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This paper presents an alternative approach to correct wind tunnel data through the use
of CFD solutions. The correction is based on the difference between the measured pressures
in the wind tunnel and the pressures predicted with CFD in free flow condition, at angles of
attack and Mach numbers surround the wind tunnel data point. Optimization is used to find
the combination of angle of attack and Mach number that minimizes the difference between the
measured pressures and the predicted pressures. A surrogate model is used to approximate
the CFD data to enhance the computational efficiency of the approach. The result of the
optimization is a corrected angle of attack and Mach number that corresponds to a pressure
distribution under free flight conditions that best fits the wind tunnel experiment in terms of
the objective function used. It is demonstrated that when all wing pressures are used in the
objective function the resulting corrections are in agreement with wall interference corrections
as predicted with a wall pressure signature method.
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angle of attack
POD basis coefficient
drag coefficient
lift coefficient
pitching moment coefficient
skin friction coefficient
pressure coefficient
vector of pressure coefficient data computed via CFD
approximated vector of CFD pressure coefficient data; computed by evaluating the surrogate model
vector of pressure coefficient sensor data measured in the wind tunnel
parameter space
spanwise coordinate
counting index
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J
M
Re𝑐
𝑥, 𝑦, 𝑧
𝑦+

= index set
= Mach number
= chord Reynolds number
= spatial coordinates
= dimensionless wall distance

II. Introduction
Wind tunnel experiments are commonly used to investigate the aerodynamic behavior of flow bodies during the
design stage. However, compared to an unbounded flow situation in the free atmosphere, wind tunnel measurements are
influenced by experimental biases, like the presence of tunnel walls. For test sections with closed walls this leads to a
compression of the streamlines, whereby the dynamic pressure and the velocity increase and larger forces and moments
occur on the test object compared to the free flow situation. For test sections with ventilated walls blockage effects may
be of opposite sign and are generally smaller compared to closed wall setups. However, in the transonic flow regime the
advantage of somewhat smaller blockage effects is usually negated due to the increasing dependency of the sought-after
aerodynamic coefficients on accurate Mach number setting. In order to compare results of wind tunnel tests with tests
under free-flight conditions, corrections are therefore routinely applied.
Correcting for wall imposed biases is by no means trivial as the interference effects are dependent on aerodynamic
characteristics of the test article itself. Extensive work [1] has gone into the assessment and formulation of generalized
corrections via analytical solutions, semi-empirical methods and measured wall pressure signature methods [2, 3].
Drawbacks, however, are that the analytical and semi-empirical approaches are often inadequate for novel test objects of
complex geometry. Wall pressure signature methods, on the other hand, are built from linearized potential flow theory
which has shortcomings when compressibility and viscous effects become important.
Besides these more common approaches, there are also correction methods that make use of computational fluid
dynamics (CFD) simulations. Examples are [4–8] where CFD codes are used to simulate a test model along with its
support inside a virtual wind tunnel. Further CFD calculations are carried out without the support and tunnel walls
to simulate the free flow situation at identical free stream conditions. The measured data is then corrected with the
incremental differences from the different CFD solutions. Although these approaches have the potential to tackle all wall
and/or support interference effects, they are computationally demanding and face a multitude of simulation challenges
as summarized in [9, 10].
The so-called Gappy POD is a data fusion technique based on Proper Orthogonal Decomposition (POD), [11, 12],
which aims to approximately reconstruct incompletely given data from a set of known data. It was originally proposed
for the reconstruction of human face images in [13] and later further developed for fluid dynamic applications in [14].
Modified versions of the approach were introduced in [15–17] and successfully applied to reconstruct surface pressure
coefficient distributions from wind tunnel sensor data and a set of pre-computed CFD simulations. The method was
demonstrated to be able to accurately predict shock waves for industrial-relevant aircraft configurations in the transonic
flow regime. However, as the aforementioned methods, it lacks of providing explicit correction values for the angle of
attack and Mach number. An approach for the computation of correction values for these quantities is proposed in [18] –
in this case for the sake of validation and assessment of CFD codes. Correction values are determined by minimizing
the relative error of the integral coefficients computed via CFD simulations with respect to the wind tunnel measured
values. Following this procedure, good consistency regarding the overall integral coefficients could be achieved for a
range of different turbulence models. However, for the assessment and correction of wind tunnel interference effects,
one disadvantage of this procedure is that it only relies on the overall integral coefficients. Surface pressures, which are
measured at the wind tunnel model, are not taken into account. Thus, the quality of predicting suction plateaus as well
as the strength and position of occurring shock waves influence the target function only indirectly. A different approach,
introduced in [19] and recently further developed in [20] and [21], seeks for the combination of Mach number and angle
of attack for which the RANS CFD simulation result best matches the wind tunnel measured pressure coefficient data in
a least-squares sense. To achieve this goal, adjoint methods are employed to compute the gradients of the associated
loss function and iteratively correct the CFD flow solution towards the wind tunnel measurements. The approach was
demonstrated to be able to accurately predict shock waves on airfoils in the transonic flow regime, [20, 21]. A drawback
of this procedure, especially regarding more complex industrial applications, is that the direct use of the CFD solver in
the optimization process is computationally highly demanding.
In this paper we address this issue by substituting the computationally expensive CFD solver by an interpolation-based
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surrogate model, which approximates target quantities in reasonable computational time. Considering CFD simulations
for the model and its support under free flow conditions, we determine the combination of angle of attack and Mach
number for which the CFD-based surface pressure distribution best matches the observed wind tunnel data. In order to
enhance the efficiency of the optimization process, we replaced the CFD simulation by a surrogate model based on POD
and interpolation in a data base of pre-computed CFD simulations, [22–26]. The potential of this approach for the
investigation of wind tunnel interference effects is demonstrated exemplary for the wall interference on a transonic
industrial-relevant test case where strong shocks are part of the flow solution. The resulting corrections are compared
with wall interference corrections from a pressure signature method at a condition where it is known to produce
reasonably reliable results.
After a description of the case study setup in Section III, the correction approach is addressed in Section IV. Details
on the surrogate modeling approach and the optimization task are given in Section IV.A and IV.B, respectively. Results
of the case study are presented in Section V followed by a discussion and conclusion in Section VI.

III. Case study setup
The case investigated in this study is the Aerodynamic Validation Model (AVM) by the Chinese Aeronautical
Establishment (CAE). The CAE-AVM is a test-geometry of a conceptual intercontinental business jet, mainly designed
for CFD validation. A scaled wind tunnel model was developed for the AVM, [27], and tested in the High-Speed Tunnel
of DNW, Figure 1. The motivation for using the AVM in this study is the availability of M = 0.85 wind tunnel results,
along with standardized CFD grids of the tested geometry. The standardized grids are available from the CAE-DNW
workshop, [28], where it was demonstrated that by considering both wing deformation and support interference effects,
the coincidence of CFD results with wind tunnel data improves significantly [29, 30]. The way this was demonstrated is
via the inclusion of both the model support system and a deformed wing shape (as measured in the wind tunnel) in the
CFD grid; thereby mimicking these experimental bias errors in the numerical simulation. The tunnel walls were not
included in the CFD simulations. Instead their effects on the free stream conditions were corrected for the experimental
data via an analysis of measured wall pressures [31].
In this work we take a different approach to determine how much the free stream conditions in the AVM test are
influenced by the tunnel walls. The approach relies on CFD solutions, but it prevents the need for simulation of the full
transonic test section. The idea is to use CFD predictions for the model with its sting support and a deformed wing
shape (as measured in the wind tunnel) in free flow condition and determine the combination of angle of attack and
Mach number for which the CFD predictions best match the wind tunnel data. To be more explicit: look for the 𝛼-M
combination for which the mean squared difference of wind tunnel data and CFD predictions at a specific sensor location
(e.g. pressure distributions) is minimized. As the proposed approach essentially assumes CFD to be the unbiased truth,
we purposefully limit the focus to conditions close to the AVM’s design point: M = 0.85, 𝑐 𝐿 = 0.50 and Re = 4.7 × 106 .
The motivation being that the available computational grid is optimized for this condition and that any errors due to the
turbulence model remain small as the flow is generally well-attached [9, 10]. In the end, the resulting Δ M and Δ𝛼
values are compared with the corrections from a wall pressure signature method.
A. Wind tunnel data
Experimental data for the CAE-AVM were obtained through testing in the High-Speed wind Tunnel of DNW
(DNW-HST) in Amsterdam [32]. The DNW-HST is a closed-circuit variable pressure (0.25 bar to 4 bar) transonic wind
tunnel with a Mach number range from 0.2 to 1.3. The AVM was tested in the 1.8 m × 2.0 m slotted test section, where
the model was suspended via a ventral z-sting support as shown in Figure 1. Due to the size of the model, the wall
interference effects should be modest: 68 % of the test section width is taken up by the wing span and the frontal area
occupies less than 1 % of the test section cross sectional area.
The test comprised of measurements of the model overall forces and moments and wing pressure distributions.
For an understanding to which geometry the measured forces, moments and pressures actually belong, the elastic
deformation of the wing was measured as well. The wing pressure taps were located in six span-wise cuts parallel to the
longitudinal axis of the fuselage, at 𝜂 = {0.2, 0.35, 0.45, 0.55, 0.65, 0.75} as displayed in Figure 2.
The tests were conducted as sweeps of angle of attack at Mach numbers between 0.4 and 0.9; all at a constant
Reynolds number of Re𝑐 = 4.7 × 106 based on the mean aerodynamic chord. On all relevant surfaces, laminar-turbulent
transition tripping was forced using self-adhesive dots. Trip effectiveness was verified using infrared cameras as shown
in [33].
For the present study, both uncorrected and wall interference corrected wind tunnel results are used. Specifically, the
3

Figure 1

CAE-AVM installed in the DNW-HST.

overall load coefficients 𝑐 𝐿 , 𝑐 𝐷 and 𝑐 𝑀 as well as the pressure coefficients from 176 wing taps (distributed according to
Table 1); at the flow condition M = 0.850, 𝛼 = 2.447° and a Reynolds number of 4.7 × 106 .
Table 1

Number and span-wise location of wing pressure taps.

section cut

rel. span-wise location 𝜂

number of taps

1

0.2

29

2

0.35

29

3

0.45

30

4

0.55

30

5

0.65

30

6

0.75

29

Details of the underlying instrumentation and their uncertainties are reported in [31]. The ±2𝜎 uncertainty ranges
for the aerodynamic coefficients and the free stream conditions are listed in Table 2. Note that these values reflect the
uncertainty due to the instrumentation only; they do not account for the systematic errors due to aero elastic effects,
support or wall interference. The bias errors due to wing deformation and support interference will be mimicked in the
CFD simulations. They are therefore left undiscussed here, except for the remark that the so-called uncorrected data is
acquired through the use of a standard blockage correction for the tunnel far-field, as defined in [34].
The CFD-based correction method proposed in this paper is compared to a one-variable measured wall pressure
signature method which is usually used for the assessment and correction of wall interference effects. The method is
called WIN3VE, [35], and it relies on measured wall pressure signatures, along with a model representation. The input
wall signatures follow from wall pressure measurements with the installed model, tare corrected for the attributions of
the test section and support system via the principle of superposition. The model representation is one that is built
from potential flow singularities such as sources, sinks, line doublets and a vortex. The strengths of the singularities
are sized via geometric properties of the model, along with the measured integral lift. The program combines these
inputs to calculate the wall-induced disturbances in the vicinity of the model which are used to formulate corrections
for angle of attack and Mach number, amongst others. As per normal convention [1] these corrections are defined
as the disturbances in the wing 1/4 and 3/4-chord reference points, respectively. For the specific flow condition of this
4

Figure 2

Position of the pressure taps on the upper surface of the wing.

Table 2

±2𝜎 uncertainty ranges due to instrumentation.
quantity

uncertainty

𝛼

±0.02°

M

±0.002

𝑐𝐿

±0.0038

𝑐𝐷

±0.0004

𝑐𝑀

±0.0013

𝑐𝑝

±0.0029

study, WIN3VE yields estimates of −0.04° for the the wall-induced bias error on angle of attack and −0.001 for the free
stream Mach number. The minuses here imply that the uncorrected values for M and 𝛼 data were too high. Additional
higher-order corrections to account for the fact that wall interference effects are not necessarily constant along the test
article (e.g. along the span and/or fuselage) are not evaluated for this work.
B. CFD setup
The CFD simulations are performed on the AVM-DZ grid: a computational grid that was developed for the 2016
CAE-DNW workshop, [29, 36]. The AVM-DZ grid includes the aircraft model (wing, fuselage, pylons, through flow
nacelles and tails) as well as the z-sting support used in the wind tunnel. The grid further contains a deformed wing
shape, which corresponds to the measured spanwise twist and bending distributions in the wind tunnel at M = 0.85 and
𝛼 = 2.447°. Compared to the original wing, the added wing twist varies approximately linear from 0° at root to −1°
near the tip. The grid does not include the tunnel walls and the sting cavity inside the model is omitted. Geometric
symmetry is assumed over the 𝑦 = 0 plane, which is why the grid employs the half-model, as shown in Figure 3.
The domain is discretized using a boundary conforming block-structured grid. The grid features wall stretching
such that 𝑦 + is roughly equal to one in the first cell. It is designed such that at least 24 grid cells are contained in the
boundary layer. The outer boundary, i.e. the artificial far-field boundary, is box-shaped with boundaries at ±25 m from
the origin, i.e. the intersection of the nose with the cylindrical part of the fuselage. The total grid consists of 9.9 million
cells, distributed over 352 blocks for CPU load-balancing.
The flow solutions were obtained using NLR’s in-house CFD code ENFLOW [37, 38], which solves the steady
compressible RANS equations to simulate the flow in the given domain. The conservative form of the governing

5

Figure 3

CFD surface mesh of the deformed half-aircraft, the AVM-DZ configuration.

equations is discretized using a cell-centred, second-order accurate, finite-volume method. Both 2nd and 4th order
artificial diffusion is applied with a Jameson-type shock sensor for the basic flow equations and a TVD switch for the
turbulence model equations. Turbulence is modelled using the explicit algebraic Reynolds-stress model (EARSM)
with the characteristic turbulence length- and time scales determined using the 𝑘-𝜔 model [39, 40]. Transition lines
were specified on the various locations, i.e. nose, wing and tail leading edges, engine pylon, nacelle and sting. The
specified lines correspond to the boundary layer tripping that was used in the experimental setup. The turbulence model
is inactive in regions upstream of the specified transition lines.
The flow equations are solved via a multi-grid scheme, using a Runge-Kutta method as relaxation with local time
stepping. Convergence was considered to be appropriate once variations of both force coefficients were below 10−4 on
the finest grid level. This required up to 1500 iterations. A coarse grid solution was used as initial solution to accelerate
the process.
CFD simulations were performed at small Mach number and angle of attack deviations around the baseline flow
condition of M = 0.85 and 𝛼 = 2.447°. The Reynolds number and total temperature are set to identical values as in the
experiment: 4.7 × 106 and 303 K, respectively. A Quasi-Monte Carlo sampling process was used to randomly generate
15 parameter combinations within the two dimensional parameter space (M, 𝛼) ∈ [0.84, 0.86] × [1.75°, 3.00°], shown
in Figure 4.
Note that the 15 flow cases are all computed on the same AVM-DZ grid which has a deformed wing shape that
corresponds to a single flow condition. This is considered a fair approximation, given the expected magnitude of the
eventual M and 𝛼 corrections.
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𝛼 in degree

3.00

2.50

2.00

1.50
0.840

Figure 4

0.845

0.850
M

0.855

0.860

The 15 computed flow cases (green dots) and the wind tunnel data point (orange triangle).

IV. Mathematical description of the correction method
To obtain the effective values for the angle of attack and Mach number, our approach is to compare the 𝑐 𝑝 -distribution
as measured in the wind tunnel with CFD-based data in the least squares sense. The goal is to find the 𝛼-M-combination
for which the CFD simulation best matches the uncorrected wind tunnel data. Since high-fidelity CFD simulations are
computationally expensive, their use in an optimization process is very demanding. To increase the efficiency of the
process, direct CFD simulations are replaced by a data-driven surrogate model. A surrogate model is an inexpensive
emulator of a given high-fidelity model, which approximates quantities of interest based on sampled data of the
high-fidelity model. The surrogate modeling method is described in the next subsection, followed by a description of
the correction procedure.
A. The surrogate modeling approach
The data-driven surrogate modeling approach chosen for the study at hand combines Proper Orthogonal Decomposition (POD) with interpolation techniques. It is commonly used in the context of aerodynamics in order to replace
cost-intensive CFD simulations by an efficient emulator, see e.g. [22–25]. The approach is described in the following.
The CFD code is considered as a black-box model which maps the two input parameters, the angle of attack 𝛼 and
the Mach number M, to the output vector representing the 𝑐 𝑝 distribution,
𝑁
𝑐CFD
𝑝 : D → R , 𝑥 = (M, 𝛼) ↦→ 𝑐 𝑝 ,

(1)

where D = [0.84, 0.86] × [1.75, 3.0] is the input space and 𝑁 = 261, 432 is the number of grid points at the surface of
the discretised aircraft model. Sample values of this mapping, so-called snapshots, are computed via CFD simulations,
1
CFD 𝑛
Y = {𝑦 1 , . . . , 𝑦 𝑛 } = {𝑐CFD
𝑝 (𝑥 ), . . . , 𝑐 𝑝 (𝑥 )},

(2)

for different input parameters 𝑥 1 = (M1 , 𝛼1 ), . . . , 𝑥 𝑛 = (M𝑛 , 𝛼𝑛 ). It is assumed that the span of the snapshots is a
good approximation to the real output space of the black-box mapping, or with other words: The error of projecting a
𝑐 𝑝 -distribution, which is not included in the snapshot set, onto the span of the snapshots is assumed to be small. POD is
used to compute an orthogonal basis {𝑢 1 , . . . , 𝑢 𝑚 } ⊂ R 𝑁 of the snapshot space which is ordered by relative information
content, that is the importance of the basis vectors to approximate the snapshots, [11]. If this basis is not truncated,
every snapshot can be represented in the POD basis, i.e.
𝑦1

𝑦𝑛

=
..
.
=

1
𝑐CFD
𝑝 (𝑥 )

=

𝑎 11 𝑢 1

+

...

+

𝑎 1𝑚 𝑢 𝑚 ,
(3)

𝑛
𝑐CFD
𝑝 (𝑥 )

=

𝑎 1𝑛 𝑢 1
7

+

...

+

𝑎 𝑛𝑚 𝑢 𝑚 ,

where the well-defined basis coefficients 𝑎 𝑖𝑗 are given by the inner product
𝑎 𝑖𝑗 = h𝑦 𝑖 , 𝑢 𝑗 i,

𝑖 = 1, . . . , 𝑛,

𝑗 = 1, . . . , 𝑚.

(4)

Since the basis coefficients are scalar-valued, classical interpolation techniques like polynomial interpolation, radial
basis functions (RBF) or Kriging, can be used to obtain a model 𝑎ˆ 𝑗 (𝑥) for every basis coefficient 𝑎 𝑗 , 𝑗 = 1, . . . , 𝑚,
based on the sampled data
(𝑥 1 , 𝑎 1𝑗 ), . . . , (𝑥 𝑛 , 𝑎 𝑛𝑗 ).
(5)
In this case study, these basis coefficient models were constructed using RBF interpolation with the thin plate spline
(TPS) kernel 𝜙(𝑟) = 𝑟 2 ln(𝑟), see [41] for further details. A prediction for the 𝑐 𝑝 -distribution at an untried input
parameter combination 𝑥 ∗ = (M∗ , 𝛼∗ ) is then given by the linear combination of the basis coefficient models evaluated
at this point and the POD basis vectors,
∗
∗ 1
∗ 𝑚
𝑐ˆCFD
𝑝 (𝑥 ) = 𝑎ˆ 1 (𝑥 )𝑢 + · · · + 𝑎ˆ 𝑚 (𝑥 )𝑢 .

(6)

The overall workflow is shown schematically in Figure 5.
1. Input:

2. POD basis:

𝑛 CFD snapshots

𝑦𝑖

𝑚 modes 𝑢 𝑖
POD

𝛼 = 0°

𝛼 = 2°

mode 1

𝛼 = 4°

mode 2

mode 3

Interpolation
4. Output:
approximated flow field
3. Prediction Step:
Evaluation

Determine POD-ROM coefficients 𝑎 𝑘 via interpolation

𝛼 = 3°
Figure 5

Schematic representation of the surrogate modeling process.

Since the evaluation of all coefficient models requires the solution of a linear system with fixed system matrix of
dimension 𝑛 × 𝑛 for multiple right hand sides, [41, p. 164], the complexity of evaluating the models is O (𝑛3 ). In the
case study at hand, where 𝑛 = 15 sample CFD solutions are given, the evaluation of the coefficient models and thus the
computation of the linear combination of the POD basis vectors can be done on usual modern desktop computers in
real-time.
B. The correction procedure
While the CFD solutions are defined at the nodes of the computational grid, the pressure taps can have arbitrary
positions on surface cells between several grid points. Therefore, an interpolation scheme is needed to compare the CFD
data and the wind tunnel measurements at the pressure taps. Since the computational grid in the case at hand features a
fine resolution, the simple nearest neighbor interpolation method, i.e. constant interpolation, yields sufficiently good
approximations. For every pressure tab location, the nearest neighbor method returns the CFD solution at the closest
node of the computational grid.
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Let I (𝑖) ∈ {1, . . . , 𝑁 } denote the index of the node, which is closest to the 𝑖-th pressure tab and let (𝑐CFD
𝑝 (𝑥)) I (𝑖)
be the corresponding entry of the CFD solution vector 𝑐CFD
(𝑥)
for
input
parameter
𝑥
=
(M,
𝛼).
The
error
between
CFD
𝑝
WTT
result and wind tunnel measurement (𝑐 𝑝 )𝑖 at pressure tab 𝑖 is given by
𝑒 𝑖 (𝑥) B |(𝑐WTT
)𝑖 − (𝑐CFD
𝑝
𝑝 (𝑥)) I (𝑖) |.

(7)

To quantify the difference between the CFD results and the wind tunnel measurements at a set of pressure taps J , the
root mean squared error (RMSE),
√︄
1 ∑︁
RMSE J (𝑥) B
(𝑒 𝑖 (𝑥)) 2
(8)
|J | 𝑖 ∈ J
is considered. Since the direct use of CFD in a numerical optimization of the RMSE is computationally very expensive,
the CFD solution 𝑐CFD
is replaced by its surrogate model approximation 𝑐ˆCFD
to give the objective function
𝑝
𝑝
ˆ
RMSE
(𝑥) B
J

√︄

1 ∑︁
( 𝑒ˆ𝑖 (𝑥)) 2 =
|J | 𝑖 ∈ J

√︄

1 ∑︁
2
(𝑐WTT
)𝑖 − ( 𝑐ˆCFD
𝑝
𝑝 (𝑥)) I (𝑖) .
|J | 𝑖 ∈ J

(9)

The optimal CFD input parameter 𝑥 ∗ = (M∗ , 𝛼∗ ) with respect to this quantity is then defined as its global minimum in
the parameter space D,
ˆ
𝑥 ∗ B arg min RMSE
(𝑥).
(10)
J
𝑥 ∈D

The corrected 𝑐 𝑝 -distribution can be assessed by evaluating the surrogate model at this parameter combination,
CFD ∗
𝑐corr
𝑝 B 𝑐ˆ 𝑝 (𝑥 )

(11)

Note that the surrogate model provides the full surface 𝑐 𝑝 -distribution by minimizing the differences to the experimental
data at the six sections. Hence, an integration of 𝑐 𝑝 to obtain global coefficients is possible. Following this approach,
we can account for integral forces and moments by simply defining mathematical constraints which supplement the
objective function in Eq. (10) resulting in a constraint optimization problem. To compute integral coefficients for
arbitrary input parameters (M, 𝛼) during the optimization process, a second surrogate model for the skin friction
coefficient 𝑐 𝑓 is constructed. The surrogate models for drag and friction are then evaluated and the corresponding
responses are integrated numerically over the surface of the aircraft to obtain the corresponding integral aerodynamic
coefficients. Note that the stake which intersects the aircraft geometry introduces an error in the surface integration. A
correction can be obtained by extrapolating the surface distributions to the shadow of the stake. According to NLR,
this approach yields corrections for the lift and drag coefficient in the order of 10−4 and 10−5 , respectively, which are
therefore neglected throughout this case study.

V. Results
The results of the described correction approach are presented in this chapter, using the uncorrected free stream
conditions and aerodynamic coefficients from the wind tunnel. Following the notation in Table 1, we will – in the
remainder of this work – refer to the set of pressure taps at section cut 𝑖 as J𝑖 , 𝑖 = 1, . . . , 6, while Jall denotes the set of
all pressure taps, Jall = ∪𝑖 J𝑖 . Three different studies are carried out:
1) Optimization over all pressure taps: The above approach was applied to the experimental data taking all pressure
taps into account, i.e. setting J = Jall .
2) Optimization over individual section cuts: The objective function was defined on the pressure taps of the
individual section cuts only, i.e. setting J = J𝑖 , 𝑖 = 1, . . . , 6.
3) Optimization subject to constraints: The optimization task was again defined over all pressure taps choosing
J = Jall but additional constraints of matching the wind tunnel measured overall lift and/or drag coefficient
were introduced.
A. Optimization over all pressure taps
The above approach was applied to the wind tunnel measurements choosing J = Jall , i.e. taking all pressure
ˆ
taps into account. The absolute corrections, the corresponding objective function values RMSE
(𝑥 ∗ ) as well as the
Jall
9

Table 3

Results of the correction approach when optimizing over all pressure taps.
uncorrected

corrections

M

𝛼 [°]

ΔM

Δ𝛼 [°]

ˆ
RMSE
(𝑥 ∗ )
Jall

0.8502

2.447

−0.0005

−0.068

5.28 · 10−2

improvem. in
ˆ
RMSE
9.77 %

Jall

improvement in the objective function values compared to the uncorrected input parameters, i.e. the wind tunnel
measured parameters, are given in Table 3.
Figure 6 shows the corrected 𝑐 𝑝 -distributions at the six wing sections, where pressure taps are located, in comparison
to the 𝑐 𝑝 -distribution to the uncorrected parameters and the measurement data for the wind tunnel test.
Whereas the predicted CFD solutions shows good agreement with the measured wind tunnel data at the four inner
cuts (upper four plots), larger discrepancies are observed for the outer two cuts (lower two plots). However, compared to
the uncorrected CFD solution, the resulting corrected 𝑐 𝑝 -distribution shows improved consistency with the wind tunnel
measurements at all section cuts—especially in predicting the position and strength of the shock.
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Corrected and uncorrected 𝑐 𝑝 -distributions for study 1 at the 6 section cuts.
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B. Optimization for individual section cuts
To investigate whether the match of CFD solution and wind tunnel data can be improved for the separate section
cuts, six further studies were set up. To this end, the objective function was only defined on those pressure taps, which
are located at an individual section cut, i.e. the objective function
√︄
1 ∑︁
2
ˆ
RMSE
B
(𝑐WTT
)𝑖 − ( 𝑐ˆCFD
(12)
𝑝
𝑝 (𝑥)) I (𝑖) ,
J𝑖
|J𝑖 | 𝑖 ∈ J
𝑖

was considered for section cut 𝑖 = 1, . . . , 6 (cf. Table 1).
ˆ
The corresponding corrections for M = 0.8502 and 𝛼 = 2.4473° were obtained by optimizing RMSE
for the
J
ˆ
∗
respective pressure tap set J . The corrections, the corresponding objective function value RMSE (𝑥 ) and, for
J𝑘

ˆ
comparison with each other, the overall root mean squared error RMSE
(𝑥 ∗ ) are given in Table 4.
Jall
Table 4

Resulting corrections for study cases 2.1–2.6 in comparison to study 1.

section cut

corrections

study

all

1

ˆ
RMSE
(𝑥 ∗ )
J𝑘

ˆ
RMSE
(𝑥 ∗ )
Jall

−0.0680

5.28 · 10−2

5.28 · 10−2

10−2

5.46 · 10−2

ΔM

Δ𝛼 [°]

−0.0005

𝑘
1

2.1

−0.0013

+0.0002

1.30 ·

2

2.2

+0.0002

−0.0579

2.52 · 10−2

5.42 · 10−2

3

2.3

+0.0021

−0.1698

2.86 · 10−2

5.81 · 10−2

4

2.4

+0.0056

−0.3011

4.94 · 10−2

5.82 · 10−2

5

2.5

−0.0032

−0.0166

8.74 · 10−2

5.88 · 10−2

6

2.6

−0.0002

−0.0860

5.54 · 10−2

5.30 · 10−2

In order to provide a quantitative comparison of the results, the predicted root mean squared errors at the individual
section cuts as well as the overall root mean squared error for all studies are given in Table 5.
Table 5 Results of the correction approach for study 2.1–2.6 in comparison to study 1. The objective function
value of the respective optimization process is highlighted in gray.
exp.

ˆ
RMSE
(𝑥 ∗ ) · 102
J
J = J1

J = J2

J = J3

J = J4

J = J5

J = J6

J = Jall

1

1.42

2.67

3.57

5.32

9.19

5.56

5.28

2.1

1.30

2.74

3.65

5.60

9.32

6.04

5.46

2.2

1.50

2.52

3.18

5.31

9.69

5.76

5.42

2.3

2.37

3.08

2.86

5.24

10.60

6.04

5.81

2.4

3.49

4.10

3.23

4.94

10.15

5.85

5.82

2.5

1.86

3.77

5.26

6.53

8.74

6.41

5.88

2.6

1.49

2.67

3.55

5.29

9.26

5.54

5.30

As one can see from Table Table 5, improvements over the results of study 1 can be obtained via matching for the
individual section cuts. However, these improvements are always at the expense of the matching for the other cuts. The
established optimum Δ M and Δ𝛼 values per section do not show a smooth trend in spanwise direction, with the angle of
attack correction in particular showing large spread amongst the six sections.
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C. Optimization with subject to constraints
Besides a good match with the measured wind tunnel 𝑐 𝑝 -distribution, one may wish to obtain a good consistency
with the measured overall forces and moments. For the third study, we therefore impose additional constraints of
matching integral coefficients on the optimization problem. For this purpose, an additional surrogate model was built
for the viscous shear stress following the approach outlined in Section IV.A. Hence also viscous contributions are
consistently taken into account even though only distributed pressures are available from the experiment. To compute
the integral coefficients for a given CFD surrogate model approximation, the responses are integrated numerically over
the surface of the discretized aircraft model.
Figure 7 shows the CFD lift, drag and pitching moment coefficient approximation with respect to the Mach number M
and the angle of attack 𝛼.

0.045

0.60
0.55

𝑐𝐿

𝑐𝐷

0.040

0.50

0.035

0.45
0.030

0.40

0.83 0.84
0.85 0.86
0.87
M

2.7
2.4
2.1
𝛼
1.8

0.83 0.84
0.85 0.86
0.87
M

2.1
1.8

2.7
2.4
𝛼

0.02

𝑐𝑀

0.01
0.00
−0.01
−0.02
−0.03
1.8

2.1
𝛼

2.4

0.83
0.84
0.85
0.86 M
0.87

2.7

Figure 7 Lift coefficient (upper left), drag coefficient (upper right) and pitching moment coefficient (bottom)
based on the CFD surrogate models with respect to Mach number and angle of attack.
The red dots indicate the corresponding values for the CFD snapshots, while the black lines are defined by the
𝛼-M-combinations for which the CFD approximation equals the integral coefficients measured in the wind tunnel
of 𝑐WTT
= 0.5154, 𝑐WTT
= 0.0342 and 𝑐WTT
= −0.0216. They are complemented by the black dotted curves which
𝐿
𝐷
𝑀
indicate the uncertainty bounds due to the accuracy of the measuring instruments, cf. Table 2.
The projections of the curves in the M-𝛼-plane are shown in Figure 8. As one can see in the figure, there is no
M-𝛼-combination for which the approximation of all three integral coefficients exactly match the wind tunnel measured
values. While there is a domain in the 𝛼-M-plane where the approximate CFD solution matches the wind tunnel
measured lift and drag coefficient within their uncertainty ranges, it is not possible to match the wind tunnel measured
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3.0
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𝑐𝐶𝐹
𝐿
𝐿
𝑇𝑇
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= 𝑐𝑊
𝑐𝐶𝐹
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𝐷
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𝑇𝑇
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= 𝑐𝑊
𝑐𝐶𝐹
𝑀
𝑀

0.830
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0.840

0.845

0.850
M

0.855

0.860

0.865
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Figure 8 Plot of the 𝛼-M-combinations for which the approximation of the CFD lift, drag and pitching moment
coefficient match the corresponding wind tunnel results. The thin dotted curves indicate the uncertainty bounds
in the integral coefficients due to instrumentation in the wind tunnel.
pitching moment coefficient at the same time. This serves as an indication that the wall interference effects are not
constant along the model’s 𝑥-axis. The presence of the walls is likely to cause the horizontal tail to experience a different
local angle of attack correction than the wing causing pitching moment differences.
Following this observation, three studies were set up:
3.1. The optimization problem of study 1 is restricted to M-𝛼-combinations for which the approximation to the CFD
lift coefficient equals – except for instrumental uncertainty – the wind tunnel result, i.e. |𝑐CFD
− 𝑐WTT
| ≤ 0.0038.
𝐿
𝐿
3.2. The optimization problem of study 1 is restricted to M-𝛼-combinations for which the approximation to the CFD drag
WTT
coefficient equals – except for instrumental uncertainty – the the wind tunnel result, i.e. |𝑐CFD
𝐷 − 𝑐 𝐷 | ≤ 0.0004.
3.3. Mach number and angle of attack are determined such that the CFD approximation yields – except for instrumental
uncertainty – the same lift and drag coefficient as measured in the wind tunnel test, i.e. |𝑐CFD
− 𝑐WTT
| ≤ 0.0038
𝐿
𝐿
CFD
WTT
and |𝑐 𝐷 − 𝑐 𝐷 | ≤ 0.0004.
The correction results were obtained via a constraint numerical optimization. In all cases the numerical optimizer
terminated successfully and a solution, which fulfills the imposed constraints was found. Table 6 summarizes the results
of study 3.1–3.3 in comparison to the result of study 1.
Table 6

Results of study 3 in comparison to study 1.

corrections
𝑐𝐿

𝑐𝐷

ˆ
RMSE
(𝑥 ∗ )
Jall

−0.0680

0.5226

0.0348

5.28 · 10−2

−0.0002

−0.0962

0.5192

0.0339

5.31 · 10−2

3.2

−0.0005

−0.0679

0.5233

0.0342

5.28 · 10−2

3.3

−0.0002

−0.0962

0.5192

0.0339

5.31 · 10−2

exp.

ΔM

Δ𝛼 [°]

1

−0.0005

3.1

The black star in Figure 9 visualizes the obtained correction values in study 3.3 in a close up of the M-𝛼-plane in
Figure 8. The green shaded area indicates the domain where the approximate CFD solution matches the wind tunnel
measured lift and drag coefficient except for the instrumental uncertainties.
Note that the corrections determined in study 3.2 differ from those of study 1 by only 0.0001° in the angle of attack.
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2.50
𝑇𝑇
𝐷
= 𝑐𝑊
𝑐𝐶𝐹
𝐿
𝐿

2.45

𝑇𝑇
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= 𝑐𝑊
𝑐𝐶𝐹
𝐷
𝐷

𝛼

2.40
2.35
2.30
2.25
2.20
0.845

0.850

0.855

0.860

M
Figure 9 Close up of Figure 8. The black star marks the optimal solution for the 𝑐 𝐿 and 𝑐 𝐷 constrained optimization problem of study 3.3. The green shaded intersection area indicates the domain where the approximate
solutions match the wind tunnel measured lift and drag coefficient within the associated uncertainty bounds.
Furthermore, study 3.3 results in the same corrections as study 3.1 as the approximated drag coefficient of the optimal
soultion of study 3.1 is within the uncertainty bounds of the wind tunnel measured drag coefficient. Figure 10 shows the
corrected 𝑐 𝑝 -distributions at the six section cuts for study 3.1/3.3. For comparison, the resulting 𝑐 𝑝 -distribution of
study 1 is also plotted. As one can see from the plots, imposing the constraints has close to no effect on the pressure
distributions at the 6 section cuts—only the pressure level in front of the shock location is slightly decreased in order
to match the integral coefficients. This impression is confirmed by the fact that the overall root mean squared error
increases by only 0.5 % compared to the unconstrained corrections found in study 1. This also indicates that the found
corrections in study 3.3 show a very good consistency with the wind tunnel measured data in terms of 𝑐 𝑝 .
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Corrected and uncorrected 𝑐 𝑝 -distributions for study 3.1./3.3.
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1.0

D. Comparison against WIN3VE
As a sanity check the free stream corrections obtained in the previous sections are compared with the predictions
from the WIN3VE pressure signature method (see Section III.A). For the specific flow condition studied, WIN3VE
yields estimates of −0.04° for the the wall-induced bias error on angle of attack and −0.001 for the Mach number.
Figure 11 shows both the uncorrected and WIN3VE corrected wind tunnel data, as well as same wind tunnel data
corrected with the results from studies 1 (optimization over all wing pressures) and 3.3 (optimization subjected to both
𝑐 𝐿 and 𝑐 𝐷 constraints). Study 1 produces a result that is closest to the pressure signature method prediction, whereas
study 3.3 remains further off. This might be due to wall interference effects not being constant along the model (e.g.
towards the tails): something that is more noticeable in the overall load coefficients, but less so in the wing pressures.
Overall, both the pressure signature method and the minimization studies confirm that the Δ M correction is practically
zero (i.e. < 0.001) and that the largest difference is in the angle of attack.
Lift vs. drag coefficient
0.52
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0.50

0.48

𝑐𝐷
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𝑐𝐿

𝑐𝐿

Drag coefficient vs. 𝛼
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0.50

0.032

0.48
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𝛼

𝛼
Corrected (Study 3.3)
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Figure 11 Lift and drag coefficient results before and after correction application. Error bars represent the
±2𝜎 uncertainty due to the instrumentation.

VI. Discussion and conclusion
In this work, an alternative method for correction of wind tunnel data using free-flow RANS CFD simulations
was introduced and applied to the case of a business jet aircraft model at cruise condition. The approach seeks for
the combination of angle of attack and Mach number for which the CFD-based pressure coefficient distribution best
matches the wind tunnel sensor data at 6 given wing section cuts. For the use within the optimization process, the
computationally demanding CFD simulations were replaced by a reduced order model for the pressure coefficient
distribution based on 15 CFD simulations.
Three different studies have been carried out. For the first study, the root mean square error minimization was
performed using the sensor data from all available 6 section cuts. The results show an improved agreement with the
sensor data at all 6 section cuts. The reduced order model results were found to be able to accurately predict the strength
and position of the shock wave for this test case. While a very good consistency with the sensor data was observed for
the inner four section cuts, larger discrepancies occur at the outer two cuts. The Δ𝛼 and Δ M obtained in the study 1 are
−0.068° and −0.0005, implying that the largest discrepancy is in angle of attack.
The second study comprised of optimizations using the different section cuts individually. It was shown that in
comparison to the result of study 1, the root mean squared error per section can be further reduced. However, each
section improvement was at the expense of the other cuts. The established optimum Δ𝛼 and Δ M values per section did
not reveal a smooth trend in spanwise direction. This could be a hint that perhaps the wing shape in the CFD simulation
does not sufficiently resemble the actual wind tunnel model under loaded conditions. Besides a minimization based on
wing pressure distributions only, one may also aim to include the overall forces and moments data. For this purpose,
additional constraints for matching the integral coefficients where imposed on the optimization problem in a third study.
Via this approach, corrections for which the CFD predictions match the wind tunnel lift and drag coefficients could be
obtained. In this case, the overall root mean squared error of the wing pressures increased by only 0.5 % in comparison
to the unconstrained optimization from the first study, indicating that a good agreement with the measured pressure
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coefficient data could be obtained. With the additional lift and drag coefficient constraints in place, the corrections on
Mach number and angle of attack are −0.0002 and −0.096°.
A final comparison of the obtained free stream corrections against those obtained via a wall pressure signature
method confirms that both the Δ M and Δ𝛼 correction are to be of negative sign. Both the pressure signature method and
our minimization studies confirm that the Δ M correction is practically zero (< 0.001), which suggests that the procedure
for setting the Mach number was adequate. The largest uncertainty is in the angle of attack, with predicted correction
values ranging from −0.04° with the wall pressure signature method down to −0.068°according to our optimization
over all wing pressures simultaneously.
In this case study, the applicability of the proposed data correction approach was successfully demonstrated for a
business jet at transonic cruise condition. Further research needs to be done to investigate the performance of the approach
for a larger range of flight conditions. While in this study, a fixed deformed model geometry was used to generate the
CFD data, the investigation of different flight conditions may require to take different aeroelastic deformations into
account. For more definite wall interference conclusions, a next step could be to repeat the demonstrated approach, but
instead of using measured sensor data rely on in-tunnel CFD simulations. This would mitigate some of the geometric
and potentially turbulence model uncertainties inherent to the current case study setup.
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