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ABSTRACT

Nowadays, nature-inspired metaheuristic algorithms are the
most powerful optimizing algorithms for solving NP-complete
problems. This paper proposes five recent approaches to find
near-optimal Golomb ruler (OGR) sequences based on nature-
inspired algorithms in a reasonable time. The optimal Golomb
ruler sequences found their application in channel-allocation
method that allows suppression of the crosstalk due to four-
wave mixing (FWM) in optical wavelength division multiplex-
ing (WDM) systems. The simulation results conclude that the
proposed nature-inspired metaheuristic optimization algo-
rithms are superior to the existing conventional computing
algorithms, i.e, Extended Quadratic Congruence (EQC) and
Search algorithm (SA) and nature-inspired algorithms, i.e.,
Genetic algorithms (GAs), Biogeography-based optimization
(BBO) and simple Big bang-Big crunch (BB-BC) optimization
algorithm to find near-OGRs in terms of ruler length, total
optical channel bandwidth and computation time.

Introduction

There exists a rich collection of nonlinear optical effects (Aggarwal, 2001;
Babcock 1953; Chraplyvy 1990; Forghieri et al. 1994; Kwong and Yang
1997; Saaid 2010; Singh and Bansal 2013; Sugumaran et al. 2013; Thing,
Shum, and Rao 2004) in optical WDM systems, each of which manifests
itself in a unique way. Out of these nonlinearities the FWM crosstalk signal
is the major dominant noise effects in optical WDM systems employing
equal channel spacing (ECS). Four-wave mixing is a third-order nonlinear
optical effect in which two or more wavelengths (or frequencies) combine
and produce several mixing products. For uniformly spaced WDM chan-
nels, the generated FWM product terms fall onto other active channels in
the band, causing inter-channel crosstalk. The performance can be sub-
stantially improved if FWM crosstalk generation at the channel frequencies
is prevented. The efficiency of FWM signals depends on the channel
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spacing and fiber dispersion. If the frequency separation of any two
channels of an optical WDM system is different from that of any other
pair of channels, no FWM crosstalk signals will be generated at any of the
channel frequencies (Aggarwal, 2001; Babcock 1953; Chraplyvy 1990;
Forghieri et al. 1994; Kwong and Yang 1997; Saaid 2010; Singh and
Bansal 2013; Sugumaran et al. 2013; Thing, Shum, and Rao 2004).

To suppress the crosstalk due to FWM signals in optical WDM systems,
several unequally spaced channel allocation (USCA) algorithms have been
proposed in the literatures (Atkinson, Santoro, and Urrutia 1986; Compunity
0000; Forghieri, Tkach, and Chraplyvy 1995; Hwang and Tonguz 1998; Kwong
and Yang 1997; Randhawa, Sohal, and Kaler 2009; Sardesai 1999; Tonguz and
Hwang 1998). However, the algorithms (Atkinson, Santoro, and Urrutia 1986;
Compunity 0000; Forghieri, Tkach, and Chraplyvy 1995; Hwang and Tonguz
1998; Kwong and Yang 1997; Randhawa, Sohal, and Kaler 2009; Sardesai 1999;
Tonguz and Hwang 1998) have the drawback of increased optical bandwidth
requirement compared to equally spaced channel allocation (ESCA). This paper
proposes an unequally spaced optical bandwidth channel allocation algorithm
by taking into consideration the concept of near-OGR sequences (Babcock
1953; Bloom and Golomb 1977; Shearer 1998; Thing, Rao, and Shum 2003)
to suppress FWM crosstalk in optical WDM systems.

Studies have been shown that Golomb rulers represent a class of NP-
complete (oberseminar 0000) problems. For higher-order marks, the exhaus-
tive computer search (Robinson 1979; Shearer 1990) of such problems is
difficult. In literatures (Cotta et al. 2006; Galinier et al. 2001; Leitao 2004;
Rankin 1993; Robinson 1979; Shearer 1990), there are numerous algorithms to
tackle Golomb ruler problem. To date, no efficient algorithm is known for
finding the shortest length ruler. The realization of nature-inspired metaheur-
istic optimization algorithms such as Memetic approach (Cotta et al. 2006),
Tabu search (TS) (Cotta et al. 2006), GAs (Ayari, Luong, and Jemai 2010;
Bansal 2014; Robinson 2000; Soliday, Homaifar, and Lebby 1995) and its
hybridizations (HGA) (Ayari, Luong, and Jemai 2010), BBO (Bansal 2014,
2011; Bansal et al. 2011), BB-BC (Bansal, Kumar, and Bhalla 2013) and hybrid
evolutionary (HE) algorithms (Dott and Hentenryck 2005) in finding rela-
tively good solutions to such NP-complete problems provides a good starting
point for algorithms of finding near-OGRs. Therefore, nature-inspired algo-
rithms seem to be very effective solutions for such NP-complete problems.
This paper proposes the application of five recent nature-inspired algorithms,
namely, Big bang-Big crunch (BB-BC) optimization algorithm, Firefly algo-
rithm (FA), Bat algorithm (BA), Cuckoo search algorithm (CSA), Flower
pollination algorithm (FPA) and their modified form to find either optimal
or near-optimal rulers in a reasonable time and their performance comparison
with the existing conventional and nature-inspired algorithms to find near-
OGRs.
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The structure of this paper is organized as follows: Section II presents the
concept of Golomb rulers. Section III describes a brief account of nature-
inspired based optimization algorithms. Section IV presents the problem
formulation. Section V provides experimental results comparing with con-
ventional and nature-inspired based optimization algorithms of finding
unequal channel spacing (UCS). Conclusions and future work are outlined
in Section VI

Golomb Rulers

W. C. Babcock (Babcock 1953) firstly introduced the concept of Golomb
rulers, and further was described by S. W. Golomb et al. (Bloom and Golomb
1977). According to the literatures (Colannino 2003; Dimitromanolakis 2002;
Dollas, Rankin, and McCracken 1998), all of rulers’ upto 8-marks introduced
in (Babcock 1953) are optimal; the 9 and 10-marks are near-to-optimal.

Golomb rulers are an ordered set of unevenly marks at non-negative
integer locations such that no distinct pairs of numbers from the set have
the same difference (Cotta et al. 2007; Distributed.net 0000; Drakakis 2009;
Drakakis and Rickard 2010). These numbers are referred to as marks. The
difference between the largest and smallest number is referred to as the ruler
length. The number of marks on a ruler is referred to as the ruler size (Bansal
2014; Bansal et al. 2011; Bloom and Golomb 1977).

An OGR is the shortest length ruler for a given number of marks
(GolombRuler 0000; Perfect ruler 0000). There can be multiple different
OGRs for a specific number of marks. However, the unique optimal
Golomb 4-marks ruler is shown in Figure 1, which measures all the distances
from 0 to 6.

A perfect Golomb ruler measures all the integer distances from 0 to ruler
length (oberseminar 0000; Soliday, Homaifar, and Lebby 1995). The ruler
length RL of an n-mark perfect Golomb ruler is given by equation (1)
(Rankin 1993):

2
n-—n
RL:( ) (1)
2
I I I |
4
“— | PE—— 3—Pe¢— 2—>
— i —>
< 5

Figure 1. A 4-marks OGR with its associated distances.
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Figure 2. A 6-marks non-OGR with its associated distances.
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For example, the set (0, 1, 3, 7, 12, 20), shown in Figure 2 is a non-optimal
6-marks Golomb ruler having length 20. As from the differences, it is clear
that the numbers 10, 14, 15, 16, 18 are missing, so it is not a perfect Golomb
ruler sequence. The distance associated between each pair of marks is also
shown in Figure 2.

The OGRs play an important role in a variety of real-world applications
including radio frequency allocation, sensor placement in X-ray crystallogra-
phy, computer communication network, pulse phase modulation, circuit
layout, geographical mapping, self-orthogonal codes, VLSI architecture, cod-
ing theory, linear arrays, fitness landscape analysis, radio astronomy, antenna
design for radar missions, sonar applications and NASA missions in astro-
physics, planetary and earth sciences (Babcock 1953; Bloom and Golomb
1977; Blum, Biraud, and Ribes 1974; Cotta and Fernandez 2005;
Dimitromanolakis 2002; Dollas, Rankin, and McCracken 1998; Fang and
Sandrin 1977; Lam and Sarwate 1988; Lavoie, Haccoun, and Savaria 1991;
Memarsadegh 2013; Project Educational NASA Computational and Scientific
Studies (enCOMPASS) 0000; Rankin 1993; Robinson and Bernstein 1967;
Soliday, Homaifar, and Lebby 1995).

On applying OGRs to the channel allocation, it was possible to achieve the
smallest distinct number to be used for the WDM channel allocation pro-
blem. As the difference between any two numbers is distinct, the new FWM
frequency signals generated would not fall into the one already assigned for
the carrier channels.

Nature-Inspired Metaheuristic Algorithms

Due to highly nonlinearity and complexity of the problem of interest, design
optimization in engineering fields tends to be very challenging. As conven-
tional computing algorithms are local search algorithm, so they are not the
best tools for highly nonlinear global optimization, and thus often miss the
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global optimality. In addition, design solutions have to be robust, low cost,
subject to uncertainty in parameters and tolerance for the imprecision of
available components and materials. Nature-inspired algorithms are now
among the most widely used optimization algorithms. The guiding principle
is to devise algorithms of computation that lead to an acceptable solution at
low cost by seeking for an approximate solution to a precisely/imprecisely
formulated problem (Cotta and Hemert 0000; Goldberg 1989; Koziel and
Yang 2011; Mitchell 2004; Rajasekaran and Vijayalakshmi Pai 2004; Yang
2013a, 2010a, 2012a).

This section is devoted to the brief overview of nature-inspired optimiza-
tion algorithms based on the theories of big bang and big crunch called BB-
BC, flash pattern of fireflies called FA, the echolocation characteristics of
microbats called BA, brood parasitism of cuckoo species called CSA and flow
pollination process of flowering plants called FPA.

The power of nature-inspired optimization algorithms lies in how faster
the algorithms explore the new possible solutions and how efficiently they
exploit the solutions to make them better. Although all optimization algo-
rithms in their simplified form works well in the exploitation (the fine search
around a local optimal), there are some problems in the global exploration of
the search space. If all of the solutions in the initial phase of the optimization
algorithm are collected in a small part of search space, the algorithms may
not find the optimal result and with a high probability, it may be trapped in
that subdomain. One can consider a large number for solutions to avoid this
shortcoming, but it causes an increase in the function calculations as well as
the computational costs and time. So for the optimization algorithms, there is
a need by which exploration and exploitation can be enhanced and the
algorithms can work more efficiently. By keeping this in mind two features,
fitness (cost) based mutation strategy and random walk, i.e., Lévy-flight
distribution are introduced in the proposed nature-inspired metaheuristic
algorithms, which is the main technical contribution of this paper. In mod-
ified algorithms, the mutation rate probability is determined based on the
fitness value. The mutation rate probability MR! of each solution x; at
running iteration index ¢, mathematically is given by equation (2):

MR! = i (2)
© Max(f")
where f! is the fitness value of each solution x; at iteration index f, and
Max(f") is the maximum fitness value in the population at iteration ¢. For all
proposed algorithms, the mutation equation (Price, Storn, and Lampinen
2005; Storn and Price 1997) use throughout this paper is given by the
equation (3):

t t—1

X = xf_l +Pm(x2;slt - xf_l) +Pm(x£1_1 - X, ) (3)
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where x! is the population at running iteration index t, xj;} = x"! is the
current global best solution at iteration one less than running iteration index
t, pm is mutation operator, r; and r, are uniformly distributed random
integer numbers between 1 to size of the given problem. The numbers r; and
r, are different from running index. Typical values of p,, are same as in GA,
i.e., 0.001 to 0.05. The mutation strategy increases the chances for a good
solution, but a high mutation rate (p,,= 0.5 and 1.0) results in too much
exploration and is disadvantageous to the improvement of candidate solu-
tions. As p,, decreases from 1.0 to 0.01, optimization ability increases greatly,
but as p,, continues to decrease to 0.001, optimization ability decreases
rapidly. A small value of p,, is not able to sufficiently increase solution
diversity (Bansal 2014).

The Lévy flight distribution (Yang 2012b) used for all proposed algorithms
in this paper mathematically is given by the equation (4):

__AL(A)sin(mA/2) 1

T sl+A?

L(A) (s>>50>0) 4)
Here, T'(A) is the standard gamma distribution valid for large steps, i.e., for
s > 0. Throughout the paper, A = 3/2 is used. In theory, it is required that
|so|>>0, but in practice, s, can be as small as 0.1 (Yang 2012b).

By introducing these two features in the simplified forms of proposed
nature-inspired algorithms, the basic concept of search space is modified, i.e.,
the proposed algorithms can explore new search space by the mutation and
random walk. A fundamental benefit of using mutation and Lévy flight
strategies with nature-inspired algorithms in this paper is their ability to
improve its solutions over time, which does not seem in the existing algo-
rithms (Ayari, Luong, and Jemai 2010; Bansal 2014, 2011; Bansal, Kumar,
and Bhalla 2013; Bansal et al. 2011; Cotta et al. 2006; Dotu and Hentenryck
2005; Robinson 2000; Soliday, Homaifar, and Lebby 1995) to find near-
OGRs.

A. Big Bang-Big Crunch Optimization Algorithm and Its Modified Forms

Erol et al. (Erol and Eksin 2006), inspired by the theories of the evolution of
universe; namely, the Big bang and Big crunch theory, developed
a metaheuristic algorithm called Big bang-Big crunch (BB-BC) optimization
algorithm. BB-BC algorithm has two phases: Big bang phase where candidate
solutions are randomly distributed over the search space and Big crunch
phase where a contraction procedure calculates a center of mass or the best-
fit individual for the population (Afshar and Motaei 2011; Erol and Eksin
2006; Genc, Eksin, and Erol 2013; Kripka and Kripka 2008; Kumbasar et al.
2008; Tabakov 2011; Yesil and Urbas 2010). In BB-BC, the center of mass
mathematically is computed by the equation (5) (Erol and Eksin 2006):



APPLIED ARTIFICIAL INTELLIGENCE ’ 1205

Popsize
> fXi
i=1

Popsize (5)

X, =

where x, = position of the center of mass; x; = position of candidate i; f; =
titness (cost) value of candidate i; and Popsize = population size. Instead of
the center of mass, the best-fit individual can also be chosen as the starting
point in the Big bang phase. The new candidates (x,,,,) around the center of
mass are calculated by adding or subtracting a normal random number
whose value decreases as the iterations elapse. This can be formalized as by
equation (6) (Erol and Eksin 2006):

(xma.x _xmin) (6)

Xpew = Xec +1 X €1 X
new c 1 1—|—t/C2

where r is a random number with a standard normal distribution, c; is
a parameter for limiting the size of the search space, parameter c, denotes
after how many iterations the search space will be restricted to half, x,,,,, and
Xmin are the upper and lower limits of elite pool, and ¢ is the iteration index.

If fitness-based mutation strategy is introduced in the simple BB-BC
algorithm, a new Big bang-Big crunch algorithm with mutation (BB-BCM)
can be formulated.

On adding Lévy-flight distributions in the simple BB-BC algorithm,
another new Lévy-flight Big bang-Big crunch algorithm (LBB-BC) can be
formulated. For LBB-BC, equation (6) is randomized via Lévy flights as
given by equation (7).

M @ L(A) (7)

Xnpew = Xc + 1 X €1 X
new c 1 1+t/C2

The product @ means entrywise multiplications and L(A) is the Lévy flight-
based step size given mathematically by equation (4).

If fitness-based mutation strategy is applied to LBB-BC algorithm, Lévy
flight Big bang-Big crunch with Mutation (LBB-BCM) algorithm can be
formulated.

Based upon the above discussion, the corresponding general pseudo-code
for modified BB-BC algorithm (MBB-BC) can be summarized in Figure 3. If
the lines 17 to 22 in Figure 3 are removed and Lévy flight distributions in
lines 14 to 16 are not used then Figure 3 represents the general pseudo-code
for BB-BC algorithm. If from lines 14 to 16 Lévy flight distributions are not
used, then Figure 3 corresponds to the general pseudo-code for BB-BCM
algorithm. If no modifications in Figure 3 are performed, then it represents
the general pseudo-code for LBB-BCM algorithm.
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1. Modified Big Bang-Big Crunch (MBB-BC) Algorithm

2. Begin

3. /¥ Big Bang Phase */

4 Generate a random set of candidates (population);

5. /* End of Big Bang Phase */

6. Whilenot T’ /* T is a termination criterion */
7 Compute the fitness value of all the candidate solutions;

8. Sort the population from best to worst based on fitness (cost)
9. value;

10. /¥ Big Crunch Phase */
12. Compute the center of mass;

13.  /* End of Big Crunch Phase */

14.  Calculate new candidates around the center of mass by adding
15.  or subtracting a normal random number whose value decreases
16.  as the iterations elapse via Lévy flight; /* Big Bang Phase */
17.  /* Mutation */

18. Compute mutation rate probability MR; via equation (2);
19. If ( MR; < rand)

20. Perform mutation via equation (3);

21. End if

22. /* End of mutation */

23.  Rank the candidates and find the current best;
24. End while

25. Postprocess results and visualization;

26. End

Figure 3. General pseudo-code for MBB-BC Algorithm.

B. Firefly Algorithm and Its Modified Forms

X. S. Yang (Koziel and Yang 2011; Yang 2013a, 2010a, 2012a, 2009) inspired by
the flashing pattern and characteristics of fireflies, developed a novel optimiza-
tion algorithm called Firefly inspired algorithm or Firefly algorithm (FA). For
describing this algorithm, FA uses the following three idealized rules:

(1) All fireflies are unisex so that one firefly will be attracted to other fireflies
regardless of their sex;

(2) The attractiveness is proportional to the brightness and they both
decrease as their distance increases. If there is no brighter one than
a particular firefly, it will move randomly;

(3) The brightness of a firefly is determined by the landscape of the
objective function.

In FA, the variation of light intensity and the formulation of attractiveness
are two main issues. For maximum optimization problems, the brightness
I of a firefly at a particular location X can simply be proportional to the
objective function, i.e., I(X) oc flX) (Koziel and Yang 2011; Yang 2013a,
2010a, 2012a, 2009, 2010b, 2010c, 2011a, 2011b; Yang and Deb 2010a; Yang
and He 2013). As both the light intensity and attractiveness decreases as the
distance from the source increases, the variations of the light intensity and
attractiveness should be monotonically decreasing functions. For a given
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medium with a fixed light absorption coefficient y, the light intensity I(r)
varies with the distance r between any two fireflies (Yang 2009). That is

I=TIpe (8)

where I, is the original light intensity.

As attractiveness of a firefly is proportional to the light intensity seen by
the neighboring fireflies, therefore the attractiveness f8 of a firefly with the
distance r is given by equation (9) (Yang 2009):

B(r) = Bye " 9)

where f3 is the attractiveness at r = 0.
The distance between any two fireflies i and j at locations X; and X
respectively, is the Cartesian distance as given by equation (10) (Yang 2009):

d

iy = 1% = Xjl| = 4| Y (i = 5)° (10)

k=1

where x; is the kth component of the spatial coordinate X; of ith firefly and
d is the number of dimensions in search space. The movement of a firefly i is
attracted to another more brighter firefly j is determined by equation (11)
(Yang 2009):

Xi=X;+ ﬁoefyrfzf (X; — X;i) + a(rand — 0.5) (11)

where the second term is due to the attraction and the third term is
randomization with a control parameter «, which makes the more efficient
exploration of the search space. For most cases in the implementation, f, = 1
and a € [0, 1].

If mutation strategy is combined with the above mentioned three idealized
rules, Firefly algorithm with mutation (FAM) can be formulated. All the
parameters and equations for FAM are same as for simple FA. Only the
difference between algorithms FAM and simple FA is that mutation equa-
tions (2) and (3) are added to simple FA.

By combining the characteristics of Lévy flights with the simple FA,
another new algorithm named, Lévy flight Firefly algorithm (LFA) can be
formulated. For LFA, the third term in equation (11) is randomized via Lévy
flights (equation (4)). The firefly movement equation for LFA is given by
equation (12):

X=X+ ﬁoefyrizi (X; — Xi) + a.sign(rand — 0.5) ® L(A) (12)

The term sign(rand —0.5), where rand € [0,1] essentially provides
a random direction, while the random step length is drawn from a Lévy
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distribution having an infinite variance with an infinite mean. In LFA the
steps of firefly motion are essentially a random walk process.

If both algorithms FAM and LFA are combine into a single algorithm then
Lévy flight Firefly algorithm with mutation (LFAM) can be formulated.

The corresponding general pseudo-code for modified FA (MFA) is shown
in Figure 4. If lines 15 to 20 in Figure 4 are removed and in line 13 Lévy flight
distributions are not used then Figure 4 corresponds to the general pseudo-
code for simple FA. If Lévy flight distributions in line 13 are not used in
Figure 4, then it corresponds to the general pseudo-code for FAM and if no
modifications in Figure 4 are performed then it represents the general
pseudo-code for LFAM algorithm.

C. Bat Algorithm and Its Modified Forms

X. S. Yang (Koziel and Yang 2011; Yang 2013a, 2010a, 2012a, 2011b, 2010d),
inspired by the echolocation characteristics of microbats, introduced a novel
optimization algorithm called Bat algorithm (BA). For describing this new
algorithm, the author in (Yang 2010d) uses the following three idealized
rules:

1. Modified Firefly Algorithm (MFA)

2. Begin

3. /* MFA parameter initialization */

4 Define objective function f(X); X = (x;,..., xo)7;

5. Generate initial population of fireflies x; (i = /, 2,...n);
6. Compute the light intensity /; at x; by f(X;);

7. Define light absorption coefficient y;

8.  /* End of MFA parameter initialization */

9

. While not ¢ /* t is a termination criterion */
10. Fori=1:n /*all n fireflies*/
11. Forj=1:i
12. If (;> 1)

13. Move firefly i towards ; in d-dimension via Lévy flights;
14. End if

15. /* Mutation */

16. Compute mutation rate probability MR; via equation (2);
17. If (MR; < rand)

18. Perform mutation via equation (3);

19. End if

20. /* End of mutation */

21. Vary attractiveness with distance » via exp[— yr];

22. Evaluate new solutions and update light intensity;

23. End for /* End forj */
24. End for /* End for i */

25. Rank the fireflies and find the current best;
26. End while

27. Postprocess results and visualization;

28. End

Figure 4. General pseudo-code for MFA.
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(1) To sense the distance, all bats use echolocation and they also know the
surroundings in some magical way;

(2) Bats fly randomly with velocity v; at position x;, with a fixed frequency
range (fim fmax)> fixed wavelength range [A,,;, Aax], varying its pulse
emission rate r € [0, 1], and loudness A, to hunt for prey, depending
on the proximity of their target;

(3) Although the loudness can vary in different ways, it is assume that the
loudness varies from a minimum constant (positive) A,,;, to a large A°.

In BA, each bat is defined by its position x;, velocity v;, frequency f;,
loudness A;, and the emission pulse rate r; in a d-dimensional search space.
Among all the bats, there is a current global best solution x+ which is located
after comparing all the solutions among all the bats. The new velocities v}
and solutions x! at step ¢ are given by the following equations (Cotta and
Hemert 0000; Yang 2013a, 2010d, 2011c, 2013b; Yang and Gandomi 2012):

fi :fmin + (fmax _fmin)/3 (13)
vi= v (T =), (14)

xf = x4yt (15)

1

where 8 €[0,1] is a random vector drawn from a uniform distribution.
A random walk is used for local search that modifies the current best
solution according to equation (16):

Xnew = Xbest T eAt (16)

where Xpest = x., € € [—1,1] is a scaling factor and A’ is loudness. Further,
the loudness A and pulse rate r are updated according to the equations (17)
and (18), respectively, as iterations proceed:

ri=r)[1—e (18)

where & and y are constants and for simplicity, & = y is chosen. For most of
the simulation & = y = 0.9 is used (Yang 2010d, 2011c, 2013b; Yang and
Gandomi 2012).

By combining the characteristics of mutation strategy (equations (2) and
(3)), Lévy flights distribution (equation (4)), with the simple BA, three new
algorithms, namely, Bat algorithm with mutation (BAM), Lévy flight Bat
algorithm (LBA) and Lévy flight Bat algorithm with mutation (LBAM) can
be formulated. For LBA, the modification performed in equation (16) is
given by equation (19) as:
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Xnew = Xbest + €A’ S L()L) (19)

Based on these idealizations, the basic steps of BA can be described as
a general pseudo-code shown in Figure 5. In Figure 5, if the concept of
Lévy flights in lines 11, 12 and mutation (lines 17 to 22) are omitted, then
Figure 5 corresponds to the general pseudo-code for simple BA. If only the
concept of mutation (lines 17 to 22) is not used in Figure 5, then it
corresponds to the pseudo-code for LBA, otherwise Figure 5 shows the
general pseudo-code for LBAM algorithm.

D. Cuckoo Search Algorithm and Its Modified Form

X. S. Yang et al. (Gandomi, Yang, and Alavi 2013; Yang and Deb 2010Db,
2009, 2014), inspired by brood parasitism of some cuckoo species, developed
a novel nature-inspired metaheuristic optimization algorithm called Cuckoo
search algorithm (CSA). In addition, CSA algorithm is enhanced by the Lévy
flights trajectory of some birds, rather than by simple random walks. For
describing this new algorithm, X. S. Yang et al. use the following three
idealized rules:

1. Modified Bat Algorithm (MBA)
2. Begin

3. /* MBA parameter initialization */

4 Define objective function £ (x); x = (x;,..., x4)";

5. Generate initial bat population x; and initial velocities v;(i = 1,
6. 2,...n);

7 Define pulse frequency f; at x;;

8. Initialize pulse rates 7; and the loudness 4;;

9. /* End of MBA parameter initialization */

10. While not ¢ /* ¢ is a termination criterion */
11. Generate new solutions by adjusting frequency, and updating
12. velocities and locations/solutions by Lévy flights;

13. If (rand > r;)

14. Select a solution among the best solutions;

15. Generate a local solution around the selected best solution;
16. Else

17. /* Mutation */

18. Compute mutation rate probability MR; via equation (2);
19. If (MR; < rand)

20. Perform mutation via equation (3);

21. End if

22. /* End of Mutation */

23. End if

24. Generate a new solution by flying randomly;

25. If (rand < r;and f (x;) <f (x+))

26. Accept the new solutions;

27. Increase r; and reduce 4;;

28. End if

29. Rank the bats and find the current best;
30. End while

31. Postprocess results and visualization;

32. End

Figure 5. General pseudo-code for MBA.
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(1) Each Cuckoo lays one egg at a time, and dumps it in a randomly
chosen nest;

(2) The best nest with high quality of eggs (solution) are carried over to
the next iterations;

(3) The number of available host nests is fixed, and a host can discover an
alien egg with probability p, € [0,1]. In this case, the host bird can
either throw the egg away or simply abandon the nest so as to build
a completely new nest in a new location.

For simplicity, the last assumption can be approximated by a fraction p, of
the n host nests being replaced by new nests (with new random solutions).
For a maximization problem, the quality, i.e., fitness of a solution can simply
be proportional to the value of the objective function. When new solutions x*
are generating for, say, a cuckoo i, a Lévy flight is performed as given by
equation (20) (Yang and Deb 2010b):

X,’t = Xit_l +ad L(/\) (20)

where a>0 is the step size, which should be related to the scale of the
specified problem.

As authors in Yang and Deb (2010b), already introduced the Lévy flights
distribution concept to enhance the performance, so only mutation strategy
is applied to simple CSA to explore the search space. The new modified
algorithm so formulated is named as Cuckoo search algorithm with mutation
(CSAM). The basic steps of CSAM can be summarized as the pseudo-code
shown in Figure 6. If the concept of mutation (lines 9 to 14) is withdrawn
from Figure 6, then it corresponds to general pseudo-code for simple CSA.

E. Flower Pollination Algorithm and Its Modified Form

X. S. Yang et al. (Yang 2012b; Yang, Karamanoglu, and He 2013, 2014),
inspired by the flow pollination process of flowering plants, introduced
a novel nature-inspired optimization algorithm called Flower pollination
algorithm (FPA). For describing this novel metaheuristic algorithm, the
authors in (Yang 2012b) use the following four idealized rules:

(1) For global pollination process, biotic cross-pollination is used and
pollen-carrying pollinators obey Lévy flights movements.

(2) For local pollination, abiotic and self-pollination are used.

(3) Pollinators such as insects can develop flower constancy, which is
equivalent to a reproduction probability that is proportional to the
similarity of two flowers involved.
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1. Cuckoo Search Algorithm with Mutation (CSAM)

2. Begin

3 /* CSAM parameter initialization */

4 Define objective function £ (x); x = (xy,..., x4)%;

5. Generate initial population of » host nests x; (i = 1, 2,...,n);
6 /* End of CSAM parameter initialization */

7 While not ¢ /* t is a termination criterion */
8 Get a cuckoo (say i) randomly by Lévy flights;

9. /* Mutation */

10. Compute mutation rate probability MR; via equation (2);
11. If (MR; < rand)

12. Perform mutation via equation (3);

13. End if

14. /* End of mutation */

15. Evaluate its quality/fitness F;

16. Choose a nest among 7 (say j) randomly;

17. M(F>F),

18. Replace j by the new solution;

19. End if

20. A fraction (p,) of worse nests are abandoned and new ones
21. are built;

22. Keep the best solutions (or nests with quality solutions);
23. Rank the solutions and find the current best;

24.  End while
25.  Postprocess results and visualization;
26. End

Figure 6. General pseudo-code for CSAM.

(4) The interaction of local pollination and global pollination can be
controlled by a switch probability pe[0,1], with a slight bias toward
local pollination.

In FPA, the global pollination and local pollination are two main steps. In
the global pollination step, flower pollens are carried by pollinators such as
insects, and pollens can travel over a long distance because insects can often
fly and travel over a much longer range. The first rule and flower constancy
(i.e., third rule) can be written mathematically into a single equation (21)
(Yang 2012b):

xi=x" +yLA)(x. — %) (21)
where x! is the pollen i or solution vector x; at iteration ¢, x, is the current
best solution (i.e., most fittest) found among all solutions at the current
iteration and y is a scaling factor to control the step size. The Lévy flight-
based step size L(A) corresponds to strength of the pollination. Since insects
may travel over a long distance with various distance steps, a Lévy flight can
be used to mimic this characteristic efficiently. That is, L > 0 is drawn from
a Lévy flight distribution.

For local pollination, the second rule and flower constancy can be written
mathematically by a single equation (22) (Yang 2012b):
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xi=x""+€ (x;_1 —xh (22)

1

1 t—1

where x]?’ and x;~* are pollens from different flowers of the same plant
species. This essentially mimics the flower constancy in a limited neighbor-
hood. Mathematically, if x; and x| are selected from the same population, this

become a local random walk if € is drawn from a uniform distribution in
[0,1]. Pollination may also occur in a flower from the neighboring flower
than by the far away flowers. For this, a switch probability (i.e., fourth rule)
or proximity probability p can be used to switch between global pollination
and local pollination.

Like CSA, the author in (Yang 2012b) already introduced the concept of
Lévy flight distributions in FPA, so only mutation based on fitness value
(equations (2) and (3)) is added to simple FPA. The new algorithm so formed
is named in this paper as Flower pollination algorithm with mutation (FPAM)
which is summarized as pseudo-code shown in Figure 7. The only difference
in the pseudo-code for FPA and FPAM is only the addition of mutation

1. Flower Pollination Algorithm with Mutation (FPAM)
2. Begin

3. /* FPAM parameter initialization */

4 Define objective function £ (x); x = (x,..., xJ)';

5. Initialize a population of n flowers/pollen gametes with random
6. solutions;

7 Find the best solution ¢ in the initial population;

8

. Define a switch probability p < [0,17 ;
9. /* End of FPAM parameter initialization */

10. While not ¢ /* t is a termination criterion */
11. Fori=1:n /*all n flowers */
12. If (rand < p)

13. Draw a (d—dimensional) step vector L via Lévy flights;
14. Perform global pollination via equation (21);

15. Else

16. Draw e from a uniform distribution in [0,1];

17. Perform local pollination via equation (22);

18. End if

19. /* Mutation */

20. Compute mutation rate probability MR; via equation (2);
21. If (MR; < rand)

22. Perform mutation via equation (3);

23. End if

24. /* End of mutation */

25. Evaluate new solutions;

26. If new solutions are better, update them in the population;
27. End for

28. Rank the solutions and Find the current best solution x _;

29. End while
30. Postprocess results and visualization;
31. End

Figure 7. General pseudo-code for FPAM.
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(lines 19 to 24) in Figure 7. If lines 19 to 24 are not used in Figure 7 then it
corresponds to the general pseudo-code for simple FPA.

Finding Near-OGRS: Problem Formulation

Both simplicity and efficiency attracts researchers toward natural phenom-
enon to solve NP-complete and complex optimization problems. The first
problem investigated in this research is to find Golomb ruler sequences for
unequal channel allocation. Second problem is to obtain either optimal or
near-optimal Golomb rulers through nature-inspired metaheuristic algo-
rithms by optimizing the ruler length so as to conserve the total occupied
optical channel bandwidth.

If each individual element in an obtained set (i.e., non-negative integer
location) is a Golomb ruler, the sum of all elements of an individual set forms
the total occupied optical channel bandwidth. Thus, if the spacing between
any pair of channels in a Golomb ruler set is denoted as CS, an individual
element is as IE and the total number of channels/marks is #, then the ruler
length RL and the total optical channel bandwidth TBW are given by the
equations (23) and (24), respectively, as:

Ruler Length (RL):

n—1
RL = (CS), (23a)
i=1

subject to (CS);#(CS);
Alternatively, equation (23a) can also be rewritten as:

RL = IE(n) — IE(1) (23b)

Total Bandwidth (TBW):
TBW = Y (IE), (24)
1

n

1

subject to (IE),# (IE);
where i,j = 1,2, ..., n with i#j are distinct in both equations (23) and (24).

A. Nature-Inspired Algorithms to Find Near-OGRs

The general pseudo-code to find near-OGR sequences by using nature-
inspired optimization algorithms proposed in this paper is shown in Figure
8. The core of the proposed nature-inspired algorithms is lines 19 to 30
which find Golomb ruler sequences for a number of iterations or until either
an optimal or near-to-optimal solution is found. Also, the size of the gener-
ated population must be equal at the end of iteration to the initial population
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1. Nature-Inspired Optimization Algorithms to Find Near—-OGRs

2. Begin

3. /* Parameter initialization */

4. Define operating parameters for nature—inspired optimization algorithms;

5. Initialize the number of channels, lower and upper bound on the ruler length;

6. While not Popsize /* Popsize is the population size input by the user */
7. Generate a random set of candidates (integer population);

8. /* Number of integers in candidates is being equal to the number of channels */
9. Check Golombness of each candidates;

10. If Golombness is satisfied

11. Retain that candidate;

12. Else

13. Remove that particular candidate from the generated population;

14. End if

15. End while

16. Compute the fitness values; /* fitness value represents the cost value i.e. ruler length and total optical channel bandwidth */
17. Rank the candidates from best to worst based on fitness values;

18. /* End of parameter initialization */

19. While not ¢ /* tis a termination criterion */
20. A: Call any nature—inspired optimization algorithm to determine new optimal set of candidates;

21. Recheck Golombness of updated candidates;

22. If Golombness is satisfied

23. Retain that candidate and then go to B;

24. Else

25. Retain the previous generated candidate and then go to A;

26. /* Previous generated candidate is being equal to the candidate generated into the parameter initialization step*/
27. End if

28 B: Recompute the fitness values of the modified candidates;

29. Rank the candidates from best to worst based on fitness values and find the current best;

30. End while
31. Display the near-OGR sequences;
32. End

Figure 8. General pseudo-code in search of near-to-optimal Golomb rulers by using nature—
inspired metaheuristic algorithms.

size (Popsize). Since there are many solutions, a replacement strategy must be
performed as shown in Figure 8 to remove the worst individuals. This means
that the proposed algorithms maintains a fixed population of rulers and
performs a fixed number of iterations until either an optimal or near-to-
optimal solution is found.

Simulation Results

This section presents the performance of proposed nature-inspired optimiza-
tion algorithms and their performance comparison with best known OGRs
(Bloom and Golomb 1977; Colannino 2003; Dollas, Rankin, and McCracken
1998; GolombRuler 0000; Rankin 1993; Shearer 1990, 2001, 0000), two of the
conventional computing algorithms, i.e., EQC and SA (Kwong and Yang
1997; Randhawa, Sohal, and Kaler 2009) and three existing nature-inspired
algorithms, i.e., GAs (Bansal 2014), BBO (Bansal 2014, 2011; Bansal et al.
2011) and simple BB-BC (Bansal, Kumar, and Bhalla 2013), of finding
unequal channel spacing. All the proposed algorithms to find near-OGRs
have coded and tested in Matlab-7.6.0 (R2008a) (Pratap 2010) language
running under Windows 7, 64-bit operating system. The algorithms have
been executed on Intel(R) core™ 2 Duo CPU T6600 @ 2.20 GHz processor
Laptop with a RAM of 3Gb and hard drive of 320Gb.



1216 S. BANSAL

A. Simulation Parameters Selection for the Proposed Algorithms

To find either optimal or near-optimal solutions after a number of careful
experimentation, following optimum parameter values of proposed nature-
inspired algorithms have finally been settled as shown in Table 1 to 5. The
selection of a suitable parameter values for nature-inspired algorithms are
problem specific as there are no concrete rules.

B. Near-OGR Sequences

With the above-mentioned parameters setting (Tables 1-5), the large num-
bers of sets of trials for various marks/channels were conducted. Each algo-
rithm was executed 20 times until near-optimal solution was found. A set of
10 trials with n = 6, 8 and 15 for all the proposed nature-inspired algorithms
are reported in Tables 6-9. The performance of all the sets is nearly the same
as reported in Tables 6-9. The generated near-OGR sequences for different
values of marks by proposed nature-inspired algorithms are shown in
Appendix-A. It has been verified that all the generated sequences are
Golomb rulers. Although the proposed algorithms find same near-OGR
sequences, but the difference is in required maximum number of iterations
and computational time which is discussed in the following subsections.

C. Influence of Selecting Different Population Size on the Performance of
Proposed Algorithms

In this subsection, the influence of selecting different population size
(Popsize) on the performance of proposed nature-inspired optimization
algorithms for different values of channels is examined. The increased
Popsize increases the diversity of potential solutions and helps to explore
the search space. But as the Popsize increase, the computation time required
to get either the optimal or near-optimal solutions increase slightly as the
diversity of possible solutions increase. But after some limit, it is not useful to
increase Popsize, because it does not help in solving the problem faster. The
choice of the best Popsize for nature-inspired optimization algorithms
depends on the type of the problem (Artifical Intelligence 0000). Table 10
shows the influence of Popsize on the performance of MBB-BC, FA and
MEFA, while Table 11 shows the influence of Popsize on the performance of
BA, MBA, CSA, CSAM, FPA and FPAM algorithms to find near-OGRs for 7,
9 and 14-marks. In this experiment, all the parameter settings for proposed
nature-inspired algorithms are same as mentioned in Tables 1-5.

Golomb ruler sequences realized from 10 to 16-marks by Tabu search
algorithm (Cotta et al. 2006), maximum Popsize set was 190. The hybrid
approach proposed in (Ayari, Luong, and Jemai 2010) to find Golomb rulers
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Table 1. Simulation parameters for MBB-

BC.
Parameter Value
Cq 0.1
G 5
Pm 0.05

Table 2. Simulation parameters for FA and

MFA.
Parameter Value
A 0.5
B 0.2
r 1.0
P 0.05

Table 3. Simulation parameters for BA and

MBA.
Parameter Value
A° 0.8
re 0.5
DPm 0.01

Table 4. Simulation parameters for CSA

and CSAM.
Parameter Value
A 0.01
Da 0.5
Pm 0.05

Table 5. Simulation parameters for FPA

and FPAM.
Parameter Value
Y 1.0
P 0.8
Dm 0.01

from 11 to 23-marks, the Popsize was set between 20 and 2000. The near-
OGR sequences found by algorithms GAs and BBO (Bansal 2014), maximum
Popsize set was 30. For the hybrid evolutionary (HE) algorithms (Dotu and
Hentenryck 2005), to find near-OGRs, maximum Popsize set was 50.

From Tables 10 and 11, it is noted that Popsize has little significant effect
on the performance of all proposed nature-inspired optimization algorithms.
By carefully looking at the results, the Popsize of 10 in all proposed algo-
rithms was found to be adequate for finding near-OGR sequences.
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D. Influence of Increasing Iterations on Total Optical Channel Bandwidth

The choice of the best maximum iteration for nature-inspired metaheuristic
algorithms is always critical for specific problems. Increasing the numbers of
iteration, will increase the possibility of reaching optimal solutions and
promoting the exploitation of the search space. This means, the chance to
find the correct search direction increases considerably.

In this subsection, the influence of increasing the number of iterations on
proposed nature-inspired algorithms with the same parameter settings as
mentioned above subsections is examined. By increasing the number of itera-
tions, the total optical channel bandwidth tends to decrease; it means that the
rulers reach their optimal or near-to-optimal values after certain iterations.
This is the point where no further improvement is seen. Tables 12-15 illustrate
the influence of increasing iterations on the performance of proposed nature-
inspired algorithms for various channels. It is noted that the iterations has little
effect for low-value marks (such as n = 7 and 8). But for higher-order marks,
the iterations has a great effect on the total optical channel bandwidth, i.e.,
total optical bandwidth gets optimized after a certain numbers of iterations.

In literatures (Cotta et al. 2006) and (Ayari, Luong, and Jemai 2010), the
maximum numbers of iterations for Tabu search algorithm to find Golomb
ruler sequences were set to 10000 and 30000, respectively. The hybrid
approach proposed in (Ayari, Luong, and Jemai 2010) to find Golomb
ruler sequences the maximum number of iterations set were 100000. In
(Bansal 2014), it was noted that to find near-OGRs, GAs and BBO algorithms
stabilized in and around 5000 iterations, while hybrid evolutionary algo-
rithms (Dott and Hentenryck 2005) get stabilized in and around 10000
iterations. By carefully looking at the results, it is concluded that all the
proposed optimization algorithms in this paper to find either optimal or
near-optimal Golomb rulers, stabilized in or around 1000 iterations.

E. Performance Comparison of Proposed Algorithms with Previous Existing
Algorithms in Terms of Ruler Length and Total Optical Channel Bandwidth

Table 16 enlists the ruler length and total occupied channel bandwidth by
different sequences obtained from the proposed nature-inspired algorithms
after 20 executions and their performance comparison with best known
OGRs (best solutions), EQC, SA, GAs, BBO and simple BB-BC. According
to (Kwong and Yang 1997), the applications of EQC and SA is restricted to
prime powers only, so the ruler length and total occupied channel bandwidth
for EQC and SA are presented by a dash line in Table 16. Comparing the
experimental results obtained from the proposed algorithms with best-
known OGRs and existing algorithms, it is noted that there is a significant



(@414 G861 991l 00 999 8¢ 8¢ LLL €Ll €L 0001

(4414 G861 Q9LL 00£ 59S 8¢ 85S¢ LLL €Ll €L 006

L6€€ G861 9LL 00£ 59S 8/¢ 8¢ L1 €Ll €L 008

[4VAS G861 99L1L 00£ S9S 743 8G¢C LL1L €Ll €L 00£

6107 190t 9Ll 00£ S99 8L€ 8¢ LLL €Ll €L 009

L18Y oolLe 6lLcl 00£ 999 8LE 85S¢ LLL €Ll €L 00S

029S Slee [43%} 00£ S9S 8L¢ 85S¢ LLL €Ll €L 0S¢

6189 6S¢C €861 89/ S9S 8/¢€ 8G¢C LL1 €Ll €L 0S¢

1244 Y 7k4 €Ll €78 £9S LEY ¥0¢€ LLL €Ll €L 0sl

1699 [43013 Le6l 188 6.9 06 9t LLL €Ll €L 00l

£9/9 €09¢ 8€LC 0L6 789 6LS €8S 06l €Ll IZA 0S

880/ Loty vice o6lLl ¥98 L£9 61l9 €LE Vil 96 S

8L=u 9L =u vL=u gL=u L=u LL=u oL=u 6=U g=u L=U suohjelsy|
04-941
(zH) maL

995¢ G861 966 9¢L 6vS LLE 744 €8l €Ll €L 000L

995¢C 9861 966 9¢L 6vS LLE 744 €8l €Ll €L 006

699C G861 966 9¢L 6YS LLE /X4 €8l €Ll €L 008

14743 G861 966 9¢L 6YS LLE /X4 €8l €Ll €L 00£

14514 9¢0C 966 9¢L 6vS LLE 744 €8l €Ll €L 009

918S 0v0C 80€L 9¢L 6vS LLE 744 €8l €Ll €L 00S

£18S 13414 LIyl 9¢L 6YS LLE /X4 €8l €Ll €L 0S¢

14Y4] 8€€C o/l Y06 6YS LLE /X4 €8l €Ll €L 0S¢

CLe9 L6¥C 0z6l 046 9S 88¢ S8¢ €8l €Ll €L 0sl

0999 ) 7k4 9/1T 8¥0L L85 6SY €ee 98l €Ll €L 0ol

o SC89 09v€ S6CC £801 99L €19 %3 661 L1 74 0s

W S8lL ELLY L9¥C ogecl LL6 689 (VA4 599 [414 GLL S

5 8L =u 9L =u vL=u €L=u L=u LL=u oL=u 6=UuU g=u L=U suonelsy|
2 WD>9-99
(zH) maL

"S|puuey) SNoLRA 10} SYD(O-1BaU puly 0} swiyioble Hg-ggN Jo aduewIopad 9yl Uo suoiesdll buiseadul Jo adusnjul 'z dgeL

o
[ag]
o~
—



APPLIED ARTIFICIAL INTELLIGENCE 1233

8t v081 €66 st 0zs 69€ 65T 9/1 €Ll €L 0001
w8t p081 €66 st 0zs 69¢ 657 9/L €Ll €L 006
poze y081 €66 st 0zs 69¢ 657 9/L €Ll €L 008
zzse p081 €66 st 0zs 69¢ 657 9/1 €Ll €L 00L
yOLY 5861 €66 st 0zs 69¢ 657 9/L €Ll €L 009
8sty 6v12 2211 st 0zs 69¢ 657 9/L €Ll €L 005
6LLY 3344 0671 st 0zs 69¢ 657 9/L €Ll €L 0se
81L5 v8Yz v6vL 98, 0zs 69¢ 657 9/L €Ll €L 0sz
0z8s lzse 0891 878 0sS 8L€ vLT 9/L €Ll €L 05
£819 1067 1981 9/8 185 £8¢ s67 9/L €Ll €L 0oL
0999 szse (4744 6v0L 509 L9v 09¢ €8l €Ll €L 0
1889 stse £EET pELL 85/ 909 Sov 661 6€L vL s

gL=u 9L =u yL=u €L =u TL=u lL=u oL=u 6= g=u L=u suonesdy|

WOg-981

(zH) maL




(4114 Y081 L66 S/9 LSS 98¢ 6¥¢C 90¢ €Ll €L 0001

167 081 166 519 1SS 98¢ 6T 907 €Ll €/ 006

z167 081 166 519 1SS 98¢ 6T 907 €Ll €1 008

3413 081 166 519 1SS 98¢ 6T 907 €Ll €/ 00£

£9€€ 081 166 SL9 1SS 98¢ 67 907 €Ll €L 009

68.€ vesl 166 529 1SS 98¢ 6T 907 €Ll €L 00§

iy 5861 9911 519 1SS 98¢ 6T 907 €Ll €1 (13

8605 9207 14} 98/ 1SS 98¢ 6T 907 €Ll €1 0sZ

655 1T Lyl €28 1SS 98¢ 6T 907 €Ll €/ 0sl

9245 £rLT 9/81 156 85S sy 6T 907 €Ll €L 00l

66LS s1ee L561 ¥oL 829 655 167 907 €Ll €1 0s

£819 s1ee L6l SLLL 9L 99 9ge ST Zd! €6 S

gL=u gL=u vL=u EL=u ZL=u lL=u oL=u 6=u g=u L=u suonesd)|

Wy
VAW
(zH) mal

665C 081 LooL szt 295 L6€ 6T 907 €Ll €/ 0001

665C 081 LooL szt 295 L6€ 6 907 €Ll €/ 006

00LE 081 LooL szt 295 L6€ 6T 907 €Ll €/ 008

Lzee 081 LooL szt 295 L6€ 6T 907 €Ll €/ 00£

zise 517T LoOL stL 29§ L6€ 6T 907 €Ll €L 009

iy sLee 8871 szt 295 L6€ 6T 907 €Ll €/ 00S

viiy 3344 vevl szt 295 L6€ 6T 907 €Ll €/ (3

483 8E€T LLpL 98/ 298 L6€ 6T 907 €Ll €/ 0SZ

9295 8EET 0891 56 509 66€ 6T 907 €Ll €L 051

z18s L6VT €881 186 LLL oy 187 907 €Ll €1 00l

2 8209 €767 14K 2601 9/ 4 9ge 897 €Ll €/ 0S
Z 29 £0L€ wee L671 L€g 89 80 we 671 $6 S
@ gL=u gL=u vL=u fL=u ZL=u lL=u oL=u 6=u g=u L=u suopesdy|

v4
(zH) maL

‘S|puUeYd SNOLIBA 10} SYD(-IB3U pul} 03 Y4 Pue Y4 Jo dduewiopad ayl uo suonelsy buiseasdur jo aduanpu| "€l ajqel

<
[ag]
o~
—



wn
& 9957 8671 26 099 €05 8Lt 6vC <8l €Il €/ 0001
9957 8671 v76 099 €05 8L€ 67T 58l €1l €L 006
©) 9957 8671 v76 099 €05 8L€ 677 58l €Ll €L 008
- 8,97 8671 v26 099 €05 8L€ 677 58l €Ll €L 00£
Y 00LE 8671 v76 099 £05 8L€ 672 58l €1l €/ 009
5 805€ 081 v76 099 €05 8L 6vC 58l €1l €L 005
- zese sl 166 099 €05 8L€ 67T 58l €Ll €L 0se
= ovLy 0961 1001 099 €05 8L€ 6vC 58l €Ll €L 05z
2 5905 5861 LL1L 98/ £05 8L€ 6vC 58l €1l £/ 05l
S 6055 190C 61Z1 516 sis L6€ 6vC 58l €Ll €L ool
o 8LLS 61T vevl sz0l oS 68y 85z 58l €1l €L 0s
< S48 61T €7/l ozl 119 99 897 90z €Ll €L S
o 8L =u 9L = u vl = U £L=u ZL=u lL=u oL=u 6=u g=u [=u suoness)|
g W4T
<C
VAW
(zH) maL
081 1001 €29 LSS 8L€ 6vC 90z i £ 7167 0001
081 1001 ££9 1SS 8Lg 67T 90z €1l €L z16z 006
081 L00L €19 LSS 8L€ 677 907 €Ll €L z16z 008
081 L00L €19 LSS 8L€ 672 90z €1l £/ £z1e 00Z
081 L00L ££9 LSS 8L 6vC 90z €1l €L L95€ 009
8561 L00L €29 LSS 8L€ 67T 90z €1l €L 685 005
001z pLLL €19 LSS 8Lg 672 90z €Ll €L Ly 0s€
0v0z 6511 156 LSS 8L€ 67T 90z €Ll €L 8605 05z
00z vebl 186 LSS 8L 67T 90z £l €L 655 05l
£vlz €88l 80l 185 85k 67T 90z €1l €L 9zLs ool
zshe 0z61 5901 619 205 08z 90z €Ll €L 665 05
L6vT LhLe 1ziL Lz 1L9 867 1T 1zl 18 /819 S
9L = u vl = u fl=u Zi=u lL=u oL =u 6=u g=u [=u gL=u suonesa)|
VAT
VAW

(zH) maL




99s¢ 86CL ¥C6 099 €05 98¢ 6v¢ €81l €Ll €L 0001

995¢C 86¢CL ¥e6 099 €0S 98¢ 6¥¢C €8l €Ll €L 006

995¢C 86¢CL 1243 099 €0S 98¢ 6¥¢C €8l €Ll €L 008

ve6c 86CL ¥C6 099 €09 98¢ 6v¢ €8l €Ll €L 00£

e 86C1 ¥C6 099 €09 98¢ 6v¢ €81 €Ll €L 009

4413 7081 ¥C6 099 €09 98¢ 6v¢ €8l €Ll €L 00S

80LY G861 L66 099 €0S 98¢ 6¥¢C €8l €Ll €L 0S¢

6.5t G861 LLLL 98L €09 98¢ 6v¢ €8l €Ll €L 0S¢

8605 (34%4 orcl 198 €05 98¢ 6v¢ €81 €Ll €L 0s1

89¢S Slee ovcl S€6 L8S LEY 6v¢ €81 €Ll €L 001

L09S JA4Y4 06¢l o0l S09 0st [414 €81 €Ll €L 0s

¥209 A% X4 €861 oclLlL 049 0SS S8¢ 90¢ €Ll €L S

8L=u gL =u yL=u EL=u L=u LL=u oL=u 6=U 8g=u L=U suohjelsy|

V4
vaw
(zH) maL

6/0€ 86¢CL ¥e6 099 €0S 98¢ 6¥¢C 90¢ €Ll IZA 000l

6/0€ 86¢CL 1249 099 €0S 98¢ 6¥¢C 90¢ €Ll 74 006

6/0¢ 86CL ¥C6 099 €09 98¢ 6v¢ 90¢ €Ll 1A 008

oLee 86CL ¥Z6 099 €09 98¢ 6v¢ 90¢ €Ll vl 00£

§6S5¢ 856l vZ6 099 €05 98¢ 6v¢ 90¢ €Ll v 009

£T6¢ 8561 6SLL 099 €0S 98¢ 6¥¢C 90¢ €Ll IZA 00S

608% 6vLc [43%} 099 €0S 98¢ 6v¢C 90¢ €Ll 74 0S¢

S0¢s (4%4 ceel (A €09 98¢ 6v¢ 90¢ €Ll VL 0S¢

0¢€s L0¥C L6l 988 789 98¢ (144 90¢ €Ll VL 0S1

SLLS ¥8¥C 180T €76 LLL 86 6v¢C 90¢ €Ll IZA 0ol

= 028S 61lS¢ 180T oL 9¢/ €65 9L¢ 96¢ €Ll 74 0s
% LLL9 619C L81C 9GLL 0/8 689 8¢ e L1 LL S
H 8L=u 9L =u vL=u gL=u L=u LL=u oL=u 6=U g=u L=U suonelssy|

va
(zH) maL

"S|puURY) SNOUEA 10} SYDO-IeaN puly 01 Yg Pue g jo dduewlopad ay) uo suonesdll buiseaidul Jo duaNyu| L d|qel

O
[ag]
o~
—



APPLIED ARTIFICIAL INTELLIGENCE 1237

681 8621 26 099 €05 98¢ 6vC <8l qm €/ 0001
681 86z1 26 099 €0S 98¢ 6T 58l €Ll €L 006
681 86z1 26 099 €0S 98¢ 6T 58l €Ll €/ 008
681 8621 26 099 €0$ 98¢ 6vC 58l €Ll €L 00£
716z 8621 26 099 €05 98¢ 6vC 58l €Ll €/ 009
€1ze o€l 26 099 €05 98¢ 6T 58l €Ll €L 00$
88Ye ovsL LooL 099 €05 98¢ 6T 58l €Ll €L 05€
089¢ p8l L00L 6L €0S 98¢ 6vC s8l €Ll €L 052
/9% p8l 166 88 €0S 98¢ 6vC 58l €Ll €/ 051
5155 0961 9911 156 609 98¢ 6+C 58l €Ll €/ 00l
Y0LS 0961 9911 901 L9 ST 6+C s8l €Ll €/ 05
v0LS SL1T 80€1 901 879 061 19T 917 €Ll €L S

gL =u 9L =u pl=u €L=u ZL=u lL=u oL=u 6=u g = =

WvgT
vaw
(zH) maL
716z 8671 26 099 €05 L6€ 6T m €Ll €/ 0001
16T 8621 26 099 €05 L6€ 6vC LLL €Ll €/ 006
L6z 8621 26 099 €05 L6€ 6vC LLL €Ll €/ 008
yoze 8621 26 099 €05 L6€ 6vC LLL €Ll €/ 00£
089¢ 8621 26 099 €0S L6€ 6T L) €Ll €/ 009
LT6€ vesl 26 099 €0S L6€ 6T n €Ll €/ 005
L6Ly 0961 €611 099 €05 L6€ 6vC LLL €Ll €/ 0s¢€
88 0961 €611 088 €05 L6€ 6vC LLL €Ll €/ 052
608 3414 0621 696 €05 L6€ 6+C LLL €Ll €/ 051
9595 6712 06€1 696 119 s6€ 6T LLL €Ll €/ 00l
€TLS 3344 06€L 0L6 €79 16€ €87 907 €Ll €/ 05
95/ 3344 SLLL pELL 999 605 987 Tve €Ll €/ S
gL =u 9L =u bl =u €L=u ZL=u lL=u oL=u 6=u g=u = suonesa)|
vel
vaw

(zH) maL




¥681 86¢Cl vZ6 099 €05 8¢ 144 91 €Ll €L 0001

V681 8671 v26 099 €05 8L€ 6vC 9L €Ll €1 006
681 8621 26 099 €05 8L€ 6v¢ 9L €Ll €/ 008
V681 8671 26 099 €05 8L€ 6v¢ 91 €1l €1 00Z
1 dkd 8671 26 099 €05 8L€ 6v¢ 9/1 €1l €1 009
6£0€ 8671 v26 099 €05 8L€ 6vC 91 3 €1 005
88ve Sogl 26 099 €05 8L€ 62 9L €Ll €/ 0s¢€
£19€ L6¥L 966 099 €05 8L€ 6v¢ 9L €1l €/ 057
85ty Gl L00L 699 €05 8L€ 62 91 €1l €/ 051
6597 LyLL L00L Vi dl €05 8 6v¢ 91 €Ll €1 00L
20€S 8561 9911 €26 619 68Y 6vC 91 €Ll €L 0s
5155 6502 6EVL 8v0L €69 1zs €87 €8l €Ll €/ S
gL=u gL =u vl =u €L=u ZL=u lL=u oL=u 6=u g=u [=u suonesd)|
WYSD
(zH) mal

681 8671 26 099 €05 L6€ 62 907 €Ll €/ 0001
681 8671 26 099 €05 L6€ 6v¢ 907 €1l €1 006
681 8621 26 099 €05 L6€ 62 907 €Ll €L 008
681 8671 26 099 €05 L6€ 62 907 €Ll €/ 00Z
9087 8621 26 099 €05 L6€ 6v¢ 907 €1l €L 009
£80€ 8671 26 099 €05 L6€ 6v¢ 907 €Ll €1 00S
Lzee geel 26 099 €05 L6€ 6vC 90z €Ll €1 0s€
9143 Veag) 186 099 €05 L6€ 62 907 €Ll €L 052
zese 1¥9L oLzl 951 €05 L6€ 62 907 €Ll €/ 051
6LLY 1181 oLzl 158 909 66€ 6 907 €Ll €1 0oL
. €815 8507 9EpL 186 89 661 857 91z €1l €/ 0s
X 1095 1902 sl LyOL 189 609 z6€ e 1L v/ g
2 gL=u oL=u vL=u fL=u ZL=u lL=u oL=u 6=U g=u [=u suonesd)|

vi vS)

(zH) mal

‘S|pUUBYD SNOLBA 104 SYDO-IBAN Pul} 03 Swyloble Yd4 Pue Ydd ‘WYSD ‘¥SD 40 dduewiopad syl uo suoiesdll buiseanul Jo adusnjul ‘gL djgel

0
[ag]
o~
—



2
© 681 8621 26 099 €05 8L¢E 6vC 9Ll €Ll €/ 0001
681 8621 26 099 €05 8/¢€ 6+C 9/l €Ll €/ 006
w 681 8621 6 099 €05 8L¢€ 6+C 9/1 €Ll €/ 008
z 681 8621 6 099 €05 8L¢€ 6vC 9/1 €Ll €/ 00£
O 9957 8621 6 099 €05 8/¢€ 6vC 9/l €Ll €/ 009
z 790¢€ 8621 26 099 €05 8L¢€ 6+C 9/l €Ll €/ 005
z SovE 4 6 099 €05 8L¢€ 6vC 9/1 €Ll €/ 0s¢
2 599¢ Trel 166 099 €05 8/¢€ 6vC 9/1 €Ll €/ 052
o zse 6ESL €66 869 €05 8L€ 6vC 9/l €Ll €/ 0SL
= ovLy 1991 L0OL 98/ €05 8/¢€ 6vC 9/l €Ll €/ 00l
< €561 66L1 Tl 06 609 98¢ 6+C o/l €Ll €/ 0s
2 LLTS 861 zLLL oLoL L9 88 67 LLL €Ll €/ S
g gL=u 9l =u plL=u €L=u ZL=u lL=u oL=u 6=u g=u L=u suonesa)|
= WYdd
(zH) maL
681 8621 6 099 €05 98¢ 6+C 907 €Ll €/ 0001
681 861 6 099 €05 98¢ 6vC 907 €Ll €/ 006
681 8621 26 099 €05 98¢ 6+C 907 €Ll €/ 008
681 8621 6 099 €05 98¢ 6+C 907 €Ll €/ 00£
8/9C 8621 6 099 €05 98¢ 6vC 907 €Ll €/ 009
00L€ 8621 6 099 €05 98¢ 6vC 907 €Ll €/ 005
Tive gzel 26 099 €05 98¢ 6+C 907 €Ll €/ 0s¢
869€ ssel 956 099 €05 98¢ 6+C 907 €Ll €/ 0sZ
L1T6€ st zioL il €05 98¢ 6vC 907 €Ll €/ 051
5905 5991 6SLL 9/8 €05 98¢ 6vC 907 €Ll €/ 00l
8525 081 98zl 866 185 z6¢€ 6+C 907 €Ll €/ 05
€895 5861 98zl szol €59 ] 8.7 79z €Ll €/ S
gL=u 9l=u pl=u €L=u ZL=u lL=u oL=u 6=u g=u [=U suones3)|
vd4

(zH) maL




(panunuod)

S6
S6 €€ 98 [43
L6 [43 €8 Le S6
18 o€ ¥8 Le 08 0¢ 06
LL 8¢ €8 0€ 6L 6¢ /8
vL 9 4] 6¢ 8L 8¢ 18
€L 14 €L A4 €L A4 - - - - LL 14 L
6%
94 Lz 4
144 0¢ 94 Lz 0S
144 8L 134 8L 144 8L LY
44 Ll [44 Ll 47 Ll 09 0¢ orlL St 44 Ll 9
6¢
14 cl 144 €l 14 €l 8¢
€T L €C Cl €C Cl - - - - 14 L S
L L L
L 9 L 9 L 9 8¢ Sl 8¢ Sl L 9 %
14 € 14 € 14 € 14 9 oL 9 14 € €
(zH) maL Td (zH) maL ik (zH) maL ik (zH) maL Td (zH) maL o (zH) maL ik u
(€10T ®elleyg pue (710T |esueg) 049 (¥10T |esueg) syD (600C 43|e) pue (600C 43|e) pue (0000 J42103YS
‘lewny ‘|jesueg) Og-99 ‘leyos ‘emeypuey ‘leyos ‘emeypuey ‘L00T 43Je3ys
"L661 Buep 'L661 buep ‘0000 J3|nyqwiojon
pue buomy) vs pue Buomy) 103 ‘8661 uxRIDIN
pue ‘upjuey ‘sejjog
‘€00T ouluuejo)
» ‘€661 upjuey
& ‘0661 191e3YS
z /161 qwo|0DH pue woojg)
«© SYDO umouy| 1sag
" swyiob|y pasdsuj-ainieN bunsixy SWyiob|y |euonuaAu0)
SWHLI40DTY

“uoled0||e [uueyd 0} swiyiobly uoneziwndg paidsul-ainieN pasodoid jo uosuedwo) dUBWIOHNI "9 3|qel

o
<
o~
—



APPLIED ARTIFICIAL INTELLIGENCE 1241

(panunuo))
L0€
£8C 9L
8S¢C LL 1744 VL €8¢ SL - - - - 6¥C SS ol
99
¥4 ¥9 144 €9
9T 19 90¢ 9 €0C 19
1374 14 10¢ L9 9L 65
174 Sy 00t 9s €6l 9s
6/L1 144 /81 6t 6l 4% - - - - 90¢ 4% 6
€€l
LEL 14
Lel (44 6CL 14
6LL [474 LT 074 8tlL 44
8Ll 574 14} 6¢€ ol (874
€Ll 6€ Lzt 143 Lzt 43 681 (574 8L¢ L6 LLL 143 8
(zH) mdl 1d (zH) mdL ik (zH) mdl k| (zH) mdL 1d (zH) mdl o (zH) mdl ik| u
(€10T ®elleyg pue (¥10T |esued) 0gg (#10T |esueg) syD (600C 43|e) pue (600C 43e) pue (0000 J421e3yS
‘Jewny ‘|esueg) Hg9-49 ‘leyos ‘emeypuey ‘leyos ‘emeypuey 1L00T Ja4eays
‘1661 Buex ‘1661 Buex ‘0000 43|NYquiojon
pue buomy) ys pue buomy) D3I ‘8661 UMRIDIN
pue ‘upjuey ‘sejjoq
‘€00z ouluue|o)
‘€661 unjuey
‘0661 1943YS
‘£/61 qwo|0DH pue woo|g)
SYHO umouy| 1599
swy3ob)y paiidsuj—ainieN Bunsixg swyob|y |euonusauo)
SWHLIHODTVY

‘(panunuo)) ‘9L 3|qeL



(panupuod)

80¢¢C 69¢
Loze 69¢ Loze 1412 S0¢e 113 - - - - 1991 661 L1
G861 ale 7081 €8¢ G861 oLE - - - - 86¢CL LLL 9L
PSSt L9T €991 86¢
[443} £9¢ [449) 09¢ veal QLT - - - - L¥0L LGl Gl
9Ll Lee q8cL 0€¢
LoolL 90¢ LLLL 2144
QL1 Lze L66 691 Ll 90¢ 0zsl 98¢ (0]4 %4 743 ¥26 Lzl 14}
046 L81
1374 €Ll 98/ LLL 8v0L A74
89/ oLl 89/ oGl SLoL €0¢ - - - - 099 901 €l
€19 S09 8¢l 099 LEL
089 16 065 174} 189 8Tl
0SS S8 9sS oLl [43] €l 789 [43} Lyl LET €05 S8 4]
8Ll
L6t Ll
95y (0]%474 ol
061 S0l 1134 €0l 9Sy 96 L6€
LLE 44 8/¢ 98 S6€ ¥6 - - - - 98¢ [44 Ll
(zH) maL k| (zH) maL ik (zH) maL o (zH) maL iL:| (zH) maL 1o (zH) maL k| u
(€10T ®elleyg pue (7102 |esued) 0dd (#10T |esueg) syH (600 491e) pue (600 491e) pue (0000 J4a1e3YyS
‘lewny ‘|esueg) Og-99 ‘leyos ‘emeypuey ‘leyos ‘emeypuey ‘L00T 131e3ys
‘1661 Buex ‘1661 Buex ‘0000 43|NYqwiojon
pue buomy) vs pue Buomy) 103 ‘8661 UxRIDIN
pue ‘upjuey ‘sejjoqg
‘€00T ouluuejo)
z ‘€661 unjuey
2 ‘0661 42189YS
= /161 qwo|0DH pue woojg)
i SYDO umouy| 1sag
swyyob|y pasdsuj—ainieN bunsixy SwyiLob|y |euonuaAuo)

SWHLIJ0O9TY

‘(panupuod) ‘9L 3|qeL

o
<
o~
—



m
3 (panunuo))
€l €l €l 14 €l 8¢ 14 €l
e 74 Cl 144 Cl 144 4 144 Cl 144 Cl 14 Cl ¥C 4! 74 4!
w €C L €C L €C L €C L €C L €C L €C L €C L S
g L L L L L L L L
G} L 9 L 9 L 9 L 9 L 9 L 9 L 9 L 9 ¥
M ¥ € ¥ € ¥ € 14 € 14 € 14 € ¥ € ¥ € €
M (zH) maL Td (zH) maL T4 (zH) malL Bk (zH) maL ik (zH) maL ik (zH) maL ik (zH) maL o (zH) maL o u
= ve WV V41l Wv4 V4 WD4-441 09-491 WD4d-94
m swyob)y pasdsuj-ainieN pasodoid
m Ly6t 169
a 6581 6¥9 5061 089
= L1SY €69 14174 €9
< Ly6v 169 90¢Y 8.5 099t SL9 099 €0L 91LL €02 ¥6.LC €8¢ 0¢
LoLy ¥89
80t€ SLy £90S L6S
LoLy 78S LEEE L9Y eve 195 - - - - Y444 44 6l
[414 44 6/0¢€ 1314
6L0€ X414 99T 9¢ 66SC Lty 00LS €61 €0¢S 199 7681 9L 8l
(zH) maL k| (zH) maL k! (zH) maL d (zH) maL k| (zH) maL o (zH) maL o u

(€10C ®elleyg pue
‘lewnyl ‘lesueg) Og-49

(¥L0T |esueq) 0gg

(7102 |esueg) sy9

(600C 4318y pue
‘leyos ‘emeypuey
‘2661 Bue
pue buomy)) vs

(600¢ 43|y pue
‘leyos ‘emeypuey
‘1661 Buex
pue buomy) 103

swyiob|y pasidsuj-ainieN Bunsixg

SWyLob|y [BUOUSAUOD

SWHLIHODTY

(0000 121e3yS
'L00T J2Jedys
‘0000 J9|NYquiojon
‘8661 UIRIDDN
pue ‘upjuey ‘sejjoq
‘€00 ouluuejo)
‘€661 upjuey
‘0661 421e3ys
‘££61 qwo|0D pue wooig)
SYDO umouy 1s3g

‘(Penunuod) 91 3d|qel



(panunuo))
8671 LLL 8671 LLL 081 €87 081 €87 081 €87 081 €87 5861 9lg 5861 ale 9l

0L 1SL 0L LSL /0L ISL /4Ol LSL ¥SSL 09T bSSL 09z Tgel /9T TeEL 9T Sl
looL 90z  ssTL 9T
v26 idl v26 fzL 100l 69l 166 907 166 691 €66 9z 9Ll 1T 966 62¢ ¥l
€91 8v8
0zL LLL szL LLL L L LLL 7 LLL ssL oLL
099 90L 099 90L €49 90L 549 901 szL 901 stL 901 00£ 601 9€L 9L €l
0SS €6
15§ 16 195 06 595 06
€05 58 €05 58 €05 s8 €05 58 sis 58 0zs 58 595 58 6vS 8 Tl
L6€ vEY
98¢ €0l L6€ €0l L6€ 9 34 €0l sev sol
98¢ u 8L€ u 8LE u 98¢ u L6€ u 69€ u 8L€ u LLe w oo
e LLE vl
60€ Lze 1L 667 85
6vC s 6vC s 6vC §S 6v7 s 6+7 s 65T s 857 s vLT ss ol
144
6t [z 85 9zt
907 Ly 6t 6% 807 6v 807 s v0z Ly siz LS
907 b 58l ot 907 vt 907 vy 907 vy 9Ll vy n 9% €8l w6
L1l 3 L1l 6¢ L1l 6¢ L1l 6€ L1l 6€ L1l 6€ 8Ll It 8L It
€1l vE €1l vE €Ll vE €Ll vE €Ll vE €Ll vE €Ll 6€ €1l 6 8
06 8z 18 18 6L 0€
18 L 1z 08 1z 1L 8z 08 1z L 0€ 18 i 8z
L 8z vl 9 L 9 vL 1z L 9z bL 8z L 0€ vL 1t
vl 14 €L 14 €L sz 7 14 €L 14 €L 14 €L sz €L st ¢
y 9% 9%
3 vb 8l vb 8l vb 8l vh 8l vy 8l vy 8l vy 8l b 8l
2 44 Ll 44 LL 44 LL 44 L1 44 L1 44 Ll 44 Ll 44 L9
v @HMEL W (HmIL M @HMEL W (HMAL M @HMEL W (EH)MAL M @HMEL W @H)MAL ™ U
v Wy 21 W4 v4 W2g-g91 D8-491 Wog-g9

swyob|y paiidsuj-ainieN pasodoid

‘(panunu0d) ‘9L 3|qelL

<
<
o~
—



APPLIED ARTIFICIAL INTELLIGENCE 1245

(panunuod)
6¥7¢C SS 6¥7¢ SS 617¢ SS 6¥7¢C SS 6¥C SS 6¥7¢C SS 6¥7¢ SS oL
90¢ 9 90¢ qS
q8l Ly q8l Ly 90¢ Ly 90¢ 89 90¢ LS
9L 144 90¢ 1474 9L 144 90¢ 144 q8l 1474 LLL 144 €8l 144 6
L1 6€ LLL 6€ L1 6¢ L1 6€ LLL 6€ LLL 6¢ L1 6¢
€Ll 143 €Ll 143 €Ll 143 €Ll 143 €Ll 143 €Ll 143 €Ll 143 8
18
LT 08 LT LT 08 LT LT LT
LL 9t LL 9t LL 9 LL 9t LL 9 LL A4 LL 9C
€L T4 €L 14 €L 14 €L SC €L SC €/ SC €L T4 L
0S 0S 0S 0s
Ly Ly Ly ya4 a4 LY
1474 8L 1474 8l 144 8l 1474 8l 1474 8l 144 8l 144 8l
[44 LL [44 Ll [4% L1 [44 LL [44 Ll [44 L1 (44 Ll 9
14 €l 8¢ €l €l
¥C Cl 144 Cl 144 4] jZ4 45 144 4} 74 Cl 74 45
€C Ll €C Ll €C Ll €C Ll €C 1L €C Ll €C Ll S
L L L L
Ll 9 Ll 9 Ll 9 Ll 9 Ll 9 Ll 9 Ll 9 14
14 € 14 € ¥ € 4 € ¥ € ¥ € 14 € €
(zH) maL it (zH) maL it (zH) mdaL o (zH) maL it (zH) maL o (zH) maL o (zH) mdaL o u
WVd4 Vdd WVSD VS Vgl Vel Wvg
swylob)y pasidsuj-ainieN pasodoid
0991 SL9
90¢t 8.5 90¢t 8.9 099% ql9 099t ql9 L1SY 6¥9 L1SY 6¥9 9t8y €9 1417 €9 0T
LEEE L9Y LEEE L9V 80t€ SLy LEEE JASI4 [4343 £9S LEEE L9V LoLY 789 43743 9§ 6l
6L0€ LTy 99S5¢ 944 99S5C 944 [41Y4 79¢ 66T 354 (4414 9tt 78T 9ty 995¢ Svv 8l
1991 661 L0ccC 69¢ 80¢¢C 41 80¢¢C 1213 S0¢cC GG¢ S0¢e GG 10T 69¢ L0ccC 69¢ Ll
(zH) mdL 1o (zH) mdL 1d (zH) mdL 1d (zH) mdl 1d (zH) mal o (zH) mal aE| (zH) mal ak| (zH) mal 1o u
vd WY1 V41 V4 V4 WD49-991 0g-991 WDg-99

swyob|y pasidsuj-ainieN pasodoid

‘(panunu0d) ‘9L 3|qelL



6587 €65

¥6LC €8¢ ¥6.LC €8¢ ¥6.L¢C €8¢ ¥6.¢C €8¢ ¥6LC €8¢ 90€Y 8.9 90¢Y 8.S 0¢
Seee iq4 T4 44 B4 Seee 44 Seee i44 Seee Eig4 80v€ 744 LEEE A% 4 6l
7681 9lc 7681 9lc 681 9lc 7681 olc ¥681 alc (4174 9¢ 99s¢ 144 8l
1991 661 1991 661 1991 661 1991 661 1991 661 1991 661 1991 661 Ll
86¢CL LLL 86¢CL LLL 86¢CL LLL 86¢CL LLL 86¢Cl LLL 86¢CL Ll 86¢CL L1 oL
L0l LSl L0l sl L¥0L LSl L¥0L LSl L0l LSl L0l LSl L¥0L LSl Sl
¥Z6 Ll vZ6 A4! 144 Ll ¥Z6 Ll ¥Z6 LTl ¥C6 Ll ¥Z6 A4 vl
099 901 099 901 099 9L 099 901 099 901 099 9L 099 901 €l
€0S S8 €0S S8 €0S S8 €0S S8 €0S S8 €0S S8 €0S S8 cl
98¢ €01 98¢ €01 L6€
1743 44 98¢ [44 743 44 L6€ 44 98¢ 44 L6€ (44 98¢ 44 L
(zH) maL Td (zH) maL o (zH) maL T (zH) maL Bk (zH) maL T (zH) maL Td (zH) maL Td u
WYd4 Vdd WVYSD AP AYa1 val Wv4d

swylob|y pasidsuj—ainieN pasodoid

‘(Penunuod) 91 3|qel

S. BANSAL

)
<
[\l
—



APPLIED ARTIFICIAL INTELLIGENCE 1247

(panunuo))

8VEL0 89€1L°0 S9€EL0 6/EL°0 LLELO 68€L°0 oLvLo LL10°L 06€L0 oviL'0 [444%0 8
8100 86200 86/0°0 61800 6800 9980°0 69800 S¥8°0 0/80°0 S680°0 66800 L
¥6v0°0 ¥050°0 S050°0 L1500 0LS00 7Ts00 1ZS00 S¥Ty'o CLs00 9€50°0 8€50°0 9
L000 L000 1000 L1000 L000 L000 1000 LLO0 L1000 1000 1000 S
0000 0000 0000 0000 0000 0000 0000 0000 0000 0000 0000 14
0000 0000 0000 0000 0000 0000 0000 0000 0000 0000 0000 €
(235) (235) (235) (235) (235) (235) (235) (235) (235) (235) (235) u

awn Ndd awn ndd awn Ndd awn Ndd awn Ndd awn ndd awn Ndd awn Ndd awn Ndd awn ndd awn Ndd

WVd4 Ydd4 WYSD VSO Wval vl Wve Ve WV V41 V4
swyyob)y
¥0+99/8'6 ¥0+995€°6 ¥0+9658'6 ¥0+3018'6 S0+37100°L S0+39611°L S0+38THT 'L 0z
y0+ocCel’L Y0+9Chv'9 ¥0+9986'9 ¥0+9886'9 Y0+98S1°L ¥0+908C'8 ¥0+908C'8 6l
70+959/8'S 70+9866'€ ¥0+9580°Y ¥0+9/80% 70+9.68'S 70+96€89 ¥0+30%89 8L
€0+3L¥0Y €0+3TPS'E €0+309.°€ €0+365/°€ ¥0+3SL0Y ¥0+3010°S ¥0+38+0°S A
€0+36¢€t'L €0+3/8C°L €0+399¢°L €0+3/9¢°L €0+30St°L €0+3//9°L €0+3089°L 9l
€0+904C°L €0+9€91°L €0+9481°L €0+9/81°L €0t9l6C°L €0+208Y°'L €0+3a0t¥'L Sl
€019610°L €0+9000°L €0+9810°L €0+9610°L €0t91C0'L €0+3/L¢0°L €0+98¢0°L 4"
€0+23010°L 70+9€95°8 70+3086'8 70+3686'8 €0+30¢20°L €0+30€0°L €0+30£0°L €l
70+3068'L 20+35%9°'S 20+3198'S 70+3598'S 70+3186'L ¢0+3009'8 ¢0+3709'8 4}
70+30L/9 70+378Ly 70+3786'Y 70+3786'% 70+3066'9 0+30LLL 20+300C°L Ll
Lo+aLLT’s L0+3091°€ LO+961€°E Lo+alzee L0+305%'S Lot+alet's L0+966V'S ol
068Y°L 0661°L 0LLEL 06LEL 869'L 669'L Lzt 6
£CC0’L L9610 ¥861°0 9861°0 oLt 6eC’L vl 8
07580 61600 G€60°0 9€60°0 (AN 08L°L ozlL'L L
86EY°0 61500 ¥850°0 68500 6590 [437A40) 080 9
1100 1000 1000 1000 6000 000 L¢00 S
0000 0000 0000 0000 0000 0000 L1000 14
0000 0000 0000 0000 0000 0000 0000 €
(295) awn Ndd (295) awn Ndd (235) awn Ndd (295) awn Ndd (235) awmn ndd (295) awn Ndd (295) awn ndd u
Y4 WDg-991 0g-441 WDg-44 04-44 (10T |esued) 0dg (#L0T [esueg) syD
swyyoby

‘s|auueyd snouea Joj swyuobje uoneziwido pasodoid Aq usye] swin ndd abessae jo uosuedwo) /| 3d|qel



¥0+3¥95°9 ¥0+9¢e0’L ¥0+9¥/6'9 ¥0+98LL°L ¥0+90¢0°L ¥0+90LCL vo+alL/TL ¥0+999€'8 ¥0+90LL°L y0+ocCey’L yo+ose€ L  0C
¥0+98SC’S ¥0+37¥S9 Y0+98LE°S ¥0+91/499 ¥0+988C°9 ¥0+9585°9 ¥0+99859 ¥0+98L1L/L ¥0+306€9 ¥0+9889'9 ¥0+9/899 6L
09519 y0+3lv0'y ¥0+9/9/°¢ ¥0+9/90°Y ¥0+9998°¢ ¥0+350'% Y0+97L0Y 0+929C'S ¥0+9088°¢ ¥0+99/0'% y0+95/0Fv 8L
€0+9961°€ €0+9CLY'E €0+dLLTE €0+3vEYE €0+35¢CCe €0+9/5¥'€ €0+9657'€ €0+3050'% €0+30¢¢’e €0+995¥°€ €0+309%'¢€ /1L
€0+200L°L €0+90€C’L €0+9GvLL €0+tacee’L €0+apsLL €0+9LYE’L €0+96€€E°L €0+96¢Y'L €0+98SL°L €0+9TveE’L €0+aTye’l 9l
€0talen’L €0+oveEL’L €0+98/0°L €0+o6vLL €0+9%80°L €0+9851L°L €0+9/G1°L €0+96SC°L €0+2060°L €0+999L°L €0+999L°L Gl
€0+31¥8°0 €0+9/00°L €0+9068°0 €0+3r10°'L €0+3116'0 €0+9010°L €0+301L0°L €0+3/10°L €0+9186'0 €0+oCl0’L €0+avloL vl
0+96€C'8 0+91€9'8 C0+aLyeE8 0+al1/'8 C0+95€Y'8 0+96¥/'8 ¢0+98¥/'8 €0+9000°L C0+99¢¥'8 0+91S/'8 ¢0+906.'8 €l
0+3/LTTS C0+96€€°S 0+38LES 0+3TYeE'S C0+3LEY'S ¢0+9059°S C0+3199°S ¢0+30989 0+38%9°S ¢0+9259'S 0+9899's ¢l
0+38LY'Y 0+3SYSY 0+31esy 0+9855Y 0+9s8SY 0+30vLY C0+309Lv ¢0+30LL°S 0+9959% 0+3/9Lv 0+399Lv  LL
L0+96£0°¢ Lo+alele L0+3160°€ LO+a/TL’E L0+9601°¢ LO+30€L°€E LO+3LELE LO+306C Y L0+30CL’¢ LO+36vLE Lo+3lsl’e Ol

18£0°L Ls/1°1L 980°L LL1L 1891°L s8lL'L L8L°L 6C8Y'L 0L1°L 088L°L 068L°L 6
(339) (335) (335) (335) (339) (335) (335) (399) (339) (335) (335) u
awni Ndd awhi ndd awni ndd awni ndd awni Ndd awni ndd awi ndd awh ndd awni ndd awni Ndd awhi ndd
WVdd Vdd WVSD vSd Wvdl vanl Wvd vd WV41 V4l VA
swylob|y

‘(panupuod) *£L 3|qelL

S. BANSAL

0
<
o~
—



APPLIED ARTIFICIAL INTELLIGENCE ’ 1249

improvement in the ruler length and thus the total occupied channel band-
width that is, the results gets better.

From Table 16, it is also observed that simulation results are particularly
impressive. First observe that for all the proposed algorithms, the ruler length
obtained up to 13-marks is same as that of best known OGRs and the total
optical channel bandwidth occupied for marks 5 to 9 and 11 is smaller than
the best known OGRs, while all the other rulers obtained are either optimal
or near-to-optimal. Second observe that the algorithms BB-BCM and LBB-
BC do not find best-known rulers after 7-marks, but finds near-to-optimal
rulers for 8 to 20-marks. Algorithm LBB-BCM can find best optimal rulers
up to 8-marks, but finds near-to-optimal rulers after 8-marks. FA can find
best rulers for up to 11-marks. Algorithms FAM and LFA can find best rulers
for up to 12-marks and near-to-optimal rulers after 12-marks. By combining
algorithms FAM and LFA into a single algorithm named LFAM, best OGRs
up to 16-marks and near-to-optimal rulers for 17 to 20-marks can be find
efficiently. BA, BAM and LBA can find best rulers up to 17-marks and near-
optimal rulers for 18 to 20-marks. The algorithms LBAM, CSA, CSAM, FPA
and FPAM can find best rulers up to 20-marks very efficiently and effectively
in a reasonable computational time.

From simulation results, it is concluded that modified forms of the
proposed nature-inspired algorithms to find near-OGRs, slightly outper-
forms the algorithms presented in their simplified forms. As illustrated in
Table 16 for higher-order marks, the algorithms CSA, FPA, BA and their
modified forms outperforms the other proposed and existing algorithms in
terms of both the ruler length and total occupied channel bandwidth.

F. Performance Comparison of Proposed Algorithms in Terms of
Computational Time

Finding Golomb ruler sequences is an extremely challenging optimization
problem. The OGRs generation by exhaustive parallel search algorithms for
higher-order marks is computationally very time consuming, which took
several hours, months, even years of calculation on the network of several
thousand computers (Distributed.net 0000; Dollas, Rankin, and McCracken
1998; Rankin 1993; Shearer 1998, 2001, 0000). For example, rulers with 20 to
26-marks were found by distributed OGR project (Distributed.net 0000)
which took several years of calculations on many computers to prove the
optimality of the rulers.

This subsection is devoted to report the experimental average CPU time
taken to find either optimal or near-to-optimal Golomb rulers by the pro-
posed nature-inspired algorithms and their comparison with the computa-
tion time taken by existing algorithms (Ayari, Luong, and Jemai 2010; Bansal
2014; Bansal, Kumar, and Bhalla 2013; Distributed.net 0000; Dollas, Rankin,
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and McCracken 1998; Rankin 1993; Shearer 1990; Soliday, Homaifar, and
Lebby 1995). Table 17 reports the average CPU time taken by proposed
algorithms to find near-OGRs up to 20-marks. The experimental CPU time
taken by BB-BC algorithm to find near-OGRs is not reported in (Bansal,
Kumar, and Bhalla 2013). Then, using the same parameter values as men-
tioned in (Bansal, Kumar, and Bhalla 2013), algorithm BB-BC to find near-
OGRs was executed to obtain the average computational CPU time.

In (Soliday, Homaifar, and Lebby 1995), it is identified that to find
Golomb ruler sequences from heuristic-based exhaustive search algorithm,
the times varied from 0.035 s to 6 weeks for 5 to 13-marks ruler, whereas by
non-heuristic exhaustive search algorithms took approximately 12.57 min for
10-marks, 2.28 years for 12-marks, 2.07e+04 years for 14-marks, 3.92e+09
years for 16-marks, 1.61e+15 years for 18-marks and 9.36e+20 years for 20-
marks ruler. In (Ayari, Luong, and Jemai 2010), it is reported that CPU time
taken by Tabu search algorithm to find OGRs is around 0.1 s for 5-marks,
720 s for 10-marks, 960 s for 11-marks, 1913 s for 12-marks and 2516
s (around 41 min) for 13-marks. The OGRs realized by hybrid Genetic
algorithm (Ayari, Luong, and Jemai 2010) took around 5 h for 11-marks, 8
h for 12-marks, and 11 h for 13-marks. The OGRs realized by the exhaustive
search algorithms in (Shearer 1990) for 14 and 16-marks took nearly 1 h and
100 h, respectively, while 17, 18 and 19-marks OGRs realized in (Rankin
1993) and (Dollas, Rankin, and McCracken 1998), took around 1440, 8600
and 36200 CPU hours (nearly 7 months), respectively, on a Sun Sparc Classic
workstation. Also, the near-OGRs realized up to 20-marks by algorithms GA
and BBO (Bansal 2014), the maximum execution time was approximately 31
h i.e. nearly 1.3 days, while for BB-BC (Bansal, Kumar, and Bhalla 2013) the
maximum execution time was around 28 h i.e. almost 1.1 days.

From Table 17, it is noted that for proposed algorithms, the average CPU
time varied from 0.000 s for 3-marks ruler to approximately 27 h for 20-
marks ruler. The maximum and minimum execution time taken by the
proposed algorithms for 20-marks ruler is about 27 and 19 h respectively.
By introducing the concept of mutation and Lévy flight strategies with the
proposed nature-inspired algorithms, the minimum execution time is
reduced to approximately 18 h ie. less than 1 day. This represents the
improvement achieved by the use of proposed optimization algorithms and
their modified forms to find near-OGR sequences. From Table 17, it is
further observed that algorithm FPAM outperforms the other proposed
optimization algorithms in terms of computational time.

Conclusions and Future Work

In this paper, WDM channel allocation algorithm by considering the concept
of OGR sequence is presented. Finding either optimal or near-to-optimal
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Golomb ruler sequences through conventional computing algorithms is
computationally hard problem because as the number of marks increases,
the search for OGRs becomes exponentially more difficult. The aim to use
nature-inspired algorithms is not necessarily to produce perfect results, but
to produce the near-to-optimal results under the given constraints. Even if
exact algorithms are able to find optimal or near-optimal rulers, they remain
unpractical in terms of computational complexity. This paper presented the
application of five recent nature-inspired metaheuristic algorithms (BB-BC,
FA, BA, CSA and FPA) to solve near-OGRs problem. The main technical
contribution of this paper was to formulate the nature-inspired algorithms in
combination with mutation and Lévy flight strategies. The proposed optimi-
zation algorithms have been validated and compared with other existing
algorithms to find near-OGRs. It has been observed that modified forms
(MBB-BC, MFA, MBA, CSAM and FPAM), finds near-OGRs very efficiently
and effectively than their simplified forms. The enumerated near-OGRs were
compared with those enumerated through existing conventional and nature-
inspired algorithms in terms of ruler length, total optical channel bandwidth
and computation time. Simulations and comparison show that the proposed
algorithms and their modified forms are superior to the existing algorithms.
From preliminary results it is also concluded that for large order marks, MFA
outperforms FA and MBB-BC, MBA outperforms MFA and BA, CSAM
outperforms MBA and CSA, while FPAM is slightly outperforms CSAM
and FPA in terms of ruler length, total channel bandwidth, experimental
computation time and maximum number of iterations needed to find near-
OGRs. This implies that FPAM is potentially more superior to all other
proposed algorithms in solving such NP-complete problems in terms of
both efficiency and success rate.

To date, the research done by (Aggarwal, 2001; Atkinson, Santoro, and
Urrutia 1986; Babcock 1953; Bansal 2014; Bansal, Kumar, and Bhalla 2013;
Compunity 0000; Forghieri, Tkach, and Chraplyvy 1995; Forghieri et al.
1994; Hwang and Tonguz 1998; Kwong and Yang 1997; Randhawa, Sohal,
and Kaler 2009; Saaid 2010; Sardesai 1999; Thing, Shum, and Rao 2004;
Tonguz and Hwang 1998) does not show the implementation of their algo-
rithm in real WDM systems in order to see the complexity of realizing the
unequal channel spacing. Although numerous algorithms have been sug-
gested for finding near-OGRs, yet there is no uniformly accepted formula-
tion. So, in order for these algorithms to be of practical use, it is desired that
the performance of these algorithms for higher order OGRs up to about
several thousand channels may be evaluated and may be used to provide
unequal channel spacing in real WDM system. Though this process will be
very time consuming yet this needs be done for this work to be of some use
in the field of communication engineering.
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