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ABSTRACT: During high-speed forward flight, helicopter rotor blades operate across a wide range of Reynolds and
Mach numbers. Under such conditions, their aerodynamic performance is significantly influenced by dynamic stall—a
complex, unsteady flow phenomenon highly sensitive to inlet conditions such as Mach and Reynolds numbers. The key
features of three-dimensional blade stall can be effectively represented by the dynamic stall behavior of a pitching airfoil.
In this study, we conduct an uncertainty quantification analysis of dynamic stall aerodynamics in high-Mach-number
flows over pitching airfoils, accounting for uncertainties in inlet parameters. A computational fluid dynamics (CFD)
model based on the compressible unsteady Reynolds-averaged Navier–Stokes (URANS) equations, coupled with sliding
mesh techniques, is developed to simulate the unsteady aerodynamic behavior and associated flow fields. To efficiently
capture the aerodynamic responses while maintaining high accuracy, a multi-fidelity Co-Kriging surrogate model is
constructed. This model integrates the precision of high-fidelity wind tunnel experiments with the computational
efficiency of lower-fidelity URANS simulations. Its accuracy is validated through direct comparison with experimental
data. Building upon this surrogate model, we employ interval analysis and the Sobol sensitivity method to quantify the
uncertainty and parameter sensitivity of the unsteady aerodynamic forces resulting from inlet condition variability. Both
the inlet Mach number and Reynolds number are treated as uncertain inputs, modeled using interval representations.
Our results demonstrate that variations in Mach number contribute far more significantly to aerodynamic uncertainty
than those in Reynolds number. Moreover, the presence of dynamic stall vortices markedly amplifies the aerodynamic
sensitivity to Mach number fluctuations.

KEYWORDS: Dynamic stall; uncertainty quantification; multi-fidelity surrogate modeling; sensitivity analysis

1 Introduction
Dynamic stall refers to the complex unsteady aerodynamic phenomenon arising from hysteresis effects

of flow separation during rapid variations in the angle of attack of aircraft wings or rotor blades [1]. Current
research on dynamic stall aerodynamic characteristics predominantly adopts deterministic approaches,
where unsteady aerodynamic forces are predicted under fixed inflow conditions. However, practical flight
operations involve inflow velocity fluctuations rather than stable values, introducing uncertainties in
unsteady aerodynamic predictions. The uncertainty quantification of dynamic stall characteristics proves
crucial for ensuring aircraft performance and operational safety [2].

Variations in inflow velocity alter both Reynolds and Mach numbers, which significantly influence
dynamic stall behavior. Zhu et al. [3] investigated the effects of Reynolds number and reduced frequency on
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wind turbine airfoil aerodynamics, revealing that increased Reynolds numbers stabilize laminar separation
bubbles, suppress dynamic stall vortex formation, and delay stall initiation to higher angles of attack. Benton
and Visbal [4] identified upstream migration of reversed flow regions with increasing Reynolds numbers as
a key factor governing Reynolds sensitivity of dynamic stall. Within transitional Reynolds number ranges,
leading-edge laminar separation bubble bursting triggers dynamic stall processes. Lee et al. [5] demonstrated
that separation bubble dimensions decrease prior to rupture with higher Reynolds numbers, while Mach
number increases promote bubble expansion and premature rupture. Existing studies primarily focus on
low Reynolds number regimes with limited consideration of compressibility effects, leaving the combined
impacts of high Mach and Reynolds numbers on dynamic stall aerodynamics poorly understood.

Uncertainty quantification methodologies fall into two categories: non-probabilistic and probabilistic
approaches [6]. Non-probabilistic methods include interval analysis, sensitivity derivative-based error
propagation, and fuzzy logic techniques, whereas probabilistic approaches encompass Monte Carlo methods
(MCM), moment methods, and polynomial chaos expansions [7]. Given the high costs associated with wind
tunnel testing and CFD simulations for dynamic stall data acquisition, interval analysis emerges as a compu-
tationally feasible strategy for uncertainty quantification with limited datasets. Huang and Qiu [8] developed
an interval analysis framework incorporating interval extension theory and Taylor series expansions to
assess unsteady aerodynamic loads under environmental uncertainties. Song et al. [9] integrated Kriging
models with interval analysis for robust aerodynamic optimization under geometric uncertainties. Direct
uncertainty analysis using wind tunnel or CFD data proves computationally prohibitive. This study employs
a multi-fidelity surrogate modeling approach combining limited high-fidelity experimental data with low-
fidelity CFD results through Co-kriging methodology, thereby enhancing analysis efficiency. Kaya et al. [10]
successfully implemented this paradigm by fusing Euler equation solutions with sparse RANS computations
to construct full-aircraft aerodynamic models with improved accuracy and reduced computational burden.

Recent advances in aerodynamic uncertainty quantification include Marepally et al. [11], who developed
neural network-based reduced-order models coupled with Monte Carlo methods for geometric uncertainty
analysis. Zhang et al. [12] applied principal component analysis and non-intrusive polynomial chaos (NIPC)
to transonic airfoil uncertainty characterization. Deng et al. [13] numerically investigated lateral aerody-
namic uncertainties of slender bodies under high-angle-of-attack flow variations. Chen [14] and Xia [15]
implemented NIPC methods for turbomachinery cascade and blade performance uncertainty assessments.

However, existing research predominantly addresses steady-state aerodynamic uncertainties in simple
flow configurations. The highly nonlinear and unsteady nature of dynamic stall aerodynamics remains
underexplored in uncertainty analysis. This study addresses this gap by employing a two-dimensional airfoil
section as the test case. Multi-fidelity unsteady aerodynamic datasets are acquired through combined wind
tunnel testing and numerical simulations, enabling the construction of dynamic stall surrogate models via
Co-kriging methodology. Subsequently, interval analysis and Sobol sensitivity methods are implemented to
quantify uncertainty propagation from Mach and Reynolds number variations. The proposed framework
provides theoretical guidance for aerodynamic design optimization of high-speed rotary-wing aircraft and
wind turbine systems.
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2 Research Object and Methodology

2.1 Problem Set-up
The investigation employs a two-dimensional SC1095 airfoil section with a chord length of

0.21 m (Fig. 1). The airfoil undergoes forced pitching oscillations about the quarter-chord position, with its
instantaneous angle of attack prescribed by:

θ (t) = θ0 + Aθ sin (2π fθ t) (1)

where θ denotes the instantaneous angle of attack, t denotes time, the θ0 = 10 deg denotes the mean angle of
attack, and the direction of θ is defined as positive in the clockwise direction as shown in Fig. 1. Aθ = 10 deg
represents the pitching amplitude, fθ = 8.0 Hz is the oscillation frequency, and T = 1/ fθ defines the period
of pitch oscillation.

Figure 1: Research subject wing type

2.2 Wind Tunnel Testing and Numerical Methodology for Dynamic Stall
The dynamic stall experiments were conducted in a high-speed continuous wind tunnel, which inflow

Mach number is in the range of 0.1–1.3. The chord length of experimental wing model is 0.21 m, while
the span length is 0.6 m. A position servo-control system governed the airfoil’s pitching oscillations,
where the servo-motor executed predefined non-uniform rotational motions through a motion control
card. Twenty-seven dynamic pressure transducers were distributed along the upper and lower surfaces
to acquire unsteady pressure data. Real-time synchronized voltage sampling at 50 kHz enabled phase-
locked integration of surface pressures over multiple oscillation cycles, followed by periodic averaging to
extract high-fidelity unsteady aerodynamic forces and moments. Detailed specifications of the experimental
apparatus, measurement protocols, and data processing procedures are documented in References [16,17].

The low-fidelity unsteady aerodynamic data were obtained by solving two-dimensional compressible
unsteady Reynolds-averaged Navier-Stokes (URANS) equations coupled with the Menter’s shear stress
transport (SST) k-ω turbulence model [18]. The governing equations were discretized using a cell-centered
finite volume method with the following numerical schemes:

• Temporal discretization: Second-order implicit dual-time stepping
• Inviscid fluxes: Second-order upwind scheme with Roe’s approximate Riemann solver
• Viscous fluxes: Second-order central differencing

A sliding mesh technique (Fig. 2) was implemented to resolve the pitching motion, where the near-field
grid rotated synchronously with the airfoil while maintaining connectivity with the stationary background
mesh. The computational domain extended 20 chord lengths radially, with far-field boundaries employing
characteristic-based pressure conditions and airfoil surfaces modeled as no-slip adiabatic walls.
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Figure 2: Flowfield Simulation Grid. (a) whole simulation domain (b) grid around airfoil (c) grid around leading edge
of airfoil (d) grid around trailing edge of airfoil

2.3 Co-Kriging Model for Multi-Fidelity Surrogate Modeling
For an m-dimensional problem, suppose we are concerned with the prediction of an expensive-to-

evaluate (and unknown) function yS1 ∶Rm → R with assistance of a cheaper-to-evaluate function yS2 ∶Rm → R
(extension to multiple levels of fidelity is straightforward). Two computer codes of different fidelity are run
to get two data sets, which are sampled at the sites

⎧⎪⎪⎨⎪⎪⎩

S1 = [ x 1
(1)x 1

(2)⋅ ⋅ ⋅ x 1
(n1) ]T ∈ Rn1×m

S2 = [ x2
(1)x2

(2)⋅ ⋅ ⋅ x2
(n2) ]T ∈ Rn2×m

(2)

here, n1 and n2 are the number of sampling sites for the high- and low-fidelity computations, respectively;
usually n2 ≫ n1. x = [ Re Ma ]T with the corresponding responses.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

yS1
= [ y1

(1) y1
(2) ⋅ ⋅ ⋅ y1

(n1)]T =
[ y (x 1

(1)) y (x 1
(2)) ⋅ ⋅ ⋅ y (x 1

(n1)) ]T ∈ Rn1

yS2
= [ y2

(1) y2
(2) ⋅ ⋅ ⋅ y2

(n1) ]T =
[ y (x2

(1)) y (x2
(2)) ⋅ ⋅ ⋅ y (x2

(n2)) ]T ∈ Rn2

(3)

The Co-Kriging model prediction is defined as:

ŷ (x) = ωT yS =
n1

∑
i=1

ω1
(i)yS1

(i) +
n2

∑
i=1

ω2
(i)yS2

(i) = ω1
T yS1

+ ω2
T yS2

(4)
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where ω1 and ω2 are the weighting coefficients for high- and low-fidelity responses, respectively. Assuming
two stationary random processes corresponding to y1 and y2:

{ Y1 (x) = β1 + Z1 (x)
Y2 (x) = β2 + Z2 (x) (5)

The covariance and cross-covariance between random variables at different locations in the design space
are defined as:

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

Cov [Z (x(i)
1 ) , Z (x( j)

1 )] = σ1
2R(11) (x(i)

1 , x( j)
1 )

Cov [Z (x(i)
2 ) , Z (x( j)

2 )] = σ2
2R(22) (x(i)

2 , x( j)
2 )

Cov [Z (x(i)
1 ) , Z (x( j)

2 )] = σ1σ2R(12) (x(i)
1 , x( j)

2 )

(6)

here, σ 2
1 and σ 2

2 represent the process variances of the random processes Y1 (x) and Y2 (x), respectively.
The Co-Kriging model aims to find optimal weighting coefficients ω1 and ω2 that minimize the mean

squared error (MSE):

MSE [ ŷ (x)] = E [(ω1
T yS1

+ ω2
T yS2

− Y1 (x))2] (7)

subject to the interpolation (unbiasedness) constraint:

E [ω1
T yS1

+ ω2
T yS2

] = E [Y1 (x)] (8)

To solve this constrained minimization problem, the weighting coefficients in Eq. (4) are determined
via the following linear system (Co-Kriging equations):

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

C(11) C(12) 1 0
C(21) C(22) 0 1
1T 0T 0 0
0T 1T 0 0

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦

⎡⎢⎢⎢⎢⎢⎢⎢⎣

ω1
ω2
μ1/2
μ2/2

⎤⎥⎥⎥⎥⎥⎥⎥⎦

=

⎡⎢⎢⎢⎢⎢⎢⎢⎣

c1 (x)
c2 (x)
1
0

⎤⎥⎥⎥⎥⎥⎥⎥⎦

(9)

where μ = {μ1 , μ2}T is the vector of Lagrange multipliers, 1 is a column vector of ones, and other matrices
are defined as:

C(11) = (σ 2
1 R(11) (x 1, i , x 1, j))i , j ∈ R

n1×n1 ,

C(12) = (σ1σ2R(12) (x 1, i , x2, j))i , j = (C(21))T
∈ Rn1×n2 ,

C(22) = (σ 2
2 R(22) (x2, i , x2, j))i , j ∈ R

n2×n2 ,
c1 = (σ 2

1 R(11) (x 1, i , x))i ∈ R
n1 ,

c2 = (σ1σ2R(12) (x2, i , x))i ∈ R
n2

(10)

To eliminate σ1 and σ2 from the covariance matrices, parameter transformations are applied to the
weighting coefficients and Lagrange operators:
∼
ω1 = ω1 ,

∼
ω2 = σ2/σ1ω2

∼
μ1 = μ1/ (2σ 2

1 ) , ∼μ2 = μ2/ (2σ1σ2)
(11)
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This constitutes a critical definition in the Co-Kriging model. Substituting Eq. (11) into Eq. (9) yields:

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

R(11) R(12) 1 0
R(21) R(22) 0 1
1T 0T 0 0
0T 1T 0 0

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

∼
ω1
∼
ω2
∼
μ1
∼
μ2

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦

=

⎡⎢⎢⎢⎢⎢⎢⎢⎣

r1 (x)
r2 (x)
1
0

⎤⎥⎥⎥⎥⎥⎥⎥⎦

(12)

with correlation matrices defined as:

R(11) = (R(11) (x 1, i , x 1, j))i , j ∈ R
n1×n1 ,

R(12) = (R(12) (x 1, i , x2, j))i , j = (R(21))T
∈ Rn1×n2 ,

R(22) = (R(22) (x2, i , x2, j))i , j ∈ R
n2×n2 ,

r1 = (R(11) (x 1, i , x))i ∈ R
n1 ,

r2 = (R(12) (x2, i , x))i ∈ R
n2

(13)

After solving for the new weights
∼
ω1 and

∼
ω2, the Co-Kriging prediction can be reformulated as:

ŷ1 (x) = ( ∼ω1)
T

y1 +
σ1

σ2
( ∼ω2)

T
y2 (14)

or in matrix form:

ŷ1 (x) =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

r1 (x)
r2 (x)
1
0

⎤⎥⎥⎥⎥⎥⎥⎥⎦

T ⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

R(11) R(12) 1 0
R(21) R(22) 0 1
1T 0T 0 0
0T 1T 0 0

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦

⎡⎢⎢⎢⎢⎢⎢⎢⎣

y1
σ1
σ2

y2
0
0

⎤⎥⎥⎥⎥⎥⎥⎥⎦

(15)

By inverting the block matrix in Eq. (15), the Co-Kriging predictor becomes analogous to the model
proposed by Sacks et al. [19]:

ŷ1 (x) = φT
∼

β + rT (x)R−1 (∼yS − F
∼

β) (16)

where the matrices are defined as:
⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

φ = [ 1
0 ] ,

∼

β =
⎡⎢⎢⎢⎢⎣

∼

β1
∼

β2

⎤⎥⎥⎥⎥⎦
= (FTR−1F)−1 FTR−1∼yS

r = [ r1 (x)
r2 (x) ] , R = [ R(11) R(12)

R(21) R(22) ]

∼
yS = [

yS1σ1
σ2

yS2

] , F = [ 1 0
0 1 ] ∈ R(n1+n2)×2

(17)

With the above formulae,
∼

β, σ1/σ2 and σ 2
1 can be found by maximizing the concentrated ln likelihood

function (neglecting constant terms), Parameters θ obtained by numerical optimization method [20].
Based on the critical definitions in Eq. (11) and the unbiasedness constraint in Eq. (8), the root mean

squared error (RMSE) of the Co-Kriging model is derived as:

MSE{ ŷ (x)} = σ 2
1 [1 − rTR−1r + (φ − FTR−1r) ⋅ (FTR−1F)−1 (φ − FTR−1r)T (18)
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2.4 Interval Uncertainty Quantification Method and Sensitivity Analysis
Building upon the multi-fidelity surrogate model established in Section 2.3, interval uncertainty quan-

tification analysis was conducted. Let X = [XL , XU] represent the uncertainty interval of independent
variables, which can be expressed as:

X = Xc + [−1, 1]Xd (19)

where Xc = (XL + XU) /2 and Xd = (−XL + XU) /2, denoting the uncertainty level of the variable x. The
independent variables can then be expressed as:

{ x = Xc + xd
xd ∈ [−1, 1]Xd

(20)

For dependent variables ŷ1 = f (x) = f (Xc + xd) ∈ Y = [YL , YU], a first-order Taylor expansion about
Xc yields:

⎧⎪⎪⎨⎪⎪⎩

YL ≈ f (Xc) − ∣ ∂ ŷ1
∂x ∣Xd

YU ≈ f (Xc) + ∣ ∂ ŷ1
∂x ∣Xd

(21)

The resultant uncertainty in Y becomes:

Yd = (YU − YL) /2 = ∣
∂ŷ1

∂x
∣Xd (22)

The total variance D of the dependent variable can be decomposed into contributions from individual
random variables:

D =
N
∑
i=1

Di + ∑
1≤i< j≤N

Di j + ⋅ ⋅ ⋅ + D1,2, ⋅ ⋅ ⋅ ,N (23)

The relative sensitivity of random variables (Reynolds/Mach numbers) to dependent variables (aerody-
namic forces/moments) is quantified through Sobol indices. Sobol indices are calculated as the ratio between
the variance of individual random variables and the total variance:

Si1 , ⋅ ⋅ ⋅ , is = Di1 , ⋅ ⋅ ⋅ , is/D (24)

3 Case Validation and Results Analysis

3.1 Case Validation
3.1.1 Validation of Dynamic Stall Numerical Methodology

Gardner et al. [21] conducted wind tunnel tests on the OA209 airfoil’s dynamic stall characteristics
in a transonic wind tunnel within the Mach number range of 0.3–0.5, obtaining comprehensive unsteady
aerodynamic data. To validate the numerical methodology described in Section 2.2, simulations were
performed at Ma = 0.31 and Re = 1.2 × 106 under identical kinematic conditions. The computational
results were systematically compared with experimental data to validate the reliability of the numerical
methodology:

• Mean angle of attack: θ0 = 12.5 deg
• Pitching amplitude: Aθ = 7.5 deg
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• Oscillation frequency: fθ = 5.7 Hz
• Pivot location: 1/4 chord position

A grid independence study was conducted using three distinct mesh configurations (Table 1).

Table 1: Fluid domain mesh parameters

Mesh Inner domain
cell count

Outer domain
cell count

y+ Circumferential
nodes

Inflation
ratio

Fine mesh 124,300 6800 0.5 600 1.05
Medium mesh 58,800 6800 0.9 420 1.10
Coarse mesh 42,300 6800 1.7 300 1.20

Fig. 3 compares the dynamic stall lift coefficient hysteresis loops computed using three different meshes
with experimental data. The results demonstrate that the unsteady lift coefficients obtained through the
numerical methodology employed in this study exhibit strong agreement with experimental measurements,
with discrepancies primarily observed during the airfoil downstroke phase. In the downstroke phase,
computational results show delayed flow reattachment compared to experimental data. This discrepancy
arises because the numerical simulations neglect disturbance factors present in experiments, such as surface
roughness on the test model, wind tunnel wall interference, and inflow turbulence. These experimental
factors enhance turbulent kinetic energy production, accelerating flow reattachment. The increased error
bars in experimental data during downstroke (see Fig. 3) further confirm the flow’s heightened sensitivity
to environmental perturbations in this phase. Furthermore, the figure reveals negligible differences between
medium and fine mesh results, while coarse mesh predictions deviate noticeably. Considering the balance
between computational efficiency and accuracy, the medium-resolution mesh was selected for subsequent
analyses. Meanwhile, this dynamic stall numerical method also be validated using other dynamic stall cases,
which can be found in our previous studies [22,23].

Figure 3: Dynamic stall lift coefficient hysteresis curve
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3.1.2 Multi-Fidelity Surrogate Model Validation
The multi-fidelity surrogate model sampling points are shown in Fig. 4, where red markers represent

wind tunnel test cases and blue markers denote numerical simulation cases sampled via a full factorial
experimental design method. The Mach number varies within 0.1~0.6, and the Reynolds number ranges from
2.6× 105~5× 106. The unsteady aerodynamic forces/moments of dynamic stall vary over a pitching oscillation
cycle. These forces are discretized into m equal time intervals per cycle, with each interval divided into
temporal elements of duration T/m. Co-Kriging-based multi-fidelity surrogate models were constructed for
aerodynamic forces at the mid-interval timestamp of each temporal element. Validation was performed using
withheld high-fidelity data (Ma = 0.35, Re = 3 × 106), with results presented in Fig. 5. The predictions from
the multi-fidelity surrogate model demonstrate errors within 5% compared to high-fidelity data, confirming
the model’s reliability.

Figure 4: Sample points for modeling multi-fidelity agents

Figure 5: Multi-fidelity surrogate model predictions vs. high-fidelity data
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3.2 Uncertainty Quantification Results
This section selects the inflow Reynolds number and Mach number as uncertain variables, with nominal

values of 4 × 106 and 0.5, respectively, both with 10% uncertainty. The 10% uncertainty indicates Xd = 10%Xc .
Specifically, while the Mach number is nominally set at 0.5, actual values may fluctuate within a range of
0.45–0.55. Similarly, the Reynolds number could vary between 3.6 × 106 and 4.4 × 106.

Fig. 6 shows the effects of Mach number and Reynolds number on the uncertainties of aerodynamic
forces/moments at different time instances. It is evident that the influence of Mach number on the uncertainty
of unsteady aerodynamic forces and moments is significantly greater than that of Reynolds number. When
Ma < 0.3, the compressibility effect is weak without any shock, so the trailing-edge separation is mainly
induced by the adverse pressure gradient, which leads to the light dynamic stall. As shown in Fig. 7, the
compressibility effect increases, and a local supersonic region appears near the leading edge when Ma ≥
0.3. Besides, as the Mach number increases, the local supersonic region and shock intensity increases, and
the local supersonic region and dynamic stall vortex forms in an earlier phase of the pitch motion. The
much earlier appearance of local supersonic region and dynamic stall vortex in the upstroke leads to the
severe dynamic stall. Therefore, as shown in Fig. 5, the peak value of lift reduces significantly as the Mach
number increases.

Figure 6: (Continued)
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Figure 6: Effect of Mach number and Reynolds number uncertainty on aerodynamic forces/moments at different
moments. (a) Samples with Mach Number Variations; (b) Samples with Reynolds Number Variations; (c) Uncertainty
in Lift Coefficient/Moment Coefficient. The ranges of Mach number and Reynolds number studied in this figure are
detailed in the first paragraph of Section 3.2. The horizontal axis t/T represents the normalized time over one pitching
cycle, corresponding to distinct phases of the pitching motion

Figure 7: (Continued)
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Figure 7: Mach field around the pitching airfoil under different inlet Mach numbers. The supersonic field is indicated
by the grey color

Table 2 presents the uncertainties in aerodynamic forces/moments induced by Mach and Reynolds
numbers at several critical flow states. The flow state is based on the fluid field results at the nominal values of
Reynolds number (Re = 4 × 106) and Mach number (Ma = 0.5). The results indicate that larger uncertainties
occur during the dynamic stall vortex generation, downstream movement along the upper airfoil surface,
and shedding phases. Notably, the Mach number-induced uncertainty in lift coefficient exhibits a peak at the
dynamic stall vortex shedding location. This phenomenon arises from two factors:

1. The appearance phase and size of leading-edge supersonic region under different Mach numbers affects
the evolution process of the dynamic stall vortex. At the nominal Mach number, the dynamic stall vortex
has completely shed, while at smaller Mach numbers, the vortex continues to convect downstream along
the airfoil surface, generating substantial lift uncertainty.

2. The uncertainty is referenced to the mean position, which coincides with the minimum lift coefficient
point during the upstroke phase.

In contrast, lower uncertainties are observed during the airfoil downstroke phase, where fluctuations in
Mach and Reynolds numbers practically do not induce variations in aerodynamic forces/moments.

Fig. 8 presents the sensitivity analysis results of Mach and Reynolds numbers on dynamic stall aero-
dynamic characteristics. It is evident that the sensitivity of lift/moment coefficients to Mach number is
significantly higher than to Reynolds number. From Fig. 6a, it can be observed that the nominal Mach value
frequently resides in extreme states, with transitions between extreme states occurring near certain time
instances. This results in a significant reduction of Mach number-induced uncertainty at those moments,
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causing the sensitivity of lift coefficient to Reynolds number to exceed that to Mach number at these specific
times, with similar behavior observed for the moment coefficient.

Table 2: Time-dependent aerodynamic uncertainty induced by mach and reynolds number variations

Time instance Flow state ΔCL/% ΔCM/%

Ma Re Ma Re
1 Dynamic stall onset 41.13 2.37 43.01 7.09
2 Vortex shedding 123.01 1.92 496.47 13.13
3 Secondary lift peak 21.83 1.47 17.05 6.53
4 Flow reattachment 7.24 2.07 89.16 38.33
5 Minimum CL in downstroke 5.76 1.03 2.28 0.75
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Figure 8: Sensitivity analysis of Mach number and Reynolds number of dynamic stall aerodynamic characteristics. (a)
Lift Coefficient; (b) Moment Coefficient. The Mach number ranges from 0.45 to 0.55, and the Reynolds number ranges
from 3.6 × 106 to 4.4 × 106. The definition of Sobol index can be found in Eq. (24)

From the flow mechanism perspective: The relatively large nominal Reynolds number eliminates
transition phenomena observed in related studies, rendering aerodynamic characteristics insensitive to
Reynolds number variations. The nominal Mach number often lies at critical thresholds where leading-edge
supersonic regions initiate. The interaction between emerging supersonic zones and dynamic stall vortices
alters vortex evolution processes, leading to extreme sensitivity of aerodynamic characteristics to Mach
number variations—particularly when dynamic stall vortices exist in the flow field.

4 Conclusions
This study investigated a two-dimensional airfoil section through combined wind tunnel testing and

numerical simulations to acquire multi-fidelity unsteady aerodynamic data. A Co-Kriging-based multi-
fidelity surrogate model was developed for dynamic stall aerodynamic characteristics. Interval analysis and
Sobol methods were subsequently employed to conduct uncertainty quantification and parameter sensitivity
analysis, yielding the following conclusions:
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1. The unsteady Reynolds-averaged Navier-Stokes (URANS) numerical methodology demonstrates sat-
isfactory prediction accuracy for dynamic stall aerodynamic characteristics. However, discrepancies
between numerical results and high-fidelity experimental data occur during the downstroke phase
due to unmodeled disturbance factors in simulations, including surface roughness, wind tunnel wall
interference, and inlet turbulence;

2. The Co-Kriging multi-fidelity surrogate model achieves high predictive accuracy, with errors below 5%
compared to high-fidelity data;

3. Mach number uncertainty exerts significantly greater influence on unsteady aerodynamic
forces/moments than Reynolds number variations. This effect amplifies substantially when dynamic
stall vortices exist in the flow field. As the Mach number increases, the compressibility effect grows,
and the larger area and much earlier appearance of local supersonic region leads to the severe dynamic
stall. Therefore, the compressibility effect induced by inlet Mach number uncertain leads to much
uncertainty of lift, especially near the peak value.
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