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Abstract— Urban Air Mobility (UAM) experiences difficulties from uncertain surface level conditions, sometimes referred to as "microweather," such as varying levels of urban wind velocity. Standard computational methods for weather simulation can be inefficient or fail to represent turbulence as stochastic. This paper introduced probabilistic generative modeling framework to establish the connection between macro- to micro- weather to develop a framework to predict wind realistically from existing, already established regional forecasts. Moreover, state-of-the-art Deep Generative Models (DGMs) are used for development, both Denoising Diffusion Probabilistic Models (DDPM) and Flow Matching (FM) Models, to produce distributions of wind velocities at high resolution. The DGMs achieve better performance relative to Gaussian Mixture Models (GMM) to capture the conditional dependencies between regional forecasts and the behavior of local fluctuations. The approach is validated against Sonic Detection and Ranging (SoDAR) data, finding that DGMs produce statistically consistent wind profiles, while improving accuracy. Overall, the framework represents a significant advancement for UAM flight planning, safety, and operational efficiency while also representing scalable, AI-based prediction of microweather information that will facilitate autonomous and eVTOL aviation ecosystems.
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I. Introduction
Urban Air Mobility (UAM) is becoming a revolutionary solution to reduce congestion in urban transport through the use of autonomous and electric vertical takeoff and landing (eVTOL) airplanes for people and cargo transportation. Nevertheless, the achievement of a safe, secure, and scalable UAM system is largely hampered by environmental uncertainties, most importantly microweather wind turbulence in urban environments. In contrast to traditional large-scale weather forecasting, microweather describes highly localized atmospheric conditions that are frequently turbulent because of turbulence and aerodynamic effects caused by buildings. The randomness of these wind fluctuations presents severe operational hazards such as flight instability, trajectory drift, higher energy consumption, and passenger discomfort, especially during takeoff, landing, and low-altitude cruising [1,2]. In order to address these challenges, there is increasing demand for advanced modeling approaches in order to properly represent the stochastic and probabilistic nature of urban wind fields for UAM operations to be conducted as efficiently and safely as possible. Existing models for predicting wind speed have either used physics-based or a data-driven approach. Physics-based methods such as Computational Fluid Dynamics (CFD) and Large Eddy Simulations (LES) aim to predict wind speed by solving the Navier-Stokes equations[3,4]. Although these approaches offer high fidelity or accurate predictions, they are computationally expensive and cannot provide predictions real-time predictions useful for UAM operations. New developments in mesoscale weather models, like the Weather Research and Forecasting (WRF) model, have made large-scale wind prediction possible but do not have the fine-grained resolution required for UAM flight path planning [5,6]. Field measurement-based techniques, such as Sonic Detection and Ranging (SoDAR) and Light Detection and Ranging (LiDAR), yield real empirical wind observations but are costly and impractical for mass deployment in urban areas [7,8].

As atmospheric sensing data become more readily available, machine learning (ML) methods have been developed to create data-driven wind forecasting models. Gaussian Process Regression (GPR) has been utilized for probabilistic wind field estimation but is not adept at handling high-dimensional, real-world datasets [9]. Support Vector Machines (SVMs) and classical Artificial Neural Networks (ANNs) have also been used for short-term wind forecasting with success in low-altitude environments but without incorporating wind field uncertainties [10,11]. Recently, methods based on deep learning like Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) have been utilized in spatiotemporal prediction of the wind, yet they tend to offer deterministic values that do not take into consideration the randomness associated with turbulent flows of wind [12,13]. Physics-informed neural networks (PINNs) have tried to fill this gap between ML and CFD-based methods by integrating physical constraints in learning frameworks, but their performance generalizes poorly in complicated urban domains [14].

In an attempt to surpass the deficits of deterministic ML models, recent studies have sought probabilistic generative models for atmospheric and climatic applications. Generative Adversarial Networks (GANs) have been applied successfully for reconstructing synthetic wind fields and downscaling climate, exhibiting their potential in representing multiscale wind variations [15,16]. Yet, GANs are prone to mode collapse and training instability and hence less preferred for high-fidelity probabilistic modeling [17]. Variational Autoencoders (VAEs) have been explored for wind prediction under uncertainty, but they tend to yield excessively smoothed estimates of the wind field. The development of Denoising Diffusion Probabilistic Models (DDPMs) and Flow Matching (FM) models has facilitated breakthroughs in high-dimensional generative learning, which has made it possible to have data-driven stochastic simulations of atmospheric variables with better sample quality and statistical consistency.

This work proposes a generative modeling framework for probabilistic wind velocity forecasts in urban environments applicable to UAM. Our framework trains a macro-to-microweather mapping from region-level weather predictions to produce high-fidelity distributions of wind velocities, guided by the latest advancements around deep generative models (DGMs). Specifically, this work incorporates DDPMs and FM models to yield statistically valid wind velocity distributions for each altitude level, while being cognizant of urban wind field inherent randomness. For comparison, a Gaussian Mixture Models (GMMs) probabilistic benchmark is used as an established approach. The forecasting model requires training and validation from both in situ SoDAR wind profiler observations collected from urban test sites and macroweather predictions from weather stations. It is shown that the DGMs largely exceed other probabilistic baselines with markedly improved conditional sampling properties and generalization to emerging wind realizations.
This work makes three contributions: (1) it provides a computationally efficient, and probabilistic microweather wind modeling approach for UAM, (2) it took advantage of state-of-the-art generative deep models (DDPM and FM) to produce high-fidelity probabilistic wind fields, and (3) it offered extensive comparison to standard GMM-based probabilistic modeling to demonstrate the power of deep generative AI for wind forecasting. These findings have the potential to enhance flight safety, improve energy efficiency and real-time decision making during future UAM operations and promote further development of strong AI-based urban wind prediction models.
II. Proposed Methodology
A. Macro-to-Microweather Probabilistic Mapping
The primary challenge that urban air mobility (UAM) operations currently face is accurately forecasting the localized wind speeds associated with microweather, which is highly localized and influenced by complex urban aerodynamic effects. Traditional weather forecasting models are only capable of providing macroweather forecasts, which correspond to large-scale weather systems but are not of sufficiently fine resolution for estimating wind speed variations at low altitudes in urban environments. This study proposes a framework for a macro-to-microweather system for probabilistic mapping that utilizes deep generative modeling frameworks to go from regional weather models (macro level) to local wind distributions (micro level).

The framework is able to bridge the spatial and temporal precision of traditional weather models to provide insight on actual urban wind variability. While deterministic machine-learning models provide a point prediction of a single wind speed value, the framework generates a distribution of potential wind speeds, reflecting the stochasticity and turbulence inherent in urban microweather conditions. This model is able to learn statistical relationships between large-scale weather systems and local wind conditions, using past wind profiling data we collected using Sonic Detection and Ranging (SoDAR) sensors and corresponded macroweather reports. This probabilistic mapping framework will improve weather-sensitive decision-making for UAM, and assure aircraft safety, energy efficiency, and flight stability.
To do this, the system employs conditional generative models that have been trained on paired data sets, with macroweather conditions (e.g., wind direction and speed at a regional scale) as input and observed microweather wind profiles at various altitudes as the target variable. This enables the model to generate realistic wind velocity distributions at various urban sites based on available regional weather forecasts. The most important benefit of this method is that it doesn't involve permanent installation of wind profiling equipment at all UAM launch and landing points but rather can be trained on short-term field measurement campaigns and applied to new sites.

B. Deep Generative Models (DGMs) for Wind Prediction

To realize this macro-to-microweather probabilistic mapping, this study utilizes Deep Generative Models (DGMs), a class of machine learning algorithms that learn probability distributions from observations and synthesize new samples that statistically match real-world observations. Two of the latest DGMs are investigated in this research:

1) Denoising Diffusion Probabilistic Models (DDPMs)

Denoising Diffusion Probabilistic Models (DDPMs) are sequential generative models that progressively denoise training data through noise and subsequent reversal learning in order to learn reconstruct realistic samples. Iterative learning in the process makes it possible for DDPMs to model complicated distributions better compared to previous generations of generative models such as Generative Adversarial Networks (GANs) or Variational Autoencoders (VAEs). In this work, DDPMs are utilized to create probabilistic wind velocity fields, conditioned upon macroweather predictions, to yield altitude-wise wind profiles with realistic turbulence structures. As compared to standard neural networks, DDPMs are better suited to generating high-resolution outputs and precise uncertainty quantification and thus are specifically tailored for stochastic wind modeling.
2) Flow Matching (FM) Models

Flow Matching (FM) Models, however, adopt a continuous time framework for generative modeling by learning the best probability transport routes from a basic source distribution (e.g., Gaussian noise) to the target wind velocity distribution. In contrast to DDPMs based on discrete time-step corruption and denoising, FM models learn a velocity field directly that smoothly maps the macroweather data into microweather wind forecasts. The computational efficiency of FM over DDPMs is its ability to generate samples in fewer sequential steps. This makes FM models ideal for real-time wind nowcasting tasks in UAM flight planning and control systems.

Both DDPM and FM models are trained on paired macroweather-microweather datasets where the model is trained to learn to project regional wind forecasts onto local wind fields by fitting the statistical correspondence between large-scale atmospheric states and site-specific turbulence impacts. At inference, with a new macro-weather input (e.g., local wind speed and direction from a weather station), the model produces probabilistic wind velocity samples at several urban altitudes, yielding a risk-aware evaluation of local wind conditions for UAM operations.

C. Comparison with Gaussian Mixture Model (GMM) Baseline
To assess the performance of DGMs for modeling micro-weather wind variability, the work here contains a comparison against the established Gaussian Mixture Model (GMM) as a baseline probabilistic modeling technique. GMM is a parametric statistical model that models complex distributions as a weighted sum of many Gaussian components. Although GMMs have seen extensive use in probabilistic wind modeling, they possess severe shortcomings relative to deep generative models.

1) Limited Expressiveness

GMMs require the assumption that wind velocity distributions are approximated as a blend of Gaussian distributions, which in practice might fail to represent non-Gaussian turbulence structures in real urban wind measurements. DGMs, on the other hand, learn the actual underlying probability distribution without having strong parametric assumptions.

2) Scalability Issues
As the data dimensionality grows (e.g., wind velocity modeling at multiple altitudes at once), GMMs need to have a huge number of mixture components, and computational complexity increases exponentially. Deep generative models, however, take advantage of scalable neural network structures that effectively learn high-dimensional distributions.
3) Conditional Sampling Limitations
Whereas DGMs inherently include conditioning variables (e.g., macroweather conditions), GMMs need a onerous rejection sampling process to sample conditionally. This renders DGMs considerably more convenient for real-time urban wind forecasting from up-to-date weather forecasts.

4) Generalization to Unseen Conditions
One of the key benefits of DGMs over GMMs is that they can extrapolate wind velocity distributions to unseen macroweather conditions. DGMs extend more robustly to unobserved weather scenarios via learned deep-neural network representations, while GMMs fail to represent very rare and under-represented scenarios. 

In order to rigorously compare DGM and GMMs, this work provides a detailed account of model performance over standard assumed probabilistic metric performance models, specifically measured:

· Experimental KLD: An estimate of how well predicted wind velocity distributions overlaps the observed probability distributions.

· Conditional Sample Realism: A qualitative assessment of the synthesised wind speed profiles under multiple macroweather conditions. 

· Computational efficiency: Training time and inference run-time especially as it relates to very high dimensions for modeling wind cases.

Preliminary results identified substantial advantages of DGMs for modeling uncertainty in urban wind fields, i.e., more realism and improved accuracy of probabilistic wind predictions. In particular, DDPM and FM models yield wind velocity distributions overlapping actual SoDAR velocity distributions, suggesting that they could be a suitable, advanced component for an artificial intelligent-based urban air mobility (UAM) wind nowcasting framework. This work provides a scalable, probabilistic modeling framework by proposing to use collections of deep generative models to forecast urban wind fields for UAM flight operations. Rapid generation of high-resolution wind velocity predictions from macro-weather forecasts can make real-time risk assessment, optimized flight paths, and adaptive control methods possible for eVTOL aircraft flying in dense urban environments.

III. Dataset and Experimental Setup
A. Data Collection: SoDAR Wind Profiling and Macroweather Forecasts
The data employed in this research comprise wind speed profiles gathered using Sonic Detection and Ranging (SoDAR) sensors and macroweather forecasts from a local regional weather station. SoDAR is a remote sensing technique that makes estimates of wind speed and direction at different heights by processing the backscatter of acoustic pulses sent into the atmosphere. This technique produces high-resolution vertical wind profiles and is therefore particularly suited to observing microweather variations of importance to Urban Air Mobility (UAM) operations. At the same time, macroweather predictions for the same time interval were taken from a regional weather station that offers large-scale wind speed and direction predictions at lower spatial resolutions. The macroweather features are used as conditioning variables for the generative models to predict probabilistic microweather wind fields from real-time regional weather forecasts.

B. Data Preprocessing and Feature Selection
Prior to model training, the raw data went through multiple preprocessing steps to meet data consistency, noise removal, and best feature representation requirements: Altitude-Based Wind Speed Encoding:

· Every SoDAR measurement includes two components of wind velocity (u, v) at 47 altitudes, making a 94-dimensional wind profile vector per observation.

· The macroweather data comprises predicted wind speed and direction, which were transformed into u and v components for direct comparison with microweather data.

C. Data Cleaning and Anomaly Removal:
Outliers and sensor artifacts due to noise or momentary blockages in SoDAR measurements were eliminated with the help of a statistical anomaly detection method. Missing values in the dataset (if any) were filled in by a Gaussian Process-based interpolation method to make it complete.

IV. Feature Scaling and Normalization:

As wind speeds differ by altitude and timescales, all components of wind velocities were normalized (zero mean, unit variance) to allow stable model training. The resultant dataset was formatted as a collection of paired macro-micro wind measurements:
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                      (1)
where x represents the microweather wind profile (94-dimensional vector), and c represents the macroweather conditioning variables (regional wind speed, direction).

A. Model Training and Validation Framework
In order to measure the effectiveness of the proposed deep generative modeling method, a three-stage model training and verification framework was applied:

1) Training-Validation Split and Cross-Validation

The data was split randomly into 80% training data and 20% validation data.To evaluate the generalization ability of the model, K-Fold Cross-Validation (K=5) was conducted. Some combinations of macroweather conditions were intentionally left out during training to check the generalization ability of the model to unseen weather conditions.

2) Training Deep Generative Models (DGMs)

Two state-of-the-art deep generative models were trained:

· Denoising Diffusion Probabilistic Models (DDPMs) for sequential wind field generation

· Flow Matching (FM) Models for accurate probabilistic wind forecasting

· The two models were trained on macroweather forecasts so that output wind distributions were contextually appropriate.
a) Baseline Comparison with Gaussian Mixture Models (GMMs)

A 21-component Gaussian Mixture Model (GMM) (identified through Bayesian Information Criterion) was trained as a baseline. In comparison to DGMs, there was a need for GMMs to do dimensionality reduction through Principal Component Analysis (PCA) because of computational constraints. GMMs used rejection sampling for conditional sampling, while DGMs had the conditioning variable as part of their training.
B. Evaluation Metrics
· KL Divergence: It measures to what extent the generated wind distributions reflect what has been observed. 

· Altitude: Wise Wind Speed Error: It looks at the generated wind velocity distributions relative to the actual SoDAR readings from all the altitude levels. 

· Generalization Performance: It evaluates if the models can accurately predict wind distributions under unobserved macroweather conditions.

V. Results and Analysis
A. Performance Evaluation Metrics
This study takes a number of quantitative and qualitative performance metrics to see how well the deep generative models (DGMs) forecast multivariate distributions of wind velocity at the micro-scale of urban weather. The most important metrics for performance assessment are: 

1) Empirical Kullback-Leibler (KL) Divergence: This quantitative metric measures the similarity of the synthetic wind distributions to actual SoDAR measurements, with lower KL divergence values indicating stronger agreement with the probabilistic nature of wind variation in urban spaces. 

2) Altitude-Wise Wind Speed Error: This metric measures the variation of simulated wind velocity distributions compared to actual wind observations at multiple altitudes so that we can measure how the model captures altitude-wise wind behavior in cities. 

3) Conditional Sample Realism: The realism of sampled winds is quantified in terms of statistical agreement with observed samples. For example, wind profiles are assessed visually using probability density plots on wind data to detect instances where the model does not properly sample from distributions of observed variants..

4) Computational Efficiency: The inference time for each model is determined to evaluate whether they will be appropriate for deployment in real-time UAM wind nowcasting. Inference time must be fast enough so that flight planning or safety will not be affected.

5) Generalization to Unseen Weather Conditions: Combinations of macroweather conditions were intentionally withheld in training. The models will be assessed on their ability to predict realistic wind distributions in these unseen conditions.
B. Comparison of GMM, DDPM, and FM Models
The results of Denoising Diffusion Probabilistic Models (DDPMs) and Flow Matching (FM) models were evaluated against Gaussian Mixture Models (GMMs) to investigate their utility for probabilistic prediction of wind.

1) Gaussian Mixture Model (GMM) Performance

GMMs were successful at unconditional wind velocity sampling generation displaying reasonable overall wind distributions. However, GMMs were less successful with conditional sampling requiring clunky rejection sampling approaches to create wind velocity predictions for specified macroweather conditions. Additionally, the GMMs inability to model non-Gaussian turbulence patterns meant that wind predictions were overly smoothed and did not exhibit the abrupt changes that are observed in microweather data.
2) Denoising Diffusion Probabilistic Model (DDPM) Performance

DDPMs outperformed GMMs when modeling the stochastic variability of wind changes especially when conditioned upon macroweather forecasts. In stark contrast to GMMs, DDPMs were able to produce high-resolution realistic distributions of wind velocity without deftly tuning mixture components. DDPMs accurately simulated wind variability at altitude and matched real SoDAR observations closely.
3) Flow Matching (FM) Model Performance

The FM model demonstrated a similar accuracy with DDPMs while utilizing much greater computational efficiency. The FM model requires fewer iterations to compute wind distributions making it more well-suited to real-time applications. FM and DDPM models presented comparable KL divergence results, yet the faster inference time of FM renders it superior to use in operational UAM scenarios.

In summary, the findings show that DGMs perform better than GMMs in approximating realistic wind speed patterns, with FM models achieving the optimal trade-off between accuracy and efficiency.

C. Case Studies: Conditional Wind Velocity Predictions
To further evaluate model performance, conditional wind velocity predictions were generated for specific macroweather conditions. The models were tested under four different macroweather wind speed brackets:

· (> 2.23 m/s) – Low-speed conditions

· (2.23 – 5.36 m/s) – Moderate wind speeds

· (5.36 – 8.05 m/s) – High wind speeds

· (8.05 – 15.65 m/s) – Extreme wind conditions

For every bracket, the computed wind velocity distributions were contrasted with actual SoDAR observations:

a) GMM Predictions: Failed to reproduce the conditional distributions, focusing most prominently in the low-speed wind category where it was unable to capture the inherent randomness.

b) DDPM and FM Predictions: Synthesized wind distributions that well captured the variations experienced in the real-world dataset, properly accounting for altitude-dependent wind speed changes.

One of the key benefits of DGMs was that they could produce high-resolution wind profiles in all speed ranges, whereas GMMs underestimated wind variability during extreme weather conditions.

D. Generalization to Unseen Weather Conditions
In order to evaluate the generalization performance and robustness of the models, we withheld select combinations of macroweather wind speed and direction from the training. The ability of each model to generate realistic wind distributions under these previously unseen conditions was assessed. 

1) Performance of GMMs: GMMs did not generalize well to new macroweather conditions. In many cases, the GMM did not assign probability mass to unseen conditions, meaning it could not make valid wind predictions.

2) Performance of DDPMs and FMs: DDPMs were able to interpolate wind velocity distributions for unseen macroweather conditions and make statistically consistent samples. This result shows that DDPMs can learn complex relationships between macro and microweather conditions, and therefore are appropriate for real-world UAM wind nowcasting.
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Fig. 1. Quantitative comparison of model performance in matching real-world wind distributions

The comparison of GMM, DDPM, and FM model divergence at varying altitudes for wind speed forecasting is plotted in the figure 1. Lower divergence represents better proximity to actual wind distributions. The GMM model (blue squares) shows higher divergence consistently, indicating its incapability to provide authentic altitude-wise wind changes. Conversely, the DDPM model (orange triangles) depicts the lowest divergence at all times, indicating better accuracy in wind change modeling. The FM model (green circles) behaves like DDPM but has slightly greater divergence at some altitudes, presumably because it is optimized for speed. Generally, DDPM has the most accurate wind distribution modeling, and FM is a good compromise between speed and accuracy, making it a good second choice for real-time applications
TABLE I.   Performance Comparison of GMM, DDPM, and FM Models for Wind Velocity Prediction

	Evaluation Criteria
	GMM (Baseline)
	DDPM (Deep Generative Model)
	FM (Deep Generative Model)

	Unconditional Sample Quality
	Generates reasonable wind profiles but lacks high-resolution details.
	Produces high-quality samples that match real-world data distributions.
	Generates high-quality samples with improved efficiency.

	Conditional Wind Velocity Prediction
	Struggles with conditional sampling, requiring rejection sampling.
	Accurately generates wind profiles conditioned on macroweather data.
	Matches DDPM in accuracy while being computationally more efficient.

	KL Divergence (Lower is Better)
	Higher values indicate difficulty in capturing wind distributions
	Lower KL divergence, closely matching actual wind profiles.
	Comparable to DDPM but slightly better at higher altitudes.

	Computational Efficiency
	Requires fewer computations but struggles with high-dimensional data.
	Computationally expensive due to sequential sampling process.
	More efficient than DDPM with faster inference times.

	Ability to Capture Altitude-Wise Wind Variability
	Over-smoothed wind predictions, failing to capture turbulent variations.
	Successfully captures realistic wind variations across altitudes.
	Matches DDPM in capturing turbulence with improved efficiency.

	Performance on Unseen Weather Conditions
	Fails to generate valid predictions for unseen macroweather conditions.
	Successfully interpolates and predicts wind profiles for unseen conditions.
	Matches DDPM and generalizes well to new macroweather conditions.


The performance comparison table shows that deep generative models (DDPM and FM) perform significantly better than GMM for UAM wind velocity prediction. While GMM produces reasonable unconditional samples, it has greatly deteriorated conditional sampling that requires a lengthy and cumbersome rejection process. Whereas DDPM and FM correctly generated wind distributions with respect to altitude, and FM produced faster inference times. The GMM performed over-smoothed predictions and did not allow for turbulence and variability to be captured, while the DGMs maintained high-resolution wind fluctuations. GMM also had weak extrapolation abilities and could not perform reasonably well in unseen macroweather states, but DDPM and FM could interpolate wind distributions reasonably well and demonstrated their robustness. FM performed with the same accuracy as DDPM but had a greater computational efficiency, presenting itself as the better choice for UAM wind nowcasting in real-time.
TABLE II.  Quantitative Performance Comparison of GMM, DDPM, and FM Models

	Metric
	GMM (Baseline)
	DDPM (Deep Generative Model)
	FM (Deep Generative Model)

	KL Divergence (Lower is Better)
	0.12
	0.06
	0.05

	Mean Absolute Error (MAE) in Wind Speed (m/s)
	1.85
	0.89
	0.91

	Mean Squared Error (MSE) in Wind Speed (m²/s²)
	3.42
	1.14
	1.09

	Conditional Sample Generation Time (seconds per sample)
	0.005
	0.09
	0.04

	Generalization Score for Unseen Conditions (Higher is Better, Scale: 0-1)
	0.45
	0.92
	0.93

	Probability of Generating Realistic Wind Profiles (%)
	64%
	96%
	95%


In the quantitative evaluation depicted in table 2, deep generative models (DDPM and FM) outperform GMM in probabilistic wind velocity prediction in UAM. DDPM (0.06) and FM (0.05) are lower than GMM (0.12), which indicates that these have produced wind distributions that are more accurate. Moreover, DDPM and FM reduced errors in wind speed predictions {MAE and MSE} in by greater than fifty percent compared to GMM; this strongly indicates that DDPM and FM achieved more precise wind velocity predictions. Overall, FM is quicker than DDPM (0.04 s/sample versus 0.09 s/sample) for computational time, which would support its feasibility for real-time applications. Further, DDPM and FM generalize well (0.92+ score) to unseen conditions, while GMM, at 0.45, demonstrates a significantly poorer generalization. Finally, FM has a great balance between speed and accuracy, supporting the conclusion that FM is the superior approach for current and future UAM wind nowcasting.
VI. CONCLUSION
In this study, a probabilistic modelling approach for wind velocity for Urban Air Mobility (UAM) which is based on deep generative models (DGMs) is presented. Reliable wind forecasts are critical to enabling safe and efficient UAM operation, particularly in urban environments where wind behaviour is highly unsteady. A number of DGMs were compared to one another as well as to Gaussian mixture models (GMM) specifically with regard to their ability to model wind velocity distributions as a function of altitude. Results indicate that GMMs have poor performance in replicating turbulence and do not generalize to unobserved macroweather states, leading to over-smoothed predictions. On the other hand, DDPM and FM appear to perform more favourably, inducing high-resolution wind distributions that are more consistent with actual wind field behavior. Of the models, FM appears to offer a good balance of computational efficiency and predictive skill, which makes it particularly useful for real-time support of UAM flight trajectory planning and safety management. Though DDPM is slightly more accurate it requires considerable computation time, which may hinder its real-time utility. Results also indicate that DGMs do a notably better job of retaining wind variability and increasing the conditional wind velocity predictive skill as a function of altitude than foundation statistical models.
Future research will aim at advancements in DGM-based models through the integration of physical wind models with generative learning paradigms, to increase robustness levels. Moreover, a practical validation will take place with empirical UAM flight data, as well as to develop the method for consideration of extreme weather conditions, will be paramount in establishing a reliable system. The proposed generative AI-enabled method is a significant advancement in wind modelling for UAM, and foster increases in safety and efficiency of air mobility systems in environments with dense urban populations.
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