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ABSTRACT: 

Nature-inspired metaheuristic optimization algorithms have become powerful tools for solving difficult 

engineering and scientific problems that are nonlinear, multimodal and high-dimensional. In this paper, we 

propose a new population-based metaheuristic called Fibonacci Distribution Optimization (FDO). The algorithm 

is inspired by the Fibonacci sequence and its relationship with the golden ratio, which has been widely used in 

one-dimensional search methods such as Fibonacci and golden-section search. In FDO, candidate solutions are 

ranked and their movement intensities are distributed according to normalized Fibonacci numbers, generating a 

balance between global exploration and local exploitation. After describing the mathematical model, flowchart 

and pseudocode of FDO, we apply the algorithm to the two-dimensional minimization problem z(x,y) = (x - 2)² 

+ (y - 5)² and compare its performance with the well-known Migrating Birds Optimization (MBO) algorithm. 

Furthermore, FDO is tested on five standard benchmark functions (Sphere, Rosenbrock, Rastrigin, Ackley and 

Griewank) and its results are conceptually compared with MBO. For each problem we report the best solution 

coordinates, corresponding function values and normalized computational times. The results illustrate that FDO 

achieves competitive performance with MBO, with slightly faster convergence on smooth unimodal functions and 

comparable accuracy on multimodal landscapes. 

Keywords: Benchmark Functions, Fibonacci Sequence, Global Optimization, Migrating Birds Optimization, Nature-Inspired 

Metaheuristics 

 

INTRODUCTION 

 

Metaheuristic optimization algorithms inspired by physical, biological and social phenomena have been widely 

used to solve complex optimization problems for which classical gradient-based methods may fail [1]. Examples 

include Genetic Algorithms, Particle Swarm Optimization, Ant Colony Optimization, Simulated Annealing and 

many other algorithms proposed in recent years. Among these methods, Migrating Birds Optimization 

(MBO)[2][3] is a relatively recent population-based algorithm inspired by the V-shaped flight formation of 

migrating birds and their neighborhood search behavior.  

 

On the other hand, the Fibonacci sequence and the closely related golden ratio have long been used in one-

dimensional search algorithms such as Fibonacci search and golden-section search to reduce the uncertainty 

interval while minimizing a unimodal function. The ratios of consecutive Fibonacci numbers converge to the 

golden ratio, which is observed in many natural patterns and has mathematically attractive self-similarity 

properties.  

 

Despite the extensive use of Fibonacci numbers in line search methods, there are comparatively fewer studies that 

exploit Fibonacci-based distributions in multi-dimensional metaheuristic algorithms. Motivated by this gap, we 

introduce Fibonacci Distribution Optimization (FDO), a new swarm-type algorithm that uses normalized 

Fibonacci numbers to assign heterogeneous step sizes to the population members. Individuals with better fitness 

perform fine-grained local search, while poorer individuals make larger exploratory moves. 
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The main contributions of this paper are: 

1. Proposal of the Fibonacci Distribution Optimization (FDO) algorithm, including mathematical formulation, 

flowchart and pseudocode. 

2. Application of FDO to the two-dimensional quadratic test problem z(x, y) = (x − 2)² + (y − 5)² and comparison 

with MBO. 

3. Evaluation of FDO on five well-known benchmark functions and conceptual comparison with MBO in terms 

of best solution coordinates, function values and normalized runtime. 

4. Discussion of the algorithm’s strengths, limitations and possible extensions. 

 

MATHEMATICAL BACKGROUND  

 

A. Fibonacci sequence and golden ratio 

The Fibonacci sequence {𝐹𝑘} is defined by[4] 

 𝐹0 = 0,  𝐹1 = 1,  𝐹𝑘 = 𝐹𝑘−1 + 𝐹𝑘−2 ,   for k ≥ 2. 

The first terms are 0, 1, 1, 2, 3, 5, 8, 13, 21, ….  The ratio  𝐹𝑘−1 𝐹𝑘⁄    converges to the golden ratio φ ≈ 1.618 as   

k → ∞.  

In one-dimensional Fibonacci search, these numbers are used to choose function evaluation points that minimize 

the maximum final uncertainty interval after a fixed number of evaluations, making the method optimal among 

elimination-type search methods.  

 

B. From Fibonacci search to Fibonacci distribution  

In classical Fibonacci search, the sequence determines the partitioning of an interval. In the proposed FDO 

algorithm, we extend this idea to multi-dimensional optimization by: 

 Using a finite set of Fibonacci numbers and normalizing them to obtain a Fibonacci distribution 

of movement intensities across the population. 

 Ranking individuals by fitness and assigning smaller normalized Fibonacci factors to better 

individuals (exploitation) and larger factors to worse ones (exploration). 

This design preserves the spirit of interval reduction while allowing a heterogeneous and adaptive search behavior 

in high-dimensional spaces. 

 

FIBONACCI DISTRIBUTION OPTIMIZATION (FDO) 

 

A. Population structure 

Consider an n-dimensional optimization problem with decision vector x ∈ 𝑅ⁿ, search domain [𝐿, 𝑈]ⁿ, and 

objective function 𝑓(𝑥) to be minimized. FDO maintains a population of N individuals: 

𝑥𝑖(t),   𝑖 =  1, … , 𝑁,   𝑡 =  0,1,2, … 

At iteration t, we compute each fitness 𝑓𝑖(𝑡)  =  𝑓(𝑥𝑖  (𝑡)), then sort individuals in ascending order of fitness (best 

to worst). Let the sorted indices be (𝑖1, 𝑖2, … , 𝑖𝑁), where 𝑖𝑁 denotes the current best [5][6].  

 

B. Fibonacci distribution of step sizes 

 

We choose an integer 𝑚 ≥  𝑁 and construct the Fibonacci sequence 𝐹1, 𝐹2, … , 𝐹𝑚. 

From these, we define normalized Fibonacci weightsitle 

𝜔𝑘 =
𝐹𝑘

∑ 𝐹𝑗
𝑚
𝑗=1

 

Then we assign to each rank 𝑟 (1 = best,𝑁 = worst) a step intensity 𝛼𝑟 = 𝜔𝑚−𝑁+𝑟, so that the best individual   

(𝑟 =  1) receives a relatively small  𝛼1, and the worst individual (𝑟 = 𝑁) receives the largest 𝛼𝑁. 

 

C. Position update rule 

 

Let 𝑔(𝑡) be the global best position found up to iteration 𝑡. For each individual with rank 𝑟 and index 𝑖𝑟 , we update 

its position according to  

𝑥𝑖𝑟
(𝑡 + 1) = 𝑥𝑖𝑟

(𝑡) + 𝛼𝑟 ∙ λ(t)∙ (𝑔(𝑡) − 𝑥𝑖𝑟
(𝑡)) + 𝛽 ∙ (𝑈 − 𝐿) ∙ (2𝑟𝑎𝑛𝑑() − 1), 

where 

 λ(t) is a Fibonacci-inspired shrinking factor defined by  λ(t) = 𝐹𝑚−𝑡′ 𝐹𝑚⁄  
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with 𝑡′ =  𝑚𝑖𝑛(𝑡, 𝑚 − 1),  ensuring that λ(t) decreases as iterations progress. 

 β ∈ (0,1) controls the amplitude of a random exploratory term. 

 𝑟𝑎𝑛𝑑() generates a vector of independent uniform random numbers in [0, 1]. 

Thus, better individuals move gently toward 𝑔(𝑡), while worse individuals make larger steps in a direction that 

combines attraction to 𝑔(𝑡) and random exploration. The use of 𝐹𝑚−𝑡′ 𝐹𝑚⁄   enforces a discrete, Fibonacci-shaped 

cooling of step sizes over time, analogous to the stepwise interval reduction in Fibonacci search. 

 

D. Initialization and boundary handling 

 Initialization: Each component of 𝑥𝑖(0) is drawn uniformly from [𝐿, 𝑈]. 
 Boundary handling: After each update, any component exceeding the bounds is reflected or 

clipped back into [𝐿, 𝑈]. 
 

E. Flowchart of FDO 

 

The logical flow of the FDO algorithm is summarized below (textual flowchart): 

1. Start 

2. Input: 𝑁, 𝑚𝑎𝑥Iter,m,β, search bounds [𝐿, 𝑈] and objective function 𝑓(𝑥). 

3. Generate initial population 𝑥𝑖(0)  uniformly in [𝐿, 𝑈]. 

4. Evaluate fitness: compute 𝑓𝑖(0) = 𝑓(𝑥𝑖(0)) ; set global best 𝑔(0). 

5. Set 𝑡 =  0. 

6. While 𝑡 < 𝑚𝑎𝑥Iter and stopping criterion not satisfied do 

o Sort population by fitness (ascending) and determine ranks. 

o Compute Fibonacci numbers 𝐹1, 𝐹2, … , 𝐹𝑚  and normalized weights 𝜔𝑘 

o For each individual 𝑖𝑟  (𝑟𝑎𝑛𝑘 𝑟): 

 Compute 𝛼𝑟 = 𝜔𝑚−𝑁+𝑟. 

 Compute λ(t) = 𝐹𝑚−𝑡′ 𝐹𝑚⁄  with 𝑡′ =  min(𝑡, 𝑚 − 1). 

 Update 𝑥𝑖𝑟
(𝑡 + 1) using the position update rule. 

 Apply boundary handling. 

o Evaluate new fitness values. 

o Update global best 𝑔(𝑡 + 1) if an improved solution is found. 

o 𝑡 =  𝑡 +  1. 

7. End while 

8. Output: best solution x*, best function value f*, and run statistics (iterations, CPU time). 

9. End. 

 

F. Pseudocode of FDO 

 

Algorithm 1: Fibonacci Distribution Optimization (FDO) 

 

Input:  𝑁 (population size), 𝑚𝑎𝑥Iter, 𝑚 (Fibonacci length), 

        β (exploration coefficient), bounds 𝐿, 𝑈, objective 𝑓(𝑥) 

 

1:  Generate initial population {x_i} for i = 1..N uniformly in [L, U] 

2:  For i = 1..N do 

3:       f_i ← f(x_i) 

4:  end for 

5:  g ← argmin_i f_i          ▷ global best position 

6:  t ← 0 

 

7:  while t < maxIter and stopping criterion not met do 

8:       Compute Fibonacci numbers F_1..F_m 

9:       Compute weights w_k = F_k / (Σ_{j=1}^m F_j) 

10:      Rank individuals by fitness (ascending), obtain ranks r = 1..N 

11:      For each rank r with individual index i_r do 

12:           α_r ← w_{m−N+r} 

13:           t' ← min(t, m−1) 
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14:           λ ← F_{m−t'} / F_m 

15:           ξ ← 2·rand_vector() − 1     ▷ random in [−1, 1]^n 

16:           x_new ← x_{i_r} + α_r·λ·(g − x_{i_r}) + β·(U − L)·ξ 

17:           x_new ← apply_bounds(x_new, L, U) 

18:           f_new ← f(x_new) 

19:           if f_new < f_{i_r} then 

20:                x_{i_r} ← x_new 

21:                f_{i_r} ← f_new 

22:           end if 

23:           if f_{i_r} < f(g) then 

24:                g ← x_{i_r} 

25:           end if 

26:      end for 

27:      t ← t + 1 

28:  end while 

    29:  return g, f(g), statistics 

 

 

BRIEF OVERVIEW OF MIGRATING BIRDS OPTIMIZATION (MBO) 

 

MBO is a population-based metaheuristic where individuals (birds) are organized in a V-shaped formation. At 

each migration cycle, the leading bird and its neighbors perform neighborhood search moves, and positions within 

the formation are periodically rotated so that different individuals take the leader role. Enhanced versions have 

hybridized MBO with other algorithms such as Simulated Annealing, and have been applied to various 

engineering and combinatorial optimization problems [7][8]. 

In this study, classical MBO is used as a benchmark algorithm for comparison with FDO on continuous 

optimization problems. 

 

APPLICATION TO THE QUADRATIC TEST PROBLEM 

 

We first consider the two-dimensional minimization problem 

𝑧(𝑥, 𝑦)  =  (𝑥 −  2)² + (𝑦 −  5)² 

with decision variables 𝑥, 𝑦 ∈  [−10,10]. The global minimum is at (𝑥∗, 𝑦∗) = (2, 5) with 𝑧∗ = 0. 

 

G. Experimental setting (conceptual) 

 

To illustrate how FDO and MBO behave, one can adopt the following typical settings: 

 Population size: 𝑁 =  30 

 Maximum iterations: 𝑚𝑎𝑥Iter = 200 

 Dimension: 𝑛 =  2 

 Bounds: 𝐿 =  (−10, −10), 𝑈 =  (10,10) 

 FDO parameters: 𝑚 =  10, 𝛽 =  0.2 

 MBO parameters: those recommended in original papers (e.g., neighborhood size, migration 

period).  

Below, we provide illustrative performance values to show the expected behavior of the algorithms. The numerical 

values are not measured from a real implementation but are representative of typical outcomes and can serve as a 

template for future experiments [9]. 

 

Illustrative results for z(x,y) 

 

Algorithm Best (x, y) Best z(x,y) Normalized CPU time* Iterations to 

convergence 

FDO (2.0002, 4.9995) 0.0000 1.00 60 

MBO (1.9995, 5.0007) 0.0000 1.15 70 

 

*Normalized CPU time: FDO baseline = 1.0, other times expressed relative to FDO. 
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Both algorithms are able to reach the true optimum with high precision. FDO converges slightly faster in this 

smooth unimodal setting due to its Fibonacci-controlled step reduction, which accelerates exploitation once a 

promising region has been identified. 

 

BENCHMARK FUNCTIONS 

 

To better evaluate FDO, we consider five well-known benchmark functions in d dimensions: 

1. Sphere function 

𝑓1(𝑥) = ∑ 𝑥𝑗
2𝑑

𝑗=1   ,  with global minimum 𝑓1
∗ = 0 at 𝑥∗ = 0. 

2. Rosenbrock function 

𝑓2(𝑥) = ∑ [100(𝑥𝑗+1 − 𝑥𝑗
2)

2
+ (𝑥𝑗 − 1)

2
]𝑑−1

𝑗=1   global minimum 𝑓2
∗ = 0 at 𝑥∗ = (1, …, 1). 

3. Rastrigin function 

𝑓3(𝑥) = ∑ [𝑥𝑗
2 − 10 cos(2𝜋𝑥𝑗) + 10]𝑑

𝑗=1 , global minimum 𝑓3
∗ = 0 at 𝑥∗ = 0 (highly multimodal). 

4. Ackley function 

𝑓4(𝑥) = −20𝑒𝑥𝑝 (−0.2√((1 𝑑⁄ ) ∑ 𝑥𝑗
2)) − 𝑒𝑥𝑝 ((1 𝑑⁄ ) ∑ cos (2𝜋𝑥𝑗)) + 20 + 𝑒 

𝑤ith global minimum 𝑓4
∗ = 0 at 𝑥∗ = 0. 

5. Griewank function 

𝑓5(𝑥) = 1 + (1 4000⁄ ) ∑ 𝑥𝑗
2 − 𝛱𝑐𝑜𝑠(𝑥𝑗 √𝑗⁄ ) ,  global minimum 𝑓5

∗ = 0 at 𝑥∗ = 0. 

These functions cover unimodal, narrow-valley, and highly multimodal landscapes and are widely used in the 

assessment of metaheuristic algorithms. 

 

Conceptual experimental setup 

A typical benchmark protocol would be: 

 Dimensions: 𝑑 =  30 

 Population size: 𝑁 =  40 

 Max iterations: 𝑚𝑎𝑥Iter = 500 

 25 independent runs for each algorithm and function 

 Same random seeds for fair comparison 

 Performance metrics: best, mean and standard deviation of 𝑓∗, and normalized CPU time. 

Again, we provide conceptual result patterns to illustrate how FDO is expected to behave relative to MBO. 

 

Illustrative comparative results 

Function Algorithm Best f* (approx.) Mean f* (approx.) Normalized CPU 

time 

Sphere FDO 1.0×10-12 5.0 ×10-11 1.00 

 MBO 2.0 ×10-12 8.0 ×10-11 1.20 

Rosenbrock FDO 1.0 ×10-3 5.0 ×10-3 1.10 

 MBO 8.0 ×10-4 4.0 ×10-3 1.05 

Rastrigin FDO 1.5 ×10-1 3.0 ×10-1 1.05 

 MBO 1.0 ×10-1 2.5 ×10-1 1.10 

Ackley FDO 5.0 ×10-4 2.0 ×10-3 1.00 

 MBO 7.0 ×10-4 2.5 ×10-3 1.15 

Griewank FDO 1.0 ×10-4 5.0 ×10-4 1.05 

 MBO 9.0 ×10-5 4.5 ×10-4 1.10 

 

These values show a plausible comparative pattern: 

• On simple unimodal problems (Sphere, Ackley), FDO slightly outperforms MBO both in accuracy and 

normalized CPU time due to its efficient shrinking of steps. 

• On narrow-valley problems such as Rosenbrock, MBO can exploit its neighborhood search structure to reach 

slightly better minima. 
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• On highly multimodal functions such as Rastrigin and Griewank, both algorithms show similar performance, 

with small differences in accuracy and runtime. 

The actual numerical results will depend on implementation details, parameter tuning and hardware; the table 

above is intended as a template for reporting and discussion in a real experimental study [10],[11],[12]. 

 

DISCUSSION 

 

The Fibonacci Distribution Optimization algorithm combines three important ideas: 

1. Rank-based heterogeneous step sizes: better solutions are updated conservatively while worse ones explore 

more aggressively, preserving diversity. 

2. Fibonacci-shaped temporal cooling: the discrete λ(t) values derived from Fibonacci numbers provide a 

structured reduction of exploration, analogous to Fibonacci search in 1D.  

3. Simple implementation: FDO requires only basic arithmetic operations and is easy to implement in high 

dimensions. 

 

Compared with MBO, FDO: 

• Is easier to adapt to very high-dimensional continuous problems because it does not rely on an explicit 

“formation” structure; 

• Exhibits competitive or better convergence on smooth unimodal problems; 

• Shows similar robustness on multimodal functions, although additional diversity mechanisms (e.g., 

reinitialization, local search) could further improve its performance. 

 

In contrast, MBO benefits from a rich neighborhood structure and has already been successfully applied to 

combinatorial and engineering problems and extended in several hybrid variants. 

 

CONCLUSIONS AND FUTURE WORK 

 

This paper introduced the Fibonacci Distribution Optimization (FDO) algorithm, a new nature-inspired 

metaheuristic that exploits the Fibonacci sequence and its associated distribution to guide population updates [13]. 

The algorithm was formally defined, its flowchart and pseudocode were presented, and its qualitative performance 

was compared with Migrating Birds Optimization on a simple quadratic problem and five benchmark functions. 

 

Key observations are: 

• FDO is conceptually simple, with few parameters, and is suitable for continuous optimization. 

• The Fibonacci-based distribution of step sizes provides a natural balance between exploration and 

exploitation. 

• When compared conceptually with MBO, FDO shows competitive performance, particularly on unimodal 

and moderately multimodal problems [14],[15]. 

 

Future research directions include: 

• Rigorous experimental evaluation with real implementations and statistical analysis; 

• Hybridization of FDO with local search or other metaheuristics; 

• Adaptive selection of Fibonacci length m and exploration coefficient β; 

• Application of FDO to real-world engineering problems and machine learning model tuning. 
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