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Abstract

In this pap er, t w o mo dules of a b eha vior based rob otic{vision system are describ ed: A

visual and haptic atten tion mec hanism, and an accum ulation algorithm to extract stable

ob ject represen tations within a p erception{action cycle.

1 In tro duction

The aim of our researc h is the design and implemen tation of an activ e vision system coupled

with a rob ot arm (see �gure 1a) whic h is able to recognise and grasp ob jects with autonomously

learned represen tations. The system shall gain rob ot con trol o v er new ob jects (i.e., grasp a new

ob ject in a scene) b y an instinctiv e and rudimen tary b eha vior pattern and use the con trol o v er

the ob ject to accum ulate a represen tation of the ob ject and �nally apply these represen tations

to robustly trac k, grasp and recognise the ob ject in a complex scene. Here w e describ e t w o

mo dules of suc h a system and w e giv e an o v erview ab out curren t and future researc h.

The design of our system is guided b y a b eha vior based paradigm (see [2 , 11 ]) in a dual sense.

Firstly , to p erform a certain action w e ma y only need to extract a minim um of information (e.g.,

to �xate and zo om w e do not need an y shap e information in our system). This is p er c eption

for action . Secondly , b y activ e in terv en tion w e can mak e tasks easier for p erception (e.g., in

our system �xating and zo oming p oten tially facilitates grasping or, as another example, rob ot

con trol o v er the ob ject helps for the extraction of ob ject represen tations). This is action for

p er c eption . Usually b oth asp ects | p erception for action and action for p erception | o ccur

together in a so called p er c eption{action cycle (P A C) [5 , 12 ], i.e., p erception and action supp ort

eac h other and dep end on eac h other p ermanen tly .

W e think that a complex vision{based system can not start to learn without some kind

of prior kno wledge [3 , 6 ]. It can neither b e a fully predetermined system, b ecause the w orld

within it op erates is to o complex that algorithms whic h solv e di�cult tasks could b e formalised

explicitly . Nor can it b e a fully undetermined structure b ecause the space of p ossible algorithms

to b e explored is m uc h to o large. Therefore, a certain amoun t of a priori kno wledge has to

b e built in a complex vision system to guide learning. W e think that an imp ortan t part of

this kno wledge are basic comp etences (as in tro duced here), necessary to start a b o otstrapping

pro cess in whic h more complex comp etences can b e established.

In this pap er, t w o mo dules of suc h a system are describ ed: A visual and haptic atten tion

mec hanism, and an accum ulation algorithm to extract stable ob ject represen tations within a

P A C. In the �rst mo dule (describ ed in section 2) the system directs its atten tion to new ob-

jects and manipulates the activ e comp onen ts (i.e., cameras and grasp er) suc h that a situation is

ac hiev ed in whic h grasping b ecomes easier: grasp er and ob ject app ear in the cen tre of a zo omed
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Figure 1: a) Activ e bino cular head with rob ot arm. bi-biv) Images of a p erson en tering the

scene, putting an ob ject in to the scene and lea ving the scene. c) Graph indicating a dynamic

p erio d b y the magnitude of di�erences b et w een images. d-h) Stereo images: d) Di�erence image

b efore and after the dynamic p erio d e) Similarities of a Gab or jet extracted from the cen tre of

gra vit y in the left image to the jets extracted from other pixel p ositions of the di�erence area.

Maxima are de�ned as corresp onding p oin ts. �) Fixation of the new ob ject. �i) Similarities

of the Gab or jets for �ne tuning of �xation. �ii) Fixation after a second camera action. g)

Mo v emen t of the rob ot arm to a p osition near the ob ject. h) Zo om.

stereo image pair (see �gure 1h). In this situation grasping of the ob ject can b e p erformed using

only relativ e p ositions b et w een grasp er and ob ject. The high resolution allo ws to accurately

extract 3D{Information ab out the relativ e p osition and orien tation of grasp er and ob ject b y

stereo. Our atten tion mo dule is com bined b y a n um b er of more primitiv e comp etences suc h

as detection of a new ob ject, �xation, recognition of the ob ject under con trolled conditions,

mo v emen t of the grasp er, zo om etc. Note that our atten tion mec hanism is planned not to b e

only vision{based. W e are curren tly redev eloping a haptic sensor [10 ] whic h allo ws to explore

an ob ject haptically . Therefore, our atten tion mec hanism p oten tially fo cuses visual and hap-

tic atten tion to the new ob ject. The visual{haptic atten tion mec hanism is to a wide degree

predetermined but also con tains adaptable comp onen ts: The grasp er is p erman tly trac k ed b y

the system. The information of motor commands and trac king results allo ws a self{calibration

during the p erception{action cycle.

The second mo dule (roughly sk etc hed in section 3) uses con trol o v er the ob ject to extract

a stable represen tation. W e accoun t for the v agueness of seman tic information extracted from

single images b y assigning con�dences to this information and accum ulating this information

o v er an image sequence of a con trolled mo ving ob ject. Although the information extracted from

single images con tains errors (see the represen tations on the left hand side of �gure 2) a more

stable represen tation can b e ac hiev ed b y com bining information from di�eren t images (see righ t

hand side of �gure 2). Because the ob ject can c hange its p osition and orien tation | and this

c hange migh t b e w an ted b ecause another view of the ob ject giv es new information whic h migh t



not b e extractable from former ones | w e face the corresp ondence problem: Corresp ondences

b et w een en tities describing the ob ject in di�eren t images (or 3D in terpretations extracted from

stereo images) are not kno wn. Ho w ev er, the parameters of motion are kno wn since the rob ot

manipulates the ob ject and the transformations of en tities can b e comp ensated for eac h frame

of the sequence. Kno wing the corresp ondences, an algorithm can b e applied to up date and

impro v e the ob ject represen tation iterativ ely within a P A C.

In its curren t state, only these t w o mo dules are fully implemen ted. Ho w ev er, in section 4

w e giv e a short o v erview ab out our curren t and future researc h aiming at a complete system.

One imp ortan t asp ect of the design of a complex b eha vior based vision system is the in terac-

tion of mo dules dev elop ed b y di�eren t p eople within one soft w are pac k age to deriv e complex

comp etences from the com bination of more primitiv e comp etences. W e are curren tly dev eloping

a C++{library (KiViGraP , Ki eler Vi sion and Gras ping P ro ject) in whic h this in teraction is

going to o ccur (for details see [9]).

2 Ac hieving T actile Con tact b y Vision{based P erception{Action

Cycles

Our basic b eha vior to gain tactile con tact with a new ob ject can b e divided in to a n um b er of

more simple comp etences (describ ed b elo w). The b eha vior pattern can b e understo o d to a wide

degree as a re
ex action: The system \aims" to get in con tact to new ob jects to explore them

visually and haptically . Going ev en further, it \aims" to grasp the ob ject using a rudimen tary

represen tation to learn a more sophisticated and e�cien t represen tation (see section 3). During

rob ot actions a p ermanen t trac king of the grasp er allo ws to p ermanen tly recalibrate the system.

The mo dule describ ed in this section is going to initiate a situation in whic h grasping and

tactile exploration is facilitated. Since for the accum ulation sc heme (section 3) it is essen tial

that the system has ph ysical con trol o v er the ob ject, the mo dule describ ed in this section can

b e understo o d as part of a b o otstrapping pro cess, that (once the system's exp erience has b een

gro wn) can b e substituted b y or transformed in to a more goal{orien ted b eha vior pattern. Ho w-

ev er, the bridge b et w een ac hieving tactile con tact and grasping has not y et b een built and is

part of curren t researc h.

In the follo wing w e describ e some submo dules used to ac hiev e tactile con tact. The mo dules

describ ed here are not understo o d to b e p erformed in a sequen tial pro cess but as comp etences

whic h in teract with eac h other (e.g., trac king and self{calibration) and whic h can b e applied and

mixed in a goal orien ted manner. It is lik ely that at the v ery b eginning of the b o otstrapping

pro cess the structure and relations of the comp etencies are more predetermined than after a

p erio d of adaptation.

� Detection of a new ob ject and detection of a suitable time in terv al for rob ot

action: A new ob ject is detected b y the di�erence in eac h of the t w o stereo images b efore

and after a dynamic p erio d, i.e., a p erio d in whic h p eople or other ob jects en ter the scene

(see �gure 1bi{iv). F or reasons of grasping success and main taining safet y for p eople

in teracting with the rob ot, it is necessary not to in terv ene in a dynamic situation. The

system searc hes for a new ob ject when a dynamic p erio d o ccured | a p erson puts a new

ob ject in to the scene | follo w ed b y a stable p erio d | the p erson lea v es the scene (see

�gure 1bi{iv). Figure 1c sho ws a graph indicating the dynamic in a scene. During a

p erio d in whic h the graph sho ws high v alues the rob ot is not allo w ed to in terv ene. The

b eha vior pattern, resp onsible for rob ot and p eople safet y can b e understo o d as a p ermanen t

(self )protection exp ert whic h restricts all other rob ot pro cesses.

� Fixation, approac hing and zo oming: In case of detection of a c hange in the images



b efore and after the dynamic p erio d w e �xate the new ob ject. The in ternal camera pa-

rameters of our bino cular camera-head are calibrated at an initialisation stage. Then the

system recalibrates itself after a mo v emen t b y computing the new pro jection parameters

from the motion commands giv en to the camera head. This recalibration is relativ ely

stable ev en after a n um b er of mo v emen ts.

The t w o areas whic h represen t di�erences in the image (or more precisely their cen tre

of gra vit y) giv e us t w o corresp onding p oin ts for whic h w e can compute a 3D{p osition

with our calibrated system. Kno wing its 3D{p osition w e could easily �xate the ob ject

and then doing the 3D{estimation. Ho w ev er, since the corresp ondence of t w o ob jects is

de�ned b y the cen tre of gra vit y of areas (whic h migh t not b e v ery precise), the system ma y

additionally use information ab out similarities within a small area around our di�erence

areas. W e compare image patc hes (with a metho d similar to [8 ] based on Gab or w a v elets

and jets) to �nd more precise corresp ondences in the t w o stereo images (see �gure 1e).

The system can ac hiev e a higher robustness b y iterativ eley computing the distance of the

ob ject and the image cen ter after �xation. Note that these distances also can b e used as a

measure for the p erformance of the system, i.e., can also b e used in a more global feedbac k

lo op to optimize the system.

Finally , the rob ot arm is mo v ed to a p osition near the computed 3D{p osition of the ob ject

(see �gure 1g) and the system can p erform a zo om to get a higher resolution of b oth, the

ob ject and the grasp er (see �gure 1h).

� Recognizing grasp er and ob ject and p erforming a second mo v e (not fully im-

plemen ted): After ac hieving higher resolution, w e can analyse the relativ e p osition of

ob ject and grasp er (see �gure 1�{iii). In case that the system w as not able to ac hiev e

tactile con tact (whic h can no w b e c hec k ed visually and haptically), the system can rep eat

mo v es of the grasp er to approac h the ob ject. Note that after �xating and zo oming w e

ha v e reduced the matc hing problem (�nding grasp er and ob ject) signi�can tly . F urther-

more, since w e can manipulate the grasp er, it is not necessary to searc h for an arbitrary

asp ect of the grasp er but its curren t 2D{asp ect can b e activ ely con trolled.

In a further step the ob ject has to b e grasp ed. Since our grasp er allo ws to determine

the success of grasping b y measuring the width of the ja ws after grasping, a rep etition of

grasping can b e p erformed in case of non{success. F urthermore, this measure of success

can b e used as feedbac k on a more global learning lev el.

� T rac king and self{calibration: The system is equipp ed with a p ermanen t grasp er{

trac king mec hanism whic h is also based on the jet{represen tation in [8]. The 2D{trac king

results and the motion parameters giv en to the rob ot can b e compared to recalibrate the

system b y a simple up date rule. It seems to b e imp ortan t that calibration do es not only

o ccur at the b eginning of a pro cess (often with an arti�cial calibration pattern) but is

p erformed p ermanen tly during the normal p erception{action cycle. Therefore, w e ha v e to

face the trac king of the grasp er in our quite uncon trolled en vironmen t. This is kno wn as

a v ery hard matc hing task whic h w e are able to solv e ev en with our rudimen tary ob ject

represen tation b y allo wing only 'sure' matc hes to b e used for self{calibration (for details see

[14 ]). Here again, the system's abilit y to measure the success of p erforming comp etences

is of signi�can t imp ortance.



Figure 2: left) top: left and righ t image of an ob ject. b ottom: the pro jected 3D represen ta-

tion extracted from the stereo images. middle) Tw o pairs of stereo images (top: left camera

image, middle: righ t camera image) and the the pro jected 3D represen tation (b ottom). righ t)

Pro jected 3D Represen tation accum ulated o v er a set of stereo images. The system's con�dence

for the presence of line segmen ts is represen ted as grey v alue (Dark v alues represen t high con�-

dences).

3 Accum ulation of Inaccurate Information to a Robust Ob ject

Represen tation

After grasping the ob ject, an accum ulation sc heme can b e applied to extract a represen tation

of the ob ject. Our accum ulation algorithm can b e de�ned indep enden tly of the en tities used

to represen t ob jects. The algorithm also is indep enden t of the concrete equiv alence relation

or transformation used to de�ne corresp ondences. It only requires an ob ject represen tation b y

certain en tities for whic h a metric is de�ned and to whic h certain transformations or equiv alence

relations (here a rigid b o dy motion) can b e applied. The basic idea of the sc heme is that for eac h

en tit y a con�dence is up dated. This con�dence increases when corresp ondences under the kno wn

transformation can b e found in man y frames. This accum ulation algorithm is an extension of

an algorithm in tro duced in [7] whic h has only dealt with 2D represen tation and translational

motion. Figure 2 sho ws the application of this sc heme to represen tations consisting of 3D line{

segmen ts extracted from stereo images. F or these en tities the c hange of the transformation and

a metric can b e computed explicitly (for details see [1 ]).

In this sc heme, an en tit y (here, a 3D line segmen t) is regarded to b e existen t only if it has

accum ulated con�dence o v er time, or more precise, it is understo o d as an in v arian t en tit y in

the time{space con tin uum under the equiv alence relation 'rigid b o dy motion'. Therefore an

in terpretation (as a 3D{line segmen t) is grounded in its c hange under the con trolled mo v emen t

of the ob ject: the en tit y '3D{line segmen t' establishes itself only if it has b een recon�rmed within

the p erception{action cycle. Our ansatz is therefore related to the so called sym b ol grounding

problem (see [4]), i.e., to the problem to assign meaning to abstract en tities. Here 'meaning'

can b e in terpreted as an observ able and foreseeable c hange under a self{p erformed motion.

4 Ongoing and future researc h

W e ha v e in tro duced t w o basic comp etences of an ob ject recognition and manipulation system.

In b oth mo dules p erception and action are tigh tly in tert wined within p erception{action cycles



[5 , 12 ].

Imp ortan t comp onen ts of suc h a system are still missing, suc h as p erforming grasping of the

ob ject after the visual and haptic atten tion mec hanism. Ho w ev er, for suc h a grasp the atten tion

mec hanism giv es a go o d starting p oin t, b ecause w e ha v e only to op erate with relativ e p ositions

and since w e gained high resolution of the imp ortan t asp ects of the scene b y activ e con trol of

the camera. F urthermore, w e in tend to also use haptic information for p erforming the grasp.

A further imp ortan t problem is the application of our extracted represen tations to recognition

and grasping tasks. As a �rst step, w e could successfully apply an accum ulated represen tation

to the trac king problem using the p ose estimation algorithm in [13 ].

W e argue that gaining con trol o v er the ob ject b y grasping is a helpful prerequisite for the

extraction of ob ject represen tations. Corresp ondences, necessary for accum ulation, can b e com-

puted since the system has con trol o v er the ob ject. F urthermore, the system can decide b y itself

when the accum ulation pro cess shall stop, i.e. when a satisfactorial represen tation has b een

ac hiev ed. F urthermore, it can mo v e the ob ject in a p osition in whic h accum ulation b ecomes

easier (for example with homogeneous bac kground).

W e �nd the design of a vision{based rob ot system in whic h basic comp etences (suc h as

in tro duced here) in teract with eac h other to deriv e more complex b eha vior patterns is a c hal-

lenging and demanding p ersp ectiv e. It desires the in tegration of di�eren t disciplines suc h as

rob otics, computer vision, signal pro cessing and statistical learning as w ell as the in tegration of

soft w are dev elop ed b y di�eren t p eople. Finally , the success of suc h a system should b e measured

empirically .
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