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ABSTRACT The increasing interest in large automatic
recognition systems requires investigation on database
organization and parallelism support. In this paper, a
blackboard-based framework is presented for concurrent
object recognition in the presence of a large model
database. A new object model is defined with aknowledge
organization with two-object hierarchies. Concurrency
has been introduced in order to provide a separate execu-
tion thread for each scheduled model. Results are
presented in terms of performance figures.

1. INTRODUCTION

In recent years, an increasing attention has been given by
the research community to the opportunity of using
database systems, as well as parallelism support in order to
perform efficient object recognition and image under-
standing [1], [2], [3], [4], [5]. [6]. This is motivated by the
fact that in many applicative fields automatic recognition
systems grow in size while still requiring real-time respon-
ses.

In large recognition systems, traditional data models and
organizations are inadequate [7], [8], [9]. Difficulties arise
from the fact that models should be stored in the form of
very complex objects, taking into account different levels
of abstraction, different image resolutions, and possible
different semantic interpretations according to the context
of the analysis [10], [11], [12], [13], [14]. Moreover, inade-
quacy of sequential processing is recognized. Multiple
interpretations may exist for each spatial object which is
identified in the image data, and an exponential growth of
the number of feature matching operations is possible.
Generally speaking, several requirements can be identified
for a large recognition system:

supporting the ability to define models of real world
objects taking into account the context in which they are
considered. Depending on the context, models should
include different object attributes, relationships with
other objects and object behavior;

modeling different representations for the spatial ap-
pearance of any real world object. Several descriptors for
the spatial object should be defined which can be used in
different operating contexts;

defining a suitable database organization which
facilitates the recognition process. An internal indexing
scheme and refinement, possibly through different

abstraction levels, should be used to narrow down the
search space during object recognition and/or image un-
derstanding;
« modeling the uncertainty in the object recognition
process;
+ learning from the user the domain of object recognition;
* supporting real-time responses. Memory and storage
management as well as data organization should support
efficient object retrieval in the database, while parallel
processing facilities should help in performing the right
associations.
The capability of the object-oriented data representation for
imaging and recognition applications was accepted recently
(1], 91, [71.
In particular, object-oriented database systems [15], [16],
[17], [18] permit to extend databases in order to support
efficient storage retrieval of complex objects.
Objects are created on the basis of object classes which
define the attributes for the object type and a collection of
type-specific operations. Different abstraction levels at
which objects can be regarded may be defined through an
inheritance class hierarchy. When the same object model
is used in the programming language, a uniform framework
both for the short- and long-term memory is given [19].
A multitasking extension for the object-oriented model
could be provided with a separate thread of execution for
each object method and for each object. Therefore , at least
in principle, both intra- and inter-object concurrences can
be supported.
Most of available object models (used in current languages
and databases) present critical constraints and inefficien-
cies which limit their use in practical recognition applica-
tions. In fact, concurrency support is provided only to a
limited extent [20], [21]. Moreover, inheritance is only
defined at the class level and therefore it is not possible to
define specialization links between objects. On the other
hand, in automatic recognition applications with very large
databases, both concurrency and object specialization are
key features. In fact, object specialization provides
facilities to perform database navigation by progressing
along specialization links from a more generic to a more
specific view of a certain object (subobjects). However,
(sub)objects selected at a certain level could, at least in
principle, act concurrently in order to determine the best
matching object at recognition step.
Present experiences in the use of object orientation for
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imaging and recognition applications are limited to aug-
ment the programming language with specific new classes
and class hierarchies [22], [23], [24], [2]. However, no
concurrency support was introduced or discussed in these
systems, neither any modification of the object model was
proposed.

In this paper, an advanced object recognition system which
is based on the above concepts and complies with the major
features depicted are presented.

The distinguishing features of this system are:

« an extension of the object-oriented programming lan-
guage and of the database with specific classes (data types
and operations) in order to support image processing and
recognition applications; ,

a new object model which is a modification of the cur-
rently available object-oriented models and supports ob-
ject specialization and high performance retrieval;

a specific data organization according to object hierar-
chies. The database stores a set of object models which
are organized according to two specialization hierarchies,
that were called applicationand object object hierarchies,
respectively;

concurrency of active models. As each object model can
answer its confidence to match a specific spatial object
which was extracted from the image data, several models
can be active at the same time and synchronize their
operations.

The object-oriented approach is enforced in the program-
ming language and in the database system, thus providing
a uniform framework for the recognition process. Results
achieved are presented in terms of performance measures
on the model database and performance prediction for
parallel processing.

The paper is organized as follows: in Sect. 2 the general
architecture of the system is reported, and in Sect. 3 the data
model and database organization are addressed. In Sect. 4
support of parallel processing is introduced. In Sect. 5 the
schema of the recognition process is described. Perfor-
mance measures and performance prediction on multi-
processor architecture are expounded in Sect. 6.
Conclusions and future developments are discussed in
Sect.7.

2. SYSTEM ARCHITECTURE

The system structure is schematized in Fig. 1. The Image
Processing block performs low-level vision tasks on a
single image or on a sequence.

Feedback from the recognition task is achieved through the
Expert System module which provides help in choosing the
more adequate algorithms to improve the recognition task.
A simplified prototypal version of this module is actually
implemented in the system.

The Model Database is a permanent support for storage of
models. These are organized according to specialization
hierarchies as further discussed in Sect. 3. Asinotherimage
understanding and recognition systems a blackboard ar-
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Fig.1-General system architecture.

chitecture is adopted [10], [25], [26], [27], [6].

The Blackboard is a temporary support, which can be
accessed by every model, and contains all the features
which result from the image processing and the confidences
declared by the models when matching the observed data.
The Blackboard Manager provides decision support by
manipulating the information contained in the Blackboard
in order to schedule the appropriate models from the
database, through the Scheduler.

The Scheduler receives the commands from the Blackboard
Manager and schedules the models in the Model Database
based on the data in the Blackboard.

The system is able to exploit parallelism through concurrent
scheduling of models from the database. Scheduled models
perform concurrently feature matching with temporary
data, in the Blackboard, obtained from image processing.
Blackboard Manager, Scheduler and Expert System are
implemented as concurrent instances. Model Database,
Blackboard Manager and Scheduler are discussed in detail
in the following sections. The programming language used
to build the system is an object- oriented extension of an
already existing language (C++) [28], [29]. The extensions
are added in orderto provide the concurrence and the object
specialization [30], [21].

3. MODEL DATABASE

In this section, model database organization and structure
will be discussed with reference to the class hierarchies
which were defined for knowledge representation, as well
as to the specialization relationships between objects that
were introduced and their implementation.

3.1. Class hierarchies

Classes are used in the system for providing a clear descrip-
tion of object structures and supporting code modulariza-
tion and reuse.

Two class hierarchies were defined knowledge structuring.
A first class hierarchy, Object Class Hierarchy (OCH)
models the knowledge of each object (see Fig. 2). The
knowledge is broken down into specialized chunks regard-
ing both the object visual appearance and the information
stemming out of sources other than the sensor, like the
object behavior and the possible relationships with other
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Fig.2-Object Class Hierarchy (OCH).

entities. These are modeled through visual model (VMC)
and non-visual model (NVMC) subclasses, respectively.
Several subclasses of VMC (VMCRSs) may be defined
corresponding to the different representation schemes for
the visual appearance of the object. Examples are skeleton,
shape, surface, volume-based representations, etc...
Analogously, several subclasses (NVMCRs) of NVMC
may be also defined which correspond to the different roles
that each object can play in the different contexts in which
itis regarded. Generally speaking, each role corresponds to
specific relationships with other entities.

Class methods implement fuzzy matching operations for
the class attributes which are used in the recognition
process. When activated, the method inputs the value of the
corresponding feature of the spatial object to be recognized
and evaluates the matching confidence of the model for the
attribute. In the case of composite objects, the composite
matching confidences are evaluated.

A second class hierarchy referred to as Application Class
Hierarchy (ACH), represents the observer’s view of this
domain. Each class in this hierarchy defines an object
category, limited to a certain level of generality, as it can
be viewed by the user. In Fig. 3, this is shown referring to
aspecific application domain of vehicle classification. Leaf
classes are descriptions of objects that have a one-to-one
correspondence with real world objects. Each class in the
ACH is structured according to the OCH discussed above.

Generally speaking, only leaf classes provide descriptions
in terms of both visual and non-visual representations, as
they actually define models of concrete objects. Inter-
mediate classes can also have visual descriptors, even if
more generic. This corresponds to situations in which we
know that a category of objects is characterized by some
features with a specific visual appearance (e.g., a car has
four wheels). Classes which define more abstract object
categories, with no counterpart in the real world, have no
visual descriptors.

3.2.0bject speciallization: object model and object
hierarchles

Objects are instances of the classes/subclasses which were

defined for the knowledge representation, Specialization

Fig.3-Application Class Hierachy (ACH).

links were maintained also between objects.

As previously introduced, this provides the ability to per-
form database navigation by directly using specialization
links between objects, thus progressing from generic to
specific views of the objects in the database.

In order to support object specialization [21] a new object
model was introduced into our system. In according to this
object model, if two objects 07 and o3 are instances of
classes c1and c2 with ¢ being the superclass of ¢2, then o;
is made the superobject of 02. Therefore, in the system, two
distinct object hierarchies exist for the object structure and
the object user’s view, respectively. For symmetry pur-
poses, the structure of each object will be referred in the
database as Object Object Hierarchy (OOH). Every object
is regarded as a composite object made up of several
specialized subobjects. A one-to-one relationship exist be-
tween the subclasses in the OCH and the subobjects in the
OOH. For each object model several visual/non-visual
submodels exist (OVMRs/ONVMRs): each of them acts as
ascparate conceptual focus in the recognition process at the
specific abstraction level. In particular, non-visual sub-
models allow to focus on the applicative context and imple-
ment specific perspectives of the object, according to the
fact that each object can play only selected roles into a
specific environment. As an example, looking at a car
object, different motion laws and proximity relationships
with other objects can be assumed in the following roles:
at_paytoll_station, on-highway, on-road....

Separate visual submodels exist depending on the resolu-
tion which has been selected, as well as on the selected point
of view. The storage of different resolutions and visual
perspectives could overwhelm the system, in terms of large
storage requirements and hard maintenance. Following the
object-oriented paradigm the user of the system has two
options: explicit definition, and implicit definition through
some appropriate procedure. A trade-off exists between
storage occupancy and expected performance.

Object models in the database are hierarchically organized
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Fig.4-ATH models with their OCHs.

along a hierarchy which describes the different abstraction
levels at which the object can be regarded, and it is referred
as Application Object Hierarchy (AOH). Models in the
AOH may have different structures (OOHs), depending on
the level of the AOH at which the object is located. An
example of AOH and OOH is reported in Fig. 4 with
reference to a vehicle recognition application.

The introduction of object hierarchies provides a perfor-
mance increase in the retrieval of complex composite ob-
jects into the database. The performance comparison
between the implementation of object searching with
respect to the usual approach of object-oriented retrieval
mechanism (search through obj_id) is shown in Fig. 5
where the mechanism used is referred as T-Ref). Inthis case
AOH is a four-level hierarchy as in Fig. 3. Please note that
a first access to the hierarchy has to be always performed
by key.

8e0./0bject
0.2 T

0167~
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1 t
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N of objects

——8tring — TRef

Fig. 5 - Comparison between performance on retrieving the
ACH-OCH using string and T-Ref.

Class ConcTmpObj

rivate:
rotected:
Int state;
TaskID tid;  // this is the thread identifier which is set
// at runtime. O value means inactive task.
Semaphore mysem;//this is the semaphore associated
/Rto the object task
Int kill; //when 1 the task is killed
void TaskEx(); //when called this concludes the task.
/it is called only by the TTask()procedure.
Public:
ConcTmpObj(); // This is the Constructor
~ConcTmpObj(); // This is the Destructor
int RUN(void _FAR?"); //procedure to start methods
void FAR TTask(); // prototype of concurrent method
void _FAR ICTTASK();//proto. of command interpreter
void Suspend(); /Mo suspend task execution
void Resume(); /fto restart a suspended task
void SetPriority(PCLS,PVAL); //to set task priority
//PCLS refers to class priority (0:4)
JIPVAL refers to priority inside
/lthe class (-31:+31)
void GetPriority(PCLS*,PVAL");//to read task priority
void SemSetWait(); //to set the semaphore and wait
void SemWaitSet();//wait for semaphore free and set it
void SemClear(); /Ao reset the semaphore
void SemWait();  //to wait for semaphore free
TaskID getTaskID(); //to recover the task number

Fig.6-ConcTmpObj class definition.
4. PARALLEL SUPPORT

Concurrency is one of the major distinguishing features
which were introduced in the system in order to provide
higher performance in the recognition task. Concurrency
was introduced both for short- and long-term objects
(models which are in the database and are scheduled on
demand) [31], [32], [33].

Temporary objects concurrency . The programming lan-
guage supports multi-threads with the addition of the class
"ConcTmpObj"” (see Fig. 6). This class directly interacts
with operating system facilities and comprises the defini-
tion of a status variable, a task identifier, control variables
and aRAM semaphore to provide process synchronization.
It includes all the operations which are usually available in
a multitasking environment such as task suspension,
resume, priority change, semaphore set, free and wait....
Classes are defined as subclasses of the "ConcTmpObj”
class (see Fig. 7). The instantiation of a concurrent object
is therefore similar to that of static objects.

Permanent objects concurrency. Concurrency has been
also introduced for the permanent classes of the system. The
"ConcPmmObj" class is similar to the "ConcTmpObj" and
was defined owing to the limitations of the running database
version which does not support multiple inheritance (see
Fig.3). According to this, the ability is provided to concur-
rently schedule distinct objects, multiple methods for dif-
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Fig.7-Temporary class tree (a part).

ferent instance of the same class and multiple instances of
the same method for the same object. In the first case, every
class needs a message interpreter which is specific of the
class. In the second case, a semaphore is needed on the
instance variables as methods can operate on the object
variables concurrently.

In Fig. 8, an example of definition of the command
manager for a concurrent object is reported. In addition,
whatever method can be scheduled as an independent con-
current task by using the method RUN() of concurrent
superclass. Any object models can act concurrently for the
recognition process. As each model embeds its distinct
matching procedure, several copies of this can be concur-
rently activated for matching with different unidentified
object on the Blackboard.

5. RECOGNITION PROCESS

As the recognition process is affected by uncertainty, the
following binary fuzzy relationships were introduced [34],
[35], where ¢ stands for the target object (any Spatial Token
in the image frame), o is the generic object model and d a
generic descriptor for the model:

F={pi(o.d)/(0.d)l 0e 0:deD},

with a membership function y;: O xD — [0,1]. This
describes the degree to which the descriptor value repre-
sents the object. A fuzzy transitive relationship is also
defined between couples of descriptors giving the measure
of the strength of the semantic link / between them:

}/oid <class name>::_FAR ICTTask();
while(1)

state=0;

SemSetWait(); /* wait for new command */

if (Kill==1) TaskEx(0); /* verify the kill condition */
switch (command)

{case --:
/Imethods like commands

break;
case --:

default;
break;

il'}askEx(O); /* close task command */

Fig. 8 - Prototype of concurrent method for a command
manager.

Si={ wu(didj)/(did) didie D ;le L} .

In our system object recognition is regarded as a binary
fuzzy retrieval relation. Given a certain ge Q, we get the set
Rgq which is a fuzzy subsetin O :

Rg= {uRq(o)/o | 0€ O; PR (0) = uR(q,o)} )

As a consequence, the recognition task can be regarded as
a reordering of the collection with respect to the values of
UR,. Recognition is performed in several steps. Based on
the visual context the Expert System starts the image
processing task. Data resulting from the segmentation step,
(i.e., spatial tokens of the whole image) are referenced in
the Blackboard with their identifier obj_id. Processing over
the Spatial Tokens is carried out in order to extract selected
numeric/symbolic features.

As soon as features are evaluated, the Blackboard Manager
asks the Scheduler to activate models in order to compare
properties extracted for each spatial token (the unidentified
object) with those of the models in the database. The
Scheduler, uses non-visual knowledge to prune in advance
the number of models to be taken into consideration. In
particular, indexing facilities are provided which allow the
selection of submodels (OVMRs, ONVMRs) on the basis
of the application context. For example, if the applicative
environment is related to highway monitoring, bike objects
will be regarded as absolutely improbable; moreover,
specific representations will be selected depending on the
daytime. The features of every unidentified object are
compared with those of the selected models in the database.
In our system, every model can autonomously give an
answer, having a separate thread of execution. Therefore,
multiple concurrent object models exist in the system
during the recognition step. Complex objects activate com-
ponent objects, and wait for their answers before outputting
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the global confidence. The confidences for composite ob-
ject C, with A global attributes a and S subparts s (in total
A+S attributes), has been defined according to a generic
fuzzy weighted averaging function:

A
m 1 2 wa T(fra, fea) g
1o (0= 2=l + Y weho )

S A
+ ) ws Y, wa s=!
s=1 a=1

1 if Ifra—gdl < offset

ﬁ’% if Ifraefeal > offset

and: fra = reference attribute values for the a-th attribute;
fga = attribute values measured from the grabbed image
for the g-th attribute; wg = weighting factors for the a-th
attribute; wj= weighting factors for the s-th subpart, where
offset, wa, wj depend on the object model construction.
This function is used to evaluate the confidence for the
object defined in the OOH as comprised of OVMRs and
ONVNRs parts. The number of models to be selected and
of the features to be compared may be very large. Object-
oriented knowledge organization and heuristics are used to
shorten the recognition process. Models at the highest
levels in the object hierarchy are activated first and re-
quested to answer their confidences of matching the set of
features which have been initially selected. At the same
time, an expansion activity takes place, identifying the most
plausibie features which could be further compared. This is
made by using the fuzzy relationships between the model
descriptors. If a selected descriptor di has a confidence
Wi(d;d) about the link with the descriptor dj, then it is
possible to assign an a-priori confidence to the descriptor
dj which is obtained as Jd; Ji(d;.dj . According to this, the
features with the highest a-priori confidence values are
marked as possible features to be further used for com-
parison, when those selected will not allow to discriminate
between models.

In the Blackboard, a set of tuples [status, model name, |,
p_features, b_features}is instantiated for each target object
(obj_id), one tuple per each model which was scheduled for
matching.

The field status describes the status of the model in the
matching process, and the possible distinct values for this
field are: execution, wait, stopped. The | holds the match-
ing confidence that the model has with respect to the target.
b_features is a list of features which are used to evaluate
the matching confidence W p_features is the list of features
which can be possibly used for matching for the model
indicate by model name.

The Blackboard Manager is in charge of narrowing down
the search in the AOH, depending on the computed con-
fidence values. This is made by selecting the models with
a confidence value higher than a certain threshold or the

with:  T(fra,fga) =

Blackboard_Manager: DO

VAR Db features, p_| features req_features :List_of_Features;
VAR Num_obj;i InteP

VAR selected_models :List_of_Models;

VAR ObJRbd ref to_unidentifiéd_object;

Inn Blackboard_Manager();

Num obj := How_many_obj();
DO i= 1 O Num obj
d = Get_obj_id IL
)CASE State _of(obj_id) /*verify the status of all tuples
for this obj_id */
ENABLED: DO /*p is comp. for every tuple for obj id*/
[*create the list of selected models*/
selected_models := Select_Model(obj_id);
I*request features for matching*/
req_features := Req_Require Features&obj_ld)
I*aclivate Scheduler on selectéd models for matching
with the requested features®/
ﬁchedulero For(obj_id,selected_models,req_features);

El
NOALLOWED: DO /*condition for models selection
cannot be sotisfied*/
_features := Heq_Possnble Fealures(ob id);
_features := Re?_Based Features(ob j&)
/“send a request
to the expert system™
E)gsert System. Rqu|b(0bj_ld b_features,p_features);

or addmonal features extractlon

END LOO|
END Blackboard _Manager;

Fig.9-Pseudocode of Blackboard Manager algorithm.

highest available. For each selected model m the Black-
board Manager asks the Scheduler to retrieve its submodels
n. These are in fact the new models that will be scheduled
as concurrent matching models at the next step. In addition,
each of these submodels has to schedule its subparts as
concurrent child processes in order to provide a complete
fuzzy confidence evaluation according to the eq. (1). Ifa
more specialized model outputs a confidence value which
is lower than that of the more general model, this is res-
cheduled and possibly a new comparison is performed
using the additional selected features. Principles of opera-
tions of the Blackboard Manager are reported in the pseu-
docode shown in Fig.9.

6. PERFORMANCE ANALYSIS OF THE RECOG-
NITION SYSTEM

The number of objects (models, M), which can be concur-
rently scheduled at a certain level of the models object
hierarchy depends on the specifics of the application, on the
number of unidentified objects in the Blackboard and on
the kind of algorithm to select the models from the matching
confidences. In general, this number can be estimated by:

U Jguw) N(m)
@M =Y Y |Nm+YSmu-1
=1 m=1 n=1

where:
« U :=number of unidentified objects in the Blackboard;

2.4.3.6
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Fig. 10 - Function P«(l,u) of the hypothesis ii).

 J(e,u) := number of models with a confidence value
higher than € in matching the features of the unidentified
object u;

* N(m) := number of submodels derived from the m model;

* S(n) := number of subparts of the n-th submodel.

Considering a uniform distribution of models, submodels

and submodel subparts it is possible to transform the pre-

vious expression in:

G)M@umns)y=um(n+ns@u-1)),

where u, m, n, s are local variables.

Please note that, according to the hypotheses above, several
instances of the same (sub)model could be concurrently
active for matching different target objects in the Black-
board. However, it should be noted that every model could
be activated for matching or directly by the Scheduler or as
a subpart of another model. In order to take into account
this fact, several assumptions can be made.

i) Rescheduling of the same model as a subpart of another
model is more probable when the number of the target
objects in the Blackboard is larger. According to this, we
assume the following expression for the probability Ps of
scheduling a subpart of a generic model as a function of the
number of unidentified objects u :

@ _ 2

max

where Umax is the maximum number of unidentified objects
in the Blackboard.

ii) The probability of rescheduling a subpart model is
greater when lower levels of the OAH are considered. In
fact, in this case, levels usually have many models with a
greater number of submodels and subparts. This is general-
ly true as lower levels in the OAH correspond to real
objects. This implies that expression (4) can be modified
as:

2
! - max—l
® Potuy= “p= U=l
Umax(Lmax~ 1)

1 u Unmax

= —Hp2 ¥ |8 B4 |

Fig. 11 - Number of models with respect to the number of
unidentified objects on the Blackboard u for some
levels ! in the hierarchy.

where: [ is the generic level number and Lpax is the
maximum number of levels in the OAH. In Fig. 10 the
typical behaviors of Pg(l,u) are shown.

In addition, following expressions hold for the submodels
distribution and the subparts distribution, respectively:

©) _ Smax
Rs(l)=1 Lom’
@) _ Nimax
Ru(l)=1 Lo’

being Nmax and Smax the maximum number of submodels
and subparts in the lowest level of the hierarchy, respective-
ly.

Substituting in (3), the expression for the number of models
which are scheduled at a certain level / of the OAH is:

@M(u,m,D=um (Rn(l) +Ra(D) RA) (u—1) Ps( 1, u)) )

In Fig. 11 figures are presented for this expression in the
case in which only the model with the highest confidence
level (m = 1) is selected at any level of the OAH.

InFig. 12 an example of a vehicle classification application
(see the OAH in Fig, 3) is reported where: Lmax = 6,
Uma_x = 5, Smax = 4, Nmax =2,

6.1.Performance prediction on parallel architec-
ture

Using the equations of the previous section, the number of
concurrent processes (active models and submodels) as a
function of the number of unidentified objects in the Black-
board for eachlevel of the hierarchy can be derived. Results
provide hints for the evaluation of the speed-up achievable
when porting the recognition task on a multiprocessor
architecture.

In the following, the allocation of one processor for each
tasks: Blackboard Manager, Scheduler, Expert System and
of P processors for the M object models selected in the
recognition task will be assumed. Using the Amdhal equa-
tion [36]. The time of execution of a generic algorithm in a

2437

0178




1 u Umax

—— s —+—[s2 ¥ |3

—B- |uq

Fig. 12 - Number of models with respect to the number of
unidentified objects on the Blackboard u for some
levels/in the hierarchy. Example based on the vehicle
application hierarchy.

parallel architecture can be expressed by:

&) Ty=aTs+ (1 Pa)Ts ’
where the first term take into account the portion of the
recognition algorithm that cannot be parallelized, the
second term about the portion which can be executed con-
currently. In our case, the proportionality constant o. is
considered a function of the number of models according

to:

In fact, the portion of code for models management which
must be sequentially executed is linearly dependent on the
number of models, while the portion of the algorithm which
cannot be executed in parallel inversely depends on the
number of models (first and second term of the eq.(10),
respectively). According to this, the execution time of a the
matching algorithm on the multiprocessor system is given

by: 1-p)
(1) 1-(A=B, gl
Tp (M, P)= (U_;lﬁh ﬁM)T,+ ( MP } )

Under the hypothesis that in the presence of a single model
there is no part of the code which can be executed in parallel
and [ is 99.9 per cent of the sequential portion and grows
linearly, curves of Fig. 13 can be derived for the speed-up
as a function of the number of active models.

7. CONCLUSIONS

In this paper, a system was presented which performs
recognition by comparing graphical entities with models
that are stored into an object-oriented database. The con-
currence and a proper database structure were chosen in
order to support fast retrieval and processing. The solution

Speed-up
[¢]

1 Number of models 50

——Ps2 —Pe4 ~H-P:p B P18

Fig. 13 - Speed-up with respect to the number of the active
models for some constant number of processors.

presented herein proposes a new object model which em-
phasizes object specialization as well as a knowledge or-
ganization based on two-object hierarchies with support of
changes of conceptual focus. Parallel processing is en-
forced by introducing concurrence in the object model, so
that each model acts as an independent thread of processing
and is executed on a separate processor.

Results achieved so far show that a high performance
increase can be obtained by using the proposed model with
respect to the common object-oriented model. Moreover,
efficientindexing and search narrowing is obtained through
the hierarchical organization of the model objects. Curves
of the performance achievable with a multiprocessor ar-
chitecture are presented under simplified assumptions.
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