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Structural description of objects comprised descriptions of the parts and spatial 
relations between t.he parts. This paper presents a Hopfield net based scheme for 
matching struct.ural shape descriptions. The current formulat.ion of the matching 
scheme is general enough. to take Care of part.ial mismatch between the individual 
parts and spat.ial constraints bet.ween t.hese part.s. In addition, a transfoITnation of 
the shape descript.ions has been suggest.ed with which shape descriptions containing 
3Symmetrica.l spatial constraints between the parts can be matdled using symmetric 
interconnection weights for the Hopfield net. The Hopfield net based fOITnulation 
has been ext.ended t.o consider the problem of finding the best match of the test 
shape descriptions with one of the stored prototypes. The matching scheme has been 
experimentally applied for recognition of hand-tools and symbols. In both cases, the 
network produced encouraging recognit.ion result.s. 

K eywoTds: Shape matching, new'a! uetwork, spatial constraint.s. 

1. INTRODUCTION 

An object can be described In terms of the description of its parts and spatial 
relations bet.ween the parts. Such a descript.ion explicitly represent.s the spatial or
ganisation of the primitives forming the objects. Object descript.ions formed in this 
way are categorised as stroclural object descriptions. l St.ructural descriptions are 
rotation and translation iuvariant. Only when parts of au object undergo changes 
and/or are physically removed do structural descriptions need modification. Be
cause of these invariant characteristics objects as well as higher level entities, like 
real world sceues or images, can be effectively represeuted using structural descrip
tions. If the constituent objects of a scene are also described in the same way, we 
get a hierarchic structural descriptiou of the scene. 

Structural descriptious are useful for many computer vision problems like shape 
matching,l,2 stereo matching,3 etc. Structural descriptions of 2-D or 3-D shapes are 
relatively less affected dne to occlnsion, distortion or deformations. Hence, recog
nition or matching schemes ba...sed on structural descriptions are robnst against 
occlusion and distortions.4 Structural object descriptions can be equivalently repre
sented in terms of directed or undirecl.ecl graphs in which the set. of nodes represent 
the primitives and the arcs represent the spatial relations between the primitives. 
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At.t.ributes associat.ed with the nodes and t.he arcs provide the descript.ive power 
t.o the graphs. These graphs are commonly referred to as attribut.ed relat.ioual 
graphs. s Recognition schemes based on inexact mat.ching of the graphs have also 
been developed. 6 Structural description of the images (left, and right) can be used in 
a stereo matching procedure. 3 The number of features or primitives iuvolved in such 
a matching scheme will in general much smaller t.han the t.raditional feature (viz. 
edge points corners) based methods. Also, the matches obtained with the structural 
descriptions will be more reliable. But. a priori knowledge of the problem domain 
is required for construction of a st.ructural descript.ion of an image in terms of t.he 
known primitives and spatial relations. It is clear from the above discussion that. 
developmeut of effective computational schemes for matching structural descriptions 
are of prime importance for solviug a large class of computer vision problems. . 

Structural object descript.ions can be matched by finding a mapping betweeu the 
primitives such that the spatial constraint.s are preserved between them. This is 
uothing but a constraiut satisfaction problem which can be solved using brute force 
backtrackiug tree search. Several look-ahead operat.ors have beeu suggested 1 for 
increasing efficiency of the t.ree search algorit.hm. But., in t.he worst case, it.s time 
complexity is exponent.ial to the size of the descriptions involved. In the case of 
inexact matching, when a mapping is to be found so as to maximize the match be
tweeu the common portions of t.he two structural descript.ions, t.he problem becomes 

9harder. 1 In this case, it is a coustraint optimisation problem. Hopfield nets 7- pro
vide an efficieut computational paradigm for solving these types of problems. 10-1 2 

The Hopfield net. is a recurreut network wit.h all t.he neurons connected to each 
other via weighted links. The neuronal units can have either binary or coutinuous 
valued activatiou functions. Each unit, iu additiou to the inputs from other ueurons, 
can receive exterual iuput or bias. The network response is dyuamic. Corresponding 
to a uew input, t.he output of the neurons are calculated and are fed back. Iu the 
next. iteration out.puts are calculated using the modified input.s. This process is 
repeated. When t.he uetwork is stable, successive iterations produce smaller and 
smaller outputs changes until eveut,ually t.he outputs become coustant. The network 
is stable if the weights are symmetric and there are no self-excit.ing loops. Symmet.ric 
links between the ueurous imply that. the weight Wij betweeu any two neurons ni 

aud nj along t.he forward path is the same as that of the link along the reverse path 
(i.e. Wji). A function is defined for these networks which uormally decreases each 
t.ime the network changes state (i.e. each t.ime outputs of the neurous change their 
value). This function is called the energy function of t.he network. Eventually, this 
fnnctiou reaches a minimum when the network reaches a stable state. The basic 
characteristic of the uetwork to settle to a minimum of its energy function through 
it.erative updating of its uuit.s, which cau take place in parallel, can he effectively 
harnessed for obtaiuing a good, if not optimal, solution to the structural matching 
problem at various levels of complexity. Despite the fact t.hat t.he Hopfield nets are 
not guaranteed to provide the optimal solutions, rapid computational capability 
of the network provide an import.ant mechanism for tackliug the computational 
complexity iuvolved in solving the structural matching problems. If implemented 
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in hardware, the solution is not expected t.o take more than a few time constants. 

Also, the time required for convergence changes little with the size of the problem. 

In this paper a scheme for solving the structural matching prohlem with Hopfield 

nets has been presented. In the present formulation, the Hopfield net can be consid
ered as a two-dimensional array in which output of the (i,j)th unit represents the 

degree of similarity between the ith primitive and the jth primitive of two shapes. 

Weights associated with the links indicate, on the basis of the spatial constraints 

between the primitives, the compatibility between the possible matches represented 
by the corresponding units. This architecture is similar to that presented in R.ef. 12. 
But, in their work, Lin el al. have not considered that case of asymmetric spatial 

relations like hottorn, right, left, etc. These relations are specified with a definite 
sense. For example, if a primitive A is to the left of a primitive B, then it is 

obvious that 13 is not having the same spatial relation with respect to A. Other 
works10,1l also have not tackled this problem. For the asymmetric spatial relations, 

weights of the network will not remain symmetric and consequently convergence is 
not guaranteed under all possible conditions. In this paper, a transformation for the 

structural descriptions has been proposed to circumvent this problem. With this 

transformation all types of spatial relations can be used in the structural descrip

tions. In addition, the energy function of the net has heen formulated in the most 
general fashion to take care of all the problems of inexact matching of the descrip

tions. Also, the technique has been extended to tackle the problem of simultaneous 

matching of one description with a number of stored pro typical descriptions. The 

present scheme can also take care of partia.l mismatch between the parts and spatial 
relations. 

2. MATCHING PROBLEM 

In this section, we have considered the problem of finding a match between a candi

elate shape and the prototype so that the correct correspondence can be established 

between similar primitives of the two. Individual primitives of the shapes are con
sidered to be low-level geometric tokens, like lines, arcs, subparts of different shapes, 
etc., which are characterised by a set of property-value pairs. Correspondence can 

be established between those primitives of the two shapes which possess a.n ap

proximatdy eqnivalent set of property-value pairs. In addition, spatial constraints 

between the primitives in one shape must be preserved among the matched primi

tives in the other shape. Spatial constraints or the relational features between the 

primitives can also be characterised by a set of property-value pairs and accord

ingly matching criterion can be formulated. Also, in many cases, two shapes do 
not match completely; only portions of the given shapes may match. The neural 

network based matching scheme proposed in this paper has been motivated by the 

above mentioned considerations. For matching structural descriptions of the t.wo 

shapes, having N primitives each, an artificial neural net with N x N neural units 

have been used. Each neurat unit represents a possible match between individual 

primit.ives of the two shapes under considerat.ion. This representation is nat.ural 
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because each primitive of the candidate shape can be mapped onto anyone of the 
primitives of the prototype. The lowest energy state of the network, in accordance 

with an appropriately defined energy function, will represent the best mapping 
between the primitives of the candidate and prototype shapes, which satisfies all 

the problem dependent constraints. 
Let us assume that the energy function has the following form: 

(1) 

Each term on the right hand side of Eq. (1) represents the contribution due to 

individual constraints. The term [I ensures that any primitive in the candidate 
shape cannot match with more than one primitive in the prototype and vice versa. 

Hence, [I is defined in the following form: 

(2) 
p ] P Q 

'--v--" '--v--" 
,~j p,tQ 

Here, A and B are positive constants; 
Vij represents the st.ate of the (i, j)th neuron, and hence it can take values be

tween 0 and 1. 

The first snm in [1 is zero if and only if there is no more than one non-zero entry 
in each column. The second term is zero if the same condition holds good for each 
row. 

The term [2 guarantees that the total numher of primitive matched is equal to 

N. So, [2 has the following form: 

[2 = C/2 (L L ~~p _ N) 2 (3) 
I P 

C is a positive constant. Wheu two shapes containing N prImitIves are perfectly 
matched, this term becomes zero. If the shapes contain different numbers of primi
tives, say X and Y, the parameter N must be set to min(X, Y) because the network 

can find match for the maximum of min(X, Y) primitives. Even in the case for par
tial match, a minimum value of this tr.>rm ensures the maximum possible number 
of matches between the primitives. This problem can also be tackled by including 

dummy primitives in the descriptions containing a lesser number of primitives. 
As mentioned before, primitives of the candidate and prototype shapes are char

acterised by a set of possible attributes or properties and values of these attributes. 
Two primitives can be considered 1.0 he matched if they have a nearly identical set 
of attribntes and similar values for those attributes. This criterion is captnred by 

the [3 term of the energy function which is given by 

A 13 

[3 =D/2~~V,:p~~ W i (a)(P(i,a,b)(I-C(p,a,b))+C(p,a,b)(l-P(i,a,b))). 
i p (1=) b=1 

(4) 
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Here,	 D is a positive constant, 
W;(a) is the priority or weight of the attribute a for the primitive i 
(this is assumed to be known a priori), 
a is the variable representing individual attributes assumed to be 

indexed from 1 to A, 
b is the index for individual elements of the possible value sets of 

the attributes. The value sets have been assumed to be finite 
and discrete. Cardinality of the largest set is assumed to be B 

P( i, a, b) is the selector function which can be either 1 or O. 
P(i, a, b) = 1 if the primitive i of the prototype possesses
 
attribute a with the value b,
 
P(i, a, b) = 0 otherwise.
 

C(p, a, b) is the corresponding selector function for the primitives of 
the candidate shape. 

This term will become zero when property-value pairs for the matched primi tives 
of the candidate as well as the prototype shapes are exactly identical. In the case 
of inexact match, if we expect a partial match of the primitives of the prototype 
shape among the primitives of the candidate this term can be modified into 

.A l3 

£3 =D/2 I: I: \l;p I: I: W;(a)(P(i, a, b){1 - C(p, 0., b))) . (5) 
p	 a=l b=l 

Here, for example, mismatch of a primitive (say, v) of the candidate shape (i.e. 
C(v, a, b) being 1 and P(v, a, b) being 0) does not affect the value of the term. Similar 
modification can be in corp orated when only consistent matches of the primi Lives of 
the candidate shape is being looked for. 

But, £3 being zero does not ensure correct match because none of the terms 
of the energy function so far considered guarantees existence of identical spatial 
constraints between the matched primitives of the candidate and the prototype 
shapes. This condition is imposed by the term £4 of the energy function. 

£4 = E/2 I: I: I: I: \l;p Vjq I:
T 

W(t) (nn(i,j, t){1 - CC(p, q, t)) 
; j p /=1 

+ CC(i,j, t)( 1 - nn(p, q,t))) . 

Here,	 E is a positive constant, 
t is the index for relational attributes, 
W(t) is the priority of the tth spatial relation, 
nn(i,j,t) is t.he selector function which takes values eit.her 0 or 1, 

nn( i, j, t) = 1 if the tth relation exists between the ith and jth
 
primitives of the prototype.
 
RR{i, j, t) = 0 otherwise.
 

CC(p, q, t) is t.he corresponding selector function for the primitives of 
the candidat.e shape. 
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It is obvious from the above formulation of the term [4 that only binary relatioual 
constraints have been taken into account. Also, as described for [3, this term 
becomes zero only for perfect match between the shapes. Modifications similar 
to those for the term [3 can also be incorporated here. This term can be easily 
modified in the following way to accommodate k-ary relational constraints: 

T~ 

[4 = Elk I:'L ... 'L 'L:L> .. 'L Vi ,P , Vi,p, ... 'L W(t)(RR(i 1 , i 2 , ... , ik, t) 
"'2 ik PI P2 p~ t=l 

If the constants A, Band C are sufficiently large as compared to D and E, 
the low energy state is expected to give a good match between the candidate and 
prototype descrip tions. 

Based on the energy function it is straightforward to determine the input bias 
and connection weights for the neural network. The coefficients of the quadratic 
terms correspond to the weights in the connection matrix and those of the linear 
terms correspond to the input bias to the neurons. The connection weights are 
given by, 

inhibitory connections within each column 
,.-"'-... 

Tip,jq = -Aopq(l - Oij) -Boij(l- Opq) -C 
"-v-"'-..-" 

global mhibitioninhIbitory connect.ions within each row 

T 

-E'L W(t)(RR(i,j, t)(l - CC(p, q,l)) + CC(i, j, t)(1 - RR(p, q, t))) (6) 
1=1 

"V 

inhibition by the binary constn..ints between the primitives 

where, Oij = I if i =j 

= 0 otherwise. 
The input bias to each neuron is given by 

A v 

-D/2 L L W.(a)(P(i, a, b)(l- C(p,a, b)) + (C(p, a, b)(l - P(i, a, b)). 
excitat.ion bias ''' a= 1 u=] 

y .... 

bias by the attributes of the primitives 

(7) 
In this mapping it is interesting to note that the attributes of the primitives 

contribute to the input bias of the uenrons and the relational constraints contribute 
to the inhibitory connections between the neurons. 

It is clear from the above formulation of the structural matching problem that 
the weights associated with the liuks connecting the nenrons are determined by the 
nature of the relational constraints. For symmetric spatial relations, weights will be 
symmetric. But if we consider asymmetric spatial relations, viz. right, left, above, 
etc., RR(i,j,t) i RR(j,i,t) and CC(p,q,t) i CC(q,p,t). Consequently connection 
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weights will be no longer symmetric. But the Hopfield net is not guaranteed to con
verge to the minimum energy state for asymmetric connection strengths. Although 

it has been observed for practical simulation problems that if the difference between 
T;j and 1]i is sufficiently low and the gain is also not high, then the network nlti
mately converges to a minimum energy state, and the time taken for convergence 
is very high. Hence, it is reqnired to identify a modified strategy so that shape de
scriptions involving asymmetric spatial relations can be reliably matched with the 
Hopfield net using the above formulation. In the next section, a scheme is suggested 
for mapping the problem to the Hopfield net, which has symmetric interconnection 
weights even for shape descriptions involving asymmetric spa.tial relations. 

3. SHAPE MATCHING WITH ASYMMETRIC SPATIAL RELATIONS 

As discnssed in the previous sections, it is clear that with the current problem for
mulation the Hopfield net cannot be effectively nsed in most of the shape matching 
problems becanse asymmetric spatial relations, viz. right, left, np, etc., between 
parts of the objects are very common in general. In this section we describe a 
techniqne for transforming structural descriptions of the shapes. With this trans
formation, the shapes described in terms of asymmetric spatial relations can be 
matched efficiently nsing the Hopfield net with symmetric interconnection weights. 

A structural description of a shape can be equivalently represented by an at
tributed relational graph. 5 The nodes of this graph represent individual primitives 
and directed arcs are the representation of the spatial relations between the primi
tives. A node ni and an arc ejk are associated with attribute sets An. and A e.1_ 

respectively. The set An, contains attributes describing geometric properties of the 
primitives aud the elements of the set Ae .11< describe the spatial relations between 
the primitives linked by the arc ejk' Asymmetric spatial relations between the 
primitives can be most naturally represented nsing this graph. Symmetric relations 
between the nodes nj and nk can also be represented in this framework by associ
ating the same relational attributes with both the edges, ejk and ekj. Consider the 
example of a simple attributed, relational graph shown in Fig. 1. 

LEFT 
nl n2 

Fig. 1. Example of an asymmetric spatiall"elation. 

For the given example, the directed arc bet.ween nl and n2 indicat.es t.hat. the 

primitive n2 is to the left of n 1. Now, let ns replace the directed arc between nl and 
n2 by an nndirected edge connecting the two nodes. This edge can be associated 
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with an attribute which would indicate the type of the spatial association between 
the nodes. Consequently, both the sets, Ae" and A e" , will have identical elements. 
To encode the exact sense of the spatial relation, additional attributes must be 
included in the attribute set of the corresponding nodes. Since, the primitive nl 
is to the left of n2, Ani will have an additional attribute which will be indicative 
of the spatial relation "Left" while A n2 will have an additional attribute indicative 
of "Right", i.e. the spatial relation of n2 with respect to nl. In this fashion, all 
the directed edges betweeu the nodes in au attributed relational graph can be re
placed by undirected symmetric edges. Edges will be associated with the types of 
spatial relations. Types of spatial relations, henceforth the ith type of the spatial 
relation being indicated by the symb 01 7i, will not h ave any sense of direction or 
asymmetricity attached to them. For each type of spatial relations, two relational 
attributes (the kth relational attribute beiug indicated by rk) will be cousidered for 
indicatiug the exact sense of the spatial relation between the nodes. If a relational 
attribute rk indicates an asymmetric spatial relation of the uode ni with node nj, 

then we say that the spatial relatiou of the node nj with the node ni cau be in
dicated by the dual of the relational att.ribute rk represented as rk. For the given 
example, if rk = Left them r/; = Right. The transformation technique discussed 
here is a general purpose procedure by which any attributed relational graph can 
be trausformed iuto an undirected graph. 

Let us consider an attributed relational graph G = (V, E), where V is the set of 
nodes and E is the set of directed edges. The graph G can be transformed into an 
undirected graph Gr = (Vr,ET) by following the procedure described above. Now, 
in the graph GT , corresponding to each node ni, the modified attribute set A;'i will 
be Ani UArnj. The set Arni contains additional relational attributes. Each element 
of Arni is a tuple (rk, Ck) where rk is the relational attribute for the kth type of 
the spatial relation (the dual of the kth relation can be indicated by using rk or 
by associating a different index, say j, with it) and Ck is the number of nodes with 
wbicb the node nj has the kth spatial relation. The count Ck must be maintained 
becanse a node have the same relation with more than one node. The graph Gr 
can be effectively used for representing structural descriptions if and only is the 
transformation T is unique. Otherwise, a transformed graph Gr can ambiguously 
represent. more than one description. Conseqnently, any matching strategy which 
uses the transformed graph for representing structural descriptions is bound to make 
inconsistent conclusions. In the following, we formally establish the properties of 
the transformations and identify the conditions nnder whicb the technique becomes 
an effective representational scheme. 

Theorem 3.1. Transformation T cannot produce any other attributed graph other 
than Gr from G. 

Proof. The proof is straightforward because G always has a uniqne nndirected 
structure and for any particular node, the total number of arcs of a particular type 
going to or coming from that node is always fixed. 0 
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Now, we need to show t.ha.t there exists an inverse transformation procedure which 

will produce a directed attributed relational graph which is the same as that of the 
original graph G. To start with we present the inverse transformation algorithm. 

ALGORITH M Inverse-transform(GT) 

for	 all nodes n; E VT 

for all edge-types T; associated with the edges coming out from the node n; 

if edges of the type T; have not yet been associated with directions 
call1abel(ni, T;, t) 
/*f is a flag; it is set true by the procedure label 
if the labeling is successfully accomplished */ 

endif 
endfor 

endfor 

Procedure label(ni, T;,f) 
1. Put in choice set the tuple (ri,Cr.), (ri'cr,-) EAr", 
/* r; and rj are the relational attributes of a uode corresponding to an edge 

of type T; 
2. for all edges (nj, nj) of type T; emanating from nj 

2.1	 Choose an attribute, say rj (or 1';), from the choice set which has not
 
yet been chosen for that edge
 

2.2 if no attribute exists in the choice set which can be chosen for the edge 

(n;, nj) 

2.2.1 f = fa.ilure; return 
2.3 If the set Ar"j of the node nj has a tuple, say (1'j, cr,-) (or (rj, cr ,)), with
 

cr,- (or cr ,) ~ 1,
 
2.3.1	 associate the direction from nj to nj (or from nj to ni) to the edge 

(nil nj) 

2.3.2 Decrement cr,- (or Cr , of the uode nj 

2.3.3 Call label (nj IT;, t) 
2.3.4 If (t = failure) go to 2.1 
2.3.5 If(J = success) decrement cr , (or cr,-as the case may be); go to 2 

2.4 else go to 2.1 
3. end for 
4. f = success; return. 

Theorem 3.2. The algorithm inverse-transform produces a graph G' wherein all 
the spatial constraints specified in the graph G are preserved. 

Proof. In the process of obtainiug the graph GT from the graph G = (V, E) I 

according to the transformation procedure described in this section, no nodes or 
edges are eliminated. Also, in the algorithm inverse-transform no edge or vertex is 

being eliminated in any step. Therefore, IVI I= IVI and IE'I = lEI. In other words, 
according to both the graphs G and 0 the set of nodes that are spatially related to 
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each other are identical. Also, information about the type of the relations between 
the nodes is preserved in the transformed graph Gr and consequently in G'. In 
the process of transformation, only t.he edges are st.ripped of t.heir directions and 
the algorit.hm inverse-transform reassociat.es t.he directions wit.h t.he edges such t.hat 
the sense of the asymmetric spat.ial relat.ions are preserved. Let. us assume t.hat t.he 
algorithm produces a graph G' in which direction of at least one edge (nil nj) is 
different. from t.hat in the graph G. Let the edge be of type 7;. The procedure label 

has associated the opposite direction with the edge (ni, nj) because corresponding to 
that direction the conditions specified in St.ep 2.3.3 of the procedure were satisfied 
by the tuples of the attribut.e set of t.he node nj and further recursive calls to 
the proced ure label for associating directions with the edges of type 7; continued 
successfully. The sequence of recursive calls got terminated only after associating 
directions with all the related edges (i.e. the edges belonging t.o the paths of type 7; 
in the graph Gr which pass throngh the node n;) without violating the constraints 
in Step 2.3.3. These constraints can be satisfied only if there exists a sequence of 

nodes (n" nj, nj +1, 1lj+2, ... J nk) with Cr , 2: 0 and cr,- 2: 0 for each such node for 
COlrl 1ensating the choice of wroug direction for the arc (ni' nj)' Again, for the given 
seqnence of nodes the compensation must take place without affecting the directions 
of the other edges connected to the nodes. This implies that for those edges correct 
labels are available in the choice set. This can happen only when error can be 
com ensated by interchanging directions of the edges (nl_l,nl) and (n"nol+d for 
all .he nodes in the seqnence. This is possihle only if ni == nl;. In ot.her words, all 
the above conditions will be true, in t.he case where there exists a directed cycle 
corresponding to a particular type of spatial relation in the original graph G. The 
algorithm inverse-t.ransform, t.herefore, can associate the wrong direction to an edge 
in a cycle such t.hat. the direction of the cycle as a whole becomes opposit.ely defined. 
As a consequence, the spatial constraint between the primitives in t.he graph Gis 
preserved in the graph G' in t.erms of spatial relations having an opposit.e sense. In 
the absence of a cycle, the initial assumption will turn onto to be false because in 
the course of recursive calls, as descrihed before, it will encount.er a situation where 
either Cr , or cr,- will become zero and hence the initial wrong direct.ion cannot 
be compensated. So ultimately the procedure label will backtrack and t.he initial 
mist.ake will be rect.ified. Therefore in the graph G' all t.he constraints between the 
primitives as specified in the graph G are preserved. 0 

As a consequence of the above t.heorem, asymmet.ric spatial relations can be 
taken care of without. using asymmetric connection weights between t.he nenrons. 
The relat.ive significance of the relational constraints will be used for calculat.ing 
symmet.ric interconnection weights. The asymmetric nat.ure of the spatial relations 
will be instrumental in determining the input. bias of the neurons. For the neurons 
involved, selector functions corresponding t.o t.he associated primi tives will indicat.e 
the presence or absence of the relational at.t.ribute or its dual. 

Because of measurement error, random structural alterat.ions or occlnsions, struc
t.ural ent.ities may not always match perfectly. This possibility has been already 
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considered while formulating the energy function of the Hopfield net. But mismatch 
between relational attributes of the primitives has not been taken care of in that 
formulation. If the term £4 takes care of the difference between ordinary attributes 

of the primitives, then we need to include another term £6 in the energy function 
calculation for taking into account mismatch between the relational attributes of 
the primitives. In this case, a difference in the number of other primitives which 

satisfy a particular type of spatial relation with the primitives will be of significance. 
The term £6 is defined in the following way: 

£6 = F/2 L L \lip L W(t)(O"(c~< - ~P) + O"(c{p - c~<)). (8) 
i<	 jp 1 

Here, F is a positive constant, 
t is	 the index for relational attributes, 

Wi(t) is the priority of the tth relational attribute, 
c~c is the number of tth relational attributes associated with the, 

ith	 primitive of the candidate shape (here, duals of the primitives have 

been considered to be appropriately indexed), 

c{P	 is the number of ith relational attributes associated with the 
jth primitive of the prototype shape 

O"()	 is a function which is defined in the following way: 

0"(2) =2 if 2 2: 0 
O"(Z) =0 if 2 < 0 

The funct.ion O"() has been formulated in the above fashion to take care of the 
following situations. When the function 0"( c~c - c{P) in £6 becomes zero, it enables us 
to ignore relational constraints which are present in the input candidate structural 
description in addition to those which have been satisfied for the prototype under 
consideration. 

4. SHAPE MATCHING WITH MULTIPLE PROTOTYPES 

The problem of matching a prototype to a candidate structural description can be 
extended to the problem of finding the best match for a candidate structure in a 

library of multiple stored prot.otypes. Let there be M prot.ot.ypes, each having a 
maximum of N primitives. Let. us assume t.hat the input candidate shape possesses 
N primitives only. So, as discussed in Sec. 2, we need to use M x N x N neurons 
wit.h which we can consider all possible matches bet.ween the primitives. These 

neurons are basically arranged as a stack of t.wo-dimensional arrays, where each 
plane represent.s the matching with a single prototype. So, the neuron (i, l,p) is ON 
if the ith primit.ive in the candidate structme matches the It.h primitive of the pth 

prototype. 
The basic const.raints involved in t.hE' process of shape matching can be mathe

matically formulated as follows: 

(1)	 If \lilp = 1 t.hen V}kq = OVj, k and q =f p. This condition inhibits matching of 
the primitives of the candidate shape to primit.ives of different. prototypes. 
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(2)	 In a column or a row of a siugle plaue of neurons, activation of only one neuron 
can become 1. This implies that one primitive of the candidate can match only 
one primitive of the prototype and vice versa. 

To take care of the constraints, in the actual network implementation, shapes 
having a lesser number of the primitives are to be appended with dummy primitives. 
These dummy primitives can match with only other dummy primitives with mini
mnm cost; bnt matching of the dummy primitives with any of the valid primitives 
incnrs maximnm contribution to the energy function. The use of dummy primitives 
enables us to tackle the problem of missing primitives in this framework. Based on 
the above mentioned constraints, the energy function for the net is redefined in the 
following way: 

[; =	 A/2LLLL Vol p'-j'p + B/2LLLL "ilp"imp 
i	 j I P i Imp 
~	 ~ 

ilj	 ljim 

+ C/22:L (2: 2: V;IP) (LL"ikq) 
p	 q I I ) k 
~ 

p;iq 

+ D/2 ( L L 2: "ilp _ N ) 2 

,	 1 p 

A	 B 

+ E/2 LL L V;lp LL W;(a)(P(i, /, a, b)(l - C(p, a, b))) 
I P 0=1 b=) 

T 

+ F/2LLLLLV;,p Vjmp LW'j(i)(R.nU,j,p,l)(l- CC(p,q,t)) 
jim p 1=) 

+ CC(i,j, t)(l - nn(p, q, t))) 

T 

+ G/2 L L L "ilp2: W;(t)(O"(c;c ~ c{P) + O"(l{ - c;)) . 
I P /=1 

Symbols occurring in the above equation have the same meaning as t.hose in 
Sec. 2. Based on t.he above equation we can calculat.e the int.erconnection weights 
and the input. bias of the neurons of the Hopfield net. 

5 EXPERIMENTATIONS AND DISCUSSIONS 

To est.ablish the effectiveness of t.he matching mecbanism developed in the previ
ous sections, we have considered the application of t.he technique for solving prob
lems of different domains. In the following subsections, we have summarised our 
observations. 
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The network has been simulated on micro-VAX (supporting Ultra-32 operating 
system). The states of the neurons iu the Hopfield net have been synchronously 
updated in the sequential simulation code. This is done because simulation of the 
asynchronous updating requires very small discrete time steps and consequently, 
the time required for convergence becomes very large. On the other hand, in syn
chronous updating, since the effect of updating the state of one neuron is com
municated to others only after completion of the updating of all the. ueurons for 
a particular time instant, we can use relatively larger time steps. In the present 
case, for all the simulations, the size of the step was chosen to be 0.001. The initial 
states of the neurons are chosen in such a way that the total sum of the outputs 
of the neurons in the initial state is the same as that for the final state. The total 
output in the initial state must be uniformly distributed over all the neurons. As 
the network is updated, depending on the interconnection pattern, the output of 
some of the neurons becomes 1 and that of the others gradually diminishes. Since, 
in the final state, only N neurons corresponding to the consistent match of the N 
primitives of the input candidate shape will be finally ON, we have for the simple 
single-layered model: Li Lj Vip =N. Hence, initial states are set as 

U;(O) = Uoo + fJU; (9) 

where Uoo = g-l(I/N) and IfJUil:; O.IUoo . The term fJU; introduces a perturbation 
in the initial states of the ueurons such that the network is prevented from getting 
stuck at initial configuration. lu the case of the multiple-layered model, the total 
number of neurons becoming ON in the final state must be N. Hence, initial values 
can be chosen according to the following equation: Uoo = g-l(I/M * N). The 
transfer function gO is chosen as 

g(x) = 1/(1 + exp(-x/T)) (10) 

where the parameter T controls the gain of the neurons. With this transfer function, 
Uoo = -Tlog(N - 1) for single layered networks and Uoo = -Tlog(M N - 1) for 
multiple-layered networks. If the value of T is large, the gain is small and the rate 
of convergence will be slow. On the other hand if T is chosen to be small, then 
the network is highly prone to get stuck at spurious local energy minima, thereby 
providing wrong results. 

The quality of the experimental observations are defiuitely dependent on the 
interconnectiou weights among the neurons in the network. Interconnection weights 
in tum are dependent on the values of the parameters A, B, C, D, E, F, G. The 
parameters A, B, C, D determine the relative weightage of the domain constraints 
while the parameters E, F, G determiue the relative significance of the spatial 
constraints among the primitives. If the values of A, B, C, D are much greater than 
those of E, F, G, mismatch will occur because spatial constraints are violated under 
such circumstances. On the contrary, if the values of E, F, G are comparatively 
higher, then matches are obtained wherein domain constraints are violated. For 
example, with such a choice of parameters, in the final result a single primitive of 
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t.he test shape may be found to be in correspondence with more than one primitive 
of the prototype. After careful experimentat.ion, the final parameters for t.he present 
implementation were chosen to be A =200, B =200, C =200, D =200, E = 500, 
F = 500, G = 500. All t.he weights of the att.ributes, relations and relational 
attributes were taken as unit.y. 

5.1. Recognition of Planar Shapes 

Strnctural shape descriptions are usefnl representations of a variety of shapes which 
can be easily decomposed into primitive parts having discernible spatial relations 
between them. Hand tools form a class of objects which can be efficiently repre
sent.ed nsing structural descript.ions. In robot.ic applications, it should be possible 
for the vision system to identify these objects despite partial distortions in their 
shapes. Also, recognition systems must be capable of discriminating between sev
eral similar hand tools. The scheme proposed in this paper for matching structural 
descriptions can be effectively used for this problem. As a case study, we have 
considered the problem of finding the closest match for a given hand tool among 
a set of similar hand t.ools known a priori. For the hand tool, different kinds of 
hammers have been considered. Hammers have been considered to be composed 
of snbpart.s, each of which can be cbaracterised in terms of their sbapes, relative 
size, and color. Parts have been found t.o have anyone of t.he following shapes
triangle, rectangle, t.rapezium. Part.s of similar shape can vary in size. With re
spect. to the size, we have classified the parts into three distinct classes - small, 
medinm and large depending on their relative areas. Since qualitative descriptors 
of the relative areas have been used, the descriptions have become scale invariant.. 
Various types of joins among the parts have been used as spatial relation between 
the parts. Instead of specific numeric paramet.ers, use of the basic nature of joins 
as relational features has enabled us to obtain invariant shape descriptions despite 
minor variations in the shape. Different t.ypes of joins considered for the present. 
problem are t.he following: 

(~, X, Y) join of one end of eit.her the primitive X or Y with the primitive Y at 
the midpoint of Y or X in an orthogonal fashion. Exact sense of the relation 
will be captured by the relational label of the edge connecting the nodes which 
represent t.he primitives X and Y in the correspondiug relational attributed 
graph of the shape under consideration. 

(~, X, Y) join of the end point of the primitive X with that of Y. 

(T:J, X, Y) placement of the primitive X or Y at t.he middle of the other betweeu 
both the ends. 

Corresponding t.o these types of the spatial associations between the primitives, 
labels of the edges of the attributed graphs used for representing t.he hammers are 
R1 , R2 , R3 · The duals of these relations are indicat.ed as R I , R2 , R3 respectively. 
The hand t.ools have beeu assumed to be built of seven types of primitives. They 
are: 
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L1 {(shape, reet), (~ize, medium), (color, black)}
 
L2 {(shape, reet). (size, medium), (color, yellow)}
 
L3 {(shape, rect), (size, small), (color, yellow)}
 
L4 {(shape, reet), (size, small), (color, black)}
 
L5 {(shape, triangular), (size, small), (color, yellow)}
 
L6 {(shape, trapezium), (size, small), (color, white)}
 
L 7 {(shape, triangular), (size, small), (color, white)}
 

L3 

R3 

L2 

L2 L1 r,,--_ L3 

HAMMER 1 

L7 

R3 

l2 

L6 

L6 

HAMMER 2 

Fig. 2. Model hand tools. 

Individnal prototype and test shapes and the corresponding attributed relational 
graphs are shown in Fig. 2. In the figures and the tables, the ith instance of the 
jth ty))e of the primitive has been indicated as Li j. But, the single instance of 
a particular type of the primitive (say, kth type) has been denoted simply as Lk. 

Dummy primitives have been indicated as L D . 
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L3 

L2L1 

12 

HAMMER 3 

l7 

L 1 '1--_ R1 

R3 L2 

L2 

L7 

HAMMER 4 

Fig. 2. Cont'd. 

The Hopfield net based matching scheme has been applied for finding the correct 
match of distorted and undistorted instances of the hammers among the stored pro
totypes. In the first set of experiments, we tried to find a match for the undistorted 
Hammer 1. We have found (see Tables 1 and 2) that primitives of Hammer 1 
matched with the correct counterparts of the stored model when simultaneous 
matching with all the models was attempted. Only multiple non-zero neuronal 
output in the same row has been observed for the different instances of the identical 
type of the primitives. In this case also, magnitude of the output of the neurons 
corresponding to the wrong matches decreased with the increase in the number of 
iterations (see Table 2). Matching sequentially with the individual prototypes has 
also yielded a maximum number of matched primitives for the correct model but 
there are instances of false matches with tbe primitives of the other models (see Ta
ble 3). But, in simultaneous matching using multi-layered network, there were no 
false matches with the primitives of the other objects because domain constraints 
had iuhibited these mismatches. This is an important observation which indicates 
appropriateness of the present tecbuique for matching even similar shapes. This 
technique was also used for finding match for distorted hammers (in fact, hammers 
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with missing parts). These hammers are shown in Fig. 3. Even with distorted 
hammers correct recognition results were obtained (see Tables 4 and 5). 

5.2. Recognition of Bengali Characters 

Structural descriptions of the characters encode spatial relations between the in
dividnal primitives. The present technique of matching the structural shape de
scriptions can be therefore applied for the character recognition problems. As a 
case study we have considered the problem of recognition of Bengali characters. 
This problem also has not received much attention in the past. 13 Bengali characters 
have got features distinct from general Devnagari scripts. In general, as evident 
from Fig. 4, spatial constraints between straight or curved segments which meet at 
junctions characterise different Bengali characters. This feature can be effectively 
exploited by defining appropriate types of the spatial relations and making lise of 
them for constructing the Hopfield net for matching. 

Table 1. Matching Hammer 1 with multiple prototypes 
simult.aneoru;ly (after 50 iterations). 

Candidate Prototype 

Harruner 1 Harruner 1 

Ll L2 L3 U4 L 2 4 

0.999 0.0 0.0 0.0 0.0 

0.0 1.0 0.0 0.0 0.0 

0.0 0.0 1.0 0.0 0.0 

0.0 0.0 0.0 0.937 0.727 

0.0 0.0 0.0 0.720 0.904 

Malch score Cor primitives of other shapes is zero. 

Table 2. Matching H",mner 1 with multiple protot.ypes 
simult.aneously (after 100 i leralions). 

Candidate Prototype 

Hanuner 1 Hammer 1 

Ll L2 L3 L 14 L 2 4 

1.0 0.0 0.0 0.0 0.0 

0.0 1.0 0.0 0.0 0.0 

0.0 0.0 1.0 0.0 0.0 

0.0 0.0 0.0 0.999 0.511 

0.0 0.0 0.0 0.502 0.999 

Match score fol' pl'imit.ives of other shapes is zero. 
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Table 3. Matching Hanuner 1 with individual prototypes 
using single layered network (150 iterations) 

Candidate Prototype 

Hanuner 1 H ll.I1UIler 1 

Ll L2 L3 L I 4 L2 4 
Ll 1.0 0.0 0,0 0.0 0.0 

L2 0,0 1.0 0.0 0.0 0.0 

L3 0.0 0.0 1.0 0.0 0.0 

L I 4 0.0 0,0 0.0 1.0 0.513 

L24 0.0 0.0 0.0 0.486 1.0 

Candidate Prototype 

Hammer 1 Hammer 2 

Ll L2 L6 L7 LD 

Ll 0.002 0.0 0.0 0.0 0.0 

L2 0.0 1.0 0.0 0.0 0.0 

L3 0.0 0.0 0.7 0.0 0.0 

L1 4 0.0 0.0 0.0 0.0 0.0 

L2 S 0.0 0,0 0.0 0.0 0,0 

Candidate Prototype 

Hammer 1 Hammer 3 

LJ L2 L3 LiS L2 S 
Ll 1.0 0.0 0.0 0.0 0.0 

L2 0.0 1.0 0.0 0.0 0.0 

L3 0.0 0.0 1.0 0.0 0.0 

L l 4 0.0 0.0 0.0 0.0 0.0 

L 2 S 0,0 0.0 0.0 0.0 0.01 

Candidate Prototype 

Hanllner 1 Hammer 4 

Ll L2 L6 L D L D 

Ll 0,7 0.0 0,0 0,0 0.0 

L' 0,0 1.0 0.0 0.0 0.0 

L3 0.0 0.0 0.999 0.0 0.0 

L l 4 0.0 0.0 0.0 0.0 0.0 

L2 s 0.0 0.0 0.0 0.0 0,0 
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L3 

R3 

L3 
12 

11 R1 

L2 

DISTORTED HAMMER 1 

L3 

L2 

DISTORTED HAMMER 3 

Fig. 3. Distorted hand tools. 

Table 4. Matching distorted Hanuner 1 (primitive L 1 4 missing) with 
multiple prototypes simult.aneously - C""e I (after 50 iterations). 

Candidate Prototype 

Distorted Hammer 1 Hanuner 1 

Ll L2 L3 V4 L2 4 
Ll 0.507 0.0 0.0 0.0 0.0 

L2 0.0 0.999 0.0 0.0 0.0 

L3 0.0 0.0 0.999 0.0 0.0 

L2 4 0.0 0.0 0.0 0.0 0.999 
LD 0.0 0.0 0.0 0.999 0.0 

Match score for other shapes is zero. 
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Table 5. Matching distorted Hanuner 3 (primitive U5 missing) with 
multiple prototypes simultaneollsly - Case r (after 50 iterations). 

Ca.nwdate Prototype 

Distorted HaJ.mner 3 Hanuner 3 

Ll L2 L3 U5 L 2 s 
Ll 0.33 0.0 0.0 0.0 0.0 

L2 0.0 0.999 0.0 0.0 0.0 

L3 0.0 0.0 0.999 0.0 0.0 

L I 8 0.0 0.0 0.0 0.981 0.959 

L D 0.0 0.0 0.0 0.0 0.723 

Ma.tdl score for other shapes is zero. 

For the problem of Bengali character recognition, the types of the spatial relations 
considered are: 

7 l (X, Y): X is connect.ed t.o Y end-t.o-end and makes an angle less than or equal 
to 90 degrees; X is to the left of Y. 

72 (X, Y): The end of Y is connected to any point in the right. half of X and Y 
makes an angle of less than 90 degrees wi th the left half of X. 

13(X, Y): The end of Y is connected to any point in the right half of X and makes 
an angle of approximately 90 degrees. 

74 (X, Y): The end of X is connected to the end of Y and the angle between them 
is less than 90 degrees. 

75(X, Y): The end of X is connected to any point in the right half of Y and t.he 
angle between them is less than 90 degrees. The convex part of X faces the 
right half of Y. 

76(X, Y): Same as that of 7 4 except that the angle between X and Y is greater 
than 90 degrees. 

Corresponding t.o these t.ypes of spatial relations appropriate relational labels and 
their duals can be specified in a manner similar to that in the previous section. The 
characters have been found to he built with the following primitives: 

Ll {(shape, linear), (size, large)}
 
L2 {(shape, linear), (size, medium)}
 
L3 {(;;;hape, arc), (size, medium)}
 
L4 {(shape, circular), (size, small)}
 

The prototype characters and their models have heen shown in Fig. 4.
 
In this case, we tried to find the match for a known character (BCHARl) in a 

set of characters specified in Fig. 4. Wit.h the multilayered network archit.ecture we 
got the best results (see Table 6). Also, matching experiments were done with the 
distorted samples of BCHARl and BCHAR2 (shown in Fig. 5). In these distorted 
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RS 

BCHAR 1 

R3 

R3 

BCHAR 2 

BCHAR 3 

Fig. 4. Bengali characters. 

R7 
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BCHAR 4 

BCHAR 5 

Fig. 4. Cont.'d. 

samples individual primitives were modified. As a result, two additional types of 
primitives were found in these samples. They are: 

L5 {(shape, arc), (size, small)} 
L6 {(shape, arc), (size, large)} 

In the test examples, because of modification in the shape of the character's primi
tives, some of the spatial relations between the primitives were changed. Results 
show that even though the characters considered were very similar, the network has 
correctly found the matches despite distortions (see Tables 7-10). In this case also 
a multi-la.yered network was used. Hence, this representation and ma.tching scheme 
is potentially useful for developing character recognition systems. 
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Table 6. Mat.dling Bengali character BCHARI with all t.he characters simultaneously (after 
100 iterations). 

Candidat.e Prototype 

BCHAR1 BCHARI BCHAR2 

L l l L2 1 L l 2 L2 2 L3 L D Ll l L2 1 LJ 1 V2 L2 2 L3 
L 1 l 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

L 2 1 0.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

L l 2 0.0 0.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

L2 2 0.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

L3 0.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

LD 0.0 0.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 

Candidate Prot.otype 

BCHAR1 BCHAR3 BCHAR4 

VI L2 1 L 1 2 L22 L3 L D Vl L2 1 V2 L2 2 LD LD 

L J l 0.0 0.0 0.0 0.0 0.0 0.0 0.88 0.0 0.0 0.0 0.0 0.0 

L2 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.53 0.0 0.0 0.0 0.0 

L l 2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

L22 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
L3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

LD 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Candidate Prototype 

BCHARI BCHAR5 

L1 I L2I L12 L2 2 L4 LD 

Ll L2 L3 L4 L5 L6 

VI 0.0 0.0 0.0 0.0 0.0 0.0 

L2 1 0.0 1.0 0.0 0.0 0.0 0.0 

V2 0.0 0.0 1.0 0.0 0.0 0.0 

L22 0.0 0.0 0.0 0.0 0.0 0.0 

L3 0.0 0.0 0.0 0.0 0.0 0.0 

LD 0.0 0.0 0.0 0.0 0.0 0.0 
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L1 , 

L5 

LS 

L1 2 

FIRST DISTORTED 

BCHAR 1 

L1 1 L6 

L6 

SECOND DISTORTED 

BCHAR 2 

L1 , 

L2 1 

L1 1 

L6 

L2
1 

Rl 

L22 

FIRST DISTO HTED 

BeHAR 3 

L5 

SECOND DISTORTED 

BCHAR 3 

Fig. 5. Distorted Bengali characters. 
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Table 7. Match of first dj.torted BCHAH1 ("stcr 150 it.er...Uon.). 

Candidate Prototype 

TEST BCHARl BCHARI 

Lit L2t L I 2 L2 2 L3 LV 

Ul 1.0 0.0 0.0 0.0 0.0 0.0 

L2 t 0.0 1.0 0.0 0.0 0.0 0.0 

L I 2 0.0 0.0 t.O 0.0 0.0 0.0 

L22 0.0 0.0 0.0 1.0 0.0 0.0 

L5 0.0 0.0 0.0 0.0 0.0 0.0 

LV 0.0 0.0 0.0 0.0 0.0 1.0 

Match score is zero for primitives of all other characters. 

Table 8. Match of second distorted BCHARI (after 150 iterations). 

Candidate Prototype 

TEST BCHARl BCHARl 

Lil L2 1 L1 2 L2 2 L3 LV 
Lil 1.0 0.0 0.0 0.0 0.0 0.0 

Ut 0.0 1.0 0.0 0.0 0.0 0.0 

L 1 2 0.0 0.0 1.0 0.0 0.0 0.0 

L2 2 0.0 0.0 0.0 1.0 0.0 0.0 

L6 0.0 0.0 0.0 0.0 0.0 0.0 
LV 0.0 0.0 0.0 0.0 0.0 1.0 

Match score is zero for primitives of all other characters. 

Table 9. Match of first distorted BCHAR3 (after 150 iterations). 

Candidate Protot.ype 

TEST BCHAR3 BCHAR3 

Ut L2 l U2 L22 L3 LV 

Ul 1.0 0.0 0.0 0.0 0.0 0.0 

L2 t 0.0 1.0 0.0 0.0 0.0 0.0 

U2 0.0 0.0 1.0 0.0 0.0 0.0 

L22 0.0 0.0 0.0 1.0 0.0 0.0 

L6 0.0 0.0 0.0 0.0 0.873 0.0 
LV 0.0 0.0 0.0 0.0 0.0 1.0 

Match score is zero for primit.ives of all other characters. 
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Table 10. Match of second distorted BCHAR3 (aft.er 150 iterations). 

Candidate	 Prototype 

TEST BCHAR3	 BCHAR3 

Lll L 2 l L l 2 L2 2 L3 L D 

L1l 1.0 0.0 0.0 0.0 0.0 0.0 

L32 0.0 0.032 0.0 0.0 0.0 0.0 

Li2 0.0 0.0 1.0 0.0 0.0 0.0 

L 2 2 0.0 0.0 0.0 1.0 0.0 0.0 

L5 0.0 0.0 0.0 0.0 0.0 0.0 

L D 0.0 0.0 0.0 0.0 0.0 1.0 

Match score is 7.ero for prirn..it.ives of all other charact.ers. 

6.	 CONCLUSION 

In this paper, a scheme for matching structural descriptions using Hopneld net has 
been presented. The matching scheme is based on an appropriate formulation of 
the energy function for the Hopfield net. This energy function is general enough to 
accommodate possibilities of partial mismatches between the primitives and spatial 
relations. Also, the dilTerential criticality factor can be associated with the at
tributes of the primitives and spatial relations. A transformation scheme has been 
presented for transforming structural descriptions containing asymmetric spatial re
lations so that the llopfield net constructed with the transformed descriptions will 
not have asymmetric interconnection weights. Consequently, the present scheme 
can be applied for general structural description matching problems involving real
istic asymmetric spatial relations like right, left, on, above, etc. The present scheme 
of matching a test description simnltaneonsly with all the prototypes eliminates the 
possibilities of false matches among similar shapes. This fact has been established 
by the experimental results presented in this paper. Hence, the proposed method
ology can be adopted for developing recognition systems in a variety of application 
domains like rohot vision, document processing and navigation, etc. 
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