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Abstract 

The Artificial Intelligence Forecasting System (AIFS), recently released by the European 

Centre for Medium-Range Weather Forecasts (ECMWF), represents a paradigm shift in 

global weather prediction by replacing traditional physically based methods with ma-

chine learning-based approaches. This study examines the sensitivity of the Weather Re-

search and Forecasting (WRF) model to differentiate initial and boundary conditions, 

comparing the new AIFS with two well-established global models: IFS and GFS. The anal-

ysis focuses on the implications for air quality applications, particularly the influence of 

each global model on key meteorological variables involved in pollutant dispersion mod-

elling. While overall forecast accuracy is comparable across models, some differences 

emerge in the spatial pattern of the wind field and vertical profiles of temperature and 

wind speed, which can lead to divergent interpretations in source attribution and disper-

sion pathways. 

Keywords: WRF; IFS; AIFS; GFS; modelling; meteorology; HYSPLIT; atmospheric  

pollution; ventilation index 

 

1. Introduction 

Atmospheric pollution is one of the main problems of modern society [1]. On October 

2024, the European Union approved a new air quality regulation, the European Directive 

2024/2881/EC [2], that includes new pollutants, less permissive limits, and more restrictive 

actions to improve the air quality that citizens breathe. The Directive 2024/2881/EC in-

creases the use of air quality modelling to manage the air quality, to take decisions, and 

to inform the public as soon as possible when the modelling applications show that 

thresholds will be exceeded. This air quality is not only determined by the emissions in-

jected into the atmosphere, but also by the atmospheric conditions [3]. Thus, one of the 

key elements of any air quality forecasting system is weather forecasts. 

Typically, the meteorological forecasts are generated using models that solve the 

equations governing atmospheric dynamics. These models are generally classified as ei-

ther global or limited-area models [4]. Global models simulate atmospheric conditions 

across large regions or the entire planet, while limited-area models focus on specific 
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geographical areas. Among the most widely used global models are the Global Forecast-

ing System (GFS) [5], and the Integrated Forecasting System (IFS) [6]. As for limited-area 

models, the Weather Research and Forecasting (WRF) model [7] and the Harmonie-

Arome model [8] are two of the most used worldwide. These models are run by national 

or regional weather administrations and by research centres and private companies that 

provide forecasting services to third parties. 

Limited-area models (LAMs), also referred to as regional or mesoscale models, rely 

on global models to provide initial and lateral and boundary conditions (LBCs). Typically, 

data from global models is openly available to the user community. 

During the last years, a new kind of modelling tool has appeared, and data-driven 

models have been applied for weather [9,10] and air quality forecasts [11,12]. These mod-

els usually are trained using numerical models and consider a high amount of measured 

data and remote sensing information in the case of weather application, and, moreover, 

traffic data and socio-economic parameters in the case of air quality applications. 

Recently, as of 25 February 2025 (https://confluence.ecmwf.int/display/fcst/imple-

mentation+oF+Aifs+Single+v1 (accessed on 27 May 2025).), the European Centre for Me-

dium-Range Weather Forecasts (ECMWF) has introduced a new model output alongside 

its traditional forecasts produced by the global IFS model. This addition includes predic-

tions from its new artificial intelligence-based model AIFS (Artificial/Integrated Forecast-

ing System) [13,14], specifically the AIFS Single V1 version. 

AIFS was trained from processed data of the ECMWF Reanalysis v5 (ERA5) [15], cov-

ering the period between 1979 and 2022, as well as IFS forecasts from 2016 to 2022 [16]. 

Preliminary results show that AIFS improves the prediction of several meteorological var-

iables across different regions of the globe [17]. Nevertheless, some limitations have been 

identified, such as reduced accuracy in representing high-resolution topographic effects, 

underestimation of wind speeds in tropical and extra-tropical cyclones, and occasional 

predictions of implausible precipitations in certain areas [16]. Limitations of state-of-the-

art AI models in forecasting weather extremes have been identified recently [18]. 

Many studies analyse the performance evaluation of using GFS and IFS into 

mesoscale models [19] as boundary and initial conditions. In addition, benefits and limi-

tations of data-driven models like AIFS have been identified recently [18,20]. But, given 

the novelty of AIFS, there is currently no published evidence of their application and im-

pact as initial conditions and lateral boundary conditions (LBCs) for mesoscale models 

and how the use of AIFS into mesoscale or limited-area models can improve, or not, the 

meteorological information that is used for modelling dispersion purposes. Previous stud-

ies that confirm that the forecast of variables as precipitation or temperature using data-

driven models [21] is better, or competitive at minimum, than using traditional numerical 

models, do not ensure to improve the forecast of relevant variables for air dispersion like 

wind fields or PBLH. 

This research aims to evaluate how the use of AIFS predictions influences mesoscale 

forecasts generated by the WRF model, in comparison with those obtained using GFS and 

IFS outputs as initial and (LBC). In this study, particular attention is given to the sensitiv-

ity of meteorological parameters relevant to air quality applications, such as wind speed, 

wind direction, and planetary boundary layer height (PBLH). The study also examines 

differences in the calculation of backward trajectories, a common method for identifying 

potential emission sources responsible for odour events and/or exceedances of air quality 

limit values [22]. Additionally, the same comparative analysis is conducted using a dis-

persion model and an index that assesses conditions favourable to pollutant dispersion. 

A region of special interest from an air quality perspective has been selected as the study 

area. 
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Descriptions of the study area, the datasets employed, and methodology used to 

compare observed and modelled values are presented in Section 2. Section 3 presents the 

results of the analysis, followed by a discussion in Section 4. Finally, the main conclusions 

are summarised in Section 5. 

2. Materials and Methods 

This section outlines the episodes and datasets used in the analysis, describes the 

main geographical and environmental features of the Huelva region (the area of interest) 

and details the modelling approach adopted. It is structured in three subsections: area 

characteristics (Section 2.1), modelling approach (Section 2.2), and datasets, modelling pe-

riod, and model evaluation (Section 2.3). 

2.1. Area Characteristics 

Huelva, located in southwestern Spain along the Gulf of Cádiz, sits at the confluence 

of the Odiel and Tinto Rivers and has a population of nearly 145,000 inhabitants (Figure 

1). The region experiences a Subtropical-Mediterranean climate with Atlantic influence, 

characterised by hot, dry summers and mild, wet winters. Summer temperatures may ex-

ceed 40 °C, and the highest wind speeds typically occur at sunset. Severe gales (Beaufort 

scale force 9) occasionally affect the area throughout the year. 

 
(a) 
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(c) 

Figure 1. (a) Geographical location of Huelva in the Iberian Peninsula as well as locations (b) of 

meteorological (in blue) and air quality stations (in yellow) used in this study, radiosounding station 

(in red) and the location of an imaginary point emission source (in green). (c) A zoom of the city of 

Huelva and surroundings is included. [Images generated using Google Earth]. 
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The city of Huelva and its metropolitan area encompass the main population centre 

of the province, alongside greenhouse zones, protected natural areas (including proximity 

to Doñana National Park), and one of the most significant industrial hubs in southern 

Spain. As such, Huelva represents a complex urban environment influenced by industrial 

emissions [23]. Air quality and source contributions, both natural and anthropogenic, 

have been extensively studied in the region over the past decades [24–32]. 

2.2. Modelling Approach 

2.2.1. WRF Modelling System 

The regional and mesoscale meteorological model used in this study is the Weather 

Research and Forecasting-Advanced Research model (WRF-ARW) [7], version 4.3.3, de-

veloped by the National Center of Atmospheric Research (NCAR). WRF is a next-genera-

tion numerical system widely used for both operational forecasting and regional climate 

research [33–39]. It is a fully compressible, non-hydrostatic model, with a terrain-follow-

ing hydrostatic pressure coordinate. WRF offers a broad range of parameterisations, 

which are simplified representations of physical processes occurring at scales smaller than 

the model’s resolution, which are essential for ensuring model accuracy across varying 

climatic and geographic conditions. The choice of parameterisation schemes is therefore 

critical to improving forecast reliability [40–44]. 

The modelling domains used in this study are shown in Figure 2. The parent domain 

(d01), with a grid point spacing of 9 km and aimed to capture synoptic features and gen-

eral circulation patterns, is centred at 37.14° N, 7.38° W and encompasses the southwest-

ern Iberian Peninsula, northern Morocco, and adjacent marine areas. It spans approxi-

mately 900 × 909 km2 (west–east × south–north). The first nested domain (d02), at 3 km 

resolution, covers southern Portugal and western Andalusia (507 × 390 km2), while the 

innermost domain (d03), with a grid point spacing of 1 km, focuses on the Huelva region 

(64 × 64 km2). Domain configuration follows the approach described in [42]. 

 

Figure 2. Modelling domains for simulations. [Images generated using Google Earth]. 
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For this study, the WRF model was configured for operational forecasting using the 

parameterisation schemes proposed by [42] and summarised in Table 1. These schemes 

were selected based on their demonstrated ability to accurately simulate wind speed, 

wind direction, temperature, and relative humidity. Parameterisations were kept fixed 

throughout the simulations, as the objective was to assess the sensitivity of forecasts to 

different initialisations and LBCs from global models, rather than to evaluate the impact 

of varying physical schemes. 

A total of 42 vertical levels were defined, with 25 levels below 1500 m above ground 

level (a.g.l.), and the lowest level positioned at approximately 8 m a.g.l. Vertical resolution 

was increased near the surface to enhance the accuracy of wind-related variables, as sup-

ported by previous studies [42,45]. 

Topography and land use data were selected from the default WRF databases, using 

the highest available resolution: GTOPO30 for elevation and USGS categories for land use, 

both at 30 arc-seconds (~1 km at the equator). Although higher-resolution datasets could 

potentially improve forecast performance [42,46], they were not employed in this study 

to maintain focus on the effects of different initialisations and LBCs. 

Table 1. Configuration options selected in WRF. 

Scheme/Parameterisation/Option Option Selected 

Modelling Domains d01, d02, d03 

Horizontal resolution 9 km (d01), 3 km (d02), 1 km (d03) 

Vertical levels 42, 25 below 1500 m a.g.l 

Lowest level 8 m a.g.l 

Topography GTOPO30 

Land Uses USGS 

Microphysics SBU-Lin [47] 

Longwave Radiation RRTMG [48] 

Shortwave Radiation Dudhia [49] 

Cumulus Kain-Fritsch [50] 

Surface Layer MM5 similarity [51] 

Land Surface Noah LSM [52] 

Planetary Boundary Layer Yonsei University [53] 

A total of 30 simulations were conducted, each spanning 78 h. The first 6 h were 

treated as a spin-up period to reduce the impact of initial conditions. 

2.2.2. Global Model Initialisations 

Three different global models were used to provide initial conditions and LBCs for 

the WRF mesoscale simulations: GFS, IFS, and AIFS. 

GFS is provided by the National Centers for Environmental Prediction (NCEP, 

https://www.nco.ncep.noaa.gov/pmb/products/gfs/ (accessed on 27 May 2025).) with a 

horizontal resolution of 0.25°, and it is updated every 6 h (00, 06, 12 and 18 UTC). 

IFS and AIFS are supplied by ECWMF (https://data.ecmwf.int/ (accessed on 27 May 

2025).) also with a spatial resolution of 0.25°. IFS is updated every 12 h (00 and 12 UTC), 

and AIFS every 6 h (00, 06, 12 and 18 UTC). 

The forecast horizons are 384 h for GFS, and 360 h for both IFS and AIFS. GFS pro-

vides 41 vertical levels, whereas IFS and AIFS offer 13 levels. In all three models, the first 

vertical level is located at 1000 hPa. The second level is near the surface: at 975 hPa for 

GFS, and at 925 hPa for IFS and AIFS. The highest vertical level reaches 0.01 hPa in GFS 

and 50 hPa in IFS and AIFS. 



Earth 2025, 6, 132 7 of 30 
 

 

Regarding temporal resolution, GFS provides hourly data for the first 120 forecast 

hours, and 3-hourly data from 120 to 384 h. IFS offers 3-hourly data up to 144 h, and 6-

hourly data from 144 to 360 h. AIFS provides 6-hourly data throughout the entire forecast 

period. 

These specifications refer to publicly available open-data products suitable for ini-

tializing mesoscale models. In all cases, simulations were initialised using global model 

outputs corresponding to 00 UTC. 

2.2.3. Transport and Dispersion Modelling 

The HYSPLIT transport and dispersion model [54] was used to assess potential 

changes in the forecast of backward trajectories resulting from different initialisations. 

This analysis focused on specific pollutant episodes. 

Backward trajectories were computed using both the “normal” and “ensemble” op-

tions in HYSPLIT, starting at a height of 1.5 m above ground level (m.a.g.l.). The selected 

episodes were defined based on data from air quality monitoring stations, considering the 

maximum 10 min SO2 concentrations during the study period. SO2 was chosen as the tar-

get pollutant due to its relevance in the region [55]. 

Backward trajectory analysis was complemented with dispersion modelling. The aim 

of the modelling dispersion analysis is to analyse how the use of GFS/IFS/AIFS affects the 

HYSPLIT forecasts using an illustrative emission. For this purpose, a hypothetical point 

emission source was defined at coordinates 37.22° N and 6.95° W (Figure 1), located at 10 

m.a.g.l., with an emission rate of 40 g/s for one hour starting at 14:00 UTC. SO2 was, again, 

used as the tracer pollutant. This setup does not correspond to a real emission event; its 

sole purpose was to evaluate the sensitivity of dispersion modelling to the different WRF 

meteorological configurations. The point emission source is located in the industrialised 

area of Huelva [56]. 

2.2.4. Ventilation Index 

The ventilation index (VI) is defined as the product of wind speed and planetary 

boundary layer height (PBLH). This index is widely used in various regions to regulate 

outdoor burning and to support air quality management decisions [57,58]. 

In this study, we adopted the classification proposed by [59], which categorises VI as 

follows: poor: 0–1175 m2/s; marginal: 1176–2350 m2/s, fair: 2351–3525 m2/s; good: >3525 

m2/s. 

This classification was used to compare the different WRF configurations considered. 

For the VI calculation, wind speed at 10 m above ground level (m.a.g.l.) was used. 

2.3. Datasets, Modelling Analysis Period and Model Evaluation 

2.3.1. Meteorological and Air Quality Station Data 

Local meteorological stations managed by the Spanish National Meteorological 

Agency (AEMET) were used to evaluate the performance of the different simulations. The 

selected stations include Huelva Ronda Este (37.28° N, 6.91° W, 19 m.a.s.l), Cartaya 

Pemares (37.22° N, 7.08° W, 15 m.a.s.l), and El Arenosillo (37.10° N, 6.74° W, 41 m.a.s.l). 

Their geographical locations are shown in Figure 1. Wind direction data from AEMET is 

provided in 45-degree intervals, allowing us to only distinguish winds from N, NE, E, SE, 

S, SW, W, and NW. 

To select episodes for transport modelling, data from local air quality stations were 

considered. These stations belong to the Surveillance and Control of the Atmospheric Pol-

lution network, managed by the Andalusian Government [60]. Their locations are also 

shown in Figure 1. The selected air quality stations are Los Rosales (37.26° N, 6.93° W, 6 

m.a.s.l.) and Pozo Dulce (37.25° N, 6.94° W, 14 m.a.s.l.). 
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Both stations are located in the city of Huelva and were chosen due to their relevance 

in capturing industrial emissions in the region [55]. 

2.3.2. Modelling Analysis Period 

Simulations were conducted over the period from 6 April to 5 May, 2025. This 

timeframe was selected due to different reasons. On one hand, this period contains nota-

ble meteorological variability, allowing the results to be representative of a range of at-

mospheric conditions; secondly, because the SO2, that is the pollutant selected, usually 

does not achieve very high or very low levels in this period in Huelva [55]; and finally, 

because two months ago (at the end of February), the version of AIFS considered in this 

analysis was launched. 

Between 6 and 13 April, Huelva was affected by Storm Olivier [61], followed by the 

arrival of several Atlantic fronts, which brought multiple rainfall episodes. The most sig-

nificant occurrence was on 14 April, with 6 mm of accumulated precipitation over 24 h. In 

the subsequent days, weather conditions were dominated by the Azores Anticyclone and 

North African air masses, resulting in stable atmospheric conditions and maximum tem-

peratures reaching 29 °C on 24 April. During the final week of the study period (27 April 

to 5 May), additional Atlantic fronts entered the region, causing a slight drop in tempera-

ture and sporadic rainfall, with the most notable event being 17 mm recorded on 30 April. 

According to [62], April 2025 in the province of Huelva was warmer and wetter than 

average, with a monthly mean temperature of 0.8 °C above climatological average and 

total precipitation of 71.6 mm, representing 138% of the climatological monthly average. 

SO2 has been selected as a pollutant to analyse in this study because it is one of the 

most relevant pollutants that affect the city of Huelva, and because other pollutants like 

NO2 or particulate matter can be affected, in general, by other relevant emissions like traf-

fic or nature. To facilitate the analysis and because high levels of this pollutant were iden-

tified during the modelling period, SO2 was selected as tracer pollutant for this research. 

From an air quality perspective, the selected period includes two notable episodes of 

elevated SO2 concentrations linked to industrial emissions in the city of Huelva. These 

episodes are illustrated in Figure 3. To minimise the influence of reduced planetary 

boundary layer height (PBLH), both episodes were selected during midday hours, when 

the PBLH typically reaches its diurnal maximum. This timing ensures that the observed 

SO2 levels are directly influenced by wind-driven transport of industrial emissions. 

During Episode 1, a maximum 10 min SO2 concentration of 103 µg/m3 was recorded 

at Pozo Dulce station at 3:20 p.m. (local time, UTC + 2) on 24 April. In Episode 2, a peak 

concentration of 168 µg/m3 was measured at Los Rosales station at 3:50 p.m. on April 27. 

Both episodes were characterised by spring-like conditions with stable atmospheres, max-

imum temperatures of 29 °C (24 April) and 27 °C (27 April), and no precipitation. On April 

24th, light winds dominated the city of Huelva, with velocities below 4 m/s, reaching a 

maximum wind gust of 7 m/s. Winds were easterly at the beginning of the day, and from 

3:00 p.m. until the end of the day, southerly winds dominated, with SW winds being dom-

inant between 3:00 p.m. and 6:00 p.m., hours when the highest SO2 values were measured. 

On 27 April, light winds dominated the city of Huelva, with velocities below 5 m/s, reach-

ing a maximum wind gust of 9 m/s. Winds were from the east and north at the beginning 

of the day, and from 2 p.m. until the end of the day, the south component dominated, with 

the SW component being dominant between 2 p.m. and 5 p.m., hours that correspond to 

the highest SO2 values measured. 



Earth 2025, 6, 132 9 of 30 
 

 

  
(left) (right) 

Figure 3. Evolution of 10 min SO2 concentrations during the hours preceding and following selected 

episodes: Episode 1 (left), Episode 2 (right). Time is expressed in local time (UTC + 2). 

2.3.3. Radiosonde Data 

To assess the sensitivity of the simulations with respect to vertical profiles within the 

planetary boundary layer (PBL), radiosonde data have been incorporated into the analy-

sis. Specifically, upper-air meteorological measurements obtained from radiosonde 

launches conducted by AEMET (location indicated in Figure 1) were considered. 

AEMET carries out automated radiosonde launches twice a day, at approximately 00 

and 12 UTC (corresponding to local time UTC + 2 for the selected episodes). These meas-

urements provide detailed information on key atmospheric variables, including tempera-

ture (°C), dew point (°C), relative humidity (%), wind speed (m s−1), wind direction (°), 

and atmospheric pressure (hPa), spanning from the surface up to an altitude of approxi-

mately 30 km [63]. 

The radiosonde data used in this study were retrieved from the METEOCIEL website 

(https://www.meteociel.fr/observations-meteo/sondage.php?map=1 (accessed on 27 May 

2025).). 

2.3.4. Forecast Evaluation and Forecast Sensitivity Analysis 

To evaluate the forecast performance and sensitivity to different global initialisation 

models, a combined approach was adopted, integrating numerical deterministic evalua-

tion with visual and graphical comparisons. The analysis focused on four key meteoro-

logical variables: wind speed, wind direction, temperature, and relative humidity. 

To quantify forecast accuracy, four statistical metrics were selected from among the 

many available methodologies [64,65]: the Mean Bias (MB), the Mean Absolute Gross Er-

ror (MAGE), the Root Mean Square Error (RMSE), and the Index of Agreement (IOA). The 

IOA measures the degree of agreement between the deviations in predictions and obser-

vations from their respective means [42]. These metrics provide insight into model uncer-

tainty relative to observations, and benchmarks were established following the recom-

mendations in [66,67]. 

The analysis has been carried out over domain d03, the innermost modelling domain 

(Figure 2). Table 2 presents the statistical results for each meteorological parameter along 

with the corresponding benchmarks. For wind speed and direction, calms below 1 m s−1 

were excluded from the analysis, as wind direction is unreliable under such conditions 

[44,68]. All statistics were computed using hourly data from both model outputs and ob-

servational records, and performance was assessed for 24 h, 48 h, and 72 h forecasts. 
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Table 2. Statistics used for forecast evaluation and corresponding benchmark values. These values 

are established for flat terrain conditions and can be relaxed with complex topography [42]. 

Meteorological Variable (Reference Height) Statistic Parameter (Benchmark) 

Temperature (2 m) 

MB (<±0.5 K) 

MAGE (<2 K) 

IOA ≥ 0.80 

Wind Speed (10 m) 
MB (<±0.5 m/s) 

RMSE (<2 m/s) 

Wind Direction (10 m) 
MB (<±10°) 

MAGE (<30°) 

Relative Humidity (2 m)  

MB (<±10%) 

MAGE (<20%) 

IOA ≥ 0.60 

This numerical evaluation was complemented by several qualitative analyses: 

• A visual inspection of spatial differences. Bidimensional maps were generated to 

compare the geographical distribution of variables across WRF simulations initial-

ised with different global models. 

• A comparison of diurnal cycles. Observed and simulated diurnal cycles were com-

pared at meteorological stations within the modelling domain. 

• A comparison of wind roses. Observed wind roses were contrasted with those simu-

lated by WRF, focusing on the station located in the city of Huelva. 

• A comparison of the vertical profiles. Simulated vertical profiles of key variables 

were compared against radiosonde measurements to assess consistency across dif-

ferent initialisations. 

• Impact on backward trajectories. Backward trajectories were analysed for real pollu-

tant episodes to determine whether different initialisations led to divergent potential 

emission sources. 

• Impact on dispersion modelling. Simulations using SO2 as a tracer from a hypothet-

ical point source were used to evaluate how meteorological inputs influence disper-

sion patterns, particularly in scenarios involving industrial emissions. 

• A comparison of the ventilation index (VI). VI values were calculated using different 

global model initialisations to assess their influence on atmospheric dispersion po-

tential. 

3. Results 

The following sections present the main findings of the study: deterministic forecast 

evaluation, analysis of diurnal profiles and wind roses, visual inspection of spatial differ-

ences, comparison of vertical profiles, assessment of the impact of different global model 

initialisations in WRF on backward trajectories, evaluation of dispersion modelling sensi-

tivity, and comparison of the ventilation index across configurations. 

3.1. Numerical Evaluation 

The statistical results derived from the metrics listed in Table 2 are summarised in 

Table 3. The evaluation covers the entire modelling period and includes data from the 

three available monitoring stations within the region. The analysis was conducted over 

the d03 modelling domain for three forecast horizons: 24, 48, and 72 h. 
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Table 3. Numerical evaluation of the different simulations performed over the d03 modelling do-

main, considering forecast horizons of 24, 48, and 72 h. In bold are the values that comply with the 

recommendations of [64,67] strictly. Note that AEMET observation values are every 45 degrees and 

that the recommendations used are valid for areas of simple topography. 

Meteorological Parameter 

(Reference Height) 

Statistic Parameter 

(Benchmark) 

GFS-

WRF 

IFS-

WRF 

AIFS-

WRF 

GFS-

WRF 

IFS-

WRF 

AIFS-

WRF 

GFS-

WRF 

IFS-

WRF 

AIFS-

WRF [Units] 

24 h 24 h 24 h 48 h 48 h 48 h 72 h 72 h 72 h 

Temperature (2 m) 

MB < ±0.5 K −1.3 −0.6 −0.9 −1.4 −0.7 −0.9 −1.3 −0.7 −0.9 K 

MAGE < 2 K 1.9 1.6 1.8 2.0 1.7 1.8 2.0 1.7 1.8 K 

IOA ≥ 0.80 0.68 0.73 0.71 0.68 0.72 0.71 0.68 0.72 0.71 -- 

Wind Speed (10 m) 
MB < ±0.5 m/s 1.4 1.5 1.4 1.2 1.4 1.4 1.3 1.4 1.4 m/s 

RMSE < 2 m/s 2.3 2.4 2.3 2.3 2.4 2.3 2.3 2.4 2.3 m/s 

Wind Direction (10 m) 
MB < ±10° 21 21 19 23 21 21 23 21 21 ° 

MAGE < 30° 49 49 49 50 50 50 51 51 51 ° 

Relative Humidity (2 m)  

MB < ±10% 1.8 1.6 2.0 1.9 1.6 1.9 1.7 1.5 1.8 % 

MAGE < 20% 8.5 7.9 8.2 8.7 8.0 8.4 8.8 8.1 8.4 % 

IOA ≥ 0.60 0.67 0.69 0.68 0.66 0.68 0.68 0.65 0.68 0.67 -- 

3.2. Diurnal Cycles 

Figure 4 presents the diurnal cycles of temperature, wind speed, and relative humid-

ity obtained from the different WRF simulations, alongside observed values recorded at 

official meteorological stations. The comparison is based on the average across the three 

forecast horizons: 24, 48, and 72 h. Figure 5 displays the estimated planetary boundary 

layer height (PBLH) for each WRF configuration, focusing on the Huelva Ronda Este sta-

tion. 

Huelva Ronda Este El Arenosillo Cartaya-Pemares 

   

   



Earth 2025, 6, 132 12 of 30 
 

 

   

Figure 4. Diurnal cycles of observed and modelled temperature, wind speed, and relative humidity 

at official meteorological stations, averaged across the 24, 48, and 72 h forecast horizons. 

 

Figure 5. Diurnal cycles of modelled planetary boundary layer height (PBLH) at the official meteor-

ological station of Huelva Ronda Este, corresponding to the 24 h forecast horizon. 

3.3. Wind Rose Analysis 

Figure 6 displays the wind roses derived from the various WRF simulations, along-

side those corresponding to observed data at the official meteorological station of Huelva 

Ronda Este. This comparison allows for a visual assessment of the prevailing wind direc-

tions and frequencies reproduced by each model configuration. 
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Figure 6. Wind roses of observed and modelled values at the official meteorological station of 

Huelva Ronda Este. It should be noted that the information provided by AEMET (observed infor-

mation) is every 45 degrees. 

3.4. Visual Inspection of Differences 

Figures 7 and 8 present spatial maps of selected meteorological parameters for 24 

April and 27 April, 2025. These dates were chosen as illustrative cases due to the elevated 

SO2 concentrations recorded and the presence of pronounced atmospheric stability, which 

limited pollutant dispersion across the study area. 

The meteorological parameters analysed include planetary boundary layer height 

(PBLH), wind speed, and wind direction at 10 m above ground level, within the innermost 

modelling domain (d03). 
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GFS-WRF 

  
IFS-WRF 

  
AIFS-WRF 

  

Figure 7. Forecast maps of PBLH under different meteorological modelling conditions (GFS-WRF, 

IFS-WRF, and AIFS-WRF), for domain d03 and a 24 h forecast horizon. The maps correspond to 24 

April 2025 at 3 pm (left) and 27 April 2025 at 3 pm (right). 
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GFS-WRF 

  
IFS-WRF 

  
AIFS-WRF 

  

Figure 8. The same as Figure 7, but for wind speed and wind direction. 

In Figure 9, the wind field distribution and temporal evolution between 11 am and 2 

pm on 27 April 2025 are presented for each WRF simulation. 
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GFS-WRF 

11 am 12 am 1 pm 2 pm 

    
IFS-WRF 

11 am 12 am 1 pm 2 pm 

    
AIFS-WRF 

11 am 12 am 1 pm 2 pm 

    

Figure 9. Forecast maps of wind speed and wind direction under three meteorological modelling 

configurations (GFS-WRF, IFS-WRF, and AIFS-WRF), for domain d03 and a 24 h forecast horizon. 

The maps correspond to 27 April 2025, showing the wind field evolution between 11 am and 2 pm. 

3.5. Comparison of Vertical Profiles 

Vertical profiles of temperature (Figure 10) and wind speed (Figure 11) are presented 

for 24 April and 27 April, 2025. These dates were selected for analysis due to the presence 

of high SO2 concentrations and the identification of notable discrepancies among the WRF 

simulations. The profiles correspond to results obtained using WRF initialised with dif-

ferent global models (GFS, IFS, and AIFS) within the innermost modelling domain (d03). 

Each figure includes a comparison with radiosonde measurements launched from 

the reference station. The analysis focuses on the Planetary Boundary Layer (PBL) region, 

given its critical role in pollutant dispersion processes. For accurate interpretation, it is 

important to note that WRF data are extracted from the vertical column of the grid point 

closest to the station, whereas the radiosonde drifts horizontally during its ascent. This 

displacement may introduce slight differences between the modelled and observed pro-

files. 
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Figure 10. Vertical profiles of temperature considering different meteorological modelling condi-

tions (GFS-WRF, IFS-WRF, and AIFS-WRF) and the radiosonde ascent (observations). 

  

  

Figure 11. Vertical profiles of wind speed considering different meteorological modelling conditions 

(GFS-WRF, IFS-WRF, and AIFS-WRF) and the radiosonde ascent (observations). 

3.6. Effects over Backward Trajectories 

Figures 12 and 13 display backward trajectories for the selected episodes, based on 

meteorological conditions forecasted by WRF initialised with different global models. All 

results correspond to the innermost modelling domain (d03). 
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GFS-WRF IFS-WRF AIFS-WRF 

   

   

Figure 12. Normal (top) and ensemble (bottom) backward trajectories generated from different air 

quality stations during Episode 1 considering different meteorological modelling conditions: GFS-

WRF (red), IFS-WRF (blue) and AIFS-WRF (green). It is also included the vertical analysis of the 

backward trajectory for every WRF model configuration. Images generated using Google Earth. 
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Figure 13. The same as Figure 12, but for Episode 2. 

3.7. Effects on Dispersion Modelling 

In Figure 14 dispersion modelling is presented for the episodes selected considering 

the meteorological conditions forecast by WRF initialised with different global models 

and results from d03 modelling domain. 

GFS-WRF IFS-WRF AIFS-WRF 
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GFS-WRF IFS-WRF AIFS-WRF 

   

Figure 14. SO2 surface concentration at 3 pm generated from a non-real emission source during the 

two episodes selected, 24 April 2025, above and 27 April 2025, below, considering different meteor-

ological modelling conditions, GFS-WRF, IFS-WRF and AIFS-WRF. A point emission source at 10 

m.a.g.l was considered emitting 40 g/s for 1 h and starting at 2 pm. 

3.8. Comparison of Ventilation Index 

Figure 15 presents the diurnal cycles of the ventilation index (VI) derived from the 

different WRF simulations. The curves represent the average, maximum, and minimum 

VI values across all WRF grid cells within the city of Huelva. 
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Figure 15. Diurnal cycles of modelled ventilation index (VI) values for the city of Huelva, based on 

a 24 h forecast horizon. Plots (a), (b), and (c), respectively, show the spatially calculated maximum, 

average, and minimum VI values across all WRF grid cells within the urban area. 

Figure 16 shows the diurnal VI values throughout the entire modelling period. In 

both figures, the classification thresholds defined by [59] are included as reference. 

 



Earth 2025, 6, 132 22 of 30 
 

 

 

 

Figure 16. Diurnal modelled ventilation index (VI) values for the city of Huelva throughout the 

analysis period, based on a 24 h forecast horizon. Plots (a), (b), and (c), respectively, show the spa-

tially calculated maximum, average, and minimum VI values. For each day, the VI corresponds to 

the highest hourly value observed across the modelling domain. 

4. Discussion 

Given the relatively recent public release of AIFS simulations, no studies have been 

identified that analyse its coupling with mesoscale models such as WRF, so it has not been 

possible to compare the results obtained in this research with previous studies. Previous 

studies identified are related to the comparison between IFS and AIFS simulations. Ref. 

[17] offers a systematic comparison between AIFS and IFS for different regions around the 

world, considering different vertical levels, analysis data, and observations, and provides 

different statistical parameters like RMSE, SDAF and CCAF/SEEPS for different forecast 

horizons. Using the results generated by [17], it can be observed that, in general, over 

Europe, AIFS improves IFS results for geopotential, mean sea level pressure, temperature, 

and wind speed, but there are relevant exceptions. On one hand, at high levels like 50 or 

100 hPa, IFS provides better results than AIFS, probably due to the lesser existing instru-

mental or remote sensing information that feed AIFS. On the other hand, the forecasted 

values of wind velocity at 10 m by IFS for the next 48–72 h are better than AIFS. Results 
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obtained in this research do not offer significant discrepancies between IFS-WRF and 

AIFS-WRF, being very similar to the results obtained, in general, for both models. 

The deterministic numerical comparison performed in this research reveals that the 

uncertainty associated with the WRF model is very similar regardless of whether it is ini-

tialised with GFS, IFS, or AIFS. For temperature, all three configurations tend to underes-

timate observed values, particularly during daytime hours. However, WRF initialised 

with IFS shows slightly better agreement with observations. In contrast, wind speed and 

direction exhibit negligible differences among the three configurations, although all tend 

to overestimate wind speed. Relative humidity also shows a marginally better fit with IFS-

WRF, though the improvement is minimal. As expected, forecast uncertainty increases 

with longer forecast horizons (24, 48, and 72 h), but the differences in uncertainty between 

the three global models, in general, remain small across these horizons. In the case of tem-

perature, it has been identified that the differences between the 48 h versus 24 h forecasts 

and the 72 h versus 24 h forecasts are more relevant in the case of GFS-WRF and IFS-WRF 

than in the case of AIFS-WRF. When comparing the 48 h forecast versus 24 h and 72 h 

versus 24 h temperature, MAGE increases of 5% and 6% are identified for GFS-WRF and 

IFS-WRF, respectively, while in the case of AIFS-WRF, the difference is practically zero. 

The results obtained from the deterministic numerical comparison are similar to those 

obtained in [42] in the same region (Huelva) using GFS as initial conditions and lateral 

boundary conditions. 

The analysis of diurnal cycles provides insight into time-of-day biases in model per-

formance. For temperature, the underestimation is most pronounced during midday, 

when temperatures peak. At night, coastal stations such as El Arenosillo and Cartaya 

Pemares show a tendency for the models to overestimate temperature. Wind speed over-

estimation is most evident in Huelva Ronda Este during daytime hours, while nighttime 

patterns are more variable, with slight over- and underestimations of light winds. Coastal 

stations consistently show overestimation throughout the day, particularly in El 

Arenosillo, with AIFS-WRF producing the highest daytime wind speed overestimation, 

which may lead to exaggerated horizontal pollutant dispersion. Relative humidity pat-

terns vary by location. In Huelva Ronda Este, underestimation is most pronounced during 

midday, while coastal stations show overestimation throughout the day. At night, mod-

elled and observed values align closely in Huelva Ronda Este, whereas coastal stations 

exhibit slight underestimations. These patterns remain consistent across all forecast hori-

zons. 

The diurnal evolution of the planetary boundary layer height (PBLH) is well cap-

tured by all three WRF configurations, with no significant differences in timing or magni-

tude. Maximum discrepancies of up to 200 m are observed, likely because PBLH is pri-

marily governed by WRF’s internal physics rather than external initialisation data. 

Wind rose analysis reveals subtle differences in wind direction forecasts. While 

MAGE results are similar across configurations, IFS-WRF and AIFS-WRF produce nearly 

identical wind roses, both identifying NNW as the dominant wind direction. In contrast, 

GFS-WRF identifies SSW as dominant and shows a stronger tendency to forecast westerly 

winds (50%), compared to 48% and 47% for IFS-WRF and AIFS-WRF, respectively. Obser-

vations indicate that westerly winds occurred 55% of the time. 

Despite the numerical similarity in wind forecasts, visual inspection highlights rele-

vant differences. AIFS-WRF tends to simulate higher wind speeds during daytime hours, 

with negligible differences at night. Spatially, IFS-WRF and AIFS-WRF show greater con-

sistency with each other than with GFS-WRF, reflecting the inherent similarities between 

the IFS and AIFS global models. These discrepancies influence the simulation of mesoscale 

phenomena such as sea breezes and calm zones. For instance, on 27 April 2025, offshore 

winds reached Huelva at different times, with varying intensities and directions 
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depending on the model (Figure 9). Such differences are particularly relevant for assessing 

pollutant transport from nearby industrial areas to the urban area. 

The geographic distribution of the planetary boundary layer height (PBLH) is found 

to be very similar across the three WRF configurations. Nonetheless, differences of 100–

200 m are identified, although modest in magnitude, may significantly influence pollutant 

dispersion forecasts when WRF outputs are used as input for dispersion or photochemical 

models. These variations affect the volume available for mixing pollutants within the con-

vective boundary layer, thereby altering the predicted concentration levels. 

The comparison of vertical temperature profiles between WRF simulations and radi-

osonde data reveals strong agreement at 12 UTC for both analysed episodes. All three 

configurations diagnose unstable thermal stratification, favouring vertical mixing. How-

ever, at 00 UTC, notable discrepancies emerge both among the simulations and in com-

parison with radiosonde observations. A near-surface temperature inversion is diagnosed 

at 00 UTC in both episodes, reproduced by GFS-WRF on 24 and 27 April, while IFS-WRF 

and AIFS-WRF only capture this inversion on 27 April. Additionally, the altitude and in-

tensity of the maximum temperature vary across simulations. For 24 April, IFS-WRF and 

AIFS-WRF deviate from observed profiles within the first 700–800 m, potentially impact-

ing dispersion forecasts due to the stable stratification associated with thermal inversions. 

From the quantitative analysis of numerical validation of the variables temperature 

and wind velocity at height, and considering, in the analysis, the first eight vertical levels 

from the Earth’s surface, it is identified that for 24 April at 00 UTC, the GFS-WRF config-

uration is the one that provides the best results, with values of 0.6 °C and 1.9 m/s of MAGE 

of temperature and RMSE of wind, respectively, while the values of IFS-WRF and AIFS-

WRF are 1.2 °C and more than 3 m/s. This behaviour is also reproduced during the episode 

of 27 April at 00 UTC, obtaining values of MAGE of temperature of 0.9 °C and RMSE of 

wind speed of 1.7 m/s for GFS-WRF, while the values for IFS-WRF and AIFS-WRF are 

1.2 °C and 2.4 m/s, respectively. However, at 12 UTC, the behaviour is slightly different. 

The temperature MAGEs for GFS-WRF, IFS-WRF, and AIFS-WRF are 0.7, 0.5, and 0.8 °C, 

while the wind speed RMSEs are 1.8, 1.3, and 1.3 m/s, respectively, with IFS providing the 

best results. Similarly, on 27 April at 12 UTC, the temperature MAGEs for GFS-WRF, IFS-

WRF, and AIFS-WRF are 0.8, 0.6, and 0.6 °C, while the wind speed RMSEs are 1.8, 1.4, and 

1.4 m/s, respectively, with IFS and AIFS providing the best results. In the case of wind 

velocity, underestimation is identified in almost all cases, except for IFS-WRF on 24 April 

at 12 UTC, where there is an overestimation of 0.8 m/s. In the case of temperature, mean 

bias values are very close to zero in almost all cases, except for 24 April at 00 UTC where 

an underestimation of 0.6, 1.2, and 1.2 °C is identified for GFS-WRF, IFS-WRF and AIFS-

WRF, respectively. 

Wind speed profiles show greater divergence among simulations and with radio-

sonde data. On 24 April at 00 UTC, GFS-WRF closely matches radiosonde measurements 

within the first 500 m, accurately reproducing near-surface wind shear. In contrast, IFS-

WRF and AIFS-WRF soften this shear. On 27 April at 00 UTC, significant differences are 

observed, with IFS-WRF and AIFS-WRF diagnosing wind speed minima above 1500 m, 

contrary to radiosonde data indicating peak wind speeds at that altitude. At 12 UTC, all 

models simulate looping vertical wind profiles, with minor differences in maximum in-

tensity (1–2 m/s). Between 100 and 1500 m, the simulations show relatively constant wind 

speeds, though discrepancies with radiosonde profiles persist. 

These differences in wind field representation are reflected in the backward trajectory 

analyses. While trajectories derived from GFS-WRF, IFS-WRF, and AIFS-WRF are moder-

ately similar, certain episodes reveal substantial divergence, leading to different conclu-

sions regarding emission sources. For instance, in Episode 1 (24 April), all three simula-

tions identify the likely SO2 source as located south of Huelva, near the Odiel River, an 
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area with concentrated industrial activity. However, in Episode 2 (27 April), GFS-WRF 

again points to southern industrial sources, while IFS-WRF and AIFS-WRF suggest an 

east–northeast origin, where no major SO2-emitting industries are known. This discrep-

ancy suggests that GFS-WRF may offer a more accurate representation in this case. 

Vertical trajectory profiles further highlight differences, particularly between GFS-

WRF and IFS/AIFS-WRF, which again show strong internal consistency. These variations, 

combined with differences in near-surface wind fields and PBLH estimates, explain the 

divergent results in dispersion modelling (Figure 14). For Episode 1, dispersion forecasts 

are broadly similar, though maximum hourly concentrations differ: 157 µg/m3 for GFS-

WRF, versus 132 and 127 µg/m3 for IFS-WRF and AIFS-WRF, respectively. It means that 

the concentration diagnosed by IFS and AIFS are 16% and 19%, respectively, lower than 

those generated when GFS is used, as expected later analysing the meteorological differ-

ences identified. In Episode 2, however, the wind field discrepancies lead to markedly 

different dispersion patterns: GFS-WRF predicts pollutant transport toward Huelva, 

while IFS-WRF and AIFS-WRF forecast westward and west–northwest dispersion. 

Finally, the ventilation index (VI) serves as a clear example of how small differences 

in meteorological inputs can yield divergent air quality forecasts. Although overall VI 

patterns are consistent across simulations, GFS-WRF tends to forecast lower VI values, 

particularly during midday, aligning with its lower wind speed predictions. Diurnal VI 

analyses reveal days with contrasting ventilation conditions across models. For example, 

on 17 April, GFS-WRF forecasts marginal ventilation, while IFS-WRF and AIFS-WRF in-

dicate fair conditions. On 27 April (Episode 2), minimum VI values suggest poor ventila-

tion according to GFS-WRF, marginal with AIFS-WRF, and fair with IFS-WRF. These dif-

ferences could significantly influence the interpretation of pollutant dispersion and expo-

sure risk. 

It is important to note that the differences identified in weather forecasts using GFS, 

IFS, or AIFS with WRF can lead to significant changes in decision-making or air quality 

management. The different backward trajectories identified during Episode 2 may lead to 

different identifications of the emission sources responsible for the episode. Or the differ-

ences identified in the forecast of ventilation conditions may lead to more or less stringent 

decisions regarding emission reduction requirements. 

The authors want to remark that the comparison between GFS/IFS/AIFS-WRF was 

made based on publicly available information from the three global models, as the objec-

tive was to analyse operational implications. It should be emphasised that the character-

istics of the publicly available information at the time of this investigation differed from 

the three models, both in terms of vertical resolution and time frequency as explained in 

Section 2.2.2. These differences, given that the global models are being used to initialise a 

mesoscale model like WRF, are undoubtedly affecting the results obtained in this investi-

gation. If the three global models had at least the same or similar vertical resolution, the 

differences obtained in the PBL forecast or the wind field would be expected to be smaller. 

5. Conclusions 

Three global models like GFS, IFS and AIFS have been used as initial and boundary 

conditions for the mesoscale model WRF. A comparison of the results forecasted for every 

one of these models has been made, focusing on the meteorological variables that affect 

air dispersion more. Furthermore, backward trajectory analysis, dispersion modelling and 

ventilation index have been used as tools to compare the results obtained by every kind 

of simulation: GFS-WRF, IFS-WRF, and AIFS-WRF. The main conclusions achieved 

through this research include the following: 

• The choice of the global initialisation model has a minimal impact on overall forecast 

accuracy for wind speed and wind direction, and only slightly better results have 
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been found for temperature and relative humidity when IFS is used as global initial-

isation model. 

• Compared to the findings of [42], WRF parameterisations and the use of high-reso-

lution physiographic datasets, such as topography and land use, play a more signif-

icant role in the performance of meteorological simulations. 

• Noticeable differences were observed in wind pattern representation and the estima-

tion of the PBLH. These differences, which originate from the global initialisation 

model, can lead to divergent conclusions regarding pollutant dispersion, the contri-

bution of various emission sources to concentration levels, and decision-making in 

air quality management. 

• The findings of this research may also support the development of probabilistic air 

quality forecasting systems based on ensemble approaches. 

Some areas of limitations and improvement are identified for this research work. Thus, 

the following activities are considered for future work: 

• To couple a photochemical model in long-term simulations to assess the impact of 

different global models used to initialise WRF on air quality forecasts using real local 

emissions. 

• To evaluate the influence of global model initialisation on other key meteorological 

variables, such as precipitation. 

• Additionally, future studies could benefit from estimating PBLH using the method-

ology proposed by [63] and comparing those values with WRF outputs. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

AEMET National Spanish Meteorological Agency 

AI Artificial Intelligence 

AIFS Artificial Intelligence/Integrated Forecasting System 

ARW Advanced Research WRF 

CCAF Anomaly Correlation 

ECMWF European Centre for Medium-Range Weather Forecasts 

ERA5 ECMWF Reanalysis v5 

GFS Global Forecasting System 

HYSPLIT Hybrid Single-Particle Lagrangian Integrated Trajectory 

LAMs Limited-Area Models 

LBCs Lateral Boundary Conditions 
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m.a.g.l Metres above ground level 

m.a.s.l Metres above sea level 

MAGE Mean Absolute Gross Error 

MB Mean Bias 

NCAR National Center of Atmospheric Research 

RMSE Root Mean Square Error 

SDAF Standard Deviation of Forecast Anomaly 

SEEPS Stable Equitable Error in Probability Space 

USGS United States Geological Survey 

UTC Universal Time Coordinated 

VI Ventilation Index 

WRF Weather Research and Forecasting System 
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