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Abstract. Grasping is one of the most imp ortan t abilities needed for fu-

ture service rob ots. In the task of pic king up an ob ject from b et w een clut-

ter, traditional rob otics approac hes w ould determine a suitable grasping

p oin t and then use a mo v emen t planner to reac h the goal. The planner

w ould require precise and accurate information ab out the en vironmen t

and long computation times, b oth of whic h are often not a v ailable. There-

fore, metho ds are needed that execute grasps robustly ev en with impre-

cise information gathered only from standard stereo vision. W e prop ose

tec hniques that reactiv ely mo dify the rob ot's learned motor primitiv es

based on non-parametric p oten tial �elds cen tered on the Early Cogni-

tiv e Vision descriptors. These allo w b oth obstacle a v oidance, and the

adapting of �nger motions to the ob ject's lo cal geometry . The metho ds

w ere tested on a real rob ot, where they led to impro v ed adaptabilit y and

qualit y of grasping actions.

1 In tro duction

Consider grasping an ob ject at a sp eci�c p oin t in a cluttered space, a common

task for future service rob ots. A v oiding collisions is easy for h umans, as is pre-

shaping the hand to matc h the shap e of the ob ject to b e grasp ed. Most adults

p erform these actions quic kly and without excessiv e planning. All of these ac-

tions o ccur b efore the hand comes in to con tact with the ob ject, and can therefore

b e accomplished using stereo vision [1, 2]. In con trast, rob ots often struggle with

executing this task, and rely on sp ecially designed sensors (e.g., laser scanner,

ERFID) to get accurate and complete represen tations of the ob ject and en viron-

men t [3, 4], follo w ed b y length y planning phases in sim ulation [5].

T o a v oid excessiv e planning, a rob ot can emplo y a sensor-based con troller,

whic h adjusts its motions online when in the pro ximit y of obstacles or other ex-

ternal stim uli [6]. Sensors suc h as time-of-�igh t cameras, ultrasonic sonar arra ys,

and laser range �nders are fa v ored for these purp oses due to their relativ ely dense

sampling abilities [7, 8]. Stereo vision systems, while usually giving sparser read-

ings, ha v e also b een used for obstacle detection, esp ecially in the �eld of mobile

rob ots. Ho w ev er, these metho ds often rely on task-sp eci�c prior kno wledge (e.g,

assume the ground is �at) and are designed to a v oid obstacles completely [8, 9],

while the rob ot m ust get close to the ob ject for grasping tasks. In terms of rob ot
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A. Scene B. ECV Represen tation

Fig. 1. A) The rob ot used in our exp erimen ts and an example of a grasping task in a

cluttered en vironmen t. B) The green ECVDs represen t the ob ject to b e grasp ed, while

the surrounding ECVDs in the scene are clutter. The co ordinate frame of one of the

rob ot's �ngers and v ariables used in section 2 are sho wn. The x - y - z co ordinate system

is lo cated at the base of the �nger, with z orthogonal to the palm, and y in the direction

of the extended �nger. The mark ed ECVD on the left signi�es the j th

descriptor, with

its p osition at v j = ( vjx ; vjy ; vjz )T
, and edge direction ej = ( ejx ; ejy ; ejz )T

of unit

length. The p osition of the �nger tip is giv en b y p = ( px ; py ; pz )T
.

manipulators, the researc h has fo cused on coarse ob ject represen tations of no v el

ob jects [10� 13] and using additional sensor arra ys when in close pro ximit y to

the ob ject [14, 15].

In this pap er, w e prop ose a sensor-based rob ot con troller that can p erform

h uman inspired grasping motions, including preshaping of the hand, smo oth and

adaptiv e motion tra jectories, and obstacle a v oidance, using only stereo vision to

detect the en vironmen t. The con troller uses p oten tial �eld metho ds [6], whic h

treat the rob ot's state as a particle in a force-�eld; i.e. the rob ot is attracted to

a goal state, and rep elled from obstacles.

The system uses the dynamical system motor primitiv e (DMP) framew ork [16,

17] for the attractor �eld, whic h are capable of enco ding complex tra jectories

and adapting to di�eren t grasp lo cations. These DMPs are implemen ted as a

passiv e dynamical system sup erimp osed with an external force; i.e.,

•y = � z (� z � � 2(g � y) � � � 1 _y) + a� � 2f (x); (1)

where � z and � z are constan ts, � con trols the duration of the primitiv e, a is an

amplitude, f (x) is a nonlinear function, and g is the goal for the state v ariable y .

The v ariable x 2 [0; 1] is the state of a canonical system _x = � �x , whic h ensures

that the di�eren t hand and arm motions are sync hronized. The function f (x)
is used to enco de the tra jectory for reac hing the goal state, and tak es the form

f (x) = (
P M

i =1  i )� 1 P M
j =1  j (x)wj x , where  (x) are M Gaussian basis func-

tions, and w are w eigh ts. The w eigh ts w can b e programmed through imitation

learning [18]. The DMPs treat the goal state g as an adjustable v ariable and

ensure that this �nal state is alw a ys reac hed.
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The scene's visual represen tation is used to augmen t the DMP motions and

form the basis of the rep elling �eld. The scene description needs to b e in 3D, w ork

at a �ne scale to main tain geometric details, and represen t the scene sparsely to

reduce the n um b er of calculations required p er time step. The Early Cognitiv e

Vision system of Pugeault et al. [19, 20] (see Fig. 1) ful�lls these requiremen ts

b y extracting edge features from the observ ed scene. The system subsequen tly

lo calizes and orien tates these edges in 3D space [21], with the resulting features

kno wn as early cognitiv e vision descriptors (ECVD) [19]. By using a large n um b er

of small ECVDs, an y arbitrary ob ject/scene can b e represen ted.

The metho ds for generating the DMP and ECVD based p oten tial �elds are

detailed in Section 2. In Section 3, the system is tested on a real rob ot and

sho wn to b e capable of a v oiding obstacles and adapting the �ngers to the lo cal

geometry of the ob ject for impro v ed grasps using only stereo vision.

2 Metho ds for Reactiv e Grasping

The metho ds prop osed in this section w ere inspired b y h uman mo v emen ts. Hu-

man grasping mo v emen ts can b e mo deled as t w o link ed comp onen ts, transp orta-

tion and preshaping, sync hronized b y a shared timer or canonical system [22, 23].

T ransp ortation refers to the actions of the arm in mo ving the hand, while the

preshaping con trols the op ening and subsequen t closing of the �ngers [24].

Humans p erform the reac hing/transp ortation comp onen t in a task-sp eci�c

com bination of retina and hand co ordinates [25], whic h allo ws for easier sp eci�-

cation of ob ject tra jectories in a manipulation task than join t co ordinates w ould

and also results in a reduction in dimensionalit y .

Similar to the transp ortation comp onen t, the main purp ose of the �nger

p osture comp onen t is to preshap e the hand b y extending the �ngers su�cien tly

for them to pass around the ob ject up on approac h, and then close on the ob ject

sim ultaneously for a go o d grasp [22, 24]. Ov er-extending the �ngers is undesirable

as it mak es collisions with the en vironmen t more lik ely and is usually restricted

to situations where the shap e of the ob ject is uncertain [22, 26].

The DMP and ECVD based p oten tial �eld implemen tations are describ ed in

Sections 2.1 and 2.2. Section 2.3 prop oses metho ds that impro v es the in terp ola-

tion of grasping mo v emen ts to new grasp lo cations.

2.1 Regular Dynamical Motor Primitiv es for Grasping

The �rst step to w ards sp ecifying the grasping mo v emen ts is to de�ne an attractor

�eld as a DMP that enco des the desired mo v emen ts giv en no obstacles. The

principal features that need to b e de�ned for these DMPs are the goal p ositions,

and the generic shap e of the tra jectories to reac h the goal.

Determining the goal p osture of the hand using the ECVDs has b een in v esti-

gated in a previous pap er [27]. P ossible grasp lo cations w ere h yp othesized from

the geometry and color features of the ECVDs, and subsequen tly used to create

a k ernel densit y estimate of suitable grasps. It w as then re�ned b y ev aluating

grasps on the real system. Ho w ev er, this grasp syn thesizer only giv es the desired

lo cation and orien tation of the hand and not the exact �nger lo cations.
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Using the ECVDs, the goal p osition of eac h �nger is determined b y �rst

estimating a lo cal con tact plane for the ob ject in the �nger co ordinate system

sho wn in Fig. 1. If the region to b e grasp ed is not planar, it can still b e linearly

appro ximated as suc h for eac h �nger to giv e go o d results. T o ensure the appro x-

imation is accurate in the pro ximit y of the �nger, the in�uence of the i th

ECVD

is w eigh ted b y wi = exp( � � � 2
x v2

ix � � � 2
y v2

iy � � � 2
z v2

iz ) , where � x , � y , and � z are

length scale constan ts that re�ect the �nger's length and width, and v i is the

p osition of the ECVD in the �nger reference frame. The hand orien tation w as

c hosen suc h that the Z direction of the �nger should b e appro ximately parallel

to the con tact plane, whic h reduces the problem to describing the plane as a

line in the 2D X - Y space. The X - Y gradien t of the plane is appro ximated b y

� = (
P N

i =1 wi )� 1 P N
i =1 wi arctan(eiy =eix ) , where N is the n um b er of vision de-

scriptors, and ei is the direction of the i th

edge. The desired Y p osition of the

�ngertip is then giv en b y ~py = (
P N

i =1 wi )� 1 P N
i =1 (wi viy � tan( � )wi vix ) , whic h

can b e con v erted to join t angles using the in v erse kinematics of the hand.

Man y of the b ene�cial traits of h uman mo v emen ts, including smo oth motions

and small o v ersho ots for obstacle a v oidance [23, 24, 28], can b e transferred to

DMPs through imitation learning. T o demonstrate grasping motions, w e used

Zw

Xw

Yw

pY
pX

s

a

g

A. Prop osed DMP co ordinate system B. Example T ra jectories

Fig. 2. A) The ab o v e diagram sho ws the the co ordinate systems for the transp ortation

DMPs. The axes X w - Yw - Zw are the w orld co ordinate system, while X p - Yp - Zp is the

co ordinate system in whic h the DMP is sp eci�ed. The tra jectory of the DMP is sho wn

b y the pink line, starting at the green p oin t , and ending at the red p oin t . Axis

X p is parallel to the approac h direction of the hand (the blac k arro w a ). Axis Yp is

p erp endicular to X p , and p oin ting from the start s to w ards the goal g .

B) The plot sho ws reac hing tra jectories, wherein the x and y v alues are go v erned

b y t w o DMPs sharing a canonical system. The standard DMPs and the augmen ted

DMPs describ ed in Section 2.3 are presen ted along with their resp ectiv e �nal approac h

directions.

a VICON motion trac king system to record the mo v emen ts of a h uman test

sub ject during a grasping task. It is not necessary for the ob ject used for the

demonstration to matc h that grasp ed b y the rob ot later. VICON mark ers w ere

only required on the bac k of the hand and �nger tips. As the reac hing tra jectories

are enco ded in task space rather than join t space, the corresp ondence problem

of the arm w as not an issue for the imitation learning step. Details for imitation

learning of DMPs using lo cally w eigh ted regression can b e found in [18].
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As DMPs are pro v ably stable [17], they are safe to execute on a rob ot and

also ensure that the �nal arm and �nger p ostures will also alw a ys b e ac hiev ed

when ph ysically p ossible. The rep elling �eld m ust main tain this stabilit y .

2.2 A dapting the Motor Primitiv es with Vision Descriptors

Ha ving sp eci�ed the basic grasping mo v emen ts, a rep elling �eld re�nes the mo-

tions in order to include obstacle a v oidance for the transp ortation and ensure

that the �nger tips do not collide with the ob ject during the hand's approac h.

The rep elling �eld is based on ECVDs, whic h can b e understo o d as small line

segmen ts of an ob ject's edges lo calized in 3D (see Fig. 1).

A. Preshaping B. Grasping

C. Lifting

Fig. 3. The three main phases of a basic

grasp are demonstrated. The preshap-

ing of the hand ( A ) tries to p ose the

�ngers to matc h the ob ject's geometry .

The grasping ( B ) then closes the three

�ngers at the same rate un til they se-

cure the ob ject. Finally ( C ) the ob ject is

lifted. The ob jects on the b ottom A and

B are clutter that had to b e a v oided.

The rep elling p oten tial �elds for

ECVDs are c haracterized b y t w o main

features; i.e., the rep elling forces of

m ultiple ECVDs describing a single

line do not sup erimp ose, and the �eld

should not stop DMPs from reac h-

ing their ultimate goals. The system

therefore uses a Nadara y a-W atson

mo del [29] of the form

ua = � s(x)

P N
i =1 r i cai

P N
j =1 r j

;

to generate a suitable rep elling �eld,

where r i is a w eigh t assigned to the i th

ECVD, s is the strength of the o v er-

all �eld, x is the state of the DMPs'

canonical system, and cai is the re-

p elling force for a single descriptor.

Subscript a sp eci�es if the detractor

�eld is for the �nger motions � f � or

the reac hing mo v emen ts � h �.

The w eigh t of an ECVD for col-

lision a v oidance is giv en b y r i =
exp(� (v i � p)T h(v i � p)) , where v i

is the p osition of the i th

ECVD in the

lo cal co ordinate system, h is a v ector of width parameters, and p is the �n-

ger tip p osition, as sho wn in Fig. 1. A suitable set of width parameters are

h = 2[w; l; l ]T , where w and l are the width and length of the �nger resp ec-

tiv ely .

The reac hing and �nger mo v emen ts react di�eren tly to edges and emplo y dif-

feren t t yp es of basis functions cf i and chi for their p oten tial �elds. F or the �ngers,

the individual p oten tial �elds are logistic sigmoid functions ab out the edge of

eac h ECVD of the form � (1+exp( di � � 2
c )) � 1

, where di =



 (p � v i ) � ei (p � v i )T ei






is the distance from the �nger to the edge, � � 0 is a scaling parameter, and

� c � 0 is a length parameter. Di�eren tiating the p oten tial �eld results in a
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force term of cf i = � exp
�
di � � 2

c

� �
1 + exp

�
di � � 2

c

��
� 2

. As the logistic sigmoid is

monotonically increasing, the rep elling alw a ys forces the �ngers op en further to

mo v e their tips around the ECVDs and th us ensure that they alw a ys approac h

the ob ject from the outside. Similarly , a symmetrical p oten tial function can b e

emplo y ed to force the hand closed when near ECVDs p ertaining to obstacles.

The reac hing motion uses basis functions of the form %exp(� 0:5dT
i d i �

� 2
d ) ,

where d i = ( q � v i ) � ei (q � v i )T ei is the distance from the end e�ector p osition,

q , to the edge, and %� 0 and � d � 0 are scale and length parameters resp ectiv ely .

Di�eren tiating the p oten tial with resp ect to d i giv es a force term in the Y
direction of chi = %(d i :Y )� � 2

d exp(� 0:5dT
i d i � � 2

d ) , whic h can b e in terpreted as a

radial force from the edge with an exp onen tially deca ying magnitude.

T o sync hronize the rep elling �eld with the DMPs and ensure the rep elling

strength is zero at the end of a motion, the strength s is coupled to the canonical

system of the DMPs. Hence, s(x) = (
P M

j =1  j (x)) � 1 P M
i =1  i (x)wi x , where x is

the v alue of the canonical system,  are the DMP basis functions, and w sp ecify

the v arying strength of the �eld during the tra jectory . T o re�ect the h uman ten-

dency to w ards more precise mo v emen ts during the last 30% of a motion [28], the

strength function w as set to giv e the highest strengths during the �rst 70% of the

motion for the reac hing tra jectories, and the last 30% for the �nger mo v emen ts.

The rep elling �elds of b oth the grasping and reac hing comp onen ts ha v e no w

b een de�ned, and can b e sup erimp osed in to the DMP framew ork as

•y =
�
� z (� z � � 2(g � y) � � � 1 _y) + a� � 2f (x)

�
� � � 2ua ;

whic h then represen ts the complete ECVD and DMP based p oten tial �eld.

2.3 Generalizing Dynamical Motor Primitiv es for Grasping

Fig. 4. Examples of di�eren t approac h

directions are presen ted, all based o� of

a single h uman demonstration.

Ha ving de�ned the p oten tial �eld for a

single grasping motion, w e m ust gen-

eralize the mo v emen ts to new target

grasps. By in terp olating the tra jec-

tories in a task-sp eci�c manner, the

n um b er of example tra jectories re-

quired from the demonstrator for im-

itation learning can b e greatly de-

creased. While the goal states of

DMPs can b e set arbitrarily , the ap-

proac h direction to the grasp cannot

b e easily de�ned and the amplitude

of the tra jectory can b e unnecessarily

sensitiv e to c hanges in the start p osi-

tion y0 and the goal p osition g.

The correct approac h direction

can b e main tained b y using a task-

sp eci�c co ordinate system. W e pro-

p ose the X p - Yp - Zp co ordinate system
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A. Flat B. Slan ted C. Cylindrical Handle

D. Arc hed Handle E. Knob F. Extreme P oin t

Fig. 5. Pictures A and B sho w the system adjusting to di�eren t plane angles. Images

C and D demonstrate the preshaping for di�eren t t yp es of handles. Picture E sho ws

the preshaping for a circular disc structure, suc h as a do or knob, and manages to get

its �ngers closely b ehind the ob ject. Picture F sho ws a preshap e where the ob ject w as

to o far a w a y to b e reac hed b y t w o of the �ngers, but still ho oks the ob ject with 1 �nger.

sho wn in Fig. 2, whic h dedicates one axis xp sp eci�cally to the approac h direc-

tion. The ma jorit y of the unobstructed reac hing motion will lie in a plane de�ned

b y the starting p oin t, the goal lo cation, and the �nal approac h direction, whic h

w e use to de�ne our second axis y p . The �nal axis zp is giv en b y zp = xp � yp .

The second problem relates to the sensitivit y of scaling motions with ranges

greater than ky0 � gk , whic h grasping motions require to mo v e around the outside

of ob jects. The system can b e desensitized to v ariations in y0 � g b y emplo ying

the amplitude term a = k� (g � y0) + (1 � � )(gT � y0T )k instead of the standard

a = ( g� y0) [16], where gT and y0T are the goal and start p ositions of the training

data resp ectiv ely , and � 2 [0; 1] is a w eigh ting h yp erparameter that con trols ho w

conserv ativ e the generalization is. By taking the absolute v alue of the amplitude,

the approac h direction is sp eci�ed solely b y the c hoice of X p - Yp - Zp co ordinate

system and not the amplitude term. This amplitude term is a generalization of

the amplitude prop osed b y P ark et al. [12], whic h corresp onds to the sp ecial case

of � = 0 . Example in terp olations of a transp ortation tra jectory can b e seen in

Fig. 2.

3 Grasping Exp erimen ts

The metho ds describ ed in Section 2 w ere implemen ted and ev aluated on a real

rob ot platform consisting of a Videre stereo camera, a Barrett hand, and a 7-

degrees-of-freedom Mitsubishi P A10 arm, as sho wn in Fig. 1.

3.1 Grasping Exp erimen t Pro cedure

T o test the system's obstacle a v oidance abilit y , the rob ot w as giv en the task of

grasping an ob ject without hitting surrounding clutter (see Fig. 1). Eac h trial

b egins with an estimate of the p ose of the ob ject relativ e to the rob ot [30] and
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setting the desired grasp lo cation. The mo del's ECVD are then pro jected in to

the scene, and the rob ot attempts to p erform the grasp and lift the ob ject o�

the table.

If the hand collides with an obstacle or kno c ks the ob ject do wn during its

approac h, the trial is mark ed as a failure. Grasp lo cations on the ob ject w ere

prede�ned, and all successful trials had to lift the ob ject from its stand (see

Fig. 3). After eac h grasp attempt, the hand rev erses along the same approac h

direction, but with a static preshaping of the hand in order to determine if

collisions w ould ha v e o ccurred if the prop osed con troller had not b een used. The

exp erimen t consisted of 50 trials and w ere v aried to include di�eren t approac h

directions and lo cations around the ob ject.

A dditional trials w ere p erformed on another ob ject to further explore ho w the

system's preshaping abilit y adapts to di�eren t ob ject geometries. The clutter w as

remo v ed in these trials to demonstrate the range of grasps that a single h uman

demonstration can easily b e generalized to.

3.2 Exp erimen tal Results

A. Preshaping

B. Grasping

Fig. 6. The preshaping allo ws for more

con trolled grasping. (A) The preshap e

has matc hed the lo cal geometry of the

ob ject. When grasping, the t w o �ngers

on the left immediately pinc h the pad-

dle, while the �nger on the righ t turns

the paddle ab out the pinc hed p oin t. (B)

The grasping ends when the paddle has

b ecome aligned with all three �nger tips.

The rep elling �eld and preshaping of

the hand allo w ed the system to han-

dle the cluttered en vironmen t that the

ob ject had b een placed in, whic h w as

not a trivial task. The hand came

in to con tact with the clutter for an

estimated 8% of the grasp attempts,

but nev er more than a glancing con-

tact. When the prop osed con troller

w as deactiv ated and a static preshap e

w as used, the hand collided with one

or more pieces of clutter in 86% of

the trials. Th us, the prop osed sensor-

based con troller led to a factor of ten

decrease in the n um b er of con tacts

with the clutter. The few instances

when the hand did collide with the

obstacles w ere the result of obstacles

b eing partially o ccluded, and th us not

fully represen ted b y the ECVDs. This

problem represen ts the main restric-

tion of the curren t metho d, whic h can

b e o v ercome b y simply using m ultiple

views to accum ulate the ECVD rep-

resen tation of the scene, as describ ed

in [19, 20]. The rep elling �elds of the

�ngers ensured that the hand alw a ys

op ened su�cien tly to accept the ob ject without colliding with it.
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Using only a single h uman demonstration, the rob ot could p erform a wide

range of reac hing mo v emen ts with v aried approac h directions, as demonstrated

in Fig. 4. Requiring few er demonstrations hastens the imitation learning pro cess,

while still allo wing the rob ot to p erform smo oth and natural reac hing motions.

The incorp oration of ECVDs allo w ed the �ngers to adapt to a wide v ariet y

of di�eren t ob ject geometries, as sho wn in Fig. 5, and place the �nger tips v ery

close to the ob ject b efore applying the grasp. This close pro ximit y to the ob ject

restricts ho w m uc h the ob ject can mo v e during the �nal grasping phase, as the

�ngers mak e con tact with the ob ject at appro ximately the same time, and leads

to grasps b eing applied in a more con trolled manner. An example of a con trolled

grasp is sho wn in Fig. 6, whic h w ould not b e p ossible without the prop osed

preshaping, as the �nger on the righ t w ould ha v e made �rst con tact with the

paddle and simply kno c k ed it do wn.

The results ultimately sho w that our h yp othesis w as correct and the prop osed

metho ds represen t a suitable basis for a v oiding obstacles without relying on a

complicated path planner, and using only stereo vision information.

4 Conclusions

The prop osed metho ds augmen t dynamical system motor primitiv es to incor-

p orate Early Cognitiv e Vision descriptors b y using p oten tial �eld metho ds, and

represen t imp ortan t to ols that a rob ot needs to execute preshap ed grasps of an

ob ject in a cluttered en vironmen t using stereo vision. The tec hniques allo w for

preshaping the �ngers to matc h the geometry of the ob ject and shaping the tra-

jectory of the hand around ob jects. The con troller w as tested on a real rob ot,

and w as not only successful at p erforming the task, but also requires v ery few

demonstrations for imitation learning, impro v es obstacle a v oidance, and allo ws

for more con trolled grasps to b e p erformed.

References

1. C. Bard, J. T ro ccaz, and G. V ercelli, �Shap e analysis and hand preshaping for

grasping,� in IR OS pr o c e e dings , 1991.

2. T. Ib erall, �Grasp planning for h uman prehension,� in ICAI pr o c e e dings , 1987.

3. A. Morales, T. Asfour, P . Azad, S. Kno op, and R. Dillmann, �In tegrated grasp

planning and visual ob ject lo calization for a h umanoid rob ot with �v e-�ngered

hands,� in IR OS , pp. 5663�5668, 2006.

4. Z. Xue, A. Kasp er, J. M. Zo ellner, and R. Dillmann, �An automatic grasp planning

system for service rob ots,� in pr o c c e e dings of International Confer enc e on A dvanc e d

R ob otics (ICAR) , 2009.

5. D. Bertram, J. Ku�ner, R. Dillmann, and T. Asfour, �An in tegrated approac h

to in v erse kinematics and path planning for redundan t manipulators,� in ICRA ,

pp. 1874�1879, 2006.

6. M. W. Sp ong, S. Hutc hinson, and M. Vidy asagar, R ob ot Mo deling and Contr ol .

WSE, 2005.

7. M. Khatib, �Sensor-based motion con trol for mobile rob ots,� 1996.

8. K. Sab e, M. F ukuc hi, J.-S. Gutmann, T. Ohashi, K. Ka w amoto, and T. Y oshi-

gahara, �Obstacle a v oidance and path planning for h umanoid rob ots using stereo

vision,� in ICRA , pp. 592�597, 2004.



10 Oliv er Krömer, Renaud Detry, Justus Piater, Jan P eters

9. S. L. And, �Visual sonar: F ast obstacle a v oidance using mono cular vision,� 2003.

10. J. T egin, S. Ekv all, D. Kragic, J. Wik ander, and B. Iliev, �Demonstration based

learning and con trol for automatic grasping,� in Demonstr ation b ase d L e arning and

Contr ol for A utomatic Gr asping , 2008.

11. A. T. Miller, S. Kno op, H. I. Christensen, and P . K. Allen, �Automatic grasp

planning using shap e primitiv es,� in Pr o c e e dings of the International Confer enc e

on R ob otics and A utomation (ICRA) , 2003.

12. D.-H. P ark, H. Ho�mann, P . P astor, and S. Sc haal, �Mo v emen t repro duction and

obstacle a v oidance with dynamic mo v emen t primitiv es and p oten tial �elds,� in

IEEE International Confer enc e on Humanoid R ob ots(HUMANOIDS) , 2008.

13. F. Bley , V. Sc hmirgel, and K.-F. Kraiss, �Mobile manipulation based on generic

ob ject kno wledge,� in pr o c e e dings of R ob ot and Human Inter active Communic ation

(R OMAN) , 2006.

14. K. Hsiao, P . Nangeroni, M. Hub er, A. Saxena, and A. Ng, �Reactiv e grasping using

optical pro ximit y sensors,� in ICRA Pr o c e e dings , 2009.

15. J. Ste�en, R. Hasc hk e, and H. Ritter, �Exp erience-based and tactile-driv en dynamic

grasp con trol,� in IRS pr o c e e dings , 2007.

16. A. J. Ijsp eert, J. Nak anishi, , and S. Sc haal, �Learning attractor landscap es for

learning motor primitiv es,� in NIPS , 2003.

17. S. Sc haal, J. P eters, J. Nak anishi, and A. Ijsp eert, �Learning mo v emen t primitiv es,�

in ISRR pr o c e e dings , 2003.

18. A. J. Ijsp eert, J. Nak anishi, , and S. Sc haal, �Mo v emen t imitation with nonlinear

dynamical systems in h umanoid rob ots,� in ICRA , 2002.

19. N. Pugeault, Early Co gnitive Vision: F e e db ack Me chanisms for the Disambiguation

of Early Visual R epr esentation . V dm V erlag Dr. Mueller, 2008.

20. R. Hartley and A. Zisserman, Multiple View Ge ometry in Computer Vision . Cam-

bridge Univ ersit y Press, 2000.

21. N. Krueger, M. Lapp e, and F. W o ergo etter, �Biologically motiv ated m ultimo dal

pro cessing of visual primitiv es,� The Inter disciplinary Journal of A rti�cial Intel li-

genc e and the Simulation of Behaviour , 2004.

22. S. Chie� and M. Gen tilucci, �Co ordination b et w een the transp ort and the grasp

comp onen ts during prehension mo v emen ts,� 1993.

23. E. Oztop and M. Ka w ato, Sensorimotor Contr ol of Gr asping: Physiolo gy and

Pathophysiolo gy , c h. Mo dels for the con trol of grasping. Cam bridge Univ ersit y

Press, 2009.

24. M. Jeannero d, Persp e ctives of Motor Behaviour and Its Neur al Basis , c h. Grasping

Ob jects: The Hand as a P attern Recognition Device. 1997.

25. M. S. Graziano, �Progress in understanding spatial co ordinate systems in the pri-

mate brain,� Neur on , 2006.

26. E. Oztop, N. S. Bradley , and M. A. Arbib, �Infan t grasp learning: a computational

mo del,� 2004.

27. R. Detry , O. Kro emer, M. P op o vic, Y. T ouati, E. Baseski, N. Krueger, J. P eters,

and J. Piater, �Ob ject-sp eci�c grasp a�ordance densities,� in ICDL , 2009.

28. M. Jeannero d, Sensorimotor Contr ol of Gr asping: Physiolo gy and Pathophysiol-

o gy , c h. The study of hand mo v emen ts during grasping. A historical p ersp ectiv e.

Cam bridge Univ ersit y Press, 2009.

29. C. M. Bishop, Pattern R e c o gnition and Machine L e arning . Springer, 2006.

30. R. Detry , N. Pugeault, and J. Piater, �Probabilistic p ose reco v ery using learned

hierarc hical ob ject mo dels,� in International Co gnitive Vision W orkshop , 2008.


