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Abstract: - Ant colony optimization is a population-based metafstic that mimics the foraging behavior of atats
find approximate solutions to difficult optimizatigoroblems. This paper presents an ACO-based twpadrfior image
edge detection. The proposed method establishégem@mpone matrix that represents the edge informatioeach
pixel based on the routes formed by ants dispatomethe image. The movement of the ants is guidethé local

variation of the image’s intensity values. The megd ACO-based approach takes advantage of th@empents
introduced in ant colony system, one of the mailersions to the original ant system. Experimergalits show the
success of the technique in extracting edges frdimgital image.
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1 Introduction 2 Image Edge Detection
Ant colony optimization (ACO) is a nature-inspired Image edge detection refers to the extraction ef th
optimization algorithm [1], [2], that is motivatday the  edges in a digital image. It is a process whoseisita
natural foraging behavior of ant species. Ants dépo identify points in an image where discontinuities o
pheromone on the ground to mark paths betweend foosharp changes in intensity occur. This processusia
source and their colony, which should be followad b to understanding the content of an image and ls it
other members of the colony. Over time, pheromoneapplications in image analysis and machine visibis
trails evaporate. The longer it takes for an antrawel usually applied in initial stages of computer wsio
down the path and back again, the more time theapplications.
pheromones have to evaporate. Shorter — and thus, The purpose of detecting sharp changes in émag
favorable — paths get marched over faster andwecei intensity is to capture significant events and cfesnin
greater compensation for pheromone evaporationthe physical properties of the world. Under general
Pheromone densities remain high on shorter path@assumptions about the image formation process,
because pheromone is laid down faster. This pesitiv discontinuities in intensity usually correspond to
feedback mechanism eventually leads the ants kmafol  discontinuities in  depth, discontinuities in sudac
the shorter paths. It is this natural phenomenat th orientation, changes in material properties, and
inspired the development of the ACO metaheuristic.variations in scene illumination. A representatanan
Dorigo et al. [3] proposed the first ACO algorithemt image in terms of its edges is compact becausset a
system (AS) [1]-[3]. Since then, extensions to Afvér  set of one-dimensional curves instead of a two-
been developed, such as ant colony system (ACS) [1]Jdimensional pattern. Hence, edges have been used as
[2] and MAX-MIN ant system (MMAS) [1], [2]. ACO main features in many computer vision algorithms.
has been used to solve a wide variety of optinmomati Conventional approaches to edge detection are
problems. computationally expensive because each set of
In this paper, an ACO-based method for imadgee operations is conducted for each pixel. In conwerati
detection is proposed. Edge detection aims to ilmeal approaches, the computation time quickly increasts
the boundaries of objects in an image and is ssldasi  the size of the image. An ACO-based approach has th
image analysis and machine vision. In the proposedotential of overcoming the limitations of convemial
ACO-based approach, artificial ants are distribudeer methods. Furthermore, it can readily be paralldlize
an image and moved based on the local variatidgheof which makes the algorithm easily adaptable for
image's intensity values. The movement of antsdistributed systems.
establishes a pheromone matrix that representsdhpe Several ACO-based approaches to the edgetidetec
information at each pixel location in the image.eTh problem have been proposed [4]-[7]. Previously regub
method makes use of the improvements introduced irACO-based approaches to image edge detectiongto th
ACS, a variant ACO which is based on the origin8l A best of the author's knowledge, all use a decisida



that is based on AS. AS is the first ACO algorithm. actions that improve these solutions, and (3) theate

Since its development, a number of extensions havefthe pheromone values. This construct is repeatét!

emerged. One of the successful ones is ACS. Tlpsrpa the termination criterion is met. An execution bkt

presents a technique derived from distinguishingconstruct is considered an iteration.

features of ACS. One of the significant aspecta05 ConstructAntSolutions. In a construction pss;ea

is the form of decision rule used, the pseudorandonset of artificial ants construct solutions fromigité set

proportional rule. The approach presented in thigep  of solution components from a fully connected graph

uses such rule in the tour construction process. that represents the problem to be solved. A coctibru
process contains a certain number of constructepss
Ants traverse the graph until each has made thyzttar

3 Proposed Edge Detection Method number of construction steps. The solution constac
This section provides a theoretical discussionhenant ~ Process starts with an empty partial solution, Wwhi
colony optimization metaheuristic and ant colony €xtended at each construction step by adding dicolu
system, one of the main extensions to AS. ThetOmponent. The solution component is chosen from a
theoretical discussion is followed by a discussiarthe ~ Set of nodes neighboring the current position i th

proposed ACO-based image edge detection technique. 9raph. The choice of solution components is done
probabilistically. The exact decision rule for chom

the solution components varies across different ACO
3.1 Ant Colony Optimization variants. The most common decision rule is theusesl

ACO is a probabilistic technique for finding optima inththe original AS. On tha™ construction process, the
paths in fully connected graphs through a guidedce k™ ant moves from nodéeto nodej according to the
by making use of the pheromone information. This transition probabilitypi('?), the probability that an ant

technique can be used to solve any computationalyi move from nodei to nodg (i.e., an ant in node

problem that can be reduced to finding good path& 0 il move to nodsj). The AS decision rule is based on
weighted graph. In an ACO algorithm, ants moVe ine transition probability given by

through a search space, the graph, which consfsts o

nodes and edges. The movement of the ants is (r("‘l))“( __)B

probabilistically dictated by the transition probiies. ) _ ij ) ifieQ 1
", e . . p]] m-1)\% B> ] 1 ( )

The transition probability reflects the likelihodldat an ' Zjeni(T ij ) (nij)

ant will move from a given node to another. Thituea

is influenced by the heuristic information and the wheret (n.—.l) is the quantity of pheromone on the edge
1]

pheromone information. The; heuristic information is from nodei to nodej; ;. is the heuristic information of
solely dependent on the instance of the problem. J

Pheromone values are used and updated during thi€ €dge from nodeto nodej; € is the neighborhood

search. Fig. 1 shows a pseudocode of the generdlodes for t?]e ant giV‘Tn r’:ha't lftl is at nd?ahandr[]% are
orocedure in an ACO metaheuristic. constants that control the influence of the phenoeno

and heuristic information, respectively, to thensiion

o
Initialize probability. Yjeq, (r(nifjl)) (ni.j)B is a normalization
SCHEDULE_ACTIVITIES factor to limit the values qf{}” within [0,1].
ConstructAntSolutions - DoDaemonActions. Once solutions have been
DoDaemonActions (optional) constructed, there might be a need to perform iadait
UpdatePheromones actions before updating the pheromone values. Such
END_SCHEDULE_ACTIVITIES actions, usually called daemon actions, are thbaé t
cannot be performed by a single ant. Normally, ¢ree
Fig. 1. ACO metaheuristic problem specific or centralized actions to imprdkie
solution or search process.
The initialization step is performed at theyibaing. UpdatePheromones. After each constructiongssc

In this step, the necessary initialization procedusuch ~ and after the daemon actions have been perforrhed, t
as setting the parameters and assigning the initiapheromone values are updated. The goal of the
pheromone values, are performed. pheromone update is to increase the pheromonesvalue
The SCHEDULE_ACTIVITIES construct regulates associated with good solutions and decrease those
the activation of three algorithmic components: fig¢  associated with bad ones. This is normally done by

construction of the solutions, (2) the optional daa  decreasing all the pheromone values (evaporatiod) a
increasing the pheromone values associated with the



good solutions  (deposit). Phgromone evaporationri’jni_jﬁ, while with probability (1 — qo), it performs a
implements a form of forgetting, which prevents piased exploration of the edges. The balance betwee
premature convergence to sub-optimal solutions anchiased exploration and pheromone exploitation can b

favors the exploration of new areas in the graptie T yyeaked by adjusting the value .
exact way by which the pheromone values are updated

varies across different ACO variants. The AS 312 ACSGlobal Pheromone Update

pheromone update follows the equation The global pheromone update is performed only en th
best-so-far solution according to the equation

- K
ri(’?) =(1-p)- rl(? Dy ZEﬂA‘ti(’j) ) )
-1 s
_ _ _ ri(’?) =1-p)- rl(? ) 4 p- Ari(’].b ) 4)
wherep € (0,1] is the pheromone evaporation rateis

K) - )
the number of a”tshi(,j) is the quantity of pheromone WhereAti(_lj‘bS) is the amount of pheromone deposited by

laid on edgéi, j) by thek™ ant: the ant that produced the best-so-far-solution clviig
1 normally
ATi(lj() _ {L_k’ if ant k used edge (i, j) (3) 1 ieant ke used edge (i,])
) . ki s T b )
0, otherwise Ari(’].b ) = Ly, ) ®)

) th 0, otherwise
where Ly is the tour length of th&"™ ant. The tour

length is determined according to some user-definedyhereL, is the tour length associated with the best-so-
rule. The rule depends on the nature of the probtebe 5, solution.

solved, but it must always be such that deswatnl_mes Another thing that makes the global updataAGs
have smaller tour lengths. In general, the tougtles a  gifferent from that in AS is that in ACS, the pherane
function of the heuristic information associatedhthe deposited is decreased with a factopathe evaporation
edges belonging to the tour. rate, which results to a new pheromone value that i

ACS is the first major improvement to AS. AB8s  ejghted average between the old value and the mmou
three significant differences from AS. First, itesa  geposited in the current iteration.

more aggressive decision rule, the so-called
pseudorandom proportional rule, which strengthées t 311 ACSL ocal Pher omone Update

exploitation of the search experience accumulaeith® | gcal pheromone update is interleaved with the tour
ants. Second, pheromone evaporation and deposit argnstruction process and applies each time and
done only on edges belonging to the best-so-fat @& jnmediately after an ant traverses an edge dutieg t
opposed to AS where pheromone evaporation is done Oconstruction process. After each construction step,

all edges and pheromone deposit is done on edgegnt updates the pheromone value associated witlaghe

belonging to any solution constructed in the curren edge that it has traversed based on the equation
iteration. Third, each time an ant uses an edgadee

from one node to another, it removes some pheromone (n)
from that edge to increase the exploration of o#treas. Tij
The process of removing pheromones from edges as , o
they are crossed is called local pheromone update. Where € (0,1] is the pheromone decay coefficient and
local update counterbalances the effect of thedyree To iS the initial pheromone value.

decision rule, which favors the exploitation of the  Local pheromone update diversifies the sedngh
pheromone information. having the effect of decreasing the desirabilityedfes

that have already been traversed.

=1-9) 1V +0¢1 (6)

3.1.1 ACSTour Construction

In the pseudorandom proportional rule, the traomsiti )

probability depends on a random variable q that is3.2 ACO-based Image Edge Detection

uniformly distributed ovef0,1] and a parametey,. If ~ In the proposed method, ants move on a two-
q < qo, then the transition that maximize$_jni.j3 is dimensional image — stepping from one p!xel to
chosen; otherwise, the AS probabilistic decisiofe ru another " to con_struc_:ta phero_mone matrix, frameh
(Eq. 1), witha = 1, is used. The value of, determines the edge information is determined to extract ttiges
the degree of exploration of the ants: with proliigbi of the image. The movement of the ants is steeydtido

4o, the ant chooses the transition with the highestIocal variation of the image’s pixel intensity vati



In the model used, each pixel in the imageesmts
both a node and an edge in the graph. A pixel sepits
a node because locations in the graph are assbevite
pixel locations — ants move from one pixel to aroth
At the same time, it also represents an edge bedhas
heuristic information is determined from the
variation of the image’s intensity values and herise

associated with a pixel location in the image. The

local

variation of the intensity values on the local grpand
is given by

Ve(lij) = [liczjm1 = Lirzjea| + |liczjer = livzjoa| +
|Ii—1,j—2 — Tiy1je2| + |Ii—1,j+2 —liy1j-2| +
|Ii—1,j—1 — Tiyqjea| + |Ii—1,j+1 — Tiypj-1| +

(8)

[Ticaj = Tivag| + |Tij=1 = Lijaa]

components of the pheromone and transition matrices

are associated with pixels in the image.

The algorithm consists of three main step® fitst
is the initialization process. The second is tleeaiive
construction-and-update process, where the go#b is
construct the final pheromone matrix. The constonet
and-update process is performed several times, peice
iteration. The final step is the decision procesBere
the edges are identified based on the final phenemo
values.

3.2.1 Initialization Process

In the initialization process, each of theé ants is
assigned a random position in the x M, image. The
initial value of each element in the pheromone xasr
set to a constant;;, which is small but non-zero. Also,
the heuristic information matrix is constructed dth®n
the local variation of the intensity values. Theutigic
information is determined during initialization s@it is
dependent only on the pixel values of the imagas,th
constant.

0 G/
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+2

Fig. 2. Alocal configuration for computing theénsity
variation at{.j).

The heuristic information at pixé€l j) is determined
by the local statistics at that position:

_ V(i )
- «M M
Zizll Z] =21 VC (Ii,j)

Nij (7)

wherel;; is the intensity value of the pixel @t;).

2?111 Z]—Nizl Vc(1;;) is a normalization factor.

3.2.2 lIterative Construction and Update Process

On every iteration, each ant moves across the image
from one pixel to the next, until it has made
construction steps (a construction step consistsa of
single movement from one pixel to another). An ant
moves from the pixel(iy,jo)to an adjacent pixel
(i,j) according to the pseudorandom proportional rule.
The transition probability for the biased explavatiis
given by

N o a0
(00D (i) E(i.i)EQ(io,jo)(T(ni-_jl)) (n))°

9)

where r(“i_jl) is the pheromone value for pixéi,j),
Q, ) 1s the neighborhood pixels of pix@h,jo), ni; is
the heuristic information at pixdli,j). The constants
a = 1 andp control the influence of the pheromone and
heuristic information, respectively.

Each time an ant visits a pixel, it immedigtel
performs a local update on the associated pheromone
The amount of pheromone on the pikgj) on thent®

iteration,ri("j‘), is updated based on the equation for ACS

local pheromone update:

Ti(_?) =1-9): Ti(,rjl) + @ - Tipijt

(10)
whereg € (0,1] is the pheromone decay coefficient and
Tinit 1S the initial pheromone value. Local pheromone
updates are interleaved with the solution congtroct
process; the pheromone values change within the
iteration.

The permissible range of movement of the asts
obtained from the 8-connectivity neighborhood (Y.
An ant can move to any adjacent pixel. But, this is
restricted by the condition that an ant moves dalya
node that it has not recently visited. This is tevent
the ants from visiting the same set of nodes repbat
In order to keep track of the recently visited rdeach

Vc(I;;) is a function that operates on the local groupant has a memory.

of pixels (Fig. 2) around the pixél j). It depends on the



The second difference is in the function fbe t
amount of pheromone deposited. In ACS, the amotint o
pheromone deposited on edges within a single teur i
equal for all the edges and is a function of th&t o the
tour as a whole. In the proposed method, the amoiunt
pheromone deposited is a function only of the tstigri
information in the specific pixel; the amount of
Fig. 3. Neighborhood pixels (shaded) of the p{ke): pheromone deposited is not necessarily the samallfor

8-connectivity neighborhood. edges within the same tour.

@n

After all the ants finish the construction @es, 3.2.3 Decision Process
global pheromone update is performed on pixels thatThe final pheromone matrix is used to classify each

have been visited by at least one ant: pixel either as an edge or a non-edge. The decision
made by applying a threshold on the final pheromone
Ti(,?) =(1-p) -ri(,‘j“l) +p- Z§=1Ari(’1j‘) (12) matrix t™. The threshold value is computed based on

the method described in [8], also known as the Otsu
®) thresholding technique.

1

thek™ ant on pixelG, j). A‘Ei('lj() is assigned to be equal to

whereAt:.” is the amount of pheromone deposited by

) Do initialization procedures
n;;. Its reciprocal,—, can be interpreted as the tour for each iteration n = 1:N do
K Nij i
for each construction_step 1 = 1:L do
for each antk = 1:K do
Select and go to next pixel
Update pixel’s pheromone (local)

]
length. This definition of the tour length satisfighe
requirement that desirable routes have smaller tour
lengths. Desirable routes are those that pass glicets
with higher local variation in intensity (i.e., t@rn;; or

end
smaller ni) Pheromones for unvisited pixels remain end
unchangé]d, Update visited pixels’ pheromones (global)

Global pheromone update for the proposed ndetho end
does not exactly follow the ACS approach. This is
because some details of the ACS approach do nbt sui Fig. 4. ACO-based image edge detection
the nature of the proposed edge-detection technique
One of the first problems ACO was made to solvifiés  Fig. 4 shows a pseudocode of the proposed method.
traveling salesman problem (TSP). The nature of the
ACO-based approach to TSP is different from theneat
of the ACO-based edge detection technique desciibed 4 Experimental Results
this paper.

There are two main differences in the global
pheromone update. First, there is no selection lwést-
so-far tour; all visited pixels are updated. In AGSBIly
the solution components belonging to the best-so-fa
solution is updated. Having a best-so-far solutiakes
sense for the ACO-based approach to TSP becaulke ea:
ant creates a tour that is a possible completdisnlto
the problem. In the ACO-based edge detection approa
however, an individual ant does not aim to prodace
complete possible solution to the problem (i.e., a
complete trace of the image edges). Instead, théajo
each ant is to produce only a partial edge tracthen
image. The collected action of the ants produces a
pheromone matrix, which can be used to extract a
complete edge trace. With this, it is not apprdpri®
select a best-so-far solution during the constouacti
process. Therefore, all edges that have beendiliteat

least a one ant undergo a global pheromone update. Fig. 5. TestimageBeppers andMandril.

Experiments were conducted using several test image
The proposed ACO-based edge detection method was
implemented using C++. The program is run on a PC
with an Intel Core 2 Duo 1.5 GHz CPU and 2 GB RAM.
The execution time for a 256256 image, witlN = 20,

E= 40, andK = 256, is around 3 seconds. Two test
Images Peppers andMandril, are shown in Fig. 5.
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Fig. 6 and Fig. 7 show the extracted edgdbhetwo D
images at different values qf. Fig. 8 and Fig. 9 show /Z A _

the extracted edges of the two images at differahtes i E\ ’Tv’;)z‘ -
of N. For unvaried parameters, the values used were ;7 ] } VI
a = 1.0 (ACS constraint), = 1.0, p = 0.1, ¢ = 0.05, ! féggf«\
4
Qo = 0.75, Tini = 0.0000001, K= |\/M; x My, 7oy I {
N =10, L = 40. A J
',L‘ Lo, T

7

{08

5 «’;]

- ,. ,
b(\r"‘- Fig. 8. Extracted edges of the 26@56 imagePeppers
s at different values df: a. 1; b. 5; c. 10; d. 20.
§
A

Fig. 6. Extracted edges of the 26@56 imagePeppers
at different values af,: a. 0; b. 0.25; c. 0.5; d. 1.

Fig. 9. Extracted edges of the 26@56 imageMandril
at different values df: a. 1; b. 5; c. 10; d. 20.

5 Conclusion

An ACO-based image edge detection method that takes
advantage of the improvements introduced in ACS has
been successfully implemented. The proposed method

Fig. 7. Extracted edges of the 26@56 imageMandril produced acceptable results within reasonable atsoun

at different values df,: a. 0; b. 0.25; c. 0.5; d. 1. of time.
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