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Abstract

The pur po se of this pa per is to des cri be the use of the mul ti ple clas ses ran dom neu ral net work mo del
to re cog ni ze pat terns ha ving dif fe rent co lors. We pro po se a lear ning al go rithm for the re cog ni tion of co lor
pat terns ba sed upon the non-li near equa tions of the mul ti ple clas ses ran dom neu ral net work mo del using
gra dient des cent of a qua dra tic error func tion. In ad di tion, we pro po se a pro gres si ve re trie val pro cess with
adap ti ve thres hold va lue. The ex pe ri men tal eva lua tion shows that our ap proach pro vi des good re sults.

Key words: Mul ti ple clas ses ran dom neu ral net work, co lor pat tern re cog ni tion, lear ning algo rithm,
re trie val process.

El modelo de redes de neuronas aleatorias en el problema de reconocimiento de
patrones coloreados

Re su men

El pro pó si to de este ar tícu lo es des cri bir el uso del mo de lo neu ro nal alea to rio con múl ti ples cla ses
para re co no cer pa tro nes con di fe ren tes co lo res. No so tros pro po ne mos un al go rit mo de apren di za je para el
re co no ci mien to de pa tro nes co lo rea dos ba sa dos en la ecua ción no li neal del mo de lo neu ro nal alea to rio con
múl ti ples cla ses usan do el des cen so de gra dien te de una fun ción cua drá ti ca de error. Ade más, pro po ne -
mos un pro ce so de re cu pe ra ción pro gre si va con un va lor de um bral adap ta ti vo. La eva lua ción ex pe ri men -
tal mues tra que nues tro en fo que da bue nos re sul ta dos.

Pa la bras cla ve: Mo de lo neu ro nal alea to rio con múl ti ples cla ses, re co no ci mien to de pa tro nes
co lo rea dos, algo rit mo de apren di za je, proceso de recuperación.

1. Intro duc tion

Hu mans use color, shape and tex ture to un -
der stand and rec ol lect the con tents of a pat tern.
There fore, it is nat u ral to use fea tures based on
these at trib utes for pat tern rec og ni tion [8, 9, 16,
17]. The ef fec tive ness of us ing sim ple color fea -
tures for pat tern rec og ni tion is dem on strated in
[15]. Co lombo et al. de scribed a sys tem for pic to -
rial con tent rep re sen ta tion and rec og ni tion based 
on color dis tri bu tion fea tures [8] in which the dis -
tri bu tion of chro matic con tent in a pat tern is de -
scribed through a set of color his to grams and a
pat tern match ing strat egy us ing this set.
Mojsilovic et al. re cently de ter mined the ba sic
cat e go ries (vo cab u lary) used by hu mans in judg -

ing sim i lar ity of color pat terns, their rel a tive im -
por tance and relationsh ips, as well as the hi er ar -
chy of rules (gram mar) [17].

In this pa per a color pat tern rec og ni tion ap -
proach com posed by a learn ing al go rithm and a
re trieval pro ce dure for the mul ti ple classes RNN
is pro posed. We shall use each class to model a
color. We pres ent a backpropagation type learn -
ing al go rithm for the re cur rent mul ti ple classes
RNN model us ing gra di ent de scent minimization
of a qua dratic er ror func tion when a set of in -
put-out put pairs is pre sented to the net work. Our 
model is de fined for nC pa ram e ters for the whole
net work, where C is the num ber of pri mary col -
ors, n is the num ber of pix els of the im age, and
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each neu ron is used to ob tain the color value of
each pixel in the bit map plane. The pri mary col -
ors cre ate dif fer ent col ors ac cord ing to the RGB
model. Thus, our learn ing al go rithm re quires the
so lu tion of a sys tem of nC non-lin ear equa tions
each time the n-neu rons net work learns a new
in put-out put pair (n-pix els im age with C pri mary
col ors). In ad di tion, we pro pose a pro gres sive re -
trieval pro cess with adap tive thresh old value.

The Ran dom Neu ral Net work (RNN) was
pro posed by Gelenbe in 1989 [11, 12, 13]. This
model does not use a dy namic equa tion, but uses 
a scheme of in ter ac tion among neu rons. It cal cu -
lates the prob a bil ity of ac ti va tion of the neu rons
in the net work. Sig nals in this model take the
form of im pulses that mimic what is pres ently
known as inter-neu ral sig nals in bio phys i cal
neu ral net works. The RNN has been used to solve 
op ti mi za tion [1, 2, 4] and pat tern rec og ni tion
prob lems [3, 5, 7]. Gelenbe con sid ered a learn ing
al go rithm for re cur rent ran dom neu ral net work
model [14], and we have pro posed mod i fi ca tions
of this al go rithm for com bi na torial op ti mi za tion
prob lems [4] and an evo lu tion ary learn ing for
com bi na torial op ti mi za tion and rec og ni tion
prob lems [1, 5]. Fourneau et al. have pro posed an 
ex ten sion of the RNN, called mul ti ple classes ran -
dom neu ral net work model [10].

This work is or ga nized as fol lows, in sec tion
2 we pres ent the mul ti ple classes RNN. Sec tion 3
pres ents our rec og ni tion al go rithm (learn ing and
re trieval pro cesses) for mul ti ple classes RNN. In
sec tion 4, we pres ent some ap pli ca tions. Re -
marks con cern ing fu ture work and con clu sions
are pro vided in sec tion 5.

2. The Mul ti ple Clas ses Ran dom
Net work Mo del

The neu ral net work is com posed of n neu -
rons and re ceives ex og e nous pos i tive (ex cit atory)
and neg a tive (in hib i tory) sig nals as well as en dog -
e nous sig nals ex changed by the neu rons. As in
the clas si cal model [11, 12, 13], neu rons send ex -
cit atory and in hib i tory sig nals when they fire, to
other neu rons in the net work or to out side world.
In this model, pos i tive sig nals may be long to sev -
eral classes and the po ten tial at a neu ron is rep -
re sented by the vec tor Ki=(Ki1,..., KiC), where Kic
is the value of the “class c po ten tial” of neu ron i,

or its “ex ci ta tion level in terms of class c sig nals”;
neg a tive sig nals only be long to a sin gle class. The

to tal po ten tial of neu ron i is Ki= c
C

icK=å 1 . The ar -

rival of an ex cit atory sig nal of some class in -
creases the cor re spond ing po ten tial of a neu ron
by 1, while an in hib i tory sig nal’s ar rival de -
creases it by 1. That is, when a pos i tive sig nal of
class c ar rives at a neu ron, it merely in creases Kic
by 1, while when a neg a tive sig nal ar rives at it
and if Ki>0, the po ten tial is re duced by 1, with the 
class of the po ten tial to be re duced cho sen ran -
domly with prob a bil ity Kic/Ki for any c=1,..., C. A
neg a tive sig nal ar riv ing at a neu ron whose po ten -
tial is zero has no ef fect on its po ten tial.

Ex og e nous pos i tive sig nals of class c ar rive
at neu ron i at a Pois son stream of rate Λ(i, c),
while ex og e nous neg a tive sig nals ar rive at it ac -
cord ing to a Pois son pro cess of rate l(i). A neu ron
is ex cited if its po ten tial is pos i tive. It then fires at
ex po nen tially dis trib uted in ter vals, send ing ex -
cit atory sig nals of dif fer ent classes, or in hib i tory
sig nals, to other neu rons or to the out side of the
net work. That is, neu ron i can fire when its po -
ten tial is pos i tive (Ki>0) and sends ex cit atory sig -
nals of class c at rate r(i, c)>0, with prob a bil ity
Kic/Ki. When neu ron i fires at rate r(i, c) it de letes
by 1 its class c po ten tial and sends to neu ron j a
class j pos i tive sig nal with prob a bil ity p+(i, c; j,
j), or a neg a tive sig nal with prob a bil ity p-(i, c; j).
On the other hand, the prob a bil ity that the de -
leted sig nal is sent out of the net work, or that it is
“lost”, is d(i, c). Clearly we shall have:

( )
( ) ( ) ( )

j jp i c j p i c j d i c
,

, ; , , ; ,
j

jå å+ -+ + =1

for n and" = =i c C1 1, ,

Let K(t) be the vec tor rep re sent ing the state
of the neu ral net work at time t and K =(K1,..., Kn)
be a par tic u lar value of the vec tor. We shall de -
note by p(K, t) = Pr[K(t)=K] the prob a bil ity dis tri -
bu tion of the state. The main prop erty of this
model is the ex ci ta tion prob a bil ity of the “class j
po ten tial” of neu ron ( )j q j, , j , which 

( )0 1< <q j, j  sat is fies the non-lin ear equa tion

[10]:

( ) ( ) ( )( ( ))q j j r j j, , / ,j l j j l= ++ - (1)
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whe re, 
( ) ( )

( ) ( ) ( ) ( )l j j j+ += +åj q i c r i c p i c j ji c, , , , ; , ,, L

( ) ( )
( ) ( ) ( ) ( )l l- -= +åj q i c r i c p i c j ji c, , , , ;

Thus, p(K, t), the sta tio nary pro ba bi lity dis tri bu tion
of net work sta te, sa tis fies

( ) ( )[ ] ( )p K t q i c q i ci i
n

c i
C kic

, , ,= -= =ÕÕ 1 (2)

The synap tic weights for po si ti ve (w+(i, c; j, j)) and
ne ga ti ve (w-(i, c; j)) sig nals are de fi ned as:

w+(i, c; j, j) = r(i, c)p+(i, c; j, j)

w-(i, c; j) = r(i, c)p-(i, c; j)

and, if d(i, c)=0, the fire rate r(i, c) will be

r(i, c) = [ ( )j,j
å

 
w+(i, c; j, j) + Σj w-(i, c; j)] (3)

3. Co lor pat tern re cog ni tion
algo rithm on the mul ti ple clas ses 

ran dom neu ral net work model

We now show how the mul ti ple classes RNN
can be used to solve the Color Pat tern Rec og ni tion
prob lem, based on an as so cia tive mem ory tech -
nique [3, 5]. In our ap proach, a “sig nal class” rep -
re sents ob vi ously each color. To de sign such a
mem ory, we have used a sin gle-layer RNN of n fully 
in ter con nected neu rons. For ev ery neu ron i the
prob a bil ity that emit ting sig nals de part from the
net work is d(i, c)=0. We sup pose a pat tern com -
posed by n pix els (m, k) in the plane (for m= 1,..., J
and k=1,..., K), each of which has as so ci ated a
neu ron N(i) (for i=1,..., n). The state of neu ron N(i)
can be in ter preted as the color in ten sity value of
the cor re spond ing pixel. On the other hand, we
sup pose three classes to rep re sent the pri mary
col ors (red, green, and blue) ac cord ing to the RGB
model. This model al lows to cre ate dif fer ent col ors
with the com bi na tion of dif fer ent in ten si ties of the
pri mary col ors. For ex am ple, to rep re sent a pixel
with red color the neu ron value is (1, 0, 0), the
black color is (1, 1, 1), the pink color is (0.5, 0, 0),
etc. We sup pose pos si ble val ues of 0, 0.5 and 1 for
each class on ev ery neu ron. In this way, we can
rep re sent geo met ric Fig ures with dif fer ent com bi -
na tions of col ors. We have used this model be -
cause it agrees better with hu man chro matic per -
cep tion [8], but the pro posed ap proach can use an -
other model like this one to rep re sent the col ors of

a given pat tern. The pa ram e ters of the neu ral net -
work will be cho sen as fol lows:

a) p+(j, j ; i, c) = p+( i, c; j, j) p-( i, c; j) = p-( j, c; i) for
any i,j=1,..., n and c,j=1,..., C.

b) L(i, c)=Lic and l(i)=0, whe re Lic is a cons tant for the
class c of the neu ron i.

The val ues in (a) were cho sen be cause the
neu ral net work has a sym met ric re la tion ship be -
tween the neu rons to guar an tee the as so cia tive
mem ory be hav ior of our ap proach. On the other
hand, the val ues in (b) were cho sen since an ex og -
e nous sig nal is suf fi cient to guar an tee the net -
work sta bil ity, and the value of Lic must be cho -
sen ac cord ingly (Equa tion 2).

3.1. Lear ning Algo rithm

Now, we de fine a learn ing al go rithm for the
mul ti ple classes RNN model. We pro pose a gra di -
ent de scent al go rithm for ad just ing the set of net -
work pa ram e ters w+(j, z; i, c) and w-(j, z; i) in or der
to learn a given set of m in put-out put pairs (X, Y)
where the set of suc ces sive in puts is de noted by:

X = {X1,..., Xm} 

where, Xk= {Xk(1,1),..., Xk (n, C)}, and Xk(i, c) is
the cth class on the neu ron i for the kth pair

Xk(i, c) = {Λk(i, c),  lk(i)}

and the suc ces sive de sired out puts are

Y = {Y1,..., Ym}

whe re, Yk = {Yk(1,1),..., Yk(n, C)},
and Yk(1,1) = {0, 0.5, 1}

The val ues Lk(i, c) and  lk(i) pro vide the net -
work sta bil ity. Par tic u larly, in our model Lk(i, c)
and lk(i) are in i tial ized as have been de fined pre vi -
ously. Typ i cally, ar rival rates of ex og e nous sig -
nals are cho sen as fol lows:

Yk(i, c)>0 => Xk(i, c) = (Lk(i, c), lk(i)) = (Lic, 0)

Yik(i, c)=0 => (Lk(i, c), lk (i)) = (0, 0)

The net work ap pro xi ma tes the set of de si red 
out put vec tors such that the cost func tion Ek:

Ek = 1/2 Σn
i=1 Σ

C
c=1 [qk(i,c)- Yk(i,c)]2 (4)

is mi ni mi zed. The rule to up da te the weights may
be writ ten as:
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wk
+(u,p; v,z) = wk-1

+(u,p; v,c)- µΣn
i=1 Σ

C
c=1 (qk(i,c)-

yk(i,c))[ δq(i,c) / δw+(u,p; v,z)]k
wk

-(u,p; v) = wk-1
-(u,p; v)- µΣn

i=1 Σ
C

c=1 (qk(i,c)-

yk(i,c))[ δq(i,c) / δw-(u,p; v)]k (5)

whe re, µ > 0 is the lear ning rate (some cons tant).

qk(i) is cal cu la ted using

Xk, w+
k(u, p; v, z) = w+

k-1 (u, p; v, z)

and w-
k(u, p; v) = w-

k-1(u, p; v) in (1)

[δq(i,c) / δw+(u,p;v,z)]k and [δq(i,c) / δw-(u,p;v)]k
are eva lua ted using the va lues:

q(i,c) = qk(i,c), w+
k(u, p; v, z) = w+

k-1(u, p; v, z)
and w-

k(u, p; v) = w-
k-1 (u, p; v) in (2)

The com ple te lear ning al go rithm for the
net work is:

– Ini tia te the ma tri ces W0
+ and W0

- in some
ap pro pria te man ner. Choo se a va lue of µ in
(2).

– For each suc ces si ve va lue of m:

• Se lect the in put-out put pair (Xk, Yk)

• Re peat

   - Sol ve equa tion (1) with the se va lues

   - Using (5) and the pre vious re sults
               up da te the ma tri ces Wk

+ and Wk
-

Until the chan ge in the new va lues of the
weights is sma ller than some pre de ter mi ned va -
lued.

For more de tails about this lear ning al go -
rithm, see [6].

3.2. Re trie val Pro ce du re

Once the learn ing phase is com pleted, the
net work must per form as well as pos si ble the
com ple tion of noisy ver sions of the train ing vec -
tors. In this case, we pro pose a pro gres sive re -
trieval pro cess with adap tive thresh old value. Let
X’= {X’(1, 1),..., X’(n, C)} be any in put vec tor in
which each X’(i, c) (i=1,..., n and c=1,..., C), may
take val ues 0, 0.5 or 1. In or der to de ter mine the
cor re spond ing out put vec tor Y= {Y(1,1),..., Y(n, C)}
we first com pute the vec tor of prob a bil i ties Q=(q(1, 
1),..., q(n, C)). We con sider the q(i, c) val ues such
that 1-T<q(i, c)<T/2 or 1-T/2<q(i, c)<T, with for in -
stance T=0.8, be long to the un cer tainty in ter val Z.
When the net work sta bi lizes to an at trac tor state,

the num ber NB_Z of neu rons whose q(i, c)∈Z is
equal to 0. Hence, we first treat the neu rons whose 
state is con sid ered cer tain to ob tain the out put
vec tor Y(1)= (Y(1)(1,1),..., Y(1)(n,C)), with:

( )( ) ( )( )

( )
( )

( )
Y i c Fz q i c

q i c T
T

T q i c T
1

1
1

0 5 2 1
, ,

,

. / ,
= =

>
< -

£ £ -

if
0 if q i,c

if / 2
¢

ì

í
ïï

î
ï
ï x i otherwise

where Fz is the thresholding func tion by in ter vals. When

q(i, c) > T we can guar an tee than q(i, c) =1, when T/2 ≤ q(i,

c) ≤1-T/2 we can guar an tee than q(i, c)=0.5, and when q(i, c)
< 1-T we can guar an tee than q(i, c)=0. If NB_Z = 0 this
phase is ter mi nated and the out put vec tor is Y=Y(1). Oth er -
wise, Y is ob tained af ter ap ply ing the thresholding func tion
fb as fol lows:

( ) ( )( )
( )

( )Y i c f q i c

q i c

q i c
otherwise

, ,

,

. / ,= =

>

< <

ì

í
ï

î
b

b

b b

1

0 5 2
0

if
if

ï

whe re b is the se lec ted thres hold. Each va lue q(i, c)∈Z is
con si de red as po ten tial thres holds. That is, for each 
( )q i c Z, Î :

( ) ( )
( )

b =
>

-

ì
í
î

q i c if q i c

q i c otherwise

, , .

,

0 666

1

Even tu ally, Z can be re duced by de creas ing
T (for T>0.666). For each po ten tial value of b, we
pres ent the vec tor X’(1)(b)= fb(Q) to the net work.
Then, we com pute the new vec tor of prob a bil i ties
Q(1)(b) and the out put vec tor Y(2)(b) = Fz(Q(1)(b)).
We keep the cases where NB_Z=0 and X’(1)(b)=
Y(2)(b). If these two con di tions are never sat is fied,
the ini tial X’ is con sid ered too dif fer ent of any
train ing vec tor. If sev eral thresh olds are can di -
date, we choose the one which pro vides the min i -
mal er ror (dif fer ence be tween q(i, c) and Y(i, c), for
i=1, n and c=1,..., C):

E(b) = 1/2 Σn
i=1 [q(i, c)(1)(b)- Y(i, c)(1)(α)]2 (6)

4. Expe ri men tal Re sults

4.1. Des crip tion of the exam ples

In this sec tion we pres ent sev eral ex am ples
to eval u ate the qual ity of our rec og ni tion al go -
rithm for dif fer ent pat tern types. We will give var i -
ous geo met ric Fig ures as in puts to a Mul ti ple
Classes Ran dom Neu ral Net work and train the
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net work to rec og nize them. To eval u ate our ap -
proach, we use three Fig ure groups: the first
group (group A) in cludes the set of Fig ures shown
in Fig ure 1, where black ened boxes rep re sent
blue col ors, gray boxes rep re sent green col ors and 
white boxes rep re sent red col ors. The next group
(Group B), which is com posed of the black and
white Fig ures shown in Fig ure 2, is used to com -
pare our ap proach with the rec og ni tion al go rithm
based on RNN pro posed in [3], and the evo lu tion -
ary learn ing ap proach pro posed in [5]. The last
group (group C) is com posed by the set of pat terns 
used in [17] (Fig ure 3). For group C ex tended ex -
per i ments are pre sented to eval u ate the per for -
mance of our method ac cord ing to the re la tion -
ship be tween the prob lem fea tures (num ber of
pat terns, pix els and col ors), rec og ni tion rates and 
pro cess ing time.

For the first and sec ond cases, each Fig ure
is rep re sented by a 6*6 grid of pix els. For ex am -
ple, the sev enth pat tern in Fig ure 2 can be rep re -
sented as shown in Fig ure 4. Ac cord ing to the
RGB model, the black boxes are rep re sented as
(1, 1, 1), while white boxes are rep re sented as (0,
0, 0). Hence, we can rep re sent geo met ric Fig ures
with dif fer ent com bi na tions of col ors (for ex am -
ple, in Fig ure 2, if we sup pose black boxes cor re -
spond to red col ors, and white boxes to blue col -
ors, neu rons for black boxes are equal to (1, 0, 0)
and for white boxes are equal to (0, 0, 1)). Thus,
for these cases we use a sin gle-layer mul ti ple
classes RNN com posed by 36 neu rons (n=36) and
3 classes (C=3).

4.2. Analy sis of Re sults

In or der to test as so cia tive mem o ries, we
have eval u ated the rec og ni tion rates of dis torted
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Fi gu re 1. Geo me tric Fi gu res with three co lors (Group A).

 

Fi gu re 2. Geo me tric Fi gu res with two co lors (Group B)

Fi gu re 3. Pat tern set used in the last ex pe ri ment (Group C).

 
111  111  111  000  000 000 
111  111  111  000  000 000 
111  111  111  000  000 000 
111  111  111  000  000 000 
111  111  111  000  000 000 
111  111  111  000  000 000 

=>

Fi gu re 4. Re pre sen ta tion of a geo me tric Fi gu re with a 6*6 pattern.



ver sions of the train ing pat terns (Ta bles 1 and 2).
We gen er ated 20 noisy ver sions of each train ing
im age, for a given dis tor tion rate. The re sult of the 
learn ing stage is used as the ini tial neu ral net -
work for this sec ond stage (re trieval stage). We
have cor rupted them with noise rates of 10%,
20% and 30% dis tor tion, by mod i fy ing bit val ues
at ran dom. A pat tern is rec og nized if the re sid ual
er ror rate is less than 3%. The re sults are pre -
sented in ta bles 1 and 2. These val ues rep re sent
the av er age of 8 pro cesses for each set Si of im -
ages. The per for mance de grades when the noise
rate is im por tant (mem o ries are then more dis -
crim i nat ing). The re sults for the first group are
pre sented on Ta ble 1. Our al go rithm pro vides a
good rec og ni tion rate be cause we rec og nize a
large num ber of pat terns de spite cor rupted parts
of the Fig ures (even when the noise rate is large
(30%)). Par tic u larly, the rec og ni tion rate of the
sets S4 and S6 re main good for our ap proach.
Con cern ing S10 and 30% of noise rate, rec og ni -
tion rate de creases.

Ta ble 2 shows the rec og ni tion rate for the
last group of im ages (Group B) us ing the clas si cal 
gra di ent rec og ni tion al go rithm (Cl), the hy brid
Ge netic/Ran dom Neu ral Net work learn ing al go -
rithm (Evol) and our Mul ti ple Classes learn ing al -
go rithm (Mult). In gen eral, Evol ap pears to give
the best re sults. The rec og ni tion rate re mains
good for our al go rithm (Mult) if we com pare its re -
sults with the re sults cor re spond ing to Evol. It
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Ta ble 1
 Re cog ni tion rate of noisy ver sions of Group A

Noisy Rate 0% 10% 20% 30%

Num ber of Fi gu res 4 6 10 4 6 10 4 6 10 4 6 10

Group A 99% 99% 97% 94% 93% 89% 83% 82% 81% 73% 71% 67%

Ta ble 2
Re cog ni tion rate of noisy ver sions of Group B

Noisy Rate 0% 10% 20% 30%

Num ber of Fi gu res 4 6 10 4 6 10 4 6 10 4 6 10

Cl 99% 95% 96% 93% 91% 85% 83% 80% 77% 68% 66% 62%

Evol 99% 99% 99% 96% 95% 92% 87% 85% 81% 75% 74% 72%

Mult 99% 99% 99% 95% 94% 90% 85% 84% 81% 73% 72% 70%
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pro vides a better rec og ni tion rate that Cl, which is 
the al go rithm with the worst per for mance.

Fig ure 5 shows the sys tem er rors dur ing the 
learn ing phase for Group B us ing the clas si cal
gra di ent de scent learn ing al go rithm (Cl), the hy -
brid Ge netic/Ran dom Neu ral Net work learn ing
al go rithm (Evol) and our Mul ti ple Classes learn -
ing al go rithm (Mult). Evol gives the best re sults,
but with a sub stan tially large ex e cu tion time due
to a very slow con ver gence. The learn ing re mains
good for our learn ing al go rithm (Mult) be cause the 
er ror is smaller than 1.5; with this er ror our ap -
proach can rec og nize a large num ber of Fig ures in 
the rec og ni tion stage. It pro vides a better er ror
con ver gence on the learn ing phase than Cl. Re -
gard ing Cl its er ror is im por tant, which jus ti fies
its bad rec og ni tion rate.

Ta ble 3 shows the re la tion ship be tween the
prob lem fea tures (num ber of pix els and col ors),
rec og ni tion rates and pro cess ing time for the set
of Fig ures of the group C. If we in crease the num -
ber of pix els to de scribe a pat tern we im prove the
qual ity of the re trieval phase, but the ex e cu tion
time in creases ex po nen tially. The num ber of col -
ors is not im por tant be cause our sys tem does n’t
de pend on it. If the RGB model can be used to rep -
re sent a spe cific color of a given pat tern, our ap -
proach can rec og nize it (see the sim i lar ity of the

rec og ni tion rates for the cases of Fig ures 1-3 and
6-8). When the pat terns are dif fer ent (pat terns 6,
7 and 8 in Fig ure 3) the sys tem has a better re -
trieval rate. Our ap proach can rec og nize sev eral
pat terns, but with a large re trieval time if we like
to ob tain good re trieval rates.

Our sys tem has the typ i cal draw back of an
as so cia tive mem ory ap proach: low stor age ca pac -
ity. If we com pare our ap proach with the method
pro posed on [8, 17], their ap proach has a better
stor age ca pac ity (they tested their ap proach for
30 pat terns), but our rec og ni tion rate is better (≥
90% for 20% of noise rate).

5. Con clu sions

In this pa per we have pro posed a rec og ni tion
al go rithm based on the Mul ti ple Classes Ran dom
Neu ral Model. We have con sid ered Fig ures with
sev eral com plex i ties, par tic u larly the group C. We
have tested the ca pac ity of our model to rec og nize
Fig ures with ar bi trary num ber of col ors, noise rate
and num ber of pix els. We have shown that this
model can ef fi ciently work as an as so cia tive mem -
ory, and that we can rec og nize ar bi trary color im -
ages, but the pro cess ing time will in crease rap idly
ac cord ing to the num ber of pix els used. The num -
ber of neu rons is given by the im age res o lu tion,
which has a di rect in flu ence on the per for mance of 
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Ta ble 3
Per for man ce Eva lua tion of our met hod with the noisy ver sions of Group C

Noi se Rate 0% 10% 20%

Fi gu res 1-8 1-3 6-8 1-5 1-8 1-3 6-8 1-5 1-8 1-3 6-8 1-5

Num ber of pi xels 144 144 144 144 144 144 144 144 144 144 144 144

Re cog ni tion Ra tes 95% 98% 98% 94% 88% 92% 95% 90% 78% 83% 84% 80%

Re trie val Time (sec) 240 31 33 120 300 34 43 60 234 33 38 55

Num ber of pi xels 576 576 576 576 576 576 576 576 576 576 576 576

Re cog ni tion Ra tes 95% 99% 99% 95% 89% 93% 96% 91% 79% 85% 86% 82%

Re trie val Time 720 120 123 212 723 114 132 221 756 134 144 321

Num ber of pi xels 2304 2304 2304 2304 2304 2304 2304 2304 2304 2304 2304 2304

Re cog ni tion Ra tes 99% 99% 99% 99% 95% 97% 97% 96% 92% 95% 95% 92%

Re trie val Time 9188 1302 1287 2341 8923 1100 1098 2178 9012 1231 1101 2111



our ap proach. Dur ing the learn ing phase we have
found clas si cal prob lems like the ex is tence of lo cal 
min i mal and slow learn ing. Re gard ing the re -
trieval al go rithm, we have obained good per for -
mance but with a large ex e cu tion time. How ever,
most of the com pu ta tions are in trin si cally par al lel
and can be im ple mented on SIMD or MIMD ar chi -
tec tures. In fact, we are cur rently work ing in a
par al lel ver sion of our ap proach. We are go ing to
ex tend our ap proach for geo met ric Fig ures where
the col ors have not a good def i ni tion, us ing the
fuzzy logic the ory.
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