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Executive Summary
The RAMCIP project is part of the HORIZON 2020 research and innovation
programme launched by the European Union in order to develop a service robot for
supporting elderly patients with early stages of Alzheimer disease (AD) or mild
cognitive impairment (MCI). This deliverable reports the results of the task T5.4
“Dextrous manipulation of hinged objects” which focuses on opening and closing
doors and drawers in household environments. This deliverable contributes to WP5
which overall develops and implements control strategies for “Advanced grasping
and manipulation” capabilities. In particular, the envisioned RAMCIP use-cases
require the robot to perform various object manipulation tasks in different areas of
typical household environments.
Often, a motion of a hinged object is constrained to the ground (e.g., a wall) with
one degree of freedom available to change the state of the object. Manipulation of
a hinged object is particularly challenging, as model-based knowledge about the
object are often imprecise for a position-based controller. Thus, the state of art
implementation uses a force-based controller to cope with the imprecision of the
robot trajectory. However, these approaches commonly rely on the assumption of
a fixed contact between the robot’s end-effector and the handle to ensure stable
force measurements. In many cases, however, this assumption does not hold as
end-effectors have force and geometric limits, such that a rigid connection between
the manipulator and the handle cannot be achieved and slippage may occur during
manipulation. Thus, we had designed our controller by estimating the
manipulability to identify the path to follow during manipulation of hinged objects.
Namely, our controller is adapted by designing and implementing a robust method
for estimating the manipulability and use it to identify the manipulation trajectory
of hinged objects. We implemented a Kalman-filter to merge force- and kinematicbased methods with a model-based approach to maximise its performance. An
evaluation on a 7-DoF admittance controlled robot arm and a cupboard was
performed. Furthermore, the advances of all estimation methods were analysed
and reported.
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1. Introduction
1.1 Scope of the deliverable
The RAMCIP project envisions a domestic service robot that assists daily activities
of elderly with a particular focus on those suffering from mild cognitive deficits
(MCI) and early-stage Alzheimer disease (AD). This deliverable is part of the results
of Work Package 5 (WP5) which develops grasping and manipulation strategies to
fulfil envisioned Use Cases. In particular, this deliverable reports the results of Task
5.4 (T5.4) which served to develop a control strategy for manipulating hinged
objects such as drawers in the home. Typically, a motion of a hinged object is
constrained to the ground (e.g., a wall) with one degree of freedom (DoF) available
to change the state of the object (e.g., open/close). Manipulation of a hinged object
is particularly challenging, as model-based knowledge about the object are often
imprecise for a position-based controller. Thus, the state of art implementation
uses a force-based controller to cope with the imprecision of the robot trajectory.
However, these approaches commonly rely on the assumption of a fixed contact
between the robot’s end-effector and the handle in order to ensure stable force
measurements. In many cases, however, this assumption does not hold as endeffectors have force and geometric limits, such that a rigid connection between the
manipulator and the handle cannot be achieved. As a consequence, slippage may
occur during manipulation, and the force measurements become corrupted. In this
deliverable, therefore, we advance our controller by designing and implementing a
robust method for estimating the manipulability and use that to identify the path
to follow during manipulation of hinged objects. In addition, we propose methods
for monitoring the status of the manipulation process in order to define and
implement stopping conditions for the manipulation. The details of the underlying
approaches, their unification methods and the evaluation results are documented
in this deliverable. In addition, we contrast our controller and hardware
specifications to the hinged object databases typically available in home
environments to illuminate its functional capability and applicability for serving
domestic hinged objects.

1.2 Relation to other deliverables
This task is crucial for performing fetch-bring tasks with the RAMCIP robot in
household environments. The robot should therefore be able to e.g., leave the room
or to extract objects placed inside a cabinet or a drawer. In order to successfully
open or close a hinged object, we first need to identify and locate the object to
manipulate. Naturally, this happens prior to grasping and a remote sensing
capability such as the visual system plays an important role. Thus, in order to locate
a task-relevant hinged object including the corresponding handle, we use the
sensing capability hosted in the environment monitoring modules which results are
reported in D3.1 “Modelling and monitoring the home environment”. In addition,
this module will also provide an initial estimate of the manipulable direction and
the hinge position. These estimates serve to predict the opening/closing trajectory
offline. This model-based knowledge will then be merged during operation with
online estimates based on kinematic measurements of the manipulation system.
Once a hinged object is located, the robot needs to navigate to an appropriate
position and reach to the handle using a Cartesian control scheme developed in
T5.1. Under this task, a suitable platform motion is also performed during operation
to optimise the workspace of the robotic arm. This motion is compensated for in
the arm motion, such that the Cartesian end-effector trajectory remains unchanged
December 2016
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when contacting a hinged object. Subsequently, the handle is grasped based on
the methods developed in T 5.2 and reported in D5.2 “Grasp initialization and
stabilization”. The quality of the grasp strongly influences the methods that can be
applied as the occurrence of slippage between end-effector and handle during
operation makes various state-of-the-art methods fail, as they often rely on a fixed
grasp. A combination of the geometry of the RAMCIP hand and limitations on
grasping forces do not allow for fixed grasps in all cases and raise the need for
more robust approaches. Thus, a solution developed in the present deliverable are
also influenced by the design of the hand which is performed in the course of T7.2
and reported in D7.4 “The RAMCIP hand - v1” and D7.7 “The RAMCIP hand – v2”.
When the hinged object is manipulated, our approach relies on the compliant
control scheme to track the trajectories generated based on the estimation about
the manifold of the hinged object. The compliance control is implemented as a
Cartesian admittance control which is based in a force-torque sensor mounted on
the wrist of the robot. This control is a result of T5.1 and reported in D5.1 “Reaching
objects with safety”. The compliant behaviour of the manipulator is crucial to reduce
the external forces exerted on both robot and the hinged object, as minor
deviations between estimation and ideal direction of motion will always occur due
to the sensor noise and the limited accuracy of the vision system.

1.3 Deliverable structure
In Section 2, we review the state of art control methods for manipulating hinged
objects and show how the RAMCIP robot makes advances. Section 3 describes
relevant RAMCIP sub Use Cases and hinged object typically present in domestic
environments. Section 4 details control schemes serving for hinged object
manipulation. Section 5 presents estimation methods of internal dynamics of the
hinged objects through position and force sensing capabilities of the RAMCIP robot.
Section 6 focuses on Kalman filter method to merge three types of identification
methods described in the previous section. Section 0 presents the algorithm for
deriving appropriate motion profile. The proposed methods are evaluated in
Section 9. The deliverable concludes in Section 10.
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2. Related work
2.1 Manipulation of hinged objects
Typically, domestic hinged objects, such as doors and drawers are manipulated
along their one-dimensional manifold; a door opens along a circular trajectory
around the hinge or a drawer opens along a linear guide. In a domestic
environment, types and precise sizes of hinged objects vary widely and the RAMCP
control scheme needs to host a capability to execute a safe and appropriate motion
in the absence of knowledge about the object or when the model-based knowledge
is inaccurate. Thus, our control scheme is designed to cope with objects with
different internal kinematics in a unified approach. To structure and classify the
state-of-the-art methods in hinged object manipulation, we distinguish them into
the variables (1) online<->offline and (2) model-based<->model-free, where
online methods estimates the manipulability of the hinge during operation and
model-based indicates an underlying kinematic or dynamic model. As the offline
methods are bound to a model-based knowledge, these variables leave us to three
categories; model-based offline, model-based online and model-free online
methods.
Model-based offline methods:
The model-based offline methods rely on pre-existing model knowledge about the
hinged object to plan and control the end-effector of the robot. For instance,
Klingbeil et al. proposed a method [1] that relies on the vision-based identification
of key features of door handles such as a grasping point on the handle and an
approximation of the motion direction for manipulating a door. By using the model
knowledge, circular trajectories are planned offline for pressing the handle and
opening the door. By default, this type of methods do not adapt the trajectory and
the trajectory is derived exclusively from the vision-based object model. Namely,
its performance is strongly dependent on the accuracy of the vision. Furthermore,
this approach does not regulate forces during the task, and it may cause damage
to either the door handle or the end-effector itself when the estimation method is
error-prone.
In [2], Endres et al proposed a method to perform accurate pushing motions with
a mobile manipulator in order to open a door. The main idea behind their approach
is to identify the dynamics of the door in terms of supervised and probabilistic
learning. More specifically, a Gaussian process regression is applied to fit a
probabilistic model which represents dynamics of the door including friction. Based
on this estimation, pushing motions are planned and executed, such that the door
stops at a certain target opening angle. The clear advantage of this approach is
that the manipulator’s motion is never constrained to the typical 1-DoF manifold of
a hinged object. As a drawback, as soon as the door is pushed, there is no additional
control of the door motion or the forces transmitted to the door. Thus, the robot,
for example, could hit a human standing behind the door without noticing. In
addition, the learned models are specific to individual doors and they need to be
trained again for each door specification, such that much data would be needed
before operation in uncontrolled environments such as a user’s home.
In [3], Lee et al. describe a control scheme for a humanoid robot with passively
compliant joints based on the principle of impedance control. More specifically, their
methods define a desired Cartesian impedance for the door opening task such that
the end-effector is controlled stiff in the manipulable direction and compliant in the
December 2016
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tangential direction. Using an optimisation approach, the Cartesian impedance is
mapped to the joint-space to modulate the time varying impedances in the elastic
joints of the robot. In order to open a hinged object, a vision-based estimation of
the door kinematics serve to offline planning suitable for trajectories that are
represented in terms of the minimum jerk trajectory. As a drawback of the
approach, trajectories are not adapted online in reaction to possible errors in the
estimations. Furthermore, it requires series elastic actuators, and the approach is
not directly applicable to the robot devices which have rigid joints and where
compliance is purely active (e.g., the RAMCIP robot) although replacing passive by
active compliance in terms of force control is feasible.
Model-based online methods:
A model-based approach to manipulation of an initially unknown hinged objects is
presented in [4]. The approach was refined in [5] and [6] using equivalent key
assumptions; a fixed contact between the end-effector and the handle of the hinged
object. Their methods derive estimators for the kinematics of radially manipulable
objects defined in terms of the position of the hinge relative to the robot’s endeffector and a radius. These estimators are based on the external wrench exerted
to the end-effector only and are meant to converge to the object’s internal
kinematics by applying a proportional-integral (PD)-like update law. Based on the
estimated kinematics, the direction of motion is determined to perform a hybrid
force-velocity control which split into radial and tangential behaviours, respectively.
This procedure accomplishes a complying force-follow behaviour perpendicular to
the manipulable trajectory, and velocity tracking in the direction of motion. The
illustrated hybrid control scheme, that splits the control strategy based on the
estimated direction of motion, can be considered as a standard approach to
manipulation of hinged objects as various other methods apply similar controls for
task execution [7]–[10]. In order to cope with the problem of opening a door with
a mobile manipulator, furthermore, Peterson et al. design a holistic approach in
[11] in the form of a hybrid dynamical system that switches event-triggered
between different control concepts. Their approach allows decomposing the task
into sequential steps as e.g., finding the door handle, grasping, and opening.
Model-free online methods:
The approach for manipulation of hinged objects described in [9] assumes a fixed
grasp between the robot’s end-effector and the handle of the hinged object. A rigid
hinge mechanism forces the end-effector on a 1-DoF trajectory. Initializing with an
attempt to move in an arbitrary direction in the correct half-plane, the robot will
start to move along the trajectory. A valid estimation for the manipulability of the
hinged object is thus the end-effector velocity, as long as the robot motion exceeds
a minimum absolute velocity. To cope with sensor noise, Lutscher proposes to
normalise a moving-average-filtered version of the velocity signal to obtain an
estimate of the manipulability. This estimate serves to project both velocity and
external forces transmitted to the end-effector in tangential and perpendicular
directions, allowing to calculate set-points that comply with perpendicular forces
and track a desired velocity in direction of the manipulability in a hybrid approach.
This idea was extended in [8] and [7] to incorporate tracking desired contact forces
with the end-effector which may be necessary when e.g., keeping pressed a roomdoor handle. Both doors and drawers can be handled with this approach. However,
lacking an initial model knowledge about the hinged object, neither object
kinematics nor dynamics can be identified with this approach. Another shortcoming
is the approach’s sensitivity to slippage between end-effector and grasping points
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which limits the application of this method for domestic uses; once slippage started,
the end-effector velocity is no longer a valid representation of the object
manipulability and the robot will start moving actively in the direction of slippage,
potentially losing grasp of the handle.

2.2 RAMCIP advances
The present deliverable details a control scheme applied for hinged object
manipulation following grasping. After starting a motion in an initial direction, the
surpassed end-effector trajectory is sampled and the underlying object’s state is
estimated based on the least squares regression. With the resulting estimate, the
desired direction of motion is determined as the tangent to the estimated object’s
DoF. In accordance with a majority of model-based online methods, a hybrid control
scheme is designed by implementing a force-cancelling behaviour in manipulable
and a velocity tracking behaviour in the tangential directions, respectively. In
addition, a suitable platform motion is performed during operation to optimise the
workspace of the robotic arm. This motion is compensated for in the arm motion,
such that the Cartesian end-effector trajectory remains unchanged.
A key to successful manipulation of a hinged object with a robotic manipulator is to
accurately characterise object’s DoF. Most state-of-the-art approaches do this
either offline, based on vision or online based on proprioceptive sensing of the
manipulator. The latter approaches rely on the fixed grasp assumption which
reduces the problem to 1-DoF manifold that can be estimated and followed during
manipulation. We show that this assumption does not hold in various real life
scenarios and that more robust methods are necessary to cope with temporary
slippage between the end-effector and the handle of the hinged object. The key
idea of our approach is to combine the strength of multiple estimation methods by
applying principles of sensor fusion.
An offline vision-based estimate for example is independent of slippage during
operation but might show errors due to the limited accuracy of the camera and
image processing methods. On the other hand, online methods can react to errors
and quickly correct their estimate for the manipulability. Nevertheless, these
methods are prone to slippage and their validity strongly depends on a rich enough
robot motion (mainly in terms of velocity). For these reasons, our method uses a
combination of three estimates for the door kinematics, each of them stemming
from different sources. A vision-based estimate of the hinge position is fused with
a velocity-based estimate and a third estimate derived from least squares
regression of a circle fitted to the sampled end-effector trajectory. The fusion is
conducted using a Kalman-filter, giving us a robust estimation on the one hand and
the level of uncertainty in terms of the covariance matrix on the other hand. Based
on this enhanced measure of the manipulability, we generate valid trajectories even
in case of temporary slippage of the end-effector. The trajectories comply with
unnecessary forces and can be executed by any compliant control scheme. For this
purpose, we apply the admittance-type Cartesian control developed in the scope of
T5.1 and reported in D5.1.
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3. Use cases and hinged objects data base
This section describes the relevant use cases involving hinged object manipulation.
Due to the hardware and control limitations, the RAMCIP robot may not be able to
cope with all the variations of the objects (Figure 1). Thus, in this section, we
describe object specifications that may be present in typical household
environments and appropriateness to the RAMCIP robot.

Figure 1. An illustration of a domestic kitchen (www.ikea.com). Hinged object with
different manipulability are shown in colours.

3.1 Relevant use cases
A list of Sub Use Cases (SubUC), involving hinged object manipulation are shown
in Table 1. The target objects mainly concern switches (stove and light) and doors
for drawers, cupboard and refrigerators all of which vary in size, weight and
manipulability. Accordingly, the next section details variations in specifications of
these objects which are available in typical household environments.
Table 1. A list of SubUC, involving hinged object manipulation.
Use Case

Task

Action

Object

SubUC2.1

Assist in turning off electric
appliances

The robot turns the
induction/electric stove off

oven top knob

SubUC2.2

Turning on the light

The robot manipulates the light
switch to turn on the light

light switch

SubUC2.3

Detection of improperly placed
objects

The robot brings the object to
its proper place

cupboard,
drawer

SubUC2.4

Detection of unknown
persons/strangers

The robot opens the door

door, handle

SubUC4.1

Proactive/on demand bringing of
food ingredient or a utensil

The robot brings the needed
ingredient from the cupboard to
the user

cupboard

SubUC4.2

Assistance upon detection of
abnormalities related to electric
appliances during cooking

RAMCIP robot to close the fridge
door

refrigerator

SubUC5.2

On demand bringing of e.g. bottle
of water

RAMCIP robot brings the bottle
of water from the fridge

refrigerator
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Figure 2. Illustration of the RAMCIP robot, performing a hanged object
manipulation in a Pilot testing site (LUM kitchen). The image shows the RAMCIP
robot opening the door as in SubUC4.2 and SubUC5.2.

3.2 Commercial hinged objects for domestic use
Oven top knob. By large, the open top handles have circular base with a
longitudinal gripper. The handles might be located on the top surface or front panel
of the oven. In the case where, the robot needs to turn off the gas/electricity, the
turning direction (e.g. turning right or left) needs to be defined at the high level
module since it cannot be known at the low level; turning to the wrong direction
will increase the gas/heat instead. Induction hobs are typically not operated with a
handled switch, but they have a control panel.

Figure 3. Types of oven top switches. Typically, a series of oven top knobs are lined
on the front surface or on top of the oven. A control panel of induction hobs with
cannot be operated by the RAMCIP hand.

Light switches. Light switches mainly come in five forms. Typically, a binary
switch comes in a form of rocker style or push button. For some lights with which
the ambience can be controlled, a toggle style dimmer switches may be found. In
recent years, a touch switch based on a piezoelectric sensor has emerged in the
market.
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Table 2. An example of light switches available for home use
Type

Product

action

Rocker style

Lutron DV-103P-WH

press (high / low)

Push button

Lutron S-603PGH-WH

push

Toggle (round)

Leviton 6616-1XI

rotate

Toggle (vertical)

Lutron SCL 153PH WH

up – down

Soft touch

Retro Touch RTS2040D

touch (not a hinged object)

image

Door knob and drawer handle. There are a numerous variations of door/drawer
knobs/handles available in the market. The handles may be used to release the
lock, or hand placement for pushing/pulling doors without a lock. Almost
exclusively, the operational handles have one rotational DoF. Typically, the size of
the door knobs are around 50 mm in diameter. The handle is roughly 10-15 mm in
diameter and 100 mm in (graspable) length. The finger clearance of the handles
are in the range of 35 – 45 mm. The surface materials and colours of the handles
are highly variable by design, including stainless, aluminium, and plastic, which
influence the friction at the grip and detectability by the vision system. Various
national safety regulations recommend the height of door handles. For example, in
Ireland, the Technical Guidance Documents from the Department of Environment
states that the door handle should be between 800 mm and 1050 mm above the
floor. Another equivalent is the Australian Standard AS 1428.1 (Design for access
and mobility, Part 1: General requirements for access) which recommends between
900 mm and 1100 mm above the floor.

December 2016

16

TUM

Deliverable D5.4

Dissemination Level (PU)

643433–RAMCIP

Figure 4. Examples of door handles and finger clearance specification (mm).

Table 3. Examples of drawer knows/handles available for home use
(https://www.leroymerlin.pl). The objects are listed with their width, height,
depth, finger clearance and materials.
Width
[cm]

Height
[cm]

Depth
[cm]

Spacing
[mm]

Material

4,5

4,5

3,1

-

wood

Uchwyt meblowy 64MM

7,6

1

3,2

64

steel

Uchwyt meblowy S50-096

11,2

1,6

3,1

96

wood

Uchwyt meblowy M-C623.G6

11,5

0,9

2,4

96

aluminium

Uchwyt meblowy 96MM

10,5

1

3,2

96

steel

Uchwyt meblowy M-C983.TL2

11,6

1,8

2,6

96

plastic

Product

image

Round knob

Gałka meblowa R-0434-44

Longitudinal
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Uchwyt meblowy UX04

14,7

1,7

2,8

128

plastic

Uchwyt meblowy 128MM

13,2

1

3,2

128

steel

Uchwyt meblowy M-C984.TL2

14,8

1,8

2,7

128

plastic

Uchwyt meblowy UX03

19,9

1

2,7

160

plastic

Uchwyt meblowy M-C985.TL2

18

1,8

2,7

160

plastic

Uchwyt meblowy M-C1146.G5

20,3

0,9

3

192

aluminium

Uchwyt meblowy UA337

23,9

2,5

2,8

224

aluminium

Uchwyt meblowy AA04

24,4

1,7

3,6

224

aluminium

Uchwyt meblowy RS 304

30,5

1,2

3,1

224

steel

Uchwyt meblowy UZO256PR-01 GTV

27,1

3,1

3,1

256

aluminium

Uchwyt meblowy UZROS256-20 GTV

28

4,15

3,96

256

glass

Uchwyt meblowy R-1926256

27,6

1

2,6

256

wood

Uchwyt meblowy UA337

33,5

2,5

2,8

320

aluminium
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Doors. The door size ranges across
homes and their usages (e.g. indoor vs.
outdoor doors), and countries they are in.
The variations in the thickness and length
are small, and their typical sizes are 35
mm and 1981 mm, respectively. The door
width varies more widely. The smallest
door panel can be 381 mm for bi-fold
doors, and the largest door can be nearly
4000 mm. According to the number of
door types available in a single furniture
store (http://www.doorsworld.co/, UK),
the most common door width is 762 mm.
The ranges of the door size is as follows. Figure 5. A histogram of door width




found
in
a
commercial
(http://www.doorsworld.co/)

width: 381 – 3774 mm
thickness: 25 – 54 mm
length: 1981 – 2040 mm

store

These observations indicate that synergy between the platform, arm and the
hand is required for the RAMCIP system to open a typical household door by 90
degrees. The weight of the object changes as functions of size and materials.
Assuming that the door is in the most common size (1981 x 381 x 35 mm), the
door weight should vary between 14.8 kg (Hollow core) to 36.8 kg (Oak).
Table
4.
Average
door
weight
(http://www.stanleydoorhinges.com/)

(kg/m2)

for

different

materials

Door thickness (mm)
Material

35

44

51

19.5

24.4

31.7

-

24.4

-

Hollow core

9.8

12.2

-

Solid core

17

22

25.6

Mineral Core

17

19.5

-

Hollow metal
Kalamein

Pine

14.6

17

19.5

Oak

24.4

34.2

39

Ash

19.5

24.4

29.3

Fir

14.6

17

19.5

Birch

20.8

26.9

30.5

17

22

25.6

Mahogany

As the RAMCIP system is a one-armed robot, subsequent actions to opening a
door/drawer become impossible unless the door stays stationary after opening it.
Thus, a door closer or self-closing hinges cannot be used for tasks such as taking
an item from a drawer or a refrigerator. Furthermore, for those tasks, a robot hand
must be free before closing the door/drawer so extra steps of actions are required
between the two processes; delivering the object to the user first or temporarily
placing it somewhere else. The self-closing doors may be used if the task is for
directly assisting a human (e.g., opening a door for a visitor). In all hinged object
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manipulation tasks, opening a key-locked door is not considered in the RAMCIP
scenario.






The grasping handle should have the finger clearance of at least 20 mm.
The object should not require more than 20 N to manipulate.
Objects should not be transparent, opaque, or reflective
Objects should not be self-closing
Objects should not be key-locked

Drawer / Cupboard / Refrigerator. The doors of a drawer, cupboard and
refrigerator are considerably smaller and lighter than the doors in a hallway. Their
sizes and manipulability vary significantly by design. However, the majority of the
hinged object remains to have one DoF, which are manipulated either in a radial
motion around a circular hinge or linearly through a linear guide (Table 5).
Table 5. An example of drawer, cupboard and refrigerator available in the market
and their specifications. All objects have one DoF of either linear or radial motion.
Product

Type

Motion
range
[cm]

IKEA
MAXIMERA

Drawer

54.2

IKEA AVKYLD

Refrigerator

42.4

IKEA
TILLREDA

Refrigerator

IKEA FLÄDIE

IKEA
VEDDINGE

December 2016

(door)
weight
[Kg]
7.38 9.51

Max Load
[Kg]

DoF

25

linear
guide

Not
available

Not
available

circular
hinge

37.1

Not
available

Not
available

circular
hinge

Cupboard

31.1

4

-

circular
hinge

Cupboard

46.9

6.05

-

circular
hinge
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4. Control architecture for manipulation of hinged
objects
This chapter serves to give a general overview on the overall control structure of
our approach which splits into estimating the object kinematics, determining a valid
and compliant trajectory and finally performing the desired motion with the robot.
The components briefly introduced and described in this chapter serve as an outline
for the following chapters where the functionality of each component is explained
in more detail. To approach the chosen control structure we start from
schematically showing the problem we cope with in Task 5.4. In order to be a useful
help in a household environment, the service robot RAMCIP needs to be able to
operate doors and drawers e.g. to fetch objects for the user. The envisaged
scenarios are depicted in Figure 6. The characteristic directions of manipulability of
doors and drawers are indicated in green.

Figure 6. Envisaged scenarios in T5.4, opening doors and drawer while minimising
unnecessary high forces perpendicular to the constraint enforced by the hinge
kinematics.

Figure 6 shows a robot grasping the handle of a hinged object that needs to be
operated along the 1-DoF trajectories (green arrows). In addition, the illustration
shows unnecessary and undesired interaction forces that are indicated with red
arrows. These forces act in perpendicular direction to the DoF of the object and
may cause undesired effects such as slippage or a rise of the internal force. They
represent unnecessary loads to the robot and should be minimised for smooth and
safe manipulation of the object. In order to decompose these perpendicular forces
from the observed force at the end-effector, it is crucial to have a valid estimate
for the manipulability which enables us to split measured external forces into
parallel and perpendicular components. The details on how we obtain this estimate
are explained in Chapter 5. Based on this estimation, we determine a trajectory
that follows the manipulability while being compliant to perpendicular forces. We
then execute a desired motion with an admittance-type Cartesian control to follow
through the object’s DoF. The overall structure of our approach is illustrated in
Figure 7.
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Figure 7. Trajectory generation and control structure for the manipulation of
hinged objects. The object’s kinematics are estimated both off- and online and
multiple estimates are fused to obtain a robust estimate of the manipulability with
regard to sensor noise and slippage between the end-effector and the object
handle.

Indicated in green, Figure 7 shows three different sources for estimation of the
object DoF, giving us estimates for the kinematics of the object. The first estimate
is retrieved from a filtered and normalised version of the end-effector velocity which
provides valid estimations as long as a fixed grasp is ensured. A camera-based
approach allows us to make use of image processing methods developed in T3.1 to
identify the position of the hinge. Especially at the start of the motion, this will be
valuable as the other methods can use this information to initialise their estimators.
The third method performs a least-squares regression to fit a trajectory onto the
sampled recorded trajectory. Even with a temporary slippage, this method yields
sufficient results and improves with observed motion, making it more valuable
towards the final phase of the motion. These components, for an example of radial
DoF manipulation, each estimating the centre of the hinge c, are fused in terms of
a Kalman-filter which is drawn in blue. The fusion is then performed to robustly
derive the direction of motion and to decompose external forces to obtain a
compliant trajectory along the objects manipulability. The admittance control
executes the trajectory on the robot and the measured signals during manipulation
close the loop of our approach, namely the end-effector wrench and pose.

December 2016

22

TUM

Deliverable D5.4

Dissemination Level (PU)

643433–RAMCIP

5. Estimation of manipulability and kinematics
In order to open or close a hinged object, it is crucial to identify the underlying
trajectory to follow. Humans naturally use a broad combination of senses, reaching
from vision over prior experience, haptic interaction wrenches and the observed
actual motion during operation. Inspired by these observations, we argue that a
robust and powerful method does not rely on a single source of information but
rather finds a good solution considering a combination of approaches by playing
with the strength of each approach. More specifically, we propose to use three
methods to obtain an estimate. As an illustrative example of a manipulation of a
drawer with a circular hinge, the system requires to estimate the position of the
hinge denoted by 𝒄. Two methods are explained in the following sections 5.1-5.2
while the third and vision-based method is reported in D3.1.

5.1 Velocity-based estimation
This estimation method is based on the idea presented in [9]. As long as the grasp
of the door handle is fixed and the manipulator is moving at a sufficient speed, the
measured direction of motion of the end-effector yields a valid estimate for the 1DoF manifold of the hinged object. To cope with sensor noise, the translational endeffector velocity 𝒙̇ 𝐸𝐸𝐹 ∈ ℝ2 , which is assumed to be planar at this point, is filtered
using a simple moving average filter according to
𝒙̇ 𝑴𝑨 =

𝒕
𝟏
∫
𝒙̇
𝒅𝒕
𝑻𝑴𝑨 𝒕−𝑻𝑴𝑨 𝑬𝑬𝑭

(1)

where 𝒙̇ 𝑀𝐴 ∈ ℝ2 denotes the filtered end-effector velocities and 𝑻𝑀𝐴 is the window
size of the filter. We can now obtain a unit length estimate for the direction of
motion 𝒅𝑣 ∈ ℝ2 with |𝒅𝒗 |𝟐 = 1 by normalizing the obtained velocity,
𝒅𝒗 =

𝟏
𝒙̇
|𝒙̇ 𝑴𝑨 |𝟐 𝑴𝑨

(2)

with |𝒙̇ 𝑀𝐴 |2 denoting the Euclidean vector norm. The subscript 𝑣 indicates quantities
that derive from the velocity-based estimate described in this section. In the
following we use 𝒅𝑣 to infer about the position of the hinge. The estimated direction
of motion and the current end-effector position 𝒙𝐸𝐸𝐹 define a plane that supposedly
contains the approximated centre of the hinge 𝒄𝑣 . This scenario is depicted in Figure
8.
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Figure 8. Velocity-based uncertain estimation of the direction of manipulability 𝒅𝒗
and the hinge position 𝒄𝒗 in a door opening scenario. From the direction estimate,
we get information about the hinge position in one direction only. The orange
gradient indicates the variance of this information.

The dashed line represents the plane in which we assume the hinge centre point 𝒄𝑣
to lie. Indicated by the orange gradient variance, this estimate is uncertain. We can
only obtain information in the direction 𝒅𝑣 which is the normal to the plane. From
velocities only, we cannot reason about where on this plane the hinge lies which
means that in the directions perpendicular to 𝒅𝑣 the variance of our estimation will
be infinity. In direction 𝒅𝑣 , we assume a normal distribution with variance 𝜃𝑣 ∈ ℝ
on the distance of the real hinge position 𝒄 to the plane. We need the variance as
an input to the Kalman-filter described in Chapter 6 together with the estimate 𝒄𝑣 .
As the information we retrieve is one-dimensional, we can choose any point on the
plane defined by 𝒙𝐸𝐸𝐹 and 𝒅𝑣 . For the sake of simplicity, we chose the current endeffector position to be our estimate.
𝒄𝒗 = 𝒙𝑬𝑬𝑭

(3)

This estimation method yields better results for higher velocities |𝒙̇ 𝑀𝐴 |2 and while
for |𝒙̇ 𝑀𝐴 |2 → 0 the direction estimate becomes invalid and the approach does not
provide any information about the hinge position. We take this into account in terms
of the design of the variance which we propose to choose as
𝑷𝒗 = 𝒌𝒗 |𝒙̇ 𝑴𝑨 |𝟐 ,

(4)

where 𝑘𝑣 ∈ ℝ, 𝑘𝑣 > 0 is a positive constant. A short-coming of this method is that it
is prone to slippage along the object handle as this will add a component to the
velocity of the end-effector that might not be tangential to the trajectory to follow
as depicted in Figure 9.
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Figure 9. Velocity based estimation of the manipulability prone to slippage between
the end-effector and the handle.

The erroneous direction estimate consists of a motion along the manipulability of
the hinged object and a motion along the geometry of the handle. To cope with this
problem we merge the velocity based estimate with both the regression based
estimate from Section 5.2 and a vision-based estimate which are less and not prone
to slippage, respectively.

5.2 Regression-based estimation
Besides the velocity-based estimate from the previous section, we define an
estimation which uses position data only and by that is less prone to slippage along
the object handle. The idea of this approach is to sample the surpassed trajectory
of the end-effector in the horizontal plane to obtain the set of points {𝒙𝑖 | 𝑖 ∈
{1, 2, … , 𝑚}} which we use to fit a circle in a least-squares sense.
The circle is defined by a function
𝑨(𝒙𝟐 + 𝒚𝟐 ) + 𝟐𝒇𝟎 (𝑫𝒙 + 𝑬𝒚 ) + 𝒇𝟐𝟎 𝑭 = 𝟎 .

(5)

Determining the parameters of the algebraic equation 𝐹(𝑥) = 0 in a least square
sense is defined “algebraic fit” in opposition to the methods that try to minimize
the sum of the squares of the distances to a given point that are called “geometric
fit” according to [12].
Geometric fits are proven to provide the best fit on a set of data. However, it is
known that all those methods require iterations to solve the non-linear optimization
problem and often fails to converge in presence of noise or without a good initial
guess. Therefore, algebraic methods that do not require iterations are preferred
even if they do not return the strictly optimal solution. Among all those method it
was chosen the ‘Hyperaccurate’ least-square which is proven to outperform the
other methods in the task of fitting circles in presence of noise [12]. We
implemented the algorithm following [16] adding a measure of the uncertainty of
the regression itself to provide an input covariance matrix to the Kalman filter.
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Given the function of the circle
𝑨(𝒙𝟐 + 𝒚𝟐 ) + 𝟐𝒇𝟎 (𝑫𝒙 + 𝑬𝒚 ) + 𝒇𝟐𝟎 𝑭 = 𝟎 .

(6)

The task is to find the coefficients A to F so that the circle fits the given
points (𝑥̃𝑖 , 𝑦̃𝑖 ), 𝒊 = 𝟏, … … , 𝑵(number of data available) as close as possible in a least
square sense.
Al the data points are noisy observations of some true points i.e.
̃𝒊 + 𝜹𝒊 ,
𝒙𝒊 = 𝒙

𝐲𝐢 = 𝐲̃𝐢 + 𝛆𝐢 ,

𝒊 = 𝟏, … … , 𝑵,

(7)

Where (𝛿𝑖 , 𝜀𝑖 ) are normal random variables with zero meaning and variance 𝜎𝑟 2 and
represent the Gaussian noise.
The points suppose to lie on the circle, i.e.
̃)𝟐 = 𝑹
̃𝟐,
̃𝒊 − 𝒂
̃)𝟐 +(𝒚
̃𝒊 − 𝒃
(𝒙

𝒊 = 𝟏, … … , 𝑵,

(8)

Where (𝑎̃, 𝑏̃, 𝑅̃ ) are the unknown parameters. Therefore
̃+𝑹
̃ 𝐬𝐢𝐧 𝝋𝒊 ,
̃𝒊 = 𝒃
𝒚

̃ 𝐜𝐨𝐬 𝝋𝒊 ,
̃𝒊 = 𝒂
̃+𝑹
𝒙

(9)

Where 𝝋1 , … . , 𝝋𝑛 specify the locations of the true points on the true circle.
The angles 𝝋1 , … . , 𝝋𝑛 are regarded as fixed unknowns and treated as additional
parameters of the model (called incidental or latent parameters).
The three most famous algorithms for algebraic fits are the kåsa fit, Prat fit and
the Tabuin fit.
All of those circle fits have the good property to be independent from the choice of
the coordinate system i.e. the result is invariant to rotations and translations.
The idea of the ‘Hyperaccurate’ least squares is to represent the three fits in a
matrix form.
Let 𝑨 = (𝑨, 𝑩, 𝑪, 𝑫) to be the parameter vector. Define Z as data matrix:

𝒛𝟏
𝒅𝒆𝒇: 𝒁 = [ ⋮
𝒛𝒏

𝒚𝟏
⋮
𝒚𝒏

𝒙𝟏
⋮
𝒙𝒏

𝟏
⋮]
𝟏

(10)

And the ‘matrix of the moments’:
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̅̅̅
̅̅̅
𝒛𝒙
𝒅𝒆𝒇: 𝑴 = [
̅̅̅̅
𝒛𝒚
𝒛̅

̅̅̅
𝒛𝒙
̅̅̅̅
𝒙𝒙
̅̅̅̅
𝒙𝒚
̅
𝒙

̅̅̅̅
𝒛𝒚
̅̅̅̅
𝒙𝒚
̅̅̅̅
𝒚𝒚
̅
𝒚

𝒛̅
̅
𝒙
̅]
𝒚
̅
𝟏
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(11)

All the algebraic circle fits minimize the same objective function 𝐹(𝐴) = 𝐴𝑇 𝑀𝐴,
subject to a constraint 𝐴𝑇 𝑁𝐴 = 1, where the matrix N corresponds to the fit. The
Pratt fit uses
𝟎 𝟎
𝒅𝒆𝒇: 𝑵 = 𝑷 = [ 𝟎 𝟏
𝟎 𝟎
−𝟐 𝟎

𝟎 −𝟐
𝟎
𝟎]
𝟏
𝟎
𝟎
𝟎

(12)

The Tabuin fit uses
̅
𝟒𝒛̅ 𝟐𝒙
̅
𝟐𝒙
𝟏
𝒅𝒆𝒇: 𝑵 = 𝑻 = [
̅ 𝟎
𝟐𝒚
𝟎
𝟎

̅ 𝟎
𝟐𝒚
𝟎 𝟎]
𝟏 𝟎
𝟎 𝟎

(13)

And kåsa uses
𝑵 = 𝑲 = 𝒆𝟏 𝒆𝑻𝟏 where 𝒆𝟏 = (𝟏, 𝟎, 𝟎, 𝟎)𝑻

(14)

To solve the minimization problem it is used a Lagrange multiplier η and reduces it
to unconstrained minimization of the function
𝑮(𝑨, 𝜼) = 𝑨𝑻 𝑴𝑨 − 𝜼(𝑨𝑻 𝑵𝑨 − 𝟏)

(15)

Differentiating with respect to A:
𝑴𝑨 = 𝜼𝑵𝑨

(16)

So A must be a generalized eigenvector for the matrix pair (M, N). This fact is
sufficient for the subsequent analysis, because it determines A up to a scalar
multiple, and multiplying A by a scalar does not change the circle it represents, so
we can set
||𝐴|| = 1. Note that the generalized eigenvalue problem may have
several solutions. For the purpose of minimizing 𝐴𝑇 𝑀𝐴, we should choose the
solution with the smallest positive 𝜼. For error analysis and detail about the other
algorithms we remand to [12][15][16].
All the known circle fits (geometric and algebraic) have the same variance, to the
leading order. The relative difference between them can be traced to higher order
terms in the expansion for the mean square error. The second leading term in that
expansion is the essential bias, for which we have derived explicit expressions.
Circle fits with smaller essential bias perform better overall. This ‘Hyperaccurate’
method has the characteristic to be an algebraic fit with no bias at all and
outperform the performance and the accuracy of any geometric fitting as shown in
the results of [16]. We map the indicated residual average error 𝜎𝑟 , the angular
̃ to a covariance matrix for the regressionvariance 𝝈𝒓 𝟐 and the estimated radius 𝑹
based estimate by defining
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𝝈𝒓 𝟒

𝝈𝜶 𝟒

+

̃
𝑹
𝝈𝜶 𝟐

𝟏
)[
𝟎

𝟎
].
𝟏
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(17)

Together with the estimate
𝒄𝒓,𝒙
𝒄𝒓 = [ 𝒄 ]
𝒓,𝒚

(18)

we have the complete input to perform measurement updates on the Kalman-filter
described in the following Chapter 6.
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6. Sensor fusion with a Kalman-filter
The Kalman-filter as e.g., presented in [14] can be briefly described as a minimum
variance estimator for linear time-invariant stochastic systems. A grand field of
application of the Kalman theory is in sensor fusion. By stochastically modelling
system dynamics and the measurement processes, it allows to estimate the real
states of a system by minimising the total variance of the estimate. Its advantage
is that the theory allows to have multiple different sources of measurement inputs
with different measurement dynamics in order to combine these measurements to
a single more accurate estimate. To derive the equations we need for the Kalmanfilter we start by modelling the process dynamics regarding the position of the
hinge. As measurements for this position we consider three different sources based
on vision, velocities and least-squares regression as described in sections 5.1 and
5.2 and illustrated in Figure 7. We assume a static hinge position without noise or
other external inputs to the dynamics. Thus we model the discrete dynamics of the
hinge position 𝒄 by
𝒄𝒌 = 𝒄𝒌−𝟏 .

(19)

For the stochastic measurements, we define individual measurement models for
each input. For the velocity-based estimations we consider
𝑻
𝒛𝒗.𝒌 = 𝒅
⏟
𝒗,𝒌 𝒄𝒗,𝒌 + 𝒗𝒗,𝒌
𝑯𝒗

(20)

where 𝑧𝑣,𝑘 ∈ ℝ is the k-th measurement and 𝑣𝑣,𝑘 ∈ ℝ denotes the measurement
noise which we model with the variance from (4) by the normal distribution
𝒗𝒗,𝒌 ~𝓝(𝟎, 𝑷𝒗 )

(21)

The measurement matrix is denoted by 𝑯𝒗 ∈ ℝ1×2 . Due to the one dimensional type
of estimation, 𝑧𝑣.𝑘 and 𝑣𝑣,𝑘 are scalar quantities unlike our regression based
estimate. For the latter we define the measurement equation by
𝒛𝒓,𝒌 = ⏟
𝑰 𝒄𝒓,𝒌 + 𝒗𝒓,𝒌
𝑯𝒓

(22)

with measurement matrix 𝑯𝑟 ∈ ℝ2×2 stochastic measurements 𝒛𝑟,𝑘 ∈ ℝ2 that are
subject to the measurement noise 𝒗𝑟,𝑘 ∈ ℝ2 which is a multivariate Gaussian
distribution according to
𝒗𝒓,𝒌 ~ 𝓝(𝟎, 𝑷𝒓 ) .

(23)

The third measurement input to the Kalman-filter stems from image processing
and has measurement equations equivalent to (22)-(23) with centre estimate 𝒄𝑐 ∈
ℝ2 and measurement covariance matrix 𝑷𝑐 ∈ ℝ2×2. We obtain both from the
modules developed in Task 3.1. With measurements and dynamics modelled, the
next step is to define the Kalman–filter to merge measurement updates. The results
or more specifically the outputs of the filter are the mean 𝒄𝑘 ∈ ℝ2 and covariance
𝑷𝑘 ∈ ℝ2×2 of the estimated centre of the hinge
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(24)

In the prediction step of our discrete Kalman-filter we simply apply the model (19)
to obtain the prediction for step k, 𝒄𝑘|𝑘−1 = 𝒄𝑘 . Due to the simple structure of our
model and the assumption that the model dynamics are not subject to noise, the
predicted covariance matrix of our estimate equals the covariance of the previous
time step yielding
𝒄𝒌|𝒌−𝟏 = 𝒄𝒌−𝟏 ,

𝑷𝒌|𝒌−𝟏 = 𝑷𝒌−𝟏

(25)

as the complete one-step prediction. In the next step of the filtering process, the
predictions are corrected based on measurements according to
𝒄𝒌 = 𝒄𝒌|𝒌−𝟏 + 𝑲∗,𝒌 𝒚𝒌

(26)

where 𝐾∗,𝒌 is the so called Kalman-gain the dimensionality of which arise from the
measurement input. The same holds for 𝒚𝒌 which denotes the innovation introduced
by the measurement to merge. It is evaluated from
𝒚∗,𝒌 = 𝒛∗,𝒌 − 𝑯∗,𝒌 𝒄𝒌|𝒌−𝟏

(27)

where the (*) symbol in the subscript can indicate any input measurement. Note
that even though we used bold symbols, the quantities 𝒚∗,𝒌 , 𝑧∗,𝒌 may be scalar e.g.
for the velocity based estimations as an input. To determine the Kalman gains we
first introduce the helpful residual covariance
𝑺∗,𝒌 = 𝑯∗.𝒌 𝑷𝒌|𝒌−𝟏 𝑯𝑻∗,𝒌 + 𝑷∗,𝒌

(28)

which we need to invert in order to determine the Kalman-gains
𝑲∗,𝒌 = 𝑷𝒌|𝒌−𝟏 𝑯𝑻∗,𝒌 𝑺−𝟏
∗,𝒌 .

(29)

We can now update the mean estimation of our measured hinge centre using
equation (26). For updating the covariance matrix of the merged result we need to
apply again the Kalman gain matrix
𝑷𝒌 = 𝑷𝒌|𝒌−𝟏 − 𝑲∗,𝒌 𝑺∗,𝒌 𝑲𝑻∗,𝒌 .

(30)

Sequentially updating with the asynchronous inputs from the different estimation
sources, we repeatedly fuse together all the information we have available on the
position of the hinge, yielding a robust estimation framework. A special role in these
equations is played by the Kalman-gains. They put lesser weight on high variance
measurements and vice versa, such that the influence of each measurement always
derives from its certainty. Also, the experienced uncertainties in the measurements
define the variance of the Kalman-estimate, which allow to reason about the quality
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of the output. This can be helpful to adapt e.g. compliance or velocity in the
performed actions which execute the trajectory based on the output.
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7. Motion generator for opening and closing doors
From the merged estimations described in Chapter 5 and 6, we obtain a robust
pseudo-measurement for the circular trajectory to operate the hinged object at
hand. The trajectory is uniquely specified by the position of the center of the hinge
relative to the robot as this inherently estimates the radius as well. By projecting
the measured end-effector position to the estimated circle, we obtain the
manipulability of the hinged object. In addition, we use the projection to determine
the opening angle from the surpassed trajectory. This is illustrated in Figure 10.

Figure 10. Monitoring the status of the manipulation based on the estimated door
kinematics. The tangent to the circular trajectory 𝒅 represents our best estimate
for the manipulability of the hinged object. By projection of the end-effector
position to the circle, we obtain an estimate for the opening angle 𝝋 for the
evaluation of stopping conditions.

The output of the Kalman-filter sensor fusion is indicated in red. Drawn in blue, the
projection of the end-effector position to the circle enables us to determine the
angle φ and the direction 𝒅. Based on this we implement the trajectory generation
for the manipulation task. Along 𝒅 we track a desired velocity 𝑣𝑑 ∈ ℝ to perform
the opening/closing motion at an adequate speed. In addition, we consider external
forces to avoid unnecessary high loads on the end-effector. This is achieved by
splitting the external forces transmitted to the end-effector 𝒇𝑒𝑥𝑡 ∈ ℝ3 into a tangent
component:
𝒇|| = 𝒇𝒆𝒙𝒕 𝒅𝑻 𝒅.

(31)

and an undesired perpendicular component:
𝒇⏊ = 𝒇𝒆𝒙𝒕 − 𝒇|| .

(32)

Following the propositions of [9] we achieve a compliant behaviour to the
perpendicular forces by tracking the translational velocity 𝒗 ∈ ℝ3 ,
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(33)

where the constant 𝒌⏊ ∈ ℝ defines the sensitivity to perpendicular forces of the
end-effector. Regarding the rotation of the end-effector we also adapt the ideas of
[9], implementing a force follow behaviour to external torques 𝒕𝑒𝑥𝑡 ∈ ℝ3 by a zero
stiffness admittance formulation,
𝒕𝒆𝒙𝒕 = 𝑴𝒓𝒐𝒕 𝝎̇ + 𝑫𝒓𝒐𝒕 𝝎

(34)

where 𝑴𝑟𝑜𝑡 ∈ ℝ3×3 denotes a virtual rotational inertia matrix and 𝑫𝑟𝑜𝑡 ∈ ℝ3×3 is a
damping matrix. We obtain the desired rotational velocity by solving equation (34)
for 𝝎. To perform the desired motion with the admittance control developed in the
scope of Task 5.1 we need to integrate the desired velocities with respect to time
𝒙𝒅
𝒗
[𝒒 ] = ∫ [𝑬(𝒒 )𝝎] 𝒅𝒕
𝒅
𝒅

(35)

with 𝒒𝑑 being the unit quaternion denoting the desired end-effector orientation. The
matrix 𝑬(𝒒𝑑 ) maps from the rotational velocity 𝝎 to the space of quaternion
velocities.
Equations (33)-(35) define the trajectory to follow with the manipulator in order to
perform an opening/closing motion but they so far do not contain a mechanism to
stop the motion once the task if finished and the drawer or door is sufficiently open
or closed respectively. In that case, the tracked velocity is set to zero 𝑣𝑑 = 0. For a
door, an obvious stopping condition derives from the surpassed angle φ,
𝛗 ≥ 𝛗𝒅

(36)

that serves to trigger stopping when reaching a desired angle φ𝑑 ∈ [0, 𝜋] . When
handling a door, the estimation of the opening angle does not yield valid results.
Instead the surpassed way on position level of the end-effector serves to determine
when to stop,
|𝒙𝑬𝑬𝑭 − 𝒙𝑬𝑬𝑭,𝟎 |𝟐 ≥ 𝒍𝒅

(37)

with initial end-effector position 𝑥𝐸𝐸𝐹,0 and desired length to surpass 𝑙𝑑 ∈ ℝ+ . In
addition, we consider that hinged objects in households mostly have a limited range
of manipulability. At the limits, the mechanism will suddenly exert strong counteracting forces to the end-effector. To avoid damaging the robot or the hinged object,
the motion must be stopped in this situation, which we implement by a simple
threshold on the tangent forces, 𝑓|| ,
|𝒇|| | > 𝒇𝒎𝒂𝒙
𝟐

(38)

with the maximum admissible counter-acting force 𝒇𝑚𝑎𝑥 ∈ ℝ+ . The stopping
conditions (36)-(38) allow to determine at any time the status of the manipulation
task.
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8. Motion generator for manipulation of switches and
knobs
Switches, knobs and door handles are different in terms of the motion range
compared to doors and drawers. The database (Section 3.2) indicates the
manipulation motion for these objects mainly consists of a small-range linear
motion or a rotational motion with 1-DoF constraints. Thus, our controller for the
hinge object manipulation is also applicable for manipulation of these objects. With
short range of translational motion, the regression based estimate and the velocity
-based estimate are generating uncertain outputs. Hence, the estimation of the
hinge position generated by those methods are neglected by the Kalman filter. As
a consequence, the motion becomes based on vision. Using an admittance
controller for the end-effector position and having small motion ranges during the
manipulation, turning, pushing, and translating motions can be achieved with
sufficiently small interaction force and without reaching to the robot’s geometric
limits unlike the door / drawer opening scenarios.

December 2016

34

TUM

Deliverable D5.4

Dissemination Level (PU)

643433–RAMCIP

9. Experimental evaluation
A position controlled 7-DoF robot arm with 6-DoF force torque sensor attached on
the wrist and 1-DoF gripper with a gripper was used to evaluate the approach
presented in Section 6. In the present deliverable, we assume the grasping is
successfully achieved through the efforts of T5.2 and T5.3, and the evaluation
focuses on the subsequent manipulation of the hinged object manipulations. The
grippers were non-rigidly placed on the handle so that the gripper was always in
contact, but sided around the handle depending on the relative motion of the robot
arm. The proposed object manipulation method was implemented directly as a ROS
package having in mind the overall framework and the possibility to generalise the
code to be platform agnostic. Therefore, each method is implemented as a
standalone node which communicates using the ROS structure of publishersubscribe. For the measurement fusion the three nodes publish on the same topic,
“/hinge_position”, their respective guess on the hinge position. Each input node
publish a message of type “ramcip_msgs/Pose3WithCovarianceStamped” which is
exactly what Kalman filter expect as input. The Kalman filter node provide the both
functions as publisher and subscriber given the structure of ROS, this node,
subscribing on the above topic will receive asynchronously the call-backs from each
input node and will perform the measurement and prediction steps. This node will
publish the result of the hinge-estimation on the topic “/hinge_kalman_estimation”
in order to provide an input to the controller. The last step is the motion generator
node which subscribes to the above topic and publishes the command to the
admittance
controller
on
“/admittance_controller/position”
as
a
geometry_msgs/PoseStamped.
The
“ramcip_hinged_object_manipulation“ package includes all nodes and the
launchfile
“start_hinged_object_manipulation.launch“.
To
evaluate
the
performance of the closed loop system a full scale experiment with a cupboard is
performed in Section 9.1. In order to show the advances of each component, trials
with neglecting the velocity based estimate (Section 9.2) regression based estimate
(Section 9.3) and vision-based estimate (Section 9.4) were performed.

Figure 11. Workspace of the hinged object manipulation for the experimental
evaluation. A hinged object (i.e. drawer) was held by a gripper, and its door motion
and force/torque data at the wrist were measured.

Estimates of the circular hinge position are generated based on vision, regression
and velocity of the end-effector as described in Section 5. All the estimates are
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then fused by a Kalman filter as in Section 6. First, we show the evaluation results
from the complete fusion of the three approaches. We then selectively remove one
of the three method to highlight how the presence (absence) of each methods
changes the overall performance1.

9.1 Complete approach
Figure 12 shows the trajectory and force profiles during the door opening. The
rotary motion is expressed in the planer Cartesian space, showing a smooth change
in the velocity profile. Prior to the velocity increase, a high level of interaction force
is observed due to the estimation error about the object DoF, which reduces over
the course of the trial. Consistently, the estimation uncertainty is high at the trial
onset, but it reduces gradually over time; with low velocity and short covered
distance in the beginning, the uncertainty is high, after about five seconds the
velocity is sufficiently high to generate certain estimates. Hence, the covariance of
the Kalman filter decreases. Furthermore, the regression-based estimate generates
superior estimates of the hinged position when a longer distance is covered, which
leads to uncertainty near to zero by the end of the motion.

Figure 12. Performance measures for a trial in which the velocity-based,
regression-based and vision-based estimations are used. End-effector position,
velocity, interaction force are shown with the Uncertainty of Kalman filter, and
Kalman estimate of hinge position.

1

Note that application of a single method failed to complete the task.
December 2016

36

TUM

Deliverable D5.4

Dissemination Level (PU)

643433–RAMCIP

9.2 Results with vision- and regression-based estimate
When the velocity-based estimate is neglected, the estimated hinged position
jumps over time and converges after a prolonged period in comparison to the full
method (Figure 12. Performance measures for a trial in which the velocity-based,
regression-based and vision-based estimations are used. End-effector position,
velocity, interaction force are shown with the Uncertainty of Kalman filter, and
Kalman estimate of hinge position.). In addition, the end-effector trajectory shows
that the motion stopped at 6 seconds and was continued slowly afterwards. This
behavior is caused by the wrong hinge estimation which leads also to higher
interaction forces given in Figure 13 and indicates.

Figure 13. Performance measures from a trial with vision- and regression-based
estimates.

9.3 Results with vision- and velocity-based estimate
With neglecting the regression-based estimation, a similar behavior to the results
presented in Section 9.2 were observed. The end-effector trajectory provided in
Figure 14 shows that the motion stopped at eight seconds and was continued slowly
afterwards. The inaccurate hinge position estimation also increased the interaction
forces as seen by the observed after eight seconds into the trial.
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Figure 14. Performance measures from a trial with vision- and velocity-based
estimates.

9.4 Results with velocity- and regression-based
estimate
Only with velocity- and regression-based estimations, the system has no
knowledge about the initial direction of movement. Consequently, the system
commands end-effector velocity into a random direction. Contact forces
perpendicular to the commanded direction of movement are compensated by
robot’s compliant behavior. Because the direction of the desired velocity changes
randomly, the force compensation leads to no significant movement as shown in
Figure 15. Hence, neither the velocity- nor regression-based hinge estimation
generates any suitable output, and it fails to perform the task.
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Figure 15. Performance measures from a trial with velocity- and regression-based
estimates. Note that the uncertainty of the Kalman filter output decreases, but it
never reaches a level that would imply a reliable estimate.

9.5 Summary
Each estimation method provides important inputs towards estimation of the object
DoF. In particular, the vision-based estimation plays a vital role for initial estimation
about the object while the velocity-based estimation is important for receiving
feedback from the current direction of motion. The regression-based estimation
benefits to the overall expression of the trajectory, leading to a smoother motion
and lower unintended interaction forces. The evaluation results clearly illustrate
how all these components are required to for a robotic system to robustly
manipulate a hinged object.
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10. Conclusions
This deliverable presented a control scheme for manipulating hinged objects. While
the force-based state-of-the-art approaches are generalisable and robust to
uncertainties from the sensor noises and inaccurate model knowledge, they require
a fixed contact between the end-effector and the object. As such assumption cannot
be guaranteed in realistic use cases, we re-designed our controller by estimating
the manipulability to identify the path for manipulation trajectory of hinged objects.
We implemented a Kalman-filter to merge three estimators, namely, velocitybased, regression-based and vision-based methods, to maximise its performance.
An evaluation on a 7-DoF admittance controlled robot arm and a kitchen cupboard
was performed. Furthermore, the advances of all estimation methods were
analysed and reported.
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