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Abstract 

Nature has always been one of the major sources of inspiration and has shown humans many ways to explore; among 

the best-known examples is the artificial intelligence swarm algorithm, which copies the group behavior of social 

animals in nature. The Fitness-Dependent Optimizer (FDO) was presented in 2019. It is a swarm intelligence algorithm 

that takes its inspiration from the reproductive swarming behavior of honeybees. Since its introduction, FDO has 

become a very popular topic for researchers, and the literature kept growing with different versions of the algorithm, 

hybrids, and applications specific to the domain. In accordance with the preferred reporting items for systematic 

reviews and meta-analyses (PRISMA) 2020 reporting standard, this paper presents a systematic review of FDO 

research conducted from 2019 to 2026. Initially, a total of 330 records were retrieved from six academic databases, 

but after applying the inclusion criteria, only 44 studies were selected and constituted the review material. Firstly, the 

survey discusses the biological inspiration and offers the mathematical formulation of FDO; secondly, it builds a two-

axis classification of the variants and modification strategies; Thirdly, it goes through the FDO applications; Fourthly, 

it offers a quantitative comparison of FDO with three classical metaheuristics Particle Swarm Optimization (PSO), 

Genetic Algorithm (GA) and  Artificial Bee Colony (ABC) for convergence behavior, and exploration and exploitation 

balance; fifthly, it points out priority research gaps. The most decisive finding of this study is that the replacement of 

the binary weight factor by a continuous or dynamically oscillating value was, by far, the most impactful modification 

of FDO. Besides that, FDO's best empirical performance is in constrained engineering optimization. Among the open 

research challenges are scalability to high dimensions, formal convergence analysis, discrete-domain extensions, and 

reproducibility of benchmark evaluation. 

Keywords: Swarm algorithm, Fitness Dependent Optimizer, Systematic review, Engineering applications, 

Metaheuristic algorithms. 

1. Introduction 

Optimization is an essential skill that is present in almost all branches of science and engineering.  It facilitates the 

design of various solutions, such as energy-efficient power systems and the training of machine learning (ML) models. 

In fact, being able to effectively identify optimal or nearly optimal solutions to complex, high-dimensional, and 
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frequently nonlinear problems is extremely important. Traditional optimization methods, such as gradient-based 

techniques and quadratic programming, are highly effective for smooth, differentiable, and unimodal problems. [1] 

But most real-world optimization problems exhibit a complex and multimodal search landscape, discrete or mixed-

integer decision variables, and non-differentiable objective functions. Due to these features, classical methods become 

either insufficient or computationally too expensive [2]. Metaheuristic algorithms inspired by nature have become an 

effective tool in addressing these problems. The concept of collective behavior shown by biological organisms such 

as birds in flocks, ants in their colony, swarming bees, and several other forms is the foundation of these algorithms, 

which make use of stochastic population-based search heuristics that strike a balance between exploration and 

exploitation of solutions in the search space. Some well-known algorithms of this type include the GA [3], PSO [4], 

Ant Colony Optimization (ACO) [5], and Dragonfly Algorithm (DA) [6]. 

One of the recent members of this family was proposed by Abdullah and Rashid in 2019 [7]. The FDO is based 

on the decision-making and swarming behavior of honeybees as they search for an ideal place for their nest, comparing 

options against various criteria and selecting the best one by communicating with one another. Unlike other bee-based 

algorithms, such as ABC [8], FDO does not originate from other approaches and has a unique mechanism of fitness-

dependent velocity for search agents that depends on the fitness values of both current and previous global solutions. 

Since then, this algorithm has been further developed and applied to solve a variety of different problems. 

Nevertheless, there is no comprehensive systematic literature review on FDO yet. In existing surveys, FDO is 

mentioned along with other methods without considering its different versions or hybrids. This paper aims to bridge 

this research gap. 

This survey differs from the previous FDO survey by incorporating four different contributions. First, this survey 

focuses completely on the FDO and its related variants, unlike previous review surveys that only mentioned FDO as 

part of comparisons. Secondly, this survey includes studies conducted between the years 2019 and 2026, and it 

captures not only the early developments of FDO but also the recent advances in hybrid and multi-objective FDOs. 

Thirdly, we classify the studies reviewed in this survey using a methodology based on the types of studies and 

modifications made. Lastly, this survey makes an extensive comparative analysis between FDO and some of the most 

common optimization methods like PSO, GA, and ABC. 

 The remainder of this paper is organized as follows. First, Section 2 outlines the review methodology. Next, 

Section 3 provides background on the original FDO algorithm. This is followed by Section 4, which examines FDO 

variants and enhancements, reviews application domains, presents findings from comparative analyses, and discusses 

implications and limitations. Finally, Section 5 concludes the survey. 

2. Methodology  

The review followed the PRISMA 2020 guidelines. The stages of the systematic review included database and 

search strategy, study identification, screening and selection, and classification. This objective was achieved through 

searching the databases, screening and reviewing titles and abstracts, evaluating papers' full texts, and finally choosing 

the studies for qualitative analysis. 

2.1. Search Strategy  

The research was conducted by an extensive search in six academic databases, namely IEEE Xplore, 

ScienceDirect, SpringerLink, arXiv, Google Scholar, and Research Square. The main search was performed from 

January 2026, while a follow-up search was performed in March 2026 to include the latest publications until February 

2026. The search used a Boolean search strategy customized to the syntax of each database. The main Boolean string 

was: 

("fitness dependent optimiser" OR "fitness dependent optimizer" OR "FDO") AND ("swarm" OR "metaheuristic" OR 

"bee" OR "variant" OR "hybrid" OR "application" OR "engineering" OR "healthcare" OR "power system" OR 

"machine learning" OR "neural network") 

For comprehensive searching, both forward and backward citation analysis was conducted on the original FDO 

article as well as on the articles chosen for inclusion in the review. Furthermore, we searched through preprint servers 

for newer articles that might not be indexed in mainstream databases. 

2.2. Eligibility Criteria 

The following inclusion and exclusion criteria were used for study selection. All selected studies should have been 

published from January 2019 to February 2026 and be written in the English language. Among eligible studies there 
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were peer-reviewed journal articles, conference proceedings, and established preprints. Furthermore, eligible papers 

should address the topic of FDO by either introducing a new FDO variant or hybrid, or by applying FDO to some 

optimization problem, or FDO should be used as a primary comparative baseline in such a paper. It is necessary that 

the selected papers contain some empirical findings, not just theoretical considerations, like benchmarking results or 

practical implementation of some application based on FDO. Excluded studies were papers that briefly mentioned 

FDO without any experimental study, duplicates, editorials, or data. 

2.3. Screening and Selection 

The literature search process was carried out using Covidence software. To avoid bias, two authors independently 

screened the title and abstract of all the papers. Disagreements were sorted out through consultation by a third author. 

The full texts of those papers that passed the preliminary screening were reviewed again to confirm that they met the 

eligibility criteria; Figure 1 presents the final selection process in the PRISMA flow diagram. 

 
Figure 1: The systematic literature review process. 

3. The Original Fitness Dependences Optimizer 

The following section provides the initial definition of the algorithm along with an explanation of its theoretical 

background and mathematics. 

3.1. Biological Inspiration  

FDO is a bee-inspired algorithm based on the honeybee swarming behaviors of reproduction [7]. It refers to the 

queen bee leaving the hive with the help of workers and scouts to form new colonies; swarming is the way in which 

new colonies of bees are created inside a bee hive. When the density of the hive becomes too much and the external 
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environment is favorable, the queen, along with the worker and scout bees, leaves the hive. At a distance of 20 to 30 

meters, a temporary cluster is formed from which 20 to 50 scout bees will be sent out to locate the most suitable new 

nesting sites; only when such environmental and population limits are met does swarming take place. The growth of 

the colony is determined by how well the space is evaluated and the site is selected. FDO's main idea is built on the 

well-organized communication network of scout bees. Every bee evaluates prospective nesting places and 

communicates the direction through the waggle dance. In this case, the duration and frequency of the leg movements 

convey the quality of a site. When at least 20 scouts gather at one place, they continuously cross-verify distance and 

direction to reach an agreement. This process of accumulation is based on the evaluation of fitness; when 20 to 30 

scouts verify that a site meets the defined criteria, they reach a stable decision. This fitness-dependent common 

decision-making process is the biological model for FDO's main mechanism.  

The connection between biological organisms and FDO models is obvious and well-structured. A scout bee, for 

example, can be considered a search agent in the population of the algorithm; a candidate hive can be associated with 

a potential solution in the search space; the fitness parameters of a hive (volume, entrance size, and sunlight exposure) 

belong to the value of the objective function; and the decision made collectively by the scouts is equivalent to the 

fitness weight (𝑓𝑤) that controls the behavior of the algorithm's search. The comparison is shown in Table 1. 

Table 1: Mapping of biological bee swarming entities to FDO algorithmic components. 

Biological Entity Algorithmic Counterpart 

Scout Bee Search Agent (artificial scout) 

Hive / Nest Site Candidate Solution 

Hive Specification (size, entrance, light) Fitness Function Value 

Scout Collective Decision Fitness Weight (𝑓𝑤) 

Selected Hive Optimum Solution 

Bee Dance Communication Fitness-weight guided velocity update 

3.2. Mathematical Formulation  

The FDO algorithm initializes a population of 𝑛 artificial scout bees at random positions 𝑋𝑖  (𝑥1, 𝑥2, 𝑥3,…, 𝑥𝑛) 

within the search space boundaries. At each iteration 𝑡, the position of each scout is updated by adding a computed 

pace (velocity) as shown in Equation 1: 

𝑋𝑖.𝑡+1 = 𝑋𝑖.𝑡 + 𝑝𝑎𝑐𝑒    (1) 

The 𝑝𝑎𝑐𝑒 is primarily determined by the 𝑓𝑤, which is defined in Equation 2 for minimization problems as follows: 

𝑓𝑤 =  |
𝑋𝑖.𝑡 𝑓𝑖𝑡𝑛𝑒𝑠𝑠

∗

𝑋𝑖.𝑡 𝑓𝑖𝑡𝑛𝑒𝑠𝑠

| − 𝑤𝑓  (2) 

Here, 𝑋𝑖.𝑡 𝑓𝑖𝑡𝑛𝑒𝑠𝑠
∗  represents the fitness of the global best solution identified up to iteration 𝑡, 𝑋𝑖.𝑡 𝑓𝑖𝑡𝑛𝑒𝑠𝑠 is the fitness 

of the current search agent's solution, and 𝑤𝑓 is a binary weight factor (0 or 1) that controls the degree of convergence 

pressure. The 𝑝𝑎𝑐𝑒 is then calculated based on three conditional rules outlined in Equations 3 to 5. 
 

{

𝑓𝑤 = 1 𝑜𝑟 𝑓𝑤 = 0 𝑜𝑟 𝑋𝑖.𝑡 𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 0.  𝑝𝑎𝑐𝑒 =  𝑋𝑖.𝑡 ∗ 𝑟                   (3)   

𝑓𝑤 > 0 𝑎𝑛𝑑 𝑓𝑤 < 1 {
𝑟 < 0. 𝑝𝑎𝑐𝑒 = (𝑋𝑖.𝑡 − 𝑋𝑖.𝑡

∗ ) ∗ 𝑓𝑤 ∗ −1    (4)

𝑟 ≥ 0. 𝑝𝑎𝑐𝑒 = (𝑋𝑖.𝑡 − 𝑋𝑖.𝑡
∗ ) ∗ 𝑓𝑤              (5)

  
 

Here, 𝑟 is a random number drawn from a Lévy flight distribution over [−1, 1]. Lévy flight is employed because 

it provides statistically stable movements characterized by occasional long jumps that aid global exploration while 

maintaining local exploitation. A key unique feature of FDO is that if a new candidate position does not yield an 

improved solution, the algorithm retains the previous 𝑝𝑎𝑐𝑒 vector and attempts the move again in the same direction, 

a memory mechanism that can leverage successful search directions. Table 2 presents a summary of the algorithm 

parameters. 

Table 2: Summarizes the notation, mathematical formulation, and parameters related to FDO. 

Symbol Meaning 
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𝑛 Population size (number of scout bees). 

𝑑 Problem dimension. 

𝑡 Current iteration index. 

𝑇 Maximum number of iterations. 

𝑋(𝑖, 𝑡) Position vector of scout 𝑖 at iteration 𝑡. 

𝑋∗(𝑡) Position vector of the global-best solution at iteration 𝑡. 

𝑓(·) Objective (fitness) function. 

𝑓𝑤 Fitness weight. 

𝑤𝑓 Binary weight factor ∈  {0, 1}. 

𝑝𝑎𝑐𝑒(𝑖, 𝑡) Velocity vector applied to scout 𝑖 at iteration 𝑡. 

𝑟 Random number ∈  [−1, 1] drawn from a Lévy-flight 

distribution 

3.3. Performance on Original Benchmark Tests 

In the original publication, FDO was evaluated on 19 classical benchmark functions comprising unimodal (TF1–

TF7), multimodal (TF8–TF13), and composite (TF14–TF19) test problems and was also tested on the IEEE CEC-C06 

2019 competition benchmark suite. On classical benchmarks, FDO outperformed DA, PSO, and GA in 11 of 19 test 

functions, with comparative performance on the remaining cases. On the CEC-C06 suite, FDO outperformed DA, 

WOA, and SSA in 9 of 10 benchmark functions. Statistical validation using the Wilcoxon rank-sum test confirmed 

that FDO's results were statistically significant in the vast majority of comparisons. Besides, FDO was also capable 

of solving two real-life problems: designing an aperiodic antenna array, where it reached the optimal solution at 

element configuration {0.713, 1.595, 0.433, 0.130} at iteration 78; and optimizing the FM synthesizer parameters, 

finding almost the global optimum by iteration 64. 

4. Systematic Analysis and Taxonomy of the FDO 

This section reviews the studies on FDO and its variants. It is organized into six parts: publication trends, how the 

FDO variants are classified (the main modification methods and the areas where they are applied), how they are tested 

and evaluated, how they compare in performance, weaknesses and solutions, and the research gaps found. 

4.1. Publication Distribution Over Time 

A total of 44 studies published between 2020 and 2026 were analyzed, showing clear growth in research interest 

in FDO-based optimization. Figure 2 shows how the papers are spread over time, and Table 3 gives a year-by-year 

breakdown. The first studies appeared in 2020 (five papers), mainly applying FDO to automatic generation control 

(AGC) in power systems, improving its basic mechanics, and extending it to reactive power and discrete problems. 

Activity rose sharply in 2021 with 11 studies, the largest single-year jump in the dataset. This was driven by the 

growing use of FDO as a comparison benchmark and by new FDO-inspired methods such as the Ant Nesting 

Algorithm (ANA) and the SC-FDO variant. Publications peaked in 2023 with 13 studies covering the widest range of 

applications. The slight drop in 2024–2026 may suggest the field is maturing, with researchers refining existing 

methods rather than producing new work at the earlier pace. 

Table 3: Shows how review articles were published over time, from 2020 to 2026. 

Year No. of Papers Primary Application Domains 

2020 5 Power systems, Reactive optimization, Discrete optimization 

2021 11 Control, ML, Power, Engineering, Benchmark 

2022 9 Power systems, Engineering, ML, IoT 

2023 13 Broad cross-domain (widest coverage) 

2024 3 Power distribution, Sensor networks 

2025 2 Forex forecasting, General optimization 

2026 1 Fog computing scheduling 
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Figure 2: The number of related paper FDOs from 2020 to 2026. 

4.2. Classification of FDO Related Studies 

Based on the connections between the FDO algorithm, the types of structures involved, and the contributions made 

by the research, the 44 selected papers were divided into seven different categories. Table 4 clearly highlights the 

specific areas related to the FDO algorithm in these categories. 

Table 4: Classification overview of FDO studies by research type. 

Category Description Reference Count % of 

Total 

FDO Core Variants & 

Improvements 

Papers that directly modify or improve the 

FDO algorithm structure, operators, or 

parameters. 

[9],  [10], [11], 

[12], [13], [14], 

[15],  [16] 

8 18.2% 

FDO + Power Systems & 

Control 

FDO (or its variants) is applied to power 

system control, AGC, LFC, and DG 

placement. 

[17], [18], [19], 

[20],  [21] 

5 11.4% 

FDO + Machine Learning 

hybrid  

FDO is used as a training/optimization 

algorithm for neural networks and deep 

learning models. 

[22], [23], [24], 

[25],  [26] 

5 11.4% 

FDO in Specialized 

Applications 

FDO applied to specific engineering, 

combinatorial, IoT, and scientific domains. 

[27], [28], [29], 

[30], [31], [32], 

[33] 

7 15.9% 

Multi-objective FDO Extension of FDO to multi-objective 

optimization with Pareto-based 

mechanisms. 

[34] 1 2.3% 
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Novel Metaheuristics (FDO 

as baseline) 

New metaheuristic algorithms were 

proposed independently; FDO was used 

only as a comparison algorithm. 

[35], [36], [37], 

[38], [39], [40], 

[41], [42], [43], 

[44], [45], [46],    

[47], [48], [49] 

15 34% 

Survey / Statistical / Other Large-scale algorithm surveys, statistical 

evaluation frameworks, and standalone 

deep learning work. 

[50],  [51],  [52] 3 6.8% 

Total 44 100% 

According to Table 4, FDO has proven to be an integral part of contemporary scientific research, serving as the 

primary algorithm for performance comparisons in approximately 34% of the studies examined. This popularity 

indicates significant scientific progress, allowing FDO to be classified as the universally acknowledged benchmark 

for metaheuristic algorithms. Additionally, nearly 18% of the studies focus on enhancing the mechanics of the 

algorithm, particularly concerning convergence speed and the quality of the solutions produced. Together, these areas 

of research constitute more than 50% of the total number of papers reviewed, reflecting a strong scientific interest in 

both the validation and improvement of the framework utilized. Beyond these foundational enhancements, FDO 

continues to demonstrate its growing potential as a versatile and efficient algorithm. Since 2021, the integration of 

FDO with machine and deep learning techniques has emerged as a compelling research topic, appearing in 11% of the 

papers. Furthermore, FDO has established itself as a valuable tool for addressing real-world challenges, especially in 

the fields of power systems and engineering tasks. Its applications also encompass optimization problems, resource 

allocation, and even the training of neural networks. We will discuss the specifics of these advancements in detail in 

the following subsections. 

4.2.1. FDO Core Variants and Improvements 

An analysis of 44 papers has revealed eight recurring modification strategies that show the adaptation and 

improvement of FDO. These strategies are important not only for finding the design choices of FDO variants but also 

for leading to the development of new algorithms. The 𝑓𝑤 parameter is the most significant and commonly modified, 

as it directly regulates the exploration-exploitation balance. In the original FDO, 𝑓𝑤 is fixed to either 0 or 1. Setting 

𝑓𝑤 to 0 results in stable search at the cost of convergence speed, while setting 𝑓𝑤 to 1 speeds up convergence but 

significantly hampers exploration. IFDO [13] has dealt with the problem by randomly varying 𝑓𝑤 within the range of 

[0, 1]. MFDO [15] has further developed it by restricting the range to [0, 0.2] and introducing a sinc cardinal function 

for smoother transitions and more precise solution refinement. M-IFDO [10] replaced the heavy alignment and 

cohesion terms with the Lambda parameter, which is simpler and has less overhead while still preserving quality. This 

series of changes indicates that 𝑓𝑤 modification is the most frequent change, and it has occurred in at least six distinct 

ways. As another main approach, CFDO [12] incorporates chaos theory into the FDO's position update method, 

primarily by increasing the diversity of the population during initialization and throughout the search. By carrying out 

a detailed test of ten chaotic maps used both for random variable generation and population seeding, it was discovered 

that the Singer map was the only one able to perform well on all CEC2019 benchmark functions. Therefore, the overall 

performance of the functions varied at different chaos locations, indicating that chaos could be used at one point to 

execute a specific function and at other points to execute different functions. Eight strategies for modification emerged 

across the 44 studies. Table 5 illustrates how each of the modifications addresses a failure mode of the original FDO. 

Table 5: Core modification strategies applied to the original FDO. 

Modification 

Strategy 

Main Idea Example Variants Main Improvement 

Fitness-dependent 

weight factor 

Uses a continuous random 

weight factor instead of 

binary values. 

IFDO, M-IFDO, SC-

FDO, MFDO, 

CFDO, I-FDO 

Provides smoother balance between 

exploration and exploitation and 

improves search performance. 

Sine–cosine 

update 

mechanism 

Updates movement using 

sine and cosine 

mathematical functions. 

SC-FDO, MFDO, 

Sobol-FDO-SC 

Significantly reduces runtime and 

improves convergence speed. 
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Chaotic-map 

initialization 

Uses chaotic maps to 

initialize the population. 

CFDO, MCYSGA, 

ZGBBO 

Increases population diversity and 

avoids local optima. 

Alignment and 

cohesion factors 

Adds swarm-based social 

interaction similar to PSO. 

IFDO, M-IFDO Enhances cooperation among search 

agents and improves exploration. 

Opposition-based 

learning (OBL) 

Generates opposite 

candidate solutions during 

search. 

SHO-OBL Improves convergence quality and 

solution accuracy. 

Sobol sequence 

initialization 

Uses Sobol quasi-random 

sequences for population 

generation. 

AFDO, EFDO Produces better initial solutions and 

reduces optimization loss. 

Lambda (λ) 

parameter control 

Introduces a continuous 

control parameter in the pace 

equation. 

MFDO, M-IFDO Reduces execution time and 

improves optimization efficiency. 

Discrete solution 

encoding 

Represents solutions using 

integer-based encoding for 

discrete problems. 

AFDO (bin packing) Improves performance in 

combinatorial and discrete 

optimization tasks. 

4.2.2. Application Domain Analysis 

In this study, the reviewed studies are classified based on their main real-world application areas; overall, FDO 

and its variant types have been exploited to a significant extent in different application areas. Figure 3 presents the 

number of papers related to each area; first, engineering design and control is the largest domain among those listed 

in the figure, with a total of 11 papers. FDO-family algorithms in this area are being used to solve engineering 

optimization problems or as a tool for benchmarking other algorithms. These problems encompass structural design 

tasks, for example, welded beam, pressure vessel, and spring design; antenna array design; nonlinear optimal control 

issues; task assignment; and bin packing [10, 12, 13, 14, 15, 16, 27, 29, 32, 35, 37]. The Power Systems and Energy 

domain, with its 8 papers, is the second largest area in terms of practical applications, to which several problems such 

as load frequency control, automatic generation control, economic load dispatch, maximum power point tracking, 

reactive power optimization, and distributed generation placement are associated, as can be seen through publications 

[11, 17, 18, 19, 20, 21, 23, 45]. In the machine learning and prediction domain, five papers are using FDO approaches 

to handle problems such as fault detection, student performance prediction, gear diagnosis, COVID-related 

classification, and Forex forecasting, including papers [22, 23, 24, 25, 26]. Five papers make up the IoT, Networking, 

and Computing section with a focus on wireless sensor networks, underground network optimization, and fog 

computing scheduling as demonstrated by papers [28, 30, 33, 41, 44]. Likewise, the Healthcare and Medical domain 

with 2 papers deals with COVID-19 classification, smart healthcare systems, and pathological detection, which can 

be found in papers [25] and [28]. The other specialized applications section, consisting of 3 papers, picks up on very 

distinctive applications such as weather data imputation, neural style transfer, and formal verification, as shown in the 

papers [9, 31, 51]. 

 

Figure 3: Distribution of FDO applications by sector. 
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4.3. Benchmarking and Evaluation Methods 

The reviewed papers employ a wide range of evaluation approaches, drawing on established benchmark functions, 

statistical validation techniques, and performance metrics to gauge how well each algorithm performs, as shown in 

Figure 4. Benchmark function suites are the principal tool for testing algorithm effectiveness. The CEC-2019 suite is 

the most widely adopted, appearing in 23 of the reviewed papers, followed by classical benchmark functions, which 

served as the basis for comparison in 18. Among the more specialized options, the 100-Digit Challenge was featured 

in 6 papers and the CEC-2017 suite in 2, while a single paper drew on the CEC-2014 and CEC-2005 suites. These 

benchmarks present various mathematical problems that let researchers assess how well an algorithm balances 

exploration and exploitation. To confirm their findings statistically, the studies apply several formal tests. The 

Wilcoxon rank-sum test is the preferred choice, used in 8 papers, with the Friedman test selected in 3 and ANOVA in 

2. Tests of this kind are valuable for determining whether the performance gains reported for a newly proposed 

algorithm are genuine rather than the product of random variation. 

The metrics used to report success are closely tied to each study's application domain. Research in power systems 

generally relies on error-based measures such as ITSE, ISE, ITAE, and IAE, alongside transient-response indicators 

like overshoot and settling time. Machine learning studies assess performance through metrics such as accuracy and 

sensitivity. Work on engineering design problems centers on physical and economic outcomes, including cost, weight, 

stress, and constraint violations. For general benchmark optimization, the standard reporting metrics are the mean 

function value, standard deviation, best and worst results, and total computational runtime. Taken together, these 

benchmarks, statistical tests, and metrics form a comprehensive framework for evaluating new advances in the field. 

 
Figure 4: Overview of evaluation methodologies in FDO research. 

4.4. Comparison of FDO with Other Well-Known Algorithms 

In this section the study compares the FDO with the PSO, GA, and ABC. The original FDO only includes 

comparisons with the PSO and GA and does not address the ABC, even though both the FDO and the ABC are inspired 

by bee behavior. We close that gap here using independently reported ABC results. However, we will evaluate the 

FDO against the ABC based on algorithms that were benchmarked using two representative classical functions from 

the F1–F19 suite [53]. Specifically, this section explains how the four algorithms differ, how fast they converge, and 

which kinds of problems each one suits best. 
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Essentially, the four algorithms work the same way: they maintain a set of candidate solutions and enhance them 

gradually over iterations. What distinguishes them is how each candidate is changed. For example, FDO directs each 

search agent (a scout bee), to the best solution found so far; the length of each step automatically decreases as the 

agent gets closer to the best solution, so providing large steps early on for broad searching and small ones later for 

fine-tuning. It only has 𝑝𝑎𝑐𝑒 parameter to adjust. PSO changes the position of each particle using a combination of 

its own personal best position and the global best position of the entire swarm, together with the momentum from its 

previous move; this momentum allows it to overshoot and move back, which helps it to escape local optima but results 

in some loss of precision, and it takes three parameters to be set. GA does not move solutions at all. Rather, in each 

generation, GA keeps the top solutions, combines pairs of them to generate new solutions through crossover, and 

randomly alters a few through mutation, so progressively producing a superior population. ABC uses three types of 

bees: worker bees explore around existing solutions, onlooker bees focus their attention on the most promising 

solutions, and scout bees give up any solution that has not been improved for a certain number of times and reinitialize 

it at a random position, which, in effect, is a built-in mechanism to escape from dead ends. Table 6 presents the result 

of classical benchmarking (F1-F19), which can be divided into two standard benchmarks. Sphere benchmarks is a 

simple and straightforward single-peak benchmark that measures tuning ability. However, the Rastrigin benchmarks 

are a complex and difficult multiple-peaks benchmark that measures the escaping ability. 

Table 6: Comparative performance of the four algorithms (lower values indicate better performance). 

Algorithm How it searches Sphere (easy 

problem) 

Rastrigin (hard 

problem) 

Best suited for 

FDO Steps toward the best; step 

shrinks near the target. 

7.47 × 10−21 14.57 Smooth, single-peak 

problems. 

PSO Blends personal best + swarm 

best, plus momentum. 

4.20 × 10−18 10.45 Problems where momentum 

helps cross ridges. 

GA Breeds new solutions by 

mixing and mutating. 

7.49 × 102 25.52 Discrete / combinatorial 

problems. 

ABC Local search; abandons and 

restarts stuck solutions. 

2.66 × 10−15 3.98 × 10−1 Many-peaked, tricky 

problems. 

The numbers reveal a clear pattern. On the easy Sphere problem, FDO reaches the most accurate result, roughly a 

thousand times better than PSO and a million times better than ABC, while GA fails badly because mixing two similar 

solutions produces little improvement. But on the hard Rastrigin problem, the order flips: ABC wins by a wide margin 

because its scout bees keep escaping local traps, while FDO, which has no equivalent restart mechanism, finishes well 

behind. This reversal is a textbook example of the “No Free Lunch” principle: no single algorithm is best at everything. 

Figure 5 reveals the reason for these differences by tracking the movement of one agent from each algorithm toward 

the target across iterations. 
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Figure 5: Convergence and search behaviors of optimization algorithms. 

As shown in Figure 5, every algorithm follows a unique approach to obtain the optimal solution (target). FDO uses 

adaptive steps where the steps become smaller closer to the target, thus ensuring precise convergence when dealing 

with smooth problems. However, while the use of momentum by PSO allows it to navigate ridges, this technique can 

also lead to overshooting. On the other hand, GA relies on population diversity, making it better suited for discrete 

rather than smooth optimization problems. Finally, ABC’s scout-driven reset mechanism makes it the most robust for 

escaping local optima in rugged landscapes. In general, each algorithm finds a balance between exploration and 

exploitation in a different way; FDO accomplishes this task using a single self-adjusting weight, while PSO uses 

personal and social attractors, GA employs genetic recombination, and ABC utilizes its abandonment rule.  

All algorithms are trying to achieve a balance between searching the global search space (exploration) and focusing 

only on the best solution found so far (exploitation); each one has a different way of doing it: FDO through one self-

adjusting step size, PSO through tunable pull toward personal and group bests, GA through mixing and mutation, and 

ABC through an explicit abandon-and-restart rule. FDO’s main strengths are its simplicity, since it has only one 

parameter to tune, and its automatic, highly accurate convergence on smooth continuous problems, where it matches 

or beats PSO, GA, and ABC. Its main weakness is the lack of a built-in escape mechanism, which makes it less 

effective on extremely rugged, many-peaked landscapes where ABC’s scout resets or PSO’s momentum pays off. The 

best choice therefore depends on the problem: FDO for smooth continuous problems, PSO when momentum helps, 

GA for discrete problems, and ABC for highly multi-peaked problems. 

4.5. Weaknesses and Solutions in FDO and Related Algorithms 

A systematic review of the literature shows that FDO and its variants have several common weaknesses, and 

researchers have proposed different methods to address them. Over 60% of the studies attribute the main difficulty, 

premature convergence, as the cause. Various methods have been implemented to solve it, for example, Sobol 

sequence initialization [11], chaotic maps [12, 43], opposition-based learning in SHO-OBL [41], and lifespan control 

mechanisms in IGWO [45]. However, there is no single methodology that outperforms others in all scenarios. Thus, 

the “No Free Lunch” theorem states that all methods can be used successfully, depending on the problem's nature and 

complexity. The second major problem is the imbalance between exploration and exploitation, particularly in the 

original FDO that employs a simple binary weight factor. Solutions that have resulted in an improved state of affairs 

over the years revolve around the transition from a binary to a continuous and then to an adaptive weight factor. The 

sine-cosine method implemented in SC-FDO represents one effective way of resolving this problem of the trade-off 

and, at the same time, reducing computational complexity [10]. The third concern is the high computational expense, 

which has been lowered in a few versions [40, 29] by making certain components and parameters simpler, which in 
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turn increases efficiency, particularly in the context of adaptive weight factors that enhance performance in control 

systems. Similarly, the limitation of a fixed or binary weight factor (0, 1) has been addressed by introducing random 

or adaptive strategies, which provide greater flexibility and responsiveness to varying conditions in control systems 

[13, 14].  

There are also some papers showing parameter sensitivity, especially in control systems. Analysis of sensitivity 

plus selection of objective functions are two wide ways to manage this sort of problem. An issue that is hardly the 

focus of attention is that FDO is not inherently appropriate for discrete optimization problems. Only one variant has 

been developed [32] to address this issue by changing the algorithm to work with integer-based solutions, specifically 

by incorporating discrete optimization problem constraint handling techniques. This remains an open research area 

despite the importance of discrete problems in fields like scheduling and logistics. In general, these findings show that 

FDO research is gradually improving, with well-developed solutions for common problems. However, discrete 

optimization remains the most important area for future work, particularly in developing more efficient algorithms 

and addressing complex real-world applications that remain underexplored, such as those in supply chain management 

and resource allocation [54]. 

4.6. Research Gaps and Future Direction  

After reviewing the 44 studies on FDO-based optimization, it is clear that the FDO suffers from a number of major 

research gaps that currently define the primary directions for future research in FDO-based optimization. The most 

significant problem is the lack of examination of high-dimensional problems. Although few papers deal with the 

dimension of 100 to 300, the majority of reviewed studies restrict themselves to 10 or 30 variables. Therefore, FDO's 

efficiency for large-scale problems, for example, those with more than 100 variables that are very common in modern 

engineering and data science, is still an open question; hence, future research may be directed towards increasing the 

scalability of solutions through features such as dimensionality reduction or cooperative strategies.  

Additionally, there is a significant gap in the lack of proof for theoretical convergence; for instance, unlike other 

algorithms such as PSO, FDO still lacks a formal mathematical proof of convergence [55]. Resolving this problem 

will strengthen the algorithm's theoretical basis and improve parameter settings. Moreover, most papers just consider 

the case of a static optimization problem, where the objective function remains the same throughout. However, real-

world problems often differ from these assumptions, such as the need for constant algorithm adaptation or reflection 

[56], which can lead to dynamic changes in the target function based on varying conditions and requirements. 

Therefore, this direction for FDO is unexplored, and practical implementations on real hardware are very limited as 

well.  

One more serious drawback is that FDO barely ascends to a reasonable level in various discrete optimization 

problems where a limited set of options serves as a source of choices for the solutions; for example, scheduling, task 

allocation, or bin assignment problems require integer or categorical decisions, but to date, only one study [32] has 

modified FDO to these problems. Hence, discrete optimization becomes a crucial field for future research. 

Furthermore, there is a lack of thorough use of ablation studies, which are indispensable to identify the true impact of 

different FDO's components, especially the fitness-dependent weight factor. Eventually, these shortcomings present 

an unambiguous outline for future research, such as enhancing scalability, conducting theoretical studies, moving 

FDO into discrete and dynamic problems, and normalizing evaluation procedures. 

5. Conclusion  

In this review study, we conducted a systematic review of the FDO algorithm; in the first step, we gathered 330 

studies on the FDO algorithm from various academic databases such as IEEE, Springer, etc., from 2019 to 2026. 

However, after revision and filtration based on questions such as whether this study is about an FDO variant or an 

FDO application, 44 papers remain to complete the systematic review process. The objective of our review is to 

investigate the development, applications, strengths, and weaknesses of the FDO metaheuristic algorithm. We found 

that researchers have extensively studied the well-developed FDO algorithm. First of all, the FDO algorithm has 

improved enormously over time. For example, the original version based on honeybee behavior provided a simple and 

efficient fitness-based updating mechanism; despite this strength, some limitations of the early versions, such as the 

tendency toward premature convergence and the binary weight factor, led researchers to develop improved versions. 

These include adaptive strategies, chaotic methods, opposition-based learning, and sine–cosine techniques. These 

developments showcase the flexibility of FDO and its potential for improvement without altering its core concept. In 

terms of applications, FDO has been successfully used in many fields, including engineering design, power systems, 

machine learning, IoT, and healthcare. Examples include load frequency control, antenna design, disease 
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classification, and task scheduling; it is also increasingly used as a comparison benchmark in many studies, which 

shows its growing importance and acceptance in the research community. Despite these advances, several important 

challenges remain. Most studies focus on small-scale problems, and FDO has not been properly tested for high-

dimensional cases. In addition, there is no formal mathematical proof of convergence for FDO. Most applications also 

assume that the environment is static, but in the real world, problems are often dynamic. This can lead to less-than-

ideal solutions when using FDO in these situations, particularly because the algorithm may not adapt effectively to 

changing conditions or account for the variability in dynamic environments. Furthermore, FDO is rarely applied to 

discrete problems, such as scheduling or routing, where solutions must be chosen from fixed options. In conclusion, 

FDO has developed from a new bio-inspired idea into a strong and widely used optimization algorithm. However, 

future research should focus on improving its theoretical foundation, scalability, and ability to handle discrete and 

dynamic problems. This survey provides a clear overview and direction for future work in this area. 
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