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Abstract

In almost ev ery kno wledge based image analysis system the kno wledge

base serv es as mo del for the application domain and is used during the

in terpretation of the images. Ho w ev er, in visual based scene exploration

a system needs the abilit y to p erform camera mo v emen ts, b ecause ob jects

ma y not b e visible with the initial camera setting. Nev ertheless, most of

the kno wn systems lac k a represen tation of suc h mo v emen ts whic h are

necessary to acquire missing information. In this pap er w e will sho w

ho w to in tegrate these (camera) mo v emen ts in to a con v en tional kno w-

ledge base using a seman tic net w ork formalism. T o use the kno wledge

during the in terpretation, an iterativ e con trol algorithm is applied whic h

has an y-time capabilities. This con trol algorithm w as extended in order

to deal with the actions whic h ha v e b een in tegrated in to the kno wledge

base.

The suitabilit y of the approac h is v eri�ed b y exp erimen ts in whic h

an o�ce scene is explored with an activ e camera. These exp erimen ts

rev ealed, that in 93 % of all cases the ob jects w ere found correctly .

1 In tro duction

In the near future autonomous mobile systems whic h use visual information will

b ecome more and more imp ortan t for daily life. Examples for systems whic h

carry out simple routine tasks lik e the transp ortation of mail, b o oks or dishes

can b e found in [1 ]. In order to ful�ll suc h tasks the system has to b e able

to in terpret an image and p erform actions to acquire information whic h is not

a v ailable in the curren t image, but is needed for the task to b e accomplished.

If, for example, the rob ot w an ts to lo calize an ob ject and this ob ject is not

visible in the initial camera set-up, the camera parameters ha v e to b e c hanged

and the ob ject lo calization starts with the new image. Another example is

the mo di�cation of fo cus, if the image is blurred, or the mo di�cation of zo om,

if small ob jects cannot b e reliably recognized. The strategy whic h suggests

these adaptations of camera parameters is called active vision [2 ]. The goal

is to c hange the camera parameters suc h that they are suitable for follo wing



pro cessing steps, e.g. the image in terpretation. The criterion of suitabilit y has

to b e de�ned according to the task of the system.

In order to explore the en vironmen t autonomous systems use kno wledge

ab out the ob jects whic h are imp ortan t for the task to b e p erformed, and ab out

the scene. In this pap er a new approac h is presen ted whic h com bines the tra-

ditional represen tation of kno wledge ab out ob jects and the scene with camera

actions as suggested b y the strategy of activ e vision. A camera action corre-

sp onds to a selection of new camera parameters or the mo v e of the camera. The

kno wledge ab out scene information and camera actions is uniformly represen ted

in one kno wledge base using a seman tic net w ork formalism.

In classical image analysis, of course, man y systems lik e VISIONS [3], SP AM

[4] or SIGMA [5 ] are kno wn whic h use information represen ted in a kno wlegde

base. But all these systems lac k a represen tation of camera actions. Related

w ork on the selection and p erformance of actions using Ba y esian net w orks can

b e found in [6 , 7]. Examples of approac hes for uniform represen tation of actions

and kno wledge ab out the task domain are the situation calculus or decision

net w orks, see [8, 9] for an o v erview or [10 ] for an example using Ba y esian net-

w orks. W e found the seman tic net w ork represen tation formalism particularly

suitable for the description of ob jects [11 ], of medical decisions [12 ], and of a

dialogue system [13 ], and prefer this formalism to a uniform description using

e.g. Ba y esian net w orks whic h giv e a less ob vious ob ject represen tation [10 ].

In order to mak e use of the represen ted kno wledge ab out the scene, a con-

trol algorithm has to b e pro vided. W e prop osed an iterativ e con trol algorithm

whic h is particularly suitable for the application domain b ecause of its an y-time

capabilities [14 ]. This algorithm w as originally dev elop ed for pattern in terpre-

tation tasks. Here w e demonstrate ho w w e extended this con trol algorithm in

order to handle the camera actions represen ted in the v ery same framew ork

and allo w an activ e scene exploration.

After an outline of the problem w e deal with in section 2 w e describ e the

kno wledge represen tation formalism in section 3. In section 4 w e explain the

represen tation of actions. W e outline the iterativ e con trol used in section 5 and

its extension to actions in section 6. Finally , w e demonstrate the feasibilit y

and e�ciency of our approac h b y means of exp erimen ts with a system for o�ce

scene exploration (section 7).

2 Problem Description

The problem whic h has to b e solv ed b y our system is the exploration of arbitrary

o�ce scenes with static ob jects, i.e. motion of ob jects is not mo delled. The

goal is to �nd pre{de�ned ob jects in these scenes where the lo cation of the

ob jects is not restricted. Since the main con tribution of the approac h is on the

conceptional w ork to in tegrate the camera actions in to the kno wledge base, only

a simpli�ed task for ob ject recognition is c ho osen in the exp erimen ts. Three

red ob jects, a punc h, a gluestic k and an adhesiv e tap e are used as sho wn b elo w.

These ob jects need not b e visible in the initial set-up whic h mak es it necessary

to p erform camera mo v emen ts to searc h for the ob jects. Since these mo v emen ts

are time-consuming, e�cien t strategies are needed to c ho ose the next camera

setting or to determine if a camera mo v emen t should b e p erformed at all. The

decision where to lo ok next relies hea vily on the ob jects whic h ha v e b een found



already in the scene. This motiv ated the design of a kno wledge base whic h

con tains b oth, the kno wledge whic h is needed for iden tifying the ob jects, and

the information ab out searc h strategies.

3 The Kno wledge Represen tation Sc heme

F or the represen tation of task{sp eci�c kno wledge w e prop ose our seman tic net-

w ork formalism [15 , 16 ] whic h pro vides the follo wing t yp es of net w ork no des :

� Conc epts represen ting abstract terms, ev en ts, tasks, actions, etc.;

� Instanc es represen ting actual realizations of concepts in the sensor data;

� Mo di�e d Conc epts represen ting concepts that are mo di�ed b y restrictions

arising from in termediate results (i.e., the in terpretation of part of the

sensor data leads to restrictions on the in terpretation of the remaining

sensor data).

There are also the follo wing net w ork links :

� Part Links connecting concepts to the parts they consist of;

� Concr ete Links connecting concepts on di�eren t levels of abstr action ;

� Sp e cialization Links establishing inheritance relations from general con-

cepts to more sp eci�c ones.

Th us, our know le dge mo del is a net w ork of concepts link ed to eac h other b y the

v arious t yp es of links.

Since there ma y b e man y di�eren t p ossibilities for the realizations of a

concept, mo dalities ha v e b een in tro duced

1

with the implication that eac h in-

dividual mo dalit y ma y de�ne the concept. Examples will follo w in section 4.

F urthermore, parts of a concept ma y b e de�ned as b eing obligatory or optional .

F or the de�nition of prop erties or features, a concept has a set of attributes .

There ma y also b e r elations b et w een the attributes of a concept. Eac h attribute

references a function whic h computes its v alue and a judgmen t function whic h

computes a measure of con�dence for the attribute v alue. During the computa-

tion of an instance (i.e. the instan tiation of a concept) v alues for all attributes,

relations and the corresp onding judgmen t v alues are calculated; therefore a con-

cept can only b e instan tiated if instances for all obligatory parts and concretes

of the concept ha v e b een computed b efore in previous analysis steps.

Due to errors in the image segmen tation (arising from noise and pro cessing

errors) and am biguities in the kno wledge base (arising, for example, from the

v arious mo dalities), comp eting instances ma y b e computed for a single concept.

In order to measure the degree of con�dence of an instance, a judgment function

is needed (and included in to the de�nition of a concept). In most cases this

judgmen t function com bines the judgmen t of the attributes, relations, and the

instances of the parts and concretes of a concept.

The goal of the analysis is represen ted b y one or more concepts, the go al c on-

c epts . Subsequen tly , an in terpretation of the whole sensor data is represen ted

1

Another p ossibilit y for the represen tation of di�eren t concept realizations is to de�ne a

concept for eac h realization; this, ho w ev er, inhibits a compact kno wledge represen tation.
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Fig. 1: Seman tic net w ork whic h com bines the represen tation of camera actions

(white o v als) with the represen tation of the scene (gra y o v als). In addition, the

net w ork con tains generalizations for some concepts, whic h are left out to k eep

up clarit y .

b y an instance of a goal concept. No w, in order to �nd the `b est' in terpretation,

the computation of an optimal instanc e of a goal concept with resp ect to the

judgmen t function of the corresp onding concept is required. In our approac h

the in terpretation problem is view ed as a com binatorial optimization problem

and solv ed as suc h (section 5).

4 Em b edding Camera Actions in to the

Kno wledge Base

4.1 Declarativ e Kno wledge

The structure of the kno wledge base of our application domain is sho wn in

Fig. 1. As w e ha v e motiv ated in the in tro duction, the kno wledge base uni-

�es the represen tation of ob jects and their relations and the represen tation of

camera actions on di�eren t lev els of abstraction. The gra y o v als represen t in-

formation whic h w ould b e found in almost an y con v en tional kno wledge base on

this matter. This set of concepts con tains, for example, the ob jects of the appli-

cation domain, e.g. the concepts \punc h", \gluestic k" or \adhesiv e tap e" and

their concrete represen tation whic h mo delled b y the concept \color region".

The concepts represen ting the ob jects are parts of the concept \o�ce scene"

2

.

In addition to the represen tation of scene concepts, concepts for camera

actions are in tegrated in to the kno wledge base. On the highest lev el of abstrac-

tion one can �nd camera actions whic h are equiv alen t to searc h pro cedures and

whic h are used to �nd ob jects in a scene. The �rst example is the concept

\direct searc h". Eac h instan tiation of this concept computes a new pan angle

2

In the follo wing the \ seg" part of the concept names stands for segmen tation.
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Fig. 2: Di�erence b et w een indirect and direct searc h.

and a new zo om for the camera in suc h a w a y , that o v erview images, whic h

are images captured with a small fo cal length, are obtained. If w e lo ok at all

o v erview images as one image, w e get a scan of the whole scene. The second

example is the concept \indirect searc h". This concept represen ts an indirect

searc h [17], that is the searc h for an ob ject using an in termediate ob ject whic h

is the punc h in our application domain. Usually , large ob jects lik e tables or

b o ok shelv es are used as in termediate ob jects. These ob jects ha v e in common

that they are relativ ely large and therefore can b e found in an image captured

with a small fo cal length. This is adv an tageous b ecause less images are nec-

essary to scan a whole scene. An example for the e�ect of direct and indirect

searc h is depicted in Fig. 2. Using direct searc h a second o v erview images is

tak en, using indirect searc h with the cupb oard as an in termediate ob ject a

close-up view of an area ab o v e the cupb oard is generated. In our application

the indirect searc h is p erformed only if w e ha v e already found an adhesiv e tap e

and a punc h and w e are searc hing for the gluestic k. Recall that the punc h is

c ho osen as in termediate ob ject in our application.

On the in termediate lev el of abstraction in Fig. 1, the camera action

\zo om on region" can b e found. The e�ect of this action is the fo v ealization of

regions whic h are h yp otheses for the ob jects the system is searc hing for. During

the fo v ealization the pan angle and the zo om of the camera are adjusted in suc h

a w a y that the region can b e found in the middle of an image afterw ards and

is larger than b efore fo v ealization. The fo v ealization bases on the observ ation

that the regions whic h are found in the o v erview images are to o small for a

go o d v eri�cation. Images tak en after fo v ealization are called close-up views.

On the lo w est lev el of abstraction camera actions are mo delled whic h are

p erformed data-driv en and are indep enden t of the application domain. The

fo cus of a camera, for example, has to b e adjusted in order to get sharp images.

F urthermore, the zo om setting has to b e c hosen in suc h a w a y that not only



one homogeneous region is in the image.

Recall that the instan tiation of a camera action concept leads to the se-

lection of new camera parameters or the p erformance of a camera action. So,

only one of the camera action concepts can b e instan tiated in a single step. In

order to represen t comp eting camera actions, i.e. actions whic h can not b e p er-

formed at the same time, w e mak e use of mo dalities (section 3). F or example,

the concept \explore o�ce" has as parts the concepts \direct searc h" and \in-

direct searc h", eac h of them is represen ted in one mo dalit y of \explore o�ce".

The concept \region seg image" is another example for a concept whic h con-

tains t w o mo dalities, one for \explore o�ce image" and one for \o�ce image".

In section 5 w e explain ho w w e deal with the am biguities arising from the

mo dalities.

4.2 Pro cedural Kno wledge

In addition to declarativ e kno wledge, eac h concept con tains pro cedural kno w-

ledge whic h consists of the functions for v alue and judgmen t v alue computation

of attributes, relations, and instances (section 3).

In the concepts of our scene represen tation, for example, functions for at-

tribute v alue computation are de�ned whic h compute the color of a region (in

the concept \color region") or the heigh t and the width of an ob ject (in the

concepts \punc h", \gluestic k" and \adhesiv e tap e"). In addition, eac h of these

concepts con tains attributes for the fo cal length and for the distance of the

represen ted ob ject refering to the close-up views of the ob jects.

A managemen t of uncertain t y is pro vided b y the con trol based on the judg-

men t functions (section 5). In order to rate the di�eren t camera actions, a

utilit y-based approac h is applied [18 ]. Probabilities are used to estimate the

instances of the scene concepts \punc h", \gluestic k" and \adhesiv e tap e" b e-

cause the utilit y measure relies on the evidence if an ob ject has b een found

during analysis. The probabilities are calculated using a priori trained normal

distributions for the individual attributes, the heigh t, and the width of the ob-

jects. During training w e calculate the mean and v ariance of these attributes

for eac h ob ject using 40 images.

5 P arallel Iterativ e Con trol

Our con trol algorithm [13 , 14 ] treats the searc h for an optimal in terpretation

and for optimal camera actions as a c ombinatorial optimization problem and

solv es it b y means of iter ative optimization metho ds, e.g. sim ulated annealing,

stoc hastic relaxation, and genetic algorithms. One adv an tage of this algorithm

is its any{time capabilit y . After eac h iteration step a (sub{)optimal solution

is a v ailable and this solution can b e impro v ed b y p erforming more iterations.

If w e ha v e got enough time for analysis, the optimal solution is alw a ys found.

Another adv an tage is that the algorithm allo ws an e�cien t exploitation of p ar al-

lelism b y automatically compiling the concept{cen tered seman tic net w ork in to

a �ne{grained task{graph, the so{called attribute network . This net w ork repre-

sen ts the dep endencies of all attributes, relations, and judgmen ts of concepts

to b e considered for the computation of goal instances. In Fig. 3 a sc hema of

the parallel iterativ e con trol is sho wn. In follo wing w e explain ho w the con trol
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Fig. 3: Scheme of the pa rallel iterative control algo rithm.

w orks principally . The attribute net w ork is automatically generated in t w o

steps from the seman tic net w ork:

� Expansion First the seman tic net w ork is expanded top-do wn suc h that

all concepts whic h are necessary for the instan tiation of the goal concepts

exist. Concepts whic h ha v e more than one predecessor in the net w ork

lik e the concept \color region" in Fig. 1 are duplicated.

� Re�nemen t The expanded net w ork is re�ned b y the determination

of dep endencies b et w een sub{conceptual en tities (attributes, relations,

judgmen ts, etc.) of all concepts in the expanded net w ork. These sub{

conceptual en tities are represen ted b y the no des of the attribute net w ork

and the dep endencies b et w een them b y the links.

Both steps are executed automatically in adv ance to searc h and dep end only

on the syn tax of the seman tic net w ork represen tation. No des without predeces-

sors ( primitive attributes in Fig. 3) represen t attributes that pro vide an in ter-

face to the initial segmen tation (for example color regions), and no des without

successors ( judgment of go al c onc epts in Fig. 3) represen t the judgmen ts (i.e.

con�dence measures) of goal concepts. No w, for the computation of instances

of the goal concepts, all no des of the attribute net w ork are pro cessed in a single

b ottom{up step. Therefore the 
o w of information is �xed from the primitiv e

attribute no de to the judgmen t no des of the goal concepts. This b ottom{up

instan tiation corresp onds to a single iteration of the iterativ e optimization.

P aralleli sm can b e exploited on the net w ork and on the con trol lev el. Eac h

no de of the net w ork for example ma y b e mapp ed to a m ultipro cessor system

for parallel pro cessing (depicted in Fig. 3 as p ar al lel b ottom{up instantiation ).

In addition, sev eral comp eting instances of the goal concepts ma y b e computed



in parallel on sev eral w orkstations. This is sho wn in Fig. 3 as p ar al lel se ar ch

on p w orkstations WS

1

, : : : , WS

p

.

The searc h space the con trol algorithm has to deal with is determined b y

the comp eting segmen tation results whic h arise, for example, from an erroneous

segmen tation, and b y the di�eren t mo dalities of the concepts in the kno wledge

base (section 3). Recall that in our application domain the segmen tation results

are the color regions and the mo dalities determine whic h camera action is

p erformed, e.g. the indirect or the direct searc h. In addition, w e de�ne the

curr ent state of analysis of our com binatorial optimization as a v ector r whic h

con tains the assignmen t of segmen tation results to primitiv e attributes and the

c hoice of a mo dalit y for eac h (am biguous) concept:

r =

h

( A

i

; O

( i )

j

); ( C

k

; M od

( k )

l

)

i

T

with i = 1 ; : : : ; m ; k = 1 ; : : : ; n :

where m denotes the n um b er of primitiv e attributes, j the index of the seg-

men tation results, k the n um b er of concepts in the seman tic net w ork, and l the

index of the mo dalit y for eac h corresp onding concept. In eac h iteration step

judgmen ts for the goal concepts are computed for the actual state of analy-

sis. After an iteration step one randomly c hosen en try of the analysis v ector

is c hanged. F or example another segmen tation result is b ound to a primitiv e

attribute no de. F urthermore, a p erformanc e function for the state of analysis

v ector is in tro duced. The task of the con trol algorithm is no w to optimize the

p erformance function, i.e. to �nd that state of analysis whic h leads to the b est

in terpretation, i.e. to an optimal instance of a goal concept.

Fig. 3 sho ws, for example, that in the curren t state of analysis for whic h the

attribute net w ork is computed on the �rst w orkstation (WS

1

), the segmen tation

ob ject O

q

is assigned to the primitiv e attribute no de A

4

, mo dalit y 2 is assigned

to the concept C

3

, and mo dalit y 3 and mo dalit y 1 are assigned to the concepts

C

9

and C

n

, resp ectiv ely , whic h are goal concepts (th us stated as C

g

9

and C

g

n

).

F urthermore, it is sho wn that di�eren t instances (recall that the computation

of instances dep ends only on the curren t state of analysis) are computed on

the sev eral w orkstations: the curren t state of analysis for whic h instances are

computed on w orkstation p (WS

p

) di�ers from that on WS

1

at least b y the

assignmen t of di�eren t mo dalities to the goal concepts C

g

9

and C

g

n

.

In our curren t application w e ha v e only one goal concept, whic h is \ex-

plore o�ce", and the p erformance function corresp onds to the judgmen t func-

tion of this concept.

6 Expanding the Con trol to Actions

The goal in our application is to instan tiate the concept \explore o�ce". There-

fore w e alternately ha v e to in terprete the image data and p erform camera ac-

tions. This alternating computation cannot directly b e expressed b y either the

syn tax of the seman tic net w ork nor b y the attribute net w ork. This means that

w e ha v e to extend the c ontr ol algorithm .

If w e compute the whole attribute net w ork for our goal concept in one

b ottom{up step as describ ed in section 5, w e select the camera actions \di-

rect searc h" or \indirect searc h" p ossibly without an optimal in terpretation of
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Fig. 4: Excerpt of the attribute net w ork for the kno wledge base depicted in

Fig. 1 sho wing a subset of the net w ork for the concepts \explore o�ce" and

\o�ce scene". Only the most imp ortan t arro ws are sho wn.

the concepts \punc h", \gluestic k" and \adhesiv e tap e". This mak es no sense,

b ecause w e �rst need to �nd an optimal in terpretation for the view under the

actual camera setting, b efore deciding whic h camera action has to b e p erformed

next. In addition, if w e instan tiate the concept \new zo om" and then go on

with the b ottom{up computation of the attribute net w ork w e get an instance

of \explore o�ce" based on image data whic h w as tak en with the old zo om.

In order to solv e these problems, the con trol for the b ottom{up instan tiation

of the attribute net w ork is extended as it w as already successfully demonstrated

for an application with a sp eec h dialog system [13 ]. The instan tiation is divided

in to sev eral data driv en instan tiations of subnets of the attribute net w ork. The

division is initiated b y sp ecifying subgoals prior to the computation of the

attribute net w ork whic h has to b e done b y the user once b efore the system

is run. F rom these subgoals, the subnets can b e automatically deriv ed b y the

net w ork enco der. This induces a partial order of the subgoals in the attribute

net w ork. Initial subgoals are c hosen from the lo w est lev el in the net w ork.

Analysis starts b y the instan tiation of the initial subgoal. This means that

the b ottom-up computation of the corresp onding subnet is iterated un til an

optim um is found. Afterw ards, the con trol c ho oses the next subgoal to b e

instan tiated, and so on. This pro cess con tin ues un til an optimal instance of the

\explore o�ce" is found.



T o giv e an example: If the user c ho oses, for example, the concepts \re-

gion seg image" and \o�ce scene" as subgoals, the con trol starts �nding the

b est instance of \region seg image". Afterw ards, it searc hes for the b est in-

stance of \o�ce scene". Once this instance has b een found, the subnet whic h

b elongs to the goal concept \explore o�ce" is instan tiated. This is done un-

til the goal concept, that is \explore o�ce", is reac hed or a camera action is

p erformed. If the judgmen t of the instance of the \explore o�ce" is b elo w

an application dep enden t threshold, the con trol starts again with the subgoal

\region seg image". In Fig. 4 the subnets b elonging to \explore o�ce" and

to \o�ce scene" are depicted. The excerpt of the attribute net w ork sho ws a

part of the expanded kno wledge base describ ed in Fig. 1. Th us, w e ha v e three

mo di�ed concepts of \color region" whic h are b ound to the concepts \punc h",

\gluestic k" and \adhesiv e tap e". The highligh ted areas con tain the attributes

whic h b elong to the corresp onding concepts. In addition, camera actions are

p erformed b y computing the attribute pan of concept \explore o�ce" and con-

cept \explore o�ce seg".

Fig. 4 depicts t w o subnets, one ab o v e the horizon tal line, one b elo w. The

upp er subnet b elongs to the concept \explore o�ce" and sho ws the attributes

required for the instan tiation of that concept. A ttributes originating from one

concept are b o xed and highligh ted. The lo w er subnet explains the relations

of attributes used to instan tiate the subgoal \o�ce scene". Three mo di�ed

concepts of \color region" are b ound to the concepts \punc h", \gluestic k" and

\adhesiv e tap e"; only one (\punc h") is depicted in the �gure for simplicit y .

Dep ending on the state of analysis, a zo om camera action is p erformed if the

color region assigned to the primitiv e attribute is to o small.

7 Exp erimen tal Results

So far the lo w er part of the kno wledge base in Fig. 1 is pro vided as one mo dule.

This part con tains the concepts \o�ce image", \new zo om", \new fo cus", \ex-

plore o�ce image", \explore o�ce seg", and \zo om on region". In this mo dule

h yp otheses for the red ob jects are computed b y a histogram bac kpro jection [19 ]

whic h is applied to an o v erview image tak en with the minimal fo cal length of

the camera (cf. Fig. 5). In order to v erify these h yp otheses they are fo v ealized

b y mo ving the camera and v arying the camera's fo cal length. This is exactly

the task of the lo w er part of the kno wledge base sho wn in Fig. 1. The h yp othe-

ses corresp ond to color regions whic h are the input of the primitiv e concept

\color region" of the seman tic net w ork. Th us, the primitiv e concept serv es as

in terface to the mo dule p erforming the task of the lo w er part of the kno wledge

base.

The suitabilit y of the approac h has b een tested in 20 exp erimen ts while

p erforming explorations in t w o di�eren t o�ces. In eac h exp erimen t the ob jects

w ere p ositioned at di�eren t places. T en exp erimen ts to ok place in o�ce 1 and

the other ten in o�ce 2. In the exp erimen ts, sev en red ob jects are used, where

three of them are mo delled in the kno wledge base. These three ob jects whic h

are in teresting for the in terpretation step w ere h yp othesized in 54 cases of 60

p ossible ones b y the data driv en h yp otheses generation mo dule using histogram

bac kpro jection. On a v erage six close-up views w ere generated, that is, six

ob ject h yp otheses w ere found in eac h o v erview image. The searc h space for the



Fig. 5: Ov erview images of t w o di�eren t o�ce scenes (o�ce 1 on the left, o�ce 2

on the righ t). The close-up views b elo w the o v erview images sho w fo v ealized

ob ject h yp otheses.

n um b er of iterations N

i

10 30 50 100 150

o�ce 1 57 % 82 % 93 % 93 % 93 %

o�ce 2 13 % 46 % 54 % 70 % 79 %

T able 1: P ercen tage of correct recognized ob jects.

iterativ e con trol algorithm w as reduced b y restrictions concerning the color of

the ob jects. These restrictions w ere propagated once from the higher concepts

to the primitiv e concepts at the b eginning of analysis. Ho w ev er, the task gets

not trivial due to the propagation of the restrictions b ecause on a v erage b et w een

43 and 66 color regions ful�ll the restrictions. Therefore the system needs the

abilit y to detect the ob jects in this set of h yp otheses whic h is done b y making

use of the kno wledge represen ted in the kno wledge base. In T able 1 the results

are sho wn for the t w o di�eren t o�ces. The recognition rates giv e the ratio

b et w een the n um b er of correctly recognized ob jects and the total n um b er of

v eri�ed ob jects, p erforming N

i

iterations. One can see that the recognition

rate increases with the n um b er of iterations up to a maxim um of 93 % for

o�ce 1 and 79 % for o�ce 2. Curren tly w e use only 2D features whic h are

view-p oin t dep enden t. Because the ob jects' p ose is more restricted in o�ce 1

the recognition rate is higher than for o�ce 2.

The increase with the n um b er of iterations sho ws particularly w ell the an y-

time capabilit y of the algorithm. The results rev ealed furthermore that 50

iterations for o�ce 1 and 150 iterations for o�ce 2 are su�cien t to ac hiev e an

optimal result for a sp eci�c camera setting. The n um b er of necessary itera-

tions dep ends up on the n um b er of h yp otheses whic h are generated b y the data

driv en mo dule. F or o�ce 2 eigh t h yp otheses w ere found on a v erage, whereas

for o�ce 1 only �v e h yp otheses w ere found. Therefore, more iterations had to

b e p erformed for o�ce 2.

As optimization metho d the sto c hastic relaxation w as used. The pro cess-



ing cycle for one camera setting for in terpretation (i.e., from the data driv en

h yp otheses generation up to the computation of an optimal instance of \ex-

plore o�ce") lasts around �v e min utes. The ma jor time need arises b y mo ving

the camera axes, w aiting un til the goal p osition is reac hed, for the median �lter-

ing in the histogram bac kpro jection, and the segmen tation of the color regions.

One iteration, that is one b ottom-up instan tiation of the attribute net w ork for

the scene part of the kno wledge base, tak es on a v erage only 0.015 s, that is,

2.25 s for 150 iterations.

8 Conclusion and F uture W ork

In this pap er, w e prop osed an in tegrated formalism for represen ting and using

kno wledge ab out an application domain com bined with the v arious camera

actions the system needs to p erform in order to explore a scene. The application

domain is the exploration of o�ce scenes. The curren t task of the system is

the lo calization of three pre-de�ned red ob jects. In order to use the kno wledge

and actions represen ted w e emplo y ed a parallel iterativ e con trol algorithm with

an y{time capabilities. Initial exp erimen ts ha v e pro v ed the feasibilit y of the

approac h.

F uture w ork will concen trate on completing the implemen tation of the ap-

proac h for the application presen ted. This includes a systematic determination

of the subgoals b y a goalconcept estimation and a reduction of pro cessing time.
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