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Abstract
This paper presents a comparative study of multiobjective algorithms to solve the routing and wavelength assignment problem in optical
networks. The study evaluates five computational intelligence algorithms, namely: the Firefly Algorithm, the Differential Evolutionary
Algorithm, the Simulated Annealing Algorithm and two versions of the Particle Swarm Optimization algorithm. Each algorithm is assessed
based on the performance provided by two different network topologies under different data traffic loads and with a different number of
wavelengths available in the network. The impact of implementing wavelength conversion processes is also taken into account in this
study. Simulated results show that, in general, the evaluated algorithms appropriately solve the problem in small-sized networks in which
a similar performance was found. However, key differences were found when the size of the network is significant. This means that more
suitable algorithms optimize the search space and the fall into local minimums is avoided.
Keywords: multiobjective algorithms; optical networks; heuristic algorithms; RWA problem.

Estudio comparativo de algoritmos de inteligencia computacional
multiobjetivo para la solución del problema RWA en redes WDM
Resumen
Este artículo presenta un estudio comparativo de algoritmos multiobjetivo para la solución del problema de enrutamiento y asignación de
longitudes de onda en redes ópticas. El estudio evalúa cinco algoritmos de inteligencia computacional, a saber: el algoritmo de luciérnaga,
el algoritmo evolutivo diferencial, el algoritmo de enfriamiento simulado y dos versiones del algoritmo de optimización por enjambre de
partículas. Cada algoritmo se evaluó teniendo en cuenta las prestaciones obtenidas sobre dos topologías de red con diferentes cargas de
tráfico y diferente número de longitudes de onda disponibles. El impacto de incorporar procesos de conversión de longitud de onda también
se tuvo en cuenta en este estudio. Los resultados de simulación muestran que los algoritmos estudiados resuelven apropiadamente el
problema en redes con pocos nodos. Sin embargo, diferencias puntuales se encontraron en redes con un número significativo de nodos, lo
cual hace más apropiados a los algoritmos que optimicen el espacio de búsqueda y eviten caer en mínimos locales.
Palabras clave: algoritmos multiobjetivo; algoritmos heurísticos; problema RWA; redes ópticas.

1. Introduction
Optical fiber has been consolidated as the preferred
means of transmission in today’s high-speed and long
reach data networks. There have been several reasons for
this situation, firstly, the increasing growth of data traffic
consumption, which is expected to continue in the

forthcoming years [1]. Secondly, the optical fiber systems
have reached technological maturity and so they allow
optical networks to be deployed, which are capable of
managing huge amounts of bandwidth while providing
more functions than just point-to-point transmission. These
kinds of networks are known as wavelength-routing
networks; their related advantages are based on some
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switching and routing functions that are performed in the
optical domain. These were previously performed in the
network by electronics. A wavelength-routed network
provides lightpaths to its clients i.e. optical connections
carried end-to-end from a source node to a destination node
using a wavelength on each intermediate link. Depending
on the node capabilities, in some cases the lightpaths may
be converted from one wavelength to another wavelength,
allowing each optical channel to be spatially reused in
different parts of the network. The key aspect of designing
a wavelength-routing network is in the process that
determines the wavelength or set of wavelengths that must
be provided on each link that minimize the probability of
network blocking from a given number of requests. This
aspect is known as the wavelength-dimensioning problem
or Routing and Wavelength Assignment (RWA) problem
when the lightpath routing process is involved in the
general solution of the problem.
In this context, two versions of the RWA problem can be
considered. The first is called the offline RWA problem in
which all the lightpaths are given at once. The solution to this
form of the problem is mainly useful during network
planning stages. However, when the network is operational
the online RWA is a better answer, as the problem has to be
solved for each lightpath at a time.
Solving this issue is not trivial. According to the
computational complexity theory, the RWA problem is
considered to be NP-complete; this means that it cannot be
solved within a polynomial time (the required time to solve
any problem by means of deterministic algorithms). For this
reason, traditional methods using deterministic algorithms
might not be good alternatives to solve the RWA problem.
Some nondeterministic algorithms may offer acceptable
results: heuristic algorithms represent an alternate solution
despite their iterative behavior.
Different approaches from different perspectives have
been proposed to solve the RWA problem. A first approach
was based on Integer Linear Programming (ILP) in which
the routing and wavelength assignment were treated
separately. A description of the routing techniques using
ILP is presented in [2,3] and the methods for routing and
wavelength assignation are widely discussed in [4-10].
Nevertheless, for large networks with broad traffic to
transport, the ILP solutions have shown some drawbacks,
more precisely the potential assignation of a number of
lightpaths to a given node higher than the number of
wavelengths available in the network; something that
brings about network blocking. Heuristic algorithms have
shown to be more efficient in solving the RWA problem
than the ILP approaches; in fact, one of the most used
heuristics is the Tabu search [11]. Another heuristic
method widely used is Genetic Algorithms (GA). Taking
this into consideration, a comparative study between the
GA and the Simulated Annealing (SA) concluded that GA
produced better results. Different proposals have also been
found in the literature to optimize the RWA problem. One
of these is based on Ant Colony (ACO) algorithms, which
have been used to solve both static RWA and dynamic
RWA [12,13]. In this context, an ant-based agents
approach that reduces the blocking probability to 0.33 and

features a traffic load of 60 Erlangs and 8 wavelengths is
presented in [14].
This paper focuses on evaluating the solution to the
online RWA problem using multiobjective theory [15].
The reason for using such a paradigm is due to the
necessity to solve more than one objective and it aims at
finding routes that better adapt to the online requests and
reduce the blocking probability when the network is
operational. The targeted objectives defined in this work
are summarized as follows:
 Shortest number of hops: This is the problem’s main
objective. The shorter the number of lightpaths the fewer
the network resources used.
 Low number of wavelength converters: Reducing the
number of wavelength converters results in both costeffective networks while improving the Signal to Noise
Ratio (SNR).
 Average number of available wavelengths along the path:
This aims at assuring that the algorithm evenly uses all
the nodes in the network, avoiding the overload of
specific nodes.
 Shortest physical path: This aims at reducing the
cumulative delays of the lightpath.
In order to assess the multiobjective optimization
algorithms, an initial solution to the RWA problem that
consists of 30 random paths, the objective of which is to
produce a significant amount of potential solutions in order
to generate the Pareto front, is carried out. The algorithm
to set up the initial paths is based on the work described in
[16], [17]. In this paper, the evaluation of five algorithms
based on multiobjective computational intelligence used to
solve the RWA problem is presented. The performance of
the Firefly Algorithm (FA) [18], the Differential
Evolutionary Algorithm (DEA) [19], the Simulated
Annealing Algorithm (SAA) [20] and two modifications of
the Particle Swarm Optimization (PSO) algorithm [21-24]
will be evaluated by varying the number of available
wavelengths in the network and the amount of nodes
featuring wavelength conversion in two different network
topologies.
2. Multiobjective optimization algorithms
This section presents the multiobjective computational
intelligence algorithms that were considered in the
comparative study, namely: FA, DEA, SAA and PSO.
2.1. Firefly Algorithm (FA)
The firefly algorithm is based on the behavior and
characteristics of the fireflies. A firefly uses a luminescent
flash pattern to attract other fireflies. The higher the
luminescence the firefly exposes, the stronger the attraction.
The algorithm modifies the initial worst solutions (the worst
paths in our context) to bring them closer to the individuals
that perform a better solution i.e. individuals belonging to the
Pareto front. Table 1 shows the pseudocode used for
modeling the FA approach.
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Table 1.
Pseudocode for the Firelfly Algorithm.
//Generate initial population P = {X1, X2, …XN}
FOR i = 1 to N
Xi = Generate_Random_Route ()
End FOR
Define value for constants Alfa, Bo and Gamma
WHILE number_of_Iterations<N1 && timer<10ms
FOR i = 1 to N
FOR j = 1 to N
// if Xj dominates Xi move Xi to Xj
IF Xj dominates Xi
|
|
∑
// Move Xi as long as such movement coincides with a valid route
WHILE
~= Destination_Node
∗

0,1
END WHILE

END IF
END FOR
END FOR
// Update the Pareto vector and evaluates the routes that make
part of the Pareto Front
PARETO(1 … N) = UpdatePareto()
//Evaluate which routes makes part of the Pareto front
FOR ii=1 to N
IF PARETO = Make_part_of_the_ParetoFront
PARETOFRONTii=1
ELSE
PARETOFrontii=0
END IF
END FOR
END WHILE
// Selection among the routes that makes part of the Pareto front, giving
priority to the shortest route
Chosen_Route = Best_route_of_the_ParetoFront(PARETOFRONT)
//update network state matrix
State_of_the_network = update_state()
Source: The Authors

2.2. Differential Evolutionary Algorithm (DEA)
The genetic algorithms have been widely used to solve the
RWA problem due to their relative ease in being implemented.
In this work we propose a modification of the secondgeneration evolutionary algorithm called the Differential
Evolutionary Algorithm [25]. The proposed adaptation aims at
finding solutions following a multiobjective based operation in
order to improve the performance of the solutions for the online
version of the RWA problem. DEA is a modification of the
traditional evolutionary algorithm that keeps a population of
candidate solutions. Then, recombination and mutation
procedures applied to these solutions produce new individuals
to be chosen according to a performance function. In this work
the initial population corresponds to the random lightpaths that
generate the Pareto front, i.e. the performance function. The
mutant population is generated by randomly taking groups of
three individuals following the well-known Rand/1/bin variant
[25,26]. From these recombined individuals, only those who
represent valid lightpaths within the network are chosen. The
generation of a new population is accomplished by comparing
each recombined individual and the parent population; those
individuals who dominate (parent or recombined individual)

Table 2.
Pseudcode for the Differential Evolutionary Algorithm.
//Generate initial population P = {X1, X2, …XN}
FOR i = 1 to N
Xi = Generate_Random_Route()
End FOR
Define value for constants Mut, Crossing_Probability and Gamma
WHILE Number_of_Iterations<N1 && timer<10ms
FOR i = 1 to N
// Three random routes are computed and recombination is accomplished
X1 = choose_random_route()
X2 = choose_random_route()
X3 = choose_random_route()
Mutant= X1 + Mut ( X2 – X3 )
// Recombination with Xi is done and it is evaluated if the route is valid
FOR J=1 to d
IF Crossing_probability < rand(0,1)
Route_Productd = Xid
ELSE
Ruta_Productd = Mutantd
END IF
END FOR
// The best solutions for the next generations is chosen
IF Xi dominates Route_Productd
Xi = Xi
ELSE
Xi = Route_Product
END IF
END FOR
// Update the Pareto vector and evaluates the routes that make part of the
Pareto Front
PARETO(1 … N) = UpdatePareto()
// Evaluate which routes makes part of the Pareto front
FOR ii=1 to N
IF PARETO = Make_part_of_the_ParetoFront
PARETOFRONTii=1
ELSE
PARETOFRONTii=0
END IF
END FOR
END WHILE
// Selection among the routes that make part of the Pareto front, giving
priority to the shortest route
Chosen_Route = Best_route_of_the_ParetoFront(PARETOFRONT)
//update network state matrix
State_of_the_network = update_state()
Source: The Authors

are chosen to be part of the Pareto front. This procedure
guarantees that every new population generated is better than
the previous one. The pseudocode defined for the DEA is
shown in Table 2.
2.3. Particle Swarm Optimization (PSO)
The PSO algorithm is based on the behavior of bees when
they look for areas with a significant amount of pollen [21].
Each particle (bee) carries out a search and memorizes the
best location they found, i.e. they remember the best solution
they have discovered. In addition, each particle commits to
memory the best solution provided by k amount of informers
that they are connected to. The model is called lbest for low
values of k and gbest for values of k as high as the swarm
size. Both models were evaluated in this work, k=5 was used
in the context of lbest (low number of particles with the basic
amount of informers to carry out an efficient search), whereas
k=30 was used to model gbest (each particle has as informers
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Table 3.
Pseudocode for the Particle Swarm Optimization Algorithm.
//Generate initial population P = {X1, X2, …XN}
FOR i = 1 to N
Xi = Generate_Random_Route()
End FOR
Define value for constants w, c1 and c2
FOR i = 1 to N
Vi = 0
Pi = Xi
// use method to find Gi in each neighboohood.
Gi = UpdateGi()
End FOR
WHILE Number_of_Iterations<N1 && timer<10ms
FOR i = 1 to N
// Move Xi and Vi
1∗
0,1 ∗
2∗
0,1 ∗

Table 4.
Pseudocode for the Simulated Annealing Algorithm.
//Generate initial Population = {X1, X2, …XN}
FOR i = 1 to N
Xi = Generate_Random_Route()
End FOR
// Update the Pareto vector of the initial routes
PARETO(1 … N) = UpdatePareto()
Define value for constants Initial_temperature, Final_temperature, alfa y
N_iteraciones
Temp_actual= Initial_temperature
WHILE Temp_actual > Final_Temperature && timer<10ms
FOR i = 1 to N_iterations
//Generate random population P = {XX1, XX2, …XXN}
FOR i = 1 to N
XXi = Generate_Random_Route()
END FOR
// Update Pareto vector of routes XX
PARETOXX(1 … N) = UpdatePareto()
0
FOR i = 1 to N
//Evalaute which generated routes are better than
the former created
// and assings value to delta
IF Xi dominates XXi
|
|

//Update Pi
IF

dominates Pi
Pi =
END IF

END FOR
// method to update Gi in each neighborhood.
Gi = UpdateGi()
END WHILE
// Selection among the routes that make part of the Pareto front and
belong to Gi, giving priority to the shortest route
Chosen_Route = Best_route (Gi)
// update network state matrix
State_of_the_network = update_state()
Source: The Authors

∑
ELSE
1
END IF
// with the value of delta a probability is assigned
to update new routes
IF delta < 0

the remaining particles). Also, in the context of the proposed
multiobjective algorithm, Vi is the velocity of the particle Xi,
Pi is the best solution found by Xi and Gi is the best solution
found by the swarm. The pseudocode to model the PSO
algorithm is shown in Table 3.
2.1. Simulated Annealing Algorithm (SAA)
The simulated annealing algorithm is inspired by the
annealing process of steel and ceramics in which the physical
properties of the material is modified through heating (atoms
increase its energy) and there is a subsequent controlled slow
cooling processes (higher probabilities to re-crystallize in
configurations featuring a lower energy than that featured at the
beginning of the process). This procedure leads to a slow
decrease in the probability of accepting worse solutions as it
explores the solution space. For the sake of proposing an
approach that follows multiobjective theory, random solutions
are used instead of neighbor solutions. These solutions will be
constantly compared with the initial results in order to expand
the search space during the cooling process.
The SAA works on every one of the 30 initial lightpaths,
i.e. each lightpath is compared with 30 different paths that are
generated in the same way as the initial solution at every
moment during the cooling process. If a solution generated in
a given iteration is better than the initial, then the lightpath is
updated, otherwise a probability is assigned for the particular
lightpath to be chosen. The pseudocode for SAA is shown in
Table 4.

ELSE
_

IF

0,1

END IF
END IF
END FOR
//Update temperature
Temp_actual = Temp_actual * alfa
END WHILE
// Update Pareto vector and evaluates routes that make part of the Pareto front
PARETO(1 … N) = UpdatePareto()
//Evaluate which routes make part of the Pareto front
FOR ii=1 to N
IF PARETO = Make_part_of_ParetoFront
PARETOFRONTii=1
ELSE
PARETOFRONTii=0
END IF
END FOR
// Selection among the routes that make part of the Pareto front, giving
priority to the shortest route
Chosen_Route = Best_route_of_the_ParetoFront(PARETOFRONT)
//update network state matrix
State_of_the_network = update_state()
Source: The Authors

3.

Topology and traffic characteristics

In order to evaluate the proposed optimization algorithms,
the conducted simulations were performed based on the
topology characteristics of the National Science Foundation
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distribution with a mean T of 50 seconds was used.

x

1



ln1   

(4)

1

(5)

Where T is defined by:
T

4.

Figure 1. Network topologies used in the conducted simulations. (a) NSF
Network. (b) NTT Network.
Source: The Authors

Network (NSFNet). This consists of 14 nodes and 42 optical
links and the Nippon Telegraph and Telephone Network (NTT)
that is comprised of 55 nodes and 144 links [27]. The significant
differences in the number of nodes and links allow a more
comprehensive understanding of the capabilities and
performances of the evaluated algorithms. Fig. 1 shows the
topology of the two networks considered in this work.
The evaluation of the algorithms is based on the
normalized traffic load that is present in the networks. The
normalized load in Erlangs is given by:
(1)
Load   total T
Where T is the average time during which a given
lightpath is active in the network, N is the initial number of
nodes that generate traffic and λtotal is the average number of
requests per unit of time that depends on the average number
of requests from the initial node n (λn) as follows:

total  n N

(2)

In the context of this work, the online traffic is defined
following a Poisson distribution such as that seen in
[13,18,28,29]. Thus, the probability that k requests per unit
time generated using λn is:

 k , n  

e n n
k!

k

(3)

Once the number of requests per unit of time is chosen,
the destination nodes are selected following a uniform
distribution. Each request must state the amount of time for
which it will be active. In this work an exponential



Experimental results

Once the network topology and the data traffic are defined,
the modeled algorithms are contrasted based on the capacity of
the network to perform wavelength conversion. With this feature,
a lightpath may be set up in such a way that several wavelengths
are used along the path, which, in turn, provides flexibility to the
network as the probability to set up such a lightpath is increased.
The simulations conducted involved configurations in both
network topologies featuring Full Wavelength Conversion
(FWC), Limited Wavelength Conversion (LWC) and No
Wavelength Conversion (NWC). FWC implies that all the nodes
in the network have the capability to perform wavelength
conversion while in LWC only some nodes have such capacity.
NWC means that wavelength conversion processes are not
performed in the network. The number of wavelengths available
in the network was 8, 16 and 32 respectively, with traffic loads
ranging from 0.28 to 0.83. The availability of optical channels is
examined for the FWC, LWC and NWC configurations in the
NSF Network. Performance results for the evaluated algorithms
are shown in Fig. 2, 3, and 4 respectively. Fig. 2 shows the
blocking probability as a function of the normalized load for the
8 wavelengths available on the network. Note that at high traffic
loads, NWC leads to roughly 57% of blocking probability,
whereas FWC derives approximately 42%. Overall, for 8
wavelength channels, the blocking probability is improved by
15% when the load is high (>0.8), 20% for medium traffic loads
(0.5) and 13% for lost traffic loads (<0.3). As can be seen, the
highest improvement is obtained in the medium zone, i.e. when
the channel operates at half of its capacity. Low traffic loads lead
to few inputs for the algorithms to find the best solution while the
high traffic demand featured at high loads does not allow the
algorithms to find an appropriate solution within the short time
interval of each request. As far as the behavior of the evaluated
algorithms is concerned, negligible differences between them
were found in the FWC configuration. For NWC and LWC, the
DEA and SAA respectively had a lower performance in
comparison with the remaining algorithms.
When the networks incorporate 16 wavelengths, the
blocking performance is improved, as can be seen in Fig. 3.
Note that at high traffic load for NWC, the blocking
probability is reduced to 28% (this is 29% less than the value
obtained with 8 wavelengths).
It was also found that for medium to low traffic loads, the
blocking probability is very low (less than 5%), while for
medium to high loads the LWC and FWC configurations led
to blocking probabilities that were lower than 12%. These
had negligible differences between the evaluated algorithms
in FWC. In this context, despite minimum differences in the
obtained results, the algorithm that derived the lower
performance was the SAA, while the best performance was
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Figure 2. Blocking probability for the NSF network with 8 wavelength channels
featuring NWC (dotted lines), LWC (dashed lines) and FWC (solid lines).
Source: The Authors

given by PSO lbest. Results obtained for the availability of
32 wavelengths in the network are shown in Fig. 4. While the
LWC and FWC led to no blocking events, the NWC
presented values as low as 0.35% at high traffic loads. Again,
the SAA was the one with the lower performance.
Table 5 summarizes the blocking probability featured by
the algorithms studied in low, medium and high traffic loads
under NWC, LWC and FWC schemes with 8, 16 and 32
wavelengths.
As mentioned above, the algorithms were also evaluated in
the topology characteristics of the NTT network. In order to
give a comparative framework, the evaluation undertaken
followed the same procedures and configuration that was
accomplished in the NSF network. Fig. 5 shows the results for
8 wavelengths. Note that the fact of having more nodes and
more links makes the NWC, LWC and FWC results more
uniform, resulting in a rough average difference of 10%
between the NWC and FWC configurations. Note that SAA
presents a significantly different performance compared with
the other algorithms, mainly for the NWC and LWC. It should
be pointed out that for the LWC configuration, SAA has a
similar performance to the FA in the NWC configuration. This
fact demonstrates that SAA needs more network resources to
offer functionalities similar to the remaining algorithms when
the size of the network is significant. Also, note that blocking
events appear for low traffic loads. This is caused by a low
number of resources (wavelength channels) available in the
moment of setting up the lightpaths. The blocking probability
when the network uses 16 wavelengths is shown in Fig. 6. With
this arrangement, the low performance of SAA in NWC, LWC
and FWC configurations is more noticeable. Also, the blocking
probability for a low traffic load falls to zero and the FWC
leads to uniform behavior of the evaluated algorithms. A
reduction of 17% for the blocking probability at high traffic
loads (>0.8) in comparison to the NWC performance results
was found.

Figure 3. Blocking probability for the NSF network with 16 wavelength channels
featuring NWC (dotted lines), LWC (dashed lines) and FWC (solid lines).
Source: The Authors

Figure 4. Blocking probability for the NSF network with 32 wavelength
channels featuring NWC, LWC and FWC.
Source: The Authors

Figure 5. Blocking probability for the NTT network with 8 wavelength
channels featuring NWC (dotted lines), LWC (dashed lines) and FWC (solid
lines).
Source: The Authors
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Table 5.
Blocking probability in the NSF network with 8, 16 and 32 wavelengths for low, medium and high traffic loads
No Wavelength Conversion
8
16 
32 
PSO
PSO
PSO
PSO
PSO
PSO
Load
DEA
FA
SAA
DEA
FA
SAA
DEA
FA
lbest
gbest
lbest
gbest
lbest
gbest
0.28
0.140
0.127
0.108
0.145
0.127
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.54
0.444
0.436
0.418
0.422
0.431
0.096
0.091
0.098
0.094
0.087
0.000
0.000
0.000
0.000
0.83
0.576
0.568
0.557
0.579
0.568
0.279
0.277
0.283
0.293
0.284
0.002
0.002
0.002
0.003
Limited Wavelength Conversion
8
16 
Load
DEA
FA
PSO lbest
PSO gbest
SAA
DEA
FA
PSO lbest
PSO gbest
0.28
0.034
0.029
0.017
0.028
0.038
0.000
0.000
0.000
0.000
0.54
0.333
0.335
0.311
0.336
0.346
0.007
0.004
0.004
0.004
0.83
0.508
0.491
0.487
0.501
0.509
0.147
0.143
0.127
0.151
Full Wavelength Conversion
8
16 
Load
DEA
FA
PSO lbest
PSO gbest
SAA
DEA
FA
PSO lbest
PSO gbest
0.28
0.002
0.001
0.004
0.002
0.002
0.192
0.000
0.000
0.000
0.54
0.240
0.240
0.252
0.250
0.235
0.384
0.000
0.000
0.000
0.83
0.435
0.447
0.444
0.448
0.438
0.577
0.038
0.034
0.031

SAA
0.000
0.000
0.003

SAA
0.000
0.008
0.157

SAA
0.000
0.000
0.036

Source: The Authors

Figure 6. Blocking probability for the NTT network with 16 wavelength
channels featuring NWC (dotted lines), LWC (dashed lines) and FWC (solid
lines).
Source: The Authors

This comparative study, a significant number of
wavelength resources in networks with a substantial number
of nodes and links are shown in Fig. 7. Primarily, negligible
differences were found in the LWC and FWC for all the
evaluated algorithms except SAA. This showed the lowest
performance, being up to an 8% less efficient for LWC
configuration, PSO lbest is consistent and had a good
performance. The blocking probability is, in general, reduced
to values lower than 4% for LWC at high traffic load and
nearly to zero for FWC configuration. Besides SAA, all the
algorithms present no blocking from medium to low traffic
loads in both LWC and FWC.
In order to make the outcomes clearer, Table 6
summarizes the blocking probability featured by the studied

Figure 7. Blocking probability for the NTT network with 32 wavelength
channels featuring NWC (dotted lines), LWC (dashed lines) and FWC (solid
lines).
Source: The Authors

algorithms in low, medium and high traffic loads under
NWC, LWC and FWC schemes with 8, 16 and 32
wavelengths.
5.

Conclusions

Five heuristic algorithms based on multiobjective
optimization were described and evaluated in this paper. The
algorithms allow the problem of wavelength and routing
assignment in optical networks to be solved from a dynamic
behavior perspective. Each one of the evaluated algorithms
offered positive results f to minimize, for example, the distance
between nodes, number of hopes and availability of wavelength
channels. These were taken into account simultaneously in order
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Table 6.
Blocking probability in the NTT network with 8, 16 and 32 wavelengths for low, medium and high traffic loads
No Wavelength Conversion
8
PSO
lbest
0.28
0.262
0.262
0.258
0.54
0.448
0.437
0.446
0.83
0.544
0.527
0.530
Limited Wavelength Conversion
8
PSO
Load
DEA
FA
lbest
0.28
0.121
0.125
0.123
0.54
0.369
0.359
0.354
0.83
0.483
0.488
0.479
Full Wavelength Conversion
8
PSO
Load
DEA
FA
lbest
0.28
0.078
0.092
0.079
0.54
0.313
0.319
0.321
0.83
0.455
0.450
0.455
Source: The Authors
Load

DEA

FA

PSO
gbest
0.263
0.436
0.544

PSO
gbest
0.126
0.363
0.496

PSO
gbest
0.082
0.330
0.440

SAA

DEA

FA

0.316
0.488
0.573

0.090
0.254
0.365

0.086
0.270
0.370

SAA

DEA

FA

0.208
0.429
0.519

0.001
0.105
0.245

0.002
0.124
0.257

SAA

DEA

FA

0.095
0.351
0.476

0.000
0.063
0.188

0.000
0.057
0.197

to provide a closer approximation to the operation of a real
network. The algorithms were evaluated based on the traffic
load presented in the network, thus, normalized loads from
0.28 to 0.83 were set up by changing the mean time duration
of each lightpath. In general, the multiobjective nature of the
evaluated algorithms appropriately solved the RWA
problem, and similar results were found in all cases.
However, the best results were given by the PSO lbest as each
one of the six swarms used in the configuration carry out
searches all over the optimization space. This fact avoided
that the potential routes that could be chosen were not
blocked or held back in a local minimum.
The available number of wavelengths, along with the
capability of wavelength conversion, is an important feature
to be implemented in optical networks. This feature allows
the significant reduction of network blocking by reusing
optical channels all along the end-to-end path. The
wavelength conversion process allows the network control
and management subsystem of the optical networks to be
more adaptive to traffic changes while supporting better high
data traffic loads.
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