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The field of computational fluid dynamics (CFD) is integral to engineering disciplines, particularly for designing 
systems that operate under complex fluid flow conditions. Accurate simulation of flow fields is essential for 
optimizing performance across a variety of applications, including aviation, automotive, marine, and renewable 
energy sectors. Recent advancements in deep learning, particularly graph convolution networks (GCNs), offer 
promising alternatives for improving simulation processes. This work introduces a novel approach to accelerating 
fluid simulations using GCNs for flow field initialization. To this end, two different GCN models were employed, 
incorporating prior knowledge of the problem like its boundary conditions, as well as residual training. Extensive 
experiments using over 2000 sets of simulation results of various NACA airfoil shapes and flow conditions 
demonstrate that GCN-based initialization significantly reduces computational resources while maintaining high 
accuracy, achieving a 30% -- 50% reduction in simulation time compared to conventional CFD initialization 
method.

1. Introduction

The field of computational fluid dynamics (CFD) is perpetually evolv

ing, driven by the relentless pursuit to accurately model flow fields 
around complex geometries. This pursuit is not only of academic in

terests, but is also grounded in the practical need to predict the effects 
of fluid flows on various engineering applications, such as the aerody

namics performance of aircrafts and automobiles, characterization of 
propulsors and thrusters, and adequacy of dispersion and ventilation. 
The complexity of these systems, characterized by intricate geometries, 
flow separation, reattachment phenomena [1], and multi-physics in

teractions [2], poses significant challenges [3] to traditional CFD ap

proaches [4,5].

The conventional methodologies in CFD have been rigorously devel

oped over the years. However, they often grapple with resource limi

tation when it comes to handling the nuanced interactions in complex 
flow scenarios, such as high-lift devices where convoluted geometries 
are typically involved. Traditional grid-based numerical methods, as 
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highlighted by Refs. [6,7], normally require high-resolution meshes to 
accurately capturing complex fluid-surface interactions, which is cru

cial for realistic flow predictions, yet computationally expensive. While 
various approximation techniques have been developed to enhance com

putational efficiency or accelerate the CFD processes, such as coarse 
meshing, simplified turbulence modeling [8,9], and reduced-order mod

eling [10], they often come at the expense of solution fidelity. Therefore, 
a balance between accuracy and computational cost is necessary.

In contrast to traditional methods, deep learning offers a promising 
avenue to address the inherent challenges in CFD. With the aid of deep 
learning, speeding up the entire simulation processes can be done from 
various perspectives such as developing data-driven turbulence mod

eling [11], utilizing neural networks to build a reduced-order model 
for unsteady aerodynamic predictions [12,13], and coupling physics 
solver and neural networks to offer super-resolution capability [14--16]. 
Specifically, the integration of convolutional neural networks (CNNs) in 
CFD [15,17--19] has been a groundbreaking advancement in facilitating 
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Fig. 1. (a) GCN training pipeline that considers geometrical information (SV and DID) and inlet flow condition (𝜑) as network inputs and utilizes residual training 
scheme with freestream condition as the estimator. (b)(I) Typical initialization with uniform or potential flow fields; and (II) Initialization with predicted flow fields 
by the trained GCN model; both using RANS solver to converge towards steady-state solutions. (For interpretation of the colors in the figure(s), the reader is referred 
to the web version of this article.)

fluid simulations due to the ability of CNNs to process grid-like data, 
which aligns well with the structured mesh used in CFD simulations.

Among the latest developments, graph convolutional networks 
(GCNs) have emerged as a powerful tool for flow field prediction [20--

28]. Their inherent ability to represent data as graphs, where nodes 
denote entities and edges describe relationships, renders them compat

ible with the finite-volume method and hence well-suited for capturing 
complex flow fields commonly encountered in CFD applications. Ref

erences [21,22,28] have been effective in handling single geometry in 
fluid dynamics by leveraging the flexibility of graph-based represen

tations. However, many of them directly predict the flow variables, 
such as velocity and pressure, and mostly serve as an end-to-end sur

rogate [20,26]. One exception is the work of Obiols-Sales et al. [17] 
where fields were treated as images, which does not guarantee meet

ing the critical convergence criteria of CFD simulations. In addition, 
only subsets of the flow fields were predicted in most of the current 
works [24], leading to a lack of comprehensive flow information.

The current challenge lies in predicting physically plausible flow 
fields from a given geometry that can be used to initialize CFD simula

tions and reduce computational cost. Unlike previous studies [17,20,24, 
26] that either rely on surrogate models trained to replace CFD solvers 
entirely, or treat fields as images, or consider partial domains, or gener

ate approximate fields without direct integration into numerical solvers, 
the present study focuses on using GCN-based models to produce phys

ically consistent flow field predictions for initialization. Although the 
idea of using neural network-predicted flow fields to accelerate CFD 
simulations has been explored in prior works, the methodology adopted 
here offers several important distinctions. Specifically, the learning task 
was formulated as a residual training technique [29], where the models 
estimate deviations from freestream conditions instead of directly pre

dicting absolute values, enhancing stability across diverse flow scenar

ios. In addition, the geometric representations of embedded solid bodies 
were implemented through shortest vector and directional integrated 
distance [30], enabling generalization across a wide range of airfoil 
geometries. The approach was also validated across two structurally dif

ferent GCN models, namely MeshGraphNet (MGN) and Invariant Edge

GCN (IVE), demonstrating its architecture-agnostic applicability. Most 
importantly, the predicted fields are solved with a conventional RANS 
solver, and their impact is quantitatively assessed based on convergence 
behavior and computational time reduction. Through these features, the 
proposed method was able to reduce the computational time required to 
achieve steady-state solutions in Reynolds averaged Navier–Stokes sim

ulations of flow over NACA airfoil while maintaining high prediction 
accuracy.

The remainder of this paper consists of four sections. In Sec. 2, the 
network architecture with its various features are described, followed 

by the discussion on the generation of datasets for training, validating, 
and testing purposes in Sec. 3. The experiment results are discussed in 
Sec. 4. Lastly, conclusion and future work are presented in Sec. 5.

2. Neural network architecture

Graph convolution network is utilized as the fundamental network 
due to its graph structure characteristics, which enable the treatment 
of cell centers and faces as nodes and edges, respectively. This allows 
the neural network to efficiently interpret and process geometric data. 
For instance, the cell centers and faces in a computational mesh are 
the counterparts of the nodes, 𝑉 , and bi-directional edges, 𝐸, which 
describe the connectivity between the graph nodes. Two GCNs, Mesh

GraphNet (MGN) [21] and Invariant Edge-GCN (IVE) [22] were adopted 
to demonstrate this deep learning approach of CFD field initialization is 
general to GCN architectures.

MGN is a message-passing GCN that has demonstrated strong perfor

mance in simulating physical systems involving mesh-based data [21]. 
IVE, on the other hand, integrates geometric invariance and edge-level 
message passing, which improves prediction accuracy around complex 
geometries [22]. These two models were chosen due to their comple

mentary characteristics: MGN offers architectural simplicity and scala

bility, while IVE introduces invariant design principles well-suited for 
CFD problems with diverse geometrical variations. Their inclusion al

lows one to assess the generality of the proposed GCN-based flow field 
initialization approach across different graph-based neural architec

tures.

Fig. 1(a) illustrates a neural network training pipeline for fluid dy

namics using GCNs. The training scheme consists of two components: 
(i) Network inputs, which are inlet flow conditions (𝜑 = {𝑢, 𝑣, 𝑝}) and 
geometry representation of the embedded body (in this case, an airfoil) 
via shortest Vector (SV) and directional integrated distance (DID) [30]; 
and (ii) Residual training technique with freestream conditions as the 
estimator. The SV and DID methods were utilized to encode geometries 
as input node features. In brief, SV provides both distance and direction 
information by a vector formed between a node and the nearest surface 
node of the body. Likewise, the DID defines the perception of the body 
relative to a node averaged over a prescribed angular range. With the 
network inputs, the residual flow fields are then predicted via the resid

ual training technique and combined with the freestream condition, thus 
returning a prediction of the flow fields around the embedded body. The 
details of the residual training technique and the neural network inputs 
and parameters are given in subsequent sections.

Traditionally, the initial conditions are described by uniform or po

tential flow around the airfoils, as illustrated in Fig. 1(b)(I). Engaging 
RANS solver ensures the final steady-state solutions sufficiently satisfy 
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Table 1
List of neural network parameters used.

MGN IVE 
Number of hidden layers 15 8 
Hidden layer size (node) [128,128,… ,128] [128,256,… ,256,128]
Hidden layer size (edge) [128,128,… ,128] [64,128,256,… ,256]

Loss function MSE 
Optimizer Adam 
Learning rate scheduler Lambda decay 
Lambda function (1 + 𝑘 ⋅ 𝜆0)−1
Initial learning rate (𝜆0) 5 × 10−5 2 × 10−4

the mass and momentum conversations after multiple iterations that 
sometimes can reach up to an order of 10,000. In contrast, the proposed 
neural network model directly predicts the flow fields that are closer 
to the convergence criteria of the governing equations, as illustrated in 
Fig. 1(b)(II). Hence, using the predicted solutions by GCN-based model 
to initialize the RANS solver will reduce the time taken for the con

vergence constraints to be met, resulting in a simulation that is both 
physically accurate and accelerated.

2.1. Neural network inputs and parameters

Table 1 outlines the neural network model parameters and training 
parameters used in the experiments. The input features can include node 
positions (2), SV (2), DID (8), inlet values (3), and freestream velocity 
and pressure fields (3) when residual training is applied. The eight inputs 
for DID are due to the choice of using eight segments, each spanning 𝜋∕4
radians such that 

[
(−𝜋∕8, 𝜋∕8), (𝜋∕8,3𝜋∕8),… , (13𝜋∕8,15𝜋∕8)

]
repre

sents the 360◦-view from a given point. A segment that does not en

counter the body in the flow is prescribed with a maximum distance 
value of 𝑑𝑚𝑎𝑥 = 5. Hence, the input layer size for both networks is 15
and 18 without and with residual training, respectively. The output layer 
for all models consists of three features: the 𝑢, 𝑣 and 𝑝 fields. The mean 
squared error (MSE) loss function and Adam optimizer were utilized to 
train the neural networks, while a custom decay function was used for 
the learning rate. All models were trained using half-precision and dis

tributed data parallelism across four GPUs.

2.2. Residual training

Residual training, which is extensively used in image super-resolu

tion [31--34], involves utilizing differences between the ground truth 
and its estimate to ease the learning. Hence, in this case, instead of di

rectly predicting the flow field 𝜑𝐺𝑇 , the model is trained to predict the 
residual field by minimizing the following loss function:


(
𝜑𝐺𝑇 , 𝜑̂+ 𝜑̃𝑒𝑠𝑡

)
, (1)

where 𝜑̂ is the network output and 𝜑̃𝑒𝑠𝑡 represents an estimated 
flow field. Additionally, unlike conventional methods that depend on 
low-resolution simulations for initial estimates, this work used the 
freestream conditions as the starting point for residual training, thus 
keeping the cost to generate data for training to a minimum. Mathemat

ically, this freestream approach can be expressed as:

𝐔 =𝐔∞ +𝐔′ , (2)

where the overall flow velocity, 𝐔, is the vector sum of the freestream 
conditions, 𝐔∞, and the deviation from freestream, 𝐔′, induced by the 

presence of a body within the flow and unique to its specific shape and 
orientation. Note that this decomposition is akin to the conversion from 
inertial frame to body frame and is also applicable to potential flows 
(i.e., superpositioning of inviscid freestream and singularity elements) 
and turbulent flows (i.e., steady mean and transient fluctuations) [35]. 
Readers can refer to Ref. [30] for further details on the residual training.

3. Datasets generation and validation

3.1. Types of datasets

This study focuses on the utilization of four-digit series airfoil shapes 
developed by the National Advisory Committee for Aeronautics (NACA) 
as the preferred choice for aircraft wing applications. The NACA airfoil 
series presents a wide variety of airfoil families, allowing for significant 
permutations between different types of airfoil shapes. Additionally, the 
ease of automating the mesh generation process further supports the se

lection of NACA airfoils for this investigation. The four-digit series NACA 
airfoils are parameterized using numerical codes (𝑀𝑃𝑋𝑋), where (i) 
the first digit (𝑀) corresponds to the maximum camber as a percentage 
of the chord, (ii) the second digit (𝑃 ) denotes the distance of maximum 
camber from the airfoil’s leading edge in tenths of the chord, and (iii) 
the last two digits (𝑋𝑋) describe the maximum thickness of the airfoil 
as a percentage of the chord. This systematic parameterization of NACA 
airfoils allows for efficient exploration of a wide range of airfoil designs 
and facilitates the automation of the mesh generation.

Two-dimensional (2D) datasets were created in this work to develop 
the deep learning model in a wide variety of geometries and flow con

ditions. To examine the model performance in arbitrary geometries, all 
datasets comprise of symmetric and asymmetric airfoils for a compre

hensive exploration of airfoil shapes. Also, for all datasets, the camber 
parameters, 𝑀 and 𝑃 , were uniformly chosen from the range [0, 6] and 
the thickness parameter, 𝑋𝑋, was uniformly selected from [5, 25]. In 
general, the datasets can be divided into set A with a fixed low Reynolds 
number Re = 500 and an angle of attack (AoA) of 𝛼 = 5◦, and set B 
with random high Re and AoA in the range of 𝑅𝑒 ∈ [105, 5 × 106] and 
𝛼 ∈ [−5◦, 7◦], respectively. In total, more than 2000 airfoil simulations 
were conducted (1014 and 1025 for datasets A and B, respectively). 
An 8 ∶ 1 ∶ 1 ratio was adopted to divide each dataset into training, 
validation, and testing sets. The details of the two datasets have been 
summarized in Table 2.

3.2. Meshing technique

Due to the high number of cases required for this study (more than 
2000 in accordance with Sec. 3.1), an automatic mesh generation pro

cess was necessary for tractability and robustness, ensuring the meshes 
are both produced in a timely fashion and of sufficient quality. For all 
cases, the blockMesh utility tool provided by OpenFOAM-v2112 [36] was 
utilized to create a C-grid type of hexahedral mesh. The airfoil is situ

ated at the center of the domain with a domain size of 20 chord lengths 
as shown in Fig. 2(a), whereas the nearfield views of the airfoil are il
lustrated on the right of Fig. 2, showing representative (b) symmetric 
and (c) cambered NACA airfoils.

In dataset A, which considers Re = 500, a total number of 278 airfoil 
cells was used upon grid convergence study in Sec. 3.4 with both the 
leading edge, Δ𝑥𝐿𝐸 , and trailing edge, Δ𝑥TE grid sizes equal to 5 mm. 
Since the Reynolds number is low Re the first cell thickness adjacent to 
the airfoil wall, Δ𝑥𝐵𝐿, was set at 1 mm such that 𝑦+ ≈ 1 to fully resolve 

Table 2
Description of datasets.

Airfoil dataset 𝑀 ,𝑃 𝑋𝑋 Re 𝛼 [◦] Sample size Avg. cells

A, low Re [0, 6] [5, 25] 500 5 1014 123k

B, high Re [0, 6] [5, 25] [0.1, 5] × 106 [−5, 7] 1025 111k
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Fig. 2. (a) A type C-grid mesh was adopted where the airfoil is situated at the center of the domain. The nearfield views are illustrated for representative (b) 
symmetric and (c) cambered NACA four-digit airfoils.

Table 3
Boundary conditions used for datasets A and B.

Field Airfoil wall, (⋅)𝑤𝑎𝑙𝑙 Farfield, (⋅)∞
A B A and B 

𝐔 noSlip freestreamVelocity 
𝑝 zeroGradient freestreamPressure 
𝑘

fixedValue

kLowReWallFunction 
freestream𝜔 omegaWallFunction 

𝜈𝑡 nutLowReWallFunction 

the boundary layer around the airfoil geometry without adopting any 
wall function. Near the domain boundary, the farfield grid resolution, 
Δ𝑥farfield = 0.2 m with a total expansion ratio of 40 along the outwards 
direction.

The same meshing method used in the dataset A was adopted for 
the dataset B, which considers a random and high Re flow condition. 
Each simulation in dataset B contains approximately a total number of 
798 airfoil cells with Δ𝑥LE = Δ𝑥TE = 0.2 mm. Δ𝑥BL = 2 × 10−5 m was 
prescribed to reduce the non-orthogonality of the mesh and ensure that 
30 ≤ 𝑦+ ≤ 100 for the wall function to work efficiently.

3.3. Boundary conditions and solver settings

Table 3 tabulates the applied boundary conditions on the steady

state flow variables, namely the velocity vector, 𝐔, and kinematic 
pressure, 𝑝, which is divided by density, 𝜌, as well as the additional 
turbulent-related variables, such as turbulent kinetic energy, 𝑘, turbu

lent specific dissipation rate, 𝜔, and turbulent kinematic viscosity, 𝜈𝑡, 
which are needed for the 𝑘-𝜔 shear stress transport (SST) model [37] 
used in this work. The turbulence model was employed for closure be

cause of its suitability for aerodynamic flows with pressure-induced 
separation and adverse pressure gradient flows [38] and accessibility 
in OpenFOAM-v2112. No slip condition was used on the airfoil wall. 
Farfield boundaries refer to the outer domain boundary, for which the 
positive (outflow) and negative (inflow) fluxes use zeroGradient and 
fixedValue, respectively.

For low Re dataset A, the freestream velocity, 𝐔∞ = [0.146, 0] m∕s
and kinematic viscosity, 𝜈 = 2.92 × 10−4 m2∕s such that the Reynolds 
number, Re = 500. Gauge pressure was considered so the freestream 
pressure, 𝑝′∞ = 0 m2∕s2. The turbulent freestream values are chosen 
based on recommendations in [38]:

𝜈𝑡∞ = 10−3𝜈 , 𝜔∞ =
𝐶𝜔𝐔∞
𝐿 

, 𝑘∞ = 𝜈𝑡∞𝜔∞ ,

Table 4
Discretization schemes chosen for dataset genera

tion.

Operator Discretization scheme 
Gradient (∇) Second-order Gauss linear 
Divergence (∇⋅) Second-order upwind biased 
Laplacian (∇2) Second-order Gauss linear 
Interpolation Second-order linear interpolation 

where 𝐿 is the approximate length of the computational domain, 𝐶𝜔 = 2
for thin airfoil (i.e., 𝑋𝑋 ≤ 20), and 𝐶𝜔 ≥ 20 for thick airfoil (i.e., 
𝑋𝑋 > 20). For wall boundary condition, the following settings are rec

ommended:

𝑘wall = 0 , 𝜔wall = 10 6𝜈 
𝛽1𝑦

2
BL

,

where 𝛽1 = 0.075. For dataset B, the 𝐔∞ was calculated based on the Re, 
which is varying between 105 and 5 × 106 with 𝜈 = 1.461 × 10−5 m2∕s
and airfoil chord as the characteristic length. omegaWallFunction was 
used as wall function of the turbulent specific dissipation rate, 𝜔, esti

mating 𝑦+ by blending between the viscous and inertial sublayer with a 
binomial function [39]. The wall functions for turbulent kinetic energy, 
𝑘, and turbulent viscosity, 𝜈𝑡, are kLowReWallFunction and nutLowRe

WallFunction, respectively.

An incompressible steady-state flow solver, simpleFoam, was used to 
generate the A and B airfoil datasets. As implied, simpleFoam solves the 
finite-volume formulation of the steady, incompressible Navier–Stokes 
equations coupled with 𝑘-𝜔 SST turbulence model using the SIMPLE al

gorithm [40]. The spatial discretization schemes used in the solver are 
summarized in Table 4. The resulting linear equations were solved using 
preconditioned (bi-)conjugate gradient (PCG) and stabilized precondi

tioned (bi-)conjugate gradient (PBiCGStab) with diagonal incomplete

Cholesky, (DIC), and diagonal incomplete LU, (DILU) as the precondi

tioner for symmetric and asymmetric matrices, respectively. The flow 
variables were updated with an under-relaxation factor of 0.3 for 𝑝 and 
0.5 for 𝐔, 𝜔, and 𝑘, and converged to an order between 10−6 to 10−5.

3.4. Validation

The grid convergence study on the low Re dataset A was conducted 
on three different levels of grid resolutions as tabulated in Table 5 with 
their corresponding lift and drag coefficients, 𝑐𝑙 and 𝑐𝑑 , respectively. 
Note that the thickness of the first cell adjacent to the airfoil wall was 
maintained at 𝑦+ < 1 for all three grid resolutions. The 𝑐𝑙 and 𝑐𝑑 differ

ences between the medium and fine cases are less than 0.5%, suggesting 
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Fig. 3. Analyses of (a) domain independence and (b) accuracy for dataset B (NACA 0012, Re = 6× 106, 𝛼 = 0◦). In (b), the simulated 𝑐𝑙 is given by a solid line, while 
its experimental counterparts are denoted by dotted-line [41], circles [42], and squares [43].

Table 5
Grid convergence analysis for dataset A (NACA 
0012, Re = 500, 𝛼 = 5◦).

Resolution Cell count 𝑐𝑙 𝑐𝑑

Coarse 30832 0.25881 0.18191 
Medium 122952 0.26326 0.18179 
Fine 512864 0.26254 0.18175 

Table 6
Grid convergence analysis for dataset 
B (NACA 0012, Re = 6 × 106 , 𝛼 = 0◦).

Resolution Cell count 𝑐𝑑

Coarse 60876 0.007575 
Medium 111036 0.007594 
Fine 345280 0.007565 

that the solutions are converged at the medium resolution. Thereafter, 
the grid resolution of the medium case was adopted to generate the en

tire single airfoil dataset A.

To account for the stronger wake effect in the high Re cases of dataset 
B, a domain independence study was first conducted with NACA 0012
airfoil at Re = 6 × 106 and 𝛼 = 0◦ flow condition. The domain size of 
20 chord lengths was found sufficient, as shown in Fig. 3(a). Thereafter, 
three different grid resolutions were considered for grid convergence 
analysis. The 𝑐𝑑 results are tabulated in Table 6, indicating the medium 
grid resolution is sufficient. With the medium grid resolution, a compar

ison with experimental data [41--43] was conducted with AoA between 
−16◦ to 18◦, as shown in Fig. 3(b). The simulation results agree with 
the measured data, especially between −10◦ to 10◦, thus validating the 
simulation results from the medium resolution. As a result, the medium 
grid resolution was adopted for the entire dataset B.

4. Results and discussion

4.1. Low fixed Re and fixed AoA case

To demonstrate the effectiveness of introduced neural network (NN) 
components in Sec. 2, an ablation study was conducted as described in 
Table 7, building upon a baseline GCN model with geometry representa

tions and/or residual training. Two different GCN architectures, namely 
MGN [21] and IVE [22], were considered to prove that the developed 
features are independent of NN architecture types.

The model performance was evaluated by the normalized mean 
squared errors (NMSE) averaged over all test samples, 𝜖NMSE, where the 
NMSE of each test sample is computed from the differences between its 
flow variable predictions of 𝐔 and 𝑝 and their respective ground truths, 
normalized by a characteristic reference value, squared and averaged 
over all cell counts, and then averaged over the number of predicted 
flow variables. These steps are described in order by Eqn. (3):

Table 7
List of models with their integrated compo

nents.

Model SV and DID Residual training 
Baseline ✗ ✗ 
1 ✓ ✗ 
2 ✓ ✓ 

Table 8
Mean and standard deviation of average NMSE, 
𝜖NMSE, for all models of Table 7 of MGN and IVE 
architectures for dataset A. Note that all values 
are in 10−4 scale.

GCN Baseline 1 2 
MGN 6.25 ± 4.19 1.05 ± 0.53 𝟎.𝟗𝟐 ± 𝟎.𝟓𝟏
IVE 6.51 ± 4.01 0.92 ± 0.45 𝟎.𝟕𝟏 ± 𝟎.𝟒𝟒

𝜖
𝜑

NMSE,𝑚 = 1 
𝑁

𝑁∑
𝑛=1 

(
𝜑𝑛,GT − 𝜑̂𝑛

𝜑ref

)2||||||𝑚 , (3a)

𝜖NMSE,𝑚 = 1
3
(𝜖𝑢NMSE,𝑚 + 𝜖𝑣NMSE,𝑚 + 𝜖𝑝NMSE,𝑚) , (3b)

𝜖NMSE = 1 
𝑀

𝑀∑
𝑚=1

𝜖NMSE,𝑚 , (3c)

where 𝜑 is a general notation for the 𝑢- or 𝑣-components of 𝐔 or 𝑝, 𝑚
is the counter for sample, 𝑛 is the counter for cell, 𝑀 and 𝑁 denote 
the total number of samples and cells, respectively. The subscript (⋅)GT
refers to the ground truth, while (̂⋅) indicates a prediction. The reference 
value, 𝜑ref , was freestream velocity magnitude, ‖𝐔∞‖, and freestream 
dynamic pressure, 0.5‖𝐔∞‖2, for velocity components and pressure, re

spectively.

Table 8 presents the average NMSE, 𝜖NMSE, of different models (see 
Table 7) for MGN and IVE architectures for dataset A. Regardless of 
GCN architectures, Model-1 with informed geometry representations 
(i.e., SV and DID) shows a significant improvement in field predictions 
of more than 80% in terms of 𝜖NMSE reduction compared to the base

line model. Similarly, improvements were observed for Model-2 with 
residual training, further lowering the 𝜖NMSE values for both MGN and 
IVE architectures. In other words, GCNs with both geometry representa

tions and residual training incorporated have consistently achieved the 
lowest 𝜖NMSE compared to their baseline counterparts and those with 
only one component, thus confirming the efficacy of these components 
in improving GCN performance.

Given the superior performance of Model-2, Fig. 4 compares the 
performance of Model-2 across different GCN architectures using the 
box-and-whisker diagrams based on minimum/maximum range. IVE ar

chitecture consistently exhibits the lowest 𝜖NMSE as shown in Fig. 4(a). 
The breakdown of 𝜖NMSE into 𝜖𝑢

NMSE
, 𝜖𝑣

NMSE
, and 𝜖𝑝

NMSE
for both ar
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Fig. 4. Comparison of (a) 𝜖NMSE of Eq. (3b) between Model-2 of MGN and IVE architectures (i.e., MGN-2 and IVE-2, respectively), and the NMSE of each flow 
variable, 𝜖𝜑NMSE, of Eq. (3a) for (b) MGN-2 and (c) IVE-2 on dataset A. The cross marker represents the mean, while the line splitting the box in two represents the 
median. The lower and upper bounds of the box denote the first and third quartile, and the upper and lower ends the vertical line are the maximum and minimum 
values, respectively.

Fig. 5. Comparison of (top row) axial velocity component, 𝑢, and (middle row) transverse velocity component, 𝑣, obtained from (I) RANS simulation and (II) 
predictions by (left) MGN-2 or (right) IVE-2, as well as (III) their corresponding 𝜖NMSE contours for (a, b) NACA 4606 and (d, e) NACA 5610 test cases where 
𝜖NMSE ≈ 𝜖NMSE for MGN-2 and IVE-2, respectively. Contours for the maximum, median, and minimum 𝜖NMSE from (left) MGN-2 and (right) IVE-2 are shown at the 
bottom row (i.e., c, f) in descending order.
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Fig. 6. Residual plots of (dashed lines) 𝑢- and (solid lines) 𝑣-components for (top row) maximum, (middle row) median, and (bottom row) minimum 𝜖NMSE cases 
(see Fig. 5(c)) initialized with predictions from (left column) MGN-2, (̂⋅)MGN−2, and (right column) IVE-2, (̂⋅)IVE−2, as well as the ground truths, (⋅)GT, obtained from 
initialization with freestream conditions. Part of the 𝑥-axis is plotted in logarithmic scale to highlight the lower initial residuals when initializing with NN predictions.

chitectures indicates that 𝜖𝜑
NMSE

are in different orders where 𝜖𝑢
NMSE

>

𝜖
𝑝

NMSE
> 𝜖𝑣

NMSE
, as shown in Figs. 4(b) and (c), due to their correspond

ing magnitudes. As a result, the average NMSE, 𝜖NMSE, is expected to 
be dominated by the errors in 𝑢.

Two representative cases of NACA 4606 and NACA 5610 with 
𝜖NMSE ≈ 𝜖NMSE were selected to compare (I) ground truths, (⋅)GT , from 
RANS simulation and (II) predictions, (̂⋅), from MGN-2 and IVE-2, re

spectively, in Fig. 5. The comparison includes the contours of (a) axial 
velocity, 𝑢, and (b) transverse velocity, 𝑣. Additionally, the NMSE con

tours, 𝜖NMSE, for both velocity components are provided in (III) to 
highlight regions of high deviation. Apparently, the errors of 𝑢field 
from both MGN-2 and IVE-2 are primarily concentrated in the nearfield 
regions of the airfoil and downstream wake regions, at approximately 
2% of ‖𝐔∞‖. This concentration of errors can be attributed to the com

plex flow-body interactions and turbulence inherent to these regions, 
which, by conservation of momentum, will most affect the 𝑢field in the 
flow over an airfoil problem. Conversely, the errors in the 𝑣-field are 
relatively smaller and generally localized around the airfoil, where 𝑣 is 
most perturbed from their freestream conditions by the airfoil. Three ad

ditional 𝜖𝑢NMSE contours corresponding to the test cases with maximum, 
median, and minimum 𝜖NMSE values are presented in Fig. 5(c).

High errors are mostly observed in the wake regions, especially for 
the thicker airfoil, reinforcing the point that the average NMSE will 
largely be dominated by errors in the 𝑢field. The results presented in 
Fig. 5 also suggest that the accuracy of GCN predictions will decline 
with increasing wake area where rapid changes in the flow and high 
gradients are prominent.

Despite their potential shortfall in cases of strong flow separation 
and/or large turbulent wake, the neural networks have demonstrated 
the ability to generate accurate predictions of flow fields for a wide 
range of airfoil shapes at Re = 500 and a fixed AoA of 5◦. In the abso

lute sense, the variable-average error, 𝜖NMSE, for each cell is within the 
order of 10−3 as shown in Fig. 4. The predicted fields are also largely 
comparable to converged simulation results as illustrated in Fig. 5.

However, the resemblance to simulation results does not guarantee 
that the neural network predictions are physical, a condition that can be 
determined by checking the residuals of the governing equations com

puted with the predicted field variables. In this work, the check was 
performed by using the predicted fields as initial conditions for the same 
RANS solver that has simulated the ground truths. The hypothesis is that 
a prediction with sufficiently low residuals can theoretically meet the 
convergence criteria right away, thus fulfilling the physically accurate 
condition. A less optimal outcome is that the prediction’s residuals are 
close, but not yet satisfy the convergence criteria, for which a reduc

tion in iterations to convergence can still be expected, resulting in an 
accelerated simulation.

To confirm the above hypothesis, the residual plots for the maxi

mum, median, and minimum 𝜖NMSE cases, same as Fig. 5(c), are pre

sented in Fig. 6, comparing the convergence behavior of initialization 
with predictions from MGN-2 and IVE-2 to that with freestream condi

tions, from which the ground truths in earlier analyses of Figs. 4 and 
5 were obtained. The residuals are plotted on a log scale to highlight 
the initial differences and the convergence behavior over iterations. 
Across all cases, both MGN-2 and IVE-2 exhibit significantly lower ini

tial residuals compared to the freestream initialization. This is evident 
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Fig. 7. Distribution of computational time taken of all test cases in dataset A. 
Time taken for RANS solver to achieve steady-state solutions with (a) freestream 
flow fields as initial conditions, 𝑡GT, is shown on the left, while that with NN 
predictions is shown on the right for (b) MGN-2 and (c) IVE-2 architectures. 
Note that time taken for the predicted cases is a combination of the inference 
time by the NN and output time to the RANS solver, 𝑡MGN-2/IVE-2, which are 
indicated by the red bars, on top of the RANS simulation time, 𝑡MGN-2/IVE-2. The 
vertical dashed line represents the median computational time.

from the log-scaled initial portion of the 𝑥-axis. These lower starting 
points suggest that the NN provide better initial guesses than freestream 
conditions. In addition, the higher gradient of residual curves by MGN

2 and IVE-2 demonstrates a sharper reduction in residual, leading to 
faster convergence. As supported by Fig. 6, a sufficiently accurate pre

diction can substantially reduce the computational effort required to 
meet convergence criteria, and even less optimal predictions still lead 
to accelerated simulations by lowering the starting residuals and reduc

ing the number of required iterations. Interestingly, separate analyses 
(not shown here for brevity) indicate that the dominant factor for the 
acceleration of the simulations is the order-of-magnitude of the start

ing residuals and not their absolute value, which has not exhibited any 
clear trend with the total iteration count.

The computational time required for all 102 test cases in dataset 
A is depicted in Fig. 7 to quantify the time saving attained from the 
faster convergence shown in Fig. 6. The left bars in the figure represent 
the time taken for the RANS solver to achieve steady-state solutions 
with freestream flow fields as initial conditions, 𝑡GT. The right red bars 
show 𝑡MGN-2/IVE-2, the time taken for the neural networks to perform 
inference tasks and output initialization files that are compatible with 
the RANS solver, which is generally trivial as compared to the time taken 
for the RANS solver to converge to steady state from the neural network 
predictions. Nonetheless, total computational time of neural network 
cases, given by (𝑡 + 𝑡)MGN-2/IVE-2, is presented for comprehensiveness, 
necessitating a scale break in the 𝑥-axis of Fig. 7.

Based on Fig. 7, the time taken for the RANS solver to achieve 
steady-state solutions using the initial conditions from the MGN-2/IVE-2 
model is significantly reduced compared to that starting with freestream 

flow fields. Quantitatively, the median 𝑡GT is approximately 2.74 hours. 
In contrast, the combined times for the MGN-2 and IVE-2 models, 
(𝑡+ 𝑡)MGN-2/IVE-2, are significantly lower with median at approximately 
2.02 and 1.93 hours, respectively, and maximum approximately equal 
to the median 𝑡GT. This reduction in computational time demonstrates 
the efficiency of both models, particularly IVE-2 in providing accurate 
initial conditions that expedite the convergence process of the RANS 
solver.

The distribution of percentage time reduction by using predictions 
from MGN-2 and IVE-2 as initial conditions is illustrated in Fig. 8 for the 
102 test cases presented in Fig. 7. Overall, all test cases have achieved 
computational time reduction for the steady-state solutions (i.e., > 0%), 
highlighting the effectiveness of both MGN-2 and IVE-2 architectures. 
Specifically, the more common percentage time reduction occurs at ap

proximately 20% -- 30% and 20% -- 40% ranges for MGN-2 and IVE-2, 
respectively. Both architectures also exhibit time reduction as high as 
60%. These findings underscore the potential of integrating GCN, re

gardless of its architecture, with a numerical fluid solver to enhance its 
efficiency. Note that time reduction has also been observed with differ

ent initial conditions that are commonly used in CFD, as shown by the 
analyses in Appendix A.

4.2. High variable Re and variable AoA case

In the following, dataset B that pertains to 103 random test cases of 
airfoils in flow of 105 ≤ Re ≤ 5×106 and variable AoA between the range 
of −5◦ to 7◦ is considered. For brevity but without loss of generality, 
only IVE-2 results will be presented because, as found in Sec. 4.1, both 
MGN-2 and IVE-2 return shorter computational time when their pre

dictions were used to initialize the RANS solver than the conventional 
approach where the freestream conditions were applied for initializa

tion, while IVE-2 has slightly better performance over MGN-2.

A representative case of NACA 5114 with 𝜖NMSE approximately equal 
to the median of 𝜖NMSE of Eq. (3b) was selected to compare (I) ground 
truths, (⋅)GT, from RANS simulation and (II) predictions, (̂⋅), from IVE-2 
in Fig. 9. The comparison includes the contours of (a) axial velocity, 𝑢, 
(b) transverse velocity, 𝑣, and (c) kinematic gauge pressure, 𝑝. Addition

ally, the NMSE contours, 𝜖NMSE, for velocity and pressure are provided 
in (III) to highlight regions of high deviation. The velocity field of the 
ground truth and prediction agree in general, with relatively low 𝜖𝜑

NMSE
everywhere except in wake regions, most noticeable in the 𝑢-component 
𝜖NMSE plot. In contrast, the predicted pressure, 𝑝̂, shows more significant 
deviations from its corresponding ground truth around the near fields 
of the airfoil, suggesting that pressure-velocity coupling is not currently 
observed by the NN method.

Following the convention of Fig. 5, the NMSE contours of three test 
cases with the maximum, median, and minimum 𝜖NMSE values corre

sponding to NACA 2317 (Re ∼ 105), NACA 5114 (Re ∼ 106), and NACA 
2517 (Re ∼ 106), respectively, are shown in Fig. 9(d). The increment of 
predictive performance at higher Re can be attributed to the fact that 

Fig. 8. Reduction in computational time by initialization with predictions from (a) MGN-2 and (b) IVE-2 with respect to ground truth simulations initialized with 
freestream conditions for dataset A.
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Fig. 9. Comparison of (a) axial velocity component, 𝑢, (b) transverse velocity component, 𝑣, and (c) kinematic gauge pressure, 𝑝, obtained from (I) RANS simulation 
and (II) predictions by IVE-2, as well as (III) their corresponding 𝜖NMSE contours for NACA 5114 with median 𝜖NMSE value. Contours for the maximum, median, and 
minimum 𝜖NMSE are shown in (d) in descending order.

Fig. 10. 𝜖NMSE dependencies on (a) Reynolds number, Re, and (b) angle of attack, 𝛼, for dataset B under IVE-2 model predictions. Each data point represents a test 
case (total 103 cases) at a specific flow condition. The (c) 𝑢, (d) 𝑣, and (e) 𝑝 flow fields NMSE, 𝜖𝜑

NMSE
distributions under the influence of Re. The box plots represent 

the statistical mean (markers), median (lines that split the boxs), 1st (lower bound) and 3rd (upper bound) quartiles of 𝜖NMSE values.

higher Re tends to result in a more stable turbulent boundary layer with 
less pronounced separation, which is easier for the NN to predict accu

rately.

This trend is corroborated in Fig. 10 which depicts the correlation 
between 𝜖NMSE and (a) Re and (b) AoA, 𝛼, as well as (c–e) 𝜖𝜑

NMSE
of 

Eq. (3a) and Re. In general, 𝜖NMSE is seen to decrease with increasing 
Re, justifying the observation in Fig. 9. In contrast, no clear correlation 
between 𝜖NMSE and AoA is observed. Further analyses of the 𝜖𝜑

NMSE
of 

individual flow fields 𝑢, 𝑣, and 𝑝 reveal a similar trend to the overall 
𝜖NMSE where errors are lower at higher Re. The box plots in Figs. 10(c) 
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Fig. 11. Reduction in computational time by initialization with predictions from 
IVE-2 relative to ground truth simulations initialized with freestream conditions 
for dataset B.

– (e) provide a detailed statistical summary of the 𝜖NMSE distribution 
where the high 𝜖NMSE in lower Re test cases lead to large deviation be

tween mean and median 𝜖NMSE values. In short, the IVE-2 is well-suited 
for steady or mildly unsteady flows with limited wake turbulence and 
separation, though incorporating more low-Re cases into the training 
dataset could further enhance performance.

The time reduction achieved by using IVE-2 predictions as initial 
conditions is quantified in Fig. 11. Like the low Re, fixed AoA cases eval

uated in Sec. 4.1, the results demonstrate that significant computational 
time savings can be attained for high Re and variable AoA scenarios 
too. Specifically, approximately 75% of the test cases benefit from time 
savings, with a substantial number of cases exhibiting reductions be

tween 20% and 50% and a peak around 40%. This analysis confirms 
that NN predictions are capable of accelerating RANS simulations for a 
wide range of Re from order as low as 102 to as high as 106 and mild 
AoA within the generally pre-stall regime.

5. Conclusion

In this work, a novel approach using graph neural network pre

dictions for flow field initialization to accelerate Reynolds-averaged 
Navier–Stokes (RANS) simulations is presented. Two neural network 
architectures, namely MeshGraphNet (MGN) [21] and Invariant Edge

Graph Convolutional Networks (IVE) [22], were employed to demon

strate the general applicability of this deep learning approach. The neu

ral networks were trained using residual training techniques and with 
the incorporation of geometric representation via shortest vector and di

rectional integrated distance [30] between any cell of the computational 
domain and the body boundary inside the flow.

The performance of the neural network approach was evaluated us

ing two distinct datasets, one that focuses on fixed low Reynolds number 
of 500 and angle of attack of 5◦ and the other corresponding to high 
Reynolds numbers in order of 106 and angle of attack ranging from 
−5◦ to 7◦. The results from both datasets consistently demonstrate the 
effectiveness of the neural network approach in achieving high predic

tion accuracy that can significantly reduce computational time by up to 
60% and 70% for low and high Reynolds numbers, respectively. Since 
the improvements were observed for both MGN and IVE and are of 
qualitatively similar trend between the two datasets, the findings are 
reasonably shown to be neural network architecture-agnostic.

Overall, this work has showcased the potential of integrating neural 
network into a traditional steady RANS solver to enhance its efficiency in 
computational fluid dynamics applications, especially for the aeronau

tical engineering sector. While still limited by their time independence 
and modeling of the entire turbulence spectrum, these findings pave the 
way for future research to further optimize deep learning models in fluid 
simulations. A good starting point could be the incorporation of conti

nuity constraint in incompressible flow predictions. With more of such 
physics knowledge included, neural network-computational fluid dy

namics will no doubt be increasingly generalized. In turn, the approach 

can be extended for efficient multi-disciplinary design and optimization 
space exploration, and not only on single-body scenarios like an airfoil 
or a wing, but also cases with multiple repeated/similar units such as 
tandem-wing aircraft [44] and compressor cascade [45]. For the latter, 
Pan et al. [46] has recently demonstrated that even unsteady RANS is 
not sufficient to capture the configuration’s full dynamics, suggesting 
that the neural network also has to be compatible with higherfidelity 
methodology like large-eddy simulation. In doing so, other flow prob

lems involving such complexities as chemical reactions and combustion, 
compressible effects, three-dimensionality, and unsteady turbulence can 
eventually benefit from the wave of artificial intelligence for fluid sci

ence.
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Appendix A. Comparison of initial conditions (dataset A)

The analysis encompasses three different initial conditions: free

stream, null, and potential flow estimated conditions for dataset A. In 
the left column, Fig. A.1 shows the time reduction obtained with the 
MGN-2 model, while the right column presents those obtained with the 
IVE-2 model. The top, middle, and bottom rows show the computational 
time reduction relative to initialization with freestream (i.e., 𝑢 = ‖𝐔∞‖, 
𝑣 = 0), (⋅)GT, null (i.e., 𝑢 = 𝑣 = 0), (⋅)GT0, and potential flow conditions, 
(⋅)PoF.

For the freestream initial conditions, the MGN-2 model shows that 
the majority of test cases exhibit time reductions between 30% and 40%, 
with some test cases achieving up to 90% reduction. The IVE-2 model 

https://www.ntu.edu.sg/hpcc
https://www.nscc.sg
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Fig. A.1. Reduction in computational time by initialization with predictions from (left column) MGN-2 and (right column) IVE-2 with respect to initializing with 
(top row) freestream (repeated from Fig. 8), (⋅)GT, (middle row) null (i.e., 𝑢= 𝑣 = 0), (⋅)GT0, and (bottom row) potential flow conditions, (⋅)PoF, for dataset A.

similarly shows a concentration of cases with time reductions between 
30% and 40%, but with a more uniform distribution extending up to 
90%.

When comparing against null initial conditions, both MGN-2 and 
IVE-2 models demonstrate a bimodal distribution, with a significant 
number of cases clustering around the ranges of 30% -- 40% and 70% -- 
80%. The IVE-2 model appears to offer a slightly more consistent per

formance, as evidenced by the dense clustering of points within these 
two ranges.

The potential flow initial conditions reveal a broader distribution 
of time reductions for both models. The MGN-2 model shows a spread 
with reductions primarily between 30% and 70%, while the IVE-2 model 
demonstrates a more concentrated performance, with a notable cluster

ing around 40% to 60% reduction.

Data availability

The airfoil datasets are publicly accessible at https://doi.org/10.

21979/N9/9OYSTD.
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