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Abstract
Population-Based Bio-Inspired Algorithms (PBBIAs) are computational methods 
that simulate natural biological processes, such as evolution or social behaviors, to 
solve optimization problems. Traditionally, PBBIAs use a population of static size, 
set beforehand through a specific parameter. Nevertheless, for several decades now, 
the idea of employing populations of dynamic size, capable of adjusting during the 
course of a single run, has gained ground. Various methods have been introduced, 
ranging from simpler ones that use a predefined function to determine the popu-
lation size variation, to more sophisticated methods where the population size in 
different phases of the evolutionary process depends on the dynamics of the evo-
lution itself and events occurring within the population during the run. The com-
mon underlying idea in many of these approaches, is similar: to save a significant 
amount of computational effort in phases where the evolution is functioning well, 
and therefore a large population is not needed. This allows for reusing the previ-
ously saved computational effort when optimization becomes more challenging, and 
hence a greater computational effort is required. Numerous past contributions have 
demonstrated a notable advantage of using dynamically sized populations, often 
resulting in comparable results to those obtained by the standard PBBIAs but with a 
significant saving of computational effort. However, despite the numerous successes 
that have been presented, to date, there is still no comprehensive collection of past 
contributions on the use of dynamic populations that allows for their categorization 
and critical analysis. This article aims to bridge this gap by presenting a systematic 
literature review regarding the use of dynamic populations in PBBIAs, as well as 
identifying gaps in the research that can lead the path to future works.
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1  Introduction

Population Based Bio-Inspired Algorithms (PBBIAs) are a class of computational 
methods inspired by the biological processes and behaviors observed in nature. 
These algorithms simulate the natural phenomena of evolution, social behavior, 
and biological systems to solve complex optimization and search problems. The 
core idea behind these algorithms is to maintain a population of potential solu-
tions that evolve or adapt through mechanisms such as reproduction, mutation, 
and crossover in the context of evolutionary algorithms, or through the collec-
tive behavior and communication observed in swarms or flocks in the context of 
swarm intelligence algorithms. PBBIAs include a wide range of algorithms, each 
drawing inspiration from different biological processes. Some of the most promi-
nent PBBIAs include Evolutionary Algorithms (EAs), inspired by the process of 
natural selection and genetics; Particle Swarm Optimization (PSO), based on the 
social behavior and movement dynamics of birds and fish; Ant Colony Optimi-
zation (ACO), which mimics the foraging behavior of ants; and Artificial Bee 
Colony (ABC) algorithms, inspired by the food foraging behavior of honey bees. 
The class of algorithms we refer to as PBBIAs is sometimes grouped under the 
broader term Evolutionary Computation  (EC) in various bibliographic sources. 
However, it is also common practice to restrict  EC to computational methods 
specifically inspired by Darwinian evolution. As a result, algorithms such as 
PSO, ACO, and ABC are often categorized under Swarm Intelligence (SI) rather 
than  EC. For instance,  [1] highlights that SI algorithms have expanded beyond 
the traditional scope of EC, establishing themselves as a distinct field. Therefore, 
we have opted to use the more inclusive term PBBIAs to encompass all biologi-
cally inspired population-based computational methods.

Since the early years of  PBBIAs, the significance of population size as a 
critical parameter has been consistently demonstrated. For instance, different 
studies [2–4] show that population size significantly affects the performance of 
PBBIAs, and that selecting the correct value for this parameter is key for the 
success of the evolutionary process. In the initial implementations of PBBIAs, 
the population size was set as a constant value, remaining unaltered through-
out successive generations. However, in the early 1990  s pioneering initiatives 
were launched to develop  PBBIAs with dynamic population size. This choice 
was motivated by various reasons. For instance, different contributions  [5–11] 
justify the use of dynamic populations in order to reduce the computational 
cost of PBBIAs, claiming that a steady decrease in the population size allows 
to save calculations while keeping a good quality of solutions. Others contri-
butions  [12–18] used dynamic populations to improve the performance of the 
algorithm by balancing exploration and exploitation. A different approach was 
the one presented in papers such as  [19, 20], where dynamic populations are 
used to adapt the population to a dynamic modification of the environment, 
mainly caused by a dynamic change in the fitness function. When handling these 
types of optimization problems, dynamic target functions, different approaches 
have also been explored. These include maintaining diversity through methods 
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like random immigrants and hypermutation, using memory schemes to retain 
and reintroduce good solutions, and employing multi-population approaches 
to ensure broad exploration.[21, 22] Adaptive parameter control and change 
detection mechanisms allow the algorithm to adjust its behavior dynamically.
[23, 24] Together, these strategies enhance the algorithm’s ability to cope with 
evolving optimization landscapes. A different perspective is the one presented 
in [25–29], where employing an adaptive population size contributes to the defi-
nition of an algorithm in which the user is relieved from the responsibility of 
setting the parameters (parameter-free algorithm). This approach aims to make 
the algorithms more user-friendly and robust by reducing the dependency on 
finely-tuned parameters, which can be difficult to set correctly without expert 
knowledge. Parameter-less algorithms typically employ adaptive or self-adaptive 
mechanisms, where parameters dynamically change based on the current state 
of the search process[23, 30],. For instance, some algorithms adjust mutation 
rates based on population diversity, ensuring a balance between exploration and 
exploitation [31]. Other approaches use heuristic rules or meta-optimization 
techniques to set parameters on-the-fly [32, 33]. These strategies not only sim-
plify the deployment of optimization algorithms but also enhance their ability 
to adapt to various problem landscapes, ultimately improving the overall perfor-
mance and robustness of the optimization process [34]. All dynamic population 
algorithms are characterized by some fundamental choices, such as determin-
ing the appropriate timing and extent of population size adjustments, as well as 
selecting the specific individuals to add or remove. Usually, the decisions about 
when and to what extent to modify the population are closely interlinked and 
depend on the same criterion, while the selection of the individuals to add or 
remove is an independent step. It is worth noting that while not all dynamic 
population algorithms introduced thus far contemplate the option of increas-
ing the population size, all of them integrate a mechanism for decreasing the 
population.

The goal of this study is to provide an overview of the most promising 
dynamic population methods present in the literature, while also focusing on 
categorizing these studies and identifying possible gaps where future research 
could be conducted.

The paper is organized as follows: Sect. 2 describes the bibliographic search 
that lead to the collection of the contributions discussed in this study. Section 3 
proposes a categorization of the existing dynamic population methods based 
into two axes: the methods employed for removing individuals from the popula-
tion and the criterion used for selecting individuals to be removed. This clas-
sification serves as a foundation for a detailed discussion on the identified lit-
erature. Section  4 provides a further analysis on the presented studies, linking 
the categories presented in Sect. 3 to the most common motivation used by the 
authors to justify the employment of dynamic population. Finally, Sect. 5 sum-
marizes the findings of this study, emphasizing the substantial advantages of uti-
lizing dynamic populations in PBBIAs, contributing to a deeper understanding 
and furtherance of this research domain.
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2 � Bibliographic search methodology

The bibliographic search that provides the foundation of this work is based on 
two academic databases, Scopus and Web of Science. The keywords “dynamic 
population”  are very common in many fields that differ from the one of this 
study, such as Biology and Medicine, among others. Therefore the search on the 
previously named databases was based on pairing “ dynamic population” with 
some keywords that may address the search to our field of study, such as “ artifi-
cial intelligence”, “ machine learning” and more specifically, of course, “ evo-
lutionary computation” and “ evolutionary algorithms”. Then, with the aim of 
not missing any important contribution, “ dynamic population” was paired with 
the names of some of the most famous algorithms in the area, namely “ genetic 
algorithms”, “ genetic programming”, “ differential evolution” and “ particle 
swarm optimization”. To enhance the scope and variety of our exploration, we 
also conducted a parallel search using the keywords “ adaptive population”. The 
inquiry has resulted in the identification of numerous scientific articles, which 
have undergone a meticulous selection process based on their alignment with the 
topic of this survey, as well as their overall significance. Consequently, we pro-
pose a comprehensive analysis of the 51 most consequential papers.

3 � Categorization of the selected contributions

In this work, the classification of PBBIA studies incorporating dynamic popula-
tions is not constrained by a chronological timeline, as no specific pattern or trend 
has been discerned. While papers discussing the implementation of dynamic pop-
ulations began emerging in the early 1990s, the subsequent years, especially from 
the 2000s onward, witnessed a consistent influx of new contributions without 
exhibiting any discernible trend or peak. Instead, the classification presented here 
is grounded in two primary factors: the criterion governing the selection of when 
and how many individuals are added or removed, and the criterion determining 
which individuals are selected for removal. The second factor of the categoriza-
tion is based only on the criterion that chooses which individuals to remove and 
not on the addition of new individuals. This is because, out of the 51 papers used 
for this analysis, 14 did not implement the addition of new individuals to the pop-
ulation, and in the other 20 cases, the individuals added to the population were 
variations of those already in the current population.

For each of the two axes, we were able to identify the most common 
approaches, which are presented in Tables 1 and 2 respectively, together with the 
count of how many times they are used in the analyzed papers.

By looking at Table 1, we observe that the prevalent approach  (21 contribu-
tions) for determining when and how many individuals are added or removed 
from the population is “based on fitness”. In other words, the decision is taken 
using the fitnesses of the individuals that belong to the current population. The 
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central concept typically involves an attempt to discern whether the evolution-
ary process is advancing effectively or encountering stagnation in local optima. 
Based on this, decisions are made regarding the addition or removal of individu-
als from the population. Also, in Table 1 we can see that in 10 studies the popu-
lation size is regulated by applying an a priory defined function. The third most 
used approach  (7  articles) is “based on diversity”, meaning that individuals are 
added or removed to the population according to the population diversity meas-
ured during the evolution process. In four bibliographic references, the “number 
of fitness evaluations” was used as a criterion to decide whether to enlarge or 
shrink the population. These papers are characterized by the implementation of 
an overall budget of evaluations for the evolutionary process, and a consequent 
regulation of the population size. In five articles the approach involves using a life 
span that regulates how long each individual survives in the population. Finally, 
in one article  [28] the population size is directly encoded in the chromosomes 
representing the evolving individuals.

Observing Table 2, we can see many shared approaches with the ones presented 
in Table 1, such as the approaches related to fitness, diversity, and life span, in which 
these values determine which individuals to remove from the population. Different 
methods use the size of the individuals as the driver to choose which individuals 
to remove from the population. This approach is typical of PBBIAs with variable 
size representations, like Genetic Programming (GP). Finally, in one article [35] the 
individuals to remove are chosen at random from the population.

Considering five distinct approaches for the criterion determining when and 
how many individuals to add or remove, and an additional six approaches for the 

Table 1   Most common 
approaches concerning the 
criterion determining when and 
how many individuals are added 
or removed from the population

Approach Count

Based on fitness 21
Regulated by an a priori defined function 10
Based on diversity 7
Based on the number of fitness evaluations 6
Based on individual life span 5
Encoded in the population 1

Table 2   Most common 
approaches concerning the 
criterion responsible for 
selecting which individuals to 
remove from the population

Approach Count

Based on fitness 26
Size of the offspring population changed 15
Based on the size of the individuals 4
Based on individual life span 2
Random individuals 1
Encoded in the population 1
Based on diversity 1
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criterion deciding which individuals to remove, the resulting grid would encom-
pass 30 categories. In order to manage this complexity more effectively, we opted 
to aggregate certain approaches into groups. Regarding the horizontal axis  (crite-
rion that selects when and how many individuals to remove), we have decided to 
aggregate the approaches “ Regulated by an a priori defined function”, “ Based on 
individual life span” and “ Encoded in the population”. Indeed, these three cate-
gories share the common characteristic of implementing an automatic approach to 
select when and how many individuals to remove, which does not take into account 
the features of the current population. Specifically, the first approach uses a func-
tion to determine the population size at any given generation. The second approach 
assigns each individual a maximum lifespan to each individual, removing them from 
the population after that lifespan is reached. The last approach encodes the popula-
tion size within the algorithm, optimizing it as part of the overall process. A similar 
aggregation was performed for the vertical axis (criterion that selects which individ-
uals to remove), grouping together the approaches “ Size of the offspring population 
changed”, “ Based on individual life span”, “ Random individuals” and “ Encoded 
in the population”. Indeed, again these four approaches implement an automatic way 
of selecting which individuals to remove, without looking at the features of the cur-
rent individuals.

Figure 1 presents the categories in the two-dimensional space, together with the 
count of how many of our selected articles fall into that category.

Observing Fig. 1, it is possible to notice that there are nine different categories 
of studies that contain at least one article. In the continuation, we propose a more 
in-depth analysis of the different categories, together with a discussion of the con-
tributions that belong to them. Concerning terminology, we will designate the cat-
egories based on the approach they adopt along both the horizontal and vertical axes 
of Fig. 1. For instance, the term “ Fitness Based - Automatic” denotes the category 

Fig. 1   Graphical representation of the two-dimensional categorization with the number of papers for 
each category
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of studies that employ a “ Fitness Based” approach for determining when and how 
many individuals to remove, and an “ Automatic” approach for selecting which indi-
viduals to remove. The order in which the studies are discussed in each category is 
chronological.

3.1 � Fitness based–fitness based

This category contains 10 papers, reported in Table 3, in which the criterion used 
to select when and how many individuals to remove and the criterion used to select 
which individuals to remove are both based on fitness.

The first contribution of this category, in chronological order, is represented by 
a study conducted by Yen et al. in 2003 [36]. This paper introduces a Multi-Objec-
tive  (MO) Particle Swarm Optimization  (PSO) system with a Dynamic Popula-
tion (DP), termed Dynamic Particle Swarm Multiobjective Optimization (DPSMO). 
The removal of individuals is determined based on fitness. DPSMO regulates the 
population size according to the density and the number of dominated individuals in 
a specific neighborhood, also referred as cell rank. The density value indicates how 
many individuals occupy a cell in the objective space, while the cell rank reflects the 
relative quality of a cell based on its dominance and density. This algorithm imple-
ments a Population Growing Strategy and a Population Declining Strategy. In the 
first one, one crossover and mutation operations are designed to minimize rank val-
ues and maintain cell densities. The fitness assignment scheme divides the popula-
tion into subpopulations responsible for rank and density optimization. Offspring are 
retained in the next generation if they have better fitness than their parents, ensur-
ing exploration of unexplored cells. However, a forbidden region concept is intro-
duced to prevent undesirable backward drifting of offspring. On the other hand, in 
the Population Declining Strategy, individuals are removed based on their cell rank 
and density values, and an age threshold is introduced to ensure each individual con-
tributes meaningfully. This is done by assuring that any individual survives in the 
population for at least a number of generations equal to the age threshold.

A similar approach is presented in the work of Leong  et al., published 
in  2008  [37], in which another MO optimization problem is tackled with the use 
of PSO. This algorithm uses the same DP techniques as in the first paper, while also 
using an Adaptive Local Archive  (ALA) in order to improve the diversity within 
each swarm. The ALA technique optimizes multiobjective problems by maintaining 
diverse and high-quality solutions. It clusters solutions into local archives, dividing 
the objective space into adaptive cells to guide exploration. This dynamic adjust-
ment promotes solution diversity, focusing on less crowded areas to avoid prema-
ture convergence. ALA enhances the Particle Swarm Optimization framework by 
ensuring a balanced exploration of the search space, leading to more efficient and 
effective problem-solving. A different approach is presented in [38], where Zhnag et 
al. apply DP to Differential Evolution (DE). In this experiment, an adaptive mecha-
nism is applied to the DE algorithm, aimed at enhancing its performance on large-
scale global optimization problems. This is done by introducing two strategies: 
population increasing (pop_inc) and population decreasing (pop_dec). The pop_inc 
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strategy allows trial solutions that are not initially better than existing solutions to 
be retained, potentially increasing diversity and aiding in escaping local optima. 
The pop_dec strategy involves removing solutions with a high “ degradation value,” 
indicating poor performance or stagnation of the algorithm, to maintain an optimal 
population size and computational efficiency.

Another application of DP to DE is the one presented by Zhu et al. in [39], where 
redundant individuals are removed from the population according to their fitness 
value. This work presents an Adaptive Population Tuning Scheme (APTS), which 
dynamically adjusts the population size based on the current solution-searching sta-
tus. APTS employs a status monitor to track the progress of individuals and two 
main strategies: an inferior-based population-cut strategy to remove poorly perform-
ing solutions, and an elite-based population-incremental strategy to add promising 
new individuals. These promising new solutions are generated by sampling trial vec-
tors from a candidate pool, using the probability learned from its success rate. This 
process continuously removes redundant particles reducing the computational cost, 
while enhancing the optimization process by ensuring the algorithm adapts to the 
evolving search landscape efficiently. In an attempt at introducing a parameter-less 
version of DE, Wang et al. introduce a Self-adaptive population resizing mechanism 
named SapsDE in  [40]. Population reducing or augmenting strategy are activated 
according to the evolutionary process’s success rate, enhancing the balance between 
exploration and exploitation. The reduction strategy focuses on removing individu-
als that are considered to be performing poorly. Specifically, the approach uses an 
inferior-based population-cut strategy to identify and remove the worst-performing 
particles. The approach also uses an augmenting strategy, that introduces new indi-
viduals. Those individuals are mutations of the ones already present in the popula-
tion. The approach aims to achieve faster convergence and better solution quality, 
particularly beneficial for large-scale and challenging optimization tasks. In [13], the 
concept of Mediative Fuzzy Logic is used to calculate the population size at each 
generation for  EAs. By intelligently increasing or decreasing the population size 
based on the algorithm’s performance and the landscape’s characteristics, exploiting 
fuzzy logic. This method aims to enhance precision and reduce computational time 
compared to traditional approaches.

The last application of  DP to  DE presented in this section is the one intro-
duced by Wong  et al. in  [29]. The paper introduces the Continuous Adaptive 
Population Reduction (CAPR) method for Differential Evolution (DE) optimiza-
tion, focusing on dynamically reducing the population size in accordance with the 
optimization progress. This adjustment is based on the optimization performance 
gradient measured over generations. After each evaluation cycle, the average fit-
ness values of the population are used to compute a normalized gradient value, 
which then determines the new population size for the next generation. This novel 
approach aims to enhance efficiency and convergence by continuously adjusting 
the population size, independent of the DE structure, allowing integration into 
various DE variants. This method is implemented to balance the exploration and 
exploitation phases of the evolutionary process. In a work presented by Cui  et 
al.  [41], DP  is applied to the Artificial Bee Colony  (ABC) algorithm, introduc-
ing an Adaptive Method for Population Size  (AMPS). This method adjusts the 
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population size based on the success in finding better solutions. If the algorithm 
excels in exploration, AMPS reduces the population by removing the less promis-
ing solutions, thus enhancing exploitation. Conversely, if the algorithm is more 
successful in exploitation, it increases the population by adding solutions from an 
external archive to boost exploration. Also in this case, this adaptive adjustment 
aims to maintain a balance between exploration and exploitation, improving the 
algorithm’s performance on numerical function optimization problems.

In [10], DP strategies are adapted to a variation of Genetic Programming (GP), 
namely Geometric Semantic Genetic Programming(GSGP), in order to reduce 
the overall computational cost of the algorithm. This works adapts to GSGP a 
DP strategy that had initially been introduced for Genetic Algorithms  (GAs), 
ProFIGA  [17], together with one that had originally been proposed for stand-
ard GP [19]. These techniques are later described respectively in Sects. 3.2 and 
3.5. A new DP method is also introduced in [10]. It differs from its predecessor, 
introduced in  [19], by employing the Total Improvement Efficiency  (TIE) crite-
rion to assess algorithm stagnation. Unlike the method introduced in [19], which 
relies on fitness comparison between generations, TIE-DP-GSGP uses the Train-
ing Improvement Effectiveness (TIE) value, based on the concept of Semantic 
Neighborhood(SN) [42], to make decisions about population adjustments. TIE is 
calculated as the number of individuals present in the SN of the elite, with a bet-
ter fitness than the elite itself. At each generation, the TIE value is compared to 
a predefined tolerance threshold. If the TIE is below this threshold, indicating 
minimal improvement or stagnation, a number of individuals, determined by a 
specific equation [19], are removed from the population to encourage exploration 
and avoid premature convergence. Conversely, if the TIE exceeds the threshold, 
suggesting potential for further exploration, the same number of individuals are 
added to the population, enhancing the algorithm’s search capabilities. A variant 
with an external archive to reintroduce previously eliminated individuals is also 
implemented. The last work presented in this section is the study performed by 
Shu  et al.  [18], where DP is applied to PSO. This approach adapts the popula-
tion size based on the archive’s resources, increasing particles for better explora-
tion when needed and using non-dominated sorting and density control to prevent 
excessive population growth. This dynamic adjustment aims to enhance conver-
gence and diversity in solving complex optimization problems while maintaining 
a balance between exploration and exploitation.

The studies showcased in this section illustrate the efficacy of using fitness as 
a criterion to determine when, how many, and which individuals to remove from 
the population. These methods yield various outcomes, resulting in improved 
equilibrium between exploration and exploitation, a reduction in the algorithm’s 
overall cost, and a possible technique for adapting to dynamic target func-
tions. While significant progress has been made, future research should focus 
on addressing the limitations identified, such as the scalability of algorithms in 
large-scale problems and their adaptability in dynamic environments. Compara-
tive studies involving real-world datasets across diverse domains can also offer 
valuable insights and drive innovation in the field.
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3.2 � Fitness based–automatic

This category contains 7 papers, presented in Table 4. The paper presented in this 
section use as criterion to select when and how many individuals to remove fitness, 
while having an automatic approach in choosing which to remove.

All the algorithms that belong to this category eliminate individuals by reducing 
the size of the offspring population, therefore the focus will be on how they choose 
when and how many individuals to remove. The first study, presented by Liu et al. 
in [43], uses a Fuzzy Logic Controller (FLC) to regulate the population size of DE 
at each generation. The controller adjusts the population size based on the variance 
changes of objective function parameters  (vpc ) and objective function values  (vfc ). 
These changes are monitored over two successive generations and are used as inputs 
to the FLC. If the absolute value of vpc is large, indicating a significant distance from 
the optimal solution, it is set to be large, suggesting an increase in population size 
to enhance exploration. Conversely, if the absolute value of vfc is small, indicating 
proximity to the optimal solution, it is set to be small, advocating for a reduction in 
population size to focus on exploitation. The aim is to enhance performance by opti-
mizing the population size in response to the search process’s current state, poten-
tially leading to faster convergence and reduced computational load. In the work by 
Eiben et al. [17] PRoFIGA, a new algorithm that applies DP to GAs, is introduced. 
Individuals are added to the population either if the evolutionary process is work-
ing (i.e., the fitness improved since the last generation) or if it got stuck for a long 
time (i.e., the fitness did not improve for five generations). In all the other cases, the 
population size is reduced. PRoFIGA is shown to outperform the standard version 
of the GAs on several test problems. The effectiveness of the previous approach is 
also confirmed by Merchàn-Cruz et al. in [44], where PRoFIGA is applied to Robot 
manipulators. The benefits of employing a dynamic population are also discussed 
in  [45], where two novel methods for adaptive parent population sizing are intro-
duced. The first method estimates quality gain from mutation vectors on simple fit-
ness functions like the sphere model, to dynamically adjust the parental population 
size for maximum quality gain. The second method, suitable for general fitness func-
tions, uses evolutionary directional derivatives to adapt the parental population size, 
aiming to optimize the algorithm’s path towards fitness improvement. Both methods 
rely on the mutation vectors and fitness values of each generation, striving for a bal-
ance between exploration and exploitation by adjusting the population size based on 
the current generation’s performance.

In  [46], DP is applied to the Fireworks Algorithm  (FWA), adjusting the popu-
lation size based on the search results of the current generation. When the opti-
mal individual is updated, the population size is decreased linearly to enhance 
exploitation. Conversely, if the population is trapped in local minima, the size is 
increased randomly beyond the initial size to aid in escaping and foster explora-
tion. This approach aims to balance between exploitation and exploration, thereby 
accelerating FWA’s convergence and performance, particularly in high-dimensional 
problems. In the work of Liu et al.  [47], the adaptive PSO with dynamic popula-
tion  (DP-APSO) algorithm is introduced. In this algorithm, an Evolutionary State 
Estimation  (ESE) technique is implemented to recognize the current evolutionary 
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state of the optimization search. The evolutionary states include exploration, exploi-
tation, convergence, and jumping out. The population size modifies according to the 
current state detected by the ESE, increasing to maintain diversity when the algo-
rithm is converging and decreasing to conserve computational resources when the 
algorithm is ’jumping out’ of local optima. In [48], DP is applied again to DE. The 
population is adapted according to the local fitness landscape, using a method called 
Fitness Landscape Adaptive Population Sizing (FL-APS). The adjustment formula 
is: NG+1 = round(Ninit − Nminx� + Nmin) . Here, Ninit and Nmin represent the mini-
mum and initial population sizes, respectively. The parameter � reflects the local 
fitness landscape’s characteristics, varying between 0 and 1, where values close to 0 
indicate a unimodal landscape (promoting faster convergence with a smaller popula-
tion) and values close to 1 indicate a multimodal landscape (requiring a larger popu-
lation to maintain diversity for exploration). This approach allows the algorithm to 
maintain a balance between exploring new areas of the search space and exploiting 
known good solutions, leading to better performance on various optimization tasks.

The works presented in this section show how employing an automatic approach 
to select which individuals to remove paired with using fitness as criterion to choose 
when and how many to discard yield good results when focusing on improving the 
equilibrium between exploration and exploitation or on reducing the algorithm’s 
overall cost. Even if the presented approaches yield good results, the authors think 
that employing a smart criterion to choose which individuals to remove from the 
population could even improve their performance, helping the DP method to 
improve the evolution process.

3.3 � Automatic–fitness based

This category encompasses a total of eight selected papers, presented in Table  5, 
that have an automatic criterion to choose when and how may individuals to remove, 
while using fitness to choose which ones to discard.

The first study within this category is conducted by Costa  et al.  [49], which 
explores a novel resizing technique to evaluate the advantages of DP on EAs. All 
the strategies presented involve adjusting the population size after a set number of 
fitness evaluations (500 and 5000 being the values tested). The individuals selected 
for removal are consistently the poorest performers in the population. The rand-
omized alteration of population size is shown to outperform the standard algorithm 
with fixed population size version when no prior information is available. In [25], an 
application of adaptive population to GAs is proposed in order to achieve a param-
eter-less configuration. This study, by Back et al., takes inspiration from [52], using 
a life span for each individual. Compared to the original work, the main formula is 
modified, using information concerning the current state of the search. Individuals 
with a better fitness than the average of the population are given a longer lifespan, 
making the decision of which individuals to remove from the population based on 
fitness.

The study conducted by Fernandez  et al.  [5] implements a linear reduc-
tion approach to the population size in GP. In each generation, a fixed number of 



	 Genetic Programming and Evolvable Machines           (2024) 25:19 

1 3

   19   Page 14 of 32

Ta
bl

e 
5  

S
um

m
ar

y 
of

 th
e 

Pa
pe

rs
 p

re
se

nt
ed

 in
 S

ec
t. 

3.
3

Ye
ar

A
ut

ho
rs

Ti
tle

Re
fe

re
nc

e

19
99

C
os

ta
 e

t a
l.

A
n 

Ex
pe

rim
en

ta
l s

tu
dy

 o
n 

dy
na

m
ic

 ra
nd

om
 v

ar
ia

tio
n 

of
 p

op
ul

at
io

n 
si

ze
[4

9]
20

00
B

äc
k 

et
 a

l.
A

n 
em

pi
ric

al
 st

ud
y 

on
 G

A
s “

w
ith

ou
t p

ar
am

et
er

s”
[2

5]
20

03
Fe

rn
an

de
z 

et
 a

l.
Th

e 
eff

ec
t o

f p
la

gu
es

 in
 g

en
et

ic
 p

ro
gr

am
m

in
g:

 a
 st

ud
y 

of
 v

ar
ia

bl
e-

si
ze

 p
op

ul
at

io
ns

[5
]

20
07

Su
n 

et
 a

l.
D

yn
am

ic
 p

op
ul

at
io

n 
si

ze
 b

as
ed

 p
ar

tic
le

 sw
ar

m
 o

pt
im

iz
at

io
n

[5
0]

20
07

B
re

st 
an

d 
Se

pe
sy

 M
au

ce
c

Po
pu

la
tio

n 
si

ze
 re

du
ct

io
n 

fo
r t

he
 d

iff
er

en
tia

l e
vo

lu
tio

n 
al

go
rit

hm
[2

6]
20

13
R

aj
ak

um
ar

 a
nd

 A
lo

ys
iu

s
A

PO
G

A
: a

n 
ad

ap
tiv

e 
po

pu
la

tio
n 

po
ol

 si
ze

 b
as

ed
 g

en
et

ic
 a

lg
or

ith
m

[2
7]

20
17

C
ui

 e
t a

l.
A

 n
ov

el
 a

rti
fic

ia
l b

ee
 c

ol
on

y 
al

go
rit

hm
 w

ith
 a

n 
ad

ap
tiv

e 
po

pu
la

tio
n 

si
ze

 fo
r n

um
er

ic
al

 fu
nc

tio
n 

op
tim

iz
at

io
n

[1
4]

20
19

Li
m

a 
et

 a
l.

D
es

ig
ni

ng
 c

om
bi

na
tio

na
l c

irc
ui

ts
 u

si
ng

 a
 m

ul
ti-

ob
je

ct
iv

e 
ca

rte
si

an
 g

en
et

ic
 p

ro
gr

am
m

in
g 

w
ith

 a
da

pt
iv

e 
po

pu
-

la
tio

n 
si

ze
[5

1]



1 3

Genetic Programming and Evolvable Machines           (2024) 25:19 	 Page 15 of 32     19 

individuals are eliminated from the population, aiming to decrease the computa-
tional burden of the algorithm. The individuals selected for removal are the least fit 
individuals in the population. The Dynamic Population Particle Swarm Optimiza-
tion (DPPSO) introduced by Sun et al. extends the concept of population adjustment 
in PSO with a novel approach. In DPPSO [50], the population size is reduced over 
time with an attenuation factor, aiming to decrease computational costs as the par-
ticles converge. Concurrently, it incorporates an undulate factor that introduces new 
particles during certain phases to maintain diversity and prevent premature conver-
gence. This dual approach optimizes the balance between exploration and exploita-
tion, improving the algorithm’s efficiency and efficacy on benchmark functions.

In the study by Brest et al. [26], a linear reduction method is applied to DE for 
population size control. The equation governing population size across generations 
is devised by imposing a maximum limit on fitness evaluations throughout the evo-
lution and ensuring that only half of the individuals are retained when the population 
is reduced. The selection process for choosing individuals in the reduced popula-
tion operates similarly to the original DE selection, favoring individuals with higher 
fitness values for survival. This experiment integrates dynamic population (DP) to 
strike a balance between exploration and exploitation, allowing for a larger popula-
tion size at the onset of evolution and a smaller one towards the conclusion. In [27], 
the life-time algorithm presented in [25] is used, demonstrating that it outperforms 
the standard GA. The concept of an individual lifetime is also applied to the ABC 
algorithm in [14]. The usage of DP is motivated by the fact that standard ABC per-
forms badly in exploitation. The algorithm developed by Cui et al. enhances exploi-
tation by periodically removing the worst solutions with low success rates, while 
adding to the population reserved solutions to improve exploration. In  [51], DP is 
applied to Cartesian GP (CGP) in an attempt at reducing the computational effort of 
the algorithm. The DP strategy employed in this work allows the population to grow 
up to a maximum number based on the number of non-dominated solutions, enhanc-
ing the exploration of the search space. When the population exceeds a predefined 
threshold, the least promising solutions are eliminated based on crowding distance, 
maintaining diversity and computational efficiency. This leads to the creation of effi-
cient circuit designs.

The works presented in this section show how employing an automatic approach 
to select when and how many individuals to remove paired with using fitness as 
criterion to choose which to discard can be applied to different scenarios. These 
approaches were used to achieve a better balance better exploration and exploitation, 
to reduce the computational effort of the algorithm and to achieve a parameterless 
configuration of the algorithm.

3.4 � Automatic–automatic

This category contains 8 contributions, reported in Table  6. The works presented 
in this section utilize an automatic approach in order to select when and how many 
individuals to remove as well as to select which individuals to discard.



	 Genetic Programming and Evolvable Machines           (2024) 25:19 

1 3

   19   Page 16 of 32

Ta
bl

e 
6  

S
um

m
ar

y 
of

 th
e 

Pa
pe

rs
 p

re
se

nt
ed

 in
 S

ec
t. 

3.
4

Ye
ar

A
ut

ho
rs

Ti
tle

Re
fe

re
nc

e

19
94

A
ra

ba
s e

t a
l.

G
AV

aP
S–

a 
ge

ne
tic

 a
lg

or
ith

m
 w

ith
 v

ar
yi

ng
 p

op
ul

at
io

n 
si

ze
[5

2]
20

03
Se

an
 e

t a
l.

Po
pu

la
tio

n 
im

pl
os

io
n 

in
 g

en
et

ic
 p

ro
gr

am
m

in
g

[5
3]

20
06

C
ut

el
lo

 e
t a

l.
C

lo
na

l s
el

ec
tio

n 
al

go
rit

hm
 w

ith
 d

yn
am

ic
 p

op
ul

at
io

n 
si

ze
 fo

r b
im

od
al

 se
ar

ch
 sp

ac
es

[5
4]

20
08

M
a 

an
d 

K
rin

gs
D

yn
am

ic
 p

op
ul

at
io

ns
 in

 g
en

et
ic

 a
lg

or
ith

m
s

[5
5]

20
08

Te
ng

 e
t a

l.
Se

lf-
ad

ap
tiv

e 
po

pu
la

tio
n 

si
zi

ng
 fo

r a
 tu

ne
-f

re
e 

di
ffe

re
nt

ia
l e

vo
lu

tio
n

[2
8]

20
18

H
u 

et
 a

l.
Im

pr
ov

in
g 

m
on

ar
ch

 b
ut

te
rfl

y 
op

tim
iz

at
io

n 
al

go
rit

hm
 w

ith
 se

lf-
ad

ap
tiv

e 
po

pu
la

tio
n

[5
6]

20
19

Li
A

n 
ad

ap
tiv

e 
su

rr
og

at
e 

as
si

ste
d 

di
ffe

re
nt

ia
l e

vo
lu

tio
na

ry
 a

lg
or

ith
m

 fo
r h

ig
h 

di
m

en
si

on
al

 c
on

str
ai

ne
d 

pr
ob

le
m

s
[5

7]
20

23
Li

an
g

A
 d

ua
l-p

op
ul

at
io

n 
co

ns
tra

in
ed

 m
ul

ti-
ob

je
ct

iv
e 

ev
ol

ut
io

na
ry

 a
lg

or
ith

m
 w

ith
 v

ar
ia

bl
e 

au
xi

lia
ry

 p
op

ul
at

io
n 

si
ze

[1
1]



1 3

Genetic Programming and Evolvable Machines           (2024) 25:19 	 Page 17 of 32     19 

In  [52], the Genetic algorithm with Varying Population Size  (GAVaPS) is pre-
sented. GAVaPS uses an adaptive population regulated by the individuals lifetime. 
The lifetime is determined using the individual fitness value at its creation. After 
expiring its lifetime, the individual dies off and it is removed from the population. 
This approach is developed trying to balance the convergence and the computational 
cost of the algorithm. Sean et  al.[53] introduce a dynamic population technique 
called “ population implosion,” where the population size is gradually decreased 
throughout the genetic programming run. This method reallocates evaluations from 
later to earlier generations, improving efficiency by emphasizing early exploration 
and later exploitation. The technique consistently performed as well as or better than 
traditional fixed-size population layouts, which maintain a constant number of indi-
viduals throughout the run, across various problem domains and evaluation lengths, 
also offering the benefit of reduced memory consumption by mitigating bloat. The 
work by Cutello et al. [54] applied a similar concept to the Immune Algorithm (IA). 
Each individual has an age, that is the number of generations it has been part of 
the population, that is transmitted from parents to offsprings. If an individual under-
goes a successful mutation, i.e. improving the fitness value, the age will be reset to 
0. A maximum age is determined and when an individual reaches it, it is removed 
from the population. In  [55], a study of six different functions to control the pop-
ulation size of GA through generations is presented. The functions’ only input is 
the generation number, and the size of the population is regulated by adapting the 
offspring population size. The conclusion of the study conducted by Ma  et al. is 
that there is not a universally applicable formula for sizing the population, a conclu-
sion corroborated by the No Free Lunch Theorem [58]. In an attempt at achieving a 
parameter-less version of the DE algorithm, Teng et al. [28] encoded the parameters 
of the algorithm, including the population size, in the chromosome that represents 
the evolving individuals. With this approach, the population size is regulated by the 
evolutionary process, subject to selection, crossover and mutation. This solution was 
showed to have good performance among most of the studied benchmarks, saving as 
well the effort needed to tune the parameters.

Similarly to what presented in [55], the work by Hu et al. [56] uses a previously 
defined function to regulate the population size of the Monarch Butterfly Optimi-
zation  (MBO) algorithm. The function that regulates the number of butterflies in 
land 1 and land 2 takes as inputs an upper and lower bound provided by the user, 
together with the maximum generation. This allows to control the population size 
and adjust it during the evolutionary process. In [57], a function that regulates the 
population size of  DE to tackle high dimensional constrained problems is intro-
duced. The formula that regulates the population size is based on user defined 
boundaries and on the current number of fitness evaluations. This approach is able 
to control the exploring and exploiting states of the evolution process. In  [11] a 
dual-population constrained multi-objective evolutionary algorithm with a dynamic 
auxiliary population size is presented. This technique involves two populations: the 
main one evolves typical solutions, while the auxiliary supports it by dynamically 
adjusting its size based on problem complexity and evolutionary progress. Particu-
larly, it varies in relation to the exploration of Unconstrained Pareto Fronts (UPFs). 
As the evolutionary process progresses and the main population’s need for diverse 
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solutions decreases, the size of the auxiliary population is reduced to allocate more 
computational resources to the main population, enhancing its efficiency in explor-
ing Constrained Pareto Fronts (CPFs). This approach enhances diversity and adapta-
bility, potentially leading to more efficient and effective problem-solving in complex 
multi-objective optimization scenarios.

The research presented in this section demonstrates the utilization of an auto-
matic approach to select when, how many and which individuals to remove paired. 
These methodologies have been applied across diverse contexts to achieve several 
objectives, including optimizing the balance between exploration and exploitation, 
reducing computational complexity, and realizing parameterless configurations of 
algorithms. The presented full-automatic methods yield good performance, although 
it would be beneficial to understand why this is happening. Understanding the 
underlying process of these DP methods could help to formalize it and improving it.

3.5 � Fitness based–based on the size of the individuals

All the contributions classified in this category apply DP to GP. This is due to the 
fact that the size of the individuals of GP changes through the evolution, while in 
other PBBIAs, like GAs and DE, it is fixed. The contributions that belong to this are 
category are reported in Table 7. The works that belong to this category use fitness 
as a criterion to select when and how many individuals to remove from the popula-
tion, while using the size in order to select which individuals to remove.

The first work within this category  [7] presents a variation of the algorithm 
described in [5] (and discussed in Sect. 3.3), where a linear reduction in population 
size was employed. The Rochat et al. algorithm introduces a mechanism to adjust 
the population size by adding or removing individuals based on the progression of 
fitness during evolution. When fitness stagnates, individuals are added, whereas if 
fitness improves, individuals are removed. The individuals that need to be removed 
are chosen according to both their fitness and their size. To suppress n individuals, 
at first the 2n individuals with the worst fitness are determined. Among those, the 
n with the largest size are then suppressed. In  [8, 9], a variation of this algorithm 
is presented. The work of Kouchakpour et al. introduces four new different stagna-
tion phase assessment methods, improving the adaptive population size mechanism. 
Similarly, Tao et al. propose a modification of the population variation scheme, that 
shows an acceleration of convergence. The last work presented in this section [19] 

Table 7   Summary of the Papers presented in Sect. 3.5

Year Authors Title Reference

2005 Rochat et al. Dynamic size populations in distributed genetic programming [7]
2009 Kouchakpour et al. Dynamic population variation in genetic programming [8]
2011 Vanneschi and Cuccu Reconstructing dynamic target functions by means of genetic 

programming using variable population size
[19]

2012 Tao et al. Genetic programming using dynamic population variation for 
computational efforts reduction in system modeling

[9]
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utilizes DP to adapt to dynamic target functions. The resize mechanism recognizes 
whether the target function is changing by looking at the fitness of the population. If 
the target function is in a static phase, then individuals are removed from the popula-
tion, with the same mechanism as the one presented in [7] and discussed above. Oth-
erwise, new random individuals are added to the population to reinforce the explora-
tion phase.

The works presented in this section show how employing fitness as criterion to 
select when and how many individual to remove, together with the size of individu-
als as criterion to determine which individuals to discard from the population is very 
effective when it comes to reducing the computational effort of the algorithm. This 
approach is especially focused on algorithms that utilize individuals with a vary-
ing size. It would be beneficial to extend the non-size dependant driver of these 
approaches to other algorithms, where the size of the individuals does not vary 
though the evolution.

3.6 � Diversity based–automatic

This category contains five contributions, presented in Table  8, that all employ 
diversity as criterion to select when and how many individuals to remove, while 
having an automatic approach in choosing which individuals to discard.

In  [15], the Incrementing Multiobjective Evolutionary Algorithm  (IMOEA) is 
introduced. This approach leverages an online adaptation mechanism based on the 
discovered Pareto front and its desired population distribution density. By adjust-
ing the population size in real-time, the algorithm ensures an efficient exploration 
of the search space and a uniform distribution of solutions along the Pareto front. 
This dynamic population strategy, coupled with adaptive niche induction and the 
Fine-Grained Boundary Local Perturbation (FBLP) method, facilitates broader 
neighborhood explorations and eliminates gaps along the Pareto front. The algo-
rithm incorporates a Switching Preserved Strategy (SPS) to maintain stability and 
diversity among the Pareto front solutions. The work, conducted by Tan et al., shows 
how IMOEA performs well compared to other  MO methods. Contribution  [59] 
introduces two novel adaptive population sizing methods for the Univariate Mar-
ginal Distribution Algorithm (UMDA) in both continuous and discrete domains. 
These methods dynamically adjust the population size based on the algorithm’s per-
formance and the problem’s complexity, aiming to optimize the balance between 
exploration and exploitation. The adjustment is guided by the relationship between 
population size and problem size, with the population size being proportional to 
the problem’s volume. In both domains the population size for the next generation 
is calculated by considering the volume of the space occupied by the population. 
The mechanism takes into account the density function from which individuals 
are generated, adjusting the population size according to the spread of individuals 
within the problem space. Similarly, the algorithm presented in [60] adapts the GA 
population size to the “ rate of accepting non-synonymous to synonymous genetic 
changes”, in order to use GA for “ WiMAX network planning”, a dynamic optimi-
zation problem. This novel approach incorporates a population adjustment method 
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inspired by neutral theory from molecular biology, aiming to enhance search ability 
by dynamically modifying the population size based on the rate of accepting genetic 
changes. This adjustment facilitates the acceptance of new variations, especially 
neutral or nearly neutral ones, thereby accelerating the evolutionary process.

The last two contributions presented in this section focus on the application 
of DP to DE. In [35] the population size is adjusted accordingly to the evolutionary 
feedback, enhancing exploration and exploitation capabilities. This method consid-
ers both the standard deviation of the population together with the displacement of 
the center of mass, in order to efficiently adjust the population size. In particular, 
if the global minimum is near or outside the current population’s boundary, indi-
cating a quick movement of the population’s center of mass with a large variance, 
the population size is increased to prevent premature convergence. Conversely, if 
the global minimum is close to the center of mass, resulting in slow movement and 
large variance, the population size is decreased to accelerate convergence. The work 
presented by Choi  et  al.  [61] introduces the Adaptive Population Resizing (APR) 
scheme. This approach calculates the deviation of scattered individuals across search 
spaces, determining whether the population size needs to be decreased or increased. 
The deviation is calculated using the average positions of scattered individuals over 
each dimension. If the deviation is significantly less than the previous one, suggest-
ing that individuals have found a promising region, the population size is decreased. 
Conversely, if the deviation is not sufficiently reduced, indicating a lack of popula-
tion diversity and the need for further exploration, the population size is increased.

This section presents works that use diversity as criterion to choose when and 
how many individuals to remove pairing it with an automatic approach that deter-
mines which individuals will be discarded from the population. This approach is 
mostly employed to achieve a better balance between exploration and exploitation. 
The works presented in this section show how diversity is crucial for the evolution 
process. Future research should aim to develop more scalable niche-based methods 
and explore their application in large-scale and real-world problems. Additionally, 
combining niche-based approaches with other population management techniques 
could enhance their efficiency and effectiveness.

3.7 � Based on the number of fitness evaluations–fitness Based

This category contains six contributions, reported in Table 9. The works presented 
in this category utilize the number of fitness evaluations in order to choose when 
and how many individuals to remove, while employing fitness as criterion to select 
which individuals to discard.

The first one in chronological order is represented by the work of Silva et al. [62], 
in which a resource limit is imposed to the evolution process of GP. A maximum 
number of nodes for each generation, constant through the evolution process, is set. 
At each generation, the survival of the individuals is dictated primarily by the fit-
ness, with size playing a secondary role. The selection process for the next gen-
eration starts with the offspring, followed by their parents. These groups are ranked 
based on fitness without considering their size. Resources (in terms of the number 
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of nodes) are allocated to the queued candidates on a first-come, first-served basis. 
Those individuals who need more resources than what is available are bypassed (and 
thus do not make it to the next generation), and this process of allocation goes on 
until the queue is exhausted or the limits on the population size are reached.

The second paper [63] is a followup of the previously presented work. The selec-
tion process is the same as the one implemented in  [62], with the only difference 
of the resource limit being dynamic instead of static. A flexible resource limit is 
applied, starting at a low threshold and increasing when it leads to enhanced aver-
age fitness across the population. This system offers previously excluded individu-
als a second opportunity for consideration. Each rejected individual is reevaluated 
for potential addition to the new generation, with acceptance contingent upon their 
contribution to elevating the average population fitness. This enhancement can be 
measured against the highest mean fitness achieved during the run, or compared to 
the average fitness of the preceding generation. Subsequently, Tanabe  et al.  [64], 
introduce a linear population size reduction to the Success-History based Adaptive 
DE (SHADE) algorithm [66]. The new algorithm (L-SHADE) implements a linear 
population size reduction, that decreases the population size linearly as a function of 
the number of fitness evaluation, removing the worst individuals. Contributions [16, 
65] use the previously presented L-SHADE algorithm, adding new features to 
enhance its performance. The work by Piotrowski et al. [65] adds a population-wide 
inertia term to the mutation strategy, while the work by Awad et al. [16] introduces 
an ensemble sinusoidal adaptation. All three articles [16, 64, 65] show how the use 
of DP can be beneficial for DE. The last work of this category [12] applies DP to 
PBBIAs in order to solve MO constraint optimization problems. In the work, pre-
sented by Wang et al., the population size at each generation is regulated according 
to the current number of fitness evaluations. This allows the population to continu-
ally decrease, encouraging the exploration in the early stages and promoting exploi-
tation in the later ones.

This section presents works that use the number of fitness evaluations as crite-
rion to choose when and how many individuals to remove, together with fitness as 
criterion to determine which individuals will be discarded from the population. This 
approach is mostly employed to achieve a better balance between exploration and 
exploitation and to reduce the overall computational effort of the algorithm. The 
presented approaches show great improvements, especially regarding the computa-
tional cost aspect, although it would be important to keep some focus on the diver-
sity of the population. Lack of diversity often leads to premature convergence.

3.8 � Diversity based–fitness based

This category contains two articles, reported in Table  10, both of them employ 
diversity in order to choose to choose when and how many individuals to remove, 
while employing fitness as criterion to select which individuals to discard.

In [67], DP is applied to PSO, adjusting the population size automatically accord-
ing to the value of diversity of the population at specific intervals, called ladders. If 
the diversity is above a threshold, the population size decreases by removing particles 
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with lower scores. Conversely, if the diversity is below the threshold, new particles are 
added through crossover to enhance diversity. The use of an adaptive population size 
is motivated by the fact that a large population size is not needed in the end of the 
evolutionary process, since the diversity of the population decreases while the genera-
tions increase. The second paper of this category applies DP to DE proposing a new 
mechanism based on the population diversity [68]. According to population diversity, 
individuals will be added or removed from the population. This approach works in a 
similar way to the one presented earlier in this section, adapting the diversity measure 
to the DE algorithm.

This section presents works that use diversity as criterion to choose when and how 
many individuals to remove, together with fitness as criterion to determine which 
individuals will be discarded from the population. This method is primarily utilized 
to attain an improved equilibrium between exploration and exploitation while concur-
rently diminishing the computational overhead of the algorithm. The DP approach 
based on diversity presented on both these works has great upsides, and it could be 
resourceful to extend it to other algorithms on top of PSO and DE.

3.9 � Automatic–diversity based

This category contains only one contribution, reported in Table 11. The work presented 
in this section utilizes an automatic approach in order to choose when and how many 
individuals to remove, while employing diversity as criterion to select which individu-
als to discard.

In the work proposed by Fernàndez et al. [6], the population size is reduced linearly 
through generations removing a fixed amount at each generation. To mitigate the loss 
of diversity in the DP approach, a strategy is implemented where the individuals for 
removal are selected from distinct regions of the fitness landscape, while ensuring the 
retention of the best-performing ones. This approach aims to achieve a balance between 
eliminating less favorable individuals and preserving the diversity of the population.

Table 10   Summary of the Papers presented in Sect. 3.8

Year Authors Title Reference

2009 DeBao and ChunXia Particle swarm optimization with adaptive population size and 
its application

[67]

2019 Poláková et al. Differential evolution with adaptive mechanism of population 
size according to current population diversity

[68]

Table 11   Summary of the Papers presented in Sect. 3.3

Year Authors Title Reference

2003 Fernandez et al. Saving computational effort in genetic programming by means of 
plagues

[6]
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4 � Further analysis and categorization

In order to add more details to the analysis we present two extra tables, Tables 12 
and 13. The first presents the count of the number of papers included in this study 
for each PPBIA presented. While the latter associates each category aforementioned 
to the motivation that led the author to employ this strategy.

Upon examination of the former table, it is not possible to discern a clear trend 
linking the categories to the underlying motivations that justify them. However, we 
can observe that all the categories except “ Fitness Based - Based on the size of the 
individual” and “ Automatic - Diversity Based” have at least one published con-
tribution that motivates the use of dynamic populations to balance exploration and 
exploitation during the evolutionary process. On the other hand, the category “ Fit-
ness Based - Based on the size of the individual” is mainly (3 cases out of 4) used to 
reduce the computational cost of the algorithm.

5 � Conclusions

In this article, we have conducted a comprehensive literature review on the manage-
ment of dynamic populations of bioinspired algorithms. Through thorough research 
utilizing Scopus and Web of Science, we have identified and selected 51 relevant 
contributions. Prior to presenting each of these publications, we undertook a clas-
sification, pinpointing two fundamental axes: the methods for removing individu-
als from the population and the criterion for selecting individuals to be removed. 
Analyzing the 51 selected publications, we opted to assign four distinct classes for 
each of these axes: the methods from removing individuals from the population 
were characterized as fitness based, diversity based, based on the number of fitness 
evaluations and automatic. The criterion for selecting the individuals to remove 
were characterized as fitness based, diversity based, based on the size of the indi-
viduals and automatic. In both cases, the term automatic was used to describe all 

Table 12   Count of the number 
of papers included in this study 
for each PPBIA presented

Algorithm #Papers

DE 14
GP 11
EA 7
GA 7
PSO 6
ABC 2
UMDA 1
MBO 1
FWA 1
IA 1
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those approaches that depend on some criterion established a priori, and not on the 
particular events that happen dynamically in the population during the evolution. 
Every combination of the four categories from one axis with the four from the other 
determines a category of articles. The articles thus categorized were subsequently 
described, showcasing the numerous variations and methodologies introduced to 
date for the management of dynamic populations. An intriguing aspect pertains 
to the justifications the various selected past contributions provide for employing 
dynamic populations. We observe that these motivations, identified in Table  13, 
remain essential and current priorities for bioinspired algorithms today. In particu-
lar, the tremendous proliferation of data we witness daily, especially in certain appli-
cation domains, intensifies these needs.

Our conclusion is that the use of dynamic populations in bioinspired algorithms 
is still a highly relevant and crucial research direction, requiring substantial effort, 
advancements, and progress. In a world where the training data used by modern 
machine learning algorithms is increasingly dynamic (consider, for example, the use 
of data batches), the hardware architectures used for learning also tend to be dis-
tributed and dynamic, the learning algorithms themselves become every time more 
dynamic, adapting their behavior over time and favoring the hybridization of clas-
sical techniques, having dynamic populations available, and consequently, efficient 
and effective algorithms to manage them, is a natural consequence. For this reason, 
we identify research in this field as an interesting hot topic in the study area of bioin-
spired algorithms.

5.1 � Potential areas for further study

From Fig. 1, we can notice that, in addition to the 9 categories described in Sect. 3, 
there are 7 other categories that have not been explored in the literature. These unex-
plored categories indicate direction for possible future studies. Among them is “ 
Diversity Based - Diversity Based”, which likely remains unexplored because using 
only diversity as criterion to regulate the population size can lead to a loss of perfor-
mance, which is the ultimate goal of any algorithm. Although Diversity, both pheno-
typic and genotypic, is very important for the evolution process, in fact lack of diver-
sity can lead to early convergence. For this reason future research should investigate 
methods to balance diversity without compromising performance. Other two unex-
plored categories are “ Based on the number of Fitness Evaluations - Automatic” 
and “ Based on the number of Fitness Evaluations - Diversity Based”. As discussed 
in Sect. 3.7, the primary focus when using the number of fitness evaluations as a cri-
terion for deciding when and how many individuals to remove is mainly to limit the 
resources used by the algorithm. The two aforementioned categories, which would 
use diversity and and automatic approach as criteria for selecting which individuals 
to remove from the population are likely to result in the discard of well-performing 
solutions in an attempt at reducing the computational cost of the algorithm. Further-
more we can identify three categories, “ Diversity Based - Based on the size of the 
individual”, “ Based on the number of Fitness Evaluations - Based on the size of the 
individual” and “ Automatic - Based on the size of the individual”. These categories 
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would use as criterion for selecting which individual to remove from the population 
the size of those. These categories likely have not been studied since not all PBBIAs 
have a varying individual size, limiting the potential algorithms to only a few, i.e. 
Genetic Programming(GP). Being the size of the individual a driver of the com-
putational cost, these three categories present potential when the goal is to reduce 
the computational cost of the algorithm. The final unexplored category is “ Fitness 
Based - Diversity Based”, which is the only unexplored category among those that 
use fitness as a criterion to determine when and how many individuals to remove 
from the population. This category is worth exploring, as different studies [5, 6] 
have shown how decreasing the population size can lead to a loss in diversity. This 
can be important to avoid a premature convergence. Using diversity as criterion to 
select which individuals to remove from the population, specifically targeting those 
that are very similar to others, could help reducing the loss of diversity.
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