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Abstract
An experimental fluid dynamics (EFD)/computational fluid dynamics (CFD) integration technique using proper
orthogonal decomposition (POD) is developed for reconstructing a flow field of measurement data with equal
information as CFD analysis. First, POD modes are extracted from several CFD data sets (snapshots) using a
snapshot POD method. Then the entire flow field of measured data can be reconstructed using a “gappy” POD
method. In this study, the entire flow field over a DLR-F6 FX2B wind tunnel model is reconstructed from only
the measured pressure coefficient (Cp) data of pressure ports. Use of pressure-sensitive paint (PSP) data is also
examined, and the accuracy of reconstructed results is examined. We show that a flow field can be reconstructed
from pressure port data or from PSP data with satisfactory accuracy.
Keywords: EFD/CFD integration method, proper orthogonal decomposition.

Introduction
In developing aerospace vehicles, wind tunnel tests and computational fluid dynamics (CFD) are widely used
for predicting aerodynamic characteristics under actual flight conditions. Both tools, however, have some
discrepancy with flight conditions. For example, setting free-stream conditions to mimic flight conditions is
usually difficult in wind tunnel tests. The existence of wind tunnel walls and support systems is peculiar to wind
tunnel tests. Also, CFD modeling cannot exactly simulate real flight. While many researchers have been
working to improve both techniques, it is necessary to combine the advantages of wind tunnel tests and CFD to
achieve more highly accurate predictions of aerodynamic characteristics.
In wind tunnel tests and experimental fluid dynamics (EFD), recent measurement techniques ensure that data
have high reliability. Moreover, pressure sensitive paint (PSP) and particle image velocimetry (PIV) have made
possible the acquisition of surface and spatial data, in addition to point data. However, obtainable variables and
regions are still restricted, and data are sometimes partially lost due to instrumental or settings issues. It is
therefore difficult to get a complete view of a flow field, even when data sets are measured with a high degree of
accuracy. Since CFD can contain a wide variety of physical quantities, it is useful for understanding flow fields
in detail. CFD has uncertainty in computational models, however, especially for complicated flow-fields like
turbulent flows. Accordingly, CFD results must be validated. The ability to obtain precise measured data with an
equivalent amount of information as CFD by applying some kind of integration of EFD and CFD would lead to
highly accurate predictions of aerodynamic characteristics. We believe that proper orthogonal decomposition
(POD) [1] can play a role in realizing this.
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POD extracts dominant components (or modes) from large-scale data sets. It is also known as principle
component analysis in the statistical literature [1], or as a Karhunen-Loève expansion in pattern recognition [2,
3], and is widely used in various fields. In fluid dynamics, POD is employed in many applications, such as the
extraction of coherent structure in turbulence [4], aeroacoustics [5, 6], fluid control [7, 8], data assimilation [9],
and aerodynamic design optimization [10]. The snapshot POD method introduced by Sirovich [4] is usually
applied, especially for large-scale problems. In this POD process, data can be represented as a linear
combination of POD modes (bases) and expansion coefficients. A set of instantaneous flow solutions
(“snapshots”) is used to compute a set of POD modes. POD is also applied to the reconstruction of the
incomplete (“gappy”) data set. In that case, a gappy POD method, developed by Everson and Sirovich, is
usually employed for reconstructing marred images [11]. In this technique, an incomplete data set can be
reconstructed by solving a small linear system, once a set of POD modes is given.
In this research, we aim to reconstruct a flow field that has the same information level as the CFD from limited
measurement data by applying an EFD/CFD integration technique based on the snapshot POD and the gappy
POD. The POD modes are first extracted from several snapshots of CFD solutions using the snapshot POD
method. Then the entire flow field of measured data can be reconstructed for various variables by obtaining the
expansion coefficients using the POD modes, and limited experimental data sets can be reconstructed by
applying the gappy POD method. In this paper, the reconstruction process using the POD approach is first
outlined, and then, several test cases for reconstructing the flow field from measured pressure port data or PSP
data are shown.

Data Reconstruction Method Using Proper Orthogonal Decomposition
The flow field data can be orthogonally decomposed using the POD as a linear combination of POD modes and
expansion coefficients, and written as follows:
(1)
,
where ! i and a i represent a POD mode and an expansion coefficient, respectively. Therefore, the flow field of a
measured data set can be reconstructed if the POD modes and the expansion coefficients are determined.
In this POD approach, the POD modes are extracted from a number of CFD solutions that are pre-computed in
several free-stream conditions. Given m snapshots, a set of snapshots is written in matrix form as
(2)
.
qi is the CFD solution vector:
,
(3)
where ! is the fluid density; u , v , and w are the Cartesian velocity components; p is the pressure; and n is
the number of cells or nodes. It is well known that the POD modes can be computed by solving the eigenvalue
problem
(4)
,
where R denotes the covariance matrix, written as
(5)
,
and ! is the eigenvalue. Note that ! represents the energy contributions of the corresponding POD modes, and
is defined as
(6)
.
However the size of the covariance matrix R is 5n × 5n in this case, so its computational costs would be huge.
In the snapshot POD method, therefore, the POD modes are constructed by solving a small eigenvalue problem
for covariance matrix R' :
(7)
.
The small covariance matrix R' is written as
(8)
,
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where ! i is the eigenvalue of matrix R' . The size of this matrix R' is m ! m , and m is usually small compared
with the number of cells or nodes of a CFD solution. Finally, the POD modes can be obtained using ! i as in the
following equation:
(9)
.
In this study, all POD modes are used because the number of snapshots is very small. However, it is not
necessary to use all POD modes to reconstruct the data.
Once the POD modes are determined, the expansion coefficients can be computed from the limited experimental
data sets by using the gappy POD method. Let g be the reconstructed vector that we want to obtain, and
consider that the measured data is a part of g with the following mask vector,
(10)
.
Then the measured data can be also decomposed using the POD approach as
(11)
,
where g˜ denotes the measured data set, !˜i the POD mode corresponding to g˜ , bi the expansion coefficient, and
n˜ the number of measurement data. Here the measured data g˜ and the POD mode ! i are already known, so we
can determine the expansion coefficient by applying the least-squares method to minimize the evaluation
function J as,
(12)
.
This leads to a simple linear system as follows:
(13)

,
where

(14)

,
and
.
Finally, the flow field for the measured data set can be reconstructed by the following equation:

(15)

(16)
.

Results and Discussion
Data reconstruction from measured pressure port data over DLR-F6 FX2B wind tunnel model
We first attempt this approach to reconstruct an entire flow field over a DLR-F6 FX2B model [12, 13] from
measured pressure coefficient (Cp) data of pressure ports and several CFD results. The experimental data were
measured at the JAXA 2 m×2 m transonic wind tunnel facility. There are 137 pressure ports located at a total
of five cross-sectional surfaces of the left wing (Fig 1). Table 1 shows the free-stream conditions of the
experimental data. The Mach number of this measurement data is set to be 0.75, the Reynolds number is 1.5
million, and the angle of attack is 1.5 deg. In this case, seven snapshots, which are the Reynolds-averaged
Navier-Stokes solutions computed by a CFD solver FaSTAR [14] together with an automatic unstructured mesh
generator HexaGrid [15], are prepared for extracting POD modes. Table 1 also lists free-stream conditions for
the snapshots. Note that the free-stream conditions of the experimental data are not included in the CFD results.
Total number of cells for each snapshot is about 15 million.
Figure 2 shows the obtained three-dimensional pressure distributions. Using this POD approach, a threedimensional flow field that is consistent with the experimental data and has same amount of information as a
CFD solution can be obtained from limited experimental data sets. The CPU time required to obtain this flow
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field was about 2 min using the JAXA supercomputer system (JSS). Since it takes more than 10 h for CFD
computation using 40 JSS processing elements, it is advantageous that this POD approach provides the same
amount of information as CFD in a much shorter time. Figure 3 shows the Cp profiles at η = 0.150, 0.331, 0.514,
0.638, and 0.847 with those obtained from CFD analysis under the experimental conditions for comparison. As
can be seen, the results of this POD approach show much better agreement with the experimental data than do
the CFD results.
To confirm that the reconstructed flow field can follow experimental trends other than pressure port sections, the
obtained surface Cp distributions are compared with those obtained by PSP [15], which were measured under
the same conditions as the pressure port data. Figures 4 and 5 respectively show the Cp contours on the upper
surface and the Cp profiles at several spanwise locations. As can be seen, the shock positions of the results
obtained by POD are closer to the experimental data than those obtained by CFD computation. This indicates
that one can obtain the entire flow field close to the experiment from a limited amount of pressure port data and
CFD solutions using this POD approach. As shown in Fig. 5(c), the Cp profiles located from x/c = 0 to x/c = 0.2
are not improved compared with CFD results. This is because the number of snapshots is insufficient to
reconstruct this flow field.

Table
1: Free-stream
dataand
andthe
theCFD
CFDresults
results
(snapshots)
Table
1: Free-streamconditions
conditionsfor
forthe
theexperimental
experimental data
(snapshots)
Angle
of attack
Mach number
Reynolds number
[deg]
×106
Experiment
0.75
1.5
1.538
Snapshot 1 (CFD)
0.75
1.5
-3.0
Snapshot 2 (CFD)
0.75
1.5
-2.0
Snapshot 3 (CFD)
0.75
1.5
-1.0
Snapshot 4 (CFD)
0.75
1.5
0.0
Snapshot 5 (CFD)
0.75
1.5
1.0
Snapshot 6 (CFD)
0.75
1.5
2.0
Snapshot 7 (CFD)
0.75
1.5
3.0
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Fig. 4 Surface pressure distributions obtained by (a) POD approach, (b) PSP
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data),
and (c) CFD (reference data). and (c) CFD (reference data).
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Reconstruction of PSP data measured with the DLR-F6 FX2B wind tunnel model
We next extend this approach to reconstruct an entire flow field
from measured PSP data and several CFD results. The PSP data,
which has the Cp distribution over the upper surface shown in
Fig. 6, were measured at the JAXA 2 m × 2 m transonic wind
tunnel facility [16]. The free-stream conditions of the
experimental data are the same as in the previous subsection. The
snapshots prepared for this case are also same as in the previous
subsection.
The obtained Cp profiles at several spanwise locations are shown
in Fig. 7 with those of the PSP data and the CFD results. We can
see that the flow field is successfully obtained from the PSP data.
In the PSP measurement, measurement error could occur due to
the lighting setup or painting setup as shown near x/c = 0 at the
η = 0.847 spanwise location in Fig. 7(f). The obtained results
using the POD approach, however, provide reasonable profiles
without the effect of this measurement error.

Fig.
6 6 The
The Cp
Cpcontours
contoursobtained
obtained
Fig.
by by
PSP
PSPmeasurement.
measurement.

Concluding Remarks
An EFD/CFD integration approach utilizing snapshot POD and gappy POD was successfully developed for
obtaining the three-dimensional flow field from a limited experimental data set and several CFD solutions. We
first attempted this POD approach to reconstruct the flow field over a DLR-F6 FX2B wind tunnel model from
its pressure port data and seven CFD solutions. The results showed that the entire flow field can be
reconstructed with satisfactory accuracy from a very small amount of measurement data and CFD solutions.
Moreover, this POD approach can obtain a flow field that has equal information with the CFD result, in a much
shorter time than is required for CFD calculation. In some locations, however, the results farther from the
experimental data for the POD approach compared with CFD, because the number of prepared snapshots is
insufficient. Thus, the necessary number of snapshots or the snapshot parameters should be examined to
improve the results. We next extended this approach to PSP data over the DLR-F6 FX2B model. A reasonable
flow field can be obtained, even though measurement error is included in the PSP data.
The results of several test cases indicate that the POD-based EFD/CFD integration approach can be an effective
tool for complementing experimental data or predicting entire flow fields, if there are several existing CFD
solutions. In future research we will investigate improvements in the accuracy of the present method by a
careful understanding and treatment of the obtained POD modes and expansion coefficients.
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