaluations
corroborate global benchmarks but reveal important caveats. Oh et al. [43] found that GraphCast outperformed the
operational Korea Integrated Model for standard variables but that all Al models underestimated intense rainfall
events exceeding 30 mm per six hours. Charlton-Perez et al. [44] showed that Al models produced lower-amplitude
surface wind forecasts than IFS-HRES for Storm Ciaran despite superior aggregate benchmark scores, a result

consistent with the systematic smoothing documented by Bonavita [41]. GenCast’s probabilistic advantage over
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the ECMWF ensemble, introduced in Section 3.2.4, extends to tropical cyclone track spread at extended range [19].

Consistent with this, Liu et al. [45] evaluated five global Al models over Eastern Asia and the Western Pacific and

likewise found robust aggregate skill accompanied by regionally specific biases.

Table 2. Performance metrics for Al weather models and IFS-HRES baseline across lead times and variables.

Model Year |Lead Variable RMSE |[ACC |vs Benchmark Source
(days) IFS-HRES
IFS-HRES 2023 |1 Z500 (m2/s2) |46 0.998 |— WeatherBench 2 |[7]
(NWP baseline) 3 7500 (M2/s) |79 |0.994
5 Z500 (m?/s?)|152 0.961
7 Z500 (m?/s?)|243 0.916
10 Z500 (m?/s?)|388 0.826
5 T2m (K) 1.42  [0.991
5 U10 (m/s) |1.53 |0.937
5 T850 (K) [1.28 [0.979
FourCastNet 2022 |1 Z500 (m2/s2) |28 0.999 |[Below IFS |WeatherBench2 |[[13]
3 Z500 (m?/s2) |95 0.989
5 Z500 (m?/s?)|163 0.951
7 Z500 (m?/s?)|258 0.899
Pangu-Weather |2023 |1 Z500 (m?/s?) |21 0.999 [15]
3 Z500 (m?/s2) |71 0.995
5 Z500 (m?/s?)|140 0.967
7 Z500 (m?/s?)|228 0.924
10 Z500 (m?/s?)|371 0.838
5 T2m (K) 1.33  ]0.993
5 Ul10 (m/s) |[1.44 |0.944
GraphCast 2023 |1 Z500 (m?/s2) |20 0.999 [16]
3 Z500 (m?/s?)| 68 0.996
5 Z500 (m?/s?)|136 0.969
7 Z500 (m?/s?)|220 0.929
10 Z500 (m?/s?)| 358 0.845
5 T2m (K) 1.29 ]0.994
5 T850 (K) [1.19 ]0.982
FengWu 2023 |3 Z500 (m?/s2)| 65 0.996 Own evaluation [17]
5 Z500 (m?/s?)|133 0.97
7 Z500 (m?/s?)|216 0.932
10 Z500 (m?/s?)|342 0.852
ISSN: 2582-398| [129] OPEN@ACCESS
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FuXi 2023 |3 Z500 (m?/s2) |64 0.996 WeatherBench 2 |[18]
5 7500 (m?/s?)[131  [0.971
7 Z500 (m?/s?)|214  |0.933
10 Z500 (m?/s?)|346  |0.849
15 Z500 (m?/s?)|521 0.72 Own evaluation
Aurora 2025 |1 Z500 (m2?/s?)|19 0.999 Own evaluation [20]
5 Z500 (m?¥/s?)|130  |0.971
10 Z500 (m?/s?)|345  |0.851
5 T2m (K) 1.26 |0.994
NeuralGCM 2024 |5 Z500 (m2/s2)| 148 0.963 [Comparable |WeatherBench2 |[[35]
10 Z500 (m2/s?)|374 0.836
AIFS (ECMWF) 2024 |5 7500 (m2/s?)|144  |0.965 Own evaluation  |[36]
10 Z500 (m2/s2)|370 0.838

Note: RMSE = root mean square error; ACC = anomaly correlation coefficient (maximum = 1.0). Z500 = 500 hPa
geopotential height (m2/s2); T2m = 2-metre temperature (K); T850 = 850 hPa temperature (K); U10 = 10-metre
zonal wind speed (m/s). Lower RMSE = better; higher ACC = better. RMSE and ACC values are as reported in
WeatherBench 2 or the original model publication where noted. GenCast uses CRPS rather than RMSE and is

therefore omitted from this table; see text for probabilistic evaluation results.
1.000 1
0.975 -
0.950 -
0.925 -

0.900 -

0.875 1
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&~ Pangu-Weather
-~ FuXi
0.825 - ~— FengWu
~-~ Aurora
=¥+ FourCastNet
0.800 v T T
5 7 10
Lead Time (days)

0.850 1

Anomaly Correlation Coefficient (ACC)

-

bt
w

Figure 3. Z500 Anomaly Correlation Coefficient (ACC) as a function of lead time (1-10 days) for six Al weather
models and IFS-HRES. Higher ACC indicates greater forecast skill. Data sourced from WeatherBench 2 [7] and

individual model publications. FourCastNet (dashed) remains below leading Al models at all lead times.
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Figure 4. RMSE at 5-day lead time for surface variables T2m (2-metre temperature), T850 (850 hPa temperature),
and U10 (10-metre zonal wind) for available Al models versus IFS-HRES baseline (dashed line). Lower RMSE
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indicates better forecast accuracy. Data sourced from WeatherBench 2 [7].
3.4. Applications of Al Weather Models

Al Weather models have been applied across four principal domains beyond standard medium-range

benchmarking, and their performance relative to NWP varies considerably from one domain to the next.
3.4.1. Extreme Events

Pasche et al. [46] evaluated GraphCast, Pangu-Weather, and FourCastNet on three record-breaking events, the
2021 Pacific Northwest heat dome, the 2021 North American winter storm, and the 2023 South Asian humid
heatwave, finding that Al models reproduced large-scale synoptic evolution but systematically underestimated
anomaly amplitudes at peak, particularly for surface temperatures outside the ERAS training distribution. Nelli et
al. [47] reached consistent conclusions for the June 2024 Middle East compound heatwave, where PanguWeather
provided the strongest T2m guidance (RMSE ~2.1 K at five days) but all four Al models evaluated exhibited
lead-dependent cold biases. Watson [48] identified this as a structural deficiency, arguing that training datasets
dominated by typical atmospheric states produce models biased towards the mean and unable to represent the full
distribution of high-impact outcomes. Broader reviews of Al-based extreme-event forecasting corroborate this
pattern: skilful gains for extreme rainfall, atmospheric rivers, and compound heat events remain modest relative to
typical-condition forecasts [49, 50, 51, 52, 53].

3.4.2. Tropical Cyclone Forecasting

Yang et al. [54] verified six Al weather prediction models, FengWu, FuXi, PanguWeather, AIFS, GraphCast, and
Fengging, against the CMA operational procedure for the 2024 western North Pacific season. All demonstrated
positive track skill scores relative to climatology but consistently underestimated tropical cyclone (TC) intensity at
all lead times, a limitation attributed to the inability of 0.25-degree data-driven models to represent mesoscale
convective dynamics and boundary layer processes governing intensification. Huang et al. [55] demonstrated that a

hybrid NWP vortex initialisation plus Al dynamic weight correction framework reduced 72-hour track errors by 25
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percent over NWP alone and intensity errors by 56 percent over standalone Al for Typhoon Bebinca (2024),
confirming the complementarity of NWP and Al approaches for TC prediction (Table 3). The contrasting track and
intensity skill profiles across all evaluated models are illustrated in Figure 5.

3.4.3. Precipitation Nowcasting

Ravuri et al. [56] showed that a deep generative model trained on UK radar outperformed optical flow methods and
the STEPS ensemble for one-kilometre nowcasting. Espeholt et al. [38] extended this to twelve-hour forecasts
across the USA at four kilometres using MetNet-2. NowcastNet [37] outperformed operational NWP for extreme
precipitation exceeding 20 mm per hour in blinded expert evaluation, attributed to explicit physics constraints in its

architecture.
3.4.4. Extended-Range and Specialised Forecasting

FuXi and FengWu extend skilful forecasts to fifteen and ten days, respectively [17, 18], lead times at which
IFS-HRES deterministic skill is largely absent, though Selz and Craig [57] confirmed that Al models do not
reproduce butterfly-effect characteristics and cannot exceed the intrinsic atmospheric predictability ceiling. For
interannual prediction, Ham et al. [58] demonstrated that a CNN trained on CMIP5 simulations produced skilful
18-month ENSO forecasts. SolarSeer [30] produced 24-hour solar irradiance forecasts 1,500 times faster than the
operational HRRR model, reducing RMSE by 27 percent across 1,800 US stations, showing how Al architectures
developed for global weather prediction can be adapted to sector-specific applications with relatively modest
modification. Patil et al. [59] extended this line of work, showing that deep learning architectures combining
convolutional and recurrent layers could deliver skilful long-lead ENSO forecasts beyond the horizons achieved by

earlier statistical methods.

Table 3. Summary of Al weather model performance for tropical cyclone track and intensity forecasting.

Model Region Le?dda;'sl)me Track Skill | Intensity Skill Key Finding Source
Superior track skill vs operational
GraphCast Global / 1-5 Outperforms Underestimates | NWP; intensity errors persist at all | [16, 54]
WNP NWP .
lead times
Strong track prediction; CNOP
Pangu- | Global/ Outperforms . analysis shows predictability
Weather WNP 15 NWP Underestimates constrained by model error after [15]
24 h over BoB
Positive track skill scores vs
WNP / Outperforms - climatology; large errors at long
FengWu SCS 15 NWP Underestimates lead times; intensity consistently [17, 54]
low
Comparable track to GraphCast;
FuXi WNP/ 1-5 Outperforms Underestimates | intensity underestimation at all | [18, 54]
SCS NWP :
lead times
Strong track; best intensity
AIFS WNP / Outperforms . performance among AIWP
(ECMWF) | SCS 15 Nwp | Jnderestimates | il evaluated over WNP 2024| [
season
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Note: WNP = western North Pacific; SCS = South China Sea; BoB = Bay of Bengal; AIWP = Al weather
prediction model; NWP = numerical weather prediction. Track skill is assessed relative to the operational NWP

benchmark or climatology and persistence model. Intensity skill refers to maximum sustained wind speed or
minimum sea-level pressure prediction.
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Figure 5. Track versus intensity skill for Al models at 1-5 day lead times. All models show positive track skill;
intensity is systematically underestimated except for the NWP hybrid [55].
Sources: Yang et al. [54]; Huang et al. [55].
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Figure 6. Capability radar chart for six Al models scored on six dimensions (1-5 scale): benchmark skill, inference
speed, resolution, physical consistency, probabilistic capability, and extreme event skill.
Scores are author-derived from published evaluations.
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3.5. Limitations of Current Al Weather Models and Emerging Hybrid Approaches

The multi-dimensional capability profile of leading Al models, spanning benchmark skill, inference speed,
resolution, physical consistency, probabilistic capability, and extreme event skill, is summarised in Figure 6 before
the structural limitations are examined in detail. Despite the benchmark advances documented in Sections 3.3 and
3.4, current Al weather models exhibit three interconnected classes of structural limitation that constrain their

operational utility.
3.5.1. Training Data and Physical Constraints

Virtually all global Al weather models are trained exclusively on ERAS, a dataset that encodes the statistical
properties of historical atmospheric variability up to the training cutoff. This creates a fundamental constraint:
models cannot represent atmospheric states outside the historical distribution, a limitation of growing operational
significance as climate change drives conditions without historical precedent [7, 41]. Pasche et al. [46]
demonstrated this directly (Section 3.4.1): errors for record-breaking extreme events were substantially larger than
for IFS-HRES. Equally, purely data-driven architectures learn input-output mappings without encoding the
conservation laws, including mass, momentum, and energy, that govern atmospheric dynamics. Bonavita [41]
documented violations of mass conservation, spurious divergence, and spatial smoothing of high-amplitude
features in GraphCast and Pangu-Weather at extended lead times. This smoothing tendency, a predictable
consequence of mean squared error loss functions, is particularly problematic for precipitation forecasting and TC
intensity prediction [54]. Selz and Craig [57] further showed that Al models suppress butterfly-effect sensitivity,
implying systematically underconfident uncertainty estimates.

3.5.2. Evaluation Framework Limitations

WeatherBench 2 aggregates performance across all atmospheric states in the test period, meaning common
low-amplitude patterns drive headline scores rather than the extreme-event and case-study performance discussed
in Sections 3.3 and 3.4.1, where the same leading models underperformed despite strong aggregate benchmark
scores. Explicit benchmarks for extreme event amplitude, physical consistency, and probabilistic calibration are

therefore required.
3.5.3. Hybrid Physics-Al Approaches and Operational Integration

The most promising pathway to addressing these limitations combines physical knowledge with neural network
flexibility. NeuralGCM [35] embeds conservation laws directly into the model by replacing the NWP dynamical
core with a differentiable neural network while retaining physics-based parameterisations, so that forecasts satisfy
mass and energy conservation by construction rather than by post-hoc correction. He et al. [42] demonstrated the
practical value of this design: driving the regional WRF model with NeuralGCM outputs nearly doubled spatial
correlations for precipitation over the Tibetan Plateau relative to the standard GFS-WRF scheme. On the data
assimilation side, FuXi-DA [60] directly assimilates Fengyun-4B satellite radiances to reduce dependence on
ERAJ initial conditions, while FuXi Weather [21] takes end-to-end forecasting furthest of all, producing ten-day

global forecasts directly from satellite observations without any NWP-generated initial conditions (Section 3.2.3).

ISSN: 2582-398 [134] OPEN () ACCESS



|2

’I ' Irish Interdisciplinary Journal of Science & Research (I1JSR)
g Volume 10, Issue 3, Pages 120-142, July-September 2026

PO ITISSSN THILOUGTHT IELSHA I

ECMWE’s AIFS [36] marks the entry of a major operational forecasting centre into this space, confirming that the
convergence of Al and NWP is no longer hypothetical but already underway. Mu et al. [61] proposed a
complementary, incremental-learning framework that replaces individual sub-modules of intelligent Earth system
models one at a time, offering a more gradual hybridisation pathway than full end-to-end replacement.

4. Conclusions

The evidence assembled in this review demonstrates that data-driven Al weather prediction has crossed a critical
performance threshold: multiple independent modelling groups have shown that deep learning systems trained on
reanalysis data now match or surpass the world’s leading operational NWP system across the large majority of
standard verification targets, while reducing computational cost by several orders of magnitude. The consistency of
these results across different architecture families and research groups confirms that Al-based forecasting

represents a durable methodological advance rather than an isolated demonstration.

The architectural diversity documented here, spanning Fourier Neural Operators, Graph Neural Networks,
Transformers, and diffusion-based generative models, reveals that no single design dominates across all
performance dimensions; rather, each family offers distinct trade-offs between deterministic skill, probabilistic
calibration, inference speed, and physical consistency. The emergence of foundation models and end-to-end data
assimilation systems signals a shift from models that augment the NWP pipeline toward systems that may

eventually replace substantial portions of it.

Application-level evaluation reveals a nuanced picture: Al models substantially improve tropical cyclone track
prediction and precipitation nowcasting, yet systematically underperform for intensity forecasting and
convective-scale phenomena, a gap rooted in the resolution ceiling and distributional limitations of current training
data. More broadly, the structural constraints identified in this review, including the inability to represent
out-of-distribution extremes, the absence of conservation-law enforcement, and progressive field smoothing at
extended lead times, define the central challenges for the next generation of models. Hybrid physics-Al
architectures that embed dynamical constraints directly into the learning framework, rather than applying them as
post-hoc corrections, represent the most promising pathway to resolving these limitations while preserving the

computational advantages of data-driven approaches.

Whether these benchmark gains translate into materially better forecasts for the high-impact weather events that
matter most to society remains the central open question. The following future recommendations are proposed to
help forecasting centres and model developers bridge the gap between benchmark performance and reliable

operational deployment:

» Expand training datasets beyond ERAS to incorporate satellite and in-situ observations that better sample rare,

record-breaking atmospheric extremes.

» Move evaluation frameworks beyond aggregate RMSE and ACC to benchmark extreme-event amplitude,

physical consistency, and probabilistic calibration.
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« Invest in model interpretability tools so forecasters can diagnose Al failure modes and integrate Al guidance with

physical reasoning, a need echoed elsewhere in the climate modelling literature [62, 63, 64].

+ Advance hybrid physics-Al architectures such as Neural GCM, which embed conservation laws by construction,

to reduce field smoothing at long lead times.

+ Extend end-to-end data assimilation systems such as FuXi Weather to reduce dependence on NWP-generated

initial conditions.

« Establish standardised benchmarks for tropical cyclone intensity and convective-scale precipitation, the two

areas where Al models currently underperform operational NWP.
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