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Abstract: This study addresses the problem of computational cost of transient CFD simulations, 

which rely on iterative time-step calculations, by employing deep learning to generate optimized 

initial conditions for accelerating the Weather Research and Forecasting (WRF) model. To this end, 

we forecasted wind speed for short time frames over Houston region using the WRF model data 

from 2018 to 2022, training the models to predict the wind speed X-component (U). The so-called 

global FNO model, trained across all atmospheric heights, was first tested, achieving competitive 

results. A more refined approach was tested to improve it further, training separate models for each 

altitude level, enhancing accuracy significantly. These ad hoc models outperformed surface and 

middle atmosphere persistence, achieving 27.64% and 20.46% nRMSE, respectively, while 

remaining competitive at higher altitudes. Variable selection played a key role, revealing that 

different physical processes dominate at various altitudes, necessitating distinct input features. The 

results highlight the potential of deep learning, particularly FNO, in atmospheric modeling, 

suggesting that tailored models for specific altitudes may enhance forecast accuracy. Thus, this 

study demonstrates that a deep learning model can be designed to start the iterations of a transient 

simulation, reducing convergence time and enabling faster, lower-cost predictions. 

Keywords: deep learning; WRF; weather forecasting; computational fluid dynamics; artificial 

intelligence 

 

1. Introduction 

Nowadays, state-of-the-art meteorological computational models are important in decision-

making, risk assessment, and investment planning, among several other benefits for modern society. 

They enable accurate weather forecasting, which aids daily activities, agriculture, and energy 

management [1,2]. These models can also predict severe weather events, saving lives and reducing 

economic losses [3,4]. In a broader sense, they are key to understanding climate change, enabling the 

analysis of trends, and permitting the development of strategies for adaptation and mitigation [5,6]. 

Meteorological models are also applied to support the monitoring of air quality [7,8], issue alerts 

for at-risk populations [9,10], and predict weather-influenced disease outbreaks [11,12]. They may 

enhance transportation safety, guide resilient infrastructure design, and improve emergency 

response and resource allocation. Furthermore, from an economic perspective, they support 

industries like insurance and logistics by assessing risks and optimizing operations [13,14]. 
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Additionally, they drive advancements in atmospheric science, improving our understanding of 

weather and climate impacts [15–17]. 

The Weather Research and Forecasting (WRF) model is a extensively used meteorological 

computational tool that fits seamlessly into this context as a powerful framework for atmospheric 

research and operational forecasting [18]. Developed collaboratively by institutions such as the 

National Center for Atmospheric Research (NCAR) [19], WRF is designed to provide high-resolution 

and accurate weather predictions, making it invaluable across numerous applications, including the 

support of daily planning, agricultural optimization, and renewable energy management [20–23]. Its 

high spatial and temporal resolution makes it suitable for predicting localized severe weather events 

like hurricanes, tornadoes, and floods, thus playing a critical role in disaster preparedness and 

response [3,22]. 

In this sense, WRF serves as an essential tool in public health, where it also aids in air quality 

modeling by forecasting pollutant dispersion and supporting early warnings for vulnerable 

populations [24,25]. 

The Weather Research and Forecasting (WRF) model employs a Computational Fluid Dynamics 

(CFD) paradigm specifically developed for atmospheric processes. WRF solves the Navier-Stokes 

equations and additional equations for thermodynamics, moisture, and other atmospheric 

properties. These equations are solved numerically using advanced discretization techniques to 

simulate the atmosphere’s behaviour. 

General-purpose CFD models, such as OpenFOAM and ANSYS Fluent, are designed to simulate 

fluid flows in a variety of settings (e.g., pipes, turbines) [26–28], while WRF specializes in simulating 

fluid dynamics in the Earth’s atmosphere. It incorporates physical processes like radiation, cloud 

microphysics, surface interactions, and boundary layer turbulence, which are critical for weather and 

climate modeling [29]. 

In a similar way as a transient CFD model works, WRF uses iterative processes to search for 

future values. Most of the processing time in WRF is iterating to achieve convergence of the solution. 

WRF starts the iterations using the latest value, which entails high computational costs to achieve 

convergence. To be more specific, when a CFD model starts the iterations of a new time step, it uses 

the variable fields of the last result to start the iterative calculation of the new values until 

convergence is achieved. In this context, employing a strategy that initiates iterations with values 

closer to the future value results in a significant reduction of computational resources in terms of time 

and economic costs. 

Thus, this study aims to demonstrate, via a proof of concept, that artificial intelligence tools can 

be used to generate solution fields that approximate future hourly values more closely than simply 

using the current value. Machine learning and deep learning communities denotes the last variable 

field as the “persistence model”. Thus, it can be seen that, if an improved field closer to the final result 

is applied to start the CFD iterations, the converged solution will be reached earlier. Using such fields 

to initiate temporal iterations makes it possible to achieve convergence in a significantly lower 

number of WRF convergence iterations, producing results in less time and with potentially significant 

computational savings. This initial guess commonly applied in CFD, which consists of using the latest 

fields to start the temporal iterations, is referred to throughout the whole manuscript as the 

“persistence” model. 

2. Literature Review 

Physics-Informed Neural Networks (PINNs) are a class of Deep Learning approaches that aim 

to merge physical laws into neural network architectures for solving partial differential equations 

(PDEs). Unlike traditional deep learning models, PINNs use mechanisms to induce predictions to 

adhere to governing equations, targeting accuracy and generalizability, particularly with limited 

data. PINNs provide an efficient alternative to computationally expensive numerical methods, 

making them suitable for inverse problems and high-dimensional PDEs [30]. Recent research reports 

PINNs’ success in fluid mechanics, heat transfer, and materials science, working on improving their 
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capability to reconstruct velocity fields and model stress-strain relationships. PINN frameworks 

could even outperform experimental correlations and other data-driven methods, providing more 

reliable predictions in complex physical systems [31]. 

However, challenges such as spectral bias and optimization difficulties persist., Despite their 

good results, PINNs are commonly developed in ad-hoc situations, thus requiring a specifically 

developed architecture and weights for each problem. Strategies like adaptive loss weighting and 

hybrid approaches are being explored to enhance performance [32]. Under this ecosystem, the Neural 

Operators are developed to promptly solve classes of ODEs/PDEs. Pre-trained Neural Operators can 

also serve as surrogates to represent the physical relationships in addressing hybrid problems. This 

capability is regarded as one of the major functions of Neural Operators in the literature, since they 

mimic the physical representation of each one of the parcels of a PDE. 

Nevertheless, there is always an inherent set of different noises in PINN solution development, 

which is probably caused by the nature of neural networks [33]. As statistical models, they tend to 

“blur” the solution as the optimization process progresses, potentially impacting accuracy [34]. The 

baseline PINN has been noted to struggle with convergence and accuracy when solving “stiff” PDEs. 

Addressing this limitation, the Self-Adaptive PINNs (SA-PINNs), a fundamentally new approach to 

train PINNs adaptively, have been introduced. This methodology dynamically adjust the training 

process to enhance both stability and accuracy. 

The L² Physics-Informed Loss is the prevailing standard for training PINNs, commonly 

employed alongside additional loss terms that enforce compliance with fundamental physical laws, 

such as mass and energy conservation. However, this approach poses challenges due to the complex 

interplay between the overall loss function and the fidelity of the learned solution. PINNs often 

exhibit a smoothing effect, as the imposed physics-based constraints mitigate but do not entirely 

eliminate deviations from physical consistency. In conventional Computational Fluid Dynamics 

(CFD) simulations, users explicitly define error thresholds to establish convergence criteria, ensuring 

controlled numerical accuracy. In contrast, neural network-based approaches lack an equivalent 

mechanism for precisely defining stopping conditions, which complicates their integration into 

traditional numerical frameworks. Although PINNs have not yet achieved the same level of accuracy 

and reliability as CFD solvers for general problem-solving, their incorporation into numerical 

simulations presents promising opportunities. This study investigates the potential of utilizing 

PINNs to enhance the initialization of transient CFD simulations, aiming to improve computational 

efficiency and accelerate convergence. 

3. Methodology 

3.1. The Study Area 

The study area is geographically located between the latitude coordinates 28.180214°N and 

31.322086°N, and the longitude coordinates 97.1828°W and 93.5202°W, encompassing the city of 

Houston, Texas, and its surrounding regions. This area includes both urban and rural landscapes, 

offering a diverse range of environmental and climatic conditions for investigation [35,36]. The region 

under investigation is depicted in Figure 1. 
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Figure 1. Image of the study location, highlighted by the yellow square [37]. 

The proximity of Houston to the Gulf of Mexico makes the region particularly influenced by 

maritime weather systems, such as hurricanes, intense convective activity, and high humidity levels 

[38,39]. The city’s dense urban infrastructure also creates localized phenomena, such as urban heat 

islands, which interact with broader atmospheric dynamics [40,41]. The region is characterized by 

complex wind regimes shaped by coastal and inland influences. These include consistent 

southeasterly winds originating from the Gulf of Mexico, which dominate much of the year, as well 

as periodic shifts driven by frontal systems and cyclonic activity. These variable wind patterns 

significantly affect local weather, pollutant dispersion, and energy resource management, making 

them a critical factor in this study [42–45]. 

Selecting this region offers an opportunity to test and validate the use of artificial intelligence 

tools for improving initial conditions in transient CFD-based meteorological models like WRF. By 

focusing on a geographically and climatically dynamic area with intricate wind regimes, the study 

aims to enhance weather simulations’ computational efficiency and accuracy, particularly in 

scenarios involving evolving weather systems rapidly. 

3.2. Data Specifications and Variable Definitions 

The study utilizes high-resolution meteorological data generated by the WRF model. The dataset 

is divided into two periods to facilitate the training and testing of the proposed methodologies. The 

dataset has a time resolution of 1 hour. 

The training dataset comprises WRF simulation outputs spanning three years, from 2019 to 2021. 

This dataset captures a wide range of atmospheric conditions, including seasonal variations, extreme 

weather events, and changes in local wind regimes, aiming for a robust training process. Including 

several predictive parameters is often beneficial, deeming the model capable of generalizing across 

diverse scenarios [42,46]. 

For testing purposes, the study employed WRF simulation data from 2022. This separated 

dataset allows for an independent evaluation of the proposed methods, ensuring that the results 

accurately reflect the model’s ability to predict future conditions without bias from the training data 

[47,48]. 
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WRF output files contain numerous meteorological and environmental variables, including 2D 

surface fields and 3D atmospheric profiles. The variables were limited to a shorter list of key 2D and 

3D attributes (Tables 1 and 2) to streamline the analysis and maintain consistency with the 

simulations. This focused selection ensures that the inputs used in the AI-based initialization are 

directly aligned with those employed in the actual WRF simulations. This improves the 

computational efficiency and preserves the critical information needed for accurate predictions. 

Table 1. List of 2D variables present in the WRF simulations and used in the variable selection process. ‘Times’ 

is a 1D variable, but it is inserted here for the sake of space. 

WRF name Units Description 

’Times’ hh:mm:ss Time 

’XLAT’ degree Latitude of the collocated grid 

’XLONG’ degree Latitude of the collocated grid 

’XLAT_U’ degree Latitude of the staggered grid in the X direction 

’XLONG_U’ degree Longitude of the staggered grid in the X direction 

’XLAT_V’ degree Latitude of the staggered grid in the Y direction 

’XLONG_V’ degree Longitude of the staggered grid in the Y direction 

’COSZEN’ degree Cosine of the Zenith Angle of the Sun 

’PSFC’ Pa Surface Pressure 

’T2’ K 2-meter Temperature 

’Q2’ kg water vapor/kg air 2-meter Specific Humidity 

’U10’ m/s 10-meter U-Component of Wind 

’V10’ m/s 10-meter V-Component of Wind 

’SST’ K Sea Surface Temperature 

’TSK’ K Skin Temperature 

’TSLB’ K Soil Temperature at Specified Layers 

’HGT’ m Geopotential Height 

’ALBEDO’ Fraction (0-1) Surface Albedo 

Table 2. List of 3D variables present in the WRF simulations and used in the variable selection process. 

WRF name Units Description 

‘U’ m/s U-Component of Wind 

‘V’ m/s V-Component of Wind 

‘W’ m/s W-Component of Wind 

’T’ K Air Temperature 

’THM’ K Moist Potential Temperature 

’QVAPOR’ kg water/kg dry air Water Vapor Mixing Ration 

’QCLOUD’ kg water/kg air Cloud Water Mixing Ration 

’QRAIN’ kg rainwater/kg air Rainwater Mixing Ratio 

’P’ Pa Perturbation Pressure 

’P_HYD’ Pa Hydrostatic Pressure 

’PB’ Pa Perturbation Base-State Pressure 

The latitude-longitude data and wind speed components (U, V, and W) were always included 

as inputs for all developed models. Additional auxiliary variables were tested separately to evaluate 

their impact on the performance of the models. The target variable for prediction was maintained 

consistently throughout this work as the X-direction wind speed component, ’U’, reflecting the proof-

of-concept nature of the study. The aim is to focus on a single output variable, allowing for a more 

concise and objective presentation and analysis of the results, ensuring clarity and allowing a direct 

analysis. 

This study limited the number of time steps used to predict the next step to two. This choice 

aligns with the standards applied by Microsoft Aurora and was adopted for computational efficiency 
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and memory usage considerations [49]. The approach balances predictive accuracy with resource 

constraints by leveraging a minimal yet effective input size, making it feasible for operational 

meteorological applications. 

Including hourly resolution data, using two timesteps, consistent use of wind and spatial 

variables, and reduced/optimized variable set ensure that both short-term and long-term 

atmospheric phenomena are accurately represented. These decisions collectively aim to enhance the 

reliability of the proposed techniques while maintaining the computational efficiency necessary for 

transient CFD models like WRF. 

3.3. Applied Deep Learning Models 

To evaluate the feasibility of using artificial intelligence to improve the initialization process of 

transient CFD models, two distinct deep learning architectures were tested: a Multilayer Perceptron 

(MLP) Network and a Fourier Neural Operator (FNO) Network. Each model was chosen for its 

capabilities to address the specific comparisons carried out in this work. 

The Multilayer Perceptron (MLP) is a feedforward neural network where every neuron in one 

layer is connected to every neuron in the next layer. It is well-regarded for its simplicity and 

versatility in learning structured datasets, and it is theorized to serve as a universal function 

approximator [50]. An incremental approach of the hyperparameters was adopted to determine an 

optimal configuration. Initially, a zero hidden layer architecture was tested, where the network 

consisted only of an input layer and an output layer, providing a baseline for direct input-output 

mapping. Subsequently, the number of neurons in the input and output layers was varied. The best 

performance was achieved with 1024 neurons. 

Once this configuration was established, the number of hidden layers was tested while freezing 

the number of neurons at 1024 per layer. The results revealed that the best outcomes on the testing 

dataset occurred when the network had 0 hidden layers, confirming that a shallow network was 

sufficient to capture the link between the inputs and the target variable (U, the X-axis component of 

wind velocity). For this setup, the Root Mean Squared Error (RMSE) for the testing set was 4.7551 

m/s. While this result served as a useful baseline, it will be shown that the FNO significantly 

outperformed the MLP, demonstrating its suitability for the complex spatiotemporal patterns 

inherent to the WRF dataset. 

The FNO represents a more advanced methodology tailored for learning operators in PDEs. 

Unlike traditional neural networks, the FNO models the solution operator, allowing it to predict not 

only a single instance but multiple instances simultaneously [28]. This property makes the FNO 

highly generalizable and capable of capturing a broader range of solution cases, as it is not 

constrained to a specific instance or condition. In our study, this feature was leveraged by training 

and testing the FNO across a variety of conditions. 

The FNO’s hyperparameters were optimized over two rounds (no more than that was needed), 

where the following parameters were systematically tested in sequence: 

1. The size of the final hidden layer; 

2. The number of Fourier modes, in powers of 2 (from 1 to 16); 

3. The width, defined as the number of transforms applied to the Fourier modes; 

4. The number of stacked Fourier layers, also in powers of 2 (from 1 to 16). 

Via this iterative optimization process, the best architecture was found to have 1024 neurons in 

the final hidden layer, 16 Fourier modes, a width of 48, and only one Fourier layer. This configuration 

achieved a final testing RMSE of 1.2544 m/s, showcasing a significant improvement over the MLP 

model. The schematics of the used FNO architecture is presented in Figure 3. 
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Figure 3. The selected FNO architecture. 

For this step, the choice of input variables is aimed at maintaining the physical consistency of 

the system. We started with variables considered relevant to the underlying physics, and the initial 

dataset was limited to the following: 

• 3D variables: U, V, W (wind speed components in X, Y, and Z directions) and T (temperature). 

• 2D variables: latitude-longitude, while U10 and V10 (wind speed components at 10 m above 

the surface) were used to provide information on surface conditions. 

The presented selected auxiliary variables were used as inputs, while the target variable was the 

X-direction wind speed component (U). The decision to predict a single output variable was made 

results more concisely since the results obtained are intended to be proof of concept, which can be 

expanded later to a complete weather forecasting application. 

The FNO’s reliance on Fourier transforms enables it to efficiently model spatial and temporal 

interactions, making it particularly well-suited for the distributed and transient nature of WRF data. 

The results highlight the FNO’s potential to reduce computational costs and enhance numerical 

weather prediction systems by accelerating the convergence of transient CFD models. 

3.4. Variable Selection 

In this study, the initial approach to variable selection involved applying a single model across 

all Z-levels, encompassing and predicting all vertical layers in the dataset, what we call here and 

throughout the remainder of this manuscript “the global model”. However, as it will be 

demonstrated later, this approach can be modified and enhanced by using one model per reference 

height, totaling 34 individual height levels. This adjustment aligns with the distinct atmospheric 

conditions that exist at different altitudes and allows for a more tailored and precise modeling 

approach. 

The initial variable set used in the modeling process included U, V, and W (wind speed 

components in the x-easting, y-northing, and z-elevation directions), T (temperature), and U10 and 

V10 (wind speed components at 10 meters above ground level). This selection is consistent with the 

variables chosen for the FNO model discussed in the previous subsection. 

A systematic, iterative process was implemented to refine the input variables and enhance 

prediction accuracy. In each round of testing, all available variables from the dataset (but U, V, W, 

and latitude-longitude, which were always kept) were considered as potential substitutes for the 

original set. The process alternated between testing only 2D variables (e.g., surface variables) and 

testing only 3D variables (e.g., variables across vertical layers). 
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The two-dimensional (2D) variables’ surface-specific characteristics often result in minimal 

coupling with higher-altitude atmospheric dynamics. Consequently, if the inclusion of a given 2D 

variable in an iteration failed to yield a contraction in the RMSE, it was systematically excluded from 

subsequent training rounds to optimize model performance. In contrast, three-dimensional (3D) 

variables were retained across all iterations, as their incorporation consistently led to RMSE 

improvements. This persistent enhancement underscores the critical role of vertical atmospheric 

profiling in accurately resolving the physical mechanisms governing wind flow dynamics within the 

computational fluid dynamics (CFD) framework. 

Finally, the variable set comprising HGT (height, 2D), QVAPOR (water vapor mixing ratio, 3D), 

and THM (perturbed moist potential temperature, 3D) emerged as the best-performing set for the 

case of using a single model across all Z-levels. This selection highlighted the relevance of combining 

surface and vertical atmospheric variables to accurately represent the physical conditions affecting 

wind flow. 

The selection rounds continued until no further improvement was observed in the testing RMSE. 

This iterative optimization allowed us to determine the most relevant variables for predicting the 

target output, ensuring that unnecessary inputs were excluded and that computational efficiency was 

maintained (Figure 2). 

 

Figure 2. Results for the variable selection process using the training and test sets. This step regards the “global 

model”, as explained, the one that predicts U for all the Z-levels simultaneously. Even though the best result 

was achieved for ‘HGT’+’QVAPOR’+’THM’, all the presented variable sets were used later to assess the localized 

models, developed specifically for each Z-level. 

This methodology aimed to underscore the importance of variable selection in reducing model 

complexity and improving prediction accuracy using the lowest computer resources. The transition 

from a universal model across all Z-levels to individualized models per height, combined with an 

optimized variable set, presented in the next section, forms the foundation for the enhanced results 

presented in this study. 
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4. Results and Discussion 

4.1. Global Model Performance 

To assess the overall accuracy of the proposed approach, the performance of the global model, 

which simultaneously utilizes and predicts variables across all z-levels, was evaluated using a 

normalized metric. The RMSE values were normalized by dividing them by the average absolute 

value of the U velocity component across the entire domain [51]. This normalization facilitates a 

clearer interpretation of the model’s performance by providing a relative measure of error magnitude 

in relation to the predicted variable. 

𝑛𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸

∑𝑖
𝑛|𝑈𝑖|
𝑛

 

 (1) 

For the global model, the resulting normalized RMSE (nRMSE) was 17.15%, indicating the 

percentage deviation from the expected values. In contrast, the persistence model, which represents 

the baseline approach commonly used in all CFD transient algorithms (e.g., [51,52]), where the 

velocity field of the previous time step is directly applied to the next step, achieved a lower nRMSE 

of 13.69% for the entire 3D domain. 

The performance of the global model was further analyzed at three specific Z-levels: 0 (surface), 

16 (middle atmosphere), and 33 (top of atmosphere). The results indicated that the global model did 

not outperform the persistence approach at any of these levels. At Z-level 0 (surface), the normalized 

root mean squared error (nRMSE) of the global model was 41.93%, whereas the persistence model 

achieved a lower error of 33.37%. The increased error at the surface is likely attributed to the presence 

of strong gradients caused by irregular terrain, boundary layer effects, and additional constraints 

imposed by empirical models used to approximate surface interactions, all of which introduce further 

uncertainties. [54]. 

At Z-level=16 (middle atmosphere), the nRMSE was 29.84%, while the persistence approach 

achieved 26.55%. The results at this altitude are closer between the two models, probably because the 

atmosphere becomes more predictable and stable, reducing variability and making persistence a 

more practical approach [53]. 

Finally, at Z-level=33 (top of atmosphere), the nRMSE was 12.30%, whereas the persistence 

model reached a significantly lower 6.32%. Even though the global model improved its performance 

at this height due to the more stable atmospheric conditions, it still did not outperform the persistence 

model. Furthermore, the improvement observed for the global model at this level was not as 

significant as at the lower levels, leaving its error almost twice as large as that of persistence. 

The results obtained indicate that a single global model does not outperform the persistence 

model, at least for the optimized FNO model. This suggests that the current approach may not fully 

capture the dynamics of the atmosphere at different heights. Some factors may explain these results: 

1. Lack of Height-Specific Modeling: The persistence model benefits from the natural continuity of 

the atmospheric flow, whereas the deep learning model needs to generalize across all heights. 

Studies such as [54] suggest that stratified modeling can significantly enhance predictive 

performance, where different models are trained for different atmospheric layers. 

2. Boundary Layer Effects: Near-surface wind flows are influenced by topography, land use, and 

temperature variations, which cause strong local gradients and turbulence [55]. The inability of 

the global model to properly learn these effects might be a reason why it underperformed 

compared to persistence at Z-level 0. 

3. Predictability of Atmospheric Layers: The results at Z-level=16 show that the atmosphere is more 

predictable at mid-altitudes, which aligns with previous findings that suggest lower turbulence 

and more stable wind regimes at these heights [56]. This explains why persistence and the global 

model performed similarly. 

4. Impact of Training Data and Physical Constraints: The FNO model was trained using PINN 

principles, yet its ability to fully integrate the governing physics of the atmosphere might still be 
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limited compared to conventional numerical weather prediction (NWP) models. Hybrid 

approaches that combine FNO architectures with physics-based constraints have shown 

promise in recent literature [57]. 

These findings reinforce the need to refine our methodology. A promising alternative would be 

to apply height-dependent models, where a different FNO network is trained for each height level, 

ensuring that each model learns the specific characteristics of wind dynamics at its respective 

altitude. This will be further explored in the next section. 

4.2. Specific Z-Levels Ad Hoc Models 

This section presents the results of training separate models for each Z-level, which significantly 

improved performance compared to using a single global model for the entire 3D domain. The 

specialized models outperformed persistence for both the surface (Z = 0) and middle atmosphere (Z 

= 16). In contrast, at the top of the atmosphere (Z = 33), the results were slightly worse than persistence 

but still highly competitive. 

Figure 4 illustrates these findings, highlighting the impact of height-specific modeling. For the 

surface level (Z = 0), the optimized FNO model achieved an nRMSE of 27.64%, outperforming the 

persistence model, which yielded 33.37%. The best-performing variable set for this level consisted of 

‘HGT’, ‘QVAPOR’, ‘THM’, and ‘P’. At the middle atmosphere (Z = 16), the FNO model further 

improved over persistence, with an nRMSE of 20.46% compared to 26.55%, using the variables ‘HGT’, 

‘QVAPOR’, and ‘THM’. At the top of the atmosphere (Z = 33), the nRMSE was 7.95% for FNO, while 

persistence performed slightly better at 6.32%, with the best variable set comprising only ‘HGT’ and 

‘QVAPOR’. 

 

Figure 4. Normalized RMSE (nRMSE) Comparison for Z-Level Models (bars) vs. Persistence (dotted lines). The 

colors of the bars match the colors of the lines, for each case (Z-level). 

These results align with previous atmospheric modeling and machine learning findings for 

weather prediction. Several studies emphasize that near-surface wind prediction is particularly 

challenging due to the influence of orography, boundary layer turbulence, and localized surface 

conditions [58,59]. The improvement seen at Z = 0 with the ad-hoc model can be attributed to better 

handling of these complex near-surface interactions, as the inclusion of pressure (P) appears to have 

contributed to refining the model’s predictions. In contrast, at Z = 16, the atmosphere is already more 
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stable, which reduces the impact of localized disturbances, making the FNO model even more 

effective. 

At the top of the atmosphere, the slight underperformance compared to persistence suggests 

that the model is not yet fully capturing the larger-scale atmospheric dynamics that dominate at these 

heights. However, the small difference in error indicates that the FNO approach remains competitive. 

Similar findings have been reported by [60], who showed that machine learning models tend to 

struggle with upper-atmosphere predictions unless explicitly trained with large-scale flow features. 

Another key insight from this analysis is that, as altitude increases, fewer variables are needed 

to achieve optimal results. This observation is probably due to the atmosphere’s increased stability 

and the lower influence of complex terrain interactions at higher altitudes. This trend is consistent 

with studies on numerical weather prediction, which indicate that lower atmospheric levels require 

more detailed parameterizations due to their interaction with the Earth’s surface, while higher-

altitude predictions benefit primarily from large-scale flow patterns [61]. 

Overall, the results confirm that height-specific modeling provides a significant advantage in 

transient wind field predictions. The FNO-based approach, when applied separately for each Z-level, 

successfully reduced prediction errors and demonstrated strong potential for improving atmospheric 

simulations over conventional persistence models. 

Figures 5–7 illustrate the case of a specific time step for each studied Z-level (respectively 0, 16, 

and 33). It visually assesses the FNO model’s performance at distinct altitudes. As observed, the 

model’s accuracy improves with increasing height, aligning with findings from similar studies. 

Nevertheless, it can be seen how the color patterns of the modeled fields properly reproduce the 

ground truth pattern. 

 

Figure 5. Example of the ‘U’ wind speed component field for Z-level=0 (earth’s surface), specifically for the first 

modeled time step (2, since time steps 0 and 1 must be used as inputs). The ground truth is presented on the top-

left plot, the top-right plot is the modeled field, and their difference is shown on the bottom-right plot. 
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Figure 6. Same as Figure 5, for Z-level=16 (mid-atmosphere). 

 

Figure 7. Same as Figure 5, for Z-level=33 (top-of-atmosphere). 

To close the comparison, Figure 8 illustrates the variation of the nRMSE across the WRF 

atmospheric levels, comparing the performance of the persistence model with the ad hoc models 

developed for each level. The results indicate that the ad hoc models consistently outperform the 

persistence approach from the surface up to the mid-atmosphere. Beyond level 20, the performance 

of both approaches becomes comparable, and at the top of the atmosphere, the discrepancies are 
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negligible. The proposed methodology is particularly advantageous as it significantly reduces the 

error in most of the atmosphere, especially in regions with more intense variations, where CFD 

models will have a higher computational load to achieve convergence. This further highlights the 

importance of employing the developed models instead of relying on a simple persistence approach. 

 

Figure 8. Comparison of the performance of the developed models against Persistence, for several Z-levels, from 

the surface to the top-of-atmosphere. 

Similar results may be found in the literature. For instance, in [62] the FNO model demonstrated 

varying performance across distinct urban layouts and wind scenarios. While the results indicated 

that the FNO model could offer accurate prediction and achieve a remarkable 99% reduction in the 

required computational time, its ability to generalize to new wind directions proved challenging. 

This suggests that FNO model’s performance is shaped by the complexity of the environment and 

the specific conditions it is applied. 

Similarly, in [63], the authors investigated the application of machine learning models to predict 

wind speeds at higher altitudes based on data from lower levels. Their findings revealed that wind 

speed value at higher altitudes are directly influenced by the corresponding value at lower altitudes 

for a same geographical location. This indicates that machine learning models can properly capture 

altitude-dependent relationships, leading to accurate predictions at higher levels. 

These studies show that the FNO model’s performance improves with altitude, likely due to the 

decreasing complexity and increased predictability of atmospheric conditions at higher levels. The 

visual evidence provided in Figure 5 underscores this trend, highlighting the model’s enhanced 

accuracy as height increases. 

Other studies have shown the feasibility of Fourier-based approaches for atmospheric modeling. 

The model proposed by Pathak et al. [64] was built upon a Fourier Neural Network, used reanalysis 

data from the ERA5 dataset for training and validation, and successfully predicted wind speed for 

both land and sea regions. Differently from our study, however, their work found that increasing the 

number of attributes returned improved results by the model. This might be attributed to the fact 

that their model seeks a more general approach than ours and would benefit further from more 

spatiotemporal information provided by the input attributes. Contrarywise, the ad hoc models 

proposed in our study are tailored for specific atmospheric interactions, thus requiring different input 

attributes for each scenario, as the scenario’s complexity decreases with higher altitudes. 

In another study [65], the authors developed the Local-FNO model for modeling the 

microclimate of their study site. Their results highlighted that the model using local information for 

the location reached better outcomes than the vanilla FNO approach for wind dynamics modeling 
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for different building geometries. Their findings corroborate the superior efficiency of the ad hoc 

methodologies presented in this work on capturing local patterns. 

5. Conclusions 

This study developed and investigated a proof of concept on applying deep learning techniques 

for wind speed prediction using a Fourier Neural Operator (FNO) and a Multilayer Perceptron 

(MLP). The models were trained and tested with WRF-generated data for Houston from 2018 to 2022, 

focusing on predicting the X-direction wind speed component. The MLP was used primarily as a 

baseline, achieving a testing RMSE of 4.75 m/s, while the optimized FNO significantly outperformed 

it, reducing the RMSE to 1.25 m/s. 

We initially trained a single global model across all Z-levels, which, despite its advanced 

architecture, still did not outperform the persistence model for wind prediction. Normalized RMSE 

values revealed that the global model reached an nRMSE of 17.15%, compared to 13.69% for the 

persistence model 

To improve upon these results, we implemented and tested Z-level-specific models, significantly 

enhancing the performance at lower altitudes. At the surface (Z=0), our optimized FNO model 

achieved an nRMSE of 27.64%, outperforming persistence at 33.37%. In the middle atmosphere 

(Z=16), the nRMSE improved to 20.46%, compared to 26.55% for persistence. For the top of the 

atmosphere (Z=33), although persistence still outperformed our model (6.32% vs. 7.95%), the results 

remained highly competitive, which can help implement a fully automated process. This process 

shall benefit from using the model output to start the iterative process of the transient CFD solution, 

which is slow and has a high computational demand. This will require fewer iterations, optimizing 

processing time, and its associated financial costs. 

Variable selection played a relevant role in model optimization. While all models always used 

latitude-longitude data and wind components, we tested auxiliary variables to pinpoint the most 

pertinent attributes for each height. The optimal feature sets varied across Z-levels, suggesting that 

different physical phenomena dominate wind behavior at different heights. At lower levels, the 

inclusion of HGT, QVAPOR, THM, and pressure yielded the best results, while higher-altitude 

models required fewer input variables, likely due to the increasing stability of the atmosphere. 

The study case provided visual confirmation of model performance, reinforcing that FNO’s 

effectiveness improves with altitude. This aligns with previous studies demonstrating that machine 

learning-based wind forecasting benefits from stratifying models based on atmospheric layers. 

Overall, this research highlights the potential of deep learning for atmospheric forecasting, 

emphasizing the need for height-specific models. Future work may explore hybrid approaches 

combining deep learning with domain-specific physics constraints and extend the methodology to 

more diverse atmospheric conditions and locations. This type of result has the potential to lead to 

cheaper and faster weather simulations, which is a pressing demand in our modern society. 
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