Semantic Robot Vision Challenge: Current State and Future Drections

Scott Helmer, David Meger, Pooja Viswanathan, Sancho McCam Matthew Dockrey,
Pooyan Fazli, Tristram Southey, Marius Muja, Michael Joya,Jim Little, David Lowe
Department of Computer Science
University of British Columbia
shelmer@cs.ubc.ca

Abstract Research competitions, while potentially possessingethes
same limitations, are more desirable than standard bench-
The Semantic Robot Vision Competition provided marks on many points. First, like standard benchmarks they
an excellent opportunity for our research lab to provide a context in which participants can evaluate their
integrate our many ideas under one umbrella, in-  techniques under uniform conditions and make meaningful
spiring both collaboration and new research. The  comparisons. Second, their periodic nature allows the com-
task, visual search for an unknown object, is rel-  petition to evolve with the state-of-the-art, and discoes
evant to both the vision and robotics communities.  techniques tailored to specifics of a particular benchnairk.
Moreover, since the interplay of robotics and vision nally, they provide an exciting venue that brings together a

is sometimes ignored, the competition provides a  community for collaboration and synthesis. However, tkis a
venue to integrate two communities. In this paper,  sumes that those engaged in the state-of-the-art research p
we outline a number of modifications to the com- ticipate actively in such competitions, otherwise the ¢sen
petition to both improve the state-of-the-art and in- become merely a venue for displaying known techniques.

crease participation. Although there have been competitions focused upon a va-
riety of robotic tasks, these have tended to minimize the con

. tribution of vision. Conversely, in vision, particularlybe

1 Introduction ject recognition, the active acquisition of images for anal

Current technology (robotic and otherwise) falls well ghor YSis is generally of secondary concern. Here, benchmark
of a human's ability to perceive the world using vision. A datasets and competitions are neither a representative sam
nearly limitless range of applications would be facilithtey ~ Ple of the real world, nor a sample of how a robot would see
successful embodied object recognition (i.e., the abity the world. By separating robotics and vision, the majority
a mobile platform to perform human-like visual scene andof cutting-edge object recognition research has focuséd on
object understanding). We believe that with several key adUPon appearance-based approaches, ignoring scene cties tha
vances in the ability of a computer system to interpret \lisuamay prove beneficial for both accuracy and efficiency. We be-
imagery, namely robust object recognition of a large num/ieve thatin order to push state-of-the-art methods towrd
ber of object classes and more capable scene understandifgallenging goals outlined earlier in this paper, a contipeti
future robot systems will substantially enhance the lives o must bring these communities together by evaluating embod-
their users. A robot introduced into a home environment willi€d object recognition systems in realistic environmeauts
quickly be able to respond to commands such as "Robot, fetcHus removing any possibility for over-simplification and e
my shoes!”, assistive mobility devices will be able to deter foneous research directions.
mine whether a dangerous object is in the user's path, and A recent competition featuring embodied object recogni-
navigation systems will aid travelers by identifying a@mids  tion is the Semantic Robot Vision Challenge (SRVC). The
and construction delays. overall task in this contest is similar to a photo-scavenger
In order to accelerate the progress of state-of-the-art reduntin an unknown indoor environment, with information on
search, many fields in science and engineering have employé&@e objects typically acquired from the Internet. Thisisegtt
standardized benchmarks or data sets to evaluate simitar te brings together numerous sub-fields of Al, including vision
niques and provide a means for their comparison. Howevefobotics, and natural language processing, along witfinete
these measures can be detrimental when they do not refleg¢arch technologies. Although this competition does irevol
the reality or complexity of the problem in question. If the embodied vision and can help stimulate robotics and vision
benchmark represents a severe simplification of reakityse ~ research, it has yet to gain notoriety in the research commu-
for evaluation of techniques may lead to overconfidence in &ity and significantly advance the state-of-the-art.
system’s accuracy and robustness. In addition, they may dis Drawing upon our experience as a competitor in the SRVC
courage research directions that are not aligned with sgccefor the past two years, we have identified issues in both
on such benchmarks. robotic competitions and embodied recognition. We provide



an outlook for the future of the SRVC that will allow it to autonomously complete a 240 kilometer on- and off-road
increase its impact on the community. Our contribution incourse. For the first Grand Challenge in 2004 the best com-
this respect is two-fold. Firstly, we discuss the value & th petitor traveled just 11 kilometers before flipping over and
existing SRVC competition to research in embodied visioncatching on fire. In the following year, there were five ve-
and how it has pushed our own research in new directionsicles which successfully completed the entire course. In
Secondly, we review possible modifications to improve the2007, just three and a half years after the first competision,
competition in terms of the research directions it encoesag teams finished the Urban Challenge, which mixed robotic and

and the number of participants it attracts. non-robotic vehicles together in an urban setting and epfbr
California traffic laws. The Grand Challenge is the perfecti
2 Robotics and Computer Vision lustration of a competition which pushed the state-ofdhte-

L particularly in systems engineering. Prior to the compmetit
Competitions it was widely believed that current technology was simpli no
Competitions in robotics and computer vision that displayup to the challenge of this difficult task. This success was du
state-of-the-art techniques are a relatively recent pmema.  in part to the fact that from the start it was well funded, at-
This is partially due to the fact that historically, the staf-  tracted top-notch research institutions, received wideliame
the-art in either domains were not mature enough to handlgttention, and provided a compelling task.
compelling tasks. However, beginning with Robocup, com- Another successful competition has arisen in the com-
petitions have become a somewhat regular feature at both acauter vision community, the Pascal Visual Object Classes
demic conferences and independentvenues. Itis worthgakinChallenge (VOC) Iitt p:// pascal | i n. ecs. soton.
a moment to consider some of the more successful competic. uk/ chal | enges/ VOC/ ). This is a EU-funded com-
tions and the features that have made them relevant and vpetition which began in 2005 with the goals of providing a
able. yearly competition for object class recognition and |lazali
The premier example of a successful competition istion and a set of standards and tools for evaluating algarith
RobocugdKitanoet al., 1997, pioneered by Alan Mackworth performance. In contrast to standard benchmark datasets, e
[Mackworth, 1993, where robots compete against each othetrants are evaluated on a novel dataset every year, whieh pre
in a soccer-like setting. With an over-arching goal of hav-vents algorithms from being tailored specifically to a singl
ing robots compete against humans in the mid-21 centuryjata set. The key feature of this competition that led to its
Robocup has proved to be a valuable education tool anguccess was that it involved high profile researchers at the
testbed for many ideas in Al. One of the key features in itsorganizing level, was held in conjunction with major corfer
early success was that it offered a variety of leagues for parences, and was relatively inexpensive to participants.
ticipation. Robot and simulation leagues were offered; pro
viding avenue fors_tate—of-t_he—art reseaych in robot adats 3 SRVC and Our Experience
well as techniques in planning and multi-agent systems. As a
result, the competition has attracted a large number oigpart Although the previously mentioned competitions have been
ipants, raising the profile of attendant research and pmoyid successful, they do not address many of the issues of em-
a valuable research experience. bodied vision. The SRVC is an ideal competition to push
More recently, RoboCup@Home is a new RoboCup leagu¢he state-of-the-art in this field. This competition wasdhel
which aims to develop service and assistive robots used ifor the first time at the Association for the Advancement of
real-world personal domestic applications. The intenthef t Artificial Intelligence (AAAI) conference in 2007 in Vanceu
league is to promote the development of robotic technofogiever, and again in conjunction with the IEEE Conference on
that can assist humans in everyday life. The competition proComputer Vision and Pattern Recognition (CVPR) 2008 in
poses a number of benchmark tasks in a home environmerlaska. The competition is a visual search task in an un-
where success is determined by the number of tasks which tHaown environment. The entrants are given a list of objects t
entrant’s robot completes. Among one of the benchmarks ifind in the environment, with the environment containingyonl
a task to find a specified object in the environment. Althougha subset of those listed objects along with additional aéstr
this contest does contain some aspects of embodied vision,tor objects. Using this list, the robots autonomously agui
does not offer a sufficiently challenging task to attracioris  data about these objects from the Internet in a set amount of
researchers to a competition that is not held in conjunctioime. Once this pre-processing time is up the robot searches
with Al or vision conferences. It does, however, offer oppor the unknown environment with the task of finding the objects
tunities for teams to attempt a wide variety of tasks, eaeh reusing the data acquired from the Internet. At the end of the
quiring expertise in different areas of research. For examp exploration phase the robot returns an image for each object
while one task might require speech synthesis and aesthetigpe containing a single bounding box around the target. The
presentation, another might evaluate teams on safe navigaeoring is based on the bounding box accuracy. In addition,
tion, tracking and human recognition. This setup provideghere is a software league, where the entrants are not reispon
teams the flexibility to attempt specific tasks that they haveble for acquiring images of the environment. Instead they ar

research expertise in and opt out of others. given a set of images taken of the environment that include
Another wildly successful competition in Al was the both the objects and other scene elements.
DARPA Grand Challengg¢Seetharamamt al., 2004, of- Our team entered two versions of our Curious George robot

fering one million dollars to the first team which could to the 2007 and 2008 SRVC. We gained a wealth of experi-



ence during our system development process and actual cowere discovered in real-time during the run. Our robot’s ar-
test participation, which will be described in the follogin chitecture involved the low power, on-board PC mounted in-

section. side our Pioneer AT3 robot for low-level control, and four
networked laptop systems responsible for: i) real-time pro
3.1 Internet Data Collection and Filtering cesing of visual imagery, visual attention, robotic planpi

. : : _gaze planning, and overall control; ii) specific object iguie
In the SRVC, all of the training data is acquired from the In tion: iii+iv) generic category recognition. The distrieatna-

ternet at contest time with no human intervention. For \Msua,[ure of this architecture required captured imagery to et

appearance models, this generally means collecting aedata . . i
of images via an Internet image search engine like Googljered between computers via network connection, and the as

Given the varied nature of Internet image search results, gogﬁﬁeggggwﬁgggﬁesnds'?egman%gg:ggggi;c;mgfngggne d
system was needed to filter the output before training coul%rjom a stereo camera s;/stem irﬁ) real-time in o?de); to deter-
be performed. We implemented two phases of training data : , ; . ; :
fiIteFr)ing. The first phage removed all %artoons iIIustnag,o ine the locations of interesting objects and structurelén

: ; L environment. This represented a significant new functignal
technical schematics, and other non-photographic imasgies u . .
ing a quality score developed e et aIP, 2008_ 1Phe second when compared with our 2007 contest entry that required the

LT . ; . robot to “stop and shoot” before performing visual attemtio
phase prioritized groups of images that displayed a high de'T'he real-timgfunctionality prever?ted our rogbot from “dng

gree of similarity, since we determined empirically thaida blindly” and allowed it to continuously monitor the periph-

Images were more likely to contain the target ob;ect. . eral view until a sufficiently interesting location was sean
_Itis interesting to note that approaches for image filter- o) hoint foveal images could be collected. This behaviou
Ing Ian(;l :janklngdsutch at{st;ergus?t al., 2094.Iaredg?r)§rilly Qllowed the robot to cover the environment rapidly while ig-
evaluated on a dataset drawn 1rom a simiar diStnbution 19, ., yninteresting regions and thus capturing images of a

the training data. This is not the case for the SRVC Scena”?arge number of candidate objects. It is unlikely that any of

since data collected by a robot is not likely to be from canon- \“team members would have developed such a behaviour

ical viewpoints in uncluttered backgrounds — two propertie Pad it not been for the SRVC, since stationary visual atten-
that are common in Internet images. As a result, we did nof, i< equally easy to demonstrate in academic publication
p_re-ﬂlter results based on generic object categorizaéoh-t However, now that such a system has been developed, our
niques. . L team has the ability to evaluate the behaviour of interactiv

In addition to acquiring training images, other relevaneda o, time visual attention on a mobile platform, and this-co

may be found on the Internet, such as contextual clues froffy a5 tg be an interesting research direction for our resea
LabelMe[Russellet al., 2004 and size priors from the Wal- group. 9

Mart catalog. These all represent important sources of4nfo
mation for recognition purposes, but this potential hambee3 3  Vision
left unaddressed in the literature. Although we were noeteablI lected b bot during th bodied obiect
to integrate this information into our system in time for the | 29€S coliected by afro ot during b('a em fo led objec
SRVC competitions, they have encouraged us to pursue thgcognmon scenario often capture objects from a non-

direction for collecting additional training data asiderfthe  >tandard viewpoint, scale, or orientation. In other casies,
traditional image datasets. images do not contain an object at all. In fact, during our

SRVC experience, we found that images collected by the
3.2 Robotics robot rarely contained any target object. As a result, we de-
) signed our classification system to have a low false positive
The nature of a robotics contest demands the construction efte. We employed a two-stage object detection approach.
a physical system with numerous abilities ranging fromasi The first stage used a specific object recognition systentbase
navigation, to the construction of a distributed compotati on matching SIFT features and geometric consistency that
system, to performance on the task itself (object recagmiti generally produced few false positives but provided low re-
in our case). While each of these individual tasks are easilgall for generic object classes. The second stage employed a
achieved, their integration within a physical system pnése generic object classifier based on the spatial pyramid match
a high level of complexity for system designers. For examplekernel[Lazebniket al., 2004 to produce detections for those
from a research perspective, robot navigation and mapping bbjects that were not captured by the previous approach.
largely a solved problem in indoor environments. Howexer,i We designed a peripheral-foveal vision system that at-
is a significant practical challenge to prepare a robot té-nav tempts to improve the quality of robot-collected imagery by
gate a previously unseen contest environment where it is rdecating interesting regions of the environment and imggin
quired to visit potentially unsafe locations that provid®md  these regions in high resolution. This design choice was in-
views of objects. Similarly, distributing a computatiopab-  spired by the human visual system, which makes extensive
cess across several networked processors is not a sighificamse of peripheral-foveal vision. Our peripheral camera was
challenge in many situations, but when this system must ba Point Grey Research Bumblebee stereo camera with a rela-
mounted on a mobile robot and thus subject to constraints otively wide field of view. Spectral saliendyiou and Zhang,
weight, power and size, many difficulties present themselve 2007 was fused with stereo depth information to locate re-
For the 2008 SRVC, we developed an active exploratiorgions of interest in peripheral images. The foveal camersa wa
and real-time vision system in order to announce objects thaa Canon G7 point-and-shoot camera. We employed the G7’s



high zoom, combined with a pan-tilt unit to obtain tightly 4.1 Training

cropped, high resolution images of interesting objectside Empodied object recognition systems require a source of
tified in the peripheral view. We found that the image qualitytraining data from which to learn the appearance and prop-
obtained by our foveal system significantly improved objecterties of target objects. In the past, for the SRVC, this data
recognition performance. Thisiis likely due tothe factihat  has been obtained entirely using the Internet at the time of
ternet images are also often captured by high-quality aligit competition. However, the vast majority of images from

cameras. the Internet are from a single canonical viewpoint, which
) implies that the resulting classifier will only be successfu
3.4 Benefits to our research on that viewpoint. Given the paucity of the data, this set-

ting does not encourage 3D recognition, which may be re-
qquired for successful embodied recognition. One modifica-
ion would be to allow competitors to know a superset of
the classes beforehand, enabling the use of manually bele
training data. This is not an unrealistic scenario sincetmos
robots will likely be deployed in known environments where

UBC's participation in the SRVC has lead us to develop Cu
rious George, a powerful evaluation platform that enable
further development of embodied recognition algorithrms. |
terms of quantifiable research output, the platform dewedop
directly for the SRVC contest has lead to a number of publica

tions[Megeret al., 2007; 2008and several higher-level algo- me set of objects can be carefully catalogued. Also, it stil

rithms have since been designed which leverage the platfor A
[Forsseret al., 2008; Viswanathat al., 200d. Our resulting presents a significant challenge, as demonstrated by the VOC
” § N X competition where recognition is still very poor. Alterna-

research directions can be summarized into three categorie; . th f . fice. kitchendb
the effect of viewpoint in object recognition, the use of ex- Uvely, the types of environments (e.g., office, kitc e_nd e
isting online databases for semantic training informatiord 00 €fc) could be provided. For example, knowing that
the use of additional cues available to an embodied platforrf{/€ SC€ne was a kitchen would allow researchers to con-
during scene understanding. struct rErlors or|1_kap|)pearance, Sd Srllapﬁ and Iscal_ehfor all ob-
Our study of viewpoint in object recognition has examinedJeCtS that are likely to occur In a kitchen. In either case,

the implications of havina onlv a sindle cannonical viewxoi Internet data acquisition would still be allowed at competi
. plication gonlyasing /IBWHOI 401 time to augment data provided by system designers. This
in the training image dataset (as is often the case withrieter

images). We evaluated several recognition methods (namet{vou'd allow for research into the interplay between scepne in

feature matching with and without a geometric constramt) i Hrmation like surface orientations and real-world scald a
hing W uta ge appearance, similar to works such [&fpiem et al., 2006;
terms of their ability to recognize objects from a range of
; , i Gouldet al., 2009.
viewpoints, and reported a range of success for this task.

We showed that annotated datasets such as the LabelMg2 Environment and context

[Russelket al., 2004 database can provide semantic informa-tpe SRy C contest environment has, so far, required the robot
tion for tasks other than simply object recognition. Object 14 ayigate in an area that is quite small and to locate abject
place relations from LabelMe (e.g., fridges are likely to bey,a¢ \were placed on tables covered with white table cloths.
found in the kitchen) were learned, and used this spatialthis scenario presents a much simpler segmentation problem
semantic model to perform place labeling in simulated enviypean compared with a realistic home environment, and does

ronments. We also described the use of this model to inform,q; 10w for evaluation of system performance over long dis
object searchViswanatharet al., 2009. Our future plans are  {ances and operating durations.

to compine this technology with object recognition, demon- Thus, while object recognition methods that rely on good
strated in the SRVC, to construct a successful integralissc  gegmentation results might succeed in the contest, they are
understanding system. _likely to fail in more realistic environments. This outcotise
Finally, we have employed structure from stereo to registepisaligned with the objective of pushing research in the di-
object locations and construct a 3D object map and demorection of improving real-world performance, and we begiev
strated how this object map allows a robot to collect muttipl that future SRVC contests should include increasinglyiseal
viewpoints of target objects to improve classification accu jc environment designs.
racy. One of our team members is currently employing the To a naive audience, embedding the competition in a re-
raw structure information to utilize scale priors for olijec jjistic environment might seem likely to increase diffigult
recognition. Overall, the SRVC has stimulated a wide vgriet however, it can actually lead to better performance if the ad
of excellent research in our group by forcing us to examingyitional information available about context is leveragsd

object recognition in a realistic setting. the competition systems. Placing objects that co-occur in a
naturalistic environment would allow us to exploit spatiai
4 Improving Research Outcomes lationships to boost object recognition. It would also help

eliminate false matches by recognizing that an object does
Research competitions should advance the state-of-thgrar not belong in a particular location.
providing additional training data and context informatitn In addition, it would be interesting to partition the envi-
addition, realistic environments would allow the use of mor ronment into places that appear in real environments (e.g.,
advanced learning methods. This section provides potentikitchen, bedroom, etc.) and having query objects in the lo-
modifications to the SRVC contest that we believe will en-cations that they are normally found. This would allow com-
courage these directions. petitors to exploit object-place relations to identify guotial



object locations, thus facilitating efficient coveragetw £n- The first thing to note is that the impact of this competition
vironment. There are obviously logistical problems in hav-is dependent on the significance of the results in the compe-
ing a multi-room environment and allowing for an audience.tition. In the object recognition community, techniquee ar
However, using dividers, it is possible to create room-likeevaluated on a large number of images, thus ensuring that im-
subdivisions without the need for entirely separate roomsprovements over previous techniques are statisticallyifsig
This would create an environment similar to many “open conant. This is the case even in a competition environment like
cept” homes. Itis also possible to create recognizablécddg VOC. Results from the SRVC competition, however, carry
locations in a single room by separating these locations wit little statistical significance due to the small sample $&g.
empty space, however this should be specified to competitorene mug in the environment). One possibility to address this
is in the software league. Here, image data can be acquired
5 Improving Participation from real environments instead of the contest setting. This

The purpose of a competition in research is to provide botfprovides an opportunity to include much more realistic con-

an opportunity to exchange ideas as well as a venue to evallfXt: Images of the same target objects distributed in aaltu
ate and encourage state-of-the-art research. A particur environment, such as a kitchen or office, can be taken ahead

lenge in an embodied recognition competition is to encour®f time. In order to incorporate the “embodied vision” aspec

age participation oboth robotics and vision researchers. In ©f the contest, additional information such as a map of the
this section, we discuss practical suggestions to increase environment, the location and orientation of the camera for

h icipation. each image, and stereo image pairs can be provided with littl
searcher participation extra effort. This would make the software league a more in-
5.1 Changes in the Setting and Rules teresting research problem and help distinguish it froneioth

Various methods are currently used in object class recognit ©ObPject recognition competitions, thus attracting moreipar
research such as colour, shape (contours), texture, eacl-In pants. In addition, removing the I|m|tat|ons of data cdilec
dition, there is also an active research commuh\gel and by a robot also allows fo_r the creation of data sets co_mposed
Murphy, 2007 that seeks to utilize scene context for recog-Of @ larger number of objects and environments, thus inereas
nition. We propose varying the difficulty and scoring of the INg the statistical significance of the results.
competition in a way that rewards the successes of specifig 3 Robot L
methods on certain object types that might be challenging t&" obotLeague
recognize using simple object recognition techniques. As already mentioned, it has been a significant challenge for
Another interesting modification might be to provide dif- teams in previous years of the SRVC contest to achieve re-
ferent levels of information before and during the competi-liable navigation within the contest environment. Since th
tion. For example, the object type “bottle” could be prodide primary research problems posed by the SRVC are not in-
beforehand, and the robot might be required to recognize tended to focus on low-level robot navigation, it may be use-
specific object (e.g. coke bottle, milk bottle, etc) durihg t ful to consider relieving teams of the navigation burderhia t
competition. To make the problem more challenging, somduture.
completely unknown objects could also be added to the en- First, the contest organizers could provide entrants with a
vironment. Including relative location information forree  standardized robot platform that has basic navigatiori-abil
objects (e.g. the book is beside the TV) can provide contexies. In this case, teams would only be responsible for liighe
information useful for object recognition. level task planning and processing of the visual imagery ob-
Additionally, the contest could allow two teams to com- tained by the robot. While this solution solves many of the
pete simultaneously. The team which finds the objects in th@roblems posed by navigation, it also unfortunately intro-
environment faster would receive a higher score. Another induces several complications. Primarily, each team depemds
teresting case that can push forward the robotics aspect @fslightly different set of sensing modalities. During ti92
the contest would be to allow multiple robots per team to exand 2008 SRVC contests, we have seen: monocular video
plore the environment. The robots can cooperatively capturcameras, monocular still cameras, laser rangefindersy sona
the images from different viewpoints and share the informa¥fange sensors, binocular stereo cameras, and multi-camera
tion to recognize the objects more precisely. However, thistereo systems. Any standardized test platform would be re-
change is most likely infeasible to implement in the near fu-quired to provide teams with some subset of these sensors,
ture due to the complexity and cost of robots currently beingand this set would ideally be sufficiently large so that itgloe

used in SRVC. not discourage any teams from competing. Another signif-
icant challenge is the ability for each team to practice and
5.2 Software league develop on the standard platform. Either numerous platform

Although a competition which requires the integration afva would need to be distributed, or teams would require peri-
ious research areas is desirable, such a competition discowodic access to a single platform. Both of these options en-
ages participation from smaller research groups that may ndail significant cost that would need to be minimized. This
have the expertise to implement every aspect required &or su could likely be accomplished by employing a standard robot
cess. The software league is an example of separating ttachitecture such as ROBt(t p: / / pr. wi | | owgar age.
recognition task from the robotics challenges of activéonis coni wi ki / ROS) that would allow much of the develop-
and navigation, however some modifications are needed iment to occur in simulation and with surrogate robots for
order to improve participation in this league. hardware testing.



A simpler method for reducing navigation challenges is t05.6  Improving accessibility

provide teams with a more detailed specn‘lcatlorj of the CONv/isibility of the contest is particularly important becausf

test environment geometry. For example, knowing the exaghe need for sponsorship. SRVC is an expensive competition
size and shape of furniture allows for proper mounting of sentg ryn. It requires a large amount of exhibition space in Whic
sors and tuning of sensor models in mapping algorithms. IRy set up the environment. Obstacles and target objects for
this case, it might be possible for each team to still emplojthe environment must be purchased. Support must be offered

their own robot. to teams to subsidize the cost of shipping their robots to the
competition in order to encourage participation. Traveitso
5.4 Facilitating code re-use for the robot teams can be high since a large number of team

members with a wide range of skills is needed to run and
Re-usable code is an important output of a successful conaintain robotic hardware.
petition, as it is in any collaborative effort. Since the bofa
competitions is to move the state-of-the artin a desiregcdir 6 Conclusions
tion, successive solutions to the competition’s problem-be
efit from having previous work available as a starting point.
Re-usable code also lowers the barrier to entry for teams ne

to the co_mpetitio.n,. e_nhancing accessibility of the competi providing both a strong test for current solutions and rich-c

tion, and in turn visibility. _ text that can be leveraged to advance research. The Seman-
Although codesharing is encouraged/required by SRVC, tic Robot Vision Challenge represents one such competition

subsequent re-use of this code appears to be non-existe@fhich provides a venue for embodied recognition. It has pro-

This is a result of the differences in platforms and appreach yided a valuable impetus to our own research, providing in-

used by each of the participants. For example, our robot basgjghts and elucidating new directions that need more rekear

sensor package, peripheral-foveal vision system, and-multHowever, to be successful in the future, this contest needs n

processor distributed recognition system was a very specifimerous modifications in order to have significant impact.
point in the solution space. This entire setup would likely

have to be replicated in order to re-use our code. Howevereferences

Properly designed contests significantly promote the dgvel
ment of the state-of-the-art. They can comprise realistit a
Bomplex settings not seen in standard benchmark datasets,

there are elements of a code base that would be general
usable (training set construction and feature extraction,
example).
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