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ABSTRACT 

R e a c t i v e  p r o b l e m  s o l v i n g  i s  a  w a y  t o  p r o p o s e  s y s t e m s  c o m p o s e d  

o f  s i m p l e  i n t e r a c t i n g  a g e n t s  t h a t  c o l l e c t i v e l y  s o l v e  p r o b l e m s  

o u t s i d e  t h e  s c o p e  o f  i n d i v i d u a l  p e r c e p t i o n s .   I n  t h i s  d o m a i n ,  

n a t u r a l  s o c i a l  s y s t e m s  a r e  s o u r c e s  o f  i n s p i r a t i o n  f o r  s i m p l e  

m e c h a n i s m s .  

T h i s  a r t i c l e  p r e s e n t s  a n  a p p r o a c h  f o r  r e g i o n  d e t e c t i o n  i n s p i r e d  b y  

s o c i a l  s p i d e r s .  B a s e d  o n  a  b e h a v i o r a l  m o d e l  d e t e r m i n e d  b y  t h e  

s i m u l a t i o n  o f  c o l l e c t i v e  w e a v i n g ,  w e  d e s c r i b e  h o w  w e  t r a n s p o s e d  

i t  t o  o b t a i n  a n  a p p r o a c h  f o r  r e g i o n  d e t e c t i o n  i n  g r a y  l e v e l  i m a g e s .   

Ca t e g o r i e s  a n d  Su b j e c t  D e s c r i p t o r s  

I . 2 . 1 1  [ Artificial intelligence ] :  D i s t r i b u t e d  A r t i f i c i a l  I n t e l l i g e n c e  

–  Multi- a g e n t s y s te m s .  

G e n e r a l  Te r m s  

A l g o r i t h m s ,  E x p e r i m e n t a t i o n .  

K e y w o r d s  

R e a c t i v e  m u l t i - a g e n t  s y s t e m ,  b i o l o g i c a l  i n s p i r a t i o n ,  r e g i o n  

d e t e c t i o n  

1 .  I N TRO D U CTI O N  
T h i s  a r t i c l e  p r e s e n t s  h o w  s o c i a l  s i m u l a t i o n  i n  b i o l o g y  h a s  b e e n  

u s e d  t o  p r o p o s e  a n  a p p r o a c h  f o r  r e g i o n  d e t e c t i o n  i n  g r a y  l e v e l  

i m a g e s .   

R e a c t i v e  a p p r o a c h e s  e m p h a s i z e  s y s t e m s  o f  s i m p l e  b e h a v i n g  u n i t s  

w i t h  d e c e n t r a l i z e d  c o n t r o l .  I n  s u c h  a p p r o a c h e s ,  “ i n t e l l i g e n c e ”  i s  

o b s e r v e d  a t  c o l l e c t i v e  l e v e l ,  b u t  i s  n o t  n e c e s s a r i l y  p r e s e n t  a t  a g e n t  

l e v e l .  O n e  o f  t h e  d i f f i c u l t i e s  i n  t h e  d e s i g n  o f  r e a c t i v e  m u l t i - a g e n t  

s y s t e m s  i s  t o  s p e c i f y  s i m p l e  i n t e r a c t i o n s  b e t w e e n  a g e n t s  a n d  

b e t w e e n  t h e m  a n d  t h e i r  e n v i r o n m e n t  s o  a s  t o  o b s e r v e  c o m p l e x  

c o l l e c t i v e  p r o p e r t i e s .  T h i s  d i f f i c u l t y  i s  p r o p o r t i o n a l  t o  t h e  d i s t a n c e  

b e t w e e n  t h e  s i m p l i c i t y  o f  i n d i v i d u a l s  a n d  t h e  c o m p l e x i t y  o f  t h e  

c o l l e c t i v e  p r o p e r t y .  F u r t h e r m o r e ,  l i n k s  b e t w e e n  i n d i v i d u a l  

b e h a v i o u r s  a n d  c o l l e c t i v e  p r o p e r t i e s  a r e  n o t  o b v i o u s  s i n c e  t h e y  a r e  

e x p r e s s e d  a t  t w o  s e p a r a t e  l e v e l s  o f  a b s t r a c t i o n .  

S o c i a l  m o d e l s  i n  b i o l o g y  a r e  a  w a y  t o  t a c k l e  s u c h  a  p r o b l e m  b y  

p r o v i d i n g  d e c e n t r a l i z e d  m o d e l s  w i t h  s i m p l e  a n d  r o b u s t  

m e c h a n i s m s .  K n o w l e d g e  a b o u t  t h e  o r g a n i z a t i o n  o f  a n i m a l  

s o c i e t i e s  c a n  b e  t r a n s p o s e d  i n t o  m u l t i - a g e n t  s y s t e m s  a n d  a p p l i e d  

i n  c o l l e c t i v e  p r o b l e m  s o l v i n g ,  o r  a t  l e a s t  u s e d  a s  a  m e t a p h o r  i n  

v i e w  o f  d e s i g n i n g  t h e s e  s y s t e m s .  

T h e  a r t i c l e  i s  c o n s t r u c t e d  a s  f o l l o w s  :  t h e  f i r s t  p a r t  f o c u s e s  o n  

r e a c t i v e  s y s t e m s  a n d  t h e i r  a p p l i c a t i o n  t o  p r o b l e m  s o l v i n g .  T h e  

s e c o n d  p a r t  p r o v i d e s  a  g e n e r a l  b a c k g r o u n d  a b o u t  t h e  o r i g i n a l  

b i o l o g i c a l  m o d e l ,  t h e  s o c i a l  s p i d e r s  m o d e l ,  a n d  t h e  s i m u l a t i o n  w e  

c a r r i e d  o u t .  T h e  t h i r d  p a r t  p r e s e n t s  h o w  s u c h  a  m o d e l  c a n  b e  

t r a n s p o s e d  f o r  r e g i o n  d e t e c t i o n  i n  g r a y  l e v e l  i m a g e s .  T h e  

f o l l o w i n g  s e c t i o n  p r o v i d e s  a n  e x p e r i m e n t a l  a s s e s s m e n t  o f  t h e  

a p p r o a c h  b e f o r e  w e  c o n c l u d e  a n d  p r o p o s e  f u r t h e r  w o r k s .  

2 .  RE L ATE D  W O RK S 
I n  t h i s  p a r t ,  w e  m e n t i o n  w o r k s  c o n n e c t e d  t o  o u r s  i n  t e r m s  o f  

r e a c t i v e  m o d e l s  f o r  p r o b l e m  s o l v i n g  a n d  a p p l i c a t i o n s  o f  m u l t i -

a g e n t  s y s t e m s  t o  i m a g e  p r o c e s s i n g .  

R e a c t i v e  a p p r o a c h e s  [ 1 1 , 5 , 9 ]  f o r  p r o b l e m  s o l v i n g  p l a c e  e m p h a s i s  

o n  t h e  s i m p l i c i t y  o f  i n d i v i d u a l s  i n  c o m p a r i s o n  t o  t h e  p r o p e r t i e s  

o b s e r v e d  a t  a  c o l l e c t i v e  l e v e l .  I n  s u c h  s y s t e m s ,  a g e n t s  a r e  s i t u a t e d  

i n  a  d y n a m i c  e n v i r o n m e n t  t h r o u g h  w h i c h  t h e y  i n t e r a c t .  T h e y  a r e  

c h a r a c t e r i z e d  b y  l i m i t e d  ( p o s s i b l y  n o )  r e p r e s e n t a t i o n  o f  

t h e m s e l v e s ,  o f  t h e  o t h e r s  a n d  o f  t h e  e n v i r o n m e n t .  F u r t h e r m o r e ,  

t h e  d e c i s i o n  m a k i n g  p r o c e s s  i s  m a i n l y  b a s e d  o n  s t i m u l u s - r e s p o n s e  

r u l e s  a n d  d o e s  n o t  r e f e r  t o  e x p l i c i t  d e l i b e r a t i o n .  T h e r e f o r e ,  

p r o b l e m  s o l v i n g  i s  t h e  c o n s e q u e n c e  o f  i n t e r a c t i o n s  b e t w e e n  a g e n t s  

t h r o u g h  e n v i r o n m e n t .  S u c h  a n  a p p r o a c h  h a s  b e e n  a p p l i e d  i n  

v a r i o u s  d o m a i n s  s u c h  a s  c a r t o g r a p h i c  g e n e r a l i z a t i o n  [ 1 ] ,  

d i s t r i b u t e d  a i r  t r a f f i c  c o n t r o l  [ 2 1 ] ,  w o r k l o a d  m a n a g e m e n t  [ 1 4 ] ,  

a s s i g n m e n t  p r o b l e m s  [ 1 0 ] ,  . . .  

O n e  o f  t h e  m a j o r  i s s u e s  i s  t o  d e t e r m i n e  t h e  e n v i r o n m e n t ,  t h e  

i n d i v i d u a l  b e h a v i o r s ,  a n d  t h e  d y n a m i c s  o f  t h e  w h o l e  s o  a s  t o  s o l v e  

a  g i v e n  p r o b l e m  w i t h  r e a s o n a b l e  e f f i c i e n c y .  S o c i a l  m o d e l s  i n  

b i o l o g y  c a n  b e  a  s o u r c e  o f  i n s p i r a t i o n  f o r  d e s i g n i n g  r e a c t i v e  

m u l t i - a g e n t  s y s t e m s  [ 1 5 ]  s i n c e  t h e  o b s e r v e d  a n i m a l  s o c i e t i e s  s h o w  

c o l l e c t i v e  b e h a v i o r  t o  s o l v e  a n  i s s u e  f a c e d  b y  t h e  c o l o n y  w i t h  

l i m i t e d  i n d i v i d u a l  c a p a c i t i e s .  

O n e  o f  t h e  m o s t  c o m m o n  m e t a p h o r s  i s  t h a t  o f  a n t s .  T h e  

k n o w l e d g e  a b o u t  i n t e r a c t i o n  m e c h a n i s m s  t h r o u g h  p h e r o m o n e s  i n  

a n t  s o c i e t i e s  [ 6 , 7 ]  h a s  b e e n  a  s o u r c e  o f  i n s p i r a t i o n  f o r  n e w  

m e t h o d s  f o r  r e a c t i v e  p r o b l e m  s o l v i n g  [ 1 9 , 8 , 3 ]  w i t h  a p p l i c a t i o n s  

o n  m a n y  p r o b l e m s  l i k e  t h e  t r a v e l i n g  s a l e s m a n  p r o b l e m .  F i s h  a n d  

 

 



bird social models in biology h ave been sou rces of  inspiration to 

implement f lock ing [ 1 7 , 2 0 ] .  

I n ou r case,  we applied ou r approach  to images.  I n th e image 

processing domain,  th e mu lti- agent paradigm h as been u sed in 

two dif f erent ways.  I n th e f irst case,  th e mu lti- agent approach  is 

u sed  as a f ramework  to integrate and coordinate image processing 

components [ 2 ] .  I n th e second case,  th e image  is envisaged as an 

environment in wh ich  agents evolve:  [ 1 6 ]  Ramos et al were 

inspired by ant beh avior to detect ou tlines and [ 1 3 ] L iu  by cellu lar 

au tomata to ex tract regions.  

3. B A C K G R OUND  ON T H E B IOLOG IC A L 

M OD EL 
T h e model we bu ilt is inspired by work  u ndertak en to simu late th e 

collective web bu ilding activity of  social spiders [ 4 ] .   

I n th is stu dy,  we applied a mu lti- agent model f or th e simu lation of  

collective weaving in a social spider species in order to ch eck  

biologists’  assu mptions th at i)  social spiders as well as social 

insects can ex h ibit stigmergic coordination [ 1 8 ]  and ii)  th e 

sociality can be ach ieved only with  mak ing “ lone spiders”  ignore 

each  oth ers.  S tigmergy [ 1 2 ]  is a way to ach ieve coordination 

with ou t any ex plicit ref erence to th e task s being perf ormed by any 

spider of  th e colony:  past actions leave traces in th e environment;  

and th ese traces f avor in retu rn some actions among oth ers.  I n th e 

case of  spiders,  stigmergy is pu t into practice th rou gh  th e silk .  

W e proposed a model th at can reprodu ce th e collective beh avior 

and th at was ch aracteriz ed by th e absence of  social ref erence and 

by simple individu al beh avioral items.  

I n ou r proposal,  th e environment modeled th e natu ral vegetation 

and was implemented as a sq u are grid in wh ich  each  position 

corresponded to a stak e.  S piders beh aved according to two 

independent items:  a movement item wh ich  consists in th e spider 

moving to a reach able stak e;  and a f ix ing item wh ich  consists in 

th e spider dropping a silk  dragline on th e top of  th e cu rrent stak e.  

A s spiders move,  th ey constru ct silk y stru ctu res in th e 

environment wh ich  of f er new path s f or th eir movements.  S piders 

are attracted by silk  draglines and are lik ely to f ollow a dragline 

instead of  moving to an adj acent stak e.   

A ll beh avioral items are stoch astic :  silk  f ix ing is ru led by a 

constant probability and movements of  th e spiders are determined 

by a contex tu al probability distribu tion wh ich  depends on silk  

attraction.   

S tigmergy occu rs in th e dynamics of  th e system th rou gh  th e silk  

attraction f actor :  wh en attraction is nu ll,  silk  is not tak en into 

accou nt du ring movement and no satisf ying web is bu ilt;  wh en 

attraction is mediu m,  it allows collective web bu ilding,  wh en it is 

too strong,  collective bu ilding is impossible,  each  spider being 

trapped in its own silk .  

4 . A P P R OA C H  F OR  R EG IONS  

D ET EC T ION 
W e f irst describe th e problem to be solved,  th en provide a brief  

overview of  th e approach  and mak e th e link  with  th e simu lation 

model.  I n a th ird section,  we detail th e components of  th e 

transposed model and,  in th e f inal section,  we describe h ow it is 

possible to interpret th e stru ctu res produ ced by th e system to 

obtain regions.  

4 .1  D e s c r i p t i o n  o f  t h e  p r o b l e m  
T h e goal of  ou r model is to ex tract variou s regions f rom an image.  

A  region is def ined as a set of  contigu ou s pix els wh ose 

radiometric properties are h omogeneou s.  

T h is def inition is volu ntarily not ex plicit.  T wo dif f erent criteria:  

th e distance between pix els and th e h omogeneity of  th e gray level 

of  th e considered pix els h ave to be tak en into accou nt and a 

compromise migh t be req u ired.  

I ndeed,  du e to th e presence of  noise in images,  th e two criteria 

mu st be loosened.  T h e region,  even if  it corresponds to an obj ect,  

is not ch aracteriz ed by a single gray level bu t small f lu ctu ations 

mu st be allowed.  M oreover,  aberrant pix els migh t appear on a real 

image,  lik e,  f or ex ample,  a gray pix el in a black  region,  th at cou ld 

create artif icial borderlines and split a region into two parts.  

O u r model will h ave to produ ce,  f rom a given pictu re,  sets of  

labelled pix els,  each  label representing a region ex tracted.   

4 .2 G e n e r a l i t i e s  a b o u t  t h e  a p p r o a c h  
B ef ore providing a precise description of  th e mu lti- agent model,  

th is part gives a general overview of  th e principles u nderlying it.  

T h e approach  is bu ilt u pon th e same components as th e simu lation 

model:  th e environment,  th e agents and th e dynamics of  th e 

wh ole.  

T h e transposition of  th e simu lation model consists in modif ying 

th e environment so as to mak e it represent th e inpu t of  th e system,  

a gray level image,  in wh ich  agents will evolve;  stak es are now 

associated with  pix els.  A s agents evolve in th e environment,  th ey 

will f ix  silk  draglines between pix els th at will allow th em to move 

on new path s.  F inally,  th e environment will contain collective 

webs th at will be interpreted to dedu ce regions.  

A gents are ru led by th e same basic beh aviors bu t silk  f ix ing now 

depends on th e contex t and is related to th e gray level of  th e pix el 

of  th e cu rrent agent location.  A gents lay down draglines on some 

pix els:  th ose th at are “ interesting” .  S ilk  f ix ing is th en a way to 

ensu re pix el selection and each  agent is provided with  parameters 

wh ich  describe th e region it h as to detect.  

F or sak e of  ef f iciency,  we add a th ird beh avioral item th at mak es 

an agent probabilistically retu rn back  to its web wh en no pix el is 

selected,  th u s avoiding th e ex ploration of  th e wh ole image and 

restricting selection of  pix el to th e neigh borh ood of  th e already 

bu ilt web.  

T h e dynamics of  th e system is still stigmergic:  past actions in th e 

environment will f avor some actions among oth ers and f ocu s 

activity of  th e agents.   

4 .3 D e s c r i p t i o n  o f  t h e  m o d e l  
I n th is part,  we will u se th e f ollowing notations :  I f  X  is a k ind of  

obj ect to be def ined,  X = [ c h a r 1 ,  c h a r 2 ,  … ,  c h a r n ]  specif ies th e 

ch aracteristics of  X  as being c h a r 1, 

etc;  and th e u se of  c h a r X  will 

denote th e access to th e c h a r  ch aracteristic of  an instance x  of  X .  

4.3.1 E n v i r o n m e n t  

T h e environment of  th e system corresponds to a gray level image 

and is represented by a two dimension array wh ose elements are 

th e pix els of  th e image.  E ach  pix el ( p )  is index ed by its 

coordinates ( x  and y)  in th e image and is f eatu red by its gray level 

and by th e list of  draglines D l p  already f ix ed on it.  I nitially,  th e 



environment contains no draglines. Draglines will be added by the 

agents during runtime. 

E ach dragline d of a given Dlp conventionally starts from p, is 

characteriz ed by its end pix el, and is labeled by the spider that 

created it. 

E nvironment : 

P  =  array [N x M ] of pix el. P ix el= [gray,Dl].  

Dragline =  [end, spider].  

4.3.2 A g ents   

4.3.2.1 A g ent f ea tu res  
F eatures of an agent correspond to parameters conditioning its 

behavior and to its internal state. P arameters are fix ed for an 

ex ecution ( there is no online specializ ation)  and internal state 

evolves according to performed actions. 

A  first set of parameters characteriz es the region the considered 

agent will have to focus on and will condition the pix el selection 

made by the agent : R e f L e v  ∈[0 ..25 5 ] which is the gray value of 

the region to be searched and S e l e c t i v i t y , that reflects tolerance of 

selection. 

A  second set of parameters characteriz es the ex ploratory behavior 

of the agents. This set is made of B a c k P r o b a b i l i t y  which is the 

probability for the agent to return to the last fix ed pix el when no 

silk  is fix ed on the current one, its perception radius R  and the 

parameters that determine the attraction for silk . W e implemented 

it in two ways that will be subseq uently described. P arameters 

could then be P dr a g l i n e  or A t t r a c t S e l f  and A t t r a c t O t h e r  

coefficients. 

Internal state is described by the position of the agent called the 

current pix el C u r r e n t P  and by the last pix el on which it has fix ed 

a dragline L a s t F i x e d.  

4.3.2.2 P erc ep tions  
P erceptions provide the locally available information in the 

environment on the basis of which the decision is made. 

W e define three functions : N eighp, S cutsp and A ccessp that 

respectively provide the list of neighbor pix els, the list of pix els 

that can be reached by following a dragline and the union of both 

corresponding to the accessible pix els in one move.  
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Figure 1 .  illus tratio n o f th e d ifferent acces s ib le p ix els  

( p ercep tio n rad ius  R  is  s up p o s ed  to  b e eq ual to  1 ) .  

W e define N umber( a,b) , with a  and b  being two pix els, as the 

number of draglines that start on a  and end on b . N umber( a,b,sp)  

is the same restricted to the draglines labeled by considered agent  

sp. 

I f  w e  s u p p o s e  i  i s  a  p i x e l :  N e i g h i =  { p  ∈ P  / D i s t ( p , i ) ≤ R  a n d p  ≠ i } ;  

S c u t s i =  { p  ∈ P  / p = e n dl  ∀  l  ∈ D l i }   a n d A c c e s s i =  N e i g h i  U  S c u t s i .  

N u m b e r ( a , b )  =  c a r dn b ( { l  ∈ D L a  /  e n dl  =  b } ) .  a n d N u m b e r ( a , b , s p )  

=  c a r dn b (  { l  ∈ D L a  /  e n dl = b  a n d s p i de r l = s p }  )   w i t h  c a r dn b  b e i n g  

t h e  c a r di n a l  n u m b e r .  

4.3.2.3 B a s ic  c y c l e 
The basic cycle of an agent can be described in three successive 

behavioral items, each one consisting in a probabilistic decision 

and the possible performance of the action.  

1)  M o v em ent: choose a pix el p from accessible ones 

according to a probability distribution;  then carry out the 

movement to the selected pix el. 

2)  Fix ing s ilk : choose to fix  according to a contex tual 

probability ( the lower the distance between gray level of the 

current pix el and the R e f L e v e l , the higher the probability)  if 

the decision is made, carry out the silk  fix ing and ex it basic 

cycle  

3 )  otherwise R eturning to  w eb : choose to return to the web 

according to B a c k P r o b a b i l i t y , if the decision is made, return 

to the last fix ed pix el. 

4.3.2.4 D eta il  of  b eh a viora l  items   
M o v e m e n t  

P robability to move to an accessible pix el ( called p )  depends on 

the way to access it ( F igure 1) : i )  by moving to a neighbor pix el ( p  

∈ N e i g h C u r r e n t P )  or i i )  by following a dragline ( p  ∈ S c u t s C u r r e n t P ) . It 

must be noticed that a pix el might belong to the two sets. 

W e implemented two ways of computing this distribution of 

probabilities according to the number of regions to be searched. 

The first one corresponds to a situation where agents cooperate to 

detect one single region: labels on draglines are not tak en into 

account. 

P roba ( move( p) ) =   

i )  ( 1- P dragline) / ( cardnb( N eighC u r r e n t P ) )  if p ∈ 

N eighC u r r e n t P  

i i )  P dragline* N umber( C urrentp , p) / cardnb( Dl c u r r e n t p )  if p 

∈ S C utsC u r r e n t p 

The choice of the k ind of movement is not dependent on the 

number of draglines observed and the decision can be divided into 

two steps. F irst, the agent faces an alternative : will it follow a silk  

dragline or not ?  P dr a g l i n e  is the probability for the agent to move 

this way. If the agent prefers not to follow draglines, it moves 

randomly to a pix el belonging to N eighC u r r e n t P .  O therwise, it 

randomly chooses a dragline and reaches the pix el belonging to 

S cuts at its end. Thus, the more draglines leading to p, the more 

lik ely the agent is to reach p.  

The second implementation tak es place in a perspective of 

competition between agents to detect several regions. W e 

distinguish two k inds of attractions for silk  according to the labels 

of draglines. 



Proba (move(p))=w(p)/ ∑
∈ CurrentPAccessa

w(a)   

i ) w ( p )  =  c o n s t a n t  i f  p  ∈ Nei ghCurrentP  

i i ) w ( p ) =  A t t r a c t S e l f * F ( N u m b e r ( C u r r e n t P , p , M e ) ) )  +  

A t t r a c t O t h e r * F ( ( N u m b e r ( C u r r e n t P , p ) )  -  N u m b e r ( C u r r e n t P , p , M e )  

) )  i f  p  ∈ S c u t s  

At t ract Sel f d e s c r i b e s  a t t r a c t i o n  f o r  i t s  o w n  s i l k ,  At t act Ot her 

d e s c r i b e s  a t t r a c t i o n  f o r  s i l k  o f  o t h e r  a g e n t s .  F  i s  a  f u n c t i o n  

e x p r e s s i n g  h o w  t h e  n u m b e r  o f  d r a g l i n e s  i n  t h e  p a t h  i n f l u e n c e s  t h e  

w e i g h t  u n t i l  a  g i v e n  s a t u r a t i o n .  I n  o u r  e x p e r i m e n t s ,  w e  u s e d  F ( x ) =  

m i n ( x ,  S a t u r a t i o n V a l u e ) .  

T h i s  p r o c e d u r e  c o n s i s t s  i n  g i v i n g  a  c o n s t a n t  w e i g h t  t o  e a c h  

r e a c h a b l e  p i x e l  i f  t h e  c o n s i d e r e d  p i x e l  b e l o n g s  t o  N e i g h currentP o r   a  

w e i g h t  l i n k e d  t o  t h e  n u m b e r  o f  d r a g l i n e s  l i n k i n g  t h i s  p i x e l  t o  t h e  

l o c a t i o n  o f  t h e  a g e n t .  T h e  c h o i c e  o f  f o l l o w i n g  a  d r a g l i n e  i s  t h e n  

d e p e n d e n t  o n  t h e  n u m b e r s  o f  d r a g l i n e s  p r e s e n t  o n  t h e  c o n s i d e r e d  

p i x e l  a n d  o f  t h e  k i n d  o f  s i l k .  

O n c e  t h e  d e c i s i o n  i s  m a d e ,  c a r r y i n g  o u t  m o v e m e n t  c o n s i s t s  i n  

u p d a t i n g  t h e  c u r r e n t  p i x e l  v a l u e :  Cu rrent P← p .  

Si l k Fi xi ng  

T h e  d e c i s i o n  i s  m a d e  a c c o r d i n g  t o  a  p r o b a b i l i t y  t o  f i x  a  d r a g l i n e  

o n  t h e  c u r r e n t  p i x e l  w h i c h  i s  c o m p u t e d  f r o m  a  g a u s s i a n   

d i s t r i b u t i o n  w h o s e  m e a n  i s  RefLevel  a n d  w h o s e  s t a n d a r d  d e v i a t i o n  

i s  1 /Sel ect i vi t y .   

F i x i n g  a  d r a g l i n e  c o n s i s t s  i n  a d d i n g  o n e  d r a g l i n e  i n  t h e  

e n v i r o n m e n t ,  t h i s  i s  m a d e  b y  u p d a t i n g  t h e  d r a g l i n e  l i s t  o f  t h e  

c u r r e n t  p i x e l  Dl CurrentP ← Dl CurrentPU {(Cu rrent P,Last Fi xed)}  a n d  

t h e  d r a g l i n e  l i s t  o f  L a s t F i x e d  P i x e l  Dl L as tF ix ed  ← Dl L as tF ix ed  U {( 

Last Fi xed, Cu rrent ,)} ;  a n d  u p d a t i n g  i n t e r n a l  s t a t e  o f  t h e  a g e n t  

Last Fi xed ← Cu rrent P .    

Ret u rni ng t o web 

D e c i s i o n  p r o b a b i l i t y  i s  c o n s t a n t  a n d  p e r f o r m a n c e  o f  a c t i o n  

c o n s i s t s  i n  u p d a t i n g  t h e  l o c a t i o n  o f  a g e n t  Cu rrent P←Last Fi xed .  

4.3.3 S y s t e m  d y n a m i c s  
D y n a m i c s  r u l e s  h o w  t h e  s y s t e m  e v o l v e s  t h r o u g h  t h e  i n t e r a c t i o n s  

o f  a g e n t s  a n d  i s  b a s e d  o n  t h e  s t i g m e r g y  p r i n c i p l e .  A g e n t s  p e r f o r m  

a c t i o n s  t h a t  m o d i f y  t h e  e n v i r o n m e n t  w h i c h ,  i n  r e t u r n ,  c o n s t r a i n s  

t h e  s e t  o f  f u t u r e  p o s s i b l e  a c t i o n s .  I n  o u r  c a s e ,  m o d i f i c a t i o n s  a r e  

t h e  a p p a r i t i o n  o f  s i l k  d r a g l i n e s .  S i l k  a t t r a c t i o n  i m p l e m e n t s  i n  t h e  

a g e n t s ’  b e h a v i o r  t h e  i n f l u e n c e  o f  t h e  s i l k y  s t r u c t u r e :  n e w  

p o s s i b i l i t i e s  f o r  m o v e m e n t  a p p e a r  a n d  a r e  f a v o r e d  b y  s i l k  

d r a g l i n e s .  

A n  e x e c u t i o n  s t a r t s  i n i t i a l l y  w i t h  a n  e n v i r o n m e n t  e m p t y  o f  s i l k  

r e p r e s e n t i n g  a n  i m a g e .  E a c h  a g e n t  i s  i n i t i a l i z e d  w i t h  p a r a m e t e r s  

d e s c r i b i n g  t h e  r e g i o n  t o  d e t e c t  t h r o u g h  t h e  R efl evel  a n d  t h e  

S el ect i vi t y v a l u e s .  T h e  s y s t e m  e v o l v e s  b y  c y c l e s .  I n  e a c h  o n e ,  

e v e r y  a g e n t  i s  s u c c e s s i v e l y  a c t i v e  a n d  a p p l i e s  i t s  “ d e c i s i o n ”  

p r o c e s s  a c c o r d i n g  t o  t h e  l o c a l  e n v i r o n m e n t .  

E x e c u t i o n  e n d s  a f t e r  a  u s e r - f i x e d  n u m b e r  o f  c y c l e s .  

4.4 S y s t e m  o u t p u t s :  f r o m  w e b  t o  r e g i o n s  
B i o l o g i c a l  s i m u l a t i o n s  a i m e d  t o  a n s w e r  h o w  a  c o l l e c t i v e  w e b  c a n  

b e  b u i l t  f r o m  i n t e r a c t i n g  i n d i v i d u a l s .  A  q u a l i t a t i v e  a s s e s s m e n t  o f  

t h e  r e s u l t  o f  s i m u l a t i o n s  w a s  c a r r i e d  o u t  ( v i s u a l  a s p e c t  a n d  s o m e  

s t a t i s t i c s  – s i z e ,  a p p r o x i m a t e  s u r f a c e ,  a v e r a g e  h e i g h t -  w h i c h  h a v e  

t o  c o r r e s p o n d  t o  r e a l  d a t a ) .  I m p r o v e m e n t  o f  t h e  i n d i v i d u a l  

b e h a v i o r  m o d e l  l e a d s  t o  b e t t e r  m a t c h i n g  b e t w e e n  r e a l  a n d  

e x p e r i m e n t a l  r e s u l t s .  I n  n o  c a s e ,  d i d  t h e  s i m u l a t i o n  f o c u s  o n  t h e  

e f f i c i e n c y  i n  t h e  p r o c e s s  i n  t e r m s  o f  g r o w t h  s p e e d ,  a v e r a g e  

d e n s i t y ,  . . .  

H e r e  t h e  g o a l  o f  s y s t e m  i s  t o  s o l v e  a  g i v e n  p r o b l e m  a n d ,  b e c a u s e  

a g e n t s  h a v e  n o  r e p r e s e n t a t i o n  o f  t h e  g l o b a l  t a s k  t h a t  h a s  t o  b e  

a c c o m p l i s h e d ,   w e  m u s t  f a c e  t h e  i s s u e  o f  i n t e r p r e t i n g  g l o b a l  

r e s u l t s  o f  t h e  m o d e l ,  w h i c h  w a s  n o t  a s k e d  ( a n d  t h u s  n o t  a n s w e r e d )  

i n  s i m u l a t i o n .  W e  h a v e  t o  d e d u c e  r e g i o n s  f r o m  s e t s  o f  p i x e l s  a n d  

s i l k  d r a g l i n e s  w h i c h  a r e  t h e  a v a i l a b l e  i n f o r m a t i o n  d r o p p e d  i n  t h e  

e n v i r o n m e n t .  

F r o m  a  l o c a l  p o i n t  o f  v i e w ,  t h e  p i x e l  p e r s p e c t i v e ,  a  l i s t  o f  

d r a g l i n e s  i s  a s s o c i a t e d  t o  e a c h  p i x e l .  E a c h  d r a g l i n e  i s  l a b e l e d  b y  

t h e  a g e n t  t h a t  h a s  l a i d  i t  d o w n .  F r o m  a  g l o b a l  p o i n t  o f  v i e w ,  e a c h  

a g e n t  i s  d e d i c a t e d  t o  t h e  d e t e c t i o n  o f  a  g i v e n  r e g i o n  ( t h r o u g h  t h e  

S el ect i vi t y ,  Refl evel  a n d  BackProbabi l i t y v a l u e s ) .   

B y  g a t h e r i n g  a l l  t h e  p i x e l s  a n  a g e n t  h a s  w o v e n  o n ,  w e  o b t a i n  a  

r o u g h  r e g i o n ,  t h a t  i s ,  p i x e l s  a r e  p u t  t o g e t h e r  w i t h o u t  c o n s i d e r a t i o n  

o f  t h e  n u m b e r  o f  t i m e s  t h e  a g e n t  h a s  w o v e n  o n  t h e m .  T h u s ,  w e  

d e f i n e  t h e  d e g r e e  o f  b e l o n g i n g  o f  e a c h  p i x e l  t o  a  r e g i o n  a s  t h e  

n u m b e r  o f  d r a g l i n e s  w h i c h  a n  a g e n t  e x t r a c t i n g  t h e  r e g i o n  w o v e  o n  

i t .  T o  a v o i d  s e l e c t i o n  o f  l o w  r a n k e d  p i x e l s  i n  a  r e g i o n  w e  p r o p o s e  

t o  r e s t r i c t  t h e  p i x e l  s e t  c o m p o s i n g  a  r e g i o n  t o  t h o s e  w h o s e  

b e l o n g i n g  d e g r e e  i s  a b o v e  a  g i v e n  t h r e s h o l d .  

W i t h  s u c h  a  m e t h o d ,  a  p i x e l  b e l o n g s  t o  a  g i v e n  r e g i o n  w i t h  a  

c e r t a i n  d e g r e e .  T h u s  w e  d e f i n e  a  r e g i o n  a s   

R =  { i  ∈ P /  N u m b e r ( i , _ , S p i d e r )  >  T h r e s h o l d  }   

a n d  ∀  i  ∈ R  N u m b e r ( i , A n y P i x e l , A g i v e n S p i d e r )  i s  t h e  b e l o n g i n g  

d e g r e e  o f  i  t o  t h e  r e g i o n  R  a s s o c i a t e d  t o  A g i v e n S p i d e r .  

T h i s  a d d i t i o n a l  i n f o r m a t i o n  c a n  b e  u s e d  t o  i m p r o v e  g l o b a l  r e s u l t s  

w h e n  a n  a m b i g u o u s  p i x e l  s i m u l t a n e o u s l y  b e l o n g s  t o  s e v e r a l  

o v e r l a p p i n g  r e g i o n s .  

5 . EMP IR IC A L A S S ES S MENT  OF  T HE 

A P P R OA C H 
T h i s  p a r t  h i g h l i g h t s  t h e  m a i n  a d v a n t a g e s  o f  t h i s  a p p r o a c h  f r o m  

e m p i r i c a l  r e s u l t s .  A f t e r  p r e s e n t i n g  g e n e r a l  r e s u l t s  o b t a i n e d  w i t h  

t h e  a p p r o a c h  ( s u c h  a s  c o v e r a g e  o f  t h e  i m a g e  a n d  h o m o g e n e i t y  o f  

e x t r a c t e d  r e g i o n s ) ,  w e  w i l l  f o c u s  o n  t h e  f l e x i b i l i t y  o f  t h e  p r o c e s s  

t o  a s s e s s  i t s  p o t e n t i a l .  

5 .1  Ex p e c t e d  p r o p e r t i e s  
T w o  m a i n  p r o p e r t i e s  a r e  g e n e r a l l y  e x p e c t e d  f o r  e x t r a c t i n g  r e g i o n s  

i n  p i c t u r e s :  c o v e r a g e  a n d  h o m o g e n e i t y .  

A n  e f f i c i e n t  e x t r a c t i o n  a l g o r i t h m  i s  f i r s t  c h a r a c t e r i s e d  b y  a  g o o d  

c o v e r a g e  o f  t h e  e x t r a c t e d  r e g i o n s .  W h e n  i t  d e t e r m i n e s  a  r e g i o n ,  

w e  e x p e c t  i t  t o  e x t r a c t  t h e  e n t i r e  r e g i o n  a n d  n o t  t o  f o r g e t  s o m e  o f  

i t s  p a r t s .  I n  o u r  c a s e ,  t h i s  c o v e r a g e  i s  t h e  c o n s e q u e n c e  o f  t h e  

e x p l o r a t o r y  b e h a v i o u r  o f  t h e  s y s t e m  a s  a  w h o l e  r e l a t e d  t o  t h e  

e x p l o r a t i o n  a b i l i t y  o f  o u r  a g e n t s .  



Moreover, extracted regions must be relevant. First, the region 

extracted must be constituted by pixels of homogeneous 

radiometric properties. Furthermore, we do not want the 

apparition of artificial boundaries due to small variations of light 

intensity in a single region. This characteristic will be the 

consequence of the silk-fixing decision process or, in other words, 

the selection process. 

The results of the execution of such an algorithm are quite 

difficult to analyse mathematically because they refer to a 

semantic content : indeed, we consider that an extracted region is 

relevant if it corresponds to a region a human would have 

detected. Therefore we have first focused on qualitative rather that 

quantitative results to assess the properties of our approach. 

Moreover, the aim of those experiments was not to assess 

accurately the results observed but to validate our approach for the 

task of extracting regions and to verify its flexibility and 

adaptability proper to reactive approaches.  

5.2 Ex p e r i m e n t a l  s e t s  
The tests presented in this paper have been made with two real 

images taken by cameras : the first shows a calibration grid in 

front of a wall and the second is Alain. The resolution of those 

pictures is 256* 256. 

   

Figure 2. Images grid  and A lain used for experiments 

An experiment consists first in creating the environment 

corresponding to the considered picture. Then the user drops 

agents in the environment depending on the region to extract. The 

Reflevel of agents are assigned according to their initial position 

and the user defines for each agent its other parameters. Because 

we have limited ourselves for these experiments to extract a single 

region, all agents have the same features. 

We ran experiments with both cooperative and competitive 

behaviours. For the extraction of a single region, results were 

qualitatively equivalent. In this paper, we present only results 

concerning the first way the moves of the agents were 

implemented. Attraction for silk of Agents is thus ruled by a 

P dragline probability. 

The exhibited results will be of two kinds. Some will correspond 

to the web built by agents : all the draglines are shown even if 

they are woven above a non pertinent zone. It explains why some 

pixels are not visible as they are hidden by draglines woven onto 

ther pixels. Others show the belonging degree of each pixel. The 

brighter the pixel is represented, the higher the belonging degree 

of the pixel for the considered region. 

U ltimately, it must be noted that two kinds of experiments have 

been conducted : the first ones are displayed in the next part and 

consisted in extracting regions from images, their aim was to 

show the results our approach could obtain. The goal of the others 

was to exhibit the inherent flexibility and to confirm the relevancy 

of our approach. They will be presented in the following part. 

5.3 R a w  r e s u l t s  
As the following pictures bring to light, our approach gives 

satifying results when parameters of the spider-model have been 

accurately and empirically tuned by trials and errors. 

  

Figure 3 . W eb (in white) resulting from the extraction of the 

grid (P arameters of the experiment :  5 agents each one defined 

b y  R efL ev el  1 7 5,  S el ectiv ity 1 ,  B ack p r ob ab il ity  0 . 2 , P dr agl ine 0 . 5) 

after 5 0 0 0 , 10 0 0 0  and 20 0 0 0  cy cles 

  

Figure 4 . D egree of belonging of pixels for the same extraction 

Although the grid is not well “detached” in the environment the 

algorithm provides good results even if the region is not fully 

covered (figure 3 and 4), it must be noticed that Alain’s hair is 

also well extracted (figure 5 and 6).  

  

Figure 5 . W eb resulting from the extraction of A lain' s hair 

(P arameters of the experiment :  5 agents each one defined b y  

R efL ev el  1 6 ,  S el ectiv ity  0 . 1 ,  B ack p r ob ab il ity  0 . 2 , P dr agl ine 0 . 1 ) 

after 5 0 0 0 ,  10 0 0 0  and 20 0 0 0  cy cles 

  

Figure 6 . degree of belonging of pixels for the same extraction 

Figure 7 shows different regions our approach is able to extract 

from Alain’s image.  

A first conclusion is that this approach is able to extract properly 

different kinds of regions from real images. One of its major 



advantages is that the same simple behavior is u sed,  and only 

individu al parameters determine the ex tracted region which 

confirms the relevancy of ou r approach.   

    

   

 Figure 7. Example of extracted regions in Alain’s picture : 

Face, H air, B eard, B ackground and Moustache 

I n the nex t part,  we will focu s on the relationships between 

individu al parameters and properties of collective webs and then 

the q u ality of the resu lts.  

5.4 D i s c u s s i o n  a b o u t  t he  p r o c e s s  
I n this part,  we will link  initial individu al parameters with final 

collective resu lts in order to find heu ristics to estimate parameters 

needed to ex tract a specific region.  

T o do this,  we will center on the relation between parameters of 

the model and the observed resu lts.  I f we consider that all agents 

have the same featu res,  a model is described by fou r parameters :  

the Pdragline of the agents,  their B ackpro b ab ility ,  their Reflevel 

and their S electivity valu es.  

T he first two parameters govern the moves of the agents and thu s 

the ex ploratory behaviou r of the system.  T he two last ones are 

related to the selection of pix els thu s determining the relevancy of 

the ex tracted regions.  

O f cou rse,  becau se the process is based on the stigmergy ensu red 

by the silk  draglines laid down in the environment,  selection and 

movement are tied,  bu t we cou ld at first try to specify the 

influ ence of each aspect.  

5.4.1 I nfluence of moves 
T he three following ex periments,  shown in figu res 8 a) ,  8 b) ,  8 c)  

and 9 a)  9 b)  9 c) ,  have been condu cted u nder the same conditions 

ex cept that the valu e of Pdragline was not the same.  

   

a )  b )  c )   

Figure 8 . Impact of Pdragline on webs after 20000 cycles 

(experiments done with the same parameters for 5 agents : 

Reflevel 16 , Selectivity 0.1, Backprobability 0.2 but Pdragline is 

for 0.8  a) , for 0.5  b)  and 0.2 for c)  ). 

   

a )  b )  c )   

Figure 9 . Degree of belonging of fig 8 . 

T hese ex traction resu lts are representative of the influ ence of the 

attraction for silk  parameter :  in figu re 8 a) ,  this parameter was set 

high.  A gents are captu red by the web they have constru cted and 

do not ex plore the entire region ( the su rface covered by the web is 

small) .  I n F igu re 8 b) ,  this parameter is mediu m and the region 

ex plored by agents is bigger bu t some part of the region is still 

u nex plored.  U ltimately,  when the parameter is low as in F igu re 

8 c) ,  agents are u rged to ex plore their environment and the region 

covered is larger.  

T hu s,  if attraction is strong ( figu re 8 a) )  the siz e of the su rface 

covered by an agent wou ld be small.  O btaining a good coverage 

wou ld req u ire to drop a lot of agents in the environment.  T he 

produ ct of the nu mber of agents by the mean siz e of the covered 

su rface mu st correspond to the siz e of the region we wish to 

ex tract.  O n the contrary,  if silk  attraction is weak  ( figu re 8 c) ) ,  it 

req u ires fewer agents,  bu t the density of draglines might be not 

significant enou gh to lead to relevant resu lts.  

   

Figure 10. Web (in white) built with a null Backprobability 

(parameters of the 5 agents : Reflevel 16 , Selectivity 0.1, 

Backprobability 0  but Pdragline is for 0.5 ) after 5000, 10000 

and 20000 cycles. 

    

Figure 11. Degree of belonging of fig 10 

T he importance of Backpro b ab ility is illu strated by figu res 1 0  and 

1 1 .  T he retu rn behaviou ral item prevents agents from bu ilding a 

web link ing two non contigu ou s regions.  I ndeed,  the inverse of 

this probability corresponds to the mean length of the path before 

retu rning to the web.   

I f the probability is not high enou gh,  the agents cou ld reach 

another non contigu ou s region from a web and then weave 

draglines link ing those two regions.  I t is the case in F igu re 1 0  in 

which a web has been woven in the beard,  eyes and eyebrows of 

A lain.  H owever,  the Backpro b ab ility mu st not be too high,  

especially if the agent is highly selective,  becau se low 



Backprobability allows the agents to cross small noisy zones to 

carry on selection processes afield. 

5.4.2 I nfluence of selection of pix els 

    

Figure 12. Extraction with high Selectivity (parameters for 5 

agents : Reflevel 16 ,  Selectivity 1,  B ack p r obability 0 . 2  and 

P dr agline 0 . 5 ) after 5000, 10000 and 20000 cycles. 

    

Figure 13. Degree of belonging of fig 12. 

Selectivity is directly link ed to the homogeneity of the gray level 

of woven pixels due to the selection process. F igures 12 and 13  

present zones whose borderlines do not correspond to the desired 

results because of a too high Selectivity.  

In most cases Selectivity has to be accurately tuned. Indeed, the 

agents selection must tolerate small light intensity fluctuations 

without allowing the selection of pixels of borderlines and of 

other regions. If the region we want to extract is well separated 

from the rest of the image, S electivity should be low to consider 

small fluctuations of gray level in the region. O n the contrary, if 

the region is not well detached from the image ( lik e the grid) , 

selectivity must be set high to extract expected borderlines. 

H owever, from now on, small fluctuations of light intensity in 

searched regions might hinder the extraction process. 

5.4.3 H euristics for setting parameters 
The experiments cast a new light on the process : even if 

parameters are empirically tuned, a few heuristics enabling their 

determination can be mentioned. 

Relating to the exploratory behavior, the value of the attraction is 

highly dependent on the number of agents we put into the 

environment. If we drop a lot of spiders, a high attraction would 

be interesting : spiders will weave small webs with high density 

and the region will be the result of the fusion of those small webs. 

O n the contrary, if agents are fewer, to ensure a wider exploration 

of the environment, a low attraction is req uired but agents are then 

prone to go astray. 

C oncerning selection, if the region to be extracted has radiometric 

properties close to the rest of the picture, a high selectivity is 

req uired.  

These hypothesis applied to the task  of extracting the Alain’ s 

beard lead to the results of figure 14 . S ince, the region is not very 

big, few agents will be sufficient and the Backprobability 

coefficient and Pdragline parameter will be set high. Because the 

region is well detached, selectivity might be not accurately tuned. 

   

Figure 14. Extraction of beard with heuristics (parameters for 

2 agents : Reflevel 16 ,  Selectivity 1,  B ack p r obability 0 . 2  and 

P dr agline 0 . 5 ) after 1000, 2000 and 3000 cycles. 

5.5 C o n c l u s i o n  o f t he s e  e x p e r i m e n t s  
As shown by our results, all the ingredients are available in our 

approach for detecting different regions if the req uired parameters 

are well assessed. It is also possible to detect simultaneously 

several regions ( figure 15 )  by the use of the second 

implementation of movement behaviour and by gathering agents 

with the same initial parameters into groups To do so, it is 

sufficient to set the A ttractother coefficient to null. In this case, 

the global process consists in several processes without 

competition which ignore each other. A positive value of 

A ttractother introduces competition between groups: webs built 

by a group might be attractive for other groups which will 

possibly compete for the selection of the same pixels. 

    

Figure 15. Webs resulting of simultaneous extractions of 4 

regions with 4 groups after 0, 5000 and 10000 cycles. 

H owever, a maj or drawback  has to be solved in order to produce a 

real application : parameters are empirically adj usted. L iu [13 ] 

faced the same issue but we also have to determine the number of 

agents and their initial position. O nce this stage is over, we could 

undertak e automatic region detection and compare our approach 

to the algorithms that already exist. 

U ntil now, even if few heuristics have been made clear, these 

parameters req uire information about the region that one wishes to 

extract. In some applications, such information might be available 

but we can focus also on online specialisation and auto-

organization. Indeed, silk  laid down in the environment contains a 

lot of information that can be used. F or example,  if draglines are 

not present on pixels, it might mean that this gray level is not 

searched by agents and that a region which will not be detected 

might be present. Then, if the agent meets a lot of pixels with the 

same gray level without any dragline fixed on them, it could 

decide to extract the region corresponding to this gray level. 

6 . C ONC LUD ING  R EMA R K S  A ND  

FUT UR E WOR K  
W e have presented in this article an approach for region detection  

inspired by an original social model: the social spiders. 

The transposition of this model provides a reactive multi-agent 

system in which agent behavior is ruled by 3  simple items, and 

relies on very limited information and memory. F urthermore, 



agents don’t have any explicit representation of the global task 

being performed and coordinate themselves by silk draglines 

through environment. 

This approach gives very encouraging results. The individual 

model is simple and allows flexibility of the system which can be 

adapted to various contexts: without any optimisation of the 

system it is able to extract different kinds of regions in real images 

by simply modifying some parameters.  

C urrently two drawbacks must be mentioned: assessment of the 

approach is qualitative and initial parameters have to be estimated 

before runtime, this prevents automatic extraction of all the 

significant regions of an image. 

Further work will focus on parameter adaptation by adopting a 

perspective of self organized systems and by considering natural 

abilities of biological systems. 
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