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T
he consideration of data set design, collection, and distribution method-
ology is becoming increasingly important as robots move out of fully
controlled settings, such as assembly lines, into unstructured environ-
ments. Extensive knowledge bases and data sets will potentially offer a
means of coping with the variability inherent in the real world. In this

study, we introduce three new data sets related to mobile manipulation in human
environments. The first set contains a large corpus of robot sensor data collected in
typical office environments. Using a crowd-sourcing approach, this set has been
annotated with ground-truth information outlining people in camera images. The
second data set consists of three-dimensional (3-D) models for a number of graspable
objects commonly encountered in households and offices. Using a simulator, we have
identified on each of these objects a large number of grasp points for a parallel jaw
gripper. This information has been used to attempt a large number of grasping tasks
using a real robot. The third data set contains extensive proprioceptive and ground-
truth information regarding the outcome of these tasks.
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failing to notice a malicious grader leads to numerous
misgraded annotations. These facts encouraged us to
grade the annotations personally and write lengthy com-
ments to workers making consistent mistakes. The work-
ers were extremely receptive to this approach, quickly
correcting their mistakes, thus significantly reducing
duplication of work. Overall, personalized feedback for
the small number of workers reduced our own workload.
There are other ways to identify incorrect annotations;

however, they were not applicable in this situation. For
example, the completely automated public Turing test to tell

computers and humans
apart (reCAPTCHA) style
[16] of presenting two an-
notations and grading
the second based on the
first assumes that the
errors are consistent. For
the annotation task in the
Moving People, Moving
Platform data set, how-
ever, errors resulted
from misunderstanding

the instructions for a particular image scenario (e.g., a per-
son truncated by the image border). Unless both of the
images presented contain the same scenario(s), the redun-
dancy of having two images cannot be exploited.

Applications
This data set is exclusively intended for offline training and
testing of person detection and tracking algorithms from a
robot perspective. The use of multiple sensor modalities,
odometry, and situational information is encouraged.
Some possible components that could be tested using this
data set are face detection, person detection, human pose
fitting, and human tracking. Examples of information

beyond that offered by other data sets that could be
extracted and used for algorithm training include the
appearances of people in multiple robot sensors, typical
human poses in office environments (e.g., sitting and
standing), illumination conditions (e.g., heavily back-lit
offices with windows), scene features (e.g., ceilings, desks,
and walls), and how people move around the robot. This is
just a small sample of the applications for this data set.

Future Work
It is important to take a moment to discuss the possible con-
straints on algorithm design imposed by the annotation for-
mat and methodology. Two-dimensional (2-D) outlines can
only be accurate in the image orientation and resolution.
Robots, however, operate in three dimensions. Given that
stereo camera information is noisy, it is unclear how to
effectively project information from a 2-D image into the 3-
D world. The introduction of more reliable instantaneous-
depth sensors may ameliorate this problem. However, even
a device such as the Microsoft Kinect sensor [17] is
restricted to one viewpoint. Algorithms developed on such a
data set can only provide incomplete information. A format
for 3-D annotations that can be obtained from an untrained
workforce is an open area of research.

Short-term work for this data set will be focused on
obtaining additional types of annotations. It would be
informative to have semantic labels for the data set such as
whether the person is truncated, occluded, etc., and pose
information such as whether the person is standing, sitting,
etc. Future data sets may focus on perceiving people during
interaction scenarios such as object handoff. Additional
data from new sensors, such as the Microsoft Kinect,
would also enhance the data set.

Finally, an additional interesting data set could be con-
structed containing relationships between people and
objects, including spatial relationships and human grasps
and manipulations of different objects. Object affordances
could enhance the other data sets described in this article.

The Household Objects and Grasps Data Set
A PR•s ability to navigate around and interact with people
can be complemented by its ability to grasp and manipu-
late objects from the environment, aiming to enable com-
plete applications in domestic settings. In this section, we
describe a data set that is part of a complete architecture
for performing pick-and-place tasks in unstructured (or
semistructured) human environments. The algorithmic
components of this architecture, developed using the ROS
framework, provide abilities such as object segmentation
and recognition, motion planning with collision avoid-
ance, and grasp execution using tactile feedback. For more
details, we refer the reader to our article describing the
individual code modules as well as their integration [18].
The knowledge base, which is the main focus of this article,
contains relevant information for object recognition and
grasping for a large set of common household objects.

€
Annotation of the data set

was crowd-sourced using

Amazon’s Mechanical Turk

marketplace.
€
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Figure 5. The Mechanical Turk interface for annotating outlines
of people for the Moving People, Moving Platform data set. (a)
Workers were presented with the original image with a
bounding box annotation of one person (by another worker),
and (b) an enlarged view of the bounding box on the right. The
worker drew a polygonal outline of the person in (b). (Photo
courtesy of Willow Garage, Inc.)
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The objects and grasps data set is available in the form of
a relational database, using the SQL standard. This provides
optimized relational queries, both for using the data online
and managing it offline, as well as low-level serialization
functionality for most major languages. Unlike the data set
described in the previous section, the Household Objects
and Grasps set is intended for both offline use during train-
ing stages and online use at execution time; in fact, our cur-
rent algorithms primarily use the second of these options.

An alternative for using this data set, albeit indirectly, is in
the form of remote ROS services. A ROS application typically
consists of a collection of individual nodes, communicating
and exchanging information. The transmission control proto-
col/Internet protocol (TCP/IP)transport layer removes physi-
cal restrictions, allowing a robot to communicate with a ROS
node situated in a remote physical location. All the data
described in this section are used as the backend for publicly
available ROS services running on a dedicated accessible
server, using an application programming interface defined in
terms of high-level application requirements (e.g., grasp plan-
ning). Complete information for using this option, as well as
regular downloads for local use of the same data, is available
at http://www.ros.org/wiki/household_objects_database.

Related Work
The database component of our architecture was directly
inspired by the Columbia grasp database (CGDB) [19],
[20], released together with processing software integrated
with the GraspIt! simulator [21]. The CGDB contains
object shape and grasp information for a very large
(n ¼ 7, 256) set of general shapes from the Princeton
Shape Benchmark [22]. The data set presented here is
smaller in scope (n ¼ 180), referring only to actual grasp-
able objects from the real world, and is integrated with a
complete manipulation pipeline on the PR2 robot.

While the number of grasp-related data sets that have
been released to the community is relatively small, previ-
ous research provides a rich set of data-driven algorithms
for grasping and manipulation. The problems that are
targeted range from grasp point identification [23] to
dexterous grasp planning [24], [25] and grasping anima-
tions [26], [27], to name only a few. In this study, we are
primarily concerned with the creation and distribution
of the data set itself, and the possible directions for future
similar data sets used as online or offline resources for
multiple robots.

Contents and Collection Methodology
One of the guiding principles for building this database was to
enable other researchers to replicate our physical experiments
and to build on our results. The database was constructed
using physical objects that are generally available from major
retailers (while this current release is biased toward U.S.-based
retailers, we hope that a future release can include interna-
tional ones as well). The objects were divided into three cate-
gories: for the first two categories, all objects were obtained

from a single retailer (IKEA and Target, respectively), while
the third category contained a set of household objects com-
monly available in most retail stores. Most objects were
chosen to be naturally graspable using a single hand (e.g.,
glasses, bowls, and cans); a few were chosen as use cases for
two-hand manipulation problems (e.g., power drills).

For each object, we acquired a 3-D model of its surface
(as a triangular mesh). To the best of our knowledge, no
off-the-shelf tool exists that can be used to acquire such
models for a large set of objects in a cost- and time-effec-
tive way. To perform the task, we used two different meth-
ods, each with its own advantages and limitations:
l For those objects that are rotationally symmetric about

an axis, we segmented a silhouette of the object against a
known background and used rotational symmetry to
generate a complete mesh. This method can generate
high-resolution, very precise models but is only applica-
ble to rotationally symmetrical objects.

l For all other objects, we used the commercially available
tool 3DSOM (Creative Dimension Software Ltd., U.K.).
3DSOM builds a model
from multiple object
silhouettes and cannot
resolve object concav-
ities and indentations.
Overall, for each object,

the database contains the
following core information:
l the maker and model name (where available)
l the product barcode (where available)
l a category tag (e.g., glass, bowl, etc.)
l a 3-D model of the object surface, as a triangular mesh.

For each object in the database, we used theGraspIt!
simulator to compute a large number of grasp points for
the PR2 gripper (shown in Figure 3). We note that, in our
current release, the definition of a good grasp is specific to
this gripper, requiring both finger pads to be aligned with
the surface of the object (finger pad surfaces contacting
with parallel normal vectors) and further rewarding pos-
tures where the palm of the gripper is close to the object as
well. In the next section, we will discuss a data-driven
method for relating the value of this quality metric to real-
world probability of success for a given grasp.

Our grasp planning tool used a simulated annealing
optimization, performed in simulation, to search for grip-
per poses relative to the object that satisfied this quality
metric. For each object, this optimization was allowed to
run over 4 h, and all the grasps satisfying our require-
ments were saved in the database; an example of this
process is shown in Figure 6 (note that the stochastic
nature of our planning method explains the lack of
symmetry in the set of database grasps, even in the case of
a symmetrical object). This process resulted in an average
of 600 grasp points for each object. In the database, each
grasp contains the following information:
l the pose of the gripper relative to the object

€
PRs operate in environments

populated by people.
€
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l the value of the gripper degree of freedom, determining
the gripper opening

l the value of the quality metric used to distinguish
good grasps.
The overall data set size, combining both model and

grasp information, is 76 and 12 MB uncompressed and
compressed, respectively.

Annotations and Annotation Methodology
Unlike the other two data sets presented in this article, the
models and grasps set does not contain any human-gener-
ated information. However, grasp points derived using our
autonomous algorithm have one important limitation:
they do not take into account object-specific semantic
information or intended use. This could mean a grasp that
places one finger inside a cup or bowl or prevents a tool
from being used. To alleviate this problem, an automated
algorithm could take into account more recent methods
for considering intended object use [28]. Alternatively, a
human operator could be used to demonstrate usable

grasps [29]. The scale of the data set, however, precludes
the use of few expert operators, while a crowd-sourcing
approach, similar to the one discussed in the previous sec-
tion in the context of labeling persons, raises the difficulty
of specifying 6-D grasp points with simple input methods
such as a point-and-click interface.

Applications
The database described in this study was integrated in a
complete architecture for performing pick-and-place tasks
on the PR2 robot. A full description of all the components
used for this task is beyond the scope of this article. Here,
we present a high-level overview with a focus on the inter-
action with the database; for more details on the other
components, we refer the reader to [18].

In general, a pick-and-place task begins with a sensor
image of the object(s) to be grasped in the form of a point
cloud acquired using a pair of stereo cameras. Once an
object is segmented, a recognition module attempts to
find a match in the database, using an iterative matching
technique similar to the iterative closest point (ICP) algo-
rithm [30]. We note that this recognition method uses
only the 3-D surface models of the objects stored in the
database. Our data-driven analysis discussed in the next
section has also been used to quantify the results of this
method and relate the recognition quality metric to ground-
truth results.

If a match is found between the target object and a data-
base model, a grasp planning component will query the
database for all precomputed grasp points of the recog-
nized object. Since these grasp points were precomputed in
the absence of other obstacles and with no arm kinematic
constraints, an additional module checks each grasp for
feasibility in the current environment. Once a grasp is
deemed feasible, the motion planner generates an arm
trajectory for achieving the grasp position, and the grasp is
executed. An example of a grasp executed using the PR2
robot is shown in Figure 7. For additional quantitative
analysis of the performance of this manipulation frame-
work, we refer the reader to [18].

The manipulation pipeline can also operate on novel
objects. In this case, the database-backed grasp planner is
replaced by an online planner able to compute grasp
points based only on the perceived point cloud from an
object; grasps from this grasp planner are used in addi-
tion to the precomputed grasps to generate the Grasp
Playpen database described in the next section. Grasp
execution for unknown objects is performed using tactile
feedback to compensate for unexpected contacts. We
believe that a robot operating in an unstructured envi-
ronment should be able to handle unknown scenarios
while still exploiting high-level perception results and
prior knowledge when these are available. This dual abil-
ity also opens up a number of promising avenues for
autonomous exploration and model acquisition that we
will discuss later.

Figure 7. The PR2 robot performing a grasping task on an
object recognized from the model database. (Photo courtesy of
Willow Garage, Inc.)

(a) (b) (c)

Figure 6. Grasp planning in simulation on a database model.
(a) The object model; (b) grasp example using the PR2 gripper;
and (c) the complete set of precomputed grasps for the PR2
gripper. Each arrow shows one grasp: the arrow location shows
the position of the center of the leading face of the palm, while
its orientation shows the gripper approach direction. Gripper roll
around the approach direction is not shown.
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as shown in Figure 1(c). The robot selects a random grasp by
1) trying to recognize the object on the table and using a
grasp from the stored set of grasps for the best detected
model in the Household Objects and Grasps database
(planned using theGraspIt!simulator) or 2) using a grasp
from a set generated by the novel-object grasp planner based
on the point cloud. It then tries to execute the grasp. To esti-
mate the robustness of the grasp chosen, the robot first
attempts to lift the object off the table. If that succeeds, it will
slowly rotate the object into a sideways position, then shake
the object vigorously along two axes in turn, and then move
the object off away from the table and to the side of the robot,
and finally attempt to place it back on the other side of the
table. Visual and proprioceptive data from the robot are
recorded during each phase of the grasp sequence; the robot
automatically detects if and when the object is dropped and
stops both the grasp sequence and the recording.

In total, the data set contains recordings of 490 grasps
of 30 known objects from the Household Objects and
Grasps data set, collected using three different PR2 robots
over a three-week period. Most of these objects are shown
in Figure 9. Each grasp recording includes both visual and
proprioceptive data. The data set also contains 150 addi-
tional images and point clouds of a total of 44 known
objects from the Household Objects and Grasps data set,
including the 30 objects used for grasping. An example
point cloud with its ground-truth model mesh overlaid is
shown in Figure 9. Recorded data are stored as ROS-for-
mat bag files, as in the Moving People, Moving Platform
data set. Each grasp also has an associated text file summa-
rizing the phase of the grasp reached without dropping the
object, as well as any annotations added by the person.

Each grasp recording contains visual data of the object
on the table prior to the grasp, from two different views
obtained by moving the head:
l images and point clouds from the narrow FoV, mono-

chrome stereo cameras (6403 480)
l images from the wide FoV, color stereo cameras (6403 480)
l images from the gigabit color camera (2,4483 2,050)
l the robot•s head angles and camera frames.

During the grasp sequence, the recorded data contain

l narrow and wide FoV stereo camera images (6403
480, 1 Hz)

l grasping arm forearm camera images (6403 480, 5 Hz)
l grasping arm fingertip pressure array data (25 Hz)
l grasping arm accelerometer data (33.3 kHz)
l the robot•s joint angles (1.3 kHz)
l the robot•s camera and link frames (100 Hz)
l the requested pose of the gripper for the grasp.

The average size of all the recorded data for one grasp
sequence (compressed or uncompressed) is approximately
500 MB; images and point clouds alone are approximately
80 MB.

Annotations and Annotation Methodology
The most important annotations for this data set contain
the ground-truth model identification number (ID) and
pose for each object. Each object is placed in a randomly
generated, known location on the table by carefully align-
ing the point cloud for the object (as seen through the
robot•s stereo cameras) with a visualization of the object
mesh in the desired location. The location of the object is
thus known to within operator precision of placing the
object and is recorded as ground truth.

Further annotations to the grasps are added to indicate
whether the object hit the table while being moved to the side
or being placed, whether the object rotated significantly in the
grasp or was placed in an incorrect orientation, and whether
the grasp was stopped due to a robot or software error.

Applications
The recorded data from the Grasp Playpen data set are use-
ful for evaluating and modeling the performance of object
detection, grasp planning, and grasp evaluation algorithms.

For the ICP-like object detection algorithm described in
the •ApplicationsŽ section of •The Household Objects and
Grasps Data SetŽ section, we have used the recorded object
point clouds along with their ground-truth model IDs (and
the results of running object detection) to create a model for
how often we get a correct detection (identify the correct
object model ID) for different returned values of the detec-
tion algorithm•s match error, which is the average distance

between each stereo point cloud point
and the proposed object•s mesh. The
resulting naive Bayes model is shown
in Figure 10, along with a smoothed
histogram of the actual proportion of
correct detections seen in the Grasp
Playpen data set.

For the GraspIt! quality metric
described in the section •Contents
and Collection MethodologyŽ, we
have used the grasps that were ac-
tually executed, along with whether
they were successful or not (and
GraspIt!•s estimated grasp quality
for those grasps, based on the

(a) (b)

Figure 9. (a) A subset of the objects used in the Grasp Playpen data set’s grasp
recordings. (b) The point cloud for a nondairy creamer bottle, with the appropriate model
mesh overlaid in the recorded ground-truth pose. (Photo courtesy of Willow Garage, Inc.)
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