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ABSTRACT
Typical Reynolds-averaged Navier–Stokes (RANS) mod-

els remain unreliable in predicting separated flow, secondary
flow, and adverse-pressure-gradient flow, although they are
well validated for attached boundary layers with mild pres-
sure gradients. It is critical to identify such questionable flow
regions for turbulence model improvement. This study pro-
poses a physics-based classifier to mark uncertain flow regions
for a general RANS model. Then, a baseline RANS model is
corrected through the field inversion process only in the un-
certain region. Such model correction is conducted adaptively
to the identified uncertain region. The proposed framework of
adaptive field inversion retains the accuracy of the baseline tur-
bulence model in attached boundary layers and captures chal-
lenging flow phenomena such as flow separation.

INTRODUCTION
Conventional Reynolds-averaged Navier–Stokes (RANS)

models are uncertain in predicting complex flows, includ-
ing separated, secondary, and adverse-pressure-gradient flows,
as they are primarily designed for well-attached boundary
layer. Recently, data-driven approaches have been widely
employed to improve RANS predictions for such uncertain
flows. The field inversion and machine learning (FIML)
framework [Parish & Duraisamy (2016)] is one of the widely
adopted frameworks for data-driven RANS modeling. The
FIML framework consists of two stages: field inversion and
machine learning. The field inversion stage provides optimal
corrections to RANS equations. The machine learning stage
then generalizes the RANS corrections.

However, data-driven RANS modeling frameworks oc-
casionally degrade accuracy in well-validated attached flows,
such as zero-pressure gradient boundary layers. This limi-
tation also appears in the FIML method. The nominal field
inversion takes the whole computational domain for optimiz-
ing a RANS model. Here, the nominal method is called full-
field inversion. The full-field inversion often modifies well-
attached flow to satisfy a given optimization goal. Our previ-
ous study [Heo et al. (2024, 2025)] employed a zonal method
in which the field inversion region was manually specified to
shield the attached boundary layer. However, this manual ap-
proach is impractical for complex geometries, where the relia-
bility of RANS predictions cannot be known in advance.

This study proposes an adaptive correction method for
data-driven RANS modeling, comprising two key processes:
(1) identification of uncertain regions in a baseline RANS

model using a physics-based classifier and (2) adaptive correc-
tion of the baseline model in the identified uncertain regions.

METHODOLOGY
Physics-Based Classifier

A physics-based classifier is designed to identify an un-
certain region where a RANS model may require a model cor-
rection process (here, field inversion is used for the model cor-
rection). The classifier leverages well-established boundary-
layer physics using 5 local flow parameters defined in Eq. 1.
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where d is the wall distance, Ω is the vorticity magnitude, νt is
the kinematic eddy viscosity, Si j is the strain-rate tensor, and
Wi j is the rotation-rate tensor. Turbulent length scales are rep-
resented by flow parameters φ1 through φ3. The flow param-
eter φ1 is the wall-distance-based length scale, φ2 is the von
Kármán length scale, and φ3 is the eddy-viscosity-based length
scale. Misalignment between the strain-rate and rotation-rate
tensors is quantified by φ4, and the vorticity magnitude is rep-
resented by φ5.

The classification criteria are defined using φ1–φ5, as
given in Eq. 2.
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The criteria C1 and C2 enforce consistency among the length
scales φ1–φ3. These scales exhibit comparable magnitudes
in attached turbulent boundary layers [Spalart & Allmaras
(1992); Spalart et al. (2006); Xu et al. (2019)], ensuring that
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their ratios remain near unity within a threshold τ1. Crite-
rion C3 evaluates the misalignment between the strain-rate and
rotation-rate tensors through φ4. These tensors are typically
well-aligned in attached turbulent boundary layers [Spalart
(2000)], resulting in φ4 values significantly smaller than the
vorticity magnitude φ5 within a threshold τ2. A region is clas-
sified as reliable only when all three criteria are satisfied simul-
taneously. Otherwise, it is classified as uncertain, as defined in
Eq. 3. Please note that the proposed classifier is universally
applicable to linear eddy-viscosity models, as it does not rely
on model-specific parameters.

R(xi) =

{
Reliable if C1 ∧C2 ∧C3

Uncertain otherwise
(3)

Adaptive Field Inversion
The proposed physics-based classifier is coupled with the

field inversion framework to enable adaptive model correction
(i.e., adaptive field inversion). Model correction is restricted to
uncertain regions, while a baseline model remains preserved
within reliable regions. The Spalart–Allmaras (SA) model is
used as the baseline model, as formulated in Eq. 4. The cor-
rection β modifies the net source term of the SA model.

Dν̂

Dt
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(
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(
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)2
)

+
1
σ

[
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The condition β = 1 corresponds to the original SA model
without correction. The optimal correction field β is obtained
by minimizing the objective function defined in Eq. 5.

J(β ) =
Nζ

∑
j=1

(
ζtarget, j −ζRANS, j

)2
+λ

Np

∑
i=1

(βi −1)2 (5)

where ζ is the flow quantity of interest, Nζ is the number of the
grid points associated with ζ , λ is the regularization factor, and
Np is the number of grid points in the field inversion domain
— here only uncertain regions.

RESULTS AND DISCUSSION
Physics-Based Classifier

The performance of the proposed physics-based classifier
is evaluated across four representative flow configurations to
assess its robustness and general applicability. The test cases
include (1) sharp-corner separation around an axisymmetric
body, (2) shock-induced separation over a transonic bump, (3)
free shear flow in a cold axial jet, and (4) secondary flow in
a three-dimensional duct. Each configuration involves distinct
flow physics and is known to challenge conventional RANS
models. In all cases, the classification is restricted to regions
with sufficiently turbulent flow, based on µt/µ > 10.

The sharp-corner separation around an axisymmetric
body [Herrin & Dutton (1994)] is the first test case, as shown
in Fig. 1. The incoming turbulent boundary layer remains at-
tached to the upstream wall before undergoing abrupt separa-
tion at the sharp base corner. A recirculation bubble subse-
quently forms downstream of the corner. Typical RANS mod-
els often fail to accurately predict the base pressure and the

Figure 1: Flow configuration and region identification for
sharp-corner separation around an axisymmetric body.

Figure 2: Flow configuration and region identification for
shock-induced separation over a transonic bump.

size of the recirculation bubble in this configuration [Herrin &
Dutton (1994); Kawai & Fujii (2005); Heo et al. (2025)]. The
classifier identifies the upstream attached boundary layer as a
reliable region. Similarity among the three length scales and
the alignment of the strain-rate and rotation-rate tensors char-
acterize this reliable state. The separated flow downstream of
the corner is identified as an uncertain region where the pre-
dictive reliability of the RANS decreases.

Shock-induced separation over an axisymmetric
bump [Bachalo & Johnson (1986)] is examined, as shown in
Fig. 2. The incoming turbulent boundary layer encounters
concave curvature at the onset of the bump, inducing a
localized adverse pressure gradient. The flow then accelerates
over the subsequent convex surface under a favorable pressure
gradient. As the flow accelerates, a shock wave forms on
the bump, leading to flow separation and the formation of a
recirculation bubble. Conventional RANS models often show
discrepancies in predicting the shock location and the size of
the recirculation bubble [Spalart et al. (2017); Uzun & Malik
(2019)]. The physics-based classifier identifies the upstream
attached boundary layer and the favorable pressure gradient
region as reliable. Uncertain regions encompass the adverse
pressure gradient region at the bump onset and the separated
region after the shock.
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Figure 3: Flow configuration and region identification for
free shear flow in an axial jet.

Free shear flow in an axial jet [Bridges & Wernet (2011)]
serves as the third test case to assess the classifier in a non-
wall-bounded environment (Fig. 3). A subsonic jet discharg-
ing into ambient fluid characterizes this configuration. A free
shear layer forms at the interface between the jet and the ambi-
ent flow, resulting in strong velocity gradients. The jet gradu-
ally spreads as the surrounding fluid is entrained into the shear
layer downstream. Standard RANS models often exhibit sig-
nificant inaccuracies in predicting the jet spreading rate [Yoder
et al. (2015); Dudek (2019)]. The classifier identifies most of
the flow domain as an uncertain region because the flow is
dominated by free shear flow throughout.

Secondary flow within a three-dimensional square
duct [Davis & Gessner (1989)] is examined (see Fig. 4). Sec-
ondary vortices develop due to the non-circular duct geome-
try. Conventional linear RANS models are inherently unable
to predict the strength and velocity of these secondary vortices.
The physics-based classifier identifies most of the flow domain
as an uncertain region. Misalignment between the strain-rate
and rotation-rate tensors φ4 triggers this classification.

Adaptive-field inversion
The adaptive field inversion is applied to the sharp-corner

separation around an axisymmetric body. Conventional RANS
models often fail to predict the base pressure. Experimental Cp
data [Herrin & Dutton (1994)] at the base surface are used to
define the target quantity ζtarget, j in the objective function J(β )
(see Eq. 5). The adaptive field inversion defines the uncertain
regions shown in Fig. 1 as the optimization domain, where the
SA model is modified exclusively. In contrast, the full-field
inversion applies the model correction over the entire domain.

Figure 5 compares the SA correction β fields for the orig-
inal SA, full-field inversion, and adaptive-field inversion. The
condition β = 1 corresponds to the original SA model with-
out modification. In the full-field inversion, the model correc-
tion extends into the upstream attached boundary layer (x< 0).
In contrast, the adaptive-field inversion confines the correction
to the wake region downstream of the corner, leaving the up-
stream attached boundary layer unaltered.

Figure 6 shows the effect of the SA model correction on
the eddy viscosity field for the original SA, full-field inversion,
and adaptive-field inversion. Both full-field and adaptive-field
inversion approaches reduce the eddy viscosity in the wake
region compared to the original SA model. The upstream at-

Figure 4: Flow configuration and region identification for
secondary flow in a three-dimensional duct.

Figure 5: SA correction β fields from the original SA,
full-field inversion, and adaptive-field inversion.

tached boundary layer reveals the primary distinction between
the two field inversion methods. The adaptive-field inversion
maintains eddy-viscosity levels comparable to the original SA
model. The full-field inversion, however, significantly reduces
the eddy viscosity in the upstream region, which is not desir-
able. Unwanted model modification within the upstream at-
tached boundary layer represents a limitation of the full-field
inversion.

Figure 7 compares the upstream velocity profiles. The
adaptive-field inversion preserves the log-law behavior of the
attached boundary layer, maintaining the accuracy of the orig-
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Figure 6: Eddy viscosity fields from the original SA, full-
field inversion, and adaptive-field inversion.

Figure 7: Upstream velocity profiles at x/R =−0.02 for
sharp-corner separation from the original SA, full-field
inversion, and adaptive-field inversion.

inal SA model. The full-field inversion shows a significant
deviation from the expected turbulent boundary layer profile.
This deviation is associated with an unphysical reduction in
eddy viscosity in the upstream region, where the original SA
prediction is already reliable.

Figure 8 compares the radial distribution of the base pres-
sure coefficient. The adaptive-field inversion achieves close
agreement with the experimental data, indicating that the op-
timization successfully improves the base pressure prediction.
This improvement is obtained while preserving the upstream
velocity profile. In contrast, although the full-field inversion
also reduces the discrepancy with the experimental data, it
does so at the expense of degrading the upstream boundary
layer. These results demonstrate that the adaptive-field inver-
sion effectively introduces model corrections in the wake re-
gion while maintaining the accuracy of the upstream flow.

Figure 8: Radial distribution of the base pressure Cp for
sharp-corner separation from the original SA, full-field
inversion, and adaptive-field inversion.

CONCLUSIONS
The physics-guided adaptive correction method is pro-

posed in this study for a RANS turbulence model. The
physics-based classifier is designed to determine whether a
certain flow region in a RANS solution is reliable or uncer-
tain. The classifier employs local flow parameters that repre-
sent boundary-layer physics. Since the flow parameters do not
include model-specific quantities, the classifier is universally
applicable to linear eddy-viscosity models. The classifier is
coupled with the field inversion framework to enable adaptive
correction. Field inversion is used in this study to demonstrate
adaptive model correction, while the classifier remains appli-
cable to other data-driven modeling approaches. The current
adaptive field inversion improves the prediction capability of a
baseline RANS model for uncertain flow regions while main-
taining the well-designed model performance for the attached
boundary layer.
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