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Extrinsic analysis on manifolds is
computationally faster than intrinsic analysis
with applications to quality control by
machine vision
R. N. Bhattacharyaa , L. Ellingsonb , X. Liub , V. Patrangenarub * † and
M. Cranec
In our technological era, non-Euclidean data abound, especially because of advances in digital imaging. Patrangenaru (‘Asymptotic
statistics on manifolds’, PhD Dissertation, 1998) introduced extrinsic and intrinsic means on manifolds, as location parameters
for non-Euclidean data. A large sample nonparametric theory of inference on manifolds was developed by Bhattacharya and
Patrangenaru (J. Stat. Plann. Inferr., 108, 23–35, 2002; Ann. Statist., 31, 1–29, 2003; Ann. Statist., 33, 1211–1245, 2005). A flurry
of papers in computer vision, statistical learning, pattern recognition, medical imaging, and other computational intensive applied
areas using these concepts followed. While pursuing such location parameters in various instances of data analysis on manifolds,
scientists are using intrinsic means, almost without exception. In this paper, we point out that there is no unique intrinsic analysis
because the latter depends on the choice of the Riemannian metric on the manifold, and in dimension two or higher, there are
infinitely such nonisometric choices. Also, using John Nash’s celebrated isometric embedding theorem and an equivariant version,
we show that for each intrinsic analysis there is an extrinsic counterpart that is computationally faster and give some concrete
examples in shape and image analysis. The computational speed is important, especially in automated industrial processes. In this
paper, we mention two potential applications in the industry and give a detailed presentation of one such application, for quality
control in a manufacturing process via 3D projective shape analysis from multiple digital camera images. Copyright © 2011 John
Wiley & Sons, Ltd.
Keywords: extrinsic and intrinsic analysis; directional data analysis; shape analysis of planar closed curves; Kendall’s shape

spaces; statistical size-and-shape analysis; 3D-projective shape analysis; nonparametric inference; quality control;
machine vision

1. Data analysis on non-Euclidean, locally Euclidean spaces
1.1. Data on manifolds
Multivariate data are data on a flat (zero curvature) finite dimensional manifold. Other examples include directional data,
shape data, medical imaging data, protein data, visual data for quality control of manufacturing processes, astronomy
data, geology data, and pattern recognition data. Ultimately, almost any numerical data problem can be expressed as data
analysis on manifolds or on sample spaces that admit a manifold stratification. Examples of data on manifolds are shown
in Figure 1. Given on the top row are examples of medical imaging data: an X-ray image of a human skull with marked
anatomical landmarks, a computer tomography scan, a slice of a diffusion tensor imaging signal of a brain, and a photograph of a portion of the interior of an eye. On the bottom row, from left to right, we display wind direction, contour
data of a pear and a hand gesture, a digital camera image, and an aerial image. Modern nonparametric analysis of data on
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Figure 1.

Examples of data on manifolds from medical imaging, from meteorology, and from pattern recognition.

manifolds was built on ideas of central figures of mathematicians and statisticians. The people who paved the way to this
modern, vibrating research domain are listed in Figure 2, a distinguished sample in the history of mathematical sciences.
1.2. Manifolds, random objects, and their Fréchet statistics
A topological manifold of dimension p is a metric space .M; / that is locally homeomorphic to the Euclidean space
Ep D .Rp ; k  k0 /: The set of all these local homeomorphisms .U; '/; ' W U ! '.U /  Rp is a topological atlas of
the manifold. As an example, a planet’s surface may be thought of as a 2D manifold that looks like a sphere with many
handles on it. Such a handle is displayed in Figure 3. Einstein and other physicists regard the space–time continuum as
a 4D manifold. Statisticians were earlier led to the analysis of manifold-valued data in dealing with directional and axial
statistics (see, e.g., [1–3]) and later developed important tools for shape analysis [4–7]).
Given a separable metric space .M; /; we consider the  -field BM generated by open balls in .M; /: Assume that
.; A; P / is a probability space. A random object (r.o.) on the complete, separable metric space .M; / is a function
X W  ! M; such that if G 2 BM ; then X 1 .G/ 2 A: The Fréchet function associated with an r.o. X on M is
F .x/ D E.2 .x; X //:

(1)

The minimum of the Fréchet function, the least expected squared distance to a point on M, is the Fréchet total variance
of X; say F .x/ D t †X; ; and an the set of all minimizers of F is the Fréchet mean set. If the Fréchet mean set has a
unique minimizer, this minimizer  D X; is called the Fréchet mean of X [8]. There is no known condition for the
existence of the Fréchet mean of an arbitrarily spread r.o. on a complete separable metric space.
If X1 ; : : : ; Xn are i.i.d. r.o.’s from a probability distribution on .M; /; the total sample Fréchet variance and the sample
Fréchet mean set are, respectively, the total Fréchet variance and the Fréchet mean set of the empirical distribution

Figure 2.

D. Bernoulli, A. deMoivre, K. F. Gauss, M. Fréchet, H. Cramer, G. Watson, D. G. Kendall, and H. Ziezold.
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Figure 3.

The Delicate Arch in Utah, USA: the geoid surface is a handle body.

1
QO n D .ıX1 C    C ıXn /:
n
The consistency of the Fréchet sample mean set, as an estimator of the Fréchet mean set, is essentially due to H. Ziezold
[9] with a strengthening and a detailed proof due to Bhattacharya and Patrangenaru [10]. Note that for arbitrary separable
complete metric spaces, there are no results on asymptotic distributions of Fréchet sample means because one requires
the use of differential calculus on the sample space .M; / for this purpose. The most general class of separable metric
spaces on which one may differentiate is the class of differentiable manifolds. A manifold has a differentiable structure if it admits an atlas U ; with the property that for any pair of charts ..U; '/ 2 U ; .V; / 2 U /; the transition maps
' ı 1 W .U \ V / ! '.U \ V / are differentiable. For simplicity, we assume that the transition maps are of class C 1 :
Those manifolds arising as sample spaces are smooth, including Rp for multivariate analysis and the spheres S p1 for
directional data analysis. Certain Lie groups, such as the special orthogonal groups for analysis of data on the movement
of tectonic plates and the group of positive definite symmetric matrices for analysis of DTI data analysis, also fall into this
category. Additionally, real and complex Grassmann manifolds arise for the analysis of affine shape spaces and Kendall’s
similarity shape spaces and in signal tracking problems, whereas products of real projective spaces are found in projective
shape analysis.
The asymptotic distribution of the Fréchet sample means for a random sample from a probability measure on a smooth
manifold was derived by Bhattacharya and Patrangenaru [11]. Computations of Fréchet sample means for a given distance
are, in general, based on iterative algorithms, making estimation of Fréchet means time consuming.

2. Extrinsic and intrinsic geometry of a manifold
For in-depth information regarding the machinery of differential geometry, such as differential functions between manifolds, curves on manifolds, tangent spaces, tangent bundles, the differential of a differentiable function, immersions,
embeddings, vector fields, tensor fields, partitions of units, and Riemannian structures [12, 13].
A manifold is an abstraction. Whereas manifolds like the sphere, the torus, and the surface of a pretzel are easy to
comprehend as submanifolds of Euclidean spaces, other manifolds naturally arising in statistics have abstract descriptions (spaces of axes, spaces of shapes, etc); therefore, they have to be embedded into a numerical space RN for a better
understanding. Whitney showed that any smooth d -dimensional manifold can be embedded in R2d C1 : A manifold that is
embedded in RN naturally inherits a Riemannian structure (infinitesimal arc length). Therefore, an embedded manifold
automatically inherits two distances : a chord distance and a Riemannian distance. The pioneers of differential geometry
(Gauss, Riemann, Cartan) considered geometric properties of a surface, a 2D manifold that is embedded in the Euclidean
space, to be extrinsic if they are derived from the chord distance and intrinsic if they are derived from the restriction
of the infinitesimal chord distance, also known as infinitesimal geodesic or arc distance. Following the classics, a Fréchet
statistic (mean, mean set, total variance, etc) associated with a random sample on a manifold M is said to be an extrinsic
statistic (mean, mean set, total variance, etc) if the distance on the manifold is the chord distance associated with an
embedding of the manifold in RN : Respectively, a Fréchet statistic associated with a manifold M is said to be an intrinsic
Copyright © 2011 John Wiley & Sons, Ltd.
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statistic (mean, mean set, total variance, etc) if the distance on the manifold is the geodesic distance associated with the
induced Riemannian structure on that manifold. Intrinsic and extrinsic means on abstract manifolds were first defined by
Patrangenaru [18], who extended the notion of the mean of a distribution on a sphere or on a real projective space, using
the method of center of mass and the method of moments of inertia in directional data analysis due to Watson [1]. Means
of random vectors on submanifolds, as defined by Hendricks and Landsman [15], are extrinsic means.
Note that Riemannian structures on an abstract manifold can be also obtained via a partition of the unity, leading to the
following question: are there Riemannian manifolds that cannot be isometrically embedded in some Euclidean space? The
answer to this question is negative and is due to J. F. Nash [16], who considered this result more important than his others
achievements for which he was awarded the Nobel Prize in Economics. Moreover, any homogeneous Riemannian manifold, and in particular any symmetric space, can be equivariantly embedded in a Euclidean space [17], showing that there
are both infinitely many extrinsic means, as well as infinitely many intrinsic means that can be associated with a probability measure on a manifold, even on a homogeneous space, given the metric classification of Riemannian homogeneous
spaces [18, 19].
Despite all the above, many years after the well-established isometric embedding theorem of Nash, confusion seems to
persist in some circles about the roles of extrinsic and intrinsic means in statistics. It is sometimes argued that intrinsic
analysis, based on the Riemannian distance, is to be preferred to extrinsic analysis because the latter is based on an arbitrary embedding among infinitely many possible embeddings [20]. The implication in this argument that there is a unique
Riemannian metric tensor on a manifold is, of course, false; indeed, there are in general infinitely many metric tensors on a
manifold. The argument of a unique Riemannian metric on a manifold was nevertheless taken at face value by many computational scientists, who for the reason of the ‘uniqueness’ only, would prefer running an intrinsic mean data analysis, no
matter how impractical that would be. The erroneous idea that intrinsic means (or their local version, Karcher means [21])
are ‘more important’ has made swift gains among large segments of electrical engineers, computer scientists, and statisticians. As our arguments above show, other things being equal, intrinsic and extrinsic means have comparable theoretical
statures for statistical inference. But other things are not equal! Unfortunately, there are no verifiable general criteria for
the existence of (a unique) intrinsic mean, excepting those requiring a small support of the underlying distribution [22, 23].
Even in the case of the circle S 1 , there is no simple broad criterion for uniqueness (Bhattacharya University of Arizona,
Tucson, Arizona, USA, unpublished results). It is worth mentioning that when distributions have small support, intrinsic
and extrinsic sample means are generally undistinguishable [6, 11, 24].
Intrinsic means inherit all the poor properties of arbitrary Fréchet means, and their computation is very slow, making
them unhelpful in data analysis on manifolds. Karcher means have the additional disadvantage that their sample counterparts depend on the choice of the initial point in the computational algorithm and the algorithm may converge to a critical
point of the Fréchet function that is not the intrinsic mean. For example, such an algorithm may converge even to a point
of maximum of the Fréchet function.
By contrast, the necessary and sufficient condition for the existence of the extrinsic mean of random object X on a manifold M embedded via j W M ! RN is that the mean vector of j.X / is a nonfocal point of j.M/ [10]. Also, extrinsic
means can be computed easily.
One should note, though, that in physics there are sometimes considerations of mechanics that dictate the use of a particular metric tensor and the corresponding intrinsic mean. But this is almost never the case in statistics, where the main
problem is discrimination among different distributions.

3. Data analysis examples
Throughout the remainder of the paper, we present examples of various types of data analysis on manifolds. In this section, for each type of data analysis, a methodology is described for the calculation of an extrinsic mean and that for an
intrinsic mean, for that type of data. Examples of computations are then performed using both methodologies for a given
sample and are presented with the required computational time. For timing purposes, all computations were performed
using MATLAB on a machine running Windows XP on an Intel Core 2 Duo (Intel Corporation, Santa Clara, CA, USA)
processor running at 2.33 GHz. We present these examples as support for using extrinsic statistics to perform visual quality
control analysis for manufacturing processes.
3.1. Spherical data
We first consider spherical data analysis. In general, given a random object X on a manifold M and an embedding J W M ! RN ; if the mean vector  D E.J.X // is a nonfocal point of J.M/; then the extrinsic mean is
E D J 1 .PJ .//; where PJ is the projection on J.M/: In particular, given a random vector X on the unit sphere
S p  RpC1 ; X T X D 1, and the extrinsic mean is E D .1=kE.X /k/E.X /: For the purposes of this paper, we are
Copyright © 2011 John Wiley & Sons, Ltd.
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interested in the case p D 2. For observations x1 ; : : : ; xn 2 S 2 , the extrinsic sample mean O E is calculated using the
following formula:
O E D

xN
;
kxk
N

(2)

where xN is the usual Euclidean mean and k  k is the standard norm. This mean is based upon the chord distance between
points. For observations x1 ; : : : ; xn 2 S 2 , the intrinsic sample mean O I is the minimizer of the following Fréchet function:
F .p/ D

n
X

d 2 .xi ; p/;

(3)

i D1

where d.x; y/ is the arc distance between points x and y. There is no closed-form solution for the intrinsic mean. Instead,
an iterative algorithm must be used. Such an algorithm is given as follows:
1. Make an initial estimate Q I of O I ; that is, use O E
2. For each xi , compute
xi Q T
vi D ui  arccos q I ;
ui uTi


where ui D xi  xi Q TI Q TI
3. Compute vN and update Q I in the following manner:
 p
 p

 vN
;
Q I;new D cos  vN vN T Q I C sin  vN vN T p
vN vN T
where  > 0.p
4. Repeat until vN vN T < .
To illustrate these computations and the time required to perform such tasks, we consider a set of wind direction data
from Fisher et al. [2, p. 308]. The data consist of 29 observations and is provided as pairs of colatitude and longitude.
Figure 4 displays these data on S 2 in four views.
The extrinsic and intrinsic means were calculated using the methods described above and are shown in Figure 5,
although in order to calculate the extrinsic mean, it was first necessary to convert to Cartesian coordinates. Additionally, the Fréchet function of which the intrinsic mean is the minimizer is displayed for a grid of values of colatitude and
longitude in Figure 5. The amount of time required to compute O E was 9:531  105 s. The amount of time required to
compute O I was 10:88 s.
To further illustrate the disparity in computational cost, we consider the calculation of bootstrap means. With the same
methodology used previously, 200 resamples were taken and both types of means were obtained for each. To obtain the
bootstrap means, as displayed in Figure 6, we applied the methodology again on the sample of means. For the extrinsic
mean, the computational time required was 0.016762 s. For the intrinsic mean, the computational time required was 1572 s.
3.2. 3D size-and-shape data
We now consider data for which we are interested in analyzing both the shape and size of objects. For such data, each
observation is represented as a k-ad, an ordered set of k points. A k-ad in Rp is said to be in general position if the k-ad
spans Rp . For our purposes, we consider the case that p D 3.
Let fx1 ; : : : ; xn g, where xj D .xj1 ; : : : ; xjk /; j D 1; : : : ; n; be a sample of k-ads in general position in R3 . The extrinsic
O
O
sample mean reflection size and shape is ŒxE D Œ
RS , where  is given by the eigenvectors corresponding to the three
largest eigenvalues of
n
1X T
j j
CO D
n
j D1

assuming that O 3 is strictly greater than O 4 , where O 1 >    > O k are the eigenvalues of CO and j D x  xN [25]. If O 3 D O 4 ;
which occurs with probability 0, then there is no unique extrinsic mean.
Copyright © 2011 John Wiley & Sons, Ltd.
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Figure 4.

The wind direction data used for the computations.

(a)
Figure 5.

(b)

(a) The extrinsic and intrinsic means for the data. (b) The Frechet function using arc distance as a function of colatitude and
longitude.

The intrinsic sample mean size and shape O I is the minimizer of the following Fréchet function:

F .p/ D

n
X
i D1

d 2 .xi ; p/ D

n
X
i D1

inf

i 2SO.3/

kp  xi

ik

2

;

(4)

where k  k is the standard norm in R3 and i is a special orthogonal matrix. As with the spherical data, there is no
closed-form solution for the intrinsic mean size and shape. Instead, the following iterative algorithm is used [5]:
Copyright © 2011 John Wiley & Sons, Ltd.
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Figure 6.

The extrinsic and intrinsic bootstrap means for the data compared with the extrinsic and intrinsic means.

1. Make an initial estimate Q I of O I ; that is, use O E
2. For each xi , find the optimal ‘rotation’ matrix i using Procrustes alignment and compute
Vi D i

i

 Q I ;

(5)

3. Compute VN and update Q I in the following manner:
Q I;new D Q I C  VN ;

(6)

where  > 0.
4. Repeat until kVN k < .
To demonstrate, we performed the above computations for a data set consisting of four protein active sites. The active
sites, obtained from the RCSB Protein Data Bank and shown in Figure 7, are found in the proteins 1phf, 1phg, 2cpp,
and 1m85 and bind to the ligand heme. As shown in Figure 8, the extrinsic mean size and shape, obtained after atoms
matching, is visually indistinguishable from the intrinsic mean size and shape.
To detail the computational speeds of the two types of analysis, we computed bootstrap means similarly to the wind
direction data. To examine the effect of sample size on the computational cost, we performed these calculations for samples
of size 4, 5, 6, 8, 12, and 16. For the samples of size greater than 4, the observed data were simulated on the basis of the
original sample. The times, in seconds, required for these computations are shown in Table I. Increasing the sample size
has no significant effect on the computational cost for calculating the extrinsic mean size and shape. However, increasing
the sample size has a large effect on the computational cost for calculating the intrinsic mean size and shape.
3.3. Direct similarity shapes of planar contours
In this section, we consider data analysis of planar contours; for more details on contour data analysis, see Ellingson et al.
[26]. Traditionally, such data are discretized, and each curve is represented as a k-ad, where each landmark on the curve
is a point in C. Let 1 ; : : : ; n be a sample of centered k-ads.PThe Veronese–Whitney extrinsic sample mean shape is the
unit eigenvector corresponding to the largest eigenvalue of niD1 .1=k i k2 / i i assuming that the largest eigenvalue is
simple.
The recently developed elastic framework for shape analysis of planar curves instead utilizes functional representation
for such data and utilizes intrinsic analysis [27]. As with the previously discussed types of data, there is no closed form
for the intrinsic mean shape, so an iterative algorithm similar in concept to that used for the wind direction data must be
used to perform computations.
Computations for both approaches were performed on a sample of four observations of contours of the ‘l’ hand gesture,
shown in Figure 9. To illustrate the difference in computational cost, we computed 95% bootstrap confidence intervals
for both the extrinsic mean shape and the intrinsic mean shape using 400 resamples and 300 randomly chosen landmarks. These confidence regions are shown in Figure 10. For the extrinsic mean shape, these calculations required 48 s to
complete. However, for the intrinsic mean shape, these calculations required 47.9 h.
As a second example, these methods were also performed on a sample of four observations of contours of dogs, which
is shown in Figure 11. Again, 95% bootstrap confidence regions were computed for both approaches, using 300 resamples,
Copyright © 2011 John Wiley & Sons, Ltd.
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Figure 7.

Active sites that bind to heme for proteins 1phf, 1phg, 2cpp, and 1m85.

(a)
Figure 8.

(b)

(a) The Schoenberg extrinsic mean reflection size and shape and (b) the intrinsic mean size and shape of atoms common to
the active sites.

Table I. The times required to compute the mean size and shape for
various sample sizes.
Sample size
4
5
6
8
12
16
Copyright © 2011 John Wiley & Sons, Ltd.

Extrinsic

Intrinsic

Ratio

15.9
15.3
15.2
14.8
15.3
16.5

29.3
32.0
36.2
60.2
92.1
123.6

1.84
2.09
2.38
4.07
6.01
7.49
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Figure 9.

Four observations of contours of the ‘l’ hand gesture.

(a)
Figure 10.

(b)

Bootstrap 95% confidence regions using 400 resamples for (a) the extrinsic mean shape of the ‘l’ hand gesture and (b) the
intrinsic mean shape of the ‘l’ hand gesture.

where each contour is provided as 100 evenly spaced landmarks. These confidence regions are shown in Figure 12. For
the extrinsic mean shape, these calculations required 5.6 s to complete. However, for the intrinsic mean shape, these
calculations required 8.9 h.
3.4. Projective shapes
Projective shape spaces can be identified with direct products of projective spaces. Therefore, projective shape analysis
can be reduced to a multivariate axial data analysis. Our example in the area of face recognition is based on data from the
live BBC program ‘Tomorrow’s World’ Figure 13. The example was introduced in [28]. Six almost coplanar landmarks
(ends of eyes plus ends of lips) have been recorded from 14 digital images of the same person (an actor posing in different
disguises). Face appearance in these pictures may be neither frontal nor lateral. Mardia and Patrangenaru [28] showed that,
given that the landmark configuration is almost planar, the frontal views and the one quarter view yield the same extrinsic
mean projective shape (Figures 12 and 13).
In [29], coordinates of two additional landmarks have been recorded (‘bridge of the nose’ and ‘tip of the nose’). The
eight landmarks considered are significantly not coplanar as shown by Balan et al. (2009) [30]; therefore, a 3D projective
shape analysis is more appropriate for this configuration. If one compares the nonparametric bootstrap distributions of the
extrinsic sample mean 2D projective shape of a configuration of five points, in one-quarter views versus frontal views of
Copyright © 2011 John Wiley & Sons, Ltd.
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Figure 11.

Four observations of contours of a side view of a dog.

(a)

(b)

Figure 12.

Bootstrap 95% confidence regions using 400 resamples for (a) the extrinsic mean shape of the four dogs and (b) the intrinsic
mean shape of the four dogs.

Figure 13.

BBC data: 14 views of an actor face.

the actor, we notice that even for configurations that are close to coplanar, these regions have only a small overlap. In
Figure 14, one may notice this effect, thus showing the limitations of the 2D shape analysis for face recognition.
Given that RP d inherits a Riemannian structure of constant curvature from the round sphere, by identifying antipodal
points, for relatively concentrated data, computations of intrinsic sample means on real projective spaces are identical
with those for spherical data. Bootstrapping the intrinsic sample means on the real projective space takes too long to be
considered here (expect more than one day for 100 resamples with repetition from the wind direction data).
Copyright © 2011 John Wiley & Sons, Ltd.
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2

Gray=Front Black=Side for the Nose−bridge XbyZ, YbyZ

1.9
1.8
1.7
1.6
1.5
1.4
1.3
1.3
Figure 14.

1.4

1.5

1.6

1.7

1.8

1.9

2

Affine views of the bootstrap distribution of the extrinsic mean axial coordinate corresponding to the bridge of nose
landmark. Frontal views = +. One-quarter views = ı.

4. Applications to quality control
With the use of extrinsic statistics over intrinsic statistics for data analysis on a number of manifolds having been motivated, this section presents two applications for the use of extrinsic analysis in the visual quality control of manufacturing
processes. Both examples are in the area of projective shape analysis and perform hypothesis tests to check for defects in
a manufactured object.
The first application follows from the methodology used by Patrangenaru [31]. Consider a manufactured object whose
surface is designed to be flat. The flatness of this surface can be studied using 2D projective shape analysis after taking a
number of photographs of the scene. The coordinates of a number of evenly spread points are recorded from the surface of
the object, and their projective coordinates are registered with respect to a convenient projective frame. A projective frame
in plane is an ordered set of four points in general position, so four points are selected for this purpose (e.g., the corners of
the surface). If the surface is perfectly flat, the projective shape is independent of the camera positions; therefore, ideally,
its extrinsic total variance t †E of the projective shape is zero (for details on the total extrinsic variance, see Bhattacharya
and Patrangenaru [32]). This corresponds to testing the following hypothesis:
H0 W t †E D 0vs. H1 W t †E ¤ 0:

(7)

A rejection of the null hypothesis would indicate the likely presence of a blemish, resulting in the surface not being flat.
A second application uses extrinsic statistics for 3D projective shape analysis and follows from an example presented
by Patrangenaru et al. (2010) [29]. For simplicity, in our toy example, we consider the manufacturing of a 3D polyhedral
object according to a blueprint displayed in Figure 15. If an object were constructed correctly according to this blueprint,
it would consist of three cubes that sit on the top of each other, whose sides from top to bottom are four, six and ten units
in length. However, we consider an object that instead has a top cube with sides five units in length. Figure 16 displays a
digital image of this object with visible corners, taken as landmarks, numbered from 1 to 19.
Sixteen randomly selected photographs of this object, each showing all of the selected landmarks, were paired into eight
pairs of images, as displayed in Figure 17, which were then used to obtain eight 3D projective reconstructions of the object
[33, p. 121]. The projective shapes of these reconstructed configurations can be regarded as random objects on the projective shape space due to camera distortion and computational errors in the landmark selection and reconstruction processes.
Landmarks 8, 12, 17, 18, and 19 were chosen, in this order, to form a projective frame in 3D. With respect to this frame,
3 14
the projective coordinates of the other landmarks yield a sample of points in the projective shape space P †19
3 D .RP / ,
where each point represents a projective shape. The extrinsic sample mean of the eight projective shapes was computed
following the work of Patrangenaru et al. [29].
Checking whether the object was constructed according to the blueprint is equivalent to testing the following hypotheses:
H0 W j19 D 0 vs. H1 W j19 ¤ 0 ;

(8)

where 0 is the projective shape of the blueprint and j19 is the extrinsic mean projective shape of random 3D reconstructions of the object. Simultaneous Bonferroni confidence intervals can be used to perform this test. Unlike in the work of
Copyright © 2011 John Wiley & Sons, Ltd.

Appl. Stochastic Models Bus. Ind. 2011

R. N. BHATTACHARYA ET AL.

Figure 15.

3D blueprint for a configuration of blocks.

Figure 16.

The 19 landmarks displayed are used for 3D scene reconstruction and statistical analysis.

Figure 17.

Sixteen digital camera views of a 3D object modified from the blueprint. The images from the top row are paired with the
images in the bottom row for reconstruction.

Copyright © 2011 John Wiley & Sons, Ltd.
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Figure 18. Ninety percent simultaneous confidence intervals for the tangential coordinates of bootstrap sample mean projective coordinates of 14 landmarks not used as the projective frame. Every three successive coordinates correspond to one landmark. The extrinsic
sample mean is represented by the dark blue line. The red lines correspond to the bootstrap extrinsic sample means. The light blue
and green lines represent the confidence limits. The coordinates corresponding to the blueprint are represented by the black line.

Patrangenaru et al. [29], where pivotal statistics were used for the 14 marginal axial distributions, here we use 42 nonpivotal confidence intervals for their coordinates. The advantage is that the nonpivotal method avoids computing the extrinsic
sample covariance matrix and its inverse; therefore, it is computationally faster. To achieve a reliable conclusion, 1000
resamples with repetition were used.
For the rejection of H0 , it suffices to show that one coordinate of the blueprint for one of the landmarks falls outside
the corresponding bootstrap confidence interval. Figure 18 shows the 90% simultaneous confidence intervals for the 14
landmarks not utilized in the projective frame, using coordinates in the tangent space of the extrinsic sample mean. Each
landmark is represented by three successive tangent space coordinates, so the seven landmarks of the top block corresponds to coordinates 1 through 21. Landmarks 2, 3, 5, and 6 of the blueprint are substantially outside of their respective
confidence intervals. This provides sufficient evidence to reject the null hypothesis. Because the top block of the object
was not selected to the blueprint specifications, this is the correct decision. It should be noted that the coordinates for the
remaining landmarks of the object fall within the confidence intervals or just slightly outside, as expected, because the
middle and bottom blocks were constructed according to the blueprint. This is advantageous because, not only does this
approach check if the projective shape of an object matches a blueprint, but it also determines which landmarks likely
correspond to defects.

5. Summary and conclusions
Much of modern data analysis consists of problems involving data on manifolds. Among the fields in which such data
occurs are medical imaging, directional data analysis, pattern recognition, and visual quality control. For a statistical
analysis on this data, either extrinsic or intrinsic analysis may be used.
The computational cost of performing extrinsic analysis on manifold data is substantially less than the computational
cost of performing intrinsic analysis on the same data. This is especially noticeable when working with large data sets
and/or performing analysis requiring large numbers of repetitions, as with nonparametric bootstrap techniques. As shown
with the protein data, in many cases, the extrinsic and intrinsic means are indistinguishable from each other despite the
difference in computational time, providing strong support for the use of extrinsic analysis in such situations.
In other scenarios, one must look to the requirements for the application at hand. For instance, extrinsic means exist
outside a negligible singular set, whereas intrinsic means are not, in general, guaranteed to exist. Furthermore, for a given
embedding J , the extrinsic mean is the projection on J.M/, but there is no natural description of the intrinsic mean.
Because these considerations, extrinsic analysis is often preferable for statistical analyses.
Copyright © 2011 John Wiley & Sons, Ltd.
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