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Abstract. Vision systems for service robotics applications have to cope with
varying environmental conditions, partial occlusions, complex backgrounds and
alarge number of distractors (clutter) present in the scene. This paper presents a
new approach targeted at such application scenarios that combines segmentation,
object recognition, 3D localization and tracking in a seamlessly integrated fash-
ion. The unifying framework is the probabilistic representation of various aspects
of the scene. Experiments indicate that this approach is viable and gives very
satisfactory results.

1 Introduction

Vision systems for service robotics applications have to cope with varying environmen-
tal conditions, partial occlusions, complex backgrounds and a large number of distrac-
tors (clutter) present in the scene. Systems mounted on mobile platforms additionally
haveto incorporate ego-motionsand therefore have to solve the real -time tracking prob-
lem. Conventional vision systems generally perform the necessary segmentation and
recognition as well as possibly 3D-localization and tracking in a pipelined, sequential
way, with a few exceptions like [7] who integrate recognition and segmentation in a
closed loop fashion.

However, one can imagine several ways in which different parts of the image pro-
cessing pipeline could profit from each other. Service robots for example will in most
cases be allowed observe their environment for short time periods to take advantage of
the information present in image streams. Moving scenes will show the objects under
observation from changing view points and this can be exploited to maintain and im-
prove existing object recognition and localization hypotheses, provided that those are
tracked over time. In a similar way, object recognition can profit from successful seg-
mentation and segmentation in turn can benefit from depth information, if available.
These possible synergies are currently not exploited by most systems.

This paper presents a new approach that combines segmentation, recognition, 3D-
localization and tracking in a seamlessly integrated fashion. We aim at developing vi-
sion agorithms which will reliably work in real everyday environments. To reach this
goal it is mandatory to take advantage of the synergies between the different stages of
the conventional processing pipeline. Our approach is to eliminate the pipeline struc-
ture and simultaneously solve the segmentati on, object recognition, 3D localization and



tracking problems. The unifying framework is the probabilistic representation of vari-
ous aspects of the scene.

2 Method

Our method, as currently implemented and described in section 2.3, takes advantage
of previous work in two major areas. First of all object recognition methods based on
probabilistic models of the objects appearance have recently been presented by many
research groups (see [9, 11] among many others) and have shown promising results
with respect to robustness against varying viewpoints, lighting and partial occlusions.
In addition these models can be trained from demonstrated examples. Thus, the model
acquisition process does not necessarily require a skilled operator, which is anice prop-
erty for the application of such a system in the service roboticsfield.

The second magjor contribution onto which the current implementation of our ap-
proach is built is the condensation algorithm by Isaard and Blake [4]. It is used for
the probabilistic representation and tracking of our object hypotheses (recognition and
localization) over time. A short overview of probabilistic object recognition and the
condensation algorithm is given in sections 2.1 and 2.2. As mentioned before, our goal
isto integrate segmentation, object recognition, 3D localization and tracking in order to
take advantage of synergies among them. The probabilistic approach to object recogni-
tionisthe framework that enables us to do so.

2.1 Probabilistic object recognition

Probabilistic approaches have received significant attention in various domains of robo-
tics reaching from environmental map building [6] to mobile robot localization [1, 13]
and active view planning [10, 14, 8]. This is mainly due to the absolute necessity for
explicit models of environmental uncertainty as a prerequisite for building successful
robot systems.

For a probabilistic recognition of an object o from a image measurement m, we
are interested in the conditional probability p(o|m). Thisis called posterior probabil-
ity for the object o given the measurement m. The optimal decision rule for deciding
whether the object is present, is to decide based on which probability is larger p(o|m)
or p(olm) = 1 — p(o|m) with G referring to the absence of the object. This decision
ruleis optimal in the sense of minimizing the rate of classification errors[2].

It is practically not feasible to fully represent p(o|m), but using the Bayes rule we
can calculateit according to
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with

— p(o) theapriori probability of the object o
— p(m) theapriori probability of the measurement m



— p(m|o) the conditional probability of the measurement m given the presence of the
object o

These probabilities can be derived from measurement histograms computed from train-
ing data. In case of a simple object detection problem, the decision rule p(o|m) >
p(o|m) can be rewritten as alikelihood test. We decide that the object is present if
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Here A can be interpreted as a detection threshold, which in many cases will be set
arbitrarily, since the apriori probabilities of the objects depend upon the environmental
and application context and are difficult to obtain. Having & independent measurements
my, (e.g. fromaregion R belonging to the object) the decision rule becomes
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If the m, are measurement results of local appearance characteristicslike color or local
edge energy (texture), the resulting recognition systems tend to be comparatively robust
to changesin viewing conditions[9, 11, 8]. However, thisis not the main subject of this
article.

The appearance based object recognition approach solves only one part of our prob-
lem. Furthermore, it theoretically requires, that the scene is properly segmented since
equation 3 assumes that all measurements m; come from the same object. A proper
segmentation of complex cluttered scenes is known to be a difficult task. Depth in-
formation would be extremely helpful. Object boundaries generaly will be easier to
detect in depth images, but these are computationally expensive when computed over
full frames. The depth recovery could be done more efficiently, if we already had a po-
sition hypothesis z for the object to be recognized at the current time step ¢. Section 2.3
will show how all these synergies can be exploited, without the need for extensive stereo
correspondence search.

2.2 A Short Introduction to the Condensation Algorithm

The goal of using the condensation algorithm is to efficiently compute and track our
current belief p(z, t) of the object position z, i.e. the probability that the object is at
x at time ¢. While one could represent this belief distribution in a regular grid over
the 3D-space of interest as done by Moravec [5], it is evident that this requires huge
amounts of memory and is computationally expensive. Additionally, in the context of
object pose tracking most of the space is not occupied by the object(s) being tracked.
Therefore those grid cells will have uniformly low values. Closed form (e.g. Gaussian)
unimodal representations of the belief distribution are generally not suitablein cluttered
scenes, since the belief will be multi-modal. Isard and Blake propose factored sampling
to represent such non-gaussian densities. They developed the Condensation Algorithm
for tracking belief distributions over time, based on adynamic model of the processand
observations from image sequences. Details of their method can be foundin [4].



For the context of this paper it isimportant, that it isan iterative method in which the
density is represented as aweighted set {s(™)} of N samplesfrom the state space of the
dynamic system (in our case from the 3D space of possible position hypotheses). The
samples are drawn according to the prior belief distribution p(z) and assigned weights
7" = p(z]z = s(™)) and = being an observation. The (") are normalized to sum up
to 1. The subsequent distribution is predicted using a dynamic model p(z, |z,_,). The
weighted set {s(™), (")} represents an approximation of the posterior density p(z|z)
which is arbitrarily close for N — oo. Accordingly the observation density has to
be evaluated at z = s(™ only. Thus, only small portions of the images have to be
processed. The number of samples NV determines the computational effort required in
each time step.

2.3 Simultaneous Solution to the Segmentation, Object Recognition, 3D
L ocalization and Tracking Problems

Our approach is to use Condensation for representing and tracking the belief p(z) of
the object of interest being at z. The state space used in our implementationisthethree-
dimensional vector 2 describing the object position in space. The current system does
not model object rotations. As can be seen from the short description of the Condensa-
tion algorithm given in section 2.2 we have to model our objects dynamicsp(z ,|z;_;).
The "dynamic” model currently used is a simple three-dimensional random walk with
a Gaussian conditional density. Of course, this will be extended in the future. Having
specified the very simple dynamic model, we have to define the eval uation procedure of
the observation density p(z|z), i.e. the probability for the observation z, given that the
objectisat z.
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Fig. 1. A simple stereo setup.

We use a cdlibrated stereo setup. Therefore we are able to project each position
hypothesis 2 into both images (see figure 1). A hypothesis is probable, if the local
image patches centered at the projected points in both images satisfy two constraints:

Consistency Constraint: First of al both patches have to depict the same portion of
the object, i.e. look nearly the same after being appropriately warped to compensate



for the different viewpoints. Thisisimplemented by computing the normalized cor-
relation of both patches. The constraint is satisfied if the correlation result exceeds
an empirically determined threshold. The satisfaction of this constraint implicitly
contains a range based segmentation of the scene.

Recognition Constraint: In addition both patches should depict portions of the object
the system is looking for. Here we use a probabilistic recognition system that cur-
rently takes color as the local appearance feature. Our measurements m 5, used by
equation 3 are 16 different colors obtained by an unsupervised vector quantization
(using the K-Means algorithm on characteristic images) of the UV-sub-space of the
Y UV-color-space. The constraint is satisfied if the likelihood ratio of equation 3 is
bigger than the detection threshold A = 150. The recognition part of our algorithm
isthus similar to those presented in [12] and [3].

If both constraints are satisfied, the observation density p(z|z) is computed as fol-
lows

p(zlz) = [ pOm;(zh)lo) [] p(mr(z)lo)
j %

wheremy, (gﬁ”) isthelocal appearance measurement computed at the projection i’" of
the position hypothesis z into the left and right images. The object position is computed
as the first moment of p(z|z), which in turn is approximated by the weighted sample
setl.

3 Experimental results

The combined object recognition, localization and tracking method presented in the
previous sections has been implemented and evaluated using real world data. The task
in the experiments was to discover and track a known object (bottle of orange juice)
under realistic environmental conditions (complex background, dynamic scene). Ob-
ject model (p(my|o)) and background model (p(m (|o)) were estimated from training
images. The the position belief distribution p(z) wasinitialized to be uniforminside the
field of view up to adistance of 5m.

Fig. 2 shows that only 14 iterations are required to initially recognize and localize
the object in a distance of 1.5m . It is obvious, that this initial phase could not be
represented using a uni-modal Gaussian model of the belief distribution. The approx-
imation used by the Condensation Algorithm is able to represent the belief with only
1000 samples. After the initia discovery of the object, the samples are concentrated
in a very small portion of the search space and cover only one quarter of the image.
The computation of the feature values has to be performed in this portion of the images
only. It has to be noted, that there is no expensive search for stereo correspondencein
the disparity space.

The experimental setup selected for this paper ensures that the object recognition
part of the problem can reliably be solved, the features used are " appropriate” for the

! Thisis based on the assumption of asingle object being tracked.



problem. The experiment shows, that if this is the case, the integrated approach pre-
sented in this paper can segment the scene as well as recognize, localize and track the
object of interest.

The image sequence shown in fig. 2 has a duration of 1.5s after which the object
was found and localized. On our Pentium 11/400 computer we can compute around 10
iterations per second and our implementation still has room for significant optimiza-
tions.

Fig. 2. The convergence of sampled belief approximation after 0, 5, 10 and 14 iterations on a
static scene. The images show the sample (V. = 1000) set projected onto left and right image
and the floor plane.



After the convergence of the belief distribution, the object can reliably be tracked
by the system. Fig. 3 depicts the trace of a tracking experiment, where the bottle was
manually moved, (approximately) on a straight line. The images show the scene before
the author’s hand entersit. The small dots depict the center of mass of the belief distri-
bution, estimated from the samples at each iteration during the experiment. Even with
our slow cycle of only 10H z the tracker locks onto the object robustly. Thisis due to
the tight coupling with the object recognition, which from the tracking point of view
provides a sharp object-background separation.
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Fig. 3. The trace of a short tracking experiment.

4 Conclusions

We have presented a novel and very efficient approach for a probabilistic integration
of recognition, 3D-localization and tracking of objectsin complex scenes. Experiments
indicate that this approach isviable and gives very satisfactory results. It isimportant to
note, that the single components of our system are still very simple. The probabilistic
model does not account for spatial dependencies among the image measurements m
(and thus prohibits the estimation of object rotations), the color features we use will
not be sufficient for more complex objects and finally the underlying dynamic model of
the condensation tracker is extremely limited. But these limitations can easily be over-
come using more advanced and well known algorithms especially for feature extraction
and object modeling (see for example [11] for wavelet features incorporating spatial
dependencies). Future work will focus on these improvements and other new features
as theincorporation of multiple objects. In addition the system will be integrated on our
mobile manipulation test-bed MobMan [15].

This work was partially funded by the German Federal Ministery of Education and
Research (BMBF) under contract no. 011L902D0 (MORPHA).
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