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A B S T R A C T

The accurate prediction of tornado wind fields is paramount for the wind-resistant design of critical infra
structure. Analytical models offer a computationally efficient and physically grounded foundation for re
presenting the primary structure of tornadic vortices. While these models provide valuable approximations, they 
inherently simplify the highly complex turbulent characteristics observed in tornado phenomena. Conversely, 
high-fidelity methods like Large-Eddy Simulations (LES) capture these intricate details with high accuracy but 
are computationally prohibitive for many direct engineering applications. This study introduces a novel hybrid 
framework that integrates a physics-based analytical model with a physics-informed deep learning model to 
bridge this gap. The proposed approach incorporates physics in two distinct steps. First, an established analytical 
model (the Baker model) is utilized to generate a baseline velocity field, providing a robust physical approx
imation of the vortex. Second, a Graph Neural Network (GNN) is trained to learn the complex, non-linear re
siduals between this analytical baseline and ground-truth LES data sourced from foundational numerical studies. 
The GNN architecture is designed to capture spatial interdependencies within the vortex field, with training 
guided by physics-based penalty functions to ensure physical consistency. The results demonstrate that the 
hybrid GNN model achieves a global test-set root-mean-square error (RMSE) of 0.0039, a substantial im
provement compared to the analytical baseline’s test-set RMSE of 0.8384. This framework presents a compu
tationally efficient alternative that preserves the high fidelity of LES mean flow structures, offering a promising 
tool for advanced engineering analysis and design.

1. Introduction

Tornadoes are among the most violent and destructive weather 
hazards, causing substantial damage and fatalities each year (Davies- 
Jones, 2015; Sessa and Trapp, 2020; Hadavi et al., 2022). The extreme 
wind speeds, coupled with rapid pressure falls, create loading condi
tions that differ fundamentally from those associated with synoptic- 
scale winds (Smith et al., 2020; French and Kingfield, 2021; Zhou et al., 
2025). Consequently, establishing robust wind-resistant designs for 
critical infrastructure, such as nuclear power plants and transmission 
towers, requires accurate, three-dimensional characterization of the 
internal flow field within these vortices (Zhang et al., 2023c; Zhao 
et al., 2024; Dong et al., 2025). However, the inherent unpredictability 
and danger of tornadoes make direct, in-situ measurements of their 
internal structure exceedingly difficult and limited (Kurdzo et al., 2017; 

Tochimoto, 2022). This challenge necessitates complementary ap
proaches, such as laboratory simulators and numerical modeling, to 
represent, reproduce, and study tornadic flows under controlled con
ditions (Kim and Matsui, 2017; Tang et al., 2018; Wang et al., 2022; 
Cao and Liu, 2023).

Over the years, various analytical and empirical vortex models have 
been proposed to provide closed-form or low-parameter descriptions of 
tornadic winds (Kim and Matsui, 2017; Gillmeier et al., 2018). Simple 
formulations, such as Rankine’s vortex (Rankine, 1872) and Bjerknes- 
type profiles (Eliassen, 1999), are popular for their mathematical 
tractability but are limited outside the core region. More advanced 
three-dimensional representations, including the Sullivan (Sullivan, 
1959), Burgers–Rott (Burgers, 1948; Rott, 1958), Vatistas (Vatistas 
et al., 1991), Kim and Matsui (2017), and Baker–Sterling (Baker and 
Sterling, 2017) models, introduce explicit dependence on radius and 
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height and thus capture features beyond the reach of lower-dimensional 
approaches. For example, the Burgers–Rott solution assumes vertical 
velocity varies linearly with height, while the Kim–Matsui and Ba
ker–Sterling families parameterize both radial and vertical structure to 
represent near-surface shear. Despite these advances, analytical models 
necessarily simplify the physics. Many models effectively reduce the 
vortex to a single-cell structure with radial inflow and updraft, and their 
predicted velocity fields vary considerably across parameterizations, 
making it challenging to establish a universally applicable representa
tion (Kim and Matsui, 2017). Moreover, they struggle to reproduce fine- 
scale turbulence and complex flow regimes, including transitions to 
two-cell vortices with a central downdraft, that are routinely observed 
in laboratory and high-resolution numerical studies (Kim and Matsui, 
2017; Gillmeier et al., 2018; Haan et al., 2024).

In addition to analytical formulations, substantial efforts have re
produced tornado vortices and examined their structure through both 
experimental (Ward, 1972; Church et al., 1979; Refan et al., 2014; Tang 
et al., 2018; Ashrafi et al., 2021; Zuo et al., 2021) and numerical studies 
(Lewellen et al., 1997; Natarajan and Hangan, 2012; Gairola and 
Bitsuamlak, 2019; Zhang et al., 2023b). Laboratory apparatus, typically 
Ward-type vortex chambers or wind tunnels, generate tornado-like 
vortices (TLVs) that provide foundational datasets for the field (Ward, 
1972; Church et al., 1979; Natarajan and Hangan, 2012). These facil
ities enable controlled variation of parameters such as swirl ratio and 
aspect ratio, revealing key structural transitions (e.g., from single-cell to 
multi-cell vortices) that resemble real tornadoes (Hangan and Kim, 
2008; Tang and Zuo, 2018; Wang et al., 2022). Nonetheless, experi
ments face challenges, including high construction/operation costs, 
scaling limitations, and difficulty resolving near-surface flow fields, 
which are the critical regions for assessing tornado-induced damage. 
Complementing laboratory work, computational fluid dynamics (CFD) 
has been widely used to reproduce tornado-like vortices with high 
spatial and temporal resolution and to explore parameter regimes be
yond laboratory feasibility (Lewellen et al., 1997; Natarajan and 
Hangan, 2012; Gairola and Bitsuamlak, 2019; Zhang et al., 2023a). 
Built on canonical chamber/tunnel configurations, CFD serves as a 
controllable “numerical laboratory”, enabling systematic studies of how 
swirl ratio, aspect ratio, and inflow/boundary conditions shape vortex 
structure. Within CFD, large-eddy simulation (LES) offers higher fidelity 
by resolving energy-containing eddies while modeling subgrid scales, 
yielding detailed depictions of tornadic turbulence (Kawaguchi et al., 
2019; Satrio et al., 2020; Feng et al., 2022; Rotunno and Bluestein, 
2024). LES studies have reproduced the evolution from weak single-cell 
vortices through vortex breakdown to complex multi-vortex systems, 
producing high-resolution datasets that often serve as “ground truth” 
for model development and validation (Chow et al., 2006; Cuxart, 
2015; Breton et al., 2017; Rohanizadegan et al., 2023). The principal 
limitation is computational expense: LES is typically impractical for 
rapid evaluation across large parameter spaces in engineering design, 
and results can remain sensitive to subgrid closures and near-surface 
boundary conditions.

Machine learning (ML) is increasingly used in wind engineering to 
complement physics-based models (Wu and Snaiki, 2022). Applications 
span tornado damage assessment and hazard mapping (Sessa and Trapp, 
2020; Chen et al., 2021), nowcasting and genesis prediction, severe- 
weather forecasting, and damage classification (Trafalis et al., 2016; 
Carani and Pingel, 2023; Zhang et al., 2023c). In tornado-specific studies, 
convolutional neural networks (CNNs) have been trained on radar imagery 
and proximity soundings to predict tornado occurrence, while support 
vector machines (SVMs) and artificial neural networks (ANNs) have been 
used to detect tornadic signatures in radar-derived velocity fields, im
proving detection probabilities and reducing false alarms (Trafalis et al., 
2016; Lagerquist et al., 2020; Aleskerov et al., 2020; Özgenç et al., 2025). 
Kernel methods (e.g., SVMs, minimax probability machines) have also 
shown strong skill for pre-tornadic circulation detection (Trafalis et al., 
2006, 2016). Beyond forecasting and detection, ML has been applied to 

wind-field reconstruction from sparse sensors (Duthé et al., 2023; Rybchuk 
et al., 2023; Zhong et al., 2023; Huang et al., 2024; Hosseini and Shiri, 
2024) and to surrogate modeling of expensive simulations such as LES 
(Ling et al., 2016; Maulik et al., 2019). Recent progress in physics-in
formed spatial learning for extreme-weather applications has also em
phasized data-efficient inference under scarce and heterogeneous ob
servations, including spatio-temporal GNN formulations for storm-surge 
forecasting from limited station networks (Jiang et al., 2024) and neural- 
field approaches that fuse multi-source measurements to reconstruct high- 
fidelity urban wind profiles (Gu et al., 2026). Complementary advances in 
wind engineering have further explored deep generative models for im
puting missing wind-speed time series under high missingness rates (Liu 
and Cai, 2025). Among physics-aware approaches, physics-informed 
neural networks (PINNs) have seen growing use in atmospheric flows, 
especially at synoptic scales, where they reconstruct tropical-cyclone wind 
and pressure fields from sparse observations for data assimilation and 
analysis (Snaiki and Wu, 2019; Eusebi et al., 2024; Hu and Li, 2024); 
applications to extratropical systems are also emerging within physics- 
aware weather ML (Snaiki and Wu, 2022). In contrast, tornado-scale ap
plications remain comparatively sparse: recent work shows that PINNs can 
reconstruct tornado vortices from limited observations with encouraging 
accuracy (Zhang et al., 2023a), but the setting is far less developed than 
for larger-scale cyclones. However, PINNs can be challenged by large or 
irregular domains with sparse data due to the need for dense collocation 
points and globally enforced constraints, which can limit scalability and 
robustness in practice. Graph neural networks (GNNs) address several of 
these limitations by operating directly on irregular, spatially distributed 
data, scaling to larger domains, and enabling local, edge- or node-level 
incorporation of physics (Scarselli et al., 2009; Wu et al., 2022). In related 
applications, GNNs have represented wind/structural response data, pre
dicted tornado-induced building damage, and modeled flow in infra
structure systems (Khodayar and Wang, 2019; Li et al., 2023; Chou et al., 
2024; Zhang et al., 2023a; Liu et al., 2025; Zhang et al., 2025). Despite this 
progress, ML in tornado research has focused mainly on detection, fore
casting, and damage classification rather than direct 3-D wind-field re
construction, motivating hybrid frameworks that integrate data-driven 
learning with analytical models and high-fidelity CFD datasets for physi
cally consistent yet computationally efficient simulation.

This paper bridges the gap between the efficiency of analytical 
models and the accuracy of high-fidelity simulations through a hybrid 
residual-learning framework with two layers of physics guidance. First, 
an analytical Baker–Sterling baseline provides a physically coherent 
starting point, embedding core vortex structure. Second, a GNN is 
trained on LES data to learn residuals in velocity and pressure, with 
lightweight constraints that encourage mass conservation and mo
mentum balance. These constraints are introduced on a staged sche
dule, initially prioritizing data fit, then gradually strengthening the 
physics, to stabilize optimization without over-constraining learning. 
Predictions are obtained by correcting the analytical baseline with the 
learned residuals. The approach combines an analytical foundation, 
graph-based residual learning, and physics-guided regularization and is 
validated against high-fidelity references. Across a range of swirl ratios 
and heights, it reduces error relative to the Baker–Sterling baseline 
while delivering inference times orders of magnitude faster than LES.

2. Methodology

The proposed methodology is a hybrid, two-step framework that 
combines the strengths of physics-based analytical models and data- 
driven ML. The core idea is to establish a reliable physical baseline and 
then develop an ML model to learn and correct its deviations from high- 
fidelity simulation data. This ensures that the final predictions are not 
only accurate but also grounded in established physical principles. This 
section details the acquisition of the ground-truth data, the formulation 
of the learning problem, and the architecture of the predictive model.
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2.1. Data acquisition and preprocessing

The foundation of the proposed data-driven framework is a high- 
fidelity dataset that accurately represents the complex physics of tor
nado vortices. For this study, the ground-truth data were derived from 
published large-eddy simulation (LES) investigations. LES resolves the 
large, energy-carrying eddies in turbulent flows and is therefore a re
liable source of detailed flow-field information for highly unsteady and 
three-dimensional vortex phenomena. The LES data used here were 
digitized from the numerical studies of Ishihara et al. (2011) and Liu 
and Ishihara (2015). Both works employ a numerical Ward-type tor
nado simulator to generate a range of tornado-like vortices, producing a 
sufficiently rich set of flow realizations for training and validation.

The selected LES cases span a broad spectrum of vortex structures 
that are primarily controlled by the swirl ratio (S). The dataset covers 
the vortex evolution from weak, single-cell structures to more complex 
behaviors, including vortex breakdown, vortex touchdown, and multi- 
vortex patterns. In practice, the simulations sample mixed swirl ratios 
over the range =S 0.02 to =S 2.44. This range included both single-cell 
vortices (typically associated with a central updraft) and two-cell vor
tices (which exhibit a central downdraft), thereby exposing the model 
to a diverse set of flow physics relevant to engineering applications. 
From the LES results, the non-dimensional velocity components, tan
gential (V ), radial (U ), and vertical (W ), together with pressure (ex
pressed via a non-dimensional pressure coefficient Cp or equivalent) are 
extracted. All quantities are represented as functions of non-dimen
sional radius and height (e.g., r r/ c, z r/ c) so that the data are consistent 
across cases and readily comparable. Specifically, the geometric inputs 
are first expressed in this physically non-dimensional form using the 
core radius rc, consistent with both the LES profiles and the analytical 
baseline definition. Subsequently, the complete set of input features is 
standardized using training-set statistics (z-score normalization) to 
improve numerical conditioning during optimization.

A central point of the methodology is to pose the learning problem 
in terms of a residual field. Rather than asking the neural network to 
reproduce the full LES field directly, the framework first constructs a 
physics-based baseline using the analytical Baker–Sterling vortex model 
(hereafter, the Baker model). The Baker model is a compact, physically 
grounded representation of a one-cell vortex that captures the primary 
circulation and characteristic radial inflow and vertical updraft. 
Because this model necessarily simplifies many aspects of the true flow, 
the residual R is defined as the difference between the high-fidelity LES 
field (YLES) and the baseline prediction (YBaker) as =R Y YLES Baker . By 
training the ML model to predict R, the approach leverages the baseline 
to encode the large-scale, physically consistent structure of the vortex 

and reserves the network’s capacity for learning the smaller-scale, 
highly nonlinear corrections (e.g., boundary-layer interactions, sec
ondary flows, and one-cell–to–two-cell transitions) that the analytical 
model does not capture. To enable learning with a GNN, the raw LES 
and Baker fields are organized into a graph-compatible representation 
through a multi-stage preprocessing pipeline. First, the extracted data 
are grouped into distinct scenarios, each defined by a unique pair (S z, ), 
representing a fixed swirl ratio and a fixed non-dimensional height. 
Within each scenario, radial samples of the flow variables are collected 
and interpolated onto a standardized radial grid to obtain a consistent 
set of radial nodes for every scenario. Where extrapolation is required 
to reach the chosen grid beyond the measured radial extent, careful 
extrapolation and, when necessary, controlled clamping are applied to 
avoid introducing unphysical trends; these safeguards preserve realism 
in the residual signals used for training.

Finally, each scenario is converted into a small radial graph: nodes 
correspond to the interpolated radial points, and node features include 
geometric/physical inputs (for example, r z S, , ) together with the Baker 
baseline fields (the non-dimensional velocity components V , U , and W
and pressure P) used for conditioning. Graph edges connect nearest 
radial neighbors, and edge attributes encode relative geometry via r
and r| |. Thus, the graph stores both absolute position (through node 
features) and local spacing (through edge attributes), which helps the 
GNN learn position-dependent structure while exchanging information 
with distance-aware messages. The resulting collection of small radial 
graphs, indexed by (swirl ratio and height), forms the input to the GNN.

2.2. Hybrid modeling approach

The proposed framework is a two-step hybrid system that combines a 
physics-based analytical baseline with a data-driven, residual-learning graph 
neural network (GNN). The Baker analytical model provides a compact, 
physically interpretable baseline that encodes large-scale vortex structure 
with minimal computation, while the GNN captures the remaining complex, 
nonlinear corrections required to reproduce high-fidelity large-eddy simu
lation fields. This hybridization reduces the learning burden on the neural 
model and improves interpretability and robustness by anchoring predic
tions to known physics. It should be noted that in this study, ‘high-fidelity’ 
denotes agreement with the LES mean radial profiles, rather than prediction 
of instantaneous turbulent realizations or turbulence statistics. Accordingly, 
the learned residual represents a mean-field correction to the Baker model 
that captures systematic structural departures (e.g., two-cell signatures, 
core-gradient sharpening, and near-ground inflow features) present in the 
LES mean flow. A schematic of the overall framework is shown in Fig. 1.

Fig. 1. Schematic representation of the proposed framework. 
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2.2.1. Step 1: The Baker model baseline
The first step establishes a physical baseline using the Baker model. 

The Baker model is a simple, well-known analytical representation of a 
one-cell vortex; it prescribes the dominant tangential circulation to
gether with a radial inflow and an axial updraft profile. In the present 
framework, the Baker model is evaluated on the same non-dimensional 
coordinate grid used for the LES data (i.e., the standardized radial 
nodes at a given height and swirl ratio). The Baker output Y r z S( , ; )Baker
provides first-order estimates for the flow variables of interest (V , U , W , 
and P). Using an analytical baseline accomplishes several practical and 
theoretical goals: 

• Reduced learning complexity: By explaining the dominant, large- 
scale circulation, the Baker model leaves the neural network to learn 
only the corrective residual field that contains turbulent fluctua
tions, boundary-layer effects, secondary flows, and structural tran
sitions (e.g., one- to two-cell behavior).

• Physical regularization: The Baker baseline enforces that the learned 
corrections remain a perturbation about a physically coherent state 
rather than an unconstrained reconstruction from raw data.

• Computational efficiency: Evaluating the Baker model is negligible 
compared to LES; combining it with a lightweight GNN yields a 
practical pipeline suitable for repeated evaluation in engineering 
workflows.

Formally, for each radial node in a scenario defined by (S z, ), the 
residual target is computed as:

=R Y Yr z S r z S r z S( , ; ) ( , ; ) ( , ; )LES Baker (1) 

and the GNN is trained to predict R. The final reconstructed field re
turned by the hybrid model is simply:

= +Y Y Rr z S r z S r z Sˆ ( , ; ) ( , ; ) ˆ ( , ; )Baker (2) 

where R̂ is the GNN output.

2.2.2. Step 2: The residual-learning graph neural network
The second step uses a GNN to predict the residual field R on the 

standardized radial grid for each scenario. A GNN is natural here be
cause the radial profile at fixed (S z, ) is spatially structured, and each 
node’s residual depends on neighboring radial states (through gradient- 
like and nonlinear couplings). The graph formulation explicitly encodes 
these spatial dependencies, providing a flexible and permutation-in
variant computational substrate for message passing.

Each preprocessed scenario (fixed S and z) is converted to a small 1- 
D radial graph. Specifically, each node in the graph corresponds to an 
interpolated radial location ri on the standardized grid. The node fea
tures are designed to provide the network with both the physical con
text and a baseline physics-based estimate. These features include 
geometric and conditioning inputs [r z S, ;i ] augmented by the corre
sponding velocity and pressure components from the analytical Baker 
model baseline. In this study, the full node feature vector is:

=x r z S V U W P[ , , , , , , ]i i i
Baker

i
Baker

i
Baker

i
Baker (3) 

where V U W P( , , , )i
Baker

i
Baker

i
Baker

i
Baker are the values predicted by the 

Baker model at the node i. All features are normalized using training-set 
statistics before being passed to the GNN. The nodes are connected to 
their K nearest neighbors along the radial axis. Each edge carries simple 
geometric attributes, such as the signed radial separation =r r rj i
and absolute distance r| |. Edge attributes are provided to the message 
function so the network can account for nonuniform spacing. The net
work output at each node is the residual vector =R R R R R[ , , , ]i U V W P , 
which, when added to the Baker baseline, yields the hybrid prediction. 
It should be noted that the Baker-model outputs are used both to define 
residual targets and as conditioning features in Eq. (3). While de
terministic in (r z S, , ), providing them explicitly supplies a physics-in
formed embedding that helps localize corrections and shifts learning 

capacity toward LES-specific departures rather than reconstructing the 
baseline vortex structure from coordinates alone.

The GNN comprises three logical blocks. First, the input encoder, 
which is a small feedforward network that lifts normalized node fea
tures into a latent node embedding. Second, the message-passing layers, 
where several layers of conditional message passing propagate in
formation between adjacent radial nodes. Each message-passing block 
aggregates neighbor information (messages computed from pairs of 
node embeddings and edge attributes) to produce updated node em
beddings. Third, the output heads where final MLPs map the node 
embedding to the residual prediction (predictions are denormalized 
before physics terms and reporting). A crucial architectural choice is 
the inclusion of Feature-wise Linear Modulation (FiLM) to condition the 
message passing on the global swirl ratio S. Concretely, FiLM produces 
affine modulation parameters S S( ( ), ( )) that scale and shift internal 
message activations:

= +m S m S( ) ( ) (4) 

where m denotes a message vector and denotes elementwise mul
tiplication. FiLM lets a single network adapt its internal processing to 
different swirl regimes, for example, the relative importance of radial 
coupling versus local corrections may change as S increases, without 
training separate models for each S.

The training process minimizes a composite loss that blends data 
fidelity with physics-based penalty terms. Let R̂i denote the network 
residual prediction at node i and let YBaker i, be the Baker baseline at that 
node. The data loss is:

L =
=

R R
N
1 ˆ i i

true
data

i

N

1

2

(5) 

where R = Y Yi
true

LES,i Baker,i. To promote physical consistency, the 
total loss adds weighted penalty terms that penalize violations of sim
plified, relevant governing equations evaluated on the hybrid (Baker + 
GNN) field. The main penalties used are the continuity equation Lcont, 
the azimuthal momentum equation L , the radial momentum equation 
Lr , and the vertical momentum equation Lz . The total loss is the 
weighted sum:

L L L L L L+ + + += data cont cont r r z z (6) 

with tunable hyperparameters { , , , }cont r z controlling the relative 
emphasis of physics penalties. Physics weights are introduced gradually 
during the early training epochs (two-stage schedule) to stabilize op
timization. The spatial derivatives entering Eqs. (5–6) are approximated 
using finite differences along the ordered radial nodes within each 
(S z, ) profile (the graph connectivity is used for message passing, not 
for defining differential operators). Central differences are used at in
terior nodes, one-sided differences are used at the first and last radial 
nodes, and a small-radius mask is applied in r1/ terms to avoid nu
merical issues near the axis.

All node features and target residuals were standardized using the 
training-set mean and standard deviation before being passed to the 
network. Physics-based penalty terms were computed on the predic
tions after denormalization so that finite-difference gradients and 
penalty magnitudes retain correct physical units. No vertical-mo
mentum penalty was applied because the available vertical sampling 
was insufficient to yield robust finite-difference estimates; enforcing a 
vertical penalty under these conditions would risk introducing noisy or 
biased constraints. The radial derivatives are approximated with central 
differences for interior nodes and one-sided differences at boundaries. 
Points near =r 0 are masked to avoid singular r1/ terms (or treated 
with appropriate limits). Weight decay, gradient clipping, and optional 
dropout are used to stabilize training. At inference, the model outputs 
the residual R̂ for each node; after denormalizing R̂, the final hybrid 
prediction is obtained by adding it to the Baker baseline: 
Y = Y + Rˆ ˆBaker .
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The present 1D radial formulation generalizes directly to 2D 
r z( , ) and 3D cylindrical r z( , , ) graphs by redefining each node as a 

sample at r z( , )i j or r z( , ,i j k). Graph connectivity can be constructed 
either (i) by structured local adjacency such as Kr neighbors in r and 
vertical edges connecting r z( , )i j to ±r z( , )i j 1 , with additional azimuthal 
edges ( ±k k 1) when non-axisymmetric structure is modeled, or (ii) 
by K-nearest neighbors in the chosen coordinate metric (optionally 
anisotropically scaled to reflect differing resolutions in r , z and ). Edge 
attributes are augmented accordingly (e.g., r z, , , and their 
magnitudes), while the message-passing update remains unchanged 
and simply aggregates over the expanded neighborhood. Furthermore, 
for fixed hidden width and number of message-passing layers, inference 
cost scales approximately with the number of edges. Consequently, 
extending from 1D profiles to r z( , ) increases computational cost 
roughly in proportion to the number of vertical levels, and extending to 
r z( , , ) increases computational cost roughly in proportion to the 

number of vertical levels times azimuthal sectors. Despite this increased 
graph size, surrogate inference remains orders of magnitude cheaper 
than running a new LES (typically hours to days on HPC), enabling 
rapid evaluation once training is completed.

The proposed hybrid design confers other advantages. The residual- 
learning strategy anchored on the Baker baseline reduces sample 
complexity and improves extrapolation stability near known physics. 
The GNN enforces locality and permutation invariance while FiLM 
conditioning on the swirl ratio S allows the same network to adapt 
across the full family of vortex types represented in the data. Soft 
physics penalties encourage approximate mass and momentum balance 
within the training objective, steering the model away from spurious 
fits that would achieve low data loss but violate fundamental flow 
constraints. Together, these design choices produce a compact, inter
pretable hybrid model that attains high fidelity relative to LES at a 
small fraction of the computational cost. It should be noted that the 
methodological novelty is not residual learning itself, but a topology- 
aware residual formulation for tornado wind fields: the correction to 
the analytical Baker baseline is learned using message passing over a 
radial graph. In contrast to grid-based residual models, the GNN ex
ploits physically meaningful adjacency and variable node spacing, im
proving the representation of localized structures (e.g., near-core shear 
layers) under irregular sampling.

3. Results

This section summarizes the predictive performance of the hybrid 
PI-GNN framework. First, the aggregate, component-wise quantitative 
metrics root-mean-square error (RMSE) and mean absolute error (MAE) 
are reported on the train and test sets, then representative radial pro
files and per-case diagnostics are inspected to show how the hybrid PI- 
GNN corrects the Baker baseline and captures height-dependent phy
sics.

3.1. Model performance and quantitative analysis

The training dataset was constructed by digitizing non-dimensional 
LES profiles reported by Ishihara et al. (2011) and Liu and Ishihara 
(2015) spanning swirl ratios S [0.02, 2.44] and multiple normalized 
heights z r/ c (approximately 0.1–2.0). The digitized database is stored in 
tabular form, containing (r r/ c, z r/ c, S) and the corresponding LES 
quantities. The digitized LES profiles were mapped onto a common 
target radial grid using interpolation restricted to the radial support of 
the available samples for each (S z, ) scenario. Specifically, inputs and 
targets were evaluated only at target-grid nodes lying within the sce
nario’s supported interval, which mitigates boundary artifacts that can 
occur when profiles are implicitly extended beyond the available data 
range. Within this supported interval, a shape-preserving Piecewise 
Cubic Hermite Interpolating Polynomial (PCHIP) was used to reduce 
overshoot and systematic bias near domain edges, with linear 

interpolation used as a fallback when PCHIP was unavailable. To im
prove numerical robustness during optimization, a controlled clamping 
step was applied after normalization: normalized target values were 
clipped using a Z-score threshold to limit the influence of rare outliers 
on gradient updates. This operation acts only on the normalized targets 
and does not alter the radial coordinate or impose any boundary pad
ding.

With the data prepared, the specific hyperparameters and archi
tectural configurations were standardized as follows. The graph to
pology was constructed using a K-nearest neighbor algorithm with 

=k 4 in the radial coordinate, where edge features encoded both signed 
( r) and absolute ( r| |) radial distances. The GNN architecture con
sisted of an MLP encoder mapping inputs to a latent dimension of 128 
(Linear–LayerNorm–GELU), followed by 4 message-passing layers of 
width 128, and a linear output head mapping the latent representation 
to the four predicted quantities. The framework was implemented in 
PyTorch and trained using the AdamW optimizer with learning rate of 

×1 10 3 and weight decay of ×1 10 4. A ReduceLROnPlateau scheduler 
was applied (factor 0.5, patience 200 epochs, minimum learning rate 
10 6). Each optimization step processes one complete scenario graph 
(one radial-profile graph), with scenarios randomly shuffled each 
epoch. Models were trained for 3000 epochs, and the reported check
point corresponds to the minimum training objective over epochs. A 
fixed global random seed was used for deterministic initialization and 
reproducible data splitting. A staged physics-penalty schedule was ap
plied: the global physics weight was held at zero for the first 500 epochs 
(warm-up), then linearly increased over the subsequent 1000 epochs to 
a maximum scaling factor of = 0.05max , and held constant thereafter. 
The weighting coefficients for the governing-equation penalties were 
fixed at = ×2 10cont

3 for continuity and = = ×5 10r
4 for the 

azimuthal and radial momentum terms, respectively. This global 
scaling factor ( = 0.05max ) was selected based on a sensitivity analysis, 
which identified it as the optimal trade-off, reducing RMSE by ap
proximately 37% compared to the baseline ( = 0max ) while avoiding 
the over-smoothing observed at higher weights ( 0.10max ). Input 
coordinates are expressed in non-dimensional form (r r/ c, z r/ c) along 
with swirl ratio S; for hybrid variants, the analytical baseline fields 
were concatenated to form a 7-dimensional feature vector. The network 
outputs four components, and all inputs/outputs were standardized via 
Z-score normalization using training-set statistics.

With this configuration established, Table 1 reports the RMSE and 
MAE for each of the four modeled fields (normalized tangential velocity 
V V/ c, radial velocity U V/ c, vertical velocity W V/ c, and nondimensional 
pressure P V/ c

2) on the training and test sets for both the analytical 
Baker baseline and the proposed hybrid PI-GNN.

Overall, the proposed model achieves substantially lower errors across 
all components. On the test set, the Baker baseline yields a global RMSE of 
0.8384 and MAE of 0.4554, whereas the hybrid PI-GNN reduces these to 
0.0039 and 0.0025, respectively, corresponding to an overall RMSE re
duction of 99.5% relative to the analytical baseline. Component-wise, the 
hybrid PI-GNN attains test RMSE/MAE values of 0.0027/0.0020 for V V/ c, 
0.0015/0.0010 for U V/ c, 0.0029/0.0021 for W V/ c, and 0.0066/0.0050 for 
P V/ c

2, consistently outperforming the Baker model in each field.

Table 1 
Component-wise summary (train/test). 

Component Set RMSEBaker MAEBaker RMSEGNN MAEGNN

V V/ c Train 0.6424 0.5280 0.0034 0.0024
Test 0.6300 0.5161 0.0027 0.0020

U V/ c Train 0.5181 0.4149 0.0017 0.0012
Test 0.5303 0.4395 0.0015 0.0010

W V/ c Train 0.5005 0.3072 0.0026 0.0019
Test 0.4258 0.2803 0.0029 0.0021

P V/ c
2 Train 1.3977 0.5819 0.0063 0.0047

Test 1.3972 0.5858 0.0066 0.0050
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An additional ablation was conducted to quantify the impact of residual 
learning around the analytical baseline. Specifically, the proposed hybrid PI- 
GNN (residual over Baker) was compared against a full-field GNN trained to 
predict the LES fields directly (i.e., identical graph construction and training 
protocol, but without using the Baker model in either the target definition 
or the input features). On the held-out test set, both variants deliver very 
similar accuracy: the hybrid PI-GNN model achieves an aggregate RMSE of 
0.0039 (MAE = 0.0025), while the full-field GNN attains an RMSE on the 
order of 4 × 10⁻³ (and MAE on the order of 3 × 10⁻³). Peak-based indicators 
follow the same trend, with both approaches producing comparable errors 
in the peak tangential velocity magnitude and its radial location. These 
results indicate that the dominant performance gains arise from the graph- 
based spatial inductive bias (and physics regularization when enabled), 
while the Baker-based residual formulation provides a physically inter
pretable decomposition without materially changing predictive accuracy on 
this dataset. From a practical standpoint, incorporating the Baker baseline 
remains advantageous in data-scarce regimes because it supplies a physi
cally plausible reference field that reduces the learning burden and stabilizes 
predictions when observations are sparse, unevenly sampled, or partially 
missing.

The influence of physics regularization was also examined by en
abling/disabling the governing-equation penalty terms while keeping 
the architecture and data split fixed. Across both the residual Hybrid 
formulation and the full-field GNN variant, the aggregate RMSE/MAE 
on the present benchmark changes only marginally when physics is 
enabled, with the test-set error degrading by less than 5% in the ab
sence of physics constraints. This indicates that the supervised LES 
signal is sufficient to learn a good mapping under the current sampling 
density. In this setting, the primary role of the physics penalty is better 
interpreted as a consistency and robustness prior: it discourages viola
tions of radial continuity and momentum balance and reduces the 
likelihood of physically implausible solutions in low-support regimes 
(e.g., sparser or noisier profiles), even when improvements in global 
error metrics are necessarily limited.

To rigorously evaluate the proposed hybrid PI-GNN, performance was 
benchmarked against two representative machine-learning baselines: a 
standard Multilayer Perceptron (MLP) and a one-dimensional Convolutional 
Neural Network (1D-CNN). All learning-based models were trained and 
evaluated using the same data splits, identical input/output normalization, 
and a matched training budget (same optimizer family and comparable 
tuning effort) to ensure a fair comparison. The MLP baseline learns the 
residual correction using fully connected layers and treats each radial lo
cation independently, providing an ablation that removes explicit neigh
borhood modeling. The 1D-CNN baseline treats each radial wind profile as 
an ordered sequence on the target grid and applies convolutional filters 
along the radial direction, representing a standard gridded approach for 
one-dimensional profiles. Table 2 summarizes the comparison using ag
gregate RMSE and MAE. As reported in Table 2, the hybrid PI-GNN achieves 
the lowest error among all learned models (RMSE = 0.0039), improving 
over the residual MLP (RMSE = 0.0055) and the 1D-CNN (RMSE = 
0.0124). This indicates that incorporating graph-based neighborhood 
structure yields measurable benefit beyond pointwise regression (MLP) and 
standard sequence convolutions (CNN) for this problem setting, particularly 
when profiles have scenario-dependent radial support and the mapping 
depends on (S z, ) in addition to r r/ c.

Beyond predictive accuracy, the proposed framework offers a 
computational speedup of several orders of magnitude relative to the 
numerical source. The Hybrid PI-GNN was trained on a standard CPU 

for 3000 epochs, requiring a total wall-clock time of approximately 
11 min (674 s). Once trained, the model acts as a near-instantaneous 
surrogate, performing inference in approximately 3.32 ms per query. 
This effectively transforms the high-cost fluid dynamics problem 
(10 102 3 CPU-hours for LES) into a rapid function evaluation, en
abling parametric sweeps that would be prohibitive using direct CFD. 
Finally, given that the training data were derived from digitized LES 
flow fields, a robustness analysis was conducted to quantify sensitivity 
to potential input uncertainty or measurement errors. Zero-mean 
Gaussian noise was injected into the input features across noise levels 
ranging from 0% to 10% to evaluate predictive stability. The results 
indicate that the hybrid architecture remains robust under increasing 
uncertainty. Under baseline conditions (0% noise), the model achieved 
an RMSE of 0.0038. As noise levels increased to 1%, 2%, and 5%, the 
RMSE rose to 0.0078, 0.0136, and 0.0336, respectively. Even under 
substantial perturbation (10% noise), the error remained bounded at 
0.0733. The monotonic increase in error suggests that performance 
degradation is controlled and linear, confirming that the hybrid for
mulation is numerically stable and does not exhibit brittle failure modes 
under plausible measurement perturbations.

3.2. Case studies

To highlight where the hybrid PI-GNN provides the most meaningful 
improvements beyond the analytical baseline, radial profiles are ex
amined for a representative moderate-swirl case ( =S 0.31), which acts 
as a standard benchmark used in structural engineering literature. 
Fig. 2 compares predictions against LES at four heights 
(z r/ 0.2, 0.5, 1.0, 2.0c ), thereby capturing the vertical evolution of 
the wind and pressure fields. In the near-ground region (z r/ 0.2c and 
0.5), where boundary-layer effects and corner-flow interactions are 
most pronounced, the Baker model exhibits systematic bias, most no
tably in the radial inflow component U and in the near-core pressure 
deficit. The hybrid PI-GNN corrects these departures and brings the 
profiles into close agreement with the LES reference while maintaining 
smooth, physically plausible gradients. At higher elevations (z r/ 1.0c
and 2.0), the vortex core broadens and the outer-flow decay becomes 
increasingly important; in this regime, the hybrid model continues to 
track the evolving structure and mitigates the baseline’s tendency to 
misrepresent the tangential velocity V decay in the outer region. Col
lectively, these profiles demonstrate that the hybrid formulation con
sistently compensates for structural limitations of the analytical prior 
across heights, while preserving physically coherent radial trends re
quired for engineering use.

Quantitative analysis of these profiles confirms the precision of the 
method. For the critical near-ground case (z r/ 0.2c ), the hybrid PI- 
GNN reduces the tangential velocity RMSE from 0.1852 (Baker base
line) to 0.0026 (Hybrid), a reduction of over 98%. Crucially, the model 
accurately recovers the vortex core structure, which is essential for 
determining peak wind loads. As shown in the validation metrics, the 
hybrid model matches the LES peak velocity magnitude (Vmax ) with 
good precision, yielding a discrepancy of only V0.0008 c at z r/ 0.2c and 

V0.0017 c at z r/ 2.0c . Furthermore, the radius of maximum wind (rmax ) 
is identified within r0.1 c across all heights (e.g., predicting =r 1.3max
versus observed 1.2 at z r/ 0.2c ). This deviation corresponds to the 
spatial resolution of the sampling grid, indicating that the model has 
effectively converged to the limit of the data density.

To assess the model’s robustness under more challenging flow topolo
gies, the evaluation was extended to high-swirl regimes where the vortex 
structure undergoes fundamental changes. Figs. 3 and 4 present the radial 
profiles for an elevated swirl ratio ( =S 0.65) and a very high swirl ratio 
( =S 2.44), respectively. Fig. 3 ( =S 0.65) illustrates a transitional regime. 
While the analytical Baker–Sterling model captures the general Rankine-like 
shape of the tangential velocity, it struggles to resolve the core broadening 
and the exact magnitude of the pressure deficit. The hybrid PI-GNN effec
tively corrects these deviations, maintaining a low RMSE of 0.003–0.004 

Table 2 
Performance comparison against alternative ML architectures. 

Model Architecture Hybrid GNN Standard MLP 1D-CNN

RMSE (Test) 0.0039 0.0055 0.0124
MAE (Test) 0.0025 0.0037 0.0092
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across heights. Quantitative analysis confirms that the model captures the 
structural evolution perfectly: it tracks the expansion of the radius of 
maximum wind from r0.5 c at =z r/ 0.2c to r1. 4 c at =z r/ 1.0c with zero 
deviation from the LES grid. Notably, in the vertical velocity component 
(W V/ c), the hybrid model begins to capture the flattening of the central 
updraft, a precursor to vortex breakdown that the analytical baseline fails to 
represent.

To assess the model’s robustness under challenging flow topologies, the 
evaluation was extended to a high-swirl regime ( =S 2.44) where the vortex 
structure typically undergoes breakdown. Fig. 4 presents the radial profiles 
for tangential velocity (V V/ c) and pressure coefficient at three distinct ele
vations (z r/ 0.1, 0.4, 1.0c ). In this regime, the strong centrifugal forces 
distort the vortex core, a feature that the analytical Baker–Sterling model 
struggles to parameterize accurately. As shown in the top row of Fig. 4, the 
analytical baseline frequently misplaces the radius of maximum wind (rmax ) 
and underestimates the peak magnitude in the near-ground region 
( =z r/ 0.1c ). The hybrid PI-GNN effectively corrects these structural devia
tions, aligning closely with the LES peak velocities; at =z r/ 0.1c , the model 
predicts a peak velocity of V1.335 c, virtually identical to the LES benchmark 
of V1.344 c. Similarly, the pressure recovery (bottom row) is significantly 

improved (RMSE 0.007). The analytical model fails to capture the ex
treme pressure deficits observed in the core, which are critical for structural 
loading calculations, while the hybrid model restores the correct pressure 
minimum, aligning closely with the deep suction peaks in the LES data.

It is also worth noting that while not explicitly presented in Fig. 4, 
the hybrid PI-GNN demonstrates similar robustness in the radial and 
vertical velocity components. Specifically, at this high swirl ratio 
( =S 2.44), the vortex enters a two-cell regime characterized by a cen
tral downdraft. While the analytical baseline erroneously predicts a 
consistent updraft, the hybrid model successfully captures the sign re
versal in the core vertical velocity, confirming that the residual learning 
framework can correct topological errors in the flow structure even 
when the analytical prior is qualitatively distinct.

4. Discussion

The results demonstrate the efficacy of the proposed hybrid mod
eling framework: by combining a simple physics-based predictor with a 
GNN that learns residual corrections, the method attains high fidelity 
for velocity and pressure profiles while remaining computationally 

Fig. 2. Vertical evolution of the vortex structure for a moderate swirl ratio ( =S 0.31). Comparisons show the LES ground truth (black symbols), the analytical Baker 
baseline (green dashed lines), and the hybrid PI-GNN (blue solid lines) at four elevations (z r/ 0.2, 0.5, 1.0, 2.0c ). Columns display normalized tangential, radial, 
and vertical velocities, and pressure coefficient.
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Fig. 3. Prediction results for the elevated swirl case ( =S 0.65). The hybrid PI-GNN (blue) refines the core radius and peak magnitude predictions of the analytical 
baseline (green), particularly in the radial (U ) and vertical (W ) velocity components where the transition to a broader core structure is evident.

Fig. 4. Prediction results for the high-swirl case ( =S 2.44) at three elevations (z r/ 0.1, 0.4, 1.0c ). The top row displays tangential velocity and the bottom row 
displays pressure coefficient.
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inexpensive. The following sections interpret these findings, highlight 
the significance of the hybrid physics-informed approach, and outline 
implications and future directions for tornado modeling and wind-en
gineering applications.

4.1. Interpretation of model performance

The hybrid PI-GNN substantially outperforms the Baker baseline 
because of two complementary capabilities. First, the analytical model 
supplies a compact, physically meaningful approximation of the mean 
vortex field; second, the hybrid PI-GNN focuses its representational 
power on the remaining complex, non-linear structure by learning the 
residual (LES minus baseline). This residual formulation simplifies the 
learning task because, rather than reconstructing the entire flow, the 
network concentrates on higher-order, height-dependent physics that 
the analytical approximation neglects. Concretely, the model recovers 
near-surface intensification of tangential velocity, captures the struc
tural transition from single-cell to two-cell vortices (including central 
downdrafts), and restores localized radial inflow and sharp near-core 
pressure gradients that the baseline systematically under- or over-pre
dicts. These improvements are reflected not only in reduced aggregate 
errors but also in peak-based engineering quantities, including the 
maximum tangential velocity and its radial location.

Because the Baker model is inviscid, it does not represent frictional 
near-ground effects. In the proposed hybrid formulation, these effects 
are captured indirectly through the learned residual, which is trained to 
match the LES mean profiles. In the lowest resolved layers available in 
the dataset (approximately z r/ 0.1 0.2c ), the hybrid predictions 
exhibit systematic departures from the Baker reference that are con
sistent with ground-friction influence in LES, including reduced tan
gential velocity magnitude and intensified radial inflow relative to the 
inviscid baseline.

Overall, the proposed hybrid model reproduces the LES profiles with 
consistently high accuracy across heights and swirl ratios, and the re
maining mismatches are small in magnitude. As is typical for profile 
reconstruction problems, the residual discrepancies are not systematic 
across the domain; instead, they are localized to the most challenging 
flow regions where gradients and curvature are largest. These localized 
errors occur primarily near the core/shear-layer r rc and in the lowest 
resolved layers, where corner-flow dynamics intensify near-ground 
shear and modify the inner-core structure. Outside these high-gradient 
zones, the predicted profiles remain in close agreement with LES over 
the supported radial range.

The second key ingredient is the incorporation of physics-based 
penalty terms in training. These soft constraints, derived from con
tinuity and momentum balances, bias the optimization toward physi
cally plausible solutions and discourage fits that achieve low data error 
while violating basic fluid-dynamic relationships. In practice, the pe
nalties improve stability and robustness while preserving the flexibility 
needed to correct systematic baseline deficiencies. Together, residual 
learning and physics-guided regularization yield predictions that are 
both accurate and physically consistent within the scope of the avail
able data.

4.2. Significance and modularity of the hybrid model

This study highlights the potential of hybrid modeling in scientific 
domains. The two-stage architecture, an inexpensive analytical pre
dictor followed by a data-driven corrector, retains the interpretability 
and domain knowledge of classical models while leveraging the ap
proximation capacity of GNNs to capture missing physics. An important 
advantage is modularity: although the Baker model is used as a con
venient reference, the formulation is not inherently tied to that choice 
and applies equally to other differentiable analytical vortex baselines 
through the same additive decomposition = +Y Y Ytotal baseline residual. In 
this sense, substituting the baseline does not alter the learning pipeline, 

graph construction, or physics-regularized optimization; rather, it pri
marily changes the structure and magnitude of the residual field that 
must be learned. For example, simpler parametric profiles (e.g., 
Rankine-type formulations) tend to induce larger, lower-frequency re
sidual components that encode more of the mean vortex organization 
(including core-transition behavior), whereas more expressive baselines 
reduce the residual amplitude and shift the learning burden toward 
higher-order LES-specific departures from the parametric form. This 
provides a practical mechanism for improving data efficiency by se
lecting a baseline that reduces dominant systematic bias in the target 
regime. Architectural modularity is beneficial as well: while the pro
posed model does not employ attention or Fourier features, such com
ponents can be integrated as drop-in substitutes without changing the 
physics-guided training protocol. More generally, the residual strategy 
reduces the amount of training data required to achieve a given accu
racy and improves robustness across a range of swirl ratios and heights. 
The graph-based design is especially well suited here: by operating on 
radial nodes and explicit radial neighborhoods, the GNN encodes spa
tial coupling and adapts to swirl-dependent variations in vortex struc
ture, allowing a single learned model to cover multiple regimes, from 
one-cell and two-cell vortices to near-surface intensification, without 
per-case reengineering. Although the Baker baseline represents a one- 
cell reference vortex, the hybrid prediction is not constrained to remain 
one-cell because the learned component adds a data-driven correction 
to the baseline field. Two-cell behavior is expressed through a struc
tured residual that introduces the additional profile features present in 
LES, such as a secondary extremum and/or sign reversal in the vertical 
velocity, with consistent adjustments in the radial and tangential 
components. Consequently, the reported ‘transition’ reflects how the 
residual contribution evolves with (S z, ): it remains small when the 
one-cell baseline is adequate and becomes more structured when two- 
cell signatures emerge in the data.

4.3. Implications, limitations, and future outlook

The hybrid model has direct implications for wind engineering. 
Because it generates high-fidelity wind and pressure fields orders of 
magnitude faster than LES, it enables rapid scenario screening, more 
extensive probabilistic structural-response sampling, and better-in
formed design guidance for tornado-resistant systems. Accurate near- 
ground velocity and pressure predictions are particularly valuable for 
estimating structural loads and for designing mitigation measures. 
Several caveats and opportunities remain. First, the present model is 
trained on idealized LES data; robustness in operational settings re
quires evaluation. Moreover, the framework is trained on non-dimen
sional profiles (e.g., velocities normalized by a characteristic velocity 
scale and spatial coordinates normalized by the core radius), such that 
the learned residual mapping is expressed in similarity variables rather 
than in dimensional form. However, Reynolds-number effects are not 
explicitly parameterized in the current conditioning inputs. 
Consequently, direct extrapolation of the learned residuals across 
Reynolds’ regimes cannot be asserted, and applicability to full-scale 
tornado conditions should be interpreted in relation to the degree of 
Reynolds-number similarity exhibited by the corresponding non-di
mensional mean profiles. A practical pathway to strengthen scale ro
bustness is to augment the conditioning space with regime descriptors 
(e.g., Reynolds number, surface-roughness/friction parameters, or 
translation/boundary-layer indicators) and to apply transfer learning or 
domain adaptation using complementary datasets (e.g., mobile radar 
retrievals, wind-tunnel measurements, or LES ensembles spanning 
roughness and translation effects). In this direction, the graph for
mulation is naturally suited to multi-source, irregular observations 
because measurements can be represented directly as graph nodes with 
heterogeneous feature embeddings, avoiding interpolation onto a fixed 
Cartesian grid and preserving the native sampling geometry. A practical 
workflow is to pre-train the model on larger LES ensembles to learn 
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general vortex structure and then fine-tune on smaller, noisier ob
servational datasets to improve realism and calibration; related do
main-adaptation strategies (e.g., feature-space alignment or adversarial 
objectives) can mitigate simulation-to-observation distribution shifts 
while retaining the physics-regularized inductive bias of the hybrid 
formulation.

Second, the physics terms are implemented as soft constraints and 
their relative weighting requires tuning; systematic studies of sensi
tivity, alternative formulations (e.g., augmented-Lagrangian schemes, 
hard constraints), and ablations for the modified architecture are 
warranted. The current physics-based regularization is evaluated using 
finite differences in the radial coordinate only and are applied in
dependently to each (S z, ) profile. Because vertical gradients are not 
reliably resolved with the available sampling, terms involving z(.)/
and fully coupled three-dimensional conservation are not enforced. 
Accordingly, the physics loss is interpreted as a partial, profile-level 
radial regularization: it promotes radial continuity consistency and a 
cyclostrophic-style radial momentum balance under an axisymmetric 
assumption within each height layer, rather than constituting a full 
Navier–Stokes constraint. In this sense, the penalties provide a physi
cally motivated inductive bias that stabilizes learning and encourages 
plausible radial profile structure, while complete 3D physical con
sistency remains outside the scope of the present dataset. With higher 
vertical-resolution datasets, vertical connectivity can be introduced by 
linking r z( , ) nodes to ( ±r z z, ), enabling z(.)/ operators to be 
computed along vertical edges and allowing a vertical momentum- 
balance penalty to be incorporated into the physics loss. In the present 
dataset, the absence of an explicit vertical-momentum constraint im
plies that near-surface vertical structure is primarily data-driven; 
therefore, W predictions in the lowest layers may be less physically 
constrained than the tangential and radial components, and this should 
be considered when interpreting engineering-relevant near-ground es
timates.

Third, with sufficient data coverage, the graph representation can be 
extended from 1-D radial chains to 2-D r z graphs, enabling message 
passing across both radial and vertical neighbors and improving the 
modeling of shear layers and height-dependent structure; physics pe
nalties would naturally generalize to 2-D divergence and momentum 
balances. In regimes with non-axisymmetric features or multi-vortex 
states, a full 3-D cylindrical graph (adding azimuthal connectivity) 
becomes attractive, provided volumetric LES or laboratory measure
ments are available. Although such extensions are technically 
straightforward, the dominant bottleneck is data acquisition: training 
and validating higher-dimensional models requires volumetric re
ference fields with sufficient resolution and coverage to support reliable 
gradients and neighborhood connectivity in three dimensions. 
Compared to the sparse radial profiles used here, generating and storing 
3-D LES datasets entails substantially higher computational cost, si
mulation time, and post-processing/storage overhead, which may limit 
data availability in the near term.

Finally, given the framework’s modularity, performance can be 
improved further by adopting different analytical baselines or en
semble/multi-model strategies; choosing a baseline that reduces 
dominant systematic bias in a given regime lowers residual complexity 
and typically improves data efficiency and final accuracy.

5. Conclusion

This study introduced and validated a hybrid, physics-informed 
machine-learning framework for high-fidelity modeling of tornado 
wind fields. The approach addresses the trade-off between the compu
tational efficiency of analytical models and the accuracy of large-eddy 
simulations (LES). Using a two-step process, an analytical Baker base
line followed by a residual-learning graph neural network (GNN), the 
framework achieves substantial accuracy gains over the standalone 
analytical model and closely approximates LES fields at a fraction of the 

computational cost. The GNN is conditioned on global vortex para
meters such as the swirl ratio and is trained with soft physics constraints 
that encourage mass and momentum consistency, enabling it to capture 
complex, non-linear flow features, including transitions between one- 
cell and two-cell vortices that analytical formulations often simplify. 
The primary contribution lies in the residual-learning methodology 
anchored to a physically interpretable baseline. This modular design is 
general and can be paired with alternative analytical or empirical 
vortex models to reduce residual complexity, improve data efficiency, 
and enhance final accuracy. Overall, the framework provides a com
putationally tractable pathway for producing high-fidelity wind and 
pressure fields for engineering applications, supporting faster scenario 
screening, improved risk assessment, and more informed wind-resistant 
design. This hybrid modeling paradigm offers a promising direction for 
computational wind engineering and related scientific domains where 
combining domain knowledge with data-driven methods is essential for 
tackling complex flows.
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