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Abstract: Computational fluid dynamic (CFD) models and workflows are often developed in an ad
hoc manner, leading to a limited understanding of interaction effects and model behavior under vari-
ous conditions. Machine learning (ML) and explainability tools can help CFD process development by
providing a means to investigate the interactions in CFD models and pipelines. ML tools in CFD can
facilitate the efficient development of new processes, the optimization of current models, and enhance
the understanding of existing CFD methods. In this study, the turbulent closure coefficient tuning of
the SST k − ω Reynolds-averaged Navier–Stokes (RANS) turbulence model was selected as a case
study. The objective was to demonstrate the efficacy of ML and explainability tools in enhancing
CFD applications, particularly focusing on external aerodynamic workflows. Two variants of the
Ahmed body model, with 25-degree and 40-degree slant angles, were chosen due to their availability
and relevance as standard geometries for aerodynamic process validation. Shapley values, a concept
derived from game theory, were used to elucidate the impact of varying the values of the closure
coefficients on CFD predictions, chosen for their robustness in providing clear and interpretable
insights into model behavior. Various ML algorithms, along with the SHAP method, were employed
to efficiently explain the relationships between the closure coefficients and the flow profiles sampled
around the models. The results indicated that model coefficient β∗ had the greatest overall effect on
the lift and drag predictions. The ML explainer model and the generated explanations were used to
create optimized closure coefficients, achieving an optimal set that reduced the error in lift and drag
predictions to less than 7% and 0.5% for the 25-degree and 40-degree models, respectively.

Keywords: CFD; machine learning; explainability; external aerodynamics; turbulence model closure
coefficients; explainer model

1. Introduction

In computational fluid dynamics (CFD), accurately and efficiently modeling turbulent
flow fields presents a formidable challenge. In the ever-continuing goal of improving the
prediction veracity of CFD models, machine learning (ML) presents a promising solution by
creating adaptable statistical models. ML involves developing statistical models that can tai-
lor their predictions to the data presented during training. The models ‘learn’ incrementally
as more data are added to the training set, much in the same way that a human learns [1].
This incremental learning capability enables the ML model to adjust its predictions to better
fit the training dataset and improve its accuracy without human intervention.

ML models can be broadly classified into two categories based on the type of training
data they use: supervised learners and unsupervised learners. Supervised learners use
labeled training data, meaning that each training instance has an associated ‘correct’ answer.
The ML dataset comprises features (the inputs to the model) and targets (the desired outputs
of the model). During training, the model makes predictions that are compared to the
known outputs (targets). The error between the predicted and actual values is then used
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to adjust the model until the desired accuracy is achieved. In contrast, unsupervised
learning does not use labeled targets. Instead, the model identifies patterns and groups the
data into clusters based on trends observed in the training features. During training, the
unsupervised model optimizes a loss function, typically a distance metric, to group the data
effectively. Again, applications of ML models in supervised learning fall into two categories:
regression, where a continuous output is predicted, and classification , where a discrete
output is predicted. Unsupervised models are typically applied to clustering problems,
where the objective is to group the data into clusters and learn from these groupings.

Linear regression is perhaps the simplest form of an ML model. It uses supervised
learning to create a regression method, where each feature is combined in a linear sum,
as shown in Equation (1). In this model, each input is multiplied by a weight and then
summed with the other features to produce the final output. While this model is very
simple, it does hold an additional advantage: it is interpretable. In the context of ML, an
interpretable model is one where the inner structure and weights of the model can be used
to explain in human terms the relationship of the features to the output of the model [2].

y = wTX = ΣM
n=0wixi (1)

Interpretability in models is highly desired because it enables researchers to trou-
bleshoot more effectively by detecting biases and gaining insights into the real-world
system being modeled. This enhanced understanding results in greater trust among end-
users, ultimately leading to increased adoption. For an ML model to be acceptable, its
predictions need to be explained. Humans naturally seek order and develop notions of how
things should occur, making the ability to explain predictions crucial for understanding
and trust [3]. If a model contradicts the user’s preconceived notions, they will expect an
explanation for this discrepancy to reconcile with their understanding. The challenge is that
as model complexity increases, its ability to capture more complex trends and solve harder
problems improves, but its interpretability decreases. At the extreme, the model becomes a
black box, meaning only the inputs and outputs are visible to the user. In many real-world
applications, model complexity has surpassed the point of being interpretable to meet the
demands of the application. This lack of interpretability is often highlighted as a significant
concern by many researchers. For example, Guidotti et al. [4] discussed how, in the 1970s,
ML black-box models were discriminating against ethnic communities, even when no
ethnic information was provided as a feature. The model used surnames as a proxy for
ethnicity, highlighting how models can discover unintended trends in the data. For critical
applications, a model should not be fully trusted until it can be explained. Guidotti et
al. further stated that the explanation of a model can serve two primary purposes: to
validate the model by revealing biases and to uncover the reasoning behind predictions
so that actions based on those predictions can be better understood. Thus, the need for
interpretability in complex models has led to the study of explainability. In the ML context,
explainability is the process of explaining, in human terms, the relationship between a
model’s features and outputs without revealing its inner weights and structure.

The present work focuses on model-agnostic approaches of explainability, since they
can be applied to any model, including CFD models. Although CFD models are not black
boxes, they are often not easy to interpret due to their complexity, particularly due to the
non-linear interactions of the parameters involved in the transport and modeled equations.
While their inner structure can be analyzed, explaining them in terms and simplicity so
that humans can understand can be very challenging. Some may argue that CFD models
are interpretable, but Doshi-Velez et al. [2] and Ribeiro et al. [5,6] emphasize that for true
explainability, humans must be able to understand it easily. This means that if a model has
too many parameters or a formulation that is too complex, like CFD governing equations,
even an inherently interpretable model, such as a linear model, can become uninterpretable.

One of the first model-agnostic methods of explainability to gain great popularity
is popularly known as the local interpretable model-agnostic explanations, or LIME for
short, which was introduced by Ribeiro et al. [5,6] as a solution for explaining a model’s
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prediction based on a given feature set X. LIME takes random samples of the model
around the prediction to be explained by perturbing the feature set. The samples are then
weighted based on their distance from the prediction of interest, with closer samples being
given more weight. These weighted samples are then used to find a sparse linear model,
known as the explainer model, that fits the perturbations by optimizing a loss function.
Once the model has been fit to the data, the inherent interpretable nature of linear models
is leveraged to explain the more complex model. This is done by using the weights of
the linear model, which can directly relate the inputs to the output. To keep the number
of features low when selecting a linear model, a penalty function is introduced, which
penalizes explainer models that use many features. By penalizing models that use many
features, LIME can present concise explanations that can be easily explained to a human.
LIME has been successfully applied in various fields such as picture classification, text
topic recognition, and ensemble-based decision trees.

Another earlier approach to creating model-agnostic explanations comes from Štrum-
belj et al. [7–9], who proposed that Shapley values, a concept from game theory [10],
could be utilized to generate model-agnostic explanations. Shapley values are a method
of determining a player’s (a feature) marginal contribution to the outcome (the model’s
output) of a game (the model) when participating in a coalition (a set of features). Although
not a ML algorithm, Shapley values can serve as a tool to explain the predictions of a
model. However, this Shapley value approach proved to be a very costly way to calculate
the explanations. This led Štrumbelj et al. to develop an efficient sampling technique to
approximate the Shapley values [8]. They proposed that the Shapley values approximation
can be generated by sampling the training dataset without the need to retrain the model,
which is a very important step for models that have long training times. This approach
significantly reduces the sampling required for traditional Shapley values; however, a large
dataset is still necessary to explain the model’s predictions.

Lundberg et al. [11,12] introduced a model-agnostic approach to explainability known
as Shapley additive explanations (SHAP) that utilized the concepts of additive feature
attribution (AFA) methods. In this work, Lundberg et al. demonstrated that many of the
popular model explanation methods, such as LIME, deepLIFT [13], and Shapely values, are
all based on the same framework of AFA. They were then able to build on this framework
of AFAs and show that Shapley values are the key solution to the principle postulates of
AFAs. Therefore, methods that do not follow the Shapley values principles are not true
AFA methods, and sacrifice accuracy in their explanations. From this, they proposed SHAP,
a modified version of LIME that aligns with the principles of Shapley value game theory.
This adaptation led to a marked improvement in sampling efficiency compared to prior
methods, along with greater congruence with human intuition than the standard LIME
methodology. This caused SHAP to quickly become one of the most popular explainability
methods in the ML space.

To better understand the context of this paper and the subsequent discussions, it
is essential to review the current advancements and challenges in the field of external
aerodynamics for ground vehicles, particularly regarding the accuracy and applicability
of CFD approaches and best practices. In the past three decades, CFD has gained signif-
icant traction as a complementary tool to traditional wind tunnel testing for optimizing
ground vehicle aerodynamic design. This trend is driven by CFD’s lower operational
costs and faster turnaround times, which facilitate the rapid iteration and development of
aerodynamic concepts without the need for expensive physical prototypes. Furthermore,
CFD provides a comprehensive analysis of flow fields, offering insights into local flow
phenomena that are not easily captured by wind tunnel tests, which typically focus on
macroscopic aerodynamic properties such as force and moment coefficients. Despite these
advantages, several challenges remain in the application of CFD to ground vehicle aero-
dynamics. These include the accurate modeling of complex turbulent flows, the need for
high-fidelity simulations to capture intricate flow details, and the validation of CFD results
against experimental data to ensure reliability. Addressing these challenges is critical for
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enhancing the predictive capability of CFD and ensuring its effective integration into the
aerodynamic design process.

Recent advancements in computing power, particularly in terms of cost and afford-
ability, combined with increasing demand from various industries, have led to a significant
surge in the implementation of artificial intelligence (AI) and machine learning (ML) tech-
nologies in general. Following a similar trend, the field of computational fluid dynamics
(CFD) is also beginning to incorporate ML, proving valuable in improving predictions and
assisting with post-processing tasks. Despite its potential, the full extent of ML’s capabilities
in CFD has yet to be fully explored and exploited. Most applications of ML in CFD have
focused on developing new, high-fidelity turbulence models [14–18] or enhancing CFD
discretization schemes [19,20] or solvers [21,22]. While these areas show great promise,
they also have significant challenges. New models require vast amounts of high-fidelity
data, which are often impractical to obtain, and improvements in solvers remain largely
untested in real CFD applications. In contrast, the potential of using ML and AI to aid
in traditional CFD processes and turbulence model development has shown promise but
remains largely untapped. This paper aims to demonstrate the utility of one such ML/AI
tool through a practical example of CFD turbulence model closure coefficient tuning. Specif-
ically, the authors intend to highlight the power of explainability and ML as tools for CFD
development by focusing on the problem of the Reynolds-averaged Navier–Stokes (RANS)
turbulence model closure coefficient tuning.

The Reynolds-averaged Navier–Stokes (RANS) approach stands as one of the most
extensively employed methodologies in CFD, enjoying wide prevalence across an array of
engineering applications. However, it is acknowledged that RANS, while offering com-
putational efficiency and speed, is relatively less precise for automotive flow simulations
in comparison to alternative strategies like variants of detached eddy simulation (DES), a
point underscored by Ashton [23,24]. Moreover, the efficacy of RANS can be compromised
by issues pertaining to accuracy and repeatability, stemming from artifacts associated with
the parallelization paradigm inherent in finite volume-based computational methods (refer
to the work by Misar et al. [25]). Despite these acknowledged limitations, the computational
efficiency intrinsic to RANS allows for simulations to be run within reasonable timeframes,
aligning well with the swift design cycles necessitated by the automotive industry, particu-
larly in the realm of motorsports encompassing entities like FIA Formula 1 and NASCAR.
However, it is noteworthy that while RANS enjoys popularity, advancements in RANS
modeling have been relatively stagnant in recent years in spite of the proactive endeavors
spearheaded by the National Aeronautics and Space Administration (NASA) aimed at
fostering and propelling technological evolution; see Slotnick et al. [26]. Prominently, recent
efforts to improve RANS modeling have hinged on augmenting the precision and reliability
of RANS predictions for complex turbulent flows and have exhibited promise through the
integration of machine learning-based methodologies [18,27–30]. These methodologies
entail the incorporation of corrective source terms into the transport equations or the in-
troduction of modifications to the modeling terms. However, as noted previously, these
initiatives, despite their potential, remain predominantly confined to the academic realm of
development and have yet to be seamlessly integrated into a production-oriented workflow.

Some efforts to improve RANS predictions of turbulent flows for simplified and re-
alistic road vehicle geometries have focused on tuning the model closure coefficients. As
the coefficients used in popular RANS turbulence models are rather ad hoc (as stated
by Pope [31]), tuning them for specific geometries has been necessary. For instance,
Fu et al. [32,33] and Zhang et al. [34] tuned the model closure coefficients for the k − ω SST
turbulence model applied to a Gen-6 NASCAR Cup racecar and a fully detailed automo-
tive passenger vehicle, respectively. By varying the coefficient independently and then
grouping the ‘best performing’ coefficients, these studies found an overall improvement
in the lift and drag force predictions when compared to wind tunnel data. Other studies
have followed similar approaches for predicting flows over simplified geometries like
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the Ahmed body and wall-mounted cubes, varying the coefficients independently and
grouping the best-performing ones (see Dangeti [35] and Bounds et al. [36,37]).

Dangeti’s [35] research demonstrated that when using tuned coefficients, both force
and velocity profile measurements showed closer matches to experimental work for the
Ahmed body. However, these coefficients were specific to the geometry and could not be
applied to other angles. One potential flaw that arises from the tuning method mentioned
is that changing coefficients independently does not account for complex interactions that
may occur when coefficients are varied simultaneously. The use of AI and ML approaches
in parametric optimization could potentially improve predictability by optimizing tur-
bulence closure coefficients simultaneously to account for possible complex interactions.
Da Ronch et al. [38] used an adaptive design of experiment (ADOE) method to test the
entire design space of closure coefficients and generated optimized coefficients for predict-
ing flow over a 2D airfoil geometry. Some success was then seen in using these modified
coefficients on more complex geometries such as the ONERA-M6 wing, but it still needs
further testing to see the extent to which the modified coefficients can be used. Though this
method proved effective, it required a large number of simulations and may prove difficult
to implement in many workflows. Yarlanki et al. [39] used feedforward neural networks to
predict force coefficients for the k − ϵ turbulence model, but this model also required a large
number of simulations to produce the training data. Barkalov et al. [40], Klavaris at al. [41],
and Schlichter et al. [42] demonstrated how ML models can be used as surrogate models
for the CFD prediction results. Barkalov et al. and Klavaris et al. both explored this subject
further, showing how these surrogate models can be used with optimization methods to
tune the coefficients of the RANS CFD model without the need for the optimization method
to query the CFD model directly.

This study extends the authors’ previous work [43], which utilized the 25-degree
Ahmed body simulated using the SST k − ω turbulence model (SST hereinafter) developed
by Menter and coworkers [44,45], to demonstrate how ML methods could elucidate the
relationship between turbulence model closure coefficients and the lift and drag predictions
for the vehicle body. The prior research leveraged these insights to optimize the closure
coefficients, achieving optimal lift and drag predictions. In this work, we further explore
the capabilities of ML tools by applying them to the 40-degree Ahmed body, providing
a detailed explanation of how drag and lift predictions depend on the values of the tur-
bulence model closure coefficients. Using Shapley values, explainer ML models, and the
SHAP method, this research delves deeper into understanding aerodynamic characteristic
prediction. This approach results in a significant improvement in the accuracy of lift and
drag predictions and is expected to simultaneously enhance the overall fidelity of the
turbulence model in capturing complex flow phenomena. By extending the analysis to the
40-degree Ahmed body and employing advanced ML techniques, we aim to provide a more
comprehensive understanding of the intricate relationships within aerodynamic modeling.

The rationale for this research is compelling due to several factors. Firstly, accurately
modeling and predicting aerodynamic properties is crucial for the design and optimization
of ground vehicles. Improved turbulence models can lead to significant advancements in
vehicle performance, fuel efficiency, and safety. Secondly, integrating ML and AI in CFD
processes represents a cutting-edge approach that overcomes the limitations of traditional
methods, offering new insights and efficiencies. Lastly, by addressing both macro-scale
measurements and detailed flow features, this study bridges the gap between high-level
aerodynamic performance and intricate flow dynamics, providing a comprehensive ap-
proach to turbulence modeling. In a nutshell, this work intends to demonstrate the powerful
potential of ML and AI tools in advancing CFD methodologies, particularly in turbulence
model development and optimization. Thus, it aims to pave the way for future innovations
in the field.
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2. Proposed Methodology
2.1. Geometry and Meshing

To conduct this study, two variants of the Ahmed body geometry [46] were selected:
the 25-degree and the 40-degree slant-angle Ahmed body. These geometries were chosen for
their ability to simplistically emulate the external aerodynamic flow of an automobile. Ini-
tially proposed by Ahmed et al. [46], the Ahmed body serves as an idealized representation
of a generic vehicle shape, exhibiting all the critical features of flow past ground vehicles. It
is widely regarded as the standard for validating experimental and CFD processes. The
Ahmed body is a versatile model, capable of representing various automotive shapes,
such as sedans, station wagons, and SUVs, by altering the frontal shapes and rear slant
angles. This makes it a natural choice for our study due to the extensive computational and
experimental data available in the literature, which can be used for validation; for example,
see [23,24,47–50] to cite but merely a few. Its simplified yet representative geometry makes
it an excellent model for studying and optimizing aerodynamic performance. This wealth
of existing research ensures that our findings can be reliably compared and validated
against established benchmarks, enhancing the robustness and credibility of our study.
By utilizing both the 25-degree and 40-degree configurations of the Ahmed body, we aim
to explore a broader range of aerodynamic behaviors. This approach provides a compre-
hensive analysis of the flow characteristics and the impact of turbulence model tuning on
aerodynamic predictions. The Ahmed body also presents a complex enough flow problem
to challenge many eddy viscosity-based turbulence models while maintaining relatively
low computational costs due to its simple features. Figures 1 and 2 show the dimensions,
coordinate system, and reference line probes for flow validation for the 25-degree and
40-degree bodies, respectively.

Figure 1. 25-degree Ahmed body coordinate system, dimensions, and velocity probe locations. (A) U-
velocity profile sampling location, (B) W-velocity profile sampling location.
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Figure 2. 40-degree Ahmed body coordinate system, dimensions, and velocity probe locations.
(A) U-velocity profile sampling location, (B) W-velocity profile sampling location.

A large virtual flow domain was created to reduce the effects of the domain boundary
pressure reflections and blockage ratio on the final flow and force results. The length, width,
and height of the domain was 15L, 4.5L, and 2.5L, respectively, with L being the length of
the Ahmed body, which was used as the characteristic length for all the calculations in this
work. The blockage ratio was determined to be less than 1%, which was low enough to
remove almost all of the domain’s effects from the final force and moment results.

To design the mesh for the virtual wind tunnel with the vehicle model placed inside it,
a commercial software, Ansa version 20.1 by Beta CAE system, was used. A hexahedral
mesher was used over the entire domain and was controlled using three different volume
sources, which were nested around the body to designate regions of refinement in order
to properly capture the high gradient flow regimes. The refinement regions are shown in
Figure 3. To resolve the near-wall flow (one of the most critical aspects of wall-bounded
flows exhibiting the regions of highest shear), prism layers were used near all no-slip
boundaries, with 15 layers being placed on the body and 5 layers being placed on the floor
of the domain. The first layer height was 0.015 mm, and a total thickness of 3 mm was
specified. This resulted in a wall node y+ value well below 1 for all surfaces. Note that y+

is define as y+ ≡ yuτ/ν, where y, ν, and uτ represent the wall-normal distance of the cell
centroid, the fluid kinematic viscosity, and the friction velocity, respectively; τw is the wall
shear stress; ρ is the fluid density; and uτ is defined as uτ ≡

√
τw/ρ .

Figure 3. Mesh refinement regions.

2.2. Physics Setup

Numerical simulations of any fluid flow problem involve solutions of the Navier–
Stokes (NS) equations, which are a set of conservation equations, including conservation of
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momentum and conservation of mass. Together, these sets of conservation equations make
up the governing equations for the continuum mechanics approach to CFD simulation.
The Mach number used in this work is well below 0.3, which allows for the fluid flow to be
considered incompressible. The incompressible NS equations are shown using Einstein
summation notation in Equations (2) and (3). In Einstein notation, a repeating index variable
i implies the summation of all possible values, which in this case would be i = 1, 2, 3.

∂ui
∂xi

= 0 (2)

∂ui
∂t

+ uj
∂ui
∂xj

= −1
ρ

∂p
∂xi

+
∂ti j

∂xj
(3)

si j =
1
2

(
∂ui
∂xj

+
∂uj

∂xi

)
(4)

In the above equations (Equations (2)–(6)), ui, p, ρ, and tij represent the instantaneous
values for the velocity in the ith direction, pressure, fluid density, and the fluid viscous
stress tensor, respectively. The fluid viscous stress tensor is defined as tij = 2µsij, where µ
is the kinematic viscosity. The rate of strain tensor sij is shown in Equation (4). Note that
in these equations and for the text to follow, upper-case symbols represent time-averaged
values, and superscript primes (′) denote fluctuating values of the quantity.

The highest fidelity and most accurate form of simulation is direct numerical sim-
ulation (DNS), in which all of the scales of motion are resolved by the simulation. The
computational costs of this type of simulation prove to be virtually unachievable for
engineering-type flows, which in most cases are complex and have high Reynolds num-
bers. To solve this computational power problem, the RANS equations were developed.
These equations were derived by performing Reynolds decomposition, where the time-
dependent velocity, ui, is decomposed in a mean part, Ui, and a fluctuating part, u

′
i. The

decomposed variable is then placed into the NS equations and ensemble-averaged, leading
to Equations (5) and (6).

∂Ui
∂xi

= 0 (5)

∂Ui
∂t

+
∂UiUj

∂xj
= −1

ρ

∂P
∂xi

+
∂

∂xj

(
2µSi j − ρu′

iu
′
i

)
(6)

Through the method of Reynolds averaging, six new terms are introduced into the
system. These new terms, u′

iu
′
j, are known as the Reynolds stresses (τij) and are shown

in Equation (7). In Equation (7), δij is the Kronecker delta value, which is 1 when i = j
and 0 otherwise. The overbar represents averaging of the given term. The introduction
of these new terms makes the once-closed NS equations now an open system of four
equations and ten unknowns which is referred to as ‘the closure problem’. One of the
most popular methods for closing the system of equations is that of the Boussinesq eddy
viscosity hypothesis, which theorizes that the Reynolds stresses could be modeled like
molecular viscous stresses.

u′
iu

′
j =

2
3

kδi j − νt

(
∂Ui
∂xj

+
∂Uj

∂xi

)
(7)

In the equation above, k is the turbulence kinetic energy per unit mass and is defined
as k ≡ (1/2)u′

iu
′
i. One criterion of the Bousinesq hypothesis is that the momentum transfer

of the turbulent flow is governed by the mixing created by the large energetic turbulent
eddies. It is also assumed that the turbulent shear stress holds a linear relationship to the
mean rate of strain, as observed in laminar flow and shown in Equation (7). The factor of
proportionality that relates the turbulent shear stress to the mean rate of strain is called the
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eddy viscosity, νt. The eddy viscosity is a flow property defined by an algebraic function
of two more flow variables, unlike the kinematic viscosity, which is a molecular property
determined by the fluid. In many models, additional transport equations are introduced
to solve for the eddy viscosity. The model used in this work is the k − ω SST, which is a
two-equation model (introduces two transport equations) that solves transport equations
for both k, the turbulent kinetic energy, and ω, the specific dissipation rate of turbulent
kinetic energy.

The mathematical expression for the eddy viscosity, νt, depends on the turbulence
modeling approach used. For the k − ω turbulence model, the expression for νt is shown in
Equation (8). Other defining equations for the SST model are shown in Equations (9)–(16).

νt =
a1k

max(a1ω, SF2)
(8)

∂k
∂t

+ Uj
∂k
∂xj

= Pk − β∗kω +
∂

∂xj

[(
v + σkvt

∂k
∂xj

)]
(9)

∂ω

∂t
+ Uj

∂ω

∂xj
=

γ

µt
Pω − β∗ω2 +

∂

∂xj

[(
v + σkvt

∂k
∂xj

)]
+ 2(1 − F1)σω2

1
ω

∂ω

∂xj

∂k
∂xj

(10)

√
2Si jSi j (11)

Pk = τi j
∂Ui
∂xj

(12)

F1 = tanh

{max

{
max

( √
k

β∗ωy
,

500v
y2ω

)
,

4ρσω2k
CDkwy2

}}4
 (13)

F2 = tanh

[
max

(
2
√

k
β∗ωy

,
500v
y2ω

)]
(14)

CDkw = min

(
2ρσω2

1
ω

∂ω

∂xj
, 10−20

)
(15)

ϕ = F1ϕ1 + (1 − F2)ϕ2 (16)

The SST default closure coefficient values are shown below in Equation (18). The follow-
ing coefficients with the “1” and “2” subscripts are blended in the simulation by using
Equation (16).

σk1 = 0.85, σω1 = 0.5, β1 = 0.075, β∗ = 0.09, γ1 =
β1

β∗ − σω1κ2√
β∗ , (17)

σk2 = 1.0, σω2 = 0.856, β2 = 0.0828, γ2 =
β2

β∗ − σω2κ2√
β∗ (18)

To implement the k − ω SST model, OpenFOAM was used, which is an open-source
CFD code with a large support community. The default OpenFOAM k − ω SST was used in
an incompressible flow formulation and solved by the SimpleFOAM solver. SimpleFOAM
is a steady-state solution that uses the SIMPLE algorithm to handle the velocity–pressure
coupling that occurs in the NS equations. Every simulation was run for at least 10,000 total
iterations and averaged over the last 2000 to produce the flow field and force result data
shown throughout the work.
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2.3. Initial and Boundary Conditions

A freestream velocity (U∞ of 25 m/s) was specified along the surface of the velocity
inlet into the domain. Combining this freestream velocity with the characteristic length
L of the body, the Reynolds number (Re ≡ LU∞/ν) was calculated to be 1.7 × 106, and
the Mach number was found to be 0.07—well below the 0.3 threshold for the incom-
pressible flow-solving method. These conditions match that of the experimental work
of Strachen et al. [48,49], which provides the reference data for the comparisons made in
this work. At the inlet to the domain, the eddy viscosity was set to 5, which equates to a
turbulence intensity of 1%. The domain outlet was specified to be a pressure outlet, and the
floor of the domain was given a no-slip boundary with a tangential velocity equal to that of
the freestream velocity. All other boundaries of the domain were set to be zero-gradient
boundaries. The Ahmed body itself was set to be a no-slip boundary to allow a boundary
layer to develop over the entire body.

2.4. Design of Experiment

Five closure coefficients of the SST were varied during this work to align with those
previously changed in literature (see Fu [32,33], Zhang [34], and Dangeti [35]) and are
as follows: σω1, σω2, σk1, σk2, and β∗. To efficiently explore the design space of each
coefficient, the coefficients were randomly sampled from a normal distribution. This
normal distribution was defined as having a standard deviation of 10% of the default
values for the coefficient and a mean value that was equal to the default for the coefficient
being sampled.

As previously discussed, Shapley values [10] were a precursor to many modern
explainability methods and are used to calculate the marginal contribution of a player
in a coalitional game. However, this does not have to strictly be a ’game’ but can also
be extended to think of a model as being the game and the players as being the inputs
to the model. In this manner, the contribution of an input to a model’s final output can
be assessed using Equation (19)., where ϕi is the Shapley value for the ith input to the
model, S is the coalition of model inputs without input i, F is the total number of inputs,
x is the set of values for each input, and f is model function. When considering this in
a modeling context, most models would need to be retrained or reformulated for every
permutation of inputs, as they do not accept variable numbers of inputs. This would be
an impossible task for many modeling applications, including turbulence modeling, but
Lundberg et al. [11] theorized that instead of retraining the model for inputs that have been
removed, the expected value for that input can be used if the features (inputs) are assumed
to be independent. The expected value for coefficients in this work is simply the default
value, since every coefficient has been sampled from a normal distribution centered on the
default model value.

ϕi = ∑
S⊆Fi

|S|!(|F| − |S| − 1)!
|F|!

[
fS∪i(xS∪i)− fx(xS)

]
(19)

There is, however, an issue with calculating the Shapley values for large sets of inputs.
This issue is that the computational cost scales with 2N , where N is the number of features.
Therefore, to calculate the Shapley values for one set of modified k − ω SST coefficients,
25 samples (samples in this context are CFD simulations with modified coefficient sets)
must be taken to generate all permutations of the modified values and default values for
the coefficients. This would mean that in order to explain one set of modified coefficients
for the current work, 32 simulations would need to be run with different permutations
of these coefficients and the default. To reduce the computational cost, the current work
introduces a parameter ζ, defined below in Equation (20), which aims to reduce the number
of required simulations per explanation.

ζ =
j=n

∏
j=1

(xτ
j ) (20)
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In the above, x is the set of all variables that will be reduced, n is the total number of
variables (5 in this case), and τ is defined below:

τ =

{
−1, if j is odd
1, if j is even

(21)

The parameter ζ sums the contributions of multiple variables into one to decrease the
required number of simulations. In this manner, the explanations can be produced in a
one-vs-ζ fashion, where the Shapley value is calculated for the variable of interest and ζ. In
this situation, ζ acts as a ’background-noise’ parameter, and its Shapley values should have
no trend or significant magnitude. By comparing the Shapley value of a specific coefficient
to that of ζ, we can infer the significance of the coefficient. If the Shapley value of the
coefficient is not larger than that of ζ, the coefficient is considered insignificant, as it fails
to surpass the random variations of the condensed variables. Essentially, if a coefficient’s
influence does not stand out against the background noise represented by ζ, it indicates
that the coefficient has little to no meaningful impact on the model’s predictions.

Figure 4 summarizes the workflow for the designed experiment. The top branches,
colored in green, show the steps for using ML explainer models and SHAP to create
explanations of the CFD model. The bottom branches, shown in orange, show the steps for
explaining the CFD model directly using Shapley values and the one-vs-ζ method. The
center branches, shown in blue, describe the common steps between both methods.

Figure 4. Workflow diagram of the designed experiment. Blue branches: common workflow steps.
Green branches: steps for the machine learning explainer model explanations. Orange branches:
steps for the direct Shapley value explanation method.
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3. Results and Discussion
3.1. Mesh Independence

First, a mesh independence study was performed for both the 25- and 40-degree
Ahmed bodies. A starting mesh was created for each body using a base size that controlled
the cell size nearest the body and scaled the volume sources, which were used away from
the body. This base mesh is called the coarse mesh, and a medium and a fine mesh were
created by reducing the base size by 2 and 4, respectively. All the simulations were run until
they converged and then averaged over the last 2000 iterations. The differential lift and drag
coefficients for each simulation with respect to the experimental values of Stracahn [48]
are shown in Table 1. In the table, it is seen that for both bodies, a mesh independence is
achieved between the medium and fine meshes. For computational efficiency, the medium
mesh was chosen for both bodies to conduct the rest of the simulations in this work.

Table 1. Differential force coefficient versus mesh sizing for different Ahmed body angle configurations.

Ahmed Body Angle Mesh Size (Millions) ∆CD ∆CL

25 Coarse (10.0) −0.022 −0.191
25 Medium (40.8) −0.029 −0.213
25 Fine (68.0) −0.030 −0.214
40 Coarse (10.0) −0.013 0.020
40 Medium (40.8) −0.028 −0.010
40 Fine (71.3) −0.028 −0.006

3.2. Application of Shapley Values to Force Coefficient Predictions

Once the medium mesh was chosen, the coefficient β∗ was selected to be explained us-
ing Shapley values, and the other closure coefficients were condensed into the ζ parameter.
It is important to stop and note that the closure coefficients that are condensed into ζ are
not condensed during the actual running of the simulation but only during the explanation
portion of the analysis. A random set of coefficients was generated according to the method
listed in the previous section and then simulated in CFD. The given permutations of the
default and modified coefficients were created and simulated. These simulations (four total
for each set of modified coefficients) were then used to generate Shapley values for the
original set of modified coefficients. This process was repeated 9 times, which required a
total of 27 simulations (9 for the modified coefficient sets shown in Table 2, and 18 for the
permutations), plus the default results. The resulting Shapley values explain the marginal
contributions of β∗ and ζ towards the lift and drag predictions of the model.

Table 2. Modified coefficient sets for testing Shapley values as an explainability method for the
25-degree Ahmed body.

Samples β∗ σω1 σω2 σk1 σk2 ζ

Default 0.090 0.500 0.856 0.850 1.000 2.014
Case 1 0.094 0.400 0.848 0.969 1.029 2.249
Case 2 0.087 0.521 0.918 0.773 0.935 2.128
Case 3 0.079 0.519 0.863 0.770 0.927 2.001
Case 4 0.077 0.432 0.805 0.834 0.976 2.176
Case 5 0.102 0.568 0.752 0.832 1.064 1.692
Case 6 0.097 0.543 0.896 0.836 1.097 2.164
Case 7 0.105 0.583 0.749 0.814 0.975 1.538
Case 8 0.098 0.547 0.834 0.804 0.939 1.782
Case 9 0.100 0.553 0.888 0.798 0.927 1.867

For each of the simulations performed, the forces were averaged over the last 2000 iter-
ations, converted to lift CL and drag CD coefficients, and are shown in Table 3. Note that the
force coefficient Cx is defined as Cx ≡ Fx/(0.5ρAU2

∞), where Fx denotes force in x direction
and A is the characteristic area. It clear from the table that some sets of coefficients improve
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the predicted lift and drag values to be in closer alignment with the reference experimental
values from Stratchan [49]. However, what the table is not able to show is what role β∗

played in the change in predictions and what roles the other coefficients played. To explain
how the coefficients affected the results, the Shapley values were calculated for β∗ and ζ
and are shown in Figures 5 and 6.

Table 3. Average delta force coefficient results for the six sample coefficient sets compared to the
25-degree Ahmed body experimental work of Strachan [49].

Case ∆CL ∆CD

Default −0.213 −0.029
Case 1 −0.247 −0.042
Case 2 −0.200 −0.025
Case 3 −0.125 −0.008
Case 4 −0.111 −0.004
Case 5 0.003 −0.024
Case 6 −0.256 −0.267
Case 7 −0.009 −0.015
Case 8 −0.025 −0.269
Case 9 −0.029 −0.277

Figures 5 and 6 illustrate the marginal contribution of each coefficient to the total out-
put (predicted lift or drag) of the CFD model. Unlike traditional Shapley value calculations,
which assume that the baseline case (when no players participate) yields an output of zero,
these Shapley values assume that the baseline case is represented by the output from the
default coefficients of the SST model. By using the default coefficients as the baseline, these
plots reveal the marginal contributions of each coefficient in terms of the deviation from the
default prediction. This approach provides a clearer understanding of how each coefficient
influences the changes in the predicted lift and drag compared to the default model.

Figure 5. Explanations of lift coefficient prediction contributions from β∗ and ζ using Shapley values.
Left: Shapley value for CL vs. β∗; Right: Shapley value for CL vs. ζ.

Examining the left pane of Figure 5 shows a clear linearly decreasing trend in lift
as β∗ is increased from its lowest values up to about 0.098. After β∗ is increased past
approximately 0.098, a sharp jump in lift occurs and holds at a relatively constant value
for β∗ values above this threshold. The right pane of Figure 5 shows a very different
result in which no discernible trend occurs between ζ and the lift coefficient. This result
is inline with the expected outcome, because ζ is the collection of all of the marginal lift
contributions from the four other closure coefficients, which, as mentioned previously,
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makes it analogous to a background noise parameter. Therefore, it is fair to say that a
coefficient can be said to be influential on the output of the model if it shows a stronger
trend and magnitude than the ζ parameter to which it is compared. For this study, β∗ can
be said to hold a strong influence over the simulation, as it has a far greater magnitude and
trend than those of ζ.

Analyzing the data shown in Figure 6 reveals that the trends seen in the Shapley values
for CL carry into the drag coefficient values. CD shows the same linear dependence on β∗,
with a sharp up-kick around β∗ = 0.098, while ζ has no significant trend in magnitude.

Figure 6. Explanations of CD prediction contributions from β∗ and ζ using Shapley values. Left: Shap-
ley value for CD vs. β∗; Right: Shapley value for CD vs. ζ.

To further test the viability of Shapley values as explanations, σω1 was chosen to be
removed from the ζ parameter. This was done because it was seen to be one of the more
influential parameters in the prediction of lift and drag for the Gen-6 NASCAR Cup car
studied in the work of Fu et al. [32,33]. The process of sampling values was repeated
according to the procedure previously discussed, but because σω1 is going to be analyzed
directly, the required permutations increased to eight simulations per explanation. In light
of the limited computational power of this study, the number of coefficient sets that could
be sampled was only 3, creating a total of 21 simulations: 3 modified coefficient sets and
18 permutations.

Figures 7 and 8 show the Shapley values for lift and drag, respectively, for the β∗, σω1,
and ζ. The first thing to note is that the explanations for β∗ for both lift and drag stayed the
same, which is expected, since the contributions of σω1 were already accounted for in the
first set of simulations. In the first set, the explanations of σω1 were combined into ζ, and
their effects were taken into account when calculating the explanations for the β∗s. When
analyzing the explanations for σω1 in Figure 5, one can observe that σω1 played a small role
in the prediction of lift, while ζ, in general, had a higher magnitude of influence. When
observing the drag values in Figure 8, almost the same observation can be made for σω1,
with it contributing very little to the overall drag prediction. However, in this case, ζ also
played almost no role, with its maximum contribution being less than three counts (a count
being defined as a dimensionless force/moment coefficient value of 0.001).

While the plots in Figures 7 and 8 do not reveal a large amount of information about
the trends of the coefficients (other than their relative magnitude of influence), they do
highlight another interesting observation about the Shapley value explanation method.
Since the explanations for β∗ did not change when σω1 was removed from ζ, it would
actually be a more efficient sampling method to repeat the one-vs-rest method for σω1 and
simply include β∗ into ζ. This becomes especially true as the user wishes to increase the
number of closure coefficients analyzed, since the number of simulations per explanation
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grows as 2N , where N is the number of coefficients that the user wishes to directly explain.
However, when analyzing the per-explanation cost of the one-vs-rest sampling method, a
constant cost of 22 is found, since N = 2.

Figure 7. Explanations of CL prediction contributions from β∗, σω1, and ζ using Shapley values.

Figure 8. Explanations of CD prediction contributions from β∗, σω1, and ζ using Shapley values.

3.3. Application of Machine Learning Explainer Models and SHAP to Force Coefficient Predictions

The process of repeatedly removing coefficients from ζ could be continued until all of
the closure coefficients were directly explained by the Shapley values method, eliminating
the need for ζ. However, as already discussed, the sampling cost for the direct calculation
of Shapley values increases quite significantly with every variable that is to be explained.
This sampling cost must be considered even more heavily when applying this method to
non-simplified geometries where the simulation time is on the order of days and not hours
like those needed for the current study. For such situations, it is crucial to develop a method
that can provide clear and accurate explanations using the fewest possible simulations.
This approach not only saves computational resources and time but also enhances the effi-
ciency and practicality of the analysis. By minimizing the number of required simulations,
researchers can more rapidly and effectively understand the underlying dynamics and
improve model predictions. Subsequently, in the present work, these explainer models will
be trained using the turbulence model closure coefficients used in the CFD simulations as
features and the CFD force coefficient predictions as targets. The ML model predictions for
lift and drag can then be explained using ML explainability methods, such as SHAP, for a
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fraction of the cost of explaining the CFD simulation, since a prediction from the ML model
only takes seconds.

Using explainer models in this manner also lays the groundwork for addressing more
complex problems where data can be sampled to acquire features and targets, but the
features cannot be directly manipulated to create the sampling permutations required
for performing Shapley value explanations. For instance, consider a scenario where we
aim to explain the contributions of experimental measurements of pressure and velocity
to boundary layer thickness, δ. In this case, we want to understand how pressure and
velocity impact the boundary layer thickness predictions. To make these explanations
using Shapley values for a specific sample [P1, U1, δ3], we would need to manipulate
the pressure Pi and velocity Ui into four different permutations, as shown in Table 4.
However, this manipulation of pressure and velocity may not be feasible, depending on
the experimental setup, which can prevent the use of Shapley values for explanation. This
limitation underscores the importance of developing methods that can work with existing
data constraints. By leveraging explainer models, we can provide valuable insights, even
in situations where traditional methods fall short due to their inability to manipulate
experimental conditions directly.

Table 4. Example of infeasible permutations required to explain experimental measurements.

Pressure Velocity Boundary Layer Thickness

P0 U0 δ0
P1 U0 δ1
P0 U1 δ2
P1 U1 δ3

To generate the training data needed for the ML explainer models, additional sampling
of closure coefficients was performed using the previously described method for creating
the modified coefficient sets for the Shapley value method. The final sizes of the training
datasets were 77 and 50 for the 25-degree body and 40-degree body, respectively. Each
dataset was preprocessed by manually removing any outlier data that were seen to be
non-physical. The features for the models were the five closure coefficients, and the
targets were the lift and drag coefficients obtained from the CFD simulations. The Scikit-
learn [51] Python library (version 1.3.2), a collection of validated open-source ML training
tools and models, was used to develop the models and training sequences. For each
of the models trained, a hyperparameter tuning search was conducted to optimize the
model’s performance for the specific geometry and target (lift or drag). To ensure that the
model’s performance was generalizable and not merely memorizing the training data, a
10-iteration shuffle split cross-validation method was employed [52]. During each iteration
of the shuffle split, a set of hyperparameters was chosen for the model, and the data were
randomly divided into training and testing subsets. The model was then fit on the training
set and evaluated on the testing set. This procedure was repeated for 10 iterations, and
the set of hyperparameters with the best average testing performance was selected. The
model’s performance was evaluated by comparing the training and testing scores for each
iteration. If the model performed significantly better on the training set than on the testing
set, overfitting had occurred. Overfitting happens when the model simply memorizes the
training data, leading to poor performance on new data. Conversely, if the model had both
low training and testing scores, underfitting had occurred. Underfitting indicates that the
model lacks the complexity to fully capture the underlying trends in the data, necessitating
the use of a more complex model.

The training process began with the 25-degree Ahmed body case. Five commonly used
regression models were trained: ridge [53], random forest [54], XGBoost (XGB) [55], support
vector machine (SVM) [56], and K-nearest neighbors (KNN) [57]. A word of caution here: these
models were selected to evaluate the performance of various types of models on the relatively
small dataset used in this study, which has the potential of adversely skewing the results, as
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we will see later. During training, one of the first observations was a significant decrease in
model performance across all types when a newly generated set of data was introduced. After
thorough investigation, it was discovered that an incorrect parameter set during the training
process had generated perfectly correlated sets of closure coefficients for testing. This perfect
correlation caused the five closure coefficients to essentially represent the information of only
one feature, but with the complexity and cost of five. Consequently, the models struggled
to train effectively due to the lack of diverse information, resulting in lower average testing
scores and an increased tendency to overfit. This error, though easily resolved, underscores a
crucial principle in machine learning: highly correlated features should generally be removed,
especially when working with small datasets. This is particularly important in our study
for two main reasons. First, small datasets make the model highly sensitive to the quality of
the data. Second, CFD simulation sampling is costly, making it essential to convey as much
information as possible for each sample. Ensuring the dataset is free from highly correlated
features can improve the model’s performance by providing diverse and relevant information
for training. This approach not only enhances the robustness of the model but also maximizes
the value derived from each costly CFD simulation sample.

One of the goals of this work was to identify ML models that are efficient at fitting
the data using a small number of samples, saving valuable CFD computation time. To
test which of the models performed best at capturing the trend ointhe CFD data with
minimal training samples, each of the models was trained with cross-validation using
reduced training sample sizes of 80%, 60%, 40%, 20%, and 10%. The results for each of the
models are shown in Figure 9, with the testing R-squared score shown on the y-axis and
the number of samples used to train the model shown on the x-axis. Examining the testing
scores shows that none of the models could provide accurate results below a sample size of
approximately 10, with the testing scores becoming so poor below this sample number that
the figure was clipped at 0 to keep the figure scaling neat. At the upper end of the training
samples, XGB and random forest were seen to be the best, with SVR and KNN performing
similarly to each other, and ridge performing the worst of all the models.

Figure 9. Dependence of R-squared score on the size of training data for the 25-degree Ahmed Body
explainer models. Left: Scores for for CL prediction; Right: Scores for for CD prediction (note that the
y-axis is clipped at 0).

All of the data were then used to train the model during the cross-validation phase.
The results are shown in Table 5. The metrics displayed in Table 5 are the R-squared score
and the mean absolute error (MAE). The R-squared score is defined in Equation (22), where
y is the true value, ŷ is the predicted value, ȳ is the mean of the true values, and n is the
number of samples. The results from the table support what was seen in the restricted
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training size study, with XGB and random forest performing the best, followed by a close
tie between SVM and KNN.

R2(y, ŷ) = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ȳi)2 (22)

Table 5. Cross-validation scores for ML models predicting lift and drag for the 25-degree Ahmed body.

Model Type R-Squared
Score CL

R-Squared
Score CD

MAE CL MAE CD

Ridge 0.17 0.25 0.084 0.010
Random Forest 0.96 0.85 0.028 0.004

XGBoost 0.97 0.87 0.014 0.004
SVM 0.38 0.50 0.062 0.006
KNN 0.45 0.60 0.068 0.007

Moving to the 40-degree body, explainer models for the lift and drag coefficients were
developed according to the same procedure as the 25-degree body. The cross-validation
scores for each model were calculated and are listed in Table 6. For the 40-degree body,
predicting the lift coefficient proved to be the most challenging, with only the random
forest and XGB models able to achieve an R-squared score higher than 0.80. In contrast,
predicting the drag coefficient was easier for the models, with the ridge, XGB, and random
forest models achieving very high R-squared score, while KNN was the worst predictor.
Each model was then tested using varying training data sizes to assess how well they
would adapt to smaller datasets. The results for the 40-degree training size variation are
shown in Figure 10. Clearly, as can be seen in Figure 10 (left), for lift prediction, the XGB
model had the best prediction capability by a wide margin for most of the sample sizes.
Although it outperformed the other models for sample sizes below 10, it still struggled to
make adequate predictions. Turning to the drag predictions shown in the right panel of
Figure 10, it is evident that the ridge, XGB, and random forest models maintained adequate
performances, even at sample sizes lower than 10 samples. These results suggest that while
some models, like XGB, excel in predicting specific aerodynamic characteristics with limited
data, others, such as ridge and random forest, offer robust performance across various
sample sizes. By analyzing the performance of these models, we can better understand
their strengths and limitations, ultimately guiding the selection of the most appropriate
model for specific aerodynamic prediction tasks.

Table 6. Cross-validation scores for ML models predicting lift and drag for the 40-degree Ahmed body.

Model Type R-Squared
Score CL

R-Squared
Score CD

MAE CL MAE CD

Ridge 0.78 0.95 0.023 0.009
Random Forest 0.96 0.98 0.008 0.007

XGBoost 0.98 0.99 0.006 0.005
SVM 0.59 0.71 0.020 0.019
KNN 0.57 0.63 0.024 0.024

Taking all factors into account, the XGB and random forest models for the 25-degree
body and the random forest model for the 40-degree body were selected to have their
predictions explained using SHAP. It is important to note that both the XGB model and the
random forest model belong to the “tree model” category. Although they are expected to
present relatively similar explanations, they are not identical. The XGB model is a more
advanced form of tree modeling, which may leverage the features in different ways. The
SHAP values for the 25-degree body were calculated for each closure coefficient and are
plotted in Figures 11 and 12. Both models agree that β∗ has the greatest influence on the
lift prediction and show almost identical trends, with the random forest model differing
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slightly within the range of 0.080 ≤ β∗ ≤ 0.085. When examining the SHAP values for the
other coefficients, it becomes evident that the models do not fully agree on the importance
of each coefficient. The XGB model appears to have utilized a different form of feature
selection during its tree creation, allowing for more influence from all features. In contrast,
the random forest model assigned very little influence to these features. Despite these
differences in trends for the other four coefficients, the overall magnitudes are quite similar
for both models, with most of the coefficients having an influence centered around 0 for
the majority of the data points. By analyzing these SHAP values, we can gain insights into
how each model interprets the importance of different features, helping to understand the
strengths and limitations of each model in predicting lift for the 25-degree body.

Figure 10. Dependence of R-squared score on the size of training data for the 40-degree Ahmed Body
explainer models. Left: Scores for for CL prediction; Right: Scores for for CD prediction (note the
y-axis is clipped at 0).

Figure 11. SHAP values for CL predictions obtained using the XGBoost regression model on the
25-degree Ahmed body.
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Figure 12. SHAP values for CL predictions obtained using the random forest regression model on the
25-degree Ahmed body.

Figures 13 and 14 show the SHAP values for the CD predictions obtained using the
random forest regression model on the 25-degree Ahmed body, respectively. Once again,
the explanations for the two models largely align for the β∗ closure coefficient but deviate
between β∗ = 0.08 − 0.085. It appears that in this area, the XGB models do a much better
job of smoothly learning from the training data, while the random forest struggles to find
a manner to smoothly split the data for predictions; an issue that could be solved for the
random forest model with more tuning. The XGB and random forest models give largely
the same bulk magnitude of influence to the other four closure coefficients but differ in the
trend, with the random forest having mostly ignored the features, while XGB leveraged the
features and was able to show their effects on the prediction.

Turning our attention to the results of the 40-degree body explainer models,
Figures 15 and 16 show the results of the SHAP value calculations for the 40-degree body.
The first observation is that while β∗ has the dominant influence over the lift and drag pre-
dictions, it takes a much more non-linear trend compared to the 25-degree body. Secondly,
while small, the random forest for the 25-degree body did show the other four closure
coefficients having some influence on the lift and drag predictions. However, the 40-degree
explainer models show that for both lift and drag, the four other closure coefficients had
little to no influence on the lift and drag predictions. This difference in influence aligns well
with Pope’s [31] conjecture that the closure coefficients are not a universal set for all appli-
cations but are dynamic and must be tuned, albeit according to constrained relationships,
for each particular application.

The explainer models for the 25-degree body were used, along with the SHAP explana-
tions, to generate a set of estimated optimal coefficients. Based on the SHAP explanations,
it can be seen that decreasing β∗ leads to increasing lift coefficients; however, following the
trends made the optimal β∗ exist at the edge of the predictive range for the models where
the prediction strength was weak. An iterative process was used, where a set of coefficients
would be generated by the ML model and tested in CFD. If the value was not close enough
to the optimal value, due to being at the edge of the model’s prediction limits, the CFD data
samples would then be added back into the model training set. New predictions would
then made be using the updated model until the optimal set of CFD closure coefficients
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was achieved. The results of this process are shown in Table 7, where it is seen that the
improved set of coefficients vastly improves the CFD simulation’s predictive capability for
lift and drag. The same process was repeated for the 40-degree body, and the results are
shown in Table 8. The 40-degree body saw a smaller reduction in error, as the baseline was
effective at predicting the coefficients, but the optimal set of coefficients was able to almost
perfectly align with the experimental results, with the largest error between lift and drag
being only −0.34%.

Figure 13. SHAP values for CD predictions obtained using the XGBoost regression model on the the
25-degree Ahmed body.

Figure 14. SHAP values for CD predictions obtained using the random forest regression model on
the the 25-degree Ahmed body.
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Figure 15. SHAP values for CL predictions obtained using the random forest regression model on the
the 40-degree Ahmed body.

Figure 16. SHAP values for CD predictions obtained using the random forest regression model on
the the 40-degree Ahmed body.

In tuning these coefficient sets, it is import to remember that while even though
they were set in a rather ad hoc manner, they were still set in such a way as to adhere
to the physical principles shown in experimental works. First, analyzing the limits on
β∗, this coefficient was determined by Wilcox [58] using experimental data on decaying
homogeneous isotropic turbulence (HIT). In the HIT regime, turbulent kinetic energy (TKE)
is seen to follow the relationship of k ≈ t−n, where n is known as the decay exponent
and is defined as n = β∗/β. The value for n is a much-debated topic, with Townsend [59]
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originally proposing n = 1.25 ± 0.06, but modern experimental works on isotropic and
homogeneous–anisotropic turbulence show a range of 1.19 ≤ n ≤ 2.80 [60,61]. There has
even been some computational work on the subject from Taghizadeh et al. [62], where they
found a range of 1.15 ≤ n ≤ 1.45. When considering the influence that n has on β∗, this
leads to a debated range of β∗ of approximately 15–30% compared to the default value. The
current work restricts β∗ variance to 10%, which is well within the debated range and close
to Townsend’s original proposition.

Table 7. Force results for the improved set of closure coefficients for the 25-degree Ahmed body.

Case β∗ σω1 σω2 σk1 σk2 CL CD

25-Degree
Exp [49] NA NA NA NA NA 0.281 0.300

Default 0.090 0.500 0.856 0.850 1.000 0.068 0.271
Improved 0.102 0.567 0.856 0.850 1.000 0.282 0.280

Default percentage error (%) −75.8 −9.67
Improved percentage error (%) 0.36 −6.65

Table 8. Force results for the improved set of closure coefficients for the 40-degree Ahmed body.

Case β∗ σω1 σω2 σk1 σk2 CL CD

40-Degree
Exp [49] NA NA NA NA NA −0.069 0.274

Default 0.090 0.500 0.856 0.850 1.000 −0.079 0.246
Improved 0.079 0.324 1.162 1.235 0.991 0.274 0.307

Default percentage error (%) 14.5 −10.2
Improved percentage error (%) 0.17 −0.34

4. Conclusions

This paper demonstrated the efficacy of ML and explainability tools in the CFD
workflow by tuning the closure coefficients of a RANS turbulence model to optimal values.
Specifically, the k − ω SST turbulence model’s closure coefficients were optimized for two
variants of the idealized ground vehicle model known as the Ahmed body. Shapley values
were used to directly explain CFD predictions, proving accurate but costly. Explainer
ML models, trained on CFD simulation data, provided a more efficient way to explain
the effects of closure coefficients on CFD outputs. The SHAP technique was applied to
these models, elucidating the relationships between closure coefficients and CFD force
predictions. This approach reduced force prediction errors to less than 7% and 0.5% for the
25-degree and 40-degree slant-angle Ahmed bodies, respectively. Some key conclusions to
highlight are as follows:

1. Shapley values present a way to create explanations directly on the CFD model itself,
but they have a high sampling cost. They are seen to be able to describe the complex
interactions that occur when simultaneously varying all closure coefficients.

2. A one-vs-rest Shapley value method in which a sub-variable ζ was introduced was
observed to be the most efficient way of reducing the high sampling cost of the
Shapley method. This method reduce the per-explanation cost from 2N , where N is
the total number of inputs to be explained, to a constant cost of four simulations per
explanation, since N = 2.

3. Explainer models proved to be a computationally efficient way to sample the domain
space for the creation of input/output relationships for CFD simulations. It was
seen that of the types of explainer models tested, including the random forest and
the XGB models, proved to be best for this application due to their good balance of
performance on the data needed for training.

4. The SHAP method of explanation was seen to be able to create explanations for the
force predictions of the CFD.
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5. The optimal closure coefficients for the 25-degree Ahmed body differed from that of
the 40-degree Ahmed body. This demonstrates the strength of this method compared
to traditional CFD tuning methods, as it was able to generate distinctly optimal
coefficients for different geometries. The result also aligns with the hypothesis of
Pope [31], that these coefficients are not universal, but instead, they exist within a
range that may need to be modified for different applications.

One of the limitations of this work is that it focused on the application of ML and
explainability in the optimization of CFD closure coefficients, specifically for predicting
aerodynamic force coefficients. However, this is just the beginning, as the potential of these
techniques extends far beyond this initial application. By concentrating on aerodynamic
force coefficients, we have established a foundation for tackling more complex problems.
In future research, we aim to broaden the scope of ML tools for CFD by conducting similar
analyses that focus on the flow field, particularly in the wake region, as the target. This
extension will allow us to explore the detailed flow dynamics and gain deeper insights into
the behavior of turbulence and wake structures. By shifting the focus from force coeffi-
cients to flow field characteristics, we hope to uncover new opportunities for optimizing
aerodynamic performance and enhancing the fidelity of turbulence models. The authors
hope that this work will encourage other researchers to explore the creation of CFD process
tools using ML and explainability as methods of optimizing current CFD processes and
laying the groundwork for future ML and CFD modeling.
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