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Summary
The contribution in this deliverable is on tracking and state estimation of manipulated objects, as
detailed in Tasks T4.2, T4.3, T4.4, and to some extent T4.5. The ability to manipulate objects
depends on knowledge of the objects’ extrinsic properties such as geometry, pose, and how they
interact with other objects and the environment, as well as intrinsic properties such as object
boundaries, and how they react to applied forces.
We explore different perceptual methods exploiting different sensory modalities, to gain understanding of these intrinsic and extrinsic object properties. Algorithms have been developed both
for detecting and tracking these object properties.

4

Chapter 1
Published Results
The results for this deliverable have been accepted for publication in peer-reviewed venues. This
section contains a short description of the contributions, and references to the published reports,
which are appended to this document.

1.1 Tracking of pose and interaction forces
As detailed in tasks T4.2 and T4.3, we study perception of the pose of different objects, to enable
the robot to sense and understand its environment. By using known object models, and exploiting
the inherent parallelism in the problem, we show a method to simultaneously track the pose of
more than a hundred different objects in real time, using 3D vision. Also, as detailed in tasks
T4.3 and T4.4, we show how to track contact interaction between an unmodelled tool held by a
robot and the environment. By using force and torque measurements, we demonstrate tracking
of contact points and surface normals, even for visually occluded cases. The results are published
in [1, 2].

1.2 Understanding object properties
In the context of tasks T4.2 and T4.4, we study the problem of disambiguating between objects
and environment, and between separate objects. By using a probabilistic learning framework, we
show how to enable a robot to determine object separation by observing the effects of touching
the object. We also show how the robot can autonomously learn the optimal actions for achieving
efficient disambiguation between possible hypotheses. The results are published in [3].
In the context of task T4.4 and T4.5, we explore different methods to determine container contents
by observing their deformation under applied grasps. We show how the different modalities of
touch and vision can be used to infer content information, and that similar performance can be
achieved with either modality. The results are published in [4]
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Real-time Pose Detection and
Tracking of Hundreds of Objects
Karl Pauwels, Leonardo Rubio, and Eduardo Ros

Abstract—We propose a novel model-based method for tracking the six-degrees-of-freedom (6DOF) pose of a very large
number of arbitrarily shaped rigid objects in real-time. By
combining dense motion and depth cues with sparse keypoint
correspondences, and by feeding back information from the modeled scene to the cue extraction process, the method is both highly
accurate and robust to noise and occlusions. A tight integration of
the graphical and computational capability of graphics processing
units (GPUs) allows the method to simultaneously track hundreds
of objects in real-time. We achieve pose updates at framerates
around 40 Hz when using 500,000 data samples to track 150
objects. We introduce a synthetic benchmark dataset with varying
objects, background motion, noise and occlusions that enables
the evaluation of stereo-vision-based pose estimators in complex
scenarios. Using this dataset and a novel evaluation methodology,
we show that the proposed method greatly outperforms state-ofthe-art methods. Finally, we demonstrate excellent performance
on challenging real-world sequences involving multiple objects
being manipulated.
Index Terms—model-based object pose estimation, optical flow,
stereo, real time, graphics processing unit (GPU), benchmarking.

E

I. I NTRODUCTION

STIMATING and tracking the 6DOF (three translation
and three rotation) pose of multiple rigid objects is
critical for robotic applications involving object grasping and
manipulation, and also for inspection tasks, activity interpretation, or even path planning. In many situations, models of the
objects of interest can be obtained quickly and with relative
ease, either off-line [1], or on-line in an exploratory stage [2],
[3].
A. Related Work
Since real-time pose detection and tracking is such an
important ability of robotic systems, a wide variety of methods
have been proposed in the past. We only provide a brief
overview of the major classes of methods here. Many more
examples exist for each class. An important distinction exists
between pose detection and pose tracking methods. Unlike
pose tracking methods, pose detection methods do not exploit temporal information. Our work mostly focuses on pose
tracking although we rely on pose detection to (re-)initialize
tracking and thus also consider the interaction between both.
K. Pauwels is with the Computer Vision and Active Perception
lab, Royal Institute of Technology (KTH), Stockholm, Sweden, e-mail:
kpauwels@kth.se.
L. Rubio is with Fuel 3D Technologies Limited, Oxford, UK, e-mail:
leo@fuel-3d.com.
E. Ros is with the Computer Architecture and Technology Department,
University of Granada, Spain, e-mail: eros@ugr.es.

Therefore we also include a brief overview of these methods
here.
Pose detection approaches can recover the pose from a
single image, without requiring an initial estimate. Many such
methods rely on sparse keypoints and descriptors to match 2D
image features to 3D model points [4], [5]. It has recently
been shown how these methods can scale to a very large
number of objects [6], [7]. Template methods on the other hand
match images to a set of stored templates covering different
views of an object [8]. These templates can contain various
features and recently also RGB-D-input has been exploited
[9]. When complete 3D object models are available, the
estimates provided by such methods can also be subsequently
refined using standard depth-based iterative closest point (ICP)
procedures [10], [11]. Template-based methods are related to
learning-based methods for multi-view object class detection,
but the latter typically provide only coarse viewpoint estimates
[12].
Pose tracking methods refine a pose estimate, usually
obtained at the previous time step, based on the measurements
obtained at the current time. The most efficient tracking methods to date match expected to observed edges by projecting
a 3D wireframe model in the image [13]. Many extensions
have been proposed that exploit also texture information [14],
[15], optical flow [16] or particle filtering [5], [17], [18] in
order to reduce sensitivity to background clutter and noise.
Robustness has also been improved by considering multiple
hypotheses [19]. A different class of approaches relies on
level-set methods to maximize the discrimination between
statistical foreground and background appearance models [20].
These methods can include additional cues such as optical flow
and sparse keypoints, but at a large computational cost [21].
Recently, also methods that combine both edge- and regionbased information have been proposed [22].
Some of these methods also combine tracking with detection to enable automatic initialization or recovery in case
of severe occlusions [4], [18], [23], but the multiple object
case is not considered explicitly as this requires accounting
for inter-object occlusion and having scalable computational
requirements.
Most of the above-mentioned tracking approaches can exploit multi-view information or blob-based stereo triangulation
[24], but dense depth information is rarely used. Particle
filtering has been used recently for RGB-D object tracking
[25] but the dense depth information is only used there to
evaluate the particle hypotheses, rather than to compute a
pose update, as done in ICP-based methods, such as the one
proposed here. An ICP approach [10] can be used provided
the object has sufficiently salient shape features. This has been
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applied with great success in related problems such as online scene modeling [2] where the whole scene is considered
as a rigid object. Recently, due to the prevalence of cheap
depth sensors, depth information is also being applied in other
related problems, such as articulated body pose estimation [26]
and visual servoing [27].
We show here that incorporating some of these advances in
real-time object tracking, and extending them with additional
cues, yields great improvements.
B. Novelty
Unlike most model-based methods that exploit only salient
parts of the model (keypoints, silhouettes, edges, shape features), we instead aim to retain all of the model’s shape and
appearance information, and match it to the observed dense
visual features. In this way, the useful feature-set is constrained
by the dense algorithms at perception time, rather than at
model creation time.
The main contributions can be summarized as follows.
Firstly, we introduce a model-based 6DOF pose detection
and tracking method that combines dense motion and stereo
disparity measurements with sparse keypoint features. It exploits feedback from the modeled scene to the cue extraction
level and provides an effective measure of reliability. Although
dense motion and stereo have been combined before in modelfree 6DOF camera pose estimation [28], we show here how the
model information can be used to keep the motion and stereo
measurements separate while still jointly minimizing their cost
in the error function. For the stereo component we use an ICP
approach rather than the ‘disparity flow’ used by [28]. We
show that by iteratively re-rendering the scene, we can move
from the differential pose updates typically obtained from
linearized edge- or motion-based energy functions, to the full
discrete pose update. Secondly, the method has been designed
specifically for high-performance operation (± 40 Hz with 150
objects). To achieve this, every aspect of the algorithms and
the system has been developed with GPU acceleration in mind.
Both the graphics and computation pipelines of a modern
GPU are extensively used and tightly integrated in both the
low-level cue extraction and pose tracking stages. Finally, an
extensive benchmark dataset and evaluation methodology have
been developed and used to show increased performance (in
accuracy, robustness, and speed) as compared to state-of-theart methods.
Parts of this work have been presented earlier [29]. We
introduce here an extension to the multi-object case, together
with more method and implementation details, a more detailed
evaluation, and additional real-world results.
II. P ROPOSED M ETHOD
A concise overview of the method is shown in Fig. 1.
Different visual cues are extracted from a stereo video stream
and combined with model information (known a priori) to
estimate the 6DOF pose of multiple objects. In turn, scene
information (related to the joint appearance and shape of the
tracked models) is fed back to facilitate the cue extraction
itself.

2

INPUT

CUES

left video
right video

stereo
optical ﬂow
AR ﬂow
keypoints

MODELS
pose
shape
texture
keypoints

Fig. 1. Method overview illustrating the different visual cues (AR =
augmented reality, see II-B2) and model components. The cues are combined
to estimate the objects poses and scene information is fed back to facilitate
the cue extraction.

A. Scene Representation
The proposed method supports 3D models of arbitrary shape
and appearance of the objects to track. The models’ surface
geometry and appearance are represented by a triangle mesh
and color texture respectively. For a given set of model poses,
the color (Fig. 2B), distance to the camera (Fig. 2E), surface
normal (Fig. 2F), and object identity (Fig. 2D) can be obtained
efficiently at each pixel through OpenGL rendering. As a
result also self-occlusions and occlusions between different
modeled objects are handled automatically through OpenGL’s
depth buffer. In a training stage, SIFT (Scale-Invariant Feature
Transform) features [30] are extracted from keyframes of
rotated versions of each model (30◦ separation), and mapped
onto the model’s surface.
B. Visual cues
The dense motion and stereo cues are obtained using
coarse-to-fine GPU-accelerated phase-based algorithms [31],
[32] (modified as discussed next), and the SIFT features are
extracted and matched using a GPU library [33].
1) Model-based dense stereo: Coarse-to-fine stereo algorithms, although highly efficient, support only a limited disparity range and have difficulties detecting fine structures
[34]. To overcome these problems we feed the object pose
estimates obtained in the previous frame back as a prior in
the stereo algorithm. Figure 3A,B show an example real-world
stereo image pair of a box being manipulated. Using the box’s
previous frame pose estimate, stereo priors are generated for
the current frame pair by converting OpenGL’s Z-buffer to
disparities for both the left and right cameras. These disparity
values are downsampled (Fig. 3C,D) and introduced at the
lowest scale used by the stereo algorithm. Stereo disparity is
then computed twice, once with respect to the left and once
with respect to the right image (essentially by swapping left
and right images), each time processing the entire pyramid.
This results in two separate disparity maps, one from the
R
left to the right image, δL
, and one from the right to the
L
left image, δR
. A left/right consistency check is then used to
R
remove unreliable estimates. Concretely, δL
is used to find the
L
corresponding pixel in δR
and the following error is evaluated
in each pixel:

R
L
R
eδ (x) = |δL
(x) + δR
x + δL
(x) | .
(1)
Disparity estimates with an error exceeding 0.5 pixel are then
considered unreliable (see [34] for further details). The reliable
estimates for the current frame obtained with and without
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A

real image

D rendered segment labels

A

3

B

left image

C left stereo prior

B

rendered texture

E

right image

D right stereo prior
-109

rendered depth

135

-135

E stereo with prior

C

AR image

109

F stereo without prior
-109

-9

-135

-71

F rendered normals (horiz.)

Fig. 2. (A) Original input image, (B) color image obtained by rendering
the textured models according to the current pose estimates, (C) AR image
obtained by merging A and B (see II-B2), (D) segment (object identity) labels
accounting for occlusions, (E) depth-buffer, and (F) horizontal component of
the normals. Note the model errors in the lid of the Nutricia object.

the priors are shown in panels E and F respectively. For the
prior-less algorithm, we used the maximal amount of scales
(six) that allow us to fit the filter kernels (11×11) at the
lowest resolution. Due to the large range of disparities in
this particular scene, without the prior, the focus is on the
background rather than on the object of interest (Fig. 3F).
Note that the prior corresponds to the previous frame pose
estimate. With prior, the stereo algorithm thus only has to
correct the disparity that results from the pose difference
between the current and previous frame. This is much smaller
than the absolute disparity and is instead of the order of
the correspondences obtained in an optical flow scenario. In
Fig. 3E we show that four scales are sufficient to obtain
detailed estimates. In certain scenarios (e.g. complete loss
of tracking) it is possible that a completely wrong prior is
generated. In this case the pose selection mechanism (see
II-C2) will signal this and either switch to the sparse detector’s
pose estimate, or mark both the tracker and detector estimates
unreliable.
2) Dense motion cues: The optical flow algorithm integrates the temporal phase gradient across different orientations
and also uses a coarse-to-fine scheme to increase the dynamic
range [35]. Unlike [35], we estimate the temporal phase
gradient using two instead of five frames, more specifically

Fig. 3. (A) Left and (B) right input images and low-resolution (C) left and
(D) right stereo priors generated using the previous frame pose estimate of
the manipulated box. (E) Stereo obtained using four scales and initializing
with the prior, and (F) stereo obtained using six scales and without using the
prior.

the frames It and It+1 , at times t and t + 1. This results in
noisier estimates, but reduces the latency. This trade-off can be
made depending on the expected dynamics of the considered
scenario. In a similar fashion as in the stereo algorithm,
a simple consistency check is used to discard unreliable
estimates (in this case a forward/backward as opposed to
left/right consistency check in the stereo case). A prior is not
required here since displacements in the motion scenario are
much smaller than in the stereo scenario.
Figure 4C contains the (subsampled and scaled) optical flow
vectors from Fig. 4A to the next image in a complex realworld scenario with both object and camera motion. Besides
the optical flow, we also extract a second type of motion which
we refer to as augmented reality (AR) flow that incorporates
scene-feedback. The models’ textures are rendered at their
current pose estimates and overlaid on It , resulting in an
‘augmented image’ Iˆt . An example is shown in Fig. 4B using
a single object (see Fig. 2C for a multi-object example). The
motion is then computed from Iˆt to the next real image (It+1 ),
and shown in Fig. 4D for the example presented here. Because
of the erroneous pose estimate (deliberately large in this case
to better illustrate the concept) this motion is quite different
from the optical flow. It allows the tracker to recover from
such errors by effectively countering the drift that results from
tracking based on optical flow alone.
Note that the appearance (especially the brightness) of the
model texture will always be somewhat different from the real
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A

C

left image

optical ﬂow

B

D

left AR image

A

real image 1

B

D

L&K optical ﬂow

4

real image 2

E

C

AR image 1

L&K AR ﬂow

AR ﬂow

F phase-based optical ﬂow

G

phase-based AR ﬂow

Fig. 4. (A) Left image and (B) left image with rendered model (at incorrect
pose) superimposed. (C) Real optical flow from real image in A to the next
real image. (D) AR flow from AR image in B to the next real image. Both
flow fields are subsampled (15×) and scaled (5×).

scene. It is therefore critical that the optical flow algorithm
is largely invariant to this. Since the phase-based algorithm
used here relies on a phase-constancy rather than a brightnessconstancy assumption, it is inherently invariant to intensity
differences. Consider the more extreme (but not unrealistic)
example in Fig. 5. Here, the images were recorded with short
exposure, resulting in large intensity differences between the
real scene and the model texture. We compare the optical
flow of our method to a standard pyramidal Lucas & Kanade
algorithm (L&K) [36]. Note that the optical flow (from 5A
to 5B) is similar for both methods (although L&K is more
noisy). L&K however fails completely on the AR flow (from
5C to 5B) where the large intensity differences result in large
flow vectors (5E). The phase-based algorithm is completely
insensitive to this and correctly perceives the rotation of the
AR image (5G). The same default parameters were used in
(D,E) and (F,G).
C. Pose detection and Tracking
The proposed tracking method incorporates the differential
rigid motion constraint into a fast variant of the ICP algorithm
[10] to allow all the dense cues to simultaneously and robustly
minimize the pose errors. A selection procedure (II-C2) is
used to re-initialize the tracker with estimates obtained from
a sparse keypoint-based pose detection approach, if required.
1) Dense Pose Tracking: In the following we will consider
the single object case only. Multiple objects can be treated
independently and in parallel since we are not considering
interactions between the objects. Note that occlusions are
handled automatically at the rendering stage. In Section III
we will discuss in more detail how this parallel optimization
is performed.
Our aim is to recover the rigid rotation and translation that
best explains the dense visual cues and transforms each model

Fig. 5. Importance of intensity invariance for AR flow computation. (A) and
(B) are consecutive images obtained with short exposure. The AR image (C)
is composed by superimposing the model (with much brighter texture) at an
incorrect pose on image (A). Optical flow from A to B computed with (D)
pyramidal Lucas & Kanade and (F) our phase-based algorithm. AR flow from
C to B with (E) pyramidal Lucas & Kanade and (G) phase-based. All flow
fields are subsampled (20×) but unscaled.

point m = [mx , my , mz ]T at time t into point m0 at time
t + 1:
m0 = R m + t ,
(2)
with R the rotation matrix and t = [tx , ty , tz ]T the translation
vector. The rotation matrix can be simplified using a small
angle approximation:
m0 ≈ (1 + [ω]× ) m + t ,

(3)

with ω = [ωx , ωy , ωz ]T representing the rotation axis and
angle. Each stereo disparity measurement, d0 , at time t + 1
can be used to reconstruct an approximation, s0 , to m0 . Since
we are using a rectified camera configuration, this is quite
straightforward:
 0  

sx
x s0z /f
(4)
s0 =  s0y  =  y s0z /f  ,
−f b/d0
s0z
with x = [x, y]T the pixel coordinates (with nodal point
as origin), f the focal length, and b the baseline of the
stereo rig. To use this reconstruction in (2), the model point
m corresponding to s0 needs to be found. We deliberately
avoid using the motion cues to facilitate this correspondence
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search (as done in many ICP extensions) since this requires
both valid stereo and valid motion measurements at the same
pixel. Instead we use the efficient projective data association
algorithm [37] that corresponds stereo measurements to model
points that project to the same pixel. These correspondences
can be obtained instantly, but they are less accurate. Therefore,
a point-to-plane as opposed to a point-to-point distance needs
to be minimized [38], which is obtained by projecting the error
on n = [nx , ny , nz ]T , the model normal vector in m:
h
i2
e = (R m + t − s0 ) · n .
(5)
Note that the normal, obtained by rendering the scene through
OpenGL, is already in the camera frame (Fig. 2F). This error
expresses the distance from the reconstructed points to the
plane tangent to the model. By linearizing this measure as
in (3) and summing over all correspondences {mi , s0i }, we
arrive at a strictly shape-based error measure that is linear in
the parameters of interest t and ω:
2
i
X h
eS (t, ω) =
(1 + [ω]× ) mi + t − s0i · ni
. (6)
i

We next discuss the incorporation of dense motion estimates
into the pose tracking procedure. By rearranging (3), we obtain
the following:
m0 − m ≈ t + ω × m .

(7)

Note that this looks very similar to the differential motion
equation from classical kinematics that expresses the 3D
motion of a point, ṁ, in terms of its 3D translational and
rotational velocity:
ṁ = t + ω × m .

(8)

We deliberately retain the (t, ω) notation since the displacements in (3) are expressed in the same time unit. This can now
be used with the optical flow to provide additional constraints
on the rigid motion. Unlike in the stereo case (4), ṁ cannot
be reconstructed from the optical flow and instead (8) needs to
be enforced in the image domain. After projecting the model
shape:


mx /mz
x=f
,
(9)
my /mz
the expected pixel motion ẋ = [ẋ, ẏ]T becomes:


f
δx
ṁx mz − mx ṁz
= 2
.
ẋ =
δt
mz ṁy mz − my ṁz

(10)

Combining (10) with (8) results in the familiar equations [39]:
(f tx − x tz ) x y
x2
−
ωx + (f + ) ωy − y ωz ,
mz
f
f
(f ty − y tz )
y2
xy
ẏ =
− (f + ) ωx +
ωy + x ωz ,
mz
f
f

ẋ =

(11)
(12)

which are linear in t and ω provided the depth of the point is
known. We obtain this depth mz by rendering the model at the
current pose estimate rather than using the stereo measurement
(9). This has the advantage of keeping the motion and stereo
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measurements strictly separate. Since we have two sources of
pixel motion, we have two error functions:
X
eO (t, ω) =
kẋi − oi k2 ,
(13)
i

eA (t, ω)

=

X
i

kẋi − ai k2 ,

(14)

with o = [ox , oy ]T and a = [ax , ay ]T the observed optical
and AR flow respectively.
Both the linearized point-to-plane distance in the stereo case
and the differential motion constraint in the optical and AR
flow case now provide linear constraints on the same rigid
motion representation (t, ω) and can thus be minimized jointly
using the following error function:
E(t, ω) = eS (t, ω) + eO (t, ω) + eA (t, ω) .

(15)

We let each cue contribute equally in this error function. The
optimal balance between optical and AR flow depends on
model quality and is therefore hard to decide in advance. Since
the system as a whole is quite robust due to the multiple cues,
this issue is not critical. More important though is the relative
weighting of stereo and motion. For this purpose we evaluated
different weight settings on the entire benchmarking dataset
of Section IV and observed only marginal effects in a range
around equal weight. Setting weights to zero does have large
effects though, as will be shown in Section V-A.
To increase robustness, an M-estimation scheme is used
to gradually reduce the influence of outliers and ultimately
remove them from the estimation [40]. In the case of large
rotations the linearized constraints used in (15) are only
crude approximations, and many of the shape correspondences
obtained through projective data association will be wrong.
Therefore, the minimization of (15) needs to be iterated a
number of times, at each iteration updating the pose, the shape
correspondences, and the unexplained part of the optical and
AR flow measurements.
At iteration k, an incremental pose update is obtained by
minimizing E(∆tk , ∆ω k ), and accumulated into the pose
estimate at the previous iteration k − 1:
Rk

=

∆Rk Rk−1 ,

(16)

k

=

∆Rk tk−1 + ∆tk ,

(17)

t

where ∆Rk = e[∆ω

k

]×

. The model is updated as:

mk = Rk m + tk ,

(18)

and used to obtain the new (projective) shape correspondences
and the part of the optical and AR flow explained thus far,
∆xk = [∆xk , ∆y k ]T :
∆xk
∆y

k

= f (mkx /mkz − mx /mz ) ,
=

f (mky /mkz

− my /mz ) .

(19)
(20)

This explained flow is subtracted from the observed optical
and AR flow:
ok
a

k

= o − ∆xk ,
k

= a − ∆x .

(21)
(22)
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The next iteration incremental pose updates are then obtained
by minimizing E(∆tk+1 , ∆ω k+1 ), which operates on ok , ak ,
mk , and s0 . This cycle is repeated a fixed number of times
(we use three internal iterations for the M-estimation, and three
external iterations). Note that even though the updates in each
iteration are estimated from linearized equations, the correct
accumulated discrete updates are used in between iterations
(18–20).
2) Combined Sparse and Dense Pose Estimation: A
RANSAC-based monocular perspective-n-point pose estimator
is used to robustly extract the 6DOF object pose on the basis
of correspondences between image (2D) and model codebook
(3D) SIFT keypoint descriptors [36], [41]. Exhaustive matching is used and therefore, unlike the dense tracking component
of the proposed method, this sparse estimator provides a pose
estimate that does not depend on the previous frame’s estimate.
Due to the nonlinear and multimodal nature of the sparse
and dense components, directly merging them using for instance a Kalman filtering framework is not suitable here.
Instead we select either the sparse or dense estimate based
on the effectiveness of its feedback on cue extraction, as
measured by the proportion of valid AR flow vectors in the
projected (visible, unoccluded) object region. An example
of these regions is shown in Fig. 2D. The pose estimate
that leads to the largest proportion valid AR flow wins.
As mentioned above, a flow vector is considered valid if it
passes a simple forward/backward consistency check (II-B2).
Note that the accuracy of AR flow is affected by model
inaccuracies, but since we are comparing (dense-pose-based)
AR flow to (sparse-pose-based) AR flow, both will be equally
affected. A very important characteristic of this measure is
that, unlike optical-flow-based or stereo-based measures, AR
flow is affected by occlusions (unless the occlusion is due to
another tracked object). When the occluder becomes dominant,
the dense tracker will start using the occluder’s motion and
stereo measurements for the pose update, rather than those
of the object-of-interest. At this point the sparse pose update
will be selected since its more accurate pose estimate will
likely result in a larger AR flow density. This will remain
active until the occlusion becomes too large. Then, the small
proportion of valid AR flow will signal the problem and the
object will be considered lost (occluded). It then needs to be
re-detected for tracking to resume. We show in Section V that
this simple measure is adequate for selecting and determining
the reliability of the pose estimate.
Figure 6A shows how the previous frame dense and sparse
poses are used to generate two AR images. From these, the
dense and sparse AR flow are extracted and the winner pose is
selected based on the proportion of valid AR flow vectors in
the object region (Fig. 6B). This pose is then used to update
the stereo priors and obtain the model-based stereo at time t.
Finally, all cues are combined in the tracker resulting in the
dense pose at time t.
This approach can be extended to the multi-object case as
follows. Since the sparse estimator does not scale to multiple
objects like the tracker, we let it operate on a single object at
each time instance. This object is selected probabilistically
according to the current reliability of each object’s pose.

A

6

dense pose
t-1

sparse pose
t-1

left AR image
dense t-1

left image
t-1

left AR image
sparse t-1

left t
real

optical
ﬂow

AR ﬂow
dense

B

dense pose
t-1

AR ﬂow
sparse

sparse pose
t-1

select winner
using % valid AR ﬂow

optical
ﬂow

AR ﬂow
winner

winner
pose t-1

model-based
stereo

dense pose
t

Fig. 6. Combined sparse pose detection and dense pose tracking. Dashed
boxes refer to images and solid boxes to extracted cues. (A) Processing sequence for obtaining the three different motion cues. (B) Sequence performed
to obtain the dense cues and select the winner pose. Note that model-based
stereo only needs to be computed once since it is not used in the evaluation.

Concretely, each object o has the following probability of
being selected for a sparse update:
1 − r(o)
 ,
i 1 − r(i)

p(o) = P

(23)

with r(o) the reliability (i.e. the proportion valid AR flow).
This functions as an attention mechanism, focusing the limited resources on the least reliable estimates. With multiple
objects present, it is critical to consider the reliability of
the object poses at rendering time. Rendering an unreliable
object at an incorrect pose (for example close to the camera)
can dramatically disturb the processing of the other objects
due to the occlusion handling in the Z-buffering. Therefore,
unreliable objects are not considered in the tracking stage.
They instead receive a higher probability of becoming the
sparse pose estimator’s current target.
The sparse/dense selection is performed in a similar way as
in the single object scenario (considering the reliability of the
updated object) but now also ensuring that the sparse update
does not negatively affect the reliability of any other currently
tracked object.
III. GPU I MPLEMENTATION
An overview of all the processing steps in the multi-object
case is provided in Algorithm 1. The entire system has been
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developed using OpenGL and NVIDIA’s CUDA framework
[42].
Algorithm 1: GPU multiple pose tracking update
input : initial poses; low-level visual cues
(Section III-A)
output: pose updates
for ICP iterations do
begin pre-process (Section III-B)
mark valid samples with OpenGL segment labels
(Fig. 2D)
radix sort indices of valid samples based on
segment labels
if #samples > max samples then
subsample valid indices
gather residual optical and AR flow, disparity,
and OpenGL depth and normals
end
begin ordinary least squares (Section III-C)
compose normal equations optical and AR flow
compose normal equations disparity
solve systems (on CPU)
end
for reweighting iterations do
begin robust least squares iteration
(Section III-D)
compute abs. residuals optical and AR flow
compute abs. residuals disparity
compute approx. median abs. residuals
compose weighted normal equations optical
and AR flow
compose weighted normal equations disparity
solve systems (on CPU)
end
compute residual optical and AR flow (21,22)
update poses
render scene at updated poses

A. Low-level Vision
As shown in Fig. 6 the AR flow is computed twice, based
on the previous frame’s sparse and dense pose estimates.
Consequently, four Gabor pyramids need to be computed (left
image, right image, sparse left AR image, dense left AR
image). A number of rendering steps are also required to create
the stereo priors and AR images. A detailed discussion of the
GPU implementation of the low-level component of the system
(but without the feedback components introduced here) can be
found in [31].
B. Pre-processing
The pre-processing component aims to re-organize the
pixel-based low-level vision and model-based cues to enable
efficient processing in subsequent stages. Concretely this involves assigning all valid measurements (residual optical and
AR flow, disparity, Z-buffer and normals) to their respective

7

segments, in accordance with the current pose estimates. A
unique index or label is associated with each object and by
rendering the scene according to the current pose estimates, the
corresponding segment label (or a label signaling no object)
is assigned to each pixel (Fig. 2D). All OpenGL data written
by the shaders is directly accessible through CUDA. The most
expensive operation at this stage is sorting the label indices.
Since every image pixel has a label, a general sorting operation
is infeasible. However, the number of labels is limited and
an efficient radix sort can be used instead [43]. After sorting,
the indices are subsampled if the total available measurements
exceeds a threshold (max samples). All data is then gathered
and a compacted stream results.
C. Ordinary Least Squares
Least squares estimation involves composing and solving
the normal equations corresponding to the linear least squares
system of (15). We can rewrite this as follows to expose the
linearity:
E(α)

=

(FS α − dS )T (FS α − dS ) +

(FM α − dM )T (FM α − dM ) ,

(24)

T
T
T
(FT
S FS + FM FM )α = (FS dS + FM dM ) .

(25)

where the rigidmotion
 parameters are stacked into a screw
ω
vector α =
for convenience, and FS , dS and
t
FM ,dM are obtained by gathering the sensor data according
to (6) and (11,12) respectively (for compactness, we no longer
distinguish between optical and AR flow at this point). This
can be solved in the least-squares sense using the normal
equations:
The construction of the matrices in the lefthand-side of (25)
involves a substantial increase of data at each sample. A
sample here refers to a valid optical or AR flow vector, or
a valid stereo disparity measurement. For example, for the
motion case (11,12) each sample contains the motion vector
(2D), the depth-buffer (1D), and the (linearized) pixel location
(1D), resulting in a total of 4 input values. The flow normal
equations associated with this sample however contain 23
unique values (due to symmetry etc.). For the stereo case
(6) the expansion goes from 6 input values (1 disparity,
1 depth, 3 normals, 1 pixel location) to 27 unique values in the
normal equations. To limit the data stream, this composition
is combined with an initial compaction operation. This is then
followed by an additional GPU kernel (a CUDA processing
step) to completely reduce the normal equations. These normal
equations are then solved on the CPU.
D. Reweighted Least Squares
Tukey’s M-estimation scheme [40] (an iteratively
reweighted least squares approach) is used to robustly
solve the normal equations in the presence of outliers. At
each iteration the least squares problem from the previous
section is solved, but now weighting each constraint inversely
proportional to the error obtained with the current estimate.
Samples whose error exceeds a certain threshold are
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100
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pose5e5
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E. Processing Times

15

time (in ms)

We have created a synthetic problem dataset to evaluate
how the computation times scale as a function of the number
of objects being tracked. In this experiment the images were of
resolution 640×480. The same object was rendered multiple
times in a regular grid. The left camera images for the first
frame for problems involving 4, 36 and 144 objects are shown
in Fig. 7(A–C). The objects undergo small pose changes in this
experiment. Note that here the pose estimation difficulty is not
important, rather we want to guarantee a very large number
of valid optical flow and stereo samples for each segment so
as to maximize the computational complexity.
Three internal (M-estimation) and three external (ICP) iterations were performed. The component and total times for
a 6DOF tracking problem ranging from one to 160 objects
are shown in Fig. 7. All times were obtained employing a
single GPU of a Geforce GTX 590. As expected, the preprocessing stage (dominated by the radix sort) is the most
time-consuming. A substantial increase occurs at 16 objects
since a switch is made from 4 to 8 bit radix sorting. More
efficient and gradual implementations can be used here instead
[46]. The times required to compose and solve the normal
equations (including CPU–GPU transfers), and for rendering,
increase linearly (but slowly) with number of objects. In
general this increase is controlled and we also see excellent
scaling in terms of the number of samples used from 50,000
(Fig. 7D) to 500,000 (Fig. 7E). With the number of objects
considered here, rendering and normal equations solving times
are negligible.
A breakdown of the time required to compute the low level
dense cues for a single 640×480 image frame is provided in
Table I (once again using one GPU of a Geforce GTX 590). As
discussed in Section III-A, four Gabor pyramids need to be
computed (left, right, 2× left AR). A number of rendering
steps are also required to create the stereo priors and AR
images. Note that the low-level component computes dense

normeq

6

time (in ms)

completely removed from the estimation. Critical here is the
scale of the absolute residual distribution, which is directly
related to this outlier rejection threshold. This involves
computing the median for each segment (object) at each
iteration. Since computing the exact median requires too
many sorting operations, we instead use an approximation
to the median, as successfully used previously in [44]. The
particular algorithm used performs a recursive reduction
operation on triplets, at each stage replacing each triplet
by its center value [45]. This algorithm is very suitable for
GPU implementation. We limit the maximum number of
elements for determining this approximation to 39 = 19, 683
per segment. We did not find any significant reduction in
accuracy when using the approximate rather than exact
median on the entire benchmarking dataset of Section IV.
Concretely, the absolute residuals are computed, the scale
is determined, and then the normal equations are computed
as in the previous section, but now weighting each sample
according to the scale and the residual. The final systems are
again solved on the CPU.

8

10

5

0
0

50
100
number of objects

150

Fig. 7. (A,B,C) Example synthetic images used to evaluate computational
performance as a function of number of objects tracked. Computation times
of the pose update component for (D) 50,000 and (E) 500,000 samples.
The legend refers to the following stages: pre-processing (pre), absolute
residuals and scale (scale), composition and reduction of the normal equations
(normeq), solving the normal equations (solve) and rendering (render). The
total computation times for the dense cue extraction (densecues) and pose
estimation using 50,000 (pose5e4) and 500,000 (pose5e5) samples are shown
in (F). These times are lower than the total times in (D) and (E) due to the
reduced overhead of timing the components.

stereo and three times optical flow altogether at ±100 Hz.
Table II contains the framerates achieved by the complete
tracking system (low-level and pose updates) for a number
of different configurations. These times correspond to those
reported in Fig. 7F. Note that the complete tracking system
operates at 38 Hz when tracking 150 objects using 500,000
samples.
The sparse detection component runs independently on the
second GPU of the Geforce GTX 590 so that it does not affect
the tracker’s speed. Its estimates are employed when available
and so its speed mainly determines the recovery latency in
case tracking is lost. Our current implementation runs at 20 Hz.
This can be increased by reducing the model size and/or using
more efficient keypoints and descriptors, but at the cost of
reduced accuracy. An alternative is to use FPGA-accelerated
SIFT implementations [47].
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Fig. 9. Ground-truth object motion in synthetic sequences.

TABLE II

T RACKING FRAME RATES ( IN H Z )
# samples
# objects

50,000

500,000

1
20
150

61
54
46

55
43
38

IV. S YNTHETIC B ENCHMARK DATASET

Fig. 10. Proportion occlusion in the cube sequence.

We have constructed an extensive synthetic benchmark
dataset to evaluate pose trackers under a variety of realistic
conditions. Its creation is discussed in detail next, but Fig. 11
already shows some representative examples that illustrate the
large distance range, background and object variability, and the
added noise and occlusions. The complete dataset is available
on-line.1 Note that we only focus on the single object case
here to facilitate the comparison with alternative methods. We
show many real-world examples involving multiple objects in
Section V-C and Supplemental Material Video 3.2
A. Object Models
We have selected four objects from the publicly available
KIT object models database [48]. Snapshots of these models
are shown in Fig. 8 (soda, soup, clown, and candy) and provide
a good sample of the range of shapes and textures available in
the database. We also included two cube-shaped objects, one
richly textured (cube), and the other containing only edges
(edge).
B. Object and Background Motion
Using the proposed system, we recorded a realistic and
complex motion trace by manually manipulating an object
1 http://www.karlpauwels.com/datasets/rigid-pose/

2 All supplemental material videos are available at
http://www.karlpauwels.com/ieee-tcsvt-supplemental-material/

similar to cube. This, possibly erroneous, motion trace was
then used to generate synthetic sequences and so it is, by
definition, the ground-truth object motion. The trace is shown
in Fig. 9 and covers a high dynamic range, varying all
six degrees of freedom. The realism and complexity of the
sequences is further increased by blending the rendered objects
into a real-world stereo sequence recorded with a moving
camera in a cluttered office environment. Some examples are
shown in Fig. 11 but, to fully appreciate the complexity, we
refer to Supplemental Material Video 1.
C. Noise and Occluder
To further explore the limitations of pose tracking methods,
different sequences are created corrupted either by noise or
an occluding object. For the noisy sequences, Gaussian noise
(with σ equal to one tenth of the intensity range) is added
separately to each color channel, frame, and stereo image
(Fig. 11B). To obtain realistic occlusion (with meaningful motion and stereo cues), we added a randomly bouncing 3D teddy
bear object to the sequence (Fig. 11C,D and Supplemental
Material Video 1). The occlusion proportion of the cube object
over the sequence is shown in Fig. 10. Although this differs
for the left and right sequences, none of the methods evaluated
here exploit this (e.g. our dense stereo cue is affected by either
left or right occlusions).
D. Performance Evaluation

soda

soup

clown

candy

cube

Fig. 8. Object models used in the synthetic sequences.

edge

Pose trackers are usually evaluated by comparing the estimated to the ground-truth or approximate ground-truth pose
across an entire sequence [14], [15], [18], [20]–[22]. However,
once a tracker is lost, the subsequent estimates (and their
errors) become irrelevant. For example, if tracking is lost early
in the scene, the average error will typically be very large, but
this doesn’t mean the tracker cannot track the object in the
remainder of the sequence, if re-initialized.
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A

soda - orig - left 339

B

clown - noisy - left 1

TABLE III
T RACKING SUCCESS RATE ( IN %) – STEREO AND OPTICAL FLOW

static
stereo
optical flow
stereo+flow

C

cube - occl - left 540

D cube - occl - right 540

Fig. 11. Indicative samples from the different synthetic sequences illustrating
(A) large distance range, (B) added noise, and (C,D) different occlusion
proportions in the left and right sequences (orig = noise free; occl = occluded;
number = frame index).

For this reason, we propose to instead measure the proportion of a sequence that can be tracked successfully. Since we
use synthetic sequences, we can continuously monitor tracking
accuracy and automatically reset when tracking is lost. But
how to decide if tracking is lost? Rotations and translations
affect an object’s position in very different ways and are
therefore hard to summarize into a single error. Instead we
use the largest distance between corresponding vertices, vj ,
of the object transformed according to the ground-truth (R, t)
and estimated pose (R̂, t̂):
eP = max k(R̂ vj + t̂) − (R vj + t)k .
j

(26)

This measure is easy to interpret and is sensible from a
task-based perspective. Considering for example a grasping
or collision-avoidance task, it is important to understand the
positional accuracy of the entire object, incorporating both its
shape and the pose. When this distance exceeds a threshold
(e.g. 10 mm), the tracker is reset to the ground-truth. The
proportion of the sequence tracked correctly then constitutes a
scalar performance measure for the entire sequence. To put this
measure in perspective, a static error is also computed for each
sequence using a ‘naive tracker’. This ‘tracker’ simply never
updates the pose. As a consequence all resets are triggered by
the object motion alone and the error provides an indication
of the sequence complexity. For example, in a sequence with
a static object, perfect performance will be achieved.
V. R ESULTS
A. Stereo and Optical Flow Synergy
Table III shows results on the least textured sequences soda
and edge. The static performance is around 50% in both, which
means that, without tracking, a reset is required approximately
every other frame. Due to the low texture, shape-symmetry
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noisy

occl

orig

edge
noisy

occl

53
77
93
100

53
47
81
96

53
42
57
63

50
59
78
92

50
50
81
93

50
32
40
52

(soda) and shape-planarity (edge), stereo-only performance is
quite bad in these sequences and even below static in the
noisy and occluded scenarios. Optical-flow-only performance
is better but, when both are combined, great improvements
can be observed. This highlights the importance of combining
multiple cues, particularly in low-texture situations. The AR
flow and sparse cues further improve the results, but these are
discussed in the next section (and shown in Table IV).
B. State-of-the-art Methods
The Blocks World Robotic Vision Toolbox (BLORT) [5]
provides a number of object learning, recognition, and tracking
components that can be combined to robustly track object
pose in real-time. We only evaluate the particle-filter-based
tracking module here since the recognition module is very
similar to our sparse-only method. Each particle represents a
pose estimate and is used to render an edge model (combining
edges from geometry and texture) that is matched against
edges extracted from the current image. We evaluate BLORT’s
tracking module with the default (real-time) setting with 200
particles and a high precision variant with 10,000 particles.
Due to an inefficient rendering procedure, the current tracker
implementation of BLORT can not handle models with a high
vertex count. We therefore limited the geometrical complexity
of the models to 800 triangles in all the sequences.
We also evaluate a state-of-the-art real-time-capable regionbased tracker. The PWP3D method [20] uses a 3D geometry
model to maximize the discrimination between statistical foreground and background appearance models, by directly operating on the 3D pose parameters. To ensure the best possible
performance, we used very small gradient descent step sizes
(0.1 degrees for rotation and 1 mm for translation). Together
with a large number of iterations (100), this ensures stable
convergence (although no longer in real-time). Furthermore,
we initialized the PWP3D method at each frame with the
ground-truth color histogram of the actual (or unoccluded)
frame being processed so that also inaccuracies here do not
affect performance.
Table IV summarizes all the results obtained with a tracking
reset threshold equal to 10 mm. To better quantify the precision
obtained, we have also included the Root Mean Squared
(RMS) errors, obtained on the successful frames, for the
{x,y,z}
{x,y,z}
three translational (eT
) and three rotational (eR
)
components of the pose (using Euler angles for the rotation
components) and for the maximal distance error (26). For each
condition, we highlight the best result, considering first the
Success Rate (SR) and then the RMS distance error.
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TABLE IV
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1.4
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The proposed dense-only tracking method obtains an SR
close to 100% regardless of model shape, texture (see edge),
or sequence noise (although eP increases with noise as can be
expected). In the occluded scenario however, it is frequently
outperformed by the sparse-only and high quality particle
filtering methods. But, when combined with the sparse method
(II-C2) the synergy of both modules is confirmed. Sparseand-dense retains the excellent performance of the denseonly method with greatly improved robustness to occlusions,
even outperforming sparse-only on most sequences. The slight
decrease in performance of sparse-and-dense with respect to
dense-only is due to the limits of the selection mechanism.
At times, a less accurate sparse estimate can result in a
larger AR-flow proportion. A potential improvement is to also
consider the magnitude of the AR flow, but we found this to be
less robust. More important though is that, unlike dense-only,
sparse-and-dense also enables recovery from tracking failures,
which is critical in real-world applications. The particle filter
method performs very well provided a very large number of
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particles are used. In the real-time setting (200 particles) the
performance is not much better than static. The sparse-only
method performs badly on soda due to the weak texture, and
fails on edge due to the complete lack of texture. The regionbased tracker performs consistently well on the noise-free and
noisy sequences, but fails dramatically in the presence of an
occluder. Although it can handle certain types of occlusions,
large failures occur when an entire side of the object contour
is occluded [20].
C. Real-world Sequences
The proposed method also yields excellent results in realworld scenarios. Some example single object results with
a cluttered scene, occluders, and camera motion are shown
in Fig. 12. The dense estimate is selected as winner in
Fig. 12A,B. This usually occurs when the object is far away
(A) or suffering from severe motion blur (B). The sparse
estimate is usually selected when only a small part of the
object is visible (C). Figure 12D finally shows some tracking
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TABLE IV
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Fig. 12. Indicative real-world single object pose estimation results, showing how the dense pose is selected when (A) the object is far and/or (B) motion-blurred,
how the sparse pose is selected in case of (C) strong occlusions, and how (D) failures can be detected correctly.
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VI. D ISCUSSION

sequence 1: multiple objects
rendered view

B

sequence 2: complex dynamics

rendered view

C

13

sequence 3: ﬂy-through
model-based stereo

Fig. 13. Real world pose detection and tracking results involving multiple
objects and complex dynamics. These images are representative snapshots of
much longer sequences (see Supplemental Material Video 3).

failures that are detected correctly by the reliability measure
(proportion AR flow < 0.15). See Supplemental Material
Video 2 for more single object real-world results.
Figure 13 contains three snapshots of longer sequences contained in Supplemental Material Video 3. This video demonstrates the proposed method in various complex scenarios
involving multiple interacting objects undergoing manipulation. The 3D models were obtained using a publicly available
solution [1]. In some of these scenarios (Fig. 13A,B) we also
show an image rendered from a viewpoint different from the
camera, to more clearly show the precision obtained by our
system. Note how in Fig. 13A,B the objects are aligned quite
precisely even though we do not prevent them from intersecting each other. Our approach can handle a great variety in
shape and appearance (e.g. the melon object in Fig. 13B). The
method is also quite robust to inaccuracies at the modeling
stage (e.g. due to limits of the acquisition process the bottoms
of the objects are never modeled, see Fig. 13B caserio object,
but see also Fig. 2). Occlusions between the different objects
are also handled automatically through the rendering process
and subsequent label assignment. Figure 13C shows how the
model-based stereo handles multiple objects and respective
occlusions.

Although highly robust, the edge-based particle filter
method requires a large number of particles to achieve high
accuracy. Since each particle requires a rendering step, the
performance critically depends on model complexity. This
method, and other related particle filter methods [25] are
also difficult to extend to the articulated scenario due to the
increased dimensionality of the problem. The sparse keypointbased method is highly robust to occlusions and provides
excellent synergy with the dense methods proposed here. The
region-based method does not require edges or texture and
performs very well. It does have problems with symmetric
objects, is slow to converge, and fails on certain types of
occlusions. This requires the use of multiple cameras or
explicit modeling of the occlusions. There is much potential
for incorporating color-based (region-based) cues into the
proposed method. However it is not straightforward to process
these in a GPU-friendly manner.
Note that the proposed method also supports depth cues
other than stereo (e.g. from a Kinect sensor), and conversely,
enables for the incorporation of motion cues in current depthonly applications [2]. Current Kinect versions however do not
provide the high shape detail close to the camera, nor the high
framerates achieved by our model-based stereo algorithm [49].
The scalability results shown here can be considered somewhat artificial. Nonetheless, there are many situations where
this approach is useful. Multiple (not necessarily overlapping)
camera views can be combined to simultaneously track a very
large number of objects. Also articulated or non-rigid objects
could be decomposed or approximated by a large number
of rigid components that can be jointly tracked using this
approach. Specifically, it has been shown how the parts can
be considered individually as rigid objects, and the constraints
enforced later [13], [50]. Additional constraints can be obtained from physics simulations and jointly incorporated in a
temporal filtering framework considering also (multi-)object
persistency, manipulator feedback, etc.
VII. C ONCLUSION
We have presented a novel model-based multi-cue approach
for simultaneously tracking the 6DOF poses of a very large
number of rigid objects of arbitrary shapes that exploits dense
motion and stereo cues, sparse keypoint features, and feedback
from the modeled scene to the cue extraction. The method
is inherently parallel and efficiently implemented using GPU
acceleration. We have introduced an evaluation methodology
and benchmark dataset specifically for this problem. Using
this dataset we have shown improved accuracy, robustness,
and speed of the proposed method as compared to state-ofthe-art real-time-capable methods.
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Online Contact Point Estimation for Uncalibrated Tool Use
Yiannis Karayiannidis, Christian Smith, Francisco E. Viña, and Danica Kragic

Abstract— One of the big challenges for robots working
outside of traditional industrial settings is the ability to robustly
and flexibly grasp and manipulate tools for various tasks. When
a tool is interacting with another object during task execution,
several problems arise: a tool can be partially or completely
occluded from the robot’s view, it can slip or shift in the robot’s
hand - thus, the robot may lose the information about the exact
position of the tool in the hand. Thus, there is a need for online
calibration and/or recalibration of the tool. In this paper, we
present a model-free online tool-tip calibration method that
uses force/torque measurements and an adaptive estimation
scheme to estimate the point of contact between a tool and the
environment. An adaptive force control component guarantees
that interaction forces are limited even before the contact point
estimate has converged. We also show how to simultaneously
estimate the location and normal direction of the surface being
touched by the tool-tip as the contact point is estimated. The
stability of the the overall scheme and the convergence of
the estimated parameters are theoretically proven and the
performance is evaluated in experiments on a real robot.

I. I NTRODUCTION
The ability to robustly grasp and manipulate tools intended
for human use and employ these for various tasks (as in
Fig. 1) remains one of the big challenges for robots working
outside of traditional industrial settings. The application
areas range from flexible industrial robots working with
tools intended for human use to domestic service robots
that perform household chores [1]. In order to provide the
input for the control loop guiding the execution of a task,
the knowledge of the position of the tool-tip is necessary.
In contrast to classical industrial or other robots with
fixed and a priori known tools, it is not realistic to assume
that service robots have precise beforehand calibrations of
the positions of the tool-tips. Even if they did, the tool
may slip and move relative to the gripper while it is being
used. Therefore, there is a need for online calibration and/or
recalibration of the position of the tip of the tool the
robot is using. Current approaches mostly rely on visionbased methods for calibrating the pose and are therefore not
applicable in scenarios where the tools or relevant parts of
it are occluded.
In this paper, we present an online tool-tip calibration
method that uses force/torque measurements and an adaptive
estimation scheme to find the point of contact between a tool
and the environment. This estimation can be carried out in
real-time while the robot is using the tool to perform some
The authors are with the Computer Vision and Active Perception Lab.,
Centre for Autonomous Systems, School of Computer Science and Communication, Royal Institute of Technology (KTH), SE-100 44 Stockholm,
Sweden. e-mail: {yiankar|ccs|fevb|dani}@kth.se
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Fig. 1 : Robot manipulating a tool intended for human use.

arbitrary task, and does not require any predefined model of
the shape, size or initial position of the tool being used.
An adaptive force control component guarantees that interaction forces are limited even before the contact point
estimate has converged. We also show how to simultaneously
estimate the location and normal direction of the surface being touched by the tool-tip as the contact point is estimated.
The paper has the following structure: Section II reviews
the state of the art in related work, Section III formalizes the
problem in terms of statics and kinematics, Section IV describes the proposed approach and motivates it theoretically,
giving stability and convergence proofs, while Section V
describes the experimental implementation of the method on
a real robot and the experimental results. Finally, conclusions
are presented in Section VI.
II. R ELATED W ORK
The problem of resolving uncertainties in the end-effector
or the tool positioning is well-studied and has been a relevant
topic in robotics since the advent of the first manipulators.
Early work focused on solving the problem of calibrating
the position of the manipulators and end-effectors themselves [2], and this has been extended to also include objects
grasped by the robot [3].
Some works treat the problem without explicitly modelling
the position of a tool or its point of interaction with the
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environment, but focus rather on robust performance of a
well-defined task under positioning uncertainties. Examples
of this includes work by Bruyninckx et al. that estimates
the alignment error between the peg and the hole for an
insertion task [4], work by Hovland and McCarragher that
uses a neural network approach to estimate the contact states
between two work pieces [5], and work by Koeppe and
Hirzinger that learns the appropriate interaction forces for
a peg-in-hole task [6].
Some work treats tool-tip position estimation as a calibration problem that can be performed offline prior to using
the tool. Yang et al. use an iterative least squares approach
to calibrate the relationship between tool-tip position and
joint angles, using measurements from a known external
reference [7]. Cheah et al. use adaptive control for tracking
a kinematically uncertain manipulator chain, including a tool
grasped by the end-effector, but only estimate the kinematics
— the position of the end-effector and the tool are measured
externally [3].
Others use a particle filter approach to fit a model to
the object pose by collecting measurements from touching
the object before grasping it [8], [9]. Hebert et al. use a
fusion approach with vision, force/torque measurements and
proprioception to estimate the position of an object with
a known model, held in the end-effector [10]. Păiş et al.
learn relations between a held object and an external tool it
interacts with using gaussian mixture models [11].
Atkeson et al. have proposed a method for estimating
inertial parameters of a grasped object based on force/torque
measurements [12], and Kubus et al. have used sensor
fusion combining measurements of acceleration, velocities,
position, forces, and torques to estimate inertial parameters
and principal moments of inertia of a grasped object, fitting parameters to estimate object pose [13]. Both these
approaches require free motion in a prespecified trajectory,
and can not be applied to estimate the contact point of a tool
online as it is being used.
Muto and Shimokura have shown a method for estimating
contact points given a known tool fixed in the end-effector,
using force measurements [14]. Lei et al. propose a method
that learns model parameters to estimate the position and
external force load on a specific non-rigid grinding tool,
using proprioception and force/torque measurements [15].
The literature on vision-based object pose estimation and
tracking is far too vast to summarize here, but some examples
of tool pose estimation based on computer vision methods
include work by Kemp and Edsinger who use visual gradients to detect tool-tip positions [16], Krainin et al. who
simultaneously build an object model and track it in the
robot hand [17], and Beetz et al., who use repeated visual
template matching to find the location of a spatula in the
robot hand [18].
In our previous work, we have shown how an adaptive estimator, integrating proprioception and force/torque measurements can be used to estimate the location of hinges on doors,
or the direction of unconstrained motion for drawers that the
robot is opening [19], and to estimate slopes on surfaces

the robot is in contact with [20]. We have also shown how
to learn manipulation affordances and slippage behaviors of
held objects by using combined measurements of wrist-based
force/torque measurements and grasp forces [21].
In the present paper, we build on these ideas and propose
an adaptive controller that estimates the point of contact of
the tool with the environment, along with estimating the
contact surface normal. This enables the robot to execute
a task with the held tool while performing the estimation.
The proposed controller limits the interaction forces, to avoid
damage to the tool or workpiece while estimates are converging. The proposed method uses force/torque measurements
from a wrist-mounted sensor, it is inherently online and fast
enough to react to changes, and can thus track the contact
point even if it moves relative to the robot hand while
executing the task.
III. K INETO -S TATICS F ORMULATION
Before describing the proposed method for estimating the
contact point and the surface normal, we define notation and
formalize the relevant first-order differential kinematics and
the statics. We assume a system that consists of a robot which
performs a task with its tool on a surface; the task requires
motion control of the tool contact point and control of the
contact forces of the tool on a surface.
A. Notation
First, we introduce the following notation and definitions
that will be used throughout this paper:
Bold small letters denote vectors and bold capital letters
denote matrices. Iν , Oν ∈ Rν×ν denote an identity and a
square matrix of zeros respectively while 0ν ∈ Rν denotes a
column vector of zeros. Hat ˆ· and tilde ˜· denote estimates
and the errors between control variables and their corresponding desired values/vectors respectively. Ra denotes a
rotation matrix that describes the orientation of a frame with
respect to the global frame. A left superscript (e.g. a b)
denotes the frame (e.g. {a}) in which a three-dimensional
vector (e.g. b ∈ R3 ) is expressed, e.g. a b = R>
a b, and it is
omitted in case of the global frame. The projection matrix on
the orthogonal complement space of a unit three dimensional
vector a is denoted by P̄(a) , I3 − aa> . S(b) denotes the
skew-symmetric matrix produced by b ∈ R3 to perform a
cross product operation with any three-dimensional vector
a ∈ R3 i.e. b × a = S(b)a.
B. First Order Differential Kinematics
Consider a robot end-effector equipped with a force/torque
sensor on its wrist that is grasping a tool which is in contact
with a surface, as shown in Fig. 2. We denote with {e}
a frame attached at a kinematically known position of the
end-effector (e.g. center of force/torque sensor) denoted by
pe . We assume that the contact between the tool and the
surface is modeled as a contact point that can slide along
the surface when the end-effector is moving. At the contact
point position pc , we attach a frame {c} with orientation
described by Rc = [nc oc ac ], with nc being a unit vector
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which is normal to the surface while oc , ac being vectors
that span the flat surface and can be arbitrarily chosen. Let
r be the relative position of {e} and {c} defined as follows:
r = pc − pe

{e }

(1)

Note that e r , R>
e r is constant if we assume that the endeffector is rigidly grasping the tool. Assuming additionally
that only sliding motion is performed i.e. ṗc = ṗe then r
is constant too and the velocity of the end-effector frame is
constrained as follows:
n>
c ṗe = 0

pe

r

(2)

fg

Note that the assumption of pure sliding motion that simplifies the estimation of the surface slope is not necessary for
the main objective of this work which is the contact point
estimation. Differentiating (1) implies that the contact point
velocity is related to the end-effector velocity as follows:




ṗe
ṗc = Jt
, with Jt , I3 −S(r) ∈ R3×6 (3)
ωe
being the tool Jacobian matrix and ω e being the end-effector
rotational velocity i.e. S(ω e ) = Ṙe R>
e . By commanding
zero rotational velocity and assuming only sliding motion,
we can omit the tool Jacobian when mapping the contact
point velocities to the joint space. This means that the first
order inverse kinematics are given by:


u
+
(4)
q̇ = J
03
where u is a commanded end-effector or contact point
velocity control law and J+ is the right pseudo-inverse of
the end-effector Jacobian with J+ , J> (JJ> )−1 .
C. Statics
While the end-effector presses with the tool on the surface,
the normal force arising (with magnitude denoted by fn ) can
– in case of rigid contact – be regarded as a Lagrange multiplier of the controlled system associated to the constraint
(2). While the contact point is moving along the surface
following the motion of the end-effector, tangential forces f t
arise owing to dynamic friction components that depend on
the sliding velocity of the contact point. The total contact
force applied at the contact point is mapped to the endeffector as a wrench consisting of a force vector f c and a
torque vector τ c :
f c = nc fn + f t ,

(5)

τ c = r × f c.

(6)

The total force f m and torque τ m measured by the
force/torque sensor (assuming noise-free measurements, and
no acceleration of the end-effector) is given by:
f m = f c + f g,

(7)

τ m = r × f c + rg × f g ,

(8)

where f g is the gravity force acting at the center of mass
of the object and rg is the position of the center of mass

rg

{B }

nc fn

pc

ft

{c }

Fig. 2 : A robot end-effector equipped with a force/torque sensor
on its wrist that is grasping a tool which is in contact with
the surface. Frames are illustrated with red lines. Forces
are depicted with orange. Absolute position vectors with
respect to the base frame {B} are depicted with black
lines. Relative positions with respect to the end-effector
(sensor) frame are depicted with green lines.

with regard to pe . Note that if f g and rg are known, gravity
compensation can be performed by subtracting them from
(7) and (8) to obtain f c and τ c , and thus we can use
(5) and (6) to identify r as proposed in Section IV-A. This
gravity compensation can be achieved either by assuming an
object with known mass and position with respect to the endeffector, or by considering identification of the gravity effects
f g and rg in a prior free-motion phase where the only force
acting on the object is inertial, and f c = 03 . In the latter case,
proper rotation of the object by the end-effector can generate
signals that can be used in the algorithm in Section IV-A to
identify rg to allow compensation for the gravity during the
main contact phase. In case of a lightweight tool, such that
f g  f c , we can assume that the effects of gravity are
within the limits of the measurement errors, and do not need
to be compensated for.
IV. M ETHODOLOGY
In this section we propose the adaptive laws for estimating
the contact point and the surface orientation as well as
the force/motion control which is based on these estimates.
The overall control scheme effectiveness is theoretically
justified and the formal proofs of the results are given in
the Appendix.
A. Contact Point Estimation
First we design the adaptive law for estimating e r assuming that e r is piecewise constant or slowly varying compared
to the rate of the estimation. An example of an estimation
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rate that can be achieved is demonstrated in Section V. The
estimates can also be used to estimate r , Re e r in the global
frame. The proposed adaptive law utilizes measurements of
forces and torques expressed in the end-effector frame, which
is assumed to coincide with the force/torque sensor frame, as
this can trivially be achieved through known transformations.
The law is given by the following equations:
e˙

r̂ = −Γr [Lr (t)e r̂ − cr (t)]

(9)

The adaptive law can also be used to identify the center
of mass in case of free-space motion. The parameters are
identified exponentially fast given that e f = R>
e f is PE.
Note that f = f g is constant and thus the identification is
excited by the rotational motion of the object.
B. Surface Normal Estimation
In order to estimate the surface normal direction we design
the following adaptive law:

with
L̇r = −βr Lr − S(e f )S(e f )
ċr = −βr cr + S(e f )e τ

with Lr (0) = O3

(10)

n̂˙ c = −γn P̄(n̂c )Ln (t)n̂c

with cr (0) = 03

(11)

L̇n = −βn Ln +

where Γr is a positive definite matrix affecting the speed
of convergence, βr is a positive design constant acting as
forgetting factor and e f , e τ are either the measured force
and torque after gravity compensation used to estimate e r
during the contact phase, or the measured force and torque
owing to gravity used to estimate the center of mass e rg in
the free-motion phase.
Proposition 1: The adaptive estimation law (9)-(11) guarantees that:
(i) the torque estimation error, the estimate e r̂ and its
derivative are bounded i.e. e τ − e τ̂ , e r̂, e r̂˙ ∈ L∞ ,
(ii) the torque estimation error and and the estimation rate
e˙
r̂ are square integrable, i.e. e τ − e τ̂ , e r̂˙ ∈ L2 ,
˙ = 0, and
(iii) limt→∞ e τ̂ = e τ and limt→∞ kr̂k
(iv) if S(e f ) is persistently excited (PE) e r̂ converges
exponentially to e r. By choosing Γr = γr I, with γr
being positive constant, the speed of convergence can
be arbitrarily increased by increasing γr .
The proposed estimator (9)-(11) is an integral adaptive
control law since its design is based on the minimization
of an integral cost function of the error between the actual
and the estimated torque [22]; the proof of the Proposition 1
is following the proof of the integral adaptive control for
identifying the parameters in a multiple inputs-single output
parametric model and is based on the use of a quadratic
e
r̃.
Lyapunov function V (e r̃) = 12 e r̃> Γ−1
r
As is demonstrated in Section V, convergence to the
actual parameters can be achieved by varying the direction
of f e in order to span some surface in the Cartesian space,
which is an identification condition arising from the problem
formulation.
The contact point estimate p̂c can be calculated using
proprioception and the estimate e r produced by exploiting
force/torque measurements:
p̂c = pe + Re e r̂

(12)

Note that it is also possible to use the contact point estimation
together with an accurate model of the grasped tool to
determine which of a possible set of points is in contact.
In this case, we can additionally infer the orientation of the
tool given that the grasping point is obtained through tactile
sensing.

>
1
1+kṗe k2 ṗe ṗe

(13)
with Ln (0) = O3 (14)

where γn is a positive constant for tuning the speed of
convergence and βn is a positive forgetting factor.
Proposition 2: The adaptive law (13)-(14) guarantees that:
(i) the norm of the estimate n̂c (t) is invariant i.e. given
that kn̂c (0)k = 1, kn̂c (t)k = 1, ∀t > 0,
(ii) if ϑ(0) ∈ (− π2 , π2 ) then ϑ(t) ∈ (− π2 , π2 ), ∀t > 0 where
ϑ is the angle formed between nc and n̂c ,
(iii) limt→∞ kn̂˙ c k = 0, and
(iv) if ṗe is persistently excited (PE) ϑ converges to zero
exponentially which implies that n̂c converges exponentially to nc with a rate that can be tuned by γn .
The proposed estimator (13)-(14) is an integral adaptive
control – in contrast to those used in our previous work [19],
[20]– with normalized input but here is modified in order
to produce unit and well-defined estimates of the normal
direction as the problem in hand requires. The proof of
Proposition 2 can be found in the Appendix, and is based
on defining the Lyapunov function in the domain of the
estimation error angle ϑ formed between nc and n̂c .
Measurements of the contact force f c alone cannot in
general be used together with (5) to identify the surface
normal if the contribution from the tangential force f t due
to friction is unknown. However, we can use the force
measurements in order to initialize the proposed estimator
when contact is detected i.e. n̂c (0) = f (0)/kf (0)k. Given
that the gravity is compensated in f (0), the initial angle
error will be within the cone of friction which implies that
|ϑ(0)| < π/2 and consequently that the estimator is properly
initialized. If there is no rotational motion of the end-effector,
the sliding velocity of the tool-tip on the surface is equal to
the end-effector velocity, and thus the latter can be directly
used to estimate the surface normal direction, independent
of the accuracy of the contact point estimate.
C. Force/motion Control
The control objective is to follow a velocity trajectory
vd (t) and to press upon the surface with a desired force
fd . In this way, we can perform a meaningful task and
simultaneously generate signals e f and ṗe . In particular, the
motion along the surface not only generates ṗe that span the
orthogonal complement of the normal direction required in
(13) but gives rise to tangential forces owing to dynamical
friction that can be added to the normal interaction forces,
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see (5), in order to generate an appropriate signal e f to excite
(9) by spanning a surface in the Cartesian space.
The velocity control design is based on decomposing
the motion and force control directions according to hybrid
force/motion control methodology by using however the
estimates n̂c – like the kinematic loop of [20]. The proposed
kinematic controller is given by the following equation:
u = P̄(n̂c )vd − n̂c vf

(15)

where vf is a PI control loop of the estimated force error
˜
fˆn = fˆn − fd . Note that the estimated fˆn can be calculated
based on force measurements and the online estimates n̂c .
In particular:
Z t
vf = αI
(fˆn − fd )dτ + αP (fˆn − fd ), fˆn = n̂>
c f (16)
0

the velocity along the unconstrained directions as well as
the convergence of the force/motion errors to zero and the
identification of the uncertain parameters given that u and
e
f are persistently excited.
V. E XPERIMENTS
Our adaptive control framework for tool and surface
calibration was evaluated with a robot setup consisting of a
7-DOF velocity controlled manipulator controlled at 130 Hz.
The manipulator also includes a wrist mounted ATI Mini45
6-axis force-torque sensor used for the force feedback control
and the contact point estimator.
For more details on the experimental setup, see e.g. [23].
The end-effector velocities used for the estimation of the
surface normal were calculated using joint velocities filtered
through joint position measurements.

with αI and αP are positive control gains.
The velocity trajectory vd (t) can be either defined a priori
in a feedforward fashion or designed appropriately by using
feedback of control errors such as end-effector or contact
point position errors. A simple way to define vd (t) is the
following:
vd (t) = ṗd − α(p − pd )

(17)

where α is positive control gain and p can be either the endeffector position or the contact point estimate depending on
the definition of the desired position pd . Note that pd can
be defined as follows:
1) directly and a priori in the robot workspace e.g. by using
vision and mapping a desired trajectory from the image
space to robot space. In this case the feedback control
is designed using the contact point position which is
however based on estimates obtained by (9) i.e. p :=
p̂c .
2) locally at the surface as ξd ∈ R2 and then mapped
online to the robot workspace through a transformation
(pe (0), R̂c ). Details on the motivation behind this selection and the construction of R̂c can be found in [20].
In this case the design of vd (t) is based on pe instead of
p̂c . This can be explained by the following observation:
the objective of drawing a circle with center around the
initial contact point is equivalent of drawing a virtual
circle around the end-effector’s initial position.
In more complicated scenarios where both sliding and rolling
motion of the tool take place the estimated contact point
position must be used in vd (t) even when the target is
defined based on local coordinates.
Analysis of the closed loop when u (15)–(17) is applied
(briefly sketched in the Appendix) yields to the following
theorem:
Theorem 1: The control law (15)–(17) applied as a translational velocity controller to a robot firmly grasping a
tool which is in contact with a flat surface, together with
the adaptive laws (9) and (13) used for estimating the
contact parameters such as contact point position and surface
orientation ensure the boundedness of the contact force and

Fig. 3 : Experimental setup used for evaluating our adaptive control scheme for contact point and surface normal estimation.

To perform our experiments we attached a tool rigidly
to the robot’s gripper as shown in Fig. 3. Attaching the
tool rigidly to the end-effector allowed us to have a consistent ground truth with which to compare the controller’s
estimation of the contact point. Furthermore, we tested the
controller over a flat table which was previously calibrated to
obtain the ground truth of the surface normal. A circular trajectory of 4 cm radius and 5 second period was commanded
to the manipulator during the experiment.
Fig. 4 shows the normal force error |f˜n | = |fn −fd | which
indicates that the adaptive controller manages to regulate the
normal contact force.
Fig. 5 and 6 show the estimation errors of the contact
point and the surface normal respectively. The contact point
converges with an error of approximately 5 mm, which, given

2492

surface normal estimation error (deg)

normal force error (N)

35
30
25
20
15
10
5
0

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

time (s)

25
20
15
10
5
0

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

time (s)

Fig. 4 : Normal force error |f˜n |.
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Fig. 5 : Contact point estimation error.

the 30.8 cm distance from the force-torque sensor to the tooltip is within the error margins of the setup. Moreover, the
surface normal estimate converges with an approximately 1.5
degree error with respect to the ground truth normal.
For a set of contact forces that share the same direction
and only vary in magnitude, the contact point estimate p̂c
will converge to a point on a line passing through the actual
contact point pc , parallel to the force direction. As the
direction of contact forces vary, p̂c will converge to the
intersection point of a set of such lines, which will be pc .
In the experimental convergence of p̂c , as seen in Fig. 5,
we see an initial convergence to a point on such a line after
approx 0.1 s, and then, as the direction of the contact force
starts to change as the tool-tip slides on the surface, we see
convergence to the intersection point, or pc . For the setup
in the experiment we see that we have good convergence
for forces that spread over approximately 14 degrees with
respect to the surface normal. For faster convergence with
the same setup, we would need contact forces spanning that
angle variation in shorter time.
VI. C ONCLUSIONS
In this paper, we have proposed a method for simultaneous
online estimation of the point of contact of a tool held
by a robot, and the normal of the surface it is interacting
with. The method is based on adaptive estimation and a
hybrid force/motion controller, and uses force and torque
measurements from a wrist-mounted sensor.
The fast convergence of the contact point estimate makes
it suitable for real time tracking of the endpoint of a tool that
may slip and move in the robot’s hand as it is being used for
a task execution. The method also guarantees stable control
of contact forces even before the estimates converge. For
non-contact motion, the method can be used to estimate the
center of mass of the end-effector and/or a grasped object.

This enables tool use with unmodelled and/or uncalibrated
tools.
The strength of the method lies in the fact that it uses force
and torque measurements and it is therefore complimentary
to vision based approaches where occluded or bad lighting
conditions make affect the estimation. An interesting future
extension is to combine the proposed method with other
methods for object tracking. One possibility is to combine it
with model based vision methods or tactile sensors to use the
tracked contact point to improve pose tracking of an object.
A PPENDIX

d
Proof of Proposition 2: (i) Note that dt
kn̂c k2 =
−γn [P̄(n̂c )n̂c ]> Ln (t)n̂c = 0; thus the norm of the estimate
is invariant and consequently bounded. (ii) Note that (14)
and the constraint (2) implies:
d
(Ln nc ) = −βn Ln nc
dt
which in turn, for Ln (0) = O3 , implies that nc belongs in the
nullspace of Ln . Note also that Ln is positive semidefinite.
Consider the following Lyapunov function:
V (θ) = − ln(cos ϑ),

V : (− π2 , π2 ) → R

(18)

Its time derivative along the systems trajectories (13)-(14) is
given by:
(19)
V̇ (θ, t) = −γn ñ>
c Ln (t)ñc
From (18) and (19) we conclude that V (θ) is bounded which
implies ϑ(t) ∈ (− π2 , π2 ), ∀t > 0 for ϑ(0) ∈ (− π2 , π2 ). (iii)
Clearly (i) and (ii) imply that n̂c ∈ L∞ . Furthermore, since
>
1
1+kṗe k2 ṗe ṗe is bounded by construction, (14) implies that
Ln and L̇n are bounded too. By integrating both sides of (19)
in t ∈ [0, ∞) and taking into account that V (∞) is bounded
from (ii), we get that Ln1/2 ñc ∈ L2 . The update law (13) im˙ c k ≤ γn k(L> )1/2 kkL1/2 ñc k which implies that
plies: (a) kTn̂
n
n
¨ c given the boundedness of n̂
˙c
n̂˙ c ∈ L∞ L2 as well as (b) n̂
˙ c k = 0. (iv) The
and L̇n . Clearly (a) and (b) yield limt→∞ kn̂
PE condition
is satisfied given that there exists α0 , T0 such
R t+T
that t 0 ṗe ṗ>
e dτ ≥ α0 I3 . Using the integral expression of
Rt
Ln = 0 exp(−βn (t − τ )) 1+k1ṗ k2 ṗe ṗ>
e dτ implied by (14),
e
it can be found that Ln (t) ≥ λ exp(−βn T0 )I3 given that
the PE condition is satisfied. Then we consider a quadratic
Lyapunov function U = 21 kñc k2 which in our case depends
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only on the estimation error angle i.e. U = 1 − cos ϑ. It can
be easily proved that U̇ ≤ −2λγn exp(−βn T0 )U

U (t) ≤ exp −2λγn e−βn T0 t U (T0 )
(20)
Note also that π42 kϑk2 ≤ U (θ) ≤ 12 kϑk2 and thus (21)
implies that the angle between the actual and the estimated
vector n̂c , converges exponential to zero as follows:
√

|ϑ(t)| ≤ π 4 2 exp −λγn e−βn T0 t |ϑ(T0 )|
(21)
Proof of Theorem 1: Let us consider the case of a
bounded input vd . This assumption is valid even when vd
is defined using feedback given that pd , ṗd are bounded
and by considering a bounded robot workspace. Saturation
on the position error can be used in order to construct a
bounded vd . Substituting the control law in to the system
first order differential kinematics (4) we get: ṗe = u. By
projecting the aforementioned equation along the surface
normal we get: vf = cos1 ϑ n>
c P̄(n̂c )vd . Since n̂c is bounded
and ϑ 6= π/2 from (i) and (ii) of Proposition 2, vf is
bounded. The boundedness
of vf implies ṗe is bounded
Rt
and additionally that 0 (fˆn − fd )dτ , fˆn are bounded. Hence
e
f is bounded and thus the update law for e r̂ (9)-(11) is
well-defined. The boundedness of pe can be proved by
using the boundedness of the estimates e r̂, n̂c and their
˙ n̂˙ c . Ultimate bounds can also be found by
derivatives e r̂,
exploiting limt→∞ e r̂˙ = 03 , limt→∞ n̂˙ c = 03 (Proposition
1 and 2); analytic derivations are omitted. Given that e f ,
ṗe (or vd ) satisfy the PE condition the estimation error
converges to zero exponentially fast andR thus vf converges
t
exponential fast to zero which implies 0 (fˆn − fd )dτ → 0
and fn → fd . Furthermore, ṗe → P̄(nc )vd with implies
that P̄(nc )(p − pd ) → 03 .
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[13] D. Kubus, T. Krüger, and F. M. Wahl, “On-line rigid object recognition
and pose estimation based on inertial parameters,” in EEE/RSJ International Conference on Intelligent Robots and Systems, San Diego,
CA, 2007, pp. 1402–1408.
[14] S. Muto and K. Shimokura, “Teaching and control of robot contourtracking using contact point detection,” in IEEE International Conference on Robotics and Automation, 1994, pp. 674–681.
[15] Y. Lei and S. F. Miller, “Pose estimation and machining efficiency of
an endoscopic grinding tool,” The International Journal of Advanced
Manufacturing Technology, pp. 1–11, 2013.
[16] C. C. Kemp and A. Edsinger, “Robot manipulation of human tools:
Autonomous detection and control of task relevant features,” in 5th
IEEE International Conference on Development and Learning (ICDL06, 2006.
[17] M. Krainin, P. Henry, X. Ren, and D. Fox, “Manipulator and object
tracking for in hand model acquisition,” in Workshop on Best Practice
in 3D Perception and Modeling for Mobile Manipulation at the Int.
Conf. on Robotics & Automation (ICRA), Anchorage, Alaska, 2010.
[18] M. Beetz, U. Klank, I. Kresse, A. Maldonado, L. Mosenlechner,
D. Pangercic, T. Ruhr, and M. Tenorth, “Robotic roommates making pancakes,” in IEEE-RAS International Conference on Humaoid
Robots, 2011, pp. 529–536.
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Learning to Disambiguate Object Hypotheses through Self-Exploration
Mårten Björkman and Yasemin Bekiroglu

Abstract— We present a probabilistic learning framework
to form object hypotheses through interaction with the environment. A robot learns how to manipulate objects through
pushing actions to identify how many objects are present in
the scene. We use a segmentation system that initializes object
hypotheses based on RGBD data and adopt a reinforcement
approach to learn the relations between pushing actions and
their effects on object segmentations. Trained models are used
to generate actions that result in minimum number of pushes on
object groups, until either object separation events are observed
or it is ensured that there is only one object acted on. We
provide baseline experiments that show that a policy based
on reinforcement learning for action selection results in fewer
pushes, than if pushing actions were selected randomly.
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I. I NTRODUCTION
One of the core challenges in the field of robotics is to
equip robots with the ability to intelligently interact with the
world, using sensorimotor capabilities comparable to those
of humans. To achieve this, a robot needs to perceive and
interpret the environment and act according to the situations
it is engaged in. The robot should be able to gather and interpret sensory information in new, unforeseen situations being
provided with only minimal prior knowledge. In many practical scenarios, a key requirement for a robot is the ability
to detect, recognize and manipulate objects, autonomously
or in collaboration with humans or other robots. To develop
cognitive and behavioral capabilities in such a context, it is
essential for the robot to form useful object representations
or categories by being actively engaged in the environment.
Theories of cognitive development describe basic overlapping stages that infants go through as they mentally
mature, stages during which they try to make sense of the
world actively, rather than just passively observe [1]. They
construct their own knowledge from experimenting on the
world and independently learn concepts without intervention
of or rewards from adults. Similar theories have inspired a
field known as developmental robotics, in which emphasis is
placed on the necessity for robots to acquire skills through
interaction and only rely on knowledge that it can itself verify
[2]. Concepts acquired thus emerge as a result of the robot’s
own interaction with the world and its embodiment.
Our goal is to develop an embodied cognitive system for
a robot to continuously learn low-level sensorimotor abilities
to understand its environment by exploration. Given a robot
interacting with objects placed on a table-top, we present

Fig. 1: Difference in outcomes of an applied pushing action:
A PR2 robot explores a given scene by pushing to understand how many objects are present. Depending on object
configurations, the same action can yield different outcomes.
The two objects in the top row cannot be separated and are
thus grouped together as one object after the action, while
the other two objects can be separated after the same action.
a reinforcement learning approach, where pushing actions
are chosen to maximize rewards that are given when events
of object separation are observed, this in order to deduce
the number of objects being present. The robot gathers data
by applying random pushing actions on groups of objects
and observing the outcome of the actions based on visual
sensing, see Fig 1. After completing the learning phase on
the collected observations, the robot builds initial hypotheses
of objects in a given scene, hypotheses are then refined by
a more strategic manipulation.
II. R ELATED WORK AND C ONTRIBUTIONS
Our work is related to interactive object segmentation and
object exploration through manipulation. In this section we
will provide a brief overview regarding these research areas
and present our contributions.
Segmentation in static images has been studied extensively
for many years [3], [4]. Segmentation methods provide partitioning of the image into regions, typically using similarity
in color and position. However, resulting regions do not
necessarily correspond to physical objects. The goal of the
object segmentation methods is to distinguish objects from
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the background they are placed in-front. A common approach
is to allow user feedback that provides information about
regions of interest [5] to include target objects and thus
improve segmentation. Bergström et al. [6] follow such an
approach and present a Markov random field based segmentation framework that involves a human operator to guide
gradual splitting of segments without explicitly stating how.
A human operator helps for interaction with the scene to
disambiguate the hypotheses. There are also studies where a
robotic arm manipulation is used for interactive segmentation
[7]–[9]. Kenny et al. [7] and Fitzpatrick [8] address segmentation of rigid objects based on a video stream of objects being moved by a robot and the segmentation method is based
on a graph cut algorithm. Hausman et al. [9] use 3D data to
segment objects from a background. Their system includes
a static pre-segmentation from geometrical categorization,
RGBD features for tracking textureless objects and a graphbased trajectory clustering method. Van Hoof et al. [10]
propose a probabilistic approach by quantifying the expected
informativeness of actions in information-theoretic terms to
select actions. Chang et al. [11] present a framework for representing interaction strategies for singulation of objects. The
strategies allow for object selection, manipulation primitive
selection and a scene state update. A set of heuristics is used
for the manipulation primitive selection step. They determine
a likelihood ratio of a target being a single item or multiple
items based on the magnitude of the transform motion and
the percentage of dense point matches. Hermans et al. [12]
achieve singulation of objects through pushing actions. The
approach explicitly hypothesizes about object orientation and
location of potential separation boundaries between possible
objects using input from an RGBD camera.
Pushing actions have been used for learning different
object attributes during scene exploration. Ridge et al. [13]
propose to ground features of objects with respect to their
manipulation in order to compare unknown objects and the
effects of manipulation. Object push affordances are learned
based on pre-push and post-push object features and push
action trajectories. Pushing experiments are performed by a
human. Högman et al. [14] discover functional categories
based on how objects move during pushing experiments and
use an entropy-based action selection approach for object
classification. Sanchez-Fibla et al. [15] represent objects in
terms of affordance gradients that capture both the shape
of objects and the effect of a push applied to different
positions of the objects. Kopicki et al. [16] study the problem
of learning to predict the interactions of rigid bodies in
a probabilistic framework. A robotic arm applies random
pushes to objects, observes the resulting motion with a vision
system and learns the relation between push actions and the
object motions.
Our work differs from the state of the art since our method:
1) does not rely on human feedback for refinement of
object segmentation,
2) uses Gaussian process models to learn the effects of
pushing actions applied to object groups, and
3) applies reinforcement learning to autonomously learn

how to most effectively disambiguate between objects
initially grouped into single hypotheses.
III. L EARNING F RAMEWORK
We assume that the robot has some ability to generate
hypotheses of objects in the scene without having any stored
knowledge of categories or instances of objects. Naturally,
given no prior knowledge, multiple objects standing close by
and overlapping in the visual field, may look like a single
self-occluding articulated object. Thus, there is no guarantee
that the separation of these objects will in fact be successful.
The task the robot is then facing is to learn how to interact
with the scene an objects by pushing given as few pushes as
possible until a separation of objects can be detected.
A. Forward models
The learning framework is based on the notion of objectrelated sensorimotor contingencies [17], which are relations
that describe predicted sensory changes due to actions applied to physical objects. Given some object-related sensory
space S and an action a 2 A, where A is here limited to
pushing actions, the observation s 2 S of some manipulated
objects changes to a new observation s0 2 S as a result of
applying a. Such a relation can be described by a forward
model [18] that can often be represented by some function
f : S ⇥ A ! S. Since visual observations are typically
subjected to considerable noise, the observed outcome of an
action can hardly be expected to be deterministic. Instead we
apply probabilistic models for the same purpose and assume
these to be Gaussian, where the mean and variance depend
on s and a, that is
P (s0 |s, a) = N (µ(s, a),

2

(s, a)).

These distributions are found by means of Gaussian process
regression [19] using squared-exponential covariance functions
1
k(si , sj ) = f2 exp(
(si sj )> ⇤ 1 (si sj )) + n2 ij ,
2
where si and sj are two different observations, f2 is the
signal variance, n2 is the noise variance and ⇤ is a diagonal
matrix of length scales for the different sensory components
of s. The unknown parameters are found through maximum
likelihood optimization, using a previously recorded set of
observations of pushes, represented as tuples (s, a, s0 ).
B. Sensory and action spaces
For the experiments in Section IV, we use a sensory
space S with measurements derived from physical objects
observed in RGBD images. These objects, or possibly groups
of objects, are segmented from the rest of the scene by first
detecting a table-top plane and removing 3D points located
below that plane. Using 2D connectivity, points within a
reachable distance are then grouped into segments, where
segments belonging to the robot itself are identified using
the robot’s known forward kinematics. These segments are
pruned from further consideration, resulting in a remaining
set of segments for the objects placed on the table-top.
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For each such segment, a vector of four measurements
s = (sshape , sf ragm , scircum , sorient )>
is computed, measurements that are directly derived from
the sensory data. These can be seen as a low-dimensional
representation of the raw data, without any assumptions
made on what is actually observed. The representation is
respectively given by the shape of the segment’s image
projection computed as the length of minor axis divided by
the major one (sshape ), the spread of depth values computed
as an entropy (sf ragm ), the circumference divided by the
square root of the area of the segment in question (scircum )
and the orientation of the 3D point cloud projected down
to the 2D table-top (sorient ). In practice, the orientation is
represented by two values

Fig. 2: Objects used in our experiments.
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sorient = (sin(2↵), cos(2↵))> ,
where ↵ is the angle between the lateral direction of the
robot and dominating one of the point cloud. Due to the
180 periodicity that occurs when the frontside of an object
is replaced by the backside as it is turned, the double angle
is used instead. While some sensory dimensions are believed
to change as a function of the push applied, others should
give an indication of object separation that can be used for
action planning.
To simplify analysis of data and speed up the learning
process, we use an constrained action space A = {al , af , ar }
of three possible pushes; left-side, forward and right-side
pushes. Each push is done towards the centroid of the 3D
point cloud representing the object group under consideration
and is extended 2 cm beyond the centroid to guarantee
contact with the robot’s end-effector. The sideways pushes
are at an angle of 40 with respect to the forward direction.
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Fig. 3: Example push sequences from the dataset: Depending
on the initial configurations and the randomly chosen actions, sequences have different lengths. Segmentation results
after each action from A is given. Experiments using only
one object are also available in the dataset (an example can
be seen in the last row).

C. Reinforcement learning
By collecting multiple observations of pushes applied
to different configurations of object groups, reinforcement
learning is used to learn the best push, or sequence of
pushes, to separate objects within these groups. For that
purpose we use the Gaussian process approximate Q-learning
method proposed in [20]. Given a probabilistic forward
model P (s0 |s, a) and a reward function R(s0 ), both modelled
by Gaussian processes as explained in Section III-A, a Qfunction Q(s, a) is approximated with another Gaussian
process model. In practice, however, since our action space is
discrete, we use three functions Qa (s) to represent Q(s, a),
one for each possible action a 2 {al , af , ar }. Rewards are
given when the system observes that an object group segment
has been split in two, indicating a successful separation.
The method assumes a set of control points {(si , ai )},
each with a corresponding Q-value qi that are used to approximate Q(s, a). As control points we use actual observations
collected during experimentation, without clustering or any
other method to reduce the size of the data set. The expected
reward at a control point is given by
Z
ri = R(s0 )P (s0 |si , ai )ds0 ,

while the approximate Q-function is obtained by first updating the qi values,
Z
qi
ri + max
Q(s0 , a0 )P (s0 |si , ai )ds0 ,
0
a 2A

and then re-estimating Q(s, a) using Gaussian process regression. These two processes are interleaved and iterated
until convergence. Here the discount (0   1) is used
to make a trade-off between sooner and later rewards. Once
convergence is reached a policy can be found by maximizing
the Q-function over the possible actions,
â(s) = arg max Q(s, a).
a2A

In the next section we will study how well following such a
policy will speed up object separation through pushing.
IV. E XPERIMENTAL E VALUATION
As a platform for experimentation, a PR2 humanoid robot
was used, with object groups selected from the nine everyday
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Fig. 4: Shape and circumference of object group segments
for which object separation have (+) and have not (x) been
observed. Scales refer to standard deviations.

Fig. 6: Real (upper) and predicted (lower) changes in orientations for left (red), center (green) and right (blue) pushes.
The outer circle illustrates orientations prior and the inner
center after a push. The lower side of circles represents
orientations when objects are in-front and the upper side
objects placed next to each other.

Fig. 5: Real (blue) and predicted (red) changes in shape and
circumference due to a push from the left.
objects shown in Fig. 2 and the segmentation system described in Section III-B. Training data for the reinforcement
based learning algorithm are collected by applying randomly
chosen pushing actions until the objects are separated or
cannot be reached, see Fig. 3. The total number of pushing
sequences is 415 with 1.87 pushes on average per sequence.
Using this set of data the models and classifiers were learned
and tested, as described in the following subsections.

rate to the prediction rate of 89.8%, using a similar classifier
based on (s, a), it can be concluded that prediction of object
separation is feasible given only information available prior
to a push. For a classifier based on only s, the prediction rate
is significantly lower, 72.1%, showing a dependence between
the pushing action applied and the current state. By excluding
one sensory dimension at the time, the prediction rate decreases with respectively 1.9%, 1.3%, 2.5% and 26.9% for
sshape , sf ragm , scircum and sorient . Thus each dimension
is of importance, but the orientation is significantly more
important than the other dimensions.

A. Feasibility of representation
The hypothesis is that the low-dimensional representation
of sensory data given by S is sufficient for planning of pushing actions, to maximize object separation in a reinforcement
learning framework. To test the feasibility of S for prediction
of object separation, Gaussian process based classifiers were
trained using the set of 771 observed pushes. Examples of
shape and circumference of object group segments observed
after a push can be seen in Fig. 4. With the full set of sensory
measurements, separation rewards can be predicted with a
probability of 91.7%1 from (s, a, s0 )-tuples. Comparing this

B. Analysis of forward model
As mentioned earlier the expected change in sensory data
is captured by forward models P (s0 |s, a) that are modelled
through Gaussian processes. Given the high dimensionality,
studying the behavior of the forward models is complicated
and is better done in projections. Fig. 5 shows the real and
predicted changes in shape and circumference for a selected
number of samples. Since samples have different orientations

1 All classification results are given at equal error rate with training done
using data divided with 5-fold cross validation.
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it is hard to see a pattern in the predictions. Despite this one
can conclude that predictions are similar to the real changes.
More distinct patterns can be seen when studying changes
in orientation, as shown in Fig. 6. Even if it can be observed
also in the real data, the regularity is particularly clear in the
predictions. If objects are placed in-front of each other (see
the lower side of circles) there is a distinct difference in how
a group rotates, with less change for center pushes, than if
pushes are from the side. Another observation is that objects
tend to be pushed so that they eventually end up next to each
other. If objects are originally placed in-front of each other,
it might take a number of pushes though.
Analyzing the performance of the forward models is
easier, if models are used for a purpose. One such is
classification, such as distinguishing between groups of one
or two objects. Using a set of 91 recorded pushes applied to
single object groups, a forward model was created, similar
to the one based on groups of two objects. Using these two
models a naı̈ve Bayesian classifier was created. With crossvalidation it was concluded that the number of objects in a
group can be classified with a probability of 94.0% using
(s, a, s0 )-tuples or 85.9% with just s. In practice this means
that a system might try to separate objects assuming that a
group contains two objects, but stop shortly after a single
push, if the observed effect indicates that the group is just
one object.
C. Policy based pushes
From Q(s, a), learned with Gaussian process approximate
Q-learning as described above, a pushing policy can be found
by maximizing Q(s, a) with respect to the action a, i.e. the
action that will most likely lead to a future separation of
objects. The question is how such a policy differs from a
random policy, where sensory information is not taken into
account. Another question is how the policy changes, if more
emphasis is placed on future separation events, compared to
a greedy policy, for which only the next push is considered.
The upper graphs in Fig. 7 show the probability of receiving an immediate reward for different orientations (sorient )
and pushing directions. From the graphs it is clear that
the best push is always a push from the side, with the
dominating side of the object facing the pushing direction.
The exceptions are in the two extreme orientations, where
the direction does not matter. Regardless of push, however,
you are unlikely to immediately separate the objects, if they
are placed in-front of each other. The picture changes slightly
with Q-learning and a discount factor = 0.5, as can be seen
in the lower graphs of Fig. 7. If objects are side-by-side, a
center push is preferable from a sideways push. For objects
placed in-front of each other, a sidewise push will more likely
lead to a situation where objects can be separated in the push
that follows, even if the first push fails to do so.
Using a series of 100 experiments performed online with
different configurations of two object groups, the benefit of
the computed policy was also tested by comparing the results
to those of random pushes. The same original configurations

Fig. 7: Predicted immediate rewards (upper) and Q-values
(lower) for different orientations (sorient ) and pushes from
the left (red), center (green) and right (blue). Orientations
of 0 and ⇡ radians respectively correspond to two objects
placed next to and in-front of each other. For all sensory
dimensions, but sorient , the mean values are assumed.
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Fig. 8: Example push sequences using the policy.
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can be separated. We thus like to extend the action space, first
to become continuous and then to allow pushes at different
locations. Furthermore, in the presented study we used a four
dimensional sensory space, dimensions that were predefined.
In the future work, we intend to apply unsupervised
learning on the raw 3D measurements to autonomously find
low-dimensional representations directly given by the data,
this in order to avoid any bias that might exist by design.
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Fig. 9: Number of pushes required for object separation to
be detected using either random or policy based pushes.

were used for both policy based and random pushes. Example policy based pushes can be seen in Fig. 8. Histograms of
the number of pushes required for object separation rewards
to be received can be seen in Fig. 9. With policy based
pushes you rarely need more than two pushes to separate
two objects, unlike random pushes that often requires more.
It is also possible to separate objects with only one push
in 67% of the cases with policy based pushes, instead of
40% for random ones. The average number of pushes varies
depending on the orientation of objects. For objects side-byside you need 1.3 policy based pushes or 1.7 random ones,
while the averages increase to 2.0 and 3.1 respectively for
objects place in-front of each other.
V. C ONCLUSIONS
This paper addressed the problem of learning through
exploration to verify object hypotheses initialized from segmentation. Our robot explored scenes with segmented objects
through randomly generated pushing actions, resulting in
more than 700 observed pushes in total. Nine objects were
used in multiple configurations of two object combinations
to acquire sensory data along with corresponding action
parameters.
Bottom-up sensory features for learning were defined,
features that capture how the observed 3D point clouds
change due to pushing actions, something that was modelled
using Gaussian processes. We presented a framework based
on Q-learning to learn what pushes to apply to receive
rewards due to successful separation of grouped objects.
Experimental results demonstrated that the proposed learning
method is capable of separating objects with fewer pushes,
than if pushes where randomly generated, assuming the same
initial conditions and objects.
In the presented framework, sensory and action spaces
were intentionally kept small to facilitate learning with
limited sets of training examples. Despite this the system
managed to autonomously learn how to push object groups
to separate objects. It is likely to believe, however, that by
always pushing at the centroid of the observed point cloud,
there are inherent limitations to what combinations of objects
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What’s in the Container?
Classifying Object Contents from Vision and Touch
Püren Güler, Yasemin Bekiroglu, Xavi Gratal, Karl Pauwels and Danica Kragic
Abstract— Robots operating in household environments need
to interact with food containers of different types. Whether
a container is filled with milk, juice, yogurt or coffee may
affect the way robots grasp and manipulate the container.
In this paper, we concentrate on the problem of identifying
what kind of content is in a container based on tactile and/or
visual feedback in combination with grasping. In particular,
we investigate the benefits of using unimodal (visual or tactile)
or bimodal (visual-tactile) sensory data for this purpose. We
direct our study toward cardboard containers with liquid or
solid content or being empty. The motivation for using grasping
rather than shaking is that we want to investigate the content
prior to applying manipulation actions to a container. Our
results show that we achieve comparable classification rates
with unimodal data and that the visual and tactile data are
complimentary.

I. I NTRODUCTION
Visual and haptic perception of robots has evolved significantly during the last couple of years. Using multiple
sensory modalities comes natural to us humans and we are
able to shift between them in cases when one of them is
not functioning. The study by Norman et al. [1] investigates
the role of sensory modalities in understanding object shape
and shows that vision and touch provide complimentary
information. In this study, human subjects are presented two
objects and asked to match them by unimodal (visual-visual,
haptic-haptic) and cross-modal (visual-haptic, haptic-visual)
shape comparison where cross-modal shape comparisons led
to best results. Heller [2] studies the use of vision and
haptic in humans and shows that visual observation of hand
movements improve surface texture perception. In addition,
it is shown that touch is used for gathering information about
the texture during interaction with an object while vision is
used to monitor the hand, see Figure 1.
In robotics, visual and haptic/tactile data have been utilized
for perceiving object properties during interaction/grasping.
Haptic and force-torque sensors have been studied extensively for control of grasping and manipulation [3] to avoid
slippage and prevent damaging objects. Vision [4], [5] has
typically been used to plan grasping actions and to update
action parameters when objects move to compensate for
manipulator positioning inaccuracies and sensor noise. Integration of these modalities results in a richer observation
The authors are with the Computer Vision and Active Perception
Lab, Center for Autonomous Systems, School of Computer Science and
Communication, KTH Royal Institute of Technology, Stockholm, Sweden,
{puren,yaseminb,javiergm,dani}@kth.se and Computer
Architecture and Technology Department, University of Granada, Spain,
{kpauwels}@ugr.es. . This work was supported by the Swedish
Foundation for Strategic Research and the EU project RoboHow.Cog (FP7ICT-288533).
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Fig. 1. According to Heller [2], there is a ”division of labor” between
senses. While making bimodal judgments, using vision and touch together,
we rely on different contributions from both: vision is for controlling the
hand and exploring the haptic environment (participants monitored their
hand not the surfaces being touched) and haptic is for gathering information
about surface texture. In the absence of one, either vision or touch leads to
similar levels of accuracy but higher accuracy is achieved when these are
combined.

space: through haptic sensing, we extract the information at
the contact regions between the fingers and the object while
the change in object deformation around the finger may be
extracted through visual sensing. This way, the resolution
of haptic sensors which is still inferior compared to human
skin can be supported and used to develop better control
algorithms for grasping. For example, grasping a cardboard
container will require different forces depending on whether
it is filled with milk or cereal.
In this paper, we study the feasibility of using unimodal
(visual or tactile) and bimodal (visual and tactile) data to
identify object content by applying grasping or squeezing
actions on it. The aim is to enable proper manipulation
of objects both in terms of applied forces and subsequent
actions such as pouring or lifting. The main focus is thus
to investigate to what extent vision and haptic modalities
individually or integrated are useful for this purpose by
comparing different learning methods: k-means, Quadratic
Discriminant Analysis (QDA), k-nearest neighbors(kNN)
and support vector machine (SVM).
This paper is organized as follows. In Section II, we review
the related work and summarize contributions of our work.
We present the classification methods and the methodology
in Section III. In Section IV, we present the experimental
evaluation and summarize the paper in Section V.
II. R ELATED W ORK AND C ONTRIBUTIONS
In robotics, modeling and recognition of object properties,
e.g., material [6], shape [7] and pose [8], have been studied
primarily by using touch sensing. Chitta et al. [9] estimate the
internal state of objects, i.e., if a bottle is closed, open, full
or empty, by using tactile information during grasping. Chu
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et al. [10] use tactile information obtained from exploratory
procedures on objects, e.g., tapping, squeezing, holding, and
both slow and fast sliding, to learn haptic adjectives such
as rough, hard and compact. There are also studies which
use different actions rather than grasping such as rolling and
scratching to identify the properties of objects, e.g., stiffness
or texture [3]. Object shape estimation has also been studied
with unimodal data, i.e., only visual [11] or tactile [12]
sensing.
Studies regarding integration of sensory modalities concentrate mostly on extracting 3D object shape. Dragiev et al.
[13] include laser data in addition to tactile measurements.
Björkman et al. [14] utilize both visual and tactile sensing
to model unknown objects by touching them strategically at
parts that are uncertain in terms of shape without exhaustive
exploration. There are also studies that focus on object
recognition without explicitly modeling the full 3D shape,
but rather representing the objects based on visual [15],
tactile [16], [7] or both features [17].
In all these studies, objects have different appearance
and texture can therefore be used as an informative visual
property. Our aim in this paper is to exploit to what extent we
can go beyond the classical object recognition, categorization
and matching approaches and concentrate solely on local
information, as shown in Figure 3. By local we consider
visual information resulting from the fact that a container
will deform differently around the grasping point dependent
on whether it is empty or it is filled by different types
of material. Differently from the aforementioned related
work, we focus on exploring to what extent tactile and
visual sensing can provide information about this - either
individually or integrated.

inside the container based on the experience gathered through
an offline learning process. For this purpose, we investigate
and compare supervised and unsupervised learning methods.
III. M ETHODOLOGY
The system employs an offline learning step and an online
inference step. The offline step is used to generate the
experience based on training data. To generate the training
data, we first let the robot squeeze/grasp containers with
different contents. Grasps are applied around the middle
part of the object, see Figure 3. We employ a model based
tracking [18] to acquire the visual data which is composed of
the depth values of the container. We capture the change in
depth between the first and the final grasping frame and use
it as our visual input. Tactile data from the fingertip sensors
in the final grasping position are also stored. Examples of
training data for different sensory modalities are shown in
Figure 6 and Figure 7. In our analysis, there are two questions
we want to answer:
1) “Is it possible to identify the content of a container
given the available sensory modalities?”
2) “Should the problem be modeled using parametric or
non-parametric learning techniques?”
Thus, the first step of our analysis investigates the viability
of discriminating between the different contents. For the
analysis, we apply an unsupervised learning or clustering
method. Secondly, we learn the relations between the tactile/visual data and the content types using two kinds of
supervised learning methods: parametric and non-parametric.
The choice of a learning method is dependent on the
characteristics of the data: in particular, the data is highdimensional but the available training data is limited. Thus,
the assumptions inherit to the learning methods, e.g. that the
data is normally distributed, may not hold.
A. Training Data

Fig. 2.
The containers used in the experiments and the experimental
robot platform, composed of a Kuka industrial arm, a three-finger Schunk
Dextrous hand equipped with tactile sensing arrays, and a Kinect camera.
The Kinect camera is placed approximately one meter away from the robot.

In our approach, we let a robot (Figure 2) explore containers filled with different types of content by squeezing
them and observing the effects of the action on the container
using visual (deformation) and tactile cues (pressure). We
use squeezing/grasping action for detection since previous
studies [10] show that this action can be equally informative
as other actions for object classification, e.g, shaking. The
robot assesses the degree of deformation in the contact region
and in the area around it. It then infers the type of content

Our training dataset includes tactile and visual features
and the class labels for each grasping experiment denoted
by Do = (xio , li ) i=1,...,n . Here, each pair (xio , li ) is
composed of perceptual readings xio ∈ Rd , o ∈ {t, v, tv} and
discrete content labels li . A vector x representing perceptual
observations includes change in depth values xiv , tactile
readings xit and tactile and visual data combined xitv . More
information about the size of the dataset is provided in
Section IV.
B. Learning Methods
The first method we apply is k-means clustering [19]. The
goal is to identify the underlying similarities or clusters in
the dataset without making any assumptions about the class
to which the data samples belong to. Let us denote C =
{C1 , C2 , ..., Ck } to be the partitions (clusters) of the datasets
Dt , Dv , Dtv and centroid ci , i = 1, 2, ..., k as the conditional
mean of p, which is the probability mass function
Pk R for the
dataset, over the set Ci . Then, w2 (C) =
i=1 Ci |x −
ci |2 dp(x) is expected to be low for the partitions in C which
are generated as a result of the method. In each step of the
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SDH with example
tactile readings
Tactile readings
on the fingers

Area around finger
(Fsteady (roi))

Combination of
tactile and visual data

Finger segmentation

Depth difference from
the Kinect data and the model
(Fsteady (m) − Fsteady (r) = Fsteady (d))

Area under finger
Tsteady
Fig. 3. The process of extracting visual and tactile data: During grasping, a container is tracked using a model based tracking method developed in [18].
We track the object pose in order to localize the container and therefore capture its depth values. Then, the contour of the container is obtained. When
the grasp reaches the steady state, the finger is segmented from the container using color filtering. The segmented finger is marked with green color in
the left figure. The difference between the depth values corresponding to the model of the container and the Kinect data at the steady state of the grasp is
calculated. Finally, a 61x61 pixel area around the finger is extracted. At the steady state, tactile readings are also saved. Example readings that correspond
to the available pressure at the contact regions between the hand and the object are illustrated with the red areas on the tactile readings in the image. Blue
lines show the orientation of the contact pressure and the cross shows the center of the pressure. Best viewed in color.

algorithm a new c is calculated and this calculation continues
until c does not vary.
The second method we apply is kNN [20] which is a
widely used non-parametric technique for multi-class classification that identifies the closest training examples given
a query. The nearest neighbors of an observation is defined
using Euclidean distance. We assume that we have a finite
set of classes C ∈ {c1 , c2 , ..., cs } in datasets Dt , Dv , Dtv .
For the classification of a new instance xqo ∈ Rd , the
distance between two instances is calculated as d(xqo , xjo ) =
q
Pd
2
q
j
r=1 (xo (r) − xo (r)) , where r = 1, 2, ...d. The target
function to learn the discrete class labels through real-valued
observations can be formalized as f : Rd → C. Then xqo is
assigned to a class ci using
fb(xqo ) = arg max
cs ∈C

k
X

δ(cs , f (xjo )),

j=1

where δ(m, n) = 1, if m = n and it is zero if m 6= n and
fb(xqo ) returns a value which is the most common value of f
among the k training examples nearest to xqo .
The third method is QDA [21] which is a parametric
method for multi-class classification. It assumes that the
data has a Gaussian mixture distribution with means and
covariances which vary for each class. In the training stage,
the datasets Dt , Dv , Dtv are fitted into a matrix M with size
of N −by−K, where N is the number of data points and K is
the number of the classes. Mnk is set to 1 if the data pointxn ,
n ∈ N belongs to the class Ck , k = 1, ..., K, otherwise it is
Mnk = 0. In the inference stage, the following expectation
classification cost is minimized:
ŷ = arg min
y=1,...,K

K
X

P̂ (Ck |x)S(Cy |Ck )

(1)

k=1

where P̂ (Ck |x) is the posterior probability of the class Ck for
the data point x and S(Cy |Ck ) is the cost of classification of
a data point as Cy while the actual class is Ck . The posterior

probability is composed according to Bayes rule and the
likelihood is expressed as the density of the multivariate
normal with the mean µk and the covariance Σk , while the
prior probability of the class Ck is a uniform distribution
over the total number of the classes. The parameters µ̂ and
Σ̂ are calculated as follows:
PN
n=1 Mnk xn
µˆk = P
,
(2)
N
n=1 Mnk
PN
Σ̂ =

n=1

PK

T

k=1

Mnk (xn − µˆk )(xn − µˆk )
.
N −K

(3)

The final method we apply is SVM [22]. SVM is designed
for two-class classification problems. It fits a hyperplane
between two classes. The aim is to find the best separating
hyperplane so that the maximum margin between the classes
is obtained. An optimization method is applied to calculate
the weights wi and the bias b to classify xj , j = 1, ..., N
using the following formula:
X
yj =
wi K(xi , xj ) + b,
(4)
i

where xi is the support vector and if yj > 0, then xj is
classified as 1 which can be called as the first class, otherwise
-1 (second class). We used a quadratic kernel:
K(xi , xj ) = (xi T xj + b)2 .

(5)

In our use, we have a multi-class classication problem. We
assume that there are Nk , k = 1, 2, .., 5 points in the class
k in the datasets Dt , Dv , Dtv . We have the training and the
test data points xj , j = 1, 2, ..., N . In the training phase,
for each k, the parameters wk and bk are predicted using
optimization by setting the label of the data point, yj of the
class k as 1 and the rest as -1. Thus, the problem is converted
into a two-class classification problem. In the test phase, the
learned parameters are used when we want to classify a new
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point xj from the test data. For the classification, a score is
calculated for each class
sk (xj ) =

n
X

wik yi < xi , xj > +bk

(6)

i=1

where (wk1 , ..., wkn , bk ) are the SVM parameters predicted for
each class. The dot product is between xj and the support
vectors xi . yi is the training set labels. Later, the posterior
probability is approximated as a function of the score [23].
P (yj = 1|xj ) =

1
1 + exp(Ask (xj ) + B)

(7)

(a)

where A and B are the slope and intercept parameters of
the sigmoid function. xj is assigned to the class k with the
highest probability.
Before applying the learning algorithms, as a standard first
step to data preprocessing, each feature vector in the dataset
is normalized to zero-mean and unit variance. Since the
dataset is high dimensional, we employ Principal Component
Analysis (PCA) [24]. The principal components which contain 80% of the variance of the dataset are used in the training
phase and the test phase of the analysis. The principal
components are calculated separately for Dv , Dt , Dtv . We
also reduce the resolution of the visual data 10 times to cope
with the limited amount of the data.

To test whether the data is normally distributed or not, we
applied Kolmogrov-Smirnov (KS) test [25]. In this test, it is
assumed that a population z ∈ RN has a cumulative distribution function (cdf) F0 (z). This cdf implies that for every
zi , i = 1, ..., N in any population with the sample size N,
F0 (zi ) gives the proportion of the ones whose measurements
(corresponding to the tactile and visual features in our case)
which are less than or equal to zi in the population. F0 (zi )
k
is tested against a cumulative step function (csf) S(zi ) = N
where k is the number of the observations less than or equal
to zi . The maximum distance between F0 (zi ) and S(zi ) is
then
d = max|F0 (x) − S(x)|.
According to the comparison of d and an upper bound α
(significance level), a decision is made: the null hypothesis
of the data being normally distributed is rejected, if d >
α, where α is set to 0.05 in our experiments. We applied
the test separately for Dv , Dt , Dtv on each feature vector,
after dimensionality reduction, by dividing the dataset into
partitions with 10, 20, 30, 40 and 50 samples. In Dv , for all
of the feature vectors the null hypothesis is rejected while
for Dt and Dtv , for only one feature vector, the hypothesis is
accepted the partitions with 10 and 30 samples respectively.
These results thus indicate that our data may not lead to a
better classification performance with the parametric method
in comparison to the non-parametric one. We will investigate
this further in the next section.

(c)

(d)
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C. Test for Normal Distribution

(b)

Fig. 4. The original image captured by the Kinect: (a) before grasping
and (c) after grasping. The synthetic model of the container overlaid on the
container: (b) before grasping and (d) after grasping. The synthetic model
is used by the model based tracker to track the pose of the object. We can
observe that there is a clear difference between the original image which
shows the deformed container and the estimate provided by the model based
tracker. The estimated depth difference is based on this observed depth
difference obtained through subtraction.
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Fig. 5. We apply the knn classification on the data with different sizes
with 20%, 40%, 60%, 80%, 100% of all data. The accuracy rate is shown
against the data size for tactile, visual and, tactile and visual data.

IV. E XPERIMENTAL E VALUATION
We first describe the data collection procedure together
with the data selection choices. We then present and discuss
the results of the employed learning techniques on the data.
A. Data Acquisition
Our method relies on the visual data acquired by a Kinect
camera. The tactile data is acquired with a seven degreeof-freedom Schunk Dextrous Hand (SDH) mounted on an
industrial KUKA arm. The SDH has two pressure sensitive
tactile sensor arrays on each of its three fingers, see Figure 2
and 3. We first generate random grasping positions on
the object around its middle region. Middle region on the
container along its longest edge is chosen for grasping as it
is considered as the most informative region for containers.
Each container is filled with the same amount of content
which is about 90% of the container.
In our experiments we use five content classes denoted
li ∈ {empty, water, yogurt, flour, rice}. We conduct the
experiments using several identical containers with different
contents to capture the actual behavior during squeezing and
avoid introducing differences in the data due to variations in
the actual container material. The number of grasps executed
is 150 for each content type. 30 grasps are removed from
yogurt data due to corruption. The same amount of force
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(a) Rice
(b) Flour
(c) Yogurt
(d) Water
(e) Empty
Fig. 6. The depth values of the area around the finger are obtained for the containers filled with different content. The average of these images with
61x61 pixels is calculated for each content by removing the finger in the middle. Different levels of the change in depth values is observed starting from
the hardest content (rice) to the softest one (empty). The middle blue area shows the location of the finger. Best viewed in color.
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Fig. 7. The tactile data resulting from the contact between the finger and the object for the containers filled with different content - same force is applied
to all containers. The average of these 6x6 tactile images is calculated for each content. The two tactile arrays which are active during grasping are used
and shown side by side in the image. Different tactile signatures are obtained for different materials. Best viewed in color.

is applied for every grasp. To avoid saturation of the tactile
data, we run the hand with the lowest current value. Figures 6
and 7 show, for each content, the average image of the area
around the finger and the tactile readings under the finger
respectively over all grasps with the same scale. As seen
from these average images, the tactile and visual data vary
dependent on the content of the container. Classification
using the same type of objects with different contents is
a different problem than categorizing objects according to
their surface texture [10]. It is likely to think that chosen
categories may not be ”felt” distinctive enough by the tactile
and the visual sensors. Saturation in visual depth values could
happen due to applying too large or too small force. We first
conduct experiments with three classes: liquid, granular and
empty. Then we extend the set by two additional classes:
liquid (water,yogurt), granular (flour,rice) and empty.
As stated in [2], the deformation around the contact region
provides valuable information for object perception. We
therefore select the area around the finger as our visual input.
The camera observes the grasped side of the container and we
record frames starting when the first contact (Ff irst ) with the
surface occurs until the grasp reaches a steady state (Fsteady ).
By steady state we consider the pose of the fingers where the
joints have stopped moving while applying a constant current
to the motors. In order to capture the change around that area,
we compare the depth values of the container (Fsteady (r)) at
Fsteady and the depth values of the model of the container
(Fsteady (m)) obtained from the rigid-object-tracker 1 [18],
see Figure 4.
Fsteady (m) represents the object before grasping. It can
be seen as an ideal image of the container. After grasping, we
differentiate from Fsteady (m) and with the comparison of the
(Fsteady (m) and Fsteady (r)), we aim to measure how much
the deformed object deviates from its original shape. This
comparison provides a depth-difference image (Fsteady (d))
1 The

tracking module exceeds 60 Hz and the frame size is 640x480.

on the area with a size of 61x61 pixels (Fsteady (roi))
around the finger instead of the whole container surface.
This area captures most of the changes occurring on the
object surface during grasping. Eventually, the resulting
depth image, Fsteady (roi) includes our raw features denoted
61x61
as
that is used for the classification of Dv =
 fi ∈ R
(xv = Fsteady (roi), li ) for the ith grasp. Before training
and testing PCA is applied on Dv . In addition, we also
investigate the limits of using raw data. However, due to
the high dimensionality of the visual data with respect to
the dimensionality of the tactile data and the amount of
the data points, we do use the raw tactile and the visual
data together. The number of pixels is reduced from 61x61
to 11x11. Thus, this time, Fsteady small (roi) includes our
raw features denoted as f ∈ R11x11 that is used for the
classification of Dv small = (xiv = Fsteady small (roi), li )
for the ith grasp. We do not apply PCA on this data.
Tactile data is obtained from the pressure-sensitive arrays
on the fingers. A specific two-fingered preshape is used
for grasping, see Figure 3. Each finger is composed of
two segments which yields a total of four tactile arrays.
Since the hand achieves contact with the fingertips, we
use only the fingertip segments of the tactile arrays. The
first 36 cells of each array are used since these are in
contact and therefore most informative regions. The resulting
2x36
tactile data Tsteady denoted
is used for the
 i by f ∈ Ri
classification of Dt = (xt = Tsteady , l ) for the ith grasp.
For the experiments
combining visual and tactile data we use
 i
D
=
(x
=
T
, Fsteady (roi), li ) and Dtv small =
tv
steady
tv
 i
(xtv = Tsteady , Fsteady small (roi), li ) . The process of data
collection is illustrated in Figure 3.
B. Natural Groupings through Clustering
We first analyze the data with k-means in order to show the
natural groupings of empty, liquid and granular. We set thus
the number of clusters to three. The clustering is repeated
10 times and average results are reported. The data shown
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(a) Tactile with three classes

(b) Visual with three classes

(c) Tactile with five classes
(d) Visual with five classes
Fig. 8. Projection of the data points onto the two principal components with the largest Eigen values for (a) three clusters and tactile data (b) visual data,
(c) five clusters and tactile data and (d) visual data. Best viewed in color.

in Figure 8(a) is the tactile data projected on the first two
principal components. In the figure, the data is colored based
on their original labels and the centroids are calculated using
k-means. We can see from the Figure 8(a) that there are
natural clusters for empty, liquid and granular. However, the
centroid of liquid cluster is overlapping with a small portion
of the granular data points, which reveals their expected similarities. Hence, there can be some misclassification between
granular and the liquid classes.
Another clustering result is shown for visual data in
Figure 8(b). In the projected data, we can observe that
there is more overlap than for the tactile data. We can also
observe the similar trend to the tactile data in terms of natural
clustering for three content types. As for clustering with
k = 5, we observe overlap between similar materials both
for visual and tactile data, see Figure 8(c) and 8(d).
C. Learning the Association between the Data and Content
Classes
We set up classification experiments to evaluate if the associations between the visual/tactile data and the corresponding
labels could be learned from the training data using kNN,
QDA and SVM. We test whether the same classification
performance can be acquired using smaller amount of data.
As seen in Figure 5, the increase of the data size has a
positive effect on the classification. We thus report the results
using all the available training data.
We choose on random 70% of the data for training and use

the rest for testing. We repeat the classification experiments
with randomly chosen train and test splits 200 times and
report the average accuracy rates. We set the number of
nearest neighbors for kNN to three and five for three classes
and five classes respectively and use Euclidean distance for
measuring the similarities between candidate neighbors.
As seen in Figure 9, kNN gives higher accuracy rates in
general except in case of the visual data for the granular
class. The higher accuracy rata may be due to the fact
that the data is not normally distributed generally and kNN
is not relying on that assumption. Since QDA does not
improve the results for the other two classes, we can conclude
that kNN outperforms the QDA classifier. kNN classifier
performs equally well for the three-class classification, while
tactile data leads to a better accuracy for the granular class
compared to visual data, which shows that this content is
identified better with the tactile sensors.
As for the classification results on the tactile data in
Figure 9(c), the highest misclassification is observed for
liquid which is consistent with the findings of clustering
results. Since liquid is a transition content between empty and
granular, the corresponding pressure readings are mistaken
for the other classes. When we look at the kNN classification
values for visual data (Figure 9(d)), the worst result is
obtained for the granular class using visual data and most
of the misclassified granular data is classified as liquid. In
the clustering results shown in Figure 8(b), we see that these
two classes experience significant overlap for visual data.
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The visual difference between granular and the other types
of contents is found not to be too different as compared to
the other classes.
D. Classifying Five Materials with Uni-modal and Bi-modal
Data
In this section, we analyze classification performance for
the five classes (empty, water, yogurt, flour, rice) for cases
when tactile and visual data are integrated. Since we achieved
better results for kNN in the previous section, we performed
the evaluation using this method.
As seen in Figure 10(a), for the tactile data, five classes
are classified correctly up to 90% with the highest misclassification rate for water compared to visual data. It is classified
as either yogurt or empty. This is consistent with the results
from the previous experiment and also with the clustering
results where we observe a large overlap between these, see
Figure 8(c). As the similarities in deformation increase in
the order of: (empty, water, yogurt, rice, flour), the classes
are mostly misclassified as their neighbors which can also
be seen in clustering results, Figures 8(c) and 8(d).
However, according to visual data based classification
results (Figure 10(b)), visual data is found to be most
informative for the water class while for the other classes
visual data provides similar accuracy rates to the tactile
data. In Figure 10(b), we see that rice and flour are mostly
misclassified as yogurt (liquid), which is consistent with the
clustering of the visual data based on k-means.
Visual data also increases the accuracy rate for water if we
combine the tactile and visual data. We show the result of
this combination in Figure 10(c), the accuracy rate for water
increases as we observe in the previous experiment.

Nevertheless, the visual data decreases the accuracy rate
of yogurt and empty of the tactile data with 4% and 5%
respectively. Therefore, we conduct another experiment using
raw Dv small and Dtv small with lower visual resolution. In
the previous experiments, applying PCA may have reduced
the performance of the tactile and the visual data. Thus, in
this experiment, we try to analyze what kind of performance
improvement we gain when we combine raw tactile and raw
visual data. SVM is applied for classification because the
overall accuracy rate of SVM is higher than kNN’s result, i.e.
for the tactile-visual data, 90% with kNN, 95% with SVM.
In Figure 11, we observe 3% performance improvement
for water and flour. For other materials, adding the visual
data does not degrade the accuracy of the tactile data.
Although the effect of the visual data is less visible than
the kNN experiments, we see that visual data still add some
improvement even when:
• we distort the visual data (resolution decrease).
• we use the raw tactile data without any pre-processing
which may cause to lose some valuable information.
• we do not apply any dimensionality reduction algorithm
while using tactile and visual data together.
In summary, combining the two modalities leads to improvements where one of them is weaker.
V. C ONCLUSION
In this paper, we set out to investigate the feasibility of
using visual and/or tactile data for classification of object
contents based on container deformation observed when
the container is squeezed/grasped by a robot. We perform
experimental evaluation with five classes and present results
using tactile and visual data individually or combined. The
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Raw Tactile Data, SVM
Fig. 11.

Raw Tactile and Visual Data, SVM

Confusion matrices of SVM analysis for raw tactile in the left and tactile and visual in the right. PCA is not applied.

experimental results show that visual and tactile sensing
can be utilized for identifying object content individually.
In addition, when fused, they can provide complementary
information with classification accuracy improvements where
one of them is weaker.
The current limitations of the system lie in the fact that the
tracking system relies on a model of the object that assumes
objects are rigid. If the actual deformation is tracked, it may
be used directly as the measurement. The container model
would then need to be continuously updated, providing a
better match with the observed scene, which would also
allow us to model the temporal aspect of the problem more
efficiently. The sensitivity level of the classifiers in terms
of dealing with finer deformation changes can potentially be
improved by adding more information than the pressure from
the tactile sensors, such as vibration with a different action
(shake/tap) and by also explicitly modeling temporal changes
of the sensory data such as using Hidden Markov Models.
We also plan to experiment with more objects with different
contents and explore different sensor fusion methods such
as decision making based on the ambiguity between the
different sensory modalities.
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