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Abstract

We present a method for �nding the pose of an
object in the world by registering a 3D model
of the object to multiple images of the object
taken from di�erent positions by maximization
of mutual information. Using multiple views of
the object enables the registration process to
converge on the three dimensional pose much
more accurately than is possible from using just
a single view. Since this method uses mutual
information, the model of the object need only
contain information about the shape of the ob-
ject and need not know any details about other
surface properties. Furthermore, this method is
robust with respect to variations of illumination
in the images. The method does not attempt to
�nd any correspondences between pixels in the
images, so the images of the object can be ob-
tained from drastically di�erent views and un-
der di�erent lighting conditions.

1 Introduction

Accurately computing the alignment of a 3D
model of an object to an image of the object
is an important problem in many computer vi-
sion applications. Many images of the same ob-
ject can look very di�erent, depending on object
pose, lighting conditions, and other objects in
the image. Therefore, the problem of computing
the registration is a challenging one. One of the
advantages of a mutual information approach
to registration is that it is robust to many of
the unknowns that can occur in an image, in-

cluding lighting conditions and occlusions [Vi-
ola and Wells, 1995]. Viola and Wells used this
approach to compute a very accurate registra-
tion of a 3D model of an object to that object's
position in the image plane. However, given
that only one image was used to register the
object, the registration found was not very ac-
curate along the direction of the optical axis.
Their error for registrations of a plastic skull
were mostly under 2mm in the x and y dimen-
sion, but ranged from 5mm to almost 15mm

in the z dimension [Viola and Wells, 1995]. A
change in an object's x and y position is very
noticeable in an image, while a shift in model
position along the optical axis is di�cult to see.

However, many applications require more than
just an accurate registration in the image frame;
an accurate 3D pose of the object is often
needed. For example, a surgeon might want to
register a patient's head to his or her internal
CT/MR scan in order to very accurately posi-
tion the patient for radiation therapy. During
neurosurgery, the surgeon might want to point
a trackable probe at some position inside the
brain, and have the system display the 3D po-
sition of the probe in the CT/MR scan. Clearly,
in these applications, being accurate in two di-
mensions is not enough. The motivation be-
hind performing a mutual information registra-
tion using multiple views is to take advantage
of the robustness in illumination variation and
occlusion that mutual information o�ers, while
also being able to accurately compute the pose
of an object in three dimensions.



Figure 1: The �rst �gure shows the initial random alignment of a test registration. The top two images show

the views from the two cameras with randomly selected model points overlaid in red. The bottom two

images show the model transformed by the pose and then projected into both image planes. The error

associated with the initial pose is 50:8mm. The second �gure shows the result of using both views to

register the model. The error in this �nal pose is 3:1mm.

2 Previous Work

Much work has been done on the problem of reg-
istering a 3D model of an object to the world po-
sition of that object. Stereo methods of registra-
tion have the potential to improve the alignment
along the optical axis, since depth information
can be computed. However, stereo is susceptible
to di�culty in �nding correspondences between
pixels in the images.

The di�culty in feature-based image registra-
tion lies in the problem of extracting common
features between the model and the image. For
example, edges extracted from an image can be
due to albedo change, surface normal change, or
illumination change (i.e. shadowing). The only
types of edges that could be extracted from our
shape model are edges due to change in surface
normal. However, many objects have varying
albedo and also shadow themselves, which will
lead to many spurious edges in the image.

Fiducial registration involves manually picking
corresponding points from the 3D model and
the object. Accurately localizing these points is
often di�cult. For neurosurgical applications,
Peters [Peters et al., 1996] reports �ducial ac-
curacy about an order magnitude worse than
frame-based methods of registration, mainly
due to the di�culty in accurately localizing the
�ducial markers in both the internal scan and
also on the patient.

3 Mutual Information Registration

In this section we review the basic method of
alignment by maximization of mutual informa-
tion, which has been described previously, [Vi-
ola and Wells, 1995] [Viola, 1995] [Wells et al.,
1995].

We seek an estimate of the transformation T̂

that aligns the model u and image v by maxi-
mizing their mutual information over the trans-
formations T ,

T̂ = argmax
T

I(u(x); v(T (x))) :

Here x is a random variable that ranges over
visible surface patches in the model.

Mutual information is de�ned in terms of en-
tropy in the following way:

I(u(x); v(T (x))) � (1)

H(u(x)) +H(v(T (x))) �H(u(x); v(T (x)))

. H(�) is the entropy of a random variable, and
is de�ned as H(x) � �

R
p(x) ln p(x)dx. The

joint entropy of two random variables x and y

isH(x; y) � �
R
p(x; y) ln p(x; y)dxdy . Entropy

can be interpreted as a measure of uncertainty,
variability, or complexity.

Information has three components. The �rst
term on the right in Equation 1 is the entropy in
the model. It is not a function of T . The second



Figure 2: The �rst �gure shows the result of just using the �rst image to register, and the second �gure shows

the result of only using the second image to register. Notice that in both cases, the registration is good

in the image plane of the view that was used but is o� in the other view.

term is the entropy of the part of the image into
which the model projects. It encourages trans-
formations that project u into complex parts
of v. The third term, the (negative) joint en-
tropy of u and v, takes on large values if u and
v are functionally related. It encourages trans-
formations where u explains v well. Together
the last two terms identify transformations that
�nd complexity and explain it well. This is the
essence of mutual information.

In [Viola and Wells, 1995] and [Viola, 1995] a
stochastic gradient descent method was used to
seek local maxima of the mutual information
criterion, and [Wells et al., 1995] described a
gradient method that uses histograms to ap-
proximate entropies and their derivatives. The
latter method was used in the work reported
here.

4 Multiple View Registration

The goal of the multiple view 2D-3D mutual
information registration approach is to �nd the
pose of the model that best describes all the im-
ages of the object. The algorithm is very similar
to that which is described in [Viola and Wells,
1995]. To apply the mutual information regis-
tration technique to multiple views, we perform
a single-view registration \step" for each view
in turn.

The algorithm requires a point/normal model
M of the object, and n images of that object

fI1; : : : ; Ing. Additionally, the relative poses
(positions and orientations) of the n cameras
must be known. Let Tj 2 fT1; : : : ; Tng be the
transformation that takes a point in world coor-
dinates into Camera j's coordinates. (Assume,
for simplicity, that T1 is the identity, so world
coordinates are the same as Camera 1 coordi-
nates.) Finally, the algorithm requires an ini-
tial pose P0 from which to perform the gradient
ascent.

At each iteration, for each view, the algorithm
updates the pose in the direction of the gradient
of mutual information for that view.

P  P0

For each iteration i, (i = 1; 2; : : :)
For each view j, (j = 1; : : : ; n)
De�ne:

Pj  PM

Mj  TjPj
Compute:

�Pj  rMI(Mj ; Ij)
Let:

D = translation(Pj)
R = quaternion rotation(Pj)
d = �d � translation(�Pj)
r = scale rotation

(quaternion rotation(�Pj); �r)
Update:

P 0

j(�) r(R(�)) +D + d

P  T�1

j P 0

j

The functions translation(P ) and quaternion-

rotation(P ) extract the translational and rota-



tional components of the pose P respectively. A
rotation r can be represented as a rotation angle
� about some unit vector v (so r = h�; vi). The
function scale rotation scales the rotation angle
� such that scale rotation(h�; vi; �r) = h�r�; vi.
Note that in the �rst update step, P 0

j is set to
the result of composing Pj with a scaled �Pj

5 Results

In this section, we present the results of run-
ning multiple registration experiments using
two views of a model car. A 3D point-normal
model of the car was derived from a computed
tomography (CT) scan. Two cameras were
placed approximately 1:5m apart aimed at the
model car that is 0:5m in length and positioned
about 1:0m away from the two cameras. The
images of the car taken from the two cameras
are shown in �gures 1. A \correct" pose was
determined by manually aligning the 3D model
in both image frames. This pose will be used
as the ground truth for the registration experi-
ments.

In order to evaluate a pose that is returned by
the registration algorithm, it is necessary to de-
�ne a distance or error metric for poses. The
error metric we used is de�ned as follows:

E3D(P jP
�;M) = max

q2M
jjPq � P �qjj

The error in pose, given the \correct" pose P �

and the model M , is the maximum distance
between corresponding model points under the
two transformations.

5.1 Results on One Example Trial

Starting with a initial random pose with an er-
ror of 50:8mm, after 200 iterations of the algo-
rithm, using both views, the �nal pose error is
3:1mm. Figure 1 shows the initial pose and the
�nal pose. As a comparative measure, the al-
gorithm was run twice more, once using only
the �rst view, and a second time using only
the second view, again for 200 iterations start-
ing from the same initial pose. The pose errors
for these single-view registrations were 17:3mm

and 26:8mm respectively. Figure 2 shows the
results of these registrations. Notice that for

both registrations, the algorithm did a good job
of locking down the registration in the x and y

direction of the view it processed, but did not
register the model very accurately in the z di-
rection, or the direction of the optical axis. In
both cases, this error in registration is notice-
able in the other view of the car that was not
used in the registration.

5.2 Results Over Many Trials

The two-view mutual information registration
algorithm was run on the same car images (in
�gure 1) with 400 random starting model poses.
Each random initial pose was with in �15mm

and �10� in each dimension of the \right" pose.
For each random pose, the algorithm was run
for 200 iterations, once using only the �rst view,
once using only the second view, and once using
both views. The graph in Figure 3 shows the re-
sults from these 400 trials, sorted by error. As
seen in the graph, the two view registration pro-
cess aligned the model within 3:5mm of the cor-
rect pose slightly over 80% of the time. When
the algorithm had only one view to work with,
the registration error was signi�cantly greater,
and from the graph, it is even di�cult to see
when it converged near the correct solution and
when it found an incorrect pose.

However, one of the �rst observations and the
main motivation for using multiple views was
that a single view has very limited depth infor-
mation, and any registration algorithm would
have di�culty accurately registering an object
along the optical axis. Thus, comparing the
single-view and two-view algorithms in this way
| by using three dimensional distance | is not
really a fair comparison. Therefore, we de�ne
the following two dimensional error metric:

E2D(P jP
�;M) = max

q2M
jjFP (Pq)� FP (P

�q)jj

where FP takes a point in the 3D coordinates
of a camera and projects it into 2D image co-
ordinates. E2D, unlike E3D, only considers the
error in the image plane, and ignores any error
along the optical axis. Thus, E2D would seem
to be a more \fair" error measurement to use
when comparing a multiple-view registration to
a single-view registration.
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Figure 3: The �rst graph illustrates the 3D error in pose after 200 iterations over the 400 registrations with

random initial poses. The second graph illustrates the 2D pose error. In this graph, any error along

the optical axis is ignored.

Figure 3 shows the results of the 400 trials using
the two dimensional error metric. Notice that
now it is much more obvious when the single-
view algorithm converged near the correct so-
lution. However, the two-view approach still
performs signi�cantly better in a few di�erent
ways. First, the pose error of the two-view al-
gorithm is still much less that of the single-view
algorithm, usually by a factor of two. This im-
plies that using two views not only improves
the registration along the optical axis, but also
yields a better registration in the image plane.

In addition to returning more accurate registra-
tions, the two-view method also seems to have
a much larger region of convergence. Of the
400 trials, the two-view approach registered well
80% of the time, registered reasonably about
15% of the time, and diverged the remaining
5%. The single view method registered well
only about 50% of the time, registered reason-
ably about 25% of the time, and diverged about
25% of the time. Thus, using two views seems to
drastically improve the registration of the model
to the position of the 3D object in the world.

One disadvantage of using multiple views is that
it can be slower by a factor of n for n views.
Generally, though, the registration actually con-
verges much faster (and is more likely to con-
verge), so the slowdown may not be signi�cant.
Another disadvantage of using n views is that it
requires the calibration of n cameras. In some
applications, it might be di�cult to precisely

calibrate the n cameras.
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