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Abstract: Programming of service robots is an expensive and difficult task especially when manipulator arms
are involved. This is one of the drawbacks for every day use of these systems. Programming by Demonstration
is a means to let users program robots simply by demonstrating a task like putting a table or composing an object
to a system that observes, interprets and then maps the performed user action to a given manipulator. At our
institute, observation of a task is realised using active vision systems, a data glove and magnetic field sensors.
After the demonstration, the system interprets and stores the recorded actions segmenting them into meaningful
parts like grasps of objects or sticking objects to others. Due to sensor errors and the complexity of the problems,
the system puts queries concerning grasp types or object positions. A robot should then be able to perform the
same actions in a likewise environment. So far, execution has shown good results in simulation. An appropriate
service robot is currently being set up at our institute in order to prove the feasibility of our approach. It is
equipped with a stereo camera head and a seven DOF manipulator arm with a three finger gripper.
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1 INTRODUCTION
Programming service robots is still an annoying

task. Above all, manipulator arms require a lot of
expert knowledge. Every unit needs to be installed
and prepared for it’s particular environment. Thus,
use of these systems is still an expensive and long
lasting venture. The expected consumer market for
many-purpose service systems will neither accept
today’s user interfaces nor today’s programming
techniques. As we believe, Programming by
Demonstration (PbD) is a technique that overcomes
the drawbacks of classical approaches and could
help let people program robots easily. Only this will
make them buy their own systems. The idea is to
have a human demonstrate a task solution. The
demonstration is observed, recorded and
interpreted. Then, manipulator kinematics can be
defined that the movement traces and actions are
mapped to. The formerly observed actions can now
be executed on a robot target system with
appropriate controllers. These controllers could be
supplied by the manufacturers in the future.

At our institute, experiments following the PbD
paradigm have been undertaken in a fixed
environment. In this paper, an overview about
today’s PbD approaches will be given in section 2.
Section 3 introduces a framework for certain PbD
phases and their challenges. Furthermore, the
structure of our system solving these challenges is
outlined. The 4th section describes the particular
functionality of the modules of our system in the
previously identified PbD phases. After presenting

future work in section 5, the paper closes in section
6.

2 STATE OF THE ART
Several PbD systems and approaches have been

proposed during the past years. An overview and
classification can be found in [Dillmann et al., 99].
Learning of action sequencies or operation plans is
an abstract problem, which supposes a modelling of
cognitive skills. When learning complex action
sequencies, basic manipulation skills or controlling
techniques become nonrelevant. In fact, the aim is
to generate an abstract description of the
demonstration reflecting the user’s intention and
modelling the problem solution preferably
optimally. Likewise, a given problem has to be
suitably generalised, for example distinguishing
parameters specific for the particular demonstration
and parameters specific for the problem concept.
Both demands a certain insight in the environment
and the user’s performance.

Often, the analysis of a demonstration takes
place observing the changes in the scene
undertaken by the user. These changes can be
described using relational expressions or contact
relations [Kuniyoshi 94, Ikeuchi 93, Onda 97]. For
generalising of a single demonstration mainly
explanation based methods are used [Mitchel 86,
Friedrich 99]. Those allow for an adequate
generalisation taken from only one example (One-
Shot-Learning).

A physical demonstration in the real world can
be too time-consuming and may not be mandatory.



That is why some researchers rely on virtual or
iconic demonstrations [Archibald 93]. The
advantage of performances in a virtual world is that
here manipulations can be executed that would not
be feasible in the real world because of physical
constraints. Furthermore, inaccuracies of sensor
based approaches do not have to be taken into
account. This way, in existing approaches object
poses or trajectories [Takahashi 96, Tung 95, Kang
97] and/or object contexts [Onda 97, Heise 92,
Segre 89, Friedrich 96] are generalised in an
appropriate way.

Iconic programming starts at an even more
abstract level. Here, a user may fall back on a pool
of existing or acquired basic skills. These can be
retrieved through specific cues (like icons) and
embedded in an action sequence. The result of such
a demonstration of operator sequences can then be
abstracted, generalised and summarised as new
knowledge for the system. An example can be
found in the skill-oriented programming system
SKORP [Archibald 93] that helps putting up macro
operators out of actuator or cognitive elementary
operators interactively.

Besides a derivation of action sequences from a
user demonstration direct cooperation with users
has been investigated. Here, user and robot reside in
a common work cell. The user may direct the robot
on the basis of a common vocabulary like speech or
gestures [Zhang 99, Voyles 99, Steinhage 98]. But
this allows for rudimentary teaching procedures
only.

3 PBD FOR MANIPULATION TASKS
Our approach to PbD emphasizes the

interpretation of what has been done by the human
demonstrator. Only this enables a system to reuse
formerly observed action sequences in different
environment. It will be shown that the process of
learning complex problem solving knowledge for
robot systems consists of different phases.

3.1 THE PbD PROCESS
Like summarized in figure 1, the whole

programming process starts with a user
demonstration of a specific task which is observed
by a sensor system. The following phases seem to
be the basic components for making successfully
use of data from a human demonstration:

1. Sensor systems are used for observing the
users movements and actions. Also
important changes like object positions and
constraints in the environment can be
detected. The sensor efficiency might be
improved by allowing the user to comment
his actions.

2. During the next phase relevant operations
or environment states based on the sensor

data are extracted. This process is called
segmentation. Segmentation can be
performed online during the observation
process or offline based on recorded data.
Here, the system’s performance can be
improved significantly by asking the user
whether decisions made by the system are
right or wrong. This is also important to
reduce noise coming from the sensors.

3. Within the interpretation phase the
segmented  user demonstration is mapped
to a sequence of  set of symbols. These
symbols contain information about the
action (e.g. type of grasp, trajectory type) as
well as important data from the sensor
readings as forces, used for grasping, etc.

4. Abstraction from the given demonstration
for representing the task solution as general
as possible. Generalization of the obtained
operators includes further advice by the
user. Spontaneous and not goal oriented
motions may be identified and filtered in
this phase. It is considerable to store the
task knowledge in a form that it is reuseable
even if execution conditions do vary
slightly from the demonstration conditions

5. Transfer of the internal knowledge
representation to the target system. As input
serves the generated task solution
knowledge from the previous phase.
Additionally background knowledge about
the kinematic structure of the target system
is required. Within this phase as much
information as possible available from the
user demonstration should be used to allow
robot programming for new tasks.

6. In the simulation step the generated robot
program is tested against it’s applicability
in the execution environment. It is also
desirable to allow the user to confirm
correctness  to avoid dangerous situations
in the execution case.

7. During execution success and failure can
serve for modifications on the current
mapping strategy  (e.g. if a picked
workpiece slips out of the robot’s gripper
the higher grasping forces could be
selected)

The overall process with its identified phases is
suitable for manipulations tasks in general.
However, in practice the working components are
restricted to a certain domain to reduce
environment and action space.

Within our research we concentrated on pick-
and-place operations first, since these are basic
prerequisites for many service tasks. However, we
experimented with real household objects like cups
and plates and support different grasp-types for
distinct robots.

Figure 1: PbD Process



3.2 SYSTEM STRUCTURE
To meet the requirements for each phase of the

PbD-process identified in the previous section we
have developed a system consisting of the
components shown in figure 2.

The system integrates four basic modules. The
sensor module is responsible for analysis and
presegmentation of information channels giving
connection to the sensors. It’s output is a vector
describing states in the environment and user
actions. This information is stored in a database
including the world model.

The second module operates on the gained
observation vectors and associates sequences of
observation vectors to a set of predefined symbols.
These parametrizable symbols do represent the
elementary action set. During the interpretation
phase the symbols are chunked in hierarchical
macro operators after replacing specific task-
dependant parameters by variables. The result is
stored in a database as generalized execution
knowledge.

This knowledge is taken from the execution
module which uses specific kinematic robot data
for processing. It calculates optimized movements
for the target system taking into account the actual
world model.

Before sending the generated program to the
target system it’s validity is tested throughout a
simulation. In case of unforeseen errors,
movements of the robot have to be corrected and
optimized.

All four components do communicate with the
user by a graphical user-interface. Additional
information can be retrieved or hypotheses can be
accepted or rejected. While demonstrating, the user
may use gestures for interaction as well.

4 PBD PHASES
In the current implementation, every phase of the
PbD process is supported as follows (numbering
refers to the phases mentioned in section 3):

2. During the demonstration process, the user
handles objects in a training center. This is
equipped with the following sensors: a
data glove, a magnetic field based tracking
system and an active trinocular camera
head (see figure 3). Object recognition is
done by computer vision approaches using
fast view-based approaches described in
[Ehrenmann et al. 99]. From the data
glove, the system extracts finger joint
movements and hand positions in 3D
space. To reduce noise in trajectory
information, the user’s hand is additionally
observed by the camera system. Both
measurements are fused using confidence
factors, see [Ehrenmann et al. 01b].
Furthermore, pretrained neural networks
evaluate hand configurations to detect
certain events like grasps and gestures.
The system is able to distinguish 16
different grasp types and 9 distinct
gestures (see [Friedrich et al. 99]). This
information is stored with discrete time
stamps in the world model database.

3. For interpretation, the system employs two
types of predefined symbols: first, 16
different grasp types following the
Cutkosky hierarchy (see [Cutkosky 89])

Figure 2: System structure

Figure 3: Trinocular active camera head



and second, three types of basic
movements (linear, free and spline move).
The data from the demonstration (retrieved
from the database) is now analyzed by an
internal heuristic: a grasp is performed
when three conditions hold:

a. neural detectors fire,
b. the user’s hand speed is below a

certain threshold
c. the fingers are close to a

manipulable object
The move types are detected by analyzing
speed and trajectory type of the user’s
hand. A free move is detected when the
trajectory leaves an enclosing cylinder
while a linear move stays inside. A spline
move is selected when a free move can be
associated to a simple spline curve. The
thresholds and parameters can be modified
by the user if necessary. Result of this
phase is a sequence of the proposed
symbol set associated including important
data recorded during demonstration. For
instance, finger poses and positions for
grasps, particular objects or positions in
3D space.

4. The symbol sequence from the previous
phase is now chunked in semantically
related groups. These are for example:
approach phases, grasp and ungrasp
phases. This process continues recursively
controlled by an internal heuristic. The
heuristic is designed by analysis of pick-
and-place operations. For instance, a
macro operator for a simple pick-and-place
operation has a tree-like structure starting
from the whole operation at the root. The
first branches lead to a symbol for a pick
and a place. They are subdivided in
approach, grasp/ungrasp and disapproach
phases. Finally, the process ends up with
the elementary operations at the leaves.
Each component in that macro structure
has certain context conditions like
preconditions. They are generated
automatically from the demonstration (see
[Friedrich et al. 98]). Context conditions
decide whether a macro operator is
applicable for a certain environment
situation. It is important to understand that
all trajectory parameters stored inside a
macro is object-dependant. For instance,
during an approach operation all
movements are represented relatively to
the object of interest. This makes it
possible to substitute specific objects by
variables. If the macro is re-used again,
variables become replaced by concrete
objects that match context conditions.

5. Up to now, problem solving information
stored in the macro operators is not
directly usable for the target system.
Grasps are represented in order to describe
human hand configurations and
trajectories are not optimal for robot
kinematics. Besides, sensor control for the
robot like f.e. force control by force/torque
sensors is not extractable from the
demonstration.
Since we are dealing with pick-and-place
operations, we have developed a method
for automatic mapping of grasp types to
robot grippers. Furthermore, stored
trajectories in the macro get trimmed for
the execution environment and the target
system. The system uses generic robot and
gripper models described in [Rogalla et al.
00]. This makes it possible to support
different gripper and manipulator types for
execution. (see figure 4).

Additionally, we defined a set of logical
rules that select sensor constraints
depending on the execution context. This
is for example to select a force threshold
parallel to the movement when
approaching an object.

6. The generated robot program is simulated
in a graphical environment. Here, the user

Figure 4: Robot arm with three finger gripper

Figure 5: Simulation of generated program



might reject certain actions and
movements (confer figure 5).

5 EXPERIMENTS

As programming task, we addressed table laying
among others as an example to demonstrate
feasibility of our approach. For this purpose, we
selected real-world cups and plates in different
forms and colors. The examples were recorded in
our training center (see figure 6). The mapping was
shown with different robot types in simulation. For
execution, our new service robot ALBERT will be
utilized.

The robot is equipped with a stereo camera head
and a 7 DOF light-weight arm which was shipped

by Amtec, Berlin (see figure 7). The arm weighs
about 35kg and can lift objects of up to 10kg with
fully extended modules. A 6 DOF force/torque
sensor supplied by the DLR, Munich interconnects
the arm with the three finger Barrett hand. The
upper body part is mounted on a mobile platform
ODETE which was developed at our  institute.
ODETE is equipped with supersonic sensors and a
planar SICK laserscanner for self-localization and
obstacle recognition [R. Graf and P. Weckesser 98].
With it’s differential drive, the platform will enable
the robot to move freely in a workshop or
household environment.

Since all robot functions are not implemented
yet (force control of the arm), experiments are not
yet finished.

6 FUTURE WORK
For demonstration of a task to the service robot,

the user interface will enhanced. Several interaction
channels will allow for intuitive interaction between
man and machine:
•  Speech recognition will be realized using

IBM’s ViaVoice. So graphical dialogues for
user comments will be substituted.

•  Gesture recognition considering static and
dynamic gestures. A first approach has already
been tested successfully [Ehrenmann et al.
01a].  Gestures will be used for commanding,
commenting on a demonstration and
responding in user dialogues.

•  Beside pick-and-place operations, actions like
dynamic grasps where objects are manipulated
with the fingers during grasping will be
included in the system.

7 CONCLUSION
PbD has shown good results programming

manipulator arms giving users the ability to create
general robot programs without having specific
knowledge about kinematics. Having tested this
approach in a training center and in simulation, now
the programming system will be used for program
generation for the service robot.
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