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Abstract— This study presents a comprehensive approach
to solving an advanced Multi-Robot Task Allocation (MRTA)
problem, in which heterogeneous agents, initially stationed at
different depots, are required to perform a set of spatially
distributed tasks. A key challenge lies in determining which
agent performs each task and defining the order in which each
agent executes the assigned tasks, while optimizing travel costs
and respecting energy constraints. To address this problem, we
propose an approach that combines the Greedy Randomized
Adaptive Search Procedure (GRASP) with 2-Opt local search.
A comparative analysis was conducted against a Mixed Integer
Linear Programming (MILP) solver and standard GRASP
variants. The results demonstrate that the GRASP + 2-Opt
approach strikes a favorable balance between optimality and
execution time. This work provides practical insights for
applications such as industrial inspection and environmental
monitoring, where autonomous multi-robot coordination and
energy constraints are essential for sustained and reliable
operation.

Index Terms— Multi-Robot Task Allocation (MRTA), Greedy
Randomized Adaptive Search Procedure(GRASP), 2-Opt Local
Search, Mixed-Integer Linear Programming (MILP).

I. INTRODUCTION

In the current era, the demand for autonomous robotic
systems capable of collaborating in complex environments
has grown significantly. From environmental monitoring [1]
and industrial inspection [2] to exploration [3] and urban
surveillance [4], modern applications demand coordinated
and efficient deployment of multiple mobile robots. These
systems are often composed of different types of agents,
each suited to specific operational environments. Land-based
robots, such as Automated Guided Vehicles (AGVs) and
Unmanned Ground Vehicles (UGVs), are well suited for
structured settings like warehouses and industrial sites. Aerial
robots, commonly referred to as Unmanned Aerial Vehicles
(UAVs), provide high mobility and rapid deployment capa-
bilities, making them ideal for surveillance and monitoring
tasks. Meanwhile, marine and underwater robots such as
Unmanned Surface Vehicles (USVs) and Autonomous Un-
derwater Vehicles (AUVs) play a crucial role in aquatic op-
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erations including maritime surveillance and environmental
sampling. The increasing prevalence of Multi-Robot Systems
(MRS) in these domains is driven by their numerous advan-
tages, including greater operational flexibility, scalability, re-
silience to individual failures, and improved task throughput
[5]. However, these benefits are closely tied to the ability
to address the fundamental challenge of Multi-Robot Task
Allocation (MRTA).

MRTA consists of optimally assigning a series of tasks
to a team of robots while considering problem-specific
constraints, with the objective of optimizing the overall
efficiency of the system [6]. These constraints can include
energy limitations notably battery capacity, agent compatibil-
ity, time windows, or environmental uncertainty. Determining
which agent should perform each task and in what sequence,
is a non-trivial problem, especially in large-scale, real-world
scenarios. To address this challenge, a variety of methods
have been explored in the literature. One widely adopted ap-
proach consists of formulating the MRTA problem as an Inte-
ger Linear Programming (ILP) or Mixed-Integer Linear Pro-
gramming (MILP) model [6]. While these techniques yield
optimal solutions, their computational complexity becomes
a significant limitation as problem size increases. Due to the
NP-hard nature of MRTA, research has increasingly focused
on approximate methods to achieve near-optimal solutions
more efficiently. In particular, heuristics and metaheuristics
have shown strong potential for yielding high-quality solu-
tions within acceptable computation times, enabling them to
be well-suited for real-world applications. Population-based
algorithms such as Particle Swarm Optimization (PSO) [7],
Bee Colony Optimization (BCO) [8], Ant Colony Optimiza-
tion (ACO) [9] and Genetic Algorithms (GA) [10] have
demonstrated competitive performance across diverse MRTA
formulations. Additionally, Simulated Annealing (SA) [11]
and Tabu Search (TS) [12] employ stochastic exploration
and memory-based search mechanisms. Recent trends in
MRTA research highlight the growing adoption of hybrid
strategies that leverage the complementary strengths of dif-
ferent algorithms to enhance solution quality, scalability,
and robustness. These strategies include combinations of
metaheuristics with exact methods, local search techniques,
or fuzzy logic systems [13].

In this study, we investigate a scenario involving a fleet of
heterogeneous agents, each initially stationed at a distinct
depot and equipped with specialized sensors to perform
dispersed measurement tasks within an industrial environ-
ment. The main objective is to minimize the total energy
consumption resulting from agent movements while ensuring



the successful completion of all tasks. This setting introduces
several challenges, notably deciding which agent should
perform each task and determining the order in which each
agent executes the assigned tasks, all while accounting for
the limited energy autonomy of each agent. Unlike exist-
ing methods that address simplified variants of the MRTA
problem, such as assuming homogeneous agents [14] or sin-
gle depot configurations [15], our approach simultaneously
considers heterogeneous agents, multiple depots, and energy
constraints.

To tackle this problem, we propose an approach that com-
bines the Greedy Randomized Adaptive Search Procedure
(GRASP) [16] with a 2-Opt local search heuristic. Compared
to population-based metaheuristics, the GRASP framework
offers faster convergence and fewer parameters to tune,
making it a lightweight yet effective choice for combinatorial
optimization. However, it may require local improvement
strategies, such as 2-Opt, to avoid entrapment in local optima,
particularly in constrained or highly structured environments.
To the best of our knowledge, this is the first application of
GRASP to an MRTA formulation that integrates heteroge-
neous agents, multiple depots, and energy constraints. In ad-
dition, a Mixed-Integer Linear Programming (MILP) model
is formulated and solved to evaluate solution quality and
serve as a reference for small- to medium-scale instances.

The key contributions of this study are outlined below:

• Formulation of a novel variant of the MRTA problem
that incorporates agent heterogeneity, multiple depots,
and energy constraints, reflecting realistic requirements
in industrial and environmental missions;

• Development of a MILP model to obtain exact solutions
for small- to medium-sized instances, serving as a
baseline for performance comparison;

• Design of a GRASP algorithm combined with 2-Opt
local search to enable scalable and efficient solution
generation for larger problem instances;

• Validation across diverse scenarios, highlight the ef-
fectiveness, robustness, and practical relevance of the
proposed approach in addressing a novel variant of the
MRTA problem.

The remainder of this paper is organized as follows:
the second section introduces the problem and presents the
MILP formulation. The third section details the materials
and methodology employed in this work. The fourth section
discusses the experimental findings. Lastly, the final section
highlights the main contributions and proposes directions for
future research.

II. MODELING ASPECTS

In response to the challenges outlined previously, this
section introduces a Mixed-Integer Linear Programming
(MILP) model to formally represent the MRTA problem,
characterized by heterogeneous agents, multiple depots, and
energy constraints.

A. Problem description

This paper addresses the challenge of assigning a set
of measurement tasks to a group of agents, each initially
positioned at a distinct depot and subject to specific energy
limitations. The objective is to optimize the total energy
consumption, defined as the cost function.

The environment is modeled as a mesh grid composed
of individual cells. Each cell (x, y) represents a area where
agents may be positioned. As a result, the environment is
represented into a set of V cells, where the dimensions of
the cells are defined according to the specific requirements of
the problem. This set is denoted as V = v1, . . . , vj , . . . , v|V |.
Furthermore, the environment may contain various obstacles
or one-way paths that limit agent mobility. Within this
environment, certain cells, referred to as sites, are designated
for specific functions. Among these, some are reserved as
depots, where each agent starts and completes its mission;
this set is denoted by D. Others are designated for specialized
activities such as the execution of measurement tasks; this
set is denoted by Pm. The complete set of sites is therefore
defined as S = D∪Pm. Let A denote the set of agents. The
agents can be heterogeneous, with their heterogeneity arising
from the specific sensors they are equipped with, as well as
from differences in their maximum battery capacities Ck

max.
Each depot dk ∈ D is associated with a specific agent ak ∈
A, uniquely defined by its sensor configuration and energy
capacity (Battery Swapping). As a result, each agent must
return to its corresponding depot at the end of its mission.
Each sensor corresponds to a particular measurement type,
and the set of measurement types is denoted by M . The
capabilities of the agents are defined by a matrix Agentsk,q ,
where Agentsk,q = 1 if the agent ak ∈ A is provided with
the sensor necessary to perform the measurement of type
mq ∈ M and Agentsk,q = 0 otherwise. A task is explicitly
outlined as the execution of a specific measurement of type
mq ∈ M at a designated location pj ∈ Pm, represented as
t = (mq, pj). The set of tasks to be performed at each site
is represented by the matrix Tasksj,q , where Tasksj,q = 1
indicates that a measurement of type mq is required at site
pj ∈ Pm, and Tasksj,q = 0 otherwise. The minimum cost
c(i, j) required for any agent to move from site pi to site pj
is calculated using the Dijkstra algorithm [17].

The assumptions considered in this study are as follows:
• The environment is fully known in advance and remains

static during the execution of the missions, no dynamic
changes or uncertainties are considered;

• Each agent begins and concludes its mission at the
designated depot dk, where dk is the depot assigned
to agent ak;

• Each task is performed by a single agent ak;
• Each agent is constrained by its energy limit Ck

max.

B. MILP formalization

The problem can be formulated as a Mixed-Integer Linear
Programming (MILP) model.

The following decision variables are defined:



• xk
i,j : binary decision variable such that xk

i,j ∈ {0, 1},
where xk

i,j = 1 if agent ak travels from site pi to site
pj , and xk

i,j = 0 otherwise;
• uk

i : integer decision variable representing the order in
which agent ak visits site pi, defined as uk

i ∈ N with
bounds 0 ≤ uk

i ≤ |S|.
The problem is formalized as follows:

minimize
∑
ak∈A

∑
pi∈S

∑
pj∈S,j ̸=i

xk
i,j × c(i, j) (1)

subject to:

∑
ak∈A

∑
pj∈Pm

xk
i,j =

∑
ak∈A

∑
pj∈Pm

xk
j,i, ∀pi ∈ D (2)

∑
pj∈Pm

xk
dk,j

≤ 1, ∀ak ∈ A (3)

∑
pj∈Pm

xk
i,j = 0, ∀i ∈ D, i ̸= dk,∀ak ∈ A (4)

∑
pi∈Pm

xk
i,dk

≤ 1, ∀ak ∈ A (5)

∑
pi∈Pm

xk
i,j = 0, ∀j ∈ D, j ̸= dk,∀ak ∈ A (6)

∑
pi∈S

xk
i,j =

∑
pi∈S

xk
j,i, ∀pj ∈ Pm,∀ak ∈ A (7)

xk
i,i = 0, ∀ak ∈ A,∀pi ∈ S (8)

∑
ak∈A

∑
pi∈S

Agentsk,q × xk
i,j ≥ Tasksj,q,

∀pj ∈ Pm,∀mq ∈ M (9)∑
pi∈S

∑
pj∈S

xk
i,j × c(i, j) ≤ Ck

max, ∀ak ∈ A (10)

uk
i − uk

j + xk
i,j ≤ (|S| − 1)(1− xk

i,j),

∀ak ∈ A,∀pi ∈ S, ∀pj ∈ Pm (11)

The objective, defined in equation (1), aims to minimize
the total displacement cost across all agents throughout their
missions. Equation (2) enforces flow conservation at the
depots by ensuring that the number of agents departing from
each depot equals the number returning to it. Equations (3)
and (4) guarantee that each agent starts its mission from
its designated depot and is not allowed to depart from any
other. Similarly, equations (5) and (6) ensure that each agent
returns to its designated depot and cannot end its mission
at any other depot. Continuity of movement is imposed
by equation (7), which requires that if an agent visits a
task site, it must also leave it. Equation (8) eliminates
self-loops by preventing agents from visiting the same site
consecutively. Equation (9) ensures that measurement task
is completed by at least one capable agent. To account for

energy limitations, equation (10) restricts the total travel
cost of each agent’s route such that it does not exceed
its maximum energy capacity Ck

max. Finally, equation (11)
eliminates the possibility of sub-circuits within the set of
sites S, thereby ensuring route continuity and correctness.

III. MATERIALS AND METHODOLOGY

To address the complexity of the problem setting, this
study adopts a approach by combining the Greedy Random-
ized Adaptive Search Procedure (GRASP) with the 2-Opt
local search algorithm. GRASP involves a greedy random-
ized construction phase, which is followed by a local search
phase. Within the local search, two distinct neighborhood
operators swap and mutation are implemented and tailored
to MRTA context to evaluate their respective impacts on
solution quality. The following subsections present the ma-
terials of the proposed approach in detail, along with the
methodology used for implementation.

A. Greedy Randomized Adaptive Search Procedure (GRASP)

GRASP, first introduced by Feo and Resende in 1989
[16], is a metaheuristic designed to tackle combinatorial
optimization problems [18]. It is classified as a single-
solution metaheuristic, meaning that at any given time, the
algorithm maintains a single solution, which it attempts to
iteratively improve by exploring its neighborhood.

The pseudo-code of the GRASP algorithm is provided in
Algorithm 1 (main loop), Algorithm 2 (construction phase),
and Algorithm 3 (local search). The main loop (Algorithm 1)
is governed by two key parameters: the maximum number of
iterations N and the greediness threshold α ∈ [0, 1], which
governs the trade-off between greediness and randomness
during the solution construction process (construction phase).
In fact, α governs Algorithm 2. The number of iterations N
is a key factor in the algorithm’s performance, as it enables
both the refinement of solutions within each iteration and
the exploration of different regions of the solution space.
This process increases the probability of escaping local
optima and discovering globally optimal or near-optimal
solutions. Therefore, the choice of this parameter is very
important. In each iteration, the algorithm performs two
phases: Greedy Randomized Construction (GRC) and Local
Search (LS). The GRC phase generates a feasible solution,
which is subsequently enhanced by the LS phase through
neighborhood exploration. If the improved solution is better
than the current best solution, it replaces the latter.

Algorithm 1 GRASP(N,α)

Best Solution ← ∅
for k = 1 to N do

Solution ← Greedy Randomized Construction(α)
Solution ← Local Search(Solution)
Best Solution ← Update Solution(Solution, Best Solution)

end
return Best Solution

The construction phase begins with an empty solution
and progressively incorporates components until a complete



solution is formed. The pseudo-code for the GRC phase is
presented in Algorithm 2. Let e denote an element of the
problem, and let E be the finite set of all such elements.
The set C denotes the candidate set, and the cost associated
with adding an element e is represented by c(e). The
Restricted Candidate List (RCL) consists of elements from C
whose costs are relatively low, specifically those satisfying a
threshold condition based on minimum cost cmin, maximum
cost cmax, and the greediness parameter α.

Algorithm 2 Greedy Randomized Construction(α)
Solution ← ∅
Initialize the candidate set: C ← E
Evaluate the incremental cost c(e) for all e ∈ C
while C ̸= ∅ do

cmin ← min{c(e) | e ∈ C}
cmax ← max{c(e) | e ∈ C}
RCL ← {e ∈ C | c(e) ≤ cmin + α(cmax − cmin)}
Select randomly an element e from RCL
Solution ← Solution ∪{e}
Update the candidate set C
Reevaluate the incremental costs c(e) for all e ∈ C

end
return Solution

In the context of our problem, the element e represents a
feasible assignment of a measurement task to an agent, taking
into account energy constraints, task definition, and agent
compatibility. The candidate set C is formed by selecting
unassigned tasks that the agent can feasibly execute. The
cost function c(e) represents the travel cost from the agent’s
current location to the location of the candidate task, option-
ally accounting for the return cost to the depot if required.
The values cmin and cmax are computed from these travel
costs, and reflect the minimum and maximum incremental
costs among all candidates in C. The Restricted Candidate
List (RCL) contains tasks that are both feasible for the agent
and among the least costly.

Algorithm 3 Local Search(Solution)
while Solution is not at a local optimum do

Find s′ ∈ N (Solution) with f(s′) < f(Solution)
Update Solution to s′

end
return Solution

Algorithm 3 presents the pseudo-code for the LS phase.
This algorithm iteratively explores the neighborhood of a
given solution, denoted as N (Solution), which includes all
nearby solutions that can be reached through small modi-
fications. The objective function f(·) represents a quantity
to be minimized, such as total energy consumption or travel
cost. In each iteration, the algorithm checks if a neighboring
solution s′ ∈ N (Solution) exists with a better objective
value (f(s′) < f(Solution)). If such a solution is found, it
becomes the new current solution. This process repeats until
no additional improvements can be achieved, signifying that
a local optimum has been attained. To evaluate optimality,
the algorithm compares the objective value of the current

solution with those of its neighbors. Optimality is consid-
ered achieved when no neighboring solution yields a better
objective value. The improved solution derived at the end of
this phase is then returned.

In the literature, various neighborhood structures have
been proposed for local search procedures, each offering
different trade-offs between exploration and exploitation. In
this study, two distinct neighborhood structures swap and
mutation, were utilized and adapted to the MRTA problem
with energy constraints, where tasks can be performed by
multiple agents. While the swap operator follows a con-
ventional exchange-based approach, the mutation operator
modifies task assignments through unilateral reassignment,
resulting in structurally different neighborhood transitions.

• Swap: this operator selects two tasks assigned to differ-
ent agents and attempts to exchange them, provided the
swap maintains feasibility.

• Mutation: this operator reassigns a task from one agent
to another agent with the same capability. The mutation
operator alters the assignment by moving a task uni-
directionally from one agent to another.

For both operators, feasibility is ensured by verifying agent
compatibility and energy constraints. A swap or mutation is
accepted only if it results in a reduction of the total solution
cost.

B. 2-Opt Local Search

The 2-Opt method, introduced by Croes in 1958 [19], is a
local search technique designed for the Traveling Salesman
Problem (TSP). Starting with an initial solution, whether
provided or randomly generated, the algorithm iteratively
swaps two edges with another pair to eliminate path crossings
and decrease the total tour length. The process continues until
no further improvement is possible, that is, when all possible
edge swaps have been tested and no shorter tour is found.

Algorithm 4 2-Opt Algorithm (tour, c(·, ·))
n← size(tour)
while an improving 2-Opt move exists do

for i← 1 to n− 3 do
for j ← i+ 2 to n− 1 do

if c(i, i+1)+ c(j, j+1) > c(i, j) + c(i+1, j+1) then
Reverse sub-tour between i+1 and j
Mark improvement found

end
end

end
end
return tour

This method is used as a local refinement step within the
GRASP framework. It does not alter the task assignments
determined during the GRASP phases but focuses on re-
ordering the sequence of tasks assigned to each agent in
order to minimize their individual displacement costs. This
integration helps eliminate inefficiencies such as suboptimal
task sequences or crossed paths, thereby improving the
overall solution quality without compromising feasibility.



IV. RESULTS AND DISCUSSION

To demonstrate the effectiveness of the proposed method-
ology, we evaluate its performance with numerical exper-
iments across two different industrial zones [10], [6], each
composed of a varying number of sites |S| . Ten scenarios are
considered for each environment to assess the robustness of
the approaches under energy constraints. Each environment
is characterized by the number of agents |A|, the number of
tasks, and different values of Ck

max. A key objective of these
experiments is to verify that the energy constraint is properly
enforced. Specifically, each agent’s displacement cost must
not exceed its individual maximum battery capacity. To
assess this, the value of Ck

max was systematically varied,
starting with large values and gradually decreasing them.
This enabled the evaluation of each approach under both
relaxed and stringent energy constraints and helped identify
the threshold beyond which the problem becomes infeasible.

To provide a comprehensive evaluation of solution strate-
gies for the proposed MRTA problem, four approaches are
presented. GRASP with a swap operator and GRASP with a
mutation operator were implemented to assess the effective-
ness of different neighborhood transition mechanisms, each
introducing distinct perturbations to diversify the search. The
third approach, GRASP with mutation combined with 2-Opt
local search, offers a more refined search process. Finally,
an exact MILP solver is used as a reference method for
small- and medium-scale instances, enabling the assessment
of metaheuristic solution quality relative to optimal or near-
optimal results. Table I presents the total energy cost obtained
by each method across all scenarios. A dash (–) indicates that
no feasible solution was found.

In the first experiment (13 sites), all three methods pro-
duced identical results for several scenarios. In Scenario
1, each method yields a total cost of 202 Energy Units
(EU), demonstrating consistency across solvers under relaxed
energy constraints. In Scenario 3, all methods converge to
a cost of 160 EU, and in Scenario 4, each returns 168
EU. However, in Scenarios 2 and 5, none of the methods
find a feasible solution. This infeasibility directly results
from the strict energy constraint Ck

max, confirming that all
methods correctly enforce the requirement that each agent
respects its maximum battery capacity. Additionally, it high-
lights that the only agent with enough energy is unable to
complete all the missions, further reinforcing the importance
of energy limits in task allocation. These results suggest
that both standard GRASP variants (with swap and mutation
operators) and the GRASP(Mut.) + 2-Opt approach are
capable of producing high-quality and potentially optimal
solutions under energy constraints. On the other hand, in
this particular setting, no conclusion can be drawn regarding
which method is more effective, as all approaches yield
identical costs when feasible. In the second experiment (24
sites), the methods show more differences in performance.
In Scenario 6, all GRASP variants return feasible solutions,
GRASP(Mut.) + 2-Opt yielding the lowest total cost of 220
EU, compared to 232 EU for the other GRASP variants. The

MILP solver, however, fails to find a solution, highlighting
the scalability limitations of exact approaches for larger
instances. In Scenario 8, the performance gap becomes more
pronounced: GRASP(Mut.) + 2-Opt again outperforms both
standard GRASP configurations, returning a cost of 206 EU
compared to 230 EU (improvement of about 10%). These
results suggest that the local refinement provided by 2-Opt
plays a crucial role in guiding the search toward more cost-
effective solutions. Scenario 9 follows a similar pattern,
with GRASP(Mut.) + 2-Opt achieving a cost of 210 EU,
outperforming the standard GRASP at 234 EU (improvement
of about 10%). However, in Scenarios 7 and 10, none of the
methods succeeds in finding a feasible solution. This again
reflects the strict enforcement of the energy constraint Ck

max,
consistent with the observations from the first experiment.

The results for both industrial experiments confirm the
validity and robustness of the proposed methodology. All
methods strictly adhered to the energy constraint Ck

max and
GRASP(Mut.) + 2-Opt yields better-quality solutions as the
complexity of the scenario increases. The MILP approach,
although optimal in theory, is limited to smaller instances
due to its computational demands. These findings validate the
effectiveness of metaheuristics in handling MRTA problems,
especially when exact methods become impractical.

TABLE I
COST FOR VARIOUS SCENARIOS

Experiments GRASP GRASP(Mut.)+2Opt MILP
|S| |A| Tasks Sc. Ck

max Swap Mut.

13

2 11
1

1000
202 202 202 2021000

1000

2
1000 - - - -
10

3 10 3
1000

160 160 160 1601000
1000
1000

4 1000 168 168 168 168
10

1000
5 10 - - - -

10

24

2 22 6 1000 232 232 220 -1000
1000

7 10 - - - -

3 21 8
1000

230 230 206 -1000
1000
1000

9 1000 234 234 210 -
10

1000
10 10 - - - -

10

Fig. 1. Performance comparative study



To offer a thorough comparison of the strategies examined,
Figure 1 depicts the trade-off between execution time and
solution cost for each method across all test scenarios.

The results reveal several key insights. First, the
GRASP(Mut.) + 2-Opt approach demonstrates a consis-
tently favorable balance between solution cost and compu-
tational time. Although its execution time is slightly higher
than that of the other metaheuristic variants, it consistently
yields lower cost values, indicating improved solution qual-
ity. Compared to the MILP approach, GRASP(Mut.) + 2-
Opt delivers near-optimal solutions in significantly shorter
runtimes, particularly for larger problem instances where
MILP struggles or fails to obtain acceptable solutions within
the specified time constraints. This highlights the effec-
tiveness of combining GRASP(Mut.) with 2-Opt, as the
latter enhances local exploitation capabilities. In contrast, the
GRASP(Swap) method generally exhibits longer execution
times and higher solution costs, especially in larger problem
instances. This suggests that its neighborhood exploration
mechanism may be less effective in identifying high-quality
solutions within the available computational time. By com-
parison, the GRASP(Mut.) variant offers faster runtimes but
yields higher costs than both MILP and GRASP(Mut.) + 2-
Opt. The MILP approach (solved using CPLEX) shows the
most variable performance. While it provides competitive
results for small- to medium-sized instances, it becomes
impractical in larger scenarios due to excessive computation
times or its inability to find feasible solutions within the
time constraints. These findings underscore the scalability
limitations of exact methods in real-world environments.
Overall, the GRASP-based methods clearly outperform the
MILP approach in terms of execution time. Among them,
GRASP(Mut.) + 2-Opt emerges as the most promising
compromise between solution quality and computational ef-
ficiency. It consistently delivers high-quality solutions within
acceptable runtimes, offering a robust and scalable alterna-
tive to exact methods, which tend to struggle as problem
complexity increases.

V. CONCLUSION

This work has presented a comprehensive approach to an
extended variant of the MRTA problem, characterized by het-
erogeneous agents, multiple depots, and energy constraints.
To address this challenge, a hybrid method was introduced
that integrates GRASP with 2-Opt local search, aiming to
construct efficient and high-quality solutions.

The proposed approach was evaluated through a com-
parative analysis against a MILP solver, commonly used
in related research, and a standard GRASP variant. Ex-
periments conducted across diverse scenarios confirmed the
method’s robustness and effectiveness in minimizing energy
consumption, while also satisfying task allocation and agent-
related constraints within a reasonable time frame. However,
the proposed approach is currently applicable only to static
environments.

Our future research will focus on extending the current
framework to dynamic environments characterized by evolv-

ing tasks and uncertainties, as well as exploring advanced
metaheuristic strategies such as Particle Swarm Optimiza-
tion (PSO). Additionally, we aim to investigate distributed
approaches to further enhance scalability, adaptability, and
solution quality in large-scale, decentralized settings. Finally,
we aim to extend our approaches to other classes of robotic
systems [20].
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