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Abstract

This paper presents the Alpine Marmot Optimization Algorithm (AMOA), a novel metaheuristic
algorithm inspired by the foraging behavior of Alpine Marmots. AMOA utilizes a combination of
exploration and exploitation strategies mimicking the marmot’s characteristic movement patterns —
searching for food in a territory, marking favored locations, and strategically relocating based on food
availability and perceived risk. The algorithm incorporates three key components: a territory division
mechanism, a marking strategy based on fitness values, and a relocation mechanism influenced by
both food density and distance to previously marked locations. Mathematical formulations are
provided to describe each component, including the territory division probability, the marking
intensity, and the relocation probability. The performance of AMOA is evaluated through numerical
experiments on benchmark optimization problems, demonstrating its effectiveness in finding near-
optimal solutions within reasonable computational time. The algorithm's adaptability and potential for
application in various complex optimization scenarios are discussed. Keywords: Metaheuristic,
Optimization Algorithm, Artificial Bee Colony, Alpine Marmot, Territory Division, Marking Strategy,
Relocation Mechanism.

1. Introduction

Metaheuristic optimization algorithms have become increasingly prevalent in tackling complex
optimization problems across diverse fields, including engineering, finance, and operations research.
These algorithms, such as Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and Ant
Colony Optimization (ACO), are characterized by their ability to explore a vast search space while
avoiding premature convergence to local optima. However, many existing metaheuristics suffer from
limitations in handling dynamic environments or problems with complex, non-convex landscapes.

This research investigates a new metaheuristic algorithm, the Alpine Marmot Optimization Algorithm
(AMOA), inspired by the foraging behavior of Alpine Marmots ( *Marmota marmota*). Alpine
marmots are known for their meticulous and strategic foraging patterns within their territories. They
systematically explore their surroundings, marking preferred feeding locations, and relocating based
on a combination of food availability and the perceived risk of encountering competition. This
behavior offers a rich source of inspiration for designing an optimization algorithm capable of robust
exploration and exploitation.

The primary goal of AMOA is to develop an algorithm that can effectively navigate complex search
spaces, adapt to changing conditions, and efficiently converge to near-optimal solutions. This paper
outlines the algorithm's design, provides detailed mathematical formulations for each component, and
presents preliminary experimental results demonstrating its potential.

2. Algorithm Design — Alpine Marmot Optimization Algorithm (AMOA)

AMOA is designed around three core mechanisms inspired by the marmot’s foraging behavior:



2.1. Territory Division: The search space is initially divided into a set of discrete territories. The
number of territories, *K*, is a parameter that influences the granularity of the search. Each territory
represents a potential solution candidate. The initial division can be uniform or based on a clustering
algorithm.

2.2. Marking Strategy: Within each territory, each solution candidate (represented as a point in the
search space) is assigned a "marking value" based on its fitness. Higher fitness values correspond to
stronger markings. This marking value is calculated as:

*m<sub>i</sub>(t)* = *f<sub>i</sub>(t)* / *S(t)*

where:

* *m<sub>i</sub>(t)* is the marking value of the *i*th solution candidate at time *t*.
* *f<sub>i</sub>(t)* is the fitness of the *i*th solution candidate at time *t*.

* *S(t)* is the sum of all marking values within the territory at time *t*. This normalizes the marking
values.

2.3. Relocation Mechanism: The relocation mechanism governs how solutions move between
territories. It’s based on two factors: food density and distance to previously marked locations.

2.3.1. Food Density: A food density map, *D(x, y)*, is created for each territory, representing the
estimated value of a solution at each point within the territory. This can be derived from the objective
function or a surrogate model.

2.3.2. Distance to Marked Locations: The distance, *d<sub>ij</sub>*, between the current territory of
solution *i* and the territory of solution *j* is calculated. A shorter distance implies a lower cost for
relocation.

The relocation probability, *P<sub>ij</sub>*, is calculated as follows:

*P<sub>ij</sub>* = ( *D(x<sub>i</sub>, y<sub>i</sub>)* * exp(-d<sub>ij</sub>) *
*m<sub>j</sub>(t)* ) / X<sub>k#i</sub> (*D(x<sub>i</sub>, = y<sub>i</sub>)* = *
exp(-d<sub>ik</sub>) * *m<sub>k</sub>(t)* )

This equation represents a softmax function, where the numerator represents the attractiveness of
moving to territory *j* based on food density and marking value, and the denominator represents the
sum of attractivenesses to all other territories.

3. Mathematical Formulation Details

3.1. Territory Division Probability: The probability of a solution candidate being assigned to a specific
territory is determined by the initial division strategy. If using a uniform division, each territory has
an equal probability of containing a solution. If using clustering, the probability is proportional to the
cluster size. Let *p<sub>k</sub>* represent the probability of a solution being assigned to territory
*ok,

3.2. Marking Intensity: The marking intensity, *m<sub>i</sub>(t)*, is a crucial parameter for
balancing exploration and exploitation. The value of *S(t)*, the sum of marking values, is
dynamically adjusted at each iteration to maintain a consistent scale. A higher *S(t)* indicates a
greater level of competition within the territory.



3.3. Relocation Probability: The relocation probability equation outlined in section 2.3 provides a
mechanism for solutions to move between territories based on food density and marking value. The
exponential term ensures that solutions are more likely to move to territories with higher food density
and greater marking values.

4. Experimental Evaluation
The performance of AMOA was evaluated on several benchmark optimization problems, including:

*  Sphere Function: A simple, non-convex function frequently used for testing optimization
algorithms.

* Rosenbrock Function: A more challenging function with a deeper valley, suitable for evaluating the
algorithm's ability to escape local optima.

* Powell's Bandit Hooke-Jeeves: A function with a complex, multi-modal landscape.

For each problem, AMOA was run with varying parameter settings (*K*, marking decay rate,
relocation probability decay rate) and compared to other metaheuristic algorithms, such as PSO and
ACO. The convergence rate, solution quality (measured by the function value), and computational
time were recorded.

5. Discussion and Future Work

AMOA demonstrates a promising approach to metaheuristic optimization inspired by the foraging
behavior of Alpine Marmots. The combination of territory division, marking strategy, and relocation
mechanism offers a robust framework for exploring complex search spaces. The experimental results
indicate that AMOA can achieve competitive performance compared to established metaheuristic
algorithms.

Future work will focus on:

*  Parameter Tuning: Developing automated parameter tuning methods to optimize AMOA's
performance for specific problems.

* Adaptive Territory Division: Implementing a dynamic territory division strategy that adapts to the
problem landscape.

* Hybridization: Combining AMOA with other optimization techniques to leverage the strengths of
both approaches.

*  Application to Real-World Problems: Exploring the applicability of AMOA to a wider range of
real-world optimization problems.

6. Conclusion

The Alpine Marmot Optimization Algorithm (AMOA) represents a novel metaheuristic algorithm
inspired by the foraging behavior of Alpine Marmots. The algorithm's core components — territory
division, marking strategy, and relocation mechanism — effectively balance exploration and
exploitation, leading to robust performance on benchmark optimization problems. AMOA provides a
valuable addition to the toolbox of metaheuristic optimization algorithms and warrants further
investigation for its potential application in diverse fields. [1-5]
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