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Photogrammetry Applied to Wind-Tunnel Testing
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In image-based measurements, quantitative image data must be mapped to three-dimensional object space. An-
alytical photogrammetricmethods, which may be used to accomplish this task, are discussed from the viewpoint of
experimental � uid dynamicists. The direct linear transformation (DLT) for camera calibration, used in pressure-
sensitive paint, is summarized. An optimization method for camera calibration is developed that can be used to
determine the camera calibrationparameters, includingthose describing lens distortion, from a single image.Com-
bined with theDLT method,this methodallowsa rapidand comprehensivein situ camera calibrationand,therefore,
is particularly useful for quantitative� ow visualization and other measurements such as model attitude and defor-
mation in production wind tunnels. Also included is a brief description of typical photogrammetric applications to
temperature- and pressure-sensitive paint measurements and model deformation measurements in wind tunnels.

I. Introduction

F LOW visualizationsand videometric (or video photogrammet-
ric) measurements produce data in the form of images. In gen-

eral, an image is the result of a perspective projection of a three-
dimensional object to two dimensions. In contrast to qualitative
� ow visualization methods, quantitative techniques seek to extract
numerical data from images. In many instances, the precise loca-
tion of a point in three-dimensional space is required, in addition
to the value of some quantity at that location. When the rendered
object is signi� cantly three-dimensional, simple image processing
schemes, such as polynomial warping, may not be suf� cient. In
general, photogrammetric methods can be used to determine the
relationshipbetween three-dimensionalobject coordinatesand cor-
responding two-dimensional image coordinates.1 – 3 This � eld was
originallydevelopedto determinetopographyusingaerialphotogra-
phy with metric cameras. Largely becauseof the rapid development
of charged-coupled device (CCD) video cameras and computers,
photogrammetric methods using these techniques have been ap-
plied recently to numerous nontopographic applications.However,
photogrammetric techniques, although not in general widespread
use in wind-tunnel tests, have been used recently for luminescent
paint and model deformation measurements. Donovan et al.,4 Bell
and McLachlan,5 and Le Sant and Merienne6 have described the
applicationof these methods to luminescentpaint imaging. In addi-
tion, photogrammetricmeasurementsof model deformationin wind
tunnels have been reviewed by Burner et al.7 and Liu et al.8 Perhaps
becauseof the dif� cultiesassociatedwith using the terminologyof a
different discipline, the application of nontopographicphotogram-
metry to quantitative � ow visualization, although straightforward
conceptually and quite useful, may be � lled with pitfalls. In this
paper, an optimizationmethod for rapid and comprehensivecamera
calibration is developed that is particularly suitable to photogram-
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metric applications for wind-tunnel testing because productivity is
notnegativelyimpacted. In addition,resultsof applyingphotogram-
metry to temperature- and pressure-sensitivepaints (TSP and PSP,
respectively) and model deformation measurements are presented.

II. Collinearity Equations
Image-based measurement techniques extract data from two-

dimensional images and map them into three-dimensional object
space. Photogrammetry provides a relationship between three-
dimensional coordinates in object space and corresponding two-
dimensional coordinates in images.1 – 3 The fundamental problem
is to determine object space coordinates (X, Y, Z ) given the corre-
sponding image coordinates (x , y). Figure 1 illustrates the camera
imagingprocess.The lens of the camera is modeledby a singlepoint
knownas theperspectivecenter,the locationofwhich in objectspace
is (Xc , Yc , Zc). Likewise, the orientationof the camera is character-
ized by three Euler orientation angles. The orientation angles and
locationof the perspectivecenter are referred to in photogrammetry
as the exterior orientationparameters.The object point, perspective
center, and image point lie along a straight line for a perfect cam-
era. This relationship is described by the collinearityequations, the
fundamental equations of photogrammetry. On the other hand, the
relationship between the perspective center and the image coordi-
nate systemis de� ned by the camera interiororientationparameters,
namely, the camera principal distance c and the photogrammet-
ric principal-point location (x p , yp ). The principal distance, which
equals the camera focal length for a camera focused at in� nity, is
the perpendicular distance from the perspective center to the im-
age plane, whereas the photogrammetric principal point is where
a perpendicular line from the perspective center intersects the im-
age plane. Because of lens distortion, however, perturbations to the
imaging process lead to departuresfromcollinearitythat can be rep-
resented by the shifts dx and dy of the image point from its ideal
position on the image plane. The shifts dx and dy are modeled and
characterizedby a number of lens distortion parameters.

In photogrammetric applications for wind-tunnel testing, high
contrast � ducial targets are usually placed on a model surface to
determine the relationship between image and object space coor-
dinates. The image and object space coordinates of the targets are
related by the collinearity condition in which the image vector is
aligned with the vector from the perspective center to the object
point:
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Fig. 1 Camera imaging process and the interior orientation parame-
ters.

where M is the rotationmatrix, k is a scale factor, and pn =(xn , yn)T

and Pn =(Xn , Yn , Zn )T are the image and object space coordinates
of the nth target, respectively. Algebraic manipulation of Eq. (1)
yields the well-known collinearity equations (with the distortion
terms dx and dy) relating the nth target location in object space to
the correspondingpoint on image plane:

xn ¡ x p + dx

= ¡ c
m11(Xn ¡ Xc) + m12(Yn ¡ Yc) + m13(Zn ¡ Z c)
m31(Xn ¡ Xc) + m32(Yn ¡ Yc) + m33(Zn ¡ Z c)

= ¡ c
U

W

yn ¡ yp + dy

= ¡ c
m21(Xn ¡ Xc) + m22(Yn ¡ Yc) + m23(Zn ¡ Z c)
m31(Xn ¡ Xc) + m32(Yn ¡ Yc) + m33(Zn ¡ Z c)

= ¡ c
V

W
(2)

where m i j (i, j =1, 2, 3) are the elements of the rotation matrix M
that are functions of the Euler orientation angles ( x , u , j ),

m11 = cos u cos j , m12 = sin x sin u cos j + cos x sin j

m13 = ¡ cos x sin u cos j + sin x sin j , m21 = ¡ cos u sin j

m22 = ¡ sin x sin u sin j + cos x cos j

m23 = cos x sin u sin j + sin x cos j , m31 = sin u

m32 = ¡ sin x cos u , m33 = cos x cos u (3)

The orientation angles (x , u , j ) are essentially the pitch, yaw, and
roll angles of the camera in the established coordinate system. The
terms dx and dy are the image coordinate shifts induced by lens
distortion. The lens distortion terms can be modeled by the sum of
the radial distortion and decentering distortion9 , 10:

dx = dxr + dxd , dy = dyr + dyd (4)

where, assuming the optical axis of the lens is perpendicular to the
image plane,

dxr = K1(x 0
n ¡ xp)r 2 + K2(x

0
n ¡ x p)r 4

dyr = K1(y 0
n ¡ yp )r 2 + K2(y 0

n ¡ yp)r 4

dxd = P1

£
r 2 + 2(x 0

n ¡ x p)2
¤

+ 2P2(x 0
n ¡ xp )(y 0

n ¡ yp)

dyd = P2

£
r 2 + 2(y 0

n ¡ yp)2
¤

+ 2P1(x
0
n ¡ x p)(y 0

n ¡ yp )

r 2 = (x 0
n ¡ x p)2 + (y 0

n ¡ yp)2 (5)

Here K1 and K2 are the radial distortion parameters, P1 and P2

are the decentering distortion parameters, and x 0 and y 0 are the
undistorted coordinates in image. When the lens distortion is
small, the unknown undistorted coordinates can be approximated
by the known distorted coordinates, that is, x 0

n ¼ xn and y 0
n ¼ yn .

For large distortion, iterative procedures can be employed to de-
termine the appropriate undistorted coordinates to improve the
accuracy of the estimate. The following iterative relations are
used: (x 0

n )0 = xn ; (y 0
n )0 = yn; (x 0

n )k + 1 =xn + dx[(x 0
n)k , (y 0

n )k]; and
(y 0

n)k + 1 = yn + dy[(x 0
n )k , (y 0

n )k], where the superscripted iteration
index is k =0, 1, 2 . . . .

The collinearityequations(2) contain thecamera parametersto be
determinedby calibration.The parametersets ( x , u , j , Xc , Yc , Z c),
(c, x p , yp), and (K1 , K2, P1 , P2) in Eq. (2) are the exterior orienta-
tion, interiororientation,and lens distortionparametersof a camera,
respectively. Analytical camera calibration techniques utilize the
collinearityequations and distortion terms to determine these cam-
era parameters.11, 12 Because Eq. (2) is nonlinear, iterative methods
of least-squares estimation have been used as a standard technique
for the solutionof the collinearityequations in photogrammetry.1– 3

However, direct recovery of the interior orientation parameters is
often impeded by inversion of a nearly singular normal-equation
matrix of the least-squaresproblem. The singularity of the normal-
equation matrix mainly results from strong correlationbetween the
exterior and interior orientation parameters.

To reduce the correlation between these parameters and to en-
hance the determinability of (c, x p , yp ), the use of multiple cam-
era stations, varying image scales, different camera roll angles and
a well-distributed target � eld in three dimensions has been sug-
gested by Fraser.9, 13 Nevertheless, the multiple-station, multiple-
image method for camera calibration is not easy to use in wind
tunnels, where only a limited number of windows are available for
cameras and the positionsof camerasare � xed.Thus, a single-image
method of on-the-jobcamera calibrationis desirable.The optimiza-
tionmethoddescribedinSec. IV is a single-image,automaticcamera
calibration method that eliminates the singularity problem.

III. Direct Linear Transformation
The direct linear transformation (DLT), originally proposed by

Abdel-Aziz and Karara,14 can be very useful for determining initial
values of the parameters. The DLT equations can be obtained by
simply rearranging and combining terms of the collinearity equa-
tions, that is,

L1 Xn + L2Yn + L3 Zn + L4 ¡ (xn + dx)(L9 Xn + L10Yn + L11 Zn + 1)

= 0

L5 Xn + L6Yn + L7 Zn + L8 ¡ (yn + dy)(L9 Xn + L10Yn + L11 Zn + 1)

= 0 (6)

The DLT parameters L1, . . . , L11 are related to the camera exte-
rior and interior orientation parameters (x , u , j , Xc , Yc , Z c) and
(c, x p , yp) (Ref. 1). Unlike the standard collinearity equations (2),
the DLT equations (6) are linear for the DLT parameters when
the lens distortion terms dx and dy are neglected. The ma-
trix form of the linear DLT equations for M targets is BL =C,
where L =(L1, . . . , L11)T , C =(x1, y1, . . . , xM , yM )T , and B is the
2M £ 11 con� guration matrix that can be directly obtained from
Eq. (6) (see Ref. 15). A least-squaressolution for L (without requir-
ing an initial guess) is formally given by L =(BT B) ¡ 1BT C.

The DLT method is widely used in both nontopographic pho-
togrammetry and machine vision becauseof its simplicity. It is also
used for PSP measurements.5 When dx and dy cannot be ignored,
however, iterative solution methods are still needed, and the DLT
method loses its simplicity. In general, the DLT method can be used
to obtain fairly good values of the exterior orientation parameter
and the principal distance, although it gives poor estimations of
the principal-point location (x p , yp) (Ref. 15). However, the DLT
method is very useful because initial approximationscan be found
for other methods such as the optimization method described here-
after that can be used for a more comprehensive calibration.
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IV. Optimization Method
To developa simple and robustmethod for camera calibration,the

singularityproblemmust be dealtwith when solvingthe collinearity
equations. An optimization method is proposed based on the fol-
lowing insight. A strong correlation between the interior and ex-
terior orientation parameters leads to a singularity of the normal-
equation matrix in the least-squares problem for the full set of the
camera parameters.Therefore,to eliminate the singularity,the least-
squares estimation is used only for the exterior orientationparame-
ters, whereas the interior orientationand lens distortion parameters
are calculated separately using an optimization method. The opti-
mization method contains two separate, but interactingprocedures:
resection for the exterior orientation parameters and optimization
for the interior orientation and lens distortion parameters.

A. Resection for the Exterior Orientation Parameters
When the image coordinates(xn , yn) are in pixels, the collinearity

equations (2) are expressed as

f1 = Sh xn ¡ x p + dx + cU / W = 0

f2 = Sv yn ¡ yp + dy + cV / W = 0 (7)

where Sh and Sv are the horizontal and vertical pixel spacings
(millimeter/pixel) of a CCD camera, respectively. In general, the
vertical pixel spacing is � xed and known for a CCD camera,
but the effective horizontal spacing may be variable depending
on the frame grabber used to digitize the image. Thus, an additional
parameter, the pixel-spacing AR Sh / Sv , is introduced. We de� ne

ext =( x , } , j , X c , Yc , Zc)T for the exterior orientationparameters
and int =(c, x p , yp , K1, K2 , P1, P2 , Sh / Sv )T for the interiororien-
tation and lens distortion parameters. For given values of int, and
sets of pn =(xn , yn )T and Pn =(Xn , Yn , Zn)T , ext in Eq. (7) can
be found by an iterative least-squares solution, referred to in pho-
togrammetry as resection. The linearized collinearity equations for
targets (n =1, 2, . . . , M ) are written as V =A( D ext) ¡ l, where
D ext is the correctionterm for the exterior orientationparameters,
V is the 2M £ 1 residual vector, A is the 2M £ 6 con� guration ma-
trix, and l is the 2M £ 1 observationvector. The elements of A and l
are presented in the Appendix.A least-squaressolution to minimize
the residuals V for the correction term is D ext =(AT A) ¡ 1AT l. In
general, the 6 £ 6 normal-equation matrix (AT A) can be inverted
without singularity because the interior orientation and lens distor-
tion parameters are not included in the least-squares estimation. To
obtainsuch ext that the correctiontermbecomeszero, the Newton–

Raphson iterative method is used for solving the nonlinearequation
(AT A) ¡ 1AT l =0 for ext. This approach converges over consider-
able ranges of the initial values of ext.

Therefore, for a given int, the correspondingexterior orientation
parameter ext can be obtained and are symbolically expressed as

ext = Resection( P int) (8)

At this stage, the exterior orientationparameters ext obtained from
Eq. (8) are not necessarily correct unless the given interior orien-
tation and lens distortion parameters int are accurate. Obviously,
an extra condition is needed to obtain correct int and the determi-
nation of int is coupled with the resection for ext. The following
section describesan optimizationproblemto obtain the correct int.

B. Optimization for the Interior Orientation
and Lens Distortion Parameters

To determinethe correctvaluesof int, an extra conditionmust be
given.Note that the correctvalues of ext are intrinsic constantsof a
camera/lens system and that they are independentof the target loca-
tions pn =(xn , yn)T and Pn = (Xn , Yn , Zn )T . Mathematically, int

is an invariantunder a transformation(pn , Pn) 7! (pm , Pm)(m 6=n).
By rearranging the collinearity equations with distortion terms,
(c, xp , yp ) can be expressed in the following form:

2
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2

66664

¡ W [(Sh xn ¡ x p + dx) + (Sv yn ¡ yp + dy)]

U + V

Sh xn + dx + cU / W
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3

77775

= G(pn , Pn , int, ext) (9)

Therefore, for correct values of int, the quantity G(pn , Pn , int,
ext) is an invariant under the transformation (pn , Pn) 7! (pm , Pm)

(m 6=n). In other words, for correct values of int, the standard
deviation of G(pn , Pn , int, ext) calculated over all targets should
be zero, that is,

std(G) =

"
MX

n =1

(G ¡ h G i )2 / (M ¡ 1)

# 1
2

= 0

where std denotes the standard deviation and h G i denotes the mean
value. Furthermore, because std(G) ¸ 0 is always valid, the correct

int must correspond to the global minimum point of the function
std(G). Hence, the determination of correct int becomes an opti-
mization problem to seek values of int that minimize the objec-
tive function std(G), that is, std(G) ! min. To solve this multiple-
dimensional optimization problem, the sequential golden section
search technique is used because of its robustness and simplicity.16

Because the quantity G(pn , Pn , int, ext) is related to ext, the
optimization for int is coupled with the resection for ext. Other
appropriateobjectivefunctionsmay also beused.An obviouschoice
is the rms of the residuals of calculated object space coordinatesof
all targets. We � nd that the use of std(x p) or std(yp ) in optimization
is qualitatively equivalent to the use of the rms of the residuals.

In principle, any component of std(G) =[std(c), std(x p),
std(yp )]T can be used as an objective function because minimiz-
ing one of three components simultaneously leads to minimization
of other components. As will be shown, std(xp ) and std(yp) have
a simpler topological structure near the global minimum point than
std(c). Hence, std(x p) and std(yp) are more appropriate objective
functionsfor optimization.For example, considera simulated three-
dimensional � eld of targets on a step con� guration shown in Fig. 2.
A typical topological structure of std(x p) is shown in Fig. 3 near
the global minimum point (c, x p , yp ) =(28, 0.2, 0.08) mm for sim-
ulated image of the target � eld. Clearly, near the global minima
std(xp ) =0, std(x p) exhibits a single valley structure such that the
optimization problem is well de� ned. The function std(yp) has a
similar topological structure in the parametric space.

Generally, the topologicalstructureof std(xp ) or std(yp ) depends
on three dimensionality of the target � eld. For the step target � eld,
the step height H characterizes the three dimensionality. Figure 4
shows the topologicalstructuresof std(x p) for H =6 and 2 in. Note
that the two surfaces are partially in contact. Evidently, stronger
three dimensionality of the target � eld with a larger H produces
a steeper valley in topology. From the standpoint of optimization,
stronger three dimensionality leads to faster convergence.Figure 5
shows typical convergence processes of the principal distance for
three different step heights. Other camera parameters have similar
convergence behavior. Clearly, strong three dimensionality of the
target � eld improves convergencerates. For a planar � eld of targets
(H =0), the optimization method does not generally converge to
the true values. Hence, the optimization method requires a three-
dimensional target � eld.

The topologicalstructureof std(xp ) or std(yp) canalsobe affected
by random disturbances on the targets. To simulate this effect, the
target coordinates in the image are disturbed by mathematically
adding a zero-mean random disturbance with a Gaussian distribu-
tion. Figure 6 shows the topological structures of std(x p) at distur-
bance levels of 1 and 6 l m (these disturbance levels correspond to
0.08 and 0.46 pixels for a typical CCD video camera system). The
� attening of the sharp valley near the minimum point implies that
noise in the image leads to a slower convergence rate and produces
larger errors in the optimization computations.Figure 7 shows typ-
ical errors of the interior orientationparameters (c, x p , yp ) as func-
tions of the disturbance level, where the correct simulated values of
(c, x p , yp) are (28, 0.2, 0.08) mm. For a typical CCD video camera,
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Fig. 2 Target � eld on a step con� guration and its image.

Fig. 3 Topology of the objective function near the minimum point
(c; xp; yp) = (28; 0:2; 0:08) mm.

Fig. 4 Effect of three dimensionality (step height H) on topology of the
objective function near the minimum point: a) H = 6 in. and b) H = 2 in.

Fig. 5 Effect of three dimensionality (step height H) on convergence of
the optimization solution.

for example, the random error in the target centroid measurement
is usually less than 0.3 l m (0.023 pixels). Thus, the corresponding
predicted precision error in the estimated values of (c, xp , yp) by
the optimization method is no more than 0.02 mm.

The optimization method still requires appropriate initial val-
ues to obtain a converged solution even though its convergence
ranges of the initial values are quite large. The DLT can provide
initial approximate values of the exterior orientation parameters
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Fig. 6 Effect of disturbance in imageplane on topologyof the objective
function near the minimum point: disturbance level of a) 6 µ m and b)
1 µ m.

Fig. 7 Errors in the interior orientation parameters as functions of
disturbance level.

( x , } , j , Xc , Yc , Zc) and the principal distance c, where the do-
main of ( x , } , j ) is de� ned as ¡ 180 · x ·180 deg, ¡ 90 · u ·90
deg, and ¡ 180 · j ·180 deg. Using the initial approximations
given by the DLT, the optimization method gives more accurate
estimates of the camera orientation and lens distortion parame-
ters. The standard optimization technique such as the golden sec-
tion search method can be used to minimize the objective function
std(xp ) in the parametric space (c, x p , yp , K1, K2 , P1, P2 , Sh / Sv ).
Combined with the DLT, the optimization method allows a rapid
and comprehensiveautomatic camera calibration to obtain 14 cam-
era parameters from a single image without requiring a guess of the
initial values.

C. Laboratory Calibrations
Camera calibrationsfor anHitachiCCD camerawith a Sonyzoom

lens (12.5–75-mm focal length) and an 8-mm Cosmicar television
lens were made in the laboratory to evaluate the accuracy of the
optimizationmethod. The measurement system consisted of a CCD
camera, a personal computer with a Matrox Pulsar frame-grabber
board, a step target plate, and software. A novel target-trackingpro-
gram developedby High TechnologyCorporation was used to track
targetsand compute target centroids.8 The CCD array size of the Hi-
tachicamera was 8 £ 6 mm. The digitizedimage size was 640 £ 480
pixels with nominal vertical and horizontal pixel spacings equal

Fig. 8 Step calibration target plate.

Fig. 9 Principal distance vs zoom setting for a Sony zoom lens.

to 13.0 and 12.9 l m, respectively. The random error in measure-
ment of target centroids was less than 0.3 l m (0.023 pixels). The
three-dimensional target � eld for camera calibration was provided
by a three-step target plate with 54 circular retrore� ective targets of
0.5 in. diameter, a 2.0-in.step height H , and 2.0-in. spacingbetween
neighboring targets (Fig. 8). The coordinates of the targets on the
plate were measured a priori with a three-dimensional coordinate
machine with an accuracy of 0.001 in.

For comparison, optical techniques described by Burner et al.17

and Burner18 were also used for calibration. The laser-illuminated,
displaced-reticle technique was used to determine the horizontal
and vertical pixel spacing. The principal-point location was found
by theunexpanded,laser-illuminationtechnique,and the lens distor-
tion parameters were determined from images of a calibrationplate
suitably aligned with the camera axis. Figure 9 shows the principal
distance given by the optimization method vs zoom setting for the
Sony zoom lens. Figures10a and 10b show the principal-pointloca-
tion and radial distortioncoef� cient K1 as a functionof the principal
distancefor the Sony zoomlens.The errorbars in theprincipal-point
location are determined based on replication calibration data using
the optimization method collected at different camera roll angles
and positions over 2 days. The results obtained by the optimization
method are in reasonable agreement with those given by Burner18

for the same lens. The optimization method was also used to cali-
brate the Hitachi CCD camera with an 8-mm Cosmicar television
lens. Table 1 lists the interior orientationand lens distortion param-
eters obtained by the optimization method that are consistent with
those obtained by the optical techniques. The accuracy of camera
calibration is usually representedby the residual of the image coor-
dinatecalculation.Typically, the optimizationmethodhas a residual
of 1 l m or less in the image plane for an 8 £ 6 mm CCD array, de-
pending on the accuracy of the coordinates of the target plate.

V. Applications
Photogrammetry is required in image-based measurement tech-

niques that seek to extract data from two-dimensional images and
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Table 1 Calibration for Hitachi CCD camera with 8-mm Cosmicar television lens

Interior orientation c, mm x p , mm yp , mm Sh / Sv K1 , mm ¡ 2 K2, mm ¡ 4 P1, mm ¡ 1 P2, mm ¡ 1

Optimization 8.133 ¡ 0.156 0.2014 0.99238 0.0026 3.3 £ 10 ¡ 5 1.8 £ 10 ¡ 4 3 £ 10 ¡ 5

Optical techniques 8.137 ¡ 0.168 0.2010 0.99244 0.0027 4.5 £ 10 ¡ 5 1.7 £ 10 ¡ 4 7 £ 10 ¡ 5

Fig. 10a Principal-point location.

Fig. 10b Radial distortion coef� cient as a function of the principal
distance for a Sony zoom lens connected to an Hitachi camera with an
8 £ £ 6 mm CCD array.

map them to three-dimensional object space. Some typical appli-
cations of photogrammetry to TSPs and PSPs and model deforma-
tion measurementsare described.Photogrammetry is also useful for
other global � ow visualizationand measurement techniquessuch as
particle tracking velocimetry and particle image velocimetry.19 , 20

A. TSPs and PSPs
TSPs and PSPs are global techniquesfor surface temperatureand

pressure measurements.21 , 22 Photogrammetry is an important ele-
ment of the data reduction process because TSP and PSP data in
images must be mapped onto a model surface in three-dimensional
object space. Donovan et al.,4 Bell and McLachlan,5 and Le Sant
andMerienne6 havedescribedPSP mappingusingphotogrammetry.
In applicationsof photogrammetry to TSP and PSP, the collinearity
equationsareusedformappingafter thecamera is calibrated.Known
object spacecoordinates(X , Y, Z) are mapped into unknownimage
coordinates (x , y), and then TSP and PSP data at the image points
are associated with the correspondingpoints in object space. Here,

Fig. 11 Result of photogrammetric mapping of transition image data
to a half of the computational� uid dynamicsgrid of a swept-wing model
at Mach 3.5.

a photogrammetric application to boundary-layer transition detec-
tion on a three-dimensionalmodel is presented. A TSP system has
been developed for the purpose of transition detection and applied
to several three-dimensionalmodels over a wide speed range.23 TSP
detects transition by visualizing the temperature change caused by
different heat transfer rates in laminar and turbulent � ow regimes
in a transient thermal process. A key element of the system devel-
opment has been photogrammetric tools for mapping temperature
to a three-dimensionalgrid of the model surface.Figure 11 shows a
transition image of a swept-wing model in Mach 3.5 � ow mapped
onto the half of the model surface grid by using photogramme-
try. The bright region corresponds to the turbulent boundary layer,
where the heat transfer rate is higher than that in the laminar bound-
ary layer. The onset of transition is demarcated in the image as a
bright parabolic band on the wing where the cross� ow instability
mechanismdominatesthe transitionprocess.However, no transition
is observed near the centerline of the model. This is because near
the symmetric plane of the model the stability is dominated by the
Tollmien–Schlichting instabilitymechanism that is weaker than the
cross� ow instability mechanism. Detailed experimental and com-
putational studies of transition physics on the swept-wing model at
Mach 3.5 are described in Refs. 23–25.

B. Model Deformation Measurement
Modeldeformationdata are requiredto understandthe aeroelastic

propertiesof a model and correctly interpretmeasuredaerodynamic
data for a deformedmodel. An opticalmeasurementtechniqueis the
videogrammetricmodel deformation(VMD) method. In contrast to
the applications to TSP and PSP, the collinearityequations are used
in a VMD system to determine spatial coordinates of targets on a
model surface from target centroids in the image plane to compute
model deformation (twist and bending) produced by aerodynamic
loads. Burner et al.7 and Liu et al.8 have described in detail the
VMD systems used in NASA facilities, including cameras, lights,
targets, image acquisition,and software for data reduction.Here, an
example is presented of a model deformation measurement using a
single-camera VMD system for a 72-in. semispan high-lift model
in the NASA Ames Research Center 12-ft pressure tunnel. Mach
number ranged from 0.23 to 0.3, dynamic pressure ranged from
140 to 330 psf, Reynolds number ranged from 2.9 to 6.73 £ 106/ft,
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Fig. 12a Wing twist of a semispan model as a function of AOA at
different spanwise locations.

Fig. 12b Wing bending at different AOA.

Fig. 13 Dynamic AOA of a rectangle wing measured by VMD at 86%
span at 5 and 12 Hz.

and angle of attack ranged from ¡ 6 to 23 deg. Figure 12a shows
the wing twist as a function of the angle of attack (AOA) at dif-
ferent spanwise locations. The magnitude of twist increases with
AOA until aerodynamic stall occurs roughly at an AOA of 15 deg.
Figure 12b shows the bending of the wing at different AOA. Dy-
namic deformationmeasurements were also made in the laboratory
on a rectangular wing with a 44-in. span and a 24-in. chord driven
by a mechanical shaker at the wing tip. Figure 13 shows dynamic
AOA at 86% span for shaker frequencies of 5 and 12 Hz. The ac-
curacy of the AOA measurements using the VMD system has been
determined by comparing with a high-accuracy rotational stage (1
arcsecond). The absoluteerrors in time-averageAOA measurements
by the VMD systems were found to vary from a few thousandths to
a few hundredthsof a degree over a 40-deg range, dependingon the
position and orientation of the camera.

VI. Conclusions
Photogrammetry is an essential ingredient of many image-based

measurement techniques for wind-tunnel testing. One problem in
photogrammetry is the camera calibration, which determines the
camera exterior and interior orientation parameters and lens dis-
tortion parameters. Photogrammetric applications in wind tunnels
require a rapid, single-station, single-image camera calibration
method to maintain productivity. The optimization method devel-
oped in this paper enables camera calibration from a single image
and does not suffer from a mathematical singularityproblem. Com-
bined with the DLT method to provide an appropriate initial guess,
the method allows rapid automatic camera calibration. Laboratory
experiments indicate that the optimizationmethod compares favor-
ably with proven optical techniques.The method has been success-
fully applied to TSTs and PSPs and model deformation measure-
ments.

Appendix: Con� guration Matrix
and Observation Vector

The con� guration matrix A and observation vector l in the lin-
earized collinearity equations are

A =

2

6666664

(@f1 / @ ext)1

(@f2 / @ ext)1

...

(@f1 / @ ext)M

(@f2 / @ ext)M

3

7777775
, l = ¡

2

66666664

( f1)1

( f2)1

...

( f1)M

( f2)M

3

77777775

where theoperator @/ @ ext is de� ned as (@/ @x , @/ @} , @/ @j , @/ @Xc ,
@/ @Yc, @/ @Zc ) and the subscriptdenotes the target.The components
of the vectors @f1 / @ ext and @f2 / @ ext are
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