ARW 2015
Austrian Robotics Workshop

Proceedings
Austrian Robotics Workshop 2015

ARW 2015 hosted by
Institute of Networked and Embedded Systems
http://nes.aau.at

Alpen-Adria Universität Klagenfurt

Welcome to ARW 2015!

NES has organized and hosted the Austrian Robotics
Workshop (ARW) 2015 on May 7-8 in Klagenfurt. With
more than 80 participants and speakers from eight different countries this workshop grew into an international
event where people from academia and industry meet
 
      botics. Two keynote speakers gave inspiring talks on their
thrilling research in robotics. Sabine Hauert from Bristol
Robotics Laboratory and University of Bristol explained
the development of nano-robots and how they may support medical treatment. Werner Huber from BMW Group
Research and Technology presented the self-driving cars,
which have received a lot of media coverage lately.
In addition, participants from industry and academia presented and demonstrated their demos and posters during
an interesting joint session. We have invited people to
observe live demonstrations and discuss recent advancements face to face. NES members also demonstrated
the SINUS project and its achievements in autonomous
multi-UAV mission, communication architecture, collision
avoidance, path planning, and video streaming.
The Austrian Robotics Workshop 2016 will take place in
Wels. Hope to see you there!
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Nanoparticles for cancer applications are increasingly able to move, sense, and interact the body in
a controlled fashion, an affordance that has led them to be called robots. The challenge is to discover
how trillions of nanobots can work together to improve the detection and treatment of tumors. Towards
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with limited capabilities. Our swarm strategies are designed in realistic simulators using bio-inspiration,
machine learning and crowdsourcing (NanoDoc: http://nanodoc.org). Strategies are then translated to
large swarms of robots or preliminary tissue-on-a-chip devices.

Dr. Sabine Hauert is Lecturer at the Bristol Robotics Laboratory and University of Bristol where she
designs swarms of nanobots for biomedical applications. Before joining the University of Bristol, Sabine was a Human Frontier Science Program Cross-Disciplinary Fellow in the Laboratory of Sangeeta
Bhatia at the Koch Institute for Integrative Cancer Research at MIT where she designed cooperative
nanoparticles for cancer treatment. Her passion for swarm engineering started in 2006 as a PhD student
 
       !   
robotics has been featured in mainstream media including The Economist, CNN, New Scientist, Scien "# $%  & &  &'(   &$ferences, and competitions. Passionate about science communication, Sabine is the Co-founder and
President of the Robots Association, Co-founder of the ROBOTS Podcast (http://robotspodcast.com)
and Robohub (http://robohub.org), as well as Media Editor for the journal Autonomous Robots.

Werner Huber: The Way to Automated Driving
In the future automated driving will essentially shape the individual and sustainable mobility. Highly auto#     %    " % 
& #  
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time an important comfort gain will be expected. Already today research prototypes of BMW Group
Research and Technology drive on the motorway without intervention of the driver, in other words they
brake, accelerate and overtake on their own at a speed from 0 till 130 km/h. For a future series produc   #     #      *+ $   #  
&          *4  #   $       
regard to design of car interior and driver monitoring. A connection to the backend ensures the provision
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9; &  134 & '55<;+ + matics systems within the framework of national and European R+D projects. He did his doctoral thesis
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Technology and he is responsible for the project “Highly Automated Driving”.
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Abstract²,Q WKLV SDSHU D VHQVLWLYLW\ DQDO\VLV EDVHG RQ WKH
LQWHUYDO DQDO\VLV PHWKRG RI WKH RULHQWDWLRQ HUURU RI WKH 5$)
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REWDLQHG UHVXOWV VKRZ WKDW WKH JHRPHWULF SDUDPHWHUV
XQFHUWDLQW\ FDQ DIIHFW WKH PDJQLWXGH DQG WKH VKDSH RI WKH
RULHQWDWLRQHUURU

2QH RI WKH PDLQ DGYDQWDJHV RI SDUDOOHO PDQLSXODWRU DUH
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7KLV ZRUN GHDOV ZLWK WKH DFFXUDF\ DQDO\VLV RI D SDUDOOHO
URERW EDVHG RQ WKH LQWHUYDO DQDO\VLV PHWKRG E\ FRQVLGHULQJ
VLPXOWDQHRXVO\WKHJHRPHWULFSDUDPHWHUVXQFHUWDLQW\DQGWKH
FOHDUDQFHVLQWKHMRLQWV,QVHFWLRQWKHPDWKHPDWLFDOWRROLV
SUHVHQWHG,QVHFWLRQWKHVWUXFWXUHRIWKH5$)WUDQVODWRULV
UHYLHZHG7KHRULHQWDWLRQHUURULVPRGHOHGDQGVLPXODWHGLQ
VHFWLRQ  6RPH FRQFOXGLQJ UHPDUNV DUH JLYHQ DW WKH HQG RI
WKHSDSHU
,, 7+(,17(59$/$1$/<6,60(7+2'
$QLQWHUYDOFDQEHUHSUHVHQWHGE\EUDFNHWVGHILQHGE\WKH
XSSHUDQGORZHUERXQGRIDVFDODUDYHFWRURUDPDWUL[>@$
UHDO VFDODU LQWHUYDO >;@ LV D QRQHPSW\ VHW RI UHDO QXPEHUV
GHQRWHGDVIROORZV


>;@ >[C[@ ^[5_[d[dC[`  

ZKHUH [ LV WKH QRPLQDO YDOXH RI WKH UHDO [ LV FDOOHG WKH
LQILPXP DQGC[ LV FDOOHG WKH VXSUHPXP 7KH VHW RI DOO
LQWHUYDOVRYHUR LVGHQRWHGE\R
,QWHUYDOV RI YHFWRUV DOVR FDOOHG ER[HV  RI GLPHQVLRQ Q
DUHJLYHQE\>[@ >[C[@FRQVLVWLQJRIWZRUHDOFROXPQYHFWRUV
[ DQGC[RI OHQJWK Q ZLWK [dC[ ,Q WKLV FDVH WKH LQWHUYDO
>[L@ >[LC[L@ LV WKH LWK FRPSRQHQW RI LQWHUYDO YHFWRU>[@ 7KH
VHWRIDOOER[HVRIGLPHQVLRQQLVGHQRWHGE\IRQ


6LPLODUO\ DQ LQWHUYDO PDWUL[ LV D PDWUL[ ZLWK LQWHUYDO
FRPSRQHQWVDQGWKHVSDFHRIDOOPîQPDWULFHVLVGHQRWHGE\
IRQ[P
 >0@ >0C0@ ^0RQ[P_0d0dC0`  
7KH DULWKPHWLF RSHUDWLRQV RQ HOHPHQWV ZLWK LQWHUYDOV LV
GHILQHGE\ ƕ^אîí·` 
7KHVXPRIWZRHOHPHQWVZLWKLQWHUYDOVLVJLYHQE\


, ,1752'8&7,21


1

>[@ >[C[@ ^[RQ_[d[dC[`  

>;@><@ >[\C[C\@  
7KHGLIIHUHQFHRIWZRHOHPHQWVZLWKLQWHUYDOVLV

 >;@í><@ >[±\C[íC\@  
7KHSURGXFWRIWZRHOHPHQWVZLWKLQWHUYDOVLV
>;@î><@ >PLQ [\[\C[\C[\ PD[ [\
[\C[\C[\ @  
7KHGLYLVLRQRIDQHOHPHQWE\DQRWKHURQHWKDWGRHVQRW
FRQWDLQDQ\QXOOHOHPHQWLV
 >;@><@ >[C[@>PLQ \C\ PD[ \C\ @  
7KH RSHUDWLRQV RQ LQWHUYDOV >;@ƕ><@ DOORZ WKH
GHWHUPLQDWLRQRIWKHPD[LPXPDQGPLQLPXPRIWKHUHVXOWLQJ
LQWHUYDO>@)RUWKHDULWKPHWLFRSHUDWLRQVRQPDWULFHVZHXVH
WKHVDPHRSHUDWLRQRQHDFKHOHPHQW
,,, 7+(5$)0$1,38/$725
7KH WUDQVODWLRQDO SDUDOOHO PDQLSXODWRU 5$) SURSRVHG E\
5RPGKDQH HW DO  )LJ  LV FRPSRVHG RI D SODWIRUP
FRQQHFWHG WR WKH EDVH E\ WKUHH 636 DFWLYH OHJV DQG WZR
SDVVLYHNLQHPDWLFOHJV 3./V ZKLFKDUHXVHGWRHOLPLQDWHDOO
SRVVLEOHURWDWLRQVRIWKHSODWIRUPZLWKUHVSHFWWRWKHEDVH
/HW/DQG/EHWKHOHQJWKVRIWZROHJV$N)N DQG).*.
IRUHDFK3./V  DQW  UHVSHFWLYHO\
/HW DN DQG JN EH WKH UDGLL RI WKH EDVH DQG WKH SODWIRUP
UHVSHFWLYHO\
,9 7+(25,(17$7,21(5525
7KHYLUWXDOZRUNPHWKRGLVXVHGLQRUGHUWRGHWHUPLQHWKH
UHODWLRQVKLSEHWZHHQWKHORFDOSRVHHUURULQHDFKMRLQWGXHWR
WKH FOHDUDQFH DQG WKH FRUUHVSRQGLQJ RULHQWDWLRQ HUURU RI WKH
SODWIRUP 7KH VXSHUSRVLWLRQ PHWKRG LV XVHG LQ RUGHU WR
TXDQWLI\ WKH SRVH HUURU >@ /HW GLMEH WKH ORFDO SRVH HUURU
FDXVHGE\WKHFOHDUDQFHLQWKHMWKSDLURIWKHLWK3./DQGWLM
WKHUHDFWLRQIRUFHVDQGPRPHQWVWUDQVPLWWHGE\WKLVSDLU:H





7$%/(,

QRWH E\*
*LM WKH FRUUHVSRQGLQJ SRVH HUURU RI WKH SODWIRUP %\
DSSO\LQJWKHYLUWXDOZRUNSULQFLSDO
WWH[W7*
*LMWWLM7GGLM



/>PP@ >D@6E

  



WLM + LMWH[W  



5HYROXWH
MRLQW

*LM +
+LM7GGLM  

,I ZH FRQVLGHU WKH JHRPHWULF SDUDPHWHUV XQFHUWDLQW\ ZH
KDYH


6SKHULFDO
MRLQWV

>*
*LM@ >+
+LM7@>GGLM@  

[a2]Sb

>@
7$%/(,,

6XEVWLWXWLQJWLME\LWVH[SUHVVLRQZHJHWWKHSRVHHUURU


3$5$0(7(562)7+(5$)

7

[g1]Sb
7

[g2]Sb
7

>@  >@  >@7

&+$5$&7(5,67,&62)($&+-2,17

$[LDOHUURU
İD>PP@
5DGLDOHUURU
İG>PP@
/HQJWKRIWKHMRLQW Ȝ>PP@
5DGLDOHUURU





İ>PP@ 


)LJVKRZVDQH[DPSOHRIWKHREWDLQHGUHVXOWVZKHUHWKH
WZR VXUIDFHV UHSUHVHQW WKH XSSHU DQG ORZHU YDOXHV RI WKH
RULHQWDWLRQ HUURU T; FDXVHG VLPXOWDQHRXVO\ E\ WKH MRLQWV

)RUWKHUHYROXWHMRLQWV>įLM@ >$@İG>%@İD
  FOHDUDQFHVDQGWKHJHRPHWULFSDUDPHWHUVXQFHUWDLQW\2QHFDQ
QRWHWKDWWKHJHRPHWULFSDUDPHWHUVXQFHUWDLQW\FDQDIIHFWWKH

)RUWKHVSKHULFDOMRLQWV>įLM@ >&@İ  
PDJQLWXGHDQGWKHVKDSHRIWKHRULHQWDWLRQHUURU
:KHUH>$@>%@DQG>&@DUHLQWHUYDOYHFWRUVGHSHQGLQJRQ
WKHJHRPHWULFSDUDPHWHUVXQFHUWDLQW\
>+LM@ LV DQ LQWHUYDO PDWUL[ DQG >*LM@ DQG >GLM@ DUH LQWHUYDO
YHFWRUVGHSHQGLQJRQWKHJHRPHWULFSDUDPHWHUVXQFHUWDLQW\

İD DQG İG FRUUHVSRQG WR WKH D[LDO DQG UDGLDO FOHDUDQFH LQ
WKH UHYROXWH MRLQW UHVSHFWLYHO\ DQG İ FRUUHVSRQGV WR WKH
PDJQLWXGHRIFOHDUDQFHLQWKHVSKHULFDOMRLQW
7KXV WKH SODWIRUP SRVH HUURU GXH WR WKH FOHDUDQFH LQ DOO
WKH MRLQWV DQG WKH JHRPHWULF SDUDPHWHUV XQFHUWDLQW\ LV DQ
LQWHUYDOYHFWRUJLYHQE\


>*
*@ ¦L





¦M

QL



>+
+LM7@>GGLM@  

:KHUHQLLVWKHQXPEHURIMRLQWVLQWKHLWK3./



7KHGLPHQVLRQVRIWKH5$)DUHJLYHQLQWDEOH

)LJXUH 7KHHQYHORSRIWKHRULHQWDWLRQHUURUT;

7KHGHVLUHGZRUNVSDFHZKHUHWKHSRVHHUURULVSUHVHQWHG
LVDFXEHGHILQHGE\[\DQG]

9 &21&/86,21
,QWKLVZRUNZHVROYHGIRUWKH5$)WUDQVODWLRQDOSDUDOOHO
PDQLSXODWRU RULHQWDWLRQ HUURU EDVHG RQ WKH LQWHUYDO DQDO\VLV
PHWKRG 7KH OLPLWV RI WKH RULHQWDWLRQ HUURUV DUH DQDO\]HG E\
FRQVLGHULQJ VLPXOWDQHRXVO\ WKH MRLQWV FOHDUDQFHV DQG WKH
JHRPHWULFSDUDPHWHUVXQFHUWDLQW\7KHREWDLQHGUHVXOWVFRXOG
EHXVHIXOWRWKHGHVLJQHUWRHYDOXDWHWKHDFFXUDF\OLPLWVRID
SDUDOOHOURERW
5()(5(1&(6
>@

)LJXUH 7KHWUDQVODWLRQDOSDUDOOHOPDQLSXODWRU5$)

>@
>@
>@



)LJXUH *HRPHWULFPRGHORIWKH3./ 

2

*$OHIHOGD*0D\HUE³,QWHUYDODQDO\VLVWKHRU\DQGDSSOLFDWLRQV´
-RXUQDORI&RPSXWDWLRQDODQG$SSOLHG0DWKHPDWLFVYROSS±
6HS
07DQQRXV6&DUR$*ROGV]WHMQ³6HQVLWLYLW\DQDO\VLVRISDUDOOHO
PDQLSXODWRUVXVLQJDQLQWHUYDOOLQHDUL]DWLRQPHWKRG´0HFKDQLVPDQG
0DFKLQH7KHRU\YROSS±
65XPS,17/$%²,17HUYDO/$%RUDWRU\LQ7&VHQGHV
(G 'HYHORSPHQWVLQ5HOLDEOH&RPSXWLQJ.OXZHU$FDGHPLF
3XEOLVKHUV'RUGUHFKW  SS±
<&KRXDLEL$+&KHEEL=$IILDQG/5RPGKDQH³$QDO\WLFDO
PRGHOLQJDQGDQDO\VLVRIWKHFOHDUDQFHLQGXFHGRULHQWDWLRQHUURURIWKH
5$)WUDQVODWLRQDOSDUDOOHOPDQLSXODWRU´5RERWLFD&-2
GRL6


Coordination in Micro Aerial Vehicles for Search Operations
Asif Khan and Bernhard Rinner

Abstract— Research in micro-aerial vehicles (MAVs) has
enabled the use of swarms of MAVs to search for targets
in a given search region to assist search and rescue teams.
Management and coordination of these resource limited MAVs
is a key challenge for their use in cooperative search and
surveillance operations. This research summary presents the
major steps in cooperative search and various factors that can
affect the performance of cooperative search algorithms.

control hardware then physically moves the MAV to the
next assigned position. This four step process is repeated
iteratively until the locations of targets are conﬁrmed.

I. I NTRODUCTION
The most important task in the automation of many
security, surveillance and search and rescue applications is
to search (to ﬁnd the location of) the targets in a given
geographical area (search region) [1], [2]. These search missions are usually time critical and span large search regions.
A key research issue in searching the targets is that of
coordinated sensor movement i.e., determining where sensors
should be dynamically located to maximize the collection
of information from the search region [3]. Coordination in
sensors is achieved by sharing collected information and
control decisions, to ﬁnd the location of targets and is known
as coordinated or cooperative search [2]. The use of cameraequipped Micro Aerial Vehicles (MAVs), as shown in Fig. 1,
has recently proved to be a very cost effective and feasible
solution [4] due to recent technological advances in design,
sensing, embedded processing and wireless communication
capabilities of these low cost MAVs.
We present a generic block diagram in Fig. 2 to highlight
the major steps in cooperative search using a team of M
number of MAVs. Initially, each MAV takes sensor observation (l) and updates its local information about the search
region and target existence. Depending on the type of sensor,
values of observation and local update can vary from simple
binary quantities to complex vector quantities. Similarly, the
local update can be implemented by simply over-writing
the outdated values or by using sophisticated mechanisms
e.g., Bayesian update rule [4]. The local information (u) of
each MAV is then shared with other team members. Sharing
of information depends on the available communication
resources. The shared information is merged by individual
MAVs to have updated information for maintaining a common view of the search region [5]. Finally, the decision
making part of each MAV uses the updated information (g) to
decide its next move (c) in the search region. The movement

Fig. 1: FileFly Hexacopter (left) and Pelican Quadcopter
(right) from Ascending Technologies GmbH.
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Fig. 2: Main steps in cooperative search using a team of
MAVs.
II. FACTORS AFFECTING COOPERATIVE SEARCH
Cooperative search using MAVs is a challenging problem.
Some of the factors affecting the cooperative search solutions
are: MAV resources, sensing, search region, target, communication, coordination, human interaction and heterogeneity.
We brieﬂy describe these factors in the following.
A. MAV Resources

This work was supported in part by the EACEA Agency of the European
Commission under EMJD ICE (FPA no 2010- 0012). The work has also
been supported by the ERDF, KWF, and BABEG under grant KWF20214/24272/36084 (SINUS) and has been performed in the research cluster
Lakeside Labs GmbH.
The authors are with the Institute of Networked and Embedded Systems,
Alpen-Adria-Universität Klagenfurt, 9020 Austria.

The most challenging part of cooperative search is dealing
with resource limitations of the MAVs. The MAVs have
limited battery life and can ﬂy for less than an hour. The
weight that an MAV can carry is another obvious limitation.
This limitation restricts the use of very high quality sensors.

3

E. Communication

Other resource limitations include the number of available
MAVs, instability in positioning the MAVs and availability of
on-board memory and computation unit. Recourse limitation
can be handled by deploying sophisticated coordination
algorithms.

The wireless communication resources on-board the
MAVs are always limited in range, bandwidth and hop count.
This communication limitation is usually solved by allowing
communication with the close neighboring MAVs [8], [5],
[4]. However, communication only with neighbors always
generate delayed, outdated and inconsistent information. This
makes the information merging step very challenging, which
is usually overcome by information redundancy and time
stamping mechanisms [5].

B. Sensing
Sensing hardware and software are usually imperfect and
are prone to sensing errors. These sensing errors greatly affect the performance of cooperative search approaches. Most
approaches introduce observation redundancy to overcome
the problem of sensing errors and to achieve a predeﬁned
conﬁdence in target location [4], [5]. Type of the sensor
(vision, infrared, laser scanner etc.) and shape of ﬁeld of view
(square, rectangle and circle) also affect the performance of
cooperative search in certain applications [2]. As the MAVs
can move in 3D space, their ability to change their elevation
or zoom level of the sensor can also change the resolution of
observation. Although, the variable resolution of observation
in cooperative search has not been fully explored, it can be
of great interest for certain applications [6].

F. Coordination
Efﬁcient coordination algorithms for MAVs introduce
team work and intelligent use of limited resources. Coordination among MAVs can take place by sharing only information
about the search region or making joint decision about
their movement. Coordination among MAVs can be both in
terms of sharing a common view of the environment and
making joint decisions. This coordination can be centralized
performed by a ground control station or decentralized where
each MAV decides for itself. Decentralized coordination
among MAVs is preferred if MAVs have sufﬁcient communication, computation, and sensing capabilities.

C. Search region
The characteristics of the search region or environment
under observation are not always uniform. Searching a
mountain region with trees or a city with tall buildings is very
different form searching a plane region or sea. The surface
of the search region affects the distance of sensor to target,
visibility of the target and sensing errors. Similarly, target
occlusions due to various obstacles in the search region and
boundary shape (regular, irregular, structured) would require
completely different approaches of cooperative search.

G. Human interaction
If human interaction with the MAVs is allowed [7],
the MAV operators take the partial burden of observing,
assessing and integrating all the information received from
the MAVs. Human interaction can include the human error,
fatigue and cost factors into the cooperative search. On other
hand, it can increase accuracy of search approaches.
H. Heterogeneity

D. Target
There are many variations on the nature of target. These
variations include
1) Number: Prior information about the number of targets (single or multiple) [1] affects the decision of
when to stop the search [4]. This information is also
required for determining the redundancy in collection
of information. Cooperative search approaches are also
sensitive to the ratio of number of targets to number
of MAVs.
2) Mobility: Targets can be stationary [4], [5] or moving
[7] and the mobility model of targets is either known or
unknown. The movement of targets makes the search
region very dynamic as the location of targets and
sensor observations vary with the time. Targets can
also appear and disappear for certain duration of the
search mission.
3) Cooperation: The target can be cooperative by sending
some information to the MAVs (e.g., GPS coordinates)
or evade by hiding itself from the MAVs. The targets
can also be enemy targets that harm the MAVs in some
ways.
A cooperative search procedure that works for one type of
target rarely works for another type of target. Thus each type
of target generates a new family of algorithms.

The MAV platforms, sensor on-board the MAVs, communication, and types of targets can be heterogeneous. The
heterogeneity in these factors should be considered while
designing or using a cooperative search algorithm.
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Object Tracking by Combining Supervised and Adaptive Online
Learning through Sensor Fusion of Multiple Stereo Camera Systems
David Spulak1 , Richard Otrebski1 and Wilfried Kubinger1
Abstract— A dependable vision system is an integral part of
any autonomous system that has to tackle tasks in unstructured
outdoor environments. When developing an autonomous convoy
of vehicles, where each vehicle has to accurately track and
follow the one in front, a stable tracking system is of utmost
importance. Combining different object detection methods and
integrating various sensor systems can improve the overall reliability of a tracking system. Especially for long-term tracking
adaptive methods with re-detection ability are advantageous. In
this paper we propose a combination of supervised ofﬂine and
adaptive online object learning methods through the fusion of
thermal infra-red and visible-light stereo camera systems for
object tracking. It is shown that by integrating multiple camera
systems their individual disadvantages can be compensated for,
resulting in a more reliable and stable tracking system.

by movement or over time. Also during night the VL
images are practically rendered useless, while object
tracking via heat signature is still viable.
• The FOV of the VL system is bigger than the IR
systems (compare with Fig. 2), providing images of
higher resolution and wider viewing angles. This makes
vehicle tracking in curves more feasible.
• The higher resolution and sharper images of the VL
stereo system enable the calculation of less noisy depth
information and make object classiﬁcation via feature
detection more practical.
The tracking system we propose in this paper was built
using the Robot Operating System (ROS) [5]. This system
allows individual programs – called nodes – to communicate
via messages. All image data recorded by the autonomous
system is published in ROS and made available to all nodes
in the system. The architecture of the proposed tracking
system is shown in Fig. 1. The whole detection process can
be divided in a supervised and an online part. The supervised
ofﬂine learning provides a pre-trained classiﬁer to the IR
object tracking node which detects and tracks the trained
object (the rear-end of a truck). After detection the object
data (location and orientation with respect to the autonomous
vehicle) is calculated from the 3D data provided by the stereo
camera system.

I. INTRODUCTION
As part of the project RelCon [1] an autonomous convoy
of vehicles is in development. In order to identify and track
the vehicle to follow computer vision is deployed. For this
purpose thermal infra-red (IR) and visible-light (VL) stereo
camera systems are available on the autonomous vehicle.
In long-term tracking tasks changing object appearance due
to dynamic lighting conditions of the outdoor environment
are challenging. This issue can be addressed by deploying
adaptive tracking methods. However, especially in long-term
tracking some detection capability is advantageous since the
tracked object will eventually be lost by the tracker and
learning from incorrect examples will start [2], [3]. Another
approach is to use imaging sensors that are less sensitive to
varying light conditions (e.g. changing shadows, backlight,
etc.). Therefore, an IR camera system was used in the RelCon
project for detecting the rear-end of the truck to follow [4].
However, in order to exploit the advantages of all stereo
camera systems available in the RelCon project we propose
a method combining supervised and adaptive online object
learning approaches for tracking. This is achieved by fusing
sensor information of camera systems with intersecting ﬁelds
of view (FOVs).
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Fig. 1.

II. THE TRACKING ALGORITHM
By extending the already existing IR tracking algorithm
[4] through integrating the available VL camera system, the
advantages of both camera systems can be exploited:
• The object appearance in the IR images remains relatively stable, even during large light variations induced

Object tracking architecture

The adaptive online learning is done for the tracking in
VL images, where changing object appearance is a bigger
issue than in the IR images. The ObjectOI-Finder program
ﬁnds corresponding image segments between the IR and
the VL images, according to the object data calculated in
the IR object tracking node (see Fig. 2). The corresponding
image segment, which shows the object that needs to be
tracked in the VL image, is then published as an object of
interest (ObjectOI) in ROS and made available to all VL

1 D. Spulak, R. Otrebski and W. Kubinger are with the Department of
Advanced Engineering Technologies at the University of Applied Sciences
Technikum Wien, Austria [spulak, otrebski, kubinger]

@ technikum-wien.at
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11.5

object tracking nodes. In all n VL camera systems these
ObjectOIs can then be used for object detection and tracking.
The features used in the RelCon project were ORB-features
[7], an efﬁcient and much faster alternative to SIFT or SURF.
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IV. CONCLUSION AND FUTURE WORK
In this paper an object tracking algorithm that combines
supervised ofﬂine and adaptive online learning methods in
different imaging sensor systems was presented. This was
done by sensor fusion, joining an IR and a VL stereo camera
system with intersecting FOVs. Hence, the FOV of the object
tracking system was enlarged signiﬁcantly and more precise
object data was able to be obtained, while simultaneously
minimizing the necessary ofﬂine object training efforts.
Since the test data available in this work was very limited,
the tracking system has to be validated more thoroughly in
future tests, providing different scenarios and extending the
autonomous vehicle with additional VL camera systems.

Additionally to the object teaching that is done by the
ObjectOI-Finder in the intersecting FOVs, each VL object
tracking node itself can publish new ObjectOIs. This enables
a continuous update of the objects appearance even outside
the IR systems FOV. Finally the calculated object data of all
stereo camera systems are fused together and denoised in the
Filter node, using a simple Kalmanﬁlter [6] that is provided
with a motion model.
III. RESULTS
The proposed system was tested with recorded data from
one IR and one VL camera system. As it is shown in Fig. 3
the approach taken in this paper makes an object detection
outside the IR systems FOV possible – the truck is marked
by a white square. The FOV of the object tracking system is
effectively doubled, without the need for additional training
efforts. By building up a stack of ObjectOIs to identify the
tracked object, the VL object tracking is also stable against
an occasional false detection in the IR images.
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Object tracking outside of the IR systems FOV

Fig. 4 shows the fused object data provided by the two
stereo camera systems. A smooth ﬁltering of the object data
is achieved by ignoring outliers and considering different
measurement inaccuracies for the imaging sensors. As seen
in the ﬁgure, the vehicle position outside the FOV of the
IR system is estimated only with data from the VL system
(timesteps 150 – 210, one frame is shown in Fig. 3). Otherwise both VL and IR measurements are used to determine
appropriate steering actions of the autonomous system.
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Intelligent Automated Process: a Multi Agent Robotic Emulator
A. Gasparetto1 , R. Vidoni2 and P. Boscariol1

Abstract— The demands of modern industry push towards
new adaptive and conﬁgurable production systems where multiagent techniques and technologies, suitable for modular, decentralized, complex and time varying environments, can be
exploited. In this work a generic assembly line is evaluated and
the basic features, problems and non-idealities that can occur
during the production are taken into account for evaluating
and developing an intelligent automated emulated process made
of Multi-Agent Robotic Systems. A simpliﬁed agentiﬁcation of
the process is made: the main elements of the production are
modeled as an agent while the operators that work to restock
the local working station stores are considered as autonomous
(robotic) agents.

I. INTRODUCTION
Multi Agent Systems (MAS) have been extensively studied and applied in different ﬁelds such as electronic commerce, management and real-time monitoring of networks
and air trafﬁc management [1],[2]. The demands of the
modern industry aim at creating conﬁgurable and adaptive
production systems. Indeed, companies need a proper level
of agility and effectiveness to satisfy the fast changes of
customers’ needs. Moreover, markets push manufacturing
systems from a mass production to a mass customization
fashion; a reduction of the product life-cycles, short lead
times and high utilization of resources without increasing the
costs are the main targets to satisfy. Thus, industrial needs
seem to adapt well to the use of agent technology.
The MAS, in fact, are able to manage complex systems
by dividing them into smaller parts and can react to dynamic
environments. The main advantages of this technology and
approach are: decentralized and distributed decision (i.e. each
agent keeps decisions autonomously), and modularity of the
structure (i.e. agents are independent). Hence, they are suitable for modular, decentralized, complex, time varying and
ill-structured environments. At today, their real application in
plants and manufacturing systems is still an exception. This
is not because they are not suitable for a real use, but because
of a lack of conﬁdence with such systems even if MAS
technologies have been already evaluated and theoretically
applied in different manufacturing sectors such as production
planning, scheduling and control, materials and work ﬂow
management [3], [4], [5].
The purpose of this research is to adopt the intelligent
agent techniques to study and develop a distributed framework in order to emulate an industrial robotic process and a
chain production activity.
1 DIEGM,
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gasparetto@uniud.it, paolo.boscariol@uniud.it

2 Faculty of Science and Technology - Free University of Bozen-Bolzano
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II. PROCESS AND PRODUCTION LINE
In this attempt, the simulation and emulation of a a mixedmodel mass production line are considered. The process
is implemented with a pull logic and the supply chain
management relies on the Just-In-Time (JIT) techniques.
The resulting product is a household appliance, which bill
of material has been simpliﬁed to facilitate the emulation.
Since the product is generic, it can be easily adapted to any
production ﬁeld.
The objective of this research is to create a system able to
manage autonomously the lowest level, making the assignment of tasks to the automatic machines. In such a phase, the
autonomous agents system must be able to establish, without
a centralized control, the better division of the required
production, even if there are not the predicted conditions
in the line (e.g. if materials in the warehouse are missing).
III. MODEL OF THE EMULATOR
The mixed-model line has been chosen since it allows to
change in the mix of produced models without having to
perform expensive set-up operations. In such a way, an easy
adaptation to ﬂuctuations in demand without excessive stocks
of ﬁnished goods is admitted. A series of routine operations
are usually carried out and, depending on the model, only
some product features are modiﬁed: in the implemented
model each machine has different components but the same
production cycle. The appliances in production are brought
automatically from one machine to another at the end of
each process, and to the store. In Fig. 1 the structure of
the emulator, i.e. machines, components warehouse, stores,
robots and suppliers is presented.
IV. M ULTI AGENT ROBOTIC S YSTEM
The production line model is managed through a system
based on multi-agent technology. The following autonomous
agents have been implemented:
• Scheduler agent. It calculates the size of the lots and
schedules the production over time. It sends the lots
size to the Station agents and instructs the Robot agent
on what has to be ordered to ﬁnish the production.
• Station agent. One for each station: it receives the
requests to produce the lots from the Production agent
(only the station number 1) or previous Station agents
and sends requests to the next stations. Station agents
are in charge of controlling the number of available
pieces and, if necessary, of ordering the lacking components to the Robot agent. For each assembly produced,
the related components are decremented.

Fig. 2.

Fig. 1.

•

•

•

•

Simpliﬁed model of the process

Production agent. It receives requests and sends them
to the line 1st station to start production. It informs the
Scheduler agent when the lot production is completed.
Robot agent. It receives from the Station agents the
requests of components delivery and is responsible of
guiding a robot to and from the warehouse for the
withdrawal of materials. If components are missing, it
sends requests to the Supplier agent.
Supplier agent. It receives from the Robot agent requests for supply components and sends the time needed
to ﬁll in the warehouse. When the delivery time is up, it
takes care of adding the required parts in the warehouse.
If the material is wrong restarts the time and sends
a negative response. It chooses the external supplier
evaluating its performances.
External supplier agent. It receives requests for parts
availability from Supplier agent and answers by sending
its parameters. If this supplier is chosen, it receives the
supply order and sends its time.
V. EMULATOR STRUCTURE

Agent technology has been standardized thanks to the
efforts of the Foundation for Intelligent Physical Agents
(FIPA). Indeed, it has developed speciﬁcations for permitting
the spread of shared rules that have brought to the development of FIPA-OS (FIPA-Open Source), JADE (Java Agent
Development Environment) and ZEUS agent platforms, all
compliant to the FIPA rules and directives [6]. Three main
ﬂows characterize the emulator:
•
•
•

the ﬂow of information exchanged between the various
autonomous agents.
the ﬂow of information of the product within the production line.
the ﬂow of information of the components between the
warehouse and the machines, carried by the robots
8

NXT Robots and environment

The chosen hardware to create a realistic simpliﬁed scenario is the Lego Mindstorms NXT, shown in Fig.2. These
robots are equipped with two light sensors to follow the
chosen road and recognize the crosses, as in an automatic
warehouse. Indeed the travel area has been deﬁned as a grid
of roads to be followed. Moreover, by means of ultrasonic
sensors, they are able to evaluate and recognize obstacles in
a suitable range. For each station a predeﬁned path can be
used or a shortest path searching algorithm can be exploited.
In a ﬁrst simpliﬁed scenario, four Station Agents and one
for each of the other agent types have been adopted.
VI. CONCLUSIONS
In this work a generic assembly line has been evaluated
and modeled in order to take into account the basic features, problems and non-ideality that can occur during the
production. An intelligent automated process made of MultiAgent Robotic Systems has been evaluated and studied. A
simpliﬁed agentiﬁcation of the process has been made, each
working station, external supplier and main elements of the
production has been modeled as an agent. Operators that
work in order to restock the local working station stores
have been considered as autonomous (robotic) agents.
The overall framework has been realized and an emulator
has been implemented by means of the JADE platform, that
follows the FIPA standards, and NXT-robots.
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7UDFNHU $7 /5 IURP +H[DJRQ 0HWURORJ\  PHDVXUHV WKH
DEVROXWH'SRVLWLRQDQGRULHQWDWLRQRIDWUDFNHGREMHFW KHUH
WKHURERWHQGHIIHFWRU ZLWKDQDFFXUDF\EHWWHUWKDQP LQ


 7KH UHVHDUFK OHDGLQJ WR WKHVH UHVXOWV KDV UHFHLYHG IXQGLQJ IURP WKH
(XURSHDQ 8QLRQ 6HYHQWK )UDPHZRUN 3URJUDPPH )3 XQGHU
JUDQWDJUHHPHQWQ 0HJDURE )XUWKHUVXSSRUWUHFHLYHGE\0&&6
DQGE\WKHFDQWRQVRI&HQWUDO6ZLW]HUODQG
'LHJR ) %RHVHO DQG 3KLOLSS *ORFNHU DUH ZLWK WKH 5RERWLFV 
$XWRPDWLRQ 6HFWLRQ RI &6(0 6$ $OSQDFK 'RUI 2:  &+
FRUUHVSRQGLQJDXWKRUSKRQHID[H
PDLO'LHJR%RHVHO#FVHPFK 
-RVp $QWRQLR 'LHVWH DQG 9LFWRU 3HLQDGR DUH ZLWK WKH $,7,,3
7HFKQRORJLFDO
&HQWUH
=DUDJR]D

6SDLQ
HPDLO
MRVHDQWRQLRGLHVWH#DLWLLSFRP 
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SRVHFRQWUROZDVLPSOHPHQWHG





)LJXUH%ORFNGLDJUDPRIWKHLPSOHPHQWHGFRQWURODOJRULWKP

ORRS WKDW LV IHG EDFN E\ WKH SODQQHG MRLQW
SRVLWLRQV 7KH RXWSXW RI WKLV FRQWUROOHU LV DGGHG
WRWKHSRVLWLRQVHWSRLQWRIWKHPRWRUFRQWURO
7KH DEVROXWH ' SRVH FRQWUROOHU RI WKH URERW FDQ EH
H[WHQGHG WR FRSH ZLWK GLVWXUEDQFHV LQ WKH URERW EDVH
'LVWXUEDQFHV LQ WKLV FDVH LQFOXGH PRWLRQRI WKH EDVH ,Q WKLV
VFHQDULR DQ DFFXUDWH HVWLPDWLRQ RI WKH LQVWDQWDQHRXV URERW
EDVHSRVHLVQHHGHGIRUWKHDEVROXWH&DUWHVLDQSRVLWLRQFRQWURO
RIWKHURERW7KHHVWLPDWLRQRIWKHURERWEDVHLVSHUIRUPHGE\
DQ RSWLPL]DWLRQ DOJRULWKP DW D IUHTXHQF\ RI  N+] XVLQJ
VLQJXODUYDOXHGHFRPSRVLWLRQIUDPHZRUN GHVFULEHGLQ>@ 
7KHSHUIRUPDQFHRIWKHFRQWUROOHUSURSRVHGLQWKLVSDSHU
ZDV WHVWHG 6SHFLILFDOO\ WHVWV LQ WKUHH VFHQDULRV ZHUH
FRQGXFWHG,QIUHHVSDFHPRWLRQZLWKQREDVHGLVWXUEDQFHWKH
SURSRVHG FRQWUROOHU LPSURYHG WKH VWDWLFSRVLWLRQLQJ DFFXUDF\
E\PRUHWKDQDQRUGHURIPDJQLWXGHIURPDURXQGPPWR
PP VHH)LJXUH ,QG\QDPLFVLWXDWLRQVVSHFLILFDOO\LQ
FLUFXODU WUDMHFWRULHV WKH DFFXUDF\ RI WKH URERW ZLWK WKH
SURSRVHG FRQWUROOHU UHPDLQHG FRQVWDQW DURXQG  PP ZLWK
VRPH SHDNV EHWZHHQ  PP DQG  PP 7KHVH SHDNV
FRUUHVSRQGWRLQVWDQWVZKHQDQ\RIWKHWKUHHILUVWD[HVRIWKH
URERW WKH ODUJHU RQHV  FKDQJHG WKHLU PRWLRQ GLUHFWLRQ
:LWKRXW FRUUHFWLRQ WKH DFFXUDF\ HUURU YDULHG VPRRWKO\
EHWZHHQPPDQGPP,QPRWLRQZLWKPDFKLQLQJWKH
DFFXUDF\ ZKHQ WKH URERW ZDV PLOOLQJ VKRZHG QR VLJQLILFDQW
FKDQJH )LQDOO\ LQ PRWLRQ ZLWK EDVH GLVWXUEDQFH ZKHQ WKH
URERW EDVH ZDV UDQGRPO\ GLVORFDWHG RQ D OLQHDU UDLO ZKLFK
FDQEHVHHQDVDGLVWXUEDQFHLQWKHURERWEDVH WKHSURSRVHG
FRQWUROOHU VLJQLILFDQWO\ PLQLPL]HG WKH HUURU RI WKH SODQQHG
URERWWRROWUDMHFWRU\
7KH LPSOHPHQWHG FRQWUROOHU VKRZV SRWHQWLDO IRU
DSSOLFDWLRQ LQ WKH LQGXVWU\ DV ZHOO DV IRU UHVHDUFK LQ WKH
DFDGHPLD ,W LV WKH ILUVW WLPH WKDW WKH DEVROXWH ' SRVH RI D
URERW LV  FRQWUROOHG ZLWK WKH VDPH IUHTXHQF\ DV LWV PRWRU
FRQWURO2QHRIWKHIXWXUHUHVHDUFKZRUNVLQWKLVV\VWHPLVWKH
LQFOXVLRQRIWKHURERWG\QDPLFVLQWKHH[WHUQDOFRQWUROORRSLQ
RUGHUWRLPSURYHSHUIRUPDQFHZKHQD[HVFKDQJHGLUHFWLRQRI
PRWLRQ
7KH LPSOHPHQWHG VROXWLRQSURYLGHV D QXPEHURIEHQHILWV
IRU WKH LQGXVWU\ 7KH VROXWLRQ LV LPSOHPHQWHG XVLQJ RQO\
FRPPHUFLDOFRPSRQHQWVDQGWKHUHIRUHLVSURPSWO\DYDLODEOH
IRU GHSOR\PHQW 6LQFH WKLV PHWKRG GRHV QRW GHSHQG RQ
FDOLEUDWLRQ LW SURYLGHV IOH[LELOLW\ WR EH XVHG LQ DQ\ W\SH RI
SURJUDPDQGWUDMHFWRU\)LQDOO\LWRSHQVWKHXVHRIURERWVIRU
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Graz Grifﬁns’ Solution to the European Robotics Challenges 2014
J. Pestana1,3 , R. Prettenthaler1 , T. Holzmann1 , D. Muschick2 *, C. Mostegel1 , F. Fraundorfer1 and H. Bischof1

Abstract— An important focus of current research in the ﬁeld
of Micro Aerial Vehicles (MAVs) is to increase the safety of their
operation in general unstructured environments. An example
of a real-world application is visual inspection of industry
infrastructure, which can be greatly facilitated by autonomous
multicopters. Currently, active research is pursued to improve
real-time vision-based localization and navigation algorithms.
In this context, the goal of Challenge 3 of the EuRoC 20144
Simulation Contest was a fair comparison of algorithms in a
realistic setup which also respected the computational restrictions onboard an MAV. The evaluation separated the problem
of autonomous navigation into four tasks: visual-inertial localization, visual-inertial mapping, control and state estimation,
and trajectory planning. This EuRoC challenge attracted the
participation of 21 important European institutions. This paper
describes the solution of our team, the Graz Grifﬁns, to all tasks
of the challenge and presents the achieved results.

Fig. 1. Input data for the localization task. Left: Image from the simple
dataset. Right: Image from the difﬁcult dataset. In comparison to the left
image, the right image includes poorly textured parts, reﬂecting surfaces,
over- and underexposed regions and more motion blur.

I. V ISION -BASED L OCALIZATION AND M APPING
The ﬁrst track of the simulation contest was split into
the tasks of localization and mapping. A robust solution
for both tasks is essential for a safe navigation in GPSdenied environments as they form the basis for controlling
and trajectory planning respectively.

Fig. 2.
Mapping process. Left: 3D points and their keyframe camera
poses. Middle: Constructed mesh. Right: Evaluated occupancy grid (color
coded by scene height).

B. Mapping
To successfully detect obstacles and circumnavigate them,
an accurate reconstruction of the environment is needed. The
goal of this task was to generate an occupancy grid of high
accuracy in a limited time frame.
For our solution we only process frames from the
stereo stream whose pose change to the previously selected
keyframe exceeds a given threshold. From these keyframes
we collect the sparse features (100 to 120) that are extracted
and matched using libviso2 [3]. For these features we triangulate 3D points and store them in a global point cloud with
visibility information. After receiving the last frame, we put
all stored data into a multi-view meshing algorithm based
on [5]. The generated mesh is then smoothed and converted
to an occupancy grid for evaluation. An example mapping
process can be seen in Fig. 2.

A. Localization
In this task, the goal was to localize the MAV using stereo
images and synchronized IMU data only. The stereo images
had a resolution of 752x480 pixels each and were acquired
with a baseline of 11 cm and a framerate of 20 Hz. The
implemented solution had to run on a low-end CPU (similar
to a CPU onboard an MAV) in real-time. The results were
evaluated on three datasets with varying difﬁculty (see Fig. 1)
in terms of speed and local accuracy.
We used a sparse, keypoint-based approach which uses
a combination of blob and corner detectors for keypoint
extraction. First, feature points uniformly distributed over the
whole image are selected. Next, quad matching is performed,
where feature points of the current and previous stereo
pair are matched. Finally, egomotion estimation is done
by minimizing the reprojection error using Gauss-Newton
optimization. We used libviso2 [3] for our solution, a highly
optimized visual odometry library.

C. Results
The ﬁnal evaluation for all participants was performed
on a computer with a Dual Core i7 @ 1.73 GHz using three
different datasets for each task.
For the localization task, the local accuracy is evaluated
by computing the translational error as deﬁned in the KITTI
vision benchmark suite [1]. Over all datasets, we reach a
mean translational relative error of 2.5 % and a mean runtime
of 48 ms per frame.
For the mapping task, the datasets contained a stereo
stream and the full 6DoF poses captured by a Vicon system.

*The ﬁrst four authors contributed equally to this work.
for Computer Graphics and Vision and 2 Institute of
Automation and Control, Graz University of Technology; and
3 CVG, Centro de Automática y Robótica (CAR, CSIC-UPM)
{pestana,holzmann,mostegel}@icg.tugraz.at
{daniel.muschick,rudolf.prettenthaler}@tugraz.at
{fraundorfer,bischof}@icg.tugraz.at
This project has partially been supported by the Austrian Science Fund
(FWF) in the project V-MAV (I-1537), and a JAEPre (CSIC) scholarship.
4 http://www.euroc-project.eu/
1 Institute
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With increasing difﬁculty, the motion of the sensor changed
from smooth motion to a jerky up and down movement with
a lot of rotational change only. In addition, the illumination
changed frequently and the captured elements consisted of
ﬁne parts that were challenging to reconstruct (e.g. a ladder).
For scoring, the accuracy is calculated using the Matthews
correlation coefﬁcient (MCC). Our solution obtains an average MCC score of 0.85 on the ﬁnal evaluation datasets. An
MCC score of 1.0 would indicate a perfect reconstruction.

Fig. 3.
Industrial environment of size 50 m×50 m×40 m. A typical
planned trajectory is shown: The output of the PRMStar algorithm (red)
is consecutively shortened (green-blue-orange-white).

II. S TATE E STIMATION , C ONTROL AND NAVIGATION

First, the path that minimizes a cost function is planned.
This function penalizes proximity to obstacles, length and
unnecessary changes in altitude. Limiting the cost increase,
the raw output path from the planning algorithm (shown in
red in Fig. 3) is shortened (white). Finally, a speed plan is
calculated based on the path curvature.
The map is static and provided as an Octomap [4]. In
order to take advantage of the environment’s staticity a
Probabilistic Roadmap (PRM) based algorithm was selected,
the PRMStar implementation from the OMPL library [8].
The roadmap and an obstacle proximity map are precalculated prior to the mission. For the latter the dynamicEDT3D
library [6] is used.

The second track aimed at the development of a control
framework to enable the MAV to navigate through the
environment fast and safely. For this purpose, a simulation environment was provided by the EuRoC organizers
where the hexacopter MAV dynamics were simulated in
ROS/Gazebo.
The tasks’ difﬁculty increased gradually from simple hovering to collision-free point-to-point navigation in a simulated industry environment (see Fig. 3). The evaluation
included the performance under inﬂuence of constant wind,
wind gusts as well as switching sensors.
A. State Estimation and Control

C. Results
The developed control framework achieves a position
RMS error of 0.055 m and an angular velocity RMS error
of 0.087 rad/s in stationary hovering. The simulated sensor
uncertainties are typical of a multicopter such as the Asctec
Fireﬂy. The controlled MAV is able to reject constant and
variable wind disturbances in under four seconds.
Paths of 35 m are planned in 0.75 s and can be safely
executed in 7.55 s to 8.8 s with average speeds of 4.2 m/s
and peak speeds of 7.70 m/s.

For state estimation, the available sensor data is a 6DoF
pose estimate from an onboard virtual vision system (the
data is provided at 10 Hz and with 100 ms delay), as well
as IMU data (accelerations and angular velocities) at 100 Hz
and with negligible delay, but slowly time-varying bias.
During ﬂight, the position and orientation are tracked
using a K ALMAN-ﬁlter–like procedure based on a discretized
version of [7]: the IMU sensor data are integrated using
E ULER discretization (prediction step); when an (outdated)
pose information arrives, it is merged with an old pose
estimate (correction step) and all interim IMU data is reapplied to obtain a current estimate. Orientation estimates
are merged by turning partly around the relative rotation
axis. The corresponding weights are established a priori
as the steady-state solution of an Extended Kalman Filter
simulation.
For control, a quasi-static feedback linearization controller
with feedforward control similar to [2] was implemented.
First, the vertical dynamics are used to parametrize the thrust;
then, the planar dynamics are linearized using the torques
as input. With this controller, the dynamics around a given
trajectory in space can be stabilized via pole placement using
linear state feedback; an additional PI-controller is necessary
to compensate for external inﬂuences like wind.
The trajectory is calculated online and consists of a point
list together with timing information. A quintic spline is ﬁtted
to this list to obtain smooth derivatives up to the fourth order,
guaranteeing jerk and snap free trajectories.

III. C ONCLUSIONS
Our solution to EuRoC 2014 Challenge 3 Simulation
Contest earned the 6th position out of 21 teams. Although
the developed algorithms are a combination of existing techniques, this work demonstrates their applicability to MAVs
and their suitability to run on low-end on-board computers.
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B. Trajectory planning
Whenever a new goal position is received, a new path
is delivered to the controller. In order to allow fast and
safe navigation the calculated path should stay away from
obstacles, be smooth and incorporate a speed plan.
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Coordination of an Autonomous Fleet
M. Bader1 , A. Richtsfeld2 , M. Suchi3 , G. Todoran3 , W. Kastner1 , M. Vinzce3

Abstract— Automated Guided Vehicles are systems normally
designed to follow predeﬁned paths in order to work reliably
and predictably. Giving such vehicles the capability to leave a
predetermined path enables the system to cope with obstacles
and to use energy efﬁcient trajectories. However, industrial
acceptance of such autonomous systems is low, due to the fear
of unpredictable behaviour. This paper presents a system design
which is capable of spatially adjusting the level of autonomy
for control of desired behaviour.

Production Planning and Control
(PPC)
internal processes
AGV
Control System
(ACS)

Automated guided vehicles (AGV) are driverless mobile
platforms used for transportation processes as well as for
ﬂexible system solutions on assembly lines. An AGV is
normally designed to operate precisely on predeﬁned tracks,
similar to movement along rails. This simpliﬁes on-board
self-localization and trajectory control while shifting the burden of control over to the centralised AGV Control System
(ACS) server, which controls all of the vehicles in order
to prevent deadlocks on the tracks under time constraints.
This paper discusses an approach to the distribution of
track management that enables vehicles to compute spatially
limited paths and trajectories for leaving predeﬁned tracks
on-board. The vehicle is able to deal with obstacles, to drive
energy-efﬁciently and to communicate with other vehicles if
needed, e.g., at crossings. As a result, the system proposed
will be less costly during installation, but also more complex
to coordinate as a ﬂeet.
AGVs have been used since the Second World War, ﬁrst
of all as vehicles following rails and then later magnets,
coloured bands and other markers integrated into the environment [1]. Nowadays, laser scanners [2] with markers are
used to follow a virtual path. On-board self-localization and
trajectory planning are still avoided, by just following the
handcrafted virtual path assigned by a central ACS which
controls the whole vehicle ﬂeet, as shown in Figure 1. Prevention of collisions and deadlocks is imperative, and regular
tasks, such as recharging or vehicle cleaning, are managed
by the ACS, which generates operation orders based on the
input from the Production Planning and Control (PPC). The
1 M. Bader and W. Kastner are with the Institute of Computer Aided Automation, Vienna University of Technology, Treitlstr. 1-3/4. Floor/E183-1, 1040 Vienna, Austria [markus.bader,

wolfgang.kastner]@tuwien.ac.at
2 A. Richtsfeld is with DS AUTOMOTION GmbH, Technology
& Product Development, Lunzerstrae 60, 4030 Linz / Austria.

a.richtsfeld@ds-automotion.com
3 M. Suchi and G. Todoran are with the Automation and Control Institute, Vienna University of Technology, Gusshausstrasse 27-29 / E376,
1040 Vienna, Austria. [markus.suchi, george.todoran,

markus.vincze]@tuwien.ac.at
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Fig. 1. This ﬁgure shows, to the left, the modules involved in a classical
system. The PPC analyses general processes (e.g., costumer requests) for
the ACS. The ACS identiﬁes operation orders in internal processes and
computes routing tables composed of sequences of line, arc and spline
segments as tracks. A single AGV has to simply follow the tracks with
a tracking control. No path planning is involved. To the right, AGVs in
action on an automotive assembly line.

following section presents our approach to coordination of a
ﬂeet of AGVs with an adjustable level of autonomy.
II. A PPROACH
Currently deployed AGV systems use tracks that have
been manually designed ofﬂine. These tracks are deﬁned
by a list of segments, for example, lines, arcs, and splines.
An AGV’s task is to follow these segments and to report
on which segment it is currently driving. The segments are
distributed by the ACS, as shown in Figure 1, for processing
on the AGVs. Currently only two planning levels are needed:
• the overall routing on the centralised server and
• the tracking control on the AGV, which has to follow
the designated segments.
We would like to present an approach which additionally
enables an AGV system to:
• autonomously avoid obstacles on the track,
• solve situations without the ACS interfering, e.g., multirobot situations, or pick and place actions,
• use optimised trajectories in order to drive time-,
energy- and/or resource-optimally (e.g., in the face of
ﬂoor abrasion) and
• to be easier to maintain and less expensive during
system design and set-up.
Figure 2 depicts this approach. This can only be realised if
AGVs are able to:
• localise themselves (even if vehicles are leaving a
predeﬁned track),
• communicate with each other and
• execute and adapt behaviour to solve local issues without centralised intervention.

static track
segments
critical segments
collosion
avoidance

ACS

AGV 1

operation
oders

behaviour controller
scenario
detection

Proposed Approach:

navigation
pathplanner

free area
critical area

safe
passage
(intercom)

selflocalization

sensors

obstacle
robot
dynamically
planned trajectory

emergency
stop

routing

motor
controller

trajectorygenerator

AGV 2

intercom

behaviour controller

optimized
trajectory

tracks &
segment attributes

Fig. 2. The system currently used has a centralised path design based
on pre-deﬁned line and arc segments (blue). An AGV has to follow the
static tracks (green) while the control system takes care of the routing.
In contrast to the system currently used, the system proposed here uses
pre-deﬁned areas in which a vehicle is allowed to move freely. Obstacles
can be circumnavigated and two or more vehicles are able to communicate
directly with each other in order to plan trajectories for safely passing one
another. Trajectories are locally planned and are time-, resource- or energyoptimised.

In the system proposed, the ACS distributes segments to
the AGVs, similar to before, but encapsulates additional
attributes. The additional segment attributes are used to
signal the system what to expect and suggests a collection
of behaviours from which one is selected by the AGV to
manage the track segment. Typical behaviours are stop if
there is an obstacle or passing on the left is allowed. In our
approach, AGVs are also able to select one of two motion
control algorithm to ensure a safe and established system
behaviour in regions where no autonomy is allowed, e.g., in
narrow passages, in elevators or at a ﬁre door.
• A tracking controller based on a ﬂat system output [3]
which tries to follow tracks precisely.
• A Model Predictive Control (MPC) [4] which uses a
local cost map of the environment sensed to deal with
obstacles.
Both controls are able to stop in the presence of an obstacle,
but the MPC is also designed to react to environmental
changes by leaving the track.
The Behaviour Controller (BC) shown in Figure 3 plays
a vital part in the new system. This module has to interpret information gained or received locally in order to set
parameters for each module and to make binary decisions.
Such binary decisions have to be made, for example, if the
scenario detection module recognizes an obstacle on the
track. The BC has to decide if it orders the vehicle to slow
down and wait (perhaps the obstacle is a person who will
soon leave the track), or trigger the navigation module to
steer the vehicle around the obstacle. Such decisions are only
possible by the system’s integration of expert knowledge
which is delivered to the BC from the ACS with segment
attributes. This allows the system operator to spatially adjust
the level of the vehicle autonomy and to simplify the
decision-making process. On the ACS server, we would like
to integrate a routing approach that uses Kronecker-Algebra
14

AGV n
behaviour controller

Fig. 3.
AGV system overview: The AGV control system (ACS) gets
orders from the production planning and control (PPC) (see Figure 1) and
distributes them to the AGVs. The ACS also supervises the route planning
of AGVs to optimise the execution time of all of the orders given to the
system.

[5], which would not only allow computation of routing
tables, but would also suggest velocities. Such an approach
would reduce overall energy consumption by minimising
stops.
III. C ONCLUSION AND R ESULTS
Many research questions are still up for discussion, such as
life long mapping, knowledge representation, optimal multirobot path planning, usage of smart building systems and
the Internet of Things (IoT). We started to implement the
proposed system using a simulated small production site in
GazeboSim and to test the system using an existing ACS
Server with promising results.
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Iteration 1

I. I NTRODUCTION

B

In this paper we present a fully embedded implementation
of a 3D surface registration algorithm for robot navigation
and mapping. The target platform is a multi-core digital
signal processor, on which we achieved a signiﬁcant speedup
in comparison to the PC-based implementation. The main
contribution of this paper is to show the potential of using
multi-core DSP platforms for real-time capable implementation of computationally intensive tasks providing surface
registration as application example.
Surface registration describes the process of ﬁnding a rigid
transformation between two sets of 3D points describing the
same object, captured from different points of view. This
is used to generate a complete 3D scan of an object if the
transformation between the single scans are not known. One
method for solving this problem is to leverage the assumption
that both point clouds perfectly overlap. Minimization of the
data term (e.g. distances between matching points) would
then lead to the target transformation. Therefore the result
heavily depends on the similarity of the datasets, which
usually cannot be guaranteed due to (i) noise and outliers in
the sensor data, (ii) only small overlap, and (iii) occlusions.
Thus a more robust error metric is required with which a
rigid transformation can be estimated iteratively.
A well-known solution is using the iterative closest point
(ICP) approach by Besl and McKay [1] as shown in Fig. 1.
A and B represent point clouds of the same surface captured
from different locations. At every iteration, for each point of
A the nearest point of B is searched. Wrong correspondences
can occur as can be seen at location b3 . Using the resulting
correspondences, a transformation is estimated and A is
transformed accordingly. For the next iteration the point
clouds are closer to each other and some correspondences,
which previously were wrong, become valid. This process is
repeated until a deﬁned abortion criterion is satisﬁed, e.g., the
sum of absolute distances (SAD) between correspondences
is below a certain threshold. Ideally, the more iterations are
performed, the more precise the result is. However, when
working with real data containing noise and outliers it is
not guaranteed that the algorithm converges to a global
minimum.
The described process uses the point-to-point error metric
which minimizes the sum of the Euclidean distances between
point correspondences. Zhang [2] uses the point-to-point
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Fig. 1. ICP illustrated with 4 iterations using point-to-point Euclidean
distance as error metric.

metric as well, but adds a statistical outlier rejection method.
Chen and Medioni [3] introduced the point-to-plane variant
where the sum of distances between normal vector to its
corresponding point is minimized. Several more variants of
the ICP exist in literature [4][5][6]; such as variants with
different outlier rejection methods, distance metrics or transform estimation techniques. However, to the authors’ best
knowledge, no purely embedded real-time implementation
of an ICP exists.
II. R EGISTRATION ON E MBEDDED S YSTEM
In this section, we describe our embedded implementation
on the Texas Instruments TMS320C6678 DSP [7] used as
target platform. Surface registration on embedded systems,
with focus on real-time capability, is a tradeoff between
precision and computational effort. Variations based on tree
correspondence searches are well suited since they can be
realized efﬁciently with a small memory footprint. For our
implementation, we used the point cloud library (PCL)1 [8]
as code base. We ﬁrst ported this code for execution on
DSPs, then applied low-level optimization techniques, and
added parallelization with OpenMP, a software framework
for multicore shared-memory systems. The C6678 offers
8 VLWI cores clocked at 1.25GHz each, a 2 or 3-level
memory architecture, and a Gbit Ethernet interface. For
easy integration into robotic platforms, we used the robotic
operating system (ROS) [9]. This is a software framework
for modular distributed systems where the communication
between the processing units is deﬁned. In order to use
it for our DSP implementation, we adapted a lightweight
1 http://www.pointclouds.org
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Fig. 2. Two 3D scans overlapped (with compensated initial transformation)
(a) source point clouds (b) aligned point clouds; dataset from [11].
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The correspondence estimation uses the kdtree module
of the PCL which uses the FLANN library as back-end.
FLANN supports parallel search with OpenMP, but the interface between PCL and FLANN does not make use of this
feature. It is especially powerful in automatic parametrization
on multidimensional spaces, but these features add complexity and are not needed for ICP. Thus, we use Nanoﬂann2
which is optimized for low-dimensional spaces and could
better be optimized, due to its reduced code complexity.
Applying some further optimizations, such as moving small
heap allocations to the faster stack, a speedup between
the optimized (single core) and the ﬁrst ported original
registration for the room dataset (Figure 2) of 8.6 is achieved,
random clouds with 80,000 and 10,000 points achieved 7.7
and 6.1. Hence, the speedup increases with the number of
iterations and the number of points because the DSP can
work more efﬁciently with large amounts of data, stem from
the overhead which is independent of the number of points.
Parallelization of the Registration System
The PCL is primarily written for single core execution,
except for some sub-libraries which uses OpenMP directives.
The modules used for registration do not use any parallel
constructs. The focus of adding parallelism lies on the
most time consuming tasks which are the nearest neighbour
search, i.e. correspondences estimation, and the building of
the tree as mentioned earlier. Both tasks suit well for parallel
execution as every search is independent of each other and
as the branches of a tree do not depend on another. Further
parallelism can be added on each loop that transforms the
whole point cloud.
2 http://code.google.com/p/nanoﬂann/
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embedded ROS node (urosNode) [10] for fast data exchange
over Ethernet.
The complexity analysis of the registration algorithm
reveals that the highest complexity lies in the correspondence search (O(M log N )) and building of the search-tree
(O(log N )). The complexity of the remaining steps of the
algorithm is linear. Running the system with a random point
cloud (80000 points) and point-to-point metric shows that
correspondence estimation takes 51% and the tree build 21%
of the time.
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(a)

200 400 600
time/ms

Fig. 4. Comparison of the DSP (8 cores á 1GHz) registration implementation with a PC-system (MS Win7, Intel i7-CPU (4 cores á 2.3Ghz)) on
the room data set using point-to-point and point-to-plane ICP variants. The
runtime is compared to the sum of used core clocks.

Figure 3 shows the speedups achieved by parallelization
of the optimized single-core version for different point cloud
sizes of the overall registration process.
Figure 4 shows the DSP implementation compared to a
typical PC-desktop system.
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KLJKSULFHRIURERWVPXFKUHVHDUFKKDVEHHQGRQHWRGHYHORS
ORZFRVWKLJKSHUIRUPDQFHURERWDUPV>@>@>@
,Q DGGLWLRQ WR WKH WHFKQRORJLFDO GHYHORSPHQW ZKLFK
XQGHUWDNHV WKH GRPDLQ URERWLFV QHZ WHFKQRORJLHV VXFK DV
DGGLWLYH PDQXIDFWXULQJ DUH JUDGXDOO\ PDWXULQJ OHDGLQJ WR DQ
HQULFKPHQWRIWKHLUILHOGRIDSSOLFDWLRQ7KLVWHFKQRORJ\ZKLFK
JHQHUDWHVSDUWVLQDOD\HUHGZD\KDVDKLVWRU\RIPRUHWKDQ
\HDUV7KHVHSURFHVVHVDUHQRWDQ\ORQJHUXVHGH[FOXVLYHO\IRU
SURWRW\SLQJ1HZRSSRUWXQLWLHVDQGDSSOLFDWLRQVLQDSSURSULDWH
PDQXIDFWXULQJWDVNVRSHQHGXSHYHQWKRXJKWKHFRPPHUFLDO
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LQ D OD\HUE\ OD\HU DGGLWLYH PDQQHU WKH 5DSLG 7HFKQLTXHV
DOORZ IUHHIRUP IDEULFDWLRQ RI SDUWV RI FRPSOH[ JHRPHWU\
GLUHFWO\ DQG DXWRPDWLFDOO\ IURP WKHLU &$' PRGHOV ZLWKRXW
KDYLQJ WR XVH VSHFLDO IL[WXUHV DV LQ WKH PDWHULDO UHPRYDO
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IRU HGXFDWLRQDO SXUSRVHV ZKLFK ZRXOG EH VROLG HQRXJK WR
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EXLOGDPLQLPRGHOZLWKORZFRVWFRPSRQHQWVWRWHVWWKLVWKHRU\
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Multi-Hop Aerial 802.11 Network: An
Experimental Performance Analysis
Samira Hayat∗ , Evşen Yanmaz∇
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∇ Lakeside Labs GmbH, Klagenfurt, Austria

I. I NTRODUCTION

II. M ETHODOLOGY
Our experiments focus on aerial communications with
downlink trafﬁc streamed from a UAV to a ground station,
either via a direct wireless link (one hop) or via a relaying
UAV (two hops). All tested setups are illustrated in Fig. 1.

Commercial availability of small-scale, open source and
inexpensive Unmanned Aerial Vehicles (UAVs) has opened
new vistas in many civil application domains, such as environmental monitoring and disaster management. However,
most research efforts invested in this ﬁeld incorporate usage
of a single UAV. In time-critical scenarios, such as search and
rescue (SAR), the use of multi-UAV systems may signiﬁcantly
reduce the time required for successful mission completion [1].
The victim detection information is required to be delivered by
the UAV to the ground station (ﬁrst responders) in a real-time
manner. In large areas, UAVs may go out of communication
range of the ground station. To enable real-time transfers,
multi-hop communication may be required. Hence, connectivity between the UAVs may become necessary.
Establishment of a multihop aerial network has been the
focus of our recent research work. Aerial networks differ from
other networks due to some intrinsic characteristics, such as
3D nature and device mobility. Therefore, the communication
module required for such a network may also vary from other
networks such as VANETs, MANETs and WSNs [2]. To
develop UAV-centric communication, implementation of preexisting, low-cost wireless solutions may help to characterize
the aerial network quantitatively.
To this end, 802.15.4-compliant radios have been tested for
air-to-air and air-to-ground communication channel characterization for UAV network in [3]. The throughput, connectivity, and range are measured for 802.11b complaint mesh
network in [4]. Impact of antenna orientations placed on a
ﬁxed wing UAV with 802.11a interface is illustrated in [5].
The UAVNet project [6] offers an 802.11s mesh network
formation to address the quality comparison of ground-toground links versus air-to-ground links. The performance of
802.11n wireless modules in an aerial network is tested in [7],
reporting lower-than-expected throughput.
However, none of these works describes a system that provides high throughput and reliable links. Our recent work [8]
proposes a multi-antenna extension to 802.11a to overcome
the height and orientation differences faced in aerial networks,
providing high UDP throughput over single hop links. We
extend the analysis to a multi-hop, multi-sender setup, with
focus on providing high-throughput coverage to disconnected
or barely connected UAVs via relaying and analyzing fairness
in a multi-sender aerial network.

A. Hardware Setup
Experiments are performed using a ground station laptop
and two AscTec Pelican quadrotors, all equipped with Compex
WLE300NX 802.11abgn mini-PCIe modules for establishment
of 802.11a and 802.11n links. 5.2 GHz channels are used
to avoid interference with remote controls (RCs) operating
at 2.4 GHz. To achieve omni-directionality, the triangular
structure developed in [8] employing three horizontally placed
Motorola ML-5299-APA1-01R dipole antennas is used. The
UAVs carry an Intel Atom 1.6 GHz CPU and 1 GB RAM. A
GPS and inertial measurement unit (IMU) provides tiltion, orientation, and position information. The ground station laptop
is raised to a height of 2m for all experiments.
B. Software Setup
All UAVs and the ground station run Ubuntu Linux kernel
3.2. ath9k driver is employed to support the infrastructure,
mesh and monitor modes on the 802.11 interface. ath9k
uses mac80211 as the medium access layer implementation
for packet transmission and reception. Statistics about the
transferred packets can be captured using the “iw tool” and
the “monitor mode”. The conﬁguration utility “iw tool” implemented in the Linux Netlink Interface nl80211 provides
averaged values. To track individual packets, the “monitor
mode” offered by Linux wireless is more useful.
We implement the wireless modes (infrastructure and mesh
points) as described in Linux wireless. Speciﬁcally, hostapd
is used to manage access point functionalities, and an implementation of 802.11s is used to form a mesh network.
C. Description of Experiments
All experiments are performed in an open ﬁeld without
obstacles. The corresponding pathloss for this line-of-sight
scenario can be approximated by a log-distance pathloss
model with a pathloss exponent α ≈ 2 (consistent with free
space) [8]. We conduct one-hop and two-hop experiments and
analyze performance for infrastructure-based and ad hoc mesh
architectures.
For the mesh architecture, each UAV is set as a mesh point.
These mesh points communicate with each other over IEEE
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Fig. 1. Experimental setups: Single and two-hop tests in access point (AP) and mesh modes.

using mesh network as compared to infrastructure network.
It can be seen that the default 802.11s routing protocol uses
number of hops as a routing metric. In case the single hop
link is only intermittently available, it is still prioritized over a
two-hop link offering better quality, thus signiﬁcantly affecting
the network performance. Network fairness analysis for the
high-throughput 802.11n technology has shown an acceptable
degree of fairness in the network, though the network is
affected by very high jitter.
Future work aims to focus on development of routing
metrics and routing protocols to better cater the needs of aerial
network application domains.

802.11s. The default routing algorithm in the mesh network is
the Hybrid Wireless Mesh Protocol (HWMP) [9], which is a
variant of ad hoc on demand distance vector routing (AODV).
Fig. 1 shows the three setups analyzed. Fig. 1(a) represents
the single hop scenario where we ﬂy one UAV at an altitude of
50 m on a straight line of length 500 m, stopping every 50 m.
Packets are transmitted from the UAV to the ground station
acting as access point (AP). The two-hop setups are represented in Figs. 1(b) and (c), showing infrastructure-based and
mesh architectures, respectively. For both setups, the altitude
of the UAVs is maintained at 50 m. One UAV is hovering at
a horizontal distance of 150 m from the ground station and
another UAV is ﬂying on a horizontal straight line away from
the ground station up to a distance of 300 m stopping every
50 m. The hovering UAV acts as a communication bridge,
either as an access point or a relaying mesh point for the
infrastructure or mesh architecture, respectively.
Since our goal is to investigate multi-hop networks, we
need to shrink the range of communication for our UAVs
and ground station. PTX has been lowered to achieve that.
Single hop experiments are performed to establish benchmark
performance of both 802.11a and 802.11n technologies, as
well as evaluating the performance of MIMO enabling 802.11n
technology using adaptive rate control. Single-sender multihop
tests focus on capturing the beneﬁts and drawbacks of MAC
and network layer relaying in an air-ground network. Multisender multihop tests help analyze fairness in a multi-sender
high-throughput aerial network.
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III. C ONCLUSIONS AND O UTLOOK
Multi-UAV systems can facilitate in successful mission
completions in many application domains, especially timecritical scenarios like search and rescue. Such a multi-UAV
system requires a communication module that can support
robust and high-throughput transfers. For establishment of
such high-throughput and robust networking, as a ﬁrst step,
there is a need to analyze the pre-existing communication
standards.
In this paper, we present our experimental performance analysis of 802.11a and 802.11n technology. From the single hop
experiment results, it can be seen that much higher throughput
can be experienced using 802.11n employing multiple streams
as compared to 802.11a. Single-sender, two-hop experiments
have helped establish the advantages and disadvantages of
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Evaluation of Different Importance Functions for a 4D Probabilistic
Crop Row Parameter Estimation*
Georg Halmetschlager

Johann Prankl

Abstract— The autonomous navigation of ﬁeld robots requires to detect crop rows. To achieve this goal we developed a
probabilistic detection approach. We evaluate ﬁve different importance functions for a 4D particle ﬁlter parameter estimation
that utilizes a comprehensive geometric row model and images
that are segmented based on near-infrared and depth data.
The functions are evaluated with real-life datasets recorded
during in-ﬁeld tests with the agricultural robot FRANC. The
results show that two importance functions lead to outstanding
detection results without considering any a-priori information,
even for sparse crop densities. Two importance functions are
implemented in a particle ﬁlter crop row detection algorithm
and tested with different real-life ﬁeld images. First results
indicate that the importance functions in combination with
the 4D particle ﬁlter enable an ofﬂine crop detection with an
accuracy of a few centimeters.

I. I NTRODUCTION
Most agricultural robots and guided tractors use RTK-GPS
systems or laser sensors to solve the task of autonomous
navigation [1]. Vision systems promise to offer outstanding
advantages compared to pure GPS solutions, provide higher
dimensional information, and are inexpensive compared to
laser range ﬁnders [2]. Hence, we propose a pure machine vision system to solve the task of navigation in row-organized
ﬁelds. Further, the crop rows have to be detected relative to
the robot for the determination of the negotiable track.
Most of the developed vision based detection algorithms
consist of a segmentation step and a subsequent state-of-theart line detection algorithm such as the Hough transformation
[3], [4], [5], [6], [7].
We introduced in [8] a near-infrared and depth (NIRD)
data based segmentation that enables a height-bias-free detection of the rows within the ground plane. The online row
detection is realized with a 3D cascaded particle ﬁlter. Each
hypothesis in the 3D state space describes a parallel line
pattern within a 2D plane and consists of the orientation
θ, the offset r, and the distance between the lines d. The
algorithm offers high detection rates for image sequences
and elongated row structures.
We aim to advance this approach by adding the row width
w as fourth dimension to the state space of the particle
ﬁlter. The most important step towards the realization and
implementation of the particle ﬁlter parameter estimator is
the selection of a suitable importance function (cf. [9]).
*This work was funded by Sparkling Science a programme of the Federal
Ministry of Science and Research of Austria (SPA 04/84 - FRANC).
All authors are with Faculty of Electrical Engineering,
Automation and Control Institute, Vision for Robotics Laboratory,
Vienna University of Technology, A-1040 Vienna, Austria.

{gh,jp,mv}@acin.tuwien.ac.at
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Markus Vincze

Hence, we evaluate ﬁve different functions that promise to
offer maxima for correct parameter estimations.
II. C ONCEPT
A single hypothesis in the 4D state space represents a
pattern of parallel stripes. Starting from the NIRD segmented
image (cf. Fig. 1) and the 4D estimation, we construct ﬁve
importance function that exploit the white pixel count (WPC)
of four [m × n] binary images:
• NIRD segmented image, Is (cf. Fig. 1)
• stripe image, Ih (cf. Fig. 2 )
• intersection image, Ii (cf. Fig. 3)
• union image, Iu (cf. Fig. 4)
with the corresponding WPCs cs , ch , ci , and cu .

Fig. 1: NIRD, Is .

Fig. 2: Row image, Ih .

Fig. 3: Intersection, Ii .

Fig. 4: Union, Iu .

The pixel counts ci and cs can be directly extracted from the
images Is and Ih with

ci =
is (x, y) ∧ ih (x, y)
(1)
x,y

cu =



is (x, y) ∨ ih (x, y),

(2)

x,y

where is (x, y) is a pixel of Is and ih (x, y) a pixel of Ih .
The four WPCs are combined to ﬁve importance functions
wn (3)-(7). The importance function
ci
w1 =
(3)
cs
calculates the coverage rate. w1 = 1 if all pixels of the
segmented image are covered by the generated row pattern.
The second importance function
ci
w2 =
(4)
ch

rewards the hypotheses if less row pixels ch are needed to
result in an amount of intersection pixels ci . w2 = 1, if all
row pixels have an corresponding pixel within the segmented
image. w3 (5) is a combination of (3) and (4).
w3 =

c i ci
·
cs ch

The last importance function
ci ci
·
cs cu

w3
w5

eθ
< 0.02rad
0.035rad

er
< 0.03m
< 0.03m

ed
0.020m
0.022m

ew
0.03m
0.02m

(5)

w4 (6) combines the union of Is and Ih with their intersection.
ci
w4 =
(6)
cu

w5 =

TABLE I: Average absolute error between ground truth and
the crop row parameter estimation.

(7)

represents a combination of (3) and (6).
III. E XPERIMENTS AND R ESULTS
The different importance functions were evaluated with ten
images of crop rows that offer different crop densities. They
were extracted from a real-life dataset that was recorded with
the stereo and NIR camera systems of the robot FRANC1 .
The 4D state space is sampled with 10000 hypotheses
which are analyzed for an evaluation of the proposed importance functions. Figure 5-8 show the overlay of the
segmented image and the hypothesis (= Iu ) that achieves
the highest importance value for the given functions. The
functions w3 and w5 result in identical hypotheses that ﬁt to
the crop rows in the image.

IV. D ISCUSSION
All ﬁve importance functions end up with plausible results.
Function w1 rewards the estimation that covers all pixels
of the segmented image without taking the row area into
consideration. Hypotheses that offer a big row area (w ≈ d)
automatically result in high coverage rates.
Function w2 rewards hypotheses that have a high coverage
referred to the area of the stripe pattern. Since the crops in
Fig. 1 are separated from each other, w2 results for each
stripe pattern in a rating < 1. The hypothesis with the highest
rating represents a single stripe that lies within the row with
the highest relative crop density.
w3 merges the ﬁrst two importance functions. w2 punishes
the hypotheses if the stripe area is unnecessary big, while w1
rewards the hypotheses if it offers a high coverage.
Function w4 results in moderate estimation errors for
the offset and orientation of the row pattern, but fails to
determine the correct row distance.
w5 is a combination of w1 and w4 . w1 rewards the
hypotheses if more pixels can be covered, while w4 punishes
oversized row areas.
The evaluation of the different importance functions shows
that w3 and w5 are suitable for a 4D particle-ﬁlter-based crop
row detection. Both importance functions offer in combination with a 4D particle ﬁlter outstanding detection results,
indicate that they are suitable for an ofﬂine ground truth
estimation, and result in more accurate crop row estimations
than the 3D particle ﬁlter approach.
R EFERENCES

Fig. 5: w1 = 1.

Fig. 6: w2 = 0.260.

Fig. 7: w3 = 0.120,
w5 = 0.117.

Fig. 8: w4 = 0.161.

w3 and w5 are selected as the importance function for a
subsequent test with a particle ﬁlter ﬁlled with 1000 particles.
The particle ﬁlter results with the importance function w3
(w5 ) in average after 4.6 (4.8) iterations in a stable estimation
and low absolute errors for all four parameters. Table I
shows the average absolute errors between the estimated
parameters and the manually measured ground truth data for
ﬁve different images.
1 http://franc.acin.tuwien.ac.at
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Adaptive Video Streaming for UAV Networks*
Severin Kacianka1 and Hermann Hellwagner1

Abstract— The core problem for any adaptive video streaming solution, particularly over wireless networks, is the detection
(or even prediction) of congestion. IEEE 802.11 is especially
vulnerable to fast movement and change of antenna orientation.
When used in UAV networks (Unmanned Aerial Vehicles), the
network throughput can vary widely and is almost impossible to
predict. This paper evaluates an approach originally developed
by Koﬂer for home networks in a single-hop UAV wireless
network setting: the delay between the sending of an IEEE
802.11 packet and the reception of its corresponding acknowledgment is used as an early indicator of the link quality and
as a trigger to adapt (reduce or increase) the video stream’s
bitrate. Our real-world ﬂight-tests indicate that this approach
avoids congestion and can frequently avoid the complete loss
of video pictures which happens without adaptation.

the delay between the sending of an RTP packet and its
acknowledgment, the proxy will adapt the stream.
B. Adaptation Proxy
The Adaptation Proxy forwards the RTP stream sent from
gstreamer, measures the delay between the sent packets
and the reception of their ACKs and makes adaptation
decisions.
From Koﬂer’s [3] work the following three assumptions
were drawn:
1) A frame only shows up on the monitoring interface
after it was transmitted and the ACK received.
2) The lower the delay, the better the connection.
3) The delay is mainly affected by the connection quality
(no random changes).
By means of extensive testing, the following observations
to conﬁrm these assumptions were made:
1) When the delay is high (above ∼1.0 sec), there will
be strong artifacts in the video stream.
2) When the delay climbs above ∼0.3 sec, it usually
continues to climb further.
3) When the connection is good (for example the UAV
is next to the laptop), the delay does not increase and
the video stream stays stable.
The proxy consists of two threads (Figure 2): The thread
proxy just accepts RTP packets from gstreamer and
forwards them to the base station while noting the time of
sending. The sniffer thread listens on the Linux kernel’s
monitoring interface (in our case always called mon0) and
whenever it receives an RTP packet it will log the time
(which is the time of the reception of the MAC layer
acknowledgment) and compare it to the send time. It matches
the packets by their RTP sequence number.

I. S YSTEM D ESIGN
A. Overview

Fig. 1.

Overview of the system architecture

Figure 1 shows an overview of the system architecture.
The camera delivers an H.264 video stream and is controlled
by gstreamer, an open-source multimedia framework.
gstreamer can request (almost) any bit rate from the
camera and passes the H.264 encoded video stream on to
the proxy as a normal RTP stream (Real-Time Transport
Protocol). gstreamer (or more exactly, the shell script
controlling it) offers the proxy an interface to request a
rate change. In one thread, the proxy forwards the RTP
stream unaltered to the base station (that is running the
video streaming client software), and keeps track of when
each RTP packet is sent. At the same time, another thread
listens on the wireless monitoring interface of the Linux
kernel for the MAC layer ACK (Media Access Control
layer acknowledgment) of the sent packet. Depending on
*The work was supported by the ERDF, KWF, and BABEG under grant
KWF-20214/24272/36084 (SINUS). It has been performed in the research
cluster Lakeside Labs.
1 Severin
Kacianka
and
Hermann
Hellwagner
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with
the
Institute
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Klagenfurt,
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Fig. 2.

Overview of the proxy architecture

The decision when to adapt is directly inﬂuenced by the
three observations mentioned above. The algorithm tries to
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avoid delays higher than 1.0 seconds by reducing the video
stream’s bit rate as soon as the delay crosses the threshold
of 0.3 seconds. As it usually takes some time for the delay
to react to the lower bitrate, i.e., to decrease, the algorithm
will wait for a period of 25 consecutive packets (“cooldown
period”) before reducing the quality further. Without this
cooldown period, the proxy would reduce the quality down to
the lowest level most of the time. When there is an extended
period (250 packets) of packets with a low delay (<0.1sec),
the proxy will increase the bit rate by one level.

Fig. 5.

II. E XPERIMENTS AND R ESULTS
Around 50 evaluation ﬂights were conducted, however
only 12 used the same software and are thus included in the
results. More details about the experiments and the results
can be found in the full paper [2] and the master’s thesis [1].

Mean delay between sending a packet and receiving the ACK

C. Number of Packets to Low Delay
Figure 6 shows the number of consecutive packets that
have a delay greater than 0.3s. 0.3s is the threshold used
to reduce the bit rate of the video. The fewer packets have
a high delay, the better the video quality is. In ﬂights with
adaptation the periods of complete loss of video picture are
far shorter than in ﬂights without adaptation.

A. Characteristics of the Delay
Figure 3 and Figure 4 depict two examples of the delay’s
behavior. Figure 3 shows how quickly the delay can rise from
low levels to high peaks. Without a mechanism to counter
the effect, the delay will rise until the UAV stops moving
and/or the antenna orientation improves.

Fig. 6. Mean number of packets between the ﬁrst packet with a long delay
(>0.3s) until the delay is below 0.3s again

III. R EPRODUCIBILITY
Fig. 3.

Development of delay without adaptation

Due to new laws, the authors could not conduct as many
evaluation ﬂights as orginally planned. The results rely
on preliminary “ad-hoc” tests and do not address several
inﬂuencing factors. Future work should therefore consider:
• The position of the base station and the UAV take-off
spot should be kept stable.
• The UAV’s ﬂight path should not be manually controlled. Flying to a predeﬁned set of GPS coordinates
should be preferred.
• The UAV’s altitude and cruise speed should be predeﬁned.
• The UAV’s yaw (and thus the antenna’s orientation)
should be predeﬁned.
• The interferences of the fuselage and the mainboard on
the antennas should be reduced by placing them on a
base that extends below the UAV.

When active bit rate adaptation takes place, it can counter
the rise of the delay and keep the periods of high delay
shorter. Figure 4 shows how the quality level is reduced as
the delay crosses the threshold of 0.3 seconds. It does not
fall immediately, because the cooldown period keeps the bit
rate high. As soon as quality level 3 is reached, the delay
immediately falls.

Fig. 4.

Development of delay with adaptation
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B. Delay
Figure 5 shows the mean delay. It is interesting to see that
the ﬂights with adaptation had a signiﬁcantly lower mean
delay than the ﬂights without adaptation. While the data set
is small, these results conﬁrm Koﬂer’s ﬁndings and suggest
that the delay is indeed a very good indicator of the link
quality.

25

Network Connectivity in Mobile Robot Exploration
Torsten Andre1 , Giacomo Da Col1,2 , Micha Rappaport1

Abstract— In explorations it is often required for mobile
robotic explorers to update a base station about the progress of
the mission. Robots may form a mobile ad hoc network to establish connectivity. To connect mobile robots and base stations
two strategies have been suggested: multi-hop and rendezvous.
For multi-hop connections mobile robots form a daisy chain
propagating data between both ends. In rendezvous, robots
carry data by driving between communicating entities. While
both strategies have been implemented and tested, no formal
comparison of both strategies has been done. We determine
various parameters having an impact on the exploration time of
both strategies. Using a mathematical model we quantitatively
evaluate their impact. Better understanding of the parameters
allows to optimize both strategies for a given application.
A general assertion whether rendezvous or multi-hop yields
shorter exploration times cannot be made.

Seq.

Par.
BS
(a)

BS
(b)

Fig. 1: Two strategies to establish connectivity between
explorers and a BS: (a) multi-hop and (b) rendezvous.

I. I NTRODUCTION
Mobile robots may be used in different applications in
which the environment is unknown to robots. Robots have
to explore and possibly map the unknown environment to
deliver a map to users of the robot system or to allow future
operation of the robots. Exploration may be performed by
multiple robots. We assume that robot system users require
to keep track of the progress of the exploration while the
robots explore autonomously not requiring any user input.
Fig. 1 depicts two strategies which have been proposed to
establish connectivity. In Fig. 1a N robots form an ad hoc
network in which robots are either explorers or relays. The
relays form a daisy chain to connect explorers with a base
station (BS). Robots may switch their role on demand. Relays
propagate data from the explorers to the BS where the users
of the system receive updates. Robots are connected either
constantly or periodically [3]. When connected constantly,
path planning [1] and/or selection of a robot’s destination [2]
consider connectivity between robots. The second strategy
to establish connectivity is rendezvous [4], [5] illustrated
in Fig. 1b. In comparison to periodic connectivity, a relay
and a explorer meet at a location already known to both
at a planned time to exchange data. The relay drives to
the BS carrying the data. Once in communication range
θ of the BS, it delivers the data and returns to the next
rendezvous spot to meet with the explorers again. While
both strategies have been analyzed, no formal attempt to
compare both strategies has been made. Previous results
were obtained by try and error [6]. We model both strategies
mathematically to quantitatively compare their performance
with respect to exploration time and discuss when to switch

between strategies. Further, we quantitatively determine the
impact of the parameters
• number of robots N ,
• travel speed of robots v,
• environment size S and environment complexity φ,
S
• robot density ρ = N ,
• update interval τu ,
• communication range θ,
• type of relaying (parallel, sequential - see below)
on exploration time for a deeper understanding allowing
improved design of rendezvous strategies.
II. Q UALITATIVE S TRATEGY C OMPARISON
Both strategies have strengths and weaknesses. While
multi-hop communication allows communication between
explorers and BSs with neglectable delay, rendezvous requires a relay to actually travel the distance between explorers and BSs increasing delay. Rendezvous has the advantage
of allowing more robots to explore. Consider Fig. 1a in which
the number of explorers decreases every time robots move
out of the communication range of a relay. The environment
is split into sectors of size of the communication range θ
requiring a new relay. In the ﬁrst sector I, out of N = 4,
Et = 4 robots may explore. All robots can communicate
directly with the BS. When continuing exploration to sector
II, one of the explorers is required to switch its role to relay
to allow further connectivity between explorers and BSs.
With each additional sector explored, the number of explorers
decreases. Accordingly, the exploration radius for the multihop strategy is limited. Using the rendezvous strategy, the
radius of operation is unlimited with respect to connectivity

1 Networked and Embedded Systems, Alpen-Adria-Universitt Klagenfurt,
Austria. torsten.andre@aau.at
2 Università degli Studi di Udine, Italy
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Fig. 2: Comparison of exploration time for SRV and SMH .
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Fig. 3: Gain η for various environment sizes. For all environments the robot density ρ = 1.

to BSs. Though with increasing distance between explorers
and BSs the update interval τu , i.e., the interval in which
the BS receives new data, increases. If increasing τu is
unacceptable, additional explorers have to switch roles to
relays. More relays allow to decrease the update interval by
pipelined data delivery. Referring to electrical circuits we
distinguish parallel relays (see Fig. 1b left) from sequential
relays (right).

Dark gray space in Fig. 1b is known only to explorers.
The more explorers are available, the deeper the explorers
penetrate into unknown environments increasing Δft,t+1 .
The further robots push into unknown, the farther they have
to travel back to the rendezvous which increases exploration
time.
IV. C ONCLUSIONS

III. Q UANTITATIVE S TRATEGY C OMPARISON

We discuss the trade-offs of multi-hop and rendezvous
strategies to establish connectivity between robots or robots
and BSs. The communication delay between entities must
be of inferior importance for rendezvous to be meaningful.
If minimal delays are required, rendezvous is no suitable
option and multi-hop communication is required. Instead, the
exploration time is of higher importance under the requirement of updates in regular intervals. A variety of parameters
has an impact on the performance of the multi-hop and
rendezvous strategies. Understanding their impact and tradeoffs allows to design optimized rendezvous strategies. A
general assertion whether multi-hop or rendezvous performs
better with respect to exploration time cannot be made.

A. Update Interval
The strategies SRV and SM H yield exploration times ERV
and EMH , respectively. We only consider cases in which the
number of robots N is selected large enough to allow a
complete exploration for both strategies. Fig. 2 depicts exploration times for both strategies with identical parameters.
We distinguish no wait, i.e., explorers return immediately
having ﬁnished exploration, and wait, i.e., robots wait for
the relay to arrive for the rendezvous. Not waiting for the
relay has implications if explorers and the relay do not
meet later on their way back. The exploration time for SRV
depends signiﬁcantly on the update interval τu and the return
strategy of explores. For SRV (no wait) explorers return
immediately having completed the exploration and do not
wait for the relay to meet. If explorers ﬁnish exploration
quickly and have to wait for a long time for the relay
to return for a rendezvous, especially for large intervals
signiﬁcant time is spent waiting. In holds for SRV that with
increasing interval less relays are required freeing additional
robots for exploring. In comparison, the exploration time for
SMH is constant. For the given conﬁguration and number of
robots SRV reduces the exploration time by approx. 30 %.
We continue to brieﬂy discuss the impact of the number of
robots N .
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B. Number of Robots
MH
We determine the ratio η = E
ERV , i.e., for η < 1 SMH
performs better, η > 1 SRV . Fig. 3 depicts ratios η for various
number of robots N and environment sizes S. For all graphs
the robot density is τ = 1.
With increasing number of robots η decreases. For large
N the exploration time ERV increases. Rendezvous can be
planned only in space known to both explorers and relays.
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Adaptive Feed Forward Control of an Industrial Robot
Dominik Kaserer1 , Matthias Neubauer1, Hubert Gattringer1 and Andreas Müller1

I. Introduction
Positioning and path accuracy is mandatory for state
of the art robotic applications, where most of the path
planning is done on computer systems. In most of the
industrial robots a simple PD motor joint control is
implemented, which suﬀers from quite high tracking
errors. The performance of this controller can be improved by using a model based feed forward control. This
model based feed forward control strongly depends on
the dynamical parameters of the manipulator which have
to be idenﬁﬁed. However, parameters can vary during
operation due to e.g. changes in friction conditions or
changing loads. Therefore an online adaptation of the
dynamical parameters is recommended. Two methods,
namely the Recursive Least Squares (RLS) method and
the Square Root Filtering (SRF) method, are presented
and compared w.r.t tracking errors in the robots joints.
The evaluation is done for a Stäubli TX90L industrial
robot mounted on a linear axis leading to 7 degrees of
freedom.
II. Dynamical Modeling - Identification
The equations of motion for mechanical systems can
be written as
M(q) q̈ + g(q, q̇) = QM ,

(1)

where M is the mass matrix, g contains nonlinear effects like Coriolis, centripedal, friction and gravitational
forces, q are the minimal coordinates (joint angles) and
QM are the generalized motor torques. It is well known,
that this equation is linear in the dynamic parameters p
[3]
Θ(q, q̇, q̈) p = QM ,

(2)

with the information matrix Θ. The parametervector p
consists of 10 parameters pi for each body i ∈ {1 . . . 7}


pTi = m, m, rCx , m, rCy , m, rCz , A, B, C, CM , rc , rv i .
(3)
m stands for the mass, rCj , j ∈ {x, y, z} is the distance
of the center of gravity in direction j, A, B and C
denote the principle moments of inertia in the principal
coordinate system, CM is the moment of inertia of the
motor and rc , rv are the Coulomb and viscous friction
coeﬃcients, respectively. Combining all parameters pi
This work was supported by the Linz Center of Mechatronics
(LCM) in the framework of the Austrian COMET-K2 programme
1 Institute of Robotics, Johannes Kepler University Linz, Altenbergerstr. 69, 4040 Linz, Austria dominik.kaserer@jku.at

28



in one vector pT = pT1 pT2 . . . pT7 , regularization
(elimination of linear dependent parameters) of the identiﬁcation problem (2) using a QR-decomposition leads
to 45 independent parameters (Θ ∈ R(7,45) , p ∈ R45
, QM ∈ R7 ). Performing m measurements (taken at
instants of time tk , k = 1..m) extends (2) to
⎡
⎤
⎤
⎡
Θ|t1
QM |t1
⎢ . ⎥
⎢ .. ⎥
(4)
⎣ . ⎦ p = ⎣ .. ⎦ .
Θ|tm
Θ
The Least Squares solution

QM |tm
Q

p = (ΘT Θ)−1 ΘT Q

(5)

gives an oﬄine solution for the parameters and starting
values for the online estimation of p.
III. Online Parameter Estimation
The amount of available equations increases with proceeding time, because each time step delivers additional
entries in (4). Therefore it is not suitable to solve the
whole system of equations every time step again. Recursive algorithms for online parameter estimation can be
used to avoid this problem.
In the following, two methods for this are evaluated,
implemented and discussed in detail.
A. Recursive Least Squares
One way of solving the estimation problem is using
a least squares technique. Starting from the solution
(5) for the parameters p and the matrix P0 = ΘT Θ
the adapted solution at each time step with the current
measurements (index k) can be obtained by the Constant
Trace Recursive Least Squares (RLS) Algorithm with
exponential forgetting according to [1]. At each time step
the following computations have to be done


p̂k = p̂k−1 + Kk QM,k − Θk p̂k−1
(6)


T
T −1
(7)
Kk = Pk−1 Θk λ I + Θk Pk−1 Θk


1
P̃k =
(8)
I − Kk Θk Pk−1
λ
c1
P̃k + c2 I.
(9)
Pk =
trace(P̃k )
to get updated dynamical parameters p̂k . QM,k ∈ R7 denotes the actual motor torques, Θk ∈ R(7,45) is the information matrix of the actual measurements (qk , q̇k , q̈k ),
0 < λ ≤ 1 indicate a factor for exponential forgetting

The square root ﬁltering (SRF) is based on a Kalman
ﬁlter approach and therefore additionally takes measurement noise into account. In case of conventional
Kalman ﬁltering, an error covariance matrix Pk has to
be propagated from one time step to another. In case of
SRF, a square root error covariance Sk instead is applied
(Pk = STk Sk ). Algebraically, the two approaches deliver
the same result, but in case of limited computational
accuracy the SRF technique has improved numerical
capabilities. If κ(Pk ) denotes the condition number of
Pk , then the condition number κ(Sk ) is the square root
of κ(Pk ). Therefore, SRF is able to handle ill-conditioned
identiﬁcation problems much better than conventional
Kalman ﬁltering. In [2], several implementations are suggested. The most suitable version is chosen and extended
by an exponential forgetting factor λ:
Measurement Update:


p̂k+1 = p̂k + K QM,k − Θk p̂k
(10)
K = a Sk F
T

F = STk Θk

1/a = FT F + Rk



γ = 1/ 1 + a Rk

−1
1
0.5
0
−0.5
−1

(11)
(12)

0
−0.5

1
0.5

e6

S+,k = Sk − γ K FT

1
0.5

e2

B. Square Root Filtering

and circular paths. The resulting normalized error is
depicted in Fig. 2 (same illustration as in Fig. 1). The
RLS procedure subsequently reduces the tracking error
to a slightly lower value than the implemented SRF
technique does, but the parameters during the estimation
process vary much more compared to the implemented
SRF approach (using other settings, the SRF approach
also reduces the tracking error up to the acuracy achieved
by the RLS, but on the expense of signiﬁcantly higher
parameter variations). For practical implementations the
SRF technique might be preferable due to the better
numerical characteristics, as described in Sect. III-B.
The oﬄine identiﬁed parameters ﬁt the physical parameters of the real robot very well. Therefore the feed
forward control is able to reduce the tracking error to
a very low value (the maximum joint error without feed
forward control is about a factor 4 higher). Both adaptive
algorithms are able to further reduce the tracking error.
For the RLS the maximum tracking error is improved by
35% while for the SRF it is improved by 21%.

e3

of old measurements, and c1 > 0, c2 > 0 are tuning
parameters that are usually chosen such that c1 ≈ 104 c2
is satisﬁed. The scaling (9) of Pk is necessary to avoid
an estimator windup, when the robot is not excited
suﬃciently.
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Validation on optimal identiﬁcation trajectory

(15)

Time Update:

1

Sk+1 = λ−1/2 Sk+1 .

(17)

Rk denotes the covariance matrix of the measurement
noise, see [2] for details. It is obvious that Pk is guaranteed to be positive semideﬁnite (because Sk is updated)
at every time, which is a major improvement to conventional ﬁltering, where (due to e.g. roundoﬀ errors) Pk
can become indeﬁnite.
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Validation on testing-trajectory EN ISO-Norm 9283

IV. Experimental Evaluation
The presented algorithms are veriﬁed for the industrial robot with two diﬀerent trajectories. The ﬁrst one
is optimized for parameter identiﬁcation and therefore
excites all parameters suﬃciently. The resulting tracking
errors ei := qid − qi for axes i = 2, 3, 6 are depicted
in Fig. 1. They are normalized to the maximum value
(±2e−4 rad) of the tracking error with oﬄine identiﬁed
parameters. The dashed line indicates that the feed
forward control is enabled at t = 15 s, and deactivated
before. The second trajectory is a standardized testing
trajectory (EN ISO-Norm 9283), consisting of straight
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Laser Range Data Based Room Categorization Using a Compositional
Hierarchical Model of Space
Peter Uršič1 and Aleš Leonardis2 and Danijel Skočaj1 and Matej Kristan1
Abstract— For successful operation in real-world environments, a mobile robot requires an effective spatial model.
The model should be compact, should possess large expressive
power and should offer good scalability. We propose a new
compositional hierarchical representation of space that is based
on learning statistically signiﬁcant observations, in terms of the
frequency of occurrence of various shapes in the environment.
We have focused on a 2d ground-plan-like space, since many
robots perceive their surroundings with the use of a laser range
ﬁnder or a sonar. We demonstrate the performance of our
representation in the context of room categorization problem.

parts among many categories. Sharing reduces the storage
requirements and at the same time makes inference efﬁcient.
We adapt the hierarchical model from [1] to develop a
description suitable for representation of space. Our proposed
model is called the Spatial Hierarchy of Parts (sHoP).
The representation is two dimensional, and based on data
obtained with a laser range ﬁnder.
To demonstrate the suitability of our representation, we
perform a series of experiments in the context of room categorization problem. Experiments performed on a demanding
dataset demonstrate that our method delivers state-of-the-art
results.

I. INTRODUCTION
The choice of spatial representation plays an important
role in the process of designing a cognitive mobile robot,
because a model inﬂuences the performance of several spatially related tasks. Moreover, designing an efﬁcient spatial
model is a challenging problem. The model should be as
compact as possible, while simultaneously it needs to be
able to efﬁciently represent huge variety of the environment.
Our goal is to address the scalability issue of spatial representations. The main idea of our work is that a robot, which
has already observed a lot of different environments, should
have formed some understanding about general structure of
spaces, and then use this knowledge when it arrives into
the new environment. For example, if a robot has already
seen a large number of apartments, when it arrives into
the next one, it should already have some clue about what
it will see. Current state-of-the-art robotic systems usually
act like the newly observed space has nothing in common
with previously observed ones. Therefore, the size of the
generated model grows linearly with respect to the number of
memorized spaces. We propose a model that can incorporate
prior knowledge about the general characteristics of space,
learned from previous observations, which enable the service
robot to possess a scalable representation and thus reason
about the newly observed place efﬁciently.
Hierarchical compositional models have been shown to
possess many appealing properties, which are suitable for
achieving our goals. A central point of these models is that
their lowest layer is composed of elementary parts, which are
combined to produce more complex parts on the next layer.
Fidler et al. [1] have shown that a hierarchical compositional
model allows incremental training and signiﬁcant sharing of

II. RELATED WORK
Some hierarchical representations of space have already
been proposed [2]. Our representation differs from the existing approaches for spatial modeling in that we use a hierarchical compositional model on the lowest semantic level,
where range sensors are used to observe the environment.
Most related to our work are the approaches which perform
room categorization based only on data obtained with range
sensors. In [3] AdaBoost was used and categorization was
based on a single scan, while in [4] Voronoi random ﬁelds
(VRFs) were employed to label different places in the
environment.
III. SPATIAL HIERARCHY OF PARTS
A laser-range ﬁnder mounted on a mobile robot is used
to provide ground-plan-like observations, which represent
partial views of the environment. Based on range data the
sHoP learning algorithm [5] learns a hierarchical vocabulary
of parts (Fig. 1). Parts represent spatial shape primitives
with a compositional structure. Lowest layer is the only
ﬁxed layer consisting of 18 small line fragments in different
orientations. In the following layers, parts are rotationally
invariant and each part is a composition of two parts from
the previous layer. If two compositions vary in structure to
some allowed extent, they are considered to represent the
same part. Therefore, small ﬂexibility of part structure is
allowed. Each layer contains only those parts, which were
observed most frequently in the input data and each part is
stored only in a single orientation. Learnt lower layers of
the hierarchy are category-independent, therefore, each part
is shared amongst all categories. This representation ensures
good scalability with respect to the number of modeled
categories.

1 Authors are with Faculty of Computer and Information Science,
University of Ljubljana {peter.ursic, danijel.skocaj,

matej.kristan}@fri.uni-lj.si

2 Aleš Leonardis is with CN-CR Centre, School of Computer Science,
University of Birmingham a.Leonardis@cs.bham.ac.uk
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laser-scans and odometry readings obtained in several domestic rooms, corresponding to many different categories.
Through extensive experiments on our dataset the efﬁciency of the proposed model is evaluated. Results of an
experiment with 4 categories and Layer 3 of our hierarchy
are shown in Table I. It consisted of 1000 trials, while in each
trial train (80%) and test (20%) rooms were randomly chosen
from the set of all rooms. Our work has also been compared
to other approaches to room categorization [3]. Every laser
scan obtained in a particular room has been categorized
using the algorithm of [3], then, majority voting has been
used to determine the room category. Our method achieves
better performance with two categories, while the approach
of [3] provides better results with two other categories.
Experiments demonstrate that our approach delivers stateof-the-art results.

Fig. 1. Lower layers of the sHoP model. (a) Layer 1 parts. (b) Layer 2
parts. (c) Layer 3 parts.

TABLE I
C ONFUSION MATRIX FOR ROOM CATEGORIZATION EXPERIMENT USING
L AYER 3 AND 4 CATEGORIES . C ATEGORY ABBREVIATIONS : L R - LIVING

IV. ROOM CATEGORIZATION

ROOM ,

The low-level descriptor, called Histogram of Compositions (HoC), is used to perform room categorization. The
elements of the hierarchy are used as the building blocks of
the descriptor, which is then used as an input for categorization with a Support Vector Machine (SVM).
To form the descriptor, positions and orientations of parts
are inferred from a range measurement obtained by the mobile robot. The positions of parts are rotated into a reference
position, with the use of principal component analysis (PCA).
The observed space is divided into several regions, with robot
positioned in the center (Fig. 2). A sequence of histograms is
created, where each histogram corresponds to a single region
of the space division. The number of bins in each histogram
is equal to the number of parts in the considered layer of the
hierarchy. Each bin corresponds to one part type from that
layer, while the value corresponding to the height of the bin
equals the sum of conﬁdences of parts in that region. All
of the histograms are then concatenated into a single feature
vector, forming the HoC descriptor.

C R - CORRIDOR , BA -

Lr
Cr
Ba
Be

Lr
82.74
0
0.20
13.32

BATHROOM ,

Cr
0
91.60
0.29
0.22

Ba
0.08
0
92.96
16.24

BE -

BEDROOM .

Be
17.18
8.40
6.56
70.22

VI. FUTURE WORK
It turns out that learning the hierarchy by following the
proposed approach produces useful parts only up to a certain
layer. Layer-four parts become already relatively large and
therefore cover the original laser-scans quite poorly. In our
future work, a few consecutive partial views, represented
by lower-layer parts, will be merged together into a wider
view of the environment. On top of the category-independent
lower-layers of the hierarchy, which scale well with respect
to the number of modeled categories, a new abstraction layer
will be built, based on these wider views. The new layer will
consist of category-speciﬁc parts. To ensure compactness and
high expressiveness of the representation, only representative
and discriminative parts will be found for each category, and
only those will be stored in the model. This will provide good
scalability with respect to the number of modeled entities
within each category.

V. EXPERIMENTS
Using a mobile robot, a large dataset has been obtained,
called the Domestic Rooms (DR) Dataset, which is publicly available at http://go.vicos.si/drdataset. Dataset contains

R EFERENCES
[1] S. Fidler, M. Boben, and A. Leonardis, “Evaluating multi-class learning
strategies in a generative hierarchical framework for object detection,”
in NIPS, vol. 22, 2009, pp. 531–539.
[2] B. Kuipers, R. Browning, B. Gribble, M. Hewett, and E. Remolina,
“The spatial semantic hierarchy,” Artiﬁcial Intelligence, vol. 119, pp.
191–233, 2000.
[3] O. Mozos, C. Stachniss, and W. Burgard, “Supervised learning of places
from range data using adaboost,” in ICRA, 2005, pp. 1730–1735.
[4] S. Friedman, H. Pasula, and D. Fox, “Voronoi random ﬁelds: Extracting
the topological structure of indoor environments via place labeling,” in
IJCAI, 2007, pp. 2109–2114.
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Fig. 2. The 24 regions of the image. The dashed arrows correspond to the
principal axes.
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I. I NTRODUCTION

the situation. The location of the target is indicated at
the viewer base station.
5) Streaming: The UAVs surveil the target by propagating videos or pictures.
In this paper we introduce an architecture for SAR scenarios, which provides ﬂexibility to change the decisionmaking and autonomy level based on the application and
user demand. In our system, we may have a heterogeneous
set of UAVs and sensors, and failure of one UAV will not
affect the whole mission. To allow easy deployment of the
system, human intervention is minimized. To fulﬁll these
requirements, we need a reliable wireless communication
infrastructure. Imagine a scenario where QoS demands are
such that a high resolution of captured aerial images or a
video of the target is required. In order to transfer such
data, we need to be able to estimate the required bandwidth,
the throughput versus range relationship for the considered
technology, as well as current and future UAV positions.

Autonomous unmanned aerial vehicles (UAVs) are used
with increasing interest in civil and commercial applications.
UAVs can be equipped with imaging sensors and can provide aerial images of a target scene. Small-scale UAVs are
constrained by limited ﬂight time, and therefore, a team of
UAVs is often used to speed up coverage of large areas. This
is important for time-critical scenarios like search and rescue
(SAR) missions.
In the scope of the SINUS1 project, we aim to set up a
SAR mission [1] by using an autonomous multi-UAV system.
We call a multi-UAV system autonomous if it can change its
behavior in response to certain events during the operation.
The goal of such a mission is to locate a target such as a
person or an object of interest using on-board sensors. Once
the target is identiﬁed, a video stream showing the target
is sent to ﬁrst responders. To stream the video over a large
distance, multiple relaying UAVs might be necessary. For this
purpose, UAVs reposition to form a chain of relays. After
achieving the required formation, a video of the detected
target is transmitted either through the other UAVs acting as
relays, or directly to the base station and ﬁrst responders.
We summarize such missions into the following phases:

II. S YSTEM DESCRIPTION
The architecture design is supposed to handle the ﬁve
phases explained in Section I. Fig. 1 shows the main components of our system. A viewer base station allows to connect
to the system to receive sensor data. Multiple viewer base
stations may exist providing visual feedback of the ongoing
mission execution (e.g., current UAV positions overlayed on
a map, received images, battery level and other information).
A single control base station controls various aspects of the
system. The UAVs and the base stations communicate over a
wireless network. At the control base station, initial mission
parameters such as mission area, number of UAVs to use,
etc. are deﬁned by the user via a user interface. The user
can also supervise the mission execution and interact with
the system at this base stations.
For the implementation we use the middleware Robot Operating System (ROS), which enables a ﬂexible and modular
design of the system. It uses TCP to exchange messages
between modules and offers different message exchanging
paradigms (e.g., publish/subscribe or service calls2 ).

1) Pre-planning: The human operator deﬁnes the search
region in the control base station. The optimal ﬂight
paths for all UAVs are computed to reduce the required
time to search the area. Generated plans including the
way-points are sent to individual UAVs.
2) Searching: The UAVs autonomously follow their predeﬁned way-points while scanning the ground. The
detection, collision avoidance, and frequent image
transfer are active at this phase.
3) Detection: Upon detection of a target, the detecting
UAV hovers while the other UAVs form a new formation.
4) Repositioning: The UAVs switch mode from searching
to propagating. They change formation and set up a
multi-hop link to allow viewer base stations to evaluate
1 Self-organizing

2 wiki.ros.org

Intelligent Network of UAVs (uav.aau.at)
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System components.

The system comprises different modules that are located
on the base station and the UAVs, see Fig. 1. The Coordination / Planning module exchanges information with the
base station or with the Coordination / Planning module
of other UAVs to provide high level coordination. High
level coordination means generating feasible plans for several
UAVs. A plan is a sequence of actions that are executed by a
UAVs Plan Execution module. The Plan Execution module
controls the behavior of other modules by sending control
commands and is also responsible for low level coordination.
Low level coordination means coordination between UAVs
while a plan is executed, e.g. to avoid collisions. The UAV
Control module is the interface to the UAV hardware and
receives commands like go to way-point. The Image / Video
Acquisition module accesses the camera and provides image
and video data to the other modules. This image data is
analyzed by the Image Data Analysis module for the sake
of target detection. The Streaming Control module streams
image and video data to the base station and adjusts the
quality according to the network quality [2]. The WIFI
Control module controls the behavior of the wireless network
module (e.g., force the route of packets along a chain of
relaying UAVs) and provides information about the current
network quality.

III. S YSTEM DEMONSTRATION
For the SAR demonstration we use four UAVs with
different cameras and processor boards. On all the UAVs
and the base station, Ubuntu 12.04 was installed, and all
were equipped with a WIFI module, which can be operated
in 802.11s mesh mode. In our demo the target is identiﬁed by
red color detection. In our test mission, the detection happens
approximately 100 m away from the base station. We have
set the minimum relay distance parameter to 30 m, which
means for distances less than 30 m, a relay is not necessary
and the video can be transmitted directly to the base station.
However, for a distance d greater than 30 m, the number of
relay positions is calculated by d/30. The detecting UAV
calculates the relay positions based on its own position and
number of available UAVs. This information is sent to the
other UAVs and based on their distances to the relay positions
they come to a consensus on choosing their relay positions.
After repositioning, a video is streamed to the base station
through the relaying UAVs. Videos demonstrating the system
are available on our website3 .

For the establishment of a reliable distributed multi-UAV
system, it is necessary to consider the demands posed by
such a system in terms of networking of the UAVs and base
stations. An aerial network in three dimensional space would
beneﬁt from antennas with nearly isotropic radiation intensity
patterns. Also, to enable distributed online decision making,
it is necessary to have real-time communication amongst the
devices. In the SINUS project, all these requirements are
addressed by using commercial off-the-shelf technology. An
antenna structure in the shape of a horizontal equilateral
triangle is introduced to provide isotropic coverage [3].
The requirement for peer-to-peer connectivity between the
devices is addressed using an ad-hoc network. The standard
IEEE 802.11s mesh technology is used for this purpose. A
performance analysis was performed in [4].
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$XWRPDWLF&RYHUDJH3ODQQLQJ6\VWHPIRU4XDOLW\,QVSHFWLRQRI
&RPSOH[2EMHFWV 



0LFKDHO+RIPDQQ0DUNXV,NHGD-UJHQ0LQLFKEHUJHU*HUDOG)ULW]$QGUHDV3LFKOHU


Abstract²7KH WDVN RI FRYHUDJH SDWK SODQQLQJ LV LQWHJUDO WR
PDQ\ URERWLF DSSOLFDWLRQV 7KLV SDSHU SUHVHQWV DQ DXWRPDWLF
FRYHUDJHSODQQLQJDQGGDWDDFTXLVLWLRQPHWKRGZLWKDPLQLPDO
HIIRUWRQFRQILJXUDWLRQ7KHDSSURDFKLVLQWHJUDWHGLQDTXDOLW\
LQVSHFWLRQV\VWHPIRUFRPSOH[DQGXQNQRZQJHRPHWULFREMHFWV
,

,1752'8&7,21

7KH WDVN RI FRYHUDJH SDWK SODQQLQJ LV LQWHJUDO WR PDQ\
URERWLFDSSOLFDWLRQVLQERWKWKHWZRGLPHQVLRQDOFDVHDVZHOO
DV IRU WKH WKUHH GLPHQVLRQDO VSDFH 7KH SUREOHP LWVHOI LV
GHILQHG E\ GHWHUPLQLQJ D SDWK WKDW SDVVHV DOO SRLQWV RI DQ
DUELWUDU\DUHDRUYROXPHRILQWHUHVWZKLOHDYRLGLQJREVWDFOHV
ZLWKLQ WKH HQYLURQPHQW >@ 7KH FKDOOHQJH LV UHODWHG WR WKH
FRYHULQJ VDOHVPDQ SUREOHP D YDULDQW RI WKH ZHOONQRZQ
WUDYHOLQJVDOHVPDQSUREOHP>@
7KH VHW RI DSSURDFKHV WR VROYH WKH FRYHUDJH SODQQLQJ
SUREOHP FDQ EH FODVVLILHG LQWR KHXULVWLF DQG FRPSOHWH
PHWKRGV GHSHQGLQJ RQ WKHLU JXDUDQWHHG FRYHUDJH RI WKH
REMHFW RU VSDFH XQGHU LQYHVWLJDWLRQ )XUWKHUPRUH WKH FODVVLF
GLIIHUHQWLDWLRQEHWZHHQRQOLQHDQGRIIOLQHDOJRULWKPVFDQEH
DSSOLHG2QOLQHPHWKRGVGRQRWDVVXPHIXOOSULRUNQRZOHGJH
RI WKH HQYLURQPHQW RU VXUURXQGLQJ DV D SUHUHTXLVLWH RI WKHLU
SODQQLQJ DFWLRQ 7KH FRQVLGHUDEOH ERG\ RI OLWHUDWXUH RQ
FRYHUDJHSODQQLQJPHWKRGVLVVXPPDUL]HGLQ>@DQG>@
7KLV SDSHU SURSRVHV DQ DXWRPDWLF TXDOLW\ LQVSHFWLRQ V\VWHP
WKDW XVHV D PLQLPDO HIIRUW RQ WHDFKLQ DFWLRQ WR SHUIRUP D
FRPSOHWH VXUIDFH LQVSHFWLRQ RI REMHFWV ZLWK FRPSOH[
JHRPHWULHV7KHV\VWHPLVHDV\WRFRQILJXUHDQGLVFDSDEOHWR
GRFXPHQWDXWRPDWLFDOO\DQXQNQRZQJHRPHWU\)XUWKHUPRUH
LWLVVDIHZUWULVNRILQMXU\DQGGRHVQRWUHTXLUHDGGLWLRQDO
VDIHW\ IHQFHV RU RWKHU HQFDSVXODWLRQV :LWKLQ WKLV SDSHU ZH
IRFXV RQ WKH DXWRPDWLF FRYHUDJH SODQQLQJ DQG GDWD
DFTXLVLWLRQ SURFHVV DQG SURSRVH D WZR SKDVH SODQQLQJ
DSSURDFKWRWDFNOHWKHFKDOOHQJLQJWDVN

)LJXUH7ZRSKDVHDXWRPDWLFFRYHUDJHSODQQLQJXVHGIRUTXDOLW\
LQVSHFWLRQRIFRPSOH[REMHFWV



,,, $8720$7,&'2&80(17$7,212)81.12:1
*(20(75,(6
7KHH[HFXWLRQDQGFRQILJXUDWLRQRIWKHV\VWHPLVVHSDUDWHGLQ
PXOWLSOH VWDJHV $ SUHUHTXLVLWH LV WKH FRQILJXUDWLRQ RI WKH
JHRPHWULFDO FLUFXPVWDQFHV CAD-less setup and teach-in 
7KLV LV GRQH E\ FRQILJXULQJ D URERW PRWLRQ DURXQG WKH
LQWHQGHGYROXPHRIWKHXQNQRZQREMHFWXQGHULQYHVWLJDWLRQ
7\SLFDOO\IRXUSRVLWLRQVZLOOEHVXIILFLHQWZLWKWKHDGGLWLRQDO
NQRZOHGJH RIWKH ZRUNFHOO JHRPHWU\7KH PRWLRQLV WDXJKW
E\ PDQXDOO\ SODFLQJ WKH URERW DW NQRZQ FROOLVLRQ IUHH
SRVLWLRQV

,, 6<67(029(59,(:
)LJXUH VXPPDUL]HV WKH RYHUDOO V\VWHP IRU WKH DXWRPDWLF
VXUIDFHLQVSHFWLRQWDVN6WDUWLQJ IURPWKHERWWRPOHIWFRUQHU
WKH V\VWHP QHHG D PLQLPDO EDVLF WHDFKLQ SKDVH RI 
PDQXDOO\ VHOHFWHG SRLQWV DQG WKH FHOO FRQILJXUDWLRQ JURXQG
SODWH DQG REVWDFOHV LQ WKH ZRUNFHOO  WR GHILQH D ERXQGLQJ
ER[ DURXQG WKH XQNQRZQ REMHFW 7KH V\VWHP WKHQ
DXWRPDWLFDOO\ GHULYHV WKH G PRGHO RI WKH REMHFW XVLQJ D
5*%GHSWK VHQVRU LQ WKH ILUVW SKDVH 7KH VHFRQG SKDVH
FRPSULVHV WKH FRYHUDJH SODQQLQJ DQG WKH LPDJH DFTXLVLWLRQ
WDVN IRU WKH ODWHU VXUIDFH LQVSHFWLRQ ,Q FDVH RI DQ XQNQRZQ
REMHFWERWKWKH FRYHUDJH SDWKDQG DOOUHIHUHQFHLPDJHV ZLWK
LWVDFTXLVLWLRQSRVLWLRQVDUHVWRUHGLQDGDWDEDVH UHGDUFVLQ
)LJXUH   )RU WKH LQVSHFWLRQ RI IXUWKHU REMHFWV RI WKH VDPH
W\SH WKHVH LPDJHV DQG WKH DOUHDG\ VWRUHG FRYHUDJH SODQ LV
XWLOL]HG LQ WKH LQVSHFWLRQ SURFHVV ERWWRP OHIW FRUQHU  WR
SHUIRUP WKH TXDOLW\ PHDVXUHPHQWV RI WKH VXUIDFH DQGRU
DGGLWLRQDO FKHFNV RQ WKH DEVHQFHSUHVHQW RU FRUUHFW
SODFHPHQWRILGHQWLILFDWLRQSODWHRURWKHUVLJQVDQGWDJV
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)LJXUH8QLYHUVDO5RERW85ZLWKPRXQWHG.LQHFWDQGDQH[DPSOH
ZRUNSLHFH KHUHWKH8&$59(5RI*:6W3|OWHQ,QWHJUDWLYH%HWULHEH
*PE+ 

A. 3D Model Generation
7KHILUVWVWDJHFRPSULVHVWKHJHQHUDWLRQRID'PRGHORIWKH
XQNQRZQ REMHFW 'XULQJ WKLV VWDJH WKH URERW PRYHV WR WKH
SULRUWDXJKWSRVLWLRQV FRUQHUVRIWKHERXQGLQJER[ KHDGLQJ
WKH 5*%GHSWK VHQVRU WR WKH FHQWHU RI WKH YROXPH
6LPXOWDQHRXVO\ WKH VHQVRU VWUHDPV WKH FDSWXUHG ' SRLQW
FORXG LQWR WKH UHFRQVWUXFWLRQ VRIWZDUH 5HFRQVWUXFW0H >@
ZKLFK ILQDOO\ GHULYHV WKH WH[WXUHG ' PRGHO $Q DFFXUDWH





SRVLWLRQLQJRIWKHURERWLVQRWQHFHVVDU\LQWKLVSKDVHVLQFH
WKH UHFRQVWUXFWLRQ DOJRULWKP XVHV QDWXUDO ODQGPDUNV WR
JXDUDQWHHWKHTXDOLW\RIWKHUHVXOWLQJPRGHO)LJXUHGHSLFWV
WKH UHVXOW RI WKH UHFRQVWUXFWLRQ VWDJH IRU WKH H[DPSOH
8&$59(5


C. Results
7KHH[HFXWLRQWLPHIRUGHULYLQJWKHFRYHUDJHSDWKLVDSSUR[
 PLQXWHV XVLQJ  LQVSHFWLRQ SRLQWV RQ D VWDQGDUG 3&
7KHOH[LFDORUGHULQJWDNHVVHFRQGVWKHLQYHUVHNLQHPDWLF
FDOFXODWLRQVHFRQGVDQGWKHUHPDLQLQJWLPHLVFRQVXPHG
E\ WKH FROOLVLRQ FKHFNV 7KH KLJK FRVW RI WKH FROOLVLRQ
FKHFNLQJLVWKHUHDVRQQRWWRXVH PRUH DGYDQFHGDOJRULWKPV
WR SODQ WKH SDWK EHFDXVH WKHVH DOJRULWKPV QHHG WR FDOFXODWH
VHYHUDOWUDQVLWLRQVEHWZHHQLQVSHFWLRQSRLQWVOHDGLQJWRHYHQ
DKLJKHUFDOFXODWLRQWLPHRIWKHFRYHUDJHSDWK7KHDFFXUDF\
RI WKH LPDJH DFTXLVLWLRQ SURFHVV IRU WKH ODWWHU TXDOLW\
LQVSHFWLRQWDVNLVPPDQGWKHHUURUVGXULQJWKH'PRGHO
JHQHUDWLRQ  PP XVLQJ D ORZFRVW .LQHFW 6HQVRU  DUH
FRPSHQVDWHGE\XVLQJDIL[WXUHIRUSRVLWLRQLQJWKHREMHFW
,9 &21&/86,21

)LJXUH7KHUHFRQVWUXFWHGREMHFWLVXVHGIRUWKHVHFRQGSKDVHRI
FRYHUDJHSDWKSODQQLQJ



B. Coverage & Data Acquisition Plan
7KHVHFRQGVWDJHLVXWLOL]LQJWKH'PRGHOWRFDOFXODWHDPDS
RI LQVSHFWLRQ SRLQWV RI WKH REMHFW XQGHU LQYHVWLJDWLRQ $OO
SRLQWV KDYH WR EH DSSURDFKDEOH E\ WKH URERW 7KHUHIRUH WKH
LQYHUVH NLQHPDWLF RI WKH URERW WRRO FHQWHU SRLQW 7&3  LV
FDOFXODWHG IRU HYHU\ LQVSHFWLRQ SRLQW 'HSHQGLQJ RQ WKH
SURFHVV DGGLWLRQDO SDUDPHWHUV OLNH VXUIDFH QRUPDO DQJXODU
RIIVHW DUH XVHG WR FDOFXODWH DSSURSULDWH LQYHUVH NLQHPDWLF
VROXWLRQV 7KH FDOFXODWLRQ RI WKH RUGHU LQ ZKLFK WKH SURFHVV
SRLQWV DUH DSSURDFKHG LV GRQH E\ D VLPSOH EXW IDVW WR
FDOFXODWHOH[LFDORUGHU>@7KHOH[LFDORUGHUJXDUDQWHHVDIDVW
RQOLQH FDOFXODWLRQ RI WKH SDWK ZLWK D IDLU H[HFXWLRQ WLPH LQ
FRQWUDVW WR PRUH VRSKLVWLFDWHG PHWKRGV OLNH VDPSOH EDVHG
DSSURDFKHV>@7RSUHYHQWFROOLVLRQVGXULQJWKHWUDQVLWLRQRI
RQHLQVSHFWLRQSRLQWWRWKHQH[WDQ557&RQQHFWDOJRULWKP
LV XVHG >@ DQG D +\EULG 2%%WUHH FROOLVLRQ GHWHFWRU >@ LV
XWLOL]HG WR DYRLG WKHP ZLWKLQ WKH HQWLUH ZRUN FHOO $Q
H[DPSOH UHVXOWLQJ SDWK LV VKRZQ LQ )LJXUH  $OO SRLQWV DUH
FRQQHFWHG ZLWK HDFK RWKHU LQ D PDWWHU WKDW WUDQVLWLRQV
EHWZHHQLQVSHFWLRQSRLQWVDUHZLWKLQDIHDVLEOHGLVWDQFH7KH
KLJKOLJKWHGDUHDLQWKH ILJXUHVKRZVWKH OH[LFDORUGHURIWKH
SRLQWV

$Q DXWRPDWLF FRYHUDJH DQG GDWD DFTXLVLWLRQ SURFHVV IRU D
TXDOLW\ LQVSHFWLRQ V\VWHP ZDV SUHVHQWHG 7KH WZR SKDVH
SURFHVV UHTXLUHV RQO\ PLQLPDO DQG HDV\ FRQILJXUDWLRQ HIIRUW
WRLQVSHFWWKHHQWLUHVXUIDFHRIDQREMHFWZKLFKJHRPHWU\LV
XQNQRZQEHIRUHKDQG7KHILUVWSKDVHJHQHUDWHVWKH'PRGHO
RI WKH REMHFW DQG DIWHUZDUGV D IXOO VXUIDFH FRYHUDJH
LQVSHFWLRQ SODQ LV GHULYHG DXWRPDWLFDOO\ IRU IXUWKHU TXDOLW\
LQVSHFWLRQSXUSRVHV
$&.12:/('*0(17
7KLV ZRUN ZDV VXSSRUWHG E\ WKH QDWLRQDO ,.7 3URMHFW
1H[*HQ ))* 3URMHFW  :H WKDQN RXU SURMHFW SDUWQHU
*:6W3|OWHQ,QWHJUDWLYH%HWULHEH*PE+IRUWKHLUDVVLVWDQFH
GXULQJWKHGHPRQVWUDWLRQSKDVH$VDQLQWHJUDWLYHHQWHUSULVH
WKHFRPSDQ\LVPDQXIDFWXULQJYDULRXVNLQGVRISURGXFWVIRU
PDMRULQGXVWULDOFXVWRPHUV7KHFRPSDQ\LVDQHVVHQWLDOSDUW
RIWKH$XVWULDQGLVDELOLW\SROLF\7KH\DUHFORVHFRQQHFWHGWR
WKH $89$ ZKLFK LV WKH UHOHYDQW SXEOLF ERG\ IRU UHJXODWLQJ
HUJRQRPLFDQGVDIHW\DVSHFWV
5()(5(1&(6
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7RZDUGV6DIH+XPDQ5RERW&ROODERUDWLRQ6RQDUEDVHGFROOLVLRQ
DYRLGDQFHIRUURERW¶VHQGHIIHFWRU
6ULQLZDV&KRZGKDU\0DGGXNXUL0DUWLMQ5RRNHU-UJHQ0LQLFKEHUJHU&KULVWRSK)H\UHU
*HUDOG)ULW]DQG$QGUHDV3LFKOHU


Abstract² ,Q PRVW LQGXVWULDO DSSOLFDWLRQV KXPDQ ZRUNHUV
DQG URERWV DUH SXUHO\ LVRODWHG LQ VSDFH DQGRU WLPH WR DYRLG
ULVN\ VLWXDWLRQV 6HYHUDO ZRUNV KDYH EHHQ FRQGXFWHG IRU
LQWHJUDWLQJ KXPDQ ZRUNHUV ZLWK URERWV WR DFKLHYH KXPDQ
URERW FROODERUDWLRQ 7KH SULPDU\ LVVXH RI FRQFHUQ LQYROYHG
ZLWK KXPDQURERW FROODERUDWLRQ LV WKH VDIHW\ RI WKH KXPDQ
ZRUNHU 7KLV SDSHU SUHVHQWV D PHWKRGRORJ\ WR HQVXUH VDIH
KXPDQURERW FROODERUDWLRQ WKURXJK WKH GHWHFWLRQ RI
VWDWLFNQRZQDQGXQNQRZQREMHFWVDQGDYRLGFROOLVLRQVEHWZHHQ
URERW¶V HQGHIIHFWRU GHYLFH DQG XQNQRZQ REMHFWV XVLQJ
XOWUDVRQLFVHQVRUV

, ,1752'8&7,21
1RZDGD\V KXPDQ ZRUNHUV DQG URERWV KDYH WR VKDUH D
FRPPRQZRUNVSDFHZKLFKOHDGVWRKLJKGHPDQGRQHQDEOLQJ
VXIILFLHQW VDIHW\ PHDVXUHV 7KH PDMRU FKDOOHQJH IRU D
FROODERUDWLYH KXPDQURERW ZRUNVSDFH LV WR FRPH XS ZLWK D
UHDOWLPH FROOLVLRQ DYRLGDQFH VWUDWHJ\ ZKLFK SUHYHQWV
FROOLVLRQV EHWZHHQ WKH URERW DQG G\QDPLF REMHFW IRU HJ
KXPDQ ZRUNHU  7KHUHIRUH WKH URERW¶V ZRUNVSDFH KDV WR EH
FRQVLVWHQWO\ PRQLWRUHGRYHUWLPH WREH DZDUHRIXQH[SHFWHG
FKDQJHV ZKLFK KDSSHQ LQ LWV VXUURXQGLQJ HQYLURQPHQW 7R
DFKLHYH UHDOWLPH FROOLVLRQ DYRLGDQFH VHYHUDO DSSURDFKHV
KDYH EHHQ SURSRVHG ZKHUH WKH PRQLWRULQJ RI KXPDQURERW
ZRUNVSDFH LV FDUULHG RXW WKURXJK RSWLPDO SODFHPHQW RI
PXOWLSOH GHSWK VHQVRUV LQVWDOOHG ZLWKLQ WKH YLFLQLW\ RI WKH
VXUURXQGLQJ HQYLURQPHQW 7KH PDLQ GLVDGYDQWDJH ZLWK WKLV
DSSURDFK LV WKH LQVXIILFLHQW LQIRUPDWLRQ DERXW WKH RFFOXGHG
DUHDVEHKLQGWKHGHWHFWHGREVWDFOHV$VDUHVXOWWKHRFFOXGHG
DUHDV ZLOO OHDG WR XQH[SHFWHG KXPDQURERW FROOLVLRQV 7R
RYHUFRPHWKHRFFOXGHGDUHDVRUEOLQGVSRWVFUHDWHGE\VWDWLF
RUG\QDPLFREMHFWVDQGSUHYHQWFROOLVLRQVEHWZHHQWKHURERW¶V
HQGHIIHFWRUDQGKXPDQZRUNHUWKHDSSURDFKDGRSWHGKHUHLV
WRSODFHXOWUDVRQLFVHQVRUVDURXQGWKHURERW¶VHQGHIIHFWRU
A. Related Work
,Q JHQHUDO FROOLVLRQ DYRLGDQFH LV UHDOL]HG WKURXJK
FRQWLQXRXV PRQLWRULQJ RI WKH KXPDQURERW ZRUNVSDFH XVLQJ
PXOWLSOH 5*%' VHQVRUV ,Q >@>@>@>@>@>@ ' GHSWK
LQIRUPDWLRQLVREWDLQHGIURP5*%'VHQVRUVWREXLOGXSDQ
LQWHUQDO PRGHO RI WKH KXPDQURERW ZRUNVSDFH 8VLQJ WKH
LQWHUQDO PRGHO FROOLVLRQ DYRLGDQFH LV WKHQ SHUIRUPHG EDVHG
RQWKHPLQLPXPGLVWDQFHEHWZHHQWKHURERWDQGWKHGHWHFWHG
XQNQRZQREMHFWVE\HPSOR\LQJWKHPXOWLSOHGHSWKLPDJHVRI
XQNQRZQ REMHFWV DQG H[WUDFWHG ' PRGHO RI WKH URERW $
VLPLODU DSSURDFK ZDV DGRSWHG LQ >@ DQG >@ ZKHUH WKH
FROOLVLRQ EHWZHHQ WKH KXPDQ ZRUNHU DQG WKH URERW DUH
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DYRLGHG WKURXJK FRORU DQG WH[WXUH LQIRUPDWLRQ DQG YHORFLW\
DQG WUDMHFWRU\ HOHPHQWV RI WKH KXPDQURERW ZRUNVSDFH
UHVSHFWLYHO\,Q>@FROOLVLRQVEHWZHHQWKHURERWPDQLSXODWRU
DQG REVWDFOH DUH SUHYHQWHG E\ FRPSDULQJ LQGLYLGXDO GHSWK
DQG SUHVHQFH PDSV RI WKH URERW PDQLSXODWRU DQG GHWHFWHG
REVWDFOH $ GLVWDQFH SURFHVVLQJ DOJRULWKP ZDV SURSRVHG IRU
WKH DGDSWLRQ RI URERW PDQLSXODWRU¶V WUDMHFWRU\ WR UHDOL]H
FROOLVLRQ DYRLGDQFH WKURXJK WKH PRQLWRULQJ RI D FRQILQHG
ZRUNLQJ HQYLURQPHQW XVLQJ XOWUDVRQLF VHQVRUV >@ ,Q >@
WKH 5HLV URERW 59 LV VDIHJXDUGHG ZLWK DQ XOWUDVRQLF
VHQVRUV\VWHPWRPRQLWRUWKHVKDUHGKXPDQURERWZRUNVSDFH
$ SULRUL LQIRUPDWLRQ DERXW WKH VKDUHG KXPDQURERW
ZRUNVSDFH LV FUHDWHG DV D ' VRQDU PDS DQG SURYLGHG DV D
UHIHUHQFH PRGHO WR WKH FROOLVLRQ DYRLGDQFH DOJRULWKP +HUH
WKHFROOLVLRQDYRLGDQFHLVUHDOL]HGE\DGDSWLQJWKHYHORFLW\RI
WKHURERWZLWKUHVSHFWWRWKHGLVWDQFHDWZKLFKWKHREVWDFOHLV
GHWHFWHG
B. Objectives
7KHVFLHQWLILFREMHFWLYHLVWRGHULYHDQDOJRULWKPZKLFKLV
DEOH WR GLVWLQJXLVK EHWZHHQ VWDWLFNQRZQ REMHFWV DQG
XQNQRZQREMHFWDQGDYRLGFROOLVLRQVEHWZHHQWKHURERW¶VHQG
HIIHFWRUDQGKXPDQZRUNHU
C. Paper Organization
6HFWLRQ ,, GHDOV ZLWK WKH PHWKRGRORJ\ SURSRVHG IRU
FROOLVLRQDYRLGDQFHZLWKUHVSHFWWRDQXOWUDVRQLFVHQVRUVHWXS
6HFWLRQ ,,, SUHVHQWV WKH H[SHULPHQWDO UHVXOWV 6HFWLRQ ,9
FRQFOXGHV WKH UHVHDUFK ZRUN DQG SURYLGHV DQ RXWORRN
UHJDUGLQJWKHIXWXUHZRUN
,, 0(7+2'2/2*<
7KHPHWKRGRORJ\SURSRVHGLQWKLVVHFWLRQIRFXVHVPDLQO\
RQWKHFROOLVLRQDYRLGDQFHDOJRULWKP)XUWKHUPRUHLWZLOOEH
GHILQHGKRZWKHGLVWLQFWLRQEHWZHHQVWDWLFNQRZQREMHFWVDQG
G\QDPLFREMHFWVLVGHWHUPLQHG
A. Collision Avoidance
&ROOLVLRQ DYRLGDQFH LV UHDOL]HG LQ D VHTXHQFH RI WZR
VWDJHV ,Q WKH ILUVW VWDJH D SULRUL LQIRUPDWLRQ DERXW WKH
URERW¶V ZRUNVSDFH FRPSULVHG RI VWDWLFNQRZQ REMHFWV LV
REWDLQHG IURP WKH XOWUDVRQLF VHQVRUV E\ H[HFXWLQJ D SUH
GHILQHGWUDMHFWRU\RIWKHURERW+HUHRUWKRJRQDOSODFHPHQWRI
XOWUDVRQLFVHQVRUVDURXQGWKHURERW¶VHQGHIIHFWRUZDVGRQH
WR HQVXUH FRQVLGHUDEOH PRQLWRULQJ RI WKH ZRUNVSDFH 7KH
GLVWDQFHYDOXHVRIWKHVWDWLFNQRZQREMHFWVDUHDFTXLUHGDVD
GDWD VHW DQGUHJDUGHGDVDUHIHUHQFHPRGHONQRZQJHRPHWU\
RIWKHZRUNLQJHQYLURQPHQW,QWKHVHFRQGVWDJHWKHSUHVHQW
GLVWDQFH YDOXHV RI WKH GHWHFWHG REMHFWV ZKLFK UHSUHVHQW WKH
PHDVXUHG PRGHOXQNQRZQ JHRPHWU\ RI WKH HQYLURQPHQW DUH
WKHQ FRPSDUHG ZLWK GLVWDQFH YDOXHV RI WKH UHIHUHQFH PRGHO
$Q HUURU YHFWRU FRPSXWHG IURP WKH GLIIHUHQFH EHWZHHQ WKH





GLVWDQFHYDOXHVRIWKHPHDVXUHGPRGHODWHYHU\WLPHLQVWDQW
DQGWKHGLVWDQFHYDOXHVRIWKHUHIHUHQFHPRGHO7KHPLQLPXP
RI WKH HUURU YHFWRU DQG D FHUWDLQ WROHUDQFH YDOXH LH tol =
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VWDWLFNQRZQ RU G\QDPLF RYHU WLPH %DVHG RQ WKLV REMHFW
GHWHUPLQDWLRQFROOLVLRQDYRLGDQFHLVSHUIRUPHGZLWKUHVSHFW
WRWKHSUHVHQWGLVWDQFHDWZKLFKWKHG\QDPLFREMHFWLVORFDWHG
XVLQJDSUHGHILQHGPLQLPXPREVWDFOHGLVWDQFH>@>@
,,, (;3(5,0(17$/5(68/76
,Q WKH IROORZLQJ WKH DOJRULWKP GHILQHG IRU FROOLVLRQ
DYRLGDQFH LV YDOLGDWHG E\ WZR VHTXHQWLDOO\ SHUIRUPHG
H[SHULPHQWV ,Q ERWK WKH H[SHULPHQWV WKH URERW H[HFXWHV D
SUHGHILQHG WUDMHFWRU\ LQ WZR VWDJHV ,Q WKH ILUVW VWDJH WKH
URERW V\VWHP IROORZV WKH SUHGHILQHG WUDMHFWRU\ DURXQG D
NQRZQREMHFWIRUPXOWLSOHQXPEHURIF\FOHV LHRQHVLQJOH
F\FOHLVHTXLYDOHQWWRWKHWLPHWDNHQE\WKHURERWWRH[HFXWH
LWVWUDMHFWRU\ WRDFTXLUHWKHUHIHUHQFH PRGHO,QWKH VHFRQG
VWDJHWKHILUVWVWDJHLVUHSHDWHGLQWKHDEVHQFHRUSUHVHQFHRI
DG\QDPLFREMHFW IRUHJKXPDQKDQG 
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Skill Adaptation through combined Iterative Learning Control and
Statistical Learning
Miha Deniša, Andrej Gams and Aleš Ude
Abstract— To be successful on the market, many enterprises
are customising ever more products, leading to small batch
size production. Consequently, neither specialised production
lines nor automated robot assembly are economically viable
and manual labor is often the only possibility. In this paper we
propose a new approach to quickly program robot assembly
processes. To avoid manual programming of optimal robot
behaviours for every single task and its variations, we combine
ideas from learning by demonstration, iterative learning control,
and statistical learning. The proposed method has been evaluated in a case study of a robot mounting doors in collaboration
with human workers, where the size of the doors vary.

I. INTRODUCTION
There are still no economically viable solutions next
to manual labor when it comes to customized production.
Having several under-utilized special production lines and
special machines is too expensive for sustainable operation.
Automated robot assembly could be a potential solution, but
it is still very time consuming to reprogram an industrial
robot for a new assembly task, integrate it in the work
process, and to calibrate it in a new environment [1].
To overcome these problems we propose to use a combination of learning by demonstration, iterative learning control,
and statistical learning to quickly program new assembly
skills. Learning by demonstration is used to obtain a single
example trajectory for the desired skill. Dynamic movement
primitives (DMPs) [2] have emerged as a method for of
encoding the trajectories from single user demonstrations.
They provide flexibility to easy modulate and adaptat the
programmed trajectories. To give robots the ability to adapt
to varying conditions of the task or the environment, autonomous adaptation of trajectories through un-supervised or
supervised exploration has been employed in robotics. One
such method is reinforcement learning [3], but reinforcement
learning often takes a large number of repetitions to converge
to the desired behavior as a consequence of their unsupervised exploration. To reduce the number of needed iterations,
DMPs have been employed in combination with iterative
learning control (ILC) [4]. ILC usually converges much
faster then reinforcement learning, but unlike reinforcement
learning it needs a reference to converge to.
Even though the dimensionality of the complete robot
motion space is infinite, many tasks can be described by
low dimensional task parameters, which in the following are
Miha Deniša , Andrej Gams and Aleš Ude are with the Humanoid and Cognitive Robotics Lab, Department for Automatics,
Biocybernetics and Robotics, Jožef Stefan Institute, 1000 Ljubljana, Slovenia {miha.denisa, andrej.gams, ales.ude}
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called query points. A set of example movements associated
with variations of the desired task (with respect to the
selected query points) can be used as input to statistical
learning methods [5], [6] in order to generate optimal movements for new variations of the task. For this approach to
work, the necessary condition is that example movements
transition smoothly between each other as a function of the
query point.
II. THE METHOD
This paper combines the means of LbD, adaptation
through ILC and statistical learning to achieve fast adaptation
to the environment. It can be roughly divided into three parts:
1) A single demonstration trajectory pd is gained by LbD
and encoded as a DMP
2) Demonstrated trajectory pd is modified for an external
condition (query point q) through a coupling term
c gained by ILC and human interaction. A set of
coupling terms, S = {cm , qm }, is gained by repeating
this process for m query points and encoded as a set
of weighted linear basis functions: S = {wm , qm }.
3) Gaussian process regression (GPR) is employed to
calculate the coupling term c for an arbitrary query
point q within the area of the learned terms S. This
new coupling term defines the needed robot trajectory
for the given task variation.
The rest of this section briefly describes iterative learning
control and statistical learning used in the proposed approach.
A. Iterative learning control
Initial demonstrated trajectory pd , encoded as a DMP, is
modified through a coupling term [4],
τ ż
τ ẏ

= αz (βz (g − y) − z) + f (x),
= z + c(k),

(1)
(2)

where k denotes the k-th time sample. The coupling term
is gained through iterative learning control (ILC), which
uses feedback error to improve the performance in the next
repetition of the same behavior. We propose to apply the
current-iteration ILC, which is given by the formula [7],
cj+1 (k) = Q(cj (k) + Lej (k + 1)) + Cej+1 (k) ,



  
feedforward term

(3)

feedback term

where c is the coupling term, k denotes the k-th time sample,
j denotes the learning iteration, and Q and L are the learning
parameters. C is the feedback gain. ILC is distinguished from

1.3
1.2
1.1
1
z [m]

simple feedback control by the prediction of the error e(k +
1, j) in the (j + 1) iteration, which serves to anticipate the
error caused by the action taken at the k-th time step. ILC
modifies the control input in the next iteration based on the
control input and feedback error in the previous iteration.
In our case the error represents the robot’s tracking error
introduced through human intervention during the execution.
For the human to be able to infer this error, the robot must
exhibit some compliance.
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B. Statistical Learning
ILC is used to adapt a demonstrated motion to new
conditions, but several iterations are needed in order to learn
an appropriate coupling term. Statistical learning can be used
to gain new coupling terms adapted to new conditions. Let’s
assume a set of m example coupling terms, S = {wm , qm }
which transitions smoothly between each other as a function
of the query point q, and are encoded as a linear combination
of weighted basis functions. For statistical learning we use
Gaussian process regression (GPR), which can be used to
learn a function,
Fs : q → {w}
(4)
Once the function (4) is learned, it can be used to calculate appropriate coupling term trajectories, again defined by
weights w, for any given query q within the training space.
Further details on statistical learning are omitted and the
readers are referred to [5], [6].
III. CASE STUDY
The case study tackles the problem of a robot mounting a
door of varying size on an electrical cabinet while cooperating with a human. As the robot lifts and positions the door,
the human can mount the hinges and thus attach it on the
cabinet. While this problem could be solved by programming
a robot trajectory by hand, it would have to be done for each
variation in the dimension of the door.
As an alternative the proposed approach was used. First,
a single robot trajectory pd was taught using LbD. This
movement successfully placed a door of a certain size
qd on the cabinet’s mounting position. Seven new motion
trajectories {pm }, m = 1, . . . , 7 were gained by modifying
the original trajectory for different door dimensions {qm }
through coupling terms {cm }. These coupling terms were
gained through human interaction and by using ILC as
described in [4]. The new trajectories, as well as the original
demonstrated trajectory, are shown in Fig. 1. For clarity the
trajectories are presented in only one dimension.
In the next step, the set of coupling terms S = {wm , qm },
used for modifications in the previous step, was used with
statistical learning. GPR was used to learn a function (4)
which was then used to compute coupling terms adapted
for new query points, i.e., door dimensions. New position
trajectories, generalized to new example door dimensions, are
shown in Fig. 1. We can see that the shape of the trajectories
was preserved.

39

0.5
0

5

10
t [s]

15

20

Fig. 1. Robot’s position trajectories in z-axis while mounting doors of
different dimensions. The bottom solid line in light blue denotes the original
demonstrated trajectory pd . While the red dashed lines present trajectories
while modifying them through human coaching and ILC, the black dashed
lines denote the final learned trajectories. Solid lines of varying colors
present trajectories gained through statistical generalization.

IV. CONCLUSION
In this paper we presented an approach used for gaining
new robot trajectories based on learning by demonstration,
iterative learning control and statistical learning. We believe
the proposed approach would prove useful in the industry
prone to customizing products and lowering production
batches. As an alternative to hard programming robot trajectories for each small batch and variation in the product,
this approach shows adaptability through a low number of
human demonstration and interventions. The case study done
in this paper further indicates the usefulness of the proposed
approach. While the selected task is elementary, it shows the
applicability of the method, as the trajectories adapt to new
queries while maintaining the needed shape. In the future we
plan to asses the approach by executing more complex tasks
using a real robot arm.
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Interface for Capacitive Sensors in Robot Operating System
Stephan Mühlbacher-Karrer1 , Wolfram Napowanez1 , Hubert Zangl1 , Michael Moser2 and Thomas Schlegl2

Abstract— In this paper we present a software interface for
capacitive sensors for the Robot Operating System (ROS). We
demonstrate the capability of the interface using the Kobuki
platform. Our system enables detection of humans and collision
avoidance in the surroundings of a robot without the need
for vision or laser scanner based object detection systems.
Consequently, it can be a valuable complementary sensor
system whenever optical systems can not be used. The interface
allows to use various sensors architectures using different
number of electrodes or measurement modes. In addition, the
detection and reconstruction algorithm of the sensor interface
can be adapted to the needs of the application.

•

•

The single ended measurement mode is utilized to determine the capacitance between the transmitter electrode
and the far ground. An excitation signal is applied to
a transmitter electrode and its displacement current is
measured (see Fig 1).
The differential measurement mode is utilized to determine the capacitance between the transmitter and
receiver electrode. An excitation signal is applied to
a transmitter electrode and the displacement current is
measured at the receiver electrode (see Fig 1).

I. INTRODUCTION

ZGND

Capacitive sensing is a well suited and known sensing
technology in the ﬁeld of robotics. It is utilized for tactile,
pretouch and proximity sensing in different applications such
as grasping [1] or collision avoidance [2]. The capacitive
sensing principle is based on the interaction of an object
and an electric ﬁeld in the vicinity of the sensor front
end given a dielectric environment, e.g., air. In previous
work we transferred the Electrical Capacitance Tomography
(ECT) to robotics [3]. Consequently, we further facilitate the
applicability of capacitive sensors in the ﬁeld of robotics
by introducing a software interface for capacitive sensors
in ROS [4]. It supports single and multi-modal capacitive
sensors measuring in either one or both measurement modes
as described in Section II. The interface also contains a
sensor node for preprocessing of the sensor data with respect
to visualization and high level applications. Our interface
provides the capability to exploit the advantages of the
capacitive sensing technology in the ﬁeld of robotic and
industrial applications, e.g., tiny and mechanically robust
sensor front ends and the capability to ”look” inside of nontransparent dielectric objects.
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Fig. 1. Capacitive measurement modes. On the left and right side the
differential and single ended measurement modes are depicted, respectively.

It should be noted that the sensing range strongly depends
on the geometrical design of the electrodes.
III. SOFTWARE ARCHITECTURE
The interface consists of two ROS nodes called Read
Sensor Data and Process Sensor Data (see Figure 2). The
ﬁrst node is responsible for collecting the raw sensor data of
each connected capacitive sensor to assemble and publish the
measured capacitances. Beside the measured data this message contains also a unique identiﬁer of the sensor. This node
provides the ﬂexibility to use capacitive sensors different
in architecture simultaneously and also the number of used
sensors can be adapted to the needs of the application. All
sensor parameters, e.g., number of electrodes, measurement
mode, etc. are provided in a single parameter ﬁle. The
second node is responsible for data processing, including a
reconstruction/object detection algorithm and to prepare the
visualization of the data. This node publishes two messages:
one for the visualization of the sensor data provided as pointclouds in the ROS 3D visualization tool RVIZ and a second
message containing the results of the reconstruction/detection
algorithm for high level applications. Additionally, also ECT
reconstruction images can be visualized in RVIZ.

II. CAPACITIVE SENSORS
Capacitive sensing is based on the measured distortion of
the electric ﬁeld caused by an object in the vicinity of the
sensor front end. The sensor front end consists of conductive
electrodes insulated from the surroundings and is sensitive to
dielectric and conductive objects [5]. Generally, two different
sensing modes are distinguished:
1 Stephan Mühlbacher-Karrer, Wolfram Napowanez and Hubert
Zangl are with the Institute of Smart System Technologies,
Sensors and Actuators, Alpen Adria Universität, 9020 Klagenfurt,
Austria
stephan.muehlbacher-karrer@aau.at,

IV. SENSOR PLATFORM
In our experiments we use the ROS supported robot
platform Kobuki. We equipped Kobuki with two unique,
wireless capacitive sensors on the front and rear side. This
minimum number of sensors is sufﬁcient as the platform

wnapowan@edu.aau.at, hubert.zangl@aau.at
2 Michael

Moser and Thomas Schlegl are with the eologix sensor technology gmbh. 8010 Graz, Austria michael.moser@eologix.at,
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Fig. 2. Software architecture for capacitive sensors including ROS nodes
and messages.

has a two wheel differential drive and can rotate around
the central point of axis. Consequently, the robot is able
to detect objects in its surrounding. One major advantage
of capacitive sensing is ﬂexible mounting. It can be either
mounted on the surface, adding a layer of several ∼ 100 μm,
or underneath the surface, to be protected against external
forces thus further enhancing the mechanical robustness of
the sensor system. In Figure 3 the hardware architecture used
for our experiment is depicted. The sensor data of each
capacitive sensor is forwarded via Radio Frequency (RF)
link to a receiver module connected via USB to the robot’s
notebook, providing the raw sensor data to the capacitive
sensor interface. It should be noted that each sensor can
have a different number of electrodes. Additionally, also the
sensor’s measurement mode can vary. The parameters of each
sensor are deﬁned in a parameter ﬁle imported by the ROS
node Read Sensor Data.

Fig. 4. Experimental setup comprising Kobuki robot and capacitive sensor.

Fig. 5. Visualization of the sensor data in RVIZ. The blue dots depict the
distance between the robot an object in front of the robot.

VI. CONCLUSIONS
In this paper we presented a software interface for capacitive sensors in ROS, supporting both single and multimodal sensor architectures. In the presented experiment,
a threshold based detection algorithm is implemented to
detect humans in the surroundings of the robot. In addition
the ROS node Process Sensor Data can interface with a
more advanced reconstruction and object detection algorithm
with little effort. The presented capacitive sensor interface
facilitates the applicability of capacitive sensors in the ﬁeld
of robotics.

1 ELECTRODE
2 ELECTRODE

N ELECTRODE

1...N

RAW
SENSOR DATA

1 ELECTRODE

2 ELECTRODE

N ELECTRODE

Fig. 3. Hardware architecture comprising wireless capacitive sensors, a
receiver module and the robot.
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V. EXPERIMENTAL SETUP AND RESULTS
In our experiment we implemented a binary threshold
based collision avoidance for humans as high level application to demonstrate the usability of the interface. The robot
moves forward or backward as long as no human object
is detected in front or rear of the robot, respectively. The
threshold values are determined in advance, where humans
are positioned in front of the sensor front end. In addition
an offset calibration is used for each sensor value to reduce
the impact of model errors. It should be noted that this
experiments are done without the support of any vision or
laser based sensors. The experimental setup visualization
results for a human object in front of the robot is depicted
in Figure 4 and 5, respectively.
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'H[WURXV $VVHPEOHU 5RERW :RUNLQJ ZLWK HPERGLHG
,1WHOOLJHQFH FRJQLWLYHV\VWHPZLWKDQLQGXVWULDODVVHPEO\WDVN
$VHWRIGHPRQVWUDWLRQVFHQDULRVZDVGHILQHGZKLFKLQFOXGHGD
QXPEHURIYDULDWLRQVRIWKH DVVHPEO\WDVNWRKLJKOLJKWVSHFLILF
SURSHUWLHV RI WKH V\VWHP DQG DOVR WR WHVW WKH FDSDELOLW\ RI WKH
V\VWHPV WR UHFRYHU IURP YDULRXV IDLOXUHV 7KH LGHD LV WR
DSSURDFKWKHHYDOXDWLRQRIWKHV\VWHPVLQDµEODFNER[PDQQHU¶
WR KHOS FKDUDFWHUL]H WKH SHUIRUPDQFH FRPSDULVRQ LQ DQ
REMHFWLYHZD\

, ,1752'8&7,21
&RQYHQWLRQDOLQGXVWULDOURERWLFDSSOLFDWLRQVDUHGHVLJQHG
WR H[HFXWH FOHDUO\ SUHGHILQHG WDVNV DQG FDQQRW UHDFW WR
G\QDPLF FKDQJHV LQ WKHLU HQYLURQPHQW 0RUHRYHU WKH
DSSOLFDWLRQVGHYHORSHGDUHYHU\RIWHQKDUGZDUHVSHFLILFDQG
WKHUHIRUH FDQQRW EH DSSOLHG WR RWKHU URERWLF SODWIRUPV 7KH
'$5:,1 URERWLF V\VWHP FRQVLVWLQJ RI JRDO GLUHFWHG
UHDVRQLQJ FDSDELOLWLHV DLPV WR DQVZHU WKHVH FKDOOHQJHV ,W
SURYLGHVDQXQLTXHRSSRUWXQLW\LQWKLVGLUHFWLRQWR³UHHQDFW´
DQG ³PLUURU´ WKH JUDGXDO SURFHVV RI LQIDQW GHYHORSPHQWDO
OHDUQLQJ DQG LQYHVWLJDWH GHHSHU LQWR WKH XQGHUO\LQJ
³LQWHUSOD\´ EHWZHHQ PXOWLSOH IXQGDPHQWDO VHQVRU\ PRWRU
FRJQLWLYH SURFHVVHV IURP WKH SHUVSHFWLYH RI DQ ³LQWHJUDWHG
V\VWHP´ WKDWSHUFHLYHVDFWVOHDUQVUHPHPEHUVIRUJHWVDQG
UHDVRQV >@
7R PDQLIHVW WKH VWDWLVWLFDO VLJQLILFDQFH RI WKH UHVXOWV RI
VFLHQWLILF ZRUN WKUHH FRUQHUVWRQHV DUH PHQWLRQHG LQ WKH
OLWHUDWXUH >@ D  FOHDU DQG FRPSOHWH VSHFLILFDWLRQ RI
UHSURGXFLEOHWHVWVHWXSVE GHILQLWLRQRIUHDVRQDEOHFULWHULDWR
DVVHVVWHVWUHVXOWVDQGF SURSHU ZHOO FRQWUROOHG H[HFXWLRQ
DQGHYDOXDWLRQRIWKHWHVWV7KLVSURFHVVDLGVLQKLJKOHYHORI
WUDQVSDUHQF\ DQG DOVR IRUPV WKH EDVLV RI REMHFWLYH
FRPSDULVRQRIWKHDFKLHYHGUHVXOWV
:LWK WKLV EDFNJURXQG WKH SURFHVV RI HYDOXDWLQJ WKH
SHUIRUPDQFHRIWKHFRJQLWLYHV\VWHPLVGHILQHGDVIROORZVD
VHW RI GHPRQVWUDWLRQ VFHQDULRV LV GHILQHG WKDW LQFOXGHV D
QXPEHURIYDULDWLRQVRIWKH DVVHPEO\WDVNWR EHWWHUHYDOXDWH
WKHIXQFWLRQDOLW\RIWKHFRJQLWLYHV\VWHP7KHDVVHPEO\WDVN
LQYROYHVLQVHUWLQJµIXVH¶OLNHREMHFWVLQWRµIXVHER[HV¶7KHVH
GHPRQVWUDWLRQ VFHQDULRV DOVR LQFOXGHG G\QDPLF FKDQJHV LQ
WKHHQYLURQPHQWRIWKHURERWWRWHVWWKHDELOLW\RIWKHV\VWHP
LQUHFRYHULQJIURPYDULRXVIDLOXUHV$VDUHVXOWWKHV\VWHPLV
FRQIURQWHG ZLWK WDVNV WKDW DUH ERWK FKDOOHQJLQJ DQG
UHSUHVHQWDWLYH IRU D FHUWDLQ UDQJH RI DSSOLFDWLRQV DQG DQ
REMHFWLYHHYDOXDWLRQRIWKHSHUIRUPDQFHLVREWDLQHG7KHJRDO
RI WKLV ZRUN LV WR SUHVHQW DQ HYDOXDWLRQ SURFHVV WKDW DLGV LQ
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WKH SHUIRUPDQFH FRPSDULVRQ RI WKH FRJQLWLYH V\VWHP LQ DQ
REMHFWLYHZD\
,, '$5:,1&2*1,7,9(6<67(0
7KH H[HFXWLRQ RI DVVHPEO\ WDVNV LQ WKH FRJQLWLYH
DUFKLWHFWXUHFDQEHYLHZHGDVDFRPELQDWLRQRIWKUHHOD\HUV
WKDWLQYROYH
x /RFDOL]LQJREMHFWVRILQWHUHVW
x 5HDVRQLQJDQGSODQJHQHUDWLRQ
x 3ODQH[HFXWLRQ
A. Perception
7KHILUVWVWHSLVFDUULHGRXWE\WKHYLVLRQPRGXOHWKDWXVHV
D ORZFRVW 5*%' YLVLRQ VHQVRU 7KH YLVLRQ PRGXOH >@>@
SURYLGHVDVQDSVKRWWKDWORFDOL]HVWKHREMHFWVRILQWHUHVWLQWKH
ZRUNVSDFH )RU WKH JLYHQ REMHFWV LQ WKH GHPRQVWUDWLRQV WKH
YLVLRQ V\VWHP DOVR GHILQHV FHUWDLQ SURSHUWLHV IRU DQ REMHFW
ZKLFKGHWHUPLQHWKHRSHUDWLRQVWKDWFDQEHSHUIRUPHGRQWKH
REMHFW )RU H[DPSOH D ³JUDVS F\OLQGHU´ PDNHV DQ REMHFW
JUDVSDEOHDQGDQ³LQVHUWWLS´PDNHVLWLQVHUWDEOH
B. Cognition
7KH FRJQLWLYH FDSDELOLWLHV LQ WKH DUFKLWHFWXUH UHVXOW IURP
WKUHHFRUH PRGXOHV LH1HXUDO303 >@2EVHUYHU>@DQG
(SLVRGLF PHPRU\ >@  WKDW SURYLGHV FRPSOHPHQWDU\
IXQFWLRQDOLWLHV HQDEOLQJ WKH V\VWHP WR ERWK UHDVRQ DQG
JHQHUDWH GLYHUVH JRDO GLUHFWHG SODQV EDVHG RQ FRQWH[W
SUHVHQW HQYLURQPHQW DQG DW WKH VDPH WLPH H[WHQG LWV
NQRZOHGJH E\ OHDUQLQJ DFWLRQV FRQVHTXHQFHV RI DFWLRQV
QHZ DVVHPEOLHV  )LJ  VKRZV WKH RYHUDOO IXQFWLRQDO
RUJDQL]DWLRQ RI WKH FRJQLWLYH DUFKLWHFWXUH LPSOHPHQWHG E\
PHDQV RI WKUHH FHQWUDO VXEV\VWHPV QDPHO\ 2EVHUYHU
(SLVRGLF PHPRU\ DQG 1HXUDO 303  WKDW SURYLGH GLIIHUHQW
FRPSOHPHQWDU\ IXQFWLRQDOLWLHV VXPPDUL]HG LQVLGH WKH
ER[HV DQGWKHLULQWHUIDFHZLWKRWKHUPRGXOHV
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C. Execution
7KH ILQDO OD\HU LQ WKH FRJQLWLYH DUFKLWHFWXUH SURYLGHV
LQWHUIDFHV IRU WKH FRJQLWLYH PRGXOHV WR FRQWURO WKH URERW
6WlXEOL >@  PRYHPHQW DQG VHQG JUDVS WULJJHUV $FWLYH
IHHGEDFN DERXW WKH FXUUHQW SRVLWLRQ RI WKH URERWV 7;
5; DQGWKHFXUUHQWVWDWHRIWKHJULSSHU>@DUHVHQWWR
WKHFRJQLWLYHPRGXOHVGXULQJH[HFXWLRQRIWKHWDVN 
,,, '(021675$7,216&(1$5,26
7KH PDLQ WDVN LV WR DVVHPEOH D IXVH ER[ E\ LQVHUWLQJ D
QXPEHURIIXVHVLQWRWKHER['XULQJWKHGHPRQVWUDWLRQWZR
GLIIHUHQWVHWVRIREMHFWV ODEHOHG³W\SH$´DQG³W\SH%´ DUH
FRQVLGHUHGWRVKRZWKHIOH[LELOLW\RIWKHGHPRQVWUDWRUV7KH
DVVHPEO\WDVNLVFDUULHGRXWLQDQLQGXVWULDOVHWWLQJXVLQJWKH
REMHFWV IXVHDQGIXVHER[ DVVKRZQLQ)LJ
RX130B
Industrial Jig
TX90

Workspace Tray

,9 5(68/76$1'&21&/86,21

3D Sensor

D

Fusebox: Type A

Fuse:Type
TypeAA
Fuse:

Fusebox: Type B
Fusebox:
Type B

E

IXVHVFUHDWLQJDJUDVSIDLO7KH'665PHDVXUHVWKHVXFFHVV
UDWHRIWKHV\VWHPLQUHFRYHULQJIURPVXFKJUDVSIDLOXUHV
5HFRYHU\ IURP LQVHUWLRQ IDLO '6   ,Q WKLV DVVHPEO\
WDVNDUWLILFLDOO\LQWURGXFHGIDLOXUHVRFFXUZKLOHLQVHUWLQJWKH
IXVHVLQWRWKHIXVHER[FUHDWLQJDQLQVHUWLRQIDLO7KH'665
PHDVXUHV WKH VXFFHVV UDWH RI WKH V\VWHP LQ UHFRYHULQJ IURP
VXFKLQVHUWLRQIDLOXUHV
5RERW&RRSHUDWLRQ '6 7KHIXVHVZLOOEHSODFHGFORVH
RQO\ WR RQH URERW DQG WKH IXVH ER[ FORVH WR WKH RWKHU 7KH
'665 JLYHV D PHDVXUH RI VXFFHVV WKDW GHWHUPLQHV
FRRSHUDWLRQ EHWZHHQ WZR URERWV WR VROYH D WDVN WKDW FDQQRW
EHFRPSOHWHGE\DVLQJOHURERW
&KDQJHRYHUWRQHZWDVN '6 7KHDVVHPEO\WDVNZLOOEH
FRPSOHWHGZLWKDQHZVHWRIGLIIHUHQWREMHFWV W\SH% 7KH
'665 JLYHV WKH WLPH WDNHQ WR FKDQJH IURP DVVHPEOLQJ RQH
VHWRIREMHFWVWRDQRWKHURQHDVVXPLQJWKHYLVLRQV\VWHPLV
DEOH WR SURYLGH UHTXLUHG LQIRUPDWLRQ DERXW WKH QHZ REMHFWV
LQWURGXFHG
0L[HG DVVHPEO\ '6   7KH URERW LV SURYLGHG ZLWK WZR
GLIIHUHQWVHWV µW\SH$¶µW\SH%¶ RIREMHFWVIRUWKHDVVHPEO\
WDVN 7KH '665 PHDVXUHV WKH DELOLW\ RI WKH V\VWHP LQ
FRPSOHWLQJWZRVHSDUDWHDVVHPEO\WDVNV
(DFKGHPRQVWUDWLRQVFHQDULRZDVSHUIRUPHGWLPHVVR
LQ WRWDO DERXW   [   H[SHULPHQWV ZHUH SHUIRUPHG RQ
WKHFRJQLWLYHV\VWHP7KHDYHUDJHVXFFHVVUDWH LQ RIHDFK
'6RYHUH[SHULPHQWVLVDVJLYHQLQ7DE

Fuse: Type B



)LJXUHD 7KHLQGXVWULDOVHWXSZLWKLWVFRQVWLWXHQWZRUNVSDFHDQGE WKH
REMHFWVXVHGIRUWKHDVVHPEO\WDVN

7KH DVVHPEO\ WDVN LV SHUIRUPHG LQ YDU\LQJ REMHFW
FRQVWHOODWLRQV ZKHUH HDFK YDULDWLRQ LV FDOOHG D
GHPRQVWUDWLRQVFHQDULR '6VLPSO\FDOOHGDGHPRQVWUDWLRQ 
7KH GHPRQVWUDWLRQ VFHQDULRV DUH GHILQHG VXFK WKDW WKH\
FRQVLVW RI D FOHDU DQG UHSURGXFLEOH VSHFLILFDWLRQ RI WKH
URERW¶V WDVN DQG WKH IXOO FRQWH[W RQ WKH RQH KDQG DQG D
QXPEHU RI ILJXUHV ZKLFK REMHFWLYHO\ FKDUDFWHUL]H WKH WHVW
UHVXOWV RQ WKH RWKHU KDQG >@ )RU HDFK '6 D GHPRQVWUDWLRQ
VSHFLILF VXFFHVV UDWH '665  WKDW JLYHV WKH PHDVXUH RI
VXFFHVV RI WKH V\VWHP LQ GHDOLQJ ZLWK WKH YDULDWLRQ RI WKH
WDVN RIWKDW'6 LVFDOFXODWHG$OVRWKHRYHUDOOWDVNVXFFHVV
UDWH 765 WKDWGHWHUPLQHVDELQDU\VXFFHVVUDWH WKDWGHILQHV
ZKHWKHUWKHWDVNZDVFRPSOHWHGVXFFHVVIXOO\RUQRW  RIWKDW
'6LVFDOFXODWHG
(LJKWYDULDWLRQVRIWKHDVVHPEO\WDVN '6¶V DUHXVHGWR
HYDOXDWH WKH IOH[LELOLW\ DQG UREXVWQHVV RI WKH V\VWHP 7KH\
DUHJLYHQDVIROORZV
%DVLF DVVHPEO\ '6   7KH EDVLF DVVHPEO\ FRQVLVWV RI
LQVHUWLQJIXVHV XSULJKW LQWRDIXVHER[ZKHUHPRUHWKDQ
IXVHVDUHSUHVHQWLQWKHZRUNVSDFH7KH'665FKRVHQIRU
WKLVWDVNLVWKHWLPHWDNHQLQFRPSOHWLQJWKHWDVNLQVHFRQGV
/\LQJIXVHV '6 IXVHVLQDUELWUDU\SRVLWLRQV XSULJKW
O\LQJ  DQG  IXVH ER[ DUH SUHVHQWHG 7KH '665 LV WKH
PHDVXUHVWKHVXFFHVVRIWKHV\VWHPLQLQVHUWLQJO\LQJIXVHV
%LPDQXDODVVHPEO\ '6 ,QWKLVWDVNIXVHVDQGIXVH
ER[HVDUHSUHVHQW7KH'665LVWKHDELOLW\RIWKHV\VWHPWR
DYRLG FROOLVLRQV EHWZHHQ URERWV ZKLOH RSHUDWLQJ WZR URERWV
LQFRRSHUDWLRQWRFRPSOHWHWKHDVVHPEO\WDVN
5HFRYHU\ IURP JUDVS IDLO '6   ,Q WKLV DVVHPEO\ WDVN
DUWLILFLDOO\ LQWURGXFHG IDLOXUHV RFFXU ZKLOH JUDVSLQJ WKH
45
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'6'HPRQVWUDWLRQ6FHQDULR
765WDVNVXFFHVVUDWH
'665'HPRQVWUDWLRQVSHFLILFVXFFHVVUDWH

7KHFRJQLWLYHV\VWHPKDVVXEVWDQWLDODGYDQWDJHVLQWHUPV
RI IOH[LELOLW\ ,W VKRZHG D '665 RI DERYH  LQ DOO WKH
FDVHV PHDVXUDEOH  ZKLFK GHSLFWV WKH FRJQLWLYH V\VWHP¶V
UREXVWQHVVDQGIOH[LELOLW\'XULQJWKH'6DQGZKLFK
GHDOW ZLWK DUWLILFLDOO\ FUHDWHG JUDVS IDLOXUH DQG LQVHUWLRQ
IDLOXUH WKH FRJQLWLYH V\VWHP UHDFWHG DFFRUGLQJO\ 7KH
FRJQLWLYHV\VWHPDERUWHGWKHLQVHUWLRQWDVNDQGUHSODQQHGDV
VRRQDVLWUHFHLYHGDJUDVSIDLOXUHGXULQJ'6'XULQJ'6
ZKHQWKHFRJQLWLYHV\VWHPUHFHLYHGDUHSO\IURPYLVLRQ
RIDQLQVHUWLRQIDLOXUHDWDJLYHQKROHWKHV\VWHPUHSODQQHG
DQG LQVHUWHG D VXLWDEOH IXVH LQ WKH FRUUHVSRQGLQJ KROH 7KH
RYHUDOO '665 IRU '6  ZDV  DV WKH YLVLRQ V\VWHP
PLVWRRN D IDLOHG LQVHUWLRQ DV D VXFFHVVIXO LQVHUWLRQ LQ WZR
FDVHV$OVRWKHFRJQLWLYHV\VWHPUHTXLUHGRQO\PLQXWHVWR
EH WDXJKW D QHZ SODQ IRU GHDOLQJ ZLWK D QHZ VHW RI REMHFWV
7KHSUHYLRXVSODQVDQGWKHQHZO\OHDUQHGSODQZHUHPHUJHG
DQG '6  ZDV FRPSOHWHG ZLWK D '665 RI  7KH ORZHU
UDWH RI 765 LQ VRPH FDVHV GRHV QRW GLUHFWO\ UHIOHFW WKH
UHDVRQLQJDQGSODQQLQJFDSDELOLW\RIWKHFRJQLWLYHV\VWHPDV
WKH765RQO\FRQVLGHUVLIWKHWDVNRQZKROHZDVFRPSOHWHG
VXFFHVVIXOO\RUQRWLQDELQDU\IDVKLRQ
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0RKDQ9LVKZDQDWKDQ*LXOLR6DQGLQLDQG3LHWUR0RUDVVR2QWKH
LQWHUSOD\EHWZHHQOHDUQLQJPHPRU\SURVSHFWLRQDQGDEVWUDFWLRQLQ
FXPXODWLYHO\OHDUQLQJEDE\KXPDQRLGVIEEE Trans. Neural
Networks ,-&11 SS
,,RVVLILGLV*/DZLW]N\6.QRRSDQG5=OOQHU³7RZDUGV%HQFK
PDUNLQJRI'RPHVWLF5RERWLF$VVLVWDQWV´YRO6SULQJHU3UHVV
SS±
+RQJSLQJ&DL7RPDV:HUQHU-LUL0DWDV)DVW'HWHFWLRQRI0XOWLSOH
7H[WXUHOHVV'2EMHFWV,QWO&RQIRQ&RPSXWHU9LVLRQ6\VWHPV
,&96 
00XMD5%5XVX*%UDGVNL'* /RZH5(,1  $IDVWUREXVW
VFDODEOH5(FRJQLWLRQ,1IUDVWUXFWXUH,&5$
67b8%/,5RERWLFV>2QOLQH@KWWSZZZVWDXEOLFRPHQURERWLFV
ODVWDFFHVV
6&+81.6HUYR(OHFWULF)LQJHU3DUDOOHO*ULSSHU7\SH3*
$VVHPEO\DQG2SHUDWLQJ0DQXDO>2QOLQH@
KWWSZZZVFKXQNFRPVFKXQNBILOHVDWWDFKPHQWV20B$8B3*BB(1
SGIODVWDFFHVV
$%KDW6$NNDODGHYL90RKDQ&(LW]LQJHU30RUDVVR LQ
SUHSDUDWLRQ ³7RZDUGVDOHDUQWQHXUDO%RG\VFKHPDIRUGH[WHURXV
FRRUGLQDWLRQRIDFWLRQLQ+XPDQRLGDQG,QGXVWULDOURERWV´-RXUQDORI
$XWRQRPRXV5RERWV
0RKDQ9LVKZDQDWKDQHWDO)URPREMHFWDFWLRQWRSURSHUW\DFWLRQ
/HDUQLQJFDXVDOO\GRPLQDQWSURSHUWLHVWKURXJKFXPXODWLYHH[SORUDWLYH
LQWHUDFWLRQV%LRORJLFDOO\,QVSLUHG&RJQLWLYH$UFKLWHFWXUHV  

0RKDQ9LVKZDQDWKDQ*LXOLR6DQGLQLDQG3LHWUR0RUDVVR$1HXUDO
IUDPHZRUNIRURUJDQL]DWLRQDQGIOH[LEOHXWLOL]DWLRQRIHSLVRGLF
PHPRU\LQFXPXODWLYHO\OHDUQLQJEDE\KXPDQRLGV  
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$FWLRQ5HFRJQLWLRQIRU,QGXVWULDO$SSOLFDWLRQVXVLQJ'HSWK6HQVRUV
6KDUDWK$NNDODGHYL&KULVWRSK+HLQGO$OIUHG$QJHUHU-XHUJHQ0LQLFKEHUJHU


Abstract²KXPDQDFWLRQUHFRJQLWLRQSOD\VDYLWDOUROHLQWKH
ILHOG RI KXPDQURERW LQWHUDFWLRQ DQG LV ZLGHO\ UHVHDUFKHG IRU
LWV SRWHQWLDO DSSOLFDWLRQV ,Q WKLV SDSHU ZH SURSRVH D KXPDQ
DFWLRQUHFRJQLWLRQIUDPHZRUNXVLQJ'GHSWKGDWDIRUKXPDQ
URERW LQWHUDFWLRQ LQ LQGXVWULDO DSSOLFDWLRQV 7KH DSSURDFK
OHDUQVDVHWRINH\GHVFULSWRUVIURPDFROOHFWLRQRIZHDNVSDWLR
WHPSRUDOVNHOHWDOMRLQWGHVFULSWRUVXVLQJUDQGRPIRUHVWV 5)V 
ZKLFK UHGXFHV WKH GLPHQVLRQDOLW\ DQG FRPSXWDWLRQDO HIIRUW
7KH NH\ GHVFULSWRUV DUH WKHQ XVHG ZLWK D PXOWLODEHO UDQGRP
IRUHVWFODVVLILHUIRUDFWLRQFODVVLILFDWLRQWKDWHQDEOHVUHFRJQLWLRQ
RI PXOWLSOH DFWLRQV LQ D JLYHQ WLPH LQVWDQW 7KH UHVXOWLQJ ORZ
ODWHQF\ IOH[LEOH DQG UHFRQILJXUDEOH PHWKRG SHUIRUPV RQ SDU
ZLWK RWKHU VRSKLVWLFDWHG DSSURDFKHV RQ FKDOOHQJLQJ
EHQFKPDUNVOLNHWKH065$FWLRQ'GDWDVHW

, ,1752'8&7,21
,Q UHFHQW \HDUV WKH FRQFHSW RI URERWV FRRSHUDWLQJ ZLWK
KXPDQV KDV JDLQHG D ORW RI LQWHUHVW LQ ERWK GRPHVWLF DQG
LQGXVWULDO DUHDV ,Q LQGXVWULDO HQYLURQPHQWV WKH FRPELQDWLRQ
RIFRJQLWLYHFDSDELOLWLHVRIKXPDQVZLWKWKHSK\VLFDOVWUHQJWK
DQGHIILFLHQF\RIWKHURERWVPDFKLQHVFDQHVVHQWLDOO\UHGXFH
WKH DPRXQW RI IL[HG SURGXFWLRQ FRVWV LQ UHODWLRQ WR YDULDEOH
FRVWV >@ ,Q WKLV FRQWH[W IRU WKH URERW WR DVVLVW WKH KXPDQ
RSHUDWRU IRUD JLYHQ WDVN LQYROYHV XQGHUVWDQGLQJ WKH DFWLRQV
SHUIRUPHG E\ WKH KXPDQ LQWHUSUHWLQJ WKH DFWLYLW\ DQG
HYHQWXDOO\ LQWHUDFWLQJ ZLWK WKH KXPDQ 8QGHUVWDQGLQJ WKH
DFWLRQSHUIRUPHGE\KXPDQVLVDFKDOOHQJLQJWDVNDVKXPDQ
DFWLRQVDUHFRPSOH[7KHVDPHDFWLRQRUDFWLYLW\LVSHUIRUPHG
GLIIHUHQWO\ E\ GLIIHUHQW SHRSOH DQG DOVR WKH VDPH SHUVRQ
SHUIRUPVWKHVDPHDFWLRQGLIIHUHQWO\RYHUWLPH>@
2YHU WKH ODVW IHZ GHFDGHV KXPDQ DFWLRQ UHFRJQLWLRQ LV
H[WHQVLYHO\ VWXGLHG GXH WR LWV SRWHQWLDO DSSOLFDWLRQ ILHOGV
0RVWRIWKHVHDSSURDFKHVPDGHXVHRIFRORULPDJHVRUYLGHR
>@ EXW RQH GLVDGYDQWDJH RI XVLQJ ' LPDJHV LV WKDW WKH\
RQO\ FDSWXUH WKH SURMHFWLRQ RI WKH ' ZRUOG LQWR WZR
GLPHQVLRQV DQG DUH VHQVLWLYH WR LOOXPLQDWLRQ FKDQJHV :LWK
ZLGHDYDLODELOLW\RIGHSWKVHQVLQJGHYLFHVOLNH.,1(&7DQG
WKHLU ORZ FRVW PDQ\ UHVHDUFKHUV DQG SUDFWLWLRQHUV LQ
FRPSXWHU VFLHQFH HOHFWURQLF HQJLQHHULQJ DQG URERWLFV DUH
OHYHUDJLQJ WKH VHQVLQJ WHFKQRORJ\ WR GHYHORS FUHDWLYH QHZ
ZD\V WR LQWHUDFW ZLWK PDFKLQHV DQG WR SHUIRUP RWKHU WDVNV
>@ 2QH RI WKH PDMRU DGYDQWDJHV RI XVLQJ GHSWK GDWD LV WKH
DOOHYLDWLRQ RI WKH GLIILFXOW\ PHQWLRQHG ZLWK WKH ' LPDJHV
ZKHUH GHSWK GDWD KDV JRRG LQYDULDQFH DJDLQVW LOOXPLQDWLRQ
FKDQJHV DQG SURYLGHV D UHOLDEOH ' VWUXFWXUH RI WKH VFHQH
HVSHFLDOO\LQLQGRRUHQYLURQPHQWV



$OO WKH $XWKRUV DUH ZLWK 3URIDFWRU *PE+ D UHVHDUFK FRPSDQ\ RQ
3URGXFWLRQ WHFKQRORJ\ 3URGXFWLRQ3ODQQLQJ DQG ±$XWRPDWLRQ  ORFDWHG LQ
,P 6WDGWJXW $ 6WH\U *OHLQN  $XVWULD &RQWDFW SKRQH   
 ID[     &RUUHVSRQGLQJ DXWKRUV¶ HPDLO
ILUVWQDPHODVWQDPH#SURIDFWRUDW 
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5HODWHG :RUN ,Q OLWHUDWXUH >@>@ GLIIHUHQW PHWKRGV DUH
GHVFULEHG ZKLFK XVH GHSWK GDWD IRU DFWLRQ FODVVLILFDWLRQ
7KHVH PHWKRGV HLWKHU XVH GHSWKPDS GDWD >@>@ RU XVH WKH
UHDOWLPH WUDFNLQJ RI ' VNHOHWRQ VLPLODU WR >@ WR H[WUDFW
VNHOHWRQ MRLQWV >@>@ IRU FODVVLILFDWLRQ RI DUELWUDU\ DFWLRQV
0RVW RI WKH DSSURDFKHV KRZHYHU GHDO ZLWK UHFRJQL]LQJ
KXPDQDFWLRQVLQDGRPHVWLFVFHQDULRDQGYHU\IHZRIWKHP
FRQVLGHULQGXVWULDOHQYLURQPHQWDVXVHFDVHV>@>@,QWKH
FRQWH[W RI LQWHUDFWLRQ EHWZHHQ KXPDQ DQG URERWV LQ DQ
LQGXVWULDO VHWXS WKHUH DUH VHYHUDO NH\ FULWHULD WKDW QHHG
FRQVLGHUDWLRQUHTXLUHPHQWRITXLFNUHDFWLRQDQGORZODWHQF\
UHFRQILJXUDELOLW\ DQG KLJK IOH[LELOLW\ $OVR WKH PDMRULW\ RI
WKHDSSURDFKHVIRUKXPDQDFWLRQUHFRJQLWLRQOLPLWWKHIHDWXUH
VHDUFK VSDFH ZLWK D FULWHULRQ VSHFLILF WR D VFHQDULR >@>@
0RUHRYHU LQ LQGXVWULDO DSSOLFDWLRQV RQH FDQQRW DVVXPH WKH
RFFXUUHQFH RI VHJPHQWHG DFWLRQV >@>@ DQG LW LV YHU\
FRPPRQIRUPXOWLSOHDFWLRQVWRRFFXUVLPXOWDQHRXVO\
2XUPDLQIRFXVLQWKLVSDSHULVWRGHDOZLWKWKHSUREOHP
RI KXPDQ DFWLRQ UHFRJQLWLRQ IRU KXPDQURERW LQWHUDFWLRQ LQ
DQLQGXVWULDOVHWWLQJXVLQJGHSWKVHQVRUV7KHFRQWULEXWLRQVRI
WKLVZRUNDUH DGHVFULSWRUFDOFXODWRUWKDWLVQRWOLPLWHGWRD
VSHFLILF VFHQDULR   D IUDPHZRUN WKDW XVHV D PXOWLODEHO
FODVVLILHU WR HQDEOH WKH V\VWHP WR FODVVLI\ SUHVHQFH RI PRUH
WKDQRQHDFWLRQDWDWLPH DQDSSURDFKWKDWGRHVQRWGHSHQG
RQVHJPHQWHGGDWDIRUDFWLRQFODVVLILFDWLRQ
,, 352326(')5$0(:25.
2XUSURSRVHGIUDPHZRUNIRUKXPDQDFWLRQFODVVLILFDWLRQ
LVGHSLFWHGLQ)LJ:HXWLOL]HDVOLGLQJZLQGRZDSSURDFKWR
FDOFXODWH PXOWLSOH ZHDN VSDWLRWHPSRUDO VNHOHWDO GHVFULSWRUV
VWDFNHG LQWR D VLQJOH DJJUHJDWH GHVFULSWRU 7R UHGXFH WKH
GLPHQVLRQDOLW\RIWKHLQLWLDOGHVFULSWRUVZHFDOFXODWHDVHWRI
NH\GHVFULSWRUV7RFRPSOHWHWKHWUDLQLQJZHWUDLQDUDQGRP
IRUHVW EDVHG PXOWLODEHO FODVVLILHU XVLQJ WKH NH\ GHVFULSWRUV
'XULQJSUHGLFWLRQVWDJHZHFDOFXODWHRQO\NH\GHVFULSWRUVIRU
HDFK VOLGLQJ ZLQGRZ DQG XVH WKH PXOWLODEHO FODVVLILHU IRU
DFWLRQFODVVLILFDWLRQ
A. Training Phase
2XU V\VWHP XVHV WKH ' VNHOHWRQ MRLQWV H[WUDFWHG IURP
5*%' GDWD >@ 7KH WHUP skeletal descriptor UHIHUV WR DQ\
FRPSXWDWLRQRIMRLQWFRQVWHOODWLRQVZLWKLQRQHIUDPH VSDWLR 
RU RYHU PXOWLSOH IUDPHV ZLWKLQ D VOLGLQJ ZLQGRZ SRVLWLRQ
WHPSRUDO  ,QVWHDG RI FKRRVLQJ VNHOHWDO GHVFULSWRUV
VSHFLILFDOO\ IRU HDFK FODVVLILFDWLRQ WDVN ZH SURYLGH D VHW RI
VWDQGDUGZHDNVNHOHWDOGHVFULSWRUFDOFXODWRUV7KHLQWHQWLRQLV
WKDW FODVVLILFDWLRQ EDVHG RQ D FRPELQDWLRQ RI ZHDN
GHVFULSWRUV FDQ EH XVHG WR SHUIRUP DFWLRQ LQGHSHQGHQW
UHFRJQLWLRQ ZLWK FRPSDUDEOH SHUIRUPDQFH WR WDVN VSHFLILF
IHDWXUHGHVLJQ
,Q DQ HQYLURQPHQW ZKHUH ORZOHYHOSULPLWLYH DFWLRQVDUH
WR EH FODVVLILHG RQH KDV WR FRSH ZLWK WKH IDFW WKDW PXOWLSOH
DFWLRQV FDQ EH H[HFXWHG LQ SDUDOOHO HJ ZDYLQJ \RXU KDQG





ZKLOHZDONLQJ ,QVWHDGRIWUDLQLQJDPXOWLFODVVFODVVLILHUZH
WUDLQ PXOWLSOH ELQDU\ RQHYHUVXVDOO FODVVLILHUV >@ 7KDW LV
IRUHDFKDFWLRQZHGLYLGHWKHWUDLQLQJVDPSOHVLQWZRFODVVHV
7KHSRVLWLYHFODVVFRQWDLQVDOOWKHWUDLQLQJVDPSOHVZKHUHWKH
WDUJHWDFWLRQLVH[HFXWHGDQGWKHQHJDWLYHFODVVFRQVLVWVRIDOO
VDPSOHV ODFNLQJ WKH WDUJHW DFWLRQ 2XU IUDPHZRUN XWLOL]HV
UDQGRP IRUHVWV >@ DV D ELQDU\ FODVVLILHU HQJLQH 5)V DUH
EDVHGRQPXOWLSOHLQGHSHQGHQWGHFLVLRQWUHHV2QHRIWKHNH\
SURSHUWLHV RI GHFLVLRQ WUHHV LV WKH DELOLW\ WR FRPSXWH WKH
UHODWLYH GHFLVLRQ SRZHU IRU LQGLYLGXDOGHVFULSWRU GLPHQVLRQV
ZKLFK DLGV LQ IRUPXODWLRQ RI RXU GLPHQVLRQDOLW\ UHGXFWLRQ
PHWKRG 8VLQJ WKH UHGXFHG GHVFULSWRUV key descriptors  ZH
UHWUDLQRXUELQDU\FODVVLILHUV1RWHWKDWHDFKELQDU\FODVVLILHU
PLJKW KDYH D GLIIHUHQW VHW RI UHGXFHG GHVFULSWRUV WKDW DUH
LPSRUWDQWIRUWKHLQGLYLGXDODFWLRQEHLQJWUDLQHG
Weak
Descriptors

Key Descriptors
Reduce
Dimensionality

Sliding Window

Compute
Weak
Descriptors

Train Multi-label
Classifier

Compute Key
Descriptors

Predict
Key
Descriptors

Binary Classifiers

Action Scores

B. Evaluation
7DE , VKRZV WKH RYHUDOO UHFRJQLWLRQ DFFXUDFLHV RI RXU
SURSRVHG IUDPHZRUN :KLOH RYHUDOO UHVXOWV IRU 7HVW2QH DQG
7HVW7ZRVKRZKLJKDFFXUDFLHVWKHSHUIRUPDQFHLQWKHFURVV
VXEMHFWWHVWLQJYDULHV7KHORZHUDFFXUDF\UDWHIRU7HVW&URVV
LVH[SODLQHGE\WKHIDFWWKDW7HVW2QHDQG7HVW7ZRDUHWUDLQHG
RQ DOO VXEMHFWV ZKHUHDV 7HVW&URVV LV WUDLQHG RQ KDOI RI WKH
VXEMHFWV 6LQFH VXEMHFWV WHQG WR FDUU\ RXW DFWLRQV VLPLODUO\
HYHU\ WLPH FKDQFHV DUH KLJKHU WKDW D FODVVLILHU LV DEOH WR
FDSWXUH WKH VWUXFWXUH RI VXFK DQ DFWLRQFRPSDUHG WR XQVHHQ
DFWLRQVRIFRPSOHWHO\GLIIHUHQWVXEMHFWV
7$%/(,

Training phase
Stream of
Skeletal Data

A. Experimental Setup
7KH 065 $FWLRQ' GDWDVHW >@ FRQWDLQV  GLIIHUHQW
DFWLRQV SHUIRUPHG E\  GLIIHUHQW VXEMHFWV ZLWK XS WR 
GLIIHUHQWH[HFXWLRQV)URPHDFKRIWKHVHTXHQFHVWKH
MRLQWSRVLWLRQVSHUIUDPHZKHUHXVHGDVLQSXWV)ROORZLQJWKH
DSSURDFKRI>@>@WKUHHWHVWVDUHSHUIRUPHGRQWKHGDWDVHW
7HVW2QH 7HVW7ZR DQG 7HVW&URVV ,Q 7HVW2QH RQHWKLUG RI
WKHH[HFXWLRQVDUHXVHGIRUWUDLQLQJDQGWZRWKLUGVIRUWHVWLQJ
,Q7HVW7ZRWZRWKLUGVRIWKHH[HFXWLRQVDUHXVHGIRUWUDLQLQJ
DQG RQH WKLUG IRU WHVWLQJ ,Q 7HVW&URVV KDOI RI WKH VXEMHFWV
LH  DUHXVHGIRUWUDLQLQJDQGVXEMHFWV  
DUHXVHGIRUWHVWLQJ

Prediction phase



)LJXUH7KHSURSRVHGIUDPHZRUNIRUKXPDQDFWLRQUHFRJQLWLRQ

B. Prediction Phase
6LPLODUWRWUDLQLQJRXUIUDPHZRUNXVHVDVOLGLQJZLQGRZ
DSSURDFKIRUSHUIRUPLQJSUHGLFWLRQV)RUHDFKSRVLWLRQRIWKH
VOLGLQJZLQGRZLQWKHVWUHDPRIIUDPHVRQO\NH\GHVFULSWRUV
DUH FDOFXODWHG IRU HDFK ELQDU\ RQHYHUVXVDOO FODVVLILHU
3UHGLFWLRQ VFRUHV IRU DFWLRQ ODEHOV DUH FROOHFWHG DQG
QRUPDOL]HG WR RQH 2XU V\VWHP LV GHVLJQHG WR ZRUN LQ QRQ
VHJPHQWHG VLWXDWLRQV DQG LQ RUGHU WR FRSH ZLWK IDXOW\
SUHGLFWLRQVEXWVWLOOEHDEOHWRUHSRUWDFWLRQVRQDORZODWHQF\
EDVLVZHHPSOR\WKHIROORZLQJPHWKRG
3UHGLFWLRQ LQ XQVHJPHQWHG VWUHDPV ,Q D ORZODWHQF\
SUHGLFWLRQ VFHQDULR RQH GHDOV ZLWK XQVHJPHQWHG VWUHDPV RI
GDWD:LWKLQVXFKVWUHDPVQREHJLQQLQJDQGHQGIRUDVSHFLILF
DFWLRQ LV NQRZQ 7R SUHGLFW DFWLYH ODEHOV ZLWKLQ VXFK D
VWUHDP ZH NHHS WUDFN RI EHVW ODEHOV  VFRUHV LQ D PRYLQJ
ZLQGRZ OLNH IDVKLRQ 7KLV ZLQGRZ LV VHSDUDWH DQG VOLJKWO\
ODUJHU WKDQ WKH VOLGLQJ ZLQGRZ XVHG IRU FDOFXODWLQJ WKH
GHVFULSWRUV $W HDFK SRLQW LQ WLPH ZH GHWHUPLQH WKH XSSHU
WK SHUFHQWLOH RI VFRUHV DQG UHSRUW DOO ODEHOV ZLWKLQ WKDW
UDQJH
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7DE ,, FRPSDUHV WKH RYHUDOO DFFXUDF\ RI RXU SURSRVHG
DSSURDFK ZLWK VWDWHRIWKHDUW DOJRULWKPV $OWKRXJK RXU
DSSURDFK LV LQWHQGHG WR FODVVLI\ PXOWLSOH DFWLRQV
VLPXOWDQHRXVO\LQDORZODWHQF\IDVKLRQLWFRPSDUHVZHOOWR
VWDWHRIWKHDUWDOJRULWKPV
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3UHGLFWLRQ LQ VHJPHQWHG VWUHDPV )RU VHJPHQWHG
VWUHDPV ZH VHW RXU SUHGLFWLRQ ZLQGRZ VL]H WR KDOI RI WKH
QXPEHU RI IUDPHV LQ WKH YLGHR VHJPHQW )RU WKH PRVW
GRPLQDQW DFWLRQ ZLWKLQ D VHJPHQWHG VHTXHQFH DV VKRZQ LQ
WKHH[SHULPHQWV ZHVWRUHDOOSUHGLFWLRQUHVXOWVDQGUHSRUWWKH
RQHZLWKWKHPD[LPXPYRWHFRXQW

:HKDYHSUHVHQWHGDPXOWLODEHOKXPDQDFWLRQUHFRJQLWLRQ
IUDPHZRUN WKDW LV FDSDEOH RI GHWHFWLQJ PXOWLSOH DFWLRQV
VLPXOWDQHRXVO\ LQ UHDOWLPH 7KH DSSURDFK UHGXFHV WKH
GLPHQVLRQDOLW\ VSDFH RI IHDWXUH FDOFXODWLRQ ZKLFK DLGV LQ
ORZODWHQF\DQGFRPSXWDWLRQDOHIIRUWV$OWKRXJKRXUV\VWHP
LV GHVLJQHG WR ZRUN LQ QRQVHJPHQWHG VLWXDWLRQV ZH KDYH
VKRZQ WKDW LW SHUIRUPV RQ SDU ZLWK RWKHU VWDWHRIWKH DUW
DSSURDFKHV RQ WKH 065 $FWLRQ ' GDWDVHW ZKLFK DVVXPH
VHJPHQWHGYLGHRVIRUDFWLRQFODVVLILFDWLRQ

,,, (;3(5,0(17$/5(68/76

$&.12:/('*0(17

:HFRPSDUHRXUSURSRVHGDSSURDFKZLWKVWDWHRIWKHDUW
DSSURDFKHV XVLQJ WKH 065 $FWLRQ' GDWDVHW >@ XQGHU
GLIIHUHQWH[SHULPHQWDOFRQILJXUDWLRQV

7KLV UHVHDUFK LV FRIXQGHG LQ SDUW E\ WKH $XVWULDQ 0LQLVWU\
IRU 7UDQVSRUW ,QQRYDWLRQ DQG 7HFKQRORJ\ YLD WKH SURMHFW

48





.202352' ,QVWUXFW0H
3G= 
1H[*HQB5:3 ))* 


DQG

E\

5()(5(1&(6
>@
>@
>@

>@
>@
>@

>@

>@

>@
>@
>@

>@

>@
>@
>@
>@
>@

>@


<H0DRHWDO$VXUYH\RQKXPDQPRWLRQDQDO\VLVIURPGHSWKGDWD
7LPHRI)OLJKW DQG 'HSWK ,PDJLQJ 6HQVRUV $OJRULWKPV DQG
$SSOLFDWLRQV6SULQJHU%HUOLQ+HLGHOEHUJ
.UJHU - HW DO ,QWHOOLJHQW DVVLVW V\VWHPV IRU IOH[LEOH DVVHPEO\
&,53$QQDOV0DQXIDFWXULQJ7HFKQRORJ\  
3DYDQ7XUDJD5DPD&KHOODSSD9HQNDWUDPDQD66XEUDKPDQLDQDQG
2FWDYLDQ8GUHDÄ0DFKLQHUHFRJQLWLRQRIKXPDQDFWLYLWLHV$VXUYH\
&LUFXLWVDQG6\VWHPVIRU9LGHR 7HFKQRORJ\³ ,(((7UDQVDFWLRQVRQ
  ±
=KDQJ =KHQJ\RX 0LFURVRIW NLQHFW VHQVRU DQG LWV HIIHFW
0XOWL0HGLD,(((  
6KRWWRQ-DPLHHWDO5HDOWLPHKXPDQSRVHUHFRJQLWLRQLQSDUWVIURP
VLQJOHGHSWKLPDJHV&RPPXQLFDWLRQVRIWKH$&0  

2UHLIHM 2PDU DQG =LFKHQJ /LX +RQG +LVWRJUDP RI RULHQWHG G
QRUPDOV IRU DFWLYLW\ UHFRJQLWLRQ IURP GHSWK VHTXHQFHV &RPSXWHU
9LVLRQ DQG 3DWWHUQ 5HFRJQLWLRQ &935   ,((( &RQIHUHQFH RQ
,(((
/L:DQTLQJ=KHQJ\RX=KDQJDQG=LFKHQJ/LX$FWLRQUHFRJQLWLRQ
EDVHG RQ D EDJ RI G SRLQWV &RPSXWHU 9LVLRQ DQG 3DWWHUQ
5HFRJQLWLRQ :RUNVKRSV &935:   ,((( &RPSXWHU 6RFLHW\
&RQIHUHQFHRQ,(((
;LD/X&KLD&KLK&KHQDQG-.$JJDUZDO9LHZLQYDULDQWKXPDQ
DFWLRQ UHFRJQLWLRQ XVLQJ KLVWRJUDPV RI G MRLQWV &RPSXWHU 9LVLRQ
DQG3DWWHUQ5HFRJQLWLRQ:RUNVKRSV &935: ,(((&RPSXWHU
6RFLHW\&RQIHUHQFHRQ,(((
6XQJ -DH\RQJ HW DO 8QVWUXFWXUHG KXPDQ DFWLYLW\ GHWHFWLRQ IURP
UJEG LPDJHV 5RERWLFV DQG $XWRPDWLRQ ,&5$   ,(((
,QWHUQDWLRQDO&RQIHUHQFHRQ,(((
&KHQ /XOX +RQJ :HL DQG -DPHV )HUU\PDQ $ VXUYH\ RI KXPDQ
PRWLRQ DQDO\VLV XVLQJ GHSWK LPDJHU\ 3DWWHUQ 5HFRJQLWLRQ /HWWHUV
  
$OLQD5RLWEHUJ$OH[DQGHU3HU]\OR 1LNKLO6RPDQL0DQXHO *LXOLDQL
0DUNXV5LFNHUWDQG$ORLV.QROO+XPDQ$FWLYLW\5HFRJQLWLRQLQWKH
&RQWH[W RI ,QGXVWULDO +XPDQ5RERW ,QWHUDFWLRQ ,Q 3URFHHGLQJV RI
$VLD3DFLILF 6LJQDO DQG ,QIRUPDWLRQ 3URFHVVLQJ $VVRFLDWLRQ $QQXDO
6XPPLWDQG&RQIHUHQFH $36,3$$6& 6LHP5HDS&DPERGLD
'HFHPEHU
/HQ] &ODXV HW DO +XPDQ ZRUNIORZ DQDO\VLV XVLQJ G RFFXSDQF\
JULG KDQG WUDFNLQJ LQ D KXPDQURERW FROODERUDWLRQ VFHQDULR
,QWHOOLJHQW5RERWVDQG6\VWHPV ,526 ,(((56-,QWHUQDWLRQDO
&RQIHUHQFHRQ,(((
<DQJ ;LDRGRQJ DQG <LQJ/L 7LDQ (IIHFWLYH G DFWLRQ UHFRJQLWLRQ
XVLQJ HLJHQMRLQWV -RXUQDO RI 9LVXDO &RPPXQLFDWLRQ DQG ,PDJH
5HSUHVHQWDWLRQ  
5LINLQ 5\DQ DQG $OGHEDUR .ODXWDX ,Q GHIHQVH RI RQHYVDOO
FODVVLILFDWLRQ 7KH -RXUQDO RI 0DFKLQH /HDUQLQJ 5HVHDUFK  

%UHLPDQ/HR5DQGRPIRUHVWV0DFKLQHOHDUQLQJ  
:DQJ-LDQJHWDO0LQLQJDFWLRQOHWHQVHPEOHIRUDFWLRQUHFRJQLWLRQ
ZLWK GHSWK FDPHUDV &RPSXWHU 9LVLRQ DQG 3DWWHUQ 5HFRJQLWLRQ
&935 ,(((&RQIHUHQFHRQ,(((
0RUHQF\ / $ULDGQD4XDWWRQLDQG7UHYRU 'DUUHOO/DWHQWG\QDPLF
GLVFULPLQDWLYHPRGHOV IRUFRQWLQXRXVJHVWXUHUHFRJQLWLRQ&RPSXWHU
9LVLRQ DQG 3DWWHUQ 5HFRJQLWLRQ  &935  ,((( &RQIHUHQFH
RQ,(((
(OOLV &KULV HW DO ([SORULQJ WKH WUDGHRII EHWZHHQ DFFXUDF\ DQG
REVHUYDWLRQDO ODWHQF\ LQ DFWLRQ UHFRJQLWLRQ ,QWHUQDWLRQDO -RXUQDO RI
&RPSXWHU9LVLRQ  
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Gesture control for an unmanned ground vehicle
Robert Schwaiger1 and Mario Grotschar2

Abstract— In order to arouse the public’s interest for
robotics, a smooth and natural way of human robot interaction
(HRI) must be possible. Especially in the area of robotic
education and at tradeshows, there is a demand for new human
machine interfaces. This paper shows how the taurob tracker’s,
an unmanned ground vehicle, functionality is extended by
gesture control. Different approaches for gesture recognition
were explored. Modern solutions for gesture recognition showed
promising results, which applies especially to statistical methods
for classiﬁcation of multi attribute data. Because of the many
positive results of other research papers this work also makes
use of a statistical method for data classiﬁcation in terms of a
support vector machine (SVM). Eventually the LIBSVM library
was embedded into the taurob tracker’s control software, which
builds upon the robot operation system (ROS). There was an
emphasis on the software’s extensibility, so that new commands
can be trained and integrated effortlessly. The recogntion results
of these static gesture positions can further be used to train
a probability based hidden markov model (HMM), in order
to calssify and recognize dynamic gestures. Dynamic gestures
are in fact sequences of static gesture positions which can be
classiﬁed in a sequential manner to a single dynamic gesture
movement. The implementation was thested by deﬁning a set
of commands, which were then taught by using two different
training sets. These were created by two (man and woman)
training subjects. Results of this work show that the recognition
certainty for the trained gestures reaches up to 70-80%.

the need of a more ﬂexible and intuitive recognition approach
emerged. Furthermore, the recognition of dynamic gestures
is an important step for improving the usability of the taurob
tracker, an unmanned ground vehicle (UGV) used at the UAS
Technikum Wien, or a gesture recognition system in general.
The redesigned system should be able to recognize gesture
positions more precisely and interpret dynamic gestures in
terms of their kinematic quantities of the movement, such
as the velocity and acceleration of the gesture movement.
Including the joint velocities in the model provides a possibility to directly transfer those values to the acceleration of
the differential drive. As a result a more intuitive and natural
feedback can be given to the end user.

right arm

+θR
-θL

NEUTRAL

left arm

I. INTRODUCTION
Instinctively humans use body language as a natural and
efﬁcient way of communication. Enabling a robot to interpret
human poses and eventually gestures helps to enhance HRI
(Human Robot Interaction) in different scenarios. The main
purpose of gesture recognition is identifying a particular
human gesture and interpreting its meaning. The area of
interest can include the whole corpus or speciﬁc parts, such
as legs, arms or hands. Application areas which especially
beneﬁt from a smooth HRI include USR (Urban search and
rescue), service robotics, entertainment, rehabilitation and
many more.
II. CHALLENGES AND TASKS
In a preliminary project [1] a simple variant of a gesture
recognition approach was presented. This approach was
based on the recognition of relative body joint positions of
a human body skeleton. These relative joint positions were
evaulated conditionally in relation to the body skeleton center
joint. In order to extend the applicability of this application
1 Robert Schwaiger is student of the study program Mechatronics/Robotics, UAS Technikum, A-1200 Höchstädtplatz 6, Austria

robert.schwaiger@technikum-wien.at
2 Mario

Grotschar is with the Department of Advanced Engineering Technologies, UAS Technikum, A-1200 Höchstädtplatz 6, Austria

mario.grotschar@technikum-wien.at
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Fig. 1.

Side view of the MOVE gesture for left and right arm

Figure 1 represents a side view for the implemented
gesture approach. The circled joints for the shoulder, hip,
knee and foot parts indicate that there is a occluded joint for
each side of the skeleton as provided by the skeleton tracker
[2]. Moving both arms into the neutral position results in
the robot standing still. Raising an arm towards the head
results in a forward motion for the according differential
drive wheel. The same principle applies to a downwards
rotation of the arm towards the ground - resulting in a
backwards motion. Equal arm joint angles on both sides
result in a straight forward - or backward motion. This model
enables the user to control the robots motion for each wheel
individually.
III. MATERIALS AND METHODS
A SVM classiﬁer was used to classify the human body
skeleton poses. This project used LIB-SVM [3], an open

source SVM library written in C++, to solve the given problem. The LIBSVM implementation uses a kernel function
κ(xi , x j ) = exp(−γ||xi − x j ||2 ) where γ = num f1eatures .
In this formulation, the SVM classiﬁcation problem is fundamentally a two-class problem [4]. [5] describes the methology as follows. For this pose detection problem where each
pose is a data point, the n joints are the feature space, and the
k different poses are the classiﬁcation results, there are more
than two classes. A system designed to identify speciﬁc poses
and not simply determine if there is a pose must go beyond
this two-class formulation. To solve this problem, LIBSVM
uses a one vs. many approach that generates k SVMs for
each pose and then uses a generalized Bradley-Terry model
that does pairwise comparisons to determine the SVM that
produced the most likely result.

V. RESULTS
The implemented model was tested for functionality. This
was done by requesting two persons to engage in the previously trained gesture positions. The classiﬁcation results
for all gestures reached probabilities for each gesture for up
to 70-80%. The probability estimate results of the model
can be increased through more and especially less noisy
training data. Discrete arm joint angle gesture positions in
25° interval steps were trained, resulting in 5 arm angle
gesture positions for each side. For these intervals the trained
classiﬁer was good enough to produce satisfying results.
Considering the 5 gesture states for each of the 2 arms, a
command set space of 52 = 25 unique commands can be
identiﬁed and evaluated by the system.
VI. CONCLUSION AND OUTLOOK

IV. IMPLEMENTATION
Figure 2 illustrates the block diagram for the implemented
system which is similar to [6]. The tracked body joint data
from the OpenNI tracker is used as an input for a trained
SVM model. The model outputs classiﬁcation results for
the speciﬁc gesture positions. As the input data is compared
with every trained SVM in the model, probabilities for each
trained gesture are given. This information is further used
to control the differential drive of the robot. The resulting
robot velocity is based on the summation of the linear scaled
velocities according to the recognized arm joint angles. Equal
arm joint angles on both sides result in a straight forward
or backward motion. The grayed blocks visualize the HMM
part that can be integrated to the system in future work.

OpenNI NITE Tracker
Read 3D data fro m
sensor

Track h uman bod y
skeleton

Specify body joint
coordinates (X,Y,Z)

Left arm joint
data

HMM

Left arm
gesture
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This project focused on extending an existing gesture
recognition system for the taurob tracker. Starting from a
simple gesture recogntion in the form of conditional relative
body joint positions of the human body skeleton, a system
based on statistical classiﬁcation was later on implemented.
For the deﬁnition of gesture commands, a SVM model was
trained with recorded gesture data. This was done in order
to be able to distinguish between the different gesture states.
The reocognition for those trained arm gestures was implemented speciﬁcly for each arm. This enables the operator
to control each wheel of the differential drive of the Taurob
robot separately. Results show that the recognition system
for the pre-trained arm gestures fulﬁlls the need of a robust
system using statistical classiﬁcation. The possibility to train
different SVM models provides enough ﬂexibility for future
projects; namely that the existing gesture commands on the
platform can therefore be extended. Better training data and
exact training of the model provides an easy way to also
impelment more complex gestures for recognition in the long
run. In order to control the acceleration of the robot more
precisely, future projects should focus on implementing a
HMM model which includes the tracked joint velocities.
Building upon this data, user-deﬁned acceleration proﬁles
for the robots driving mechanics can be speciﬁed.

SVM

HMM

Right arm
gesture

Fig. 2. Block diagram representation of the gesture recognition algorithm
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Abstract² ,Q WKLV SDSHU ZH LQWURGXFH D QHZ PHWKRG IRU
SHGHVWULDQGHWHFWLRQWREHXVHGLQGULYHUDVVLVWDQFHV\VWHPV,WLV
EDVHGRQXOWUDVRXQGDVSDUNGLVWDQFHFRQWUROGHYLFHVZKLFKDUH
DYDLODEOHLQPRGHUQFDUV3HGHVWULDQGHWHFWLRQLVSHUIRUPHGE\
HYDOXDWLQJ WKH VLJQDO LQ WKH IUHTXHQF\ GRPDLQ DQG H[WUDFWLQJ
VHOHFWLYHIHDWXUHVZKLFKVHUYHDVLQSXWRIDFODVVLILFDWLRQV\VWHP
7KH 6PDUW 3HGHVWULDQ 'HWHFWLRQ 6HQVRU FRQVLVWV RI XOWUDVRQLF
WUDQVGXFHUV D IHDWXUH H[WUDFWLRQ XQLW DQG D FODVVLILFDWLRQ
V\VWHPZLWKDGDWDEDVHFRQWDLQLQJWKHPXOWLYDULDWHGLVWULEXWLRQ
RI WKH IHDWXUHV LQ WKH IHDWXUH VSDFH GHSHQGLQJ RQ WKH REMHFW
GLVWDQFHDVDVWHSWRZDUGVLPSURYHGSHGHVWULDQSURWHFWLRQ



, ,1752'8&7,21
7KH GHWHFWLRQ RI SHGHVWULDQV LV RQH RI WKH PRVW
FKDOOHQJLQJ WDVNV WR EH VROYHG E\ DXWRQRPRXV YHKLFOHV
GULYLQJZLWKLQXUEDQDUHDV,IDFDULVOLNHO\WRFROOLGHZLWKD
SHGHVWULDQ V\VWHPV WR SURWHFW WKH SHUVRQ PXVW EH DFWLYDWHG
&RQWUDULZLVHLQFDVHRIDOLNHO\DFFLGHQWZLWKDQRWKHUFDURUD
ZDOOV\VWHPVWRSURWHFWWKHGULYHUDQGSDVVHQJHUVQHHGWREH
DFWLYDWHG&XUUHQWVHQVRUVXVHGLQFROOLVLRQDYRLGDQFHV\VWHPV
MXVW GHWHFW REVWDFOHV UDWKHU WKDQ GLIIHUHQWLDWLQJ EHWZHHQ
SHGHVWULDQVDQGRWKHUFDUVRUZDOOV
7KHUH DUH DOUHDG\ VHYHUDO GHYHORSPHQWV LQ H[LVWHQFH
ZKLFK VHUYH WR GHWHFW SHUVRQDO LQMXULHV 7KH PDMRULW\ RI
GHYHORSPHQWVLQYROYHGHULYLQJFRUUHVSRQGLQJPHDVXUHVIURP
WKHLPSDFWGHVLJQ7KLVKDVWKHGLVDGYDQWDJHRIFDXVLQJLQMXU\
WR WKH SHUVRQ )XUWKHUPRUH FRUUHVSRQGLQJ PHDVXUHV KDYH WR
EH LPSOHPHQWHG YHU\ TXLFNO\ LQ WKH PLFURVHFRQG UDQJH 
ZKLFK LV DOVR VXLWDEOH WR OHDG WR DGGLWLRQDO LQMXU\ WR WKH
SHUVRQ7KHUHDUHV\VWHPV ZKHUHLQDSHUVRQLVVXLWDEOHWREH
GHWHFWHG YLD WKH DQDO\VLV RI WZR YLVXDO LPDJHV H J D VWHUHR
FDPHUD >@ 7KH DQDO\VLV RI WZR YLVXDO LPDJHV KDV WKH
GLVDGYDQWDJH WKDW WKH LPDJH EHFRPHV XQUHFRJQL]DEOH YLD
GURSOHWV LQ WKH FDVH RI UDLQ )XUWKHUPRUH WKH GHWHFWLRQ RI
SHUVRQVDWQLJKWRUEHIRJJHGLVH[WUHPHO\GLIILFXOWDVZHOODVD
GLIIHUHQWLDWLRQ EHWZHHQ PRYLQJ SHUVRQV DQG PRYLQJ REMHFWV
7KLV LV ZK\ D V\VWHP LV GHVFULEHG LQ >@ WKDW FDOFXODWHV WKH
VSHHGVRUVL]HVRIREMHFWVYLDUDGDUDQGFDPHUDE\PHDQVRI
WHPSRUDOUHFRUGLQJRIGLVWDQFHVRIREMHFWV+RZHYHUWKLVKDV
WKHGLVDGYDQWDJHWKDWDSUHFLVHGLIIHUHQWLDWLRQEHWZHHQSHUVRQ
DQG REMHFW LV QRW UHDGLO\ SRVVLEOH 2EMHFWV DUH VXLWDEOH WR
RYHUODS WKHUHE\ UHVXOWLQJ LQ XQXVXDO VL]HV RUH PRYHPHQWV
)XUWKHUPRUH REMHFWV PD\ WDNH WKH GLPHQVLRQV RI SHRSOH VR


5HVHDUFKVXSSRUWHGE\)UDQNIXUW8QLYHUVLW\RI$SSOLHG6FLHQFHV
$QGUHDV + 3HFK LV 3URIHVVRU DW )UDQNIXUW 8QLYHUVLW\ RI $SSOLHG
6FLHQFHV &RPSXWDWLRQDO ,QWHOOLJHQFH /DERUDWRU\ 1LEHOXQJHQSODW]  '
)UDQNIXUW*HUPDQ\ HPDLOSHFK#IEIUDXDVGH 
3HWHU01DXWKLV3URIHVVRUDW)UDQNIXUW8QLYHUVLW\RI$SSOLHG6FLHQFHV
/DERUDWRU\ IRU $XWRQRPRXV 6\VWHPV DQG ,QWHOOLJHQW 6HQVRUV
1LEHOXQJHQSODW]  ' )UDQNIXUW *HUPDQ\ HPDLO SQDXWK#IEIUD
XDVGH 
52

WKDW D GLIIHUHQWLDWLRQ LV QRW VXLWDEOH WR EH PDGH ,Q UDGDU
PRQLWRUHG VFHQHV FKLOGUHQ FDQQRW EH GHWHFWHG GXH WR WKHLU
VL]H7RRYHUFRPHWKHVHGLVDGYDQWDJHVRIH[LVWLQJV\VWHPVD
QHZV\VWHPEDVHGRQXOWUDVRQLFVLJQDOVLVSURSRVHG
,, 86,1*8/75$621,&6,*1$/6)253('(675,$1
'(7(&7,21
8VLQJ XOWUDVRQLF WUDQVGXFHUV DW D FHQWHU IUHTXHQF\ RI
DSSUR[LPDWHO\  N+] DQ XOWUDVRQLF EXUVW LV HPLWWHG WR WKH
VXUURXQGLQJ$FFRUGLQJWRWKHWKHRU\RIZDYHSURSDJDWLRQWKH
XOWUDVRQLF ZDYH LV UHIOHFWHG DV LW LPSLQJHV RQ DFRXVWLF KLJK
GHQVLW\ PDWHULDOV >@ ,I WKH VXUIDFH LV DEUDVLYH DQG FXUYHG
ZLWK UHVSHFW WR WKH ZDYHOHQJWK WKHQ WKH ZDYH LV QRW RQO\
UHIOHFWHG EXW DOVR VFDWWHUHG DQG EDFNVFDWWHUHG 7KH UHIOHFWHG
DQGEDFNVFDWWHUHGSDUWVRIWKHZDYHLQWHUIHUHVRWKDWWKHVKDSH
DQG WKH DEUDVLYHQHVV RI WKH VXUIDFH DUH PRGHOHG RQWR WKH
ZDYH 7KLV SURFHVV LV UHVXOWLQJ LQ D VLJQDO ZKLFK QRW RQO\
GLIIHUVVLJQLILFDQWO\IURPWKHRULJLQDOVLJQDOWKDWKDVEHHQVHQW
GXULQJ WKH EXUVW EXW DOVR FDUULHV WKH LQIRUPDWLRQ DERXW WKH
SURSHUWLHV RI WKH UHIOHFWLRQ VXUIDFH 6FDWWHULQJ DQG
LQWHUIHUHQFHOHDGWRFKDQJHVLQWKHIUHTXHQF\VSHFWUXPZKLFK
DUH W\SLFDO IRU WKH UHIOHFWLRQ VXUIDFH $V DQ H[DPSOH WKH
IUHTXHQF\VSHFWUXPRIDSHGHVWULDQLVVKRZQLQ)LJZKHUHDV
LQ )LJ  D IUHTXHQF\ VSHFWUXP RI D UHDU EXPSHU RI D FDU LV
SURYLGHG


)LJXUH1RUPDOL]HGIUHTXHQF\VSHFWUXPRIDSHGHVWULDQ


7KH IDFW WKDW WKH SURSHUWLHV RI WKH UHIOHFWLRQ VXUIDFH DUH
PRGHOHG XSRQ WKH UHIOHFWHG XOWUDVRQLF ZDYH OHDG WR WKH
FRQFOXVLRQWKDWDGLIIHUHQWLDWLRQRIREMHFWVRIGLIIHUHQWVKDSHV
RU REMHFWV RI GLIIHUHQW VXUIDFHV LV SRVVLEOH ZLWK D 6PDUW
3HGHVWULDQ 'HWHFWLRQ 6HQVRU 63'6  XWLOL]LQJ WKH WKHRU\
GHVFULEHGDERYH
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)LJXUH1RUPDOL]HGIUHTXHQF\VSHFWUXPRIDUHDUEXPSHU

:HLQYHVWLJDWHGXOWUDVRQLFZDYHVUHIOHFWHGIURPGLIIHUHQW
SDUWVRIDFDUDQGFRPSDUHGWKHPWRWKHUHIOHFWLRQIURPDVWHHO
VSKHUH DQG DOVR WR WKH UHIOHFWLRQ IURP D SHGHVWULDQ ,Q WKH
IROORZLQJ H[DPSOH RI WKH PHDVXUHPHQW WKH UHVXOWV VKRZQ LQ
)LJ  DUH EDVHG RQ UHIOHFWLRQV IURP WZR GLIIHUHQW UHIOHFWLRQ
SRVLWLRQVDWWKHUHDUEXPSHURIDFDU FODVVPLGGOHSRVLWLRQ
UHGGRWVDQGFODVVHGJHEODFNGRWV DQGUHIOHFWLRQVIURPD
VWHHO VSKHUH FODVV  SLQN GRWV  DQG DOVR UHIOHFWLRQV IURP D
SHGHVWULDQ FODVVJUHHQGRWV 


)LJXUH2EMHFWVPHDVXUHGDWDGLVWDQFHRIFP

(DFK RI WKH REMHFWV KDV EHHQ PHDVXUHG  WLPHV DW D
GLVWDQFHRIFPIURPYDULRXVDQJOHVRILQFLGHQFH7KHDQJOH
RILQFLGHQFHKDVEHHQFKRVHQUDQGRPO\LQWKHUDQJHRIWR
 GHJUHHV 7ZR IHDWXUHV ZHUH H[WUDFWHG IURP WKH PHDVXUHG
GDWD7KHILUVWIHDWXUHLVWKHULVLQJWLPHFDOFXODWHGLQWKHWLPH
GRPDLQIURPWKHHQYHORSHRIWKHVLJQDO7KHVHFRQGIHDWXUHLV
FDOFXODWHGLQWKHIUHTXHQF\GRPDLQE\WUHDWLQJWKHGLVWULEXWLRQ
RI IUHTXHQFLHV DURXQG WKH FHQWHU IUHTXHQF\ DV D UDQGRP
GLVWULEXWLRQ DQG FDOFXODWLQJ WKH NXUWRVLV RI WKH GLVWULEXWLRQDO
VKDSH
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8VLQJ XOWUDVRQLF WUDQVGXFHUV DW D FHQWHU IUHTXHQF\ RI
DSSUR[LPDWHO\N+]D63'6GHPRQVWUDWRU)LJKDVEHHQ
EXLOW WR SURRI WKLV DVVXPSWLRQ ,W LV LQWHQGHG WR UXQ 
FRPSOHWH PHDVXUHPHQW F\FOHV SHU VHFRQG VR WKDW D UDQJH RI
XSWRPLQIURQWRIWKHVHQVRUFDQEHFRYHUHG,WH[HFXWHV
WKHIXQFWLRQV

x *HQHUDWLRQRIDN+]XOWUDVRQLFVLJQDOSXOVHRI
F\FOHVZLWKDEDQGZLGWKRIN+]
x $FTXLVLWLRQRIWKHEDFNVFDWWHUHGVLJQDOZLWKD
VDPSOLQJIUHTXHQF\RIN+]
x ([WUDFWLRQRIWLPHDQGIUHTXHQF\GRPDLQIHDWXUHV
IURPWKHEDFNVFDWWHUHGVLJQDO
x &ODVVLILFDWLRQRIWKHIHDWXUHYHFWRUE\PHDQVRID
%D\HVFODVVLILHU
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)LJXUH63'6GHPRQVWUDWRU


7KHKDUGZDUHFRQVLVWVRIFRPSRQHQWVDVIROORZV

x $&RPSDFW5,2 F5,21DWLRQDO,QVWUXPHQWV 
JHQHUDWLQJDN+]UHFWDQJXODUVLJQDODQGDSSO\LQJ
LWWRDQXOWUDVRQLFERDUGE\PHDQVRID1,
PRGXOH$1,PRGXOHDFTXLUHVWKHVLJQDOV
UHFHLYHGE\WKHXOWUDVRQLFERDUG
x $QXOWUDVRQLFERDUGZKLFKDSSOLHVWKHN+]VLJQDO
WRDWUDQVPLWWHUDQGDPSOLILHVWKHEDFNVFDWWHUHG
VLJQDOUHFHLYHG
x $3&ZKLFKSHUIRUPVIHDWXUHH[WUDFWLRQIURPWKH
DFTXLUHGVLJQDODQGFODVVLILFDWLRQ

7KHFODVVLILFDWLRQUHVXOWLVGLVSOD\HGRQWKHJUDSKLFDOXVHU
LQWHUIDFHE\LQGLFDWLQJHLWKHU³+XPDQ´³2EMHFW´RU³2XWRI
GHWHFWLRQUDQJH´)LJ$OOIXQFWLRQVKDYHEHHQSURJUDPPHG
LQ/DE9,(:

7KH OLQHDU %D\HV FODVVLILHU LV WUDLQHG E\ VDPSOHV RI
KXPDQV FODVV +  DQG VDPSOHV RI REMHFWV FODVV 2  VXFK DV
FDU IHQGHUV 'LIIHUHQW SHRSOH YDU\LQJ LQ VL]H FORWKV DQG
SRVHVDUHXVHGIRUWUDLQLQJFODVV+

)LUVW LQYHVWLJDWLRQV ZLWK  WLPHGRPDLQ IHDWXUHV UHVXOWHG
LQDKLJKRYHUODSLQIHDWXUHVSDFHUHJDUGLQJWKHFODVVHV7KH
IHDWXUH YHFWRU QRZ FRQVLVWV RI  WLPH DQG  IUHTXHQF\
GRPDLQIHDWXUHV$SSO\LQJ63'6WRGLIIHUHQWSHUVRQVDQG
GLIIHUHQWSDUWVRIFDUVVRIDUZH\LHOGHGGHWHFWLRQUDWHVDV
IROORZV






$FFXUDF\
3UHFLVLRQ

2XU ILUVW UHVXOWV VXJJHVW WKDW D UHOLDEOH REMHFW
GLIIHUHQWLDWLRQLQ JHQHUDODQG WKHGHWHFWLRQRISHGHVWULDQV LQ
SDUWLFXODU LV SRVVLEOH ZLWK WKH 6PDUW 3HGHVWULDQ 'HWHFWLRQ
6HQVRU 63'6 &XUUHQWO\ ZH DUH YHULI\LQJ WKLV ILUVW
DVVHVVPHQWZLWKDKLJKHUQXPEHURIFDVHV





)LJXUH,QGLFDWLRQRIFODVVLILFDWLRQUHVXOW³+XPDQ´



$V IRU QRZ WKH IXOO SRWHQWLDO RI 63'6 KDV QRW EHHQ
H[SORLWHG\HW:HH[SHFWWKDWDQLPSURYHGWUDQVGXFHUPRUH
DQG DGYDQFHG IHDWXUHV DV ZHOO DV D EHWWHU FODVVLILFDWLRQ
VWUDWHJ\ ZLOO LQFUHDVH GHWHFWLRQ UDWHV DQG ZLOO SURYLGH PRUH
UREXVWQHVV UHJDUGLQJ QRLVH DQG LQWUDFODVV YDULDWLRQV
(VSHFLDOO\WKHOLQHDUFODVVLILHUOLPLWVWKHSHUIRUPDQFH RIRXU
SURWRW\SH LQ FDVH RI QRQOLQHDU VHSDUDEOH IHDWXUHV 7KH
LPSOHPHQWDWLRQ RI WKHVH PHDVXUHV LV SODQQHG IRU WKH QH[W
SURMHFWSKDVH

7KHSUREDELOLW\GLVWULEXWLRQRIWKHIHDWXUHVGHSHQGVRQWKH
GLVWDQFH RI WKH REMHFWV 7KHUHIRUH WKH GLVWDQFH UDQJH RI WKH
VHQVRUKDVWREHGLYLGHGLQWRVHFWLRQV7KHGLVWULEXWLRQVKDYH
WR EH WUDLQHG VHSDUDWHO\ IRU HDFK VHFWLRQ 7R FDOFXODWH WKH
FRUUHFWGLVWDQFHWKHDPELHQWWHPSHUDWXUHKDVWREHPHDVXUHG
LQRUGHUWRFRPSHQVDWHLWVLQIOXHQFHRQWKHVSHHGRIVRXQG

*LYHQ WKDW PDQ\ PRGHUQ FDUV KDYH XOWUDVRQLF VHQVRUV
EXLOWLQDQDQDO\VLVRIWKHVHVLJQDOVZLWKWKH63'6DSSURDFK
FRXOG SURYLGH FDUV ZLWK DQ DIIRUGDEOH SHGHVWULDQ GHWHFWLRQ
7KLVLVDKXJHDGYDQWDJHIRUVPDOOHUFDUVEHFDXVHDOWHUQDWLYHV
VXFK DV YLVLRQ V\VWHPV DUH PRUH H[SHQVLYH $V IRU PRUH
H[SHQVLYHFDUVDIXVLRQZLWKYLVLRQGDWDLVDQRSWLRQ
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Processing Tracking Quality Estimations in a Mixed Local-Global Risk
Model for Safe Human Robot Collaboration
Frank Dittrich and Heinz Woern
Abstract— In this paper we describe a Bayesian Network
approach, which is the basis for reasoning about the risk
of a user working in a collaborative task with a partially
autonomous robot in a shared workspace. For local and
global inference, the probabilistic model thereby combines scene
information on situation and activity classes of different body
parts and the whole user. In order to process local information
about the temporal development of single body parts in relation
to the robot, we use Hidden Markov Models to predict relative
movement classes for each body part. The core element of
our approach are the estimates from the real-time human
body posture tracking. In order to improve the quality and
reliability of the risk estimation we also maintain a locallyresolved posture estimation quality model and inject it into
early stages of the inference process.

I. INTRODUCTION
The here proposed approach is part of a cognitive system
for safe human-robot collaboration (SHRC) with applications
in the industrial domain (see [1]). High and low-level scene
analysis is performed based on the information of multiple
RGB-D sensors. Various approaches are used to perform
worklfow analysis and to reason about the the user’s physical
and mental stress. In our collaborative work scenarios, the
user and the robot work in a shared workspace and in close
proximity, without temporal or spatial separation. Also, because the robot possesses a certain degree of autonomy in the
collaboration, the robot’s actions are only partially controlled
by the user. This setup therefore demands the examination
and processing of the user’s risk in order to prevent collisions
and to optimize the path planning strategies.
In [2] and [3] the authors present a system which reasons
about the user’s risk and dynamically adapts the robot’s
trajectory, by processing the risk estimations, in order to
prevent collisions. The risk estimation is thereby based on
Fuzzy Logic, and the dynamic path planning is an adapted
A∗ variant. The risk estimation is thereby global and based
on low-level information related to the whole body of the
human worker.
Bayesian Networks have been around for a long time now,
and one major scope of application is risk assessment in all
kinds of areas. For the modeling of the risk we therefore use
the Bayesian Network framework, which allows us to process
low-level body part dependent information together with
high-level user dependent information in a joint reasoning
scheme. This makes it easy to inject information about

Fig. 1. The Bayesian Network used to combine local and global evidence
in one model, and to perform local and global inference about the user’s
risk. The random variables S1:NS thereby describe the global Situation
observations, A1:NS describe the global Activity observations, D1:NK
describe the local Relative Distance observations and M1:NK describe
the local Relative Movement observations. Rglob and R̂1:NK describe the
global and local latent risk states respectively.

certain work steps and stress levels, which contain cues about
the user’s attention, in the global inference process, together
with information about movement types and distances of
certain body parts in relation to the robot.
In order to address the high temporal and spatial variations
in the estimation quality of the posture tracking, we also
model the quality in a spatially resolved manner and process
the updated information in every inference step.
II. LOCAL-GLOBAL RISK MODEL
To perform spatially and temporally resolved inference
about the of the user’s risk in real-time, we use a generative
probabilistic model. Fig. 1 shows the structure and the
various local and global random variables of the Bayesian
Network. The tree structure of the model allows for fast
inference [4], and the various scalar conditional probabilities
are easy to model and determine [5]. For modeling and
inference we use the GeNie & SMILE framework1 .
The observed situations and activities in regard to the
user, like stress levels and certain work related activities, are
conditioned on the global latent risk state, which represents
the user’s risk. The observed distance and the movement type
relative to the robot are conditioned on the correspondent

Frank Dittrich and Heinz Woern are with the Institute for Anthropomatics
and Robotics - Intelligent Process Control and Robotics Lab (IAR IPR), Karlsruhe Institute of Technology (KIT), 76131 Karlsruhe, Germany

{frank.dittrich, heinz.woern}@kit.edu

1 https://dslpitt.org/genie/
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of the virtual scene. The overlay and comparison of the
synthetic and real-world depth frames (Fig.2, Center), for
the corresponding synthetic and real-world sensor pairs, is
then used to estimate the tracking quality for every sphere
of the human body representation.
Based on the per-sphere quality measure, we adapt the
human body sphere representation, by rescaling the single
spheres in accordance with the quality estimations (Fig.2,
Right). In case of low quality estimations we expand the
sphere, and in case of high quality estimations we shrink the
sphere. The adaptation thereby relates to adapting the size
of the area, where the position of the certain body part is
assumed, to the local tracking quality.
Because the local evidence is based on the distance estimations, which in turn are based on the sphere representation,
we then automatically inject the quality estimations in the
inference process, by using the adapted model.

Fig. 2. Left: Synthetic sphere representation of the human body, which is
parameterized and transformed according to the tracking results. Based on
the human and robot sphere models, we perform fast distance calculation.
Center: Overlay of the depth frames from two synthetic RGB-D sensors
and from two real RGB-D sensors. Each synthetic and real sensor pair used
for the overlay, has the same transformation in the virtual and real scene
respectively. Right: Result of the human sphere model adaptation, according
to the tracking quality estimations.

local latent risk state, which represents the correspondent
body part risk. All local risk states are conditioned on the
global risk, which allows the combination of local and global
evidence when performing inference about single local risk
states or the global risk state.
Because the local evidence is not directly connected to the
global risk variable, it is easy to model different weighting in
relation to certain body parts when performing inference on
the global risk. This allows for instance to prioritize the risk
related to the head over the risk related to the legs or hands,
which is important when performing robot path optimization.

IV. APPLICATION
Our intention is to use the information from the risk
estimation, to adapt the cooperative system. Especially the
robot’s path planning has to be adapted, in order to avoid
collisions with the human worker, and to produce trajectories
which are convenient for the human worker. The latter
thereby requires local risk information, in order to produce
trajectories which, for instance, avoid the head area of
the user. Optimization based approaches for dynamic path
planning like [6] or [7], offer thereby a suitable way to
process such information.

A. Relative Movement Model

V. CONCLUSIONS

In order to process local movements of the body, we use
Hidden Markov Models (HMM) to classify the movement of
each body part relative to the robot. This class predictions
are then entered as local evidence (Fig.1), which allows to
process temporal information when performing inference.
Relative movement classes are No Movement, Linear Movement Away, Accelerated Movement Away, Linear Movement
Towards and Accelerated Movement Towards.

In this extended abstract, we outline an approach for risk
modeling and inference based on local and global information. We also presented our methods to generate and process
local information about relative body part movements and
tracking quality estimations.
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III. TRACKING QUALITY PROCESSING
Basis for the local evidence used for risk inference, are
the results from the body posture tracking. It is therefore
important to evaluate the tracking quality and to process this
information.
Both the relative distance and the relative movement
prediction are based on the distance estimation between
human body parts and the robot. To estimate the distance
we use a sphere representation for the user and the robot,
which both are parameterized and transformed in a virtual
scene (Fig.2, Left). In case of the user, the parameterization
and transformation is based on the body posture tracking.
The calculation of the distance between each sphere pair, is
then used to determine the shortest distance for each body
part.
In order to estimate the quality we place synthetic RDB-D
sensors in the virtual scene, in accordance with the relative
the real-world sensors, and create synthetic depth frames
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Local SLAM in Dynamic Environments using
Grouped Point-Cloud Tracking. A Framework*
George Todoran1 , Markus Bader2 and Markus Vincze1
Abstract— In the domain of mobile robotics, local maps of
environments represent a knowledge base for decisions to allow
reactive control, preventing collisions while following a global
trajectory. Such maps are normally discrete, updated with
relatively high frequency and no dynamic information. The
proposed framework uses a sparse description of clustered scan
points from a laser range scanner. Those features and the system
odometry are used to predict the agent ego motion as well as
the features motion, similar to a Simultaneous Localization and
Mapping (SLAM) algorithm but with low-constraint features.
The presented local Simultaneous Localization and Mapping
(LSLAM) approach creates a decision base, holding a dynamic
description which relaxes the requirement of high update rates.
Experimental results demonstrate environment classiﬁcation
and tracking as well as self-pose correction in dynamic and
static environments.

I. INTRODUCTION
Local maps typically consist of close-vicinity representations of the environment. As they represent the closest layer
of perception in relation with agent dynamic tasks (pathfollowing, grasping etc.), they are required to be accurate,
online and descriptor-rich. The presented framework proposes an alternative to local map-creation and environment
description for mobile agents in an online, fast-computing
manner. Thus, the environment is modelled and grouped
as rigid dynamic objects, treating object discovery, timeout, merging, splitting and symmetries. Using the acquired
information regarding the objects dynamic state, agent selfpose correction is performed, enchanting local map-building
to local Simultaneous Localization and Mapping (LSLAM).
In addition, the framework outputs the classiﬁed objects
and their dynamic descriptors for further usage in selflocalization, mapping, path-planning and other robotics tasks.
Grouping of data in higher level features–objects has been
widely studied in computer vision and robotics communities
and recently proposed in SLAM approaches [1]. However,
this work aims to include high-level features in a more
complex SLAM problem, where dynamic entities are present.
Dynamic object tracking has been addressed by Montessano
[3] in his PhD. thesis, analysing various ﬁltering techniques.
MacLachlan [2] presents a segmentation approach for occluded areas based on agent movement, here generalized for
concave structures and used within the segmentation module.
*This work was not supported by any organization
1 George Todoran and Markus Vincze are with the Automation
and Control Institute, Vienna University of Technology, Gusshausstr.
[george.todoran,
27-29/E376,
1040
Vienna,
Austria
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Fig. 1: Generated Local Map
II. APPROACH
As the agent R moves within an environment, the local
environment is classiﬁed and mapped. Due to sensor characteristics and locality of the data association problem, the
mapped point-clouds are represented in polar coordinates in
the sensor frame, propagated in time with respect to the agent
motion. However, their clusters are represented within the
LSLAM estimator in a Cartesian space. Figure 2 presents
the overview of the framework, including its modules and
data-ﬂow. In the following, the general characteristics and
approaches towards each of the modules is presented.
a) Preprocessing: As the sensor input points p̂raw
are modelled with noise in the range measurement, they
are ﬁltered in polar space using a continuous Gaussiankernel. Given such sparse representation, reduced smoothing
and eventually neglection of points close to a feature edge
is achieved. Moreover, the module clusters the points in
segments Ŝ, bounded by discontinuity regions.
b) Homographic Segmentation: As the entire world is
assumed to be dynamic and of interest to the agent, the
necessity of segmentation could be questioned. Overall, the
purpose of segmentation in this framework is to reduce the
number of points without correspondences in the matched
point-clouds, increasing the robustness of Covariant ICP.
Given the agent states μR and μR when segments S̄
and Ŝ are acquired, points that would not satisfy the ray
assumption are segmented using occluded points removal,
constant angular re-sampling and outlier removal.

1
−10

v̂R

Input

0

+

Prediction

+
+

p̂raw

μ̃

−12

Object
noise
inject

Σ̃

S

−1
−14
−2
−16
−3

LSLAM

Preprocessing

+

Σ

+

μ

−4
−5
−46

Ŝ
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Fig. 3: Self-pose correction in dynamic (left) and static
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Fig. 2: Framework overview
c) Correlation: Using the same inputs, the module
creates a sorted instruction list C(κ Ŝ, κ S̄) for the Covariant
ICP module. Segment correspondence is obtained using a
two-way nearest-neighbours approach, reﬁned using search
masks according to agent and objects pose uncertainties Σx .
d) Covariant ICP: The module evaluates the segment
sorted pairs list and computes, if found, the according rigid
transformations. In comparison with other approaches, the
module identiﬁes situations of symmetry (circular arc, perfect line, repetitive patterns) and includes this information by
computing transform uncertainty. Thus, false data association
is reduced and object merging/splitting can be evaluated.
e) LSLAM: The loop is being closed by an EKF type
estimator. The objects are initially modelled as constantacceleration dynamic with uncorrelated translation and rotation, assuming small values of process noise. However, their
estimation convergence is evaluated and additional process
noise is added (e.g. in situations of objects undergoing high
accelerations). This way, objects that are in steady state
(static, constant velocity) have reduced relative uncertainty
and thus weight more in agent self-pose correction. In a
nutshell, the agent learns the dynamics of the environment
when its odometry is accurate. When odometry inconsistency
is detected (wheel slips, time delay), noise injection in the
agent state will automatically correct its pose in a probabilistic manner, using the most certain landmarks state as
reference. However, if all objects are assumed to be dynamic,
agent noise injection implies degradation of the entire state
estimation, being feasible only for short-term inconsistencies.
III. E XPERIMENTAL RESULTS
Experiments have been conducted using the Gazebo simulation environment under Robotics Operating System (ROS).
The agent is a Pioneer-P3DX mobile robot equipped with
a Hoyuko laser range sensor. The agent and sensor dynamics and noise are modelled and simulated accordingly:
constrained agent velocities (amax ∼ 0.4m/s2 ); Gaussian
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noise in sensor range (σφ ∼ 10−2 m) and agent velocity
(σv ∼ |v| · 10−2 m/s). As loop skips or low frequencies of
the ﬁlter will only increase the estimation uncertainty, the
framework frequency is set to 8Hz (ROS publishes laser
and odometry data unsynchronised at 10Hz). For all the
experiments, the agent is tele-operated.
Object correspondences: Even though the framework provides short-term memory differential mapping, higher-level
features such as object correspondences are being extracted.
Figure 1 illustrates capabilities of the framework to successfully track identiﬁed objects in non-trivial scenarios.
Self-pose correction: As described in Section 2, the pose
of the agent is expected to be corrected with high degrees
of accuracy as long as parts of the environment are in
steady state. Figure 3 (left) presents the ﬁltered trajectory
of the agent in dynamic environments when it undergoes
short-term deviations from the motion model. Even though
the framework has been designed for agents with relatively
accurate odometry and a dynamic word assumption, it can
as well be operated assuming a static environment. Figure
3 (right) presents the ﬁltered agent trajectory, assuming a
static world and feeding into the framework ﬁxed angular
and linear velocity readings set to 0 (odometry impairment).
IV. CONCLUSIONS
Agent self-pose correction in dynamic environments is
still a weakly addressed problem within the robotics community. The presented framework has proven to extract
sufﬁcient information from partially steady-state dynamic
environments, even though low constraint models of the environment and agent are assumed. Following such a general
approach, developments towards static objects detection (e.g.
using static map information) should improve the overall
estimation and tracking, providing a complete solution for
SLAM with dynamic descriptors and potentially broadening
the capabilities of robotics tasks that make use of local maps.
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Autonomous coordinated ﬂying for groups of communications UAVs*
Alexandros Giagkos1,a and Elio Tuci1 and Myra S. Wilson1 and Philip B. Charlesworth2

Abstract— We describe a study that compares two methods
of generating coordinated ﬂying trajectories for a group of
unmanned aerial vehicles. The vehicles are required to form and
maintain an adaptive aerial network backbone over multiple
independent mobile ground-based units. The ﬁrst method is
based on the use of evolutionary algorithms. The second methods looks at this coordination problem as a non-cooperative
game and ﬁnds solution using a Game Theory approach. The
main objective of both methods is to maximise the network
coverage, i.e., the number of mobile ground-based units that
have access to the network backbone, by utilising the available
power for communication efﬁciently.

latitude, longitude, altitude and heading in a geographic
coordination system. The model is designed to allow ﬂying
within a pre-deﬁned corridor such that it stays within ceiling
and ﬂoor heights. No collision avoidance mechanism is
currently employed.
Each UAV is equipped with two types of antennae, one
omnidirectional to allow communication between UAV-toUAV and a horn-shaped antennae to communicate directly
with the ground. The transmitting power Pt that a UAV
requires to feed to its horn-shaped antenna in order to cover
a GBU is expressed by a Friis-based equation model found
in [1]. For each GBU, the equivalent Pt is subtracted from
the total Pmax , managing the total power allowance for
communication.

I. I NTRODUCTION
This paper discusses two different systems that address
the challenges of effective coordinated repositioning of a
group of unmanned aerial vehicles (UAVs), so as to provide a
communication network backbone for any number of mobile
ground-based units (GBUs). The common objective is to
generate ﬂying solutions (i.e., manoeuvres) that maximise
the network coverage. The ﬁrst system employs evolutionary
algorithms (EAs) as the decision mechanism responsible
for the generation of the manoeuvres and UAV to GBU
allocation. The second approach exploits the strengths of
game theory in order to provide coordinated UAV ﬂying.
The results of a quantitative comparison of a 6-hour
ﬂying simulation within a dynamic large-scale environment
are presented. It is found that both approaches are able to
fulﬁl the GBU coverage objective, with a key difference
being depicted in the distribution of the coverage load (i.e.,
the number of supported GBUs per UAV). The EA-based
approach is able to achieve better coverage performance by
converging to the optimal throughout the duration of the
scenario. This results from the evolution of those sets of
manoeuvres at different altitudes, that unevenly distribute the
coverage load. The Game Theory-based approach is found to
apply frequent and uniform changes to the UAVs’ altitudes
and, in turn, achieve even distribution of coverage load over
the group of UAVs.

B. Evolutionary Algorithms and Game Theory decision units
A UAV may either perform a turn circle manoeuvre with a
tight bank angle to keep its current position, or implement a
manoeuvre generated by the decision making system. In the
context of the EA-based system, taking inspiration from the
Dubins curves and paths [2], a manoeuvre solution composes
a ﬂying trajectory that consists of three segments, which
can be either a straight line, a turn left or turn right curve,
depending on the given bank angle. The manoeuvres are
encoded into individual chromosomes to be used for the
evolution. The EAs are free to select the duration for any of
the segments as long as the overall trajectory remains equal
to one revolution time of a turn circle manoeuvre. Every
3 seconds the EA-based system receives messages carrying
the last known positions and directions of all UAVs and
GBUs. Fitness proportionate selection, 1-point crossover and
mutation operators coupled elitism constitute the EAs. Once
they have evolved a new set of manoeuvres, the resulting
manoeuvres are broadcast across the UAV group using the
network. The EA-based system is designed to perform an
evaluation of the ﬁtness of the set of group manoeuvres
rather than individuals, thus ensuring that the UAVs are
coordinated. The group’s ﬁtness score is the sum of the
number of the uniquely supported GBUs per UAV (the
allocation plan) [1].
In the Game Theory-based system, the network is also
used to broadcast up-to-date positions of both UAVs and
GBUs. A game of multiple UAV players is solved in a
non-cooperative game fashion, based on a pay-off matrix
constituted by the coverage scores of each available manoeuvre strategy. The system assumes that UAV players have
complete information regarding the strategies and pay-offs
available to all other players. Subsequently, all players solve
the same game simultaneously and are expected to reach

II. M ETHODOLOGY
A. Kinematics and network model
A ﬁxed-wing UAV is treated as a point object in threedimensional space with an associated direction vector. At
each time step, the position of an UAV is deﬁned by the
*This work is sponsored by EADS Foundation Wales.
1 Intelligent Robotics Group, Dept. Computer Science, Aberystwyth University, Aberystwyth, SY23 3DB, UK
2 Technology Coordination Centre 4, Airbus Group Innovations, Celtic
Spring, Newport, NP10 8FZ, UK
a Contact e-mail: alg25@aber.ac.uk
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Fig. 1: Coverage results for EA-based (a) and Game Theory-based (b) approaches, supporting 200 GBUs.
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Fig. 2: Altitude changes for EA-based (a) and Game Theory-based (b) approaches, supporting 200 GBUs.

Game Theory-based results in ﬁgure 2 (b), the EAs tend to
increase the altitude of one single UAV and lower the rest
of the group, whereas the Game Theory decision unit makes
frequent, uniform altitude changes that leads to a balanced
distribution of the coverage load.

similar results, in a deterministic way. Solving the game
is achieved by applying the Chatterjee’s method [4], so as
the Nash equilibrium (pure or mixed strategy) outcome is
decoded to appropriate ﬂying manoeuvres for the UAVs.
More information about the Game Theory approach can
be found in [3]. The pay-offs of the game strategies are
calculated by the effectiveness of each UAV to maximise
GBU coverage, according to the allocation plan.

IV. C ONCLUSION
Two systems able to autonomously ﬂy groups of communications UAVs are compared. The ﬁrst employs EAs
in order to generate coordinated heterogeneous manoeuvres,
whereas the second employs concepts from Game Theory.
Quantitative results show that the EA-based is efﬁcient in
terms of reaching the optimal for most of the simulation time.
In addition, the Game Theory is found to allow balanced
coverage load between the UAVs.

III. R ESULTS
The results of a quantitative comparison with three UAVs
supporting 200 GBUs are presented in ﬁgure 1 (a) and (b). 1
The ﬂexibility in implementing ﬂying manoeuvres in the EAbased system ensures that optimal total coverage can be frequently achieved throughout the duration of the experiments.
Moreover, the Game Theory-based results are found to be
close to optimal. The difference is explained by observing the
individual coverage results. The emergent ﬂying behaviour
resulting from the group evaluation in the EAs allows the
UAVs to perform coordinated heterogeneous manoeuvres,
achieving a higher total, whereas in the Game Theorybased the coverage load tends to be balanced between the
UAVs. The effect of evolving coordinated heterogeneous
manoeuvres is shown in ﬁgure 2 (a), where the altitude
changes of the three UAVs are depicted. Compared to the
1 The
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results summarise the performance of 20 experimental runs.
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UAV-based Multi-spectral Environmental Monitoring
Thomas Arnold, Martin De Biasio, Andreas Fritz and Raimund Leitner

Abstract— This paper presents the integration of a multispectral imaging system in an UAV (Unmanned Aerial Vehicle) to distinguish different types of vegetation and soil.
A miniaturized multi-spectral imaging system was developed
to ﬁt into a compact UAV. The presented system utilized
four CMOS cameras and was able to capture six spectral
bands simultaneously; three visible (400nm-670nm) and three
near infrared channels (670nm-1000nm). The actively stabilized
camera gimbal was able to compensate the rapid roll/tilt
movements during the ﬂight of the UAV. For land cover mapping
and ﬂight path validation the acquired images were stitched
together. Moreover, the normalized vegetation index (NDVI)
was calculated to investigate the vegetation present in the
acquired multi-spectral images.

of the built-in Bayer ﬁlter of the RGB camera. Another
camera acquired NIR data by utilizing a VIS-block ﬁlter with
a cut-on wavelength of 850nm. The two remaining cameras
utilized ﬁlters with centre wavelengths of 810nm and 910nm
to acquire speciﬁc NIR data.

I. INTRODUCTION
Precision agriculture or precision farming was deﬁned by
the american national research council [1] as ”a management
strategy that uses information technology to bring data from
multiple sources to bear on decisions associated with crop
production”. Moreover, it was deﬁned that crop growth
status monitoring is essential for the maximization of cropyields. Since, farmers are able to take rapid, targeted action
in case of nutrient deﬁciencies and pest infestation due
to accurate and up-to-date maps of biophysical parameters
like the water status [2]. The tradidional way to determine
biophysical parameters of crops is to take ground samples
at a small number of locations and estimate the parameters
for unprobed locations [3]. For precision agriculture, remote
sensing imaging products like biophysical parameter maps,
with a high spatial resolution, have proven to be of high
information content. For cost reduction and the limited
availability of satellite images many photographic or video
systems have been developed. Ultra light aircrafts or even
UAVs equipped with a multi-spectral data acquisition system
are a good compromise between the high performances that
such sensors can provide and cost-effectiveness [4]. The
increasing capabilities and the low price have pushed the
UAV into the precision agriculture ﬁeld. This paper propose a
cost-effective system composed of multiple CMOS imaging
sensors modiﬁed for the acquisition of multi-spectral data,
ﬁtted on board of a small UAV.

Fig. 1. Multi-spectral imaging sensor consiting of 4 CMOS camera sensors
modiﬁed for the acquisition of multi-spectral image data.

The multi-spectral imaging sensor shown in Fig. 1 was
mounted to a rotary wing UAV with a maximum take-off
weight of 22lbs and a rotor diameter of 70in. To compensate
the rapid rotational movements of the UAV the camera
system was integrated in a brushless roll/tilt stabilized gimbal
(see Fig. 2).
III. DATA ACQUISITION
For data acquisition a lithium polymer battery-powered PC
system based on a mini-ITX mainboard and a solid state
hard drive was used. Images where taken during the ﬂight
of predeﬁned ﬂight patterns at altitudes varying from 150 to
350 feet.

Ϯ

ϭ

II. M EASUREMENT S ETUP
The multi-spectral imaging sensor consits of 4 CMOS camera sensors with a pixel resolution of 2048 by 1536 pixels.
All four cameras used ﬁxed focus front lenses. One camera
acquired VIS data by utilizing a triple-band-pass ﬁlter (400500nm, 500-590nm and 590-670nm) to narrow the pass-band

Fig. 2. Compact UAV equipped with roll-tilt compensated, multi-spectral
imaging sensor (2) and data acquisition hardware (1).

All the sensors were accurately aligned and arranged in very
close proximity so that the imaged ﬁeld of view was the same

CTR Carinthian Tech Research AG, Europastrasse 4/1, 9524 Villach,
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for each sensor. However, due to the fact that the four sensors
were unsyncronized, post-ﬂight image registration was used
to correct for the image frame offsets. A nonlinear image
registration method based on optical ﬂow was used to register
consecutive images [6]. The images had to be stitched
together into a larger mosaic image to get an overview image
and to validate the ﬂight path. After this post processing
several vegetation indexes were calculated.
IV. M EASURING V EGETATION
The normalized difference vegetation index (NDVI) [5],
originally developed for LANDSAT images, was used to
quantify the presence of living vegetation in an image pixel.
Near-infrared light from 700 to 1100nm is strongly reﬂected
by green leaves, while visible light from 600 to 700nm is
strongly absorbed. If the reﬂected radiation in near-infrared
wavelengths is much more than in visible wavelengths, the
vegetation in that pixel is likely to be green and may contain
some type of forest. The NDVI is calculated by:
N DV I =

N IR − R
,
N IR + R

(1)

where N IR is the average signal intensity in the wavelength
range from 800 to 1000nm and R refers to the average signal
intensity in the wavelength range from 590nm to 670nm. The
NDVI ranges from -1 to +1, where any negative values are
mainly generated from water and snow, and values near zero
are mainly generated from rock and bare soil. Values close
to one indicate the highest possible density of green leaves.
Fig. 3 (a,b) shows images of VIS and NIR data containing
grassland and a ﬁeld separated by an unmetalled track.
These images were acquired in early spring, deciduous plants
could not be imaged. However, the system was effective
in classifying vegetation like grass and trees. Fig. 3 (c)
shows the calculated NDVI. It can be seen that grass is well
separated from the other areas in the scene.

Fig. 3. This Figure shows VIS (a) and NIR (b) images acquired at an
approximate altitude of 300ft. The calulated NDVI is shown in (c).
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V. C ONCLUSION
In this paper a multi-channel CMOS camera system integrated in a small UAV is presented. The system was effective
in identifying the present vegetation on ﬂat agricultural ﬁelds.
This low-cost inspection system can be used for the periodic
imaging of tree canopies and ﬁeld crops. With spectral
imaging techniques spectral features can be identiﬁed to
determine for example water stress, nutrient deﬁciency or
pest infestation.
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Placing the Kinematic Behavior of a General Serial
6R Manipulator by Varying its Structural Parameters
Mathias Brandstötter1 and Michael Hofbaur1
Abstract— Serial manipulators are most ﬂexible when they
have a general structure and a modular design. In such a case
almost no limits to a robot designer are set. However, this high
variability leads to a complex design problem on the basis of
the purpose of the robot that should be achieved. In this paper
we present a method to counter this problem by using a robot
with known properties and adapt its structure according to a
given task without changing its kinematic behavior. This means,
a known behavior of a robot is transferred to a desired region
in the workspace. Allowed adaptions within the geometric
structure of modular robot are identiﬁed and are realized by
suitable links of the manipulator. With this method, design
parameters of the system are given, which makes it possible to
apply a known kinematic property to an arbitrary end effector
position and one system inherent direction. The feasibility of
the method is shown by a simulated 6-DoF Cuma-type robot.

(a) Fist variant.

(b) Second variant.

Fig. 1: Two Cuma-type arms which satisfy the identical
DH parameters. The end effectors reach the same point
but with various orientation. Each version is illustrated with
two different postures (opaque ones correspond to the home
position and the transparents to an other possible solution of
inverse kinematics problem).

I. INTRODUCTION
Whenever a given task for an industrial robot has to be
performed an applicable manipulator (design problem) and
its relation according to the task (placement) must be deﬁned.
The requirements of the according task (e.g., welding or
load transportation task) can range from mechanical about
kinematic to dynamic demands.
Since speciﬁc properties with monolithically structured
manipulators like industrial robots are hard to achieve or
even not possible, we focus in this paper on general serial manipulators in modular design. Moreover, we limit
ourselves to robots with 6 rotational joints but permit any
kinematic relationship between the rotational axes, which
can be realized by suitable links. From this variety of design
options follows that a design goal must be deﬁned which in
turn can be derived from the requested task.
To overcome this high-dimensional optimization problem
we adapt a well-known manipulator with Design Parameter Set D to the speciﬁc problem. In order to perform
an adaptation, it must be known which parameters of the
manipulator can be changed without affecting the behavior,
e.g., kinematic or dynamic properties.
A large number of papers were published regarding to manipulator design (e.g., [1], [2]) but most of them are related
to performance optimization. As far as the authors know,
none of the works deal with methods to vary the mechanical
design of serial robots without kinematic changes.
To describe the kinematic structure of a serial robot the
Denavit Hartenberg parameter (DH parameter) have proved

favorable. DH parameters are partially detached from the
de facto manipulator construction because they describe
transformations between the intersection of consecutive joint
axes with its transversals. Three parameters are required to
describe the structure (di , ai , and αi ) and one parameter
represents the joint angle (qi ) [3]. Therefore, two degrees
of freedom can be used for implementation alternatives. In
Fig. 1 two different variants of the same kinematic structure
of a general spacial 6R manipulator are depicted.
In this paper we show the inﬂuence of a variation of
the design parameters of a manipulator on its kinematic
properties. To what extent the structure of the robot can be
modiﬁed without changing its properties should be clariﬁed
in the following chapter.
II. KINEMATIC INVARIANTS
As stated above, the DH parameters ﬁx only three parameters of the robot structure and one additional parameter is
needed for the joint value. As long as the transversals of the
axis do not change the same DH parameters remain. For this
reason, 10 design parameters are available for a given DH
parameter set of a serial manipulator with 6 rotational joints.
These freely selectable design parameters are denoted as d˜i
and q̃i with i = 1, . . . , 5, where d˜i is a translation of the ith
joint along the ith axes and q̃i is a rotation of the ith joint
about the ith axes.
We now want to clarify the effects of the individual
freedoms on the end effector. Whenever the position of a
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TABLE I: DH parameters of a Cuma-type arm with totally
16 real solutions available.

joint inside the kinematic chain (i = 2, . . . , 4) is varied
along its axis (translated or rotated) the modiﬁcation has no
kinematic inﬂuence to the end effector. But what happens, if
the joints on the ﬁrst or last axis are moved?
A translation of the ﬁrst joint along the ﬁst axes with d˜1
leads to a displacement of all following axes with d˜1 in the
same direction. In Fig. 1 this inﬂuence is obvious to see when
comparing the 2nd , 3rd , and 4th joint of the ﬁrst and second
variant. The situation behave similar with a joint rotation
about the ﬁrst axis arises. All subsequent axes rotate about
the ﬁrst axis with q̃1 . If the last joint is translated along
or rotated about the last axis, only the end effector pose is
affected. Exemplarily the orientation of the end effector of
the Cuma-type arm in Fig. 1 has been changed by q̃5 =
180 deg and moved along the ﬁrst axis.
A further possibility to change the position of the end
effector is to scale the whole manipulator. For this purpose,
each length parameter (ai , di and ãi , d˜i ) of the DH parameters is multiplied with the same factor C. As a result, the
position of the end effector is varied but not directly scaled
by C because the end effector is not scaled by itself.
A known kinematic property of a robot can now be placed
in the workspace by the ﬁve design parameters d˜1 , q̃1 , d˜5 ,
q̃5 , and C which can be realized by adapting the link shape.
As long as a desired point P is not located on the ﬁst or last
joint axis and both axes are not parallel P can be positioned
arbitrarily. The freedom of orientation depends also on the
orientation of the ﬁst and last axis but it can be said that the
orientation of the end effector can not be freely chosen.

ith Link
1
2
3
4
5
6

di / mm
364.016
−176.450
−104.741
196.845
−248.121
57.346

ai / mm
59.572
331.501
123.019
355.206
198.526
0

αi / deg
121.171
−117.119
−67.473
80.033
74.333
0

An opportunity to describe the kinematic behavior of
the end effector of a manipulator is the calculation of the
isotropy. Therefore the Jacobian matrix J is needed which
maps the actuator velocities q̇ to the linear and angular
velocity ẋ of the end effector by ẋ = Jq̇ for one speciﬁc
conﬁguration. J can be split into a position and orientation
part as


JP
J=
.
JO
The isotropy of the linear and angular velocity are decoupled, hence, the local position isotropy index (LPII) can be
computed by
σP,min
LPII =
σP,max
where σP,min is the smallest and σP,max is the largest
singular value of JP . The closer the value of this index
to 1, the more homogeneous the behavior of the end effector
with regard to linear movements. A conﬁguration set with
LPII = 1 can be found for the given Cuma-arm with
qiso = qiso,1 −120.8

III. EXAMPLE

221.5 −149.8 −123.9

41.0

where qiso,1 ∈ R. In case when only position isotropy is
considered eigenvalue-based indices can be used although
they are non-invariant due to changes of reference frame,
scale, and physical units [4].
By the freely selectable design parameters (d˜1 , q̃1 , d˜5 ,
q̃5 , and C), the location of a special kinematic point (16
solutions, position isotropy) can be chosen arbitrarily.

In the following, we present a manipulator which has
two speciﬁc kinematic properties. First, a pose that can be
achieved by the maximum number of possible postures and
second a conﬁguration with local position isotropy.
The testbed for serial manipulators in our robotics lab
consists of electromechanical joint modules from Schunk
GmbH and customized curved link elements. By using these
components, we are able to assemble general serial curved
manipulators (CUMA-arms) to verify diverse theoretical results. Due to the modular design of the robot a large amount
of different kinematic structures can be realized.
Table I describes the kinematic structure of the Cumatype arm used in this example in terms of DH parameters.
Two possible home positions (q1 = · · · = q6 = 0) of the
manipulator are displayed in Fig. 1 (opaque representation
in each case). Both versions vary in their physical structure
and end effector but the realizations are conform to the DH
parameters given in Tab. I in either instance.
The inverse kinematics of the shown end effector poses
in Fig. 1 provides a set Q with all 16 solutions of the
six joint angles collected in qi , where i = 1, . . . , 16.
This manipulator is a member of the special class of 6R
manipulators which have a region in conﬁguration space
where 16 real solutions can be found. The given Cuma-arm
fulﬁlls this property directly at its home position.

IV. CONCLUSIONS
If a robot structure with a suitable workspace performance
is known, it can be conducive to transfer the behavior of the
end effector to a desired region in the workspace. In this
extended abstract we have considered a method to perform
this demand using the properties of a known modular serial
manipulator.
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Autonomous charging of a quadcopter
on a mobile platform
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Abstract—In this extended abstract we present the design and
implementation of a mobile charging station that enables the
autonomous recharging of the batteries of an unmanned micro
aerial vehicle.

II. H ARDWARE
The hardware that we developed to upgrade the MAV and
UGV to support autonomous charging can be roughly split in
two parts: (i) the landing platform and (ii) the control logic.
The resulting recharging platform can be easily mounted on a
mobile platform, e.g., on a Turtlebot, as depicted in Figure 1,
or even placed on the ground or at any other ﬂat surface.

I. I NTRODUCTION
Unmanned micro aerial vehicles (MAVs) have recently
become affordable and easily controllable. Typically, these
aircrafts are equipped with different sensors. For example, the
low-cost quadcopter Parrot AR.Drone [1] is equipped with
two cameras, an accelerometer, a gyroscope, a magnetometer,
a pressure sensor, an ultrasound sensor for ground altitude
measurement and optional a GPS via on board USB. In a
typical scenario, the user communicates with this quadcopter
using the on-board WiFi, which is used for transfering sensor
data to the operator and to remotely control the quadcopter.
Since this quadcopter is affordable, easy to use, and well
supported, it is widely used by hobbyist and it was well
accepted by the research community as well.
One of the main requirements of a MAV is its low weight.
Since lightweight materials are preferably used, MAVs are
equipped with batteries with small capacity that signiﬁcantly
reduces the autonomy time of the robot and prevents longterm operations. On the other hand, the unmanned ground
vehicles (UGVs) in forms of various mobile robots do not
suffer from such severe restrictions with respect to the payload.
They are therefore equipped with heavy batteries with large
capacity, enabling even several hours of autonomy. A UGV
can therefore serve as a very suitable mobile ground charging
station for a MAV.
In this paper we present the design and implementation of a
mobile charging station and describe an approach for landing
of the quadcopter at this mobile platform, which enables
autonomous charging of the MAV. Several solutions of this
problem have already been proposed [2] [3] [4], however they
do not fulﬁll the requirements that we have set. When designing the system we were aiming at achieving the following
goals: (i) modular and lightweight modiﬁcation of the MAV
that does not signiﬁcantly change its ﬂying characteristics, (ii)
simple and robust landing platform as a modular extension of
the UGV that enables safe landing and taking off as well as
ﬁxation of the MAV for safe transportation, (iii) efﬁcient and
robust software solution for autonomous landing.

A. Landing platform
The landing platform provides a safe and stable place for
uninterrupted battery charging. To ensure that and to enable
safe landing, we mounted four cones oriented upside-down
near the corners of the landing platform. They are supposed
to coincide with the MAV’s landing pads and to ensure a ﬁx
position during the charging process. The wide ends of the
cones help the MAV to slide in the correct position, allowing
a small error (a couple of centimeters) in the landing position.
The cones therefore facilitate safe and more accurate landing
and at the same time allow non-occluded taking off.
A marker is placed in the center of the landing platform. It is
used for more efﬁcient and accurate detection of the platform
and guiding the MAV to the correct position for precise
landing, as described in Section III. To ensure better marker
detection the background of the marker can be illuminated.
B. Control logic
The control logic consists of a microcontroller and a charger
for a LiPo battery. Microcontroller, we use Arduino [5],
implements the following functionalities. First, it detects when
a drone has landed. Then it measures the MAV’s battery
voltage and in case of a low battery level it turns off the MAV’s
power supply and turns on the battery charger. The MAV’s
power supply must be turned off to enable safe charging. When
charging is completed, the charger is turned off and the MAV is
turned on. To enable turning the MAV’s power supply on and
off we added a power MOSFET transistor between the battery
and the MAV. All the modiﬁcations made to the quadcopter
increase its weight for less then 20g.
We can manually turn on the charger and adjust the marker
background illumination by pressing the button and turning the
potentiometer connected to the microcontroller. Arduino can
be connected to a computer (tipically mounted on a UGV) via
USB, which allows better integration of the landing station
with the mobile platform.
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B. Landing control

III. S OFTWARE

The position and orientation of the marker are used to
control the landing of the MAV. The system ﬁrst reduces
the noise in measurements by smoothing the obtained results.
Then the MAV is rotated in the direction of the charging pins
mounted on the landing platform, as shown in Figure 1. Then
the MAV stabilizes above the marker and slowly descends and
lands at the platform.
However, the developed system suffers from several limitations. The resolution of the bottom camera is very low and
the viewing angle is very narrow. The low camera resolution
decreases the accuracy of the estimated marker location. Due
to the narrow viewing angle, the marker quickly disappears
out of sight at low altitudes. When the height is decreased the
MAV stability is reduced, which further complicates landing
and reduces the probability of a successful landing.

The main goal of the software part of our system is to detect
the marker using the MAV’s bottom camera and to control
the MAV to land at the platform. An example of the MAV
landing is shown in Figure 1. Landing is a critical part of our
solution and can be roughly split in two parts: (i) detection
of the marker and (ii) landing control. The marker detection
must be robust, fast and as accurate as possible. The same
requirements apply to landing.

IV. C ONCLUSION
In this extended abstract we presented a system for recharging a MAV’s batteries by autonomous landing on a mobile
charging station. The proposed solution requires very little
and simple modiﬁcations on the MAV without increasing the
weight of the MAV noteworthy. Our solution can be easily
adapted to other MAVs with the same or larger number of
rotors. In our future work we plan to develop the electronics
for power control and recharging, which is plugged between
the MAV and the battery, to allow the MAV to be turned on
when charging the battery. We also plan to improve the marker
tracking and MAV control mechanism to ensure more reliable
and accurate landing.
There are enormous practical applications of the developed
system. The recharging platform can be mounted at a ﬁxed
location or on a moving platform. It can be mounted practically
on any mobile vehicle or mobile robot or at any ﬂat surface.
Similar solutions can be used in natural disasters, accidents
in factories, ﬁres, monitoring of agricultural plants and much
more. In a similar way, in the future the permanent locations
could be used for recharging the batteries of delivery drones
in cities or in less populated and harder to reach areas.

Fig. 1. Mobile platform Turtlebot with recharging platform.

A. Detection of marker
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An Autonomous Forklift for Battery Change in Electrical Vehicles
Stefan Kaltner1 , Jürgen Gugler2 , Manfred Wonsisch3 and Gerald Steinbauer1

I. I NTRODUCTION

The system comprises a driving system based on
Ackermann-steering and a battery holder movable up and
down using a shaft. The sensor system is realized using a
2D lidar mounted above the front wheels pointing forward
and a Asus 3D sensor pointing towards the movable blade.
The central control unit is formed by a laptop.

Due to increasing e-commerce on the internet and changes
in peoples’ shopping behavior there is a huge demand on
parcel delivery agents. Most of the deliveries are made
on short or medium range distances. Therefore, the use of
electrical vehicles is perfectly suitable for this application.
While electrical propulsion systems and charging concepts
are well established for passenger cars only a few systems are
available for transporters. The underlying idea of this project
is to develop an automated battery change process for parcel
delivery transporters. The vision is to have a service station
where the transporter is parked and a robot automatically
removes the empty battery and replaces it with a charged
one. Due to the heavy weight of such a battery of around
600 kg a forklift was chosen as basis. The requirements
for the robot were: (1) autonomy - no interaction with the
human driver, (2) adaptation to the situation - no need to
park the transporter on an exact spot, and (3) quick change
- similar to a regular tank stop. The contribution of this
paper is the development of an automated forklift based
on available ROS packages that have been adopted for an
uncommon kinematics and a system architecture based on
CAN-bus communication. In the remainder of the paper we
present the hardware and software architecture of the system
and discuss the obtained results.

Fig. 2: Ackerman-steering of the forklift. Steering motor on
top not shown.
The driving system comprises two passive front wheels
(yellow wheels in Figure 1a). The steering and actuation
unit comprises a wheels steered by one vertically mounted
motor and actuated by a second motor directly mounted on
its shaft. The unit is shown in Figure 2. Each of the motors
uses a gearbox. Moreover, they are connected to a shaft
encoder to measure the rotation of the wheel as well as its
orientation around the vertical axis to provide the robot’s
odometry. In order to get an absolute orientation the vertical
encoder is initialized using an inductive end-switch at each
side. All motors, encoders and switches are connected to two
controller on a central CAN-bus.

II. S YSTEM OVERVIEW
In order to develop a control system for the autonomous
forklift a fully functional model in the scale 1:2 was designed
and build. Figure 1a depicts the design of the robot. The
realized model is shown in Figure 1b.

(a) CAD sketch.

(b) Realized System.

Fig. 1: Automated Forklift.
Fig. 3: Overview of the control system.
This work was partly supported by the Austrian Research Promotion
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Figure 3 depicts the control architecture of the system.
For a detailed description we refer the reader to [1]. The
two CAN-controller are connected to the central PC using a
USB/CAN adapter. The communication between the PC and
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the controller uses the CANOpen protocol. The robot control
software running on the central PC is implemented using the
common Robot Operating System (ROS) [2]. Due to the fact
that CANOpen is only supported for very specialized setups
a general object hierarchy was implemented allowing to control the combination of several several differnt CAN-based
modules (i.e. driving, steering) forming various kinematics.
The automated navigation of the robot is based on the
well-known move base package provided by ROS [3]. The
package uses the adaptive monte carlo localization (AMCL)
[4] to estimate the robot’s position using a 2D map of the
environment and data from a 2D lidar. The global pathplaning is based on the same map and uses common planning
techniques like NavFn. The local planing and path execution
is based on the dynamic window approach. Usually after
some parameter tweaking move base works ﬁne for the
navigation of most robots. The drawback is that it makes
some assumptions that do not hold in our application. For the
path-planning it assumes that the robot has an almost circular
footprint, has an differential or omni-directional drive and is
able to turn on the spot around this vertical axis. Moreover,
the motion model used in the localization module supports
only differential and omni-directional drives.
Our robot is based on Ackermann-steering and violates
some of the assumption leading to suboptimal performance
of the navigation module. For instance the module is not
able to plan trough a narrow door even if a path is possible
for the forklift or it bumps into walls in narrow passages
due to imprecise localization. Both problems are caused by
the different kinematics of the forklift. Although, basically
an Ackermann-steering based robot can be transfered to a
differential drive kinematics it shows a different behavior
because the vertical rotation axis is between the two front
wheels far off the center of the robot. move base uses a
circular footprint around this axis for the planning. If the
entire robot should be covered by the footprint the diameter
has to be quite large covering a lot of unnecessary space
and preventing planning trough narrow passages. Moreover,
AMCL uses the velocity motion model which models the
uncertainty caused by the imprecise control velocities ωl and
ωr of the two wheels of a differential drive. In the forklift
the motion is caused by the combination of a steering angle
α and a single wheel velocity ω rather than by combining
ωl and ωr .
In order to improve the performance of move base used for
a forklift we did two modiﬁcations. Instead of NavFn which
uses the circular footprint to calculate a navigation function
over the map and a gradient decent method to plan the path
we integrated the search-based planner lab (SBPL) lattice
planner [5]. This planner is a sample-based planner that
generates a collision-free path using a sample-based search
and motion primitives. The planner concatenates motion
primitives. Therefore, the planner directly incorporates the
true kinematics of the robot and is able to ﬁnd a higher number of more suitable plans. The use of this planner allowed
us to automatically navigate the robot trough doors just a
little wider than the robot itself. Moreover, we implemented

sensor

global

local

2D lidar
2D lidar
2D lidar
2D lidar
3D Asus
3D Asus

NavFn
NavFn
SBPL
SBPL
NavFn
SBPL

TPR
DWA
TPR
DWA
DWA
DWA

#
success
1
1
3
10
1
2

#
collisions
6
6
7
0
7
6

goal
failed
3
3
0
0
2
2

TABLE I: Performance of the System for different setups.
TPR stands for TrajectoryPlannerROS.

a updated motion model for the localization that reﬂects the
uncertainty of the control parameter of the forklift instead
the one assumed for a differential drive. This improved
the precision of the localization leading to less bumps into
obstacles.
III. E XPERIMENTAL R ESULTS

Fig. 4: Evaluation task. The ﬁgure shows the occupancy grid
of the environment (gray) and a sample generated path (red).
The proposed system was systematically evaluated using
different combinations of sensors and global and local
planning methods. The evaluation was done in a common
ofﬁce environments with common doors, corridors and
rooms. Figure 4 shows a typical generated path for a
navigation task. The robot should navigate along a corridor,
should traverse a narrow door and avoid a group of
obstacles. Table I shows the performance of the system for
navigation tasks using different sensors and planners. All
combinations where tested 10 times. More detailed results
can be found in [1].

IV. C ONCLUSION AND F UTURE W ORK
In this paper we presented the hardware and software
architecture for an autonomous forklift. The central navigation function is based on the ROS move base package.
Due to the tight coupling of the package to differential or
omni-directional robots the planning module was adopted
for robots based on Ackermann-steering. An empirical evaluation showed that the adopted navigation is much more
reliable. In future work we will work on the replacement
of the expensive 2D lidar by 3D cameras.

68

R EFERENCES
[1] S. Kaltner, “Autonomous navigation of a mobile forklift,” Master’s
thesis, Faculty of Computer Science, Graz University of Technlogy,
2015.
[2] M. Quigley, K. Conley, B. P. Gerkey, J. Faust, T. Foote, J. Leibs,
R. Wheeler, and A. Y. Ng, “ROS: an open-source Robot Operating
System,” in ICRA Workshop on Open Source Software, 2009.
[3] E. Marder-Eppstein, E. Berger, T. Foote, B. Gerkey, and K. Konolige,
“The ofﬁce marathon: Robust navigation in an indoor ofﬁce environment,” in IEEE International Conference on Robotics and Automation
(ICRA), May 2010, pp. 300–307.
[4] S. Thrunn, W. Burgard, and D. Fox, Probabilistic Robotics. The MIT
Press, 2005.
[5] M. Likhachev and D. Ferguson, “Planning long dynamically feasible
maneuvers for autonomous vehicles,” International journal Robotics
Research, vol. 28, no. 8, pp. 933–945, Aug. 2009.

69

A smart real-time anti-overturning mechatronic device for articulated
robotic systems operating on side slopes
Giovanni Carabin1 , Alessandro Gasparetto2 , Fabrizio Mazzetto1 , Renato Vidoni1
Abstract— At today, smart, and cheap mechatronic devices
together with open-source software allow to design and prototype new and effective systems or at least to apply existing
platforms to new ﬁelds. In this work, starting from the evaluation of the stability of autonomous robotic platforms, a smart
and effective real-time anti-overturning mechatronic device for
robotic systems operating on side slopes has been developed. It
allows to recognize both the orientation and possible critical
positions of an autonomous robotic platform, in particular
articulated, and to alert the user or stop the motion in case
of incipient rollover. The developed platform can be adopted
as a cost-effective solution and an effective safety device.

can measure in real-time the safety margin and predict and
not allow in an active manner the dangerous conﬁgurations.
In this work, the target of developing a cheap and smart
mechatronic device able to both measure, estimate and alert
the system operator or stop the autonomous robot when
approaching unstable conﬁgurations has been addressed.
II. I NSTABILITY E VALUATION
The instability of the robotic platform, either tracked,
wheeled or articulated, has been considered with a quasistatic approach. Then, the position of the projection of the
vehicle center of mass (CoG*) with respect to the support
polygon of the vehicle, deﬁned by connecting the footprints
of the vehicle supports with straight lines, Fig. 1, has been
evaluated.

I. INTRODUCTION
The application of mechatronic devices and smart autonomous robots in agriculture and forestry is becoming one
of the most promising research topics for roboticists and
engineers [1].
In the past, machines and robots needed predeﬁned ways,
as in an assembly line and the creation of something like
machine paths was necessary. Moreover, robotized or semiautomated attempts and applications, such as weeding, crop
and environmental monitoring, crop harvesting and fruit
picking [2], [3], [4], [5] have been developed.
Since agricultural autonomous machines should operate
also on uneven terrains, the capability of traveling and
eventually moving nimbly between wine rows on hills and
on different surfaces becomes the challenge that has made
them a very interesting research topic [6]. In this framework,
automation in side-slope working activities can be considered
at an early stage. This is mainly given by the problems related
to the stability of the adopted vehicle and to the lack, in the
past, of a sufﬁcient technological level for creating safe and
stable systems. With these requirements, the attention has
been given both on wheeled and tracked conventional architectures. More recently, articulated conﬁgurations, where
a central active hinge is in charge of driving the steering
angle, become particularly interesting for their capabilities
in terms of steering angle and versatility both in the tractor
ﬁeld [7] and from a theoretical point of view [8], [9]. One
of the most important issues is the capability to maintain
the autonomous robotic platform stable or at least to avoid
unsafe conﬁgurations by means of mechatronic devices that

Fig. 1. Sketch of the possible different platforms and supports: on the left
a classical wheeled system with a rigid frame, on the right an articulated
platform with a β steering angle

The approach adopted in [9] for deﬁning both the instability and the safety index, in particular of the articulated
platform, has been exploited here.
III. A NTI -OVERTURNING M ECHATRONIC D EVICE
The developed mechatronic system, which can be mounted
on the robotic structure, is able to identify the orientation
and stability condition of the mobile platform. The heart
of the system is represented by a control board, which
acquires all the signals from different sensors (e.g. inertial
sensors, contact sensor, potentiometer), processes them and
acts accordingly. The board is mounted directly on the robot,
and an interfacing board, i.e. shield, has been designed for
the connection with the sensors. Both are shown in Fig. 2.
The system control board is a generic and cheap
PIC32-Pinguino board, based on the Microchip
PIC32MX440F256H microcontroller and programmed in
C language by exploiting the “Pinguino IDE” development
suite. To determine the orientation of the robot or, in the
case of an articulated chassis, of each of the two parts
of the robot, inertial sensors with 9 degrees of freedom,
IMU - Inertial Measurment Units - have been exploited.
These are capable of measuring the angular speed, the
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V. C ONTROL SOFTWARE

(a)

The logic of the implemented controller is as follows: ﬁrst
of all the peripherals conﬁguration and variables initialization
are done; then the program enters in the main loop, where
the stability condition is computed and the main info are
displayed on the LCD and on LEDs. The main loop is
interrupted every 50ms, by generating an appropriate interrupt to call functions that mainly deal with the orientation
computation of the robot. This solution has been chosen to
meet the time requirements for updating the orientation, with
respect to the relatively long time required for the calculation
of the condition of stability.

(b)

VI. CONCLUSIONS
The developed mechatronic system, basically made by a
main board, a shield board and IMU sensors, together with a
LCD display and warning LEDs, allows to estimate both the
orientation of a robotic platform and the instability evaluation
by means of a quasi-static approach. It has been developed
not only by accurately choosing smart and cheap devices
but also by developing and exploiting software solutions that
allow a real-time estimation of the orientation and dangerousness of the condition. The system could be integrated in each
autonomous robotic platform that has to work on side-slope
activities. In particular, it has been developed for articulated
platforms particularly suitable to move nimbly between wine
rows on hills and on different surfaces.

(c)
Fig. 2.

(a) PIC32 Pinguino; (b) IMU; (c) shield board

acceleration, and the Earth’s magnetic ﬁeld intensity,
according to three axes. By processing these quantities,
the space orientation of the system can be obtained. The
considered IMUs are open hardware boards, based on the
LSM9DS0 ST Microelectronics integrated with a 3-axis
gyroscope, a 3-axis accelerometer, a 3-axis magnetometer,
16 bit resolution and a serial communication interface
SPI/I 2 C. The communication between the sensor and the
control board has been done through the standard SPI and
the parameters for the three kind of sensors of the IMU
have been properly set. Since the C library to be used to
manage the inertial sensor was not available in Pinguino
IDE environment, a simpliﬁed version of the library has
been created for the purposes of the project. As previously
said, a shield interfacing board for allowing easy connection
between the control board and the external devices has been
prototyped with two IMU connectors, one LCD 8x2 display,
4 signaling LEDs and 4 I/O.
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IV. O RIENTATION S YSTEM
As described in [10], there are essentially three strategies
for obtaining the space orientation from an IMU sensor: a
ﬁrst type made through an Eulerian approach, with three
variables, simple but expensive in computational terms and
with the drawback related to singularities; a second one, very
fast but without a physical interpretation of the motion, that
uses a representation of the vectors by means of quaternions
and, thus, four variables; a third method, the one used in this
work, the so-called DCM (Direct Cosine Matrix). It represents the orientation by nine parameters, corresponding to the
elements of the rotation matrix. By means of this approach,
the two rotation matrices, Rgyro , i.e. the one derived from
the gyroscope data, and Rcorr , the one obtained from the
accelerometer and magnetometer, the complementary ﬁlter
has been preferred to the Kalman one to not to overload
the computation. Then, after the deﬁnition of the calibration
procedure, the control programme has been written.
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The future of in-house transports
incubed IT stands for innovative robotics solutions. We have developed a system to automate
transport vehicles as autonomous, intelligent and cooperative shuttles, comprising navigation core,
fleet management server and user interface. The result is what we call a Smart Shuttle.
Our Smart Shuttles are able to roam freely in the dedicated area without the need for special
orientation landmarks. They act completely independent and flexible, dodging dynamic obstacles
while driving elegantly. Routes are also changed in a dynamic way if necessary. That is, if an obstacle
blocks the shuttle’s path completely, it simply finds an alternative route to its goal.
Due to their safety certificate and intelligent behavior, the shuttles can share the same space with
humans and other vehicles (e.g. forklifts) without obstructing or endangering them. If desired, the
user can influence the shuttle movements by easily defining special traffic areas in the map they are
operating on. So if a shuttle is, for example, not allowed to enter a certain region, it can be prevented
to do so by the means of a forbidden area. Many more traffic areas are available, like one-way
streets, right-hand traffics or roundabouts.
By breaking down the totality of transports into goods on individual shuttles (rather than moving
totes on a centralized conveyor), our Smart Shuttle Solutions are especially scalable. We support
large fleets of shuttles to cope with even highly-complicated mappings between arbitrary sources
and goals. The shuttle system is thus able to provide a constant throughput, but at the same time the
number of active shuttles can be reduced in low or increased in peak seasons/times, saving energy
and resources.
This way, Smart Shuttles are a perfect match for the challenges of industry 4.0.

Smart Container Shuttle – the smaller of incubed IT’s two standard shuttles
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