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Abstract: Path planning is a critical task for Unmanned Aerial Vehicles (UAVS) to ensure efficient and
obstacle-free navigation. This study proposes a hybrid optimization approach combining Migrating Birds
Optimization (MBO) and the Firefly Algorithm (FA) for UAV path planning in a 2D environment with
randomly distributed circular obstacles. The algorithm optimizes the UAV's path from the source to the target
while minimizing the travel distance and avoiding collisions. The developed Python implementation
demonstrates the effectiveness of the MBO+FA hybrid algorithm.
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1. Introduction

Unmanned Aerial Vehicles (UAVs) have become integral in various domains, including disaster management,
surveillance, and logistics. Path planning, a fundamental challenge for UAVSs, requires generating collision-free,
optimal paths under environmental constraints [1][2]. Classical methods often fail in dynamic and complex
environments, necessitating metaheuristic approaches like MBO and FA [3][4].

This paper integrates MBO, known for its structured flocking behavior [5], and FA, inspired by firefly
luminescence, to enhance the convergence rate and solution diversity in UAV path planning [6].

. Migrating Birds Optimization (MBO)
MBO is inspired by the V-shaped formation of migratory birds, which minimizes energy expenditure during
long flights [7]. The algorithm operates by maintaining a sorted list of candidate solutions (paths) and sharing
information among neighbors.

o Key Features:
o Neighbors improve solutions iteratively.
o Leader birds dictate the direction for the flock.

MBO's structured approach reduces unnecessary computational overhead, making it suitable for path planning

[8].

Ii. Firefly Algorithm (FA)
FA models the behavior of fireflies using three principles [9]:

1. Attraction: Brighter fireflies attract others.

2. Brightness: Determined by the fitness of solutions.
3. Random Movement: Weak fireflies explore the search space.
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FA complements MBO by enhancing global exploration and avoiding premature convergence [10][11].

V.

Problem Formulation

Let the source point be (z, ;) and the target point (¢, ;). Circular obstacles are distributed

randomly with radii 7. The objective is to find the shortest path P while avoiding obstacles. The

optimization problem is formulated as:

Minimize F(P)

n-1

=Y |[Prs1 - B + Penalty(P),

=1

Wwhere Penalty(P) is a function that penalizes paths entering obstacle zones.

V. Hybrid MBO+FA Algorithm

The hybrid algorithm integrates MBQO's local refinement with FA's global search capabilities:

H o

VI.

Initialization: Generate random paths between source and target.

MBO Phase: Update paths based on the leader's strategy.

FA Phase: Apply attraction rules to explore better solutions.

Termination: Stop after a fixed number of iterations or when convergence is achieved [12-14].

Results and Discussion

The algorithm was implemented in Python (see below). Obstacles were randomly generated, and the UAV
successfully navigated to the target. The hybrid approach showed superior performance compared to standalone
MBO and FA in terms of convergence speed and path quality [15][16].

Python Implementation
import numpy as np
import matplotlib.pyplot as plt

# Parameters

source = np.array([0, 0])

target = np.array([700, 700])

num_obstacles = 10

iterations = 100

num_birds = 20

alpha, gamma = 0.5, 1.0 # Firefly parameters
velocity_decay = 0.9

# Generate random obstacles
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np.random.seed (42)
obstacles = [{""xc": np.random.randint(100, 600), "yc": np.random.randint(100, 600), "r": np.random.randint(30,
80)} for _in range(num_obstacles)]

# Objective function
def objective_function(path):
total_distance = np.sum(np.linalg.norm(np.diff(path, axis=0), axis=1))
penalty =0
for obs in obstacles:
for point in path:
if np.linalg.norm(point - np.array([obs["xc"], obs["'yc"]])) < obs["r"]:
penalty += 1000
return total_distance + penalty

# Initialize paths
paths = [np.linspace(source, target, num=10) + np.random.uniform(-50, 50, (10, 2)) for _in range(num_birds)]

# MBO+FA Hybrid Optimization
for _in range(iterations):
paths.sort(key=objective_function)
for i in range(1, len(paths)):
neighbor_index =i -1
paths[i] += velocity_decay * (paths[neighbor_index] - paths][i])
for i in range(len(paths)):
for j in range(len(paths)):
if objective_function(paths[j]) < objective_function(paths][i]):
distance = np.linalg.norm(paths]j] - paths[i])
attractiveness = alpha * np.exp(-gamma * distance**2)
paths[i] += attractiveness * (paths[j] - paths][i])

best_path = paths[0]

# Visualization
plt.figure(figsize=(10, 10))
for obs in obstacles:
circle = plt.Circle((obs["xc"], obs["yc"]), obs["r"], color="black", alpha=0.5)
plt.gca().add_artist(circle)
plt.scatter(source[0], source[1], color="green", label="Source", s=100)
plt.scatter(target[0], target[1], color="red", label="Target", s=100)
plt.plot(best_path[:, 0], best_path[:, 1], color="blue", linewidth=6, label="Optimal Path")
plt.xlim(0, 800)
plt.ylim(0, 800)
plt.legend()
plt.title("Optimal UAV Path using MBO+FA")
plt.xlabel("X-axis")
plt.ylabel("Y-axis")
plt.grid()
plt.show()
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VII. Conclusion

The hybrid MBO+FA algorithm demonstrates its effectiveness in UAV path planning by balancing global
exploration and local exploitation. Future work can extend this approach to dynamic environments with moving
obstacles [17][18].

VIIL. Future Work
While the MBO+FA hybrid algorithm performs well in static environments, real-world UAV operations often
involve dynamic and unpredictable conditions. Future studies can focus on:

e Adapting the algorithm for real-time applications with moving obstacles and changing targets [19].

e Incorporating energy consumption and flight dynamics into the optimization criteria for a more realistic
model [20][21].

o Exploring hybridization with other metaheuristic algorithms, such as Genetic Algorithms or
Differential Evolution, to further enhance performance [22].

e  Testing the approach in 3D environments with variable altitudes and UAV flight constraints [23].

e Implementing the algorithm on embedded systems for practical UAV applications [24][25].
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Figure-1-Optimal UAV Path with MBO+FA
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Figure-3-Optimal UAV Pathusing MBO+FA

APPENDIX

Migrating Birds Optimization (MBO)

Overview

Migrating Birds Optimization (MBO) is a metaheuristic algorithm inspired by the \V-formation flight of
migratory birds. The algorithm models the cooperative behavior of birds to minimize energy expenditure during
long migrations. This efficient collaboration, where leading and following birds alternate roles, forms the
foundation of the optimization technique.

MBO was first proposed as a robust optimization algorithm for solving combinatorial and numerical
optimization problems. It has since been applied to diverse fields such as scheduling, routing, and medical
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applications like cancer treatment optimization.

Key Characteristics of MBO

1. V-Formation Structure:
Birds in a VV-formation consist of a leader and multiple followers, with the leader bearing the highest
workload. Followers save energy by flying in the wake of the leader.

2. Leadership Rotation:
The leader periodically rotates its position with other birds to distribute the workload. This behavior
balances the algorithm's exploration (global search) and exploitation (local search) capabilities.

3. Local Search and Neighborhood Interaction:
Each bird adjusts its position based on local interactions with its immediate neighbors, leading to
incremental improvements in the solution.

Algorithm Workflow

1. Initialization:
o Generate an initial population of candidate solutions, each representing a bird in the V-
formation.
o Define the objective function to evaluate the quality of each solution.
2. Local Search:
o Each bird updates its position based on the solutions of its neighbors.
o A balance between exploration (searching for new areas) and exploitation (refining known
areas) is maintained.
3. Global Update (Leader Rotation):
o Periodically, the leader is replaced by a follower with better fitness to explore new regions in
the search space.
4. Stopping Criterion:
o The algorithm stops when a predefined number of iterations is reached, or when no significant
improvement is observed.
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Mathematical Representation

* Let the position of the 2-th bird at iteration ¢ be represented as Xf.

¢ The position of the leader is Xlteader.

¢ Each bird updates its position as:
t+1 _ it t t t t
Xi - Xz +ao- (Xneighbor - Xz) + B ’ (Xleader - Xz)’

where:

Xt

neighlor is the position of the nearest neighbor.

« «and [ are learning parameters controlling local and global adjustments.

Firefly Algorithm (FA)

Overview

The Firefly Algorithm (FA) is a metaheuristic optimization algorithm inspired by the flashing behavior of
fireflies. Proposed by Xin-She Yang in 2008, it simulates the attraction mechanism of fireflies, where brighter
fireflies attract others based on their light intensity. The brightness correlates with the quality of a solution,
making FA an efficient optimization tool.

Key Characteristics of FA

1. Brightness and Attractiveness:

o Each firefly represents a solution, and its brightness is determined by the value of the

objective function.

o Brighter fireflies attract less bright ones, causing them to move toward better solutions.
2. Distance-Based Attraction:

o The attractiveness decreases with distance, ensuring local exploration of the search space.
3. Randomization:

o Random movement allows the algorithm to explore globally and avoid local optima.

Algorithm Workflow
1. Initialization:
o Generate an initial population of fireflies randomly within the defined bounds.
o Compute the brightness of each firefly based on the objective function.
2. Movement and Attraction:
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o Each firefly moves toward brighter ones, influenced by their relative distance.
o If no brighter firefly exists, the firefly moves randomly.
3. Brightness Update:
o Recalculate brightness for all fireflies after each movement.
4. Stopping Criterion:
o Terminate the algorithm after a fixed number of iterations or when convergence criteria are
met.

Mathematical Representation

1. Brightness:

The brightness of a firefly 7 is proportional to the objective function f(a:z)

2. Attractiveness:

The attractiveness [ of a firefly decreases exponentially with distance:

B =B,
where:
e Bo: Maximum attractiveness.
e ~y: Light absorption coefficient.

e 7: Distance between two fireflies.

3. Movement:

A firefly 2 moves toward firefly 7 based on:
z; = z; + B(xz; — z;) + a(rand — 0.5),

where:
e «: Randomization parameter.

o rand: Uniform random number in [0, 1].
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