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ABSTRACT 
The problem of recognition of time-varying 

events, particularly motion concepts, is discussed 
and a framework for the abstraction of such con­
cepts is briefly presented. We have designed and im­
plemented a knowledge-based expert system for mo­
tion understanding that incorporates several novel 
features. A frame-based representation, which in­
cludes exception handling via similarity links and the 
organizational primitives IS-A and PART-OF is used to 
construct a knowledge base of temporal concepts. 
This knowledge base drives the recognition process 
that integrates the paradigms of hypothesize-and-
tr»st and competition and co-operation among con­
ceptually adjacent hypotheses. The recognition stra 
tegy also includes a hypothesis rating scheme that is 
amenable to empirical performance analysis. This 
framework has been applied to the problem of human 
left ventricular performance evaluation from image 
sequences, and thus the knowledge base also contains 
much of the current understanding of left ventricular 
dynamics. This paper describes some aspects of this 
application in detail and presents a complete analytic 
of a typical image sequence, emphasizing compari­
sons between human and computer analysis. Addi­
tional justification of the adequacy of the framework 
has been obtained using empirical studies of the hy­
pothesis rating scheme. 

INTRODUCTION 
The problems of recovering three dimen­

sional structure of moving objects from an image se­
quence along with the coi responding translational 
and rotational parameters, and of interpreting "ap­
parent" motions, have received a substantial amount 
of attention in the recent past [1], [2], and [3]. Uur 
approach is complementary to these in that we ad­
dress the questions of 'In what context is this motion 
information useful and in what form, is it useful, and 
how can a computer system abstract the motion 
summary from the large amount of quantitative 
data?". Many applications for motion analysis are 
described in [4], and include outdoor scenes, clinical 
imagery, and satellite and air born imagery. In par­
ticular, two and three-dimensional imagery of the 
dynamic left ventricle (LV) are becoming increasing 
popular and useful as clinical aidB to diagnosis of 
disorders of the heart. The left ventricle is perhaps 
the most important component of our heart since it 
supplies blood to the body. Yet, its analysis is per­
formed mostly by human observation of its imagery 
with l i tt le or no computer assistance, even though 
the motions exhibited by the LV are more complex 
than the human visual system can objectively and 

consistently analyse. 
This "real world" application U rich with 

temporal concepts and relationships and motivated 
our research into time-varying event understanding. 

Our system, called ALVKN, is a knowledge-
based expert system for human left ventricular per­
formance assessment. Input is an image sequence 
obtained by cineradiography of the human left ventri­
cle However, the methodology is applicable to other 
forms of dynamic cardiac imagery as well. The goal 
of the ALVEN system is two-fold: to experiment with 
and study motion understanding methodologies in 
the context of a rich temporal domain; and, to con­
sistently and objectively evaluate the performance of 
the left ventricle and in doing so. compile and refine 
the relevant cardiology knowledge, with the intent of 
providing both a clinical and research tool for car­
diologists. 

We will briefly describe the interesting 
features of our representation formalism and recog­
nition control structure, and then give details about a 
particular analysis of a l f f t ventricular film. 

A FORMALISM FOR REPRESENTING TIME-
VARYING EVENTS 

In two quite comprehensive collections of 
current time-varying imagery research. [4], [5], the 
issue of representation of t.prnpor«l information, par­
ticularly for motion, seems quite neglected. Yet. it is 
clearly an important issue, especially for a motion 
understanding framework such as ours. 

The main concern of our representational 
formalism is how temporal concepts are to be 
represented and organized into a knowledge base 
(KR) The intent is to provide a formalism for 
representing general temporal concepts* such that 
problem-specific ones, in our case, left ventricular 
motions, can be represented in terms of the; general 
concepts-. Furthermore, the form of the KB must be 
such that it can be used by an appropriate control 
structure to guide recognition of the problem-
specific concepts stored in it. There are several 
types of temporal concepts that we are concerned 
with: 

a) event start and end states; 
b) rates of change during an event; 
c) form of the changes during the event: 
d) changes of relationships of the subject of the 

event with respect to other events or objects; 
c) temporal constraints between events 

In addition to providing a coherent scheme 
for representing such concepts, the formalism must 
take several other constraints into account: 
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a) The da ta involved o f ten have a " fuzzy" qual i ­
t y . In r e a l wor ld domains, t he re are ranges of ac­
ceptab le values to con tend w i t h , as opposed to single 
c o r r e c t values, as wel l as over lapp ing ranges of ac­
ceptab le values be tween conf l i c t ing concepts . This is 
p a r t i c u l a r l y i m p o r t a n t fo r events whose n o r m a l t i m e 
in te rva ls m a y be over lapp ing and wh ich exh ib i t a 
t e m p o r a l p recedence re la t ionsh ip (event A m u s t p re ­
cede event B, bu t the i r t e m p o r a l boundary is fuzzy) . 

b) The r e p r e s e n t a t i o n m u s t have a s t rong 
desc r ip t i ve basis w i t h qua l i ta t ive concepts re la ted to 
quan t i t a t i ve ones, t ha t is, there m u s t be a " b r i d g e " 
between descr ip t i ve and n u m e r i c a l concepts . 

c) The f o r m a l i s m mus t be capable of rep resen t ­
ing concepts at d i f fe ren t levels of abs t rac t i on , 
depend ing on the level of exper t i se of the person who 
en ters the knowledge. Both types of descr ip t ions 
m u s t be hand led because the re are cases where only 
coarse descr ip t ions are avai lable that mus t be i n ­
t eg ra ted wi th m o r e deta i led descr ip t ions . 

F inal ly , an invest igat ion in to appropr ia te 
reogn i t ion-b iased knowledge s t r u c t u r i n g p r im i t i ves is 
r equ i red fo r the c o n s t r u c t i o n of the knowledge base. 

Entities of the Representation 
The basic en t i t ies of the rep resen ta t i on are 

packages of i n f o r m a t i o n cal led frames and are used 
to mode l abs t rac t t e m p o r a l concepts such as CON­
TRACT or EXPAND, and abs t rac t ob jec t concepts such 
as HEART or LV. Each f r ame may have an associated 
desc r i p t i on o f i ts i n t e r n a l s t r u c t u r e t h a t defines the 
semant ic componen ts o f the concept t ha t the f rame 
represen ts . For t e m p o r a l concepts , the i n t e r n a l 
s t r u c t u r e of a f rame defines the semant ic c o m ­
ponents of the event, such as ra te or du ra t i on . On 
the o the r band , ob ject concept f rames have an i n te r ­
nal s t r u c t u r e t ha t defines the i r phys ica l pa r ts and 
the p rope r t i es possessed by t h e m . The i n t e rna l 
s t r u c t u r e of a f r ame is def ined by slots, each of 
wh ich has a name and an associated type. The type 
re la tes the slot to o ther f rames t h a t speci fy the k i n d 
of tokens tha t can f i l l (be bound to ) i t . 

Slots may have associated i n f o r m a t i o n t ha t 
specif ies a defau l t value, cons t ra in ts tha t have to be 
sat isf ied by i ts values, and e x c e p t i o n s t ha t are to be 
ra ised when these cons t ra in t s are not sat is f ied, thus 
dr iv ing the recogn i t i on process. Except ions are in-
stances of the except ion t ype f r ame and con ta in al l 
re levan t i n f o r m a t i o n requ i red by the recogn i t i on 
m e c h a n i s m to cha rac te r i ze the m a t c h i n g fa i lu re , and 
to assist in d e t e r m i n i n g wh ich a l t e rna te hypotheses 
may be app rop r i a te . 

Our r ep resen ta t i on is c losely l i nked w i t h the 
PSN f o r m a l i s m [ 6 ] a n d the concepts of f rames and 
o rgan iza t iona l p r im i t i ves are bo r rowed f r o m the re . 
Two p r i m i t i v e re la t ionsh ips are used to organize 
f rames i n t o a knowledge base w i th d i f fe ren t levels of 
abs t rac t i on The PART-OF re la t ionsh ip re la tes a 
f r a m e to i ts par ts , wh ich are the types of i t s s lots. 
Clear ly, recogn i t i on of an ins tance of a f r ame makes 
heavy use of the PART-OF h i e ra r chy in the recogn i ­
t i on of i ts pa r t s . This re la t ionsh ip is a tool useful for 
con t ro l l i ng the level of de ta i l in a f rame , and fo r p r o ­
v id ing a br idge between quan t i t a t i ve and qua l i ta t i ve 
descr ip t ions . For example , at a coarse level of de ta i l , 
a concept such as CONTRACT is app rop r i a te whi le at a 
m u c h f iner level , the mot ions o f the ind iv idua l c o m ­
ponents t h a t t aken toge ther make up the c o n t r a c t i o n 
cou ld be found. 

The other p r im i t i ve re la t ionsh ip used to or­
ganize f rames is ca l led the IS-A re la t ionsh ip . I t is i n ­
tended to c a p t u r e the no t ion o f genera l i za t ion or 
classes and sub-classes. The use of IS-A economizes 
on f r ame size ( t h r o u g h inhe r i t ance of p rope r t i es ) , 
and provides a mechan i sm for impos ing m o r e g loba l 
cons t ra in t s on specif ic concepts . 

Our r ep resen ta t i on scheme is c lear l y 
biased towards recogn i t i on . Perhaps the m o s t i m p o r ­
tan t r ep resen ta t i ona l fea tu re for the purposes of 
r ecogn i t i on is the similarity link [ 7 ] . These l inks 
re la te f rames that, are, in some sense, s imi la r , and 
are used to handle s i tua t ions where one or more 
m a t c h i n g except ions have been ra ised. F rames t h a t 
have an act ive s im i l a r i t y l i nk between t h e m are as­
sumed to be m u t u a l l y exclusive. The i n f o r m a t i o n as­
soc iated w i t h a s im i l a r i t y l i nk is s tored ins ide a gen­
er ic f r ame . The l i nk rema ins d o r m a n t , i.e., the 
source f r ame and the speci f ied des t ina t ion f r a m e are 
not connec ted in any way, u n t i l the recogn i t i on p r o ­
cess deems the connec t ion necessary. 

Each s i m i l a r i t y l ink car r ies two types of i n ­
f o r m a t i o n ( in add i t i on to i t s source f rame and des t i ­
na t ion f r ame(s ) ) : 

a) A condition wh ich de te rm ines whether the 
ra ised except ions can indeed be handled by the l ink ; 
and 

b) binding information t ha t ind icates how 
the values of the slots in the source f r ame a re re l a ted 
to those in the des t ina t ion f rame . 

The cond i t i on is made up of two c o m ­
ponents , a similarity expression and a 
difference expression. The s im i l a r i t y express ion 
conta ins the necessary cond i t ions wh ich the two 
l i nked f rames m u s t share in o rde r for the s im i l a r i t y 
l i nk to be ac t i va ted ( i .e. , the " s im i l a r i t i es " ) . Since 
only one of the f rames ( the source f rame) is act ive 
when th is cond i t i on is eva luated, the p red ica tes 
descr ibe p re requ i s i t e componen ts o f the des t i na t i on 
f r a m e t h a t m u s t also be possessed by the source 
f r a m e . The d i f fe rence express ion is a l is t of excep­
t ions w h i c h m a y be ra i sed du r ing m a t c h i n g o f the 
source f r ame . Each of the l is t 's e lements has an as­
soc ia ted t i m e i n te r va l t h a t specif ies when each ex­
cep t ion shou ld occu r i f a l l o f t h e m are observed in 
the image sequence. In ef fect , such an express ion i n ­
d ica tes the t i m e course o f the ma tch ing fa i lu res in 
the source f r a m e con tex t , t ha t ind ica te t h a t the des­
t i n a t i o n f r ame ' s con tex t wou ld be more re levan t ( i .e., 
the " t i m e sequence of d i f fe rences" ) . Thus, the s im i ­
l a r i t y l inks po in t t o a l t e rna te f rames po ten t ia l l y v i ­
able when except ions are ra ised. 

Temporal Concepts 
The t e m p o r a l concepts of i n te res t for our 

purposes are those descr ib ing two-d imens iona l spa­
t i a l changes. However, the rep resen ta t i on f o r m a l i s m 
is no t r e s t r i c t e d to on ly these and, we bel ieve, Is ex­
tendab le to the th ree -d imens iona l case as wel l . In 
o rder to adequate ly rep resen t m o t i o n concepts , cer ­
t a in semant i c componen ts m u s t be inc luded . Mi l le r 
[6 ] has done a very good analysis of the semant ic 
componen ts for a large class of Engl ish m o t i o n verbs. 
Using Mi l le r 's work as a founda t ion , Badler [ 9 ] re f i ned 
these concepts , gave deta i led def in i t ions of t he d i rec -
t iona ls , and ou t l i ned a f r a m e w o r k w i t h i n wh i ch recog­
n i t i on can be done. The work p resen ted here is 
s t rong ly based on these research ef for ts . Mi l ler 's se­
man t i c componen ts inc lude changes of l oca t ion , the 
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re f lex ive-object ive d i s t i nc t i on , d i r e c t i o n o f m o t i o n , 
changes of phys ica i p r o p e r t i e s of an ob jec t , changes 
of m o t i o n , r a t e o f m o t i o n and o thers . Our r e p r e s e n ­
ta t i on can handle these, bu t c u r r e n t l y does no t deal 
w i th causa l i ty . 

Mot ion f r ames , once def ined, are organ ized 
in to a KB using the IS-A. PART-OF and S i m i l a r i t y re la ­
t ionships. Mot ions are d iv ided in to two m a i n sub­
classes - s imp le and aggregate mo t ions . The s imple 
ones are " p u r e " mot ions - s t r i c t c o n t r a c t i o n , s t r i c t 
upwards m o t i o n , s t r i c t l eng then ing , e tc . Mot ions 
which are comb ina t i ons o f these s imple mo t i ons , are 
classif ied unde r the class of aggregate mot ions . This 
spec ia l izat ion uses the IS-A re la t ionsh ip . The aggre­
gat ion of severa l s imple a n d / o r o the r aggregate mo-
t ions i n to an aggregate sub-class is accompl i shed via 
the PART-OF re la t i onsh ip . Mot ions wh ich cannot co­
exist fo r the same ob jec t du r i ng t he same t i m e i n te r ­
val are r e p r e s e n t e d by i nc lud ing s i m i l a r i t y l i nks in 
the i r de f in i t i ona l f rames . The ac t i va t ion or use of any 
of these t h ree re la t ionsh ips is d e t e r m i n e d du r ing 
processing by the c o n t r o l s t r u c t u r e . Detai ls o f the 
f r a m e def in i t ions for m o t i o n classes as wel l as the or­
gan iza t ion of m o t i o n classes can be found in [10 ] . 

THE RECOGNITION SCHEME 
Overview 

The pa rad igms of c o m p e t i t i o n and co-
ope ra t i on among hypotheses and hypothes ize-and-
tes t f o r m the basis o f ou r recogn i t i on c o n t r o l s t r u c ­
t u r e . The key fea tu re of the c o n t r o l s t r u c t u r e is t ha t 
i t is d r i ven by the o rgan iza t ion of t h e knowledge base, 
t ha t is, by the p r i m i t i v e re la t ions be tween knowledge 
un i ts . Ac t i va t i on of hypotheses proceeds along the 
IS-A, PART-OF and S im i l a r i t y re la t ionsh ips in a con­
s t ra ined manne r . 

Hypotheses are r a n k e d on the basis of cer­
ta in t y fac to rs . Each hypothes is , when ac t i va ted , re ­
ceives an In i t i a l c e r t a i n t y f ac to r equal to tha t o f the 
hypothes is t h a t ac t iva tes i t . A mod i f i ed r e l a x a t i o n la ­
bel l ing process (RLP) [11 ] is t h e n used to upda te the 
c e r t a i n t y fac to rs . The re laxa t i on process is based on 
conceptual adjacency t h a t specif ies wh i ch hy­
potheses are c o m p e t i t o r s and which ones are comp l e ­
m e n t a r y and in what respect . The compa t i b i l i t i es 
between hypotheses t h a t are necessary fo r t he RLP 
are der ived in a dynamic fash ion, depend ing on wh ich 
concep tua l ad jacenc ies are p resen t between hy­
potheses t h a t are act ive du r i ng the course o f t he i n ­
p u t image sequence. The best hypotheses (h ighest 
ranked) are used to der ive the expec ta t ions for the 
next image. 

A scheme s im i l a r to , b u t not as soph is t i ca t ­
ed as [12 ] , is p roposed for the v is ion aspects of p ro ­
cessing, t h a t is, the use of expec ta t ions to gu ide the 
search fo r ob jects in the image and d e t e r m i n e the i r 
cor respondenc ies to the prev ious image. Note t h a t 
med ica l researchers have a l ready p roposed success­
fu l so lut ions fo r loca t ing the fea tu res in our p a r t i c u ­
lar t ype of image ry [13 ] . Changes are desc r ibed in 
t e r m s of l oca t i on changes of po in ts , l e n g t h changes of 
axes and p e r i m e t e r s , a rea changes and shape 
changes. These four p r i m i t i v e k ineses prov ide an i n ­
t e r m e d i a t e r ep resen ta t i on for r e l a t i ng quan t i ta t i ve 
changes to qua l i ta t i ve ones. 

This low level data dr ives the ac t i va t ion of 
hypotheses t h a t a t t e m p t to descr ibe the exh ib i t ed 
mot ions . The s ta r t i ng set of hypotheses for each ob­
j e c t in the f i rst image con ta ins only one hypothes is -

the NO MOTION hypothes is . The k ineses for a p a r t i c u ­
lar ob jec t are m a t c h e d against the hypothes ized m o ­
t ions, and m a t c h i n g fa i lu res between expec ted and 
ac tua l k ineses are r eco rded . These fa i lu res are 
rep resen ted in t e r m s o f excep t i on f r ames which con ­
ta in any i n f o r m a t i o n necessary so t ha t p rope r selec­
t i on can be made of a l t e rna te hypotheses. This selec­
t ion is made v ia the s i m i l a r i t y l inks wh ich are p resen t 
in the f r a m e of which an act ive hypothes is may be an 
ins tance. The ac t i va t i on of m o r e specia l ized hy­
potheses proceeds along the IS-A axes in the KB. 
Se lec t ion of an app rop r i a te IS-A ch i l d f r a m e depends 
on the ma tch ing success of a f r a m e wh ich a i r f r a m e s 
have as one of t h e i r spec ia l izat ions - the NO SPECIALI­
ZATION f r a m e . This f r a m e i nhe r i t s a l l the p rope r t i es 
of i t s IS-A fa the r and adds new cons t ra in t s to I ts 
de f in i t ion , so t h a t i f i t succeeds in m a t c h i n g , i t ex­
c ludes a l l o ther specia l izat ions of i ts IS-A fa ther . I t 
also conta ins a set. of s i m i l a r i t y l inks re l a t i ng it via 
possible except ions to the o the r spec ia l izat ions of i t s 
IS-A fa ther . In th is way, i f i t fa i ls the m a t c h i n g p r o ­
cess, o the r specia l izat ions are ac t i va ted . I t also a l ­
lows the sys tem to iden t i f y when there are no f rames 
in the KB tha t are app rop r i a te for desc r ib ing the ex­
h ib i ted mo t ion . F inal ly , aggregate hypothes is f rames 
are ac t i va ted on the success of a component vin the 
co r respond ing PART-OF l ink . In o ther words, the IS-A 
re la t ionsh ip is a m e c h a n i s m by which the f r ames 
along o pa r t i cu l a r " p a t h " in the ne twork are ac t i va t ­
ed, each one being a spec ia l izat ion (genera l i za t ion) of 
ano ther f r ame on the pa th , the PART-OF re la t i onsh ip 
allows a b read th - f i r s t search for f rames co r respond ­
ing to aggregat ions of f rames perhaps on several 
d i f fe ren t IS-A pa ths , and S i m i l a r i t y l inks p rov ide a 
m e c h a n i s m for se lect ive ly adding the f rames of o the r 
IS-A pa ths i n to the act ive hypothes is net. 

Let us, for a m o m e n t , compare th is w i t h the 
change of a t t e n t i o n mechan isms in two o the r large 
app l i ca t ion systems HEARSAY-I1 [14 ] and INTERNIST-II 
[15 ] . In HEARSAY-II. knowledge sources are ac t i va ted 
whenever they see the i r p re requ is i te data on the 
b lackboa rd , i.e., the ac t i va t ion of knowledge sources 
is da ta -dr iven . In INTERNIST-II. hypotheses are also 
genera ted f r o m the data. Signs and symp toms are 
i npu t to the sys tem and the app rop r i a te hypotheses 
are ac t i va ted . There fore , data is con t inua l l y being 
added as a resu l t of quest ions asked by the sys tem, 
so t h a t new hypotheses are i n t r o d u c e d t h r o u g h o u t 
the d iagnost ic process. Our scheme Tor adding hy­
potheses di f fers in t h a t i t takes advantage of bo th 
successes and fa i lu res in o rde r to d e t e r m i n e which 
a l te rna tes are v iable. The r e m a i n d e r of th is sect ion 
wi l l concen t ra te on some of the m o r e i n te res t i ng 
fea tures of the c o n t r o l s t r u c t u r e . A comp le te 
desc r i p t i on of the c o n t r o l s t r u c t u r e can be found in 
[16]. 

Our sys tem ma in ta ins a set of act ive hy­
potheses t h roughou t the r ecogn i t i on process. Act iva­
t i on of a hypothes is involves ac t i va t ion of i ts IS-A 
ancestors (v ia the IS-A h ie ra rchy ) and of i ts c o m ­
ponents (via t he PART-OF h ie ra r chy ) . Act ive hy­
potheses are organ ized by t he i r " concep tua l ad jacen­
cy" : t he semant ic i n te r -hypo thes is re la t ionsh ips t h a t 
are ac t ive a t any t i m e ins tan t , thus concep tua l ad ja­
cencies are dynamic . This m a y he l i kened to the 
" s t r u c t u r a l ad jacency" of HEARSAY-11, wh ich is based 
on i m m e d i a t e ad jacency in the AND/OR t r ee of hy­
potheses. These re la t ionsh ips co r respond to the 
fea tures of the rep resen ta t i on - IS-A, PART-OF, s im i -
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larity, and temporal precedence. 
An object's set of possible hypotheses con­

sists of active hypotheses which define motion classes 
for that object during a common time interval. Hy­
potheses for an object's parts are considered as part 
of the set for that particular part. In this way, since 
hypotheses are organized by object, there can be no 
overlapping sets of hypotheses - no one hypothesis 
can be a member of more than one set. There is no 
restriction, however, on the PART-OF relations 
between sets of hypotheses. 

The mechanism for the addition of a hy­
pothesis via an activated similarity link requires ela­
boration. A similarity link in hypothesis H is activat­
ed between hypotheses H and H" when: 

• the similarity expression is satisfied, i.e., all 
properties of H' which must be true before H* can be 
activated must have been instantiated; and, 

• at least one of the exceptions in the difference 
expression has been instantiated. It is not necessnry 
that this be the first one in the time course expres­
sion. Noise effects may mask it. One must realize, 
however, that noise or extraneous information may 
also erroneously trigger the similarity. 

When frame H* is activated by H as its com­
petitor, the slots of H' must be filled up to the time 
instant of activation. It will be true, in many cases, 
that some of the slots of H will be identical in content 
to those of H' These are transferred through the 
binding expression in the similarity link. Those that 
are not must be computed. 

There are several additional considerations 
that arise when determining similarities between hy­
potheses: 

• When a particular exception cannot be handled 
by the local similarity links, the links of its IS-A 
ancestors are checked. 

• Since activation of a frame automatically ac­
tivates its IS-A ancestors, transfer of parts between 
the two frames* IS-A ancestors may be accomplished 
by the binding expressions of the similarity links (if 
present) between those frames. 

• There is also a need to propagate similarities 
upwards along the PART-OF hierarchy, berause possi­
ble mis-matches of a motion component may require 
completely new contexts for the newly activated 
parts. This is done by automatically raising an excep­
tion in the parent hypothesis. When an exception is 
detected in n part A of frame B, this automatically 
generates an additional exception for frame B stating 
that frame B has failed. In this way exceptions are 
propagated up the PART-OF hierarchy. The exception 
carries with it a special slot "prereq_part" which 
specifies the newly activated frame name C. The 
parent frame of B, that is D, can use its similarity 
links with the added constraint that C must be PART-
OF any newly activated destination frame of D. 

Hypothesis Rating 
The hypotheses will be ordered by means of 

the certainty that the system has in them. The best 
candidates are determined for each object; that is, 
hypothesis certainty values are not compared unless 
the hypotheses define motions for the same object 
and for the same time interval. Thus, each object 
would have a leading hypothesis set, and each part of 
each object would have a leading hypothesis set. It is 
not necessarily true that the best hypothesis for an 
object's part is PART-OF related to the best hy­

pothesis for the object as a whole. 
Each hypothesis has a certainty factor asso­

ciated with it - a number between 0.0 (completely 
uncertain) and 1.0 (completely certain). Initial 
values are set through the conceptual adjacencies of 
each hypothesis when it is activated. If a hypothesis 
H, has N competitors (either mutually exclusive ones, 
through similarity links, or through the temporal 
precedence constraint), then each hypothesis of the 
competing set has an init ial certainty of 1/N • 
cert(H). If a hypothesis has no competitors, then as 
far as the system is concerned, it is certain that the 
hypothesis will be instantiated - because there is no 
other possibility. This is why similarity links are so 
crucial - matching failures would not be recorded in a 
hypothesis' certainty factor through the relaxation 
process unless they also activate a similarity link to a 
competing frame. The reason for this is that certain­
ty factors are normalized over the set of competing 
hypotheses. This has necessitated the inclusion of 
control hypotheses: hypotheses that monitor each 
sot of competing hypotheses. They are frames in the 
same sense as described above, but their matching 
constraints succeed if no hypothesis in the compet­
ing set succeeds matching and fail otherwise. They 
may be likened to the "no-edge" label in edge finding 
applications of RLP's. and, in direct analogy, are 
frames of type NO AGGREGATE or NO SPECIALIZATION 
for the relevant motion concept. Hypotheses are in­
stantiated when their certainty reaches a particular 
value, determined by the size of the competing set, 
the duration of the shortest motion to be recognized 
and the image sampling rate (see [16], [17]). The in­
stances are related to their definitional frames via 
the i n s tance of relationship and must conform to 
the internal structure of the frame. Hypotheses are 
deleted when their certainty falls to below a 
minimum value that is related to the instantiating 
certainty threshold. 

The driving concept used for the updating of 
certainty factors in our system is generic good tem­
poral continuation of hypotheses. This is direct anal­
ogy to good edge continuation for edge labels in im­
ages. Global constraints extracted from the 
knowledge organization and local constraints embo­
died in the hypotheses themselves provide the basis 
for the determination of good temporal continuation. 

Once the init ial certainties are set for a hy­
pothesis, the certainty is updated for each subse­
quent image. The updating rule that we use is taken 
from relaxation labelling [ l l ] and has exactly the 
same form as presented in that paper. The compati­
bilities between hypotheses depend directly on the 
types of conceptual adjacencies that hypotheses ex­
hibit. The weighting factor assigned to each contri­
buting hypothesis depends on the number of active 
adjacent hypotheses and their types. 

The major change from the standard RLP 
described by Zucker is that we do not iterate unti l 
certainty factors converge to stable values. Rather, 
certainties are updated using only one application of 
the rule. In this way, each update corresponds to an 
analyzed image in the sequence. The reason for this 
change requires a clear understanding of what the 
RLP does. 

For the purposes of this argument, let us as­
sume that there are three competing hypotheses. 
The initial assignment of certainty factors place the 
starting point of the RLP at some point, say A, on the 
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plane formed by the certainty factor vectors fl.O.OJ, 
(0,1,0), }0,0, l j . The plane is as it is because the sum 
of the certainty factors must remain at one; other­
wise, the process is not guaranteed to converge. Now 
suppose that after the first inter-image description is 
obtained, f rom point A. the RLP. using good temporal 
continuity cr i ter ia takes the certainty factor vector 
through some path to a final convergent labelling 
after several iterations of the updating rule. Why is 
this undesirable? Because of the nature of the RLP, 
the system could never move away from this final 
stable state, and therefore after the first pair of im­
ages, the certainty factors could not change. 

If only one application of the updating rule 
is used between images, the effect is that the system 
moves along a short vector tangent to the path that it 
would have taken if many iterations were done. Two 
images are enough to determine this vector. The 
system's focus thus has inertia during the integra­
tion of many image pairs of data from the image se­
quence. It has inertia of location because it does not 
move very far away from its current location. This is 
desirable because hypotheses and their compatibil i ty 
values are uncertain. The length of the vector is 
determined by how consistent the matchings of hy­
potheses and the kineses are with the constraints im­
posed by the organizational axes of the KB. The sys­
tem also has inert ia of direction because it moves 
along a tangent to its current path in the plane 
formed by the hypothesis space. The problem of ra­
pidly shifting foci of attention, present in other large 
application systems [14], [15|, is therefore greatly re­
duced. However, other considerations arise. What 
arc the l imitations of such a process in terms of how 
many iterations (in other words, images) are needed 
in order to determine a consistent labelling, and how 
is such a process affected by extraneous stimuli? We 
have conducted several experiments on the hy­
pothesis rating scheme in order to study these ques­
tions [16], [17]. The result?; of these experiments 
have lead to several empirical relationships relating 
compatibil i ty values for the conceptual adjacency 
types, maximum number of hypotheses in a single 
competing set, decision certainty thresholds, signal 
noise content, scene sampling rate, and shortest 
event in the domain to be recognized. In addition, 
the results of one part icular experiment demonstrate 
that inclusion of the 1S-A hierarchy and its inherent 
generali7ation of consLraints, leads to faster event 
recognition in terms of the number of image samples 
that must be analyzed. 

THE APPLICATION TO LV DYNAMICS 
In surveying the rapidly growing l i terature 

on quantitative left ventricular dynamics, the prob­
lem of consistency in terminology has become ap­
parent to us as well as to other researchers [18]. 
How can we compare and evaluate the varying and 
sometimes conflicting results of studies of ventr icu­
lar wall motion? We have attempted to define the usu­
al terms used by cardiologists in describing LV per­
formance? in terms of the motion semantics outlined 
above and using our representation formalism. A 
brief diversion is appropriate here in order to 
describe the problem domain so that the example 
presented will be easier to digest. 

The image sequences that are being studied 
arc obtained by cineradiography of the left ventricle. 
However, the particular LVs that we are studying are 

those that have had corrective surgery (coronary by­
pass or valve prosthesis). The goal is to determine 
how normal their post-operative function is in order 
to appraise the effectiveness of surgery. For each LV, 
during corrective surgery, 9 tiny tantalum helixes 
(markers) are implanted into the left ventricular 
wall, all roughly in the same plane. In addition, two 
clips are attached to the aorta as points of reference. 
After surgery, follow-up examination involves relative­
ly simple cineradiography Figure 1 displays the mo­
tion patterns for one such LV, both the inward ( la) 
and the outward ( lb ) motions, with all features of in­
terest labelled. The marker positions appear as dots. 
The left ventricle is standardly divided into three seg­
ments, the anterior segment is made up of markers 
3. 4, 5. and 6; the apical segment is made up of mark­
ers 6. 7, and 9: and. the posterior segment is made up 
of markers 8. 9. 10. and 11. The aortic clips are 
markers 1- and 2. These figure*? show the super-
imposed marker positions for a number of consecu­
tive images, separated Into the contraction and ex­
pansion phases so that the motion paths arc more ap­
parent Even stil l, some marker positions are occlud­
ed in these pictures whenever no motion was exhibit­
ed. This part icular case was filmed at 30 
images/sec; however, more recently. 60 images/sec 
has become the norm and ALVEN has also been tested 
on those sequences. 

The left ventricular cycle has two main 
phases - systole (ejection, or, contraction) and dias­
tole (fil l ing, or, expansion). The systolic phase is di­
vided into three parts: the isovolumic contraction 
phase, the maximum ejection phase and the reduced 
ejection phase, while diastole is divided into four 
phases: isovolumic relaxation, rapid filling, diastasis 
and filling by atr ial contraction. Good data is avail­
able on the standard normal characteristics of tnese 
events. Using the textbook definitions of each of 
these phases in terms of minimum start t ime, max­
imum end t ime, minimum duration, maximum dura­
tion, minimum and maximum rates of contraction 
(expansion), frames were defined for each normal 
phase. Each constraint of the slots in these frames 
has its associated exception: TOO SHORT. TOO FAST 
CONTRACTION. TOO LATE. TOO EARLY, etc. TOO 
SHORT/LONG refers to the duration of an event. TOO 
LATE/EARLY refers to the time slot in which the mo­
tion was recognized with respect to the LV cycle. TOO 
FAST/b'LOW refers to the rate of area change. In ad­
dition, several other abnormalites are defined. ASYN-
CR0NY is the term used to denote that the onset of 
contraction (expansion) is not uniform for all por-
tions of the LV. In our case, the LV is made up of 
three segments: anterior, apical and posterior. Each 
segment in turn is made up of several markers as in 
Figure l. Asynchrony, then, applies to each segment, 
for its markers, and for the LV with respect to its seg­
ments, reflecting the PART-0F hierarchy. HYP0K-
INESIS is the term used to describe a significantly 
smaller extent of motion in comparison with the 
object's neighbours and again is defined relative to 
the PART-0F hierarchy. Finally, abnormal directions 
of motion with respect to the contraction (expansion) 
of the LV are described by the term DYSKINESIS. 
Other motion terms used in the description aro: UNI­
FORM contraction (expansion) * ail parts are moving 
inwards (outwards) synchronously, and the super-
part is contracting (expanding) (these are examples 
of aggregation of simultaneous motions); INWARDS 
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<UUTWARDS) motion with respect to the dynamic cen-
troid of an object's super-part; length changes, both 
SHORTENING and LENGTHENING (normal I.Vs' permin-
ter shortens only during contraction and lengthens 
only during expansion); and. other? that have a more 
intuit ive meaning. A BEAT is defined as a str ict con­
tract ion immediately followed by a str ict expansion, 
while an INVERSE BEAT is the exact opposite (these 
are examples of an aggregation of a sequence of mo­
tions). Finally, the terms MOVING, TRANSLATE, OB­
JECTIVE. PHYSICAL-CHANGE. AKEA-CHAMGE. LENGTH-
CHANGE reflect the 1S-A hierarchy for each of their 
more specialized motions* Also note that terms such 
as NO MOTION, NO TRANSLATION. NO LENGTH CHANGE, 
etc. are also recognized. Reflexive verbs, although 
defined in ALVEN. such as UPWARDS. LEFTWARDS, etc. 
were not included in this desciption. They are not 
very useful for LV motion since an orientation-free 
description is required. The term R-TS refers to an 
instance of a normal rate and time slot for a part icu­
lar area change. The set of such normal instances is 
then put together in determining whether or not the 
duration is proper. 

An area for the LV is defined as the area en­
closed by the outline formed by joining the markers, 
and an area for a segment is defined as the area en­
closed by the outline formed by the markers of the 
segment and thu dynamic ccntroid of the LV. A 
length is simply the arclength of the line formed by 
joining the markers of the LV as a whole or of each 
segment. 

ALVEN's classification of the motions of each 
segment, for the LV as a whole, as well as all excep­
tions to normal motion generated for all markers and 
the complete descriptions of markers 2 and 7. 
makes up Figure 2. The goal is to provide a sum­
mary description of the dynamics of the LV as a 
whole, and then, if the clinician is interested, the seg­
ments' dynamics, marker dynamics and their associ­
ated numericn) quantities may be selectively exam­
ined for the purpose of either verification of the sum­
mary description or for precisely locating reasons for 
an abnormal summary description. This particular 
example required 17 images for a single LV cycle at 
30 images/sec. The radiologist reported that the 
marker motions indicated a hypokinetic anterior seg­
ment and normal motions otherwise. 

The description in Figure 2 uses the time 
units of images. Wc see by the description, That AL­
VEN agrees with the radiologist in that hypokinesis is 
reported for the contraction phase of each anterior 
marker for at least one t ime instant during the 
phase, as well as for the anterior segment as a whole. 
However, hypokinesis is just a sign of more severe 
problems. Obviously, if a part of the LV does not con­
tract properly, the rate of expulsion of blood is im­
paired. This is apparent by the exceptions TOO SLOW 
CONTRACTION, TOO SHORT REDUCED EJECTION 
PHASE, the lack of an instance of the maximum ejec­
tion phase, etc. These are consistent with hypok­
inesis, but are more serious problems with the left 
ventricle. Also, since the system has objective cri­
teria for judging the motions, several instances of 
agynchrony and dyskinesis were found both at the 
segment and at the LV level This is rather difficult if 
not impossible to do by observation only. The 
remainder of the description gives the complete set 
of terms used by ALVEN to describe the motions. 

We conclude that ALVEN's evaluation is con­
sistent with that of a radiologist, but is more com­
plete and objective. Other examples that have been 
analyzed also support this conclusion. 

CONCLUSIONS 
We have briefly described an approach to 

the abstraction of time-varying concepts from a se­
quence of images. The system embodying this ap­
proach, called ALVEN, has been implemented and an 
example of one of the left ventricular motion se­
quences was presented. Testing thus far has shown 
that ALVEN's evaluation of LV performance is con­
sistent with the radiology reports, but is more objec­
tive and complete. ALVEN has also been tested on ar­
bitrary motions of moving dots and produces quite 
acceptable, although l imited in vocabulary, descrip­
tions of their motions in the plane of the image. We 
believe that the recognition strategy is unique in that 
the semantic relationships of the KB and t ime itself 
are integral components of the recogntion process. 
Moreover, our recognition control structure provides 
an approach for reducing the effects of shifting foci 
during recognition and for dealing with exceptions 
and temporal constraints. There are several ongoing 
research topics being pursued using this general 
framework: interpretat ion of arrhythmias from elec­
trocardiograms, interpretat ion of aortic valve func­
tion in the fetus using ultrasound signals, and the 
representation of causality and its recognition from 
image sequences. In addition, ALVEN's knowledge is 
being refined and tested in order to achieve clinical 
acceptance for its results. 
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