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Abstract

Programming robots by unexperienced human users
require methods following the Programming by
Demonstration (PbD) paradigm. The main goal of
these systems is to allow the unexperienced human
user to easily integrate motion and perception skills
or complex problem solving strategies. Unfortunately
actual PbD systems are dealing only with manipula-
tions based on Pick & Place operations. This paper
describes how fine manipulations like detecting screw
moves can be recognized by a PbD system. Therefore
the question: ”What happens during a grasp ?” has
to be answered. In order to do this, finger movements
and forces on the fingertips are gathered and analyzed
while a object is grasped. This assume vast sensory
employment like a data glove and integrated tactile
sensors. An overview of the used tactile sensors and
the gathered signals is given. Furthermore a classifi-
cation of the recognized Dynamic Grasp is pointed out
as well as the classification method based on a Support
Vector Machine (SVM).

1 Introduction

Using personal and service robots implies high de-
mands on the programming interface. The interaction
of these robots with humans and there programming
needs the developing of new techniques that allow un-
trained users to use such a personal service robot both
safely and efficiently. PbD is one way to meet these
high requirements.

The aim of PbD is to let arbitrary persons pro-
gram robots by simply giving a demonstration of how
to solve a certain task to a sensor system and then
have a system interpret his actions and map them to
a specific manipulator. Although detecting and un-

derstanding the user’s actions and intentions turned
out to be a quite difficult task. Learning systems are
needed capable of extracting knowledge from watch-
ing users demonstration. Heterogeneous sensor inputs
like vision, tactile or position information are required
of such systems.

This paper presents an approach of a PbD system,
which handles more than only Pick & Place opera-
tions. In order to detect fine manipulations, a grasp is
analyzed with respect to finger movements and forces
performed on the fingertips. Section 2 will give a brief
overview on today’s PbD techniques. In section 3 the
PbD-system currently running at our institute and the
employed sensor devices will be outlined as well as the
implemented approaches. Section 4 focuses on inte-
gration of tactile sensors in a data glove in order to
detect contact phases during a users demonstration.
The reliable detection of grasped and ungrasped frag-
ments is crucial for analyzing a given demonstration.
Section 5 performs a analyze of the force sensor sig-
nals in order to divide the grasp in segments. Finally
section 6 presents and classify dynamic grasps. The
classification of the dynamic grasp is done through a
Support Vector Machine, by using a time delay ap-
proach.

2 State of the art

Realization of recognition and interpretation of con-
tinuous human action sequences is critical to PbD.
Though, there are few publications regarding sensors
including visual processing. Kuniyoshi et al.[18, 19]
presented a system with a visual hand-tracker module
that is able to detect grips and drops of objects. How-
ever, only one type of grasping is classified and the
hand is constrained to appear under a certain angle.
Kang [15] used a data glove in combination with depth



images computed from recorded image sequences for a
reconstruction of what has been done. Depth images
are yield by the projection of structured light thus un-
dergoing real-time constraints.

Since elementary operations consist of movements,
a lot effort has been spent tracking and reconstructing
the trajectories of objects [28, 29], a robot’s effector
[22] or user’s hand [23, 9, 32, 24]. Some authors con-
sider demonstrations only in a virtual or augmented
environment [27].Many researchers are interested in
the recently raising gesture and grasp recognition field.
Today’s grasp detectors regard contact points between
hand and objects in order to classify a grasp [16] or
the hand posture itself [11]. Mostly, static grasps are
considered.

In the domain of recording tactile information many
tactile sensors have been developed in the past ten
and more years. Some good surveys of tactile sens-
ing technologies were provided by Nicholls et all [21]
and Howe [13]. Several researchers have used tactile
feedback for determining object shapes or force prim-
itives from users demonstration [1, 2, 17, 31]. Most
of these works are trying to map the extracted force
characteristics directly to robot actions [25, 12, 20].

3 Experimental setup and prior work

Focusing service tasks in households and work-
shop environments, for PbD information about grasp-
ing states, movements, forces and objects is needed.
Therefore, we consider combining results of as many
suiting sensor types as possible in order to obtain as
much information as possible from a single demonstra-
tion.

3.1 Sensors

As sensors for observing a user demonstration of a
manipulating task, a VPL data glove, a camera head,
a Polhemus magnetic tracker and force sensors both
mounted on the glove are used in a fixed rack (see
figure 1).

Because of its many degrees of freedom and chang-
ing of shape, it is very difficult to extract posture in-
formation about a user’s hand solemnly out of image
sequences. Especially information about its particu-
lar grasping state is hard to obtain. Following [26], we
consider data gloves as good sensors for obtaining this
kind of information. In order to record a demonstra-
tion trajectory, all the VPL data glove sensor data is
used while the measurements of the Polhemus tracker
are merged with visual tracking data.

Figure 1: Experimental environment - demonstration
rack and data glove with mounted tactile sensors.

Visual tracking follows a marker fixed on the mag-
netic tracker. The camera head employs three grey-
scale Pulnix TM765i cameras and AMTEC turn and
tilt modules. For grabbing, a Matrox Genesis frame
grabber is used on a standard PC. Additionally, visual
data is used for determining the types of manipulable
objects and positions.

3.2 PbD Approach

According to the PbD cycle presented in [6], we first
check for objects present in the scene that a user is
about to manipulate. This is done via the camera head
using state of the art image processing methods [10, 5].
After reconstructing their particular positions in the
rack, the user’s hand is being tracked recording the
trajectory given by the magnetic and visual tracker.
The recorded trajectory is then analyzed, interpreted
and mapped to a manipulator (see [4, 7]). So far only
PickéPlace operations were considered.

Regarding the analysis of the demonstration, we
have shown that a static grasp can be detected and
classified according to the Cutkosky hierarchy [3] with
high precision and robustness by a neural network
classifier [8]. We used this information combined with
movement speed considerations to determine grasp
events and movements. The next section shows how
this segmentation step is extended by using tactile sen-
sors.

4 Grasping forces

This section gives a brief overview of the integration
of tactile sensors in the data glove in order to perform a
better grasp recognition. One of the lacks of the above
described PbD system is the accurate determination
of grasp and ungrasp actions. To improve this tactile



Sensors were attached on the fingertips of the data
glove, as shown in Figure 1. The active surface of the
sensors is covering the hole fingertips. The wires to
the interface device are conducted on the upper side
of the fingers, allowing the user to move his finger with
maximal agility.

4.1 Sensors Properties

For a first approach low-price, industrial sensors of
the Interlink company, based on an Force Sensing Re-
sistor (FSR) were used. For our application an circular
layout with one cm diameter of the active surface was
selected (see figure 2).

Applying a increasing force to the sensors active
surface the resistance decreases. The FSR response
approximately follows an inverse power-law character-
istic (U =~ 1/R). For a force range of 1-100 N the sen-
sor characteristics are good enough for detecting grasp
actions. This range shows a hysteresis below 20% and
the repeatability of measurements is around +10%.
Following these restrictions the force is quantized into

30 — 50N units.

Figure 2: Tactile Sensor

Some remarks for the use of the sensor have to be
made. The active surface is very sensitive concerning
bending (r < 2.5mm), since it can cause tenseness in
the material. This may result in pre-loading and false
readings. Therefore we applied the active surface on
an thin and rigid plate. Proceeding so, good and reli-
able results are achieved. Whether this configuration
shows little drift of readings when static forces are ap-
plied.

4.2 Integrating Force Results in the PbD
Cycle

The main benefit from gathering force values is as-
signed to Trajectory segmentation of the users demon-
stration. For manipulation tasks the recognition of

contact between hand and object, is to be performed
in order to segment the trajectory. Evidently this is
easily obtained from the force values with a thresh-
old based algorithm. To improve the reliability of the
system the results of this algorithm are merged with
the values obtained by older, previous implemented
recognition routines. These are based on the analyze
of trajectories of finger poses, velocity and accelera-
tion w.r.t. to minima. Figure 3 shows the trajectories
of force values, finger joint an velocity values of three
PickéPlace actions.

Figure 3: Analyzing segments of a demonstration:
force values and finger joint velocity.

5 Analyze of a Grasp

While the last section described how force sensors
can be used to segment users demonstration in Pick
& Place fragments, the aim of this section is to ana-
lyze what happens while a object is grasped. Figure
3 shows that the shape of the force graph features a
relative constant plateau. Due to the fact that no ex-
ternal forces are applied to the object this effect is
plausible. But if the grasped object collides with the
environment the force profile will chance. The results
are high peaks i.e. both amplitude and frequency are
rising very fast (see figure 4).

Empirical test have shown that at least three dif-
ferent profiles can be distinguished:

e Static Grasp
Here the gathered force values are nearby con-
stant. The force profile shows characteristic
plateaus, where the height points out the weight
of the grasped object.

e External Forces
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Figure 4: Variation of force signals during a Grasp

The force graph of this class shows high peaks.
Because of the hysteresis of the sensors no quan-
titative prediction about the applied forces can
be made. A proper analyze of external forces ap-
plied to a grasped object will be subject of further
works.

e Dynamic Grasps
During a dynamic grasp the both amplitude and
frequency oscillate moderate, as a result of finger
movements performed by the user.

Next section will point out what dynamic grasps are
and how they can be classified.

6 Classification of Dynamic Grasps

For describing various household activities like
opening a twisted cap or screwing a bold in a nut,
simple operation like Pick & Place are not longer ade-
quate. Therefor new operations like Dynamic Grasps
need to be included in the PbD system.

6.1 Dynamic Grasps

With Dynamic Grasps we denote operations like
screw, insert etc. which all have in common that fin-
ger joints are changed during a object is grasp (i.e.
the force sensors provide non zero values). In our first
approach we distinguish three elementary Dynamic
Grasps:

e Screw
This operation describes rotations around the z-
axes (see figure 5) which is performed when screw-
ing a bold.

o Twist
When opening a twisted cap a Twist Grasp can
be performed. It denotes the rotation around the
x-axes referred in figure 5.

e Insert
Other than the upper two dynamic grasps, the
Insert Grasp specifies a translatoric move along
the z-axes like shown in figure 5.

Figure 5: Directions of the elementary dynamic grasps

These three elementary dynamic grasps lead to var-
ious characteristics like number of finger which where
involved in the grasp (i.e. form 2 to 5) and the di-
rection in which the rotation or translation was per-
formed. On the another hand elementary dynamic
grasps can be combined to an complex grasp. For
example during a screw operation a translatoric com-
ponent i.e. a insert operation can be performed. Next
section gives a brief overview about SVM’s, before the
results are presented in the last section.

6.2 Support Vector Machine Classifier

Support vector machines are a general class of sta-
tistical learning architectures, which are rising up with
a profound theoretical foundation as well as excel-
lent empirical performance in a variety of applica-
tions. Originally developed for pattern recognition,
the SVMs justify their application by a large num-
ber of positive qualities, like: fast learning, accurate
classification and in the same time a high generaliza-
tion performance. The basic training principle behind
the SVM is to find the optimal class-separating hyper-
plane so, that the expected classification error for un-
seen examples is minimized. Using the kernel trick
and the implicit transformation in a high dimensional
working space, leads to nonlinear separation of the



feature space. The decision function becomes a linear
combination of kernels of the training data:
fle) =32, ajy; K(z,z;) +b

where z; are the training vectors with their corre-
sponding labels y;, and a; are the Lagrange - mul-
tiplier. By performing the Lagrange - optimization
for finding the optimal separating hyper plane just a
small set of multiplier o are carried out as nonzero.
The corresponding data points are the so-called sup-
port vectors. [30]

6.3 Experimental Results

For training the SVM Gaussian kernel functions, an
algorithm based on the SVMLight [14] and the one-
against-one strategy have been used. Three classes
corresponding to the elementary dynamic grasps (i.e.
screw, twist and insert executed in only one direction)
where trained . Because of the fact that a dynamic
grasp is defined by a progression of joint values a time
delay approach was chosen. Consequently the input
vector of the SVM Classifier comprised 50 joint config-
urations of 22 joint values. The training data set con-
tained 294 input vectors. This data set is not enough
to be representative, it shall only illustrate that this
approach works. The results presented in Figures 6
and 7 and the fact that SVM’s can learn from signifi-
cant less data than neuronal networks, assure that this
approach will work very well. For the final paper we
will present results made with vast data sets.

Data SVML1 (y = 0.001) SVM2 (y = 0.01)

Size #SV good bad #SV | good bad
50x22 49 100% 0% 98 100% 0%
10x20 61 96,4% | 3,5% 51 96,4% | 3,5%

Figure 6: Classification with two SVM

Figure 6 shows results of two SVM’s with differ-
ent y's in order to test the generalization behavior.
Where 7~ is indirect proportional to the squared vari-
ance of the Gaussian kernel function. Remarkable is
the fact that the SVMI1 needs only 49 support vectors
(SV) for generalizing over 296 vectors i.e. 16,5% of
the data set. Less number of SV improves not only
the generalize behavior but also the runtime of the re-
sulting algorithm during the application. The input
vector of the second row contains only 10 joint config-
urations (of 20 joints). It was obtained by taking each
fifth joint configuration, in order to shorten the input
vector.

For a supplementary validation of the SVM’s a new
data set of 100 input vectors containing 53 correct la-

Data SVM1 (y = 0.001) SVM2 (y = 0.01)
Size good bad good bad

50x22 53% 47% 53% 47%
10x20 45% 55% 47% 53%

Figure 7: Validation on a mixed data set with 53 cor-
rect labeled and 47 incorrect labeled dynamic grasps

beled data (i.e. elementary dynamic grasps executed
in the right direction) and 47 incorrect labeled data
( elementary dynamic grasps executed in wrong di-
rection) was used. As presented in figure 7 the SVM
separates correct the good from the bad data according
to the test data.

7 Conclusion

This paper pointed out how a PbD system handling
Pick € Place manipulation is enhanced by gathering
Dynamic Grasps. In this context tactile sensors were
mounted in a data glove in order to improve the reli-
ably of detecting grasps in a user demonstration. Fur-
ther on it was shown how Dynamic Grasps can be
marked out by analyzing the force signals. Finally
a new time delay approach based on a Support Vec-
tor Machine was realized in order to classify Dynamic
Grasps.
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