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Abstract. Multi-body structure-and-motion (MSaM) is the problem to
establish the multiple-view geometry of an image sequence of a 3D scene,
where the scene consists of multiple rigid objects moving relative to each
other. So far, solutions have been proposed for several restricted settings,
such as only two views, affine projection, and perspective projection of
linearly moving points. We give a solution for sequences of several images,
full perspective projection, and general rigid motion. It can deal with the
fact that the set of correspondences changes over time, and is robust to
outliers. The proposed solution is based on Monte-Carlo sampling and
clustering of two-view motions, linking them through the sequence, and
model selection to yield the best explanation for the entire sequence.

1 Introduction

Structure-and-motion recovery from images as the only source of information
has been extensively studied in the last decade. For the case of static scenes,
the problem of fitting a 3D scene compatible with the images is well under-
stood and essentially solved [1, 2]. Soon after the main SaM-theory had been
established, researchers turned to the more challenging case of dynamic scenes,
where the segmentation into independently moving objects and the motion es-
timation for each object have to be solved simultaneously (see Fig. 1). Even in
the case of rigidly moving scene parts, which we will call multibody structure-
and-motion or MSaM, the geometric properties of dynamic scenes turned out
to be non-trivial. So far, algebraic solutions exist for the case of 2 views [3, 4],
for multiple affine views [5, 6], and for multiple affine views of linearly moving
points [7]. Non-algebraic approaches have been presented for 2 views, which ap-
ply conventional SaM and search for different motions, either iteratively [8, 9],
or simultaneously [10].

Here, we will examine the more realistic case of more than 2 views, perspec-
tive projection, and general rigid motion. The setting is the following: a scene
with multiple rigidly moving objects is recorded with a camera with calibrated
intrinsics. Calibration is convenient to avoid the degenerate cases of pure cam-
era rotation or planar objects, and to reduce the number of points necessary to
estimate a motion. However, the presented approach can be directly extended



Fig. 1. The multibody structure-and-motion problem. From a number of tracked cor-
respondences, estimate the number of moving objects, the segmentation into different
objects, and the 3D motion of the objects.

to an uncalibrated setting with different motion models for degenerate and non-
degenerate cases, as shown for 2 views in [10]. Image correspondences are tracked
through the captured sequence with a feature point tracker. Points may be lost
(e.g., due to occlusion), new points may be detected to replace the lost ones, and
the set of point tracks may contain outliers, which have been wrongly matched
between frames. Furthermore, the number of motions present may vary through-
out the sequence, e.g. when an object leaves the field of view.

An algebraic solution for the described case has so far proved elusive. There-
fore, we face a chicken-and-egg problem: the motions are needed for clustering,
but the clustering is needed to compute the correct motions. The method pre-
sented here follows a recover-and-select scheme. In a first step, motion models for
pairs of consecutive frames are instantiated by Monte-Carlo sampling. Robust
statistical analysis of the residuals is used to estimate the scale of the noise and
the set of inliers for each such motion model. The motions are then clustered, so
that similar candidates reinforce each other, and the resulting two-view motions
are linked between consecutive image pairs to obtain a set of candidate motions
through the sequence (section 2). Then, a model selection method is applied
to this set to find the most likely set of motions over the entire sequence (sec-
tion 3). An outline of the complete process is given in Algorithm 1. The method
is demonstrated on several data sets (section 4).

Algorithm 1 Outline of n-view multibody structure-and-motion method.
1. Tracking: track feature points through the sequence
2. Generating candidates: for each pair of consecutive frames (i, i + 1)

(a) Sample a set of epipolar geometries {Ei
j}

(b) For each Ei
j, estimate inlier set and standard deviation

(c) Cluster {Ei
j} and re-estimate representatives {Ei

k} for each cluster

3. Motion linking: recursively link {Ei
k} through frames to obtain candidate motions

4. Model selection: build objective function for candidate motions and maximize
5. Postprocessing: enforce temporal consistency to clean up segmentation
6. (optional) Triangulation: triangulate 3D coordinates of feature points



The original contribution of the paper is an extension of a recent method
for two-view MSaM [10], which for the first time solves the MSaM problem
for perspective image sequences and general rigid 3D motion. The problem is
sometimes referred to as 3D motion segmentation, however we prefer the term
multibody structure-and-motion, to emphasize that points are not only segmented
into rigidly moving sets, but also their tracks in 3D space are recovered.

2 Generating candidate motions

We start from a sequence of F frames recorded with a calibrated camera. With
the point tracker, N points have been tracked through the sequence. Each of
these points appears in at least 2 and at most F consecutive frames. Let an
(unknown) 3D scene point be denoted by x, and its image in the ith frame by
a homogeneous 3-vector vi, with {i ∈ 1 . . . F}. Since the camera intrinsics are
known, we can always pre-multiply the image points to obtain normalized image
coordinates ui = K−1vi. At this point, it is unknown how many moving objects
are visible in the sequence, and hence it is also unknown, which object a point
belongs to, or whether the track for that point contains false matches.

The first step in a recover-and-select framework is to generate candidate
motions. A candidate is a hypothetical object moving in 3D space, modeled
as a number of scene points x. The object moves through the field of view
for a number of frames, and the points x gives rise to point tracks u through
these frames, which satisfy an appropriate n-view relation. For two consecutive
frames, points on the same rigid object have to satisfy the epipolar constraint
(ui+1)TEui = 0, where E denotes an essential matrix.

Candidate motions will be generated by randomly generating such essential
matrices and linking them to longer motions. Since brute-force random sampling
and linking leads to a combinatorial explosion, some care has to be taken: very
improbable motions need to be pruned from the candidate set as early as possible,
and redundant motions, which are very similar, need to be avoided. As will
be seen, the important notion here is that in correspondence-based structure-
and-motion, a moving object is modeled as a rigidly moving set of points. The
common trait of the steps in this section is that they focus on this inlier set,
rather than the motion parameters, to compare and judge tentative motions.1

2.1 Pairwise sampling

As atomic hypotheses to start from, essential matrices between consecutive
frames are generated by Monte-Carlo sampling: random 5-tuples of correspon-
1 We are aware that making hard inlier/outlier decisions at an early point is theo-

retically questionable from a statistical point of view. For the sake of simplicity,
we will nevertheless explain the method using hard decisions. The described algo-
rithms can easily be extended to fuzzy membership values by replacing the binary
inlier/outlier index of each point with its inlier probability. However, the practical
difference is small, and in our view does not warrant the additional complexity and
computational burden.



dences are drawn and an essential matrix is estimated for each 5-tuple using the
five-point algorithm [11]. To increase the chance of finding an uncontaminated
sample, it is advisable to exploit the spatial coherence of points belonging to
the same motion. Except for special cases such as transparent objects, points
belonging to the same rigid object will be clustered in the image plane, and a
local sampling scheme will dramatically reduce the number of samples required
to find an uncontaminated one. For the experiments in section 4, the image
plane was subdivided into 3 overlapping rows and 3 overlapping columns, and
samples were drawn from the entire image, each column, each row, and each of
the 9 regions defined by a row-column intersection (see Fig. 2). This hierarchi-
cal scheme proved to be a reasonable compromise between local coherence and
global extension, which works well for different images.

Note that for each moving object we only have to make sure good candi-
dates are found in one of the sub-regions. If, as in most practical scenarios, the
minimum image area covered by an object is known, it is easy to find such a
subdivision. This means that the required sample number per frame is constant,
independent of the number of motions, and the total number of samples grows
linearly with the length of the sequence.

Fig. 2. Local sampling scheme for tentative motion models. Samples are drawn from
sub-regions of the image plane to exploit spatial coherence and reduce the required
sample number.

The inlier set and standard deviation for each candidate motion are computed
in a robust way by estimating the probability density function of the residuals
and discarding points outside the first mode of that density. Due to lack of space,
we refer the interested reader to [10] for details. Having estimated the inlier set
and standard deviation of all tentative epipolar geometries, the candidate set can
be pruned for the first time: only plausible candidates in terms of inlier count and
standard deviation are retained. The thresholds can be chosen conservatively,
since they only serve to discard the most improbable candidates: an upper bound
for the allowable standard deviation is the localization uncertainty of the tracked
image points, which is easily obtained from the point tracker, while the minimum
inlier number is set to some very low value, say 5% of all image points in a frame.

2.2 Motion clustering

The set of epipolar geometries recovered at this point will be highly redundant.
Many of the candidate motions will correspond to the same object and be similar.
Conversely, it is improbable that there are many clusters of similar motions
among the spurious candidates, which have survived to this point. Clustering the
essential matrices will detect and remove as much as possible of the redundancy.



This will both reduce the number of candidate motions further, and allow an
improved estimation of the correct ones.

Clustering epipolar geometries in parameter space is difficult. Even similar
sets of moving points may yield motions with very different parameters, due to
correlations and to the non-linearity of the geometric relations. We therefore
return to the definition of similarity as “explaining the same tracks”, and resort
to clustering based on the inlier sets, similar to [12]. Each epipolar geometry
is represented by a binary vector of size N , with entries 1 for its inliers, and
entries 0 for its outliers. The Hamming-distance dH between these vectors (the
number of differing bits) is then used as a similarity measure for clustering.
dH = 0 means that two inlier sets are identical, while dH = N means that
the outliers of one set are exactly the inliers of the other. Our implementation
uses simple average-linkage hierarchical clustering, however more sophisticated
methods could potentially be used.

The new set of candidates is now given by the representative “mean” motions
of all clusters. These “means” are obtained with a simple consensus mechanism:
the inliers of the “mean” are all points, which are inliers to >50% of the cluster
members, and its epipolar geometry is re-estimated from this inlier set. Option-
ally, one can discard very small clusters (say, with ≤2 members), which are likely
to be spurious motions, in order to further reduce the candidate set.

2.3 Motion linking

After clustering, we are left with a small number of essential matrices (in practice,
<10 per frame), each representing the motion of a set of points from one frame of
the sequence to the next. It is important to notice that we have not yet achieved
an optimal set of epipolar geometries for each pair of consecutive frames. It is
quite possible that some of the candidate motions only explain part of a moving
object, or that they explain two objects, if their relative motion between the
two frames is small. It is also quite likely that some spurious epipolar geometries
accidentally are strong enough to survive up to this point.

The epipolar geometries now have to be concatenated to longer motion
chains. It is not known, when each moving object has entered the field of view,
and when it has left it, so all chains of ≥1 epipolar geometries are potential can-
didates. Again, exhaustively linking all possible chains of length ≤ F leads to
a combinatorial explosion, and it disregards the temporal coherence of motions.
Since sequence analysis only makes sense, if the scene changes slowly compared
to the frame-rate, few tracks on each moving object will be lost per frame. Link-
ing only essential matrices with similar inlier sets, thus enforcing the temporal
coherence, greatly reduces the number of candidates. Only a loose threshold (say,
50%) should be used, so as not to eliminate motions with strong self-occlusions
due to rotation.

At the linking stage, we can no longer avoid the inherent complexity of the
problem. Unlike the previous steps, motion linking provokes a potentially expo-
nential increase in the number of candidates. This is why great care has been
taken to prune the candidate set as early as possible. Although the described



measures for reducing the number of candidates are extremely simple, they are
efficient. Experimentally, for sequences of up to 4 motions and 10 frames, the
number of candidate motions is generally <1000.

Note that generating motions by linking epipolar geometries in this way does
not impose any restrictions on the motion other than rigidity, so long as the inlier
sets are consistent. Within the limitations of the feature tracker, irregular and
jerky motions are not penalized compared to smooth ones, since there is no
temporal prediction involved.

3 Selection of motions

The result so far is a set S of candidates for object motions. The desired result
is a minimal required set to explain the motion of the tracked image points. This
can be viewed as a model selection problem: from the combinatorial set of expla-
nations given by all subsets of S, select the one with highest probability P. Due
to Shannon’s theorem, maximizing the probability is equivalent to minimizing
the codelength L, since the two are related by L ∼ − log(P). We will derive the
selection criterion using an MDL-like approach based on codelengths.

3.1 Codelength of motion data

Given is a sequence of F images. Points through the sequence have been tracked
with a tracker, which may lose points (e.g., due to occlusions) and replace them
by detecting new feature points. The search area for the tracker is usually re-
stricted to a window of size w × w around a point’s position in the previous
image (for unrestricted matching, w is the image size).

Now let us assume that over a part of the sequence, which has F 1 ≤ F
frames, a rigid object M1 has moved through the scene. The total number of
tracked 3D points on the rigid object is N1, of which only N1

i are visible in
each frame {i ∈ 1 . . . F} (if F 1 < F , then N1

i = 0 for some frames). Conversely,
each 3D point xj is only seen in F 1

j of the F 1 frames. If we want to code these
points without using their 3D structure, this has to be done by specifying their
coordinates within the search window for each frame. Assuming uniform density
over the search area, the coding length (the negative log-likelihood) is

L1+ =
F∑

i=1

N1
i log

1
w2

. (1)

On the other hand, if the 3D structure and motion is known, the approximate
coordinates of each point can be constructed by projecting the corresponding 3D
point xj into the image, and only the residual rij with respect to this location has
to be coded. Assuming that the residuals have a zero-mean normal distribution
with standard deviation σx = σy = σ, the codelength for this is

L1a− =
1

2σ2

F∑
i=1

N1
i∑

j=1

r2
ij +

F∑
i=1

N1
i log(2πσ2). (2)



However, we also have to encode the 3D structure and motion parameters. Gen-
eralizing Torr’s GBIC approximation [13], their coding length can be estimated
from the number of equations used to estimate the different parameters. Each
coordinate of a structure point xj is computed from 2F 1

j equations, and there are
3 coordinates for each of the N1 points. Each motion parameter of the ith frame
is computed from 2N1

i equations, and for F 1 frames and calibrated intrinsics,
there are (6F 1 − 7) motion parameters. Taken together, the codelength is

L1b− =
3
2

N1∑
j=1

log(2F 1
j ) +

1
2

(
6− 7

F 1

) F 1∑
i=1

log(2N1
i ) . (3)

The goal is to model multiple motions, so we need an index to store which points
belongs to motion M1 in each frame of the sequence. To this end, we need (i) a
binary index to indicate, which points belong to M1 in any of its frames, (ii) the
first frame, in which M1 is visible, and (iii) the subset of the following F 1 frames
in which each point is visible. The codelength for these together is

L1c− = N + log(F ) + N1 log
(

F 1(F 1 − 1)
2

)
. (4)

Using the structure-and-motion representation, we reduce the codelength by
L1+, but increase it by (L1a− + L1b− + L1c−). The total savings thus are

D1 = log
w2

2πσ2

F∑
i=1

N1
i −

1
2σ2

F∑
i=1

N1
i∑

j=1

r2
ij −

3
2

N1∑
j=1

log(2F 1
j )−

−
(

3− 7
2F 1

) F 1∑
i=1

log(2N1
i )−N − log(F )−N1 log

(
F 1(F 1 − 1)

2

)
.

(5)

If this value is positive, using the structure-and-motion representation reduces
the total codelength, or equivalently, it increases the probability of the model.

If we also use a second motionM2, then a point ui may be an inlier to both of
them, and it is at this stage not possible to decide, which one it shall be assigned
to. To assure the minimal codelength, we therefore have to make sure that the
point is only coded once in each frame. Adding the savings (D1 + D2) unjustly
assumes that coding these points twice could reduce the codelength further. To
remedy this, we must introduce a correction term, (D1 +D2 −D1∩2), where

D1∩2 = log
w2

2πσ2
1

F∑
i=1

N/1+log
w2

2πσ2
2

F∑
i=1

N/2− 1
2σ2

1

F∑
i=1

N/1∑
j=1

r2
1j−

1
2σ2

2

F∑
i=1

N/2∑
j=1

r2
2j .

(6)
Here, N/1 means the portion of the inliers to both, which have larger normalized
residuals in M1, and similar for M2. It is important to understand that cor-
rect treatment of ambiguous points is a fundamental requirement in a scheme,
which uses model selection to simultaneously recovers multiple motions. If it is



neglected, any motion whose likelihood outweighs the complexity penalty will
increase the total likelihood and be selected. As an extreme example look at the
case where M2 consists of the first (F 1 − 1) frames of M1, i.e., it is a subset
of M1 representing the case that the object has left the field of view or become
occluded in the last frame. If M2 reduces the codelength, then in most cases
so does M1, and both will be selected, which clearly contradicts the desire to
minimize the model complexity. If, on the contrary, we take care not to “explain
the same points twice” by introducing D1∩2, then the two will never both be
selected, because if one is a subset of the other, D1∩2 > min(D1,D2).

3.2 Minimizing the codelength

To minimize the codelength one must maximize the total savingsD. The question
is, which motions to use, hence the variable is a boolean vector b of length M ,
which indicates the presence (bi = 1) or absence (bi = 0) of a motion in the
model [14]. The total savings in codelength, as a function of which motions are
used, are then given by the quadratic boolean expression D(b) = 1

2b
TDb, where

D is a symmetric matrix of the following form:

D =


2D1 −D1∩2 . . . −D1∩M

−D1∩2 2D2 . . . −D2∩M

...
...

. . .
...

−D1∩M −D2∩M . . . 2DM

 (7)

Note that no parameters have to be tuned in (5) and (6). The formulation as a
quadratic problem is only possible, because the contributions of different motions
to the codelength have been separated, and this is achieved by the simplification
of only considering the joint probabilities of up to 2 motions.2

Maximizing D over b belongs to the class of quadratic 0-1 integer problems,
which in general can only be solved through exhaustive evaluation of the 2M

possible solutions. For our problem, with off-diagonal elements Dij ≤ 0 (i.e., D
is a submodular set function), the situation is slightly better:

Lemma 1: Let b̂ be the vector, at which D attains the global maximum, and
let b′ be a subset of b̂, {∀i : b̂i ≥ b′i}. Let b′′ be obtained by switching exactly one
0-element of b′ to 1, |b′′ − b′| = 1. Then, if D(b′′) ≤ D(b′), vector b′′ cannot
be a subset of b̂. If ∀b′′ : D(b′′) ≤ D(b′), then b′ = b̂.

Proof: Switching all elements to 1, for which {b̂i 6= b′i}, must yield the
largest possible increase of D, since b̂ is the global maximum. This implies that
switching any one of them to 1 increases D, because ∀i 6= j : Dij = Dji ≤ 0.

The lemma states that the path from any subset b′ to b̂ does not contain
descent steps. Making use of the fact that the scene only contains a small num-
ber R of motions, and that the empty solution b = 0M×1 is a subset of b̂, one
2 If ≥ 3 motions share points, their joint use is over-penalized, e.g., for 3 motions

the last term of the joint savings D1 + D2 + D3 − D1∩2 − D1∩3 − D2∩3 + D1∩2∩3

is disregarded. However the influence of this approximation is small, because the
number of affected points is small.



can devise a multi-branch ascent method (see Algorithm 2). The method always
leads to the global maximum, however it is still exponential in complexity. For
larger sets of candidate motions, one has to resort to a heuristic version: for
each level of the search, the solutions are sorted by the objective value D(b)
and only the best ones for each branch are retained. The number of branches,
which are retained for the next step, decreases in geometric progression from
one level to the next, say T = {40, 20, 10, . . .}, so that the total number of
search paths is {40, 800, 8000, . . .}. Retaining multiple sub-branches avoids get-
ting stuck at a weak local minimum and only gradually focuses on the most
promising branches. The complexity for M candidates and R actual motions
is O

(
( 1
2 )(1+2+...+R)M (R+1)

)
. Theoretically, the heuristic does not guarantee a

global maximum anymore. In practice it produces good solutions, and in our
experiments it outperforms all-purpose search methods such as Tabu-search or
multi-start gradient descent, which do not exploit the special structure of the
problem to the same extent.

Algorithm 2 Multi-branch optimization for D = 1
2b

TDb.
1. Level 0: Start from a scene without any motions: R = 0, D = 0, b = 0M×1.
2. Level 1: Compute the value of D for all M possible solutions with (R=1) motion
3. Discard all solutions with D ≤ 0, since adding motions to such a solution cannot

lead to the maximum (Lemma 1)
4. Level 2: Build all pairwise combinations (R=2) of the remaining motions, and

compute D for them
5. Discard those pairs, which do not attain a higher value than any of the two motions

alone (again, these cannot lead to the maximum)
6. Level 3: Join the remaining pairs to triplets (R=3) and compute D for them

(Note that based on the previous steps, computing D for an R-tuple of motions
only requires R additions)

7. Level R: Keep discarding dead-end search paths and increasing R, until no (R+1)-
tuple exceeds the previous maximum attainable with R motions

3.3 Motion segmentation

Having recovered the motions and their respective inlier sets, segmentation re-
duces to the problem of disambiguating points, which change from one motion
to the next over time, or satisfy more than one motion model. An obvious solu-
tion in the presence of multiple frames is to enforce temporal consistency. So far,
temporal consistency has only been used to link motions between consecutive
pairs of frames, but not at the multi-frame level. Since a scene point is located
on a physical object, it cannot normally pass from one motion to another, except
for the case that the tracker drifts, i.e., it wrongly matches a point between two
frames, but then locks onto the new point and tracks it correctly.

If in a part of the sequence a point switches back and forth between motions
or is an inlier to more than one motion, we form a consensus over time, such



that it drifts at most once, while changing as few class memberships as possible.
This will clean up any false assignments due to points accidentally satisfying the
epipolar constraint (the vast majority of cases). Even in the case that a point
truly drifts from one motion to the other, the heuristic will detect this behavior
and try to fix it, but the transition may happen in the wrong frame. Note that by
temporal consistency, we again mean consistent class membership, rather than
smoothness of tracks. The effect of the consensus over time is illustrated on a
practical example in Fig. 3.

Fig. 3. Enforcing temporal consistency to improve motion segmentation. The two rows
show the same region of the “flowershirt” sequence, with several points satisfying both
epipolar geometries. Top row: segmentation based on individual residuals without en-
forcing coherence over time. Bottom row: segmentation after building a consensus over
time. All segmentation results are best viewed in color.

The segmentation of correspondences between motions is almost perfect (i.e.,
very few points are assigned to the wrong motion). However, some points on
moving objects are often miss-classified as outliers. This is an inherent difficulty
of robust classification methods, which provide a rejection class for outliers. The
parameters of each class are estimated at the same time as the class membership,
therefore there exists the possibility of estimating slightly incorrect parameters
based on a subset of the class, and assigning the remainder of it to the outliers.
Methods without an outlier class do not encounter this problem, because all
points have to be assigned to one of the motions.

4 Experimental evaluation

A synthetic data set was generated with 5 views of 4 rotating planar objects.
Each object has 50 tracks, and 50 outliers were added by randomly generating
tracks with a displacement between adjacent frames, which is similar to the cor-
rect tracks. The method correctly recovers the 4 motions, and the segmentation
into the 5 classes (including outliers) is 97.5% correct. See Tab. 1 and Fig. 4.

The method has been tested on various real data sets. The first example is
a sequence of 10 frames showing two independently moving piles of boxes. 300



Fig. 4. Segmentation of the synthetic “spinning wheels” sequence. Top: Feature tracks
(colors denote the ground truth segmentation), and two views of the recovered 3D
points in the first frame. Bottom: Recovered segmentation through the sequence. Yellow
dots are points classified as outliers.

frame 1 frame 2 frame 3 frame 4 frame 5

motion A FP / FN 0 / 0 0 / 0 0 / 0 1 / 1 1 / 0
motion B FP / FN 0 / 0 2 / 0 2 / 0 1 / 0 0 / 0
motion C FP / FN 1 / 0 2 / 0 2 / 0 4 / 0 2 / 0
motion D FP / FN 0 / 1 2 / 0 2 / 0 1 / 0 0 / 3

Table 1. Segmentation results for “spinning wheels” sequence (4 moving objects with
50 points each, 50 outliers). False positives (FP) are outliers assigned to a motion,
false negatives (FN) are points from the motion classified as outliers. No points were
assigned to the wrong motion.

initial points were tracked with the KLT-tracker [15], lost points were imme-
diately replaced, and points which could not be tracked for at least one frame
were removed, leading to a total of 350 tracks. The set of tracks includes several
outliers on apparent contours. The method was applied and correctly recovered
two motions. Figure 5 shows the first and last frame with the point tracks su-
perimposed, and the recovered motions both in the image plane and in a top
view to show the motion of the 3D scene.

The second scene is a sequence of 10 frames showing 3 objects moving on
a table. 300 feature points per frame were tracked, resulting in a total of 439
tracks. The third object is not visible in the beginning, but enters the field of
view later, and a part of the box on the upper right leaves the field of view
towards the end of the sequence. Furthermore, the motion is not smooth, with
two of the three objects stopping at some point.



Fig. 5. Segmentation of the “boxes” sequence. Top: First frame, fifth frame with feature
points superimposed, last frame with feature tracks superimposed. Bottom: Recovered
segmentation and top view of 3D tracks through the sequence. Yellow dots are points
classified as outliers.

The third scene consists of 11 frames from the movie “Groundhog Day”
(courtesy of Josef Sivic and Andrew Zisserman). It shows a car moving diagonally
towards the camera, while the camera itself pans to the right. 300 feature points
per frame were tracked, resulting in a total of 524 tracks. The feature sets on
both objects change a lot due to the fast motion, and there are several false
matches due to strong motion blur. The background motion disappears at the
ninth frame because the visible background becomes almost featureless.

5 Concluding remarks

We have presented a scheme for multibody structure-and-motion of image se-
quences recorded with a perspective camera. The scheme is robust to outliers,



Fig. 6. Segmentation of the “lightbulb” sequence. Top: First frame, fifth frame with
feature points superimposed, last frame with feature tracks superimposed. Bottom:
Recovered segmentation through the sequence.

can deal with unknown and varying number of moving objects, and with a set of
correspondences, which changes over time. It recovers both the segmentation of
the correspondences into different rigidly moving objects, and the feature tracks
in 3D.

The method starts from atomic two-view motions and links them to tentative
motions through the sequence, while constantly pruning redundant and overly
unlikely motions to keep the size of the search space under control. In the final
set of candidate motions, the best solution is found via model selection, and
temporal coherence of the inlier sets is used to improve the segmentation.

An important limitation is that the method is based on a set of candidate
motions generated by random sampling, therefore it can handle only a small
number of moving objects, because of the exponentially growing number of re-
quired samples. In this context, it should be mentioned that multibody structure-
and-motion, as opposed to 2D tracking, only makes sense for a relatively small
number of moving objects, because the epipolar geometry can only be recovered
reliably for objects which subtend a sufficiently large viewing angle, and hence
cover a reasonable part of the image plane.
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