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Abstract—This paper extends the tuning parameters using
Bayesian-optimization-RANS (turbo-RANS) methodology to en-
hance the predictive accuracy of Reynolds-averaged Navier-Stokes
(RANS) turbulence models for flow over a converging-diverging
channel, a benchmark case characterized by adverse pressure gra-
dients and flow separation. Using Bayesian optimization, the gener-
alized k-ω (GEKO) turbulence model was calibrated by tuning key
coefficients (CSEP and CNW) with sparse reference data from direct
numerical simulation (DNS) studies at Re = 12, 600. The optimized
model was then tested on the streamwise velocity predictions against
both DNS (Re = 12, 600) and large-eddy simulation (LES) data,
along with the coefficient of friction (Cf ) predictions from the LES
dataset at Re = 20, 580. Results with optimized coefficient values of
CSEP = 0.489 and CNW = 1.778 demonstrate significant improvements
in the prediction of wall quantities, addressing key limitations of
default RANS coefficients. These findings provide further insight into
the application of machine learning-assisted RANS calibration for
adverse pressure gradient flows.

Keywords-component—Bayesian Optimization, RANS Calibra-
tion, GEKO Model, Turbulence Modelling.

I. INTRODUCTION

Reynolds-averaged Navier-Stokes (RANS) models remain
a cornerstone for industrial flow simulations due to their
computational efficiency. These models are widely used in en-
gineering applications, such as turbines, heat exchangers, and
fluid transport systems, where accurate predictions of turbulent
flows are critical. However, the standard practice of using
default turbulence model coefficients often leads to suboptimal
predictions, particularly in complex flows involving adverse
pressure gradients (APG) and flow separation.

Predicting turbulent flow over a converging-diverging chan-
nel poses a significant challenge due to the complex interac-
tions between turbulence and APG. While traditional RANS
turbulence models, such as the k-ω Shear Stress Transport
(SST) model [1] and the k-ε model [2] offer computational
efficiency, they frequently encounter difficulties in accurately

predicting the locations of flow separation and reattachment.
Large-eddy simulation and direct numerical simulation provide
high-fidelity results but are computationally expensive, making
them impractical for most industrial applications.

A key limitation of RANS models in APG flows is their in-
ability to consistently capture flow separation and reattachment
locations, leading to inaccuracies in the predicted skin fric-
tion coefficient. Studies have shown that two-equation eddy-
viscosity models tend to either underpredict or overpredict
flow separation, whereas Reynolds stress transport models
generally improve predictions, particularly regarding the extent
of separated flow regions [3], [4]. Despite these improvements,
RANS models struggle to fully capture the behavior of Cf in
APG regions with smooth bumps [5]. For both attached and
mildly separated flows, the skin friction coefficient exhibits
similar behavior, indicating that APG effects, rather than
separation alone, govern the primary flow physics [3], [4].

This study extends the turbo-RANS framework, originally
introduced by McConkey et al. [6], to improve the cali-
bration of the Generalized k-ω (GEKO) model (as well as
other turbulence closure models) for turbulent flow over a
converging-diverging channel. The GEKO model provides
additional flexibility by allowing the tuning of turbulence
model coefficients to improve accuracy in adverse pressure
gradient flows [7]. The calibration process follows a Bayesian
optimization approach, systematically refining key turbulence
model parameters (CSEP and CNW) to minimize discrepan-
cies between RANS predictions and high-fidelity reference
data. Unlike previous studies that focused primarily on Cp

and Cf , this study also evaluates the predictive accuracy of
RANS models on the streamwise velocity profiles at different
Reynolds numbers.

The training data used for calibration consists of the coeffi-
cient of pressure and coefficient of friction from DNS at Re =
12, 600. The calibrated model is then tested against streamwise



velocity (u) profiles from both DNS (Re = 12, 600) and LES
(Re = 20, 580), as well as the LES Cf distribution. A key ob-
jective is to assess the robustness of the optimized coefficients
across different Reynolds numbers, with the broader goal of
enabling users to obtain a single set of optimal coefficients on
one dataset and generalize them to different flow regimes. This
approach enhances the practical applicability of turbo-RANS,
allowing for turbulence model tuning that is transferable across
moderate variations in Reynolds number and potentially minor
geometric modifications.

The remainder of this paper is structured as follows.
Section II provides an overview of the turbulence models
considered in this study, including the Generalized k-ω model.
Section III outlines the computational setup and the turbo-
RANS framework. Section IV presents the results of the
optimized turbulence model, including comparisons of Cf and
streamwise velocity (u) against DNS and LES benchmarks.
Finally, Section V summarizes the findings and discusses
potential future applications.

II. TURBULENCE MODELS IN RANS

Reynolds-averaged Navier-Stokes models solve for the
Reynolds-averaged flow field, making them a viable option for
computational applications in industry. However, their accu-
racy depends on the choice of turbulence closure model, which
introduces empirical coefficients that influence the accuracy
of the flow predictions. This section provides an overview of
commonly used two-equation turbulence models, including the
k-ε and k-ω models, along with the more flexible Generalized
k-ω model (GEKO).

The RANS equations are derived by decomposing the
instantaneous velocity field into a time-averaged (mean) and a
fluctuating component, typically written as u = U +u′, where
u is the instantaneous velocity, U is the mean, and u′ is the
fluctuating component. The resulting equations introduce the
Reynolds stress term, which must be modeled to close the
system. In this study, we consider the incompressible form of
the RANS equations, expressed as:
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where Ui is the i-th component of the time-averaged velocity,
ρ and µ are the density and dynamic viscosity of the fluid,
P is the pressure, and u′

iu
′
j are components of the Reynolds

stress tensor. The closure of the Reynolds stress term requires
turbulence models, such as the k-ε, k-ω, and GEKO models,
which introduce additional transport equations for turbulence
properties.

A. Two-Equation Turbulence Models

Two widely used RANS turbulence models are the k-ε and
k-ω models. The k-ε model [2] is known for its robustness
and efficiency, though it often underperforms in wall-bounded
and APG flows. It solves transport equations for the turbulent
kinetic energy (k) and the turbulence dissipation rate (ε), with
turbulent viscosity defined based on these quantities. While
effective in free-stream flows, it struggles with accuracy in

near-wall regions, particularly in adverse pressure gradient
(APG) flows.

The k-ω model [8] instead introduces the specific dissipa-
tion rate (ω) to govern the scale of turbulent eddies. This model
provides improved accuracy in near-wall regions but can be
sensitive to free-stream turbulence levels. Both models serve
as foundational RANS closures, with modifications such as
the GEKO model introduced to enhance predictive accuracy
in complex flow conditions.

B. GEKO Turbulence Model

The Generalized k-ω model is an extension of the standard
k-ω model, designed to provide greater flexibility in turbulence
modeling by incorporating additional tunable coefficients [7].
Unlike conventional turbulence models that rely on fixed em-
pirical constants, the GEKO model introduces parameters that
allow users to modify the model’s behavior based on specific
flow conditions. This adaptability makes it particularly suitable
for flows involving adverse pressure gradients, separation,
and reattachment, such as the converging-diverging channel
examined in this study.

The governing equations of the GEKO model are built upon
the standard k-ω formulation, with additional blending func-
tions that allow for user-defined modifications. The transport
equations for turbulent kinetic energy (k) and the specific
dissipation rate (ω) are given as
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where F1, F2, and F3 are blending functions that allow
for user-defined modifications to the model, defined in [9],
affecting different regions of the flow.

1) Tunable Coefficients in the GEKO Model: The GEKO
model incorporates six tunable coefficients, allowing users to
modify specific aspects of turbulence behavior to better match
different flow conditions [7]. These coefficients influence
boundary-layer separation, near-wall turbulence, shear-flow
mixing, jet spreading, secondary flows, and curvature effects.
The key tunable parameters are:

• CSEP: This coefficient primarily controls boundary-layer
separation by regulating eddy viscosity in regions with
APG. A higher value reduces eddy viscosity, making the
flow more susceptible to separation, while a lower value
increases viscosity, encouraging flow attachment.

• CNW: This coefficient adjusts near-wall turbulence char-
acteristics, influencing wall-shear stress and heat transfer.
Increasing CNW enhances shear stress at the wall, improv-
ing accuracy in non-equilibrium boundary layers.

• CMIX: This coefficient governs turbulent mixing in shear
layers, while CJET modifies jet-spreading rates. CCORNER
accounts for secondary-flow effects, and CCURV enhances



accuracy in cases where strong streamline curvature in-
fluences turbulence. These parameters provide additional
flexibility in adjusting model behavior for specific flow
conditions.

2) Application of GEKO in this Study: In this study, the
turbo-RANS framework is employed to optimize the values of
CSEP and CNW, with the objective of enhancing the accuracy
of boundary-layer separation, wall-shear stress, and pressure
recovery predictions. The optimization process is guided by
pressure recovery data from DNS and LES benchmarks, en-
suring that the calibrated GEKO model provides more reliable
results across different Reynolds numbers.

A Python-based automation script was used to modify the
Ansys Fluent journal file for each optimization iteration. The
first set of iterations was conducted using a Sobol sequence
to explore the parameter space, followed by Bayesian op-
timization to refine the coefficients further. The upper and
lower bounds of CSEP and CNW were set according to the
recommended GEKO model limits:

0.70 ≤ CSEP ≤ 2.5 , −2 ≤ CNW ≤ 2 . (4)

The calibrated coefficients were then tested at higher
Reynolds numbers to assess their generalizability. Moreover,
using the coefficient of pressure (Cp) and coefficient of friction
as training data, the model’s performance at Re = 12, 600
was further evaluated by comparing the predicted streamwise
velocity to DNS results. The findings demonstrate that tuning
CSEP and CNW significantly enhances RANS predictions in
adverse pressure gradient flows, particularly improving the
accuracy of streamwise velocity and Cf trends. The final
optimized coefficients are compared to baseline results in
Section IV.

The flexibility of the GEKO model, combined with
Bayesian optimization, allows for a more systematic and
automated approach to turbulence model calibration. This
study reinforces the effectiveness of data-driven turbulence
model tuning for improving predictive accuracy in complex
flow configurations.

III. METHODOLOGY

A. Computational Setup

The numerical simulations are conducted for steady-
state, incompressible, turbulent flow through a converging-
diverging channel using the GEKO turbulence model within
the Reynolds-averaged Navier-Stokes framework. The baseline
Reynolds number. defined using the maximum streamwise
velocity (Umax) and the half-channel height (h), is Re =
12, 600. The computational domain extends 20h upstream
and downstream of the bump to ensure fully-developed inlet
flow conditions and accurate outflow predictions. The domain
geometry and structured mesh used in the simulations are
shown in Figures 1 and 2, respectively.

The DNS reference data for this case is obtained from
Marquillie et al. [10], [11], while the structured computational
mesh is adapted from McConkey et al. [6]. The mesh consists
of 610,720 grid cells, which has been validated for mesh
independence in the converging-diverging region [6].

Figure. 1. Computational domain for the converging-diverging channel.

Figure. 2. Structured mesh used for the RANS simulations of the converging-
diverging channel.

B. Reynolds-number Variation
To assess the influence of Reynolds number on the flow

predictions, additional simulations are performed at Re =
20, 580. This is achieved by modifying the kinematic viscosity
while maintaining the same characteristic length (h) and
velocity scale (Umax). Towards this objective, the updated
kinematic viscosity, ν2, for the higher Reynolds number is
computed using

ν2 = ν1 ·
Re1
Re2

, (5)

where the baseline viscosity is ν1 = 6.7063×10−5 m2 s−1 at
Re1 = 12, 600, and for Re2 = 20, 580, the updated viscosity
is ν2 = 4.1059 × 10−5 m2 s−1. This approach ensures a
controlled Reynolds number variation without altering the
geometry or inlet velocity.

C. Boundary Conditions and Solver Settings
Boundary conditions and fluid properties are selected to

match the DNS reference simulation. The inlet plane is posi-
tioned 20h upstream of the bump, where a Neumann pressure
boundary condition (zero normal pressure gradient) is applied.
The inflow velocity profile is uniform with Umax = 0.845
m s−1, ensuring consistency with the mass flow rate used
in previous RANS studies [6]. The turbulence variables at
the inlet are prescribed as k = 4.28421 × 10−4 m2 s−2 and
ω = 0.26993 s−1.

At the outlet, a fixed gauge pressure of zero is applied, while
a zero-gradient boundary condition is imposed for all other
quantities. The outlet plane is positioned 20h downstream of
the bump to avoid numerical artifacts. A no-slip boundary
condition is enforced on all walls.

For the baseline simulation, the fluid is assumed to have
a density of ρ = 1 kg m−3 and a kinematic viscosity of
ν = 6.7063 × 10−5 m2 s−1, corresponding to a Reynolds
number of Re = 12, 600. The simulations are carried out using
the Semi-Implicit Method for Pressure Linked Equations-
Consistent (SIMPLEC) algorithm for pressure-velocity cou-



pling. The convective terms in the momentum equation are
discretized using a second-order upwind scheme, while a first-
order upwind scheme is applied to the turbulence transport
equations. Diffusion terms are discretized with a second-
order central-difference scheme. Simulations were deemed
converged when residuals dropped below 10−6, with no further
changes observed in wall quantities.

D. Wall Treatment and Grid Resolution
A fine grid is used to ensure accurate modeling of near-wall

turbulence. The grid is refined such that the first grid point lies
within the viscous sublayer, maintaining a non-dimensional
wall distance y+ < 1 throughout the domain. The y+ value is
defined as

y+ =
uτy

ν
, (6)

where uτ is the friction velocity at the wall, y is the normal
distance from the wall to the first cell center, and ν is the
kinematic viscosity. The distribution of y+ values across the
computational domain is shown in Figure 3, confirming that
the boundary layer is wall-resolved.
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Figure. 3. Wall treatment verification, ensuring y+ < 1.

E. High-fidelity Data for Comparison
To further assess the accuracy of the optimized GEKO

model, both direct numerical simulation and large-eddy simu-
lation datasets are used as benchmark data. The DNS dataset at
Re = 12, 600 [10], [11] is employed as training data for model
calibration, where the coefficient of pressure and coefficient of
friction serve as the reference quantities. After calibration, the
optimized turbulence model is tested against additional flow
characteristics to evaluate its predictive performance.

At Re = 12, 600, the streamwise velocity profiles from
DNS are used to verify whether the model retains accuracy in
velocity field predictions. Further, to assess the robustness of
the calibrated model beyond its training dataset, its predictions
are evaluated at a higher Reynolds number of Re = 20, 580
against LES results from Schiavo et al. [12]. In this case,
both the streamwise velocity and coefficient of friction are
compared to determine the model’s ability to generalize across
different flow conditions.

The reference data for both DNS and LES were sourced
from McConkey et al. [13], which compiled high-fidelity
datasets by combining the DNS data from Laval [14] and
the LES data from Schiavo et al. [12]. This dataset provides
a consolidated benchmark for evaluating RANS models, en-
suring consistency in comparison across different Reynolds
numbers.

By using LES data for validation at a higher Reynolds
number, this study ensures that the optimized turbulence model

maintains accuracy beyond the conditions it was trained on.
This enables an assessment of the generalizability of the cali-
brated GEKO model coefficients, determining whether a single
optimized set of parameters can provide reliable predictions
across similar flow regimes. The results of this evaluation are
presented in Section IV.

IV. RESULTS AND DISCUSSION
A. Automation of Coefficient Calibration

The turbo-RANS framework was used to optimize the
coefficients of the GEKO turbulence model for the converging-
diverging channel case. A Python script was developed to
automate the workflow by executing an Ansys Workbench
journal file, which set up the Fluent simulation from mesh
import to the export of RANS predictions. The script modified
the journal file to iteratively update the values of CSEP and
CNW based on the optimization process prescribed by the
turbo-RANS algorithm.

The calibration process was driven by the Generalized Error
and Default Coefficient Preference (GEDCP) objective func-
tion, which was formulated using the coefficient of pressure
and coefficient of friction from the DNS dataset at Re =
12,600. The first iteration used the default GEKO model co-
efficients, followed by ten Sobol-sampled iterations to explore
the parameter space. The Sobol sequence is a quasi-random,
low-discrepancy method that ensures uniform coverage of
the parameter space during initial sampling. Subsequently,
20 Bayesian optimization iterations were conducted to refine
the coefficient values. Bayesian optimization is a surrogate-
based global optimization method that efficiently balances
exploration and exploitation to locate optimal solutions in
computationally expensive problems. After 30 iterations, the
optimal values for CSEP and CNW were identified as those that
minimized the GEDCP objective function, ensuring improved
alignment of RANS predictions with high-fidelity reference
data.

B. Optimization Problem
For the converging-diverging channel case, the same opti-

mization framework as described by McConkey et al. [6] was
utilized. The (GEDCP) objective function was used to calibrate
the GEKO model coefficients, CSEP and CNW, based on sparse
wall-pressure measurements. The GEDCP function optimizes
these coefficients by minimizing a regularized version of
the mean absolute percentage error (MAPE) between the
computed and reference values of the pressure coefficient.

The sparse reference dataset consists of 10 measurement
points along the bottom wall of the channel, selected to capture
key flow regions, including the converging and diverging
sections of the channel. A complete description of the GEDCP
function, including its mathematical formulation and imple-
mentation, is provided in McConkey et al. [6]. The weighting
factor λcoef = 0.25 was applied to penalize deviations from
the default GEKO coefficients.

The Bayesian optimization process follows the same
methodology outlined in the original paper. It begins with
an initial Sobol sequence sampling to explore the parameter
space, followed by iterative refinement using a Gaussian
process surrogate model. The optimization process efficiently
balances exploration and exploitation to converge on the
optimal values of CSEP and CNW. The coefficient bounds used
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Figure. 4. Contours of the streamwise mean velocity of U in a vertical plane of the converging-diverging channel.

(a) At Re = 12,600

(b) At Re = 20,580

Figure. 5. Comparison of mean streamwise velocity vertical profiles at different x-locations in a converging-diverging channel.

for these two coefficients in the optimization were initially set
according to the Ansys GEKO recommendations [7].

However, during the Bayesian optimization process, the
optimization consistently converged towards the lower bound
of CSEP = 0.7. Given that there was no specific justification
for restricting the lower bound for this parameter to 0.7 in the
Ansys documentation, we further reduced the lower bound
to 0.3, allowing for more exploration of lower eddy-viscosity
behaviors in adverse pressure-gradient flows. This adjustment
ultimately led to improved performance in matching the ref-
erence dataset.

Since the final objective of this study was to derive a
single generalizable set of optimized coefficients applicable to
different Reynolds numbers, the final values were obtained by
optimizing for both Cp and Cf at Re = 12, 600. The resulting

optimal coefficients were

CSEP = 0.489 , CNW = 1.778 . (7)

These values were then used for subsequent comparison of
the streamwise velocity at Re = 12, 600 and Re = 20, 580
between the DNS/LES reference data and the RANS model
predictions in order to assess their robustness across different
flow conditions. The exact locations of the pressure points
follow those detailed in [6].

C. Improved Reattachment Prediction with turbo-RANS
Figure 4 displays the scalar field of the streamwise mean

velocity U in a vertical plane through the converging-diverging
channel for the reference DNS data, as well as for the
RANS model predictions of this quantity obtained using the
standard GEKO model and the recalibrated GEKO (turbo-
RANS) model. A careful inspection shows qualitatively that
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Figure. 6. Comparison of skin friction coefficient at Re = 20, 580.

the streamwise mean velocity predictions obtained using
GEKO (turbo-RANS) are in better conformance with the DNS
results than those obtained using GEKO.To ensure consistent
comparison, all velocity contours in Figure 4 share the same
color scale; the lighter shading in the DNS plot reflects its
narrower velocity range.

Figure 5 presents a comparison of the vertical profiles of
the streamwise velocity at multiple streamwise locations x/h
for both the DNS dataset at Re = 12, 600 (Figure 5a) and
the LES dataset at Re = 20, 580 (Figure 5b). The baseline
GEKO turbulence closure model is prone to overpredicting
the level of separation and faces challenges in accurately
determining reattachment, particularly in the region of the
flow experiencing an adverse pressure gradient downstream
of the bump. In contrast, the GEKO (turbo-RANS) model
demonstrates improved accuracy in predicting the strreamwise
mean velocity profiles, particularly in the reattachment region.
To improve visualization and facilitate a direct comparison
between different datasets, the velocity profiles are scaled
using a modified coordinate transformation based on the local
mean velocity.

The optimized coefficients (CSEP and CNW) at Re =
12, 600, successfully generalize to the higher Reynolds num-
ber test case (Re = 20, 580), as observed in Figure 5b.
This demonstrates the transferability of the optimized coeffi-
cients, making turbo-RANS a practical approach for improving
RANS predictions beyond the calibration dataset. The im-
proved reattachment location and velocity distribution suggest
that the optimized model better captures flow recovery after
separation, addressing a critical limitation of conventional
RANS models.

Figure 6 compares the Cf predictions obtained using the
GEKO and GEKO (turbo-RANS) models against reference
LES data. While the GEKO (turbo-RANS) model provides
some improvement over the baseline GEKO model, the gain
is not as evident as in the streamwise velocity profiles. This
is largely due to the inherent limitations of two-equation
turbulence models, which have difficulty in accurately resolv-
ing wall-shear stress, particularly in adverse pressure gradient
flows. The standard RANS eddy-viscosity assumption tends
to overpredict or underpredict separation and reattachment
trends, leading to discrepancies in Cf distributions. Although
the optimized coefficients in GEKO (turbo-RANS) model
improve the predictive capability to some extent, fundamen-
tal limitations of the turbulence closure formulation restrict
further accuracy gains. Despite these challenges, the slight
improvement in Cf suggests that Bayesian optimization is,

nevertheless, useful in refining turbulence model performance
for specific cases.

V. CONCLUSION

This study applied the turbo-RANS framework to optimize
the GEKO turbulence model for a converging-diverging chan-
nel, using Bayesian optimization with DNS data at Re =
12, 600. The optimized model showed significant improve-
ments in the streamwise mean velocity predictions, particularly
in capturing reattachment, a key limitation of standard (con-
ventional) RANS models. The calibrated coefficients general-
ize well across different Reynolds numbers for the converging-
diverging channel flow, demonstrating robustness in different
flow conditions.

However, improvements in Cf predictions remain limited
due to the challenges of two-equation turbulence models in
accurately resolving wall-shear stress. While Bayesian opti-
mization refines turbulence model behavior, inherent RANS
closure limitations restrict further accuracy gains. Nonetheless,
turbo-RANS provides a systematic, data-driven approach to
turbulence model calibration without modifying the underlying
closure formulation. Future work will explore extensions to
other adverse pressure gradient flows using additional refer-
ence datasets.
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