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1 Introduction

This document continues a series of articles that highlight advancement along the roadmap outlined in the CFD
Vision 2030 Study [1] highlighting work published in 2023 and 2034. Key events and publications in each of the
domains are identified along with the progress in TRL scales.

Key advances were made in wall modeled LES, Graphical Processing Units (GPU), multi-disciplinary design and
Analysis Optimization (MDAO), and Artificial Intelligence and Machine Learning algorithms. Further details are
described in more detail in the following progress summaries of the Roadmap domains.

2 High Performance Computing

The HPC community built on the Exaflop milestone achieved in 2022 on the HPE/AMD GPU-based Frontier
system with four new systems that surpassed this speed in 2023. Led by El Capitan at Lawrence Livermore National
Laboratory, four new systems appeared in the top 10 of the Top500 list in November 2024. The three top systems
exceeded 1 ExaFLOPS on the HP Linpack benchmark. Twelve systems exceeded 100 PetaFLOPS. With the exception
of the Fugaku system, all of the top 34 systems use some sort of accelerator, with NVIDIA and AMD GPUs being
the most common.

It should be noted that not all systems are represented on the Top500 list. It is believed that there are multiple
ExaFLOPS systems in China. In addition, the growth of AI/ML has led to the deployment of very large systems
for training AI models; a recent example from xAI [2] deployed 100,000 NVIDIA H100 GPUs — more than twice the
number of GPUs in El Capitan. These systems will impact HPC both by creating new ways to use Al to complement
and enhance simulations and in driving high end computing technologies.

The aerospace CFD community continues to embrace the challenge of porting key CFD applications to GPU-based
architectures and bringing them to bear on complex applications. Joining the long list of scale resolving GPU-based
codes reported in the 2022 roadmap report a number of new commercial [3, 4, 5] and government developed [6, 7, 8]
RANS CFD solvers now run on GPU-based architectures, solving complex problems including dual-mesh moving-
body overset [7] calculations. The impact of reduced precision on GPUs on CFD is not yet known. Upcoming flagship
GPUs enhance performance through use of 8, 16, and 32 bit floating point arithmetic (FP8/FP16/FP32) and lack
FP64 support altogether. The challenges and opportunities offered by these lower precision GPUs are a potential
area of study.

With GPU computing becoming more commonplace, a growing number of researchers have started exploring
CFD algorithms for quantum computing. Building on the early 2020 work of Bharadwaj et al [9], several researchers
have started to extend quantum algorithms to CFD. Kiffner and Jaksch [10] applied a tensor network algorithm to a
Finite Element discretization to demonstrate time dynamics of lid-drive and doubly driven cavitities. Bosco et al [11]
introduce a Hybrid Quantum-Classical Finite Method to solve 2D transient incompressible viscous flow. Although

*The Roadmap Subcommittee authors are Andrew Wissink (US Army), Andrew Cary (Boeing Corporation), Nick Wyman (Cadence
Design Systems), Justin Hodges (Siemens Corp), Bill Gropp (University of Illinois), Nicholas Georgiadis (NASA), Brian Smith (Lockheed
Martin Corporation), Z. J. Wang (University of Kansas), and Nathan Wukie (Air Force Research Laboratory).

For more information on this document, including past year summaries, please see www.c£d2030.com/roadmap. Comments and feedback
about the value of this document are desired at aiaacfd2030@gmail.com. Please cite this document as: CFD Vision 2030 IC Roadmap
Subcommittee. “CFD Vision 2030 Roadmap Update 2024.” www.cfd2030.com/roadmap. XXX 2024.

Copyright (©) 2024 United States Government as represented by the Department of Defense and Administrator of the National Aeronautics
and Space Administration; Lockheed Martin Corporation; The Boeing Company; Intelligent Light; Cadence Design Systems, and The
Board of Trustees of the University of Illinois. All Rights Reserved.



3 PHYSICAL MODELING

the number of mesh points is small (2048 points) compared to production-level calculations, the work showed that a
30-qubit quantum computer could outperform today’s Exascale computers. Itani et al [12] and Li et al [13] describe
Lattice Boltzmann methods that can simulate turbulence with logarithmic scaling which is a significant improvement
over the polynomial scaling of classical algorithms. Ye et al [14] used a superconducting quantum computer with an
iterative quantum linear solver that suppressed the computational errors common in quantum systems, computing
Poiseuille flow on a 5043-dimensional matrix. Although no practical quantum calculations are being performed on
quantum computers today, developments over the past couple of years point to quantum computing becoming a
reality sooner than was expected in 2022.

3 Physical Modeling

There have not been significant advances in development of Reynolds Averaged Navier Stokes (RANS) models in
recent years. Most efforts in developing and validating turbulent flow calculation methods have concentrated on
scale-resolving methods. These include wall-resolved large eddy simulation (WRLES) where turbulent structures are
calculated throughout the computational domain including near-wall regions, and the less computationally intensive
methods of wall-modeled LES (WMLES) and hybrid RANS-LES (HRLES). In the former, near wall turbulence is
not directly computed but rather represented by a so-called wall model. In the latter, RANS is usually employed for
attached wall-boundary layer regions and LES is applied in wakes, freestream shear layers and jets, and separated
flow regions.

Additionally, there continue to be advances in Artificial Intelligence and Machine Learning (AI/ML) techniques for
modeling turbulence, boundary layer transition prediction methods, and chemically reacting flows. These advances
are described in the sections below.

3.1 RANS

RANS remains the workhorse of the industrial CFD community and a large portion of RANS analyses employ the
baseline versions or numerous variants of the one-equation Spalart-Allmaras (SA) [15] and two-equation Menter Shear
Stress Transport (SST) [16] k — w eddy viscosity models. There have been numerous modifications or adaptations
for compressibility, transition, anisotropy, strong secondary flows, thermal effects, and other specific flow phenomena
over two decades since these models’ original publications. A recent adaptation of the Menter model, the Generalized
k—w model, or GEKO [17] offers tunable coefficients with the objective of improving the accuracy of flow simulations
with characteristics not well captured by the test cases originally used to calibrate the baseline Menter SST model.
Several broadly used CFD codes have full Reynolds-stress models (RSMs) or explicit algebraic Reynolds-stress models
(EASMs) available. While these models, unlike eddy viscosity models utilizing the Boussinesq hypothesis, evaluate
the turbulence anisotropy, they have not achieved broad usage nor significant attempts to extend their formulations.
The combined Speziale-Sarkar—Gatski/Launder—Reece-Rodi RSM proposed by Eisfeld et al. [18] is probably the
most widely used RSM in the last decade. Ithas demonstrated improvements over linear one- and two-equation
model predictions for flows with strong secondary flow features. Eddy viscosity models enhanced with extensions
such as the Quadratic Constitutive Relation (QCR) [19] and [20], offer similar levels of improvement in mean flow
predictions over the underlying eddy viscosity models by accounting for the effects of turbulence anisotropy on a
mean flowfield. It has not been determined if RSMs offer sufficient accuracy improvements with acceptable levels of
computational efficiency and robustness to broaden their acceptance by the applications community.

3.2 AI/ML

Given the slow progress in development of RANS models and their importance in the industrial setting, extensive
research into Artificial Intelligence (AI) and Machine Learning (ML) approaches to model improvements continue.
The TRL level of the AI-ML methods developed to date remains low, with many of the approaches demonstrated
on relatively simple 2-D flows over a small range of flow conditions, whereas the area of need is RANS application
to complex 3-D flows. AI methods to date have not transitioned to extensive industrial application.

Given the low level of maturing of the field of AI-ML application to turbulence modeling, a diverse set of methods
is being investigated. Some research is directed toward the improvement of models for a narrow range of flows. There
are numerous recent works including those of Alhafiz et al. [21], Li et al. [22], Barone et al. [23] and Bin [24], that
employ data-driven modeling improvements further enhanced by ML to improve the prediction accuracy of the SA
model for high-Mach number boundary layers. The application of Field Inversion and Machine Learning (FIML)
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methods to model development efforts continues, see for example Safdar et al. [25]. FIML methods are attractive in
that they allow a model to be modified to exactly fit a limited set of target data. However, these methods frequently
optimize a functional coefficient to a single model term to obtain a match to a set of data. The term selected for
modification in many studies may not be the primary physical source of the discrepancy between model predictions
and training data. Thus FIML-based approaches can suffer from overfitting and a narrow range of applicability.

In the 2023-2024 time frame constrained AI-ML methods that preserve canonical flow characteristics such as
the law of the wall are gaining popularity. The GEKO model [17] offers a constrained formulation with tunable
coefficients that is suitable to ML optimization. This is an area of active research that holds promise for more
generally applicable model modifications suitable to complex turbulent flows. The investigation of these methods
may be a response to the issue highlighted by Spalart [26] cautioning acceptance of overzealous ML-derived RANS
model modifications that might be producing coefficients and model settings yielding undesirable results due to what
he terms “errors in math or physics, or to severe overfitting.”

3.3 Scale Resolving WRLES

The usage of scale-resolving methods, including WRLES and the less computationally demanding WMLES and
HRLES, continue to expand in simulation of aerospace and all engineering flows. Rigorous WRLES requires grid
resolution for engineering configurations that demand very high computational resources to resolve turbulent flow
structures within near wall boundary layers. The recent WRLES of turbomachinery components of Fu et al. [27]
utilized exascale computational resources to simulate a high-pressure stage of a turbine with meshes up to 865 billion
degrees of freedom using the flux reconstruction (FR) method of Huynh [28, 29]. In a recent effort with a different
code also employing the FR method, GENESIS, Priebe et al. [30] have performed WMLES utilizing 100 billion
degrees of freedom to investigate the aerodynamics and acoustic characteristics of an open fan blade configuration
at flight Reynolds numbers. Priebe et al. [31] employed the same technique to investigate the differences between
initially laminar and turbulent boundary layers approaching a shock / boundary-layer interaction, using meshes on
the order of 3 billion degrees of freedom.

3.4 Scale Resolving WMLES and HRLES

The fifth ATAA High-Lift Prediction Workshop (HLPW5), held in 2024, included several contributions that employed
WMLES or HRLES. The scale resolving methods demonstrated significant improvement over RANS for prediction of
overall drag and lift at high angle-of-attack (i.e. high-lift) operating points, matching wind-tunnel experimental data
of the NASA Common Research Model [32] well near the maximum lift conditions. Ashton et al. [33] and Kiris et
al. [34] summarized HRLES and WMLES contributions respectively. A summary of the fixed-grid RANS solutions,
exhibiting deficiencies in lift, drag, and pitching moment predictions at high angles-of-attack is provided in Wang et
al. [35]. The improved predictions of the scale-resolving approaches over steady RANS is primarily exhibited by the
improved prediction of time-averaged pressures in the large scale separation regions of the CRM, especially on the top
of the wing, at high-lift conditions. Predictions of the onset of separation and the characteristics of the separated flow
are more important than simulation of the details of the near wall turbulence to overall lift and drag prediction. It
has been noted in HLPW5 and earlier workshops that at lower angles-of-attack, where the extent of flow separation is
smaller, the improvements of HRLES and WMLES over RANS is not as evident. The studies summarized in Ashton
et al. [33], Kiris et al. [34], and Wang et al. [35] indicate that mesh topology and resolution, subgrid modeling, and
numerical discretization have significant effects on predictions, and clear and consistent guidelines or standards are
lacking. Prediction of laminar-to-turbulent transition is an additional challenge in the application of WMLES or
HRLES methods. Nonetheless, the ability of the scale-resolving techniques to significantly improve high-lift prediction
in comparison to steady RANS, using mesh counts that are not significantly greater than utilized for RANS, is a
significant finding and advancement in the computational aerodynamics community.

While the focus of HLPW5 was overall integrated lift and drag, with lower focus on near wall details, there
are efforts to evaluate the relatively cost-effective (relative to full WRLES) scale-resolving techniques HRLES and
WMLES, for more canonical flows than the CRM, in order to evaluate the accuracy of these more efficient scale
resolving techniques for challenging turbulent flows involving flow separation. The ATAA High-Fidelity CFD Verifica-
tion Workshop, also held in 2024, included a a comparatively simple geometry smooth body separation problem [36]
as a focus problem. Unlike the CRM at maximum lift conditions, for this case the flow separation onset location is
extremely sensitive to the local pressure field. This smooth body separation problem directly challenges the accuracy
of scale-resolving methods for separation prediction in less severe adverse pressure gradient environments. Effects of
grid resolution, solution convergence, inflow boundary layer state, and exchange location between the wall-modeled
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and large-eddy simulation regions were studied by several participants, as summarized in Garmann, et al. [37]. In a
separate effort investigating several canonical geometry flow separation problems, Agrawal et al.[38] determined the
number of mesh points required for WMLES using Reynolds number scaling with a pressure gradient based length
scale. They determined a minimum mesh resolution required to obtain reliable predictions of flow separation onset
and reattachment.

3.5 Boundary Layer Transition

Boundary layer transition prediction historically has been executed via two different paths. For natural transition
where freestream disturbances are low, methods such as linear stability theory and parabolized stability equations
are used to estimate the growth of Tollmien-Schlichting and crossflow disturbances in base laminar flows. Direct
numerical simulation can be used in select cases to calculate the initially laminar, transitional, and then fully turbulent
regimes with large restrictions on Reynolds numbers that can be practically analyzed. In the past two decades, a
separate family of transition prediction methods has emerged which can be incorporated into RANS-based solvers
solving for additional transport equations for quantities such as intermittency and momentum thickness Reynolds
number. This class of transition prediction model was initially designed for bypass transition situations, where the
freestream turbulence is quite high, as in an aircraft engine turbine stage. While the bypass transition path involves
different transition mechanisms than natural transition, the RANS-based approach has been extended in recent years
in attempts of simulating natural transition.

Recent work in implementing and evaluating these RANS-based transition models for natural transition in the
subsonic regime has been for problems such as canonical flat plate boundary layers and wings [39]. Much of the
application work for high Mach number flows has been for relatively simple geometries such as wedges, cones, and
cylinders [40] and [41]. In general, the most successful application of these RANS-based models remains for bypass
transition, with results for natural transition prediction able in some cases, but not all, to replicate experimental
observation and measurements.

Recent work applying the traditional stability theory methods to natural transition of clean base laminar flowfields
continues such as in the work of Leinemann et al. [42] and Beyak et al. [43]. DNS and high-resolution WRLES are also
being used to simulate the entire transition process [44] and [45]. A recent approach, potentially offering improved
accuracy with lower computational cost integrates a RANS based solver with a traditional stability theory transition
onset prediction technique. As demonstrated by Hildebrand et al. [46] and Vogel et al. [47], a stability theory
prediction method is used iteratively to interface with the RANS based solver to allow for updating of the predicted
transition location.

3.6 Chemically Reacting Flows

The simulation of chemically reacting flows remains one of the most challenging subsets of computational turbulence.
For RANS simulations, the state-of-practice has been to employ linear eddy viscosity models and reaction mechanisms
with complexity varying from single global reactions (i.e. fuel and oxidizer react in one step to produce combustion
products such as water vapor and carbon dioxide) to much more detailed formulations with multiple intermediate
steps involving the breakdown of reactants to intermediate components which ultimately allow for the transformation
of reactants to products. The reaction rates are frequently determined using the Arrhenius equation assuming laminar
flow. Settings for the turbulent Schmidt number, which controls the turbulent diffusion of different species, have
been observed to have a very significant effect on resultant combustion behavior. As a result, RANS calculations
of turbulent reacting flows have remained highly dependent on calibrating a specific turbulent combustion problem
with available experimental data. Significant extrapolations of results outside the calibration regime usually results
in significant uncertainty.

For scale-resolving simulations, i.e. employing LES in the reacting flow region, a comprehensive review is beyond
the scope of this document. However, the article of Posch et al. [48] provides an extensive review of the current
state-of-the-art in turbulent combustion modeling using LES. Focus is placed on modeling of turbulent-chemistry
interactions (TCIs), which occur at scales smaller than LES grid resolution scale (i.e. subgrid). While substantial
progress has been made in recent decades towards the advances in TCI models for relatively simple configurations,
the translation to techniques ready for industrial usage has been limited due to the complexity of these models. The
choice of TCI in combustion LES has been shown to have a significant effect on the combustion simulation results,
as described by Akerblom and Fureby [49].
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3.7 Turbulent Thermal Modeling

For aircraft and rocket propulsion, as well as high Mach number applications, the modeling of turbulent thermal
transport is important for the accuracy of both the aerodynamic and thermodynamic characteristics of the system
under investigation. However, outside the film-cooling community, models have not been developed and tested
turbulent for thermal transport to the extent of models for fluid dynamic turbulence for either considering RANS
or scale-resolving techniques. The 5th ATAA Propulsion Aerodynamics Workshop (PAW) investigated a nozzle
flow with film-cooled flat plate. Differences between steady (RANS) and scale-resolving resolving were investigated.
Fully-coupled CFD-CHT analyses, such as those of Benton and Lamberson [50], Zore et al. [51], Pesich et al. [52],
and Emory [53], enabled significantly improved prediction of wall surface temperatures as compared to approaches
employing simpler wall treatment, such as one-dimensional boundary conditions. Hence, the need to utilize fully
coupled conjugate heat transfer (CHT) versus simplified thermal boundary conditions was demonstrated. The RANS
solutions as a whole did not replicate the thermal boundary layers nearly as well as the scale-resolving solutions did.
In addition to inferior prediction of the interaction of the cooling flow jets with the heated flow, the Reynolds analogy
used in the RANS approach to relate thermal transport to momentum transport, typically using a standard gradient
diffusion approximation and a constant turbulent Prandtl number, was not sufficient to yield accurate results [54].

The 6th ATAA PAW examined a series of supersonic jet case where participants examined RANS models with
and without corrections for compressibility and jet heating. Scale-resolving methods such as that of Zore et al. [55]
predicted the reduced jet mixing at higher Mach numbers, and hence more reduction of turbulence due to compress-
ibility, than the RANS methods as shown in Georgiadis et al. [56]. Three new supersonic jet cases were created for
the NASA Turbulence Modeling Resource (TMR) as documented in Georgiadis et. al. [57].

4 Algorithms

The Algorithms Domain is divided into two timelines focusing on improving the accuracy, efficiency and robustness
of the simulation and on developing methods to understand the accuracy and variations in the results.

4.1 Accuracy/Efficiency/Robustness of Algorithms

The Algorithm timeline of the Roadmap is focused on the development of methods that are both faster and more
accurate, with advances in ability to leverage HPC progress and increasing robustness key to obtaining CFD results
that will impact engineering processes. The advances identified in the 5th High Lift Prediction Workshop (HLPW54)
that were previously referenced were partially enabled by the advances in algorithms on the current generation of
HPC computing, including GPUs. Decreasing numerical dissipation and dispersion to allow for increased accuracy
and resolution with a given number of degrees of freedom is a key enablers for scale-resolving simulations including
wall-resolve large eddy simulation (WRLES), wall-modeled LES (WMLES) and hybrid RANS and LES. In 2023 and
2024, GE Aerospace ran one of the world’s largest supercomputer simulations using a high-order WRLES solver
to test revolutionary new open fan engine architecture on DOE’s Frontier supercomputer [58]. Both WMLES and
hybrid RANS/LES approaches demonstrated reasonable performance in predicting the maximum lift in HLPW5 [59].
In addition to 2nd-order finite volume methods [60], several promising numerical methods have demonstrated their
potential including several Cartesian [61, 62] and an unstructured high-order method [63].

Beyond generating the fluid flow solution itself, the efficiency of unsteady scale resolving simulations hinges on
the time marching algorithm because tens of thousands of time steps are needed to obtain converged mean flow
solutions. Such simulations are usually performed on GPU clusters. Because of the limited amount of global memory
on GPU cards, low memory implicit time marching algorithms are sought after. Several production-level implicit
schemes have been developed to perform WMLES [60, 63].

e Parallel Schur Complement Algorithms for the Solution of Sparse Linear Systems and Eigenvalue Problems
https://www.proquest.com/openview/1276730c2f19be875b342a52da6906b7/1

e Progress in unstructured high-order methods, mesh generation, and GPU computing has enabled GE Aerospace
to run one of the world’s largest supercomputer simulations to test revolutionary new open fan engine archi-
tecture on the first exascale computer, Frontier. https://www.ornl.gov/news/ge-aerospace-runs-one-
worlds-largest-supercomputer-simulations-test-revolutionary-new-open-fan
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e The promise of high-order computation of shock waves is being demonstrated by high-order shock tracking al-
gorithms for both steady and unsteady problems. https://scholar.google.com/citations?view_op=view_
citation&hl=en&user=RQkMnPMAAAAJ&sortby=pubdate&citation_for_view=RQkMnPMAAAAJ:sszUF3NjhM4C and
https://www.sciencedirect.com/science/article/abs/pii/S0021999123006125

4.2 Uncertainty Quantification

2024 saw a slight increase in the number of CFD-associated uncertainty quantification (UQ) publications over previous
years, including several ATAA activities publishing results. Additionally, impact of UQ on aerodatabase development,
multi-disciplinary optimization, and certification by analysis were identified. Applying UQ analysis to aerodynamic
coeflicients generated by CFD and combined with wind tunnel measurements for rockets is important because of the
vehicle complexity and extreme operating environments. This was done for a Mars Ascent vehicle[64], the Artemis
space launch system[65], and CALLISTO, a reusable launch vehicle demonstrator[66]. Philips et al.[67] demonstrated
methods for reducing the cost of incorporating UQ into MDAO analysis to improve the ability to perform design
under uncertainty.

Certification by Analysis efforts leveraging CFD will require UQ assessment; Schaefer et al.[68] identified some of
the requirements to do this and Xie et al.[69] demonstrated techniques that may contribute to this analysis. While
most efforts are applying UQ to CFD results, Parish et al.[70] demonstrate advantages of intrusive methods for
RANS turbulence model uncertainty.

A joint focus group established in 2022 between the AIAA Applied Aerodynamics Technical Committee and the
Ground Test Technical Committee called ICE (Integrated [Digital and Physical] Collaborative Experimentation)
has developed a framework for discussing errors in both computations and experiments and the contribution to
validation[71]. Additionally, the Fluid Dynamics Technical Committee Uncertainty Quantification Discussion Group
hosted special sessions at SciTech 2024 focused on a community challenge problem introduced in 2022[72] using
XFOIL to analyze uncertainty about a NACA 2412 airfoil. A summary paper|73] and six participant papers|74,
75, 76, 77, 78, T9] were presented that demonstrated different solution-cost-effective approaches to propagate input
uncertainties and estimate discretization error to arrive at consistent results. These results also highlighted the
importance of appropriate uncertainty characterization and the need to be able to perform mixed epistemic and
aleatory UQ analysis.

With respect to the CFD Vision 2030 Milestones, there appears to be increasing awareness and utilization around
“characterization of UQ within aerospace fluids analysis”, but this is a much larger effort than just CFD. The use
of “uncertainty propagation in CFD” results is increasing, mostly as a reduced-cost non-intrusive analysis, which
meets the overall objectives. “Reliable CFD error estimation” methods appropriate for complex simulations still need
additional development. A consistent theme across many of the UQ efforts is the use of machine learning techniques
to combine with CFD results.

5 Geometry Modeling and Mesh Generation

The Geometry Modeling and Mesh Generation Domain is divided into timelines focusing on the geometrical definition
of the simulation domain and on the generation of a suitable-for-purpose computational mesh.

5.1 Geometry Modeling

In pursuit of the goals set out in the CFD 2030 vision, geometry modelling environments originating from the research
community continue to develop. Two of the most widely used, Open VSP (sponsored by NASA) and ESP (sponsored
by AFRL) have reported significant updates this year [80, 81]. The capabilities offered by both toolsets have advanced
significantly in recent years. Ease of use has always been a critical factor driving their development. As their user
base has expanded, so has the emphasis placed on the facilities supported by their graphical user interfaces [81],
training, and on-line support [80].

Research continues into novel ways of representing airframe shapes. Of note is the progress reported by the
team at University of Bristol regarding the development of Volume of Solid driven Cellular Automata [82]. Their
approach offers a means of generating smooth two- and three-dimensional bodies, suitable for aerodynamic (and
multi-disciplinary) analyses and topological optimization. Their work is in its early stages, with only results for
two-dimensional optimization being reported thus far.
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Figure 1: Holomorphic 1-Forms (left) and corresponding quadrilateral mesh topologies (right).

Development of the concept of Simulation Intent [83] to aid incorporation of computational simulation into the
wider product development lifecycle continues. Researchers at Queens University of Belfast report the development
of a novel hierarchical BREP graph shape representation in conjunction with a convolutional neural network (Hi-
erarchical CADNet) [84]. These appear to outperform other state-of-the-art deep learning architectures on feature
identification contained in MCAD geometry models — a prerequisite for the application of Simulation Intent. The
wider potential of BREP topology to aid the development of Digital thread is also reported [85].

The ISO WG12 T1 Geometry and Topology Group is in the process of developing a hybrid geometric modeling
capability for the next edition of ISO 10303 (STEP) AP 242 (ed 4). Hybrid modeling is the utilization of various forms
of geometric data with a single underlying BREP topological model. Commercially this is referred to as “Convergent
Modeling” by Siemens in their Parasolid, NX, and Solid Edge products [86, 87, 88, 89], “Mixed Modeling” by PTC
in onshape [90, 91] (as an implementation of Convergent Modeling through Siemens’ Parasolid kernel), and “CGM
Polyhedra” by Dassault Systémes in CGM Modeler, CATTA, Spatial products, etc. [92]

5.2 Mesh Generation

The 5th ATAA High-Lift Prediction Workshop [93] included a configuration build-up test case which assessed and
spurred improvement of automated mesh generation for high lift RANS predictions. The test case involved four
geometries of increasing geometric detail with each model requiring a consistent mesh family to be generated. Ad-
ditionally, a Reynolds Number (Re) study required mesh families for four Re conditions. In all, the workshop
participants were asked to generate forty meshes, ideally with minimal user interaction.

Meshing robustness and quality, in terms of cell shape and distribution, continues to be a topic of research.
A group of researchers at Stony Brook University and Dalian University of Technology have published work [94]
utilizing conformal mapping to robustly generate quadrilateral surface meshes with improved uniformity and fewer
singularities than other techniques.

2023 saw further investigation of meshing techniques and effects for scale resolving simulation. Researchers at
NASA evaluated a Voronoi algorithm for LES simulation of a high lift configuration [95, 96]. Volcano Platforms
demonstrated an immersed boundary octree-based method for automotive aerodynamics [97].

e A new open CAD standard will include Universally Unique Identifier (UUID) specification to ensure traceability
through the design chain.

e The SIAM International Meshing Roundtable 2024 was held in March in Baltimore MD USA. A panel on next
generation models discussed future model creation methods, e.g., from image scans, and meshing requirements.

e Research on theoretical foundations for meshing continues to advance. For example Dr. David Gu’s work on
conformal mapping for arbitrary topologies shows promise.

6 Knowledge Extraction

e Fluid Dynamics and MVCE TCs hosted the Annual Flow Visualization Showcase which seeks to display com-
putational and/or experimental fluid-dynamics visualizations that support a technical concept and enhance the
understanding of the flow. A summary of the entries and winners is to be published.
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e GE Aerospace’s RISE (Revolutionary Innovation for Sustainable Engines) program harnassed the power of
ORNL’s Frontier, a system with XXX GPUs, to perform some of the first industrial-scale simulations on that
system. NASA’s FUN3D team utilized Frontier for NASA’s ARES I, closed loop simulations of the Human-Scale
Mars Lander, and flight scale simulations of transport aircraft.

e Continued work on digital backbone requirements, which is heavily related to database storage/connection of
design tools from start-to-finish. Tangentially related to AI/MI platforms, as many large companies work with
the major hyperscalars and cloud provides to manage data and processes.

e ROMs are a key part of industrial metaverse, which can be ML based to handle our complicated data. This is
close to achieving the ’on demand visualization’ goal of CFD 2030.

e The development of ChatGPT and other Large Language Models (LLMs) is a major technological development
since the last report. The roadmap from the major CAE providers on ChatGPT are all the same — progress the
maturing of the LLM from a simple chatbot, to something that can orchestrate your workflows and run your
engineering software, to something that be used for design and analysis that embed expert knowledge into the
interpretation of results in coupling with running more simulations.

7 MDAO

The following sections detail recent progress over the past 2 years towards milestones for Multidisciplinary Design
Analysis and Optimization (MDAO) related to the CFD 2030 Vision.

7.1 Frameworks, Standards, and Benchmarks

Maturation of multidisciplinary model integration frameworks, workflow and coupling standardization, and bench-
marking of multidisciplinary aerospace system design problems are key enabling aspects for widespread success and
adoption of MDAO. Field et al. [98] expanded the capabilities of CREATE-AVT™’s ADAPT (Aircraft Design, Anal-
ysis, Performance, and Tradespace) framework to include gradient-based design optimization by adding OpenMDAO
as a backend coupling framework. Lupp and Xu [99] proposed a communication standard within a multidisciplinary
design optimization environment considering data and communication requirements that enable execution of an MDO
workflow in a geographically or organizationally distributed manner. Gray and Martins [100] proposed a benchmark
model for aeroelastic optimization of aircraft wings that is intended to be accessible to a wide variety of different
groups and methodologies while maintaining relevance to industrial use-cases for aircraft design. It contains an IGES
representation of the wing outer mold line (OML) as well as CFD and finite-element meshes of varying resolution.
It also includes an overview of the proposed optimization formulations; including objective and constraint functions,
design parameters, and a list of results that should be generated to facilitate useful comparison of results across
future datasets.

7.2 Transient and Chaotic Sensitivities

The design of aerospace systems that exhibit significant transient or chaotic physics remains a significant challenge.
Jacobson et al. [101] extended the adjoint-enabled linearized frequency-domain approach in FUN3D to accommodate
gust analysis. The resultant capability is a key step towards utilizing RANS-based CFD in simultaneous vehicle and
aeroservoelastic control law design for gust load alleviation. Fidkowski [102] utilized a field-inversion machine learning
(FIML) approach to capture transient effects from scale-resolving CFD and incorporate them into RANS-based CFD
via a correction field for the turbulence model production term. This was accomplished in a dynamic manner within a
gradient-based aerodynamic shape optimization, which requires a linearization of the correction field calculation. The
work demonstrated meaningful reductions in airfoil drag for the FIML-optimized geometries over standard RANS-
based optimization. Hicken and Ramakrishnan [103] developed an approach to regularize optimization problems for
chaotic dynamical systems by utilizing discontinuous periodic orbits (DPO). Their approach extends previous work
in sensitivity analysis of chaotic systems that is based on unstable periodic orbits (UPO) [104] but eliminates the
step of identifying UPO’s and instead utilizes an arbitrary reference trajectory with a jump term connecting initial
and terminal states.
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7.3 Towards Full-Vehicle MDAO

The long-term milestone of multidisciplinary design analysis and optimization of a full air vehicle system requires
persistent progress expanding the number of disciplinary models coupled together, expanding the range of model
fidelities available, as well as enhancing the robustness of integrated models, workflows, and optimizations.

Gray et al. [105] demonstrated an aerostructural optimization capability utilizing a nonlinear RANS CFD fluid
model as well as a geometrically nonlinear structural model for a design problem that included structural, planform,
and shape design parameters. Buonanno et al. [106] developed a risk-flagging approach as a step towards incorporat-
ing producibility more formally into design optimization processes. Their risk-flagging approach aggregates a number
of producibility measures that are targeted towards earlier conceptual and preliminary design in contrast to existing
tools that most often targeted later design stages (e.g. detailed design). Gomez et al. [107, 108] developed a novel
geometry parameterization approach that utilizes a free-form deformation (FFD) approach to control underlying
B-Spline parameters in a CAD model rather than coordinates directly. This approach combines the convenience
and flexibility of the FFD approach while retaining connectivity to an underlying CAD model. Ruh et al. [109]
constructed a vehicle-scale multidisciplinary design optimization of NASA’s lift-plus-cruise urban air mobility con-
cept. Their analysis included physics-based models for wing and rotor aerodynamics, structural weight estimation,
stability, aeroacoustics, motor performance and sizing, as well as battery sizing. The optimization problem consisted
of 300 design variables and 200 constraints across all disciplines and 18 design conditions. Their results demonstrated
a 10% reduction in weight over the baseline design. Finally, as the number and complexity of models captured in
multidisciplinary design optimizations increases so to do the challenges of obtaining a successful analysis and opti-
mization of the system. Model failures due to convergence or crashing are problematic in large scale optimizations.
Tfaily [110] developed a method for handling hidden constraints (e.g. model failure) in a Bayesian optimization by
augmenting portions of the acquisition function with a supervised machine learned classifier with demonstrated ap-
plication to several problems in aircraft design. This approach enables the optimizer to explore regions of the design
space beyond where a given model may have failed that promotes overall robustness of the optimization problem
and increases likelihood of achieving a more optimal solution.

8 Other

A number of companies are emerging that take advantage of cloud-based CFD software as a service. Examples
include FlexCompute [111], Luminary [112], and Volcano Platforms [113]. This indicates a potential shift away away
from selling CFD software to organizations with their own hardware or cloud computing resources to a software-as-
a-service model.

Advances in Artificial Intelligence and Machine Learning continue to have a major impact on many fields, including
CFD. The original roadmap swimlane from 2015 had little AT/ML details. This will likely be added in the 2025
update.
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Appendix: Milestones and TRL Rating History

Each year, the Roadmap Subcommittee reviews progress related to each of the milestones on the Roadmap and
assesses progress following a Technology Readiness Level scale described in Cary, et al.[114] The intent of this
assessment is to identify technology items that are at risk of not meeting target milestone dates and to track ongoing
development progress. Figure 2 contains a summary of these reviews.

2022 2023 2024

Milestone
year
HPC
CFD on massively parallel systems
Demonstrate implementation of CFD algorithms for extreme parallelism in CFD (GPUs) 2019 7 8 8 TRL
Demonstrate efficiently scaled CFD simulation capability on an exascale system 2024 . 4 6 -
30 exaFLOPS, unsteady, maneuvering flight, full engine simulation (with combustion) 2030 1
CFD on Revolutionary Systems (Quantum, Bio, etc.) 2
Demonstrate solution of a representative model problem 2023 2 2 2 3
Demonstrate solution of a representative model problem 2027 2 4 4
Physical Modeling 5
RANS 6
Improved RST models in CFD codes 2016 7 7 5 7
Integrated transition prediction (Tollmein-Schlichting modeling) 2017 6 6 6 8
Integrated transition prediction (non-TS) 2027 4 4 4 -
Highly accurate RST models for flow separation 2025 2 2 3
Demonstration of machine learning to simulation of complex flow regime 2025 4 4 4
Hybrid RANS/LES
Integrated transition prediction 2025 2
Unsteady, complex geometry, separated flow at flight Reynolds number (e.g., high lift) 2025 5 5 5
LES
Integrated transition prediction 2025 2 2 2
WMLES/WRLES for complex 3D flows at appropriate Re 2023 5 5 5
Unsteady, 3D geometry, separated flow (e.g., rotating turbomachinery with reactions) 2027 3 3 4
Combustion
Chemical kinetics calculation speedup 2017 3 3 3
Chemical kinetics in LES 2021 4 4 4
Multiregime turbulence-chemistry interaction model 2025 3 3 3
Unsteady, 3D geometry, separated flow (e.g., rotating turbomachinery with reactions) 2027 3 3 4

Figure 2: Milestone summary with TRL assessment.
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Convergence/Robustness
Automated robust solvers
Unsteady, complex geometry, separated flow at flight Reynolds number (e.g., high lift)
Scalable optimal solvers
Improved discretizations for scale-resolving methods (low-dissipation, HO,...)
Accurate and robust methods for long time integration
Production scalable entropy-stable solvers

Uncertainty Quantification (UQ)
Characterization of UQ in aerospace
Reliable error estimates in CFD codes
Uncertainty propagation capabilities in CFD
Identification of tail events/probabilities from CFD codes
Large scale stochastic capabilities in CFD

Geometry Modeling and Mesh Generation
Geometry Modeling

Quantified, reversible data transfer demonstrated between opaque and open geometry model

representations.

Associative equivalence demonstrated for OML manipulation schemes.

Distributed, open geometry representation platform established

Robust, quantifiable multidisciplinary data exchange supported by open data standard.
HPC Meshing

Large-scale parallel mesh generation

Generate a 100 billion cell, fit-for-purpose volume mesh.

Generate a 1 trillion cell, fit-for-purpose volume mesh.
Fixed Meshing

Tighter CAD coupling

CAD coupling available in commercial grid generation
Automatic generation of suitable mesh on complex geometry on 1st attempt.
Automatic generation of a family of meshes about a complex configuration.

Adaptive Grid
Production AMR in CFD codes
Adaptive meshing techniques will accept typical assembly tolerance levels and unfavorable B-
Rep topologies to accept a pragmatic interpretation of geometry.
Adaptive curved meshing to support higher-order solvers will be available from multiple
implementations.
Accurate CFD solutions are verified by asymptotic convergence rate demonstration or low
variation between independent implementations.
Adaptive mesh computations displace fixed meshes as the default and practitioners will rarely
visualize the mesh directly.

Knowledge Extraction
Integrated Databases
Simplified data representation
Accepted data fusion techniques
Creation of real-time multifidelity database: 1000 unsteady CFD simulations plus test data with

complete UQ of all data sources
Visualization

On demand analysis/visualization of a 10B point unsteady CFD simulation

On demand analysis/visualization of a 100B point unsteady CFD simulation
MDAO

Define standard for coupling to other disciplines

High fidelity coupling techniques/frameworks

Robust CFD for complex MDAs

Incorporation of UQ for MDAO

MDAO simulation of an entire aircraft (e.g., aeroacoustics)

UQ-enabled MDAO

Full vehicle coupled analytic sensitivities, including geometric and subsystems

Full Vehicle coupled analytic sensitivites for chaotic systems

Figure 2: Milestone summary with TRL assessment (continued).
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