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Abstract
This paper deals with the problem of analysing se-

quences of images of rigid point objects taken by unca-
librated cameras. It is assumed that the correspondences
between the points in the different images are known. The
paper introduces a new framework for this problem. Cor-
responding points in a sequence of n images are related to
each other by a fixed n-linear form. This form is an object
invariant property, closely linked to the motion of the ca-
mera relative to the fixed world. We first describe a reduced
setting in which these multilinear forms are easier to un-
derstand and analyse. This new formulation of the multili-
near forms is then extended to the calibrated case. This for-
mulation makes apparent the connection between camera
motion, camera matrices and multilinear forms and the si-
milarities between the calibrated and uncalibrated cases.
These new ideas are then used to derive simple linear met-
hods for extracting camera motion from sequences of ima-
ges.

1 Introduction
A central problem in scene analysis is the analysis of 3D-

objects from 2D-images, obtained by projections. In this
paper we will concentrate on the case of a sequence of ima-
ges consisting of points, with known correspondences. The
objective is to calculate the shape of the object using the
shapes of the images and to calculate the camera matrices,
which gives the camera movement. We will present a met-
hod where no camera calibration is needed; making it pos-
sible to reconstruct the object and the camera movement up
to a projective transformation.

During the last couple of years it has become increa-
singly popular to use invariance in computer vision. Two
main types of invariance are viewpoint invariance and ob-
ject invariance. Viewpoint invariant properties are pro-
perties which are intrinsic to the viewed object and inde-
pendent of camera position or motion. An example is the
classical cross ratio of four collinear points. Such proper-
ties can be used to recognise or reconstruct objects without
knowing the relative position of the camera to the object.

Another type of invariancy is the object invariant proper-
ties, i.e. properties of images which only depend on camera
motion and not on the viewed object. An example of such
a property is the epipolar constraint. These properties have
twofold uses

� The constraints can be used to find further image cor-
respondences.

� The constraints give information about the camera
motion.

This type of invariancy is currently under intense research
by a number of groups, cf. [1, 5, 6, 7, 8, 11, 12, 15]. The
strong development has been aided by a very fruitful e-mail
distributed discussion group during the spring. As is done
in the work cited above, this paper deals with the generali-
sation of the epipolar constraint to the problem of analysing
sequences of images. A new formulation of the multilinear
constraints is presented which simplifies the analysis. This
is first done in an affinely reduced setting closely related
to the idea of affine shape, cf. [14], and relative affine re-
construction cf. [12]. The formulation is then generalised
to the calibrated, the traditional uncalibrated and to a pro-
jectively reduced setting. This projective reduction has pre-
viously been used in [13] to simplify the estimation of the
fundamental matrix. In this article the same idea is genera-
lised to image sequences. This new formulation makes ap-
parent the connection between camera motion, camera ma-
trices and multilinear forms and the similarities between the
calibrated and uncalibrated cases. The ideas are then used
to derive simple linear methods for extracting camera mo-
tion from sequences of images. We hope that this new for-
mulation will increase the understanding of different appro-
aches and clarify the similarities between uncalibrated and
calibrated cameras.

2 The affinely reduced setting
Given a sequence of images our first aim is to analyse the

constraints on image points and on camera motion. These
constraints will help us to determine camera motion from



image correspondences without explicitly calculating the
shape of the object points.

We assume that the camera is described by the following
standard model,

�
�λix
λiy
λi

�
� � Pi

�
���
X
Y
Z
1

�
��� � i � 1 � � � � �n (1)

where x and y are the image coordinates, Pi are the pro-
jection matrices, X, Y and Z are the coordinates of the ob-
ject and λi are scale factors (different for different points
and different images). Given a sequence of images from
this model our aim is to reconstruct the object, to calculate
mutual invariants between the images and to obtain a cano-
nic description of this situation.
2.1 One Image

Since the camera matrices P are unknown we can mul-
tiply (1) from the left by an arbitrary nonsingular 3 	 3
matrix, which corresponds to choosing different affine co-
ordinate systems in the images. A reasonable choice, to ex-
ploit this degree of freedom, is to make the first three points
in the images to have affine coordinates 
1 �0 �0�, 
0 �1 �0�
and 
0 �0 �1�, that is a standard affine basis. Furthermore we
can multiply Pi in (1) from the right by an arbitrary nonsin-
gular 4 	4 matrix, A, if we multiply each coordinate vector

X �Y�Z �1� with A�1. This corresponds to choosing affine
or homogeneous coordinates in the object. In this way we
can also assume that the scale factors for the first four points
are equal to 1. For reasons that soon will be clear we choose
the 4 	 4 matrix such that the first three points in the ob-
jects have homogeneous coordinates 
1 �0 �0 �0�, 
0 �1 �0 �0�,
0 �0 �1 �0� and the focus of the first camera has homogene-
ous coordinates 
0 �0 �0 �1�. This is basically the same idea
as the relative affine coordinates in [11]. Putting together
the equations from (1) for the first four points gives

�
�1 0 0 0
0 1 0 0
0 0 1 0

�
� �

�
�1 0 0 0
0 1 0 0
0 0 1 0

�
�

�
���
1 0 0 0
0 1 0 0
0 0 1 0
0 0 0 1

�
��� � (2)

since the only possibility for P1 is P1
� 
I �0� and the focus

of the camera maps to 
0 �0 �0�. This also explains the cho-
ice of object coordinates. Because the homogeneous coor-
dinates are determined up to an unknown scale factor we
can choose this scale factor such that all scale factors, λ1
in (1) in the first image are equal. It also follows that an
arbitrary point in the object with homogeneous coordinates

X �Y�Z �W � projects to the image point with affine coordi-
nates 
X �Y�Z�. This means that the only unknown coordi-
nates are the fourth and if these coordinates can be calcula-
ted we have a reconstruction.

2.2 Two Images
We now consider a second image. Let the scale factors,

λ2 in (1), for the first three points be p1, p2, p3 and let p
be the scale factor for an arbitrary point with affine coor-
dinates 
a1 �b1 �c1� in the first image and 
a2 �b2 �c2� in the
second image. Then the camera matrix is given from

�
�p1 0 0 pa2
0 p2 0 pb2
0 0 p3 pc2

�
� �

�
�p1 0 0 t1

0 p2 0 t2
0 0 p3 t3

�
�

�
���
1 0 0 a1
0 1 0 b1
0 0 1 c1
0 0 0 1

�
��� �
(3)

where 
t1 �t2 �t3� � 
pa2 � p1a1 � pb2 � p2b1 � pc2 � p3c1�.
That is P2

� 
Dp �t�, where Dp is the diagonal matrix obtai-
ned from 
p1 � p2 � p3� and t � 
t1 �t2 �t3�.

Consider now an arbitrary point 
X �Y�Z �W � in the ob-
ject and its projection 
x1 �y1 �z1 � and 
x2 �y2 �z2 � in the first
and second image. It follows from (2) and (3) that


x1 �y1 �z1� � 
X �Y�Z� �

px2 � py2 � pz2� � 
p1X � t1W� p2Y � t2W� p3Z � t3W � �

(4)

where p is the scale factor for the point. From these equa-
tion we can eliminate p and 
X �Y�Z �W � which gives

det

�
�p1x1 t1 x2
p2y1 t2 y2
p3z1 t3 z2

�
� � 0 � (5)

Rewriting this determinant gives

�
x1 y1 z1�

�
� 0 p1t3 �p1t2

�p2t3 0 p2t1
p3t2 �p3t1 0

�
�

�
�x2
y2
z2

�
� � 0 � (6)

or xT Fx̄ � 0, where x and x̄ are the affine coordinate vectors
in image 1 and image 2 and F are the fundamental matrix
for this particular choice of coordinates. We call F the re-
duced fundamental matrix and t the projective transla-
tional vector. It can be seen from (6) that F can be facto-
rised as

F �
�
�p1 0 0

0 p2 0
0 0 p3

�
�

�
� 0 t3 �t2

�t3 0 t1
t2 �t1 0

�
� (7)

that is as a product of a diagonal and a skew matrix. The
diagonal matrix contains the kinetic depths, see [14] and
[7], on the diagonal and the skew matrix is formed from
the vector t. From (6) and (7) it is obvious that t � µe21
where e21 are the affine coordinates of the epipole in the
second image and D�1

p t � νe12 where e12 are the affine co-
ordinates of the epipole in the first image, and µ and ν are



scale factors needed to make the sum of the affine coordina-
tes equal to 1. The components of the reduced fundamental
matrix can be calculated linearly from eight point matches
and then the kinetic depths and the epipoles can be recove-
red linearly. Finally, the eliminated W-coordinates can be
calculated, which gives the reconstruction.

2.3 Three Images
We now consider three images concurrently. Let the

scale factors, λ3 in (1), for the first three points in the third
image be q1, q2, q3 and the affine coordinates for a fourth
arbitrary point in the third image be 
a3 �b3 �c3�, with scale
factor q. Then the camera matrix for camera three is given
by

P3
�

�
�q1 0 0 t̄1

0 q2 0 t̄2
0 0 q3 t̄3

�
� (8)

where 
t̄1 � t̄2 � t̄3� � 
qa3 � q1a1 �qb3 � q2b1 �qc3 � q3c1�. It
follows that P3

� 
Dq � t̄�, where Dq is the diagonal matrix
obtained from 
q1 �q2 �q3� and t̄ � 
t̄1 � t̄2 � t̄3� is the pro-
jective translational vector between image 1 and image 3.
Consider now an arbitrary point 
X �Y�Z �W � in the object
and its projection 
x3 �y3 �z3 � in the third image. It follows
from (3) that


qx3 �qy3 �qz3� � 
q1X � t̄1W�q2Y � t̄2W�q3Z � t̄3W � �
(9)

where q is the scale factor for the point. From (4) and (9)
we can eliminate p, q and 
X �Y�Z �W � which gives

rank

�
�������

p1x1 t1 x2 0
p2y1 t2 y2 0
p3z1 t3 z2 0
q1x1 t̄1 0 x3
q2y1 t̄2 0 y3
q3z1 t̄3 0 z3

�
�������
� 3 � (10)

From this equation it follows that there are three alge-
braically independent equations in the image coordinates,
see also [11]. Two of them can be chosen as the bilinear
constraints from the reduced fundamental matrices and one
is a combined expression involving coordinates of points in
all three images. It can also be shown that there are four li-
nearly independent trilinear expressions in the image coor-
dinates. It follows from (10) that it is possible to recover p,
q, t, and t̄ up to scale factors. If we fix the scale for p, q and t
then t̄ can be recovered without unknown scale factor. This
means that the camera matrices can be completely recove-
red from this information. We remark that this can be done
linearly from at least seven point matches in three images
by the reduced fundamental tensor, cf. [7].

Considering the pair of image 2 and image 3, we can de-
rive the reduced fundamental matrix from (10) by elimina-
ting x1, x2 and x3 which gives

det

�
�q1x2 p1x3 q1t1 � p1t̄1
q2y2 p2y3 q2t2 � p2t̄2
q3z2 p3z3 q3t3 � p3t̄3

�
� �

� p1 p2 p3 det

�
�r1x2 x3 r1t1 � t̄1
r2y2 y3 r2t2 � t̄2
r3z2 z3 r3t3 � t̄3

�
� � 0 �

(11)

where ri
� qi�pi are the kinetic depths between image 2 and

image 3. The epipole of camera 2 in image 3 is a multiple of
t̂ � 
r1t1 � t̄1 �r2t2 � t̄2 �r3t3 � t̄3�, the projective translatio-
nal vector between image 2 and image 3. This means that if
t, t̄ and t̂ � Drt � t̄ can be determined up to unknown scale
factors from reduced fundamental matrices between the th-
ree different pairs of images, then it is possible to recover
the camera matrices if t, t̄ and t̂ are not collinear. Geometri-
cally this can be viewed as vector addition of Drt and t̂ with
appropriate lengths giving t̄ also with appropriate length.
2.4 Four Images

In the same way as above it can be shown that conside-
ring four images, elimination of object coordinates and ki-
netic depths gives

rank

�
�������������

p1x1 t1 x2 0 0
p2y1 t2 y2 0 0
p3z1 t3 z2 0 0
q1x1 t̄1 0 x3 0
q2y1 t̄2 0 y3 0
q3z1 t̄3 0 z3 0
s1x1 t̃1 0 0 x4
s2y1 t̃2 0 0 y4
s3z1 t̃3 0 0 z4

�
�������������

� 4 � (12)

where si are the kinetic depths between image 1 and 4, t̃i is
the projective translational vector between image 1 and 4
and x4, y4 and z4 are affine coordinates in the fourth image.
By considering all five by five subdeterminants it can be
seen that we get nothing new, just bilinearities from pairs
of images and trilinearities from triples of images.
2.5 Sequence of Images

It has been shown above that the camera matrices can be
written as

P1
� 
I �0� � Pi

� 
Di � � ti� � i � 2 � � �n � (13)

where Di are diagonal matrices formed from the kinetic
depths from the three basis points, ti are multiples of the
affine coordinates for the epipoles of camera 1 in image i
and n � 1 is the number of images. Equivalently this can
be written as

P1
� 
I �0� � Pi

� 
Di � � Dit̄i� � i � 2 � � �n � (14)
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�
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Figure 1: The reduced fundamental matrices and the extra scale factors needed to uniquely describe an image se-
quence.

where t̄i is a multiple of the affine coordinates of the epipole
in image 1 from camera i. Notice the similarities with the
calibrated case, see also [1]. Now it is possible to calculate
the positions of the center, Zi, of camera i as the nullspace
of Pi, which is 
t̄i �1� � 
t̄i1 � t̄i2 � t̄i3 �1�, where the projective
translational vector t̄i is a multiple of the affine coordina-
tes of the epipole in image 1 of camera i. Then all possible
camera locations can be calculated from this representation
by a projective transformation.

It has also been shown that the reduced fundamental ma-
trices between consecutive pairs of images contains nearly
all information. The extra information needed is just a scale
factor, the ratio between the length of the projective transla-
tional vectors. These ratios can be obtained either from the
trilinearities or from other reduced fundamental matrices.
This can be visualised as in Figure 1, cf also [8].

3 Projectively reduced setting
If four or more coplanar points can be seen and detec-

ted in each image, then the image of these can be used to
simplify the problem in a similar way as in the discussion
above. Choose a projective coordinate system so that the
coplanar points lie on the plane at infinity and have coordi-
nates 
1 �0 �0 �0�, 
0 �1 �0 �0�, 
0 �0 �1 �0� and 
1 �1 �1 �0�. Then
choose a projective coordinate system in each image so
that the image of the four points have coordinates 
1 �0 �0�,
0 �1 �0�, 
0 �0 �1� and 
1 �1 �1�. Then each camera matrix
must be of the form

Pi
�

�
�1 0 0 tx

1
0 1 0 ty

1
0 0 1 tz

1

�
� � (15)

This can be verified by a explicit calculation or by noting
that the projection from the plane at infinity to the image
plane is governed by the first 3 	3 block Q in the camera

matrix. Since this transformation is the identity on a pro-
jective basis, the matrix Q must be the identity. The last
3 	1 block is undetermined. Thus we have reduced the ef-
fect of camera rotation and change in internal calibration.
After reduction the image sequence can be analysed as if
the cameras motion was purely translational. The same ef-
fect is obtained as soon as the planar object is aligned in
each image. The specific choice of coordinate system, e.g.

1 �0 �0�, 
0 �1 �0�, 
0 �0 �1� and 
1 �1 �1�, is not important.
The multilinear constraints now become of the form

rank

�
��
x1 t12 x2 � � � 0
...

... 0
. . . 0

x1 t1N 0 � � � xN

�
�� � N � (16)

This is linear in the motion and can thus be solved by li-
near methods. In this way the problem of determining the
camera direction and motion is split into two independent
parts. The direction is estimated using the points at infinity
and the position is estimated using the remaining points.

4 Generalisations of the above
The analysis above can now easily be summarised or re-

formulated in four settings.

1. The traditional uncalibrated setting.

2. The affinely reduced uncalibrated setting.

3. The projectively reduced uncalibrated setting.

4. The internally calibrated setting.

The affinely reduced setting is the one described in Section
2, where the image of three corresponding points are used
as an affine basis in each image. The projectively reduced
setting is the setting described in section 3, where four or



more coplanar points are used as a projective basis in each
image plane.

The multilinear constraints can be written as

rank

�
��
x1 t12 Q12x2 � � � 0
...

... 0
. . . 0

x1 t1N 0 � � � Q1NxN

�
�� � N � (17)

where x1 � � � � �xN are the corresponding image of a point in
N images, and Qi j are 3 	3 matrices. These matrices can
be thought of as the image coordinate changes from image j
to image i, or the relative change of direction between time
instant i and j. The only difference between the four set-
tings lie in the choice of manifold for Qi j . These matrices
are:

1. General planar projective transformations in setting
1. (8 degrees of freedom ).

2. Diagonal matrices in setting 2. (2 d o f ).

3. Identity matrices in setting 3. (0 d o f).

4. Rotation matrices in setting 4. (3 d o f ).

Notice that the form (17) is a summary of all multilinear
constraints on a sequence of N images. Each N � 1 	N � 1
subdeterminant is a multilinear form in the image coordina-
tes. Since the rank of the whole matrix should be zero, each
such subdeterminant should be zero. The constraints can be
used in several ways. First of all the parameters t12 � � � � �t1N

and Q12 � � � � �Q1N can be calculated given enough image
correspondences. In setting 1 this can only be done uni-
quely up to a choice of the plane at infinity. However, in
settings 2, 3 and 4 the plane at infinite is already well defi-
ned so the parameters t12 � � � � �t1N and Q12 � � � � �Q1N can be
found essentially uniquely. Second, knowledge of the pa-
rameters makes it possible to find further image correspon-
dences. Third, the parameters are closely linked to a recon-
struction of the camera matrices, Pi

� Q1i

I � � t1i� � Notice

that the projection onto the screen can be seen as a com-
position of a standard projection towards the focal point t1i
and a projective rearrangement Q1i of the image coordina-
tes. Depending on the setting this projective rearrangement
have 0, 2, 3 or 8 degrees of freedom. Another interpretation
is that t1i represents the position of the camera and Q1i the
generalised orientation of the camera.

As in the previous discussion it is easy to see that all
non-trivial N � 1 	 N � 1 subdeterminant is a product of
either a bilinear or a trilinear constraint. Thus the trilinear
constraints

rank

�
u1 t12 Q12u2 0
u1 t13 0 Q13u3� � 3

and the bilinear constraints

rank
�
u1 t12 Q12u2� � 2

are the building blocks on which the motion can be calcu-
lated. As usual the bilinear constraints can be represented
with the fundamental matrix,

uT
1 F12u2

� uT
1 Tt12 Q12u2

� 0 �
where Tt is the matrix representing cross product with
vector t.

Notice the strong similarity between the four settings.
The only difference is a priori knowledge on the matrices
Qi j.

Denote by Mi the coordinate change from world coordi-
nates to the i’th camera coordinates, cf. Fig. 2,

Mi
� �Qi �Qiti

0 1 � (18)

with this notation each camera can be considered as a co-
ordinate transformation followed by the standard camera
matrix

P0
� ��1 0 0 0

0 1 0 0
0 0 1 0

�� (19)

so that Pi
� P0Mi.

2 3 N1

x y

z

M12 M23

M1
M2 M3

MN

M13

� � �

Figure 2: A sequence of images and coordinate
transformations between different camera coordinate
systems and the object coordinate system.

The situation is illustrated in Fig. 2. In this figure
we have also included the change of coordinate system
between different camera coordinates Mi j which we define
as Mi j

� MiM�1
j � This block matrix can be seen to be

Mi j
� MiM�1

j
� �Qi j ti j

0 1 � � (20)



where

Qi j
� QiQ�1

j and ti j
� Qi 
t j � ti� � (21)

Thus Qi j is the change of ’orientation’ from the j’th ca-
mera coordinate system to the i’th camera coordinate sy-
stem. Through the multilinear forms, which can be calcu-
lated from the images, we obtain partial information about
the relative coordinate transformations Mi j . This partial in-
formation is often difficult to use and analyse. It is therefore
natural to try to estimate the full motion of the cameras ins-
tead, i.e. the coordinate transformations Mi � i � 1 � � � � �n.

The bilinear forms can be calculated from point and/or
curve correspondences in the two images, cf. [3]. Thus

Qi j �ti j � can be calculated, but ti j can only be calculated
up to an unknown scale factor and in the totally uncalibra-
ted setting Qi j can only be calculated up to a transforma-
tion related to the choice of plane at infinity. This informa-
tion can then be used both to find further image correspon-
dences but also as we shall see to calculate the full camera
motion, up to an unknown scale factor. A collection of bili-
near constraints are consistent if and only if�

Qi j
� QikQk j

ti j � tik � Qiktk j are coplanar
(22)

If the cameras are in general position the fact that the three
directions ti j � tik � Qiktk j are coplanar but not collinear can
be used to reconstruct the camera motion without using the
trilinear constraints. If on the other hand ti j �tik �Qiktk j are
collinear the trilinear constraints are needed for the recon-
struction.

5 Structure and motion from image se-
quences

One of the main motives for an investigation of the mul-
tilinear constraints, as is done above, is to find new solu-
tions to the problem of extracting structure and motion from
image sequences. Given a number of images of an unk-
nown scene the best estimate of the structure and motion
can be obtained by optimising over all parameters as in [4]
and [2]. This is necessary if a very good reconstruction is
needed as in surveying and the kind of application descri-
bed in [2]. But in other applications a recursive approach is
more appropriate. This is advantageous for two reasons: (i)
the number of parameters to estimate does not grow all the
time, (ii) the amount of processed data does not grow all the
time. One idea would be to recursively update the motion
(the camera matrix) and the structure (the reconstruction) at
each time instant as is done in [9]. This is still a very large
amount of data to update. Another idea is to recursively up-
date the motion (the camera matrix) only. This is where the
study of multilinear constraints are needed. The discussion

above shows that the trilinear forms of images k � 2 �k � 1
and k are needed to update camera matrix Pk. So a discrete
time filter would have to be of type


Pk�3 �Pk�2 �Pk�1 �Tk�2 �k�1 �k� � 
Pk�2 �Pk�1 �Pk � �
where Tk�2 �k�1�k represents the information in the trilinear
constraints. The investigation above also indicate that in
the continuous time case a second order filter is needed, i.e.
second derivatives with respect to time are needed to esti-
mate motion.

Another area where the discussion above is needed is to
understand how motion can be estimated from multilinear
constraints when these have been found without point cor-
respondences, as in [3].

6 Experiments
Some preliminary investigations were performed to eva-

luate the ideas above. The first thing to note is that the in-
vestigation above only deals with the ideal noise-free case.
While experimenting noise have to be taken into account.
In these experiment linear methods have been used combi-
ned with the singular value decomposition. This gives fast
algorithms and reasonable tolerance to noise. The solutions
from these fast but not so robust linear algorithms can then
be used as initial estimates to better, but slower non-linear
estimators.

The affinely reduced setting.
We illustrate the affinely reduced setting with an expe-

riment where 9 images have been taken of a simple scene.
These are shown in Fig. 3. Some of the corners are extrac-
ted and three corners, one from each box on the floor, are
used as an affine basis in each image. The paths that each
corner makes can now be analysed in the affinely reduced
setting. Linear methods are then used to estimate the kine-
tic depths and the camera motion. This motion is presen-
ted together with the reconstruction of some of the corner
points.

The projectively reduced setting.
To illustrate the idea of projective reduction, we have

taken a series of images with a planar curve and a few
simple objects. Five of these images are shown in Fig. 4.
The planar curve and some of the corners are extracted and
superimposed in the same figure. Each corner makes a
path in the image plane. These paths fulfill the multilinear
constraints in setting 1. To estimate motion both directions
matrices Qi j and camera positions ti j has to be estimated.
The planar object is detected and a projective coordinate sy-
stem is chosen at each time instant so that the planar curve
has the same coordinates. The paths that each corner makes
can now be analysed as if they were taken by a purely trans-
lating camera, cf. Eq. 16. Thus simple linear methods can
be used to calculate camera motion, t1 j. When the full ca-
mera motion is known it is easy to reconstruct the 3D point



configuration. The camera motion is shown together with
a reconstruction of the curve and the corners.

The affinely and projectively reduced setting share a
common numerical disadvantage. The simplification is ac-
hieved by dividing the problem into two parts. The ba-
sis points are used to estimate the direction Qi j and the re-
maining features are used to estimate the position ti j. It
would be numerically better to use all available measure-
ments to solve both direction and position. Still the reduced
setting is important for theoretical reasons. We believe that
a clearer understanding of the problem is obtained through
this formulation. The connections between affine shape, cf.
[14], relative affine reconstruction, cf. [12] and the tradi-
tional uncalibrated and calibrated setting is more apparent.
The reduced setting can also be useful to get initial estima-
tes of motion and reconstruction. Refinements can then be
made using the whole material in an appropriate way.

7 Conclusions and Acknowledgement
In this paper is presented, simplifications and a new for-

mulation of the multilinear forms that exist between a se-
quence of images. It becomes apparent that multilinear
forms contain information in the bilinear and trilinear forms
only. Furthermore the bilinear forms are in general suffici-
ent to use and the trilinear forms often follow from the bili-
near forms. This representation is fairly close to the repre-
sentation of the motion and it is easy to generalise to dif-

ferent settings. Four such settings calibrated, uncalibrated,
affinely reduced and projectively reduced, are described in
the paper.

The affinely reduced setting is described in detail. Much
is simplified through the choice of affine basis in each
image. A new form of the fundamental matrix, called the
reduced fundamental matrix, has been given. It has been
shown that it can be factorised as a product of a diagonal
and a skew matrix.

Further simplifications can be achieved if four or more
coplanar points can be identified in a short subsequence.
These coplanar points can be used in a projectively redu-
ced setting. After the reduction the analysis of the remai-
ning points can be made as if the camera underwent a pu-
rely translating motion, yielding even simpler forms on the
fundamental matrices and the trilinearities.

Two short image sequences are analysed with the met-
hods described in the paper. Camera movement as well as
the reconstruction of the viewed object are estimated using
the two reduced settings, thus demonstrating the feasibility
of the linear approach on real image data.

Further work in this area would be to incorporate
stochastic analysis and proper camera motion estimators
using this new framework.

The work has been done within the ESPRIT-BRA View-
point Invariant Visual Acquisition (VIVA).
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[2] Åström. K., Automatic Mapmaking, Proc. First IFAC In-
ternational Conference on Intelligent Autonomous Vehicles,
Southampton, UK 1993.
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Figure 3: Illustration of the affinely reduced setting. Fig. 3.a-i show nine images of a simple scene. In Fig. 3.j, some
of the extracted points are shown in the affine coordinate system defined by three basis points. In Fig. 3.k, the recon-
structed camera motion is shown together with a reconstruction of the extracted corner points. Fig. 3.l highlights
the reconstructed object.
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Figure 4: Illustration of the projectively reduced setting. Fig. 4.a-e show five images of a simple scene. In Fig. 4.f
the planar curve and some of the corners are extracted and superimposed in the same figure. In Fig. 4.g the planar
object is used as a basis for projective coordinate system in each image. The point paths can now be analysed as
if they were taken by a purely translating camera. Fig. 4.h shows the reconstructed camera motion together with a
reconstruction of the curve and the corners.


