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 In genetic algorithms, the selection of individuals that will be part of future 

generations is a critical process of the algorithm. Various strategies exist to 

select these individuals: the general approach and the elitist approach. The 

general approach involves replacing the whole current population with the 

offspring generated so far. The elitist approach introduces a competitive 

element in which both parents and offspring compete for survival, and only 

fit individuals will be part of the next generation. While selecting fit 

individuals helps the algorithm to produce better results, the elitism has a 

major drawback: the premature convergence, which can limit the algorithm's 

overall performance. In this article, we compared a typical elitist genetic 

algorithm and an elitist algorithm improved with the parenting fitness 

parameter in resolving the vehicle routing problem with drones (VRPD). 

The parenting fitness parameter helps preserving diversity by retaining 

parents with high offspring potential despite of their personal fitness. The 

findings from the study demonstrates that integrating the parenting fitness 

parameter lead to better results in comparison with a typical elitist genetic 

algorithm, with relative improvement varying from 1.06% to 10.34% 

according to the dataset’s size. 
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1. INTRODUCTION 

Genetic algorithms (GAs) belong to population-based metaheuristics, and were introduced for the 

first time in 1975 by Holland [1]. Their nature makes them a specialized form of random heuristic search 

(RHS) [2]. Genetic algorithms are used to resolve complex and time-consuming problems. Since genetic 

algorithms use a set of individuals, the algorithm continues evolving these solutions using the selection 

mechanisms and genetic operations such as crossover and mutation. The canonical version of genetic 

algorithms, often referred to as the simple genetic algorithm (SGA) was detailed in the work of [2] and [3]. 

Genetic algorithms have the interesting capacity to find good solutions to complex problems. Genetic 

algorithms are widely used in the literature, and they are constructed from various components such as 

chromosome encoding, fitness functions, parent selection mechanisms, genetic operators (crossover and 

mutation), and the evolution strategies, these components are detailed as follows: 

− Population of solutions: Genetic algorithms are population-based metaheuristics, that is, they manipulate 

a set of chromosomes, also called solutions. The representation of the chromosome depends on the 

considered problem. Chromosomes can be binary encoded, real encoded, or even a mix of these encoding 

types. 

https://creativecommons.org/licenses/by-sa/4.0/
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− Fitness function: The fitness function is the most critical part of the algorithm, also known as the 

objective function. The value of this function defines the quality of the solution that the genetic 

algorithms try to optimize. Its implementation varies from one problem to another. 

− Parent selection: This process is responsible of selecting solutions that will produce new solutions using 

genetic operators. The process selects two parents from the population. 

− Crossover: The crossover operation mixes the genetic material of the selected parents in order to create 

offspring. 

− Mutation: The mutation operation allows the algorithm to enhance the quality of an offspring, by 

changing its genes’ value, from 0 to 1, for example, in a binary encoded chromosome, or by flipping 

genes in a string encoded chromosome. 

− Evolution scheme: The evolution scheme is the phase in which the genetic algorithm selects solutions that 

will be part of the next population. This phase is an important part of the algorithm. Existing approaches 

fall into two strategies: i) general, and ii) elitist. The general approach is the straightforward approach in 

which the whole population is replaced by the offspring generated so far. In the elitist strategy, n 

individuals are selected from the current population (n < N), where N is the size of the population. These 

individuals have the best fitness value. The remaining individuals (N − n) are being selected from the 

parents and offspring, since they compete for survival. We may find in the literature variants of these 

strategies; however, they belong either to the general approach or to the elitist one 

Unfortunately, genetic algorithms, as other metaheuristics, can prematurely converge and lose alleles in the 

run. Premature convergence is a major problem that every metaheuristic suffers from, no exception for 

genetic algorithms. With this drawback of the genetic algorithm, researchers try to avoid premature 

convergence using several approaches. 

The premature convergence challenge has been addressed through diverse approaches in the 

literature. Varnamkhasti and Lee [4] tackle the premature convergence problem by dividing the population 

into a group of male chromosomes and another group of female chromosomes. In the mating phase, a female 

is selected by a tournament selection, while a male is selected based of hamming distance (HD). In the same 

goal, another technique, which consist on using chaos theory instead of randomness is used in the work of 

[5]. Each time a random number is needed by the genetic algorithm, a logistic map, or tent map are used to 

generate chaotic variables. In the research of [6], the genetic algorithm dynamically changes the genetic 

operations during the execution to decrease the probability of premature convergence. The algorithm changes 

the crossover rate and mutation rate during the execution. In the paper of [7], authors present a rank-based 

selection operator, that aim to avoid premature convergence by applying a balance between diversity and 

selection pressure. Individuals are prioritized according to their fitness status using weights, and classified 

into three fit categories; lowest, average and best ones. The selection weights are further employed within 

each class ensuring population diversity, and higher weights are offered to the most fit individuals to 

maintain selection pressure. Several works [8]–[10] used a distribution mechanism of genetic algorithm 

model. The idea is to split the population into independent sub-populations. These subpopulations may have 

different genetic configurations. Exchanging individuals is possible between sub-populations using the 

migration mechanism. With this approach, sub-populations evolve in different path, which makes the genetic 

algorithm explore wide areas. Hybridization of genetic algorithm is used in the work of [11] and [12]. These 

works use other algorithms to handle the mutation operation. Intervention on both crossover and mutation is 

applied in the work of [13]–[15], on mutation only in the work of [16], and on crossover only in [17]. 

Hybridization can also be performed with other metaheuristics [18], [19]. Nicoară [20] introduced two 

different approaches to alleviate the premature convergence by applying different genetic operators 

dynamically, and by re-initializing a portion of the population in the run. In the work of [21], authors use a 

second algorithm called extended-Nelder-Mead (ENM) to enhance the best found solutions produced by the 

genetic algorithm. Another approach is used in the article of [22], which consists of inserting random genes 

in the newly created offspring. In the article of [23], a genetic algorithm was proposed that used 

chromosomes implemented in four layers, each one responsible for encoding certain requirements; hence, the 

mutation and crossover operations are performed on each layer separately, leading to a diversity in the 

offspring individuals while avoiding undesirable genes. The algorithm combines the randomly selected 

dominant individuals using a roulette wheel selection process. These individuals will be kept in the future 

generation. A summary of these works is provided in Table 1. 

While existing research focuses on selection techniques, operator modifications, or hybridization, 

this article investigates the impact of integrating a parenting fitness parameter [24] into an elitist genetic 

algorithm to mitigate premature convergence without external algorithms, in optimizing the vehicle routing 

problem (VRP). The major strength of the parenting fitness is that it can be integrated in existing genetic 

algorithms with minimum efforts, and without changing the algorithm’s core. The implications of this work 
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extend to real-world applications such as network design and resource allocation among others. Unlike 

hybridization methods (e.g., [11]), integrating the parenting fitness parameter does not need to use external 

algorithms to tackle premature convergence. 

The remainder of this paper is structured as follows: section 2 details the proposed algorithm. 

Section 3 describes the experiments. Section 4 presents and discusses the results, and section 5 concludes 

with future research directions. 

 

 

Table 1. Summary of literature on premature convergence avoidance in gas 
Work Premature convergence avoidance mechanism 

[4] Population division by sex 

[5] Chaos theory for randomness replacement 

[6] Dynamic adjustment of crossover/mutation rates 

[7] Rank-based selection with weighted fitness classes 

[8]–[10] Parallel subpopulations with migration 

[11], [12], [18], [19], [21] Hybridization with other algorithms 

[13]–[15] Modified crossover and mutation operations 

[16], [22] Mutation adaptations 

[17] Crossover adaptations 

[20] Dynamic genetic operator application 

[23] Custom chromosome encoding 

 

 

2. ELITIST GENETIC ALGORITHM WITH PARENTING FITNESS 

2.1.   Parenting fitness: concept and mechanism 

The genetic algorithm improved with parenting fitness parameter (eGAwPF) [24] is an elitist 

algorithm that implements the parenting fitness parameter to tackle premature convergence, in order to obtain 

better final results. The value of the parenting fitness quantifies the capacity of a parent to produce, from 

mating, fit offspring. Since the genetic algorithm deals with chromosomes composed by genes considered as 

building blocks [3] can, by combining them, produce better offspring. 

The integration of the parenting fitness parameter should be done with moderate effort, since it 

requires the following: 

− Adding the updating function in the loop; 

− Adding three new genes in the chromosome. One can use external arrays for the same goal; 

− Adding the selection mechanism of the best parents in the evolution phase. 

The Figure 1 illustrates an example of a crossover operation on average fit parents, that will produce 

offspring with a combination of the parent’s building blocks. The genes B1, B2, B3, and B4 are considered in 

this example a portion of the best final solution. With this philosophy, the best solutions are being 

constructed, by combining building blocks which are small portions with high potential. 

In a genetic algorithm improved with the parenting fitness parameter, individuals with high 

parenting fitness are being kept through generations, even if their fitness (personal fitness) may be weak. 

Since the algorithm uses elitism to choose individuals that will survive through generations, it is considered 

an elitist genetic algorithm. 

 

 

 
 

Figure 1. An example of a crossover operation on average fit parents 

 

 

2.2.  Algorithm representation 

The genetic algorithm improved with parenting fitness parameter (eGAwPF) [24] illustrated by the 

Algorithm 1 extends the simple genetic algorithm [2], [3] by integrating the parenting fitness parameter and 

the parenting fitness calculation function. The Figure 2 illustrates the flow of the algorithm. The integration 

of the parenting fitness parameter does not perturb the genetic algorithm’ core, hence it can be easily 

implemented in existing algorithms. 
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Algorithm 1. pseudo-code of a genetic algorithm improved with parenting fitness parameter 
1: define crossover rate: χ; 

2: define mutation rate: µ; 

3: Generate initial population P (t = 0); 

4: Initialize pf(i)0 ← −1 ∀i ∈ P 
5: while t # maximal generation number loop do 

6: Select parents P1(t) and P2(t) from population; 

7: Generate a random number rndχ in ]0,1[; 

8: if χ > rndχ then 

9: Execute crossover operation χ on the selected parents; 

10: for all child ∈ offspring do 
11: for all gene ∈ child's genes do 
12: Generate a random number rndµ in ]0,1[; 

13: if µ > rndµ then 

14: Execute mutation operation µ on gene; 

15: end if 

16: end for 

17: end for 

18: end if 

19: for all individual o in the offspring population do 

20: update parent's parenting fitness of o 

21: end for 

22: Prepare the next population; 

23: end while 

 

 

 
 

Figure 2. Flow of a genetic algorithm improved with the parenting fitness parameter 

 

 

2.3.  Evolution phase and fitness update 

2.3.1. Evolution phase 

The Algorithm 2 illustrates how the next population is being processed. A percentage of the best 

parents is being set in the beginning of the algorithm, denoted as r. Next, in the evolution phase, parents and 

offspring are merged into one population denoted Pµλ. The population Pµλ is sorted according to the fitness 

function of its individuals. Another sorting is executed on the parents µ, this time in a descending way 

according to the parenting fitness parameter pf. A portion of the best parents µc equal to r×µ is selected to be 

part of the next population. The remaining places of the next population are being composed with the best 

individuals of the population Pµλ, which is composed of individuals in the set Pµλ - µc.  
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Algorithm 2. Preparation of the next population. 
1: r ← percentage of best parents; 

2: Pµλ ← µ+λ; 

3: sorting Pµλ by fitness function f 

4: sorting µ by parenting fitness pf 

5: µc ← r×µ 

6: Pn ← [] 

7: Pn ← µc first parents from µ 

8: Pn ← Pn+(Pµλ-µc) 

9: P ← Pn 

 

2.3.2. Parenting fitness update 

The parenting fitness of parents is updated after the creation of the whole offspring in the current 

loop. For each offspring, the parenting fitness parameter of its both parents in generation t is updated 

according to (1): 

 

𝑝𝑓(𝑖)𝑡 = 𝑝𝑓(𝑖)𝑡−1 + 𝑑(𝑡)𝑖𝑚 

 (1) 

while the value of 𝑑(𝑡)𝑖𝑚 is calculated by (2). 

 

𝑑(𝑡)𝑖𝑚 = 𝑓 − 𝑓(𝑖)𝑡 (2) 

 

where 𝑓 defines the mean of the whole offspring’s fitness in the current loop, and 𝑓(𝑡)𝑖 defines the fitness 

function of the individual i (the offspring of the current selected parent to update its parenting fitness) in the 

current loop t. The mean value is calculated according to (3). 

 

𝑓 =
∑𝑓(𝑖)𝑡

𝑁×2
 (3) 

 

where N represents the population size. The parenting fitness of the parents in the current population is 

updated as follows: 

Step 1: The parenting fitness is initialized after the generation of the first population with the default value -1. 

Step 2: The genetic algorithm calculates the fitness function of the produced offspring from the mating 

process of the two selected parents, using the crossover operator. Each offspring has two added 

parameters: the indexes of its parents, which will be used to update the individuals with these indexes. 

Step 3: The parenting fitness is updated at the end of the operations of mating, crossover, and mutation, and 

before the evolution operation. 

Step 4: The fitness function of each offspring is compared to the mean 𝑓 of the newly created offspring. The 

difference between 𝑓 and the offspring’s fitness is denoted 𝑑(𝑡)𝑖𝑚. In this formulation, a value 𝑓 is 

considered, which is equal to the sum of the fitness values of the offspring population divided by  

N×2. Since the offspring population is 2 times bigger than the size of the population. For each 

offspring, the parenting fitness of its parents is updated using (1). 

 

2.4.  Chromosome representation 

The Figure 3 illustrates a representation of the chromosomes’ structure used in the genetic algorithm 

improved with parenting fitness parameter. The f gene defines the fitness function of the chromosome, where 

the pf defines the parenting fitness. The value idx1 and idx2 are used to store the indexes of the chromosome’s 

parents, in order to update their parenting fitness value in the corresponding phase. 

 

 

      f pf idx1 idx2 

 

Figure 3. Chromosome integrating the parenting fitness parameter 

 

 

The Figure 4 illustrates an example of the representation of parents at the end of a loop. For each 

parent’s parenting fitness parameter, a new value is assigned to it. Figure 5 represents an example of an 

individual that has a good fitness function, but a weak parenting fitness value. On the contrary, the Figure 6 

represents a good parent (according to its parenting fitness), but with a weaker fitness function. Since we are 

dealing with a minimizing problem, the best individuals are those with a low fitness value. The Algorithm 3 

shows the parenting fitness updating phase. 
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6 2 17 8 ... 18 9 1 13 187 24 -1 -1 

6 14 8 20 ... 10 18 4 1 203 24 -1 -1 

9 14 15 12 ... 18 19 20 13 208 -79 -1 -1 

12 17 19 10 ... 14 9 3 18 192 -60 -1 -1 

 

Figure 4. Example of representation of parents in the end of a loop 

 

 

12 17 19 10 ... 14 9 3 18 192 -60 -1 -1 

 

Figure 5. Example of representation of an individual with good fitness and weak parenting fitness 

 

 

6 14 8 20 ... 10 18 4 1 203 24 -1 -1 

 

Figure 6. Example of representation of an individual with weak fitness and good parenting fitness 

 

 

Algorithm 3. Parenting fitness updating phase 
1: Initialize pf (i)0 ← −1, ∀i ∈ P 

2: for each offspring o ∈ O do 
3: Calculate d(t)im via Eq. 2 

4: Update pf (i)t ← pf (i)t-1+ d(t)im 

5: end for 

6: Preparation of the next population; 

 

 

3. EXPERIMENTS 

In order to comprehensively evaluate the efficiency of our algorithm improved with the parenting 

fitness, we have selected a challenging optimization problem to serve as our testing ground. Specifically, we 

have opted to work on the VRP, with a particular focus on the vehicle routing problem with drones (VRPD) 

variant. VRPD is an extension of the well-known capacitated vehicle routing problem (CVRP), which was 

introduced for the first time in the work of [25]. One particular aspect that sets VRP apart is the fact that 

allele loss is not a concern, as the problem formulation ensures that all nodes are included in the chromosome 

encoding. In this type of optimization problem, the primary challenge lies in the tendency to get stuck in local 

optima. The population composed of N individuals is randomly generated at the beginning of the algorithm. 

Each individual is composed of l genes, where l represents the number of nodes in the dataset. An individual 

(or solution) represents the total set of nodes clustered to the departure node N0, that a drone should visit. 

The Table 2 indicates the selected genetic parameters for both eGAwPF and eGA. Both algorithms 

share common parameters, such as the number of generations and the population size. The genetic algorithms 

(eGA and eGAwPF) were implemented using the Python language, and executed on an Intel ® i3 machine, 

with a dual-core 2.20 GHz, and 4 Go RAM. Also, both algorithms were executed under the same stochastic 

conditions, that is, no random seed was used in the experiments. 

 
 

Table 2. Selected genetic parameters for both eGAwPF and eGA 
Parameter Value 

Population size N × 2 (N is the size of the dataset) 
Number of loops N × 2 
Parent selection 2-Tournament 

Crossover operation Order crossover operator 
Crossover rate 0.75 

Mutation operation Swap mutation 
Mutation rate 0.02 

 
 

3.1.  Mathematical formulation of the VRPD 

In the VRPD, the objective function is to minimize the maximum distance of all routes performed 

by the drone. The VRPD mathematical formulation is adapted from the well-known flying sidekick traveling 

salesman problem (FSTSP) [26]. We consider the following notations and constraints [24]: 



Int J Elec & Comp Eng  ISSN: 2088-8708  

 

 Elitist genetic algorithm improved with parenting fitness parameter (Ouiss Mustapha) 

889 

− The set of nodes N (N = 1, ..., n); 

− The departure and final arrival node N0; 

− The set of nodes N+ to visit; 

− Distance Li,j between i and j; 

− Set R defining all routes performed by a drone; 

− Maximum flight range mfd of the drone d. 

The objective function is formulated as: 

 

𝑚𝑖𝑛∑ 𝑅𝑖
𝑁
𝑖=1  (4) 

 

The constraint 5 ensure that the route Ri do not exceed the maximum flight distance of the drone d: 

 

𝑅𝑖 ≤ 𝑑  (5) 

 

In these experiments, no constraint is considered for the maximum drone load. We consider the main depot 

as a take-off node and the landing node. Constraint 6 ensures that the drone takes off from the central main 

depot exactly once, while the constraint 7 requires the drone to return to the main depot exactly once.  

 

∑ 𝑥0𝑗𝑗∈𝑁 = 1  (6) 

 

∑ 𝑥𝑗0𝑗∈𝑁 = 1  (7) 

 

The constraint 8 ensures that a node is visited exactly once. 

 

∑ 𝑥𝑖𝑗𝑖,𝑗∈𝑁 + ∑ 𝑦𝑖𝑗𝑖,𝑗∈𝑁 = 1 𝑖 ≠ 𝑗  (8) 

 

3.2.  Fitness function 

To compare the effectiveness of our approach against a typical elitist genetic algorithm (eGA), we 

implemented the exact same fitness function, for the reason that a fitness function implementation is a critical 

part of the genetic algorithm, and a wrong implementation may lead to wrong calculations either in a positive 

way or a negative one. The fitness function calculation for the VRPD is defined in the Algorithm 4, which 

corresponds to the decomposition of the big tour defined by the chromosome, into feasible routes. 

 

Algorithm 4. VRPD Sub-tours construction 
1: Initialization of the Maximum Route Length mrl ← 0; 

2: mfd ← Maximum flight distance of the drone d; 

3: mrl ← distance(depot, chromosome(0)); 

4: for all gene i, gene i+1 ∈ chromosome do 
5: mdi,i+1 ← distance(i,i+1); 

6: if mrl + mdi,i+1 > mfd then create new route (return to the depot, and from depot to the 

position defined in the gene I + 1; 

7: else 

8: mrl ← mrl + mdi,i+1 ; 

9: end if 

10: end for 

11: mrl ← mrl + distance(chromosome(L), depot); // L: chromosome length. 

 

3.3.  Dataset description 

To test the algorithm, we used multiple datasets downloaded from the instances presented in the 

work of [27]. Each instance file is labelled N.M.T, where 𝑁 is the number of customers, 𝑀 is the grid’s 

dimension, and 𝑇 is the scenario’s generic name. The first line in each instance file indicates the number of 

customers. Each line from the second line contains coordinates 𝑋, 𝑌 and demand of the customer. Another 

file containing information about the coordinates of the depot, and information about the used drone, is used. 

 

3.4.  Route construction function 

In the vehicle routing problem optimization, the main goal is to construct routes that respect defined 

constraints and objectives. The fitness of each chromosome in the loop t is calculated with (9). 

 

𝑓𝑖(𝑡) = ∑ 𝑅𝑖
𝑘
𝑖=1  (9) 
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In the VRP, chromosomes define the sequence of nodes visited by the vehicle. The algorithm 4 represents the 

pseudo-code of the decomposition of the big tour into sub-tours. The distance function is a function that 

returns the distance between the node i and the node i +1. The distance is calculated by (10). 

 

𝑑(𝑝, 𝑞) = √∑ (𝑞𝑖 − 𝑝𝑖)
2𝑛

𝑖=1  (10) 

 

A gap value between the best of eGAwPF for each percentage and the best of eGA is defined by (11): 

 

Gap1 = (Bega − Bpf ) / Bpf (11) 

 

while the gap value between the overall best of eGAwPF and the best of eGA is defined by (12): 

 

Gap2 = (Bega − B*
pf)/B*

pf (12) 

 

where Bega is the best-known solution (BKS) of the eGA and Bpf is the best-known solution of the elitist 

genetic algorithm with parenting fitness for a particular parenting fitness percentage, and B*
pf is the overall 

best of eGAwPF. 

 

3.5.  Crossover 

The crossover controls the diversification mechanism. We consider the order crossover operator 

(OX) [28], [29]. Algorithm 5 presents the Order crossover operator steps. The order crossover operates as 

follows: 

− Two parents P1(t) and P2(t) are selected from the population according to a defined strategy. 

− Crossover points crp1 and crp2 are chosen randomly in the interval [2, L - 1], where 𝐿 is the length of the 

chromosome, and crp1 > crp2. 

− Genes of the parents are swapped to create new offspring O1(t) and O2(t) on the crossover points. 

− The redundant genes of the offspring are removed, and the gaps are filled with the remaining values. 

 

Algorithm 5. Order crossover (OX) operator pseudocode 
1: Select parents P1(t) and P2(t) from population; 

2: Select crossover points crp1 and crp2; 

3: Swap Genes of P1(t) and P2(t) between crp1 and crp2; 

4: Remove redundant genes from the offspring O1(t) and O2(t); 

5: for all offspring O do 

6: Fill empty genes with remaining values; 

7: end for 

 

3.6.  Mutation 

The natural mutation operator for the vehicle routing problem, as well as similar combinatorial 

optimization problems, is the swap mutation (SM) operator. In the context of swap mutation, the genetic 

algorithm selects two positions rnd1 and rnd2 (where rnd1 # rnd2) at random on the chromosome, and 

interchanges their values. The algorithm 6 represents the swap mutation operation. 

 

Algorithm 6. Swap mutation (SM) operator pseudocode 
1: Generate a random numbers rnd1 in [1, n]; 

2: Generate a random numbers rnd2 in [rnd1, n]; 

3: tmp ← individual_i[rnd1]; 

4: individual_i[rnd1] ← individual_i[rnd2]; 

5: individual_i[rnd2] ← tmp; 

 

 

4. RESULTS AND DISCUSSION 

4.1.  Sensitivity analysis 

In order to study the variation impact of the parenting fitness initialization between loops, the 

genetic algorithm improved with parenting fitness parameter was executed in two versions: i) with 

reinitialization of the parenting fitness of parents, and ii) without reinitialization. In the first set, we 

reinitialize the parenting fitness of the parents at each iteration, while in the second set, the value of the 

parenting fitness remains after the loop. Also, the parenting fitness rate is set to 2%, 10%, and 50% of the 

best parents. The remaining individuals are the best of the combined offspring and individuals of the current 

population. Executing the algorithm with different parenting fitness percentages offers a perspective on the 

impact of different percentages on the algorithm’s performance and its final result. 
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4.2.  Results 

For the experiments on the eGAwPF without reinitialization of parenting fitness, Tables 3, 4, and 5 

represent the corresponding results for small, medium, and large instances, respectively. The results obtained 

from our research are presented, for the experiments on the eGAwPF with reinitialization of parenting fitness 

in Table 6, 7, and 8 for small, medium, and large instances, respectively. 

 

 

Table 3. Computational results on small instances, with EGAwPF without reinitialization 
 eGA EGAwPF (50%) EGAwPF (10%) EGAwPF (2%) 

B*pf GAP2 
Instance Best Best GAP1 Best GAP1 Best GAP1 

20.10.3 62.0 55.0 0.127 53.0 0.170 59.0 0.051 53.0 0.170 

20.10.4 51.0 65.0 -0.215 65.0 -0.215 67.0 -0.239 65.0 -0.215 

20.5.2 30.0 33.0 -0.091 28.0 0.071 27.0 0.111 27.0 0.111 
20.5.3 29.0 28.0 0.036 26.0 0.115 26.0 0.115 26.0 0.115 

20.5.4 31.0 31.0 0.000 26.0 0.192 26.0 0.192 26.0 0.192 

 

 

Table 4. Computational results on medium instances, with EGAwPF without reinitialization 
 eGA EGAwPF (50%) EGAwPF (10%) EGAwPF (2%) 

B*pf GAP2 
Instance Best Best GAP1 Best GAP1 Best GAP1 

50.20.4 653.0 690.0 -0.054 639.0 0.022 691.0 -0.055 639.0 0.022 

50.30.1 989.0 983.0 0.006 1052.0 -0.060 1016.0 -0.027 983.0 0.006 
50.30.2 906.0 885.0 0.024 889.0 0.019 901.0 0.006 885.0 0.024 

50.30.3 1060.0 1017.0 0.042 1053.0 0.007 1017.0 0.042 1017.0 0.042 

50.30.4 934.0 959.0 -0.026 956.0 -0.023 967.0 -0.034 959.0 -0.026 

 

 

Table 5. Computational results on large instances, with EGAwPF without reinitialization 
 eGA EGAwPF (50%) EGAwPF (10%) EGAwPF (2%) 

B*pf GAP2 
Instance Best Best GAP1 Best GAP1 Best GAP1 

200.30.2 4456.0 4325.0 0.030 4153.0 0.073 4298.0 0.037 4153.0 0.073 
200.30.3 4447.0 4548.0 -0.022 4582.0 -0.029 4545.0 -0.022 4545.0 -0.022 

200.30.4 4286.0 4094.0 0.047 4304.0 -0.004 4260.0 0.006 4094.0 0.047 

200.40.1 5786.0 5695.0 0.016 5799.0 -0.002 5806.0 -0.003 5695.0 0.016 
200.40.2 5970.0 6020.0 -0.008 5955.0 0.003 6169.0 -0.032 5955.0 0.003 

 

 

Table 6. Computational results on small instances, with EGAwPF with reinitialization 
 eGA EGAwPF 50% EGAwPF 10% EGAwPF 2% 

B*pf GAP2 
Instance Best Best GAP1 Best GAP1 Best GAP1 

20.10.3 62.0 57.0 0.088 47.0 0.319 60.0 0.033 47.0 0.319 
20.10.4 51.0 60.0 -0.150 61.0 -0.164 63.0 -0.190 60.0 -0.150 

20.5.2 30.0 33.0 -0.091 31.0 -0.032 29.0 0.034 29.0 0.034 

20.5.3 29.0 24.0 0.208 26.0 0.115 30.0 -0.033 24.0 0.208 
20.5.4 31.0 22.0 0.409 30.0 0.033 27.0 0.148 22.0 0.409 

 

 

Table 7. Computational results on medium instances, with EGAwPF with reinitialization 
 eGA EGAwPF 50% EGAwPF 10% EGAwPF 2% 

B*pf GAP2 
Instance Best Best GAP1 Best GAP1 Best GAP1 

50.20.4 653.0 662.0 -0.014 663.0 -0.015 638.0 0.024 638.0 0.024 

50.30.1 989.0 1067.0 -0.073 983.0 0.006 1005.0 -0.016 983.0 0.006 

50.30.2 906.0 925.0 -0.021 869.0 0.043 826.0 0.097 826.0 0.097 
50.30.3 1060.0 1113.0 -0.048 1085.0 -0.023 1061.0 -0.001 1061.0 -0.001 

50.30.4 934.0 1050.0 -0.110 974.0 -0.041 1044.0 -0.105 974.0 -0.041 

 

 

Table 8. Computational results on large instances, with EGAwPF with reinitialization 
 eGA EGAwPF 50% EGAwPF 10% EGAwPF 2% 

B*pf GAP2 
Instance Best Best GAP1 Best GAP1 Best GAP1 

200.30.2 4456.0 4379.0 0.018 4419.0 0.008 4301.0 0.036 4301.0 0.036 

200.30.3 4447.0 4541.0 -0.021 4521.0 -0.016 4593.0 -0.032 4521.0 -0.016 
200.30.4 4286.0 4310.0 -0.006 4302.0 -0.004 4302.0 -0.004 4302.0 -0.004 

200.40.1 5786.0 5867.0 -0.014 5676.0 0.019 5762.0 0.004 5676.0 0.019 

200.40.2 5970.0 5972.0 0.000 6006.0 -0.006 5881.0 0.015 5881.0 0.015 
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4.3.  Execution analysis 

The genetic algorithm uses four functions: parents’ selection, crossover, and mutation, each of these 

functions have a complexity of O(n). However, the genetic algorithm runs n iterations; hence, the overall 

complexity is O(n2). The complexity of the parenting fitness function is O(n), since it uses n iterations while 

updating the parents’ parenting fitness. 

 

4.4.  Relative improvement 

Let N, E be the mean value of results found by eGA and the best results of eGAwPF for small, 

medium, and large instances. The used equation to calculate the relative improvement is defined by (14), 

while Tables 9 and 10 represent the results of the calculation. 

 

∆=
𝑁̄−𝐸̄

𝑁̄
× 100 (14) 

 

 

Table 9. Relative improvement with reinitialization of parenting fitness 

  eGA EGAwPF 
Small instances Mean 40.6 36.4 

Median 31 29 
Relative improvement (%) 10.34 

Medium instances Mean 908.4 896.4 
Median 934 974 

Relative improvement (%) 1.32 
Large instances Mean 4989 4936.2 

Median 4456 4521 
Relative improvement (%) 1.06 

 

 

Table 10. Relative improvement without reinitialization of parenting fitness 
  eGA EGAwPF 

Small instances Mean 40.6 39.4 

Median 31 27 

Relative improvement (%) 2.96 

Medium instances Mean 908,4 896.6 
Median 934 959 

Relative improvement (%) 1.3 

Large instances Mean 4989 4888.4 
Median 4456 4545 

Relative improvement (%) 2.02 

 

 

4.5.  Discussion 

The eGAwPF shows significant performance in comparison with a standard eGA. The eGAwPF was 

executed in two version: one without reinitialization of the parenting fitness value of parents, and another 

with reinitialization. For the first execution, the overall gap in performance, for the used datasets, ranges from 

0.111 to 0.192, 0.006 to 0.042, 0.003 to 0.073, for small, medium and large instances, respectively. The latter 

shows an overall performance gaps, that varied from 0.034 to 0.409, 0.006 to 0.097, and 0.015 to 0.036 for 

small, medium and large instances, respectively. However, in some cases, the eGA outperforms the 

eGAwPF, however, even in these cases (except for the dataset 20.10.4 in the first set of experiments), the gap 

does not exceed the performance ranges observed when eGAwPF outperforms eGA. Also, the non-

reinitialization of the parenting fitness can produce more fit individuals. The experiments conducted 

demonstrates that the parenting fitness parameter enhances the performance of the genetic algorithm. Unlike 

other techniques as hybridization, that may need significant updates in the genetic algorithm’s core, the 

parenting fitness parameter can be easily integrated into existing GA frameworks in a non-disturbing way 

with minimum effort and reduced changes, since it only requires adding the updating function and adapting 

the evolution phase. 

 

 

5. CONCLUSION AND FUTURE DIRECTIONS 

In this article, we investigated the impact of integrating the parenting fitness parameter into an elitist 

genetic algorithm to mitigate premature convergence in the context of optimizing the vehicle routing 

problem. Our experiments revealed a relative improvement of 1.06 to 10.34% depending on the dataset’s size 

and the parenting fitness reinitialization approach. These experiments validate that preserving high-quality 
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parents enhances the final results of the algorithm. Instead of focusing only on individuals’ fitness, the use of 

the parenting fitness allows the algorithm to take advantage of their potential. Being one of the most known 

metaheuristics, the genetic algorithm, despite of existing for more than five decades, presents opportunities to 

be improved to produce better results. In future work, we will investigate a mechanism that use the 

correlation between the fitness function of the individual with its parenting fitness value. This correlation will 

be used in the selection phase to ensure the balance between being the best solution and the best parent. Also, 

upgrading the algorithm to handle multi-objective problems should be explored. 
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