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Summary

The contribution in this deliverable is on perception of manipulated objects, as detailed in Task
4.3. When an object is manipulated by a robot, its pose in the robot hand may not be easily
estimated due to the occlusion or abrupt changes in the pose. Estimating the exact pose of the
object is necessary for successfully performing subsequent tasks in which the objects is used as a
tool.
We realize perceptual capabilities that will calibrate the tools with respect to the hand after they
have been grasped properly such that the robot can compute the accurate pose of the tool
actuator based on the joint angles of the robot arm and hand. To this end, algorithms for
tracking of known objects that undergo motion changes during grasping have been developed.
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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 Virtual Visual Servoing

We study visual servoing in a framework of detection and grasping of unknown objects.
Classically, visual servoing has been used for applications where the object to be servoed on is
known to the robot prior to the task execution. In addition, most of the methods concentrate on
aligning the robot hand with the object without grasping it. In our work, visual servoing
techniques are used as building blocks in a system capable of detecting and grasping unknown
objects in natural scenes. We show how different visual servoing techniques facilitate a complete
grasping cycle. This work was initiated in FP7 project GRASP (IST-FP7-IP-215821), and has
been continued in RoboHow. The results are published in [1].

1.2 Kinematic Estimation

We address the problem of robot interaction with mechanisms with joints that afford a
constrained motion in one degree of freedom, such as doors, drawers and cupboards. We
propose a methodology for the simultaneous operation of the mechanism and estimation of
constraints imposed by the joint, that requires no prior knowledge of the objects’ kinematics,
including the type of joint - either prismatic or revolute. The method consists of a velocity
controller which relies on force/torque measurements and estimation of the motion direction,
rotational axis and the distance from the center of rotation in the case of a hinged door. The
results are published in [2, 3, 4, 5].
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a b s t r a c t

We study visual servoing in a framework of detection and grasping of unknown objects. Classically, visual
servoing has been used for applications where the object to be servoed on is known to the robot prior to
the task execution. In addition, most of the methods concentrate on aligning the robot hand with the
object without grasping it. In our work, visual servoing techniques are used as building blocks in a system
capable of detecting and grasping unknown objects in natural scenes. We show how different visual ser-
voing techniques facilitate a complete grasping cycle.

� 2011 Elsevier Ltd. All rights reserved.

1. Introduction

Object grasping and manipulation stands as an open problem in
the field of robotics. Many approaches assume that the object to be
manipulated is known beforehand [1–4]. If the object bears some
resemblance to a known object, experience can be used for grasp
synthesis [5–8]. An unknown object needs to be analyzed in terms
of its 3D structure and other physical properties from which a suit-
able grasp can be inferred [9–12].

Realistic applications require going beyond open-loop execu-
tion of these grasps and the ability to deal with different type of er-
rors occurring in an integrated robotic system. One kind of errors
are systematic and repeatable, introduced mainly by inaccurate
kinematic models. These can be minimized offline through precise
calibration. The second kind are random errors introduced by a
limited repeatability of the motors or sensor noise. These have to
be compensated for through online mechanisms.

In this paper, we show how Visual Servoing (VS) can be used at
different stages in a grasping pipeline to correct errors both offline
and online. One of the contributions is the application of VS for
automatic offline calibration of the hardware. During online execu-
tion, we follow the classical approach of applying VS for aligning
the robot hand with the object prior to grasping it [13]. This
requires tracking of the manipulator pose relative to the camera.
Instead of the common approach of putting markers on the robot
hand, we use a model based tracking system. This is achieved
through Virtual Visual Servoing (VVS) in which the systematic and
random errors are compensated for. An additional contribution is
the generalisation of VVS to CAD models instead of using object
models which are tailor-made for the application.

The remainder of this paper is organised as follows. Section 2
formalises the systematic and random errors inherent to the differ-
ent parts of the robotic system. In Section 3, related work in the
area of offline calibration as well as closed-loop control is pre-
sented. The approach proposed in this paper is described in detail
in Section 4. Its performance is analysed quantitatively on syn-
thetic data and qualitatively on our robotic platform. The results
of these experiments are presented in Section 5.

2. Problem formulation

Object grasping in real world scenarios requires a set of steps to
be performed prior to the actual manipulation of an object. A gen-
eral outline of our grasping pipeline is provided in Fig. 2. The hard-
ware components of the system as shown in Fig. 1 are (i) the Armar
III robotic head [14] equipped with two stereo camera pairs (wide-
angle for peripheral vision and narrow-angle for foveal vision), (ii)
the 6 DoF Kuka arm KR5 sixx R850 [15] and (iii) the Schunk dexter-
ous hand 2.0 (SDH) [16].

2.1. Grasping pipeline

The main pre-requisite for a robot to perform a pick-and-place
task is to have an understanding of the 3D environment it is acting
in. In our pipeline, we perform scene construction by using the
active head for visual exploration and stereo reconstruction as
described in detail in our previous work [17]. The resulting point
cloud is segmented into object hypotheses and background.

The scene model then consists of the arm and the active head
positioned relative to each other based on the offline calibration
as described in Section 4.4. Furthermore, a table plane is detected
and the online detected object hypotheses are placed on it.

0957-4158/$ - see front matter � 2011 Elsevier Ltd. All rights reserved.
doi:10.1016/j.mechatronics.2011.09.009
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Grasp inference is then performed on each hypothesis. For some
given grasp candidates, a collision-free arm trajectory is planned in
the scene model and applied to the object hypothesis with the real
arm.

2.2. Error formalisation

The aforementioned grasping pipeline relies on the assumption
that all the parameters of the system are perfectly known. This in-
cludes e.g. internal and external camera parameters as well as the
pose of the head, arm and hand in a globally consistent coordinate
frame.

In reality, however, two different types of errors are inherent to
the system. One contains the systematic errors that are repeatable
and arise from inaccurate calibration or inaccurate kinematic mod-
els. The other group comprises random errors originating from
noise in the motor encoders or in the camera. These errors propa-
gate and deteriorate the relative alignment between hand and ob-
ject. The most reliable component of the system is the Kuka arm
that has a repeatability of less than 0.03 mm [15]. In the following,
we will analyse the different error sources in more detail.

2.2.1. Stereo calibration error

Given a set of 3D points QW = [xWyWzW]T in the world reference
frame W and their corresponding pixel coordinates P = [uv1]T in
the image, we can determine the internal parameters C and exter-
nal parameters ½RC

W jtCW � for all cameras C in the vision system. This

is done through standard methods by exploiting the following rela-
tionship between QW and P:

wP ¼

wu

wv

w

2

6

4

3

7

5
¼ CPC with PC ¼

zC

yC

zC

2

6

4

3

7

5
¼ RC

W PW � tCW

h i

ð1Þ

Once we have these parameters for the left camera L and right cam-
era R, the epipolar geometry as defined by the essential matrix
E ¼ RR

L tRL
� �

�
can be determined. Here tRL defines the baseline and

RR
L the rotation between the left and right camera system.
Our calibration method, which uses the arm as world reference

frame, will be described in Section 4.4. The average reprojection er-
ror is 0.1 pixels. Since peripheral and foveal cameras are calibrated
simultaneously, we also get the transformation between them.

Additionally to the systematic error in the camera parameters,
other effects such as camera noise and specularities lead to random
errors in the stereo matching.

2.2.2. Positioning error of the active head

We are using the robot head to actively explore the environ-
ment through gaze shifts and fixation on objects. This involves
dynamically changing the epipolar geometry between the left
and right camera system. Also the camera position relative to the
head origin is changed. The internal parameters remain static.

The kinematic chain of the active head is shown in Fig. 1b. Only
the last two joints, the left and right eye yaw, are used for fixation

Fig. 1. Hardware components in the grasping pipeline. (a) Armar III active head with 7 DoF. (b) The kinematic chain of the active head. The upper pitch is kept static. Right and
left eye yaw are actuated during fixation and thereby change the vergence angle and the epipolar geometry. All the other joints are used for gaze shifts. (c) Kuka arm with 6
DoF and Schunk dexterous hand 2.0 (SDH) with 7 DoF.

Fig. 2. Our open-loop grasping pipeline.
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and thereby affect the stereo calibration. The remaining joints are
actuated for performing gaze shifts.

In order to accurately detect objects with respect to the camera,
the relation between the two camera systems as well as between
the cameras and the head origin needs to be determined after each
movement. Ideally, these transformations should be obtainable
just from the known kinematic chain of the robot and the readings
from the encoders. In reality, these readings are erroneous due to
noise and inaccuracies in the kinematic model.

Inaccuracies arise in the manufacturing process influencing the
true center and axis of joint rotations and in the discrepancy be-
tween motor encoder readings and actual angular joint movement.
This is illustrated in Fig. 3 showing the translational component
d = [dxdydz]

T and rotational component � = [�x�y�z]T of the error
between the ideal and real joint positions. Error matrices can be
defined for every joint modelling inaccurate positioning and
motion. Let us define Jn�1 and Jn as two subsequent joints. According
to the Denavit–Hartenberg convention, the ideal transformation
Tn
n�1 between these joints is defined as

Tn
n�1 ¼ zT

n
n�1ðd;/ÞxT

n
n�1ða;aÞ ð2Þ

where zT
n
n�1ðd;/Þ describes the translation d and rotation / with re-

spect to the z-axis of Jn�1. xT
n
n�1ða;aÞ describes the translation a and

rotation a with respect to the x-axis of Jn. While d, a and a are de-
fined by the kinematic model of the head, / is varying with the mo-
tion of the joints and can be read from the motor encoders.

The true transformation eT
n
n�1 will however look different.

Defining the position error Tpe and motion error Tme as the trans-
formation matrices associated to the translation error d and rota-
tion error � for the joint yields

eT
n
n�1 ¼ zT

n
n�1ðd;/ÞTme xT

n
n�1ða;aÞTpe: ð3Þ

These errors propagate through the kinematic chain and mainly af-
fect the x and y position of points relative to the world coordinate
system.

Regarding random error, the last five joints in the kinematic
chain achieve a repeatability in the range of ±0.025� [14]. The neck
pitch and neck roll joints in Fig. 1b achieve a repeatability in the
range of ±0.13 and ±0.075 � respectively.

2.2.3. Positioning error of the cameras with respect to the arm

As will be described in Section 4.4, we are using the arm to cal-
ibrate the stereo system. Therefore, assuming that the transforma-
tion from the head origin to the cameras is given, the error in the
transformation between the arm and cameras is equivalent to
the error of the stereo calibration.

3. Related work and contributions

3.1. Closed-loop control in robotic grasping

In the previous section, we summarised the errors in a grasping
system that lead to an erroneous alignment of the end effector
with an object. A system that executes a grasp in closed loop with-
out any sensory feedback is likely to fail.

In [18,19] this problem is tackled by introducing haptic and
force feedback into the system. Control laws are defined that adapt
the pose of the end effector based on the readings from a force–tor-
que sensor and contact location on the haptic sensors. A disadvan-
tage of this approach is that the previously detected object pose
might change during the alignment process.

Other grasping systems make use of visual feedback to correct
the wrong alignment before contact between the manipulator
and the object is established. Examples are proposed by Huebner
et al. [2] and Ude et al. [20], who are using a similar robotic plat-
form to ours including an active head. In [2], the Armar III human-
oid robot is enabled to grasp and manipulate known objects in a
kitchen environment. Similar to our system [17], a number of per-
ceptual modules are at play to fulfill this task. Attention is used for
scene search. Objects are recognized and their pose estimated with
the approach originally proposed in [4]. Once the object identity is
known, a suitable grasp configuration can be selected from an off-
line constructed database. Visual servoing based on a spherical
marker attached to the wrist is applied to bring the robotic hand
to the desired grasp position [21]. Different from our approach,
absolute 3D data is estimated by fixing the 3 DoF for the eyes to
a position for which a stereo calibration exists. The remaining de-
grees of freedom controlling the neck of the head are used to keep
the target and current hand position in view. In our approach, we
reconstruct the 3D scene by keeping the eyes of the robot in con-
stant fixation on the current object of interest. This ensures that
the left and right visual field overlap as much as possible, thereby
maximizing e.g. the amount of 3D data that can be reconstructed.
However, the calibration process becomes much more complex.

In the work by Ude et al. [20], fixation plays an integral part of
the vision system. Their goal is however somewhat different from
ours. Given that an object has already been placed in the hand of
the robot, it moves it in front of its eyes through closed loop vision
based control. By doing this, it gathers several views from the cur-
rently unknown object for extracting a view-based representation
that is suitable for recognizing it later on. Different to our work, no
absolute 3D information is extracted for the purpose of object rep-
resentation. Furthermore, the problem of aligning the robotic hand
with the object is circumvented.

3.2. Calibration methods

In [22], the authors presented a method for calibrating the ac-
tive stereo head. The correct depth estimation of the system was
demonstrated by letting it grasp an object held in front of its eyes.
No dense stereo reconstruction has been shown in this work.

Similarly, in [23] a procedure for calibrating the Armar III ro-
botic head was presented. Our calibration procedure is similar to
the one described in those papers, with a few differences. We ex-
tend it to the calibration of all joints, thus obtaining the whole
kinematic chain. Also, the basic calibration method is modified to
use an active pattern instead of a fixed checkerboard, which has
some advantages that we outline in Section 4.4.

In [24], a robot moves a checkerboard pattern in front of its
cameras to several different poses. Similar to our approach, it can
use its arms as kinematic chain sensors and automate the other-
wise tedious calibration process. However, the poses of the robot

Fig. 3. Six parametric errors in a rotary joint around the z-axis. d = [dxdydz]
T is the

translational component and � = [�x�y�z]T is the rotational component of the error.
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are hand crafted such that the checkerboard is guaranteed to be
visible to the sensor that is to be calibrated. In our approach, we
use visual servoing to automatically generate a calibration pattern
that is uniformely distributed in camera space.

3.3. Visual and virtual visual servoing

For the accurate control of the robotic manipulator using visual
servoing, it is necessary to know its position and orientation (pose)
with respect to the camera. In the systems mentioned in Section
3.1, the end effectors of the robots are tracked based on fiducial
markers like LEDs, colored spheres or Augmented Reality tags. A
disadvantage of this marker-based approach is that the mobility
of the robot arm is constrained to keep the marker always in view.
Furthermore, the position of the marker with respect to the end
effector has to be known exactly. For these reasons, we propose
to track the whole manipulator instead of only a marker. Thereby,
we alleviate the problem of constrained arm movement. Addition-
ally, collisions with the object or other obstacles can be avoided in
a more precise way. In this paper we track the pose of the robotic
arm and hand assuming their kinematic chain to be perfectly cali-
brated, although the system can be adapted to estimate deviations
in the kinematic chain.

Tracking objects of complex geometry is not a new problem and
approaches can be divided into two groups: appearance-based and
model-based methods. The first approach is based on comparing
camera images with a huge database of stored images with anno-
tated poses [25]. The second approach relies on the use of a geo-
metrical model (3D CAD model) of the object and perform
tracking based on optical flow [26]. There have also been examples
that integrate both of these approaches [27].

Apart from the tracking itself, an important problem is the ini-
tialization of the tracking process. This can be done by first localiz-
ing the object in the image followed by a global pose estimation
step. In our previous work, we have also demonstrated how the ini-
tialization can be done for objects in a generic way [28]. In the case
of a manipulator, a rough estimate of its pose in the camera frame
can be obtained from the kinematics of the arm and the hand-eye
calibration. In [29], it has been shown that the error between this
first estimate and the real pose of the manipulator can be corrected
through virtual visual servoing, using a simple wireframe model of
the object. In our work, a synthetic image of the robot arm is ren-
dered based on a complete 3D CAD model and its initial pose esti-
mate is compared and aligned with the real image.

In our recent work [30], we demonstrate how pose estimation
can be performed for a complex articulated object such as a human
hand. The major contribution of that work is the use of a discrim-
inative machine learning approach for obtaining real-time tracking
of an object with 27 degrees of freedom. The problem considered in
this paper has a lower dimensionality and a more accurate guess of
the initial pose. This makes it possible to adopt a real-time gener-
ative approach that renders the last pose of the object in each
frame and estimates the new pose through a process of error
minimization.

4. The proposed system

For overcoming the problem of lacking a globally consistent
coordinate frame for objects, manipulator and cameras, we intro-
duce visual servoing into the grasping pipeline. This allows us to
control the manipulator in closed loop using visual feedback to cor-
rect any misalignment with the object online. We then use the
camera coordinate frame as the global reference system in which
the manipulated object and robot are also defined.

For accurately tracking the pose of the manipulator, we use vir-
tual visual servoing. The initialisation of this method is based on
the known joint values of hand and arm and the hand-eye calibra-
tion, which is obtained offline.

The adapted grasping pipeline is summarised in Fig. 4. What fol-
lows is a more detailed description of all the components of this
pipeline.

4.1. Vision system for constructing the scene model

As described earlier, the scene model in which grasping is per-
formed consists of a robot arm, hand and head as well as a table
plane on which object hypotheses are placed. The emergence of
these hypotheses is triggered by the visual exploration of the scene
with the robotic head. In the following, we will give a brief sum-
mary of this exploration process. More details can be found in
our previous work [3,32,33,17].

The active robot head has two stereo camera pairs. The wide-
field cameras of which an example can be seen in Fig. 5a are used
for scene search. This is done by computing a saliency map on
them and assuming that maxima in this map are initial object
hypotheses (Fig. 5b). More details on the saliency map which is
based on the Itti & Koch model [34] can be found in [3]. A gaze shift
is performed to a maximum such that the stereo camera with the
narrow-angle lenses center on the potential object. An example of
an object fixated in the foveal view is shown in Fig. 5c. In the fol-
lowing we will label the camera pose when fixated on the current
object of interest as C0. Once the system is in fixation, a disparity
map is calculated and segmentation performed (see Fig. 5e and
d). For each object, we then obtain a 3D point cloud (an example
is shown in Fig. 5f).

4.2. Grasp and motion planning

Once a scene model has been obtained by the vision system, a
suitable grasp can be selected for each object hypothesis depend-
ing on the available knowledge about the object. In our previous
work, we presented grasp planners on known, familiar or unknown
objects [2,5,31,17]. In [2,31] resulting grasp hypotheses are tested
in simulation on force closure prior to execution. The set of stable
grasps is then returned to plan corresponding collision-free arm
trajectories.

The focus of this paper is the application of visual servoing and
virtual visual servoing in the grasping pipeline. We have therefore
selected a simple top-grasp selection mechanism that has been
proven to be very effective for pick-and-place tasks in table-top
scenarios [17]. For this, we calculate the eigenvectors and centre
of mass of the projection of the point cloud on the table plane.
An example of such a projection can be seen in Fig. 5f (left). The
corresponding grasp is a top grasp approaching the centre of mass
of this projection. The wrist orientation of the hand is determined
such that the vector between fingers and thumb is aligned with the
minor eigenvector. A grasping point GC0 ¼ ½zx zy z� in camera space
C0 is then formed with the x and y coordinates of the center of the
segmentation mask as obtained during fixating on the object. The
depth of this point, i.e., the z coordinate is computed from the ver-
gence angle as read from the motor encoders. The goal is then to
align the tool center point of the end effector with this grasping
point. Using more sophisticated grasp planners that can deal with
more complex scenarios is regarded as future work.

4.3. Object localisation in different viewing frames

The robotic head moves during the grasping process for focus-
ing on different parts of the environment (e.g. different objects,
the robotic hand and arm). In each of these views the object to
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be grasped should remain localized relative to the current camera
frame Ck to accurately align the end effector with it. The new posi-
tion of the object can be estimated given the new pose of the head,
which is determined based on the motor reading and the forward
kinematics of the head as depicted in Fig. 1b. However, we cannot
completely rely on this estimate due to inaccuracies in the kine-
matic model and motor encoders. For this reason we perform a lo-
cal refinement of the object position in the new view of the scene
based on template matching.

A template is generated for each object when the head is fixated
on it. Based on the segmentation mask in the foveal view as shown
in Fig. 5d and the calibration between the peripheral and foveal
cameras, we generate a tight bounding box around the object in
the peripheral view. Each time the head moves, the new position
of this template can be estimated based on the old and new pose
of the head. We create a window of possible positions of the object
by growing this initial estimate by a fixed amount of pixels. We
perform a sliding window comparison between all possible loca-
tions of the object template within this window and the object
template. The location which returns the lowest mean square error
is the one suggested as x and y coordinates of the object position in
the new view.

4.4. Offline calibration process

In Section 2.2, we analysed the errors that got introduced by the
different parts of the system. The group of systematic errors can be
minimized by offline calibration. In the following, we will intro-
duce our method for stereo and hand-eye calibration as well as
the calibration of the kinematic chain of the robotic head.

4.4.1. Stereo calibration

One of the most commonly used methods for finding the trans-
formation between two camera coordinate systems is the use of a
checkerboard which is observed by two cameras (or the same cam-
era before and after moving) [35]. The checkerboard defines its
own coordinate system in which the corners of the squares are
the set of 3D points QA in the arm coordinate system A as in Section
2.2.1. The detection of these corners in the left and right images
gives us the corresponding pixel coordinates P from which we
can solve for the internal and external camera parameters. Given
these, we can obtain the transformation between the left and right
camera coordinate frames.

We used a modified version of this method. Instead of a check-
erboard pattern, we used a small LED rigidly attached to the end

Fig. 4. A grasping pipeline with closed-loop control of the manipulator through visual servoing that is initialised through virtual visual servoing. Armar III head model
adapted from [31].

Fig. 5. Example output for exploration process. (a) Left peripheral camera. (b) Saliency map of peripheral image. (c) Left foveal camera. (d) Segmentation on overlayed fixated
rectified left and right images. (e) Disparity map. (f) Point cloud of tiger.
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effector of the robotic arm, which we can detect in the image with
subpixel precision. Because of the accuracy and repeatability of the
KUKA arm (<0.3 mm), we can move the LED to a number of places
for which we know the exact position in arm space, which allows
us to obtain the transformation between arm and camera space.

This method has several advantages over the use of a traditional
checkerboard pattern:

� Instead of an arbitrary checkerboard coordinate system as inter-
mediate coordinate system, we can use the arm coordinate sys-
tem. In this way we are obtaining the hand-eye calibration for
free at the same time that we are performing the stereo
calibration.

� In the checkerboard calibration method, the checkerboard
ought to be fully visible in the two calibrating cameras for every
calibration pose. This may be difficult when the two camera
poses are not similar or their field of view is small. With our
approach, it is not necessary to use exactly the same end effec-
tor positions for calibrating the two cameras since all points are
defined in the static arm coordinate system that is always valid
independently of camera pose.

� For these same reasons, we found empirically that this approach
makes it possible to choose a pattern that offers a better calibra-
tion performance. For example, by using a set of calibration
points that is uniformly distributed in camera space (as opposed
to world space, which is the case for checkerboard patterns), it
is possible to obtain a better characterization of the lenses dis-
tortion parameters.

The main building block for this system is a visual servoing
loop that allows us to bring the LED to several predefined
positions in camera space. In this loop, we want to control the
position of the LED (3 DOF) using only its projection in the image
(2 DOF). Therefore, we introduce an additional constraint by
limiting the movement of the LED to a predefined plane in arm
space.

We define SA0 as a point on this plane and SA as its normal vector.
Additionally, we need a rough estimate of the arm to camera coor-

dinate transformation A
C
A , and of the camera matrix C. They are de-

fined as follows:

A
C
A ¼ RC

Ajt
C
A

h i

; C ¼

f 0 0

0 f 0

0 0 1

2

6

4

3

7

5
ð4Þ

We can then find the plane in camera space:

SC0 ¼ RC
AS

A
0 þ tCA SC ¼ RC

AS
A ð5Þ

The process of moving the LED to a position in the image is
then as follows: we define a target point in the image Pt = (ut,vt)
(specified in pixels) where we want to bring the LED. For each
visual servoing iteration we detect the current position Pc = (uc,uc)
(again in pixels) of the LED in the image. We can then use the
camera matrix to convert these points to homogeneous camera
coordinates:

PC
t ¼ C

�1½xt yt 1�
T ¼

1
f
xt

1
f
yt 1

� �T

ð6Þ

PC
c ¼ C

�1½xc yc 1�T ¼
1
f
xc

1
f
yc 1

� �T

ð7Þ

Then, we can project these homogeneous points into the plane de-

fined by SC0 and SC. A point Q is in that plane if Q � SC ¼ SC0 � S
C . There-

fore, the projection of the homogeneous points PC
t and PC

c into the
plane can be found as

QC
t ¼

SC0 � S
C

PC
t � S

C
PC
t QC

c ¼
SC0 � S

C

PC
c � S

C
PC
c ð8Þ

From these, we can obtain the vector

d
C
¼ QC

t � QC
c ð9Þ

which is the displacement from the current to the target LED posi-
tions in camera space, and then

d
A
¼ RC�1

A d
C

ð10Þ

which is the correspondent displacement in arm space.
We can easily see that the displacement obtained in arm space

is within the given plane since

d
C
� SC ¼ QC

t � QC
c

� �

� SC ¼ QC
t � S

C � QC
c � S

C ¼ 0 ð11Þ

d
A
� SA ¼ d

AT

SA ¼ RC�1

A d
C

� �T
RC�1

A SC
� �

¼ d
CT

RC
AR

C�1

A sC ¼ d
C
� SC

¼ 0 ð12Þ

We can then use this displacement to obtain a simple proportional
control law

u ¼ kd
A

ð13Þ

where u is the velocity of the end effector and k is a constant gain
factor.

This control is then used to update the position in every itera-
tion until convergence, i.e. the arm has reached the desired posi-
tion with an error below a certain threshold.

Algorithm 1. Pseudo code for defining the calibration pattern

Data: Number of points n on each depth plane, number of
depth planes m

Result: Set of Correspondences QA
i ; Pi

h i

with (0 < i 6m � n)

begin

// Initialising the principal axis of the camera in

arm space

// VisualServoing(P,S) is a function that brings

the LED to

// the point P in image space within the plane S in

arm space

S0 = Some plane at a distance d0 from the camera

CA
0 = VisualServoing (0,0), S0

S1 = Some plane at a distance d1 from the camera

CA
1 = VisualServoing (0,0), S1

d ¼ ðCA
1 � CA

0Þ=ðm� 1Þ
i = 0
foreach l 2 [0 . . .m � 1] do

S = plane with normal d which contains CA
0 þ ld

foreach Pkwith (0 < k 6 n) do

QA
i = VisualServoing (xk,xy),S

i + +
end

end

end

Once we have the system which allows us to bring the LED to a
certain position in the image we can start generating our calibra-
tion pattern. First, we bring the LED to the center of the image in
two parallel planes, which are located at different distances from
the camera, and record their positions CA

0 and CA
1 in arm space.

From this, we can obtain the vector SA ¼ CA
0 � CA

1 which is parallel
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to the principal axis of the camera. Any plane perpendicular to this
vector will be parallel to the image plane. We can then bring the
LED to some fixed positions along these planes, thus generating
points which are uniformly distributed both in the image and in
depth (by using planes which are separated by a constant dis-
tance). The generated pattern looks like the one shown in Fig. 6a.
Algorithm 1 shows the method in more detail. In our system, we
used 6 � 6 points rectangular patterns in 6 different depths, for a
total of 216 calibration points. With this, we achieved an average
reprojection error of 0.1 pixels.

4.4.2. Head-eye calibration

For a static camera setup, the calibration process would be com-
pleted here. However, our vision system can move to fixate on the
objects we manipulate. Due to inaccuracies in the kinematic model
of the head, we cannot obtain the exact transformation between
the camera coordinate system before and after moving a certain
joint from the motor encoders.

In Section 2.2.2, we described the transformation error that
arises from the misalignment of the real and ideal coordinate
frame of a joint. In our method, we are minimizing the effect of this
error by finding the true position and orientation of the real coor-
dinate frame as follows:

1. Choose two different positions of the joint, that are far enough
apart to be significant, but with an overlapping viewing area
that is still reachable for the robotic arm.

2. For each of these two positions, perform the static calibration
process as described above, so that we obtain the transforma-
tion between the arm coordinate system and each of the camera
coordinate systems.

3. Find the transformation between the camera coordinate sys-
tems in the two previously chosen joint configurations. This
transformation is the result of rotating the joint around some
roughly known axis (it is not precisely known because of
mechanical inaccuracies), with a roughly known angle from
the motor encoders. From the computed transformation, we
can then more exactly determine this axis, center and angle of
rotation.

This is illustrated in Fig. 6b.
In our case, the results showed that while the magnitude of the

angles of rotation differed significantly from what could be ob-
tained from the kinematic chain, the orientation and position of
these axes were quite precise in the specifications. To avoid overly
complicating the model, we decided to correct only the actual an-
gles a in Eq. (2), except for the vergence joint. For this joint, the ori-
entation was also corrected, since here small errors have a large
impact in the accuracy of depth estimation.

4.5. Virtual visual servoing

As mentioned in Sections 1 and 3.3, our system uses virtual vi-
sual servoing to refine the position of the arm and hand in camera
space provided by the calibration system. In Fig. 8, the difference
between the estimated arm pose and the corrected one is visual-
ized. In this section we will formalize the problem and explain
how we solved it.

The pose of an object is denoted by M(R,t) where
t 2 Rð3Þ;R 2 SOð3Þ. The set of all poses that the robot’s end-effector
can attain is denoted with T G# SEð3Þ ¼ Rð3Þ � SOð3Þ.

Pose estimation considers the computation of a rotation matrix
(orientation) and a translation vector of the object (position),
M(R,t):

M ¼

r11 r12 r13 TX

r21 r22 r23 TY

r31 r32 r33 TZ

2

6

4

3

7

5
ð14Þ

The equations used to describe the projection of a three-dimen-
sional model point Q into homogeneous coordinates of the image
point [xy]T are:

X

Y

Z

2

6

4

3

7

5
¼ R½Q � t� with ½wx;wy;w� ¼ P

X

Y

Z

2

6

4

3

7

5
ð15Þ

where P represents the internal camera parameters matrix includ-
ing focal length and aspect ratio of the pixels,w is the scaling factor,
R and t represent the rotation matrix and translation vector,
respectively.

Our approach to pose estimation and tracking is based on vir-
tual visual servoing where a rendered model of the robot parts is
aligned with the current image of their real counterparts. The out-
line of the system is presented in Fig. 7. In order to achieve the
alignment, we can either control the position of the part to bring
it to the desired pose or move the virtual camera so that the virtual

image corresponds to the current camera image, denoted as real

camera image in the rest of the paper. Using the latter approach
has the problem that the local effect of a small change in orienta-
tion of the camera is very similar to a large change in its position,
which leads to convergence problems. Therefore, in this paper, we
adopt the first approach where we render synthetic images by
incrementally changing the pose of the tracked part. In the first
iteration, the position is given based on the forward kinematics.
Then, we extract visual features from the rendered image, and
compare themwith the features extracted from the current camera
image. The details about the features that are extracted are given in
Section 4.5.2.

Fig. 6. Offline calibration procedure (video available at http://www.youtube.com/watch?v=dEytfUgmcfA).
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Based on the extracted features, we define an error vector

sðtÞ ¼ ½d1;d2; . . . ;dn�
T ð16Þ

between the desired values for the features and the current ones.
Based on s, we can estimate the incremental change in pose in each
iteration e(s) following the classical image-based servoing control
loop. This process continues until the difference vector s is smaller
than a certain threshold. Each of the steps is explained in more de-
tail in the following subsections. Our current implementation and
experimental evaluation is performed for the Kuka R850 arm and
Schunk Dexterous hand, shown in Fig. 9.

4.5.1. Virtual image generation

As we mentioned before, we use a realistic 3D model of the ro-
botic parts as input for our system. This adds the challenge of hav-
ing to render this model at a high frame rate, since our system runs
in real time, and several visual servoing iterations must be per-
formed for every frame that we obtain from the cameras.

To render the image, we use a projection matrix P, which corre-
sponds to the internal parameters of the real camera, and a model-
view matrix M, which consists of a rotation matrix and a

translation vector. The modelview matrix is then estimated in
the visual servoing loop.

One of the most common CAD formats for objects such as ro-
botic hands are Inventor files. There are a number of rendering en-
gines which can deal with such models either natively or through
the usage of plugins, such as Ogre [36] or OpenSceneGraph [37].
These rendering engines are designed and optimized to show the
model appearance on the screen. However, we are interested in a
very different task: obtaining the 3D points of the model surface
directly in memory for further processing. This kind of rendering
was slow, overcomplicated or even impossible in the rendering en-
gines tested.

For this reason we developed a new scenegraph engine, specific
for this application, which focused on rendering offscreen images
at a high speed. It was developed directly over OpenGL. We can ob-
tain about 1000 frames per second with this engine. At the mo-
ment the speed of the rendering engine does not represent a
bottleneck to our system.

We render the image without any texture or lighting, since we
are only interested in the external edges of the model. We also save
the depth map produced by the rendering process, which will be
useful later for the estimation of the jacobian.

Fig. 7. Outline of the proposed model-based tracking system based on virtual visual servoing.

Fig. 8. Comparison of robot localization with (right) and without (left) the virtual visual servoing correction.
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4.5.2. Features

The virtual and the real image of the robot parts ought to be
compared in terms of visual features. These features should be fast
to compute, because this comparison will be performed as many
times per frame as iterations are needed by the virtual visual ser-
voing for locating the robot. They should also be robust towards
non-textured models.

Edge-based features fulfill these requirements. In particular
chamfer distances [38] modified to include the alignment of edge
orientations [39] are well suited for matching shapes in cluttered
scenes, and are used in recent systems for object localization
[40]. This feature is similar in spirit but more general than other
ones used in the field of Virtual Visual Servoing. Comport et al.
[41] computes distances between real points and virtual lines/
ellipses instead of virtual points. Klose et al. [42],Drummond and
Cipolla [43] search for real edges only in the perpendicular direc-
tion of the virtual edge.

The mathematic formulation of our features is the following.
After performing a Canny edge detection on real image Iu and vir-
tual image Iv we obtain a set of points lying on an edge U;V with
their correspondent edge orientations OU ;OV (from the horizontal
and vertical Sobel filter). The set V has a typical cardinality of 1000.
The speed of the servoing loop can be increased by randomly sub-
sampling this set. We tested subsampling the set up to four times
without noticeable decrease in the performance. The sets U;V are
split into overlapping subsets U i;V i according to their orientations:

ouðmodpÞ 2
2pi
16

;
2pðiþ 1Þ

16

� �

) u 2 U i ð17Þ

Then for each channel U i we compute the distance transform [44]
which will allow us to perform multiple distance computations
for the same real set U in linear time with the number of points
in each new set V. Based on the distance transform we obtain our
final distance vector s ¼ fdchamðv ;UÞg ¼ ½d1;d2 � � �dn�

T composed by
distance estimations for each edge point from our virtual image Iv.

dtransf ðpÞ ¼ min
u2U i

kp� uk; p 2 Iu ð18Þ

dchamðv ;UÞ ¼ dtransf ðvÞ; v 2 V i;u 2 U i ð19Þ

s ¼ fdchamðv ;UÞg; dchamðv ;UÞ < d ð20Þ

The points v 2 V whose distance is higher than an empirically esti-
mated threshold d are considered outliers and dropped from s.

4.5.3. Pose correction

Once the features have been extracted, we can use a classical vi-
sual servoing approach to calculate the correction to the pose, [45].
There are two different approaches to vision-based control: Posi-
tion-based control uses image data to extract a series of 3D features,

and control is performed in the 3D Cartesian space. In image-based

control, the image features are directly used to control the robot
motion. In our case, since the features we are using are distances
between edges in an image for whichwe have no depth information
in the real image, we are using an image-based approach.

The basic idea behind visual servoing is to create an error vector
which is the difference between the desired and measured values
for a series of features, and then map this error directly to robot
motion.

As discussed before, s(t) is a vector of feature values measured
in the image, composed by distances between edges in the real
and synthetic images Iu, Iv. Therefore _sðtÞ will be the rate of change
of these distances with time.

The movement of the manipulator (in this case, the virtual
manipulator) can be described by a translational velocity
T(t) = [Tx(t),Ty(t),Tz(t)]

T and a rotational velocityX(t) = [xx(t),xy(t),
xz(t)]

T. Together, they form a velocity screw:

_rðtÞ ¼ ½Tx; Ty; Tz;xx;xy;xz�
T ð21Þ

We can then define the image jacobian or interaction at a certain in-
stant as J so that:

_s ¼ J _r ð22Þ

where

J ¼
@s

@r

� �

¼

@d1
@Tx

@d1
@Ty

@d1
@Tz

@d1
@xx

@d1
@xy

@d1
@xz

@d2
@Tx

@d2
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@d2
@Tz

@d2
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ð23Þ

which relates the motion of the (virtual) manipulator to the varia-
tion in the features. The method used to calculate the jacobian is de-
scribed in detail below.

However, to be able to correct our pose estimation, we need the
opposite: we need to compute _rðtÞ given _sðtÞ.

When J is square and nonsingular, it is invertible, and then
_r ¼ J�1

_s. This is not generally the case, so we have to compute a
least squares solution, which is given by

_r ¼ Jþ _s ð24Þ

where J+ is the pseudoinverse of J, which can be calculated as:

Jþ ¼ ðJTJÞ�1
JT: ð25Þ

The goal for our task is to have all the edges in our synthetic image
match edges in the real image, so the target value for each of the
features is 0. Then, we can define the error function as

Fig. 9. The Kuka R850 arm and Schunk dexterous hand in real images and CAD models.
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eðsÞ ¼ 0� _s ð26Þ

which leads us to the simple proportional control law:

_r ¼ �KJþs ð27Þ

where K is the gain parameter.

4.5.4. Estimation of the jacobian

To estimate the jacobian, we need to calculate the partial deriv-
atives of the feature values with respect to each of the motion com-
ponents. When features are the position of points or lines, it is
possible to find an analytical solution for the derivatives.

In our case, the features in s are the distances from the edges of
the synthetic image to the closest edge in the real image. Therefore,
we numerically approximate the derivative by calculating how a
small change in the relevant direction affects the value of the
feature.

As we said before, while rendering the model we obtained a
depth map. From this depth map, it is possible to obtain the 3D
point corresponding to each of the edges. Each model point v in
Iv is a projection of its corresponding 3D point in the model vm.
The derivative of the distance described before dchamðv ;UÞ , can
be calculated for a model point vm with respect to Tx by applying
a small displacement and projecting it into the image:

dchamðPMðvm þ �xÞ;UÞ � DðPMvm;UÞ

�
ð28Þ

where � is an arbitrary small number and x is a unitary vector in the
x direction. P and M are the projection and modelview matrices, as
defined in Section 4.5.1. A similar process is applied to each of the
motion components.

4.5.5. Summary

In this section, we described how virtual visual servoing is used
in our grasping pipeline to correct errors in the estimation of the
pose of the robotic arm with respect to the cameras. The goal is
to align the edges in the rendered model of the robot with the
edges in the real image. This is achieved by iteratively applying
incremental corrections _r to the motion components in a direction
which minimizes the sum of the distances between the model
edges and the real ones.

4.6. Object grasping

In this section we will combine the grasping point computed in
Section 4.2 and the arm pose calculated in Section 4.5 in order to
move the arm so that it can grasp the object.

After finding the grasping position as a point GC0 in camera
space, we move the head to a position where the whole arm is vis-
ible, while keeping the object in the field of view. Then, the object
position (x,y) is found in this new viewpoint using the method in
Section 4.3. We assume that the z coordinate did not change with
the gaze shift. Therefore, we use the one calculated previously in
GC0 . The grasping point in camera space for the current viewpoint
is then GC1 ¼ ½zx zy z�.

After this, virtual visual servoing allows us to obtain the trans-
formation AA

C1
that converts points from camera to arm space, so

we can obtain the grasping point in arm space as GA ¼ AA
C1
GC1 . To

account for small errors in the measurements, we do not move
the arm there directly, but take it first to a position which is a
few centimeters (15 cm in our experiments) above GA.

Then, the final step is to bring the arm down so that the object
lies between the fingers of the hand. We do this using a simple vi-
sual servoing loop. The movement to be performed is purely verti-
cal. Therefore, we only use a single visual feature to control that
degree of freedom: the vertical distance between the arm and

the grasping point in the image which will be roughly aligned with
the vertical axis of the arm. In each iteration, we measure the ver-
tical distance d between the arm and the grasping point in the im-
age, and use this as input for a simple proportional control law:

_ry ¼ �kd ð29Þ

where _ry is the vertical velocity of the arm and k is a gain factor.

5. Experiments

5.1. Robustness of virtual visual servoing

In order to evaluate the performance of the virtual visual servo-
ing, we needed a setup where ground truth data was available, so
that the error both for the input (edge detection and initial estima-
tion) and the output (estimated pose) is known. Lacking such a set-
up, we decided to conduct the experiments using synthetic images
as input. These images were generated using the same 3D model
and rendering system that we use in the visual servoing loop.

The process used in these experiments was as follows:

� Generate a rendered image of the model at a known pose.
� Add some error in translation and rotation to that pose, and use
this as the initial pose estimation.

� Run the virtual visual servoing loop with the rendered image as
input. In some of the runs, noise was added to the detection of
edges, to assess the robustness with respect to certain errors in
the edge detection.

� After each iteration, check whether the method has reached a
stable point (small correction) and the difference between the
detected pose and the known pose is below a certain threshold.
If this is the case, consider it a successful run and store the num-
ber of iterations needed.

� If the system does not converge to the known pose after a cer-
tain number of iterations, stop the process and count it as a
failed run.

We ran three sets of experiments, each of them focusing on the
following kind of input error:

� Translational error. We evaluated which range of errors in the
translational component of the initial pose estimation allows
the system to converge. To that effect, we added, in each run,
a translational error of knownmagnitude and random direction.

� Rotational error. We also evaluated the range of errors in the
rotational component of the initial pose estimation for which
the system converges to the correct result. For each run, we
added a rotational error of known magnitude and random
direction.

� Error in edge detection. To simulate the effects of wrongly
detected edges in the performance of the system, we added ran-
dom errors to the edge detection of the input synthetic image.
In each run, the detection of a number of pixels was shifted
by a random amount. An example of the result can be seen in
Fig. 10.

The performance of the VVS system is measured in (i) the num-
ber of runs that failed and (ii), for the runs that succeeded, the
average number of iterations it took to do so. We plot these with
respect to the magnitude of the input error. For each value of the
input error, we ran 500 visual servoing loops. In each of these runs,
the magnitude of the error was kept constant, but the direction (or
the particular pixels that were affected in the case of edge detec-
tion) was chosen randomly. Also, the whole process was repeated
for five different configurations of the joints of the arm.
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The rest of the parameters of the process were set as follows:

� The threshold for deciding that the algorithm had converged to
the correct pose was 10 mm in translation and 0.5� in rotation.
This threshold was empirically determined so that it guaranteed
real convergence, and making it smaller would have caused sta-
bility issues.

� The number of iterations after which the run was considered a
failure was set to 200.

� For the experiments that evaluate robustness with respect to
edge detection, a translation error of 100 mm and a rotation
error of 10� was used for the initial pose estimation.

Fig. 11 shows the result of increasing the translational compo-
nent of the error in the estimated initial pose. As we can see, the
failure rate is close to 0 for distances below 100 mm, and then
starts increasing linearly. This is probably due to 100 mm being
in the same order of magnitude as the distance between different
edges of the robot which have the same orientation, so the system
gets easily lost, trying to follow the wrong edges. We can also ob-
serve an increase in the iterations needed for reaching the result.

In Fig. 12 we can observe a similar behavior for the tolerance to
errors in the rotational component of the estimated initial pose.
Here, the threshold is around 10� and the reason is probably the

same as before: this is the minimum rotation that bring edges to
the position of other edges.

With respect to the error in edge detection, we can see in Fig. 13
that when less than 50% of the pixels are wrongly detected, the
system performs almost as well as with no error, and after that
the performance quickly degrades. It is also significant that for
the runs that converge successfully, the number of iterations is al-
most independent of the errors in edge detection.

5.2. Qualitative experiments on the real system

For our experiments with the real robot, we set up a table-top
scenario with two randomly placed objects, as can be seen in the
last picture in Fig. 14. The head was initially looking towards the
table, where it could see the objects and find them in the saliency
map of the attention system. However, the arm was not fully
visible.

We ran the system several times with this setup. In most of
these runs, the virtual visual servoing loop did not converge be-
cause it could only see a small part of the arm. Therefore, we
decided to run virtual visual servoing only after the object is found
and after shifting the gaze away from it and towards the arm. With
this change, even if the initial estimation for the pose of the arm
was significantly different, the pose estimated through visual ser-
voing quickly converged. In Fig. 14 we can see, outlined in green,
the estimated pose for the arm and hand over the real image.

The segmentation of the object and detection of the grasping
point worked well. When running virtual visual servoing with
the full arm in view, the hand could be aligned with the object with
high accuracy and grasping was performed successfully in most of
the runs.

However, even if they did not affect the performance of the sys-
tem, there are some problems that arise with the use of virtual vi-
sual servoing in real images. For example, as we can see in the
upper-right picture of Fig. 14, the upper edge of the reconstructed
outline does not match exactly with the upper edge of the arm.
There are two main reasons for this. First, the illumination of the
scene can lead to some edges disappearing, because of the low con-
trast. This is usually not a problem, because the correct matching of
other edges will compensate for this. But in this case, there is a sec-
ond problem: because of the orientation of the arm with respect to
the camera, the outer silhouette has really few edges. As we can
see in the picture below that, once the pose of the arm changes,
the system can recover and show the correct pose again. As future
work, we are considering the possibility of using not only the outer
contour, but also try to match some of the internal edges of the
model. While this can lead to a less robust system, since outer
edges are more likely to appear as edges in the real image, it can
increase performance where the number of edges is low.

Fig. 10. Edge detection with artificially introduced error (in 30% of the pixels).

Fig. 11. Effects of translational error.
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6. Conclusions

Grasping and manipulation of objects is a necessary capability
of any robot performing realistic tasks in a natural environment.
The solutions require a systems approach since the objects need
to be detected and modelled prior to an agent acting upon them.
Although many solutions for known objects have been proposed
in the literature, dealing with unknown objects stands as an open
problem.

Our research deals with this problem by integrating the areas
of active vision and sensor based control where visual servoing
methods represent important building blocks. In this paper, we
have presented several ways in which these methods can add
robustness and help minimize the errors inherent to any real
system.

First, we showed how visual servoing can be used to automate
the offline calibration process. The robot can, without human inter-
vention, generate a pattern to collect data that can then be used to

Fig. 12. Effects of rotational error.

Fig. 13. Effects of errors in edge detection.

Fig. 14. Grasping system diagram. A video with the whole sequence can be found at http://www.youtube.com/watch?v=e-O3Y8_cgPw.
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calibrate the cameras and the transformations between the cam-
eras and the arm.

Then, we demonstrated a virtual visual servoing approach to
continuously correct the spatial relation between the arm and
the cameras. Though in its current state the system works well
and is useful in the context of the system, some ideas for future
work arise from the experiments we performed. Using the edges
as the only feature in the visual servoing loop works well with ob-
jects which have a complex outline, such as our arm. However, for
other kinds of object, or even some viewpoints of the arm, having a
wider range of features might help. These features may include
adding textures to the models, or using 3D information obtained
via stereo or structured light cameras.

Finally, the last step that brings the arm to the place where the
object can actually be grasped also uses visual information to move
the arm down to the position where the hand can be closed to
grasp the object. There is also room for future improvements here,
such as integrating the system with a more complex grasp planner,
which could determine the optimal points where the fingers
should contact the object. Then, visual servoing could be used to
visually bring the fingers to the correct position.
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Abstract— The problem of door opening is fundamental
for robots operating in domestic environments. Since these
environments are generally less structured than industrial
environments, several types of uncertainties associated with the
dynamics and kinematics of a door must be dealt with to achieve
successful opening. This paper proposes a method that can open
doors without prior knowledge of the door kinematics. The
proposed method can be implemented on a velocity-controlled
manipulator with force sensing capabilities at the end-effector.
The method consists of a velocity controller which uses force
measurements and estimates of the radial direction based on
adaptive estimates of the position of the door hinge. The control
action is decomposed into an estimated radial and tangential
direction following the concept of hybrid force/motion control.
A force controller acting within the velocity controller regulates
the radial force to a desired small value while the velocity
controller ensures that the end effector of the robot moves
with a desired tangential velocity leading to task completion.
This paper also provides a proof that the adaptive estimates of
the radial direction converge to the actual radial vector. The
performance of the control scheme is demonstrated in both
simulation and on a real robot.

I. INTRODUCTION

A robot should be able to open doors as simple as saying

“Open Sesame!”. However, the task of opening a door — or

a cupboard — in a domestic environment includes several

types of uncertainty that disqualifies the use of motion

control and trajectory planning that is effective for stiff

industrial robots. The uncertainties in the manipulation of

these kinematic mechanisms, e.g. doors and drawers, can be

divided into (a) dynamic uncertainties, related to the dynamic

model of the door or the drawer: door’s inertia, dynamics

of the hinge mechanism etc., and (b) kinematic uncertainties

related to the kinematic model of the door or the drawer: type

of joint that models the kinematic mechanism, which may be

prismatic or revolute, size of the door, location of the hinge

etc. This categorization has been used in several problems

in robot control, like motion control [1] and force/motion

control [2]. From a control perspective, the door-opening

problem can be regarded as a force/motion control problem

in which the robot workspace can be divided into motion

and force controlled subspaces according to the concept of

hybrid force/motion control [3], [4].

In this work, we consider a general robotic setup with

a velocity controlled manipulator equipped with a wrist

force/torque sensor, and we propose an adaptive controller

which can be easily implemented for dealing with the

kinematic and dynamic uncertainties of doors. The proposed

control scheme, which is inspired by the adaptive surface

slope learning [5], does not require accurate identification of

the motion constraint at each step of the door opening pro-

cedure, as opposed to existing solutions to the door opening

problem (see Section II). It uses adaptive estimates of the

radial direction which are constructed from estimates of the

door’s hinge position and converge during the procedure to

the actual, dynamically changing, radial direction. It should

be noted that the proposed method can also be applied

to other types of manipulation under uncertain kinematic

constraints. We have chosen the door opening problem as

a concrete example, since it is well-studied and has well-

defined constraints. The paper is organised as follows: In

Section II we provide an overview of the related works for

the door opening problem. Section III provides description of

the kinematic and the dynamic model of the system and the

problem formulation. The proposed solution and the corre-

sponding stability analysis are given in Section IV followed

by the simulation example of Section V. In Section VII the

final outcome of this work is briefly discussed.

II. RELATED WORK AND OUR CONTRIBUTIONS

Pioneering works on the door opening problem are the

papers of [6] and [7]. In [6], experiments on door opening

with an autonomous mobile manipulator were performed

under the assumption of a known door model, using the com-

bined motion of the manipulator and the mobile platform,

while in [7], the estimation of the constraints describing the

kinematics of the motion for the door opening problem is

proposed.

The estimation technique of [7] is based on the ob-

servation that ideally, the motive force should be applied

along the direction of the end-effector velocity. To overcome

the problems of chattering due to measurement noise and

ill-definedness of the normalization for slow end-effector

motion, the authors propose estimation by spatial filtering,

which may, however, cause lag and affect the system stability.

The idea of using velocity measurements for estimating the

direction of motion has inspired the recent work of [8] that

uses a moving average filter in the velocity domain. An

estimator is used to provide a velocity reference for an ad-

mittance controller. Ill-defined normalizations and estimation
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lags are not dealt with. Estimation of the constraint using

velocity measurements has also been used in [9], where

velocity and impedance control have been used along the

tangent and the radial axis of the door opening trajectory

respectively.

Several position-based estimation techniques have also

been proposed. In [10], the recorded motion of the end-

effector is used in a least-squares approximation algorithm

to estimate the center and the radius of the motion arc, and a

compliant controller is used to cancel the effects of the high

forces exerted due to inaccurate trajectory planning.

An optimization algorithm using the position of the end-

effector was used in [11], [12]. The algorithm produces

estimates of the radius and the center of the door and,

subsequently of the control directions. The velocity reference

is composed of a feedforward estimated tangential velocity

and radial force feedback along. An equilibrium point control

law enables a viscoelastic behavior of the system around an

equilibrium position.

In [13], an inverse Jacobian velocity control law with

feedback of the force error following the Task Space For-

malism [14] is considered. In order to obtain the natural

decomposition of the task, which is essential within this

framework, the authors propose to combine several sensor

modalities so that robust estimation is established. In [13],

the estimation is based on the end-effector trajectory, to align

the task frame with the tangent of the hand trajectory.

Other works estimate the geometry of the door off-line,

prior to manipulation. In [15], a multi-fingered hand with

tactile sensors grasping the handle is used, and the geometry

of the door is estimated by observing the positions of the fin-

gertips position while slightly and slowly pulling and pushing

the door in position control. In a subsequent step, the desired

trajectory is derived from the estimation procedure, and is

used in a position controller. In [16], a probabilistic frame-

work in order to learn the kinematic model of articulated

objects in terms of object’s parts connectivity, degrees of

freedom of the objects and kinematic constraints is proposed.

The learning procedure requires a set of motion observations

of the objects, e.g. doors. The estimates are generated in

an off-line manner and can feed force/position cartesian

controllers [17]. Probabilistic methods — particle filters and

extended Kalman filters — for mobile manipulation have also

been applied for opening doors under uncertainty, in [18].

The authors use an a priori defined detailed model of the

door, and simultaneously estimate position of the robot and

the angle of the door.

Another part of the literature on the door opening problem

exploits advanced hardware capabilities to accomplish the

manipulation task. In [19], a combination of tactile-sensor

and force-torque sensor is used to control the position and

the orientation of the end-effector with respect to the handle.

In [20], a specific hardware configuration with clutches that

disengage selected robot motors from the corresponding

actuating joints and hence enable passive rotation of these

joints is used. Since no force sensing is present, a magnetic

end-effector was used which cannot always provide the

appropriate force for keeping the grasp of the handle fixed.

In, [21] the authors exploited the extensive abilities of the

hardware, and used joint torque measurements to realize

Cartesian impedance control of the DLR lightweight robot

II in order to open a door. In [22], the authors present exper-

iments using a force/torque sensor on a custom lightweight

robot to define the desired trajectory for a door opening task.

In [23], a method for door opening is proposed that uses an

impulsive force exerted by the robot to the door which is

assumed to be a swinging door. A specific dynamic model

for the door dynamics is used to calculate the initial angular

velocity which is required for a specific change of the door

angle, and implemented on the humanoid robot HRP-2.

In this paper, we propose a method that differs from the

existing work by simultaneously providing the following

benefits:

• Provable performance under uncertainty. The pro-

posed method explicitly includes the uncertain estimates

in the controller, and we provide proof of convergence

of the estimates, and of the stability of the proposed

method even with initially large errors in the estimates.

• On-line performance. Our method does not require

preparatory measurements or detailed modelling, or an

off-line estimation phase before the manipulation task.

Instead, our method allows the manipulator to open a

previously unknown door as smooth as a known one.

• Moderate hardware requirements. Our method can

be implemented on any manipulator that can be velocity

controlled in either joint space or Cartesian space, with

force measurements at the end effector or wrist.

III. SYSTEM AND PROBLEM DESCRIPTION

In this section we define the problem of door opening

under uncertainty.

A. Notation and Preliminaries

We introduce the following notation:

• Bold roman small letters denote vectors while bold

roman capital letters denote matrices.

• The generalized position of a moving frame {i} with

respect to a inertial frame {B} (located usually at the

robots base) is described by a position vector pi ∈ R
m

and a rotation matrix Ri ∈ SO(m) where m = 2 for

the planar case.

• We consider also the following normalization and or-

thogonalization operators:

z =
z

‖z‖
(1)

s(z) =

[

0 −1
1 0

]

z (2)

with z being any non-trivial two dimensional vector.

Notice that in case of z = z(t) the derivative of z is

calculated as follows:

ż = ‖z‖−1s(z)s(z)⊤ż. (3)
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• We denote with I(z) the integral of some scalar func-

tion of time z(t) ∈ R over the time variable t, i.e:

I(z) =

∫ t

0

z(τ)dτ (4)

B. Kinematic model of robot door opening

We consider a setting of a robot manipulator in which

its end-effector has achieved a fixed grasp of the handle of a

kinematic mechanism e.g. a door in a domestic environment.

We use the term fixed grasp to denote that there is no relative

translational velocity between the handle and the end-effector

but we place no constraints on the relative rotation of the end-

effector around the handle. We consider also that the motion

of the handle is inherently planar which consequently implies

a planar problem definition.

Let {e} and {o} be the end-effector and the door frame

respectively (Fig. 1); the door frame {o} is attached at the

hinge which in our case is the center of door-mechanism

rotation. The radial direction vector r is defined as the

relative position of the aforementioned frames:

r , po − pe (5)

By expressing r with respect to the door frame and differ-

entiating the resultant equation we get:

Ṙo
or +Ro

oṙ = ṗo − ṗe (6)

By performing the following substitutions: oṙ = ṗo = 0 and

Ṙo = ω

[

0 −1
1 0

]

Ro , with ω being the rotational velocity

of the door, we get:

ṗe = −s(r)ω (7)

which describes the first-order differential kinematics of the

door opening problem in case of a revolute hinge. Notice

that the end-effector velocity along the radial direction of

the motion is zero, i.e:

r⊤ṗe = 0 (8)

The latter can be regarded as the constraint on the robot

end-effector velocity.

Fig. 1: Kinematics of the door opening

C. Robot kinematic model

In case of velocity controlled manipulators, the robot joint

velocity is controlled directly by the reference velocity vref.

In particular, the reference velocity vref can be considered as

a kinematic controller which is mapped to the joint space in

order to be applied at the joint velocity level as follows:

q̇ = J+(q)vref (9)

with q, q̇ ∈ R
n being the joint positions and velocities

and J(q)+ = J(q)⊤
[

J(q)J(q)⊤
]−1

being the pseudo-

inverse of the manipulator Jacobian J(q) ∈ R
2×n which

relates the joint velocities q̇ to the end-effector velocities

ṗe; without loss of generality we have here considered

only the translational end-effector velocity ṗe ∈ R
2 and

the associated Jacobian. If we consider the typical Euler-

Lagrange robot dynamic model, the velocity error at the joint

level drive the torque (current) controller u(t). If we assume

a high frequency current control loop with external forces’

compensators and weak inertial dynamics, then the kinematic

model is valid.

D. Control Objective

The objective is to control the motion of the robot to

achieve a smooth interaction with an external kinematic

mechanism such as a door, and manipulate it in order to

achieve a high level command such as “Open Sesame!”.

In applications which take place in a dynamic unstructured

environments such as a domestic environment, it is difficult

to accurately identify the position of the hinges and the

associated dynamics. Hence, it is difficult to design a priori

the desired velocity within the constraints imposed by the

kinematic mechanism. The execution of a trajectory which

is inconsistent with system constraints gives rise to high

interaction forces along the constraint direction which may

be harmful for both the manipulated mechanism and the

robot.

Let frd and vd be the desired radial force and desired

tangent velocity magnitudes respectively. If we define the

force along the radial direction as fr = r⊤f with f ∈ R
2

being the total interaction force, the control objective can be

formulated as follows: fr → frd and ṗe → s(r)vd. These

objectives have to be achieved without knowing accurately

the r direction which subsequently implies that there are

uncertainties in the control variables fr and s(r)vd. From a

high level perspective, we consider that the door opening task

is accomplished when the observed end-effector trajectory,

which coincides with the handle trajectory, enable the robot

to perform the subsequent task which can be for example “get

an object” or “pass through the door”. Thus the command

to halt the door opening procedure is given externally based

on the observations of the rotation angle ϑ.

IV. CONTROL DESIGN

A. Incorporating Force Feedback in the Velocity Reference

Let us first define an estimated radial direction r̂(t) based

on appropriately designed adaptive estimates of the center of
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rotation p̂o(t):
r̂(t) = p̂o(t)− pe (10)

For notation convenience we will drop out the argument of

t from r̂(t) and p̂o(t). We will use the estimated radial

direction (10) considering that ‖r̂(t)‖ 6= 0, ∀t in order to

introduce a reference velocity vector vref for controlling the

end-effector velocity:

vref = s(r̂)vd − αr̂vf (11)

with α being a positive control gain acting on the force feed-

back term vf which has been incorporated in the reference

velocity.

We can now introduce the velocity error:

ṽ , v − vref (12)

where v , ṗe can be decomposed along r̂ and s(r̂)
and subsequently expressed with respect to the parameter

estimation error p̃o = r̃ = po− p̂o by adding −‖r̂‖−1r̂r⊤v

as follows:

v = s(r̂)s(r̂)⊤v − ‖r̂‖−1r̂p̃⊤

o v (13)

Substituting (13) and (11) in (12) we can obtain the following

decomposition of the velocity error along the estimated radial

direction r̂ and the estimated direction of motion s(r̂):

ṽ = R̂o

[

−‖r̂‖−1p̃⊤

o v + αvf
s(r̂)⊤v − vd

]

(14)

where R̂o ,

[

r̂ s(r̂)
]

.

In the next step, we are going to design the force feed-

back vf employed in the reference velocity vref. The force

feedback term vf is derived from the magnitude of the

measured force components projected along the estimated

radial direction:

f̂r = r̂
⊤
f (15)

the corresponding force error:

∆f̂r = f̂r − frd (16)

as well as the corresponding force error integral I(∆f̂r). In

particular, for velocity controlled robotic manipulators, we

propose a PI control loop of the estimated radial force error

∆f̂r :

vf = ∆f̂r + βI(∆f̂r) (17)

with β being a positive control gain. By projecting ṽ =
0 along r we can calculate f̂r as a Lagrange multiplier

associated with the constraint (6) for the system (9):

f̂r = frd − βI(∆f̂r) +
vdr

⊤s(r̂)

αr⊤r̂
. (18)

Equation (18) is well defined for r⊤r̂(t) > 0. Equation (18)

is consistent to (15) in case of rigid contacts and fixed grasps.

Remark 1: For torque controlled robotic manipulators, the

derivative of reference velocity also known as reference

acceleration is required in the implementation. In order to

avoid the differentiation of the force measurements in case

of torque controlled manipulators, the force feedback part

of the reference velocity should be designed using only the

integral of the estimated radial force error.

B. Update Law Design

The update law for the vector p̂o is designed via a

passivity-based approach, by defining the output of the

system as follows:

yf = αf∆f̂r + αII(∆f̂r) (19)

with αf and αI being positive constants. Taking the inner

product of ṽ (14) with r̂yf (19) we obtain:

yf r̂
⊤
ṽ = yf (−‖r̂‖−1p̃⊤

o v + vf )

= −‖r̂‖−1yfv
⊤p̃o + c1∆f̂2

r (20)

+ c2I(∆f̂r)
2 + c3

d

dt

[

I(∆f̂r)
2

]

where:

c1 = ααf , c2 = ααIβ, c3 =
α(αfβ + αI)

2
(21)

Next, we design the update law ˙̂po , − ˙̃po as follows:

˙̂po = P{γ‖r̂‖−1yfv} (22)

Notice that P is an appropriately designed projection oper-

ator [24] with respect to a convex set of the estimates p̂o

around po (Fig. 2) in which the following properties hold: i)

‖r̂‖ 6= 0, ∀t, in order to enable the implementation of the

reference velocity and calculate estimated radial force and

ii) r⊤r̂ > 0; which is required for the system’s stability. It

Fig. 2: Convex set S for the projection operator P

is clear that the update law (22) gives rise to the potential

owing to estimation error i.e. 1

2γ
p̃⊤

o p̃o and allow us to use

the following function V
(

I(∆f̂r), p̃o

)

in order to prove

Theorem 1 for velocity controlled manipulators. In particular

V
(

I(∆f̂r), p̃o

)

is given by:

V
(

I(∆f̂r), p̃o

)

= c3I(∆f̂r)
2 +

1

2γ
p̃⊤

o p̃o (23)

and is positive-definite with respect to I(∆f̂r), p̃o and

Theorem 1 is stated below:

Theorem 1: The kinematic controller vref (11) with the

update law (22) applied to the system (9) achieves the

following objectives: r̂ → r, v → s(r)vd, I(∆fr) → 0 and
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fr → frd, which are equivalent with the control objective of

smooth door opening stated in Section III-D.

Proof: Substituting (11) in (9) and multiplying by J(q),

implies ṽ = 0. Differentiating V
(

I(∆f̂r), p̃o

)

with respect

to time and in turn substituting ṽ = 0 and (22) we get:

V̇ = −c1∆f̂2
r −c2I(∆f̂r)

2; notice that V̇ has extra negative

terms when the estimates reach the bound of the convex

set and the projection operator applies and thus the stability

properties of the system are not affected. Hence, I(∆f̂r), p̃o

are bounded and consequently we can prove the boundedness

of the following variables: (a) f̂r is bounded, given the use

of projection operator in (18), (b) vref is bounded, (c) q̇ is

bounded, given the assumption of a non-singular manipulator

in (9), (d) ˙̂po is bounded, given (22) and the boundedness

of v.

The boundedness of the aforementioned variables implies

that
˙̂
fr and subsequently V̈ = −2∆f̂r[c1

˙̂
fr + c2I(∆f̂r)] are

bounded and thus Barbalat’s Lemma implies V̇ → 0 and

in turn I(∆f̂r), ∆f̂r → 0. Substituting the convergence

results in (9) and (18) we get v → s(r̂)vd and r̂
⊤
s(r) → 0

for limt→∞ |vd| 6= 0 (or for a vd satisfying the persistent

excitation condition) respectively; the latter implies r̂ → r.

Since the estimated direction of the constraint is identified

we get: v → s(r)vd, I(∆fr) → 0 and fr → frd. �

C. Summary and Discussion

The proposed technique is based on a reference velocity

(11) which is decomposed to a feedforward velocity on

the estimated direction of motion and a PI force control

loop on the estimated constrained direction. The estimated

direction is obtained on-line using the update law (22) and

the definition of the radial estimate (10). The use of (22)

and (10) within a typical velocity reference like (11) enables

the proof of the overall scheme stability as well as the proof

that the estimates will converge to the actual values, driving

the velocity and the radial force to their desired values.

Note that the proposed control scheme can be easily

implemented using a very common robotic setup with a

velocity-controlled robotic manipulator with a force/torque

sensor in the end-effector frame. It is also clear that the

proposed method is inherently on-line and explicitly includes

the uncertain estimates in the controller, as opposed to the

state of the art for door opening (as described in Section II),

which assumes that the estimate obtained in each step

is approximately equal to the actual value. The proposed

method can be also combined with off-line door kinematic

estimation; in this case the off-line estimates can be used

as the initial estimates of the estimator (22). However, our

scheme is proven to work satisfactorily even in the case of

large estimation errors, where off-line methods fail. Last but

not least, the proposed method can be also be applied to other

types of robot manipulation under kinematic uncertainties.

We have chosen here the door opening problem since it is

very challenging, but can be described in terms of concrete

motion constraints.

V. EVALUATION USING SIMULATION

We consider a 2 DoF robot manipulator (Fig. 3) which

is modeled after one of the two 7 DoF arms of a semi-

anthropomorphic robot at CAS/KTH, with only 2 DoFs

being actuated while the remaining DoFs are mechanically

fixed. In particular, we consider that the second and fifth

joints are actuated (red cylinders in Fig. 3) and simulate

the case where this 2 DoFs planar manipulator can open

a door through a fix-grasp of the cupboard handle. The

DH parameters of the 7 DoF arm are shown in Table I.

Regarding the kinematic parameters of the door, the center

of rotation si po = [−0.85 0.37]⊤ (m) in the robot world

frame, while the length of the door (from hinge to handle) is

approximately 0.51 m. In the simulation, the motion along

the radial direction is governed by a stiff viscoelastic model

while viscous friction is considered for the rotational motion.

Frame α a θ d

Base 0◦ 0.274 90◦ 0

Base 90◦ 0 0◦ 0

1 0◦ 0 θ1 0

2 −90◦ 0 θ2 + 180◦ 0

3 −90◦ 0 θ3 + 180◦ 0.313

4 −90◦ 0 θ4 + 180◦ 0

5 −90◦ 0 θ5 + 180◦ 0.2665

6 −90◦ 0 θ6 + 180◦ 0

7 −90◦ 0 θ7 + 180◦ 0

Tool 0◦ 0 0◦ 0.42

TABLE I: DH parameters of the 7-DOF arm (using Craig’s con-
vention).

We set the initial estimate of the center of rotation

p̂o1(0) = [−0.85 0.77]⊤ (m) in the robot world frame

which corresponds to the actual center of rotation misplaced

for 40 cm along the x-axis; the initial uncertainty angle

formed between the actual and the estimated radial direction

is approximately 50 deg in this case which is extremely large.

The controller objectives are set as follows: vd = 0.25 m/s

and frd = 2 N. The controller gains are chosen as follows:

af = 1, aI = 0.8, α = 0.6, β = 0.5, γ = 4. Fig. 4 shows the

top view of the manipulator while opening the door while

Fig. 5 depicts the force error ∆fr = fr−frd response as well

as the estimation error variable er = 1− r̂
⊤
r response. Fig.

6 shows the velocity commands expressed in the joint space.

Notice that very fast convergence in approximately 0.5 s is

achieved (Fig. 5), but the demands of velocity (Fig. 6) is

extremely high as compared to the maximum joint velocities

in our experimental setup. (0.7 rad/s)

In the following simulations, we used the gains and con-

sidered the scenarios of Section VI (Experimental evaluation

using Robot Platform). In the first scenario we consider the

initial estimate of the center of rotation p̂o1(0) used before,

by reducing the desired velocity to vd = 0.05 m/s, while in

the second scenario we consider that the center of rotation

is misplaced for 5 cm along the x-axis of the robot world

frame, i.e. p̂o2(0) = [−0.85 0.42]⊤ (m) by setting the desired

velocity to a higher value vd = 0.1 m/s. The force control

objective is set frd = 2 N and the controller gains are chosen
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as follows:

af = 0.1, aI = 0.05, α = 0.001, β = 0.1, γ = 0.5,

for both cases of initial uncertainty. In the latter case, the

initial uncertainty angle formed between the actual and the

estimated radial direction is approximately 5 deg. Simulation

results (force and estimation errors’ responses) are shown in

Fig. 7 and 8 for the case of higher and lower uncertainty

respectively. Notice that the estimation error converges to

zero in approximately 1 s while the convergence of the force

error is slower. Notice also that the overshoot in the force

error is much larger in the case of higher uncertainty (Fig.

7), but as the controller finally tracks the actual direction it

slowly vanishes.

Fig. 3: 7 DoF arm of a semi-anthropomorphic robot at CAS/KTH;
the figure has been digitally enhanced to mark the joints
used for experimental evaluation with red hue
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Fig. 4: Manipulator trace and door’s initial (dashed bold line) and
final(solid bold line) position

VI. EXPERIMENTAL EVALUATION USING ROBOT

PLATFORM

The performance was also evaluated on the real robot

system. We consider the robot and door kinematic setup used

in Section V. The arm is constructed from Schunk rotary

modules, that can be sent velocity commands over a CAN

bus. The modules incorporate an internal PID controller that

keeps the set velocity, and return angle measurements. In this

setup, the modules are sent updated velocity commands at

400 Hz. Angle measurements are read at the same frequency.

The arm has an ATI Mini45 6 DoF force/torque sensor

mounted at the wrist. The forces are also read at 400 Hz in

this experiment. The force readings display white measure-

ment noise with a magnitude of approximately 0.2 N, apart
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Fig. 5: Radial force error (Upper plot) and Estimation Error (Lower
plot) responses - Simulation for p̂

o1
(0), vd = 0.25 m/s
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Fig. 6: Joint velocities’ responses - simulation for p̂
o1
(0), vd =

0.25 m/s

from any process noise that may be present in the mechanical

system. In the experiment, we actuate the second and fifth

joints (red cylinders in Fig. 3), and start the experiment with

the end-effector firmly grasping the handle of a cupboard

door. The cupboard door is a 60 cm width IKEA kitchen

cupboard, with multiple-link hinges, so that the centre of

rotation moves slightly (<1 cm) as a function of door angle.

The handle of the door has been extended an additional

5 cm to accomodate the width of the fingers on the parallel

gripper. The DH parameters of the 7 DoF arm are the same

as in simulation, see Table I. The two different scenarios

based on different initial estimates of the radial direction

(with errors of 50o and 5o, respectively) as well as different

desired force/velocity values (vd=0.05 m/s and vd=0.1 m/s

respectively) are given in Section V along the controller

gains. The same gains as in simulation were used, and these

have not been tuned specifically for the robot configuration

or problem parameters, in order to show the generality of the

approach. Figure 9 shows the robot performing the motion

in the second case, with vd=0.1 m/s.

The experimental results are shown in Figs. 10 and 11 for
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Fig. 9: The robot performing the door opening experiment. vd = 0.1 m/s. The images are taken at t = 0 s, t = 1.5 s, t = 3.6 s, and
t = 5.7 s, respectively.
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Fig. 7: Radial force error (upper plot) and estimation error (lower
plot) responses - simulation with higher error in initial
estimate p̂

o1
(0)

higher and lower uncertainty respectively; both force error

and estimation error converge to zero in approximately 2 s.

In the real experiment, we see larger initial force errors

and slower convergence than in simulation. This is to be

expected, as the real experiment differs from the simulation

in several aspects. The real experiment includes measurement

noise and process noise, as well as communication delays.

Also, since feed-forward position control — not force control

— was used when moving the manipulator into the initial

position, the initial state contained force errors caused by

small position offsets.

VII. CONCLUSIONS

This paper proposes a method for manipulation with un-

certain kinematic constraints. It is inherently on-line and real-

time, and convergence and stability is analytically provable.

The method can be used with any velocity controllable

manipulator with force measurements in the end-effector

frame. In this paper, the method has been applied to the

task of opening a door with unknown location of the hinges,

while limiting the interaction forces.

The method consists of an adaptive controller which

uses force and position/velocity measurements to deal with

the door opening problem in the presence of incomplete

knowledge of the door model. The controller uses an adaptive

estimator of the door hinge’s position to obtain adaptive esti-
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Fig. 8: Radial force error (upper plot) and estimation error (lower
plot) responses - simulation with smaller error in initial
estimate p̂

o2
(0)

mates of the radial direction and to decompose the force and

velocity control actions. The adaptive estimates of the radial

direction are proven to converge to the actual radial vector,

and the convergence of the radial force and the tangential

velocity to the desired values has also been analytically

proven. Simulation results along with an experiment on a

real robot show that the estimates converge to the actual

values even for large initial errors in the estimates, and the

usefulness of the method has been demonstrated. Future

work includes applying the proposed method to a wider

range of domestic manipulation tasks with uncertainties in

the kinematic constraints. Also, including humans in the

loop and addressing human-robot collaborative manipulation

will require extending the treatment to include dynamic

uncertainties, and poses a challenging future problem.
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Model-free robot manipulation of doors and drawers

by means of fixed-grasps

Yiannis Karayiannidis, Christian Smith, Francisco E. Viña, Petter Ögren, and Danica Kragic

Abstract— This paper addresses the problem of robot in-
teraction with objects attached to the environment through
joints such as doors, drawers and cupboards. We propose a
methodology that requires no prior knowledge of the objects’
kinematics, including the type of joint - either prismatic or
revolute. The method consists of a velocity controller which re-
lies on force/torque measurements and estimation of the motion
direction, rotational axis and the distance from the center of
rotation in the case of a hinged door. The method is suitable
for any velocity controlled manipulator with a force/torque
sensor at the end-effector. The force/torque control regulates
the applied forces and torques within given constraints, while
the velocity controller ensures that the end-effector of the robot
moves with a task-related desired tangential velocity. The paper
also provides a proof that the adaptive estimates converge to
the actual values. The method is also evaluated in different
scenarios, typically met in a household environment.

I. INTRODUCTION

A robot operating in a domestic environment needs to

interact with different types of doors, drawers and cupboards:

objects having handles attached to them but also being

attached to the other parts of the environment through joints.

That is, the robot cannot perform a free manipulation on

these but needs to take into account the external joint

constraints. The variation in size, orientation and type of

joints makes it intractable to provide a robot with predefined

kinematic models of all doors it may encounter, and it is

difficult - at times impossible - to observe and estimate the

kinematic structure of a door or drawer before it is opened.

This means that the performance of the task of opening

different types of mechanisms can be significantly improved

if the need to have prior knowledge of the mechanism is

removed. In this paper, we propose a method for smooth,

online opening of doors, drawers, or cupboards, without any

need of prior knowledge of the mechanism.

Research on the door opening problem was formally

initiated in the ’90s with the experimental work on door

opening [1] and a theoretically grounded work [2] proposing

velocity-based estimation for the motion direction in door

opening. Velocity-based estimation has inspired some of the

recent works in opening domestic mechanisms such as doors

and drawers [3], [4]. Velocity-based estimation is inherently

online and allows the opening of a mechanism without

explicit knowledge of its kinematic model or the kinematic

parameters, but the proposed methods suffer from ill-defined

normalization when the velocity is small and estimation lags.

The authors are with the Computer Vision and Active Perception Lab.,
Centre for Autonomous Systems, School of Computer Science and Com-
munication, Royal Institute of Technology (KTH), SE-100 44 Stockholm,
Sweden. e-mail: {yiankar|ccs|fevb|petter|dani}@kth.se

Position-based estimation techniques [5]–[8] that employ

optimization algorithms working on end-effector position

have also been used to estimate geometric characteristics

of the mechanism rather than the motion direction. Since

estimation does not guarantee identification in each control

step, those methods have been coupled with controllers that

provide the system with the proper compliance to absorb

inaccuracies of the planned trajectories. On the other hand,

probabilistic methods that are off-line and do not consider

interaction force issues have been used for more advanced

estimation tasks: in [9], the kinematic characteristics of

complicated mechanisms with more DoFs are learned, while

in [10] state estimation is studied given a detailed model of

the door. Another part of the literature on the door opening

problem exploits advanced hardware capabilities in order to

open a door. In [11], [12], robot compliant behavior has been

used to accomplish the manipulation task without estimating

the direction of motion or the kinematics of the mechanism in

hand. In [13], slowly pulling and pushing in a prior phase is

used to estimate the kinematics of the mechanism by sensing

through tactile sensors the forces exerted on the fingertips,

while in [14], the objective is to exert an impulsive force on

a swinging door.

In Table I, we summarize some defining characteristics

of the door opening methods found in the literature and

compare to the present paper. In the table, the term force

control designates work that explicitly controls or limits

the interaction forces, online, real-time implies that the

method can be used to open a door directly — at human-

like velocities — without any prior learning step, moderate

hardware requirements means that the method can be used on

a simple manipulator with velocity control and a force/torque

sensor, and revolute doors and sliding doors describe what

types of door kinematics that can be handled by the method.

Estimate of constraints indicate methods that produce an

estimate of the current kinematic constraints of a mechanism,

while estimate of geometry indicate methods that produce

an explicit estimate of the geometry of the door mechanics

themselves. Unknown model indicates methods that will

work properly even if the model (type of mechanism, i.e.

revolute or prismatic joint) is not known á priori, and

unknown parameters indicate methods that will work if the

parameters of the mechanism (i.e. hinge position or motion

axis of prismatic joint) are not known á priori. Finally,

proven parameter identification indictates whether proofs are

provided for the convergence of estimations.

In previous work, we have proposed a door opening

control algorithm that produces estimates of the center of



TABLE I : Comparison of related works and this paper.

Publications [1] [2] [3] [4] [5] [6],
[7]

[8] [13] [9] [10] [11] [12] [14] [15],
[16]

our
approach

Force control X X X X X X X X X X X X X
Online, real-time X X X X X X X X X X X X
Moderate H/W Spec. X X X X X X X 1 X X 2 3 4 X X
Revolute Doors X X X X X X X X X X X X X X X
Sliding Doors X X X X X X X X X
Estimate of Constraints X X X X X X X X X
Estimate of Geometry X X X X X
Unknown Model X X X X X X X X
Unknown Parameters X X X X X X X X X X
Proven Parameter Identification X X

1 Multifingered hand with tactile sensors 2 Compliant joints (torque feedback at the joint level) – DLR lightweight robot II
3 Joint compliance by using clutches to engage/disengage motors 4 Use of the humanoid robot HRP-2

rotation for a revolute door, exploits the estimates in the

proposed velocity reference and which is proved to identify

the constraint direction as well as achieve velocity/force

tracking for smooth door opening [15], [16]. The control

scheme assumes a known kinematic model for the door —

revolute — but the center of rotation is considered uncer-

tain. Furthermore, the estimator uses a projection operator

to guarantee well-defined updated estimates; the use of a

projection set constrains the range of uncertainties that can be

dealt with. In contrast to the previous work, we now propose

a control scheme that can deal with both revolute-joint

doors and sliding doors/drawers by constructively utilizing

the fixed-grasp assumption. Furthermore, the design of the

estimator does not require a projector operator; the estimator

produces inherently well-defined estimates that converge to

the actual values. In the following list we summarize our

contribution as compared to the existing literature:

— Our method can be applied to open both rotational and

sliding doors, without requiring ill-defined normalization.

— Our method is not based on unusual hardware capabilities

and can be implemented in any velocity controlled manipu-

lator with a forque/torque sensor at the wrist.

— Our method can be proved theoretically to achieve

identification of the motion direction simultaneously with

force/velocity convergence by explicitly considering adaptive

estimates in the controller design.

The remainder of this paper is organised as follows:

Section II provides description of the notation, system kine-

matics, a preliminary control example and problem formula-

tion. The proposed solution and the corresponding stability

analysis are given in Section III followed by the evaluation

in simulation in Section IV. In Section V the final outcome

of this work is briefly discussed.

II. SYSTEM AND PROBLEM DESCRIPTION

Generally, doors and drawers can be opened by grasping

the handle and moving this along its intended trajectory of

motion, which would be a along a circular path for hinged

mechanisms, or along a linear path for sliding doors and

drawers. In this section we formally define the problem of

door/drawer opening under uncertainty, where the position of

hinges, or direction of possible sliding motion is not known

á priori.

A. Notation and Preliminaries

We introduce the following notation:

• Bold small letters denote vectors while bold capital

letters denote matrices. Underline · , hat ·̂ and tilde

·̃ are used for denoting vectors of unit magnitude,

estimates and errors between control variables and their

corresponding desired values/vectors respectively. ·⊤

denotes the transpose of a vector or a matrix.

• The generalized position of a frame {i} with respect to

a frame {j} is described by a position vector jpi ∈ R
m

and a rotation matrix jRi ∈ SO(m) where m = 2 or

3 for the planar and spatial case respectively. In case

{j} ≡ {B} where {B} is the robot world inertial frame

(located usually at the robots base) the left superscript

is omitted. Each column of jRi is denoted by jxi ≡
R⊤

j xi,
jy

i
≡ R⊤

j yi
, jzi ≡ R⊤

j zi where xi, y
i
,

zi denote the columns of the rotation matrix Ri that

describes the orientation of the frame {i} with respect

to the robot world inertial frame.

• The projection matrix on a unit three dimensional vector

a is denoted by P(a), and is defined as follows:

P(a) = aa⊤

while the projection matrix on a’s orthogonal comple-

ment space is denoted by P̄(a) and can be defined as

follows:

P̄(a) = I3 −P(a)

• We denote with I(b) the element-wise integral of some

vector function of time b(t) ∈ R
n over the time variable

t, i.e:

I(b) =

∫ t

0

b(τ)dτ

• We denote with S(b) the skew-symmetric matrix pro-

duced by b , [bx by bz]
⊤ as follows:

S(b) =




0 −bz by
bz 0 −bx
−by bx 0




in order to perform a cross product operation with any

three-dimensional vector a ∈ R
3 i.e. b × a = S(b)a.



Note that S(b)a = −S(a)b. Note also that ∀R ∈
SO(3) the following similarity transformation holds:

S(Rb) = RS(b)R⊤.

B. Kinematic model of robot door/drawer opening

We consider a setting of a robot manipulator in which its

end-effector has achieved a fixed grasp of the handle of a

mechanism kinematically modeled as revolute or prismatic

joint e.g. a door or a drawer in a domestic environment.

The term fixed grasp describes that there is neither relative

translational motion between the handle and the end-effector

nor relative rotation of the end-effector around the handle.

Let {e} and {h} be the end-effector and the handle

frame respectively. The fixed grasp assumption implies the

invariance of the relative position and orientation of the

aforementioned frames, formally expressed as follows:

eṗh = 0, eṘh = 0 (1)

The two frames are attached on a kinematically known

position e.g. a known point of the end-effector denoted by pe.

However, the end-effector and handle frames are described

by different rotation matrices since they are strictly connected

to the robot kinematics and the door/drawer kinematics

respectively. In case of a rotating door (revolute joint) we also

consider a frame {o} attached at the center of the circular

trajectory of the end-effector while opening the rotating door.

The axis zo corresponds to the axis of the rotation while xo,

y
o

can be arbitrarily chosen (Fig. 1i).

In the following we state a convention in order to define

the frame {h} in both cases of revolute joints (hinged doors)

and prismatic joints (sliding doors, drawers):

Revolute joints:

• Axis zh is equivalent to zo, i.e. zo ≡ zh
• Axis y

h
is the unit vector which is perpendic-

ular to both zh and zo with direction towards

the hinge.

• Axis xh can be regarded as the allowed motion

axis; it can be formed as follows: xh = y
h
×

zh = S(y
h
)zh.

Prismatic joints:

Vector xh denotes the allowed motion axis. Axes

zh and y
h

can be arbitrarily chosen in order to

span the two-dimensional surface to which xh is

perpendicular.

Examples of Fig. 1 illustrate the definition of the {h} axes.

Note that the {h} axes definition is based on door/drawer

kinematics that are uncertain in an unknown environment

(e.g. domestic environment) in which the robot can identify

and grasp handles of doors and drawers but it cannot perceive

the kinematics of their mechanism.

In case of a door kinematically modeled as a revolute joint,

we can define the radial vector –which is parallel to y
h

– as

the relative position of the frames {o} and {e}:

r , po − pe (2)

(i) Rotating door typ-

ically used in do-

mestic environment

between rooms or

for cupboards

(ii) Rotating door typi-

cally used in ovens

or washing machines

(iii) Sliding door

mostly used

for closets

Text

(iv) Drawer

Fig. 1 : Illustrative examples of different types of rotating/sliding
doors and drawers that can be modeled as revolute and
prismatic joints

By expressing r with respect to the end effector frame and

differentiating the resultant equation we get:

Ṙe
er +Re

eṙ = ṗo − ṗe (3)

Notice that eṙ = eṘh
hr + eRh

hṙ = 0 since eṘh = 0
and hṙ = 0 are implied by the fixed grasp assumption. By

substituting eṙ = ṗo = 0 as well as ṘeR
⊤

e = S(ωe) with

ωe being the rotational velocity of the end-effector, we get:

ṗe = S(r)ωe (4)

which describes the first-order differential kinematics of the

door opening in case of a revolute hinge. By multiplying both

sides of (4) with R⊤

e and using the similarity transformation

for the skew-symmetric matrix S(r) we can express the

constraint in the end-effect frame as follows:

v = S(er)ω (5)

with v = eṗe = R⊤

e ṗe and ω = e
ωe = R⊤

e ωe are the

translational and rotational end-effector velocities expressed

in the local frame of the end-effector. By denoting with ℓ
the distance between the end-effector frame and the center

of rotation, the radial vector er can be written as follows:

er = ℓR⊤

e yh
= ℓey

h
(6)

By taking the inner product of (5) with exh and using (6)

we get:

ex⊤

h v = ℓez⊤hω (7)



The remaining constraints, that stem from the fixed grasp

assumption, i.e. v − eṗh = 0 and ωe − ωh = 0, can

be imposed to the end-effector translational and rotational

velocities as follows:

P̄(exh)v = 0 (8)

P̄(ezh)ω = 0 (9)

Notice that one way to express the four constraints imposed

from the equations (8), (9) is the following:

ey⊤

h
v = 0 ez⊤h v = 0 (10)

ex⊤

hω = 0 ey⊤

h
ω = 0 (11)

Constraints (10) and (11) have been derived from (8) and (9)

respectively.

In case of a sliding door or a drawer the fixed grasp

assumption implies that ωe = ωh = 0. Hence, the constraint

(7) related to the rotational motion of the end-effector can

be replaced by:

ez⊤hω = 0 (12)

The remaining constraints [(8),(9) or (10),(11)] remain valid

for the prismatic case as well.

C. Robot kinematic model

In case of velocity controlled manipulators, the robot

joint velocity is controlled directly by the reference velocity

uref. In particular, the reference generalized velocity uref ,

[v⊤

ref ω
⊤

ref]
⊤ ∈ R

6 (vref ∈ R
3 and ωref ∈ R

3 denote the

translational and rotational part respectively) expressed at

the end-effector frame can be considered as a kinematic

controller which is mapped to the joint space in order to

be applied at the joint velocity level as follows:

q̇ = J+(q)Γ(q)uref (13)

with:

• q, q̇ ∈ R
n being the joint positions and velocities

respectively.

• J(q)+ = J(q)⊤
[
J(q)J(q)⊤

]−1
being the pseudo-

inverse of the manipulator Jacobian J(q) ∈ R
6×n

which relates the joint velocities q̇ to the end-effector

velocities [ṗ⊤

e ω
⊤
e ]

⊤

• Γ(q) = diagblock[Re,Re] being a transformation for

mapping the velocity from end-effector frame to the

global inertial frame.

If we consider the typical Euler-Lagrange robot dynamic

model, the velocity error at the joint level drive the torque

(current) controller uτ (t). If we assume a high frequency

current control loop with external forces’ compensators and

weak inertial dynamics, then the kinematic model is valid.

D. Stability of a simple non-autonomous system using a

logarithmic barrier function

In this section we will state and prove a lemma to be used

in the proof of the main result of the paper.

Lemma 1: Consider the state domain D ,
(
−π

2 ,
π
2

)
and

the non-autonomous system (dependent on time variable

and state θ) defined in D and described by the following

differential equation:

θ̇ = −γc(t) tan θ (14)

with γ and c(t) being a strictly positive constant and a non-

negative function of t respectively.

If c(t) satisfies the persistent excitation condition i.e.∫ t+T0

t
c(τ)dτ ≥ α0T0 for some α0 and T0, then θ(t)

converges to zero exponentially, and

θ(t) = arcsin
[
e−γ

∫
t

0
c(τ)dτθ(0)

]
, (15)

Note that a non-negative sinusoidal or step-function satisfies

the aforementioned condition.

Proof: Consider the function U(θ) : D → R
+, given

by:

U(θ) = − ln(
1

γ
cos θ) (16)

Differentiating U(θ) with respect to time and substituting

(14) we get:

U̇(θ, t) = −c(t) tan2 θ (17)

Since c(t) ≥ 0, U̇(θ, t) ≤ 0 which in turn implies U(θ) ≤
U(θ(0)) and θ(t) ∈ D, ∀t for θ(0) ∈ D, we can express the

system using the variable σ = sin θ as follows: σ̇ = −γc(t)σ
and subsequently calculate the analytic solution which is

given by: θ(t) = arcsin
[
e−γ

∫
t

0
c(τ)dτθ(0)

]
which implies

the convergence stated above.

E. Control Objective

Our target is to control the motion of the robot to ma-

nipulate and open an external mechanism, such as a door or

drawer, irrespective of its kinematic structure. In applications

for dynamic unstructured — e.g. domestic — environments,

it is difficult to design á priori the desired velocity satisfying

the constraints imposed by the mechanism. This is due to the

difficulties of identifying the kinematic characteristics of the

mechanism. The execution of a trajectory incompatible with

system constraints gives rise to high interaction forces which

may be harmful to both the manipulated mechanism and the

robot, and does not lead to a successful task accomplishment.

The task can be naturally described in the handle frame,

but the desired variables should be defined at the end-effector

frame to be executable by the robot. Let fd, τ d and vd(t) be

the desired force, torque and velocity expressed at the end-

effector frame respectively. Let vd(t) be the desired velocity

along the motion axis of frame {h}. Then the desired velocity

at the end-effector frame is defined along exh, i.e. vd =
exhvd(t), and the force control objective can be achieved by

projecting the desired force on the orthogonal complement

space of exh (constrained directions) i.e. P̄(exh)fd; a small

valued or zero vector fd corresponds to small forces along

the constraint directions. On the other hand, the desired

rotational velocity can be defined using vd(t) along the axis

d , dezh , i.e. ωd(t) = dvd(t), with:

d ,

{
1/ℓ, for rotational mechanisms

0, for sliding mechanisms
(18)



Note that prismatic kinematics can be approximated by

rotational kinematics using large values of ℓ .

If we denote the total interaction force and torque ex-

pressed at the end-effector frame with f ∈ R
3 and τ ∈ R

3

respectively the control objective can be formulated as:

Problem 1 (Door/Drawer Opening Problem): Design

a velocity control uref such that P̄(exh)f → P̄(exh)fd,

τ → τ d, v → exhvd(t), ω → dezhvd(t), without knowing

accurately the motion axis exh, the corresponding constraint

directions P̄(exh), or the axis of rotation ezh and the

variable d. From a high level perspective, we consider

that the opening task is accomplished when the observed

end-effector trajectory — which coincides with the handle

trajectory — has progressed far enough to enable the robot

to perform a subsequent task, like picking up an object or

passing through a door. Hence, some perception system

observing the progress of the opening of the mechanism is

additionally required to provide the robot with the command

to halt the opening procedure.

III. CONTROL DESIGN

In this section, we will propose a solution to Problem

1 from Section II-E. First, Properties 1 and 2 show that

estimator (25) correctly identifies the direction of motion,

then Theorems 1 and 2 show that a complete solution to the

problem has been proposed in (19)-(25) and (32).

A. Translational velocity reference with torque feedback

Let ex̂h(t) denote the online estimate of motion direction
exh. Dropping the argument t from ex̂h(t)and vd(t) for no-

tation convenience we introduce a reference velocity vector

vref for controlling the end-effector translational velocity:

vref =
ex̂hvd − P̄(ex̂h)vf (19)

where vf is a PI force feedback input defined as follows:

vf = αf f̃ + βfI
[
P̄(ex̂h)f̃

]
(20)

with f̃ = f − fd and αf , βf being positive control constants.

Let θ(t) denotes the angle formed between the actual

vector exh and its online estimate ex̂h which is time-varying.

Given that the estimate ex̂h is a unit vector, cos θ(t) can be

defined as follows:

cos θ(t) = ex⊤

h
ex̂h (21)

In general, an online estimate of the vector ex̂h provided by

an adaptive estimator is not unit but in the following we are

going to design an update law that produces estimates of unit

magnitude. In the following, we drop out the argument of t
from θ(t) for notation convenience.

The velocity error ṽ , v−vref can be decomposed along
ex̂h and the corresponding orthogonal complement space as

follows:

ṽ = P̄(ex̂h)(v + vf ) +
ex̂h (v cos θ(t)− vd) (22)

where v denotes the magnitude of the velocity. In case of ve-

locity controlled manipulators, it is assumed that ṽ = 0 (13)

which implies the following closed-loop system equations:

P̄(ex̂h)vf = −P̄(ex̂h)
exhv (23)

v = 1
cos θ(t)vd (24)

We design the update law for ex̂h as follows:

˙ex̂h = −γvdP̄(ex̂h)vf (25)

The use of the update law (25) is instrumental for the stability

analysis and the convergence proof. Furthermore, update law

(25) has two basic properties:

Property 1: The update law (25) ensures that the norm

of ex̂h(t) is invariant, i.e. starting with ‖ex̂h(0)‖ = 1,

‖ex̂h(t)‖ = 1, ∀t.
Proof: By projecting (25) along ex̂h yields

d
dt

(
‖ex̂h(t)‖

2
)

= −γvd
[
P̄(ex̂h)

ex̂h

]⊤
vf = 0 (since

P̄(ex̂h)
ex̂h = 0).

Property 2: The update law (25) yields the scalar differ-

ential equation (14) with respect to angle θ defined in (21)

with c(t) := v2d ≥ 0, i.e., the estimate converges to the true

vector.

Proof: The second property is proven by projecting

both sides of (25) along exh: Substituting (21) in the left

side of the projected (25) yields:

ex⊤

h
˙ex̂h = d

dt
(cos θ) = − sin θθ̇ (26)

Substituting (23), (24) and ex⊤

h P̄(ex̂h)
exh = sin2 θ in the

right side of the projected (25) yields:

−γvd
ex⊤

h P̄(ex̂h)vf =
γv2

d

cos θ
ex⊤

h P̄(ex̂h)
exh = γv2d sin θ tan θ

(27)

By combining (26) and (27) we get:

sin θ(θ̇ + γv2d tan θ) = 0 (28)

Eq. (28) has a trivial solution θ(t) = 0 and the solution

and the solution given by Lemma 1 in equation (14) with

c(t) = v2d which includes the trivial one.

Using the aforementioned properties of the update law

(25), we can prove the following Theorem:

Theorem 1: Consider a velocity controlled manipulator,

with first order differential kinematics described by (13),

which has achieved a fixed grasp with the handle of a

sliding/rotating door or a drawer.

If the robot is driven by a velocity control input vref (19)

that uses a PI force feedback input vf (20) as well as the

update law (25) to estimate the local motion axis exh, then

a subset of Problem 1 will be solved, i.e., smooth opening

of the moving mechanism will be achieved. Analytically, the

following convergence results are guaranteed: ex̂h → exh,

v → exhvd, P̄(exh)f̃ → 0, given that vd is appropriately

chosen.

Proof: Consider the following Lyapunov-like function:

V = αfβf‖I
[
P̄(ex̂h)f̃

]
‖2 + U(θ) (29)



with U(θ) being defined in (16). By differentiating

(29), adding and subtracting α2
f

∥∥∥P̄(ex̂h)f̃
∥∥∥
2

,

β2
f

∥∥∥P̄(ex̂h)I
[
P̄(ex̂h)f̃

]∥∥∥
2

and subsequently substituting

(23), (24) we get:

V̇ =− α2
f

∥∥∥P̄(ex̂h)f̃
∥∥∥
2

− β2
f

∥∥∥P̄(ex̂h)I
[
P̄(ex̂h)f̃

]∥∥∥
2

−
vd

cos θ
v⊤

f P̄(ex̂h)
exh −

1

γ cos θ
˙ex̂h

⊤exh (30)

In order to cancel out the terms of the second line in (30)

we substitute the update law (25).

Consequently, the derivative of function V (29) along the

system trajectories (23), (24) and (25) is given by:

V̇ = −α2
f

∥∥∥P̄(ex̂h)f̃
∥∥∥
2

− β2
f

∥∥∥P̄(ex̂h)I
[
P̄(ex̂h)f̃

]∥∥∥
2

Hence, V (t) ≤ V (0), ∀ t which implies that I(P̄(ex̂h)f̃ ) is

bounded and that θ(t) ∈ D provided that θ(0) ∈ D (For de-

tails see Section II-D). Consequently, (23), (24) implies that

P̄(ex̂h)vf and v are bounded. Furthermore, the boundedness

P̄(ex̂h)vf implies that the update law rate ˙ex̂h is bounded.

Differentiating (23), (24) and using the boundedness of

I[P̄(ex̂h)f̃ ], P̄(ex̂h)vf and ˙ex̂h, it can be easily shown that
d
dt

[
P̄(ex̂h)vf

]
is bounded. Hence, the second derivative of

V is bounded allowing the use of Barbalat’s Lemma in order

to prove that V̇ → 0 and consequently P̄(ex̂h)I
[
P̄(ex̂h)f̃

]
,

P̄(ex̂h)f̃ → 0. Note that the aforementioned convergence

results are referred to the estimated motion space defined

by ex̂h. By using the Property 2 of the update law, (25)

yields (14) and subsequently (15) that implies the exponential

convergence of θ to zero or ex̂h → exh for vd satisfying the

persistent excitation condition.

B. Rotational velocity with torque feedback

Since the translational velocity is strictly connected to the

rotational velocity, the reference rotational velocity will be

defined using the desired translational velocity vd as follows:

ωref = d̂vd − ωτ (31)

where d̂ is the online estimate of d and it is appropriately

designed as follows:

˙̂
d = −γdvdωτ (32)

and ωτ is a PI torque feedback input defined as follows:

ωτ = ατ τ̃ + βτI (τ̃ ) (33)

The design of the update law (32) is instrumental for the

proof of the following theorem:

Theorem 2: Consider a velocity controlled manipulator,

with first order differential kinematics described by (13),

which has achieved a fixed grasp with the handle of a

sliding/rotating door or a drawer. If the robot is driven by a

velocity control input that consists of both vref (19) and ωref

(31) that uses a PI torque feedback input ωτ (33) as well as

the update law (32) to estimate the vector d, then Problem 1

will be entirely solved, i.e., the following convergence results

–additionally to those of Theorem 1– are guaranteed: τ̃ → 0,

I(τ̃ ) → 0, ω → dvd, for an appropriately chosen vd.

Proof: First, we will reform ωref by adding/subtracting

the term d(v − vd) and using (24) as follows:

ωref = dv + d̃vd − ωτ + d
(
cos θ−1
cos θ

)
vd (34)

with d̃ = d̂ − d. For design purposes we consider the

following positive definite function:

W = ατβτ‖I (τ̃ ) ‖2 +
1

2γd
‖d̃‖2 + ξU(θ) (35)

with U(θ) being defined in (16) and ξ being a positive

constant. By differentiating (35) with respect to time and

substituting ω = ωref given by (34), (17) (for c(t) = v2d),

the rotational constraints (9), (11), and (7) or (12) we get:

Ẇ =− α2
τ‖τ̃ ‖

2 − β2
τ‖I(τ̃ )‖

2 − ω
⊤

τ d
(
cos θ−1
cos θ

)
vd (36)

− ξv2d tan
2 θ + d̃

(
1

γd

˙̃
d + vdωτ

)
(37)

In order to cancel the last term of the right side part of (36)

we set
˙̃
d = −γdvdωτ which corresponds to the update law

(32). By using (32) and the inequality:

ω
⊤

τ d

(
cos θ − 1

cos θ

)
vd ≤

‖ωτ‖
2

4
+ ‖d‖2v2d

(
cos θ−1
cos θ

)2
(38)

we can upper-bound Ẇ (36) as follows:

Ẇ ≤− α2
τ‖τ̃ ‖

2 − β2
τ‖I(τ̃ )‖

2 +
‖ωτ‖

2

4
(39)

− ξv2d tan
2 θ + ‖d‖2v2d

(
cos θ−1
cos θ

)2
(40)

By expanding ‖ωτ‖
2, using (33), setting ξ > ‖d‖2 and after

some trigonometric calculations we get:

Ẇ ≤−
α2

τ

4 ‖τ̃ ‖2 −
β2

τ

4 ‖I(τ̃ )‖2 − ‖d‖2v2d
(
1−cos θ
cos θ2

)
(41)

Since cos θ ≤ 1 and θ(t) ∈ D provided that θ(0) ∈ D
(Theorem 1), the derivative of function W (35) can be upper-

bounded as follows:

Ẇ ≤ −
α2

τ

4 ‖τ̃ ‖2 −
β2

τ

4 ‖I(τ̃ )‖2

Hence, W (t) ≤ W (0), ∀ t which implies that I(τ̃ ) and

d̃ are bounded. Consequently, by using (34) and taking

into account the constraints (9), (11), and (7) or (12), τ̃ is

bounded and hence
˙̂
d is bounded. Using the aforementioned

boundedness results as well as those implied by Theorem

1, it can be easily proved by differentiating Ẇ that Ẅ is

bounded. Hence, applying Barbalat’s Lemma we get that

τ̃ → 0, I(τ̃ ) → 0. Using the aforementioned convergence

results as well as θ → 0, it can be shown that d̂ → d

provided that vd satisfies the persistent excitation condition

and hence ω → dvd.



C. Summary and Discussion

The proposed controller produces local estimates of the

unconstrained motion direction and axis of rotation (in case

of rotational door) using the update laws (25) and (32) re-

spectively. The estimates are used within velocity references

(19), (31) that enforce the robot to move with a desired ve-

locity while controlling forces/torques along the constrained

directions to small values guaranteeing compliant behavior.

The main condition for guaranteed performance is that

the initial estimate is not perpendicular to the true value i.e.

θ(0) ∈ D. A typical example where this condition is not

satisfied could be when opening a drawer with an initial

estimate that it is sliding door (c.f. Fig. 2, cases 4 and 5).

This issue can be overcome by using a moderate deviation in

the initial estimate (see Section IV). The proposed method

alone can not handle the case where the initial estimate is

in the opposite direction of the true value, as this would

generate a closing motion. This can be handled by an external

monitoring system that stops the motion and retries with a

different initial estimate if measured forces are too high,

similar to a human who first pushes a door, and when it

doesn’t open, tries to pull it instead.

By defining the controller in the end-effector frame and

estimating the motion directions locally, the proposed method

is applicable to both revolute and prismatic doors/drawers.

Coupling the estimator with the controller makes the method

inherently on-line, and enables proofs of both the conver-

gence of estimated parameters to true values and convergence

of force/torque errors.

It is trivial to extend the method to produce explicit

estimates of the physical location of the hinge of a revolute

door, as estimates of both radial direction and radial dis-

tance are available. If we make the assumption that a large

enough radial distance (we arbitrarily choose 10 m) implies

a prismatic mechanism, the following steps will identify the

hinge position: Step 1): Assume a rotational mechanism if

‖d̂‖ > 0.1. For ‖d̂‖ < 0.1 we assume a sliding door or

a drawer and do not proceed further. Step 2): Calculate the

estimated radial direction, coinciding with handle frame axis
eŷ

h
, by the outer product of ex̂h, d̂‖d̂‖−1. Step 3): Center

of rotation p̂o is then: p̂o = pe +Re
eŷ

h
‖d̂‖−1.

Note that the proposed control scheme can be directly

implemented on any velocity-controlled robotic manipula-

tor with a force/torque sensor in the end-effector frame.

Implementation on a torque controlled robot may require

the reference acceleration, i.e. time derivative of reference

velocity. Then, force/torque feedback terms vf , ωτ should

only consist of the integral of the force error (projected on the

constrained direction) and the torque, so that differentiation

of noisy force/torque measurements is avoided.

IV. SCENARIOS AND EVALUATION

To demonstrate the generality of the approach, we consider

five different scenarios covering five common cases found

in domestic environments, see Fig. 2. All cases are treated

with the same initial estimates and controller gains. Cases (i)

and (ii) are typical revolute doors with vertical axis, with

the hinge to the left or to the right, respectively. Case (iii)

models a revolute door with axis of rotation parallel to the

floor, such as is common for ovens. The radius of these door

are all set to 50 cm. Case (iv) models a sliding door, and

case (v) a typical drawer. The common initial estimate used

in all cases is that of a prismatic joint, assuming d̂(0) = 0.

The initial estimate of the unconstrained direction of motion

is 30◦ offset from the normal direction to the plane of the

door or drawer. The initial estimates are shown as red arrows,

and the true direction is shown as black arrows in Fig. 2. The

angular values given are the initial errors of the estimates.

The controller gains are chosen as follows: αf = αT = 0.05,

βF = βT = 0.005, γ = γd = 2000. The desired motion

velocity is 5 cm/s, given as vd = 5(1 − e−10t) cm/s to

avoid sharp initial transients.

20 

deg

(i) Revolute door, left

hinge, d = 2

40 

deg

(ii) Revolute door, left

hinge, d = 2.

32 deg

(iii) Revolute door, bottom

hinge, d = 2.

60 

deg

(iv) Prismatic door, d =
0.

30 

deg

(v) Prismatic drawer, d =
0.

Fig. 2 : The five different simulation cases. The angular measure-
ment indicates the initial error. Note that all scenarios are
initialized with the same estimate.

In Fig. 3 - upper plot, the response of the motion axis

estimation errors are shown; convergence to the actual axis

is achieved even for big initial errors. Figure 3 - lower

plot depicts the estimation of the inverse signed distance d
between the end-effector and the hinge; note that distance

parameter estimate d̂ is not modified when the estimate

coincides with the actual parameter and it converges to

its actual value in all cases. Combining estimates of the

modulated rotation axis with the motion axis we can calculate

the center of rotation of the rotational doors in real time;

simulation gives errors approximately 1.4 cm after 1.5 sec, or

opening the door 7.5 cm. Given the threshold of ‖d̂‖ > 0.1,

the revolute doors are identified as such after 0.2 s. Fig. 4

shows the responses of the Euclidian norms of force and

torque errors (ef = ‖P̄(exh)f̃ ‖ and eτ = ‖τ̃ ‖ respectively).

Errors converge to zero following the convergence rate of
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Fig. 3 : Estimation responses, upper figure: estimation error re-
sponse in the orientation of motion axis, lower figure:
response of the inverse distance between hinge and end-
effector. Note that the true values are 2 for cases (i) and
(iii), -2 for case (ii), and 0 for cases (iv) and (v).
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Fig. 4 : Force and torque responses, upper figure: norm of the
projected force error, lower figure: norm of the torque
error

modulated rotation axis and motion axis.

V. CONCLUSIONS

We proposed a unified method for manipulating different

types of revolute and prismatic mechanisms. The method

is model-free and it can be used to identify the type and

the geometrical characteristics of one-joint mechanisms. By

coupling estimation and action the method is inherently

online and can be used in real-time applications. The method

consists of a generalized velocity controller using estimates

of the local motion direction, the axis of rotation and update

laws for the estimated vectors. The design of the overall

scheme guarantees compliant behavior and convergence of

the estimated vectors to their actual values. Current work

includes the integration of the proposed method with the

vision based handle and door detection as well as long term

experiments in domestic environments.
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