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Abstract. This research focuses on creating a parallel Clonal Selection Algorithm (CSA), a parallel 

metaheuristic algorithm that used to solve the multi-Travelling Salesperson Problem (mTSP). CSA is an 

algorithm based on population and used in computational intelligent, including optimisation problem. After 

we identify the parallel potential for CSA and we construct a parallel algorithm with MPJExpress, a Message 

Passing Interface (MPI) library in the Java programming language. This code is verified by experiments with 

several datasets. We found that best cost will be reduced in line with the number of generation performed. 

The number of salesperson will improve the best cost achieved. The best cost is obtained with the lowest 

number of salesperson (2). The number of PEs is not significant in reducing the best cost. The best cost is 

obtained with the 2 processing elements. The execution time for the parallel version is greater than the serial 

time. This is because the experiments use the same execution environment. We need to explore other parallel 

potentials in this algorithm. This paper also shows that the best cost is obtained with the lowest number of 

salesperson. Furthermore, it is suggested that this proposed algorithm be used for all versions of the Vehicle 

Routing Problem (VRP) in future research. 

Keywords: clonal selection algorithm (CSA), parallel clonal selection algorithm, multi-travelling 

salesperson problem (mTSP), MPJExpres. 

1. Introduction 

Multiple travelling salesperson problem (mTSP) is a generalisation of the travelling salesperson problem 

(TSP), where more than one salesperson is allowed to be used in the solution [1]. By incorporating some 

additional side constraints, mTSP is also possible to extend the problem to a wide variety of vehicle routing 

problems (VRPs). For years, there has been a lot of research and literature for the TSP and the VRP, but the 

mTSP has not received the same amount of attention. As an extension of TSP, Tang, Liu, Rong and Yang [2] 

solved the mTSP problem by converting the mTSP model into a single travelling salesperson problem (TSP) 

model.  

TSP, which is a combinatorial optimisation problem, has many proposed optimisation algorithms. The 

class of exact optimisation algorithms have a good performance in many problems but are not efficient for 

solving larger scale combinatorial and highly non-linear optimisation problems [3]. Several algorithms, 

usually inspired by natural phenomena, some metaheuristic search algorithms with a population-based 

framework have shown satisfactory capabilities to handle high dimension optimisation problems. 

Some researchers have used genetic algorithms (GAs) to solve TSP dan mTSP. Carter and Ragsdale [4] 

used a new GA chromosome and related operators for the mTSP and compared the theoretical properties and 

computational performance of the proposed technique to previous work. Kiraly and Janis [5] stated many 

approaches applied to finding a solution, including heuristic approaches published by Russel, Potvin et al. 

and Hsu et al. Zhang et al. used GAs for the solution of mTSP too. The first result can be bound to Zhang et 

al. converts the m-TSP into a single TSP and applies a modified GA to solve the problem.  
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Other researchers have used a clonal selection algorithm (CSA) for solving mTSP [6] CSA is the popular 

algorithms from Artificial Immune System (AIS) that using population-based and selection inspired from 

Clonal Selection Theory [6]. As a heuristic optimisation algorithm, CSA promises to solve the TSP problem 

[6], [7], [8] then used to solve mTSP by [10].  

Either GAs or CSA are member class of metaheuristics search algorithm that provides suboptimal 

solutions in a reasonable time [6], [7]. Although the use of metaheuristics allows for a significant reduction 

of the temporal complexity of the search process the latter remains time-consuming for industrial problems 

[8]. Therefore, parallelism is necessary to not only reduce the resolution time but also to improve the quality 

of the provided solutions [9]. 

In this paper, a parallel version from a clonal selection algorithm is proposed for solving mTSP. CSA 

requires special representation and interpretable encoding to ensure efficiency.  The aim of this paper is to 

review how CSA can be parallelised and applied to solve the mTSP problem. This research uses interpretable 

representation based CSA and uses the best technique for cloning and hypermutation phase, according to 

[10]. 

The paper is organised as follows. Section II reviews the literature consist of mTSP, the clonal selection 

algorithm and the parallelising algorithm. Section III contains implementation of parallel clonal selection 

algorithms to solve mTSP. Section IV briefly discusses the result of the algorithm implementation. Section V 

concludes the paper. 

2.  Literarture Review 

2.1. Multiple travelling salesperson problem 

The mTSP problem is defined on a graph G = (V,A), where V is the set of n nodes (vertices) and A is the 

of arcs (edges).   be a cost (distance) matrix associated with A. The matrix C is symmetrical if  = 

, . Here  is a binary variable used to represent that an arch is used on the tour and 

 represents the cost of the involvement of one salesperson in the solution. The mathematical formulation 

for the m-TSP problem could be found in [1]. Fig. 1 shows the example of mTSP for solving the Vehicle 

Routing Problem (VRP).  

 
Fig. 1. Example of mTSP for VRP [11]. 

2.2. Clonal selection algorithm 

In Artificial Intelligent (AI), Artificial Immune System (AIS) is a class of computationally intelligent 

systems inspired by the immune system, especially acquired immune response. There are four classes of AIS 

[12], including Clonal Selection Algorithm, an algorithm that inspired by the clonal selection theory 

(postulated by Burnet, 1957). The clonal selection theory inspired deCastro and Von Zuben to create clonal 

selection algorithms (CSA) named ClonalG [13]. CSA are used to solve many problems in computational 

intelligence, including optimisation problems like TSP[14], [15]. 

Bakhouya [16] and Chingtham [17] use CSA to find a solution for the TSP problem. Due successful to 

solve the TSP problem, Purbasari [10] uses this algorithm to solve mTSP. In particular, the research shows 

representation for tour and salesperson, and also shows several techniques for the cloning and hypermutation 

phase. 
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2.3. Parallel clonal selection algorithm 

Like other population approaches, Clonal Selection Algorithm requires a significant amount of 

computation time. To reduce its computation time, many ideas have attempted to address this problem by 

adopting a parallel computation paradigm. Dabrowski and Kobale [18] use the parallel-CSA computation for 

the graph colouring problem. Hongbing et al. [19] apply the CSA parallelism for protein structure prediction 

using Open-MPI.  

To build a parallel algorithm from nature inspired computation, we need two steps: 1) mapping between 

immune component and the problem, 2) building a parallel model using some principles and the concept of 

parallel computation design. Foster [20] shows some principles and concepts of parallel computation design. 

An immune mapping can be found in [21]. 

3.  The Proposed Algorithm 

This section will show the proposed algorithm for this paper. There are two sub-sections: clonal selection 

algorithm for mTSP and parallel CSA for mTSP. The first section describes the CSA for solving mTSP, 

whereas there is a hypermutation phase that is different from the hypermutation phase that used in algorithm 

for the TSP problem. The second section will show how to parallelise CSA and use it to mTSP. 

3.1. Parallel clonal selection algorithms for MTSP 

CSA starts from a group of initial population that represents a solution called the initial antibodies. 

Furthermore, affinity maturation is used to evaluate the performance of the solutions for each antibody. Each 

time the best solutions are chosen from the population according to the selection probability which is 

proportional to their affinity value. The best solutions are cloned and then hypermutated to produce new 

solutions of the next generation. These new solutions will replace the old solutions if they have better affinity. 

This procedure continues until it reaches a stop condition. Fig. 2 below shows the workflow of the Clonal 

Selection Algorithm technique. 

 

 

 
Fig. 2. Clonal selection algorithm. Fig. 3. Parallel CSA for mTSP 

To solve the mTSP problem, we need several input parameters: 

 Number of salesperson (s), 

 Number of nodes/cities (n), 

 Matrix that shows distances between cities (M), 

Min and max number of cities for each salesperson. If we have 14 cities with 3 salesperson, then each 

salesperson will visit between 2 cities and  cities. To parallelise mTSP, each salesperson will compute 

their best tours for 2 cities untul  cities. Fig. 3 below shows parallel CSA for mTSP. 

Fig. 4 below shows an example of a population that represents a solution. This population shows a tour 

with 14 nodes and node #0 as an initial tour.  

 

 

 

Fig. 4. Example of a population that represents a 

solution. 

Fig. 5. Example of two-part representation with 14 

nodes and three salesperson. 
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We use this representation for the TSP solution, a tour with cost that optimal. To suit the needs of the 

mTSP problem, we enhance this representation by adding a part to represent salesperson. Fig. 5 above shows 

a representation of a tour with 14 nodes and 3 salesperson. This is called a two-part representation. The 

first part represents a tour and the second part represents salesperson. The first salesperson has his tour with 

5 nodes, the second one has 4 nodes, and the third one has 4 nodes to visit. Fig. 5 shows an example of a two 

part representation. This two-part representation will affect the hypermutation process. There are some 

techniques for the hypermutation phase [10]. In this paper we will use the hypermutation phase by swapping 

nodes in a tour and also swapping salesperson’s number of node from [10].  

4.  Implementation and Experiment Design 

4.1. Implementation 

This section describes the implementation of CSA for the mTSP problem. We used Java and the program 

is developed using Toshiba Portege Z935, Processor Intel® Core™ i5-3317* CPU@1.70GHz, memory 4GB, 

64-bit Operating System and Windows 7. We used datasets from TSPLIB and picked burma14.tsp and 

vrp64.vrp dataset as examples. For parallel implementation, we used Java Message Passing Model Library, 

MPJExpress. As a developer, we could use the MPJExpress library to execute parallel Java applications on 

compute clusters or network of computers. MPJExpress is like a middleware for supporting a communication 

between the individual processors of clusters [22]. 

4.2. Experimenal design 

Experiments were performed with the following steps: 

 Dataset preparation: several datasets from TSPLib [23]  e.g vrp64.vrp dataset;   

 Defining parameters:  

mTSP parameters: 

o number of nodes: 64;  

o number of salesperson: 2 - 34;  

 

CSA parameters: 

o Population size (N) = 50;  

o The size of the selection (n) = 10;  

o The value of the cloning factor (β) = 0.1;  

o The value of the mutation factor (rho) 

2.5;  

o Random size for replacement (d) = 5. 

 Parallel implementation parameters: number of processor/ processing elements (pe) = 2, 4, 8; 

 Determination of stopping criteria: number of generations (g) = 1000, 10.000, 100.000. 

 With the parameters that have been set, we determined the dataset and number of salesperson, which is 

from 2 until 34 salesperson. After the experiments have been performed, we will have mTSP solution, e.g 

best cost for each dataset with various numbers of salesperson, various numbers of nodes that a salesperson 

can visit, and various numbers of processing elements (pe). Besides that, we analyse parallel performances 

e.g. execution time.  

5.  Result and Discussion 

This section provides the result of the experiment. We use vrp64.vrp dataset from TSPLib.  

5.1. Result #1: best cost (serial and parallel version) 

For best cost, we compare the number of salesperson = 2, 15, and 32. Fig. 8 below shows the best cost 

achieved for each generation. We can see from the graphs that the best cost will be reduced in line with the 

number of generations performed.  The number of salesperson will improve the best cost achieved. The best 

cost will be obtained with the lowest number of salesperson (2). 

For best cost, we compare the number of the processing element (PE) = 2, 4, 8 with the number of 

salesperson = 2. Fig. 9 above shows the best cost for each generation (for number of salesperson 2). We can 

see from the graphs below, this parallel version of clonal selection algorithm result same pattern with the 

serial version. Best cost will be reduced in line with the number of generations performed. The number of 

PEs is not significant to reduce best cost. The best is cost obtained with the lowest number of processing 

elements 2. 
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Fig. 6. Best cost for each generation. 

 

Fig. 7. Best cost for each generation (for number of 

salesperson 2). 

5.2. Result #3: best cost for all salesperson with the number of generation – 100.000 

This is the result of the best cost for all salesperson numbers, with 100.000 generation and a single 

version of CSA. Fig. 10 below shows the graph: 

  

Fig. 8. Best cost for all salesperson number (with 100.000 

generations). 

Fig. 9. Best cost for all salesperson number (with 100.000 

generations and parallel versions). 

 

With all number of salesperson, we see number of salesperson will improve best cost achieved. The best 

cost is obtained with the lowest number of salesperson (2). This is consistent with the graphs in Fig. 7 and 

Fig. 8. Using the same specification: 100.000 generation and all salesperson result for all number of 

processing elements (2, 4, 8); Fig. 9 shows the best cost achieved. Like the serial version of the algorithm, 

this parallel version shows that the number of salesperson will improve the best cost achieved. The best cost 

is obtained with the lowest number of salesperson (2). We can see from the graphs above that the best cost 

will be reduced in line with the number of generations performed. The number of PEs is not significant in 

reducing the best cost. The best cost is obtained with the lowest number of processing elements 8.  

6.  Conclusion 

In this paper, a parallel version from clonal selection algorithm is created for solving mTSP. At first, we 

identify parallel potential for CSA and then construct a parallel algorithm. This code is verified by 

experiments with several datasets, for example vrp64.vrp. Through an experiment to find the best cost, we 

found that the best cost would be reduced in line with the number of generation performed. It is shown that a 

parallel version of CSA has the same pattern with the serial version.  

The number of salesperson will improve the best cost achieved. The best cost is obtained with the lowest 

number of salesperson (2). The number of PEs is not significant in reducing the best cost. The best cost is 

obtained with the lowest number of processing elements 2. The execution time for the parallel version is 

greater than the serial time. This is because the experiments use the same execution environment. We need to 

explore other parallel potentials in this algorithm. 

This paper also shows that the best cost is obtained with the lowest number of salesperson. Furthermore, 

using this proposed algorithm for all versions of the vehicle routing problem is suggested for future research. 
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