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Abstract: A new service robot designed for
cleaning tasks in home environments is intro-
duced. Robot systems will work directly with
people in this area, thus placing a central im-
portance on making interactions between people
and machines as natural as possible. The main
focus of this paper is on the development of a
gesture based intuitive programming approach
which allows the robot to be easily used by non-
experts. As an application example the task of
cleaning the workspace in a kitchen area is con-
sidered. Gesture recognition and context sensi-
tive interpretation, complete coverage planning
as well as motion planning of the mobile manipu-
lator which are the key functionalities to perform
the task are highlighted.
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1 INTRODUCTION

Housekeeping robot assistants focus on the em-
ployment of assistive robot systems in everyday
domestic settings. There are di�erent motivating
factors for the employment of robots at home: on
one side, comfort factors and a changing societal
framework favor the employment of man-made
personnel; on the other side, an increasing num-
ber of households include inhabitants that re-
quire physical support in day-to-day life due to
sickness or age. Robot systems will work directly
with people in this area, thus placing a central
importance on making interactions between peo-
ple and machines as natural as possible.

The robot assistant in the home should work
together with the user to perform simple house-
work. In addition to fetch-and-carry duties, this
includes tasks such as setting the table or per-
forming cleaning tasks. A new service robot
which is able to perform cleaning tasks is cur-

rently being built at the FAW. In Chapter 2
of this article the hardware, especially the kine-
matic design and the sensor setup of this cleaning
assistant robot is envisaged.

Human interaction with the robot assistance
system will have as its purpose the command-
ing and teaching of the robot, but it also of-
fers interesting possibilities of augmenting the
performance of the entire system. Speech and
gestures are a human being's most natural com-
munication channels. Interaction with the robot
may further occur over versatile (multimodal),
portable control devices. Our approach to an
intuitive programming and interaction is high-
lighted in Chapter 3. We decided to use com-
munication techniques based on hand gestures
and optional speech which can be expected to be
natural and convenient as they don't require to
use any external equipment such as data gloves
or helmets. Our approach to gesture recogni-
tion and context-sensitive interpretation can be
divided into two main categories. In the �rst
category, hand gestures from the human com-
munication partner are executed in the shared
workspace and are sensed by a trinocular stereo-
vision system. In place of showing items, posi-
tions, surfaces etc. in real world, communica-
tion techniques based on input via touchscreen
are considered in the second category. This will
favorably be used when showing a path in an in-
ternal representation of the environment, e.g. in
a two dimensional �oor plan, or when selecting
e.g. items in pictures from remote locations.

The robot system should already possess a
su�cient base of high-level and specialized skills
to avoid expendable and tedious instruction and
programming of rudimentary skills. E.g. consid-
ering the task of cleaning several surfaces in a
kitchen it should be su�cient to show the robot
which surfaces it has to clean and not to teach
the whole cleaning trajectory. Chapter 4 high-



lights the high-level skill of the cleaning robot
which are required to plan and execute a clean-
ing task.

2 DESIGN OF THE CLEANINGAS-

SISTANT

The CleaningAssistant robot, shown in Figure 1
consists of a mobile base and a manipulator on
top of it. The manipulator joints as well as the
mobile base are built of modular drive compo-
nents. Two independently controlled drive com-
ponents are used to built a di�erential drive sys-
tem for the mobile base. The di�erential drive
system is a cheap and robust drive system, but
it is underlying a so called non-holonomic con-
straint which complicates motion planning.

A 7 DOF manipulator is based on a vertical
linear axis with the goal to enhance the verti-
cal workspace of the system. Next a SCARA-
like chain of revolute joints are mounted on the
linear axis. An additional degree of freedom is
used to switch between the horizontal and ver-
tical arrangement of the SCARA-like chain. In-
termediate con�gurations are also allowed. The
advantage of this arrangement is that it allows to
use the advantages of the horizontally mounted
chain (low energy consumption and high dynam-
ics for horizontal arm movements) without be-
ing limited to only horizontal movements. The
end-e�ector is either a two-�nger gripper or a
special end-e�ector, e.g. for cleaning non-textile
surfaces like working places in kitchens or sinks.
Sensory feedback is provided by a) a new kind of
compliant force-torque-sensor, developed at the
German Aerospace Center (DLR) (see Meusel
and Hirzinger [9]) mounted between the wrist
and the end-e�ector of the manipulator, b) a 2D
range laser-scanner (Sick LMS 200) is used for

Figure 1: Gesture based programming of the
FAW CleaningAssistant for home environments.

position estimation as well as for obstacle detec-
tion and avoidance while navigating the mobile
base, c) a trinocular stereo-vision system (Tri-
clops) for gesture and object recognition and lo-
calization, d) a touchscreen (Elotouch) for addi-
tional gesture input, e.g. for the qualitative path
speci�cation or object selection in a displayed
scene representation.

The central control unit is based on an indus-
trial PC running the operating system LINUX
and the software framework SmartSoft [11] which
is especially designed for the communication be-
tween sensors, actors and planning components
in the �eld of robotics. SmartSoft is based on a
client-server architecture and a few simple com-
munication primitives which provide uni�ed in-
terfaces. Thus modules can be combined in a
�exible way to implement complex operations.

3 INTUITIVE PROGRAMMING AP-

PROACH

According to our conviction, natural instruction,
interaction and programming of robots will play
a decisive role in the entering of such systems in
home environments. Therefore we decided to use
techniques based on hand gestures and optional
speech which can be expected to be natural and
convenient as they don't require to use any ex-
ternal equipment.

Two di�erent methods which are appropriate
for an intuitive programming of the CleaningAs-
sistant robot are introduced: Section 3.1 is deal-
ing with the visual detection and model based
interpretation of pointing gestures given in the
real world working area by a human operator.
Second, our approach to commanding motions
for the mobile base of the CleaningAssistant by
a touch screen interface is shown in Section 3.2.

3.1 Task Programming or Object Selec-

tion by means of Pointing Gestures

in Real World

Let us consider the task of showing a
CleaningAssistant which surfaces it has to clean.
Our approach for this purpose is based on the
recognition and context-sensitive interpretation
of human pointing gestures as follows: First a
human is pointing on the surfaces the robot has
to clean or shows the robot a speci�c surface area
by means of a sequence of pointing gestures. We
concentrated on visual recognition of hand ges-
tures because they are preferable to speech in a
number of situations, for example in noisy envi-
ronments or when communicating quantitative
information and spatial relations. Chapter 3.1.1
gives a brief introduction in way we are recog-



nizing hand gestures via vision. When a point-
ing gesture is recognized a 3D-line is �tted to
the corresponding 3D-coordinates of points (re-
ceived from the trinocular stereo vision system)
which are classi�ed as belonging to hand or un-
derarm. The pointing direction information to-
gether with geometric environment information
is used to select objects to handle or areas to
clean. See Section 3.1.2 for our method to �nd
the right (object) correspondence in the scene.

3.1.1 Visual Recognition of Hand Ges-

tures

The visual recognition of static hand gestures
is based on an approach which integrates color,
disparity and motion information. These di�er-
ent information sources are combined to provide
a robust skin segmentation and are used subse-
quently to compute a normalized view of the seg-
mented hand. Shape and contour features that
are extracted from this normalized view are used
in the classi�cation stage to compare the gesture
with stored gesture models.

The implemented architecture is displayed in
Figure 2. This procedure is continuously re-
peated. If a prede�ned pointing gesture is recog-
nized the pointing direction is computed by �t-
ting a line to the world coordinates of the points
assigned to the hand.

Segmentation Stage: To distinguish a
hand region from the background we use a com-
bined color- and disparity-based approach. The
color segmentation utilizes a prede�ned model
of skin color. Our color representation is based
on hue and saturation. Because gesture recogni-
tion should be reasonably insensitive to illumi-
nation changes color intensity is ignored. It is
known that the distribution of skin color in hue-
saturation space can not be described by sim-
ple shapes [3]. Therefore we decided to use a
histogram for representation of skin color. His-
togram entries characterize the membership of
a color to the skin model. A �rst model his-
togram is computed by extracting hue and satu-
ration values of image points belonging to a cer-
tain prede�ned area in the world. In a boot-
strap process this histogram is continuously up-
dated and will eventually represent skin color.
To segment a color image the recti�ed image
is preprocessed by a quantization algorithm [2].
By applying this preprocessing step the num-
ber of image colors are reduced and are able to
get a much better segmentation and clearer seg-
ment contours. Using the color histogram the
extracted segments are color classi�ed. Concur-
rently a disparity based image segmentation is
applied. To compute disparity images we uti-
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Figure 2: Gesture Recognition Procedure

lize a calibrated trinocular camera [14]. Corre-
sponding image points in the three images are
estimated by computing local correlations of the
edge �ltered images. The disparity image is seg-
mented based on a-priori information about the
expected disparity range of the person. The ex-
pectation about the persons disparity is contin-
uously updated to account for slow movements.

An additional �gure-ground separation stage
is based on background information. A scene
model containing disparity information of back-
ground areas is estimated beforehand. During
the recognition process extracted disparity in-
formation is compared to this scene background.

Figure 3: Example of a captured gesture image.



Figure 4: Extracted contours of the normalized
hand regions.

Image areas belonging to the background are not
taken into further account. Because color infor-
mation is not explicitly used in this background
separation process the segmentation is quite ro-
bust. Finally color and disparity segmentation
results are combined to provide regions of inter-
est for hand regions which are further investi-
gated. After some simple pre-processing, blob-
labelling and validation of candidate regions the
model representing skin color is continuously
adapted by adding the new skin color values to
the color histogram.

Motion computation: Since we want just
to recognize static gestures we require a gesture
to be kept still for some time. Local image mo-
tion is computed simply by temporal image dif-
ferencing. We require that the temporal di�er-
ence image shows low motion in the region of
interest for one second.

View normalization: To classify extracted
candidates for hand regions the view aspect is
normalized with respect to distance and orienta-
tion of the gesture. For this purpose the world
positions of all image pixels which were assigned
to a segment are computed and a three dimen-
sional line is �tted to this points. The line is
used to normalize the view by a�ne warping.

Feature Extraction: The classi�cation of
extracted skin segments is based on compari-
son of moment invariants and contour lines with
stored models. To compensate for slight illumi-
nation variations a local color histogram is ex-
tracted from the normalized skin region. This
color histogram is back-projected onto the skin
region. This local color normalization is followed
by an additional local color quantization. This
local color normalization led to the best results
in slightly changing environments.

Finally the boundaries of the color quantized
hand regions are extracted and approximated
[13] (see Figure 4).

Model Matching: To classify a gesture the
hand region is compared to a set of gesture
models using second and third order normal-
ized moments of the extracted regions [5] and a
Hausdor�-distance based contour matching [6].
The classi�er uses a nearest-neighbor-criteria to
select the most similar gesture model. If the dif-
ference between model and extracted gesture is
too large the gesture is rejected.

3.1.2 Gesture Interpretation

Interpretation of a pointing gesture is done
context-sensitive. Considering the example of
selecting a surface to clean the system "knows"
that it has to �nd a corresponding surface to the
detected pointing gesture. Position and orienta-
tion of the pointing hand gesture are calculated
as described above. The corresponding surface is
determined with the help of the spatial pointing
information, an internal three dimensional repre-
sentation of the scene (especially the geometrical
environment description) and algorithms known
from computer graphics [4].

In a �rst stage, it is assumed that a priori
information about the environment (here: house
and arrangement of the furniture) is available.
This restriction can be relaxed in a further stage,
in which the system will learn interactively the
object distribution in the environment and its
coherence.

So far, we are using polyhedrons as fun-
damental geometrical modelling primitives. A
polyhedron is considered as single convex solid.
Based on polyhedrons we are using a hierarchi-
cal descriptions, called polytrees here, for convex
or non-convex geometric objects. The depth of
a polytree and the branching factor of the indi-
vidual nodes are arbitrary. The leaves of a poly-
tree corresponds to the underlying convex pieces
of solid. For a more detailed description of the
modelling, see Mirtich [10].

The intersections of a ray starting from the
determined position of the operators hand and
directing into the gesture's pointing direction
and objects from our geometric environment
model are used as raw input. Depending on
the context this raw input information is fur-
ther processed, e.g. intersection points may be
interpreted as points on surface borders.

3.2 Commanding motion by a touch

screen interface

In place of showing items, positions, surfaces
etc. in real world, communication techniques
based on pointing sequence input via touch-
screen are considered too. In our application of



Figure 5: Topological planar graph and touch
sequence input.

Figure 6: Graph, grid point sequence and ap-
proximated graph Voronoi regions.

the CleaningAssistant, this kind of command in-
put will favorably be used when showing a path
in an internal representation of the environment,
e.g. a topological graph of the environment in
which vertices are representing locations (rooms
etc.) and edges are representing connections be-
tween them which are possible to traverse by the
CleaningAssistant.

Human input demonstrating trajectories by a
sequence of points may be incomplete, distorted
etc. These e�ects are compensated by a trans-
formation of vertex sequences of a regular grid
into paths of a planar graph which codes feasible
motions. The transformation is based on alter-
ation operations including re-routings and on a
so-called graph Voronoi regions which partition
the plane according to proximity to vertices and
edges. A detailed treatment of the transforma-
tion is given in Kämpke and Strobel [7].

Figure 5 shows an example of an input touch
sequence of about 200 grid points together with
the underlying topological planar graph. Edges
are labeled by their Euclidean lengths. Figure
6 depicts approximations of the graph Voronoi
regions. The "overshoot" (U-shaped section) of

Figure 7: Graph with grid point sequence trans-
formed to a path (bold edges).

the grid point sequence in Figure 5 in the center
region of the graph is so large that vertex inser-
tions occur. Figure 7 shows the resulting path.

4 COMPLETE COVERAGE PLAN-

NING AND PATH PLANNING

The main high-level skills of the cleaning robot
which are required to plan and execute a clean-
ing task are full coverage planning and path
planning of the mobile base and the manipu-
lator. In our applications, full coverage plan-
ning deals with the problem of �nding a full cov-
erage path for a given polygonal bounded sur-
face to be cleaned. This means the planning of
a path that guarantees that e.g. a tool like a
sponge or a special end e�ector will pass over
every point within that given area. Choset and
Pignon [1] introduced a complete coverage path
planning algorithm which is based on a exact cel-
lular decomposition of the target area. In order
to transform the full coverage paths planned in
workspace to paths in the robot's con�guration
space Marrone and Strobel [8] derived a closed
form solution of the robot's inverse kinematics.
The redundancy of the manipulator is therein
used to optimize the inverse kinematics solu-
tion in terms of manipulability (see Yoshikawa
[15]) and closer posture. So far, only the redun-
dancy of the manipulator is considered to opti-
mize the system's movements. Considering the
additional redundancy of the mobile base too is
part of our current research. An additional re-
quirement for manipulator path planning is to
check whether a speci�c manipulator con�gura-
tion is valid or not. Valid means that the con-
�guration joint variables must be within their
mechanical bounded range and that the manip-
ulator con�guration is not causing a collision
with the robot itself and with obstacles in the
environment. Our approach to collision detec-



tion is based on the polyhedral modelling of the
robot and the environment which is also used
for the context sensitive interpretation of point-
ing gestures (see section 3.1.2). The calculation
of possible intersections of the polyhedral mod-
elling primitives is done with the help of V-clip
polyhedral collision detection library from Brian
Mirtich [10]. As already mentioned before, at
the current state of our work, navigation of the
robot's non-holonomic mobile base and manip-
ulator motion planning is considered separately.
A detailed treatment of our approach to non-
holonomic non-circular mobile robot navigation
in narrow environments can be found in Strobel
[12].

5 DISCUSSION

This paper shows the current state of an ongoing
project with the main focus on man-machine-
interaction. Future steps will concentrate on
making the system more robust with respect to
environmental changes (e.g. scene background
and moving camera in case of image process-
ing and unknown obstacle distribution in case
of motion planning). Other goals are the auto-
mated (or interactive) building of the so far a
priori given polyhedral environment model and
the integrated motion planning of mobile base
and manipulator.
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