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Abstract— Ant colony optimization (ACO) is an optimization
algorithm inspired by the natural behavior of ant species that
ants deposit pheromone on the ground for foraging. In this
paper, ACO is introduced to tackle the image edge detection
problem. The proposed ACO-based edge detection approach
is able to establish a pheromone matrix that represents the
edge information presented at each pixel position of the image,
according to the movements of a number of ants which are
dispatched to move on the image. Furthermore, the movements
of these ants are driven by the local variation of the image’s
intensity values. Experimental results are provided to demon-
strate the superior performance of the proposed approach.

I. INTRODUCTION

ANT colony optimization (ACO) is a nature-inspired
optimization algorithm [1], [2], motivated by the natural

phenomenon that ants deposit pheromone on the ground in
order to mark some favorable path that should be followed by
other members of the colony. The first ACO algorithm, called
the ant system, was proposed by Dorigo et al. [3]. Since then,
a number of ACO algorithms have been developed [4], such
as the Max-Min ant system [5] and the ant colony system [6].
ACO has been widely applied in various problems [7]–[16].

In this paper, ACO is introduced to tackle the image edge
detection problem, where the aim is to extract the edge
information presented in the image, since it is crucial to
understand the image’s content [17]. The proposed approach
exploits a number of ants, which move on the image driven
by the local variation of the image’s intensity values, to
establish a pheromone matrix, which represents the edge
information at each pixel location of the image.

To the best of our knowledge, there has been very little
research work on the problem addressed in this paper except
[18], [19]. However, there are fundamental differences be-
tween our proposed approach and theirs. First, our proposed
approach exploits the ant colony system [6]; on the contrary,
Nezamabadi-Pour et al.’s method [18] exploits the ant system
[3]. It has been shown that the above fundamental difference
is crucial to the respective designed ACO-based algorithms
[4]. Second, ACO is exploited to ‘directly’ extract the edge
information in our proposed method, in contrast to that ACO
serves as a ‘post-processing’ in [19] to enhance the edge
information that has already been extracted by conventional
edge detection algorithms.

The paper is organized as follows. In Section II, a brief
introduction is provided to present the fundamental concepts
of ACO. Then, an ACO-based image edge detection approach
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is proposed in Section III. Experimental results are presented
in Section IV. Finally, Section V concludes this paper.

II. ANT COLONY OPTIMIZATION

ACO aims to iteratively find the optimal solution of the
target problem through a guided search (i.e., the movements
of a number of ants) over the solution space, by constructing
the pheromone information. To be more specific, suppose
totally K ants are applied to find the optimal solution in a
space χ that consists of M1 ×M2 nodes, the procedure of
ACO can be summarized as follows [4].

• Initialize the positions of totally K ants, as well as the
pheromone matrix τ

(0).
• For the construction-step index n = 1 : N ,

– For the ant index k = 1 : K,

∗ Consecutively move the k-th ant for L steps,
according to a probabilistic transition matrix
p

(n) (with a size of M1M2 ×M1M2).

– Update the pheromone matrix τ
(n).

• Make the solution decision according to the final
pheromone matrix τ

(N).

There are two fundamental issues in the above ACO pro-
cess; that is, the establishment of the probabilistic transition
matrix p

(n) and the update of the pheromone matrix τ
(n),

each of which is presented in detail as follow, respectively.
First, at the n-th construction-step of ACO, the k-th

ant moves from the node i to the node j according to a
probabilistic action rule, which is determined by [4]

p
(n)
i,j =

(
τ

(n−1)
i,j

)α

(ηi,j)
β

∑
j∈Ωi

(
τ

(n−1)
i,j

)α

(ηi,j)
β
, if j ∈ Ωi, (1)

where τ (n−1)
i,j is the pheromone information value of the arc

linking the node i to the node j; Ωi is the neighborhood
nodes for the ant ak given that it is on the node i; the
constants α and β represent the influence of pheromone
information and heuristic information, respectively; ηi,j rep-
resents the heuristic information for going from node i to
node j, which is fixed to be same for each construction-step.

Second, the pheromone matrix needs to be updated twice
during the ACO procedure. The first update is performed
after the movement of each ant within each construction-
step. To be more specific, after the move of the k-th ant
within the n-th construction-step, the pheromone matrix is
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updated as [4]

τ
(n−1)
i,j =

⎧⎪⎨
⎪⎩

(1 − ρ) · τ (n−1)
i,j + ρ · Δ(k)

i,j , if (i, j) belongs
to the best tour;

τ
(n−1)
i,j , otherwise.

(2)
where ρ is the evaporation rate. Furthermore, the deter-
mination of best tour is subject to the user-defined crite-
rion, it could be either the best tour found in the current
construction-step, or the best solution found since the start
of the algorithm, or a combination of both of the above two
[4]. The second update is performed after the move of all
K ants within each construction-step; and the pheromone
matrix is updated as [4]

τ
(n) = (1 − ψ) · τ (n−1) + ψ · τ (0), (3)

where ψ is the pheromone decay coefficient. Note that the
ant colony system [6] performs two update operations (i.e,
(2) and (3)) for updating the pheromone matrix, while the
ant system [3] only performs one operation (i.e., (3)).

III. PROPOSED ACO-BASED IMAGE EDGE DETECTION

APPROACH

The proposed ACO-based image edge detection approach
aims to utilize a number of ants to move on a 2-D image
for constructing a pheromone matrix, each entry of which
represents the edge information at each pixel location of the
image. Furthermore, the movements of the ants are steered
by the local variation of the image’s intensity values.

The proposed approach starts from the initialization pro-
cess, and then runs for N iterations to construct the
pheromone matrix by iteratively performing both the con-
struction process and the update process. Finally, the deci-
sion process is performed to determine the edge. Each of
these process is presented in detail as follows, respectively.

A. Initialization Process

Totally K ants are randomly assigned on an image I with
a size of M1 ×M2, each pixel of which can be viewed as a
node. The initial value of each component of the pheromone
matrix τ

(0) is set to be a constant τinit.

B. Construction Process

At the n-th construction-step, one ant is randomly selected
from the above-mentioned total K ants, and this ant will
consecutively move on the image for L movement-steps. This
ant moves from the node (l,m) to its neighboring node (i, j)
according to a transition probability that is defined as

p
(n)
(l,m),(i,j) =

(
τ

(n−1)
i,j

)α

(ηi,j)
β

∑
(i,j)∈Ω(l,m)

(
τ

(n−1)
i,j

)α

(ηi,j)
β
, (4)

where τ
(n−1)
i,j is the pheromone value of the node (i, j),

Ω(l,m) is the neighborhood nodes of the node (l,m), ηi,j

represents the heuristic information at the node (i, j). The
constants α and β represent the influence of the pheromone
matrix and the heuristic matrix, respectively.

Ii-2,j+1Ii-2,j-1

Ii-1,j-2 Ii-1,j+2Ii-1,j+1Ii-1,jIi-1,j-1

Ii,j+1Ii,j-1

Ii+1,j-2 Ii+1,j+2Ii+1,j+1Ii+1,jIi+1,j-1

Ii+2,j+1Ii+2,j-1

Fig. 1. A local configuration at the pixel position Ii,j for computing the
variation Vc(Ii,j) defined in (6). The pixel Ii,j is marked as gray square.

There are two crucial issues in the construction process.
The first issue is the determination of the heuristic informa-
tion ηi,j in (4). In this paper, it is proposed to be determined
by the local statistics at the pixel position (i, j) as

ηi,j =
1

Z
Vc(Ii,j), (5)

where Z =
∑

i=1:M1

∑
j=1:M2

Vc(Ii,j), which is a normal-
ization factor, Ii,j is the intensity value of the pixel at the
position (i, j) of the image I, the function Vc(Ii,j) is a
function of a local group of pixels c (called the clique), and
its value depends on the variation of image’s intensity values
on the clique c (as shown in Figure 1). More specifically, for
the pixel Ii,j under consideration, the function Vc(Ii,j) is

Vc(Ii,j) = f (|Ii−2,j−1 − Ii+2,j+1| + |Ii−2,j+1 − Ii+2,j−1|
+|Ii−1,j−2 − Ii+1,j+2| + |Ii−1,j−1 − Ii+1,j+1|
+|Ii−1,j − Ii+1,j | + |Ii−1,j+1 − Ii−1,j−1|
+|Ii−1,j+2 − Ii−1,j−2| + |Ii,j−1 − Ii,j+1|) . (6)

To determine the function f(·) in (6), the following four func-
tions are considered in this paper; they are mathematically
expressed as follows and illustrated in Figure 2, respectively.

f(x) = λx, for x ≥ 0, (7)

f(x) = λx2, for x ≥ 0, (8)

f(x) =

{
sin

(
πx
2λ

)
0 ≤ x ≤ λ;

0 else.
(9)

f(x) =

{
πx sin( πx

λ
)

λ
0 ≤ x ≤ λ;

0 else.
(10)

The parameter λ in each of above functions (7)-(10) adjusts
the functions’ respective shapes.

The second issue is to determine the permissable range of
the ant’s movement (i.e., Ω(l,m) in (4)) at the position (l,m).
In this paper, it is proposed to be either the 4-connectivity
neighborhood or the 8-connectivity neighborhood, both of
which are demonstrated in Figure 3.
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(a) (b)

(c) (d)

Fig. 2. Various functions with the parameter λ = 10: (a) the function
defined in (7); (b) the function defined in (8); (c) the function defined in
(9); and (d) the function defined in (10).

Ii,j Ii,j

(a) (b)

Fig. 3. Various neighborhoods (marked as gray regions) of the pixel Ii,j :
(a) 4-connectivity neighborhood; and (b) 8-connectivity neighborhood.

C. Update Process

The proposed approach performs two updates operations
for updating the pheromone matrix.

• The first update is performed after the movement of
each ant within each construction-step. Each component
of the pheromone matrix is updated according to

τ
(n−1)
i,j =

⎧⎪⎨
⎪⎩

(1 − ρ) · τ (n−1)
i,j + ρ · Δ(k)

i,j , if (i, j) is visited by
the current k-th ant;

τ
(n−1)
i,j , otherwise.

(11)
where ρ is defined in (2), Δ

(k)
i,j is determined by the

heuristic matrix; that is, Δ
(k)
i,j = ηi,j .

• The second update is carried out after the movement of
all ants within each construction-step according to

τ
(n) = (1 − ψ) · τ (n−1) + ψ · τ (0), (12)

where ψ is defined in (3).

D. Decision Process

In this step, a binary decision is made at each pixel
location to determine whether it is edge or not, by applying

a threshold T on the final pheromone matrix τ
(N). In this

paper, the above-mentioned T is proposed to be adaptively
computed based on the method developed in [20].

The initial threshold T (0) is selected as the mean value of
the pheromone matrix. Next, the entries of the pheromone
matrix is classified into two categories according to the
criterion that its value is lower than T (0) or larger than T (0).
Then the new threshold is computed as the average of two
mean values of each of above two categories. The above
process is repeated until the threshold value does not change
any more (in terms of a user-defined tolerance ε). The above
iterative procedure can be summarized as follows.

Step 1: Initialize T (0) as

T (0) =

∑
i=1:M1

∑
j=1:M2

τ
(N)
i,j

M1M2
, (13)

and set the iteration index as l = 0.
Step 2: Separate the pheromone matrix τ

(N) into two
class using T (l), where the fist class consists entries
of τ that have smaller values than T (l), while
the second class consists the rest entries of τ .
Next, calculate the mean of each of the above two
categories via

m
(l)
L =

∑
i=1:M1

∑
j=1:M2

gL
T (l)(τ

(N)
i,j )∑

i=1:M1

∑
j=1:M2

hL
T (l)(τ

(N)
i,j )

,(14)

m
(l)
U =

∑
i=1:M1

∑
j=1:M2

gU
T (l)(τ

(N)
i,j )∑

i=1:M1

∑
j=1:M2

hU
T (l)(τ

(N)
i,j )

,(15)

where

gL
T (l)(x) =

{
x, if x ≤ T (l);
0 otherwise.

(16)

hL
T (l)(x) =

{
1, if x ≤ T (l);
0 otherwise.

(17)

gU
T (l)(x) =

{
x, if x ≥ T (l);
0 otherwise.

(18)

hU
T (l)(x) =

{
1, if x ≥ T (l);
0 otherwise.

(19)

Step 3: Set the iteration index l = l + 1, and update the
threshold as

T (l) =
m

(l)
L +m

(l)
U

2
. (20)

Step 4: If |T (l)−T (n−1)| > ε, then go to Step 2; otherwise,
the iteration process is terminated and a binary
decision is made on each pixel position (i, j) to
determine whether it is edge (i.e., Ei,j = 1) or not
(i.e., Ei,j = 0), based on the criterion

Ei,j =

{
1, if τ (N)

i,j ≥ T (l);

0 otherwise.
(21)

E. The Summary of The Proposed Approach

A summary of the implementation of the proposed ap-
proach is presented in Figure 4.
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Fig. 4. A summary of the implementation of the proposed ACO-based
image edge detection approach.

IV. EXPERIMENTAL RESULTS

Experiments are conducted to evaluate the performance
of the proposed approach using four test images, Camera,
House, Lena, and Pepper, which are shown in Figure 5.
Furthermore, various parameters of the proposed approach
are set as follows.

• K = �√M1 ×M2	: the total number of ants, where the
function �x	 represents the highest integer value that is
smaller than or equals to x.

• τinit = 0.0001: the initial value of each component of
the pheromone matrix.

• α = 1: the weighting factor of the pheromone informa-
tion in (4).

• β = 0.1: the weighting factor of the heuristic informa-
tion in (4).

• Ω = 8-connectivity neighborhood: the permissable ant’s
movement range in (4), as shown in Figure 3 (b).

• λ = 1: the adjusting factor of the functions in (7)-(10).
• ρ = 0.1: the evaporation rate in (11).
• L = 40: total number of ant’s movement-steps within

each construction-step.
• ψ = 0.05: the pheromone decay coefficient in (12).
• ε = 0.1: the user-defined tolerance value used in the

decision process of the proposed method.
• N = 4: total number of construction-steps.

(a) (b)

(c) (d)

Fig. 5. Test images used in this paper: (a) Camera (128 × 128); (b)
House (128×128); (c) Lena (128×128); and (d) Pepper (128×128).

The determination of above parameters are critical to the
performance of the proposed approach; this issue will be
reported elsewhere.

Experimental results are provided to compare the pro-
posed approach with Nezamabadi-Pour et al.’s edge detection
method [18]. To provide a fair comparison, the morpho-
logical thinning operation of [18] is neglected, since it is
performed as a post-processing to further refine the edge
information that is extracted by ACO [18]. Furthermore, to
present how the determination of the heuristic matrix (i.e.,
(5)) is crucial to the proposed method, various functions
defined in (7)-(10) are individually incorporated into (6) of
the proposed approach, and their resulted performances are
presented. Figures 6, 7, 8 and 9 present the results of test
images Camera, House, Lena and Pepper, respectively.
As seen from above Figures, the proposed approach always
outperforms Nezamabadi-Pour et al.’s method [18], in terms
of visual quality of the extracted edge information.

The proposed ACO-based edge detection approach is
implemented using the Matlab programming language and
run on a PC with a Intel CoreTM DUO 2.13 GHz CPU and a 1
GB RAM. The computational times of the proposed approach
are 64.90 seconds, 64.15 seconds, 64.46 seconds and 64.57
seconds, for the test image Camera, with the incorporation
of the functions in (7)-(10), respectively.

V. CONCLUSIONS

In this paper, an ACO-based image edge detection ap-
proach has been successfully developed. The proposed ap-
proach yields superior subjective performance to that of the
existing edge detection algorithm [18], as verified in our
experiments. Furthermore, the parallel ACO algorithm [21]
can be exploited to further reduce the computational load of
the proposed algorithm, for future research work.
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(a) (b)

(c) (d)

(e) (f)

Fig. 6. Various extracted edge information of the test image Camera:
(a) the original image; (b) Nezamabadi-Pour et al.’s method [18]; (c) the
proposed ACO-based image edge detection algorithm with the incorporation
of the function defined in (7); (d) the proposed ACO-based image edge
detection algorithm with the incorporation of the function defined in (8);
(e) the proposed ACO-based image edge detection algorithm with the
incorporation of the function defined in (9); and (f) the proposed ACO-
based image edge detection algorithm with the incorporation of the function
defined in (10).

ACKNOWLEDGEMENT

This work was supported by the Key Program of National
Natural Science Foundation of China (Grant No. U0635001),
the Guangdong Natural Science Foundation (Grant No.
06300098) and the State Key Laboratory of Video and Audio
Perception, Peking University (Grant No. 0610).

REFERENCES

[1] M. Dorigo and S. Thomas, Ant Colony Optimization. Cambridge:
MIT Press, 2004.

[2] H.-B. Duan, Ant Colony Algorithms: Theory and Applications. Bei-
jing: Science Press, 2005.

[3] M. Dorigo, V. Maniezzo, and A. Colorni, “Ant system: Optimization
by a colony of cooperating agents,” IEEE Trans. on Systems, Man and
Cybernetics, Part B, vol. 26, pp. 29–41, Feb. 1996.

(a) (b)

(c) (d)

(e) (f)

Fig. 7. Various extracted edge information of the test image House: (a) the
original image; (b) Nezamabadi-Pour et al.’s method [18]; (c) the proposed
ACO-based image edge detection algorithm with the incorporation of the
function defined in (7); (d) the proposed ACO-based image edge detection
algorithm with the incorporation of the function defined in (8); (e) the
proposed ACO-based image edge detection algorithm with the incorporation
of the function defined in (9); and (f) the proposed ACO-based image edge
detection algorithm with the incorporation of the function defined in (10).

[4] M. Dorigo, M. Birattari, and T. Stutzle, “Ant colony optimization,”
IEEE Computational Intelligence Magazine, vol. 1, pp. 28–39, Nov.
2006.

[5] T. Stutzle and H. Holger H, “Max-Min ant system,” Future Generation
Computer Systems, vol. 16, pp. 889–914, Jun. 2000.

[6] M. Dorigo and L. M. Gambardella, “Ant colony system: A cooperative
learning approach to the traveling salesman problem,” IEEE Trans. on
Evolutionary Computation, vol. 1, pp. 53–66, Apr. 1997.

[7] M. Dorigo, G. D. Caro, and T. Stutzle, Special Issue on Ant Algorithms,
Future Generation Computer Systems, vol. 16, Jun. 2000.

[8] O. Cordon, F. Herrera, and T. Stutzle, Special Issue on Ant Colony Op-
timization: Models and Applications, Mathware and Soft Computing,
vol. 9, Dec. 2002.

[9] M. Dorigo, L. M. Gambardella, M. Middendorf, and T. Stutzle, Special
Issue on Ant Colony Optimization, IEEE Transactions on Evolutionary
Computation, vol. 6, Jul. 2002.

[10] H. Zheng, A. Wong, and S. Nahavandi, “Hybrid ant colony algorithm
for texture classification,” in Proc. IEEE Congress on Evolutionary

2008 IEEE Congress on Evolutionary Computation (CEC 2008) 755

 
 

 



(a) (b)

(c) (d)

(e) (f)

Fig. 8. Various extracted edge information of the test image Lena: (a) the
original image; (b) Nezamabadi-Pour et al.’s method [18]; (c) the proposed
ACO-based image edge detection algorithm with the incorporation of the
function defined in (7); (d) the proposed ACO-based image edge detection
algorithm with the incorporation of the function defined in (8); (e) the
proposed ACO-based image edge detection algorithm with the incorporation
of the function defined in (9); and (f) the proposed ACO-based image edge
detection algorithm with the incorporation of the function defined in (10).

Computation, Canberra, Australia, Dec. 2003, pp. 2648–2652.
[11] D. Martens, M. D. Backer, R. Haesen, J. Vanthienen, M. Snoeck, and

B. Baesens, “Classification with ant colony optimization,” IEEE Trans.
on Evolutionary Computation, vol. 11, pp. 651–665, Oct. 2007.

[12] R. S. Parpinelli, H. S. Lopes, and A. A. Freitas, “Data mining with
an ant colony optimization algorithm,” IEEE Trans. on Evolutionary
Computation, vol. 6, pp. 321–332, Aug. 2002.

[13] S. Ouadfel and M. Batouche, “Ant colony system with local search for
Markov random field image segmentation,” in Proc. IEEE Int. Conf.
on Image Processing, Barcelona, Spain, Sep. 2003, pp. 133–136.

[14] S. L. Hegarat-Mascle, A. Kallel, and X. Descombes, “Ant colony
optimization for image regularization based on a nonstationary Markov
modeling,” IEEE Trans. on Image Processing, vol. 16, pp. 865–878,
Mar. 2007.

[15] A. T. Ghanbarian, E. Kabir, and N. M. Charkari, “Color reduction
based on ant colony,” Pattern Recognition Letters, vol. 28, pp. 1383–
1390, Sep. 2007.

[16] A. R. Malisia and H. R. Tizhoosh, “Image thresholding using ant

(a) (b)

(c) (d)

(e) (f)

Fig. 9. Various extracted edge information of the test image Pepper: (a) the
original image; (b) Nezamabadi-Pour et al.’s method [18]; (c) the proposed
ACO-based image edge detection algorithm with the incorporation of the
function defined in (7); (d) the proposed ACO-based image edge detection
algorithm with the incorporation of the function defined in (8); (e) the
proposed ACO-based image edge detection algorithm with the incorporation
of the function defined in (9); and (f) the proposed ACO-based image edge
detection algorithm with the incorporation of the function defined in (10).

colony optimization,” in Proc. Canadian Conf. on Computer and Robot
Vision, Quebec, Canada, Jun. 2006, pp. 26–26.

[17] R. C. Gonzalez and R. E. Woods, Digital image processing. Harlow:
Prentice Hall, 2007.

[18] H. Nezamabadi-Pour, S. Saryazdi, and E. Rashedi, “Edge detection
using ant algorithms,” Soft Computing, vol. 10, pp. 623–628, May
2006.

[19] D.-S. Lu and C.-C. Chen, “Edge detection improvement by ant colony
optimization,” Pattern Recognition Letters, vol. 29, pp. 416–425, Mar.
2008.

[20] N. Otsu, “A threshold selection method from gray level histograms,”
IEEE Trans. Syst., Man, Cybern., vol. 9, pp. 62–66, Jan. 1979.

[21] M. Randall and A. Lewis, “A parallel implementation of ant colony
optimization,” Journal of Parallel and Distributed Computing, vol. 62,
pp. 1421–1432, Sep. 2002.

756 2008 IEEE Congress on Evolutionary Computation (CEC 2008)

 
 

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 36
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 36
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 36
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f300130d330b830cd30b9658766f8306e8868793a304a3088307353705237306b90693057305f00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /FRA <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU (Use these settings with Distiller 7.0 or equivalent to create PDF documents suitable for IEEE Xplore. Created 29 November 2005. ****Preliminary version. NOT FOR GENERAL RELEASE***)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


