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Abstract—In this paper we address the problem of autonomous learning of visual appearance of unknown objects.
We propose a method that integrates foveated vision on a humanoid robot with autonomous object discovery and explorative
manipulation actions such as pushing, grasping, and in-hand
rotation. The humanoid robot starts by searching for objects in a
visual scene and generating hypotheses about which parts of the
visual scene could constitute an object. The hypothetical objects
are verified by applying pushing actions, where the existence of
an object is considered confirmed if the visual features exhibit
rigid body motion. In our previous work we showed that partial
object models can be learnt by a sequential application of several
robot pushes, which generates the views of object appearance
from different viewpoints. However, with this approach it is
not possible to guarantee that the object will be seen from all
relevant viewpoints even after a large number of pushes have
been carried out. Instead, in this paper we show that confirmed
object hypotheses contain enough information to enable grasping
and that object models can be acquired more effectively by
sequentially rotating the object. We show the effectiveness of
our new system by comparing object recognition results after
the robot learns object models by two different approaches: 1.
learning from images acquired by several pushes and 2. learning
from images acquired by an initial push followed by several grasprotate-release action cycles.

I.

I NTRODUCTION

An autonomous robot operating in home and other natural
environments must be able to deal with new objects as they
are encountered for the first time. Robust methods are needed
so that a robot can detect a new object, explore it, and learn a
complete model of its appearance and other characteristics. An
active agent, e .g. a humanoid robot, has the facilities to affect
the environment with its manipulation actions. It can change its
point of view to see an object from a different angle [1], push
an object to segment it from the background [2], [3] or even
try to grasp it [4]. Feedback from manipulations has proved
vital in grounding knowledge for object learning [2].
Objects can be sensed in different ways, but the most
important sense is vision. In our work we exploit the advantages of foveated vision, which mimics the properties of
human vision. Besides being an active sensor, human eye also
differs from standard digital cameras in how photoreceptors
are distributed across the retina. The highest density occupies
the center of the retina called fovea, where the best acuity is
achieved. In order to inspect an area of interest in greater detail,
we need to shift our eyes so that the object image falls onto the
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fovea. At the same time, the peripheral part of the retina allows
us to observe a wider field of view. It has been shown that
foveal vision can be used effectively to improve the accuracy of
object recognition [5]. In our previous work [6], we proposed
to improve visual object learning by exploiting the advantages
of this arrangement, here denoted as foveated vision, through
interactive manipulation. In our system, foveated vision is
realised by using two cameras per eye with different focal
lengths [7]. This enables capturing wide-angle peripheral and
narrow-angle foveal images at the same time using of-the-shelf
equipment. The robot can simultaneously find and track objects
in the peripheral cameras and recognize them in the foveal
cameras, where images have the highest resolution.
In this paper we extend these ideas by proposing a method
that supplements foveated vision and active exploration by
pushing with grasping, in-hand rotation, and release action
cycles. As in our earlier work [6], the robot detects objects
by processing the peripheral camera images. It then pushes
an object hypothesis in order to induce a change in the scene
that grounds the visual features that belong to the hypothetical
object. An object hypothesis is then verified and a higher
resolution object image is acquired in the foveal cameras. In
order to learn a complete object representation, the robot must
see the object from different viewpoints. In our new approach,
the robot generates new object snapshots by first grasping the
hypothetical object, rotating it slightly to change the viewpoint
and then retracting the hand to make the object fully visible.
Unlike in the case of pushing, where it is difficult to predict
how an object will move, in our new system the robot can
explore the object in a systematic manner. This results in
quicker and more reliable acquisition of object models than
in the case of sequential application of pushing actions.
We validated the developed system by comparing object
recognition results after learning object models with the sequential application of pushing actions and with the new
method, where the object is sequentially grasped, rotated, and
released. The developed approach retains all the features of
our previous system. It requires no prior knowledge about the
objects or the environment except for the assumption that the
objects of interest move as rigid bodies.
II.

R ELATED W ORK

The beginning of interactive perception reaches way back
to its first suggestion by Tsikos and Bajcsy [8] and in
the context of cognitive robotics by Fitzpatrick and Metta
[2]. Recently the doctrine of interactive perception has been

can learn better models by successfully grasping, rotating and
releasing the object to gain an unobstructed object snapshots.
In addition, we use foveated vision to improve the overall
performance of the system.
III.

S YSTEM OVERVIEW

Our robot applies the following procedure to learn a new
object representation:

Fig. 1. JSI humanoid robot consisting of Karsluhe head, Kuka LWR arms,
and Barrett hands. In front of the robot we can see the objects used in the
experiments.

adopted by many research groups and has seen great advances.
Many researchers including Fitzpatrick and Metta [2] employed pushing to ground visual information. For example,
Chang et al. [9] proposed a method for discovering objects
in a pile and removing a singulated object. Evidence is
gathered by matching visual features of the hypothesis before
and after the perturbation, finding rigid transformations using
RANSAC [10], which is similar to the system developed
in [3], [11]. Similar methods using RGB-D images have been
proposed in [12], where more emphasis is given to where
to perturb the pile, and in [13], where depth and normal
discontinuities are used to create object hypotheses. Pushing
objects can also lead to the discovery of kinematic models of
articulated objects [14], [15], or object affordances [16].
Pushing an object has limited capabilities in manipulation
of the object. It is possible to predict how the object will
move on a plane [17], [18] and in three dimensions [19]. Some
methods require extensive knowledge about the environment
and Newtonian physics equations, while others learn and
generalize this knowledge, however it is difficult to predict
motion without an accurate object model.
In-hand rotation of objects have been used by Ude et
al. [20], Krainin et al. [21], Kraft et al. [22], and Browatzki et
al. [23]. In these works information is acquired by observing
an object while it is being rotated in the hand. The major
problems with these approaches is that the object needs to be
separated from the hand, which partially occludes the grasped
object. The holes in the model that are left due to occlusions
can be solved by grasping the object in a different way and
filling the missing parts, but this requires accurate registration
of object features across different views.
The problem of grasping novel objects is addressed in many
works including Saxena et al. [4] who learn a classifier that
determines possible grasping points of a novel object from
two or more images. Kraft et al. [22] also look for possible
grasping points to grasp an unknown object. The work of Li
and Kleeman [24] is the closest to our present work in a sense
that they use a robotic manipulator to first nudge an object
to segment it from the background. The robot then grasps the
object from the top and acquires different views by in-hand
rotations. Unlike these works [20]–[24], we found out that we

•

Generate object hypotheses in peripheral views:
Look for surface regularity and feature proximity in
the point cloud of stereo matched visual features
acquired from peripheral cameras.

•

Turn the head and eyes toward one hypothesis: The
centroid of the hypothesis should lie in the middle of
the foveal images.

•

Generate an object hypothesis in foveal view: The
object takes up a large portion of the foveal images,
therefore all visual features represent a hypothesis.

•

Validate the hypothesis in peripheral view: The
robot pushes the object through the mean position
of the hypothesis’ points. It validates which features
belong to the object due to the resulting change in
the scene. Additional features are added if they move
concurrently with the object.

•

Turn the head and eyes toward the confirmed
hypothesis: The centroid of the manipulated object
should lie in the middle of foveal images.

•

Validate the hypothesis in foveal view: The robot
validates which features belong to the object due to
the resulting change in the scene.

•

Object grasping: The robot approaches the object
from above until it touches the object and closes
the hand. Force feedback is exploited to stop the
downward robot hand motion.

•

Acquire a new view: The robot turns the object by
approximately 30◦ , releases it and retracts its hand.

•

Validate object features: The robot validates which
features belong to the object in the foveal and peripheral view due to the resulting change in the scene.

•

Learn the complete model: The robot repeats the last
three steps above to learn object features from a different viewpoints until a complete model is acquired.
IV.

D ISCOVERING O BJECT C ANDIDATES

The detection of object candidates starts by processing the
peripheral stereo image pair. The peripheral cameras cover a
much wider area than foveal cameras (see Fig. 2). Typical
objects in household environments are large enough to be
detected in the peripheral view of a humanoid head and still fit
into the foveal view at the reaching distance, i.e. 0.5 - 1 meter.
It is therefore sensible to use peripheral views when looking
for object hypotheses, i.e. in the object detection phase. In this
way we significantly reduce the detection time since the robot
does not need to actively search for the objects by turning its
head and eyes. For unusually small objects, a different, active

Fig. 2. Initial object hypotheses found in a typical scene with household
objects. In the peripheral view each hypothesis is represented with the points
of the same color. After the head has been turned toward the hypothesis ”1”,
the robot generates the initial hypothesis in the foveal view, where all feature
points belong to the hypothesis.

strategy could be designed, but this is beyond the scope of this
paper.
The basic idea of our approach for the generation of object
hypotheses is to search for surface regularity and feature
proximity to find the candidates in peripheral views. Most
common household objects consist, at least partially, of regular
geometric shapes such as planes, spheres and cylinders. Thus,
the detection of such a shape is a strong indication about the
existence of an object. A detailed description of how to look
for hypotheses in peripheral views is provided in [3], [25]. The
result of this procedure is shown in Fig. 2, left.
The object candidate is then inspected in detail in the foveal
view by turning the head and eyes toward it. Since foveal
cameras have a narrower field of view, the object covers a
much larger portion of the foveal than peripheral images. It
is therefore not necessary to search for object cues like in the
peripheral views. Instead all visual features are included in a
foveal object hypothesis. A detailed description of determining
foveal view hypotheses and how to control the robot to acquire
the object in foveal views is provided in [6], [26] and an
example in Fig. 2, right.
V.

C ONFIRMING O BJECT E XISTENCE

Since feature proximity or a smooth surface is not sufficient
evidence for existence of a physical object, the robot acquires
additional information to validate the object hypothesis. This
information is provided by the robot itself by pushing the
hypothetical object. A push represents an appropriate manipulation at this stage, since we don’t know a lot about the object
candidate. Any interaction that causes movement of the object
can help to resolve ambiguities about the object’s extent. Our
assumption is that objects move as rigid bodies. Changes in
the scene can be analyzed for simultaneous feature motion,
which is a very strong indicator of object existence [3].
The robot calculates the mean position of the hypothesis’
feature points. It then executes a straight line push from the
outside of the object toward a central point on the table, where
grasping can be performed. The details of this manipulation
are described in [25]. As the robot moves the object, it
disappears from the narrow angle foveal view. Therefore, the
robot detects rigid motion in the peripheral view and validates
object existence. If an object is found, the robot turns its head
and eyes toward the object and reacquires it in the foveal view.
It then verifies the object features in foveal views and stores

Fig. 3. The robot pushes the object to induce a change in the scene and
confirm object existence. The red points represent the validated visual features
of the initial hypothesis in the peripheral and foveal view.

them for later model training. The verification procedure is
done using a rigid body motion filter in the peripheral view
and a static feature filter in the foveal view as described in [6].
The result of this procedure is shown in Fig. 3.
VI.

B UILDING THE C OMPLETE O BJECT R EPRESENTATION

When object existence is confirmed, the robot has learned
one view of that particular object. In order to successfully
recognize the object in the future, it must acquire a complete
object representation, which is only possible if the robot sees
the object from different views. Since the robot confirmed
feature points that belong to the object in the previous stage
after pushing it, it can now try to grasp the object. This task
is much more feasible now than grasping the object before
pushing when its extent was not known reliably. The idea is
to grasp and rotate the object by 30◦ and then release it. This
action is repeated several times until the object has been seen
from all sides.
A. Grasping of Hypothetical Objects
The robot system is calibrated, which is why the robot
knows the global positions of the visual features belonging to
the object. We do not have a 3-D surface model to plan a
precise grasp, but we can plan a grasp based on the estimation
of the object size from the validated feature points. This is
done by first calculating the mean position p and the dominant
horizontal principal axis a of the object from the foveal
confirmed visual features. Let xi = [xi , yi , zi ] be the position
of N visual features confirmed in the foveal views
p=

N
1 X
xi .
N i=1

(1)

The gripper approaches the object in the configuration seen
in Figure 4, with one finger directly opposite to the other two.
It therefore make sense to grasp the object on the narrow side.
By calculating the principal axes of the object feature points
we estimate the object’s greatest extent in each direction. First
the covariance matrix Σ is calculated as
N

Σ = cov ({x1 , x2 , . . . xN }) =

1 X
(xi − p)(xi − p)T .
N − 1 i=1
(2)

Next we calculate the three eigenvalues λ1 , λ2 , λ3 and
eigenvectors v1 , v2 , v3 of the covariance matrix Σ, which is

B. Feature Registration
After the first push of the object, the object disappears from
the foveal views, so the robot has to locate it and confirm object
existence in the peripheral view. Afterwards, the robot turns the
head and reacquires the object in foveal cameras. Because the
exploration by grasping only induces a rotation on the object,
the object remains in the view of the foveal cameras and the
robot does not need to look for it in peripheral cameras again.

Fig. 4. The configuration of the gripper used for the grasping reflex. The
green arrow shows how the dominant axis of the object should be aligned in
the hand. On the right, an example of the dominant axis calculated from the
object’s confirmed visual features.

done by solving the equation
(Σ − λI) v = 0

(3)

The eigenvector associated with the biggest eigenvalue represents the axis of the greatest extent of the object.
However, we are interested in the extent of the object in
the plane perpendicular to the approach direction. Because
we approach the object from above and the z-axis of our
global coordinate system is vertical, we have to project all
the eigenvectors to the x-y plane and choose the biggest. The
projected principal axes a1 , a2 , a3 are:
"
[a1 , a2 , a3 ] =

1
0
0

0
1
0

0
0
0

#

hp

λ1 v1 ,

p

λ2 v2 ,

p

λ3 v3

i

(4)

After the push the robot validates the features using a static
feature filter described in [6]. We propose using a similar
filtering process after the grasping, which also works under
the assumption that the surrounding of the object in foveal
images didn’t move. The difference is, we don’t take the head
motion in account, because there is none and we propagate the
new validated features to the previous snapshot representation.
Let xkm be a candidate visual feature from the point cloud
before the grasp and xk+1
a matched visual feature after the
m
rotation. A tolerance  is defined as a maximum displacement
of static features to account for small changes in their positions
due to noise in the active stereo system. A feature has moved
if it satisfies the following equation:
k
kxk+1
m − xm k ≥ .

The dominant axis a is then given by
a = arg max (norm(y)).

1) Foveal View: The robot generates the foveal view point
cloud from point correspondences, found by matching interest
points in each eye. The entire point cloud represents candidate
points that might belong to the object and is calculated after
each grasp. There are many interest point detectors to choose
from and many of them or a combination of them work with
our method. In this paper we use a combination of Harris
interest points [27], which are found mostly in textured parts of
the image, and maximally stable extremal regions (MSER) [28]
found in the areas with less texture. The two detectors balance
each other by finding salient points in different image areas.

(5)

y∈{a1 ,a2 ,a3 }

An example of the calculated dominant axis is seen in Figure 4,
right.
The robot approaches the object from the top at the centre
point p with the hand oriented along the detected dominant
axis. It then moves downward until it detects a contact using
force-torque sensor in the hand. When the force in the wrist exceeds a predetermined threshold, the robot stops the movement
and starts closing the fingers. We evaluate the success of the
grasp by reading the finger joints values. If the fingers reached
the end position, the object was likely not grasped successfully.
Otherwise the robot continues and rotates the object by thirty
degrees. The reason why we chose that amount is explained
in Section VI-B2. After that the robot slowly releases the grip
and retracts the gripper back above the object, out of sight
for the foveal view cameras. An example of this procedure
is shown in Fig. 5. Each time the robot attempts to grasp
the object, it recalculates the dominant axis. With successive
manipulation it learns more information about the object, so
the object’s extent is calculated more reliably and consequently
the successive grasping action also succeed provided the first
grasp action has succeeded.

(6)

After the grasp, the robot retracts the hand out of the foveal
cameras’ view. Because the only thing that changed in the
foveal view is the position of object, all the features that have
moved belong to the object.
The robot observes the object in a snapshot-like fashion
- only between manipulations. Therefore, it sees a new part
of the object for the first time after each rotation. The new
features seen after the k-th grasp can only be successfully
validated after the k + 1-th grasp. That indicates that the set of
visual features belonging to the object after the k-th grasp is
the union of the features satisfying Eq. (6) after the k-th and
k + 1-th grasp. We can see an example of how the propagation
of confirmed features to the previous view complements the
object model in Figure 6.
2) Peripheral View: While exploring the object, the robot
can also learn the object model in the peripheral view, to
be able to classify an object in the object discovery phase
using just the peripheral cameras. This is useful when the
robot is looking for a particular object and sees several object
candidates in the peripheral view. It has to decide which one
to gaze toward to inspect it in the foveal view.
Since the visual features confirmed in the foveal view
include 3-D positions, the robot can calculate the rigid motion
the object exhibited between manipulations. Using RANSAC

Fig. 5. The robot aligns the gripper with the dominant axis of the object, moves downward until it detects a contact, grasps the object and rotates it approximately
30◦ . Afterwards the object is released and the robot retracts the manipulator out of the view of the foveal cameras.

the robot finds the best rigid transformation (rotation Rk+1 ,
translation tk+1 ) between the corresponding confirmed visual
features after the k-th and k + 1-th grasp.
The robot can use this transformation to validate the features that belong to the object in the peripheral view. Similarly
to the procedure in the foveal view, it generates the point cloud
after each manipulation and checks which features correspond
to the motion model with a minimum tolerance γ:
kxk+1
− Rk+1 · xf + tk+1 k ≤ γ.
f

(7)

Fortunately, the robot does not have to check the entire
point cloud. The peripheral cameras capture a much wider area,
therefore we can focus only on the volume close to the object.
We limit the search area to a sphere around the mean point
of the object p. In our case a sphere with a radius of 30 cm
captures all the movement that happens in the foveal view in
the range of 0.5 - 1 meter from the robot.
In our system we use SIFT descriptors [29] to match
the interest points, which is why we prompt the robot to
try to rotate the object by 30◦ . It has been shown that the
SIFT descriptors can be matched well enough for viewpoint
changes up to 30◦ [30]. Since the robot rotates the object
by 30◦ every time, it could simply execute eleven rotations
and assume it has rotated it a full circle. However, the grasp
of the object can cause some unintended rotation, so the
rotation of the object should not be assumed. But, since
we calculate the transformation of the object’s pose between
individual grasps, we can instead rely on this information to
determine when to finish object exploration. The robot sums
the transformations together and when the combined rotation
around z-axis exceeds 330◦ , the exploration stops.
3) Object Representation: Numerous visual features define
an object in snapshot-like groups from individual manipulation
steps. Using these groups the visual appearance of objects is
learned using a bag of features model (BoF) [31]. This method
of representing objects has been shown to be distinctive and
robust for object classification, even under partial occlusions.
A visual vocabulary is created by clustering SIFT feature
descriptors extracted from random object training images. Each
cluster is represented by a descriptor - a visual word - that
replaces the descriptors defining the object, by finding their
closest matches in the visual vocabulary. Since SIFT is based
on gray scale data, we calculate a saturation-weighted hue
histogram [32] within the ellipse spanned by the principal

axes of the confirmed features projected on the image, to also
include color information. Combined, the two different types
of histograms represent feature vectors for recognition.
VII.

E XPERIMENTAL E VALUATION

We performed several experiments to evaluate the gain
of autonomous object exploration by pushing and grasping.
We compared the performance of recognition using models
acquired by two different approaches: 1. learning from images
acquired by several pushes (our previous approach presented
in [6]) and 2. learning from images acquired by an initial
push followed by several grasp-rotate-release action cycles
(this paper). The robot learned representations of 10 different
household objects (Fig. 1). Each object was placed on the table
in front of the robot at an approximate distance of 80 cm. Using
the first exploring approach, the robot pushed each object
15 times. Using our proposed method the robot grasped and
rotated each object until it completed a full circle as described
in Section VI-B2, but was limited to using no more than 15
manipulations. The acquired object representations were used
to learn a classifier. The classification was realized by Support
Vector Machines (SVM) [33] with a linear kernel and a multiclass classification approach.
For recognition each object was placed in front of the robot
in 6 different poses. The randomness was ensured by asking a
person, who did not witness the robot’s learning procedure, to
place an object in front of the robot in six different poses. The
objects were placed at approximately the same distance as in
the learning procedure. The recognition procedure started by
classifying the object hypothesis. The robot then pushed the
object three times and classified it after each manipulation.
Table I shows the results of object recognition.
A setup with dual KUKA LWR arms [34] and the Karlsruhe robot head [7] was used, as seen in Figure 1. We applied
active calibration procedures [35] to account for the changing
robot configuration and thus enable 3D vision.
The classification of the initial hypotheses was not very
successful because they didn’t capture the objects in their
entire extent and also included some false features from the
background. After the first push the recognition rate improved
in both strategies, showing the benefit of interaction for segmentation. With additional pushing both rates rose, because
the object representation included more visual features, that
corresponded to object motion. The grasping method (G+R)
was much more successful at some objects, mainly because

Fig. 6. As the robot grasp and rotates an object (1. image), it observes a new part of the object (2. image). The new features can only be successfully validated
after the next grasp (3. image). The new validated features are then propagated back to the previous snapshot representation and joined with the existing ones
(4. image).
TABLE I.
O BJECT RECOGNITION RATES USING AUTONOMOUSLY
LEARNED OBJECT REPRESENTATIONS BY GRASPING AND ROTATION (G+R)
AND BY PUSHING ONLY (P). T HE RECOGNITION RATE IS EVALUATED FOR
THE INITIAL HYPOTHESES AND AFTER THE FOLLOWING THREE PUSHES .
Object
Orbit green
Orbit purple
Total care
Light yogurt
Ego yogurt
Yogurt
Barcaffe
Leopard bag
Non stop
Ball
Total

Exploration
G+R
P
G+R
P
G+R
P
G+R
P
G+R
P
G+R
P
G+R
P
G+R
P
G+R
P
G+R
P

init. hyp.
50 %
50 %
33 %
33 %
67 %
33 %
50 %
50 %
67 %
33 %
33 %
50 %
50 %
50 %
83 %
83 %
67 %
50 %
83 %
83 %

1 push
67 %
67 %
67 %
33 %
83 %
50 %
67 %
67 %
83 %
83 %
67 %
67 %
67 %
67 %
100 %
100 %
83 %
67 %
100 %
100 %

2 pushes
83 %
83 %
83 %
50 %
67 %
50 %
83 %
67 %
83 %
67 %
100 %
50 %
83 %
50 %
100 %
100 %
100 %
67 %
100 %
100 %

3 pushes
83 %
67 %
100 %
67 %
83 %
67 %
83 %
67 %
100 %
83 %
83 %
67 %
100 %
83 %
100 %
100 %
100 %
83 %
100 %
100 %

G+R
P

58 %
51 %

78 %
70 %

88 %
68 %

93 %
78 %

our proposed systematic learning strategy managed to learn
the object from more different views. When an object was
presented to the robot from a view it hasn’t seen before, it had
a hard time classifying it, even after interacting with it. On
the other hand, some objects, e.g. the ball, have a symmetrical
pattern that looks similar from different views and could be
successfully recognized from different views.
Compared to the results in [6] the total recognition rates
were lower, because in that work the robot tried to recognize
the objects only from previously seen poses. The task was
to segment a single object from a group of objects. Here only
one object was placed in front of the robot, but the pose of the
object was random. On some rare occasions even the bottom
of the object was facing the robot, however, the person placing
the objects on the table subconsciously avoided these poses.
That comes at no surprise since humans mostly encounter these
household objects in an upright pose. The results show that
using our proposed method the robot was able to learn a more
complete object representation, which resulted in better object
recognition.
VIII.

compared to previous approaches is in how information about
the objects is acquired; through a combination of initial pushes
to verify object hypotheses followed by successive application
of grasp-rotate-release action cycle. The system also exploits
the advantages of foveated vision to acquire initial hypotheses
faster and more reliably and to learn more accurate models of
object appearance. Our approach works in arbitrary tabletop
environments and relies on only two assumptions: that the
object moves according to the assumed motion model, currently rigid body motion, and that it has some distinctive visual
features.
The proposed approach does not require the detection,
tracking and exclusion of the robot hand and the rest of the
robot manipulator as some previous approaches that exploited
in-hand rotation for object learning. The grasp and the object
rotation do not need to be precise, it is only important that
the change in the object’s pose is not too large for the
robot to match visual features across successive views. Our
experimental results show that with the proposed approach, the
robot is able to learn a more complete object representation
than when only pushing the object. Since up to now we have
only implemented grasping from above and rotating the object
around the vertical axis, the robot cannot learn the bottom side
of the object. However, this is sufficient for many practical
applications because the bottom side of an object is less
likely to be seen in standard interaction. It is, however, quite
straightforward to implement also grasping from directions
different than vertical direction, which would enable us to
acquire object snapshot across the complete viewing sphere.
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C ONCLUSION

We presented a new method for autonomous discovery of
unknown objects using active perception. The main novelty
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F. Wörgötter, and N. Krüger, “Birth of the object: Detection of objectness and extraction of object shape through object-action complexes,”
International Journal of Humanoid Robotics, vol. 5, pp. 247–265, June
2008.
B. Browatzki, V. Tikhanoff, G. Metta, H. H. Bülthoff, and C. Wallraven, “Active in-hand object recognition on a humanoid robot,” IEEE
Transactions on Robotics, vol. 30, no. 5, pp. 1260–1269, 2014.
W. H. Li and L. Kleeman, “Segmentation and modeling of visually
symmetric objects by robot actions,” The International Journal of
Robotics Research, vol. 30, no. 9, pp. 1124 –1142, 2011.
A. Ude, D. Schiebener, N. Sugimoto, and J. Morimoto, “Integrating
surface-based hypotheses and manipulation for autonomous segmentation and learning of object representations,” in IEEE International Conference on Robotics and Automation, (St. Paul, Minnesota), pp. 1709–
1715, 2012.
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