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1 Introduction

Wind is one of the most important atmospheric phenomena a�ecting a wide
range of environmental, engineering, and socio-economic systems. Its spatial
and temporal variability plays a signi�cant role in meteorology, renewable
energy production, air quality assessment, environmental monitoring, spa-
tial planning, and wild�re spread modelling. Accurate knowledge of wind
behaviour and its spatial distribution is therefore essential for numerous sci-
enti�c, industrial, and operational applications.

Unlike many other environmental variables, wind exhibits pronounced
spatial and temporal heterogeneity [1]. Wind characteristics are in�uenced
by various factors, including topography, terrain morphology, land cover,
vegetation, atmospheric stability, and local meteorological conditions. As a
result, wind speed and direction can vary considerably even over relatively
short distances, particularly in regions characterized by complex terrain such
as mountainous areas, coastal zones, islands, and urban environments [2].
These characteristics make wind modelling and prediction a challenging task.

Over the past decades, a variety of approaches have been developed for
wind estimation, modelling, and prediction. Traditional methods primarily
rely on numerical weather prediction models, computational �uid dynamics
simulations, geostatistical approaches, and spatial interpolation techniques.
While these methods have demonstrated considerable success in many appli-
cations, their performance often depends on the availability of high-quality
measurements, the density and distribution of observation networks, and the
complexity of the observed environment.

Recent advances in sensing technologies, satellite observations, and
publicly available meteorological databases have signi�cantly increased the
amount of wind-related data available for analysis. At the same time,
improvements in computational resources have enabled the widespread
adoption of Arti�cial Intelligence (AI) and Machine Learning (ML) methods
for modelling complex environmental processes. Consequently, numerous
studies have investigated the use of machine learning algorithms, deep
learning architectures, and hybrid approaches for wind estimation, spatial
wind �eld reconstruction, interpolation, and forecasting [3].

Despite the growing body of research, the �eld remains highly diverse
with respect to data sources, modelling approaches, evaluation methodolo-
gies, and application domains. Furthermore, while many proposed methods
report promising results under experimental conditions, it is often unclear
to what extent these approaches have been validated using real-world data
or deployed in operational environments. Such diversity makes it di�cult to
compare results across studies and identify the most promising directions for
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future research.
The aim of this paper is to provide a comprehensive overview of wind

modelling and prediction approaches, with a particular focus on Arti�cial
Intelligence and Machine Learning methods. Special attention is given to the
data sources used for wind modelling, modelling methodologies, application
domains, evaluation strategies, and the level of validation and implementa-
tion reported in the literature. Based on the analysis of existing research, the
thesis aims to identify current trends, research gaps, and future challenges
within the �eld.

To achieve these objectives, the following research questions are ad-
dressed:

RQ1. How is wind measured, estimated, modelled, and predicted across dif-
ferent application domains?

RQ2. Which Arti�cial Intelligence and Machine Learning methods are most
commonly used for wind modelling and prediction?

RQ3. What are the main limitations, challenges, and research gaps prevent-
ing the wider operational adoption of AI and ML methods for wind
modelling and prediction?

The thesis is organized as a broad overview of wind modelling research,
covering the fundamental characteristics of wind, available data sources,
modelling approaches, Arti�cial Intelligence and Machine Learning meth-
ods, and their applications in various domains. Particular emphasis is placed
on identifying dominant research trends, comparing existing approaches, and
highlighting current limitations and opportunities for future development.
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2 Wind as a Complex Environmental Phe-

nomenon

Wind is a dynamic atmospheric phenomenon resulting from pressure gradi-
ents, the Earth's rotation, and interactions between the atmosphere and the
Earth's surface [4]. Although the physical mechanisms responsible for wind
generation are relatively well understood, wind behaviour often exhibits con-
siderable complexity due to the combined in�uence of terrain characteristics,
boundary layer processes, and changing meteorological conditions.

The spatial distribution of wind is rarely uniform. Local topography can
signi�cantly modify air�ow patterns by accelerating, decelerating, or redi-
recting wind, while atmospheric boundary layer processes in�uence the ver-
tical structure of wind speed and direction [5]. These e�ects are particularly
pronounced in regions characterized by complex terrain, where substantial
variations may occur over relatively short distances [6].

In addition to spatial variability, wind also exhibits strong temporal
variability across multiple timescales, ranging from short-term �uctuations
caused by turbulence to seasonal and interannual atmospheric patterns. Un-
derstanding the factors that drive both spatial and temporal variability is
essential for accurate wind measurement, modelling, interpolation, and pre-
diction.

The following sections examine the main processes contributing to wind
complexity, focusing on topographic in�uences, atmospheric boundary layer
dynamics and vertical wind pro�les, and the spatial and temporal variability
of wind.

2.1 Topographic In�uences on Wind Behaviour

Topography represents one of the most important factors in�uencing local
wind behaviour. Mountains, valleys, coastal regions, islands, and terrain dis-
continuities can signi�cantly modify air�ow patterns, producing substantial
variations in wind speed and direction over relatively short distances [6]. As
a result, wind �elds observed in complex terrain often exhibit a high de-
gree of spatial heterogeneity, making accurate measurement and modelling
particularly challenging.

Mountain barriers can alter atmospheric �ow through several mecha-
nisms, including �ow blocking, acceleration, channeling, wave generation,
and the formation of turbulent structures in the lee of mountain ranges.
Depending on atmospheric stability and �ow conditions, these e�ects may
produce localized regions of enhanced wind speeds, �ow separation, lee waves,
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and rotor circulations, which are often di�cult to capture using coarse-
resolution numerical models [7].

The in�uence of topography is especially pronounced in coastal environ-
ments where terrain-induced e�ects interact with land�sea contrasts. Along
the eastern Adriatic coast, the complex geometry of the coastline and the
presence of numerous islands contribute to the development of highly local-
ized circulation systems. Observational studies have shown that local wind
characteristics may di�er considerably even between nearby locations due to
channeling e�ects and terrain-induced modi�cations of the air�ow [8].

Table 1: Comparison of mainland and island marine coastline lengths calcu-
lated from harmonised Eurostat GISCO 2024 spatial data.

Country
Mainland
coastline
(km)

Island
coastline
(km)

Total
coastline
(km)

Island
share
(%)

Croatia 1,035.2 3,004.5 4,039.7 74.4

Denmark 1,695.5 3,634.5 5,329.9 68.2

Greece 4,370.8 7,339.8 11,710.6 62.7

Norway 15,914.5 18,848.4 34,762.9 54.2

Italy 3,521.4 2,984.6 6,506.0 45.9

United Kingdom 7,542.3 6,172.5 13,714.8 45.0

France 4,516.5 1,478.5 5,995.0 24.7

Spain 3,314.5 1,023.8 4,338.3 23.6

Montenegro 195.3 6.1 201.4 3.0

Albania 382.6 10.5 393.1 2.7

Slovenia 31.1 0.0 31.1 0.0

To illustrate the exceptional topographic complexity of the Croatian
coast, Table 1 compares mainland and island coastline lengths for selected
European countries, showing that Croatia has the highest island coastline
share (74.4%) among the countries considered; the calculations are based on
Eurostat GISCO 2024 spatial data1 while the processing script is available
in the accompanying GitHub repository.2

A notable example is the Velebit Channel region, where local topographic
con�guration can modify the temporal evolution of coastal circulations. Mea-

1https://gisco-services.ec.europa.eu/distribution/v2/ (accessed 28 July
2026).

2https://github.com/mradic01/wind-modelling-literature-analysis/tree/

coastline-analysis (accessed 1 September 2026).
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surements collected along the Croatian Adriatic coast indicate that maximum
wind intensities generally occur during the early afternoon hours; however,
in the Velebit Channel stronger winds may develop signi�cantly earlier due
to terrain channeling e�ects [8].

These �ndings highlight the importance of considering local topographic
characteristics when analysing wind behaviour. Even under similar large-
scale atmospheric conditions, substantial di�erences in wind patterns may
occur at the local scale, emphasizing the need for high-resolution observations
and modelling approaches capable of representing terrain-induced e�ects.

2.2 Atmospheric Boundary Layer and Vertical Wind

Pro�le

In addition to horizontal variability caused by topographic in�uences, wind
characteristics also change signi�cantly with height above the surface. The
vertical distribution of wind speed and direction is primarily governed by
processes occurring within the atmospheric boundary layer, where the in-
teraction between the Earth's surface and the atmosphere directly in�uences
air�ow patterns [9]. A schematic representation of the atmospheric boundary
layer and its position relative to the Earth's surface and the free atmosphere
is shown in Figure 1.

Near the surface, friction reduces wind speed and modi�es wind direction.
As the distance from the surface increases, the in�uence of friction gradually
decreases, resulting in higher wind speeds and changes in the vertical struc-
ture of the wind pro�le. Consequently, wind conditions measured at a single
height are often insu�cient to fully describe atmospheric �ow, particularly
in applications requiring accurate representation of wind �elds and transport
processes.

The vertical variation of wind speed and direction is commonly described
through vertical wind pro�les and wind shear. Wind shear refers to changes
in wind characteristics with height and represents an important factor in at-
mospheric dynamics, turbulence generation, and the development of extreme
wind conditions. Analyses of low-level wind shear have shown that substan-
tial variations may occur within the lowest few kilometres of the atmosphere,
emphasizing the importance of considering vertical structure when studying
wind-related phenomena [10].

The structure of the atmospheric boundary layer is strongly in�uenced
by atmospheric stability, surface roughness, and local environmental condi-
tions. In coastal environments, additional complexity arises from land�sea
interactions and the development of internal boundary layers. Using lidar ob-
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servations and numerical modelling, demonstrated that coastal wind pro�les
frequently exhibit strong vertical gradients within the lowest few hundred
metres of the atmosphere and that these gradients are often di�cult to re-
produce accurately using numerical models [11].

Particularly under stable atmospheric conditions, wind pro�les may devi-
ate substantially from their average behaviour. In such situations, low-level
jets can develop, producing local maxima in wind speed several hundred
metres above the surface while near-surface winds remain relatively weak.
These phenomena contribute to increased variability in the vertical structure
of the atmosphere and present additional challenges for wind modelling and
forecasting [11].

Understanding the atmospheric boundary layer and the vertical structure
of wind is therefore essential for interpreting wind observations, evaluating
model performance, and developing reliable prediction systems. Moreover,
many Arti�cial Intelligence and Machine Learning approaches rely on obser-
vational datasets collected at speci�c measurement heights, making the rep-
resentation of vertical variability an important consideration when analysing
and modelling wind behaviour.

Figure 1: Vertical representation of the atmospheric boundary layer, illus-
trating its position between the Earth's surface and the free atmosphere, with
the capping inversion de�ning its upper extent. Adapted from [12].

2.3 Spatial and Temporal Variability of Wind

Wind behaviour exhibits considerable variability across both space and time.
While topography and boundary-layer processes in�uence local wind condi-
tions, atmospheric circulation patterns, seasonal cycles, and diurnal varia-
tions further contribute to the complexity of wind �elds. Consequently, wind
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conditions observed at a given location may vary substantially over di�erent
temporal scales, ranging from hours to seasons.

In coastal regions, temporal variability is often associated with thermally
driven circulations and land�sea interactions. Along the eastern Adriatic
coast, observational studies have shown pronounced diurnal cycles in wind
intensity, particularly during the warm season when sea-breeze circulations
become more developed. While maximum wind speeds generally occur during
the early afternoon hours, certain locations may exhibit substantially di�er-
ent temporal patterns due to local terrain e�ects. For example, observations
from the Velebit Channel indicate earlier wind intensi�cation compared to
other coastal locations, highlighting the in�uence of local topographic con-
�guration on the temporal evolution of wind �elds [8].

Wind variability is also in�uenced by larger-scale atmospheric circula-
tion regimes. Di�erent synoptic conditions can produce markedly di�erent
wind patterns, ranging from prolonged periods of weak winds to episodes of
strong and persistent air�ow. Furthermore, transitions between circulation
regimes may lead to rapid changes in wind speed and direction, creating con-
ditions that are particularly di�cult to predict using conventional modelling
approaches.

The rapid evolution of local air�ow patterns is illustrated in Figure 2,
which shows substantial changes in wind direction over the central Adriatic
within a relatively short period.

An important example of such behaviour is represented by so-called wind
ramps, characterized by sudden increases or decreases in wind speed over rel-
atively short periods of time. Studies have shown that these events are often
associated with speci�c large-scale circulation patterns and can signi�cantly
a�ect both forecasting performance and operational applications [13].

The combined in�uence of atmospheric processes, local terrain charac-
teristics, and boundary-layer dynamics results in highly heterogeneous wind
behaviour across multiple spatial and temporal scales. This complexity rep-
resents one of the primary challenges in wind modelling and prediction, mo-
tivating the development of increasingly sophisticated numerical, statistical,
and Arti�cial Intelligence-based approaches capable of capturing such vari-
ability.
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Figure 2: Illustrative visualisations of spatial and temporal changes in near-
surface air�ow over the central Adriatic. The panels demonstrate how wind
direction and spatial �ow patterns can vary considerably over relatively short
time intervals. The coloured background represents temperature, while the
animated-particle trajectories indicate air�ow direction. Source: Windy.com.
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3 Wind Data Sources and Measurement Sys-

tems

Accurate wind modelling and prediction depend fundamentally on the avail-
ability of reliable observational and environmental data. Most applications
use wind data obtained from ground-based measurements, remote sensing
systems, for numerical weather models, atmospheric reanalysis, and geospa-
tial datasets [14]. Each source provides a di�erent representation of atmo-
spheric conditions and is characterised by speci�c advantages and limitations
related to spatial coverage, temporal resolution, measurement accuracy, and
operational availability. These di�erences are particularly important for Ar-
ti�cial Intelligence and Machine Learning approaches, whose performance
depends directly on the quality and representativeness of the data used for
training, validation, and testing [15].

Figure 3 illustrates the complementary spatial representation provided
by the principal observational and environmental data sources used in wind
modelling.

3.1 In-Situ Wind Measurements

In-situ measurements represent one of the primary sources of observational
wind data and are widely used in both operational monitoring and scienti�c
research. They are commonly collected by meteorological stations equipped
with instruments for measuring wind speed, wind direction, temperature,
atmospheric pressure, and other relevant meteorological variables [16].

Meteorological station networks provide direct observations of atmo-
spheric conditions at speci�c locations and are therefore commonly used as
ground-truth data for model calibration, validation, and performance assess-
ment [17]. Their relatively high temporal resolution and, in many cases, long
observational records also make station measurements valuable for training
and evaluating statistical, numerical, and Arti�cial Intelligence-based wind
models [18].

However, the spatial availability of station observations di�ers consider-
ably between countries. Table 2 compares the number and spatial density of
active stations available through Meteostat3 across the analysed countries,
together with the corresponding mean nearest-station distances.

3https://bulk.meteostat.net/v2/stations/lite.json.gz (accessed 4 August
2026).
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Figure 3: Conceptual comparison of the principal data sources used in wind
modelling. Meteorological stations provide point measurements, LiDAR and
SODAR systems capture vertical wind pro�les, satellite observations o�er
broad spatial coverage, NWP and reanalysis products provide gridded atmo-
spheric �elds, and DEM and land-cover datasets describe terrain and surface
properties.The schematic was created by the author with the assistance of
ChatGPT (OpenAI, GPT-5.5).
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Table 2: Comparison of national meteorological services, land area, active Meteostat station availability, station
density, and mean nearest-station distance across the analysed countries.

Country National Meteorological
Service

Land Area
(km2)

Active Meteostat
Stations

Active Meteostat Stations
per 1,000 km2

Mean Nearest-Station
Distance (km)

Germany DWD 349,430 1,397 3.997,9 10.59

Switzerland MeteoSwiss 39,510 107 2.708,2 11.55

Netherlands KNMI 33,670 64 1.900,8 24.31

Belgium Royal Meteorological Institute of
Belgium

30,494 35 1.147,8 16.51

Austria GeoSphere Austria 82,520 93 1.127,0 14.07

Denmark DMI 40,000 43 1.075,0 29.02

Croatia DHMZ 55,960 45 0.804,1 28.38

Japan Japan Meteorological Agency 364,569 278 0.762,5 28.37

United Kingdom Met O�ce 241,930 177 0.731,6 66.02

Italy Servizio Meteorologico Italiano 295,720 170 0.574,9 26.89

Finland Finnish Meteorological Institute 303,960 174 0.572,4 24.78

Norway MET Norway 364,270 192 0.527,1 38.56

Portugal IPMA 91,606 39 0.425,7 34.06

France Météo-France 538,950 223 0.413,8 30.51

United States NOAA 9,147,420 2,701 0.295,3 35.53

Sweden SMHI 407,270 108 0.265,2 28.32

Poland IMGW-PIB 306,270 81 0.264,5 41.66

Spain AEMET 499,697 104 0.208,1 39.40

Australia Bureau of Meteorology 7,692,020 813 0.105,7 50.17

China China Meteorological
Administration

9,388,210 263 0.028,0 143.19
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The results show substantial di�erences in observational coverage: Ger-
many has the highest station density, with approximately 4.00 active stations
per 1,000 km2, whereas countries with large territories, particularly China
and Australia, exhibit considerably lower station densities and greater dis-
tances between stations. Croatia occupies an intermediate position, with
approximately 0.80 active stations per 1,000 km2 and a mean nearest-station
distance of 28.38 km.

The values reported in Table 2 refer exclusively to active stations repre-
sented in the Meteostat dataset and should not be interpreted as complete
inventories of the o�cial observational networks operated by the listed na-
tional meteorological services. The calculations were performed using a re-
producible processing script, while the script and corresponding input data
are available in the accompanying GitHub repository.4

The quality and representativeness of station observations depend on sen-
sor accuracy, maintenance procedures, measurement height, nearby obsta-
cles, surrounding surface characteristics, and local terrain [18]. In complex
terrain, substantial variations in wind speed and direction may occur over
distances smaller than the spacing between stations. Meteorological stations
therefore remain essential for model development and validation, but their
point-based coverage is often insu�cient for representing complete regional
wind �elds.

3.2 Remote Sensing and Terrain Data

While meteorological stations provide direct observations at speci�c loca-
tions, wind modelling often requires information over larger spatial domains
and at multiple heights. Remote sensing systems and terrain datasets are
therefore commonly used to complement in-situ measurements [19, 20].

Ground-based remote sensing systems provide information that cannot
easily be obtained from conventional meteorological stations. Doppler Li-
DAR and SODAR systems can measure wind conditions at multiple heights,
enabling the reconstruction of vertical wind pro�les and boundary-layer
structure [21]. Satellite observations provide much broader spatial coverage
and are particularly valuable for estimating near-surface wind conditions
over oceans and other regions with limited ground-based observations.

Wind modelling also relies on terrain and land-surface datasets that de-
scribe the environmental conditions in�uencing air�ow. Digital Elevation
Models (DEMs) provide information about elevation, slope, and terrain mor-

4https://github.com/mradic01/wind-modelling-literature-analysis/tree/

meteostat-station-coverage (accessed 1 September 2026).
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phology, while land-cover products describe vegetation, urban surfaces, and
other roughness-related characteristics [22]. The representation of these fea-
tures depends strongly on spatial resolution and acquisition methodology.
In steep and topographically complex regions, coarse-resolution DEMs may
smooth terrain features that substantially in�uence local air�ow, whereas
LiDAR-derived elevation models can provide a more detailed representation
of the surface [23].

Remote sensing observations and terrain datasets consequently comple-
ment station measurements by providing information about vertical atmo-
spheric structure, broader spatial conditions, and the physical characteristics
of the underlying surface.

3.3 Numerical Weather Prediction and Reanalysis

The limited spatial coverage of direct observations has encouraged the
widespread use of gridded atmospheric datasets. Numerical Weather Pre-
diction (NWP) models simulate atmospheric evolution by solving governing
physical equations from an estimated initial state, while observations from
ground stations, satellites, radiosondes, radar systems, aircraft, and other
platforms are incorporated through data assimilation. The resulting model
�elds provide spatially continuous atmospheric analyses and forecasts at
multiple vertical levels [24].

Atmospheric reanalysis applies a related approach retrospectively. His-
torical observations are processed using a consistent numerical model and
data-assimilation system, producing continuous records that are less a�ected
by changes in operational forecasting procedures. This consistency makes
reanalysis datasets particularly valuable for climatological analyses, wind-
resource assessment, model evaluation, and the development of data-driven
prediction methods.

ERA5, produced by the European Centre for Medium-Range Weather
Forecasts (ECMWF), is among the most widely used global atmospheric
reanalysis products. It provides hourly estimates of numerous surface and
upper-atmospheric variables and is frequently used either as a direct source
of wind information or as an input to statistical and machine learning models
[25].

Despite their extensive coverage, NWP and reanalysis products should
not be interpreted as direct measurements. Their representation of local
wind conditions depends on model resolution, data assimilation, physical
parameterisations, and the underlying terrain description. These limitations
are especially relevant in coastal and mountainous environments, where local
�ow structures may occur at scales smaller than the model grid.
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3.4 Data Integration and Representativeness

No individual data source provides a complete representation of the wind
�eld. Station measurements o�er direct and temporally detailed observa-
tions but are spatially limited, while remote sensing and gridded atmospheric
products provide broader coverage with di�erent levels of spatial resolution
and uncertainty.

The integration of these sources requires careful consideration of mea-
surement height, temporal resolution, spatial scale, missing observations, and
di�erences between point measurements and grid-cell estimates. Direct com-
parison may otherwise be misleading, particularly in complex terrain where
local wind conditions can di�er substantially from the spatially averaged
conditions represented by gridded datasets.

Dataset selection should therefore be guided by the intended modelling
scale and application. This is particularly important for Arti�cial Intelligence
and Machine Learning approaches, since limitations, biases, and spatial gaps
in the input data may be transferred directly to model predictions.
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4 Overview of Wind Modelling Approaches

Wind modelling encompasses the description, reconstruction, simulation, and
prediction of atmospheric wind under varying environmental conditions. De-
pending on the intended application, it may involve estimating wind condi-
tions at an individual location, reconstructing spatial wind �elds over com-
plex terrain, or simulating atmospheric �ow across multiple spatial and tem-
poral scales. Relevant wind characteristics include wind speed and direc-
tion, turbulence, vertical wind pro�les, and the evolution of two- and three-
dimensional �ow �elds.

The complexity of wind modelling arises from the interaction of processes
operating at di�erent scales. Large-scale atmospheric circulation, boundary-
layer dynamics, thermal strati�cation, terrain, surface roughness, and local
obstacles can collectively produce highly nonlinear and spatially heteroge-
neous wind �elds. Consequently, no single modelling approach is suitable
for every application. Operational forecasting, local �ow simulation, wind-
�eld reconstruction, and short-term prediction impose di�erent requirements
regarding spatial resolution, physical representation, input data, and com-
putational resources.

For this overview, wind modelling approaches are organised into four prin-
cipal categories: physics-based, statistical, Machine Learning, and hybrid ap-
proaches. Physics-based approaches include Numerical Weather Prediction
(NWP) and Computational Fluid Dynamics (CFD), whereas the remaining
categories di�er primarily in how they use observational data, prede�ned
statistical relationships, and physical knowledge. Table 3 summarises the
de�ning principles and representative methods associated with each cate-
gory.

4.1 Physics-Based Wind Modelling Approaches

Physics-based approaches simulate atmospheric �ow by explicitly represent-
ing the physical mechanisms governing �uid motion and atmosphere�surface
interactions. They are widely used in operational weather forecasting, wind
resource assessment, atmospheric research, and engineering applications.

The two principal physics-based approaches are Numerical Weather Pre-
diction (NWP) and Computational Fluid Dynamics (CFD). NWP models
simulate atmospheric evolution over regional or global domains and are pri-
marily used for weather analysis and forecasting. CFD models are generally
applied at �ner spatial scales to investigate air�ow over complex terrain,
around buildings, or within other environments where local �ow structures
are important. Although both approaches are based on numerical approx-
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Table 3: Classi�cation of wind modelling approaches

Approach Representative Methods

Physics-Based Numerical Weather Prediction (NWP), Computa-
tional Fluid Dynamics (CFD)

Statistical Regression Models, ARIMA, Time-Series Analy-
sis, Kriging, Inverse Distance Weighting (IDW),
Stochastic Methods

Machine Learning Decision Trees, Random Forest (RF), Support
Vector Machines (SVM), Arti�cial Neural Net-
works (ANN), Gradient Boosting, XGBoost, CNN,
LSTM

Hybrid Physics-Informed Machine Learning, NWP + ML,
Statistical + ML, Ensemble Models, Multi-Source
Data Fusion Approaches

imations of governing physical equations, they di�er substantially in scale,
resolution, physical parameterisation, and intended application.

Figure 4 presents a simpli�ed representation of air�ow over complex ter-
rain together with the incompressible form of the Navier�Stokes equations
commonly used in CFD-based �ow modelling.

CFD simulations of air�ow over natural complex terrain demonstrate the
ability of physics-based approaches to reproduce terrain-induced acceleration,
separation, and other local �ow modi�cations. Such applications also high-
light the importance of accurate terrain representation, boundary conditions,
and �eld measurements for model validation [26].

The principal advantage of physics-based models is their ability to repre-
sent atmospheric processes within a physically consistent framework. Their
application, however, may require substantial computational resources, de-
tailed terrain and surface information, appropriate initial and boundary con-
ditions, and observational data for validation. Despite these requirements,
physics-based models remain fundamental to atmospheric wind modelling
and frequently provide inputs for statistical, Machine Learning, and hybrid
frameworks.
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Figure 4: Schematic representation of air�ow over complex terrain and the
Navier�Stokes equations governing incompressible �ow in physics-based wind
modelling. The illustration was generated using an AI-based tool.
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4.2 Statistical Wind Modelling Approaches

Statistical approaches estimate wind conditions by identifying temporal, spa-
tial, or multivariate relationships within observational data rather than ex-
plicitly simulating atmospheric processes. Common methods include regres-
sion, time-series analysis, stochastic modelling, kriging, and Inverse Distance
Weighting. These approaches have been applied to short-term forecasting,
wind-resource assessment, missing-data reconstruction, and the estimation
of wind conditions at unmonitored locations [14].

Compared with detailed physics-based simulations, statistical models are
generally less computationally demanding and are often easier to interpret.
Their performance, however, depends on the validity of their underlying as-
sumptions and the representativeness of the available observations. Sparse
station networks, changing atmospheric regimes, and complex terrain can
therefore reduce their ability to reproduce highly localised and nonlinear
wind behaviour.

Statistical methods nevertheless remain an important part of contem-
porary wind modelling. They provide e�cient and interpretable solutions
for many applications and frequently serve as baseline models against which
Machine Learning and hybrid approaches are evaluated.

4.3 Machine Learning-Based Wind Modelling Ap-

proaches

The increasing availability of meteorological observations, numerical weather
products, and computational resources has contributed to the widespread
adoption of Machine Learning in wind modelling. These methods can learn
complex and nonlinear relationships from historical data and have been ap-
plied to wind forecasting, wind-�eld reconstruction, resource assessment, and
the analysis of extreme wind events [15].

Frequently applied methods include decision-tree-based algorithms, Sup-
port Vector Machines, Arti�cial Neural Networks, ensemble methods, and
deep learning architectures. Their ability to integrate station observations,
remote sensing data, numerical weather products, and geospatial information
makes them particularly suitable for problems involving heterogeneous input
data. Nevertheless, their performance depends strongly on the quantity, qual-
ity, and representativeness of the training dataset. Purely data-driven models
may also have limited interpretability and may generalise poorly beyond the
atmospheric and environmental conditions represented during training.

Machine Learning has consequently become an important component of
contemporary wind modelling, both as an independent prediction approach
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and as part of hybrid frameworks. The classi�cation, evolution, and appli-
cation of Arti�cial Intelligence and Machine Learning methodologies in wind
modelling are examined in greater detail in Chapter 6.

4.4 Hybrid Wind Modelling Approaches

The principal forms of hybrid wind modelling and their typical applications
are summarised in Table 4.

Table 4: Common categories of hybrid wind modelling approaches.

Hybrid approach Components Typical applications

NWP + ML
[27, 28, 29]

Numerical Weather

Prediction combined with

Machine Learning

Wind forecasting

CFD + ML
[30, 31]

Computational Fluid

Dynamics combined with

Machine Learning

Wind-�ow modelling over

complex terrain

Statistical + ML
[32, 33, 34]

Statistical models combined

with Machine Learning

Time-series prediction

and forecasting

Ensemble and
model-
combination
approaches
[35, 36, 37]

Combination of multiple

modelling approaches

Uncertainty

quanti�cation and

reduction

Physics-informed
ML [38]

Physical constraints

integrated into Machine

Learning models

Physically consistent

wind modelling

Multi-source
fusion
[39, 40, 41, 42]

Integration of multiple

heterogeneous data sources

Spatial wind-�eld

estimation

Hybrid approaches can exploit the large-scale physical consistency of nu-
merical models while learning local relationships from observations. This
is particularly relevant in complex terrain, where coarse numerical models
may not fully resolve local air�ow and purely data-driven models may be
constrained by sparse or unevenly distributed measurements.
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Hybrid modelling therefore provides an important connection between
physics-based simulation and data-driven prediction, particularly in applica-
tions where neither approach is su�cient when applied independently.
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5 Systematic Analysis of Wind Modelling Lit-

erature

This chapter presents a structured analysis of the scienti�c literature on wind
modelling and prediction. Unlike the previous chapter, which introduced the
main modelling paradigms at a conceptual level, this chapter examines how
these approaches are represented in the existing literature. The objective is to
analyse how the �eld has evolved over time, which data sources are most com-
monly used, which modelling methods dominate di�erent application areas,
and how model performance is typically evaluated. This distinction is im-
portant because many proposed approaches are evaluated only through sim-
ulations or historical datasets, while fewer studies demonstrate operational
use, pilot implementation, or integration into decision-support systems. By
identifying these di�erences, the chapter provides a clearer overview of the
maturity of current wind modelling research. The results provide the foun-
dation for the following chapter, which examines Arti�cial Intelligence and
Machine Learning methods for wind modelling and prediction in greater de-
tail.

The bibliometric analysis presented in this chapter is based on publica-
tions retrieved from the Web of Science Core Collection. The literature search
was performed using a prede�ned query designed to capture the broader
�eld of wind modelling while excluding unrelated topics, such as solar wind
and astrophysical studies. Since the Web of Science search yielded a suf-
�ciently large and representative dataset for the intended analysis, no ad-
ditional searches of other bibliographic databases were conducted. Only
English-language journal articles and review papers were considered. The
�nal dataset consisted of 10,470 publications and formed the basis for all
subsequent analyses. The bibliographic records were exported from Web of
Science and processed using a custom Python work�ow. The scripts used for
data processing, classi�cation, and visualisation are publicly available in the
accompanying repository 5.

5.1 Evolution of Research Trends

The search strategy was designed to identify publications addressing wind
modelling, wind-�eld estimation, reconstruction, interpolation, mapping,
downscaling, and wind-speed prediction, while excluding unrelated research
concerning solar wind and astronomical phenomena. The search was limited

5https://github.com/mradic01/wind-modelling-literature-analysis/tree/

literature-analysis (accessed 1 September 2026).
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to English-language journal articles and review papers. The complete search
query is presented below.

TS=(("wind modelling" OR "wind model*" OR "wind field" OR

"wind field model*" OR "wind field estimation" OR "wind

field reconstruction" OR "wind interpolation" OR "wind

mapping" OR "wind downscaling" OR "wind speed prediction"

OR "wind speed estimation") NOT ("solar wind" OR stellar

OR galaxy OR astronom*))

The search returned a total of 10,470 publications, providing a suf-
�ciently large dataset for analysing the development of wind modelling re-
search. Figure 5 shows the annual number of publications retrieved through
this search.

Figure 5: Annual number of publications related to wind modelling retrieved
from the Web of Science Core Collection between 2002 and 2026.

The results demonstrate a clear long-term increase in research activity.
Between 2002 and approximately 2015, the number of publications grew grad-
ually, indicating steady development of the �eld. A more pronounced increase
can be observed from 2016 onwards, coinciding with advances in numerical
weather prediction, remote sensing technologies, renewable-energy applica-
tions, and Arti�cial Intelligence methods. The highest annual publication
output was recorded in 2025. The lower number observed for 2026 re�ects
the fact that the database was accessed before the end of the publication
year; consequently, the value for 2026 represents incomplete data and should
not be interpreted as evidence of a declining research trend.
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5.2 Evolution of Modelling Paradigms

The initial search returned a total of 6,467 publications after applying
the inclusion and exclusion criteria described in Section 5.1. To identify
the dominant wind modelling approaches represented in the literature, each
publication was automatically classi�ed using a rule-based keyword-matching
procedure. The title and abstract of each publication were searched for rep-
resentative terms de�ned in a custom classi�cation dictionary, which is pro-
vided in full in Appendix A. Table 5 summarises the principal categories,
their de�ning characteristics, and representative terminology.

The categories were distinguished according to the primary mechanism
through which wind conditions were modelled or predicted. Physics-based
approaches represent atmospheric processes through governing physical equa-
tions and numerical simulations, whereas statistical approaches infer rela-
tionships from observed data using prede�ned probabilistic or time-series
formulations. Machine learning approaches learn these relationships algo-
rithmically from data without requiring an explicitly speci�ed statistical re-
lationship. Deep learning was treated as a specialised subgroup of machine
learning characterised by multilayer neural-network architectures. Finally,
hybrid approaches combine physical models with machine learning or deep
learning components within a single modelling framework. Similar distinc-
tions between physical, statistical, data-driven, and hybrid wind-forecasting
approaches are commonly applied in the literature [43].

The classi�cation procedure identi�ed 1,806 publications containing
explicit references to one or more wind modelling methodologies. Since the
temporal analysis presented in Figure 6 begins in 1996, the �nal dataset used
for this analysis comprises 1,777 classi�ed publications. Publications that
could not be con�dently assigned to any category were excluded from the
subsequent analysis.

Individual publications were allowed to match multiple dictionary entries
because a single study could explicitly mention several modelling methods. A
prioritisation scheme was therefore applied to avoid counting the same publi-
cation in multiple categories. Studies combining physics-based methods with
machine learning or deep learning techniques were classi�ed as Hybrid, re-
�ecting the integration of physical and data-driven modelling components.
This interpretation is consistent with the broader concept of physics-informed
machine learning, in which observational data and mathematical represen-
tations of physical processes are incorporated within a common modelling
framework [44]. Publications combining physics-based and statistical meth-
ods were retained in the Physics-based category when the statistical method
served only as a supporting component of the physical model.
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Table 5: Main modelling categories, their de�ning principles, and represen-
tative terms used in the literature classi�cation. The complete classi�cation
dictionary is provided in Appendix A.

Category De�ning principle Representative terms

Physics-based Simulation of atmospheric

�ow using governing physical

equations and numerical

models.

numerical weather

prediction, WRF,

computational �uid

dynamics, CFD, large-eddy

simulation, RANS,

dynamical downscaling

Statistical Estimation of wind

behaviour using prede�ned

statistical, probabilistic, or

time-series relationships.

linear regression, ARIMA,

kriging, spatial interpolation,

Weibull distribution,

geostatistical model

Machine
learning

Data-driven learning of

relationships between input

variables and wind-related

outputs.

machine learning, arti�cial

neural network, random

forest, support vector

machine, gradient boosting,

XGBoost, ANFIS

Deep learning Data-driven modelling based

on multilayer neural

networks capable of learning

complex spatial or temporal

representations.

deep learning, CNN, LSTM,

GRU, transformer, graph

neural network, autoencoder

Explicit
hybrid

Integration of physical

knowledge or numerical

models with machine

learning or deep learning

components.

hybrid model, hybrid

approach, physics-informed

neural network,

physics-guided machine

learning,

physical-data-driven model

24



Although deep learning terms were recorded separately in the classi�ca-
tion dictionary, deep learning publications were included within the broader
Machine learning category in the �nal temporal analysis. Consequently, Fig-
ure 6 presents four mutually exclusive categories: physics-based, statistical,
machine learning, and hybrid approaches.

Figure 6: Temporal evolution of the principal wind modelling approaches.
The �gure presents the annual number of publications classi�ed as physics-
based, statistical, machine learning, or hybrid approaches. Deep learning
methods are included within the machine learning category.

Figure 6 reveals a clear change in the modelling paradigms represented
in the analysed literature. During the late 1990s and early 2000s, research
was dominated by physics-based approaches, particularly numerical weather
prediction and computational �uid dynamics. Statistical methods remained
consistently represented throughout the analysed period but exhibited com-
paratively modest growth.

Machine learning approaches appeared during the early 2000s, although
their representation remained limited until approximately 2016. A pro-
nounced increase is visible after 2018, when machine learning rapidly became
one of the dominant modelling paradigms. This development coincides with
the broader adoption of deep neural networks for wind-speed and wind-power
forecasting, as well as the increasing availability of environmental datasets
and high-performance computing resources.

Hybrid approaches emerged later than conventional machine learning
methods. Their rapid growth after 2020 indicates increasing interest in com-
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bining the physical consistency of numerical models with the pattern-learning
capabilities of data-driven methods. Overall, the results indicate a gradual
diversi�cation of wind modelling research rather than a complete replace-
ment of conventional methods. Physics-based models continue to play a
fundamental role, while machine learning and hybrid approaches account for
an increasing proportion of recent publications.

5.3 Data Sources Used in Wind Modelling

The selection of input data strongly in�uences the spatial and temporal reso-
lution, applicability, and validation of wind models. Wind modelling studies
may rely on direct in-situ measurements, remote-sensing systems, satellite ob-
servations, or observation-derived products such as meteorological reanalysis
datasets. Standard surface and upper-air wind observations are described in
the World Meteorological Organization guidelines, while Doppler LiDAR has
become an important remote-sensing technology for retrieving wind pro�les
and three-dimensional wind-�eld information. Reanalysis products, such as
ERA5, provide spatially and temporally consistent atmospheric datasets by
combining observations with numerical weather prediction models through
data assimilation [25].

The following analysis examines which of these meteorological data
sources are explicitly reported in the wind modelling literature. For the
purposes of this classi�cation, the term data source includes both direct mea-
surement systems and observation-derived datasets used as model inputs,
reference data, or ground-truth information.

5.3.1 Meteorological Observations

To identify the meteorological data sources used in wind modelling, the pre-
viously classi�ed dataset of 1,806 publications was further analysed using
an automated rule-based procedure. For each publication, the title, abstract,
author keywords, and Keywords Plus were combined into a single search-
able text. This text was subsequently screened using a custom dictionary
containing terminology associated with meteorological measurement systems
and observation-derived data products. The complete dictionary is provided
in Appendix B, while the source code used for the classi�cation is publicly
available in the accompanying GitHub repository.

The classi�cation work�ow is presented in Figure 7. First, the combined
publication text was searched for prede�ned terms representing speci�c me-
teorological data sources. When one or more precise sources were identi�ed,
all corresponding categories were assigned to the publication. The procedure
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therefore followed a multi-label classi�cation approach, meaning that a single
publication could be assigned to several categories simultaneously. For ex-
ample, a study could combine LiDAR measurements, ERA5 reanalysis data,
and observations from a meteorological mast.

Figure 7: Work�ow of the automated rule-based classi�cation of meteorolog-
ical data sources reported in the analysed publications.

To maximise classi�cation speci�city, generic observational terms, such
as observations, measured data, and �eld measurements, were assigned only
when no precise data source was detected. If a precise source was identi�ed,
generic terms were disregarded as a separate category to prevent redundant
counting. Publications containing neither precise nor generic observational
terminology were classi�ed as Unclasi�ed, indicating that the data source
could not be determined from the available bibliographic metadata.
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The procedure identi�ed at least one explicit meteorological data source in
783 publications. The remaining publications either contained only generic
observational terminology or did not specify a meteorological data source
within the analysed text �elds. The publications with explicitly identi�ed
sources were subsequently grouped according to their assigned categories,
providing the basis for the analysis presented in the following section.

5.3.2 Temporal Changes in Meteorological Data Sources

To examine how the reported use of meteorological data sources accumulated
over time, the frequencies of the identi�ed source categories were calculated
for all publications included in the �ltered dataset up to and including 2010
and 2025. Although the initial bibliographic records included earlier publi-
cations, the earliest publication retained after the dictionary-based �ltering
procedure dates from 1974. The two cumulative periods therefore cover 1974�
2010 and 1974�2025, respectively. Since individual publications could report
multiple data sources, the category frequencies are not mutually exclusive
and represent source-category occurrences rather than numbers of unique
publications.

Figure 8 shows a substantial increase in the cumulative frequency of every
meteorological data-source category. Ground-based measurements remained
the most frequently identi�ed category, increasing from 25 occurrences by
2010 to 206 by 2025. Reanalysis data exhibited one of the strongest increases,
from 11 to 126 occurrences, while satellite observations increased from 30 to
136. These results indicate the growing importance of spatially distributed
atmospheric products alongside conventional in-situ measurements.

The cumulative comparison also demonstrates increasing diversi�cation
in the data used for wind modelling. Laboratory and wind-tunnel measure-
ments increased from 13 to 100 occurrences, while generic observational data
increased from 12 to 85. Ground-based remote sensing increased from 17 to
91 occurrences, and upper-air measurements from 21 to 49. Data sources
that were comparatively uncommon by 2010 also became more visible, in-
cluding numerical weather model data, marine and o�shore measurements,
and airborne and UAV measurements.

Overall, the results indicate that contemporary wind-modelling studies
draw from a broader range of observational and model-derived data than
the earlier literature. Conventional ground-based measurements remain fun-
damental, while reanalysis, satellite observations, remote-sensing systems,
and specialised measurement platforms provide increasingly important com-
plementary information. However, the values represent cumulative absolute
frequencies. The larger values observed by 2025 partly re�ect the longer
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Figure 8: Cumulative frequencies of meteorological measurement-source cate-
gories identi�ed in the �ltered publication dataset for the periods 1974�2010
and 1974�2025. Since individual publications could report multiple data
sources, the category frequencies are not mutually exclusive.
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publication period and the substantial growth in the total number of publi-
cations. Consequently, the �gure demonstrates the accumulated expansion
and diversi�cation of reported data sources, but it does not independently
establish changes in their relative share within the literature.

5.4 Performance Evaluation and Validation

The analysis of performance-evaluation practices was conducted using the
same set of 1,806 publications considered in the methodological classi�-
cation. The publications were processed using the dictionary of validation
metrics provided in Appendix C and the corresponding automated classi�-
cation code available in the accompanying GitHub repository. The resulting
frequencies are presented in Table 7.

A single publication could report multiple validation metrics. Conse-
quently, each identi�ed metric was counted separately, and one publication
could contribute to several rows of the table. The reported values there-
fore represent the frequencies with which individual metrics were identi�ed,
rather than the number of unique publications that performed validation.

The detected validation metrics were additionally grouped according to
the previously assigned modelling approach: physics-based, statistical, ma-
chine learning, or hybrid. Publications in which a validation metric was
identi�ed but the modelling approach could not be reliably determined from
the available bibliographic metadata were retained in a separate Unclassi�ed
category. This category therefore does not indicate an absence of modelling
or validation, but only that the modelling approach could not be assigned
with su�cient con�dence using the automated classi�cation procedure.

Table 7: Frequency of validation metrics identi�ed across di�erent wind mod-
elling approaches. A single publication could report multiple metrics.

Metric Physics Statistics ML Hybrid Unclass. Total

RMSE 60 10 109 38 101 318

MSE 29 5 84 28 61 207

MAE 11 6 72 32 33 154

Correlation coe�cient 17 4 27 11 63 122

R2 2 5 29 13 18 67

MAPE 1 2 31 21 12 67

Other 19 1 32 7 30 89

The results reveal a clear predominance of error-based validation mea-
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sures. RMSE was the most frequently identi�ed metric, with 318 occur-
rences, followed by MSE with 207 and MAE with 154 occurrences. Together,
these three metrics account for 679 of the 1,024 identi�ed metric occurrences
(66.3%). Their prevalence may be attributed to their direct representation
of discrepancies between modelled and observed values. However, the met-
rics respond di�erently to the distribution of errors. MSE and RMSE give
greater weight to large deviations because errors are squared before aggrega-
tion, whereas MAE weights absolute deviations linearly and is therefore less
sensitive to occasional extreme errors [45, 46].

The correlation coe�cient was identi�ed 122 times, while the coe�cient
of determination (R2) occurred 67 times. These measures describe di�er-
ent aspects of model performance. The correlation coe�cient indicates the
strength of association between modelled and observed values, whereas R2

is commonly used to describe the proportion of variance accounted for by
a model. Nevertheless, neither measure independently demonstrates agree-
ment between predictions and observations. For example, predictions may
exhibit a strong correlation with observations while retaining a substantial
systematic bias. Correlation-based measures should therefore generally be
reported together with absolute-error and bias measures rather than used as
stand-alone indicators of predictive accuracy [47].

MAPE was identi�ed 67 times. Its percentage-based formulation can fa-
cilitate comparisons across datasets with di�erent scales, but its application
to wind speed requires caution. Observed values close to zero can produce
disproportionately large or unde�ned percentage errors, which is particularly
relevant under calm or low-wind conditions [48]. The remaining 89 occur-
rences were grouped under Other, indicating that some publications reported
additional validation measures. However, because these less frequent mea-
sures were aggregated into a single category, their individual methodological
roles could not be examined in greater detail.

The distribution of metric occurrences across modelling approaches
should be interpreted in relation to the number of publications assigned to
each category. The larger number of metric occurrences in the machine-
learning category does not, by itself, demonstrate that machine-learning
studies applied more extensive or rigorous validation. The table reports
absolute frequencies rather than the proportion of publications using each
metric within an individual modelling category. A normalised comparison
would therefore require the number of publications reporting each metric to
be divided by the total number of publications assigned to the corresponding
modelling approach.

A further limitation is that the automated analysis identi�es which valida-
tion metrics were reported but does not determine the speci�c wind variable
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to which they were applied. For example, RMSE and MAE may be calcu-
lated for wind speed, wind direction, or the zonal and meridional wind com-
ponents. These applications are not directly equivalent: validation based on
wind speed evaluates the magnitude of the wind vector, whereas directional
or component-wise validation also considers directional accuracy. Conse-
quently, the frequency with which a metric is reported does not, on its own,
provide a complete indication of the scope or methodological quality of the
validation procedure.

5.5 Research Gaps

The results of this chapter reveal several interconnected gaps in wind-
modelling research, particularly regarding reproducibility, validation, physi-
cal consistency, and practical applicability.

A major concern is the limited reproducibility of published studies. An
explicit meteorological data source was identi�ed in only 783 of the 1,806
analysed publications based on the available bibliographic metadata. Al-
though additional information may be provided in the full text, insu�cient
reporting of datasets, preprocessing procedures, model con�gurations, valida-
tion protocols, and source code makes it di�cult to independently reproduce
and verify published results. Consequently, some studies report model per-
formance and draw conclusions without providing a su�ciently transparent
methodological basis from which the reported results can be repeated. Fu-
ture studies should provide complete descriptions of the input data, prepro-
cessing steps, model parameters, training and testing procedures, evaluation
datasets, and software implementations.

The analysis also indicates limited standardisation of model validation.
RMSE, MSE, and MAE accounted for 66.3% of all identi�ed metric oc-
currences. Although these measures are useful, reporting only aggregate
error metrics may conceal systematic bias, directional errors, poor perfor-
mance under extreme conditions, and limited generalisation beyond the train-
ing data. Reproducible evaluation therefore requires common benchmark
datasets, clearly separated training and test samples, multiple complemen-
tary metrics, and comparisons against appropriate baseline models.

A further gap is the weak connection between data, methods, and appli-
cation context. Existing classi�cations do not clearly establish which com-
binations of meteorological data are most e�ective for particular modelling
approaches, spatial and temporal scales, or practical applications. System-
atic comparisons under consistent experimental conditions are needed to de-
termine how data-source selection a�ects model accuracy, robustness, and
transferability.
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The rapid growth of arti�cial-intelligence and hybrid approaches creates
an additional research priority. Future hybrid models should not only im-
prove statistical accuracy but also reproduce physically plausible wind be-
haviour. Physical constraints, governing equations, conservation principles,
and known atmospheric relationships should therefore be incorporated into
model architectures or training procedures. Such models should be tested
to determine whether they preserve physical consistency under previously
unseen conditions, generalise between locations, and remain reliable when
observations are sparse. Comparisons with both physics-based and purely
data-driven baselines are necessary to demonstrate the actual contribution
of physical information.

Evidence of real-world deployment also remains insu�ciently established.
However, the present analysis does not quantify operational implementation
and therefore cannot demonstrate that deployment is generally limited. Fu-
ture reviews should distinguish between proof-of-concept studies, retrospec-
tive evaluations, pilot implementations, and models integrated into opera-
tional systems.
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6 Arti�cial Intelligence and Machine Learning

for Wind Modelling

Arti�cial Intelligence (AI) and Machine Learning (ML) have become increas-
ingly important components of contemporary wind-modelling work�ows.
Their development has been supported by the growing availability of mete-
orological observations, reanalysis products, remote-sensing data, geospatial
datasets, and high-performance computing resources. Unlike conventional
statistical approaches based on prede�ned functional relationships, machine-
learning models can learn complex and nonlinear relationships directly from
data. Deep-learning models can additionally learn hierarchical represen-
tations from large and high-dimensional datasets [49]. These capabilities
make AI-based approaches particularly attractive for wind-related problems
characterised by spatial heterogeneity, temporal variability, and complex
interactions between atmospheric and terrain-related factors.

The role of AI in wind modelling extends beyond point-based wind-speed
forecasting. Current applications include wind-�eld reconstruction, spatial
interpolation and downscaling, wind-direction estimation, short- and long-
term forecasting, extreme-event detection, surrogate modelling of computa-
tionally intensive simulations, and the correction or post-processing of numer-
ical weather prediction outputs. Machine-learning methods are also increas-
ingly used in �uid mechanics to identify �ow patterns, construct reduced-
order models, and approximate computationally expensive physical simula-
tions [50].

The selection of an appropriate computational approach depends strongly
on the modelling objective and the structure of the available data. Tab-
ular observations are frequently processed using classical machine-learning
algorithms, while temporal sequences may be addressed using recurrent or
attention-based architectures. Spatially distributed wind �elds require mod-
els capable of representing spatial dependencies, whereas the simultaneous
representation of wind-�eld structure and temporal evolution requires spatio-
temporal learning approaches. These distinctions are important because no
single AI architecture is equally suitable for all wind-modelling problems.

The bibliometric analysis presented in the previous chapter indicates that
AI-based wind modelling is not dominated by a single methodology. Instead,
the literature contains a broad spectrum of approaches, ranging from classi-
cal machine-learning algorithms and conventional arti�cial neural networks
to deep-learning architectures and more recent physics-informed and hybrid
frameworks. Physics-informed machine learning is particularly relevant to
wind modelling because physical laws, governing equations, boundary con-
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ditions, or other forms of prior physical knowledge can be incorporated into
data-driven models [51].

To provide a systematic overview of the AI approaches represented in
the analysed literature, the bibliographic records of 6,467 publications
were processed using the automated classi�cation procedure developed for
this study. The title, abstract, author keywords, and Keywords Plus of
each publication were searched using the AI-method dictionary provided in
Appendix D. The corresponding source code is available in the accompanying
6.

For the purpose of this initial classi�cation, the identi�ed approaches
were grouped into four broad working categories: classical machine learning,
arti�cial neural networks, deep learning, and physics-informed or hybrid AI.
This classi�cation provides a general overview of the methodological structure
of the literature rather than a detailed comparison of individual algorithms
and architectures.

Because a single publication could mention methods belonging to more
than one category, the classi�cation was performed as a multi-label proce-
dure. The values presented in Figure 9 therefore represent identi�ed category
occurrences rather than mutually exclusive numbers of publications. A total
of 1,128 category occurrences were identi�ed across the four main groups.

As shown in Figure 9, deep-learning approaches formed the largest cat-
egory, with 535 identi�ed occurrences, followed by classical machine learn-
ing with 364 and arti�cial neural networks with 211 occurrences. Physics-
informed and hybrid AI approaches were identi�ed considerably less fre-
quently, with only 18 occurrences.

The distribution demonstrates the prominent position of deep learning in
the analysed wind-modelling literature. At the same time, the comparatively
small physics-informed and hybrid category indicates that the explicit inte-
gration of physical knowledge into AI-based wind models remains substan-
tially less represented. However, these frequencies describe only the broad
methodological composition of the literature; they do not demonstrate that
one category provides greater accuracy, physical consistency, or practical ap-
plicability than another.

This broad classi�cation establishes the methodological context for the
more detailed examination of individual AI algorithms and architectures pre-
sented in the following section.

6https://github.com/mradic01/wind-modelling-literature-analysis/tree/

ai-method-classification (accessed 1 September 2026).
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Figure 9: Distribution of the principal AI approach categories identi�ed in
the analysed publications. Deep-learning methods accounted for the largest
number of identi�ed classi�cations, followed by classical machine learning,
arti�cial neural networks, and physics-informed or hybrid AI approaches.
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6.1 Classi�cation and Evolution of AI Methodologies

for Wind Modelling

The temporal distribution of the identi�ed AI methods provides a clearer
perspective on the methodological development of AI-based wind modelling.
Figure 10 presents the frequency with which individual methods were iden-
ti�ed across four publication periods. The colour scale is logarithmic to pre-
serve the visibility of both frequently and infrequently identi�ed methods,
while the numerical annotations report the corresponding absolute frequen-
cies.

The temporal distribution shown in Figure 10 re�ects not only changes in
the preferred modelling approaches but also the broader technological devel-
opment of arti�cial intelligence and meteorological data infrastructure. The
transition between periods was driven by the interaction of three principal
factors: the availability of larger datasets, increased computational capacity,
and the development of architectures capable of representing temporal and
spatial dependencies more e�ectively.

During the earliest period, AI-based wind modelling was dominated
by conventional Arti�cial Neural Networks (ANNs), linear-regression-based
methods, Support Vector Machines (SVMs), and other comparatively com-
pact algorithms. These methods were well suited to the data environments
available at the time, which were commonly based on tabular observations
or time series obtained from individual meteorological stations. Training
data were generally smaller, while the computational resources required for
large deep-learning models were not yet widely accessible. Consequently,
early applications largely treated wind modelling as a point-based regression
problem in which future wind conditions were estimated from a limited
number of historical meteorological variables.

The methodological expansion visible during the 2010�2019 period co-
incided with important developments in both machine learning and com-
putational infrastructure. The increasing use of graphical processing units
substantially reduced the computational barrier to training deeper neural
networks, while advances in deep learning demonstrated that complex rep-
resentations could be learned from su�ciently large datasets [52, 49]. These
developments made it practical to transfer CNNs, recurrent architectures, au-
toencoders, and other deep-learning methods from general machine-learning
research to meteorological and wind-related applications.

The increased occurrence of LSTM networks during this period can be
related to the sequential nature of many wind-modelling problems. Conven-
tional recurrent neural networks may have di�culty retaining information
over long sequences because of vanishing or unstable gradients, whereas the
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Figure 10: Temporal distribution of AI methods identi�ed in the analysed
publications. Numerical annotations indicate absolute frequencies, while
colour intensity represents the number of occurrences on a logarithmic scale.
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gated memory structure of LSTM networks was speci�cally introduced to
learn longer-term dependencies [53]. This characteristic is particularly rel-
evant for wind-speed and wind-power forecasting, where present conditions
depend not only on the immediately preceding observation but also on at-
mospheric evolution over several previous time steps. The increase in LSTM
applications therefore represents more than a general rise in algorithm pop-
ularity; it re�ects a closer alignment between model architecture and the
temporal structure of wind data.

The growing use of CNNs has a similarly problem-speci�c explanation.
Meteorological information increasingly became available as gridded numer-
ical weather prediction �elds, reanalysis products, satellite observations, and
geospatial datasets rather than solely as station-based time series. CNNs
can identify local patterns and spatial relationships within such structured
grids, making them suitable for recognising terrain-related e�ects, spatial
wind gradients, coherent �ow structures, and relationships between neigh-
bouring locations. The development of architectures such as ConvLSTM
further connected spatial feature extraction with temporal memory by intro-
ducing convolutional operations into recurrent state transitions [54].

The particularly strong expansion observed during 2020�2025 should also
be interpreted in the context of data availability. Modern reanalysis products,
including ERA5, provide temporally continuous and spatially distributed es-
timates of atmospheric variables over several decades [25]. Together with
remote-sensing products, expanding observational networks, and increasingly
accessible high-performance computing, these datasets made it possible to
train models using substantially larger spatial and temporal domains. This
favoured architectures capable of processing high-dimensional inputs and
contributed to the rapid growth of LSTM, CNN, GRU, attention-based, and
combined spatio-temporal approaches.

The appearance of attention mechanisms and Transformer-based meth-
ods in the most recent period follows another major development in machine
learning. Transformer architectures use attention to model dependencies
between di�erent elements of a sequence without relying exclusively on re-
current processing, allowing more parallelised training and more direct rep-
resentation of long-range relationships. These properties are relevant to wind
modelling because atmospheric behaviour may depend on interactions occur-
ring across multiple time steps and spatial locations. Their recent appearance
in the heatmap is therefore consistent with the broader adoption of attention-
based architectures after their introduction in 2017, followed by their transfer
from general sequence modelling to environmental and meteorological appli-
cations. Nevertheless, their presence in the analysed wind-modelling litera-
ture remains more recent than that of LSTM and CNN architectures.
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Despite the rapid expansion of deep learning, classical machine-learning
methods did not disappear. Linear regression, SVM, SVR, Random Forest,
Gaussian Process, XGBoost, and fuzzy-logic approaches remain visible in the
most recent period. Their continued use is methodologically reasonable be-
cause deep learning is not necessarily advantageous for every wind-modelling
problem. Classical methods may remain competitive when datasets are rel-
atively small or tabular, when the number of predictors is limited, or when
lower computational cost and greater model interpretability are required.
They also provide important baseline models against which the added com-
plexity of deep-learning architectures should be evaluated.

In contrast, physics-informed and hybrid AI methods occur only rarely
in the heatmap and are concentrated primarily in the most recent period.
Their delayed emergence re�ects a broader shift in scienti�c machine learn-
ing: from treating AI as a purely data-driven predictor towards integrating
observations with governing equations, numerical models, boundary condi-
tions, and other forms of physical knowledge [55, 51]. This development
is especially important in wind modelling, where a model may achieve low
statistical error without necessarily reproducing physically plausible �ow be-
haviour. The small number of physics-informed and hybrid studies therefore
identi�es not only an emerging methodological direction but also a substan-
tial research gap.

The heatmap consequently reveals a broader progression in how wind-
modelling problems are formulated. Early studies primarily represented wind
as a point-based regression or time-series prediction problem. The subsequent
adoption of CNNs, recurrent networks, ConvLSTMs, attention mechanisms,
and Transformers re�ects a gradual transition towards the representation of
wind as a spatially distributed and dynamically evolving atmospheric pro-
cess. The recent appearance of physics-informed and hybrid approaches sug-
gests a further transition towards models that are expected not only to �t
observations but also to reproduce physically consistent behaviour.

6.2 Current Challenges of AI-Based Wind Modelling

Despite the remarkable progress of Arti�cial Intelligence (AI) and Machine
Learning (ML) techniques in atmospheric sciences, wind modelling remains
a particularly challenging prediction task. Unlike many environmental
variables, wind behaviour is governed by numerous interacting physical
processes operating across a broad range of spatial and temporal scales.
Large-scale atmospheric circulation, atmospheric boundary-layer dynamics,
terrain-induced �ow modi�cation, thermal strati�cation, turbulence, and
transient mesoscale phenomena collectively contribute to highly nonlinear,
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non-stationary, and spatially heterogeneous wind �elds [56].
These processes do not act independently. Large-scale pressure gradients

may determine the prevailing wind regime, while surface roughness, atmo-
spheric stability, topography, and local thermal forcing modify the �ow close
to the surface. Their relative importance also changes with location, sea-
son, time of day, and atmospheric conditions. Consequently, AI models must
represent not only relationships between individual meteorological variables
but also interactions between processes that evolve across di�erent spatial
and temporal scales. Developing models capable of learning these relation-
ships without losing physically important information therefore remains a
signi�cant scienti�c challenge.

Most contemporary AI-based wind-prediction models are primarily data-
driven and rely on observations obtained from �xed measurement locations,
remote-sensing systems, reanalysis datasets, or gridded numerical weather
prediction products. Although these data sources have enabled substantial
improvements in predictive performance, they also impose inherent limita-
tions on the information available for model training. Station observations
provide detailed but spatially localised measurements, while gridded products
represent atmospheric conditions at �nite spatial and temporal resolutions.
Small-scale terrain e�ects, turbulent structures, sharp wind gradients, and
short-lived atmospheric phenomena may therefore be insu�ciently resolved
or represented only indirectly.

As a result, many of the physical mechanisms governing atmospheric �ow
are learned through statistical associations contained in the available data
rather than represented explicitly. This can make it di�cult for AI models to
generalise across locations, terrains, atmospheric regimes, and spatial resolu-
tions. A model trained under one set of environmental conditions may achieve
high predictive accuracy within the training domain while performing poorly
when transferred to a di�erent climate, terrain con�guration, measurement
network, or previously unseen atmospheric event. Generalisation, forecast
stability, and physical consistency have consequently been identi�ed as im-
portant challenges in machine-learning applications to weather and climate
modelling [57, 58, 59].

To better understand these challenges, it is necessary to consider the un-
derlying physical processes that shape atmospheric wind behaviour before
analysing the capabilities and limitations of individual AI approaches. Ta-
ble 8 summarises the principal atmospheric processes in�uencing wind �elds,
their governing mechanisms, the challenges they introduce for AI-based mod-
elling, and representative modelling strategies reported in the literature.
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6.3 Physical Processes Governing Wind Behaviour

Wind behaviour cannot be adequately understood solely through statistical
relationships or data-driven learning. Atmospheric wind �elds emerge from
the interaction of physical processes operating simultaneously across a wide
range of spatial and temporal scales. These processes in�uence wind speed,
direction, turbulence intensity, vertical structure, and the transport of mo-
mentum and energy, ultimately determining the complexity that AI-based
models attempt to represent [60].

Large-scale pressure gradients and the Coriolis force govern the principal
structure of atmospheric circulation, while surface friction, buoyancy, ther-
mal strati�cation, and turbulent exchange modify wind behaviour within the
atmospheric boundary layer. Over complex terrain, interactions with topog-
raphy additionally produce �ow acceleration, channeling, wakes, mountain
waves, and rotors. Thermally and convectively driven phenomena, including
sea�land breezes and gust fronts, introduce further temporal variability and
may cause rapid changes in near-surface wind conditions [60, 61].

Although modern machine-learning methods have demonstrated strong
predictive capabilities, their performance remains constrained by the physi-
cal complexity of atmospheric �ow and by the availability and quality of ob-
servations. Some processes, including boundary-layer transitions, low-level
jets, and terrain-induced �ow modi�cations, exhibit strongly nonlinear and
regime-dependent behaviour. Other phenomena, such as turbulence, wakes,
and convective out�ow boundaries, evolve rapidly in both space and time and
may not be adequately represented by sparse or �xed-location measurements
[62]

Table 8 summarises the principal physical processes relevant to wind-�eld
modelling, their governing mechanisms and characteristics, the challenges
they introduce for AI-based modelling, and the AI approaches applied to
their representation. The table does not attempt to provide an exhaustive
classi�cation of atmospheric phenomena. Instead, it highlights processes
that are particularly important when selecting input data, designing model
architectures, and evaluating the physical reliability and generalisation of
AI-based wind models.
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Table 8: Overview of the principal atmospheric physical processes relevant to wind-�eld modelling, their governing
mechanisms, associated modelling challenges, and representative AI approaches.

Physical process /
phenomenon

Main physical
drivers

Characteristics Challenges for AI-based
modelling

Typical AI approaches

Pressure-gradient
forcing [63, 57]

Horizontal pressure
gradients

Primary driving force of
atmospheric motion across all scales.

Multi-scale coupling between synoptic
and local wind �elds.

Hybrid AI + Numerical
Weather Prediction (NWP)

Coriolis force [63] Earth's rotation De�ects moving air masses and
governs large-scale atmospheric
circulation.

Di�cult representation of trajectory
evolution using local observations
alone.

Physics-aware global and
hybrid atmospheric models

Atmospheric
Boundary Layer
(ABL) dynamics
[64, 65]

Surface friction,
buoyancy, and thermal
strati�cation

Strong vertical gradients in wind
speed, turbulence production, and
momentum exchange.

Complex vertical coupling and rapid
changes near the surface.

Deep-learning turbulence
closures, multi-level ML, and
hybrid physics�ML

Atmospheric
stability [62, 66, 67]

Thermal strati�cation
and surface heat �uxes

Controls turbulence intensity,
vertical mixing, and boundary-layer
structure.

Di�cult inference from sparse
meteorological observations.

Stability-aware deep learning
and hybrid physics�ML

Boundary-layer
transition [68, 69, 64]

Surface heating and
cooling (stable�
neutral�unstable
regimes)

Rapid diurnal transitions in
turbulence and wind pro�les.

Pronounced temporal
non-stationarity.

Regime-aware machine
learning and temporal models

Vertical wind shear
[70, 71, 72]

Surface roughness and
atmospheric stability

Wind speed and direction vary
signi�cantly with height.

Sparse multi-level observations and
poor reconstruction of vertical
pro�les.

Multi-level machine learning,
Random Forests, and LSTM

Surface roughness
e�ects [73, 74, 75]

Vegetation, land use,
urban morphology,
and terrain

Modi�es momentum exchange and
near-surface wind pro�les.

High spatial heterogeneity and limited
representation in datasets.

Terrain-aware CNNs using
land-surface and topographic
information

Continued on the next page
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Table 8 continued from the previous page

Physical process /
phenomenon

Main physical
drivers

Characteristics Challenges for AI-based
modelling

Typical AI approaches

Turbulence
[76, 50, 65]

Shear production and
buoyancy

Chaotic, stochastic, and multi-scale
�ow �uctuations.

Di�cult deterministic prediction and
limited generalisation.

Deep neural networks for
turbulence closure and hybrid
physics�ML

Low-level jets [77, 71] Stable nocturnal
boundary layer

Wind speed maxima located above
the surface.

Often poorly captured by
conventional surface measurements.

Machine-learning classi�cation
and multi-level wind-pro�le
models

Orographic �ow
[78, 79, 80]

Terrain forcing Flow acceleration, deceleration, and
de�ection over complex terrain.

Strong dependence on terrain
resolution and atmospheric
conditions.

Terrain-aware CNNs using
DEM and CFD-generated
training data

Lee waves [81, 82, 83] Mountain-induced
gravity waves

Stationary wave structures
downstream of mountain ranges.

Highly terrain-speci�c behaviour
requiring high-resolution data.

High-resolution NWP and
emerging physics-aware
surrogate models

Rotors [84, 82, 83] Mountain-wave
breaking

Severe turbulence, recirculation, and
�ow reversal.

Rare events with limited training
examples.

High-resolution NWP/LES
and emerging hybrid
surrogate modelling

Channeling e�ects
[56, 85]

Valleys, canyons, and
mountain passes

Local acceleration and directional
steering of air�ow.

Strong site dependency and poor
transferability.

Arti�cial neural networks and
terrain-aware spatial learning

Wake e�ects
[86, 87, 88]

Terrain obstacles,
buildings, and wind
turbines

Velocity de�cit and enhanced
turbulence downstream of obstacles.

Long-range spatial dependencies
between �ow structures.

Graph Neural Networks
(GNNs)

Sea�land breeze
circulation [61]

Di�erential heating
between land and sea

Strong diurnal wind reversals and
mesoscale circulations.

Highly dynamic temporal behaviour. NWP post-processing and
emerging spatio-temporal
learning

Continued on the next page
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Table 8 continued from the previous page

Physical process /
phenomenon

Main physical
drivers

Characteristics Challenges for AI-based
modelling

Typical AI approaches

Convective gust
fronts [89]

Deep convection Sudden wind shifts and extreme
wind events.

Rare-event prediction and limited
observational data.

Attention-based U-Net and
multi-source deep learning

Air parcel transport
[90, 91, 92]

Advection and
turbulent transport

Evolution of coherent atmospheric
�ow structures and momentum
transport.

Most AI models learn Eulerian �elds
rather than explicitly modelling
particle trajectories.

ML emulators of Lagrangian
particle models and
physics-informed Lagrangian
learning
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Although the phenomena presented in Table 8 originate from di�erent
physical mechanisms, many share a common dependence on the transport
and exchange of momentum, energy, heat, and air masses. Wakes are ad-
vected downstream, mountain waves transport energy and momentum, tur-
bulence redistributes momentum, and the atmospheric boundary layer con-
tinuously exchanges momentum and heat with the Earth's surface.

Most observational datasets used for AI-based wind modelling describe at-
mospheric variables at �xed locations or on �xed spatial grids. Such Eulerian
representations provide valuable information about local temporal variabil-
ity but do not explicitly follow the movement of air parcels or coherent �ow
structures. This distinction is particularly important for transport-driven
processes, for which physics-informed and Lagrangian-aware approaches may
provide a more direct representation of atmospheric evolution [91, 92].

Atmospheric boundary-layer processes further demonstrate why near-
surface wind cannot be represented adequately using a single stationary rela-
tionship between meteorological variables. Strong vertical gradients, transi-
tions between stability regimes, surface heterogeneity, and interactions with
larger-scale atmospheric forcing produce conditions that may not be fully
represented by sparse surface observations. AI-based models must therefore
account for the vertical, temporal, and site-speci�c structure of the available
data when reconstructing or predicting near-surface wind �elds. [64].

6.4 Future Directions of AI-Based Wind Modelling

The challenges identi�ed in the preceding sections indicate that future
progress in AI-based wind modelling will depend less on increasing model
complexity alone and more on improving physical consistency, generalisation,
and methodological reliability. High predictive accuracy within a speci�c
dataset does not necessarily demonstrate that a model can reproduce physi-
cally plausible wind behaviour or remain reliable across di�erent locations,
terrains, atmospheric regimes, and spatial resolutions.

An important direction is the transition from purely data-driven models
towards physics-aware and hybrid approaches. Physical knowledge can be in-
corporated through governing equations, conservation principles, boundary
conditions, physically meaningful input variables, or coupling with Numeri-
cal Weather Prediction (NWP) and Computational Fluid Dynamics (CFD)
models. Such approaches should aim not only to reduce prediction errors but
also to improve forecast stability, physical consistency, and behaviour under
conditions that are not well represented in the training data [51, 63].

Further development is also required in the representation of spatially
distributed and transport-driven processes. Wind �elds evolve through ad-
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vection, turbulent exchange, and interactions between atmospheric processes
operating at di�erent spatial and temporal scales. Models based exclusively
on observations from individual �xed locations may therefore be insu�cient
for reconstructing the movement and development of coherent �ow struc-
tures. Spatio-temporal models, learned numerical surrogates, and emerging
Lagrangian-aware approaches provide possible methods for representing these
processes more explicitly [91].

Generalisation must become a central component of model evaluation.
Future studies should test models using independent locations, seasons, ter-
rains, and atmospheric regimes rather than relying only on random divisions
of data from the same observational domain. Particular attention should
be given to rare and high-impact wind conditions, for which aggregate error
measures may conceal substantial prediction errors. Probabilistic forecasts
and uncertainty estimates are therefore needed to distinguish con�dent pre-
dictions from conditions under which model reliability is reduced [57].

Finally, more reproducible and standardised evaluation procedures are
required. Studies should provide clear descriptions of input datasets, prepro-
cessing procedures, model con�gurations, training and testing divisions, base-
line methods, and evaluation metrics. Public benchmark datasets, openly
available implementations, and comparisons under consistent experimental
conditions would make it possible to determine whether reported improve-
ments are transferable beyond individual datasets and case studies.

Future AI-based wind models should therefore be assessed not only
through improvements in predictive accuracy, but also through their physical
plausibility, robustness under previously unseen conditions, representation of
extreme events, uncertainty estimates, and reproducibility. Progress in these
areas is necessary for moving from isolated proof-of-concept models towards
reliable methods that can complement established atmospheric modelling
and operational forecasting systems.
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7 Conclusion

Wind modelling remains a demanding scienti�c and computational problem
because atmospheric �ow is shaped by interactions between processes oper-
ating across di�erent spatial and temporal scales. Large-scale circulation,
atmospheric boundary-layer dynamics, surface characteristics, terrain, tur-
bulence, and local meteorological phenomena jointly determine wind speed,
direction, and vertical structure. Consequently, the suitability of a modelling
approach cannot be assessed independently of the available data, the physical
characteristics of the study area, and the intended application.

The literature analysis conducted in this thesis shows that wind-modelling
research has expanded substantially and become methodologically more di-
verse. Physics-based and statistical approaches continue to provide an im-
portant foundation, while machine learning and deep learning have become
increasingly prominent. The recent growth of hybrid and physics-aware
methods re�ects a broader recognition that data-driven accuracy alone is
not su�cient for representing atmospheric processes. Rather than replacing
established approaches, AI is increasingly being used to complement numer-
ical models, process heterogeneous observations, reconstruct wind �elds, and
approximate computationally demanding simulations.

The development of AI-based wind modelling has been supported by the
growing availability of ground-based observations, remote-sensing measure-
ments, satellite products, reanalysis datasets, and geospatial information. At
the same time, the analysis demonstrates that the usefulness of these data
depends on their spatial and temporal coverage, resolution, consistency, and
representativeness. Fixed-location observations may describe local tempo-
ral variability in detail but provide limited information about the movement
and development of spatial wind structures. Gridded and remotely sensed
products extend spatial coverage, although they remain a�ected by �nite
resolution, model assumptions, retrieval uncertainty, and observational gaps.

Deep-learning architectures currently form the most prominent AI cate-
gory in the analysed literature, particularly methods designed to learn tempo-
ral, spatial, and combined spatio-temporal dependencies. Nevertheless, the
continued use of classical machine-learning algorithms con�rms that greater
architectural complexity does not automatically provide a more appropriate
solution. Model selection must remain connected to the structure of the in-
put data, the size of the available dataset, the modelling scale, computational
requirements, and the need for interpretability.

Several limitations continue to restrict reliable comparison and wider ap-
plication of published models. Incomplete reporting of datasets, preprocess-
ing procedures, model con�gurations, and validation protocols reduces re-
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producibility. Evaluation remains strongly concentrated on aggregate error
measures, which may conceal systematic bias, directional errors, weak per-
formance during extreme conditions, and limited transferability beyond the
training data. Reliable assessment therefore requires independent validation,
multiple complementary metrics, appropriate baseline models, and explicit
testing across di�erent locations, terrains, seasons, and atmospheric regimes.

A further challenge is the relationship between statistical prediction
and physical behaviour. Wind phenomena such as boundary-layer tran-
sitions, turbulence, terrain-induced �ow, wakes, convective out�ows, and
atmospheric transport are governed by physical mechanisms that may be
represented only indirectly in observational datasets. Models may therefore
achieve low prediction errors without preserving physically plausible spa-
tial structures, dynamical balances, or behaviour under previously unseen
conditions. This limitation provides the principal motivation for physics-
aware and hybrid approaches that combine observational learning with
governing equations, physical constraints, terrain information, or numerical
atmospheric models.

Overall, the future development of AI-based wind modelling should not
be measured solely by the introduction of new architectures or marginal
improvements in individual performance metrics. More important is the de-
velopment of models whose results can be reproduced, physically interpreted,
transferred to new environments, and evaluated under operationally relevant
conditions. Progress will depend on transparent data and software, stan-
dardised validation, stronger links between data selection and application
requirements, and a more systematic integration of atmospheric knowledge
with data-driven learning.

49



References

[1] H. Demolli, A. S. Dokuz, A. Ecemis and M. Gokcek, Wind power
forecasting based on daily wind speed data using machine learning al-
gorithms, Energy Conversion and Management, 198, 111823, October
2019.

[2] S. Emeis, Current issues in wind energy meteorology, Meteorological
Applications, 21, 4, 803�819, October 2014.

[3] J. Jung and R. P. Broadwater, Current status and future advances for
wind speed and power forecasting, 31, 762�777.

[4] Z. Zhang, K. Wang, D. Chen, J. Li and R. Dickinson, Increase in Surface
Friction Dominates the Observed Surface Wind Speed Decline during
1973�2014 in the Northern Hemisphere Lands, Journal of Climate, 32,
21, 7421�7435, November 2019.

[5] T. Likso, The role of turbulent heat �uxes in the processing of vertical
temperature variations of the air layer near the ground.

[6] A. J. Bowen and N. G. Mortensen, EXPLORING THE LIMITS OF
WAsP THE WIND ATLAS ANALYSIS AND APPLICATION PRO-
GRAM, 1996.

[7] P. F. Sheridan and S. B. Vosper, A �ow regime diagram for forecasting
lee waves, rotors and downslope winds, 13, 2, 179�195.

[8] M. T. Prtenjak and B. Grisogono, Sea/land breeze climatological char-
acteristics along the northern Croatian Adriatic coast, Theoretical and
Applied Climatology, 90, 3-4, 201�215, November 2007.

[9] A. Peña, R. Floors, A. Sathe, S.-E. Gryning, R. Wagner, M. S. Courtney,
Xiaoli. G. Larsén, A. N. Hahmann and C. B. Hasager, Ten Years of
Boundary-Layer and Wind-Power Meteorology at Høvsøre, Denmark,
Boundary-Layer Meteorology, 158, 1, 1�26, January 2016.

[10] A. Kochanski, M. A. Jenkins, R. Sun, S. Krueger, S. Abedi and J. Char-
ney, The importance of low-level environmental vertical wind shear to
wild�re propagation: Proof of concept, 118, 15, 8238�8252.

[11] R. Floors, C. L. Vincent, S. E. Gryning, A. Peña and E. Batchvarova,
The Wind Pro�le in the Coastal Boundary Layer: Wind Lidar Measure-
ments and Numerical Modelling, 147, 3, 469�491.

50



[12] L. Canché-Cab, L. San-Pedro, A. Bassam, M. Rivero and M. Escalante,
The atmospheric boundary layer: a review of current challenges and
a new generation of machine learning techniques, Arti�cial Intelligence
Review, 57, 10 2024.

[13] A. Couto, P. Costa and T. Simões, Identi�cation of Extreme Wind
Events Using a Weather Type Classi�cation, 14, 13, 3944.

[14] O. Probst and D. Cárdenas, State of the Art and Trends in Wind Re-
source Assessment, Energies, 3, 6, 1087�1141, June 2010.

[15] Z. Liu, H. Guo, Y. Zhang and Z. Zuo, A Comprehensive Review of Wind
Power Prediction Based on Machine Learning: Models, Applications,
and Challenges, Energies, 18, 2, 350, January 2025.

[16] M. Brower, Wind resource assessment: a practical guide to developing a
wind project, John Wiley & Sons, 2012.

[17] A. Agüera-Pérez, J. C. Palomares-Salas, J. J. González De La Rosa,
J. G. Ramiro-Leo and A. Moreno-Muñoz, Basic meteorological stations
as wind data source: A mesoscalar test, 107�108, 48�56.

[18] M. Van Den Bossche and S. F. J. De Wekker, Representativeness of wind
measurements in moderately complex terrain, Theoretical and Applied
Climatology, 135, 1-2, 491�504, January 2019.

[19] I. Antoniou, M. Courtney, H. E. Jørgensen, T. Mikkelsen, S. V. Huner-
bein, S. Bradley, B. Piper, M. Harris, M. Aristu, D. Foussekis and M. P.
Nielsen, Remote sensing the wind using Lidars and Sodars.

[20] T. Simões and A. Estanqueiro, A new methodology for urban wind re-
source assessment, Renewable Energy, 89, 598�605, April 2016.

[21] E. Zlomu²ica, Particular Review on SODAR and LIDAR Measurements
of Bora Wind in Mostar, Bosnia and Herzegovina, 2013.

[22] Z. A. Nayyar and A. Ali, Roughness classi�cation utilizing remote sens-
ing techniques for wind resource assessment, Renewable Energy, 149,
66�79, April 2020.

[23] J. DeWitt, T. Warner and J. Conley, Comparison of DEMS derived from
USGS DLG, SRTM, a statewide photogrammetry program, ASTER
GDEM and LiDAR: Implications for change detection, 52, 2, 179�197.

51



[24] P. Bauer, A. Thorpe and G. Brunet, The quiet revolution of numerical
weather prediction, Nature, 525, 7567, 47�55, September 2015.

[25] H. Hersbach, B. Bell, P. Berrisford, S. Hirahara, A. Horányi, J. Muñoz-
Sabater, J. Nicolas, C. Peubey, R. Radu, D. Schepers, A. Simmons,
C. Soci, S. Abdalla, X. Abellan, G. Balsamo, P. Bechtold, G. Biavati,
J. Bidlot, M. Bonavita, G. De Chiara, P. Dahlgren, D. Dee, M. Dia-
mantakis, R. Dragani, J. Flemming, R. Forbes, M. Fuentes, A. Geer,
L. Haimberger, S. Healy, R. J. Hogan, E. Hólm, M. Janisková, S. Keeley,
P. Laloyaux, P. Lopez, C. Lupu, G. Radnoti, P. De Rosnay, I. Rozum,
F. Vamborg, S. Villaume and J.-N. Thépaut, The ERA5 global reanal-
ysis, Quarterly Journal of the Royal Meteorological Society, 146, 730,
1999�2049, July 2020.

[26] B. Blocken, A. Van Der Hout, J. Dekker and O. Weiler, CFD simulation
of wind �ow over natural complex terrain: Case study with validation
by �eld measurements for Ria de Ferrol, Galicia, Spain, Journal of Wind
Engineering and Industrial Aerodynamics, 147, 43�57, December 2015.

[27] H. Chen, Q. Zhang and Y. Birkelund, Machine learning forecasts of
Scandinavian numerical weather prediction wind model residuals with
control theory for wind energy, Energy Reports, 8, 661�668, November
2022.

[28] L. Hieta and M. Partio, Operational Machine Learning Post-Processing
of Short-Range Temperature, Humidity, Wind Speed and Gust Fore-
casts, Meteorological Applications, 32, 4, e70074, July 2025.

[29] S. Veldkamp, K. Whan, S. Dirksen and M. Schmeits, Statistical Postpro-
cessing of Wind Speed Forecasts Using Convolutional Neural Networks,
Monthly Weather Review, 149, 4, 1141�1152, April 2021.

[30] J. W. Wold, F. Stadtmann, A. Rasheed, M. Tabib, O. San and J.-T.
Horn, Enhancing wind �eld resolution in complex terrain through a
knowledge-driven machine learning approach, Engineering Applications
of Arti�cial Intelligence, 137, 109167, November 2024.

[31] C. Lin, R. Tie, S. Yi, D. Liu, X. Zhong, Z. Hu and H. Li, Reconstructing
�ne-scale 3D wind �elds with terrain-informed machine learning, Nature
Communications, 17, 1, 3713, March 2026.

[32] H. Liu, H.-q. Tian and Y.-f. Li, Comparison of two new ARIMA-ANN
and ARIMA-Kalman hybrid methods for wind speed prediction, Applied
Energy, 98, 415�424, October 2012.

52



[33] O. B. Shukur and M. H. Lee, Daily wind speed forecasting through
hybrid KF-ANN model based on ARIMA, Renewable Energy, 76, 637�
647, April 2015.

[34] E. Cadenas and W. Rivera, Wind speed forecasting in three di�erent
regions of Mexico, using a hybrid ARIMA�ANN model, Renewable En-
ergy, 35, 12, 2732�2738, December 2010.

[35] S. S. Eide, J. B. Bremnes and I. Steinsland, Bayesian Model Averaging
for Wind Speed Ensemble Forecasts Using Wind Speed and Direction,
Weather and Forecasting, 32, 6, 2217�2227, December 2017.

[36] J. M. Sloughter, T. Gneiting and A. E. Raftery, Probabilistic Wind
Speed Forecasting Using Ensembles and Bayesian Model Averaging,
Journal of the American Statistical Association, 105, 489, 25�35, March
2010.

[37] M. Safarkhani and M. Moerbeek, The in�uence of a covariate on optimal
designs in longitudinal studies with discrete-time survival endpoints,
Computational Statistics & Data Analysis, 75, 217�226, July 2014.

[38] P. Cobelli, K. Shukla, S. Nesmachnow and M. Draper, Physics in-
formed neural networks for wind �eld modeling in wind farms, Journal
of Physics: Conference Series, 2505, 1, 012051, May 2023.

[39] Z. Zhang, L. Lin, S. Gao, J. Wang, H. Zhao and H. Yu, A machine
learning model for hub-height short-term wind speed prediction, Nature
Communications, 16, 1, 3195, April 2025.

[40] W. Zhang, Y. Wu, K. Fan, X. Song, R. Pang and B. Guoan, A Multi-
Scale Fusion Deep Learning Approach for Wind Field Retrieval Based on
Geostationary Satellite Imagery, Remote Sensing, 17, 4, 610, February
2025.

[41] S.-Q. Tan, H.-F. Guo, C.-H. Liao, J.-H. Ma, W.-Z. Tan, W.-Y. Peng
and J.-Z. Fan, Collocation-analyzed multi-source ensembled wind speed
data in lake district: A case study in Dongting Lake of China, Frontiers
in Environmental Science, 11, 1287595, January 2024.

[42] E. Zhang, H. Su, P. W. Chan, C. Zhai, W. Zhou, W. Xu, M. Hu,
X. Li, Y. Jia and Y. Song, Deep Learning-Based MultiSource Satel-
lite Data Fusion and Downscaling for Tropical Cyclone Wind Fields,
Journal of Geophysical Research: Machine Learning and Computation,
2, 4, e2025JH000792, December 2025.

53



[43] H. S. Soyhan, Sustainable energy production and consumption in
Turkey: A review, Renewable and Sustainable Energy Reviews, 13, 6-
7, 1350�1360, August 2009.

[44] G. E. Karniadakis, I. G. Kevrekidis, L. Lu, P. Perdikaris, S. Wang and
L. Yang, Physics-informed machine learning, Nature Reviews Physics,
3, 6, 422�440, May 2021.

[45] C. Willmott and K. Matsuura, Advantages of the mean absolute error
(MAE) over the root mean square error (RMSE) in assessing average
model performance, Climate Research, 30, 79�82, 2005.

[46] T. Chai and R. R. Draxler, Root mean square error (RMSE) or mean
absolute error (MAE)? � Arguments against avoiding RMSE in the lit-
erature, Geoscienti�c Model Development, 7, 3, 1247�1250, June 2014.

[47] D. R. Legates and G. J. McCabe, Evaluating the use of �goodness-of-
�t� Measures in hydrologic and hydroclimatic model validation, Water
Resources Research, 35, 1, 233�241, January 1999.

[48] R. J. Hyndman and A. B. Koehler, Another look at measures of forecast
accuracy, International Journal of Forecasting, 22, 4, 679�688, October
2006.

[49] Y. LeCun, Y. Bengio and G. Hinton, Deep learning, Nature, 521, 7553,
436�444, May 2015.

[50] S. L. Brunton, B. R. Noack and P. Koumoutsakos, Machine Learning
for Fluid Mechanics, 2019.

[51] G. E. Karniadakis, I. G. Kevrekidis, L. Lu, P. Perdikaris, S. Wang and
L. Yang, Physics-informed machine learning, Nature Reviews Physics,
3, 6, 422�440, May 2021.

[52] A. Krizhevsky, I. Sutskever and G. E. Hinton, ImageNet classi�cation
with deep convolutional neural networks, Communications of the ACM,
60, 6, 84�90, May 2017.

[53] S. Hochreiter, Long short-term memory, Neural Computation MIT-
Press, 1997.

[54] X. Shi, Z. Chen, H. Wang, D.-Y. Yeung, W.-k. Wong and W.-c. Woo,
Convolutional LSTM Network: A Machine Learning Approach for Pre-
cipitation Nowcasting.

54



[55] M. Raissi, P. Perdikaris and G. Karniadakis, Physics-informed neural
networks: A deep learning framework for solving forward and inverse
problems involving nonlinear partial di�erential equations, Journal of
Computational Physics, 378, 686�707, February 2019.

[56] S. Sera�n, B. Adler, J. Cuxart, S. De Wekker, A. Gohm, B. Grisogono,
N. Kaltho�, D. Kirshbaum, M. Rotach, J. Schmidli, I. Stiperski, �. Ve£e-
naj and D. Zardi, Exchange Processes in the Atmospheric Boundary
Layer Over Mountainous Terrain, Atmosphere, 9, 3, 102, March 2018.

[57] P. D. Dueben and P. Bauer, Challenges and design choices for global
weather and climate models based on machine learning, Geoscienti�c
Model Development, 11, 10, 3999�4009, October 2018.

[58] C. O. De Burgh-Day and T. Leeuwenburg, Machine learning for nu-
merical weather and climate modelling: A review, Geoscienti�c Model
Development, 16, 22, 6433�6477, November 2023.

[59] K. Kashinath, M. Mustafa, A. Albert, J.-L. Wu, C. Jiang, S. Es-
maeilzadeh, K. Azizzadenesheli, R. Wang, A. Chattopadhyay, A. Singh,
A. Manepalli, D. Chirila, R. Yu, R. Walters, B. White, H. Xiao, H. A.
Tchelepi, P. Marcus, A. Anandkumar, P. Hassanzadeh and Prabhat,
Physics-informed machine learning: Case studies for weather and cli-
mate modelling, Philosophical Transactions of the Royal Society A:
Mathematical, Physical and Engineering Sciences, 379, 2194, 20200093,
April 2021.

[60] S. Sera�n, B. Adler, J. Cuxart, S. De Wekker, A. Gohm, B. Grisogono,
N. Kaltho�, D. Kirshbaum, M. Rotach, J. Schmidli, I. Stiperski, �. Ve£e-
naj and D. Zardi, Exchange Processes in the Atmospheric Boundary
Layer Over Mountainous Terrain, Atmosphere, 9, 3, 102, March 2018.

[61] S. T. K. Miller, B. D. Keim, R. W. Talbot and H. Mao, Sea breeze:
Structure, forecasting, and impacts, Reviews of Geophysics, 41, 3,
2003RG000124, September 2003.

[62] A. A. M. Holtslag, G. Svensson, P. Baas, S. Basu, B. Beare, A. C. M. Bel-
jaars, F. C. Bosveld, J. Cuxart, J. Lindvall, G. J. Steeneveld, M. Tjern-
ström and B. J. H. Van De Wiel, Stable Atmospheric Boundary Layers
and Diurnal Cycles: Challenges for Weather and Climate Models, Bul-
letin of the American Meteorological Society, 94, 11, 1691�1706, Novem-
ber 2013.

55



[63] D. Kochkov, J. Yuval, I. Langmore, P. Norgaard, J. Smith, G. Mooers,
M. Klöwer, J. Lottes, S. Rasp, P. Düben, S. Hat�eld, P. Battaglia,
A. Sanchez-Gonzalez, M. Willson, M. P. Brenner and S. Hoyer, Neural
general circulation models for weather and climate, Nature, 632, 8027,
1060�1066, August 2024.

[64] R. Krishnamurthy, R. K. Newsom, L. K. Berg, H. Xiao, P.-L. Ma and
D. D. Turner, On the estimation of boundary layer heights: A machine
learning approach, Atmospheric Measurement Techniques, 14, 6, 4403�
4424, June 2021.

[65] Y. Cheng, M. G. Giometto, P. Kau�mann, L. Lin, C. Cao, C. Zupnick,
H. Li, Q. Li, Y. Huang, R. Abernathey and P. Gentine, Deep Learning
for Subgrid-Scale Turbulence Modeling in Large-Eddy Simulations of
the Convective Atmospheric Boundary Layer, Journal of Advances in
Modeling Earth Systems, 14, 5, e2021MS002847, May 2022.

[66] E. G. Patton, P. P. Sullivan, R. H. Shaw, J. J. Finnigan and J. C.
Weil, Atmospheric Stability In�uences on Coupled Boundary Layer and
Canopy Turbulence, Journal of the Atmospheric Sciences, 73, 4, 1621�
1647, April 2016.

[67] Y. Cheng, M. G. Giometto, P. Kau�mann, L. Lin, C. Cao, C. Zupnick,
H. Li, Q. Li, Y. Huang, R. Abernathey and P. Gentine, Deep Learning
for Subgrid-Scale Turbulence Modeling in Large-Eddy Simulations of
the Convective Atmospheric Boundary Layer, Journal of Advances in
Modeling Earth Systems, 14, 5, e2021MS002847, May 2022.

[68] A. A. M. Holtslag, G. Svensson, P. Baas, S. Basu, B. Beare, A. C. M. Bel-
jaars, F. C. Bosveld, J. Cuxart, J. Lindvall, G. J. Steeneveld, M. Tjern-
ström and B. J. H. Van De Wiel, Stable Atmospheric Boundary Layers
and Diurnal Cycles: Challenges for Weather and Climate Models, Bul-
letin of the American Meteorological Society, 94, 11, 1691�1706, Novem-
ber 2013.

[69] X. Shao, N. Zhang, D. Li and J. Sun, A Non-Dimensional Index for Char-
acterizing the Transition of Turbulence Regimes in Stable Atmospheric
Boundary Layers, Geophysical Research Letters, 50, 18, e2023GL105304,
September 2023.

[70] N. Bodini and M. Optis, The importance of round-robin validation when
assessing machine-learning-based vertical extrapolation of wind speeds,
Wind Energy Science, 5, 2, 489�501, April 2020.

56



[71] J. Frech, K. Saha, P. D. Lavin, H.-M. Zhang, J. Reagan and B. Fung,
A New Gridded O�shore Wind Pro�le Product for US Coasts Using
Machine Learning and Satellite Observations, July 2024.

[72] C. M. Leme Beu and E. Landulfo, Machine-learning-based estimate of
the wind speed over complex terrain using the long short-term memory
(LSTM) recurrent neural network, Wind Energy Science, 9, 6, 1431�
1450, June 2024.

[73] R. Stoll and F. Porté-Agel, Surface Heterogeneity E�ects on Regional-
Scale Fluxes in Stable Boundary Layers: Surface Temperature Transi-
tions, Journal of the Atmospheric Sciences, 66, 2, 412�431, February
2009.

[74] S. R. Bhimireddy, J. Wang, A. L. Hiscox and D. A. R. Kristovich, In-
�uence of Stability and Surface Roughness on Turbulence during the
Stable Atmospheric Variability and Transport (SAVANT) Field Cam-
paign, Journal of Applied Meteorology and Climatology, 61, 9, 1273�
1289, September 2022.

[75] J. Lian, S. Huang, J. Shao, P. Chen, S. Tang, Y. Lu and H. Yu,
TerraWind: A Deep Learning-Based Near-Surface Winds Downscaling
Model for Complex Terrain Region, Geophysical Research Letters, 51,
23, e2024GL112124, December 2024.

[76] K. Duraisamy, G. Iaccarino and H. Xiao, Turbulence Modeling in the
Age of Data, Annual Review of Fluid Mechanics, 51, 1, 357�377, January
2019.

[77] M. Roots, J. T. Sullivan and B. Demoz, Mid-Atlantic nocturnal low-level
jet characteristics: A machine learning analysis of radar wind pro�les,
Atmospheric Measurement Techniques, 18, 5, 1269�1282, March 2025.

[78] S. Sera�n, B. Adler, J. Cuxart, S. De Wekker, A. Gohm, B. Grisogono,
N. Kaltho�, D. Kirshbaum, M. Rotach, J. Schmidli, I. Stiperski, �. Ve£e-
naj and D. Zardi, Exchange Processes in the Atmospheric Boundary
Layer Over Mountainous Terrain, Atmosphere, 9, 3, 102, March 2018.

[79] J. Lian, S. Huang, J. Shao, P. Chen, S. Tang, Y. Lu and H. Yu,
TerraWind: A Deep Learning-Based Near-Surface Winds Downscaling
Model for Complex Terrain Region, Geophysical Research Letters, 51,
23, e2024GL112124, December 2024.

57



[80] F. Achermann, T. Stastny, B. Danciu, A. Kolobov, J. J. Chung, R. Sieg-
wart and N. Lawrance, WindSeer: Real-time volumetric wind prediction
over complex terrain aboard a small uncrewed aerial vehicle, Nature
Communications, 15, 1, 3507, April 2024.

[81] J. D. Doyle, S. Gaber²ek, Q. Jiang, L. Bernardet, J. M. Brown, A. Dörn-
brack, E. Filaus, V. Grubi²i¢, D. J. Kirshbaum, O. Knoth, S. Koch,
J. Schmidli, I. Stiperski, S. Vosper and S. Zhong, An Intercomparison
of T-REX Mountain-Wave Simulations and Implications for Mesoscale
Predictability, Monthly Weather Review, 139, 9, 2811�2831, September
2011.

[82] S. A. Cohn, V. Grubi²i¢ and W. O. J. Brown, Wind Pro�ler Observa-
tions of Mountain Waves and Rotors during T-REX, Journal of Applied
Meteorology and Climatology, 50, 4, 826�843, April 2011.

[83] H. Ágústsson and H. Ólafsson, Simulations of Observed Lee Waves and
Rotor Turbulence, Monthly Weather Review, 142, 2, 832�849, February
2014.

[84] V. Grubi²i¢ and B. J. Billings, The Intense Lee-Wave Rotor Event of
Sierra Rotors IOP 8, Journal of the Atmospheric Sciences, 64, 12, 4178�
4201, December 2007.

[85] F. Dupuy, G.-J. Duine, P. Durand, T. Hedde, E. Pardyjak and
P. Roubin, ValleyWinds at the Local Scale: Correcting Routine Weather
Forecast Using Arti�cial Neural Networks, Atmosphere, 12, 2, 128, Jan-
uary 2021.

[86] M. Bastankhah and F. Porté-Agel, A new analytical model for wind-
turbine wakes, Renewable Energy, 70, 116�123, October 2014.

[87] S. Daenens, T. Verstraeten, P.-J. Daems, A. Nowé and J. Helsen, Spatio-
Temporal Graph Neural Networks for Power Prediction in O�shore
Wind Farms Using SCADA Data, September 2024.

[88] J. Park and J. Park, Physics-induced graph neural network: An appli-
cation to wind-farm power estimation, Energy, 187, 115883, November
2019.

[89] H. Tian, Z. Hu, F. Wang, P. Xie, F. Xu and L. Leng, Radar Echo
Recognition of Gust Front Based on Deep Learning, Remote Sensing,
16, 3, 439, January 2024.

58



[90] A. Stohl, C. Forster, A. Frank, P. Seibert and G. Wotawa, Technical
note: The Lagrangian particle dispersion model FLEXPART version
6.2, Atmos. Chem. Phys., 2005.

[91] E. Fillola, R. Santos-Rodriguez, A. Manning, S. O'Doherty and
M. Rigby, A machine learning emulator for Lagrangian particle disper-
sion model footprints: A case study using NAME, Geoscienti�c Model
Development, 16, 7, 1997�2009, April 2023.

[92] Y. Tian, M. Woodward, M. Stepanov, C. Fryer, C. Hyett, D. Livescu and
M. Chertkov, Lagrangian large eddy simulations via physics-informed
machine learning, Proceedings of the National Academy of Sciences, 120,
34, e2213638120, August 2023.

59



List of Acronyms and Abbreviations

ABL - Atmospheric Boundary Layer
AEMET - Agencia Estatal de Meteorología
AI - Arti�cial Intelligence
AI/ML - Arti�cial Intelligence / Machine Learning
ANFIS - Adaptive Neuro-Fuzzy Inference System
ANN - Arti�cial Neural Network
ARIMA - Autoregressive Integrated Moving Average
BiLSTM - Bidirectional Long Short-Term Memory
CFD - Computational Fluid Dynamics
CNN - Convolutional Neural Network
DEM - Digital Elevation Model
DHMZ - Croatian Meteorological and Hydrological Service
DMI - Danish Meteorological Institute
DWD - Deutscher Wetterdienst
ECMWF - European Centre for Medium-Range Weather Forecasts
ERA - ECMWF Reanalysis
ERA5 - ECMWF Reanalysis v5
GAN - Generative Adversarial Network
GIS - Geographic Information System
GNN - Graph Neural Network
GPU - Graphics Processing Unit
GRU - Gated Recurrent Unit
IDW - Inverse Distance Weighting
IMGW-PIB - Institute of Meteorology and Water Management �
National Research Institute
IoT - Internet of Things
IPMA - Portuguese Institute for Sea and Atmosphere
KNMI - Royal Netherlands Meteorological Institute
LES - Large Eddy Simulation
LiDAR - Light Detection and Ranging
LSTM - Long Short-Term Memory
MAE - Mean Absolute Error
MAPE - Mean Absolute Percentage Error
MERRA - Modern-Era Retrospective Analysis for Research and
Applications
ML - Machine Learning
MSE - Mean Squared Error
NCEP - National Centers for Environmental Prediction
NOAA - National Oceanic and Atmospheric Administration

60



NWP - Numerical Weather Prediction
PINN - Physics-Informed Neural Network
PWS - Personal Weather Station
RANS - Reynolds-Averaged Navier�Stokes
RF - Random Forest
RMSE - Root Mean Square Error
RQ - Research Question
RWIS - Road Weather Information System
SARIMA - Seasonal Autoregressive Integrated Moving Average
SMHI - Swedish Meteorological and Hydrological Institute
SODAR - Sonic Detection and Ranging
SVM - Support Vector Machine
SVR - Support Vector Regression
TCN - Temporal Convolutional Network
UAV - Unmanned Aerial Vehicle
WRF - Weather Research and Forecasting Model
WSN - Wireless Sensor Network

61



Abstract

Wind modelling and prediction remain challenging due to the strong spatial
and temporal variability of atmospheric �ow and its dependence on terrain,
atmospheric boundary-layer processes, surface characteristics, and meteoro-
logical conditions. This thesis provides a comprehensive overview of contem-
porary wind modelling approaches, with particular emphasis on Arti�cial
Intelligence (AI) and Machine Learning (ML), the data sources supporting
their development, and the principal limitations a�ecting their wider appli-
cation.

A systematic analysis of the scienti�c literature was conducted using pub-
lications retrieved from the Web of Science Core Collection. The analysis
examined the temporal evolution of wind-modelling research, the representa-
tion of physics-based, statistical, machine-learning, and hybrid approaches,
the meteorological data sources reported in the literature, and commonly
used performance-evaluation metrics. A more detailed classi�cation was sub-
sequently performed to investigate the evolution of individual AI and ML
methodologies.

The results demonstrate a substantial growth and diversi�cation of wind-
modelling research, with machine learning and deep learning becoming in-
creasingly prominent alongside established physics-based and statistical ap-
proaches. Deep-learning methods represent the largest AI category in the
analysed literature, while physics-informed and hybrid AI approaches re-
main comparatively less represented. The analysis also highlights impor-
tant challenges related to data representativeness, reproducibility, validation
practices, generalisation across di�erent environmental conditions, and the
physical consistency of data-driven predictions.

Future progress in AI-based wind modelling should therefore focus not
only on predictive accuracy, but also on reproducibility, robust validation,
transferability, uncertainty assessment, and stronger integration of physical
knowledge with data-driven learning.

Keywords: wind modelling, wind prediction, arti�cial intelligence, machine
learning, deep learning, atmospheric data, physics-informed machine learn-
ing.
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Pro²ireni saºetak

Vjetar predstavlja jedan od najvaºnijih, ali istodobno i najsloºenijih atmo-
sferskih fenomena za modeliranje i predvi�anje. Njegova izraºena prostorna i
vremenska promjenjivost posljedica je me�udjelovanja procesa koji djeluju na
razli£itim prostornim i vremenskim skalama. Veliki atmosferski cirkulacijski
sustavi, gradijenti tlaka, Coriolisova sila, procesi unutar atmosferskog gra-
ni£nog sloja, stabilnost atmosfere, turbulencija, svojstva povr²ine i lokalna
topogra�ja zajedni£ki odre�uju brzinu, smjer i vertikalnu strukturu vjetra.
Posebno sloºeni uvjeti javljaju se u obalnim i planinskim podru£jima, gdje
lokalna topogra�ja moºe uzrokovati ubrzavanje i usmjeravanje strujanja, po-
javu zavjetrinskih valova, vrtloºnih struktura i drugih lokaliziranih fenomena.

Cilj ovog rada je pruºiti sveobuhvatan pregled suvremenih pristupa mo-
deliranju i predvi�anju vjetra, s posebnim naglaskom na metode umjetne
inteligencije (engl. Arti�cial Intelligence, AI) i strojnog u£enja (engl. Mac-
hine Learning, ML). Posebna pozornost posve¢ena je izvorima podataka koji
se koriste pri razvoju modela, razvoju razli£itih metodolo²kih pristupa, na£i-
nima njihove validacije te ograni£enjima koja utje£u na njihovu primjenjivost
i mogu¢nost prijenosa na razli£ite prostorne i meteorolo²ke uvjete.

Pouzdano modeliranje vjetra izravno ovisi o dostupnosti i reprezentativ-
nosti meteorolo²kih podataka. U radu su razmotreni glavni izvori podataka,
uklju£uju¢i mjerenja meteorolo²kih postaja, LiDAR i SODAR sustave, sate-
litska opaºanja, numeri£ke modele vremena, atmosferske reanalize te geograf-
ske podatke poput digitalnih modela reljefa i podataka o pokrovu zemlji²ta.
Svaki od navedenih izvora karakteriziraju razli£ita prostorna i vremenska raz-
lu£ivost, pokrivenost i razina nesigurnosti. Mjerenja meteorolo²kih postaja
pruºaju izravne i vremenski detaljne informacije, ali su prostorno ograni£ena,
dok reanalize, satelitska opaºanja i numeri£ki modeli omogu¢uju znatno ²iru
prostornu pokrivenost. Njihova integracija stoga predstavlja vaºan preduvjet
za razvoj modela sposobnih opisati sloºena prostorna i vremenska svojstva
polja vjetra.

Pristupi modeliranju vjetra u radu su podijeljeni u £etiri glavne kate-
gorije: �zikalno utemeljene, statisti£ke, metode strojnog u£enja i hibridne
pristupe. Fizikalno utemeljeni pristupi, poput numeri£kog predvi�anja vre-
mena (NWP) i ra£unalne dinamike �uida (CFD), temelje se na numeri£kom
rje²avanju �zikalnih jednadºbi koje opisuju atmosfersko strujanje. Statisti£ki
pristupi koriste unaprijed de�nirane statisti£ke odnose i metode analize vre-
menskih nizova, dok metode strojnog u£enja omogu¢uju automatsko u£enje
sloºenih i nelinearnih odnosa iz dostupnih podataka. Hibridni pristupi nas-
toje povezati prednosti �zikalnih modela i metoda temeljenih na podacima.

Uz pregled postoje¢ih pristupa, provedena je sustavna analiza znans-
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tvene literature na temelju publikacija prikupljenih iz baze Web of Science
Core Collection. Po£etnim pretraºivanjem identi�cirano je 10 470 publika-
cija povezanih s modeliranjem, procjenom, rekonstrukcijom, interpolacijom i
predvi�anjem vjetra. Bibliografski zapisi obra�eni su prilago�enim Python
postupkom, a za automatsku klasi�kaciju publikacija kori²teni su rje£nici
klju£nih pojmova razvijeni u sklopu rada.

Analiza razvoja metodolo²kih pristupa pokazuje postupnu diversi�kaciju
podru£ja. Fizikalno utemeljene metode predstavljale su dominantan pristup
u ranijim razdobljima, dok se zastupljenost metoda strojnog u£enja zna-
£ajno pove¢ava tijekom posljednjeg desetlje¢a. Posebno izraºen rast vidljiv
je nakon 2018. godine. Hibridni pristupi pojavljuju se kasnije, a njihov rast
nakon 2020. godine ukazuje na sve ve¢i interes za povezivanje �zikalne kon-
zistentnosti numeri£kih modela sa sposobno²¢u metoda strojnog u£enja da iz
podataka izdvoje sloºene obrasce.

Dodatna analiza provedena je radi utvr�ivanja meteorolo²kih izvora po-
dataka koji se eksplicitno navode u analiziranim publikacijama. Najmanje
jedan eksplicitni meteorolo²ki izvor podataka identi�ciran je u 783 publika-
cije. Rezultati pokazuju da konvencionalna mjerenja sa zemaljskih postaja
i dalje imaju temeljnu ulogu, ali istodobno raste zastupljenost atmosferskih
reanaliza, satelitskih opaºanja, daljinskih mjerenja i drugih specijaliziranih
izvora. Takav razvoj ukazuje na postupno ²irenje i diversi�kaciju podataka
koji se koriste u suvremenom modeliranju vjetra.

Analizirane su i metode vrednovanja performansi modela. U skupu od
1 806 publikacija naj£e²¢e su identi�cirane mjere RMSE, MSE i MAE, koje
zajedno £ine 66,3% svih identi�ciranih pojavljivanja metrika. Iako su takve
metrike korisne za procjenu odstupanja izme�u modeliranih i opaºenih vrijed-
nosti, njihova samostalna uporaba ne omogu¢uje potpuno vrednovanje mo-
dela. Agregirane mjere pogre²ke mogu prikriti sustavnu pristranost, pogre²ke
u smjeru vjetra, slabije pona²anje tijekom ekstremnih doga�aja i ograni£enu
sposobnost generalizacije izvan podataka kori²tenih za razvoj modela.

Poseban dio rada usmjeren je na razvoj metoda umjetne inteligencije
i strojnog u£enja. Analiza obuhva¢a klasi£ne algoritme strojnog u£enja,
umjetne neuronske mreºe, metode dubokog u£enja te �zikalno informirane
i hibridne AI pristupe. U ²iroj klasi�kaciji identi�cirano je ukupno 1 128 po-
javljivanja kategorija AI metoda. Duboko u£enje predstavlja najve¢u skupinu
s 535 identi�ciranih pojavljivanja, nakon £ega slijede klasi£no strojno u£enje
s 364 i umjetne neuronske mreºe s 211 pojavljivanja. Fizikalno informirani i
hibridni AI pristupi znatno su manje zastupljeni, sa svega 18 identi�ciranih
pojavljivanja.

Vremenska analiza pojedina£nih AI metoda pokazuje prijelaz od jednos-
tavnijih modela temeljenih prvenstveno na tabli£nim podacima i vremen-
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skim nizovima prema arhitekturama sposobnima opisivati sloºene prostorne
i vremenske odnose. U ranijem razdoblju prevladavale su umjetne neuronske
mreºe, linearna regresija i metode potpornih vektora. Kasnije raste primjena
LSTM i konvolucijskih neuronskih mreºa, dok se u najnovijem razdoblju po-
javljuju GRU, ConvLSTM, mehanizmi paºnje, Transformeri i druge napredne
arhitekture. Ovaj razvoj povezan je s pove¢anom dostupno²¢u meteorolo²kih
podataka, ra£unalnih resursa i prostorno distribuiranih atmosferskih pro-
izvoda.

Unato£ brzom razvoju AI i ML metoda, identi�cirano je nekoliko vaºnih
istraºiva£kih nedostataka. Nedovoljno detaljno izvje²tavanje o kori²tenim
podacima, postupcima predobrade, kon�guracijama modela i protokolima
validacije ograni£ava reproducibilnost rezultata. Dodatni problem predstav-
lja generalizacija modela izme�u razli£itih lokacija, tipova terena, meteoro-
lo²kih reºima i prostornih razlu£ivosti. Model koji postiºe visoku to£nost
na podacima kori²tenima tijekom razvoja ne mora nuºno zadrºati jednaku
pouzdanost pri primjeni u novom okoli²u ili tijekom rijetkih i ekstremnih
meteorolo²kih doga�aja.

Vaºan izazov predstavlja i odnos izme�u statisti£ke to£nosti i �zikalne
ispravnosti predvi�anja. Atmosferski procesi poput turbulencije, prijelaza
unutar grani£nog sloja, vertikalnog smicanja vjetra, orografskog strujanja,
zavjetrinskih valova, vrtloºnih struktura, morskih i kopnenih cirkulacija te
transporta zra£nih masa odre�eni su �zikalnim zakonima koji u £isto podat-
kovno utemeljenim modelima nisu nuºno eksplicitno zastupljeni. Model stoga
moºe ostvariti malu statisti£ku pogre²ku bez istodobnog o£uvanja �zikalno
realisti£nog pona²anja atmosferskog strujanja.

Budu¢i razvoj AI modela za modeliranje vjetra stoga bi trebao biti us-
mjeren ne samo prema pove¢anju prediktivne to£nosti, nego i prema pobolj-
²anju reproducibilnosti, robusnosti, generalizacije i �zikalne konzistentnosti.
Posebno vaºan smjer predstavlja razvoj �zikalno informiranih i hibridnih
pristupa koji povezuju u£enje iz podataka s �zikalnim zakonima, rubnim
uvjetima, numeri£kim atmosferskim modelima i drugim oblicima prethod-
nog �zikalnog znanja. Budu¢e modele potrebno je vrednovati na neovisnim
lokacijama, razli£itim terenima i atmosferskim reºimima te uz prediktivnu
to£nost razmatrati nesigurnost, pona²anje tijekom ekstremnih doga�aja i
mogu¢nost prijenosa modela na prethodno nepoznate uvjete.

Zaklju£no, umjetna inteligencija i strojno u£enje predstavljaju sve vaºniji
dio suvremenog modeliranja vjetra, ali njihov daljnji razvoj ne bi se trebao
temeljiti isklju£ivo na pove¢anju sloºenosti modela. Napredak prema pouz-
danijim i prakti£no primjenjivim sustavima zahtijeva kvalitetnije i transpa-
rentnije podatke, standardizirane postupke vrednovanja, otvorene i reprodu-
cibilne implementacije te snaºnije povezivanje �zikalnog znanja s metodama
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temeljenima na podacima. Takav pristup omogu¢uje razvoj modela koji ne
samo da postiºu visoku prediktivnu to£nost, nego pruºaju robusnije, �zikalno
opravdane i prenosive rezultate za stvarne primjene modeliranja i predvi�a-
nja vjetra.

Klju£ne rije£i: modeliranje vjetra, predvi�anje vjetra, umjetna inteligen-
cija, strojno u£enje, duboko u£enje, meteorolo²ki podaci, �zikalno informi-
rano strojno u£enje.
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Appendices

A Classi�cation Dictionary

The following dictionary was used by the Python classi�cation work�ow to
identify method-related terminology in publication titles and abstracts.

Listing 1: Keyword dictionary used for publication classi�cation.
1 {

2 "physics_based": [

3 "numerical weather prediction",

4 "weather research and forecasting",

5 "computational fluid dynamics",

6 "large eddy simulation",

7 "reynolds -averaged navier -stokes",

8 "navier -stokes equations",

9 "dynamical downscaling",

10 "mesoscale atmospheric model",

11 "mesoscale model",

12 "microscale model",

13 "atmospheric circulation model",

14 "fluid dynamics model",

15 "physical model",

16 "physics -based model",

17 "parametric wind model",

18 "wrf",

19 "nwp",

20 "cfd",

21 "rans"

22 ],

23 "statistical": [

24 "statistical model",

25 "statistical modelling",

26 "statistical modeling",

27 "linear regression",

28 "multiple linear regression",

29 "multivariate regression",

30 "autoregressive model",

31 "autoregressive integrated moving average",

32 "time series model",

33 "spatial interpolation",

34 "inverse distance weighting",

35 "ordinary kriging",
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36 "universal kriging",

37 "co-kriging",

38 "geostatistical model",

39 "weibull distribution",

40 "probability distribution",

41 "empirical model",

42 "response surface methodology",

43 "arima",

44 "sarima",

45 "kriging"

46 ],

47 "machine_learning": [

48 "machine learning",

49 "artificial intelligence",

50 "artificial neural network",

51 "neural network",

52 "random forest",

53 "support vector machine",

54 "support vector regression",

55 "gradient boosting",

56 "extreme gradient boosting",

57 "decision tree",

58 "gaussian process regression",

59 "gaussian process",

60 "ensemble learning",

61 "data -driven model",

62 "data driven model",

63 "adaptive neuro -fuzzy inference system",

64 "neuro -fuzzy",

65 "xgboost",

66 "lightgbm",

67 "catboost",

68 "svm",

69 "svr",

70 "anfis"

71 ],

72 "deep_learning": [

73 "deep learning",

74 "deep neural network",

75 "convolutional neural network",

76 "recurrent neural network",

77 "long short -term memory",

78 "gated recurrent unit",
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79 "graph neural network",

80 "generative adversarial network",

81 "attention mechanism",

82 "transformer model",

83 "autoencoder",

84 "cnn",

85 "lstm",

86 "gru",

87 "gan"

88 ],

89 "explicit_hybrid": [

90 "hybrid model",

91 "hybrid modelling",

92 "hybrid modeling",

93 "hybrid approach",

94 "hybrid method",

95 "hybrid framework",

96 "hybrid system",

97 "combined model",

98 "integrated model",

99 "physics -informed machine learning",

100 "physics -informed neural network",

101 "physics -guided machine learning",

102 "physics -based machine learning",

103 "data -driven and physics -based",

104 "physical -data -driven",

105 "pinn"

106 ]

107 }
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B Meteorological Data Source Classi�cation

Dictionary

The following dictionary was used by the rule-based classi�cation framework
to identify meteorological data sources referenced in the analysed publica-
tions.

Listing 2: Dictionary used for the classi�cation of meteorological data
sources.

1 {

2 "ground_based_measurements": [

3 "anemometer",

4 "cup anemometer",

5 "sonic anemometer",

6 "ultrasonic anemometer",

7 "hot -wire anemometer",

8 "weather station",

9 "meteorological station",

10 "automatic weather station",

11 "surface station",

12 "ground station",

13 "meteorological mast",

14 "met mast",

15 "wind mast",

16 "measurement tower",

17 "meteorological tower",

18 "instrumented tower",

19 "flux tower",

20 "eddy covariance",

21 "surface observations",

22 "surface measurements",

23 "ground -based observations",

24 "ground -based measurements",

25 "field measurements",

26 "field observations",

27 "in situ measurements",

28 "in situ observations"

29 ],

30

31 "ground_based_remote_sensing": [

32 "lidar",

33 "wind lidar",

34 "doppler lidar",
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35 "coherent doppler lidar",

36 "scanning lidar",

37 "floating lidar",

38 "sodar",

39 "doppler sodar",

40 "wind profiler",

41 "wind profiler radar",

42 "radar wind profiler",

43 "doppler radar",

44 "weather radar",

45 "ceilometer",

46 "acoustic remote sensing"

47 ],

48

49 "upper_air_measurements": [

50 "radiosonde",

51 "rawinsonde",

52 "weather balloon",

53 "upper -air sounding",

54 "atmospheric sounding",

55 "balloon sounding",

56 "pilot balloon",

57 "pibal",

58 "dropsonde",

59 "dropwindsonde",

60 "vertical sounding"

61 ],

62

63 "satellite_observations": [

64 "satellite observations",

65 "satellite measurements",

66 "satellite data",

67 "satellite remote sensing",

68 "satellite -derived wind",

69 "scatterometer",

70 "synthetic aperture radar",

71 "sar imagery",

72 "sar -derived wind",

73 "altimeter",

74 "radiometer",

75 "microwave radiometer",

76 "ascat",

77 "quikscat",
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78 "windsat",

79 "sentinel -1",

80 "modis",

81 "seawinds",

82 "ers scatterometer",

83 "atmospheric motion vectors",

84 "cloud motion vectors"

85 ],

86

87 "marine_measurements": [

88 "buoy",

89 "meteorological buoy",

90 "weather buoy",

91 "ocean buoy",

92 "offshore buoy",

93 "offshore platform",

94 "marine platform",

95 "offshore mast",

96 "ship observations",

97 "ship measurements",

98 "ship -based observations",

99 "shipboard observations",

100 "vessel observations",

101 "marine observations",

102 "offshore observations"

103 ],

104

105 "airborne_and_uav_measurements": [

106 "aircraft observations",

107 "aircraft measurements",

108 "airborne observations",

109 "airborne measurements",

110 "research aircraft",

111 "instrumented aircraft",

112 "flight measurements",

113 "flight observations",

114 "unmanned aerial vehicle",

115 "uav",

116 "drone",

117 "drone measurements",

118 "remotely piloted aircraft"

119 ],

120
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121 "laboratory_and_wind_tunnel_measurements": [

122 "wind tunnel",

123 "wind tunnel experiment",

124 "wind tunnel test",

125 "laboratory experiment",

126 "laboratory measurements",

127 "particle image velocimetry",

128 "laser doppler anemometry",

129 "laser doppler velocimetry",

130 "flow visualization",

131 "pressure measurements"

132 ],

133

134 "reanalysis_data": [

135 "reanalysis",

136 "reanalysis dataset",

137 "reanalysis products",

138 "ERA5",

139 "ERA5-Land",

140 "ERA -Interim",

141 "ERA40",

142 "MERRA",

143 "MERRA -2",

144 "NCEP Reanalysis",

145 "NCEP/NCAR Reanalysis",

146 "CFSR",

147 "CFSv2",

148 "JRA -55",

149 "JRA -25",

150 "NARR",

151 "20CR",

152 "ECMWF Reanalysis",

153 "COSMO -REA6"

154 ],

155

156 "numerical_model_data": [

157 "numerical weather prediction data",

158 "numerical weather prediction output",

159 "NWP data",

160 "NWP output",

161 "weather model output",

162 "meteorological model output",

163 "atmospheric model output",
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164 "model -derived wind",

165 "forecast model output",

166 "WRF output",

167 "ECMWF forecast",

168 "operational analysis fields",

169 "forecast fields",

170 "hindcast data"

171 ],

172

173 "generic_observational_data": [

174 "observational data",

175 "observed data",

176 "measured data",

177 "measurement data",

178 "meteorological observations",

179 "meteorological measurements",

180 "weather observations",

181 "weather measurements",

182 "wind observations",

183 "wind measurements",

184 "observed wind speed",

185 "measured wind speed",

186 "recorded wind data",

187 "ground truth",

188 "reference measurements"

189 ]

190 }
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C Performance Evaluation Metrics Dictionary

The following dictionary was used by the Python classi�cation work�ow to
identify performance evaluation metrics reported in publication titles and
abstracts. Frequently used metrics, including RMSE, MSE, MAE, correlation
coe�cient, R2, and MAPE, were assigned to individual categories, while
less frequently reported evaluation metrics were grouped under the Other

category.

Listing 3: Keyword dictionary used for identifying performance evaluation
metrics.

1 {

2 "rmse": {

3 "label": "RMSE",

4 "terms": [

5 "rmse",

6 "root mean square error",

7 "root -mean -square error",

8 "root mean squared error",

9 "root -mean -squared error"

10 ]

11 },

12

13 "mse": {

14 "label": "MSE",

15 "terms": [

16 "mse",

17 "mean square error",

18 "mean squared error"

19 ]

20 },

21

22 "mae": {

23 "label": "MAE",

24 "terms": [

25 "mae",

26 "mean absolute error"

27 ]

28 },

29

30 "correlation": {

31 "label": "Correlation coefficient",

32 "terms": [
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33 "correlation coefficient",

34 "pearson correlation coefficient",

35 "pearson correlation",

36 "pearson 's correlation coefficient",

37 "pearson 's r",

38 "pearson r",

39 "linear correlation coefficient"

40 ]

41 },

42

43 "r2": {

44 "label": "R2",

45 "terms": [

46 "r2",

47 "r^2",

48 "r^2",

49 "r-squared",

50 "r squared",

51 "coefficient of determination",

52 "determination coefficient"

53 ]

54 },

55

56 "mape": {

57 "label": "MAPE",

58 "terms": [

59 "mape",

60 "mean absolute percentage error",

61 "mean absolute percent error"

62 ]

63 },

64

65 "other": {

66 "label": "Other",

67 "terms": [

68 "mbe",

69 "mean bias error",

70

71 "nrmse",

72 "normalized rmse",

73 "normalised rmse",

74 "normalized root mean square error",

75 "normalised root mean square error",
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76 "normalized root mean squared error",

77 "normalised root mean squared error",

78

79 "nmse",

80 "normalized mean square error",

81 "normalised mean square error",

82

83 "nmae",

84 "normalized mean absolute error",

85 "normalised mean absolute error",

86

87 "smape",

88 "symmetric mean absolute percentage error",

89

90 "mase",

91 "mean absolute scaled error",

92

93 "rmsle",

94 "root mean squared logarithmic error",

95

96 "msle",

97 "mean squared logarithmic error",

98

99 "index of agreement",

100 "willmott index",

101 "willmott 's index",

102 "willmott index of agreement",

103

104 "nash -sutcliffe efficiency",

105 "nash sutcliffe efficiency",

106 "nse",

107

108 "kling -gupta efficiency",

109 "kge",

110

111 "skill score",

112 "forecast skill score",

113

114 "fractional bias",

115 "fac2",

116 "factor of two",

117

118 "crps",
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119 "continuous ranked probability score",

120

121 "brier score",

122

123 "median absolute error",

124

125 "false alarm ratio",

126

127 "critical success index",

128 "csi",

129

130 "equitable threat score",

131 "ets",

132

133 "probability of detection",

134

135 "f1-score",

136 "f1 score",

137

138 "roc -auc",

139 "roc auc",

140 "area under the roc curve",

141

142 "ssim",

143 "structural similarity index",

144

145 "psnr",

146 "peak signal -to-noise ratio"

147 ]

148 }

149 }
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D Arti�cial Intelligence Methods Dictionary

The following dictionary was used by the Python classi�cation work�ow to
identify speci�c arti�cial intelligence methods reported in publication titles
and abstracts. The identi�ed methods were grouped into four categories:
classical machine learning, arti�cial neural networks, deep learning, and
physics-informed or hybrid arti�cial intelligence approaches.

Listing 4: Keyword dictionary used for identifying arti�cial intelligence meth-
ods.

1 {

2 "classical_machine_learning": [

3 "Linear Regression",

4 "Support Vector Machine",

5 "Support Vector Regression",

6 "Random Forest",

7 "Decision Tree",

8 "Gradient Boosting",

9 "XGBoost",

10 "LightGBM",

11 "CatBoost",

12 "K-Nearest Neighbours",

13 "Gaussian Process",

14 "Fuzzy Logic",

15 "ANFIS"

16 ],

17

18 "artificial_neural_networks": [

19 "Artificial Neural Network",

20 "Multilayer Perceptron",

21 "Feedforward Neural Network",

22 "Backpropagation Neural Network",

23 "Radial Basis Function Network",

24 "Extreme Learning Machine",

25 "Elman Neural Network",

26 "Echo State Network",

27 "Wavelet Neural Network"

28 ],

29

30 "deep_learning": [

31 "Deep Neural Network",

32 "Convolutional Neural Network",

33 "Recurrent Neural Network",
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34 "LSTM",

35 "BiLSTM",

36 "GRU",

37 "CNN -LSTM",

38 "ConvLSTM",

39 "Temporal Convolutional Network",

40 "Transformer",

41 "Vision Transformer",

42 "Attention Mechanism",

43 "Autoencoder",

44 "Variational Autoencoder",

45 "Generative Adversarial Network",

46 "Graph Neural Network",

47 "Graph Convolutional Network",

48 "Deep Belief Network"

49 ],

50

51 "physics_informed_and_hybrid_ai": [

52 "Physics -Informed Neural Network",

53 "Physics -Guided Machine Learning",

54 "Physics -Constrained Machine Learning",

55 "Knowledge -Guided Machine Learning",

56 "Hybrid AI Model",

57 "AI-CFD Hybrid",

58 "AI-NWP Hybrid",

59 "AI-WRF Hybrid"

60 ]

61 }
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