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Abstract—In this paper, our goal is to search for a novel In this work, we will assume access to a number of object
object, where we have a prior map of the environment and detectors. Given these detectors, we will show how to use
|t<k?0\1vled?e of ?c;Lne of th_ef_objectsl'“t')t_v b?t\?\? w(njformlatlon abol;‘t object-objectand object-scenecontext in order to localize

e location of the specific novel object. We develop a proba- . . . .
bilistic model over possible object locations that utilizebject- any of the 25'000+ objects_ SCENES In the_ English language in
ObJeCt and objec’[_g:ene context. This model can be queried for natural enV”lonmen%SWe W|” ShOW bOth S|mu|ated and I’eal-
any of over 25,000 naturally occurring objects in the world world experiments that use just a small subset of detectable
and is trained from labeled data acquired from the captions of  gbjects and scenes in order to robustly predict the location
photos on the Flickr website. We show that these simple models ¢y significant number of goal objects. We will additionally

based on object co-occurrences perform surprisingly well at - S
localizing arbitrary objects in an office setting. In addition, we ~ SNOW Preliminary results that use category-level visugab

show how to compute paths that minimize the expected distance detectors instead of simulated ones. Finally, we will psgpo
to the query object and show that this approach performs bette a method to search for a novel object by minimizing the
than a _greedy approach. l_:inally, we giVQ preliminary results for expected length of the path to a goal object.
grounding our approach in object classifiers. The contribution of this work is twofold. First, we will
show that by usingobject-objectand object-scenecontext
. INTRODUCTION learned from captions attached to photos on Flickr, we can

The goal of this work is to understand natural languagE?Pustly predict the locations of a wide variety of other
interactions where a person asks the robot to find a novePiects and scenes. Secondly, incorporating these pirathct
object, and the robot must search through the environment ipto the search process and chqosmg paths that minimize the
order to find the object. In principle, the novel object can b&*Pected length to the goal object, we are able to find the
any of thousands of types and could be located in hundreds@pi€ct more quickly than a greedy approach. Throughout this
places in a given environment. Reasoning about the locati@Per, our primary thesis is that strong positive or negativ
of objects usually relies on specialized object detectoas t cqrrelatlons betwegn objects in an environment give strong
perform well at detecting the goal object. In order to find®riors on the locations of other objects. _ ,
the object, the robot might search through the environment The paper is organized as follows. In section I we wil
using a chosen exploration strategy, building a map as @ve an overview of our approach to finding novel objects.
goes. At the same time, the robot passively or actively uséd Section Ill, we formalize the problem of inferring object
an object detector until it finds the object. Finally, it migh location and describe a probabilistic model that utilizes
register the location of the query object to a global map dfontext in order to predict the existence of novel objects.
the environment. In section 1V, we formalize the problem of searching for an

However, a search that does not take into account tfPIect and show how to optimize the path of the robot in
structure of natural environments will be inefficient andPrder to find this object. In section V, we show the results
arbitrary. Instead of having a single object detector, & th!TOM @ number of experiments, both simulated and using
robot has an array of detectors for different objects, it caff@-world data. Finally, in sections VI and VII, we will giv
utilize the fact that some objects tend to co-occur, or eegid e refated work, conclusions and future work.
certain kinds of places in the environment but not in others.
For example, given that the robot has detectesbfg this
may make aremote controlmuch more likely, and vice-  Our proposed approach is to utilize objects and scenes that
versa. Similarly, given that the robot has detectebtaand the robot knows about in order to predict the existence of new
aremote contral this increases the likelihood that the scen@bjects. Our underlying assumptions are that we have a robot
is a living room which in turn increases the likelihood of that is taking odometry measurements, laser measurements
detecting aelevision We use the term “scene” to denote theand camera images as it travels through its environment. Our
type of an environment, such as a kitchen, a living roonroposed algorithm is given in figure 1.
etc. Using this idea, we can use a set of object detectors inln step 1, the robot will build a map and using the
order to recognize scenes and predict the location of abjed@ssociated object detections at each location in its tajgc
that the robot has never encountered before. it will place annotations in the map where each object was
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(a) Step 1: Build a map (b) Step 2: Recognize okl€) Step 3: Medial-axigd) Step 4: Likelihood map (e) Step 5: Plan a path
jects transform

Fig. 1. This figure illustrates the proposed algorithm. Impsteand step 2 a map is built of the environment and objects argteegd in it (alternatively,
a person labels the of the objects). In step 3 the map is skétetb using the medial-axis transform. In step 4, for eachcgtidn this skeletonized map,
the likelihood of finding the query object is computed. Fipaih step 5, the likelihood map is used along with a start iocain order to plan a path to
the goal object. In this map, the labeled objects inclustairs, desk, kayaks, door, printer, couch, bike, whitedp&ish, computer, secretary, workarea,
trashcan, coffeemug, stapler, pencil, book, wine, keyhdaglicopter, chair, drill, espresso, coffeemaker, sinésh, microwave, tv, paper, towel, cellphone,
robot, copier, plant, remotecontrol, refrigerator, soamlder

observed (step 2). Given a query object, in step 3 the robmglationships. Thus, we have:
will compute a skeleton of the map using the medial-axis
transform to reduce the size of the inference and planning
problems. In step 4, the likelihood of finding the object at P(0s1, 0115 - "OmJl'C“ - Cn) = ®)
each location in the skeletonized map is computed using = o .

the labeled locations of the known objects. Finally, in step Z glﬁ(ol’l’%l)Ugﬁ(oz’l’q’l)

5, given a starting location, a breadth-first search can be

erformed in order to search for the best path to the quer
gbject. P a ‘yhe local MRF can be seen graphically in figure 2. In the first

Due to space limitations, we leave out the details of steg€'™M ¥» We have the likelihood of two objects co-occurring

1-3. An interested reader should refer to [12] and [16]. I thWhile in the second ter, we have the likelihood of an
next section we will formalize how to compute the likelihoogCPIECt detector being correct. Note that there are two types

map (step 4) and in section IV we will describe our pathpf “objects”: those that we can observe directly and those

planning objective and breadth-first search aIgorithmp(steWhiCh. are latent, e.g., scene variables._ In the case of all ou
5). experiments, some subset of these variables will be obderve
based on the categories that we are able to obtain. However,

I1l. | NFERRING OBJECT LOCATIONS there are nevertheless latent variables that are not aserv

. - . but which have an effect on the solution.
In order to compute the object likelihood function over We h | lored impl del that d
the map (i.e., the likelihood map), we propose to use the W€ have aiso explored a simpler model that does not

object-objectand object-sceneelationships inherent in the @K€ into account the fact that classifiers are noisy. Here,
environment. For a location on the map skeleton, we want e assume that the classifiers are always correct, and we can

compute the probability that a novel query object is visibld eref_ore take them as observations _Of the objects themelv
given our object detections. Formally, given a locatioon N Which case, equation 1 becomes:
the map skeleton, we can compute a distribution over the
existenceo,; of the novel objects at location! given the P(osilcip .- cnt) = p(0slor - . 0ny) (4)
detections of objects; ;, that is, 1
=7 [T %(0s1,050), (5)
J

p(057j|0171,...C]u,1,...017N...CA[7N), (1)
where: indexes theM detectable objects andindexes the
N locations on the skeleton. which is a Naive-Bayesmodel. While the compatibility
matrices currently only utilize two objects, in the future w
A. Inferring object locations plan to use models of higher order.

In this section we will describe how to compute equa- In the experiments presented in section V, loopy belief
tion 1, which corresponds to step four in figure 1. For thgropagation was used in order to perform the inference. , Thus
purposes of this work, we make the simplifying assumptiothe next challenge is to determine the compatibility masic
that other locationg have no effect on whether objeetis  %(0i,05,) for objectsoy, ..., 0, and the query; ;.
visible from the current location. By making this simplifig
assumption, we have the following distribution, which we
call theMarkov Random Fiel{MRF) model: B. Learning the compatibility matrices

p(Os,z|C1,z---Cn,z):ZP(Os,uOl,za-~-’Omvl|clvl"'C"»l) @) In order to learn the functiong) and ¢, we use co-
‘ occurrence statisticg, ;, that is, the count for how often
In order to define the distribution in the sum, we wanbbjecto; occurs with objecb;. Assuming that we have these
to take into account noisy measurements and contextusthtistics, we learn these functions as:



O

(a) Naive Bayes model (b) Local Markov Random Field

Fig. 2. The two models we have used in our experiments.

IV. PLANNING TO FIND OBJECTS

W(os=T,0;=T) = s, (6) We want to be able to compute a path through the
’ > Ms,j environment that minimizes the expected travel distance to

3 N the object (step 5 of figure 1). Here we again leverage the

Y(os =F,0,=T) ==mrs (7) medial-axis transform in order to reduce the search space.
Zm;«és Mm Using breadth-first search, we expand locations on the redia

Y(os =T,0, =F)=1-p(os=T,0,=T) (8) axis to the immediate connected neighbors (of which there
W(oy = F,0; = F) =1—p(oy=F, 0;=T) (9) are at most 4). The goal is to find an object as soon as

possible, which means that we want to minimize the expected
In the first term we have in the numerator the frequenclength of the path to the objedf[L,]. The expectation is
for how often objects and objecti co-occurred together and taken with respect to the distribution over objects,
in the denominator is the sum of the counts in categoiy )
the second term the numerator has the sum over all the time§rgmin E[L,] = (10)
that objecto;, has been seen in any other category divided pepaths

. . M
by the sum of the elements in all the other categories.
y g E p(OS,ZZT,OSJ_l:F.. .0571:F|Cl,1 --~C]VI,N)>< l.
C. Large co-occurrence databases 1=1

In order to determine the co-occurrence counts, we Here, p(os; = T,05,1-1 = F...os1 =
require a large database of information about which objecfS|c1,1...ca1...can) IS the likelihood of finding
tend to be spatially co-located, and which objects tend tabjects along the path up to the current location given the
occur in which scenes. The specific database we use is Flickkelihood of finding object (or not) along the way and the
which has image data as well as tags that have been givelassifications derived from the map.
to the images by millions of users. Our insight in using a Given a start location in the map, we retract the start
photo database is that the captions generally describetebjelocation onto the medial axis and perform a breadth-first
in the image, and objects in the same image are in the sasearch from there. Thus, at each node, we will expand the
location. While there is some amount of bias in the datasepbde as follows, recursively computing the expected length
(or irrelevant tags), the words that people use to desdnidie t of the path:
images often actually do correspond to the object classes
present in the image (e.gomputer, desk, keyboard... 8tc. n—1
We can see the co-occurrence counts in figure 3 fod#sk E[L,) = E[L,_1]+ H p(0s1 = Fleig...cary)| (A1)
and themac classes. On the vertical axis are the top 20 =1 '
object classes that co-occur with the base category anceon th
horizontal axis are the frequency with which they co-occur.
Near the top of the list fodesk are computer, keyboard, Itis straightforward to keep track of the expected length of
mouse, printer, lampall things that humans would expect tothe path as well as the probability that the robot did not see
find with a desk In addition, we are not limited to a strict the object at any previous location on the path. In addition,
vocabulary. This can be seen by lookingracin figure 3(b). we can compute the likelihood of having found the object
Mac refers to a Macintosh computer, and as expected we firgdter n timesteps as:
that it co-occurs with desks, computers, chairs, printets, o _ .

Instead of hard-coding the set of objects that we cafOsn =T 0N osn_y =T... OF0s1 =T) (12)
query, we perform a dense sampling of images over all the k
locations that exist in the English language (e.g. hallway, — ZP(OSJ =T o501 =F...05n = Flerg...cun)
office... etc.). In other words, we use all of thiejects scenes =1
andanimalsdefined in the WordNet database and search for We perform a breadth-first search out to a specified
images on the Flickr photosharing site. For the top 100Borizon. We then determine which paths have a likelihood of
hits, we download these images and use the associated téigding the object greater than threshel(equation 12), and
to derive co-occurrence counts from these images. we sort these paths by their expected length (equation 11),

X p(Osm = T|Cl7l e CJ\4,l) Xn



Location counts for desk Location counts for mac
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(a) desk (b) mac
Fig. 3. We can see on theaxis above are the raw counts for the number of timeskor macappeared with the categories on traxis in the Flickr
dataset. In (a) we can see thatleskis often in an office, with a chair, a laptop, a lamp, etc. In (l8) @an see the flexibility of our approach. Here we are
able to querymac(a computer made by Apple), which are often found near desksess, keyboards, etc., as one might expect in natural ements.

picking the minimal expected length. For the purposes dfallway areas and there is likelihood for the existence of
our search, we allow backtracking only when the robot haa lounge near the television. Overall, the places with high
explored to an end point of the medial axis. Also, the path ikelihood match our intuitions.
only allowed to traverse a particular location twice, and al In order to quantitatively evaluate the performance of
paths are constrained to have equal length. After computirige object inference, we divided the likelihood maps from
the path, the robot will then execute this path and search ofigures 4 and 5 int®21 topological regions. Treating the
the object, utilizing either classifiers to find the objecten likelihood map as a classifier, if the probability of seeimg a
it is in high-likelihood areas or using a human to close thebject anywhere in this region was over a threshglthen
loop. we classified this region as having the object in it, othegwis
we classified it as not having the object present.
V. RESULTS With t = 0.7, we have a precision af2% of the objects

In this section, we show that our model robustly predictin figure 4, with a recall 0f93% . With ¢ = 0.99, then
the location of novel objects. In addition, we show that tha precision of95% was attained, with a recall af7%.
proposed solution to the planning problem results in short®©n a per-class basis, most objects were predicted well,

expected paths than a greedy strategy. with the exception of the bottle class, which we believe
to be because bottles can appear many places, leading to
A. The effect of context a moderate likelihood over the entire environment.

Let us first assume that we have a perfect object detector: o
when an object is in view it will be seen. We will perform aB- Application to real-world data
simulated experiment where we take a map of the third floor In addition to the simulated experiment, we evaluated our
of a building at MIT and by walking around the environmenttechniques on another floor of a building at MIT using a
label all the locations of a limited number of objects in thigeal object detector from [3]. We detected three objectbas t
environment (for a partial list of the objects see figure 1 Wrobot moved around the floochairs, bicycles andmonitors
remove one object type from this list and let the other oljectSome examples of the classifier output are shown in figure 6.
predict the location of this query object. In this particulaWe added the object detections to the map, according to
environment, we labeled approximately one hundred objeuthere the robot was located as shown in figure 7(a). Out
types. Based on the labels already present in the Flickif a trajectory of approximately 5000 images, there were
dataset, we can query any of the 25,000 object and sceb@ false positives, and 64 true positives. The chair detecto
types in the English language. incorrectly detected 13 chairs, while the bicycle detector
In figure 4, we can see queries for a number of semantmissed no bicycles (there were two in the environment) and
categories. Of particular note is that we can query manystyp¢he monitor detector falsely detected no monitors (thenewe
of objects (even ones that are not labeled in the map). Ftwo detections).
example, in figure 4 we can see tmacobject. Also, we can Based on these three detectors alone, we were able to
see that there is almost zero likelihood of finding@vin  predict the location of a number of objects. The predicted
the environment, as expected. Howewshrashows a slight location was qualitatively reasonable for a number of cat-
likelihood of appearing in the lounge because a zebra couegories. In figure 7(a) we can see the locations where a
is apparently a somewhat popular type of striped couch. monitor is known to be visible based on the object detections
We can also use our approach to compute the most likebnd in figure 7(b) we can see the resulting search path for
scene (e.g. office, hallway, conference room... etc.)./®afg  a novel object, specifically a computer; the path goes past
to figure 5, we find the most likely place to find a kitchen idocations where the monitor is likely to be. Thus, we have
near the refrigerators, toaster ovens, and espresso mneachiemonstrated the feasibility of applying our approach &ab-re
There are three kitchen areas and in each of these, we can seeld data and plan to include more comprehensive results
that thesoapappears next to the sink and refrigerator. Thén the future.
most likely places to findfficesare away from any hallways L
and near desks, computers, and monitors. Of particular ndte Path optimization results
is that the monitor, desk, computer, and all occur at similar Finally, we did a study in order to optimize the path from
areas, indicating that they tend to occur together in offica random location to a number of query objects (e.g. the
environments. Exits are most likely near the stairs and ianes from figure 4). To perform this experiment, we used
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Fig. 4. Above are the likelihoods of finding objects over theire environment. White is higher likelihood, darker is lowielihood and these are
computed according to equation 4. In addition, we have labstene salient scene types by highlighting them.

hallway kitchen

Fig. 5. Above are the likelihoods for various locations otfeg entire environment. White is higher likelihood, darketower likelihood and these are
computed according to equation 4. Note that the circled azeagspond to the actual location of each scene in the enmient.

a baseline approach where the path was generated to fhem maps. In [6], the authors describe a robotic wheelchair
nearest location with a probability over the thresheldf that can follow directions over an extended period but do not
having the object visible (this is thgreedyapproach). We perform a systematic evaluation of their assertions. Intf&§
compared this solution to the paths generated according @aothors describe directing a semi-autonomous wheelchair,
our objective function. In order to normalize for length,where commands take the form of "enter right door” and
we extended the greedy path through a series of locatioffellow corridor.” There has also been work on utilizing an
selected according to the greedy strategy. object-based representation of the environment, althdligh

In our experiments, we computed 30 random start loextent to which the authors have applied this to real-world
cations in the map. Over these locations, we found tharoblems is unclear [14]. Our work, in contrast to these
our approach had a shorter expected length to the objempproaches utilizes the notion object-objectand object-
from 13% (for desks) to 68% (for refrigerators) of thescenecontext in order to reason about the environment.
time. In the rest of the cases tiggeedyapproach and our  From the scene understanding community context is used
approach had equal objective values due to the fact that tiigorder to perform object detection or localization [13],[
greedy approach would go through the same location as qum], [7]. Probably the most related to our work is [13],
approach. where the authors use a hidden Markov model to estimate
the scene type (e.g. hallway or office) and then use this as a
prior for improving object detection. In contrast, we irbu

There has been considerable interest in utilizing the struebject and scene types in the same framework, and are able
ture of the environment when interacting with humans. Byo use the geometric structure of the environment. In [7],
characterizing space as a hierarchy of elements [4], [2he authors utilize viewpoint and image geometry in order
[15] are able to capture the relationships of scenes am@prove classification accuracy, which is complementary to
objects and communicate with humans. In contrast to o@ur approach and a cue that we believe could be useful.
approach, each of these works utilizes ontologies that haveFinally, there is the Semantic Robot Vision Challenge
been created by hand and are deterministic. In [4], thgSRVC), where competitors use keywords to download im-
authors additionally propose a means by which to learn thesges from the Internet, train a model of an object and find
semantic representations from sensor data. it in a competition arena using a robot. Most approaches

In terms of communicating about tasks semantic levetp this competition use active vision to search locally for
[11], [6] use local commands and extract spatial relatigpssh the objects and map candidate locations. Our approach is

V1. RELATED WORK



(a) True positive (Monitor) (b) True positive (Monitor)

(c) True positive (Chair)

(d) False positive (Chair)

Fig. 6. Using the approach in [3], we classify a number of catieg in the an office building on MIT. Above are some of the insagassified correctly
and one instance of a false positive. In (a/b) are the twotilmes where a monitor was detected in the environment. In (@) tisie positive of a chair
while in (d) is a false positive of a chair.

Fig. 7.

(a) Location of objects registered to the map

In (a) we can see the location of the detected objetfistered to the map. The two locations where monitors werectit are highlighted in
red. In (b) we can see the path to follow in order to find a computke path passes a cluster of computers and goes to an offiees vahcomputer
resides in the real environment, passing by a number of theyqigects in the process. Note that the green circle is the Iszation and the red circle
is the destination.

(b) Planned path for aomputer

different from these in that we are looking at the structure o [4] C. Galindo, A. Saffiotti, S. Coradeschi, P. Buschka, Bextez J. A.
the environment in order to predict the location of objects,
while the SRVC is using a local search in order to find a
query object.

VII. CONCLUSIONS ANDFUTURE WORK

(5]

In conclusion, we have developed a model that accuratel

predicts novel objects in the scene based on context. I ord

to improve this model’'s accuracy and robustness, we plan to
incorporate smoothing terms that will allow the inferences

to be propagated across space as well. In addition, we aldd
plan to incorporate information other than co-occurrenceg;
information, such as object size, height above the ground,

disparity in depth, and others in order to improve our

inference.
We have also demonstrated that given a limited amount gfo
prior information, we can compute the best path to find this

novel object. One future direction we would like to explor

is viewpoint planning so that when the robot arrives at
location likely to contain a novel object, we might use weaake
object detectors in order to search for the novel object
planning its viewpoint.
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