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Email: {alexander.skoglund,tom.duckett}@tech.oru.se

Abstract
This paper describes the first prototype of a “Pro-

gramming by demonstration” (PbD) system for po-
sition teaching of a robot manipulator. A new ap-
proach for enabling PbD using supervised learning is
presented, by connecting a wearable input device for
sensing human arm movements to the software con-
troller of a robot arm. The method does not require
analytical modelling of either the human arm or robot,
and can be customised for different users and robots.
Initial experiments on some simple movements tasks
are presented.

1 Introduction
Manually programming a robot is a tedious job.

It would be much more convenient to just show the
robot what to do, and for the robot to learn the re-
quired behaviour automatically. This type of learning
is often known as “programming by demonstration” or
“teaching by demonstration”, hereafter called PbD.

Different robotic manipulators have different con-
figurations and kinematic constraints. Most do not
permit a straightforward mapping from the human
arm domain to the robot’s restricted joint space. We
aim to provide a general method of mapping human
motions to the robotic arm domain, assuming that a
redundant human arm is used to teach a robot arm
with few degrees of freedom (DOF). Our approach
attempts to capture human behaviours without re-
stricting the motion of the human. Data capture is
achieved with the special motion capture sensor called
“ShapeTape” that is worn by the human operator (see
Section 3). The method is general in the sense that
any human arm (or even leg, neck or spine) could be
mapped onto any robotic manipulator.

With our approach, the mapping from human to
robotic joint angles need not be isomorphic (one-to-
one); the method permits a human operator to con-

trol non-anthropomorphic robots and to decide for
him/herself which arm motions to associate with dif-
ferent robot movements (controls). Non-linear func-
tion approximation algorithms such as artificial neu-
ral networks are used to learn a direct sensor-motor
coupling from the sensor readings to the desired joint
angles of the robot (Section 4). An interactive train-
ing method is also proposed, whereby the robot and
human take turns to follow each others’ actions until
the learned mapping is considered satisfactory by the
user. Experiments with a real manipulator are pre-
sented (Section 5), followed by conclusions and sug-
gestions for future work.

2 Related Work
A wide variety of approaches for teaching by

demonstration have been investigated, using different
manipulators, input devices, motion capture systems
and learning strategies. An overview of the topic of
PbD is given by Dillmann et al. [7] including grasp-
ing techniques. The experiments they conducted show
how a robot learns a pick and place operation.

Ikeuchi et al. target PbD for task level program ac-
quisition in real environments [20] and sub-skill level
representation [14]. The former problem is solved by
integrating multiple observations to solve ambiguity,
based on Attention Points analysis, and combining 2D
and 3D template matching for object localization. To
solve the latter problem a set of manipulation sub-
skills are designed by analyzing topological contact
relations of the manipulated objects.

Asada et al. [3] proposed a method for transferring
human manipulative skills to neural network robot
controllers. In particular, they investigated how to
eliminate erratic training data, by selecting only data
that complies with Lipschitz’s conditions for the con-
tinuity of functions.

In [1] a system supporting PbD in a virtual envi-



ronment is presented which comprises a CyberTouch
glove. Performing the demonstration in a virtual en-
vironment provides some functional advantages which
can help the user and improve efficiency. For example,
tracking the user’s actions in a simulated environment
is simpler than in a real environment, and the virtual
environment can be enhanced with virtual fixtures.

Schaal [18] used reinforcement learning (e.g., V-
learning, Q-learning and model based reinforcement
learning), and showed how they can benefit from
demonstration and speed up the learning process. An
implementation on a real manipulator showed some
convincing results when performing a pole-balancing
task. With a supervised demonstration the robot suc-
ceeded in the very first trial using the model-based
reinforcement learning method. It offered more ro-
bustness in this task than the other methods investi-
gated.

Morris and Mansor [12] used a 2-layer neural net-
work trained with back-propagation to learn the in-
verse kinematics of two different kinds of simulated
manipulators, one with two links in 2D-space and one
with two links and 3 DOF in 3D-space. The results
presented show that the use of neural networks for
such redundant manipulators worked well.

Palm [15] used a fuzzy clustering method and local
linear model to learn a biomechanical inverse kine-
matic model of a human subject. Rigotti et al. [16]
investigated the movements of a 7 degrees of freedom
human arm model. This information was recorded and
used to teach a neural network reaching movements.
General movements could then be reproduced by a
virtual mannequin.

Riley et al. [17] developed a system that imitates
full-body motion and posture on a real humanoid
robot. A vision system was used for tracking the body
motions. The human posture was estimated with a
fast full-body inverse kinematics method, which was
then mapped to the robot and reproduced in real-time.

A brain-like (based on primates) hybrid system of
neural networks is presented by Billard et al. [5]. Dif-
ferent sections of the model represent different areas of
the brain. Experiments showed that the performance
of a simulated humanoid was better or comparable
to that of human subjects imitating the same move-
ments. Billard et al. [6] used a probabilistic analysis
on data in Cartesian and joint spaces. Their model
was able to correctly disambiguate between different
random gestures and highly correlated gestures, and
could successfully discover strategies in different ma-
nipulations tasks.

In our work we used the ShapeTape motion cap-
ture sensor for data acquisition. The same kind of
sensor has been used mainly in the fields of computer
graphics and virtual reality applications for driving an
avatar ([4, 13]).

Figure 1: A simplified schematic picture of the test
setup.

Figure 2: Measurand’s ShapeTape. The motion cap-
ture sensor used in our experiments.

3 Experimental Setup
The experimental setup consists of a motion cap-

ture sensor, a robot manipulator and two workstations
running Windows.

The motion capture sensor used for collecting the
human arm data is the ShapeTape from Measurand
Inc. shown in Fig. 2. The ShapeTape is a multi de-
grees of freedom input device that consists of a fiber
optic stripe which measures bend and twist angles of
the tape. It is well suited for applications that deal
with computer-human interaction because is based on
a lightweight and low-power technology. Its sampling
rate is 110 Hz. The sensor provides curvature data in
vector format: the data are paired in bend and twist
angles for 16 distinct positions along its length.

The tape is attached to the operator’s arm with
straps. The length of the sensor is 1.84 m, so part
of it is looped onto the back of the operator, in order
to fit the arm’s length. The system is easily reconfig-
urable to detect, for each operator, the correct number
of sensors that must be used to cover the region from
the shoulder to the wrist and does not require recali-
bration if the user changes.

The robotic system comprises a light-weight arm [2]
called PANDI-1, that was developed “in house” at the
AASS Intelligent Control Laboratory. Fig. 3 shows
the robot arm. It has six DOF and can lift a max-
imum payload of 3.5 kg (nominal 2 kg). It weights
about 18 kg, including controller and power electron-
ics. Currently the first three joints (corresponding to



Figure 3: The light weight robot manipulator Pandi-1
used in the experiments.

the arm) are fully functional and have been success-
fully tested (the remaining three joints correspond to
the wrist and end effector).

The platform has a client-server structure that is
shown in Fig. 1. The client runs a user interface writ-
ten in C++. This interface is a text console that al-
lows the user to choose between different options: to
collect the data for the training phase, to train and test
the learning algorithms, or to control the robot ma-
nipulator in real-time with the trained system. The
server runs a visual C++ application that accepts
TCP/IP commands from the client and sends low level
command signals to the robot controller. Moreover it
allows initialisation of the joints of the manipulator.
The communication protocol between the client and
the server is based on a simple grammar. For exam-
ple, to move the arm in the joint space the client sends
a string to the server with the following structure:
>> REQ >> MOV EJ : angle1 : angle2 : angle3

4 Methods
We propose a general training strategy that does

not impose any constraints on the operator’s move-
ments. The method is based on learning a direct
sensor-motor coupling from the the ShapeTape cap-
tured data to the joint space of the robot.

Mapping the sensor readings to the desired joint
angles is non-trivial because the input state space is
large and the unknown target function is non-linear.
This gives us a “2m-to-n” mapping problem which
could be illustrated in the form:
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Figure 4: A flowchart of the interactive learning pro-
cess.

each of the n joints. In practice, as stated before,
not all of the sensor values from the ShapeTape can
be used (only those which are actually located along
the human arm). In the experiments presented in this
paper, m = 7 and n = 3.

In this work we investigated the performance of two
different learning algorithms, namely a minimum dis-
tance classifier (MDC) and a multi-layer feed-forward
(MLFF) neural network. The main advantage of these
learning algorithms is that they hide the internal re-
lationships between the input and the output space,
since different sections of the ShapeTape will corre-
spond to the same joint on one specific manipulator
for different human operators.
4.1 Interactive learning

The user interface allows the operator to teach the
system with an interactive learning procedure. The
system informs the operator and asks for feedback af-
ter each cycle in the interactive learning loop that
is shown in Fig. 4. We divide the interactive cycle
into three different phases: the training phase, the re-
call phase and the decision phase. The system goes
through each phase as follows:

Training phase. The robot makes a sequence of mo-
tions and the human operator copies them. Then
the recorded data from the ShapeTape and the
manipulator are used for training and testing the
selected learning algorithm.

Recall phase. The human operator controls the
robot in real-time by moving his arm and the
robot performs the corresponding commands by
using the learned behaviour.

Decision phase. The human operator decides
whether the resulting motion was satisfactory.

These phases are repeated until the human operator
is satisfied with the result (this is a subjective decision
made by the user; future work might investigate how
to automate this decision).



In the first phase, the robot is programmed to per-
form a sequence of small movements and, after each
movement, the user is asked to copy the observed mo-
tion in his workspace by moving the joints of his own
arm to the corresponding final position. The user is
free to choose for him/herself which motions to as-
sociate with different robot joints movements. For
each movement the system records 100 sensory read-
ings and then computes the average for each sensor of
the ShapeTape. This process takes approximately one
second while the user is asked to leave his arm in a
fixed position. With this approach we try to compen-
sate for small variations in the position of the arm and
noise on the sensor readings. After the data collection
procedure the sensory readings are preprocessed to get
transformed variables with zero mean and unit stan-
dard deviation.

In the recall phase the systems cycles through a
loop that consists of several steps. First a new input
pattern is read from the ShapeTape sensor that corre-
sponds to the current configuration of the operator’s
arm. These raw data are then preprocessed and used
as input to the trained system, which computes the
output joint angles. The outputs are discarded if they
exceed the joints’ limits or if the difference between
each new computed angle and the previous one ex-
ceeds a predefined threshold, for safety reasons. Oth-
erwise the movement command is sent to the server
that controls the robot arm.

In the decision phase the operator decides whether
the robot’s motion was satisfactory or not according
to the error between the resulting performance and
the expected behaviour. If the operator accepts the
learned policy then the interactive learning process
ends. The parameters of the learning algorithms are
saved and can be reused by the same operator in a
future session.
4.2 Minimum distance classifier

The first algorithm that was implemented is based
on a minimum distance classifier (MDC) [8]. In this
method, mean vectors are calculated for each class
in the training data. To classify a new input vector,
the squared Euclidean distance to each of the mean
vectors is calculated, and the vector is assigned to the
class with the shortest distance.

Equivalently, the decision function for a minimum
distance classifier can be written as

dj(x) = xT mj −
1
2
mT

j mj

where x is the pattern vector to be classified, and mj

is the mean vector for class j. Classification is then
determined by the class that produces the highest de-
cision value.

In our implementation, the classes are points or-
ganised in a grid, and each point is associated with
a vector of bend and twist data stored in a look-up
table.

Figure 5: Ensemble of MLFF networks.

The MDC was successfully tested on a two-joint
workspace for the manipulator. During the data col-
lection phase, the manipulator is programmed to reach
each vertex in its workspace and the user is asked
to copy the robot by moving his arm towards a cor-
responding position. The robot cycles several times
through the grid to collect enough data for the training
and testing phases. In the training phase the look-up
table is built by simply associating the preprocessed
ShapeTape data, read from one loop, with the corre-
sponding joint angles of the manipulator.

During the test and recall phases the MDC finds the
point in the look-up table with the minimum squared
distance from the actual input vector. Then linear in-
terpolation between the nearest vertex and its neigh-
bours in the vertical and horizontal directions is ap-
plied in order to obtain a continuous function approxi-
mation from the sensory inputs to the desired outputs.

While this particular learning algorithm provided
a useful proof of concept, generalisation of this ap-
proach to higher dimensional grids would be tedious
and time consuming (due to the well-known “curse
of dimensionality” [8]). We therefore investigated the
generalisation capabilities of artificial neural networks,
described as follows.

4.3 Ensemble of Multi-layer Feedforward
networks

The second learning algorithm that was integrated
into the system is based on an ensemble of multi-
layer feed forward (MLFF) neural networks [19]. One
MLFF network is trained for each of the robot’s joint
angles. The structure of the neural network ensemble
is shown in Fig. 5. The standard MLFF architecture
was applied, using sigmoid activation functions in the
hidden units and linear activation functions in the out-
put units [10].

The 2 ∗ m raw input data are first preprocessed,
then the transformed variables are used as input to
the three independent MLFF networks, one for each
used joint of the manipulator. The reason for this
choice is that the joints work independently and can
be treated separately. Therefore each network can be
individually trained and tested to achieve a good per-
formance. An alternative solution with only one neu-
ral network with three outputs was also investigated
as a reference.



Algorithm No. SSE Mean
joints Error(deg)

a MDC (9 ∗ 9 grid) 2 2.95 9.00
b MDC (5 ∗ 5 grid) 2 5.43 23.45
c 1 MLFF 2 8.20 15.00
d 2 MLFF 2 2.40 8.13
e 3 MLFF 3 3.60 8.13

Table 1: Experimental results from the test phase.

The parameters that can be changed in the train-
ing phase include the number of hidden layers and
units, the number of training epochs, and the error
tolerance for the backpropagation algorithm. In our
experiments, the number of hidden units was deter-
mined manually by validation on the test data, but
an automatic procedure for adding and pruning hid-
den units could also be used, such as the cascade-
correlation algorithm [9] or a dynamically adaptive
RBF network [11]. After the training process each
network generates a weight file that is used for the
test and recall phases.

5 Experimental Evaluation
The experimental set-up for the PbD platform is

currently still under development. Our first experi-
ment was a simple reaching task where the human op-
erator tries to lead the robot manipulator to a specific
point in space or to follow a sequence of movements.
The two learning algorithms were evaluated on tasks
that involve the first two joints of the manipulator.
Table 5 summarises the results: the chosen perfor-
mance measures are the sum squared error (SSE) and
the mean error per joint expressed in degrees on an
independent test set.

The data set in the robot’s workspace consists of
a grid of 81 points (9 ∗ 9) equally spaced in the hor-
izontal direction by 20 degrees and in the vertical di-
rection by 10 degrees. Thus the resulting grid lies
on the surface of a sphere. The operator was asked
to copy the robot’s movements, producing 81 corre-
sponding configurations of his arm, and to repeat the
whole sequence 3 times (thus the total size of the data
set was 243 examples). For the training phase, one
group of 81 examples was chosen for both the MDC
and MLFF algorithms, while the remaining examples
were used for testing. In experiment b the MDC was
trained with a smaller data set of 25 points to inves-
tigate how the performance degrades if the resolution
of the grid decreases.

The best result with the lowest SSE of 2.4 (experi-
ment d) was obtained with 2 neural networks, each one
controlling a specific joint. The corresponding mean
error is 9 degrees for each joint. Figure 7 shows the
expected and output angles of the first joint for a se-
quence of patterns (experiment d). Experiment c com-
prised a single neural network with two outputs: the

Figure 7: Expected angle and output angle for joint 0
(16 test patterns).

resulting mean error is quite big and almost 80% of
the error was due to the second joint. This demon-
strates that the solution with only one neural network
is not effective.

In the experiments each MLFF network was trained
with non-linear sigmoid activation functions in the
hidden layer and linear activation functions in the out-
put layer. The number of hidden units was fixed to 4,
based on the SSE on the test data.

The reaching task was also extended to learn the
position of three active joints using the ensemble of
MLFF networks (case e). The system was trained
in free space by collecting a sequence of 243 examples
with multiple demonstrations. After training, the per-
formance was validated in the recall phase. The robot
arm was able to follow the user’s actions as shown in
the sequence of pictures in Fig. 6.

After the training phase the user remarked that he
found it hard to show the robot the same position sev-
eral times, because reaching a point in free space with
the same configuration of his own joints is non-trivial
in the absence of some reference. This is probably the
main source of error in the current system.

We have also tried some more complex experiments
that involve grasping of objects. While moving his
arm, the operator can also open and close the end
effector of the robot by pressing a keyboard. The per-
formance was not satisfactory because the trained al-
gorithm produces a position error of some degrees that
often prevents a sufficiently accurate placement of the
gripper.

6 Conclusions and Future Work
We have described a PbD system to capture and

apply a human’s control abilities for driving a robot
arm, and how a motion tracking sensor can be used to
train a learning algorithm to position a robot manip-
ulator, without restricting the human motion.

The aim of the project is to make it easier to train
robotic manipulators by demonstration rather than
explicit programming. In this context the use of the
Shapetape sensor is new, and the proposed learning



Figure 6: A sequence of images showing the recall phase.

strategy is promising, although the performance is not
yet satisfactory on complex tasks. The main cause of
discrepancies in the current TbD system is probably
the use of absolute bend and twist angles in the input
to the learning algorithm, since it is very difficult for
a human operator to position his/her arm at exactly
the same configuration in repeated trials. Therefore
an algorithm using velocity data instead of bend and
twist values as input will be investigated, and other
learning strategies will be evaluated in order to per-
form more complex tasks such as pick-and-place. We
also plan to investigate whether the ShapeTape sen-
sor can be applied in gesture-based learning systems
where such a high level of accuracy is not required.

Further work will improve the entire PbD plat-
form, by taking into account factors such as the kine-
matics and dynamics of the operator and robot, er-
gonomic/safety features, accuracy, obstacles in the
work space, internal and external feedback during
training, etc. For example, the exact placement of
the bend and twist sensors in relation to critical func-
tional points of the human arm will be investigated.
In addition, the functionality of the robot arm will
be extended to 6 joints. The current configuration
of 3 usable joints is enough for positioning but not
orientation of the end effector, since at least 6 DOF
are required for most complex manipulation tasks. So
scaling up the learning algorithm to work with 6 DOF
will also be essential.
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