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Figure 4: Recognition results recorded during the official run of the 2007 SRV Contest. (a-d) High quality views obtained by
the focus of attention system, allowing for correct recognitions. (e-f) The system’s best guesses at objects for which no good
views were obtained – these are clearly incorrect.

The abilities of the intelligent system described in this report
were demonstrated in the SRVC, where our system was the
winning entry in the robot league. The list supplied to the

teams in the competition contained 15 objects, and our sys-
tem photographed and correctly classified 7 of these. The
actual scoring was made by comparing the bounding rect-



angles output by the robots, with human drawn axis aligned
bounding boxes. An overlap of the bounding boxes above
75% gave 3 points, an overlap above 50% gave 2 points, and
an overlap above 25% gave 1 point.

Figure 4 demonstrates several of the objects correctly
classified by our system during the final round of the contest,
along with several of the misclassifications. As can be seen
by the images, the contest environment was not completely
realistic, but it was sufficiently complicated to present a
significant challenge for current state-of-the-art recognition
systems and require intelligent navigation. It was impossi-
ble to view all candidate objects from any single location,
so robot motion and collection of multiple views of each ob-
ject was essential. Also, many of the objects were placed in
highly cluttered locations such as table tops, which would
cause confusion for saliency methods that do not take into
account that parts of objects may also themselves be ob-
jects. The navigation and attention systems described in
sections Attention System and Laser-Based Mapping were
sufficiently successful at exploring and determining the lo-
cations of interesting objects to deal with these challenges.

Concluding Remarks

In this report, we described an intelligent system capable of
building a detailed semantic representation of its environ-
ment. Through careful integration of components, this sys-
tem demonstrates reasonably successful and accurate object
recognition in a quasi-realistic scenario. Significant work
is still needed to produce a system which will operate suc-
cessfully in more general environments such as homes, of-
fices, and nursing homes, where personal companion robots
are intended to operate. In such environments, challenges
include the level of clutter, number of distinct objects, non-
planar navigation, dynamic environments, and need to oper-
ate in real time, among many others. While the current im-
plementation of our system is not sufficiently sophisticated
to be successful in these environments, we believe there are
several additional components which would bring this closer
to reality.

We believe that the prospect of a useful mobile robot com-
panion is a realistic medium term goal and that many of the
components discussed in this report will be essential to the
realization of such a system. It will continue to be important
to evaluate approaches that extract semantic meaning from
visual scenes in realistic scenarios, and also to integrate such
systems with active, mobile systems, in order to achieve ro-
bustness and generality. The system described here is one
step along this path.
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