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Abstract

A polyhedral approximation for the volumetric
description of a moving rigid object from a

real-world scene is derived, based on
measurements in monocular TV-frame sequences.
The trajectory and attitude of the object

motion relative to the camera is simultaneously
determined up to the same factor which scales
the object description. Results from one street
scene sequence are presented. The approach is
compared to related ones reported in the recent
literature.

1. Introduction

Technological progress throughout the past
decade has made it feasible to record,

digitize, store, and evaluate image sequences
of real-world scenes with moving objects. A
comprehensive survey of application-oriented

research which attempts to exploit such
possibilities has been given by Nagel [30]. It

provides clear evidence from numerous
application areas that progress in the

evaluation of image sequences is closely
related to  improvements in modeling the

depicted scene and its temporal variations.

Nagel [29] outlined an approach to derive
descriptions of rigid objects in motion from
monocular TV-frame sequences. The current
contribution reports results from efforts to

implement this approach.

Despite a recent burst of publications about
image sequence analysis, no directly comparable
results are known to us, yet. Numerous
investigators have been concerned with problems
which appear as subproblems in our context.

Object tracking in TV-frame sequences from
real-world scenes has been reported recently by
Gilbert et al. [16, 17], Radig [38], Yachida et
al. [46], Gerlach [15], Landzettel and
Hirzinger [23], Hirzinger et al. [18], Korn and
Kories [21], Bers et al. [5]. Although some of
these systems have provisions to cope with
partial or complete occlusion of the object to
be tracked and, therefore, are more robust than
our approach as far as tracking is concerned,
none of them actually attempts to derive a 3D
description of the moving object.
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Various descriptors, ranging from the mere 2D
position of a dot in a binary image up to
complex relational structures have been used to
characterize the image of the same space point
in each frame of an image sequence.

Depending on the type of descriptors, different
methods for matching descriptors from one image
frame to the next have been developed in order
to solve the correspondence problem (Duda and
Hart [14]). We modified a relaxation approach
reported by Barnard and Thompson [3]. Other
approaches are discussed by, e.g., Ullman [42],
Radig et al. [39], Kraasch et al. [22], Jacobus
et al. [19] and Cheng and Huang [8].

Using such techniques, a series of
corresponding image coordinates can be
extracted from an image sequence for a set of
points which are hypothesized to be located on
the same rigid moving object. Provided certain
conditions are satisfied, the 3D configuration
of these points as well as their space
trajectory can be determined from such
measurements. In the case of orthographic
projection, this is guaranteed by the
"structure-from-motion" theorem of Ullman [42].
The determination of translation and rotation
for the perspective case has been studied by
Nagel [32], Meiri [25], and Nagel and Neummann
[33]. sSimilar investigations, but based on
optical flow, have been reported earlier by
Prazdny [36, 37]. Special situations in
optical flow analysis for the derivation of 3D
descriptions have been studied by Clocksin [9,
10, 11]), by Lawton [24] and by Williams [45].

Neumann [34] used simulated data 1in a search
approach which attempts to solve simultaneously
the problems of grouping image points together
as representing the same object, of finding the
correspondences between images of the same
point from different frames and of determining
the interframe translation and rotation
parameters. A numerical minimization approach
towards 3D reconstruction investigated with
simulated data has been reported by Roach and
Aggarwal [41]. Our results have been obtained
with a minimization approach described by Bonde
and Nagel [7, 31].

Since we are restricting ourselves to rigid 3D
point configurations, recent work by Rashid
[40], Asada et al. [1], as well as Webb and
Aggarwal [44] on jointed objects is outside our



scope. We exclude, too, model-based approaches
such as those of O'Rourke and Badler [35] or
Wallace and Mitchell [43]. These authors assume
that object-specific knowledge in the form of
3D prototypes is available whereas we strive
for deriving 3D descriptions based solely on
the observed image sequence and on general
assumptions like the rigidity hypothesis.
Moreover, all approaches quoted in this
paragraph employ simulated input data rather
than image sequences from real-world 3D scenes
as in our case.

This highly condensed survey of the recently
published 1literature should illustrate = the
conditions which characterize our approach: a
model-free derivation of 3D descriptions based
on perspective projections of moving rigid

objects from real-world scenes as recorded in
real-time by a monocular TV-frame sequence.

2. Decomposition of our Approach

The discussion of the relevant 1literature in

the preceding section roughly reflected the
main steps in our system:

(i) isolation of nonstationary image areas
around the image of a moving object;
extraction of descriptors from the
subimage corresponding to one object;

(i1)

(iii) solution of the correspondence problem
by matching descriptors between
consecutive frames;

(iv) derivation of a rigid 3D point
configuration and its frame-to-frame
motion relative to the camera;

(v) determination of the convex hull for
this 3D point configuration as an

approximation to a volumetric model of
the moving object.

In order to assess the result,
can be projected back into
using computer graphic methods including hidden
line removal and sur face shading. This
backprojection can be compared visually with
the original object image in the corresponding
frame.

the convex hull
each image frame

Step (i) is based on an approach described by
Jain and Nagel [20]. Details about the
descriptor extraction and the interframe
matching of descriptors will be discussed in
subsequent sections. The fifth section will
outline the derivation of 3D descriptions and
present various results. The final section will
discuss areas where further research is
required in order to obtain a more robust
approach, to refine the description or to
extend its range of applicability.

3. Extraction of Descriptors for Object Point
Candidates

Despite extensive experimentation, no
segmentation algorithm is known to us which
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could reliably decompose digitized TV-images
from real-world scenes into semantically
meaningful regions without recourse to
object-specific knowledge. Radig and coworkers

segmented images from blocksworld scenes,
fitted straight line segments to region
boundaries, and selected an intersection of

such straight line segments as candidate for a
vertex image of a block [22, 39]. An extension
of such an approach to images of - for example
cars did not appear to be immediately
feasible.

Inspired by the work of Barnard and Thompson
[2, 3], we set out to select an image point
with a high greyvalue variance in  four
directions - a "corner point" - as a candidate
for the image of an identifiable point on the
object surface. Barnard and Thompson [2, 3]
employed an operator proposed and used by
Moravec [26, 27, 28). Detailed investigations
showed however, that this operator could not
cope adequately with data such as ours.

We began therefore, to investigate the location
of extreme values of the local greyvalue
curvature as a function of the raster plane
coordinates. Beaudet [4] described operators to
compute these curvatures from digitized images.
Since the Gaussian curvature is the product of
the two main curvatures, it appeared attractive
initially to select 1local extrema of the
Gaussian curvature as the characteristic of
candidates for images of important object
points. Experience has shown, however, that
such extrema of Gaussian curvature appear often
along lines of pronounced greyvalue
transitions: one of the two main curvatures is
very large due to the steep greyvalue
transition, but the other one (along the
direction of a linear transition front) is
rather small and may change its value more or
less due to noise. Nevertheless, the product of
these two can give rise to sizable extrema.

The characteristic greyvalue distribution
around an image point of interest to us may be
likened to a promontory with steep slopes,
extending into the sea with an acute angle of
the shore line - see, e.g., the 1left upper
corner of the rear car window in figs. 1lb or
lb: the dark greyvalues of the window
correspond to the pramontory  and the
surrounding bright car body to the sea. A
magnification of this image area is given in
fig. 2 where bright pixels correspond to small
greyvalues and dark pixels to large ones
(greyvalues extend between O and 255).

At the pinnacle of the promontory, we have a
local minimum of both main curvatures because
there the intensity drops towards three
directions (north, west, and south). Around the
shoreline, we expect a local minimum (see
remark above) of one main curvature - the one
corresponding to the bend in the shoreline.
Moreover, the second main curvature must
exhibit an extremum of opposite sign in this
image area because the steep slope of the
promontory cliff has to flatten out into the



surrounding sea. Thus, we expect a local
minimum of the Gaussian curvature somewhere in
the sea close to the tip of the promontory -
the product of both main curvatures which have
opposite sign in this situation.

Fig. 2 presents the numerical values of the
relevant parameters for all pixels in the
enlarged section. The greyvalue is given in the
upper left corner. The top number at the right
side of each pixel area represents the more
positive main curvature, the second number from
above the smaller one (i.e. more towards the
negative) of the two main curvatures. The third
number represents the Gaussian curvature, i.e.
the product of the two numbers above it. The
line within each pixel area indicates the
orientation of the more positive main
curvature. Gaussian curvatures printed white on
dark background represent the local extrema
selected by the algorithm. We now select as a

candidate for the image of an important object
point the pixel with the steepest greyvalue
slope along the 1line which connects the

location of the maximum with the location of
the minimum of the Gaussian curvature. Only one
of the two main curvatures can change its sign
if we trace along this line from the minimum to
the maximum of the Gaussian curvature. The
steepest greyvalue slope occurs where this main
curvature crosses zero. We stipulate two

additional checks that we have indeed cambined
a proper pair of extrema for the Gaussian
curvature:

a) the orientation of the main curvature which

changes its sign between the two extrema must
indeed point into the direction of the
associated extremum with opposite sign of the
Gaussian curvature;

b) the greyvalue at the location of the maximum
of the Gaussian curvature must be larger (i.e.
darker in this example - pinnacle 1) than the
greyvalue at the associated 1location of the
Gaussian curvature minimum (extremum with
n?gative sign - at the base of the cliff corner
l).

A little white square is entered in fig. 2 at
the center of the pixel area which corresponds
to these conditions. As will be seen, there are
other extrema of the Gaussian curvature. A
cutoff radius of D=4 pixels is used to exclude
extrema from being tentatively combined to form
a candidate point. The curvatures have been
computed with the 5x5 pixel operators of
Beaudet [4]. Since this resolution appeared to
be slightly too coarse, we refined the
candidate locations by repeating the search
with  3x3 operators. Since such a smaller
operator mask is more sensitive to noise, it is
applied only in environments where the 5x5
operator responded strongly. The result of this
refinement step is presented in fig. 3.

In order to avoid misunderstanding, we do not
claim to have a method by which we can reliably
detect the images of prominent points on a 3D
object surface. Our experience only indicates
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that we can select a reasonable set of
candidates for such points. Supporting evidence
from other frames is required to filter out
those candidates which appear to be indeed
images from 3D object points. Such evidence can
be obtained by finding corresponding candidates
in neighboring frames - and by a successful 3D
description which appears to be compatible with
observations throughout an image sequence.

4. Interframe Matching of Candidate Descriptors
We used the relaxation approach described by
Barnard and Thompson [3]. Since our descriptors
catch more of the relevant greyvalue structure
than the Moravec operator employed by these
authors, we could exclude candidate matches
where the sign of the main curvatures at the
corresponding extrema of the Gaussian curvature
did not match. The details of the relaxation
procedure used here differ from that described
by Barnard and Thompson [3], see [12, 13].

Every other frame between those shown in figs.
la and 1b, i.e. a total of 12 frames has been
treated in this manner. The descriptors matched

through the relaxation procedure between
consecutive pairs of frames are chained
together. Fig. 4 depicts the resulting chains

of descriptor locations, anchored at the car

image from fig. 1lb. Operator interaction could
be used to delete chains which appear
unreliable, for example very short ones or

those connected to an cluttered image area.

5. 3D Description and Results

A minimization approach has been developed
which is based on the hypothesis that the image
locations of all descriptors must be explained
by a rigid 3D configuration of points which
translate and rotate from frame to frame
relative to the camera (for details see [31]).
As explained in section 2, a convex hull is
computed for the 3D point configuration in
order to better visualize their 3D arrangement.
The edges of the convex hull corresponding to
the measurements discussed earlier have been
projected back into the image of fig. la. This
is possible because the relative location and
attitude of the 3D point configuration with
respect to the camera coordinate system have
been determined in the course of the
minimization for each frame used. This
knowledge enables the suppression of edge lines
which are hidden by the object itself in the
depicted position - see fig. 5. It should be
realized that the backprojection may contain
vertices which need not have been extracted
from the current frame. The vertices of the
convex 3D hull represent the global description
of all observations throughout the evaluated
fraction of the image sequence.

Since the location and attitude of the convex
hull relative to the camera is known for each



frame time, it is possible to depict the convex
hull with a hypothetical illumination -
provided one assumes a reflectivity law for the
faces of the convex hull. A simple choice is to
assume Lambert's law. Fig. 6 depicts the convex
hull corresponding to fig. 5, but illuminated
by a hypothetical 1light source behind the
camera. Results from additional frames of this
sequence as well as from other sequences cannot
be presented due to space limitations.

6. Conclusion

We have presented an  approach for the
extraction of 3D descriptors for moving rigid
objects from monocular TV-frame sequences of
real-world scenes. Currently, we approximate a
volumetric representation of the moving object
by the convex hull of the 3D point
configuration which can be obtained by the
methods described above. It is obvious that the
3D object description should be improved by
extracting more information about it from the
frames than merely the greyvalue "corners".

There are several areas where we want to
improve our approach. One subproblem is a more
reliable and more accurate estimate of the mask
covering the image of the moving object in each
frame. Furthermore, we have to study our
approach for extraction of descriptors more
extensively. There is the question, by which
methods it might be possible to select those
descriptors which are indeed images of
identifiable points on the object surface. It
is tempting to exploit approximate knowledge
about the object and its motion as obtained
from an initial evaluation of an image sequence
in order to reevaluate the same image sequence.
Such knowledge could be exploited to segment
subimages containing the moving object and to
use inference processes to exclude descriptors
incompatible with the segmentation results. An
alternative would be to employ such knowledge
to evaluate an extension of the image sequence
covering additional observation periods of the
same scene with the same moving object.

Another problem area is the technique used for
interframe matching of descriptors. Alternative
approaches have to be investigated here. We
would like, too, to develop algorithms which
screen the descriptor chains already before we
use their 2D coordinate measurements for the
derivation of a 3D point configuration.

Despite all these open subproblems it is
encouraging to know that one may learn at least
an approximate 3D object description merely by
observing the moving object. It thus appears
possible to design a system where methods of
model-based image analysis and understanding

can be employed without providing
object-specific models a priori.
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Fig. 2: Enlarged section (9*9 pixels) of the
upper left corner of the rear car window
(explanation of data see section 2).

b)

Fig. 1: First (a) and last (b) of a
22 TV-frames showing a moving car.

series of

Fig. 4: Chains of matched descriptors
connecting the descriptor locations of
every second frame of the series from fig. 1.

Fig. 3: Candidates for prominent points (see
section 3). Some of the prominent points at the
rear part of the car are caused by the branches
of . tree without leaves (recorded in early
spring).

Fig. 6: The visible
surfaces of the
convex hull
(corresponding to
fig. 5) shaded
according to
Lambert's
reflectivity law.

Fig. 5: Visible
Edges of the convex
hull projected back
into the car image
from fig. la.
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