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Abstract— This paper presents a contribution toprogramming task from processed sensor data collected during a human
by human demonstrationin the context of compliant motiontask  demonstration.

specification for sensor-controlled robot systems that phsically Although the TFF has applications in many contact tasks,

interact with the environment. One wants to learn about the : “ » At i
geometric parameters of the task and segment the total motio [6], [7], it cannot model “complex” contact situations, .J.e

executed by the human into subtasks for the robot that can eqc  With multiple contacts, even with polyhedral objects. Reye
be executed with simple compliant motion task specification De Schutter presented a constraint-based task specificatio

The motion of the human demonstration tool is sensed with a framework that overcomes the limitations of the TFF, and
3D camera, and the interaction with the environment is sensk provides a powerful interface to specify complex compliant

with a force sensor in the human demonstration tool. Both mea . . . . .
surements are uncertain, and do not give direct informationabout motion tasks involving multiple (contact) constraints.[8he

the geometricparameters of the contacting surfaces, or about the WOrk presented in this paper is compatible with this task
contact formationsencountered during the human demonstration. specification framework.

The paper uses a Bayesian Sequential Monte Carlo method (als

known as aparticle filter) to do the simultaneous estimation of ] [ r—

the contact formation (discrete information) and the geoméic Compliant Human

parameters (continuous information). The simultaneous cetact planning 5 Demonstration
formation segmentation and the geometric parameter estintion 9 thi

are helped by the availability of a contact state graphof all [9] [this pape}
possible contact formations. The presented approach apgms to

all compliant motion tasks involving polyhedral objects wih a xomp“am path /ompliant path
known geometry, where the uncertain geometric parametersra

the poses of the objects. This work improves the state of the
art by scaling the contact estimation to all possible contacts, by Compliant Task Generator [10]
presenting a prediction step based on théopological information
of a contact state graph, and by presenting efficient algoriims task specification
that allow the estimation to operate inrealtime In real world
experiments it is shown that the approach is able to discrirmate
in realtime between some 250 different contact formationsn the
graph.

Hybrid
Robot
controller

Index Terms— compliant motion, Bayesian estimation, particle
filter, human demonstration, task segmentation

Fig. 1. Previous research covered the integration of camplplanning and
force controlled compliant motion [10]. In this researcle tiffline planner is
I. INTRODUCTION replaced byprogramming by human demonstration
OMPLIANT motion [1] refers to tasks in which an object
held by a manipulator moves while maintaining contact Even between two simple polyhedral objectsjndreds
with the environment. The force interaction at the contaof contact formations are possible, and, hence, hundreds of
is used to guide the manipulated object along the surfairansitions between neighboring contact formations. [nJj9
of the environmental object, to help overcome geometramd Xiao developed a compliant motion planner which auto-
uncertainties associated with the task. Mason introdubed matically calculates a compliant path between two complian
Task Frame Formalisn§TFF) [2] as an intuitive interface to configurations, given the geometric model of the object® Th
compliance and force control for the specification of forceesulting compliant path is given by a sequence of relative
controlled robot tasks in theybrid Control ParadigmHCP). poses between the objects, and their contact formations. In
Bruyninckx and De Schutter made an extensive catalog [d0] Meeussen et al. automatically converted this path into
TFF models and specifications in [3], which, in the contex task specification for a force controlled manipulatorngsi
of programming by human demonstratjof#], [5], can be the Compliant Task Generato(see Fig.1). In this paper,
used as primitive building blocks to create a compliant ooti a compliant path is obtained usimgogramming by human



demonstrationwhere a human demonstrates the desired comsed for SLAM, where it dramatically improves the perfor-
pliant motion task. The demonstration can be performed inn@ance by estimating of the position of hundreds of landmarks
virtual environment using a haptic device, in the real wanyd independently using Kalman filters, while the position of th
directly interacting with a robot through a master slavdeys mobile robot is tracked using particle filters. However,don-

or, like the example presented in this paper, by observitact state estimation this type of filter cannot by used bseau
human motion when the demonstrator directly manipulates tfi) the geometrical parameters are not independent and (ii)
objects in the environment without the use of a robot. Aftehe probability on a change in contact state not only depends
the demonstration, in an interpretation step, the sendarida on an input, but also on the geometrical parameters. Slaets e
translated into a compliant path, given the geometric modal [19] already presented SLAM results in compliant motion
of the objects. This path is defined by the same parametbys building a geometric model of an unknown environment
as a path generated by the compliant motion planner, aindm a given number of primitives, and recognizing the conta
can be directly converted into a task specification for ador¢ransitions. Their approach is based on the Non-MinimateSta
controlled manipulator by the compliant task generatore ThH<alman Filter [20], and is valid if the estimation has corgext
same approach as used in the interpretation step, can be usesl unimodal Gaussian before a contact transition. They onl
during the execution of a compliant motion task, to monitallow new contact constraints to be added gradually, and no
if the executed compliant path is the same as the specifi@ohtact constraints to be removed. Recently Gadeyne eX1l. |
compliant path. developed garticle filter [22] to recognize, simultaneously,

Major challenges in the automatic translation from humasontact transitions, and estimate geometric pose parasnate
compliant motion demonstration into a path plan of a complaknowngeometric model in an unknown pose. Their approach
ant motion are: (i) to recognize tledntact formatiorto which is able to estimate (continuous) geometric parameters with
the human demonstration is currently subjected, (ii) td- esa large uncertainty, and simultaneously recognize (disgre
mate the geometric parameters of that contact formatien (i.contact transitions in an experiment consisting of sixiatit
position of contact point(s), direction of contact normsal( known possible contacts. The low number of possible cositact
etc.), and (iii) to detect when exactly the human demoristrat allows them to use a simple prediction step in the partidierfil
execution changes between two contact formations. in combination with a small number of particles.

Initial research on the identification of contact formaion This paper generalizes and scales the approach of Gadeyne
mainly focused on two different approaches: (i) ad hoet al. to cope withall possible contactbetween two polyhe-
identification strategies that exploit geometric knowledyf dral objects. To cope with this increased complexity, a more
the contacting objects, but that have a limited stochastecurate prediction step is used, based on ttyological
foundation (e.g. [11], [12]) and (i) Hidden Markov Modelinformationcontained in a contact state graph, [23], [24], and
based (hence stochastic) solutions to assembly problems the pose of the contacting objects. This paper also presents
can recognize contact formation transitions very fast my o efficient algorithms for the pose and consistency measureme
with limited allowed uncertainty (e.g. [13], [14]). equations, allowing the estimators to be usedeialtime

Previous work by the research group of the authors hasThe paper is organized as follows. Sectibbriefly reviews
pioneered (in the domain of force-controlled compliant mahe concepts of contact formations and the contact stafghgra
tion) the integration of both approaches, applying stdte-asectionlll describes the demonstration tool which is used to
the-art Bayesian probability techniques that have alrd#@ly collect sensor data during human demonstration in comiplian
come much more popular and successful in other robotigftion. The interpretation of this sensor data, using Bayes
domains with similar estimation challenges, namely mobilgstimation techniques, is covered in Sectignwhile the effi-
robot navigation (e.g. [15], [16]) and 3D computer visiorttwi cient algorithms for the estimation are discussed in Seatio
natural landmarks (e.g. [17]). All these domains must mateectionVI describes the real world experiments that validate
the sensor data to available “maps” of primitive geometritie presented approach. Sectiil discusses the strengths
building blocks, such as, for example, polyhedral striggin  and limitations of the approach. Finally, SectigHl contains
the world. Not surprisingly, all domains are confrontedhwit conclusions and future work.
similar hybrid state spaceestimation problems (also called
“data association”): the estimation problem involves saor-
tinuousstate parameters, that get their precise meaning only inll. CONTACT FORMATIONS AND THE CONTACT STATE
the context of a (“hidden”jliscretestate parameter. This latter, GRAPH
symbolic parameter indicates timeodelthat links the sensor
data to the continuous state parameters. For example,
discrete state in this paper is a so-cal{pdlyhedral) contact  The notion ofprincipal contactPCs) was introduced [25]
formation such as aredge-facecontact; the continuous stateto describe a contact primitive between two surface elesnent
parameters are then the position of the edge and the face.of two polyhedral objects in contact, where a surface elémen

In mobile robotics and 3D visual reconstruction, the comcepan be a face, an edge or a vertex. boendary elementsf a
of SLAM (Simultaneous Localization and Map Building) is dace are the edges and vertices bounding it, and the boundary
very active research field, which goes a bit beyond the scoplements of an edge are the vertices bounding it. Formally,
of this paper: this paper only does localization, and no mapPC denotes the contact between a pair of surface elements
building. The Rao-Blackwellized particle filter [18] is eft which are not boundary elements of other contacting surface

,tﬁh.eContact Formations



elements. Fig2 shows the six non-degeneraRCs that can be B. Contact State Graph

formed between two polyhedral objects. Each non-degemeratyiso and Ji developed a divide-and-merge approach [23],
PC is associated with @ntact planedefined by a contacting 124] 1o generate a compact, simplified representation of the
face or the two contacting edges at an edge-edge PC.  coniact state space between two polyhedral objects, as a
contact state grapltz. In G a node represents a CF, and an
arc connecting two nodes represents the adjacency redatjpn
between the CFs of the nodes. Two CEY; and CF}

|‘ g [ are adjacent if a compliant motion from @#£;-compliant

configuration toCFj-compliant configuration exists, which

face-face face-edge face-vertex edge-edge only includesCF; and C'F;-compliant configurations. Figh
edge-face vertex-face shows an example of a contact state graph containing seven

Fig. 2. The six possible non-degenerate principal contéees) between different CFs and their adjacency relationships. The agogto

two polyhedral objects. generates a contact state graph from a given set of localéf mo

constrained CFs, using a relaxation of the contact comsgrai

A general contact state between two objects can be ch@ihe approach was implemented to automatically generate
acterized topologically by the set of PCs formed, called a contact state graph that can contain hundreds of contact
contact formation(CF). Each configuration of two objects,formations.
i.e. their relative pose in space, compliant to the constsai
of a CF, is called aCF-compliant configurationdenoted
by a poseX. Any motion formed by a sequence of CF-
compliant configurations is called @=-compliant motionA
homogeneous transformation matrix represents the pose of a
objecta relative to an objech:

b b
b _ | Ra P

wherep® represents the position vector framto b, and R?
represents a the orientation matrix betweeandb.

Fig. 4. A complete contact state graph shows all possible @Bsges)

and transitions between neighboring CFs (arcs). While figisre shows a
A : simplified example that only contai'sCFs, a real contact state graph of two
3-dimensional polyhedral objects contains hundreds of CFs.

| =1

1EC 2 ECs 3 ECs
point contact line contact plane contact IIl. DEMONSTRATION TOOL
Fig. 3. A principal contact (PC) can be decomposed into onenore In programming by human demonstration, a task specifica-

elementary contacts (ECs), which are _associated with aacopbint and a tion for a compliant task invoIving a manipulated object #ed

contact normal. The dotted arrows indicate the edge-edge B the full . . . .

arrows indicate the vertex-face or face-vertex ECS. environment is obtained by observing a human demonstrate th
desired task. In this research the human demonstratottigtirec

) interacts with the manipulated object, usinglemonstration
A PC can be decomposed into one or mé&ementary ,q| which is mounted onto the manipulated object.
Contacts (ECs), providing a lower level description of the

CF, as shown in Fig3. The three types of ECs (face-vertex, .
vertex-face and edge-edge) are shown in the two exampfesDesign
at the right of Fig.2. An EC is a point contact and is A CAD model of the tool’s design is shown in Fif, while
associated with g@ontact pointand acontact normal For the Fig. 10 shows the tool during an experiment. A handle on
decomposition of a PC into ECs, we use the boundary poinép provides an easy grasp for the human demonstrator to
of the contacting areaas shown by the gray areas in F&. manipulate the demonstration tool and the object attached t
The contacting area can be a single point (for a vertex-fage,
face-vertex or edge-edge contact), a line (for a face-edge oThe six-dimensional pose of the demonstration tool is mea-
edge-face contact) or a polygon (for a face-face contact). sured by a Krypton K600 6D optical system (F&ymeasuring

the spatial positions of LEDs attached to the demonstration

1The vertex-vertex, vert_e>_<—qu_e, edge—ve_rtex and edge—pdgal_lel PCs tool, at 100 [Hz] or more, with a volumetric accuracy of
are called degenerate, as it is difficult to achieve a stadni¢act that includes

one of these PCs. Therefore only non-degenerate PCs arielemsin this 90 [um]. The demonstration tool itself has a hollow cylinder-
paper. like shape, consisting of nine facesiif [degrees] increments.



pose X between the demonstration to@)) and the camera
(c) can be calculated using the method described below. The
positions of the visible LED markers relative to the camera
are represented byg ...p7,. The positions of the visible
LED markers relative to the demonstration tool are constant
obtained during an initial calibration phase (SectibiRC),
and are represented by} ...p7 . The pose matrixX "
transforms the positions of the LED markers from the camera
to the demonstration tool [26]:

xt pL ... pib}{pil pib} @

Fig. 5. The design of the demonstration tool, seen from aflef and below c 1 o 1 1 o 1
(right). The red LED markers are used to track the pose of émecthstration
tool in space, while a wrench sensor mounted inside the dsiradion tool
measures the interaction forces with the environment.

Reducing the pose matrix to a rotatid®, and a translation
pt, it can be calculated by:

¢ ¢ T
On each of the faces, up to four LED markers can be mounted R. p. | =[ pf, ... p§, | [ pfl pfb ]
on eight different positions. Inside the demonstration,tao (5)

JR3wrench sensor is mounted between the demonstration tgplyhich represents the Moore Penrose pseudo-inverse [27]
and the manipulated object, in order to measure the wrengty matrix. The pose defined By, andp’ can be transformed

wy, applied by the human demonstrator to the manipulatgo a minimal six-dimensional pose representation:
object:

| (6)
usinga, 3 and~ ZYX-Euler angle$. This “measured” pose
x.,, IS an input to a linear estimation problem to obtain both the
demonstration tool’'s pos& ,,, and twistt,,, based on a con-
stant acceleration model [28]. A constant accelerationehod
assumes the demonstration tool is moving with a constant
acceleration, but the acceleration is constantly adaptsed

on the pose measurements. This results in a smooth estimatio
for the pose and twist of the demonstration tool, while degv

the twist from the pose measurements would result in a noisy
and inaccurate twist estimation. The Kalman filter [29] ie th
preferred tool for this linear estimation problem with low
uncertainties. The filter uses am-dimensional state vector
which contains the pose, the velocityz and the acceleration

&. All three 6-dimensional parameters are estimated from the
measured pose,,.

The filter's system update extrapolates the estimated pose
&, velocity  and acceleratior: at time stepk, to make a
prediction of the posez, velocity & and acceleratiori at
time stepk + 1, using a constant acceleration model:

wn=[fo fy I T 7 TZ]T. @ =z y z a B v

f denotes a linear force, andis a moment.

Fig. 6. The Krypton K600 6D optical system uses three cameras
triangulation algorithms to accurately measure the spamaition of each

of the LED markers on the demonstration tool. ‘? I At At2/2 ’?
x =0 I At x (7)
T k+1 0 0 I T k
B. Pose and Twist Estimation The filter's measurement update uses the difference between

the measured pose,, and the predicted posé at time
stepk+1, to update the estimated podg velocity * and
rflagceleration'i: at time stepk + 1:

While the wrenchw,, is directly measured by a physical
sensor, the pos&X,, and twistt,, between the contacting
objects are indirectly measured through the position of t
LED markers. A twist is a screw vector containing both

translational and rotational velocities: 4K (@ — &), ®)

8> 8> &
I
SRECRE-T

- -
tn=[ 0 vy v: wo wy w.| . (3) K+l ket

When b > 4 non-collinear LED markers.; ... Ly on the  2rne singularities of the representation can be avoided ygus different
demonstration tool are visible to all three cameras, tretivel representation (like Roll Pitch Yaw angles) depending anphbsition.



in which K is called the Kalman gain [29], which is a functionA. Hybrid Probability Density Function
of the Gaussian uncertainty on the estimated state, and the, hyprid PDF contains both continuous and discrete vari-
additive Gaussian noise on the measured pose o ables. A time-invariant variable is calledp@rameter while
The minimal representation of the estimated pasevhich 5 time-dependent variable is calledstate The continuous
uses ZYX Euler angles, can be transformed into the PoS¢  parameters in this paper are called the geometric paraspeter
which uses a rotation matrix [30]: denoted by®, and represent the pose of the manipulated
X = f(4 9) object relative to the demonstration tool and the pose of the
m f (:B) . . . .
. environmental object relative to a world reference. Nott th
Its derivatived represents the change of ZYX Euler angleghile the pose of the objects is unknown, their geometry is
over time. For given ZYX Euler angles, § and v, this  known. The discrete state in this paper represents the CF at
derivative of ZYX Euler angles can be transformed into thgme stepk, denoted byCF. Fig. 7 shows an example of

twist ¢,,, using [30]: a hybrid PDF, for a one-dimensional continuous parameter
I 0 ® and a one-dimensional discrete statg. The hybrid PDF
0 —sin(e) cos(a)cos(B) | : represents the belief that, at time sieghe discrete statér;,
by = 0 0 cos(a) sin(a)cos(B) . (10) s 4, with 0 < j < # CFs, and the continuous parameté&s
1 0 —sin(B) have a certain valué, given that the measuremens,
have a certain value;_:
C. Calibration PO=0,CFr=7j|Z1. r=21.4)2 (11)

Using the Krypton camera system, the pose of the demon-
stration tool relative to the camera is accurately measur&fmhw: k
However, the pose of the camera relative to a world reference

= j of the hybrid PDF has its own continuous PDF:

is initially unknown. Also, to derive the contact wrenchriro P(O]CFe =] 21.0)- (12)
the total measured wrench, a gravity compensation algorith

is used, which requires the knowledge of the mass and oo e L
the center of gravity of the manipulated object, as well as P (6 Eig Szigg f—
the offsets on the measured wrench. These parameters are [ A S 4 S R

estimated during a calibration procedure, previously gmesd

by Rutgeerts in [31]. The calibration procedure is based on
the Non-Minimal State Kalman Filtef20] to cope with the
non-linear measurement models.

IV. SIMULTANEOUS RECOGNITION OFCONTACT
FORMATIONS AND ESTIMATION OF GEOMETRIC
PARAMETERS

A compliant motion task can be segmented into a sequence
of CFs. At each CF, different contact constraints apply.
Therefore, to estimate uncertain geometric parameterbeof t
objects involved in a compliant motion task, the knowledge
of the current CF model is required. This means that tlﬁ:@ 7. An example of a probability density function (PDF) afhybrid

. . . . . Int density, with a one-dimensional continuous geormegtdaramete® and
estimation problem for compliant motion tasks, consists QQI’ V georoan

. one-dimensional discrete staié. All the information about the system is
two connected sub-problems: the recognition of the (diegrecontained in this one hybrid PDF, while traditional Kalmatefs do not have
CF and the estimation of (continuous) geometric paramete?‘%fﬁde”t degrees of freedom in their Gaussian PDFs to septethe same
. " . information.
For the simultaneous recognition of CFs and the estimation o
geometric parameters, a hybiftobability Density Function
(PDF) is required. The presented approach is based on particle filters, and
In this paper particle filters [22] are used to implement thigierefore the hybrid PDF is represented by a number of
hybrid estimation problem. Gadeyne et al. [21] show thatevhidiscrete samples grarticles Each particle corresponds to one
Kalman filter variants cannot cope with the cross-depengeriossible value of the hybrid state: one of the possible wabie
between discrete and continuous variables, using a hybrigl P €ach discrete state, and one value for each of the continuous
particle filters can. The particle filter algorithm updatéee t Parameters. With enough particles, it is possible to make a
discrete CF and continuous geometric parameters in a t@@0d approximation of any discrete, continuous or hybridrPD
step approach. In the first step the system model maked Ris allows particle filters to deal with virtually any typé o
prediction for the next CF and the geometric parameters. fiPF, while Kalman filters can only deal with Gaussian PDFs.
the second step the measurement model corrects this poedictiowever there is always a trade-off between the number of
based on sensor data. This section describes the models thﬁrt] the rest of the paper, the notation s shortened intoa
. . . . s = a )
are used in the estimation problem. Sectirdescribes the \nerever the distinction between a stochastic variable @mdictual value

implementation details. is unambiguous.




particles and the performance and memory requirements ofl) Contact distance measurement model based on pose

the filter. measurementsThe contact distance measurement model ex-
presses that when the manipulated object is in contact fvith t
environmental object, the distance between the objectiseat t

B. System Model — Prediction contact points should be zero, thereby closing the kinemati

cgain between the objects. The distance between the objects

The prediction step uses the system model to make - :
at non-contact points should be greater than zero, expessi

prediction for the hybrid joint density at time stép given

the hybrid joint density at time steb— 1: that the objects d_o_ not penetrate nor cqntact.
The decomposition of a general CF into ECs (Sectign
PO.CFr=7]|2z1.%1)= allows the automatic generation of the contact distance- mea

. ‘ . surement equation for different CF models [32]. Say the
Z P(CFr=710,CFra =0) P(0,Chia =1]216)-  imper of possible ECs between the manipulated object and
’ (13) the environmental object all possibleCFs isp. This number

is a constant that only depends on the geometry of the two
This simplified prediction step is valid because the estuatcontacting objects, not on the current CF. Each CF in the
geometric parametei® are time-invariant, and only the statecontact state graph can be decomposed into one or more
CF changes during time [21]. The system model is a stafeCs, therefore, the total number of possible ECs is ever
transition prediction function that expresses the betied ICF greater than the number of CFs, and typically in the range
transition from aCF,_; =i at time stept — 1, to aCF;, = j at  of 102 to 103. At eachEC, .. . EC, the distance between the
time stepk, given the geometric parametétsand is defined objects is calculated. A new measurement variable is ateate
by: by combining all these distances into one distance vector:

P =710 1 =1). 14
(CFr=1310,CFr1 =1) (14) dn=[d ... d, (17)

To predict the next CF out of hundreds of theoretically pulsi This new distance measurement variable is a nonlinear func-

next CFS, the tOpOIOg|CaI information from the Ob]eCtS,ta]m] tion of the pose measuremextrn and the geometric parame-

state graph is used. Between each two CFs that are connegiedl@. The contact distance measurement equation expresses

in the contact state graph, a direct CF transition is possibihe pelief in the distance vector, given the current stae =
while between two unconnected CFs a transition is onlyand the geometric parametets

possible through one or more other CFs. This topological
information drastically reduces the number of possiblet nex P(dn|0,CF, =j). (18)

CFs; many of the transition probabilities ih4) are zero, and . .
) 2) Residue measurement model based on wrench-twist mea-
hence 13) contains fewer non-zero terms. ) .
surements: The residue measurement model expresses the

The accurate prediction of CF transitions is important foc,ronsistency between the contact constraints, and the fwrenc
the filter's performance, since the number of particles eded ’

; - taint th i ters is th and twist measurements,, and t,, [33], [34]. The con-
oragiven uncertainty on the geometric parameters 1s tiMecsistency is expressed by a residue veatgy, which is the
linked to the quality of the prediction step.

part of the measured twist and wrench that is not explained

by the first order kinematics of an ideal frictionless cofitac

it should vanish when the measurements and the model are

consistent. For a given pose and CF, the first order kinematic
The correction step uses the measurement model to calculate represented by a wrench spageand a twist spacd .

the hybrid joint density at time stég given the prediction13) The wrench space contains all possible wrenches that can be

}T

C. Measurement Model — Correction

for the hybrid joint density at time stefx applied between the contacting objects at the current posk,
) is represented by a matr® which spans the wrench space.
P(0,CFr=3|z1.%) x (15) The twist space contains all possible instantaneous ttists
P(zy|0,CF = j)P(0,CFr=j | 2z1. k1) maintain the contact, and is represented by a métrixhich

spans the twist space. The consistency betwegn t,,, and

. 7T, is expressed by thé2-dimensional residue vector
Tm, CONtaining a six-dimensional wrench residue and a six-
dimensional twist residue:

P(z1|0,CFr=7). (16) [ T-WWixw 0 W,
Tm = 0 I— TTTKf tm . (19)

The measurement model represents the belief in a meas
ment zy, given the geometric parameteédsand theCF;, = j,
and is defined by:

In this research, two different measurement models are used

to update the hybrid PDF. The first model is based on the poae operatof=« represents the weighted pseudo-inverse [35],
measuremenkX ,,, in (9), and the second model is based of36] of a matrix using a positive definite weighting matrix
the wrench and twist measurements, in (2) andt,, in (10). Kw = Ly, L., and is defined by:

Both measurements models are applied in every correction " T
step. Wire = (wa) L. (20)



The residuer,,, contains the difference between the measuré&¥f (sayC'F;) includes EC, as well asECy, the distances
wrench (twist) and its projection in the wrench (twist) spacd; ... ds are calculated, and not the distan&e In the former

It is a nonlinear function of the pos&X,,, the CF, the case, distancé, is not calculated, and thus the probability on
geometrical paramete®, and the measured wrenat,, and C'F,, does not decrease whén gets smaller. However, when
twist t,,,. The residue measurement equation expresses thegets smaller, the probability o/}, (which is a neighbor
belief in the residue vector, given the current stéfe, = ; of C'F,) increases, and'F;, still becomes more probable than
and the geometric parametéts CF,, althoughd, is not calculated in the case GfF,.

P(ry | 0,CFf = j). (21)

V. IMPLEMENTATION DETAILS

This section describes the implementation details of the
system model in X4) and the measurement models b8Y
and @1), presented in the previous section. The presented
implementation is capable of processiiyy 000 particle$ per
second, on & [GHz] AMD 64 laptop, sufficient for realtime
discrimination betweer245 CFs and estimation of uncertain
geometrical parameters. This performance is achieved by ex ] ) )
ploiting application—specific knowledge and using appltm} Fig. 8. For the calculation of the distance veathy, only the distances at the

o ., ECs of assumed CF and the ECs that are directly connected tassumed
specific “shortcuts”, such as: CF by an edge, are calculated.

o assuming probabilities to be independent,

« not calculating or only approximating probabilities that i . .
are not relevant, such as the probabilities of contacc{t-rhe probabilities of the distancess . .. d, are not indepen-

distances at ECs not adjacent to the current CF, ent, but are all linked by the probability of the measured

« developing numerically efficient algorithms that také)oseX’”' The nonllne_ar relatlo_n betwee_n the probabilities
._0of the pose and the distances is expensive to calculate, and
advantage of the orthonormal nature of the matric

obtained from a singular value decomposition, and l:f'ﬁerefore the distancek are assumed to be independent. The

« choosing easy to evaluate PDFs based on normal dis Ir_obablhty of the distance vector, as expressed1i),(can

butions and uniform distributions. F1en be calculated by:

The particle filter implementation uses 18-dimensional ' P '
hybrid joint density PDF, consisting of a2-dimensional P(dm | 0.CFr=j5) =] P(di|0.CF.=3j), (22)
continuous parameter and one discrete state. The consnuou =1

parametel® contains geometric parameters that represent the,ore p (d; | 8,CF, = j) expresses the belief in a distance
unknown pose of the environmental object relative to a worlflassurement at thié® EC.

reference, and the unknown pose of the manipulated objeCtq istance calculation at the ECs is helped by the use

rela.tive to the der_nonstration tool. The geomet.ry Of, both tr}ﬁ spherical boundary boxes around the elements of the ECs.
enqunmental object a”‘?' the manipulated object IS know nly when two boundary boxes intersect, the exact distahce a
Tg_e dlscr%te ﬁtatﬂ?: c_:ontams the CdF betw;:en the mfan:qpulate n EC is calculated. When the boundary boxes do not intersect
object and the environment, and can be any of the magﬁeaning that the elements of the EC are far apart) the exact

hundreds Ofb_CFS in a complete contact state graph of g nce has no real influence on the filter's behavior, and is
contacting objects. approximated by the distance between the boundary boxes.

In this paper, the PDF of a distanek at an EC that is
A. Contact Distance Measurement Equation part of the current CF, is shown by the dashed line in Bjg.
The pose measurement model &8 expresses the belief while the PDF for a distancé; at an EC that is not part of
in the distance vectod,,, which contains the distances bethe current PC, is shown by the continuous line.
tween the involved objects at all possible ECs. Calculating
all these distances for each pose between the objects would _
be numerically expensive. Therefore, only the distances Bt Residue Measurement Equation
ECs that are relevant in the aSSl.]l'T'IeQ6 @Fe calculated. The The residue measurement mode|m)(expresses the belief
relevant distances are the distances at the ECs of the adsufRahe residue vector,,,, which is a measure for the consis-
CF, as well as the ECs directly connected to the assumgfcy between the first order kinematics of the contact model
CF by an edge. When in the example in Fythe assumed and the measured twist and wrench. This section presents an
CF (sayC'F,) only includesECy, the distanced, ...ds are efficient approach to calculate the residue vector. It eifgpthe
calculated, and not the distanaés. . . ds. When the assumed orthonormal nature of the matrices obtained fromsirgular
4Processing one particle includes one system update, twsureaent Ya'“e decompOSItIO('SV[?),. to replace two weighted F.)?eUdoT
updates and the overhead of the particle filter such as relsam inverses by two more efficient transposes, for a specificaghoi
5The assumed CF is the CF that is given 18)( the CF), = j of the weighting matrices.
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N ‘ ‘ Choosing a diagonal weighting matri,,, the product of
1 a wrench space with this weighting matrix corresponds to a
change of unitsof the wrench space:

w IS IS
& S a
S S} S

P | Wep =K, ,Wer, (26)

Density

in which W, . represents the same wrench spacé¥ag r,
b | using different units. The reciprocity condition iB5) imposes

! . that when the units of the wrench space change uiih

J \ ] betweenW andW’, the units of the twist space change with
100} ,‘ | ] K ' betweenT andT":

Probabilit

-

a

=)
T

J y ’ wT = (K, ,W)T(K,'T) =o0. 27)

5
Distance[m)] x10°

Therefore, when choosing the weighting matrices:

Fig. 9. The probability density function on the distance mtEC between

. - . : - .
two objects in contact (dashed line) and at an EC between bhjerts not in K, = Kw , (28)
contact (continuous line).

the SVD of W, - instead of 24), results in a wrench space
W' weighted with K, and a twist spac@” weighted with
1) Twist and Wrench SpaceThe first order kinematics K ':
of an ideal frictionless contact are represented by thel loca
wrench and twist space at the CF. The wrench space of a CF
is calculated by taking the union of the wrench spaces at eaﬁQ

individual EC of the CF. The wrench space at an EC is alwa%s e calculation of the residue vector is mdependent of the
. : ' . ases used to represent the wrench and twist space. However,
one-dimensional and defined by a wrench veaigs- with

. . . /
zero torque when expressed at the EC itself. For a CF zg/\/ithChOOSIng the numerically orthonormal matrid8s’ andT" to

. ) represent the wrench and twist space, the pseudo-inverse of
ECs, the wrench space of the CF is represented by the wrench and twist space is reduced to a transpose:

Wep=[W T]SV7, (29)

WCF = [ WEc, e chq } . (23) W/T _ W’T
Using the SVD of this representation of the wrench space T — T (30)
W or, a baséW and a bas for its dual space are obtained
[10]: This results in the calculation of the residue @B with a
Wer =W T sﬁxqvqTXq, (24) numerical cost of only one SVD ir2g):
in which the diagonal elements & are the singular values, K I-ww'’T 0 K-l ] wm
and the matrixV is orthonormal. The matri{W T] is Tm = 0 I-17717 tm |’

also orthonormal, however, all columns of the wrench space (31)
should be reciprocal to all columns of the twist space [37h which

meaning that any possible twistof T' produces no work in K,' 0
the interaction with any possible wrenai of W: K = { 0 K, } : (32)
T
w'T=0. (25)  The importance of reducing the number of SVDs required

The notion of orthogonality is often used to interpret thei+e becomes. clear _When using profiling tools to measure the
computational time spent on each of the sub-algorithms.

procity condition, but is not applicable because the ortimad- :
ity can only be defined between elements of the same Spalggducmg_ the number of SVDs frpm to_1 decreqsed the
. -~ Mmputational cost of the overall filter withb%. Using the
and twist and wrench spaces are distinct vector spaces [3§]. . : . A
. : efficient algorithm still60% of the overall computation time
To interpret the orthogonal columns @V T as reciprocal is spent on this one SVD
wrenches and twists, we assign compatible units to forces, P ’

torques, rotational velocities and translational velesit ; In(j”é'_s Paper, tr;eGPDF _Of the res;dmtgﬁ 'S representgg by d
2) Implementation with a single SVDEhe calculation of W b-CIMENSIoNA! SaLISSIANS, One for He WIENC TeSICUE an

the residuer,, in (19 includes one SVD of the wrench "¢ for the twist residue.
spaceW ¢x (24), and two weighted pseudo—inversﬁgTKw .

andT'x: that each require another SVD. These calculationgignang a0 o e units of a wrench vector using a diago
are numerically expensive. However, a smart choice of the /"] 0-00L o e
weighting matriced<,, and K; reduces the numerical cost to = Y o
0.001 ws[Nm]
1 wg[Nm]

w3[N]
a single SVD, using the following method.

wy[Ndm]
wg[Nkm]
wg[Nm]




C. System Update

The system update calculates the prediction density at time
step k, given the estimated variables at time step- 1, as
described by equatiorl®). This prediction step is based on
the probability of a transition from &F,_; = i to aCFy = j.

The adjacency relationship between CFs, which is defined by
arcs connecting CFs in the contact state graph, indicatas if
direct transition between two CFs is possible without passi
through any other CF (see Fig). If two CFsi andj are not
adjacent, the probability of a transition is defined by:

P(CFy=70,CFi1 =14)=0. (33) (]

For two adjacent CFsandj, the probability of a transition is

defined by the distance vectdy, between the two objects, asFig. 10. In the experiment to validate the presented appr@acube is
defined in equationi(7). The closer the two objects are, thdnanipulated in contact with three perpendicular faces.

more likely a transition will occur:

P(CFr=7|60,CFr1=1i)=P(dn|0,CFr=j) (34)

The probability is calculated identical to the contact aliste
probability in (18). Because the probability of a CF transitior
only depends on the involved CFs and the pose measurem
the approach does not require a separate training phase
assign probabilities to CF transitions.

D. Software

The algorithms presented in this paper are implement
within the framework offered by the open source C+:
Bayesian Filtering Library (BFL) [39]. BFL offers a unifyin
framework for all recursive Bayesian filters, such as Kalme
filters, extended Kalman filters and particle filters. It pdms
efficient implementations of various filter algorithms.

The software for the automatic generation of a contact stz
graph, given a geometric description of two polyhedral otsie
is provided by Jing Xiao of the University of North Caroling
at Charlotte and her research group. Their algorithms gémer
a complete contact state graph containing hundreds of C
within seconds.

facey

Fig. 11. The CF evolution of a human demonstration where @ dab
VI. EXPERIMENTS manipulated in contact with two perpendicular faces.

This section reports on the real world experiment to vatidat
the presented approach. In the experiment, a human demon-
strator manipulates a cube through a complex sequence of
CFs in an environment consisting of three perpendiculaarsfacthe 2, y and z

Fig. 10 shows the experimental setup and FIg. shows the ,jentation. The discrete state can be any of 2 possible

sequence of CFs. . CFs between the cube and the planes, and there is initially no
During the demonstration, sensors mounted on the dem%’ntact between the objects

stration tool measure its pose, twist and contact wrenck. Th

initial uncertainty on thd 2-dimensional continuous geometric The Gaussian PDF on the wrench residue has a sigma
parameters, which are the poses of the environmental @wlindary of10.0 [N] for the forces andl.0 [Nm] for the
manipulated objects, is represented by uniform distrdmgi torques, while the Gaussian PDF on the twist residue has a
The uniform distribution on the pose of the environmentaigma boundary 06.001 [m/s] for the translational velocity
object relative to a world reference, has a width16f[mm]| andO0.01 [rad/s] for the rotational velocities. The Gaussian
on the  and y positions, 130 [mm] on the z position PDF on the distance at an EC of the current CF a sigma
and 0.5 [rad] on the roll-pitch-yaw orientation. The uniformboundary 0f0.005 [m]. The PDF on the distance at an EC
distribution on the pose of the manipulated object relatitbat is not part of the current CF is the only one with a non-
to the demonstration tool, has has a width ofimm| on zero expected value 6f1[m]. The wrench and twist weighting

positions and).5 [rad] on the roll-pitch-yaw
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matrices are chosen:

1
1 0 0.2
2
K,—K ' 1 35 °
w t 10 ’ % 0.1
0 10 g
10 0 = ————————
0 0.05 0.1 0.15 0.2 0.25
Based on multiple experiments it was shown tl2at000 = position of environmenfr]
particles are sufficient to obtain a robust recognition af tt 02 ‘ ‘
CFs. Although for a single experiment it is sometimes pdssit 2
to lower the number of particles to as little &800 and still 20_1,
obtain the same CF segmentation, at 1€2&000 particles i
are needed to ensure that the CF recognition for all simil - ‘ ‘ ‘
experiments with a comparable uncertainty is successhd. T 0 0.05 01 0.15 02 0.25
joint posterior PDF is dynamically re-sampled using impo = postion of emronmentr]
tance sampling, once the effective number of particlessira .
below 12.000. &
201f
A. Approach to First Contact g o L
In the first part of the experiment, the cube has no conte % 0.05 0.1 0.15 02 0.25
with the environment, and approaches one of the planes of = position of environmen(rn]
environment. Fig12 shows the time evolution of the uncer- %2 ‘ ‘ ‘
tainty on thez position of the environment. The uncertainty %:
on this position, represented by a histogram] isomponent g 0Lf
of the 12-dimensional continuous parameter; it is obtained t & ;
integrating over the1l other components, for a given CF. 0 ‘ ‘ :
The first five sub-figures show the position parameter for tl 0 005 zpog{iin o envimn:';tsm] 02 025
no-contact CF, while the sixth sub-figure shows the positic 02
parameter for the first vertex-face CF. Initially the pasitiis g
represented by a uniform distribution, indicating thatréhis 2017
littte knowledge about its value. When the cube approach %
the plane, the probability decreases on the left side of t £ T e
distribution. This shows that the cube “penetrated” onehef t 9% 0.05 o1 015 02 005
possible positions of the plane without detecting a conta = position of environmen(rm]
thus proving that possible position invalid. This evolatio 02 ‘ ‘
continues until the cube makes a vertex-face CF with tl b
plane. The CF transition is detected due to the inconsigter go_l—
between the measured wrench and the assumed no-cor i
CF. The knowledge about the vertex-face CF allows accuri “ - . ‘

estimation of the position of the plane, also decreasing t 0 0.05 o1 015 0.2 0.25
probability on the right side of the uniform distribution. = postton of envronmentrm]

V\_/he_n the pI’Obablllty d_e,nSIty de,cre,ases on one side of tFig. 12. The time evolution of the probability density on tpesition of
distribution, the probability density increases for thetref 5 piane, when approaching the plane with a cube. The vetiwalshows

the distribution, keeping the total probability unchanged  the true position of the plane. The probability density dases gradually
when the cube approaches. The last figure shows how the pliybebnsity
suddenly decreases when the cube makes contact with the. plan

B. Sequence of Contact Formations
In the rest of the experiment, the cube is manipulated in
contact with the environment, through a complex sequence of, removing contact constraint§'¢s to C'Fg),
CFs. The demonstrated sequence of CFs and the dimension Qf adding many contact constraints at on€&§ to C'F),

the wrench and twist spaces is shown in Talbénd Fig.ll. ° removing many contact constraints at onﬁ’aﬁﬁ to CFS)'
The experiment includes complex CFs and CF transitions, and

such as: o Simultaneous contacts with the two planésfy).
« adding contact constraint&’{"; to C'F» to C'F3), Fig. 13 shows the evolution of the estimated probability on

each of the245 possible CFs. Each CF is one possible value of
"The hybrid PDF is represented by discrete samples; theraiteger the P P

parameters of the PDF is approximated by the summation teediscrete the discrete state, and its prObabi"Fy is obtained by irztgg
samples. over all 12 components of the continuous parameter, for each
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TABLE |

timestep. To allow the same uncertainty on the geomet-
THE SEQUENCE OFCFS BETWEEN THE CUBE AND ITS ENVIRONMENT

rical parameters, the approach in [21] would require the
same number of particles per CF, resulting4ih times

gg Principal Contacts Wrench | Twet more particles. For the presented experiment this would
CF, | facel-vertexl 1 5 result in 980, 000 required particles.

CF3 | facel-edgel 2 4 o Performance The approach in [21] is able to process
gg‘; facel-edgel facez-vertex 3 s 3,000 particles per second on a1 [GHz| laptop.
CFs | no contact 0 6 Assuming this older hardware is a factbslower than the
CF; | facel-face3 3 3 2 [GH z] laptop used for the experiments in this paper, the
g?: ;Zggi:ggggi 3 3 presented approach is still5 times faster in processing

particles 00,000 particles per second compared4ox

3,000 particles).
Combining both the decreased number of required particles
of the possible values of the discrete state. At each time Stg,q the increased performance, the presented approach is
only a few CFs have a probability greater than zero. Thg7 5 times faster than the approach in [21], which for
particle filters successfully assign the highest probigttiti the e presented experiment results in processing particles i
CF that corresponds to the true CF in the experiment. Notigg;time at4.5 [Hz] instead of atg% [Hz]. In addition to this
thatC'Fg andCFy have a relevant probability in the respective,creased processing speed, the presented appraochearsnsid
measurement intervall20 — 150] and [184 — 186]. Both {he geometric features of the object (faces and edges) to
these CFs are neighboring to the true CF in the measuremggtfinite, and applies an improved measurement model (see

interval. SectionVII-C).
‘ ‘ ‘ ‘ ‘ ‘ ‘ VII. DISCUSSION
LR R o e O A. Contact State Graph
The contact state graph contains the adjacency relation
o8y 7 between CFs. Two CFs are adjacent when a direct transition

between them is possible, without going through any other

CF. The system model directly applies this adjacency waiati

by only allowing a CF transition between adjacent CFs in

(33). This knowledge about the adjacency relation drastically

reduces the search field for possible next CFs. However, one

CFy could imagine a situation where the intermediate CF between
two not-adjacent (but almost adjacent) CFs is skipped. In

L4 | the example in Figl4, this could be a jump betweedF}

and CF3, without going throughCF;. The system model

Probcgbilityo

/

0 20 40 60 80 100 120 140 160 180 200
# Processed Measurements

Fig. 13. The CF evolution of a human demonstration where a dsb
manipulated in contact with two perpendicular faces. Thaution is shown
by the probability on each of the CFs. The sequence is listethblel.

CF1 CF2 CF3

C. Comparison with previous approach
Fig. 14. Moving directly fromC'F, to C'F3 corresponds to a jump in the

The effectiveness of the presented approach is shown whertact state graph. However, the estimated CF will comvéng> 5 by first
comparing the obtained experimental results with the tesupassing througi’ .
previously obtained by Gadeyne et al. in [21]. The main
improvements with respect to the appraoch in [21] are fouRgl|| not be able to directly recognize the new CF, since it
in the number of particles needed to estimate the hybrie stg5 not adjacent to the current CF. However, if the path in
and the performance of the presented algorithms. the contact state graph between the current and the new CF
« Number of particles The approach in [21] does not usehas a constantly increasing or decreasing number of contact
the topological information of a contact state graph, armmbnstraints, the estimation will converge to the new CF. In
therefore requires to consider a5 possible CFs at this case, given the pose wrench and twist measurements at
each timestep. The approach in this paper only requirestbee new CF, each intermediate CF on the path between the
evaluate theneighboringCFs, which reduces the numbercurrent and new CF will be more and more probable, guiding
of CFs to consider to an average 6f CFs at each the estimation to the new CF. When this is not the case and the
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jump in the contact state graph is too large, the localipaitio to distinguish between two models in the same CF, the
the contact state graph is lost, encountering the “kidndppeonsistency model can also be used to distinguish between
robot” problem [40]. Adding random possible CFs to theifferent CFs.

particle filters can help to cope with this problem.

VIIl. CONCLUSIONS

B. Probability Density Functions . S e
y y ) . . This paper presents a contribution to the task specification

The PDFs on the distance vector i8[ and the residue ,5cess for sensor-controlled robot systems that phygical
vector in @1) indirectly define the belief in the pose, wrenchiaract with the environment, with a focus on compliant
and twist measurements. The choice of these PDFs is aWaYstion tasks. As shown in Figl, previous research uses
somewhat arbitrary, however, it is possible to make a proy 5ytomated off-line compliant path planner to generate a
lem specific but physically founded choice, considering thé,mpjiant path. This compliant path is then automatically
accuracy of (i) the physical sensors used, (i) the calibrat ;onerted into a task specification for a hybrid controller,
of the sensors, and (iii) the models used to describe the r§a|nq the compliant task generator. This paper presenta@no
yvorld. The PDF on the wrench residue is domlnqted_ by t%proach to obtain a compliant path, using programming by
inaccuracy of the contact model that does not consideidrict j,; man demonstration.
nor inertia forces. The PDFs on the twist residue and the|, ihe demonstration step, a human demonstrates a com-
contact distance are mainly influenced by the inaccuracy g n task by directly manipulating an object in contact
the calibration of the demonstration tool, and the defoiomat .1, i< environment, using a demonstration tool. During th

of the demonstration tool. The actual values of the PDFs &i€monstration, the krypton 6D optical system measures the

given in Sectionv. _ pose and twist of the manipulated object, while a wrench
Applying a model that differs from the real world not onlyse o measures the interaction forces between the dotact
affects the chosen uncertainty on the sensor measurerbahts

. ) objects. Subsequently, in the interpretation step, thesa-m
also the number of particles needed for the filter, and hétee { ;. cments are interpreted using sequential Bayesianatitim

performance of the filter. Using the presented method Whﬁﬂ:hniques.
manipulating e.g. a flexible object will require more paetic Similar to the more familiar localization, tracking and

the_n when manipulating e.g. a rigid object, because a rIqjtgcognition problems in mobile robotics, the approathul-
object better matches the used contact model. taneouslyrecognizes CF transitions and estimates geometrical
parameters. The approach is based on the Bayesian seduentia
C. Consistency versus Reciprocity Monte Carlo method, or particle filter, and can cope with
To link the wrench and twist measurements to the geomethybrid (partly discrete, partly continuous) joint postervari-
parameters in a given CF, two different models where pre@bles containing both the CF and geometrical parameters of
ously presented in literature: the consistency model (isedthe environment. While previously presented results irs thi
this paper) and the reciprocity model [33], [34]. field only allowed certain CFs or certain CF transitionss thi
The reciprocity model expresses that a measured twaiiproach scales the search spacelt@ossible CFsbetween
(wrench) produces no work against the wrench (twist) vectdhe contacting objects, using thepological informationcon-
of the wrench (twist) space, and is expressed by Ghe tained in a contact state graph. This extension in comiwnati

dimensional power vector: with new efficient algorithms, allow theealtime simultaneous
recognition of CFs and estimation of geometric parameters.
e = [ € V(:/' ] [ 1;”” } . (36) The approach applies to convex as well as to concave polyhe-
m dral objects with a known geometry, but at an unknown pose,

The power vector contaings components resulting from and is able to efficiently recognize the CF at each step of a
T - w,, and (6 — n) components fron¥ - t,,, with n the human demonstration out of many hundreds of possible CFs.
dimension of the twist space. The reciprocity model fallsrsh Experimental results verify the effectiveness of the mdtho
when comparing two models with two different CFs, when on&hile in [13] the probability of CF transitions is trained,
CF has a higher dimensional twist space than the other @ife experimental results presented in this paper do not use
For example, when the measured twist and wrench are zexoy prior knowledge about the probability of CF transitions
and the measured twist has a lower (higher) uncertainty th@raining the CF transitions in the contact state graph using
the measured wrench, the reciprocity model will alwaysegrefsensor data gathered during multiple demonstrations is an
a CF with the higher dimensional twist (wrench) space. interesting topic for future research.

The consistency model, which expresses that the measureth this paper the presented particle filters are applied to
twist (wrench) is a linear combination of the twist (wrench¥ensor data gathered during a human demonstration. How-
base vectors of the twist (wrench) space, does not suffarer, the estimators can also be used to process sensor data
from the same shortcoming. 1i2-dimensional residue vectorcollected during the execution of a compliant motion task.
in (19 always contaings components from the measuredVhen processing this data online, during the execution, the
twist, and 6 components from the measured wrench, thiestimators can provide feedback to the robot controlleugbo
avoiding favoring a higher dimensional twist or wrench spacthe current CF and estimate geometrical parameters reiated
Therefore, while the reciprocity model is only appropriatthe robot manipulator and its environment. The performafice
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the presented algorithms is sufficient to process all seshsiar [17] A. J. Davison, Y. G. Cid, and N. Kita, “Real-time 3D SLAMith wide-
in realtime. Using the estimators online to provide feedtbac
for the robot controller will be the subject of further resga |14
and experiments.
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