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 This paper is about improving the performance of genetic algorithm (GA) to 

solve the fixed-charge transportation problem (FCTP). Several approaches 

have been developed, based on adaptation and improvement of genetic 

operators. We propose a new genetic algorithm adopting an immigration 

strategy to maintain the diversity in the population and then overcome the 

stagnation of the values of the objective function. Thereby, we applied two 

types of immigration, random immigration and memory-based immigration. 

The numerical results obtained with several standard instances of the FCTP 

problem demonstrate the effectiveness of these strategies in improving the 

performance of the GA. Especilly, for the second strategy. 
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1. INTRODUCTION  

The fixed charge transportation problem (FCTP) is a complex combinatorial optimization problem of 

great importance that has attracted high interest from several researchers to achieve the optimal solution [1]. FCTP 

is classified as a complex problem that is difficult to solve by classical methods [2], due to the fixed costs, as well 

as the computational time required an exponential time to find solution. Therefore, metaheuristics can be used. 

Genetic algorithms (GAs) including meta-heuristic approaches, developed by Jean Holland, have been 

employed extensively to solve the FCTP problem and other combinatorial problems. It is inspired from 

biological mechanisms. It consists of iterative processe which converge on the optimal solution [3], [4]. To 

benefit from the advantages of GAs as fundamental approaches and to improve its performance; in particular, 

to overcome the stagnation in certain values of the fitness function during a significant number of iterations 

during the genetic process, we proposed a new genetic algorithm based on immigration strategy [5]-[7]. 

In this paper, we present two immigration strategies for the genetic algorithm, random immigration 

and memory-based immigration, consisting of two distinct genetic algorithms. To demonstrate the impact of 

immigration strategy on the GA, we consider several instances of the considered problem, which are common 

academic problems. The numerical results obtained with immigration strategy show that, not only diversity 

can be maintained, but also, performances of genetic algorithm can be improved for the FCTP problem. 

The rest of the paper is organized as follows: In the section 2, we present the description of the FCTP 

problem and its mathematical formulation. We provide brief discussions of works that address the FCTP 

https://creativecommons.org/licenses/by-sa/4.0/
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problem by standard genetic algorithms in section 3. Then, in section 4, we propose two new genetic algorithms 

based on two immigration strategies. The first is called genetic algorithm with random immigration and the 

second is called genetic algorithm with structured memory-based immigration. In section 5, we present some 

numerical results to compare them with those already found by the sdandard genetic algorithm. The results 

presented concerning six well-known instances of the FCTP problem already cited in previous research. 

Finally, a conclusion presents an assessment of our work and our results. 

 

 

2. PROBLEM DESCRIPTION  

The FCTP is a case of the transport problem where an additional fixed cost is paid to send a stream 

from an origin to a destination. We have a group of sources i = 1, ..., m with limited capacities Si which provide 

several destinations j = 1, ..., n which also require specific quantities of product Dj. A variable transportation 

cost is charged for each product unit sent by the producers to the warehouses plus a fixed cost regardless of the 

quantity transported. The problem seeks to find the quantity of product to send from each source to the 

destination to minimize the total fixed and variable transport costs. While the fixed cost makes the problem 

difficult to solve by conventional algorithms. It is better to consider the balanced problem, i.e., the availability 

equals the demands (Si = Dj). Indeed, it is easy to find a solution for this type of problems. 

The mathematical formulation of the FCTP is as follows: 

 

𝑀𝑖𝑛 𝑍 = ∑ ∑(𝑐𝑖𝑗

𝑛

𝑗=1

𝑥𝑖𝑗
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cij: variable cost from centre i to point j; 

xij: quantity send from centre i to point j; 

fij: fixed cost from centre i to point j; 

yij: a binary variable that takes 0 or 1;  

Si: quantity available in center i; 

Dj: quantity requested by point j. 

 

 

3. STANDARD GENETIC ALGORITHM METHOD  

Genetic algorithms are among the evolutionary stochastic methods. They are proposed by Jhon 

Holland [4]. They are inspired from the natural biological mechanisms of the theory of evolution, proposed by 

Charles Darwin [8]. GAs are more used to solve complex optimization problems [8], [9]. 

 

3.1.  Representation method 

The way to represent the solution for a given problem is a crucial process in applying GA. Indeed, 

there are several representation methods adapted to the FCTP problem; among these methods, we find the 

matrix representation [10], [11], where each chromosome is represented using a matrix of size m×n with m+n 

-l positive elements. The matrix representation is not suitable for the FCTP, because they forced to fill several 

boxes with zero values. Furthermore, The FCTP problem is a network problem. In addition, the prüfer number 

encoding that can be used to solve different network problems. This representation is introduced by Mitsuo 

and Li [12]. 

We find also the priority-based representation, which is a new encoding for transportation problems. 

It was first used to solve the two-stage transport problem and it is adapted to the FCTP problem as well. In this 

encoding, each chromosome is encoded by an integer string, and its length is equal to the sum of number of 

sources and number of destination. The value and the position of gene allow to identify the priority of the node 

which help to the construction of a transport tree. This encoding facilitates the adaptation of the genetic 
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algorithm for the FCTP problem [13]. An example of a representation of an individual is presented in Figure 1.  

It should be noted that for each type of representation, different genetic operators must be adapted. In the rest 

of the paper, we are mainly interested in the priority based representation. 

 

 

 
 

Figure 1. Example of the cromosome by priority based-representation 

 

 

3.2.  Initialisation 

Generally, the GA has five basic components. At the beginning, a set of possible solutions representing 

a population P(t), is initialized. In general, the initialization is done randomly or by other means depending on 

the objective and the programming strategy. For the generation t the individual represents a potential solution 

to the problem [14]. 

 

3.3.  Crossover operator 

Crossover operator is a process used in genetic algorithms to guide the algorithm to find a solution to 

a given problem. For the FCTP problem, several operators are applied to solve the problem by GA. We find 

the crossover operators OPEX, IPX, OX, PX [15], [16]. In this paper, we use IPX operator according to their 

performance and advantages. The progression of the IPX operator is depicted in Figure 2. 

 

 

 
 

Figure 2. Example of the IPX crossover 

 

 

3.4.  Mutation operator 

The mutation operator consists in exchanging positions within the same chromosome based on a some 

suitable probability. However, instead of using this operator, such as crossover operator, between two parents, 

we use it between two segments of a single parent. The importance of mutation appears in the solution quality. 

Different mutation operators are developed for different problem and with different type of encoding. For the 

FCTP problem, with the priority based encoding, it exists the mutation operators SWAP, inversion mutation, 

OPEX [17]. We are interested in the SWAP operator considers to be the most suitable mutation operator for 

our FCTP problem. The SWAP procedure illustrated in Figure 3. 

 

 

 
 

Figure 3. Example of the SWAP mutation 
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3.5.  Evaluation and selection 

Evaluation and selection are fundamental genetic processes. The first is a genetic process to calculate 

the objective function. It is linked to the representation method. It allows us to measure a solution and compare 

it to others in order to select the best ones. Thus, evaluation as shown in Figure 4 ensures that the best 

performing individuals will be retained after several iterations of the GA [18], [19].  

 

 

 
 

Figure 4. Example evaluation process 

 

 

Selection process consists of choosing the individuals that have passed to the next generation of the 

GA. It ensures that the best individuals from the current population that still persist. The strong ones that 

survive have a higher probability of being selected to mate or mutate. Selection is an important process in 

genetic algorithms [20]. There are several selection schemes, namely selection by tournaments, selection by 

elitist, selection by linear ranks. The description of the selection method is based on the fitness distribution of 

the population before and after selection as introduced [21], [22].  

 

 

4. THE PROPOSED METHOD  

Usually, after a number of iterations, the standard genetic algorithm finds the best solution belonging 

to the current population. Nevertheless, to overcome stagnation and avoid convergence towards local optima; 

the immigration strategy is used which will introduce a diversity of the population and give more dynamism to 

explore and exploit new probable solutions. In our study, we use two main immigration strategies in order to 

obtain a better optimal solution compared to that obtained by the standard genetic algorithm. These strategies 

are presented: 

 

4.1.  Genetic algorithm with random immigration (RIGA)  

The first strategy called “Random immigration” where randomly created individuals are inserted into 

the population in each generation by replacing a random number of individuals or the weakest individuals in 

the population. The random immigration procedure increases diversity in the population by substituting 

individuals from the current population for new individuals generated at random at each generation or after a 

number of generations [23]. In order to prevent random immigrants from disturbing the progress of ongoing 

research during the period when the environment does not change, the ratio ri of the number of random 

immigrants with the population size n is usually set to a small value. Figure 5 presents the pseudo-code of GA 

with the random immigration strategy. 

 

 

 
 

Figure 5. Pseudocode for the random immigration genetic algorithm–RIGA 
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4.2.  Genetic algorithm with structured memory-based immigration  

In the genetic algorithm with structured memory-based immigration (MIGA), the immigrants are not 

random. The considered technique involves structured memory immigration, which aims to take into account 

individuals who were previously excluded in the past generations. Instead of selecting the same number of 

individuals with the lowest capabilities from the most recent generation, a portion of the most powerful 

individuals will immigrate after a set amount of time. To simplify the process, immigration only occurs every 

few generations. Thus, after a defined interval of time, this procedure gives the chance to the best individuals 

to immigrate to the new population [24], [25]. This stategy has prove its performance for different problems. 

In fact, it gives a dynamism for the population to avoid stagnation in a set of solutions found. As a result, this 

method greatly improves genetic algorithms to obtain a best solution [26], [27]. The MIGA algorithm for the 

FCTP problem is described in Figure 6. 

 

 

 
 

Figure 6. Pseudocode for the genetic algorithm with memory-based immigration–MIGA 

 

 

5. RESULTS AND DISCUSSION 

Following the obtained results for many combinatorial problems, such as TSP and ATSP [25], where 

the strategies of immigrations showed their efficiencies, an extension of the genetic approach with immigration 

strategies in the case of FCTP is carried out. Thus, we applied this approaches to solve some instances of the 

FCTP problem by using the priority-based representation. First, we use the linear version of the FCTP problem. 

Therefore, to study the efficiency of the proposed approaches, we compare its performance with the standard 

genetic algorithm using some randomly generated test problems with different FCTP problem sizes and 

difficulty levels. 

The Table 1 presents the set of parameters considered for different algorithms. Namely, the number 

of individuals (Npop) in a population, the type of adopted selection (Sel), the choice of crossover (IPX) with 

its appropriate probability (Px), the choice of mutation (SWAP) with the appropriate probability (Pm). In 

addition to the elitism which consist to retaining the best individual from one generation to the next, with the 

introduced immigration strategy. It should be noted that the adopted choices are the best choices in terms of 

performance, following the multiple simulations carried out for the different instances and also following the 

comparisons made between the crossover and mutation operators cited in this article for priority based 

representation for the FCTP problem. 

 

 

Table 1. The genetic parameters used in the simulation 
 Npop; Sel; X; Px; M; Pm; insert 

Standard genetic algorithm (SGA) 30; Roulette; IPX; 0,6; SWAP; [0.001, 0.2]; Elitism 

GA with memory random immigration (RIGA) 
30; Roulette; IPX; 0,6; SWAP; [0.001, 0.2]; Elitism + random 
Immigration (RIGA) after n iterations 

GA with structured memory-based immigration 

(MIGA) 

30; Roulette; IPX; 0,6; SWAP; [0.001, 0.2]; Elitism + memory-besed 

Immigration (MIGA) after n iterations 

 

 

The proposed algorithm is tested for standard instances already exploited in previous applications. 

The programming is done in JAVA (NetBeans IDE 13) on a PC machine with Intel (R) Core (TM) i7-1165G7 

2.80 GHz CPU and 8 GB RAM and Windows 10 Professional as operating system. The Figure 7 shows the 

importance of the integration of the immigration strategies. It influences the improvement towards the optimal 
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solution compared to the standard algorithm, even if we use GA with random immigration (RIGA) or with 

MIGA. 

 

 

  

  

  
 

Figure 7. Optimal solution based on the numbers of iterations for the six instances of the FCTP problem 

 

 

The obtained results show that even in the case of FCTP problem, immigration brings a significant 

improvement to GA performance as shown in Table 2. Indeed, the same optimal solutions are obtained for 

small instances (4×5 and 5×10 instances). However, during the genetic process for larger instances, where 

stagnation posed problem, dynamism is brought to the population when individuals are inserted, randomly or 

with structured memory, after each interval of time. In addition, we have found a better solution after a smaller 

number of iterations compared with those obtained with standard GA, in particular, with immigration strategy 

with structured memory-based immigration.  
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Table 2. Best and average results by the proposed approach and standard GA for the FCTP problem 
Problem size  

m×n 
GA RIGA MIGA 

Best  Average Best  Average Best  Average 

4×5 9,291 9,291 9,291 9,291 9,291 9,291 

5×10 12,718 12,751 12,718 12,734 12,718 12,734 

10×10 13,934 14,139 13,934 13,987 13,934 13,987 
10×20 22,258 22,531 22,095 22,198 22,095 22,150 

20×30 32,683 34,119 32,526 33,234 32,471 32,936 

30×50 55,611 56,399 55,007 55,450 55,007 55,269 

 

 

6. CONCLUSION 

In this work, we introduced an immigration strategy to the genetic algorithm to improve its 

performance to solve the FCTP. Two genetic algorithms based on the principle of immigration are proposed, 

i.e., genetic algorithm with RIGA and genetic algorithm with MIGA. The two algorithms show the efficiency 

of the genetic algorithm compared to the standard genetic algorithm. They introduced diversity and dynamism 

to the population, which made it possible to overcome the stagnation of the fitness function. In addition, the 

several performed numerical results, for different standard instances, show an improvement in the performance 

of the genetic algorithm to solve the FCTP problem. Indeed, a better solution is obtained for larger instances 

in less iterations, especially with the second approach MIGA. 

 

 

REFERENCES 

[1] C. D. Nicholson and W. Zhang, “Optimal network flow: A predictive analytics perspective on the fixed-charge network flow 

problem,” Computers and Industrial Engineering, vol. 99, pp. 260–268, 2016, doi: 10.1016/J.CIE.2016.07.030. 
[2] M. M. Lotfi and R. Tavakkoli-Moghaddam, “A genetic algorithm using priority-based encoding with new operators for fixed charge 

transportation problems,” Applied Soft Computing, vol. 13, no. 5, pp. 2711-2726, 2013, doi: 10.1016/j.asoc.2012.11.016. 

[3] K. A. A. D. Raj and C. Rajendran, “A genetic algorithm for solving the fixed-charge transportation model: Two-stage problem,” 
Computers and Operations Research, vol. 39, no. 9, pp. 2016-2032, 2012, doi: 10.1016/j.cor.2011.09.020. 

[4] L. B. Booker, D. E. Goldberg, and J. H. Holland, “Classifier systems and genetic algorithms,” Artificial Intelligence, vol. 40, no. 

1–3, pp. 235-282, 1989, doi: 10.1016/0004-3702(89)90050-7. 
[5] F. Ornelas, M. Meza, A. Padilla, F. Padilla, J. Ponce, and A. Ochoa, “Genetic algorithm with immigration like strategies of diversification,” 

In 2010 Ninth Mexican International Conference on Artificial Intelligence (MICAI), 2010, pp. 11–15, doi: 10.1109/MICAI.2010.33. 

[6] G. Chaharmahali, D. Ghandalipour, M. Jasemi, and S. Molla-Alizadeh-Zavardehi, “Modified metaheuristic algorithms to design a 
closed-loop supply chain network considering quantity discount and fixed-charge transportation,” Expert Systems with Applications, 

vol. 202, pp. 117-364, 2022, doi: 10.1016/j.eswa.2022.117364. 

[7] L. J. Zeballos, A. C. Méndez, A. P. Barbosa-Povoa, and A. Q. Novais, “Multi-period design and planning of closed-loop supply 
chains with uncertain supply and demand,” Computers and Chemical Engineering, vol. 66, pp. 151-164, 2014, doi: 

10.1016/j.compchemeng.2014.02.027. 

[8] R. Aguilar-Rivera, M. Valenzuela-Rendón, and J. J. Rodríguez-Ortiz, “Genetic algorithms and Darwinian approaches in financial 
applications: A survey,” Expert Systems with Applications, vol. 42, no. 21, pp. 7684-7697, 2015, doi: 10.1016/j.eswa.2015.06.001. 

[9] S. Tkatek, S. Bahti, O. Abdoun, and J. Abouchabaka, “Intelligent system for recruitment decision making using an alternative 

parallel-sequential genetic algorithm,” Indonesian Journal of Electrical Engineering and Computer Science (IJEECS), vol. 22,  
no. 1, pp. 385-395, 2021, doi: 10.11591/ijeecs.v22.i1.pp385-395. 

[10] K. Chen and W. Bi, “A new genetic algorithm for community detection using matrix representation method,” Physica A: Statistical 
Mechanics and its Applications, vol. 535, pp. 122-259, 2019, doi: 10.1016/j.physa.2019.122259. 

[11] Z. Michalewicz, G. A. Vignaux, and M. Hobbs, “A non-standard genetic algorithm for the nonlinear transportation problem,” ORSA 

Journal on Computing, vol. 3, no. 4, pp. 307-316, 1991, doi: 10.1287/ijoc.3.4.307. 
[12] J. Jung-Bok, L. Yinzhen, and G. Mitsuo, “Nonlinear fixed charge transportation problem by spanning tree-based genetic algorithm,” 

Computers and Industrial Engineering, vol. 53, no. 2, pp. 290-298, 2007, doi: 10.1016/j.cie.2007.06.022. 

[13] M. Gen, F. Altiparmak, and L. Lin, “A genetic algorithm for two-stage transportation problem using priority-based encoding,” OR 

Spectrum, vol. 28, no. 3, pp. 337–354, 2006, doi: 10.1007/s00291-005-0029-9. 

[14] J. Wang, H. Ruikai, and W. Chao, “An improved evolutionary algorithm with new genetic operation for optimization problem,” 

TELKOMNIKA (Telecommunication Computing Electronics and Control), vol. 12, no. 4, pp. 3148-3157, 2014, doi: 
10.11591/telkomnika.v12i4.4785. 

[15] K. Hatta, S. Wakabayashi, and T. Koide, “Adaptation of genetic operators and parameters of a genetic algorithm based on the elite 

degree of an individual,” Systems and Computers in Japan, vol. 32, pp. 29-37, 2001, doi: 10.1002/1520-684X. 
[16] A. L. E. Idrissi, C. Tajani, and M. Sabbane, “HOPX crossover operator for the fixed charge logistic model with priority based 

encoding,” International Journal of Electrical and Computer Engineering (IJECE), vol. 8, no. 6, pp. 5351-5358, doi: 

10.11591/ijece.v8i6.pp.5351-5358. 
[17] I. T. Yang and C. Y. Chang, “Stochastic resource-constrained scheduling for repetitive construction projects with uncertain supply of 

resources and funding,” International Journal of Project Management, vol. 23, pp. 546-553, 2005, doi: 10.1016/j.ijproman.2005.03.003. 

[18] J. P. B. Leite and B. H. V. Topping, “Improved genetic operators for structural engineering optimization,” Advances in Engineering 
Software, vol. 29, no. 7-9, pp 529-562, 1998, doi: 10.1016/S0965-9978(98)00021-0. 

[19] C. T. ZhouYang, “Comparison of steady state and elitist selection genetic algorithms,” in 2004 International Conference on 

Intelligent Mechatronics and Automation, 2004, pp. 495-499, doi: 10.1109/ICIMA.2004.1384245. 
[20] S. M. Yang, D. G. Shao, and Y. J. Luo, “A novel evolution strategy for multiobjective optimization problem,” Applied Mathematics 

and Computation, vol. 170, no. 2, pp. 850-873, 2005, doi: 10.1016/j.amc.2004.12.025. 

[21] S. S. Sadiq, A. M. Abdulazeez, and H. Haron, “Solving multi-objective master production schedule problem using memetic 

algorithm,” Indonesian Journal of Electrical Engineering and Computer Science (IJEECS), vol. 18, no. 2, pp. 938-945, 2020, doi: 

10.11591/ijeecs.v18.i2.pp938-945. 

https://doi.org/10.1016/j.eswa.2022.117364
https://doi.org/10.1287/ijoc.3.4.307
https://doi.org/10.1002/1520-684X(200101)32:1%3C29::AID-SCJ4%3E3.0.CO;2-G


                ISSN: 2502-4752 

Indonesian J Elec Eng & Comp Sci, Vol. 31, No. 1, July 2023: 313-320 

320 

[22] P. Karthikeyan, S. Baskar, and A. Alphones, “Improved genetic algorithm using different genetic operator combinations (GOCs) 

for multicast routing in ad hoc networks,” Soft Computing, vol. 17, pp. 1563-1572, 2013, doi: 10.1007/s00500-012-0976-4. 
[23] L. Deroussi, N. Grangeon, and S. Norre, “Optimization of logistics systems using metaheuristic-based hybridization techniques,” 

Metaheuristics, 2016, doi: 10.1007/978-3-319-45403-014. 

[24] F. Vavak and T. C. Fogarty, “A comparative study of steady state and generational genetic algorithms for use in nonstationary 
environments,” in Evolutionary Computing: AISB Workshop Brighton, 1996, vol. 1143, doi: 10.1007/BFb0032791. 

[25] C. Tajani, O. Abdoun, and A. I. Lahjouji, “Genetic algorithm adopting immigration operator to solve the asymmetric traveling 

salesman problem,” International Journal of Pure and Applied Mathematics, vol. 115, no. 4, 2017, doi: 10.12732/ijpam.v115i4.13. 
[26] L. N. Xing, Y. W. Chen, K. W. Yang, F. Hou, X. S. Shen, and H. P. Cai, “A hybrid approach combining an improved genetic 

algorithm and optimization strategies for the asymmetric traveling salesman problem,” Engineering Applications of Artificial 

Intelligence, vol. 21, no. 8, pp. 1370-1380, 2008, doi: 10.1016/j.engappai.2008.01.003. 
[27] C. Changdar, G. S. Mahapatra, and R. K. Pal, “An efficient genetic algorithm for multi-objective solid travelling salesman problem 

under fuzziness,” Swarm and Evolutionary Computation, vol. 15, pp. 27-37, 2014, doi: 10.1016/j.swevo.2013.11.001. 

 

 

BIOGRAPHIES OF AUTHORS 

 

 

Ahmed Lahjouji El Idrissi     received his PhD in 2018 from Moulay Ismail 

University in Mathematics and Computer Science. Dr. A. Lahjouji El Idrissi is currently a 

professor at the department of mathematics and computer science at National School of 

Applied Sciences of Al-Hoceima (ENSAH), Abdelmalk Essaadi University, Tetouan, 

Morocco. His current research interests are operational research, optimization, 

metaheuristics, and artificial intelligence. He can be contacted at email: 

a.lahjoujielidrissi@uae.ac.ma. 

 

 

Ckakir Tajani     received his Ph.D. in 2012 from Ibn Tofail University in 

applied mathematics. Dr. Tajani is currently a professor in the department of mathematics, 

Polydisciplinary Faculty of Larache, Abdelmalek Essaadi University, Tetouan, Morocco. 

His current research interests are inverse problems and their applcations, numerical 

analysis and optimization. He can be contacted at email: chakir_tajani@hotmail.fr. 

 

https://orcid.org/0009-0007-9123-0221
https://www.scopus.com/authid/detail.uri?authorId=57204831131
https://orcid.org/0000-0002-5749-5193
https://scholar.google.fr/citations?user=MHCr3BQAAAAJ&hl=fr
https://www.scopus.com/authid/detail.uri?authorId=55382295000

