









	
 Home

	 Add Document
	 Sign In
	 Create An Account














[image: PDFKUL.COM]






































	
 Viewer

	
 Transcript













Available online at www.sciencedirect.com



Computer Communications 30 (2007) 3392–3402 www.elsevier.com/locate/comcom



Genetic evolutionary algorithm for static traﬃc grooming to SONET over WDM optical networks Kuntal Roy *, Mrinal K. Naskar Department of Electronics and Tele-Communication Engineering, Jadavpur University, Kolkata 700032, India Received 10 April 2007; accepted 13 June 2007 Available online 16 June 2007



Abstract In recent years, minimization of SONET-ADMs (Synchronous Optical NETwork-Add-Drop Multiplexers) in WDM (Wavelength Division Multiplexing) optical networks has gained a lot of attention in both the research and commercial arenas. This motivates the research presented in this article. The enhanced searching capability of genetic evolutionary algorithm has been exploited for this purpose. The individuals (chromosomes) have been represented by diﬀerent sequence of the calls in the traﬃc matrix. A simple algorithm that minimizes the number of required ADMs based on the shortest path and a possible alternate shortest path has been applied. Some good chromosomes based on some intuitive reasoning have been introduced in the initial population to enhance the convergence of the proposed genetic evolutionary algorithm. The distinguished feature of the proposed algorithm is in introducing the catalyst to direct the convergence of genetic evolutionary algorithm towards its solution. However, the catalyst has been kept small enough to be able to bias the solution. To establish the eﬀectiveness of the proposed algorithm, the simulation results are compared with that of presented in literature with same network conﬁguration and traﬃc matrix.  2007 Elsevier B.V. All rights reserved. Keywords: WDM optical networks; Static traﬃc grooming; SONET add-drop multiplexer; Genetic evolutionary algorithm



1. Introduction Wavelength division multiplexing (WDM) coupled with Synchronous Optical Network (SONET) has emerged as a promising technology for use in backbone networks. Multiple signals distinguished by their wavelengths can be carried over through a ﬁber using WDM technology [1,2]. The reason behind the bandwidth-division of a ﬁber is that its bandwidth is very high and hence, suitable mechanisms should be employed to eﬃciently use the same. As the technology progresses, transmission speed of ﬁber is also increasing from OC-48 (2.5 GBps) to OC-192 (10 GBps). Accordingly, the recent trend is to employ TDM (Time Division Multiplexing) slots in the wavelength channels.
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The resulting network conﬁguration is known as WDM– TDM network or WDM grooming network. A route through which a speciﬁc wavelength is assigned to each link is called a lightpath. Given a set of connections between source–destination node-pairs, the algorithm of establishing the corresponding lightpaths is called Routing and Wavelength Assignment (RWA) [3]. At each node of the network, there are SONET [4,5] Add-Drop Multiplexers (SADM) for each wavelength to add or drop signal streams. In this section, we will use ‘‘ADM’’ and ‘‘SADM’’ interchangeably. An SADM has the capability to combine lower-rate signals into a higherrate signal. For example, four OC-48s can be multiplexed into an OC-192. But, the cost of SADMs dominates the total cost of designing WDM optical networks. As the number of nodes in the optical network increases, the number of required ADMs also increases by a number equal to the number of wavelength channels in the network per node. So, if a WDM optical network has N nodes and there



K. Roy, M.K. Naskar / Computer Communications 30 (2007) 3392–3402



are W wavelength channels between the node-pairs, it would require a total of N * W SADMs. Fortunately, it is not necessary for every node to be equipped with SADMs for all wavelengths. An SADM corresponding to a wavelength is required only to transmit or receive signals at that wavelength. Hence, it is possible to decrease the number of required SADMs in WDM optical networks by availing of this opportunity. Accordingly, the challenge is to ﬁnd out the minimum number of required SADMs for some traﬃc matrix at hand. So, RWA (Routing and Wavelength Assignment) algorithm has to be formed with an eye to minimize the number of SADMs in WDM optical networks. Therefore, tremendous eﬀorts have been exploited to optimize the number of SADMs in SONET-WDM networks. 1.1. Previous approach Diﬀerent approaches for SADM minimization have been reported in the literature. The approaches proposed in [6–8] are the ﬁrst-stage works in this ﬁeld. Some theoretical approaches to compute the lower-bound of ADMs are reported in [9,10]. Traﬃc-grooming in optical network has been illustrated in [11,12]. In [13–16], heuristic algorithms are proposed for static traﬃc to minimize the number of ADMs. In [17], a linear programming solution has been proposed. In [18,19], Integer Linear Programming (ILP) and Simulated-Annealing (SA) were used to solve the problem. In [19], there are exhaustive comparisons among greedy heuristic, ILP and simulated-annealing for diﬀerent types of traﬃc and grooming capabilities. It is observed in [19] that the ILP solver fails to reach a conclusion for the assumed non-uniform traﬃc. In [20], a simple heuristic solution based on sequencing of the traﬃc requests in a certain way has been proposed by the authors. Almost for all the cases, it outperforms the results in [19]. In [21], a genetic algorithm for SADM minimization is proposed. But, it is applicable to uni-directional ring networks only. Accordingly, there exists no eﬃcient solution that can be applied in general. 1.2. Proposed approach In this article, genetic evolutionary algorithm has been applied for optimization purpose, i.e., to eﬃciently allocate the ADMs at the nodes of WDM optical networks. The proposed algorithm is applicable to any network conﬁguration and traﬃc requests. The traﬃc requests between the nodes are represented in the form of a chromosome. Moreover, a good chromosome based on intuitive reasoning has been constructed and injected in the initial population with a hope to have an early convergence. In general, selection of initial population in a genetic algorithm plays an important role in respect to its convergence. However, the quantity of such injection has been kept small (5%) so that it does not bias the solution. This good sequence (chromosome) is formed by placing the calls between the node-pair
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(j, i) followed by the calls between the node-pair (i, j) sequentially. The rationale behind such good chromosome arises considering the case with a uni-directional ring network. In a uni-directional ring network, a link is completely utilized if (i, j)th call follows a (j, i)th call. During mutation, the discontinuity that may arise is considered and taken care of. For each chromosome, the same RWA mechanism has been applied. It has been established that proper sequencing of the calls can result lower number of required ADMs with the same RWA mechanism. In this article, a simple RWA mechanism that eyes to ADM minimization employing the shortest path and a possible alternate shortest path has been introduced. The standard deviation of the individuals in a population is taken as a performance index for the generation. The algorithm converges when the performance index becomes zero. The results according to the proposed approach are compared with the results as in [19] to establish its eﬀectiveness. The rest of the paper is organized as follows. In Section 2, the proposed scheme is outlined in a simple algorithmic form. Time complexity analysis of the proposed algorithm is also presented in this section. Simulation results are provided in Section 3. Also, in Section 3, comparison with the previous approach (as in [19]) is done. Finally, Section 4 concludes the paper. 2. Proposed algorithm In this section, the proposed algorithms are given in subsequent sub-sections. In this section and onwards, we will use ‘‘ADM’’ and ‘‘SADM’’ interchangeably. Also, ‘‘call’’, ‘‘request’’ and ‘‘traﬃc’’ all will indicate some connection that needs to be established between a source–destination node-pair. Genetic evolutionary algorithm is a simple but eﬀective population-based algorithm for solving optimization problems [22–24]. Genetic Algorithms (GAs) are originated from the studies of cellular automata conducted by John Holland [22] and his colleagues at the University of Michigan. Its applications include diverse areas such as job-shop scheduling, training neural nets, image feature extraction or recognition, pattern recognition, data mining, bio-informatics etc. Genetic algorithms [25–33] are modeled on the concept of natural selection and evolution as in the same way the species adopt their environment. GAs are not random search algorithms rather it searches the solution-space towards global optimization in some directed manner and exploits the advantages of natural genetic system. Genetic evolutionary algorithm [34–39] maintains a population of individuals, P ðtÞ ¼ fxt1 ; xt2 ; . . . ; xtn g for generation t. Each individual in a population is termed as chromosome (or genotype). Next, a new population P(t + 1) is formed in (t + 1)th generation from P(t) with the help of some genetic evolutionary mechanisms (e.g., selection, crossover, mutation). There are no hard rules for the mechanisms selection, crossover, mutation – they can be formed depending on the problem at hand. However, there exist
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and introduced in the initial population. The rationale behind is that the good chromosome may act as a catalyst for earlier convergence of the genetic evolutionary algorithm. However, we should make sure that the good chromosome does not bias the solution. Therefore, a small percent (5%) of such good chromosome has been introduced in the initial population. The positions of the injection of good chromosomes are selected randomly in the initial population. Now, the good property of the good chromosome will be explained. It can be understood intuitively that having some traﬃc matrix at hand, the sequence of servicing the calls has eﬀect over the required number of ADMs. If a (j, i)th call is followed by an (i, j)th call for a uni-directional ring network, then a link is completely utilized by the two calls and it requires an ADM corresponding to only one wavelength for both ith and jth nodes. So, for uniform traﬃc (i.e., number of requests between nodepairs are more-or-less of same value) and uni-directional ring network, it is quite obvious that the good chromosome will give more-or-less the optimum sequence of requests corresponding to minimum number of required ADMs. For non-uniform traﬃc and arbitrary mesh network, the good property of the good chromosome is not as directly feasible as for uniform traﬃc in uni-directional ring network. The good chromosome corresponding to the traﬃc matrix, TM given in the previous sub-section is as below.



some standards for the same. If the number of individuals in a population is quite high (e.g., 100), we can assume that the algorithm on its convergence reaches at the globally optimal solution. 2.1. Chromosome representation Problem-speciﬁc representation of chromosomes is the very ﬁrst step of any genetic evolutionary algorithm. In this article, each chromosome is represented as a two-dimensional matrix of order NC · 2, where NC is the total number of calls. To explain the same, let us consider a traﬃc matrix, TM for a network containing four nodes, TM ¼ ½0;
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An entry (i, j) in the traﬃc matrix denotes the number of calls from ith node to jth node. It can be noticed that the diagonal elements of the matrix are all zero which signiﬁes that there exist no connection requests from a node to the node itself. The total number of calls corresponding to the traﬃc matrix is 28 that is the sum of all the entries in the matrix, TM. Accordingly, a chromosome can be represented for this case as a two-dimensional matrix of order 28 · 2, where an entry in the ith row denotes a source–des
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‘T’ denotes the transpose of a matrix.



tination node-pair corresponding to a request. The calls are placed row-wise sequentially in the chromosome as in the traﬃc matrix. Accordingly, row 1 in the chromosome corresponds to source–destination node-pair (1, 2), row 4 corresponds to source–destination node-pair (1, 3) and row 28 corresponds to source–destination node-pair (4, 3). The representation of the chromosome is as below. 
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2.3. Objective function – ADM allocation In genetic evolutionary algorithm, objective function refers to the objective of the problem at hand. In can be minimization or maximization of a parameter or a function



1



1



1



1 1



1



1



1 1



2



2



2



2 2



2



3



3 3



3



3



3 3



3



4



4 4



4



4



2



2



2



3 3



3



3



4 4



1



1



1



3 4



4



1



1 1



1



2



2 4



4



1



1 2



2



3



T



2.2. A good chromosome



of parameters speciﬁc to the problem. In this article, the objective function is considered as minimization of the total number of allocated ADMs. Determination of the number of allocated ADMs is based on the following step-by-step algorithm.



In general, initial population generation in a suitable manner plays an important role in respect to the convergence of genetic evolutionary algorithm. In this article, an intuitive reasoning-based chromosome has been formed



Step1: Firstly, it is tried so that no extra ADM needs to be allocated at source or destination node to establish the lightpath between the node-pair. Accordingly, a wavelength channel is searched for which an



‘T’ denotes the transpose of a matrix. We can produce different chromosomes by shuﬄing the calls in diﬀerent possible ways.
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ADM is already allocated to both the source and destination nodes. Shortest path between the node-pair is considered in this step. Step2: If the lightpath can not be established in this way because of the non-availability of such free wavelength channel, alternate shortest path (the hops of the shortest and alternate shortest path are mutually exclusive), if exists is tried for the same. Step3: Even if the lightpath can not be established, the proposed algorithm tries to utilize one extra ADM to establish the call. The node (source/destination) for which the current number of ADMs is greater than the other is searched ﬁrst to establish the lightpath. If it fails, the other node is tried for the same. Shortest path between the node-pair is considered to establish the lightpath in this step. Step4: If the endeavor to establish a lightpath is not successful even utilizing one extra ADM for the shortest route, the alternate shortest path (if it exists) is tried for the same. Step5: Even if it fails, the algorithm assigns a new wavelength channel and allocate one ADM corresponding to the new wavelength channel for both the source and destination nodes.
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output: initialPopulation ‹ chromosomes corresponding to the initial population. Step1: Form a chromosome (i.e., sequence of calls) between the node-pairs by traversing the ‘traﬃc’ matrix row-wise (see Section 2.1). Step2: initialPopulation ‹ Generate NP number of chromosomes by shuﬄing the sequence as generated in Step1. Step3: Select randomly 5% of the individuals in the population and replace those by ‘goodChromosome’.



2.6. Selection Selection is a genetic evolutionary mechanism to proceed forward towards the next generation. The procedure is to select some individuals from the previous generation for subsequent genetic evolutionary mechanisms, e.g., mutation, crossover to be applied. In this article, two diﬀerent individuals are selected randomly from a population. These two individuals are mutated and thereby generating a new individual in the next generation depending on the crossover mechanism. 2.7. Mutation



2.4. Fitness function – acceptance criteria Depending on the ﬁtness of an individual over another individual, the ﬁrstly said individual can be accepted or rejected in the next generation. In this article, acceptance of an individual over another is done on the basis of the number of required ADMs (i.e., whose ADM requirement is less). If both individuals have same ADM requirements, then the previous individual is retained in the next generation. 2.5. Initial population Producing initial population (i.e., population of ﬁrst generation) is of immense importance as it determines the speed of convergence of the evolutionary algorithm. As said, a population is formed of individuals or chromosomes. In this article, diﬀerent chromosomes are produced by shuﬄing the calls (identiﬁed by source–destination node-pairs) randomly inside a chromosome (see Section 2.1). Those diﬀerent chromosomes are introduced in the initial population and then the ‘good chromosome’ (described in Section 2.2) is injected inside the population by randomly selecting some positions with a small percentage (5%). The algorithm to generate the initial population is described brieﬂy below. inputs: N ‹ number of nodes in the network; traﬃc ‹ static traﬃc demand; NP ‹ number of individuals in a generation; goodChromosome ‹ the good chromosome (as described in Section 2.2);



In this step, the chromosomes selected at the selection step undergo mutation. A ﬁxed value called mutation perturbation scale factor (F) is assumed beforehand and depending on its value and a random number generated at runtime, the mutation mechanism is performed. To perform mutation between two individuals, we select some portion (depending on the generation of a random number) of both the selected individuals. Otherwise, the individual which is more ﬁt than the other is selected for crossover operation. However, it can be noticed that the mutation can result discontinuity in the chromosome. The reason is quite obvious. Since, we are selecting a portion of a chromosome, it is not guaranteed that all the calls that should be present in a chromosome would retain in the new chromosome. Some call may be duplicated and some call may not appear. It can be easily observed in this respect that if the two selected individuals are identical, the mutation will generate the same individual. The mutation mechanism that has been employed in this article is as follows. inputs: F ‹ mutation perturbation scale factor; xx1t, xx2t ‹ two selected chromosomes at tth generation; NP ‹ number of population in a generation; NC ‹ number of calls in the given static traﬃc matrix. output: xxDerivedt ‹ a derived chromosome after mutation at tth generation. Step1: rnd ‹ Generate a random number from ‘0’ to ‘1’. Step2: If rnd P F Then CP ‹ Select randomly a number between 1 and NC.
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xxDerivedt ‹ xx1t (1:CP-1) [ xx2t (CP:NC). Remove any duplicate calls those exist in the derived chromosome xxDerivedt. For all the absent calls in xxDerivedt, select randomly the position of the call and place it accordingly in the derived chromosome xxDerivedt. Else xxDerivedt ‹ xx1t or xx2t whichever is more ﬁt. //According to Section 2.4 In this article, the value of ‘F’ has been chosen as 0.1. 2.8. Crossover In this article, we depend on mutation as primary search mechanism. Thus, the crossover mechanism has been used just to determine if a current individual will be retained or replaced in the next generation depending on the crossover (recombination) constant. The crossover operation that has been employed in this article is as follows. inputs: CR ‹ crossover (or recombination) constant; xxPrevt ‹ a previous individual at tth generation; xxDerivedt ‹ a derived chromosome after selection and mutation operation. output: xxNewt + 1 ‹ new chromosome after crossover in the next generation. Step1: rnd ‹ Generate a random number between ‘0’ to ‘1’. Step2: If rnd P CR Then xxNewt + 1 ‹ xxDerivedt. Else xxNewt + 1 ‹ xxPrevt. In this article, the crossover constant (CR) has been chosen as 0.5. 2.9. Performance index – convergence criteria Performance index of a generation depends on the similarity of individuals in the population. In this article, we have assumed ‘standard deviation’ of the individuals in a population to be the performance index for that generation. When performance index reaches zero, the algorithm converges since, executing more generations does not produce any new result. 2.10. Algorithm So far, we have described diﬀerent modules of the proposed algorithm. In this sub-section, the complete algorithm is presented with the help of the aforesaid modules as follows. inputs: traﬃc ‹ static traﬃc demand; N ‹ number of nodes in the network; W ‹ number of wavelength channels between the nodes in the network; C ‹ number of slots in each wavelength channel of the network; connect ‹ connection matrix between the nodes.



output: ADM ‹ ADM assignment matrix (of order N · W); wv ‹ a matrix (of order N · N · W · C) that denotes the established connections between the nodes through a wavelength channel and a consequent slot; noADM ‹ total number of required ADMs.



Step1: Initialize no_of_generations to 0. Set some value of maximum allowable no_of_generations (i.e., no_of_generations max) Step2: Generate initial population // Section 2.5// Step3: Determine performance index, // Section 2.9 // PI for the initial population Step4: While PI is not 0 or no_of_ generations < no_of_generations max Do selection. // Section 2.6 // Do mutation. // Section 2.7 // Do crossover. // Section 2.8 // Calculate performance index, // Section 2.9 // PI for this generation. Increment no_of_generations by 1.



2.11. Time complexity analysis The following notations have been used for time complexity analysis of the genetic evolutionary algorithm proposed in this article. Number of nodes in the WDM optical network = N. Number of wavelength channels between nodepairs = W. Number of TDM-slots in a wavelength channel = C. Number of individuals in a generation = NP. Number of calls in the traﬃc matrix = NC. Average number of hops for a source–destination nodepair = H.



Consequently, Time required to generate initial population = O(N2 + NP*NC). Maximum time required to search WADM wavelength channels for a free TDM-slot = O(H*WADM*C), which is quite obvious. Time required for selection operation = O(NP*NC). Average time required for mutation operation = O(N P  N 2C ). Time required for crossover = O(NP*NC). Time required to calculate performance index = O(NC).



// Section 2.5 //



// Section 2.6 // // Section 2.7 // // Section 2.8 // // Section 2.9 //
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The overall time complexity of the proposed algorithm depends on how many generations, the program is executed. Since, the solution of the problem needs not to be real-time and due to mismatch in working environment with the previous approach (in [19]), the corresponding time-complexities are not compared. 3. Results The proposed algorithm has been tested for diﬀerent kind of traﬃcs and network conﬁgurations. Results for both the uni-directional and bi-directional ring networks have been provided. All results correspond to single-hop connections. We have chosen the number of individuals in a generation as 100 for all the experiments performed. Also, the maximum number of allowable generations for execution has been chosen as 100. However, it has been observed that almost all the cases, the proposed algorithm converges before 60th generation. We will denote the number of nodes in the network as ‘N’ and the number of TDM-slots in a wavelength channel as ‘C’ throughout this section.



Fig. 1. Established Connections between the nodes for an all-to-all uniform traﬃc (N = 8, C = 3).



parison between the best results found in [19] and the results according to the proposed approach in this article. From Table 1, it can be observed that the results provided by the proposed algorithm of this article are better than the previous results. The algorithm reaches the best possible solutions for C = 64 and below node 17 (it needs 24 and 30 ADMs according to the proposed algorithm for N = 17, C = 64 and N = 18, C = 64, respectively) whereas the algorithm in [19] could not reach it for nodes greater than 11. The busy links in the network showing the ADMs required at the nodes for the case N = 8, C = 3 are shown in Fig. 1. From Fig. 1, it can be observed that it needs six wavelength channels to establish all the connections with N = 8 and all-to-all uniform traﬃc. A wavelength channel has been shown to be composed of three diﬀerent links as



3.1. All-to-all uniform traﬃc in uni-directional ring network This type of traﬃc has been well studied in literature. For this kind of traﬃc, we have only one request for a source–destination node-pair. Moreover, the source–destination node-pairs are characterized by the directivity of the uni-directional ring network and on other direction of a source–destination node-pair, there is no traﬃc. If we have a traﬃc matrix, TM (of order N · N) denoting the traﬃc demands then, for all-to-all uniform traﬃc,  1 for i < j TMi;j ¼ 0 otherwise where, we are considering the directivity of the uni-directional ring as 1 ﬁ 2 ﬁ    ﬁ N. The all-to-all traﬃc has been extensively studied in [19] for diﬀerent proposed algorithms. Table 1 shows the com-



Fig. 2. Established Connections between the nodes for an all-to-all uniform traﬃc (N = 4, C = 4).



Table 1 Comparison of results between the proposed algorithm and the algorithm in [19] for all-to-all uniform traﬃc



C=3 C=4 C = 12 C = 16 C = 48 C = 64



N



4



5



6



7



8



9



10



11



12



13



14



15



16



Algorithm in [19] Proposed Algorithm Algorithm in [19] Proposed Algorithm Algorithm in [19] Proposed Algorithm Algorithm in [19] Proposed Algorithm Algorithm in [19] Proposed Algorithm Algorithm in [19] Proposed Algorithm



7 6 7 4 4 4 4 4 4 4 4 4



12 9 10 8 5 5 5 5 5 5 5 5



17 12 15 12 9 6 6 6 6 6 6 6



21 18 21 15 12 7 11 7 7 7 7 7



31 25 28 20 16 12 14 8 8 8 8 8



36 31 36 27 18 15 18 13 9 9 9 9



48 40 45 35 24 20 20 17 10 10 10 10



67 47 55 42 30 24 26 19 16 11 11 11



69 61 66 50 36 28 33 27 19 12 15 12



78 72 78 61 39 36 37 31 22 13 19 13



95 83 91 73 49 40 42 37 24 16 22 14



105 94* 105 85 57 53* 46 45 31 22 25 15



124 107* 120 96* 64 64 57 49* 34 26* 28 16



The * marked ﬁelds correspond to the cases where the proposed evolutionary algorithm does not converge after 10 h of simulation and the value placed is the best value so far found in the simulation.
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C = 3. ADMs required at the nodes are shown by an ellipse. For example, the nodes 2, 3 and 4 do not have ADM corresponding to wavelength 2 which means that the nodes do not transmit or receive signals at that wavelength (wavelength 2). We can calculate the number of busy links for all-to-all uniform traﬃc in a uni-directional ring networks as there is only one way of reaching one node from another node and also the traﬃc matrix is already known. The corresponding calculation is given in Appendix A. In Fig. 1, total number of busy links is 84 according to Appendix A. The busy links in the network showing the ADMs required at the nodes for the case N = 4, C = 4 are shown in Fig. 2. The explanation for the conﬁguration is same as described for the Fig. 1. In this case, total number of busy links is 10 according to Appendix A. Some of the graphs showing the convergence of the proposed genetic evolutionary algorithm are shown next and some interesting points therein are explained subsequently. As said, we have chosen both the number of individuals in



a generation and the maximum number of generations that can be allowed for execution as 100. In Fig. 3, a minimum appears when the individuals with ADM = 26 dominates corresponding to the ‘good chromosome’ (see Section 2.2). However, it is only a local minimum which has been cancelled by the evolutionary mechanism as it proceeds. Therefore, at 14th generation, all the individuals have solution corresponds to ADM = 25 and the algorithm converges. We might debate that the solution ADM = 25 can be also a local minimum. But, since we have chosen a population size of 100 which is large enough and all the 100 individuals in 14th generation have the same solution, we can conclude that this is the optimal assignment of ADMs. In Fig. 4, it can be observed that the ﬁrst minimum in the curve corresponding appears when the individuals with ADM = 63 dominates. But, several chromosomes corresponding to ADM = 62 and ADM = 61 appear simultaneously and the algorithm converges at generation 17 (with ADM = 61) without any local minima in between.



Fig. 3. Convergence curve corresponding to N = 8, C = 3.



Fig. 5. Convergence curve corresponding to N = 14, C = 12.



Fig. 4. Convergence curve corresponding to N = 13, C = 4.



Fig. 6. Convergence curve corresponding to N = 13, C = 16.
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In this case, the number of ADMs corresponding to ‘good chromosome’ was 64. In Fig. 5, we can observe some ups and downs in the curve as the generation moves on. The algorithm starts with the number of ADMs equal to 47 corresponding to the ‘good chromosome’ at ﬁrst generation. At last, it converges with ADM = 40 for all the individuals at 54th generation. The proposed genetic evolutionary approach may not be able to improve upon the result corresponding to the ‘good chromosome’ at ﬁrst generation. Fig. 6 highlights this point. However, it should be pointed out that the evolutionary mechanism converges quickly. We can debate that the incorporation of the ‘good chromosome’ in initial population, however, small (5%) has biased the solution. Such possibility can be nulliﬁed by experimenting without introducing the ‘good chromosome’ in the initial population and getting the same result, however, possibly higher number of generations has to be executed.
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3.2. Non-uniform traﬃc in uni-directional ring network As in [19], the proposed algorithm has been tested with a non-uniform traﬃc matrix to show its eﬀectiveness. The corresponding network conﬁguration and traﬃc matrix are given below. Number of nodes in the network, N = 4. Number of time-slots in a wavelength channel, C = 3. Traﬃc matrix is characterized by the two-dimensional matrix, Traﬃc = {0, 1, 8, 4; 12, 0, 3, 9; 1, 2, 0, 2; 4, 1, 7, 0}. The corresponding established connections are shown in Fig. 7. The four nodes are denoted as Node1, Node2, Node3, and Node4. Since it is a ring network, Node1 again appears after Node4. In the previous sub-section, we did not show up such thing because for all-to-all uniform traﬃc there is no request from node N to node 1. So, we can consider that the links between the nodes N and 1 are all unused for all-to-all uniform traﬃc. The explanation for the conﬁguration is same as described for the Fig. 1. In this case also, we can determine the number of busy links provided with the traﬃc matrix. Accordingly, total number of busy links between the nodes is 123 as given in Appendix B. The number of ADMs (number of ellipses) required is 31. In Fig. 7, it can be observed that the wavelength 7 (i.e., w7) holds a total of eight connections. Table 2 indicates the slots that are busy in wavelength 7 for the same.



Table 2 Established connections thorough diﬀerent slots of wavelength 7 (w7) corresponding to Fig. 7



Slot-1 Slot-2 Slot-3



Fig. 7. Established Connections between the nodes for a non-uniform traﬃc in a uni-directional ring network.



Node 1–2



Node 2–3



Node 3–4



Node 4–1



Node 1–3 Node 1–3 Node 1–4



Node 1–3 Node 1–3 Node 1–4



Node 3–4 Node 3–4 Node 1–4



Node 4–1 Node 4–1 Node 4–1



Fig. 8. Convergence curve corresponding to N = 4, C = 3 and a nonuniform traﬃc in a uni-directional ring network.
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Fig. 10. Convergence curve corresponding to N = 4, C = 3 and a nonuniform traﬃc in a bi-directional ring network.



tionary mechanism and al last the algorithm converges at 18th generation with the number of ADMs equal to 20. Fig. 9. Established Connections between the nodes for a non-uniform traﬃc in bi-directional ring networks (N = 4, C = 3).



The corresponding convergence curve is given in Fig. 8. In Fig. 8, the evolutionary approach can not improve upon the result (ADM = 31) corresponding to the ‘good chromosome’ in ﬁrst generation. It converges at eighth generation. We can explain it in the same way as explained for Fig. 6. 3.3. Non-uniform traﬃc in bi-directional ring network Today’s most WDM ring networks are bi-directional. So, we have applied the proposed algorithm for the case of bi-directional ring networks as well. For this purpose, we have considered the same network conﬁguration and traﬃc as in Section 3.2. Unlike uni-directional ring networks, a bi-directional ring network has two possible paths for a lightpath to be established between the node-pairs. We can utilize this alternate path to possibly reduce the number of required ADMs. The proposed algorithm when allocating ADMs is given in Section 2.3. The algorithm ﬁrst tries via the shortest path and then it does the same for a possible alternate shortest path while eyeing minimization of the required ADMs. The corresponding busy links are shown in Fig. 9. The explanation for the conﬁguration is same as described for Fig. 1. In Fig. 9, it can be observed that all the links have been made busy for the wavelength channels 1–7. The number of ellipses (number of ADMs) is 20 which signiﬁes that we have achieved more than 30% reduction of ADMs compared to the uni-directional ring network. The convergence curve for this case is shown in Fig. 10. In Fig. 10, the number of ADMs corresponding to the ‘good chromosome’ was 22. However, as the generation proceeds, some better chromosomes appear due to evolu-



4. Conclusions In this paper, a genetic evolutionary approach has been proposed to optimize the number of required SADMs for static traﬃc grooming in WDM optical networks. The simulation results show better performance than the previous approach. Moreover, the proposed scheme is applicable to any network conﬁguration. The results have been presented for both the uni-directional and bi-directional ring networks. For mesh networks, the proposed algorithm will consider at most two shorter paths to establish lightpaths between the source–destination node-pairs while eyeing ADM minimization. Appendix A. Number of busy links for uni-directional ring networks with all-to-all uniform traﬃc Let us consider a general case of having N nodes in a WDM uni-directional optical network with all-to-all uniform traﬃc. In uni-directional ring network, there is only one path from one node to another node in the network. For all-to-all uniform traﬃc, the upper triangular portion of the N · N traﬃc matrix contains all 1s and other entries in the matrix are 0. It is obvious that the number of busy links for the connections 1 ﬁ 2, 2 ﬁ 3,    , N  1 ﬁ N are 1, for the connections 1 ﬁ 3, 2 ﬁ 4,    , N  2 ﬁ N are 2 and for the connection 1 ﬁ N is N  1. Accordingly, the total number of busy links NBLUDR;AAUT ¼ðN  1Þ  1 þ ðN  2Þ  2 þ    þ 1  ðN  1Þ 8 ðN1Þ=2 P > > > x  ðN  xÞ N is odd    P > > :¼ 2 x  ðN  xÞ þ N  N N is even x¼1



2



2
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We will use the following arithmetic summation rules N X



x¼



x¼1 N X x¼1



x2 ¼



N  ðN þ 1Þ 2 N  ðN þ 1Þ  ð2N þ 1Þ 6



For N is odd, NBLUDR;AAUT



N1



  N1 Nþ1  Nþ1  2  ðN Þ 2 2 2 ¼ 2N  2 6 ðN 2  1Þ 1 ðN 2  1Þ  N ¼N 4 3 4 1 ¼  N  ðN 2  1Þ 6 2



For N is even,



N2



  N2 N   N2  2  ðN  1Þ N 2 2 2 þ 2 6 4 2 ðN  2Þ 1 ðN  1Þ  ðN  2Þ N ¼ N2   N þ 4 4 3 4 ðN  1Þ 1 ðN  1Þ  ðN  2Þ 2 ¼N   N 4 3 4 1 2 ¼  N  ðN  1Þ 6



NBLUDR;AAUT ¼ 2N 



2



Accordingly, NBLUDR;AAUT ¼



1  N  ðN 2  1Þ 6



regardless N is odd or even. Appendix B. Number of busy links for uni-directional-ring networks with non-uniform traﬃc In general, for a uni-directional ring network, the number of busy links, NBLUDR ¼



N1 X



ni  i



i¼1



where, ni is the number of i-hop path. For a traﬃc matrix, traﬃc = {0, 1, 8, 4; 12, 0, 3, 9; 1, 2, 0, 2; 4, 1, 7, 0} as in Section 3.2, obviously, N = 4. Also, n1 ¼ traffic1;2 þ traffic2;3 þ traffic3;4 þ traffic4;1 ¼ 1 þ 3 þ 2 þ 4 ¼ 10 n2 ¼ traffic1;3 þ traffic2;4 þ traffic3;1 þ traffic4;2 ¼ 8 þ 9 þ 1 þ 1 ¼ 19 n3 ¼ traffic1;4 þ traffic2;1 þ traffic3;2 þ traffic4;3 ¼ 4 þ 12 þ 2 þ 7 ¼ 25



Accordingly, for the aforesaid traﬃc, NBLUDR ¼ 10  1 þ 19  2 þ 25  3 ¼ 123 We can write a computer program that takes a traﬃc matrix as input and outputs the number of such busy links. References [1] B. Mukherjee, Optical Communication Networks, McGraw-Hill, New York, 1997.
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