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Abstract Traffic grooming in optical networks is the process of multiplexing and demultiplexing low-speed traffic streams onto high-speed wavelengths. The research in the domain of traffic grooming mainly focuses on minimizing number of SONET add/drop multiplexers (SADMs) in SONET/WDM rings and it has been shown that they can potentially be reduced by careful assignment of low-speed traffic streams onto high speed wavelengths. However, the cost of the network not only depends on the number of SADMs. The number of wavelengths and the grooming ratio also have contribution to the cost of a network. It is often the case that all of them cannot be minimized simultaneously. In this article, the problem of minimization of cost of a SONET/WDM unidirectional ring has been modeled as a multiobjective optimization problem which simultaneously minimizes the number of SADMs, the number of wavelengths, and the grooming ratio. A popular multiobjective genetic algorithm (NSGA-II) has been used as the underlying optimization tool. The resultant set of near-Pareto-optimal solutions contains a number of non-dominated solutions, which the user can judge relatively and pick up the most promising one according to the problem requirements. Performance of the proposed Utpal Biswas and Anirban Mukhopadhyay Department of Computer Science and Engineering University of Kalyani, Kalyani-741235, India E-mail: {utpal01in,anirbanbuba}@yahoo.com Ujjwal Maulik Department of Computer Science & Engineering Jadavpur University, Kolkata-700032, India E-mail: [email protected] Mrinal Kanti Naskar Department of Electronics & Telecommunication Engineering Jadavpur University, Kolkata-700032, India E-mail: [email protected]



algorithm has been demonstrated on different network topologies. Keywords Wavelength Division Multiplexing · Traffic grooming · SONET Add/Drop Multiplexers · Grooming ratio · Multiobjective Genetic algorithm · Pareto-optimality.



1 Introduction The modern optical fiber communication is equipped with wavelength division multiplexing (WDM) technology where the whole bandwidth of an optical fiber is divided among a number of non-overlapping wavelengths [1]. Each such wavelength is capable of carrying highspeed optical data. In recent years, the bandwidth of a wavelength has been increased from 2.5 Gbps (OC48) to 10 Gbps (OC-192) and likely to be increased upto 40 Gbps (OC-768) in near future [2–4]. Thus, the bandwidth capacity on a wavelength is too large for certain traffic requirements. Hence, it is required to share the capacity a single wavelength among multiple traffic streams with lower capacity requirements. One such approach to provide fractional wavelength capacity is to split a wavelength in multiple time slots and multiplex traffic on the wavelength. Therefore, each wavelength running at the line rate of OC-N will now carry several low-speed OC-M (M < N) traffic channels in time division multiplexing (TDM) fashion. For example, an OC48 line can carry sixteen OC-3 channels. The resulting networks are called WDM traffic grooming networks. The ratio of N to the smallest value of M is called the grooming ratio [4–9]. With the employment of WDM technology, multiple rings can be supported on a single fiber ring. In
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such architecture, each wavelength independently carries a SONET ring. Each SONET ring can further support multiple low-speed streams. At every node in the SONET/WDM ring, a Wavelength Add/Drop Multiplexer (WADM) adds and drops or bypasses traffic on any wavelength. Each node has a SONET add/drop multiplexer (SADM) for each wavelength to add/drop low-speed streams on this wavelength. An SADM for a wavelength is required at a node only if there is traffic generating or terminating at this node on this wavelength [7]. Thus careful grooming of low-speed traffic can reduce the electronic multiplexing cost. Most of the related works have focussed on minimizing the number of SADMs in SONET/WDM rings [5,6,8–11], which is proven to be NP-complete [10]. However, the total cost of an optical network not only depends on the cost of SADMs but also on the cost of wavelengths and the grooming ratio. Because the number of wavelengths and the grooming ratio has direct relationship with the bandwidth of the network. As they increase, the bandwidth requirement also increases [12]. Often it is not possible to minimize all of these three cost components at the same time. Therefore, the problem is to combine different low speed traffic streams into high-speed wavelengths in such a manner that each of the number of SADMs, number of wavelengths and grooming ratio is minimized. Genetic Algorithms (GAs) [13–17] are randomized search and optimization techniques guided by the principles of evolution and natural genetics, and have a large amount of implicit parallelism. They provide near optimal solutions of an objective or fitness function in complex, large and multimodal landscapes. In GAs, the parameters of the search space are encoded in the form of strings (or, chromosomes). A fitness function is associated with each string that represents the degree of goodness of the solution encoded in it. Biologically inspired operators like selection, crossover and mutation are used over a number of generations for generating potentially better strings. A GA based minimization of SADMs in unidirectional rings has been proposed in [5]. In this article, the problem of minimization of cost of a SONET/WDM unidirectional ring has been modelled as a multiobjective optimization (MOO) problem [18–23] which simultaneously minimizes the number of SADMs, the number of wavelengths, and the grooming ratio. In MOO, search is performed over a number of, often conflicting, objective functions. In contrast to single objective optimization, which yields a single best solution, in MOO the final solution set contains a number of Pareto-optimal solutions, none of which can further be improved on any one objective without degrading it in another. NSGA-II [19,24], a popular elitist



multiobjective GA, is used as the underlying optimization strategy. Three objective functions, viz., number of SADMs, number of wavelengths, and grooming ratio have been optimized simultaneously. Performance of the proposed algorithm has been demonstrated on several ring topologies with different traffic request pattern to establish its effectiveness.



2 Multiobjective Optimization In many real world situations there may be several objectives that must be optimized simultaneously in order to solve a certain problem. This is in contrast to the problems addressed by conventional GAs which involve optimization of a single criterion. The main difficulty in considering multiobjective optimization is that there is no accepted definition of optimum in this case, and therefore it is difficult to compare one solution with another one. In general, these problems admit multiple solutions, each of which is considered acceptable when the relative importance of the objectives is unknown. The best solution is subjective and depends on the need of the designer or decision maker. Traditional search and optimization methods such as gradient descent search, and other non-conventional ones such as simulated annealing are difficult to extend as they are to multiobjective case, since their basic design precludes the consideration of multiple solutions. On the other hand, the population based methods like evolutionary algorithms are well suited for handling such situations. The multiobjective optimization can be formally stated as [18,20]: Find the vector x∗ = [x∗1 , x∗2 , . . . , x∗n ]T of decision variables which will satisfy the m inequality constraints: gi (x) ≥ 0,



i = 1, 2, . . . , m,



(1)



the p equality constraints hi (x) = 0,



i = 1, 2, . . . , p,



(2)



and optimizes the vector function f (x) = [f1 (x), f2 (x), . . . , fk (x)]T .



(3)



The constraints given in Eqns. (1) and (2) define the feasible region F which contains all the admissible solutions. Any solution outside this region is inadmissible since it violates one or more constraints. The vector x∗ denotes an optimal solution in F. In the context of multiobjective optimization, the difficulty lies in the definition of optimality, since it is only rare that we will find a situation where a single vector x∗ represents the optimum solution to all the objective functions.
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The concept of Pareto optimality is useful in the domain of multiobjective optimization. A formal definition of Pareto optimality from the viewpoint of minimization problem may be given as follows: A decision vector x∗ is called Pareto-optimal if and only if there is no x that dominates x∗ , i.e., there is no x such that ∀i ∈ {1, 2, . . . , k}, fi (x) ≤ fi (x∗ ) and ∃i ∈ {1, 2, . . . , k}, fi (x) < fi (x∗ ). In other words, x∗ is Pareto-optimal if there exists no feasible vector x which causes a reduction on some criterion without a simultaneous increase in at least one other. In this context, two other notions, weakly nondominated and strongly non-dominated solutions are defined [18,20]. A point x∗ is a weakly non-dominated solution if there exists no x such that fi (x) < fi (x∗ ), for i = 1, 2, . . . , k. A point x∗ is a strongly non-dominated solution if there exists no x such that fi (x) ≤ fi (x∗ ), for i = 1, 2, . . . , k, and for at least one i, fi (x) < fi (x∗ ). In general, Pareto optimum usually admits a set of solutions called non-dominated solutions. There are different approaches to solving multiobjective optimization problems [18,20], e.g., aggregating, population based non-Pareto and Pareto-based techniques. In aggregating techniques, the different objectives are generally combined into one using weighting or goal based method. Vector Evaluated Genetic Algorithm (VEGA) is a technique in the population based non-Pareto approach in which different subpopulations are used for the different objectives. Multiple objective GA (MOGA), Non-dominated Sorting GA (NSGA) and Niched Pareto GA (NPGA) constitute a number of techniques under the Pareto based approaches. However, all these techniques, described in [18] were essentially non-elitist in nature. Application of elitism ensures that the best solutions discovered so far are not lost, while in the non-elitist version, this is not the case. In the context of multiobjective genetic optimization, elitism means that the non-dominated solutions among the parent and child populations are propagated to the next generation. NSGA-II [24], Strength Pareto Evolutionary Algorithm (SPEA) [25] and SPEA2 [26] are some recent developed multiobjective elitist techniques. In this article, NSGA-II has been used in this article for developing the proposed multiobjective algorithm for simultaneous minimization of SADMs, wavelengths and grooming ratio.



3 Multiobjective Traffic Grooming Problem Formulation In this section, a formulation of the problem of minimizing number of SADMs, wavelengths, and grooming ratio is given. A unidirectional SONET/WDM ring network with N nodes is considered. An SADM is needed at a node for some wavelength only if some of the traffic contained in that wavelength is originated from, or destined to, that node. Suppose N nodes in the network are labeled from 1 to N in the clockwise direction. The input traffic request is given by a set of source-destination node pairs, R = {(si , di ) : 1 ≤ si , di ≤ N, 1 ≤ i ≤ |R|}, where each pair (si , di ) denotes the requirement of a single low-speed, unidirectional traffic stream from node si to di . The solution is to find a suitable wavelength assignment W = {li : 1 ≤ i ≤ |R|}, where wavelength li is assigned to traffic stream (si , di ), such that the total number of SADMs, the number of wavelengths and the grooming ratio needed are minimized. For a wavelength assignment W = {li }, the total number of SADMs needed can be computed as following. Let SADMnw be a binary variable that is true if an SADM is required at a node n for a wavelength w, where 1 ≤ n ≤ N and w ∈ unique(W ). Here unique(W ) denotes the minimal unique set of wavelengths from W .   1 if node n needs an SADM       for wavelength w SADMnw = (4)    0 if node n does not need     an SADM for wavelength w. An SADM for wavelength w is needed at node n only if node n is the source or destination of any traffic stream using wavelength w. Therefore, for each pair of (n, w), the value of the variable SADMnw can be computed as: ( 1 if (si = n or di = n) and li = w (5) SADMnw = 0 otherwise,



where (si , di ) ∈ R. Hence, the total number of SADMs S(W ) needed for the traffic assignment W is given by S(W ) =



N L(W X X)



SADMnw ,



(6)



n=1 w=1



where L(W ) is the total number of wavelengths and is given as L(W ) = |unique(W )|.



(7)
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The minimum grooming ratio that can support above traffic request with the wavelength assignment W = {li }, can be obtained as follows: The link from node n to (n mod N ) + 1 is traversed by all low-speed traffic streams (si , di ) ∈ R, where (si ≤ n < di ), or (n < di < si ), or (di < si ≤ n). Therefore, the load on the wavelength w on the link n → (n mod N ) + 1 is given by |LDnw |, where the set LDnw is given as:



(a)



LDnw = {(si , di ) : [(1 ≤ si ≤ n < di ≤ N ), or (1 ≤ n < di < si ≤ N ), or (1 ≤ di < si ≤ n ≤ N )] and [li = w],



(8)



(si , di ) ∈ R, 1 ≤ i ≤ |R|}. Hence, the minimum grooming ratio g(W ) that supports the traffic assignment is given by: g(W ) =



max



1≤n≤N,1≤w≤L(W )



{|LDnw |}.



(9)



(b)



The problem of minimizing the cost of unidirectional SONET/WDM rings using traffic grooming can now be formulated as: (c)



Minimize PN PL(W ) 1. S(W ) = n=1 w=1 SADMnw , 2. L(W ) = |unique(W )|, and 3. g(W ) = max1≤n≤N,1≤w≤L(W ) {|LDnw |}. subject to: SADMnw ∈ {0, 1} and SADMnw is an integer variable.



4 Proposed Multiobjective Traffic Grooming Algorithm In this section, the proposed NSGA-II based multiobjective traffic grooming (MOTraG) algorithm to solve the problem stated in the previous section is discussed. Each step of the algorithm has been described in detail.



4.1 Chromosome Representation and decoding In MOTraG, each chromosome consists of |R| genes and each gene may take allele values j in the range {1, 2, . . . , |R|}. Hence, if the ith gene is assigned to the allele value j, it is interpreted as a link between two traffic requests i and j. In the resulting traffic assignment solution, they will be assigned the same wavelength. The decoding of this representation requires the identification of all connected components. All traffic streams



Fig. 1 Encoding and decoding procedure: (a) Chromosome representation, (b) Corresponding connected graphs, (c) Corresponding wavelength assignment.



belonging to the same connected component are then assigned to the same wavelength. Note that this decoding step can be performed in linear time [27]. Fig. 1 illustrates the encoding scheme. In Fig. 1(a), an example traffic request pattern (represented by a set of source-destination pairs) is shown for a eight-node ring. An example chromosome is also shown. Fig. 1(b) demonstrates the formation of the graph for the corresponding chromosome in Fig. 1(a). Node i in the graph denotes the ith traffic stream request (i.e., the ith sourcedestination pair). As evident from Fig. 1(a), the first source-destination pair is assigned an allele value 1. Hence node 1 in the graph has an edge to itself. Similarly, as the second source-destination pair has allele value 3, the node 2 in the graph has an edge to node 3. This way all the edges are drawn. From Fig. 1(b), it is evident that there are three different connected components of the graph, which indicates that for this chromosome, three wavelengths are required. The final decoding step is shown in Fig. 1(c), where the nodes (traffic streams or source-destination pairs) in a connected component are assigned to the same wavelength. Therefore, traffic streams 1, 2 and 3 are assigned to wavelength 1, traffic streams 5, 6, and 8 are assigned to wavelength 2 and the traffic streams 4 and 7 are assigned to wavelength 3.
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The initial population of has been formed by generating random chromosomes. The population size has been kept constant throughout the genetic process. 4.2 Fitness Computation To compute the fitness functions, first a chromosome is decoded as discussed in Section 4.1. Thereafter, as discussed in Section 3, the three objective values are computed as per Eqns. 6, 7 and 9, respectively. As an example, let us compute the fitness values of the chromosome in Fig. 1(a). It is evident from Fig. 1(c) that the final wavelength assignment is obtained as W = {1 1 1 2 3 3 2 3}. Using Eqn. 5, the computed SADMnw matrix will be given by:   w1 w2 w3  n1 1 0 0     n2 1 1 1     n3 1 1 1    SADMnw =  1 0 0   n4   n5 0 1 1     n6 0 1 1     n7 0 0 1  n8



0



0



Fig. 2 The wavelength assignment of the traffic streams of the eight-node unidirectional (clockwise) ring as obtained by decoding the example chromosome of Fig. 1. The different traffic streams are shown and the wavelength chosen for them are marked using different line styles.



crossover is chosen because it is unbiased to the ordering of the genes. The crossover operation is controlled by a crossover probability µc .
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Hence, according to the Eqn. 6, the first objective value S(W ) (the number of SADMs) for this chromosome will be the number of 1s in the SADMnw matrix, i.e., 14. The second objective value L(W ) (the number of wavelengths) can be easily computed using Eqn. 7. For the example chromosome considered here, the second objective value is the number of unique wavelengths in W , i.e., 3. To compute the third objective value g(W ) (the grooming ratio), consider the Fig. 2, which shows the traffic streams (as in Fig. 1) using different lines for the eight-node unidirectional (clockwise) ring considered here. The wavelength assignments to different traffic streams are also marked using different line styles. As is evident from Fig. 2, the grooming ratio needed to satisfy the wavelength assignment is 3, since three traffic streams pass through the link from node 6 to 7 and all of them use wavelength w3. Hence the third objective value g(W ) is 3. 4.3 Crossover In this article uniform crossover operator has been used. In uniform crossover, two chromosomes exchange genetic materials in some random positions depending on a mask. The crossover mask is generated randomly. Two offsprings are generated in a crossover event. Uniform



Fig. 3 Illustration of the crossover procedure.



Fig. 3 illustrates the crossover operation. The two parent chromosomes are P arent1 = {1 3 1 4 6 6 4 5} and P arent2 = {3 2 5 2 1 2 8 7}. The top to pictures of Fig. 3 show the traffic assignment graphs of these two parents. The example crossover operation uses a random mask {1 0 1 1 0 0 1 1}. By exchanging the genes of the positions where mask value is 1, the two children generated are child1 = {3 3 5 2 6 6 8 7} and child2 = {1 2 1 4 1 2 4 5}. The traffic assignment graphs corresponding to the two children are shown in the bottom two pictures of Fig. 3. Below, we have shown how the crossover operation takes place and the positions
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where the genes are exchanged. P arent1 = {|1| 3 |1| |4| 6 6 |4| |5|} P arent2 = {|3| 2 |5| |2| 1 2 |8| |7|}



the different solutions to the grooming problem. The algorithm has been run for a fixed number of generations.



mask =



{|1| 0 |1| |1| 0 0 |1| |1|}



5 Experimental Results



child1 = child2 =



{|3| 3 |5| |2| 6 6 |8| |7|} {|1| 2 |1| |4| 1 2 |4| |5|}



In this section, the experimental results are discussed for two ring networks having eight and twelve nodes, respectively. For each network, random request set is generated and the performance of MOTraG is demonstrated in detail.



4.4 Mutation The mutation operator works as following: two random genes are chosen from the chromosome and their positions are interchanged. For each chromosome chosen to be mutated, this process is repeated for ⌈ |R| N ⌉ times (assuming |R| > N ), where |R| is the number of traffic requests and N is the number of nodes in the ring. The mutation of a chromosome is done depending on the mutation probability µp .



5.1 Input Parameters The proposed MOTraG algorithm is run for 50 generations with population size 50. The crossover probability (µc ) is taken as 0.8 and the mutation probability is taken as 0.1. These values are chosen after several experiments. The input request pattern are generated randomly.



5.2 Results for the Unidirectional Ring with 8 nodes



Fig. 4 Illustration of the mutation procedure.



The mutation process is illustrated in Fig. 4. The left picture of the figure shows the parent chromosome P arent = {1 3 1 4 6 6 4 5} and the corresponding traffic assignment graph. The 2nd and 5th genes have been chosen randomly and their positions have been interchanged to yield the child chromosome Child = {1 6 1 4 3 6 4 5}. The right picture of Fig. 4 shows the child’s corresponding traffic assignment graph. Below, we have demonstrated how he mutation operation takes place showing the gene positions interchanged. P arent = {1 |3| 1 4 |6| 6 4 5} Child = {1 |6| 1 4 |3| 6 4 5} In MOTraG, the crowded binary tournament selection method used in NSGA-II [24] has been used for selection. The most characteristic part of NSGA-II is its elitism operation, where the non-dominated solutions among the parent and child populations are propagated to the next generation. For details on the different genetic processes, the reader may refer to [24]. The nearPareto-optimal solutions of the last generation provide



A randomly generated request pattern T1 is considered here. In T1 , maximum four traffic streams are allowed between any node pair. There are total 109 low-speed requests that have to be groomed. The traffic matrix T1 is shown in Eqn. 10.  0 3  2  4 T1 =  2  3  1 2



0 0 1 2 1 3 4 3



1 1 0 2 1 3 3 1



1 3 1 0 3 1 2 2



3 2 2 1 0 3 0 0



2 3 0 1 1 0 3 0



0 3 3 4 3 2 0 2



 3 2  3  2 . 1  2  2



(10)



0



A typical run of MOTraG algorithm generated 50 non-dominated solutions for this traffic assignment problem. Among the 50 solutions, 8 unique non-dominated solutions are reported in Table 1. The minimum number of SADMs produced is 13 and for that solution, number of wavelengths and grooming ratio are respectively 2 and 59. This solution also provides the minimum number of wavelengths. The solution that provides the minimum grooming ratio (7), also provides the maximum number of SADMs (87) and maximum number of wavelengths (13). In general, it has been noticed that both the number of SADMs and the number of wavelengths are almost



7 Table 1 Final unique non-dominated solutions produced by MOTraG for an 8-node unidirectional ring SADMs 13 16 21 24 31 35 37 50



Wavelengths 2 2 3 3 4 5 5 8



0.35



Grooming ratio 59 42 30 22 21 19 18 16



0.3



0.25



0.2



simultaneously minimized. However, the grooming ratio has a contradictory behaviour with these two objectives. This is evident from Fig. 5, where the average values of each objective have been shown at each generation. In order to show the correlation among them clearly, the values are normalized between 0 and 1. It appears from the figure that for almost all the cases, minimization of wavelengths corresponds to the minimization of SADMs and vice versa. Also the contradictory nature of grooming ratio is noticed from the figure, as the grooming ratio increases with the decrease in wavelengths and SADMs, and the grooming ratio decreases with the increase in wavelengths and SADMs. The behaviour of the objectives is also clear from Fig. 6, where the final non-dominated Pareto front has been shown using a heatmap [28]. The heatmap shows the Pareto front as a P × k matrix where P is the number of non-dominated solutions and k denotes the number of objectives. Here, P = 50 and k = 3. Each cell api , p ∈ {1, 2, . . . , P }, i ∈ {1, 2, . . . , k}, of the matrix is colored in proportion to the ith objective value of solution p. Here the objective values are properly normalized to fall within 0 and 1. Also the final non-dominated solutions are clustered using hierarchical clustering so that solutions with similar objective values are placed one after another. Also the colormap has been shown, which tells us that as the color tends to be darker, the value tends to be lower. On the other hand, if the color tends to be lighter, the value tends to be higher. From Fig. 6, it is evident that most of the objective values are towards lower range (darker color). This implies that MOTraG is able to minimize all the objectives efficiently. The correlation between the first two objectives, i.e., the number of SADMs and the number wavelengths is prominent. They have been colored with similar color in almost all the cells of the heatmap. But the grooming ratio has a contradictory nature with both of them. When the cells of the first two objectives tend to have darker color, the corresponding cells of the grooming ratio lighter color, and vice versa. This indicates the contradictory nature of the grooming ratio with the other two objectives.
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Fig. 6 Heatmap of the final Pareto optimal front produced by MOTraG for an 8-node unidirectional ring. The number of non-dominated solutions P = 50 (the number of rows) and the number of objectives k = 3 (number of columns)



5.3 Results for the Unidirectional Ring with 12 nodes For a unidirectional ring having 12 nodes, we have considered a randomly generated traffic matrix T2 (Eqn. 11), where a traffic request between any two nodes can have maximum 6 low speed traffic streams. The traffic matrix T2 has total 404 low speed traffic stream requests. 



          T2 =          



0 2 1 2 5 2 3 4 2 5 2 1



0 0 4 5 6 4 4 2 2 4 3 1



6 2 0 2 2 5 3 4 5 2 6 5



1 0 6 0 3 4 4 5 3 5 5 5



2 6 6 6 0 0 2 3 1 1 4 5



1 6 5 4 2 0 1 5 1 3 0 5



5 1 1 1 4 5 0 3 1 0 4 4



3 1 6 5 1 5 0 0 0 3 6 4



1 1 5 2 0 4 4 3 0 2 1 3



1 5 4 3 5 0 0 3 6 0 0 3



2 4 4 1 5 6 1 0 3 6 0 3



3 1 0 3 2 5 5 4 3 6 2 0







          .         



(11)



In a typical run, MOTraG algorithm produced 50 non-dominated solutions in the final generations. Table 2 reports 16 unique solutions among them. As evident from the table, here also the minimum values for the number of SADMs (150) and the number of
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Fig. 5 Plot of average objective values in each generation of MOTraG for 8-node unidirectional ring



Table 2 Final unique non-dominated solutions produced by MOTraG for a 12-node unidirectional ring SADMs 150 172 173 180 202 204 207 229 252 300 320 337 340 361 371 414



Wavelengths 16 18 18 20 22 22 22 26 29 32 39 39 39 44 45 49



Grooming ratio 36 34 24 23 22 20 19 18 16 15 14 13 12 11 10 9



The heatmap of the final non-dominated Pareto front has been shown in Fig. 8. Note that most of the cells of the heatmap have darker color (i.e., lower values), which in turn implies that MOTraG efficiently minimizes the values of all the objectives. Also the contradictory nature of the grooming ratio with the other two objectives is evident from the color difference of the cells in the figure. 0.28 0.26 0.24 0.22 0.2 0.18



wavelengths (60) have been achieved simultaneously for maximum grooming ratio 36. On the other hand, the minimum value of grooming ratio (9) has been obtained for maximum values of the number of SADMs (414) and the number of wavelengths (49). This indicates the contradictory nature of the first two objectives (SADMs and wavelengths) with the third objective (grooming ratio). Fig. 7 illustrates the change of normalized average objective values over different generations. The figure indicates that the nature of the plots for number SADMs and the number of wavelengths are highly correlated, whereas the plot for the grooming ratio has completely contradictory behaviour with that of the first two objectives.
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Fig. 8 Heatmap of the final Pareto optimal front produced by MOTraG for a 12-node unidirectional ring. The number of non-dominated solutions P = 50 (the number of rows) and the number of objectives k = 3 (number of columns)
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Fig. 7 Plot of average objective values in each generation of MOTraG for a 12-node unidirectional ring



5.4 Discussions



600 500 Time in seconds −−−−>



It is shown in [10] that the first two objectives, i.e., the number of SADMs and the number of wavelengths may not be minimized at the same time. However, from the above experiments, general behaviour of the objective values suggest that the number of SADMs and number of wavelengths can be minimized almost simultaneously. Thus this is only rare when these two objective functions will not have minimum values at once. On the other hand, the third objective, i.e., the grooming ratio has highly conflicting nature with the other two objectives. It has been observed from the experiments that minimization of grooming ratio and the other two objectives simultaneously is almost impossible. This motivates the modelling the traffic grooming problem in unidirectional SONET/WDM rings as a multiobjective optimization problem.
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Fig. 9 Variation of execution time of MOTraG with respect to the maximum number of traffic streams allowed between two nodes and the number of nodes in the ring



5.5 Execution Time 6 Selecting a Solution from Non-dominated Set The proposed algorithm MOTraG has been implemented using Matlab and executed on a Windows based PentiumIV 1.7 GHz PC having 256 MB RAM. Fig. 9 shows as a surface plot, the variation of required execution time of MOTraG for different number of maximum traffic streams and different number of nodes in the ring. As evident from the figure, the execution time increases almost linearly with the increase in maximum number of allowed traffic streams between any two nodes, and also with the number of nodes in the network.



As discussed earlier, MOTraG produces a set of nondominated solutions in the final generation. This is the general nature of any multiobjective optimization problem. The user has to decide which solution from among that set of solutions has to be selected. The amount of available resource or budget can affect the choice of a particular solution. In this article, we propose a simple decision making criterion as follows: Suppose cost of a single SADM
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is A, cost per wavelength is W and cost per unit increase in grooming ratio is G. The ith solution of the final non-dominated set can be denoted by a triplicate < si , wi , gi >, where si , wi and gi represent the number of SADMs, the number of wavelengths and the grooming ratio for the ith solution, respectively. We calculate the total cost of the network Ci , for the ith solution as follows: Ci = A × si + W × wi + G × gi .



(12)



For each solution, the cost of the network is computed. The solution, for which the total cost of the network is minimum is selected from among the set of final non-dominated solutions. 7 Conclusions In this article the problem of static traffic grooming in unidirectional SONET/WDM rings has been posed as a multiobjective optimization problem. In this regard a multiobjective genetic algorithm based method that simultaneously optimizes three objectives, viz., the number of SADMs, the number of wavelengths, and the grooming ratio has been proposed. A popular elitist multiobjective GA, NSGA-II has been used as the underlying framework. The final solution consists a set of non-dominated Pareto optimal solutions from which the user can choose any one that fulfills the requirement of the user. The effectiveness of the proposed method has been demonstrated on two different networks having different request patterns. In general it has been found that the number of SADMs and the number of wavelengths can be minimized almost simultaneously, however the grooming ratio has highly conflicting behaviour with the first two objectives. A simple method for choosing a particular solution from the set of nondominated solutions is also discussed. As a future course of work, use of some other multiobjective optimization tools has to be studied. The authors are currently working in this area. References 1. G. Mohan and C. Siva Rama Murthy. WDM Optical Networks: Concepts, Design and Algorithms. Prentice Hall, 2001. 2. A. Mukhopadhyay, J. K. Singh, U. Biswas, and M. K. Naskar. Distributed approaches for dynamic traffic grooming in WDM optical networks. In Proc. Int. Conf. CODEC-04, Kolkata, India, January 2004. 3. A. Mukhopadhyay, J. K. Singh, U. Biswas, and M. K. Naskar. Improved distributed approaches for dynamic traffic grooming in WDM optical networks. In Proc. Int. Conf. DPN-04, pages 92–96, Kharagpur, India, June 2004.
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