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H I G H L I G H T S

• Physics-Based Volatility Proxy from pressure-gradient force discrepancy.

• Membership-Gated Convolutional Recurrent Module (MG-CRM) routes updates by regime.

• Differentiable Evolutionary Mixture (DEM) layer performs in-network feature selection.

• Volatility-Adaptive Hybrid Loss (VAH-Loss) prioritizes extreme-event accuracy.
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A B S T R A C T

Accurate wind speed prediction (WSP) is critical for maintaining grid stability and economical operation of wind-

integrated power systems due to the cubic relationship between wind speed and power generation. However, 

current deep learning models often employ static architectures and loss functions that do not adapt to atmospheric 

volatility, which leads to large power and energy errors during extreme events. We present the Volatility-

Regulated Temporal Evolutionary Network (VORTEX), a physics-informed deep learning framework for extreme 

WSP in operational settings. The method incorporates a physics-based volatility proxy derived from the pressure-

gradient force discrepancy to regulate learning. The model uses a Membership-Gated Convolutional Recurrent 

Module that trains different sets of weights for different volatility conditions. Furthermore, a differentiable evolu­

tionary mixture layer refines the learned features before the final prediction and optimizes feature representation. 

We evaluate the method on four geographically diverse locations, namely Dodge City (United States), Sarmiento 

(Argentina), Jiuquan (China) and Pincher Creek (Canada). Across the 6-hour forecasting horizon, VORTEX con­

sistently achieves the best overall performance on all four datasets, reducing RMSE by 4.33%–9.23% and MAE 

by 4.59%–10.28% relative to the strongest baseline. Its advantage further widens under the most volatile con­

ditions, with Q4 RMSE reductions of up to 13.30%, and the improvements remain statistically significant across 

all datasets. At the Jiuquan site, it reduces RMSE by 7.64% and MAE by 6.75% relative to the best baseline, 

indicating tangible benefits for short-term dispatch and reserve scheduling.

1 . Introduction

Electric power systems worldwide are increasing their share of 

renewable energy sources, aligning with the targets of Sustainable 

Development Goal 7 (SDG-7) on affordable and clean energy [1]. Yet, re­

cent studies indicate that current deployment rates remain insufficient to 

meet these targets [2]. A primary challenge is the inherent intermittency 

of renewable sources, which introduces grid instability risks, raises bal­

ancing costs and can force emergency load curtailment. Wind power 

faces a uniquely severe intermittency problem governed by a nonlin­

ear scaling law. The cubic relationship between wind speed and turbine 

output means that a small input variation produces a disproportionately 

large output variation [3]. This becomes even more critical during peri­

ods of extreme volatility, where wind speed changes rapidly over short 
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time intervals and the observed acceleration departs markedly from that 

expected from the large-scale pressure-gradient force. Such periods are 

especially difficult to predict because gust ramps shift the pattern faster 

than learned dynamics adapt and these rare cases occupy only a small 

fraction of the dataset, which biases most data-driven models toward 

calm regimes and produces large power errors that undermine near-term 

dispatch and reserve scheduling.

1.1 . Existing research

Existing wind speed prediction (WSP) methods are generally classi­

fied into four categories, namely physical, statistical, machine learning 

and deep learning methods. A more recent trend is the development of 

hybrid models, which combine two or more of these approaches to lever­

age complementary strengths and improve predictive accuracy in oper­

ational settings. Physical models for WSP employ Numerical Weather 

Prediction (NWP) systems, solve the governing equations of atmospheric 

physics to simulate future atmospheric states and thus provide a prin­

cipled foundation for WSP [4]. Physical methods advance through 

high-resolution limited-area models such as the Weather Research and 

Forecasting system, which can be configured at kilometer-scale resolu­

tion for regional forecasting. They also use globally consistent reanalysis 

products such as the fifth-generation European Centre for Medium-

Range Weather Forecasts reanalysis (ERA5), which provide high-quality 

estimates of the recent atmospheric state and large-scale drivers for local 

prediction. [5,6] However, solving these systems of coupled partial dif­

ferential equations has high computational cost, which constrains spatial 

and temporal resolution and limits forecast throughput. Consequently, 

this creates a scalability barrier for continuous site-specific forecasting 

at wind farm level [7].

In contrast to computationally intensive physical methods, statistical 

methods provide efficient, data-driven predictions by modeling histor­

ical wind speed data. Early statistical methods include Autoregressive 

(AR) and Autoregressive Moving Average (ARMA) models, which cap­

ture short-range temporal dependencies in the recent wind history [8,9]. 

These models assume that the underlying time series is weakly station­

ary, with stable mean, variance and autocovariance over time. For non-

stationary data, Autoregressive Integrated Moving Average (ARIMA) 

generalizes ARMA by applying differencing to remove trends. Seasonal 

ARIMA (SARIMA) further extends this structure with seasonal autore­

gressive and moving-average terms to capture strong diurnal or annual 

cycles. [10,11] Furthermore, to integrate external atmospheric drivers, 

Autoregressive Integrated Moving Average with Exogenous Variables 

(ARIMAX) and Seasonal Autoregressive Integrated Moving Average with 

Exogenous Variables (SARIMAX) extend these models with exogenous 

variables such as pressure as linear inputs [12,13]. Although statistical 

methods are computationally efficient and often competitive for very 

short-term forecasts at a single site, they rely on a linear superposition 

of effects. As a result, they struggle to represent multi-scale, regime-

dependent, nonlinear flow structures. They also tend to lose accuracy at 

longer horizons and during fast-changing wind events, where machine 

learning and deep learning methods usually perform better.

To overcome the limited expressive capacity of stationary linear 

models, machine-learning methods enlarge the hypothesis class to non­

linear function approximators via activation-driven compositions, hier­

archical partitioning and kernel-induced feature embeddings. Some of 

the recently used machine learning models for WSP include Support 

Vector Regression (SVR) [14,15] and Random Forest (RF) [16,17]. 

Empirical studies report that SVR often outperforms simpler methods 

such as back-propagation neural networks under variable wind con­

ditions. Its kernel mapping captures nonlinear flow regimes, and its 

margin-based objective controls overfitting. In contrast, RF uses an 

ensemble of decorrelated decision trees to model interaction effects be­

tween meteorological drivers and provides stable forecasts across sites 

and horizons. [15–17] However, these shallow learners represent time 

through fixed lag windows or handcrafted temporal statistics rather 

than through an explicit dynamical state. This design forces manual fea­

ture selection, limits long-range temporal modeling, prevents correction 

of accumulated multi-step forecast error, and reduces stability under 

multi-scale wind variability. [18–20]

To address these issues, deep learning models treat wind speed fore­

casting as a sequential dynamical system. They learn the latent state 

directly from data instead of relying on manual feature selection or 

fixed lag windows. Recurrent Neural Networks (RNNs), Long Short-Term 

Memory (LSTM), and Gated Recurrent Units (GRU) maintain an internal 

memory that propagates information through time. This memory allows 

the model to encode long-range temporal dependencies and adapt pre­

dictions as conditions evolve, rather than freezing the statistics learned 

during training. [21–23] The gated structure in LSTM and GRU learns 

which past information to retain and which to discard. This mechanism 

mitigates vanishing gradients and reduces multi-step rollout error be­

cause the network can update its hidden state over successive forecast 

horizons. [21–23] Temporal Convolutional Networks (TCNs) address 

multi-scale variability through dilated causal convolutions. These con­

volutions create a receptive field that spans multiple temporal scales, so 

short-term gusts and slow synoptic trends contribute at different dila­

tion levels. [24,25] In addition, automated hyperparameter search and 

adaptive calibration reduce reliance on handcrafted feature engineer­

ing. Examples include genetic tuning of LSTM, C-LSTM mechanisms that 

adjust convolutional gates, and particle-swarm-guided feature selection 

for GRU. These methods can produce site-specific configurations that 

respond to local terrain and regime structure. [21,22,26,27] However, 

these recurrent and convolutional architectures still propagate informa­

tion through either sequential hidden states or finite receptive fields. 

This makes it difficult to model very long-range global dependencies and 

joint spatio-temporal interactions, which motivates architectures that 

learn direct cross-time attention.

Transformer models address the remaining limitations of recurrent 

and convolutional networks by tokenizing the input sequence and ap­

plying global self-attention. These models can be further classified 

into three main categories, namely point-wise tokenization models, 

patch-based tokenization models and variate-wise tokenization models. 

Point-wise tokenization treats each time step as a token, as in the orig­

inal Transformer and long-horizon forecasters such as Autoformer and 

FEDformer. These models decompose series structure into trend, sea­

sonal, and frequency components to capture global periodicity. [28–

30] Patch-based tokenization segments the history into short temporal 

patches and treats each patch as a token, enabling efficient long-context 

modeling in Crossformer [31] and Patch Time Series Transformer 

(PatchTST) [32]. Variate-wise tokenization inverts the view and treats 

each physical variable (for example wind speed, temperature, pres­

sure) as a token so attention can learn cross-variable coupling, as in 

inverted Transformer (iTransformer) [33] and TimeXer [34]. These 

designs achieve strong accuracy on medium- and long-range meteo­

rological and energy benchmarks by leveraging global structure and 

multivariate interactions [32,33]. However, at short-term WSP hori­

zons, rapid gust ramps and terrain-driven transients dominate the target 

signal. Long-horizon Transformers bias toward smoothed trend and 

seasonal components and toward patch-level averages, which can atten­

uate high-frequency local dynamics and degrade near-term turbine-scale 

forecasts [35].

These limitations of deep learning models are partially addressed 

by hybrid models that exploit the complementary strengths of different 

architectures and methods. One common approach is decomposition-

based forecasting. In this setting, methods such as Variational Mode 

Decomposition and Empirical Mode Decomposition first decompose the 

signal and then heuristically select the most informative intrinsic mode 

functions (IMFs) to improve WSP. [36,37] However, these methods are 

computationally expensive and still require manual feature selection. In 

addition, there is a growing line of convolutional–recurrent hybrids in 

which a Convolutional Neural Network (CNN) extracts spatial structure 

and an LSTM network models temporal dependencies. A shallow hybrid 
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model couples a TCN with an LSTM module in parallel to improve WSP 

on edge devices. The study also introduces an adaptive optimization al­

gorithm that outperforms the standard Tree-structured Parzen Estimator 

(TPE) by adjusting the exploration–exploitation threshold during search. 

[38] The proposed hybrid model outperforms several Transformer base­

lines, including iTransformer [33]. A related architecture in [39] also 

combines TCN with LSTM but first applies a Savitzky–Golay filter to de­

noise the input signal. This method consistently outperforms LSTM, TCN, 

Convolutional Long Short-Term Memory (ConvLSTM) and TCN–LSTM 

baselines in WSP. A further line of work applies 3D convolution to ex­

tract spatio-temporal features from multi-variable meteorological fields. 

It then uses a deep ConvLSTM module with ResNet-style skip connec­

tions to improve temporal modeling while mitigating vanishing-gradient 

effects. [40] This architecture is further extended in [3,41] to build 

physics-informed predictors for wind speed and temperature. In paral­

lel, other studies introduce an explicit spatial representation to capture 

wind-flow structure. They then fuse this representation with a recurrent 

backbone to improve short-term WSP and move toward physically in­

formed, site-aware forecasting. [42] Finally, authors in [43] proposed 

a physics-informed Temporal Convolutional Network-Temporal Fusion 

Transformer (TCN-TFT) model that integrates a TCN for multi-scale fea­

ture extraction with a Temporal Fusion Transformer (TFT) for temporal 

dynamics and employs quantile regression to generate predictive in­

tervals. The model also enforces physical consistency by incorporating 

Bernoulli’s principle and the ideal gas law, enhancing reliability without 

substantially increasing interval width. However, these advances still 

optimize global error over mixed regimes and only weakly encode at­

mospheric physics, which leaves the behavior during rapid wind-speed 

fluctuations underexplained.

1.2 . Shortcomings in existing work

Most recent time series forecasting models for wind treat the at­

mosphere as a generic multivariate sequence and optimize a global 

Mean Squared Error (MSE) or Mean Absolute Error (MAE) objec­

tive over the entire history. Convolutional recurrent hybrids such as 

ConvLSTM, Convolutional Residual Spatial-Temporal Long Short-Term 

Memory (CoReSTL), Savitzky–Golay-filtered Temporal Convolutional 

Network-Long Short-Term Memory (SZ-TCN-LSTM), Convolutional 

Neural Network-Bidirectional Gated Recurrent Unit (CNN-BiGRU) and 

graph-based bidirectional recurrent network (GBRN), together with 

Transformer-based architectures such as iTransformer and PatchTST 

[32,33,39,40,44–46] learn a single stationary parameter set that must 

interpolate across both calm and highly volatile periods. The empirical 

risk is dominated by low- and moderate-volatility hours, so optimization 

mainly reduces error in typical conditions while assigning very little ef­

fective weight to rapid wind-speed changes. In distributional terms, the 

predictor approximates the central region of the conditional law of wind 

speed and leaves the tails weakly constrained. Even when the loss func­

tion reweights tail samples through focal or curriculum-style terms, a 

single shared parameter set still compromises across regimes. Stronger 

gradients from volatile hours can then reduce accuracy during calm pe­

riods. As a result, these models often maintain good accuracy in slowly 

varying regimes. However, they exhibit their largest absolute and rela­

tive errors when wind speed changes rapidly, which are the regimes that 

matter most for short-term dispatch and reserve scheduling.

Several recent WSP models introduce partial physical structure, 

yet still inherit this limitation. Physics-informed LSTM (PI-LSTM) first 

constructs a spatial prior of the surrounding flow and then applies 

a purely data-driven recurrent predictor without explicit dynamical 

constraints, so it remains effectively statistical [42]. Physics-Informed 

Temporal Convolutional Network-Temporal Fusion Transformer (PIN-

TCN-TFT) regularises the network with constraints derived from the 

Bernoulli equation and the ideal gas law. This design assumes steady, 

inviscid, and locally homogeneous flow, which is computationally ef­

ficient but remains a biased surrogate for the atmospheric boundary 

layer. [43]. When training enforces agreement with both accurate wind 

speed observations (ground truth) and this simplified physics surro­

gate, the optimization problem becomes ill-conditioned because the 

surrogate and the measurements induce conflicting gradients in volatile 

regimes and the resulting physics residual can drive negative transfer. 

In parallel, SZ-TCN-LSTM and related hybrids rely on external denoising 

and decomposition stages such as Savitzky-Golay filtering, Variational 

Mode Decomposition, Empirical Mode Decomposition, and evolution­

ary feature selection. These stages introduce additional hyperparameters 

and brittle interfaces. [39] None of these approaches uses a physi­

cally grounded volatility estimate to define regimes, route recurrent 

updates through specialized parameter sets, or weight the loss by atmo­

spheric state. As a result, predictive behavior under rapid wind-speed 

fluctuations remains weakly controlled. Together, these issues leave a 

clear gap in current WSP methods. An effective predictor should define 

regimes through a physically grounded volatility measure, learn regime-

specialized spatio-temporal dynamics, and optimize a loss that reflects 

regime-dependent operational risk. Accordingly, the main objective of 

this work is to develop a physics-informed deep learning framework for 

short-term wind speed prediction that can explicitly adapt to different 

atmospheric volatility regimes. More specifically, this study aims to de­

termine whether a physically grounded volatility proxy can improve 

regime identification, whether regime-specialized temporal modeling 

can reduce forecast error under rapidly changing wind conditions, and 

whether volatility-adaptive optimization can further improve predictive 

accuracy, especially during extreme events.

1.3 . Contributions

To achieve this objective, this work proposes the Volatility-Regulated 

Temporal Evolutionary Network (VORTEX), which combines a physics-

based volatility estimate with regime-aware temporal modeling and 

adaptive optimization for short-term wind speed prediction. The overall 

contributions of this work can be summarized as:

• A physics-based volatility proxy that quantifies atmospheric in­

stability via pressure-gradient force discrepancy and provides an 

interpretable, causally grounded driver for regime-aware forecast­

ing.

• A Membership-Gated Convolutional Recurrent Module that uses 

volatility-dependent gating to specialize different recurrent param­

eter sets for distinct wind regimes instead of enforcing a single 

shared dynamic.

• A Differentiable Evolutionary Mixture layer that performs adaptive 

feature selection and suppression inside the network, removing the 

need for external filtering or manual feature engineering.

• A Volatility-Adaptive Hybrid loss that assigns regime-weighted 

penalties across the forecast horizon to emphasize extreme, high-

volatility events that drive grid risk.

The rest of the paper is organized as follows. Section 2 presents 

the proposed methodology. Section 3 reports results and comparisons. 

Section 4 concludes.

2 . Proposed methodology

This work presents a framework for extreme volatile WSP that inte­

grates physical principles with deep learning to model complex spatio-

temporal patterns under rapidly shifting volatility regimes. Traditional 

methods, which treat wind prediction as either a purely physical simula­

tion or a purely statistical model, fail to capture the dynamic relationship 

between atmospheric physics and prediction uncertainty. The frame­

work, illustrated in Fig. 1, uses four interconnected components. The 

first is a Physics-Based Volatility Proxy that quantifies atmospheric in­

stability via pressure gradient force discrepancy. This volatility proxy is 

then passed through a fuzzy membership assignment block that clas­

sifies each input example into a volatility regime. The third module 
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Fig. 1. Overall framework of the proposed extreme wind speed prediction pipeline. Meteorological inputs on a 3 × 3 grid are first used to compute the physics-based 

volatility proxy 𝑉phys, which is then converted into regime memberships and used to guide the Volatility-Regulated Temporal Evolutionary Network (VORTEX) for 

the final wind speed forecast.

is an MG-CRM that maintains distinct sets of model weights for dif­

ferent volatility types. The output of the MG-CRM is passed through 

a Differentiable Evolutionary Mixture (DEM) layer, which refines the 

features and projects them for the final prediction. Together, the MG-

CRM and DEM layers form a Volatility-Regulated Temporal Evolutionary 

Network (VORTEX), which adapts its computation to the measured 

volatility. The overall network is trained end-to-end with VAH-Loss, 

which adjusts the weights of different loss components based on the 

learned discrepancy for each example.

2.1 . Physics-based volatility proxy

Conventional statistical measures of volatility, such as rolling stan­

dard deviation, quantify the magnitude of wind speed variations but 

lack physical interpretation. To provide a more foundational measure 

of atmospheric instability, we introduce a physics-based volatility proxy 

derived from the discrepancy between expected and observed wind ac­

celeration. The primary driver of horizontal wind in the atmosphere is 

the Pressure Gradient Force (PGF). We leverage this fundamental rela­

tionship to establish a physical prior for expected wind behavior. The 

acceleration due to PGF is given by,

𝐚pgf = −1
𝜌
∇𝑝, (1)

where 𝜌 is the air density and ∇𝑝 is the pressure gradient. We com­

pute the components of the pressure gradient using a centered difference 

scheme on the 3 × 3 grid surrounding the target location,

𝜕𝑝
𝜕𝑥

≈
𝑝east − 𝑝west

2Δ𝑥
, (2)

𝜕𝑝
𝜕𝑦

≈
𝑝north − 𝑝south

2Δ𝑦
, (3)

where Δ𝑥 = Δ𝑦 = 100 km is the horizontal grid spacing and pressure 

values are converted from the original kilopascals to pascals (1 kPa = 

1000 Pa) to maintain dimensional consistency. The magnitude of the 

PGF-induced acceleration is given as:

|𝐚pgf| =

√

(

−1
𝜌
𝜕𝑝
𝜕𝑥

)2
+
(

−1
𝜌
𝜕𝑝
𝜕𝑦

)2
. (4)

Because the meteorological fields and wind-speed observations are 

available at hourly resolution, this work uses a first-order finite-interval 

approximation over Δ𝑡 = 3600 s to translate the pressure-gradient-force 

magnitude into an expected hourly wind-speed tendency. The result­

ing Δ𝑣predicted is therefore not intended to resolve sub-hour turbulence 

or the complete atmospheric momentum budget. Instead, it serves as a 

coarse-resolution reference change under resolved large-scale pressure-

gradient forcing, against which the observed hourly wind-speed change 

is compared. The predicted change in wind speed is then written as:

Δ𝑣predicted = |𝐚pgf| ⋅ Δ𝑡. (5)

This predicted change represents the expected wind speed variation 

if the pressure gradient force were the sole governing dynamic. We 

compare this physics-based expectation to the observed change in wind 

speed,

Δ𝑣actual = 𝑣𝑡+1 − 𝑣𝑡, (6)

where 𝑣𝑡 and 𝑣𝑡+1 are the observed wind speeds at the central location 

at consecutive hours. The core of the volatility measure is the absolute 

discrepancy between these values and is given as:

𝑑𝑡 = |Δ𝑣predicted − Δ𝑣actual|. (7)

This value provides a direct measure of mechanical forcing imbal­

ance at the hourly scale. A high 𝑑𝑡 indicates that the observed hourly 

wind-speed change departs from what is expected from the resolved 

large-scale pressure gradient alone. In this sense, 𝑑𝑡 should be inter­

preted as a coarse-resolution forcing-mismatch indicator rather than as 

a full physical acceleration model. Unresolved processes, including tur­

bulence, convection, local topographic effects, and sub-hour variability, 

are not explicitly modeled; instead, their aggregate influence contributes 

to the mismatch term. Hence 𝑑𝑡 serves as an interpretable physics-based 

indicator of volatility that links more directly to the atmospheric state 

than purely statistical features. For each input sample, comprising 𝑇
consecutive hours, this work computes a single volatility proxy value by 

averaging the instantaneous discrepancies as,

𝑉phys =
1
𝑇

𝑇
∑

𝑡=1
𝑑𝑡. (8)

This 𝑉phys serves as our physics-based volatility measure, which is 

provided as an input feature to the VORTEX architecture. Unlike a 

rolling standard deviation, 𝑉phys flags hours when observed wind-speed 

changes contradict the pressure-gradient prediction.
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2.2 . Fuzzy volatility membership assignment

The 𝑉phys values are fuzzified to quantify membership in volatility 

regimes using parameterized functions. This work employs generalized 

bell membership functions for their smooth transitions and ability to 

capture central tendency and distribution width, given as:

𝜇𝑘(𝑉phys) =
1

1 +
|

|

|

|

𝑉phys−𝛾𝑘
𝛼𝑘

|

|

|

|

2𝛽𝑘
, 𝑘 ∈ {low,medium, high}, (9)

where 𝛼𝑘 controls the width, 𝛽𝑘 controls the slope and 𝛾𝑘 determines 

the center of the membership function for each volatility regime. In 

this work, the fuzzy membership design is selected through the same 

TPE-based Optuna hyperparameter search used for the overall model 

configuration. The search evaluates the membership-function family, 

the normalization mode, and the scaling of the regime-definition pa­

rameters according to validation Root Mean Squared Error (RMSE). 

The selected configuration corresponds to the generalized-bell form of 

𝜇𝑘(𝑉phys) with softmax normalization, unit scaling on both 𝛾𝑘 and 𝛼𝑘 , 

and 𝛽𝑘 = 2.0. After this design is selected, the final regime centers are in­

stantiated from the training-set distribution of the volatility proxy, with 

𝛾low = 𝜇 − 𝜎, 𝛾medium = 𝜇, and 𝛾high = 𝜇 + 𝜎, while the width is set 

as 𝛼𝑘 = 𝜎 for all regimes. The same parameterization is then used to 

compute memberships for the training, validation, and test samples.

The sensitivity analysis further shows that changing the member­

ship design away from this selected configuration does not improve 

validation accuracy, as reported later in Fig. 4. In particular, the 

generalized-bell form, softmax normalization, unit scaling on both 𝛾𝑘
and 𝛼𝑘, and 𝛽𝑘 = 2.0 yield the lowest validation RMSE among the 

tested alternatives, which confirms that this configuration is the optimal 

membership choice for the final model.

2.3 . Volatility-regulated temporal evolutionary network (VORTEX)

The VORTEX architecture processes spatio-temporal wind patterns 

while adapting to volatility regimes identified by the physics-based 

volatility proxy. The model takes the spatio-temporal input 𝐗 ∈
R𝐵×𝑇×𝐹×3×3 containing 𝐹  meteorological features across a 3 × 3 grid re­

gion centred on the prediction target. The overall design passes input 

from a 3D convolution layer to generate feature embeddings that cap­

ture local spatio-temporal patterns. These embeddings then pass through 

a cascade of Membership-Gated Convolutional Recurrent Modules (MG-

CRM) (Section 2.3.1), with a residual connection after every two layers 

to avoid vanishing gradients. The features are then processed through 

a Differentiable Evolutionary Mixture (DEM) layer (Section 2.3.2) for 

feature refinement. The overall architecture of the proposed VORTEX 

network is illustrated in Fig. 2.

2.3.1 . Membership-gated convolutional recurrent module (MG-CRM)

Traditional wind prediction architectures employ uniform compu­

tational strategies that fail to adapt to rapidly changing atmospheric 

volatility regimes. This limitation becomes critical during extreme wind 

events where static models either underfit volatile patterns or over-

smooth calm conditions. To address this, we propose a Membership-

Gated Convolutional Recurrent Module that dynamically routes compu­

tation through specialized parameter sets based on measured volatility 

levels.

The MG-CRM employs a hybrid design that balances specialization 

with parameter efficiency. While standard ConvLSTM uses a single re­

current kernel 𝐖rec for all inputs, our approach maintains 𝐾 = 3 distinct 

recurrent parameter sets {𝐖rec,𝑘,𝐛𝑘}3𝑘=1 specialized for low, medium and 

high volatility regimes, while keeping the input kernel 𝐖input and gating 

mechanisms shared across all regimes.

Volatility memberships 𝑚𝑘(𝑡) ∈ [0, 1] for 𝑘 = 1, 2, 3 are derived from 

the physics-based proxy 𝑉phys through fuzzy membership functions and 

normalized such that 
∑3

𝑘=1 𝑚𝑘(𝑡) = 1. These memberships are computed 

per sample and remain constant across all time steps 𝑡 within each se­

quence, with spatial broadcasting across height and width dimensions. 

This design ensures sample-specific routing without temporal leakage, 

as 𝑉phys computes discrepancies over the input window [𝑡 − 𝐿, 𝑡] using 

only contemporaneous and historical pressure and wind observations.

This design choice is motivated by three key considerations. First, 

input representation consistency ensures that raw meteorological obser­

vations in 𝐱𝑡 are processed uniformly, providing stable feature extraction 

regardless of volatility regime. Second, temporal dynamics specializa­

tion focuses volatility adaptation on the hidden state 𝐡𝑡−1, which encodes 

accumulated temporal patterns that benefit most from regime-specific 

processing. Third, parameter efficiency is achieved by specializing only 

the recurrent connections, which typically dominate ConvLSTM param­

eter counts. For input channels 𝐶in, filters 𝐹  and kernel size 𝑘 × 𝑘, the 

Fig. 2. Detailed architecture of VORTEX. A 3D convolutional embedding feeds a cascade of Membership-Gated Convolutional Recurrent Modules with residual 

connections after every two layers, followed by a Differentiable Evolutionary Mixture layer that refines features before the final wind speed prediction. The physics-

based volatility proxy provides regime-aware guidance for adaptive routing.
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parameter ratio is:

𝑁rec
𝑁in

= 4𝐹 2𝑘2

4𝐹𝐶in𝑘2
= 𝐹

𝐶in
(10)

With 𝐹 ≫ 𝐶in in deep networks, specializing recurrent weights 

(𝑁rec = 4𝐹 2𝑘2) provides maximum adaptation impact while control­

ling complexity. The forward pass implements this hybrid specialization 

through parallel recurrent convolutions combined via membership-

weighted summation. The convolution operator C uses same padding 

with kernel size 𝑘 × 𝑘, unit stride, no dilation and produces 4𝐹  output 

channels:

𝐳input(𝑡) = C(𝐱𝑡,𝐖input) ∈ R𝐵×4𝐹×𝐻×𝑊 , (11)

𝐳rec,𝑘(𝑡) = C(𝐡𝑡−1,𝐖rec,𝑘) + 𝐛𝑘 for 𝑘 = 1, 2, 3, (12)

𝐳rec(𝑡) =
3
∑

𝑘=1
𝑚𝑘(𝑡) ⋅ 𝐳rec,𝑘(𝑡), (13)

𝐳(𝑡) = 𝐳input(𝑡) + 𝐳rec(𝑡). (14)

The combined signal 𝐳(𝑡) is then split into four contiguous gate 

segments of size 𝐹  channels each:

𝑖(𝑡) = 𝜎(𝐳(𝑡)[… , ∶ 𝐹 ]), 𝑓 (𝑡) = 𝜎(𝐳(𝑡)[… , 𝐹 ∶ 2𝐹 ]), (15)

𝑐𝑐 (𝑡) = tanh(𝐳(𝑡)[… , 2𝐹 ∶ 3𝐹 ]), 𝑜(𝑡) = 𝜎(𝐳(𝑡)[… , 3𝐹 ∶ 4𝐹 ]), (16)

𝑐𝑡 = 𝑓 (𝑡)⊙ 𝑐𝑡−1 + 𝑖(𝑡)⊙ 𝑐𝑐 (𝑡), ℎ𝑡 = 𝑜(𝑡)⊙ tanh(𝑐𝑡). (17)

This architecture ensures that while recurrent transformations are 

regime-specific, the gating mechanisms remain adaptive to the com­

bined input and specialized hidden state, providing a balanced approach 

to volatility-aware temporal modeling. During backpropagation, gra­

dients flow through fixed membership values (stopped gradient) to 

prevent degenerate routing, with updates accumulated over time:

𝜕L
𝜕𝐖rec,𝑘

=
∑

𝑡
𝑚𝑘(𝑡) ⋅

𝜕L
𝜕𝐳rec(𝑡)

⋅
𝜕𝐳rec,𝑘(𝑡)
𝜕𝐖rec,𝑘

, (18)

𝜕L
𝜕𝐛𝑘

=
∑

𝑡
𝑚𝑘(𝑡) ⋅

𝜕L
𝜕𝐳rec(𝑡)

. (19)

This design enables volatility-aware temporal modeling while main­

taining computational efficiency, with floating-point operations (FLOPs) 

and memory scaling linearly with 𝐾. The membership normalization 

and gradient stopping ensure training stability without additional reg­

ularization and the sample-level routing provides consistent volatility 

adaptation throughout each input sequence while preventing informa­

tion leakage from future time steps.

2.3.2 . Differentiable evolutionary mixture (DEM) layer

Feature maps from earlier layers often carry redundant or weak 

signals that increase prediction error. Many recent methods insert a sep­

arate feature selection stage that uses evolutionary search and Pearson 

correlation on inputs. That choice adds complexity and extra hyperpa­

rameters. The DEM layer performs feature refinement inside the model. 

It learns mixture weights during normal training and runs evolution 

on validation data only, so gradients flow without interruption while 

the population of transformations still improves. The layer maintains 

a population of 𝑃  Learnable Feature Transformations (LFTs). Each LFT 

is a convolutional autoencoder that operates on the incoming features 

𝐅 ∈ R𝐵×𝑇×𝐹×Θ and produces

𝐔𝑖 = LFT𝑖
(

𝐅,𝜽𝑖
)

∈ R𝐵×𝑇×𝐹×Θ, 𝑖 = 1,… , 𝑃 . (20)

Where 𝐔𝑖 is the transformed feature tensor from the 𝑖th LFT and 𝜽𝑖 is 
its parameter set. The forward path forms a differentiable global mixture 

with trainable logits 𝝓 ∈ R𝑃  and temperature 𝜏 > 0

Algorithm 1 DEMLayer forward and validation evolution.

1: procedure Forward(𝐅)

2:  𝐔𝑖 ← LFT𝑖(𝐅,𝜽𝑖) for 𝑖 = 1,… , 𝑃
3:  𝛼 ← softmax

(

(𝝓 − max(𝝓))∕𝜏
)

4:  𝐙dem ←
∑𝑃

𝑖=1 𝛼𝑖 𝐔𝑖
5:  return 𝐙dem

6: end procedure

7: procedure EvolutionaryUpdate({𝐅𝑛})
8:  for 𝑖 = 1 to 𝑃  do

9:  L(𝑖)
recon ← 1

𝑁val

∑

𝑛 ‖𝐅𝑛 − LFT𝑖(𝐅𝑛,𝜽𝑖)‖22
10:  fitness𝑖 ← 1∕(L(𝑖)

recon + 𝜖)
11:  end for

12:  elites ← top𝑘(fitness)
13:  for 𝑚 = 1 to 𝑃 − 𝑘 do

14:  parents ← select(elites)
15:  child ← crossover(parents)
16:  child ← mutate(child)
17:  replace lowest fitness LFT with child
18:  end for

19: end procedure

𝛼𝑖 =
exp(𝜙𝑖∕𝜏)

∑𝑃
𝑗=1 exp(𝜙𝑗∕𝜏)

,
𝑃
∑

𝑖=1
𝛼𝑖 = 1, 𝛼𝑖 ∈ [0, 1], 𝐙dem =

𝑃
∑

𝑖=1
𝛼𝑖 𝐔𝑖 ∈ R𝐵×𝑇×𝐹×Θ.

(21)

Where 𝛼𝑖 is the mixture weight for the 𝑖th transformation, 𝝓 is the 

vector of trainable logits, 𝜏 controls softness of the weights, 𝐙dem is the 

DEM output and 𝑖 indexes the 𝑃  transformations. A stable form centers 

the logits before softmax

𝛼 = softmax
(

(𝝓 − max
𝑗

𝜙𝑗 )∕𝜏
)

.

During task training the model minimizes the prediction loss and 

updates 𝝓 and {𝜽𝑖}𝑃𝑖=1. During validation the model improves the LFT 

population without gradients. It computes a reconstruction objective and 

a fitness score for each LFT

L(𝑖)
recon = 1

𝑁val

𝑁val
∑

𝑛=1

‖

‖

‖

𝐅𝑛 − LFT𝑖
(

𝐅𝑛,𝜽𝑖
)

‖

‖

‖

2

2
, fitness𝑖 = 1

L(𝑖)
recon + 𝜖

.

(22)

Where 𝑁val is the number of validation batches, 𝐅𝑛 is the 𝑛th val­

idation input, 𝜖 avoids division by zero and fitness𝑖 ranks LFT 𝑖. The 

procedure then selects elites, applies crossover and mutation to create 

children and replaces the lowest fitness members. This process refines 

useful transformations and reduces redundant ones while the training 

graph stays simple and fully differentiable.

2.4 . Volatility-adaptive hybrid loss

Static loss functions apply a uniform penalty to prediction errors, 

which creates a fundamental limitation for wind prediction where the 

cost of error varies significantly with atmospheric stability. This work in­

troduces a volatility-adaptive hybrid loss that dynamically recalibrates 

its objective function in response to the identified wind regime. The com­

plete loss function combines multiple error metrics, each weighted by a 

physics-informed membership value and is given as follows:

L =
𝐻
∑

𝑖=1

[

𝑤low ⋅ L(𝑖)
MAE

+𝑤medium ⋅ L(𝑖)
RMSE

+
𝑤high

𝛽
⋅ L(𝑖)

MSE

]

, (23)

where 𝛽 = 1 m s−1 ensures units consistency, 𝐻  is the prediction hori­

zon count, 𝑤 represents the volatility-adaptive weights and L denotes 
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the constituent loss terms. The raw membership values 𝑚𝑘 undergo 

normalization to ensure stable optimization:

𝑚̃𝑘 =
𝑚𝑘

∑3
𝑗=1 𝑚𝑗 + 𝜖

, (24)

where 𝑚̃𝑘 represents the normalized membership and 𝜖 provides nu­

merical stability. A focus factor amplifies the loss sensitivity during 

transitional conditions between volatility regimes:

𝑓 = 1 + (𝑚̃high − 𝑚̃low). (25)

This focus factor modulates the final weight assignments through:

𝑤low = 𝑚̃low ⋅
1

max(𝑓, 0.5)
, (26)

𝑤medium = 𝑚̃medium, (27)

𝑤high = 𝑚̃high ⋅ 𝑓. (28)

The complete system employs standard error metrics tailored to each 

volatility regime:

L(𝑖)
MAE

= 1
𝑁

𝑁
∑

𝑖=1
|𝑦𝑖 − 𝑦̂𝑖|, (29)

L(𝑖)
RMSE

=

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)

2, (30)

L(𝑖)
MSE

= 1
𝑁

𝑁
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)

2. (31)

where 𝑁  is the total number of examples. This formulation is designed 

to leverage the intrinsic properties of each error metric: MAE during 

stable conditions (low volatility) for its prediction accuracy in small 

fluctuations, RMSE for balanced sensitivity during moderate winds and 

MSE during high volatility to aggressively penalize large errors common 

in extreme wind events. The weighting mechanism ensures mathemat­

ical consistency while aligning optimization priorities with physically 

measured volatility characteristics.

3 . Results and comparison

This section evaluates VORTEX across multiple geographically di­

verse datasets and compares its performance against state-of-the-art 

models for extreme wind speed prediction.

3.1 . Dataset description and preprocessing

This work uses four National Aeronautics and Space Administration 

Prediction Of Worldwide Energy Resources (NASA POWER) Source 

Native Resolution Hourly datasets, accessed on 2025/03/21, featuring 

hourly wind speed measurements from Dodge City (37.75◦N, 100.01◦W) 

with data from 2009 to 2024, Sarmiento (45.60◦S, 69.08◦W) with data 

from 2010 to 2024, Jiuquan (40.50◦N, 96.90◦E) with data from 2008 

to 2024, and Pincher Creek (49.55◦N, 114.05◦W) with data from 2014 

to 2024. For each site, hourly records are retrieved in Local Solar Time 

(LST) for the central grid point and its eight surrounding grid points 

to form a 3 × 3 spatial layout, using wind direction at 50 m (WD50M), 

wind speed at 50 m (WS50M), surface pressure (PS), temperature at 

2 m (T2M), and specific humidity at 2 m (QV2M) as input variables. 

The source defines the missing-data code as -999, but no missing val­

ues are present in the retrieved records used in this study. The hourly 

records from the nine grid points are aligned by timestamp, organized 

into a common 3 × 3 spatial tensor, and then converted into model sam­

ples using a 24-hour input window, a 6-hour stride, and a subsequent 

6-hour prediction horizon at the central grid point. The resulting chrono­

logical training, validation, and test splits for each site are reported in 

Table 1 

Chronological dataset split for each location.

City Total Hours Training Hours Validation Hours Test Hours

Dodge City 140,256 112,205 14,026 14,025

Sarmiento 131,496 105,197 13,150 13,150

Jiuquan 149,064 119,252 14,907 14,905

Pincher Creek 96,384 77,108 9639 9637

Table 2 

Statistical summary of wind speed (m s−1) at the central locations 

of the four study sites.

City Minimum Maximum Mean Variance

Dodge City 0.03 30.49 7.37 10.56

Sarmiento 0.06 31.54 9.13 16.27

Jiuquan 0.02 23.89 6.59 12.07

Pincher Creek 0.01 21.55 5.76 8.45

Table 1. Finally, mean-variance normalization is applied using statistics 

estimated from the training set only and then applied unchanged to the 

validation and test sets.

The datasets show diverse statistical properties as in Table 2. 

Sarmiento has the highest variance, indicating volatile wind condi­

tions, while Pincher Creek has the lowest mean and variance, suggesting 

calmer winds. The range between minimum and maximum values con­

firms extreme wind events across all locations. Fig. 3 illustrates distinct 

seasonal patterns in monthly mean variance. Dodge City and Jiuquan 

show peak variance in April, with lows in August and July, respec­

tively. Pincher Creek has maximum variance in February and minimum 

in August, while Sarmiento peaks in November and reaches its minimum 

in July. These cyclical patterns provide a diverse test setting across sites 

and seasons.

3.2 . Experimental setup

This study establishes a standardized experimental framework for 

WSP using spatio-temporal data. Each dataset undergoes preprocessing 

to generate input sequences of 24 hourly observations across a 3 × 3
spatial grid, with each grid point containing five meteorological fea­

tures (temperature, humidity, wind speed, wind direction and pressure). 

The prediction task estimates wind speed at the central grid point for 

a 6-hour horizon using the preceding 24 hours of data. A sliding win­

dow approach with a 6-hour stride generates training samples while 

maintaining temporal relationships. All models are optimized using TPE. 

Baseline models and other state-of-the-art (SOTA) comparators employ 

MSE loss, while our proposed VORTEX utilizes the volatility-adaptive 

regime loss (VAH-Loss). Training and testing of all models are performed 

using an NVIDIA RTX 3080 Ti graphics processing unit (GPU) (Table 3).

3.3 . Evaluation metrics

We evaluate the proposed model with three metrics that capture 

complementary aspects of accuracy. The first is MAE, given as follows,

MAE = 1
𝑁

𝑁
∑

𝑖=1

|

|

𝑦𝑖 − 𝑦̂𝑖|| , (32)

where 𝑦𝑖 is the observed wind speed in m s−1, 𝑦̂𝑖 is the predicted wind 

speed in m s−1, and 𝑁  is the number of test samples. MAE summa­

rizes the typical deviation between predictions and observations. Besides 

MAE, this work also compares models’ performance on the basis of 

RMSE, given as follows,

RMSE =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1

(

𝑦𝑖 − 𝑦̂𝑖
)2, (33)
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Fig. 3. Monthly mean variance of wind speed for the four datasets.

Table 3 

Experimental configuration parameters.

Parameter Value

Maximum epochs 1000

Early stopping patience 10 epochs

Optimization algorithm TPE

Learning rate 1e-4

Batch size 32

SOTA loss function MSE

Proposed loss function VAH-Loss

Input sequence length 24 h

Spatial grid 3 × 3
Features per point 5

Temporal stride 6 h

Prediction horizon (𝐻) 6 h

Training/Testing hardware NVIDIA RTX 3080 Ti

RMSE places greater weight on large errors and often reacts to gusts and 

ramps. Finally, this work also reports the coefficient of determination 

(𝑅2),

𝑅2 = 1 −
∑𝑁

𝑖=1
(

𝑦𝑖 − 𝑦̂𝑖
)2

∑𝑁
𝑖=1

(

𝑦𝑖 − 𝑦̄
)2

. (34)

𝑅2 is dimensionless, can be negative when the model underperforms 

the mean predictor and moves toward 1 as fit improves. Together, these 

metrics provide a balanced view of typical error, tail sensitivity and ex­

plained variance. We report all results per site and per forecast horizon 

at the native sampling interval.

3.4 . Hyperparameter sensitivity analysis

This work evaluates hyperparameter sensitivity through a short-run 

validation protocol used to identify a stable VORTEX configuration 

before full training. Each candidate setting is trained for 10 epochs 

and then evaluated on the validation set using RMSE. After select­

ing the best value of each hyperparameter, this work perturbs one 

setting at a time while fixing all remaining settings at their selected val­

ues. The resulting analysis therefore measures local sensitivity around 

the selected configuration under a common and computationally effi­

cient search budget. For the loss-design study, this work additionally 

compares five alternative training objectives under the same 10-epoch 

protocol, namely the selected Volatility-Adaptive Hybrid loss (VAH), a 

pure MSE loss, a Hybrid without Focus weighting (HWF), a Uniform 

Weights variant (UW), and a High-Regime RMSE variant (HR-RMSE), 

where the high-volatility term uses RMSE instead of the selected MSE-

based penalty. The reported values in this subsection are intermediate 

validation results used for search-space exploration rather than final test

results.

Fig. 4 summarizes the local sensitivity pattern in terms of ΔRMSE

relative to the selected setting. The lowest validation RMSE is obtained 

for the generalized-bell form of 𝜇𝑘(𝑉phys), softmax normalization of 𝑚𝑘, 

unit scaling on both 𝛾𝑘 and 𝛼𝑘, 𝛽𝑘 = 2.00, the selected VAH loss, and 

𝐾 = 3 volatility regimes. The regime-count analysis shows that per­

formance is sensitive to this choice but remains well behaved. When 

the number of regimes is reduced from 𝐾 = 3 to 𝐾 = 2, the validation 

RMSE increases from 1.98 to 2.35 m/s, which suggests that a two-regime 

partition is too coarse to separate low-, medium-, and high-volatility be­

havior. When the number of regimes is increased to 𝐾 = 4, the RMSE 

rises to 2.13 m/s, which suggests that further partitioning weakens the 

effective sample support available to each specialized pathway without 

providing a compensating gain in expressiveness. Together, these results 

indicate that 𝐾 = 3 provides the best balance between regime resolution 

and parameter specialization.

For the loss variants, VAH yields the lowest RMSE of 1.98 m/s, 

whereas MSE, HWF, UW, and HR-RMSE increase the validation RMSE to 

2.50, 2.21, 2.15, and 2.91 m/s, respectively. For the network architec­

ture, the selected setting corresponds to 𝐹1 = 16, 𝐹2 = 32, and 𝑘 = (1, 1), 
together with 𝜙𝑐 = selu and 𝜙𝑟 = softsign. The strongest sensitivity 
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Fig. 4. Hyperparameter sensitivity analysis based on 10-epoch validation runs. The horizontal axis shows ΔRMSE relative to the selected configuration, where 0 

corresponds to the lowest validation RMSE of 1.98 m/s. Panel (a) reports membership-design variables, panel (b) reports regime-construction variables, panel (c) 

reports capacity variables, and panel (d) reports kernel and activation variables.

appears in the capacity variables, especially 𝐹2, where changing the 

second-stage filters to 16, 24, 48, and 64 increases the RMSE to 2.70, 

2.57, 3.68, and 4.66 m/s, respectively. The remaining variables also 

show consistent degradation away from the selected configuration, in­

cluding 𝐹1 = 8, 12, 24, 32 with RMSE values of 3.20, 2.27, 3.16, and 

3.36 m/s, 𝑘 = (3, 3) and (5, 5) with RMSE values of 2.26 and 2.70 m/s, 

𝜙𝑐 = relu, tanh, swish, and gelu with RMSE values of 2.57, 2.37, 2.37, 

and 2.02 m/s, and 𝜙𝑟 = tanh, sigmoid, and selu with RMSE values of 

2.02, 1.99, and 2.22 m/s.

To complement the local hyperparameter analysis, this work further 

evaluates the seed-to-seed stability of the final selected configuration. 

Fig. 5 shows the validation RMSE over five random seeds. The resulting 

values remain tightly clustered, with mean of 2.03 m/s, standard devia­

tion of 0.08 m/s, and range of 1.91–2.11 m/s, which indicates that the 

selected VORTEX configuration remains practically stable despite the 

stochastic evolutionary update.

3.5 . Comparisons against baseline models

This work compares VORTEX with nine state-of-the-art (SOTA) 

time-series prediction models that span complementary paradigms. 

Two Transformer-based general-purpose models, iTransformer [33] and 

PatchTST [32], serve as attention-centric baselines. ConvLSTM [44] 

serves as a spatio-temporal recurrent baseline closely related to our 

design and CoReSTL [40] augments ConvLSTM with skip connections. 

We also include two physics-informed wind-speed-prediction models, 

PIN-TCN-TFT [43] and a spatial-prior fusion framework, PI-LSTM [42]. 

In addition, we evaluate four recent convolutional recurrent hybrids 

for short-term wind speed prediction: SZ-TCN-LSTM [39], CNN-BiGRU 

[45] and the spatiotemporal correlation method GBRN [46]. Together, 

these baselines cover attention, recurrent, physics-informed and hybrid 

designs and provide a broad and domain-relevant basis for compari­

son across sites and horizons. We select these baselines because they 
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Fig. 5. Validation RMSE of the selected VORTEX configuration over five random 

seeds. The dashed line denotes the mean RMSE, the dotted line denotes the 

median RMSE, and the shaded band denotes mean ± one standard deviation. The 

highlighted diamond marks the representative seed, chosen as the run closest to 

the multi-seed median.

represent strong published architectures for short-term WSP across the 

main modeling families. Therefore, any improvement by VORTEX is 

more likely to reflect the value of volatility-aware, multi-gated physics 

integration than the weakness of the baselines. The experimental re­

sults demonstrate that VORTEX consistently outperforms state-of-the-art 

baselines across all four geographically diverse datasets. Table 4 presents 

the comprehensive comparison of average performance over the 6-hour 

prediction horizon.

On the Dodge City dataset, VORTEX achieves the strongest perfor­

mance against CoReSTL [40], a ConvLSTM with skip connections that 

represents the most competitive baseline. The proposed model reduces 

RMSE by 4.33% from 1.64 to 1.57 m s−1 and decreases MAE by 5.56% 

from 1.19 to 1.12 m s−1. The 𝑅2 improvement reaches 4.26%, increas­

ing from 0.71 to 0.74. These gains demonstrate VORTEX’s effectiveness 

in handling the moderate volatility regime characteristic of this location. 

On the other hand, for the Jiuquan dataset, VORTEX exhibits particu­

larly strong performance improvements. Against the strongest baseline 

PI-LSTM [3], VORTEX reduces RMSE by 7.64% from 1.61 to 1.48 m s−1

and MAE by 6.75% from 1.13 to 1.06 m s−1. The 𝑅2 value improves 

by 4.12% from 0.78 to 0.81. This enhancement suggests the frame­

work’s volatility-adaptive mechanisms effectively capture the complex 

wind patterns in this region.

Moving toward the Pincher Creek dataset results show the most 

pronounced improvements, with VORTEX outperforming CoReSTL by 

9.23% in RMSE (1.13 to 1.03 m s−1) and 10.28% in MAE (0.83 to 

0.75 m s−1). The 𝑅2 increases by 3.50% from 0.83 to 0.86. These 

results indicate the model’s particular strength in lower-variance wind 

regimes where precise prediction of subtle variations becomes critical. 

Finally, on the Sarmiento dataset, which exhibits the highest wind speed 

variance, VORTEX maintains consistent superiority over PI-LSTM. The 

model achieves a 7.34% RMSE reduction (1.34 to 1.25 m s−1) and 4.59% 

MAE improvement (0.94 to 0.89 m s−1). The 𝑅2 increases by 1.61% 

from 0.90 to 0.91, demonstrating accurate performance even in highly 

volatile conditions where many models struggle.

There is a pattern in the comparative results across sites. In low-

variance regimes, such as Pincher Creek with variance 8.45 m2 s−2 in 

Table 2, CoReSTL is the strongest baseline in Table 4. Its shared convo­

lutional kernels and recurrent state capture short-range spatial coupling 

and persistent temporal dynamics without auxiliary constraints. In con­

trast, in high-variance regimes such as Sarmiento with 16.27 m2 s−2,

PI-LSTM uses spatial-prior fusion to compress the 3 × 3 field into a 

compact embedding. This compression suppresses peripheral noise and 

yields cleaner inputs, although it can discard fine-scale structure that 

remains useful under steadier flow. VORTEX advances beyond both by 

estimating instability with a pressure-gradient-force discrepancy and by 

routing updates through membership-gated recurrent parameters. This 

regime conditioning emphasizes local spatial detail when variance is 

low and prioritizes volatility-aware computation when variance is high, 

rather than using one stationary kernel set for all conditions.

Fig. 6 presents the temporal evolution of prediction accuracy across 

all horizons. VORTEX consistently maintains superior performance 

throughout the entire 6-hour prediction window. The stability of these 

improvements across increasing lead times demonstrates the model’s ac­

curacy against error accumulation, a common challenge in multi-step 

forecasting. The volatility-adaptive loss function and regime-specific pa­

rameterization effectively mitigate performance degradation over longer 

horizons.

The statistical significance analysis in Fig. 7 provides rigorous vali­

dation of VORTEX’s performance advantages. The Wilcoxon signed-rank 

test results demonstrate that the improvements are statistically signifi­

cant (𝑝 < 0.01) across all metrics and datasets. This statistical evidence 

indicates that VORTEX’s superior performance does not occur by chance 

but stems from the fundamental advantages of its physics-informed 

volatility adaptation and specialized architectural components. The 

consistency across diverse geographical locations underscores the frame­

work’s generalizability to different wind regimes and atmospheric 

conditions.

Alongside predictive accuracy, practical wind-speed forecasting 

also depends on computational cost and memory footprint. Table 5 

shows that the superior accuracy of VORTEX is achieved with a 

larger model than most baselines, with 22.40 M parameters, 1.15 G 

forward-pass FLOPs, 10.80 ms inference time, and 89.59 MB of float32 

parameter memory under the 24-hour input and 6-hour prediction 

setting. This increase is expected because the proposed framework 

combines regime-specialized recurrent computation with the DEM 

Table 4 

Comparative performance across datasets, averaged over 6-hour horizon.
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Fig. 6. Hour-by-hour forecast metrics across all datasets. Row 1: Dodge City, Row 2: Jiuquan, Row 3: Pincher Creek, Row 4: Sarmiento. Columns show RMSE, MAE 

and 𝑅2 respectively.

feature-refinement block, both of which add representational capacity 

beyond a single shared backbone. However, the resulting complexity 

remains within a practical deployment range. In particular, VORTEX 

remains substantially less expensive than PatchTST in forward-pass 

computation and inference time, and it is also markedly lighter than 

ConvLSTM in computational complexity, while consistently delivering 

the best predictive performance in Table 4. These results indicate that 

the accuracy gains of VORTEX are obtained through an intentional but 

still manageable increase in model capacity, rather than through a com­

putational burden that would preclude near-real-time operational use. 

In this sense, the proposed model favors predictive reliability under 

volatile wind regimes while remaining feasible for deployment on mod­

ern edge GPUs and embedded AI accelerators used in renewable-energy 

forecasting systems.

3.6 . Volatility quartile evaluation

To comprehensively evaluate model performance across various at­

mospheric volatility regimes, this work conducts a quartile-wise analysis 

by partitioning the test set by wind speed volatility. The volatility for 

each test sample is the standard deviation of the actual wind speed 

over the 6-hour prediction horizon, computed from the reference ground 

truth. Samples are sorted by this volatility in m/s and divided into four 

equal-sized groups, denoted as quartile 1 (Q1), quartile 2 (Q2), quartile 

3 (Q3), and quartile 4 (Q4), where Q1 contains the 25% least volatile 

cases and Q4 contains the 25% most volatile cases. For each quartile, 

the evaluation computes RMSE and MAE in m/s and 𝑅2 as a unitless 

coefficient, which isolates behavior across stability conditions.

Fig. 8 compares VORTEX with the strongest baseline across volatil­

ity quartiles Q1 to Q4, where Q1 denotes the most stable regime and Q4 

the most volatile. VORTEX leads in all quartiles for all datasets except 

Dodge in Q1, where ConvLSTM marginally outperforms it and the gain 

becomes slightly negative. Absolute performance for both VORTEX and 

the strongest baseline often degrades as volatility increases. This is con­

sistent with the view that WSP accuracy declines under higher volatility. 

However, the relative improvement of VORTEX over the strongest 

baseline generally grows with volatility. Both models are affected by 

volatility, but VORTEX appears less sensitive, so its advantage widens 
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Fig. 7. Statistical significance analysis using the Wilcoxon signed-rank test. Each row corresponds to a dataset (Dodge City, Jiuquan, Pincher Creek, Sarmiento) and 

each column corresponds to a metric (RMSE, MAE, 𝑅2).

Table 5 

Comparison of model size, forward-pass complexity, inference time, and param­

eter memory under the common 24-hour input and 6-hour prediction setting. 

Parameters are reported in millions (M), FLOPs in giga-floating-point opera­

tions (G), inference time in milliseconds (ms), and memory as float32 parameter 

memory.

Model Parameters (M) FLOPs (G) Inference time (ms) Memory (MB)

CNN-BiGRU 0.08 0.00 0.80 0.32

ConvLSTM 1.33 2.66 18.90 5.34

CoReSTL 0.44 0.36 5.90 1.77

GBRN 0.27 0.01 1.10 1.08

PI-LSTM 1.93 0.09 2.20 7.73

PIN-TCN-TFT 0.52 0.03 1.40 2.08

PatchTST 6.49 13.70 92.70 25.96

SZ-TCN-LSTM 4.78 0.22 4.10 19.13

VORTEX 22.40 1.15 10.80 89.59

iTransformer 2.42 0.12 2.50 9.69

in Q3 and Q4. Together, these results indicate that the performance 

advantage of VORTEX becomes more pronounced as volatility increases.

Table 6 reports detailed quartile-wise results across attention models, 

convolutional recurrent hybrids and physics-informed baselines. Errors 

increase from Q1 to Q4 in many sites and 𝑅2 drops in parallel. 

Attention-centric models underperform across quartiles with large gaps 

in calm regimes. For example, in Pincher Q1 PatchTST reports 1.38 m/s 

while VORTEX reports 0.73 m/s and in Jiuquan Q4 iTransformer reaches 

2.69 m/s while VORTEX reaches 2.05 m/s. Convolutional recurrent hy­

brids often provide the strongest baseline against VORTEX results in 

stable to moderate regimes. In Dodge Q1 ConvLSTM attains 1.12 m/s 

while VORTEX attains 1.14 m/s and in Pincher Q2 ConvLSTM records 

0.93 m/s while VORTEX records 0.89 m/s. Physics-informed baselines 

become the strongest baselines against VORTEX models as volatility 

grows in several sites. In Sarmiento Q3 and Q4 PI-LSTM reports 1.33 m/s 

and 1.81 m/s and in Jiuquan Q4 PIN-TCN-TFT reports 2.22 m/s.

VORTEX matches or surpasses all baselines in every quartile ex­

cept Dodge Q1 and its advantage widens as volatility increases. In Q4, 

the RMSE gain over the best baseline equals 5.70% in Dodge with 

2.19 m/s vs. 2.32 m/s, 7.60% in Jiuquan with 2.05 m/s vs. 2.22 m/s, 

13.30% in Pincher with 1.36 m/s vs. 1.57 m/s and 7.50% in Sarmiento 

with 1.68 m/s vs. 1.81 m/s. The pattern is consistent in 𝑅2. In Dodge 
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Fig. 8. Quartile-wise comparison. Bars show absolute RMSE and MAE in m s−1 and 𝑅2 (left axis). The line shows the % improvement of VORTEX over the strongest 

baseline (right axis). Quartile labels include the mean per-sample standard deviation 𝜎̄ in m s−1.

Q4 VORTEX reaches 0.60 while the best baseline reaches 0.54 and in 

Pincher Q4 VORTEX reaches 0.79 while the best baseline reaches 0.72. 

These results indicate that attention baselines struggle with short-term 

WSP, hybrids excel when spatial coherence is strong, physics-informed 

models stabilize high-variance regimes and VORTEX remains superior 

across conditions because of its multi-gate routing, volatility-aware 

training and in-network refinement which learn regime-specific map­

pings rather than a single stationary solution.

3.7 . Ablation study

This section reports an ablation study that isolates the contribution of 

each component in VORTEX. The analysis evaluates the effect of replac­

ing the physics based volatility proxy with a statistical proxy, removing 

the DEM layer and replacing the volatility adaptive hybrid loss with stan­

dard MSE. All tables report Q4 RMSE so results align with the quartile 

analysis.

3.7.1 . Physics-based vs. statistical volatility proxy

This ablation study examines the comparative efficacy of our physics-

based volatility proxy against a conventional statistical alternative. We 

employ a rolling standard deviation as the statistical proxy, which quan­

tifies volatility purely through historical fluctuation magnitude without 

physical grounding. The evaluation focuses on two representative sites: 

Sarmiento, representing a high-variance wind regime and Pincher Creek, 

representing a low-variance regime.

The physics-based proxy demonstrates consistent performance ad­

vantages across both regimes. It reduces Q4 RMSE by 1.47% in 

Sarmiento’s high-variance environment and by 6.30% in Pincher Creek’s 

low-variance setting compared to the statistical proxy. These improve­

ments align with our earlier quartile analysis, where VORTEX exhibits 

the strongest performance gains during volatile conditions. The superior 

performance comes from fundamental differences in proxy construction. 

The statistical proxy operates as a post-hoc measurement of observed 

fluctuations, providing no causal insight into atmospheric dynamics. In 

contrast, the physics-based proxy quantifies the discrepancy between 

expected wind acceleration derived from pressure gradient forcing 

and actual observed changes. This approach captures the fundamental 

mechanical imbalance driving atmospheric instability, offering an in­

terpretable measure that links volatility to specific physical processes 

rather than merely quantifying its magnitude. The physical ground­

ing enables more accurate regime identification and consequently more 

effective model adaptation to changing atmospheric conditions.
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Table 6 

Quartile-wise performance across all datasets.

3.7.2 . Physical relevance against a turbulence-related proxy

To further examine the physical relevance of the proposed 

volatility proxy, this work compares 𝑉phys  against horizontal 

turbulent-kinetic-energy proxy defined as

TKEℎ,proxy = 1
2

(

𝑢′2 + 𝑣′2
)

, (35)

where 𝑢′ = 𝑢 − 𝑢  and 𝑣′ = 𝑣 − 𝑣  denote the rolling fluctuations 

of the horizontal wind components relative to their local window mean. 

This captures the intensity of horizontal velocity fluctuations and is com­

monly used as a surrogate for turbulence energy in situations where full 

three-dimensional measurements are unavailable. 

Fig. 9  groups the samples into four equal-frequency bins ordered 

from low to high 𝑉phys  and reports the normalized mean TKEℎ,proxy

in each bin for two representative sites that span contrasting variabil­

ity regimes. In Pincher Creek, which exhibits relatively low variance, 

the normalized mean TKEℎ,proxy  increases monotonically from Bin 1 

to Bin 4 and reaches 1.94 times the Bin 1 level. This clear monotonic 

trend indicates that larger values of 𝑉phys  correspond to systemati­

cally stronger velocity fluctuations. In contrast, Sarmiento represents a 

higher-variance regime where atmospheric conditions are more irregu­

lar. In this case, the normalized mean TKEℎ,proxy  shows a weaker but 

still positive increase, reaching 1.11 times the Bin 1 level. The reduced 

slope reflects the fact that, under highly variable conditions, multiple 

interacting processes contribute to wind fluctuations, which weakens 

Fig. 9. Comparison between the proposed volatility proxy and a turbulence en­

ergy indicator. Samples are grouped into four equal-frequency bins ordered from 

low to high 𝑉phys. The vertical axis shows the normalized mean TKEℎ,proxy within 

each bin.

a single-proxy relationship while preserving the overall trend. These 

results demonstrate that 𝑉phys  maintains a consistent large-scale associ­

ation with turbulence-related fluctuation energy across distinct regimes. 
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Table 7 

Ablation study: Physics-based versus statistical volatility proxy.

Dataset Model RMSE MAE 𝑅2 Q4

(m s−1) (m s−1) RMSE

(m s−1)

Sarmiento VORTEX (Statistical Proxy) 1.26 0.89 0.91 1.70

VORTEX (Physics Proxy) 1.22 0.86 0.92 1.68

Pincher Creek VORTEX (Statistical Proxy) 1.06 0.77 0.85 1.45

VORTEX (Physics Proxy) 1.05 0.76 0.86 1.36

Table 8 

Ablation study component contribution on Jiuquan.

Model RMSE (m s−1) MAE (m s−1) 𝑅2 Q4 RMSE (m s−1)

VORTEX V1 1.67 1.20 0.76 2.36

VORTEX V2 1.52 1.09 0.80 2.16

VORTEX V3 (Full) 1.48 1.06 0.81 2.05

The proxy therefore does not merely reflect statistical variability but cap­

tures physically meaningful departures from pressure-gradient-driven 

flow. Together with the ablation results in Table 7 , this comparison 

supports the interpretation of 𝑉phys  as a physically grounded, coarse-

resolution forcing-mismatch indicator rather than a purely statistical 

volatility descriptor. 

3.7.3 . Component contribution analysis

This section performs an ablation study that systematically isolates 

the contribution of each VORTEX component. Version 1 (V1) uses the 

physics proxy input and the MG-CRM backbone, whereas the second 

version (V2) adds the DEM layer to Version 1. Finally, Version 3 (V3) 

adds the proposed VAH-Loss to evaluate the end-to-end performance of 

the proposed model. To evaluate the incremental performance of these 

models, this work uses the Jiuquan dataset for comparison since its wind 

speed variance lies approximately in the middle of all the datasets.

The incremental performance gains in Table 8 demonstrate the com­

plementary roles of each architectural component. Adding the DEM 

layer to the base architecture (V1 to V2) reduces RMSE by 8.93% and 

Q4 RMSE by 8.52%. This improvement stems from the DEM layer’s ca­

pacity to refine feature representations in the final layers by adaptively 

suppressing uninformative features while enhancing discriminative pat­

terns. The evolutionary mixture mechanism learns to weight different 

feature transformations optimally, effectively performing in-network 

feature selection without external preprocessing.

Further enhancement occurs with the integration of the VAH-Loss 

(V2 to V3), which reduces RMSE by an additional 2.48% and Q4 RMSE 

by 5.22%. The volatility-adaptive loss function dynamically regulates 

gradient updates based on regime membership, enabling specialized 

training of the MG-CRM weight sets for different volatility conditions. 

This regime-aware optimization ensures that each parameter subset 

receives appropriate gradient scaling proportional to its relevance to 

Table 9 

Short-term power results across datasets. The best value in each column per dataset is highlighted in green.
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the current atmospheric state, leading to more effective specialization 

across volatility regimes.

The complete model (V3) achieves a 13.29% reduction in Q4 RMSE 

compared to the base configuration (V1), demonstrating that the compo­

nents operate synergistically. The physics-based volatility proxy enables 

accurate regime identification, the MG-CRM provides specialized com­

putational pathways, the DEM layer optimizes feature representation 

and the VAH-Loss ensures regime-proportional training emphasis. This 

integrated approach yields substantial performance gains, particularly 

during high-volatility conditions where conventional models typically 

struggle.

3.8 . Power-space results and comparison

This work evaluates power forecasting performance by converting 

wind speed predictions to power output using a standard 2.00MW (MW) 

turbine power curve, with all metrics calculated over the 6-hour fore­

casting horizon. VORTEX demonstrates consistent superiority across all 

geographical locations, achieving the lowest RMSE, MAE, and normal­

ized Root Mean Squared Error (nRMSE) values for every dataset as 

shown in Table 9. The framework reduces RMSE by 4.90% in Dodge 

City (0.31 MW to 0.29 MW), 5.00% in Jiuquan (0.28 MW to 0.26 MW), 

4.20% in Pincher Creek (0.18 MW to 0.17 MW) and 3.10% in Sarmiento 

(0.26 MW to 0.25 MW), with corresponding MAE improvements of 

5.80%, 6.10%, 8.00% and 2.90% respectively.

The multi-gated architecture enables specialized processing of 

volatility patterns, which is particularly evident in quartile analysis. 

While baseline models show occasional advantages in low-volatility con­

ditions (Q1-Q2), VORTEX dominates in high-volatility regimes (Q3-Q4) 

where forecasting accuracy is most critical for grid operations. This 

performance advantage comes from the VAH-Loss function that dy­

namically adjusts error penalties across volatility regimes through its 

weighted combination of MAE, RMSE and MSE, prioritizing large-error 

suppression during extreme wind events. The integrated design en­

ables superior handling of time-varying volatility patterns across diverse 

climatic conditions.

4 . Conclusion

The VORTEX framework demonstrated that integrating physics-

based volatility quantification with adaptive deep learning architec­

tures substantially improved extreme volatile wind speed prediction. 

By grounding regime identification in atmospheric mechanics through 

pressure-gradient force discrepancy, the model established a causally in­

terpretable foundation for volatility assessment that transcended purely 

statistical measures. The membership-gated architecture then used this 

physical insight to specialize computational pathways for different at­

mospheric conditions, enabling the model to maintain accuracy across 

calm and turbulent regimes without compromising either. Across the 

four geographically diverse datasets, VORTEX consistently achieved the 

best overall predictive performance over the 6-hour forecasting horizon 

against all compared baselines. The results showed that these gains were 

especially clear under highly volatile conditions, where regime-aware 

routing, DEM-based feature refinement, and VAH-Loss helped reduce 

large forecast errors more effectively than static architectures. In partic­

ular, the model reduced RMSE by 7.64% and MAE by 6.75% on Jiuquan 

relative to the strongest baseline, while the quartile-based analysis fur­

ther showed that its relative advantage generally increased from calm to 

highly volatile regimes. This approach addressed the fundamental lim­

itation of static architectures that either over-smoothed extreme events 

or amplified noise in stable conditions, providing a more nuanced and 

physically consistent forecasting capability.

The practical implications of this work extended to multiple aspects 

of renewable energy integration and grid management. The cubic re­

lationship between wind speed and power generation meant that even 

small improvements in extreme volatile event prediction yielded sub­

stantial benefits for power system stability and reserve scheduling. By 

prioritizing high-volatility regimes through specialized parameter sets 

and adaptive loss weighting, VORTEX directly targeted the conditions 

that posed the greatest risk to grid operations. The framework’s con­

sistent performance across geographically diverse locations suggested 

robust generalizability to different climatic conditions and topographic 

settings. Furthermore, the integrated design eliminated dependency on 

external pre-processing stages, making the approach suitable for both 

operational forecasting systems and edge computing applications in dis­

tributed wind farms. At the same time, this study has several limitations. 

First, the experiments rely on hourly NASA POWER reanalysis data 

rather than turbine-level or plant-level SCADA measurements, which 

limits the resolution of local turbulence and operational control effects. 

Second, the physics-based volatility proxy is designed as a coarse large-

scale forcing-mismatch indicator, so it does not explicitly resolve the full 

atmospheric momentum budget or sub-hour boundary-layer processes. 

Third, the power-space evaluation uses a single generic 2.00 MW tur­

bine curve, which simplifies the diversity of real turbine characteristics 

and site-specific power conversion behavior. Future work will there­

fore extend the framework to higher-resolution atmospheric and SCADA 

datasets, evaluate site-specific turbine power curves, and investigate 

transfer learning and domain adaptation across locations, forecasting 

horizons, and other renewable-energy applications.
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