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Abstract
This article presents a novel framework for Multi-Robot Task Allocation (MRTA) in smart warehouses by using
metaheuristic approaches, namely Multi-Objective Variable Neighborhood Search with Adaptive Intensification
and Diversification (MOVNS-AINS) and Non-dominated Sorting Genetic Algorithm II (NSGA-II), to optimize
task distribution. The proposed approach addresses the challenge of coordinating multiple mobile robots in ware-
house logistics, where tasks such as item transportation, storage, and delivery must be continuously assigned under
spatial and temporal constraints. Traditional heuristic methods focus on single-objective optimization. Besides, they
often struggle to maintain solution quality when the number of tasks and agents increases or when the environment
changes dynamically. In contrast, we propose an MRTA optimization framework to address task allocation in struc-
tured warehouse environments with heterogeneous robots and dynamic constraints with a multi-objective strategy
considering travel distance, workload distribution, and execution time. The proposed framework is validated in a
simulated warehouse environment using NVIDIA Omniverse Isaac Sim, demonstrating scalability and adaptability
to dynamic task assignments in industrial logistics and manufacturing environments.

1. Introduction
The adoption of autonomous mobile robots has expanded significantly in recent years, finding appli-
cations in areas such as search and rescue [1], environmental monitoring [2], and logistics [3]. This
widespread deployment has been enabled by advances in robotics, artificial intelligence (AI), and the
Internet of Things (IoT), which together have paved the way for the development of Multi-Robot Systems
(MRS) capable of operating in dynamic and often unpredictable environments.

Among these applications, logistics has emerged as a major frontier for automation, primarily driven
by the rapid growth of e-commerce. The demand for fast and efficient order fulfillment has led to the
adoption of smart warehouses, which rely on autonomous robot fleets to retrieve, transport, and deliver
products to designated stations [4, 5]. However, the complexity of managing multiple robots in real time
introduces new challenges, particularly in the domain of Multi-Robot Task Allocation (MRTA).

Unlike traditional warehouse operations based on fixed schedules and static layouts, smart ware-
houses are highly dynamic. They involve real-time task generation, heterogeneous robot fleets, multiple
delivery stations, and constrained operating conditions such as limited energy or carrying capacity [3, 6].
This scenario requires adaptive and scalable MRTA strategies that can make efficient decisions under
uncertainty and with conflicting objectives.

To address these challenges, MRTA in smart warehouses is often modeled as a Capacitated Vehicle
Routing Problem (CVRP), where robots must optimize their routes while considering payload limi-
tations and time constraints [7]. Extending this formulation, the present study applies metaheuristic
optimization techniques to enhance the scalability, adaptability, and quality of task allocation solutions,
thereby improving task allocation performance in dynamic multi-robot logistics scenarios [8].
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MRTA is a core component of any MRS, as it directly impacts the system’s performance, respon-
siveness, and overall efficiency [9]. At its essence, MRTA seeks to assign a set of tasks to a group of
robots in a way that optimizes predefined objectives, such as minimizing travel distance, balancing load,
or reducing total execution time [10]. However, due to its NP-hard combinatorial nature, finding opti-
mal solutions for large-scale MRTA instances is computationally infeasible [11], motivating the use
of heuristic and metaheuristic approaches such as Genetic Algorithms (GA), Variable Neighborhood
Search (VNS), and Adaptive Intensification and Diversification Strategies (AINS) [12, 13].

Several taxonomies have been proposed to guide the design of MRTA systems. A foundational classi-
fication by Gerkey and Matari’c [5] organizes MRTA problems based on robot-task interactions: (i) Task
Type: Single-task robots (ST) versus multi-task robots (MT); (ii) Robot Type: Single-robot tasks (SR)
versus multi-robot tasks (MR); (iii) Assignment Type: Instantaneous assignment versus time-extended
assignment. This taxonomy was later extended by Korsah et al. [14], who introduced additional dimen-
sions, including task dependencies, robot heterogeneity, and resource constraints, making it better suited
for real-world scenarios like those encountered in smart warehouses.

Despite the growing interest in applying metaheuristics to MRTA, most existing multi-objective
approaches rely on classical frameworks such as Non-dominated Sorting Genetic Algorithm II (NSGA-
II) and Multi-Objective Evolutionary Algorithm based on Decomposition (MOEA/D), which, while
effective, often require extensive computational effort and may suffer from premature convergence in
complex, dynamic environments like smart warehouses. Furthermore, traditional local search strate-
gies, such as deterministic Variable Neighborhood Descent (VND), lack the flexibility to adapt to
varying instance characteristics during runtime. This article addresses this gap by proposing a novel
hybrid metaheuristic, Multi-Objective VNS with Adaptive Intensification and Diversification (MOVNS-
AINS), which extends the MOVNS framework by incorporating an adaptive local search mechanism.
Unlike fixed neighborhood traversal schemes, the proposed method employs a stochastic, feedback-
driven strategy that dynamically alternates between exploration and exploitation based on solution
quality improvements. This results in faster convergence, enhanced diversity, and improved scalability
across large-scale MRTA scenarios.

To effectively validate and compare these optimization strategies within realistic operational set-
tings, this research aims to develop a framework for MRTA in smart warehouse environments using
the capabilities of NVIDIA Omniverse. The study focuses on implementing and evaluating various
task allocation strategies, including classical heuristics and advanced metaheuristic methods such as
MOVNS-VND, NSGA-II, and MOVNS-AINS. A key aspect of the work involves incorporating het-
erogeneous robotic agents with varying energy profiles and operational constraints, reflecting realistic
deployment scenarios. To ensure thorough experimentation, the framework is designed to support the
generation of diverse task instances, enabling robust evaluation under different warehouse conditions.
Finally, the goal is to assess the performance and scalability of each task allocation method, provid-
ing insights into their effectiveness in dynamic, real-time environments. The main contributions of this
article include:

• A modular and extensible MRTA optimization framework capable of addressing task allocation
in structured warehouse environments with heterogeneous robots and dynamic constraints.

• An integration of multi-objective metaheuristic solutions into high-fidelity warehouse simulation
using NVIDIA Omniverse Isaac Sim.

• A thorough comparative analysis of classical, evolutionary, and adaptive local search methods
based on operational and Pareto-based metrics.

• The release of a benchmark dataset and simulation assets designed for evaluating MRTA algo-
rithms in grid-based warehouse environments with realistic navigation and capacity constraints.

• A capacity-aware and energy-conscious task allocation scheme that enhances autonomy and
robustness of MRS under resource limitations.
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2. Related works
The automation of smart warehouses has seen a significant rise in recent years, with a growing emphasis
on using autonomous mobile robots for goods retrieval and transportation [3]. This trend is driven by the
increasing complexity of order fulfillment in e-commerce and logistics, where efficiency and speed are
critical factors. Automated picking robots, such as the one presented in ref. [4], have been widely adopted
to streamline warehouse operations, reduce manual labor costs, and improve operational performance.

In this context, the MRTA problem has become central to warehouse robotics. MRTA involves assign-
ing a set of tasks to a team of robots to optimize performance under various constraints. According to
the formal taxonomy introduced by Gerkey and Mataric [5], MRTA problems can be categorized based
on task multiplicity (Single-Task vs. Multi-Task), robot assignment (Single-Robot vs. Multi-Robot),
and temporal scope (Instantaneous vs. Time-Extended). Korsah et al. [14] extended this classification
by incorporating task dependencies, resource constraints, and dynamic task arrivals, thereby offering a
more realistic model for complex environments such as smart warehouses. Regarding the formation, the
work of Abujabal et al. [15] presented a comprehensive review of multi-robot formation in addition to
highlighting the basic problems involved in this field.

A key factor in MRTA performance is the composition of the robotic fleet. Heterogeneous robots, with
distinct capabilities or costs, enable greater flexibility, robustness, and economic efficiency compared
to homogeneous fleets [5, 14]. By utilizing specialization and complementary functionalities, heteroge-
neous fleets can address a broader range of tasks while operating more effectively under varying load and
resource constraints. Recent studies have further highlighted the role of enhancing cooperative perfor-
mance. For instance, Zhao et al. [16] analyzed the workspace boundaries of coordinated lifting systems
using multi-robot rolling bases, emphasizing the challenges of physical coordination and heterogeneous
actuation. Note that such works remain focused on kinematic feasibility rather than dynamic task allo-
cation, which reinforces the need for MRTA frameworks that integrate heterogeneity within the task
optimization process.

Given the NP-hard nature of MRTA, numerous optimization strategies have been employed. These
range from classical methods, such as Integer Linear Programing (ILP) and CVRP, to heuristics
and metaheuristics, including Genetic Algorithm (GA), Ant Colony Optimization (ACO), and multi-
objective evolutionary algorithms (MOEAs). Beyond these classical metaheuristics discussed above,
several recent state-of-the-art algorithms have been applied to MRTA. The NSGA-III [17] and MOEA/D
[18] frameworks are the foundations for reference-point and decomposition-based multi-objective
search, respectively, and have inspired a new generation of algorithms with improved convergence and
diversity performance in robotic coordination problems. For instance, enhanced NSGA-III variants have
been applied to optimize collaborative task allocation [19], while adaptive MOEA/D approaches have
been extended to consider objectives such as smoothness, traveling time, terrain (elevation), and speed
limit [20]. In parallel, hybrid frameworks combining evolutionary operators with deep reinforcement
learning (DRL) [21, 22] have emerged as a prominent research direction. These advances highlight the
growing trend of integrating learning-based adaptability with evolutionary robustness in MRTA systems.
The choice of optimization approach, therefore, depends on the problem size, real-time requirements,
and the number of objectives to be optimized, typically including travel time, workload balance, and
energy usage.

One of the earliest MRTA formulations in warehouse environments is presented in ref. [7], which
addresses the problem as a CVRP with clustering followed by routing heuristics. The method assumes
homogeneous robots and static environments, using a greedy approach to minimize total distance.
Similarly, Pinkam et al. [23] employ a greedy allocation policy for identically capacitated robots and
tasks. While these approaches are efficient for static, small-scale setups, they fall short in dynamic or
heterogeneous contexts. Still in the warehouse environment, the authors of Shan et al. [24] proposed a
decentralized auction-based method to address continuously arriving tasks and time constraints. Their
approach involves robots predicting the task choices of their peers, estimating the values and part-
nerships associated with MR tasks, and ultimately determining their task choices and collaboration
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partners through an auction process. Their framework primarily targets homogeneous fleets and does
not integrate multi-objective optimization or adaptive reallocation strategies.

Building on hybrid approaches, Dou et al. [25] introduced a hybrid method that combines GA for
task scheduling and Reinforcement Learning for path planning, evaluated based on travel time, cost, and
workload balance. However, these metrics are merged into a single fitness function, precluding proper
multi-objective trade-off analysis.

Zhuang et al. [26] proposed a mixed-integer model with a Hybrid Artificial Bee Colony (HABC)
heuristic for order-picking tasks. The formulation handles sequence-dependent constraints but lacks
scalability and comparative evaluation with other metaheuristics.

Wang et al. [27] presented a multi-objective teaching–learning-based optimizer (MOTLBO) for coop-
erative task allocation between weeding robots and spraying drones in smart farms. Their methodology
uses heuristic initialization, multi-teacher learning, and multi-neighborhood local search to optimize
completion time and resource utilization, showing convergence and solution diversity. However, they
did not consider online reallocation or fleet heterogeneity in industrial settings.

Recent studies have addressed new operational constraints, such as energy harvesting. Mokhtari et
al. [28] developed an APSO-based scheduler that minimizes makespan for robots powered by ambient
energy sources. Their job-shop formulation includes sequence-dependent setups, but the model remains
single-objective and does not consider Pareto-optimal fronts or reallocation policies.

In the domain of distributed systems, Kattepur et al. [29] proposed an agent-based decentralized
optimization framework for Industry 4.0 warehouses. While promoting scalability and fault tolerance,
their method lacks quantitative benchmarking and does not incorporate multi-objective considerations.

A growing number of recent works have adopted multi-objective evolutionary strategies to better
handle the inherent trade-offs in MRTA. Peng et al. [30] applied NSGA-II to balance total and maximum
travel cost per robot using a dynamic bidding mechanism. Despite showing good adaptability, their
method does not explore hybridization or alternative initialization schemes.

Zhao et al. [31] proposed a bi-level framework integrating DRL with local search for multimodal
MRTA. Their formulation minimizes makespan and energy consumption but omits Pareto post-analysis
and uses only two objectives.

Garcia Gonzalez et al. [32] utilize NSGA-III to minimize path lengths and reduce collision risk
in warehouse navigation. Similarly, Shen and Meng [33] combine NSGA-II and MOPSO to allocate
inspection tasks in railway scenarios while minimizing makespan and travel.

These works give an overall idea of the recent shift toward Pareto-based, multi-objective MRTA
optimization, emphasizing robustness, flexibility, and real-time feasibility. Table I provides a structured
overview of representative MRTA methods, highlighting their problem models, optimization techniques,
objective structures, and adaptability. Although recent studies have improved performance through
evolutionary optimization, key limitations remain. Few methods combine Pareto-based strategies with
reallocation and navigation, and fewer still consider heterogeneous robot capabilities at scale.

As shown in Table I, most existing approaches rely on either evolutionary algorithms or fixed
local search strategies, without incorporating adaptive mechanisms to guide the search process. In
particular, VNS-based and hybrid metaheuristics typically employ deterministic and often exhaustive
neighborhood exploration schemes, which may limit efficiency and scalability in dynamic environments.
This suggests that the integration of adaptive, feedback-driven neighborhood selection within multi-
objective MRTA frameworks remains limited in the current literature. To address this limitation, the
proposed MOVNS-AINS departs from traditional MOVNS approaches by introducing an adaptive, non-
exhaustive local search mechanism, thereby enabling a more efficient balance between intensification
and diversification.

3. Methodology
This section provides a detailed description of the methodology used to solve the MRTA problem
in smart warehouses. The proposed approach includes defining warehouse scenarios, mathematical
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Table I. Comparison of MRTA approaches in smart warehouses.
Reference Problem

model
Stat/Dyn Hom. Cap. Allocation

technique
Multi-obj. Criteria Realloc. Navigation

[7] CVRP Static Yes Yes Clustering +
Routing
Heuristic

No Distance No —

[23] Greedy
Assignment

Static Yes Yes Greedy No Distance No —

[25] GA+RL Dynamic Yes Yes Genetic +
Learning

No TTC, TT, BU No —

[34] ILP+GA
(OP-MATSP)

Static Yes Yes ILP+GA Yes Distance No —

[28] APSO+ JSSP Static Yes Yes Particle Swarm No Makespan No —
[31] Bi-Level +

DRL
Dynamic Yes Yes DRL+Local

search
Yes Makespan, Energy Yes —

[32] NSGA-III Static Yes Yes Evolutionary
algorithm

Yes Path, Collision No —

[33] NSGA-
II+MOPSO

Dynamic Yes Yes Hybrid
EA+ PSO

Yes Time, Distance No —

[30] NSGA-
II+Auction

Dynamic Yes Yes Evolutionary +
Market

Yes MINISUM, MINIMAX Yes —

[26] MILP+
HABC

Static No Yes MILP+
Metaheuristic

No Execution Time No —

[29] Distributed
Optimization

Dynamic No No Distributed
agents

No Execution Time Yes —

This article MOVNS-
AINS+NSGA-
II

Dynamic Yes/No Yes Hybrid
Heuristic +
Metaheuristic

Yes Time, Distance, Balance Yes A∗

modeling of robots and tasks, establishing mathematical formulations, and implementing optimization
algorithms for task allocation.

3.1. Definition of simulation scenarios
To evaluate the effectiveness of our proposed framework, multiple warehouse configurations, robot
models, and task distributions were considered. The warehouse environments are designed to simu-
late real-world logistics operations, incorporating both static and dynamic task assignments. In static
scenarios, all tasks are known in advance, whereas in dynamic scenarios, new tasks emerge over time,
necessitating adaptive allocation strategies to optimize system performance [35]. Robots operate in a
structured grid layout, where shelves form small aisles with three levels of storage. The task execu-
tion follows a pick-and-place operation where robots collect items from specific storage locations and
transport them to designated delivery stations. The number of delivery stations varies, considering both
single-depot and multi-depot configurations.

The fleet of robots is modeled to include both homogeneous and heterogeneous configurations. In a
homogeneous fleet, all robots have identical specifications regarding load capacity, velocity, and battery
autonomy. In contrast, in a heterogeneous fleet, robots exhibit different load capacities and speeds, which
introduces additional complexity to the task allocation process. It is important to note that all robots are
capable of handling any box, limited only by their current carrying capacity.

Once the warehouse layout and robot types are established, task modeling defines how robots inter-
act with storage corridors and shelves. Unlike traditional MRTA formulations, this article proposes
defining the tasks at the granularity of corridors rather than individual items (boxes). Each task thus
corresponds to the retrieval operation along an entire corridor. Tasks are defined by their entry and
exit points, which are dynamically determined based on the sequence of tasks assigned to each robot.
This approach ensures that each task contains multiple boxes located along the corridor, optimizing the
robot’s retrieval path, as illustrated in Figure 1.
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Figure 1. Example of task generation from a corridor. Each task aggregates multiple boxes from a
single corridor, taking into account entry and exit points, as well as a pickup route.

Defining tasks at the corridor level rather than the individual box level strategically reduces com-
putational complexity while preserving operational realism, ensuring that the simulation aligns with
practical warehouse workflows. This abstraction offers several advantages:

• Reduced Complexity: Handling fewer but more comprehensive tasks simplifies the allocation
problem significantly, reducing computational complexity.

• Increased Efficiency: Grouping boxes along corridors allows robots to collect multiple items in
a single trip, minimizing the total distance traveled and time spent.

• Better Workload Balance: Corridor-level tasks help distribute workload more evenly among
robots, as each task inherently has multiple items, thereby promoting balanced utilization.

Each task, therefore, comprises specific characteristics, including:

• Corridor Cells: A sequence of grid cells representing the physical layout of the corridor.
• Entry and Exit Points: Points located at opposite ends of the corridor, dynamically assigned

depending on the previous task executed by the robot.
• Boxes per Corridor: A set of items to be retrieved, each identified by their exact position on the

racks and corresponding shelf level.
• In-corridor Service Time It: A task-level parameter representing the expected time required to

traverse the corridor and retrieve all associated boxes. This value is proportional to the number
of boxes and the length of the aisle and includes an averaged overhead for unload trips when
the robot reaches its carrying capacity. The parameter It formally captures all intra-corridor
operations that contribute to the execution time of task t. This includes walking inside the
aisle, stopping at each box location, picking items from the racks, and the amortized cost of
unload cycles when necessary. As detailed later in the makespan formulation (Subsection 3.2),
It is explicitly incorporated into the time objective f2, ensuring that tasks with higher internal
workload are not underestimated in the optimization.

The navigation of robots is constrained by the warehouse layout, where narrow aisles introduce
restrictions on movement. To ensure feasible path planning and avoid collisions, we employ the A�

algorithm [36], which dynamically computes the shortest path between locations while taking obstacles
into account. This enables robots to navigate the environment efficiently while minimizing congestion
and deadlocks.

3.2. Mathematical formulation of MRTA
The formulation considers three main objectives: (i) route efficiency, (ii) makespan minimization, and
(iii) workload balance, subject to operational capacity constraints. Accordingly, the MRTA problem
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is expressed as a multi-objective optimization problem, where the goal is to minimize the total travel
distance, balance the workload across robots, and ensure efficient task completion. Let R be the set of
robots and T be the set of tasks. We define a binary decision variable xrt, which takes the value 1 if robot
r is assigned to task t and 0 otherwise:

xrt =
{

1, if robot r is assigned to task t,

0, otherwise.
(1)

Three objective functions are considered in this formulation:
The first objective minimizes the overall distance traveled by all robots, promoting route efficiency:

f1 =
∑
r∈R

∑
t∈T

drt · xrt, (2)

where drt represents the estimated distance from the current position of robot r to the location of task t.
The second objective seeks to minimize the maximum execution time among all robots, thereby

avoiding excessive workload concentration on any single robot. This is commonly referred to as
makespan, and it is formulated as:

f2 =max
r∈R

∑
t∈T

xrt

(
drt

Vr

+ It

)
, (3)

where Vr denotes the constant velocity of robot r, drt is the travel distance associated with serving task
t in the route of robot r, and It is the expected in-corridor service time of task t. The term It aggregates
the time spent walking inside the corridor, picking all boxes associated with that corridor-task, and the
average overhead of unload trips when the robot reaches its carrying capacity.

The third objective addresses the equitable distribution of workload among robots. In the proposed
framework, the workload of each robot is defined as the cumulative execution effort associated with its
assigned route, combining both task execution time and travel cost throughout mission execution.

Let Wr denote the workload of robot r, which aggregates (i) the time required to execute tasks (includ-
ing in-corridor service time) and (ii) the cost of traveling between task locations along the robot’s
route.

To encourage fair task assignment, the workload balance objective minimizes the dispersion of
workloads among robots. We adopt the standard deviation of {Wr}r∈R as the imbalance metric:

f3 =
√

1

|R|
∑
r∈R

(Wr − W̄)2, (4)

where W̄ = 1
|R|

∑
r∈R Wr denotes the average workload across all robots.

Minimizing f3 drives the optimization process to allocate tasks such that execution effort is more
evenly distributed across the fleet, preventing overloading of specific robots and promoting more
synchronized mission completion.

This definition is consistent with the implementation used in the experiments, where each robot
workload aggregates both travel-related cost and task execution effort along the assigned route.

To improve the clarity of the proposed methodology, Algorithm 1 summarizes the overall workflow
of the MRTA optimization framework. The subsequent subsections describe in detail each stage of
the proposed approach, including problem formulation, initialization strategies, and the optimization
procedures.

3.3. Initial task allocation strategies
The initial assignment of tasks establishes the foundation for subsequent optimization. In this article, two
strategies are adopted: a purely random allocation, which provides a baseline by distributing tasks with-
out any spatial consideration; and a randomized greedy method, which uses A� distances between robots
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Algorithm 1 MRTA optimization framework workflow

and task entry points to guide assignments, while still incorporating stochastic elements to maintain
diversity and avoid deterministic patterns.

After assigning tasks, an auxiliary step checks when each robot must unload to comply with its
capacity limits. This ensures feasibility before any refinement or evaluation takes place.

3.3.1. Random allocation
The random allocation method serves as a baseline strategy in which tasks are assigned to robots without
considering any optimization criteria. The algorithm begins by randomly shuffling the list of tasks to
eliminate any inherent ordering bias. Subsequently, each task is sequentially assigned to a randomly
selected robot, continuing this process until all tasks are distributed.

This approach offers the advantage of being extremely fast and straightforward to implement.
Moreover, by introducing randomness in both task order and robot assignment, it enables the gener-
ation of a wide variety of initial solutions, which can be beneficial for metaheuristic frameworks that
rely on population diversity.
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However, the main limitation of this method lies in its lack of awareness of optimization. Since
task assignments are performed arbitrarily, the resulting solutions tend to exhibit poor performance
in terms of travel distance and workload distribution. Consequently, random allocation is typically used
only for comparison purposes or as an initial population generator for more sophisticated optimization
techniques.

3.3.2. Randomized greedy allocation
The randomized greedy allocation method aims to combine informed task assignment with solution
diversity. For each task, the algorithm calculates the distance from all robots to the task’s entry point
using the A� path planner. Based on these distances, a restricted candidate list (RCL) is formed, contain-
ing the robots that are closest to the task. One robot is then selected at random from this list to execute
the task, introducing controlled randomness into the decision process.

After a robot is assigned a task, its position is updated to the exit point of that task, ensuring that
subsequent assignments account for realistic routing. This process continues iteratively until all tasks
are distributed. Finally, a feasibility check is conducted to determine when each robot must unload,
taking into account capacity limits and ensuring that the resulting plan is executable.

3.3.3. Unload point calculation
After the task allocation process is complete, each robot’s route is further processed to determine when
unloading actions are necessary. For each robot, the number of boxes carried is cumulatively tracked
along its task sequence. Whenever the accumulated load exceeds the robot’s transport capacity, an
unloading operation is scheduled at the nearest unload station. The robot then proceeds to this point,
resets its load to zero, and resumes execution starting from the exit point of the last completed task. This
logic guarantees that each task sequence remains feasible to the robot’s load constraints, incorporating
necessary detours for unloading while preserving the execution order of tasks.

3.3.4. Metric computation
Once the initial task allocation and unload schedule are determined, we compute the solution’s
performance metrics:

• Total travel distance: The sum of distances traveled by all robots, considering their assigned
tasks and unloading trips.

• Total execution time: The time required for the last robot to complete its route.
• Workload balance: The variability in cumulative workload across robots.

These metrics enable the comparison of different allocation strategies and serve as a reference for
further refinement of metaheuristics.

3.4. Metaheuristic optimization strategies
Once the initial set of solutions is generated, two metaheuristic approaches are applied to refine the
initial task allocations and enhance overall system performance. The optimization process follows two
primary approaches:

• NSGA-II: A multi-objective evolutionary algorithm that iteratively improves task assignments
through crossover, mutation, and selection mechanisms.

• MOVNS-AINS: A local search-based metaheuristic that combines randomized neighborhood
selection and systematic improvement. Instead of relying on random mutations, it applies
structured VND operations to escape local optima and improve the dominance quality of
solutions.
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3.4.1. Generation of the initial population
The initial population consists of multiple task allocation solutions that serve as input for the meta-
heuristic algorithms. Two types of populations are considered:

• Fully random population: Composed entirely of solutions generated using the Random
Allocation strategy.

• Hybrid population: Contains a mix of solutions, with half generated randomly and half generated
using the Randomized Greedy Allocation strategy.

This hybrid approach ensures diversity in the search space while maintaining a certain level of quality
from the outset.

3.4.2. NSGA-II optimization
To refine the initial solutions, this article employs NSGA-II, a well-established multi-objective genetic
algorithm introduced by Deb et al. [37]. The optimization process follows these steps:

1. Crossover: In the crossover phase, new candidate solutions are created by combining segments
of task assignments from two parent solutions. A portion of tasks from the first parent is directly
inherited by the child, while the remaining tasks are completed based on their order of appearance
in the second parent. This process helps preserve important structural elements from both parents
while introducing new permutations. A second child solution is also generated by reversing the
roles of the parents, promoting diversity within the population.

2. Mutation: To promote diversity and enable the exploration of new regions in the solution space,
mutation operations are applied to the offspring. These operations include swapping the order of
tasks assigned to a specific robot and reallocating a task to a different robot, provided that fea-
sibility constraints are respected. As a result of the crossover and mutation steps, the population
size temporarily doubles, making a selection phase necessary to retain only the most promising
individuals.

3. Selection via crowding distance: NSGA-II employs non-dominated sorting, followed by crowd-
ing distance selection, to filter out inferior solutions. The best individuals are retained based
on their Pareto dominance and their distribution in the objective space, ensuring a diverse and
high-quality set of solutions for the next iteration. This process is repeated until the convergence
criteria are met.

3.4.3. Proposed strategy: MOVNS-AINS
In contrast to evolutionary approaches such as NSGA-II, local search-based metaheuristics offer an
alternative path for solution refinement by systematically exploring neighborhoods to intensify the
search around local optima while incorporating mechanisms to escape them. Among these, VNS and
its variants are widely recognized for their simplicity and effectiveness in combinatorial optimization
problems [38].

VNS is built upon the principle that a local optimum with respect to one neighborhood structure is
not necessarily a local optimum with respect to another. It, therefore, alternates between exploration and
exploitation through two complementary phases:

• Shake (Perturbation): A solution is perturbed to escape local optima by moving to a different
region in the search space.

• Local search: A local improvement method is applied to the perturbed solution to exploit
promising areas.
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Algorithm 2 NSGA-II: Multi-objective genetic optimization

Require: Initial population P0, number of generations G, population size N
Ensure: Final non-dominated solution set P

1: Evaluate all individuals in P0

2: for g= 1 to G do
3: Cg←∅
4: while |Cg|< N do
5: Select parents p1, p2 from Pg−1 (e.g., tournament)
6: c1, c2← SegmentCrossover(p1, p2)
7: Apply Mutation to c1, c2

8: Add c1, c2 to Cg

9: end while
10: Pcombined← Pg−1 ∪Cg

11: Evaluate all individuals in Pcombined

12: F← FastNonDominatedSort(Pcombined)
13: Pg← Select N individuals from F using crowding distance
14: end for
15: P← Extract non-dominated solutions from PG

16: return P∗

A common implementation of the local search phase in VNS is the VND, which explores a pre-
defined sequence of neighborhood structures {N1, N2, . . . , Nk} in a deterministic fashion [39]. If an
improvement is found in neighborhood Ni, the search returns to N1; otherwise, it progresses to Ni+1.

In multi-objective problems such as MRTA, the VNS framework is extended to form Multi-Objective
Variable Neighborhood Search (MOVNS), where the acceptance criterion is based on Pareto dominance
[40]. That is, a new solution s′′ replaces the current one s′ if it dominates it. An external archive is
typically used to maintain a set of non-dominated solutions found during the search.

Despite the robustness of MOVNS, variants relying on deterministic local search, like VND, may
suffer from rigidity due to fixed neighborhood order and exhaustive search patterns. In conventional
VND, the algorithm explores all neighborhood operators in a fixed, sequential order until no further
improvement occurs. Although this exhaustive search increases reliability, it can also lead to redundant
evaluations and longer computation times in large-scale MRTA scenarios. Classical MOVNS implemen-
tations typically extend this principle to multi-objective contexts but still rely on exhaustive traversal and
static neighborhood probabilities, which can lead to unnecessary evaluations and slower convergence in
large-scale instances. To overcome these limitations, this article proposes the MOVNS-AINS, a hybrid
metaheuristic designed to promote both intensification and diversification through an adaptive strategy.

Rather than attempting an exhaustive local optimization, MOVNS-AINS adopts a fast and oppor-
tunistic local improvement strategy. At each iteration, the choice of neighborhood is dynamically
adjusted according to two factors: (i) the historical success rate of operators and (ii) the magnitude
of the improvement achieved in previous iterations. This adaptive feedback mechanism concentrates the
search on the most productive neighborhoods while retaining stochastic exploration, which accelerates
convergence and reduces computational overhead compared to deterministic MOVNS or VND variants.
The detailed procedure is summarized in Algorithm 3, outlining the core steps of the MOVNS-AINS
solution:

1. Shake (Solution diversification): The incumbent solution s is perturbed via a shake operation,
producing s′ in a new region of the search space.

2. Adaptive local search: While improvements are found:

(a) Randomly select a neighborhood operator Ni ∈N .
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Algorithm 3 MOVNS-AINS: Adaptive intensification and diversification

Require: Initial solution pool P, set of neighborhoods N
Ensure: Improved solution pool P′

1: P′ ← ∅
2: for each solution s ∈ P do
3: s′ ← Shake(s) // Perturb solution
4: improved← true
5: while improved do
6: Select a random neighborhood N ∈N
7: s′′ ←N(s′)
8: if s′′ dominates s′ then
9: s′ ← s′′

10: else
11: improved← false
12: end if
13: end while
14: Add s′ to P′

15: end for
16: return P′

(b) Apply Ni to s′ to produce a candidate s′′.
(c) If s′′ dominates s′, update s′ ← s′′ and continue.
(d) If no improvement is found, terminate the local search.

3. Archive update: Add s′ to the external Pareto front if it is non-dominated.

This adaptive mechanism differs from traditional VND by allowing the algorithm to terminate the
local search early if no improvement is detected, thus conserving computational resources and enabling
broader exploration. By alternating between exploratory shakes and focused improvements, MOVNS-
AINS provides a flexible search process suited to the dynamic and multi-objective nature of MRTA,
balancing convergence speed with solution diversity.

3.4.4. Pareto front maintenance
After each optimization step, the algorithm updates the Pareto front by comparing the newly generated
solution with the existing set of non-dominated solutions. If the new solution dominates any current
members of the front, those dominated solutions are removed. Conversely, if the new solution is dom-
inated by any existing one, it is discarded. In cases where there is no dominance relation between the
new solution and the existing ones, it is added to the Pareto front.

This procedure, which allows the algorithm to progressively refine the set of trade-off solutions
while preserving both quality and diversity, is consistent with methodologies found in the literature.
A notable example is the addSolution method proposed by Lust and Teghem [41], which incorporates
weak dominance to ensure robust Pareto front maintenance in multi-objective local search algorithms.

This ensures that the algorithm maintains a diverse and high-quality set of trade-off solutions
throughout its execution.

3.5. Neighborhood structures for VND and MOVNS-AINS
To improve the solutions obtained in the initial allocation phase, we apply VND and MOVNS-
AINS. These approaches explore different neighborhood structures to iteratively enhance solutions by
performing task reassignments within and between robots.

, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/S0263574726103798
Downloaded from https://www.cambridge.org/core. UNIVERSIDAD AUTONOMA METROPOLITANA, on 12 Nov 2026 at 05:06:32, subject to the Cambridge Core terms of use

https://www.cambridge.org/core/terms
https://doi.org/10.1017/S0263574726103798
https://www.cambridge.org/core


Robotica 1899

The choice of neighborhoods follows a structured approach to avoid premature convergence while
balancing exploration and exploitation. Below, we describe the different types of neighborhood opera-
tions considered in our framework.

3.5.1. Intra-robot task swaps
These operators modify the task sequence within a single robot’s route, aiming to reduce travel distance,
improve workload balance, or optimize the use of available capacity.

(1) Swapping two nearby tasks within the same robot: In this operation, two consecutive tasks
assigned to the same robot are swapped to verify whether a small reordering improves efficiency. The
goal is to minimize local inefficiencies due to suboptimal sequencing. Formally, given a robot r assigned
to tasks {t1, t2, . . . , tn} in order, we evaluate:

swap(ti, ti+1) for i= 1, . . . , n− 1 (5)

where dti ,ti+1 is the distance between the exit of ti and the entry of ti+1. The swap is accepted if it improves
one of the three metrics.

(2) Swapping two distant tasks within the same robot: While the previous operator focuses on
consecutive tasks, this operation swaps tasks that are far apart within the same robot’s sequence. The
objective is to detect and resolve inefficiencies where a robot visits two distant locations early and late
in its route, instead of grouping them closer.

Given a robot r assigned to {t1, t2, . . . , tn}, we evaluate:

swap(ti, tj) for i, j ∈ {1, . . . , n}, i 	= j, dti ,tj > davg (6)

where davg is the average task distance within the robot’s allocation. In case the swap is accepted, it
reduces the total travel cost or improves workload balance.

(3) Reordering blocks based on capacity constraints: Tasks are grouped into blocks such that each
block fits within the robot’s capacity. Each block is reordered using a nearest-neighbor heuristic, starting
from the current robot position. This improves local routing efficiency.

(4) Optimizing capacity before unloading: When a robot unloads before reaching full capacity,
this neighborhood searches for small additional tasks that fit in the remaining space before the unload
point:

insert(tk) if Dtk ≤Cleft
r , dti ,tk + dtk ,ti+1 < dti ,ti+1 (7)

(5) Reallocating the best nearby task before unloading: Instead of reordering internal tasks, this
operator searches among tasks from other robots for a small task that fits before an unload and is
geographically close. The task is inserted if it fits the capacity and improves performance.

(6) Reallocating a task with high transition cost: This operator identifies a task that is part of a
costly transition (i.e., a ”jump”) between tasks and attempts to reallocate it to another robot where it fits
better. The reallocation is accepted if it reduces the total cost.

3.5.2. Inter-robot task operations
These operators involve transferring or exchanging tasks between robots to improve global performance.

(7) Swapping tasks between two robots: Two tasks are selected from different robots and swapped
if the overall system cost is reduced:

swap(tr1 , tr2 ) if �f1 +�f2 +�f3 < 0 (8)
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Figure 2. Detailed flowchart representing the complete task allocation process, from initial task
generation to final refined allocation.

(8) Moving a task between robots: A task is moved from one robot to another if the move leads to
a better balance or lower total cost, considering robot capacity and insertion feasibility.

(9) Moving a task to balance the load: The most overloaded robot donates a task to the least loaded
robot if it helps balance task distribution:

load(r1)− load(r2) > δ, δ = 1

|R|
∑
r∈R

load(r) (9)

As already explained, the MOVNS-AINS approach randomly selects one of the above neighborhoods,
rather than following a deterministic sequence. If an improvement is found, the process continues ran-
domly within available neighborhoods, ensuring a better balance between exploration (diversification)
and exploitation (intensification). The overall optimization process is illustrated in the task allocation
flowchart shown in Figure 2, where each stage contributes to refining solution quality across different
warehouse scenarios.

From a computational perspective, the runtime of the proposed MOVNS-AINS framework is dom-
inated by the neighborhood exploration process within the VND procedure and the evaluation of
candidate solutions. Each iteration involves the application of a selected neighborhood operator fol-
lowed by a full evaluation of the resulting allocation. The evaluation cost scales approximately linearly
with the number of tasks, as it requires computing route costs for each robot. To mitigate the over-
head associated with path planning, shortest paths between relevant nodes are precomputed and stored,
allowing constant-time retrieval during optimization.
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4. Results
4.1. Overview of experimental settings and algorithms
For evaluating the performance of the proposed methods in MRTA, we conducted a comprehensive
set of experiments considering a diverse range of instance configurations. Specifically, the tests were
performed on six scenarios with increasing complexity, ranging from small-scale problems involving
three robots and 51 tasks (3R-51T) to the largest evaluated setting with 15 robots and 216 tasks (15R-
216T).

Three approaches were evaluated: NSGA-II, MOVNS, and a baseline greedy heuristic designed to
generate fast feasible solutions. While NSGA-II and MOVNS aim to explore the Pareto front by bal-
ancing multiple conflicting objectives, the greedy method serves as a reference point for the quality
and efficiency of the metaheuristic-based solutions. Each solution was evaluated according to three
operational performance metrics: total execution time (makespan), total travel distance, and load bal-
ance among robots (measured as the standard deviation of the cumulative workload assigned to each
robot). In addition to these, four Pareto-based quality indicators were used to assess the multi-objective
performance of each algorithm: Hypervolume (HV), Inverted Generational Distance (IGD), IGD+, and
Spacing. These indicators offer a quantitative view of the convergence, diversity, and distribution of solu-
tions on the approximated Pareto fronts. Lower values of IGD and IGD+ indicate better performance,
as they reflect how close the obtained solutions are to the reference Pareto-optimal front. Intuitively,
IGD measures how well the generated solutions “cover” the ideal trade-offs: if parts of the Pareto front
are not well approximated, the IGD value increases.

However, IGD may penalize solutions that are close to the reference front but do not strictly dominate
it. IGD+ addresses this limitation by considering only distances in directions that correspond to true
improvements in the objective space. As a result, IGD+ provides a more reliable assessment of solution
quality, avoiding misleading evaluations when solutions are near but not properly aligned with the Pareto
front.

In the context of MRTA, these metrics indicate how the algorithms approximate optimal trade-offs
between execution time, travel distance, and load balancing. Lower IGD and IGD+ values, there-
fore, suggest that the algorithm is capable of producing solutions that better balance these competing
objectives.

For the computation of HV, a dominated-safe reference point rref = [30000, 30000, 8000] was adopted
for all experiments. This value is component-wise worse than every objective vector observed in any
configuration, ensuring that all non-dominated solutions dominate the reference point and enabling con-
sistent HV comparisons across methods and instance sizes. To facilitate cross-scenario interpretability,
the HV values reported in Table VIII are normalized by the global maximum HV observed across all
runs and all configurations.

All algorithms were independently executed 10 times for each configuration, and each run was lim-
ited to a maximum runtime of 100 s. The experiments were performed on a machine equipped with an
Intel Core i7 processor (2.60 GHz, 8 cores), 32 GB of RAM, and running Ubuntu 22.04 LTS. These
settings ensure a consistent computational environment for fair comparison across all methods. Table II
presents clearly the parameters used specifically for the NSGA-II algorithm, ensuring methodological
transparency and reproducibility of the results. To ensure a fair comparison and avoid unnecessary model
complexity, both NSGA-II and MOVNS-AINS were designed to operate with minimal parameteriza-
tion. For MOVNS-AINS, the only configurable elements are the execution time limit and the predefined
set of neighborhood operators (see Table III). The shake amplitude is primarily structural, as it must
enforce a nontrivial perturbation before local search to avoid immediate reversal by the first intra-route
improvement moves. Nevertheless, since shake can influence exploration strength, we performed a small
sensitivity sanity-check on a representative instance (5 robots, 150 tasks) under the same time budget
used throughout the experiments. We evaluated shake ∈ 1, 3, 5, 7 over 10 independent runs and com-
puted mean±std of final HV, Pareto set size, and spacing. Results indicate stable performance for small
shakes (1 and 3 yield comparable HV), whereas larger shakes do not improve performance and may
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Table II. NSGA-II parameters used in the experiments.

Parameter Value Rationale
Population size 50 Balances solution diversity and computational cost.
Maximum execution
time

100 s Ensures fair comparison with MOVNS method.

Crossover probability 100% Maximizes solution exploration and diversity.
Mutation rate 3 tasks altered Small empirical perturbation balancing

exploration/exploitation.
Parent selection method Random Enhances initial diversity and avoids premature

convergence.
Survival (elitism) Crowding-distance Maintains diversity and quality within the Pareto

front.
Reference point
(Hypervolume)

[30,000, 30,000, 8,000] Defined clearly for reproducible hypervolume
analysis.

Table III. MOVNS-AINS parameters used in the experiments.

Parameter Value Rationale
Maximum execution
time

100 s Ensures fair comparison with NSGA-II.

Neighborhood selection
strategy

Random adaptive
selection

Balances diversification and intensification during
search.

Neighborhood structures 9 distinct structures Provides a comprehensive search across
intra-robot and inter-robot moves.

Initial perturbation
(shake)

3 tasks altered Empirically chosen small perturbation to escape
local optima.

Acceptance criterion Pareto dominance Maintains only non-dominated high-quality
solutions.

Reference point
(Hypervolume)

[30,000, 30,000, 8,000] Defined clearly for reproducible hypervolume
analysis.

reduce convergence quality. These results are reported in Appendix A (Table XI). Therefore, we adopt
shake= 3 as a minimal structural value verified empirically, balancing diversification and stability. As
detailed in Table II, NSGA-II also operates with a minimal set of parameters. Before experiments, we
ran small preliminary tests across 10, 20, 30, 40, 50, 70, 90, and 100. A population of 50 individuals
consistently produced the best compromise between runtime and Pareto-front quality, which is why this
value was adopted.

From a runtime perspective, all methods are evaluated under a fixed execution budget of 100 s,
ensuring a consistent and comparable experimental setting across configurations. As the problem size
increases, the computational effort required per iteration increases due to the higher cost of neighbor-
hood evaluations and solution assessment as the number of tasks grows. Consequently, the number of
iterations that can be performed within the time limit decreases for larger instances, which is consis-
tent with the empirical scalability behavior observed in Table IV. This behavior is consistent with the
expected increase in computational cost as a function of the number of tasks and robots and aligns with
the algorithmic structure described in the previous section. Although the evaluated range does not fully
establish large-scale scalability in absolute terms, it provides empirical evidence of stable computational
behavior as instance size increases.

Scalability under a fixed runtime budget. To provide additional empirical evidence regarding scal-
ability beyond the largest configuration evaluated in the main experiments (15 robots, 216 tasks), we
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Table IV. Auxiliary scalability analysis of MOVNS-AINS under
a fixed time budget (100 s) with 10 robots. Reported values are
mean±std over independent runs.

Tasks iters/s updates/s
95 22.70± 2.38 0.83± 0.27
150 11.35± 0.48 1.28± 0.34
216 8.41± 0.76 1.23± 0.33

conducted an auxiliary throughput analysis under the same fixed time budget of 100 s. Rather than
extending the benchmark suite, this analysis aims to quantify how the computational throughput of
MOVNS-AINS evolves as problem size increases under a constant runtime constraint. We fixed the
number of robots to 10 and evaluated instances with increasing numbers of tasks (95, 150, and 216).
For each configuration, we report the mean±standard deviation of the number of iterations per sec-
ond (iters/s) and Pareto front updates per second (updates/s) over independent runs. The results are
summarized in Table IV.

Overall, computational throughput decreases moderately as the number of tasks increases, which is
expected due to the higher cost of evaluating neighborhood moves and maintaining the Pareto archive.
Importantly, the rate of Pareto front updates remains stable across tested scales, indicating that the
search continues to discover improving non-dominated solutions even as instance size grows. This
behavior suggests a graceful degradation under increasing problem complexity rather than a collapse
in search efficiency. These results are consistent with the algorithmic design of MOVNS-AINS, which
relies on corridor-level task abstraction and localized neighborhood exploration to constrain per-iteration
computational cost.

4.2. Operational performance analysis: Time, distance, and load balance
The comparative analysis of the proposed algorithms reveals consistent differences in operational behav-
ior and Pareto quality across the tested configurations. Through six configurations ranging from small
(3R–51T) to the largest evaluated scenarios (15R–216T), we observed how each method handles increas-
ing complexity in multi-objective task allocation. In what follows, we present a threefold analysis
encompassing (i) operational efficiency through execution time, travel distance, and load balancing,
(ii) the structure and quality of the Pareto fronts, and (iii) a critical discussion of trade-offs and practical
implications. Figures 3, 4, and 5 show the distribution of time, distance, and load balance, respectively,
across different configurations. Each plot compares NSGA-II, MOVNS, and Greedy.

The statistical results are presented in Tables V, VI, and VII, separately for execution time, distance
traveled, and load balance. Each table includes the mean, median, standard deviation, minimum, and
maximum, enabling a detailed comparison across algorithms and configurations.

The operational results reveal a clear distinction between the performance of the evaluated algo-
rithms, i.e., NSGA-II, MOVNS, and Greedy, across the tested configurations. Overall, MOVNS provided
the most consistent compromise among execution time, travel distance, and workload balance across the
evaluated configurations.

In terms of execution time, MOVNS shows improvements compared to NSGA-II and Greedy. This
is particularly evident in mid- and large-scale configurations. For example, in the 10R-95T instance,
MOVNS achieved an average execution time of 558 s, representing a 17% reduction compared to NSGA-
II (668s), and more than 26% faster than Greedy (761s). This trend held across larger configurations
as well; in 15R-216T, MOVNS maintained the lowest execution time (approximately 1548 s), whereas
NSGA-II and Greedy required 1771 s and 1672 s, respectively. Moreover, MOVNS presented signifi-
cantly lower standard deviations in most scenarios, indicating not only faster but also more consistent
performance across repeated runs.

, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/S0263574726103798
Downloaded from https://www.cambridge.org/core. UNIVERSIDAD AUTONOMA METROPOLITANA, on 12 Nov 2026 at 05:06:32, subject to the Cambridge Core terms of use

https://www.cambridge.org/core/terms
https://doi.org/10.1017/S0263574726103798
https://www.cambridge.org/core


1904 Tatiana Machado Brito dos Santos et al.

Figure 3. Boxplot of total execution time across configurations.

Figure 4. Boxplot of total travel distance across configurations.

The analysis of travel distance indicates that MOVNS achieves competitive performance across most
configurations. While improvements are observed in some instances, Table VI shows that the Greedy
heuristic produces shorter routes in specific cases. These counter-examples occur because Greedy deter-
ministically assigns each task to the closest robot, which may incidentally generate a spatially efficient
route in compact or highly clustered scenarios. For instance, in the 5R-95T configuration, MOVNS
reduced the average travel distance by over 32% compared to NSGA-II. Similar gains were observed
in some larger configurations: in 10R-216T, MOVNS achieved a mean travel distance of 12,357 units,
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Table V. Statistical summary – execution time (s).

Algorithm Config Mean Median Std Min Max
NSGA-II 3R-51T 725.90 716 39.97 662 893
MOVNS 3R-51T 629.44 624.5 26.28 580 730
Greedy 3R-51T 724.00 724 0.00 724 724
NSGA-II 3R-95T 1973.22 1957 64.25 1855 2,224
MOVNS 3R-95T 1582.93 1567 54.93 1516 2000
Greedy 3R-95T 1643.00 1643 0.00 1643 1643
NSGA-II 5R-95T 1,208.95 1,203 32.00 1,148 1,397
MOVNS 5R-95T 977.72 977 26.66 930 1,051
Greedy 5R-95T 980.00 980 0.00 980 980
NSGA-II 10R-95T 667.58 660 36.79 608 892
MOVNS 10R-95T 558.06 554 24.70 517 654
Greedy 10R-95T 761.00 761 0.00 761 761
NSGA-II 10R-216T 2,470.18 2,443 108.87 2,331 3,158
MOVNS 10R-216T 2,227.66 2,181 141.38 2,077 2,687
Greedy 10R-216T 2,254.00 2,254 0.00 2,254 2,254
NSGA-II 15R-216T 1770.93 1745 120.13 1622 2,443
MOVNS 15R-216T 1547.63 1535 75.44 1,436 1746
Greedy 15R-216T 1672.00 1672 0.00 1672 1672

Figure 5. Boxplot of load balance (Standard deviation of cumulative robot workloads) across config-
urations.

while NSGA-II required over 15,443 units. These results highlight that, although Greedy may achieve a
lower travel distance in certain scenarios due to its single-objective nature, MOVNS provides a more bal-
anced performance when multiple objectives are considered jointly. In particular, the proposed approach
seeks to optimize travel distance alongside execution time and workload balance, leading to solutions
that better reflect the overall system performance in MRTA.

, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/S0263574726103798
Downloaded from https://www.cambridge.org/core. UNIVERSIDAD AUTONOMA METROPOLITANA, on 12 Nov 2026 at 05:06:32, subject to the Cambridge Core terms of use

https://www.cambridge.org/core/terms
https://doi.org/10.1017/S0263574726103798
https://www.cambridge.org/core


1906 Tatiana Machado Brito dos Santos et al.

Table VI. Statistical summary – distance traveled (m).

Algorithm Config Mean Median Std Min Max
NSGA-II 3R-51T 1,061.57 1,020.75 148.54 803.5 1656.5
MOVNS 3R-51T 781.46 766.75 97.72 638 1,148
Greedy 3R-51T 823.50 823.5 — 823.5 823.5
NSGA-II 3R-95T 3,406.90 3,344.0 245.84 2,947.5 4,343.5
Greedy 3R-95T 2,192.00 2,192.0 — 2,192.0 2,192.0
MOVNS 3R-95T 2,241.41 2,200.5 189.64 1946.5 3,583.5
NSGA-II 5R-95T 3,369.76 3,317.3 215.57 2,979.5 4,171.0
Greedy 5R-95T 2,133.00 2,133.0 — 2,133.0 2,133.0
MOVNS 5R-95T 2,275.71 2,266.5 150.72 1984.0 2,615.0
NSGA-II 10R-95T 3,351.64 3,287.5 245.15 2,953.0 4,285.5
MOVNS 10R-95T 2,507.06 2,478.0 164.90 2,167.0 2,997.5
Greedy 10R-95T 2,635.00 2,635.0 — 2,635.0 2,635.0
NSGA-II 10R-216T 15,443.96 15,343.8 521.31 14,515.5 17,063.5
Greedy 10R-216T 11,510.00 11,510.0 — 11,510.0 11,510.0
MOVNS 10R-216T 12,357.41 11,913.0 1,452.90 10,966.0 16,671.0
NSGA-II 15R-216T 15,586.54 15,491.8 546.00 14,640.5 17,353.0
MOVNS 15R-216T 12,196.84 11,952.0 830.86 11,124.5 15,671.5
Greedy 15R-216T 11,632.50 11,632.5 — 11,632.5 11,632.5

Table VII. Statistical summary – load balance.

Algorithm Config Mean Median Std Min Max
NSGA-II 3R-51T 10.45 3.85 15.02 0.09 82.97
MOVNS 3R-51T 7.66 4.90 8.09 0.41 41.47
Greedy 3R-51T 75.66 75.66 — 75.66 75.66
NSGA-II 3R-95T 19.27 8.05 25.82 0.09 145.83
MOVNS 3R-95T 18.76 10.18 22.32 0.33 93.54
Greedy 3R-95T 83.02 83.02 — 83.02 83.02
MOVNS 5R-95T 20.90 16.01 15.96 1.94 86.13
NSGA-II 5R-95T 33.07 24.03 25.75 4.56 147.31
Greedy 5R-95T 45.81 45.81 — 45.81 45.81
MOVNS 10R-95T 33.54 31.04 14.55 7.27 79.99
NSGA-II 10R-95T 56.03 49.50 31.45 11.96 192.32
Greedy 10R-95T 118.95 118.95 — 118.95 118.95
NSGA-II 10R-216T 133.32 116.44 76.70 18.65 532.64
MOVNS 10R-216T 200.56 209.24 59.08 50.65 352.53
Greedy 10R-216T 263.50 263.50 — 263.50 263.50
MOVNS 15R-216T 163.12 164.01 35.29 96.96 261.22
NSGA-II 15R-216T 160.45 144.81 74.05 67.94 498.68
Greedy 15R-216T 234.93 234.93 — 234.93 234.93

Regarding load balancing, measured as the standard deviation of robot workloads, the results do
not indicate a uniform dominance of a single method across all configurations. In smaller instances,
MOVNS achieved slightly lower mean imbalance values than NSGA-II in cases such as 3R-51T (7.66
vs. 10.45) and 3R-95T (18.76 vs. 19.27). In intermediate and larger instances, the relative performance
of MOVNS and NSGA-II varied depending on the configuration. For example, in 15R-216T, NSGA-II
achieved a slightly lower mean imbalance value (160.45 vs. 163.12), whereas MOVNS exhibited lower
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variability across runs (35.29 vs. 74.05). In all configurations, Greedy produced the highest imbalance
values. These results indicate that MOVNS remains competitive in terms of workload balance while
showing more stable behavior in several scenarios.

It is important to note that the workload metric used in the experiments is consistent with the for-
mulation of f3, since each robot workload aggregates both travel-related cost and task execution effort
along the assigned route.

Greedy, while deterministic and computationally inexpensive, showed limitations in execution time
and workload balance, although it achieved shorter travel distances in some configurations. In contrast,
NSGA-II produced more diverse Pareto fronts and remained competitive in workload balance across
several scenarios, but generally required longer execution times and exhibited higher variability across
runs. MOVNS, on the other hand, delivered a favorable compromise between solution quality and run-
time efficiency, excelling in both average performance and stability, particularly as problem complexity
increased.

These observations reinforce the relevance of metaheuristic approaches for operational optimization
in MRS. While Greedy strategies can be useful in simple or highly constrained settings, they do not
capture the trade-offs required in multi-objective task allocation. MOVNS, through its adaptive local
search, shows strong potential for jointly handling execution time, travel distance, and workload bal-
ance, making it a promising approach for warehouse-oriented MRTA scenarios and future real-world
validation.

4.3. Pareto front quality analysis (Multi-objective metrics)
This section evaluates the quality of the Pareto fronts generated by NSGA-II and MOVNS through
established multi-objective performance indicators. Four key metrics are employed: HV, IGD, IGD+,
and Spacing. The analysis is divided into three parts: (A) quantitative metric comparison, (B) 3D
visualization of the Pareto fronts, and (C) qualitative discussion.

The HV measures the volume of the objective space dominated by the Pareto front with respect to
a predefined reference point. A higher HV indicates better convergence and diversity. The IGD calcu-
lates the average distance from points on the true Pareto front to the nearest point on the obtained front,
reflecting both convergence and coverage. IGD+ is a variation of IGD that incorporates dominance in
the distance computation, making it more robust for comparing solutions in non-convex or irregular
fronts. Finally, Spacing assesses the distribution uniformity of solutions along the Pareto front; lower
values indicate more evenly spaced solutions and thus better diversity. Table VIII presents the average
and standard deviation values for each metric across all tested configurations. Each row corresponds
to a configuration, comparing NSGA-II and MOVNS. As shown in Table VIII, MOVNS and NSGA-II
exhibit divergent behaviors in IGD and IGD+. While MOVNS achieves substantially lower IGD+ values,
which indicate a stronger convergence toward the dominant region of the Pareto surface, it simultane-
ously presents higher IGD values. This occurs because IGD penalizes the distance to all points of the
reference set, including extreme and less dominant regions, favoring algorithms such as NSGA-II that
provide broader coverage. In contrast, IGD+ penalizes only from dominated directions; hence MOVNS,
which concentrates solutions in well-dominated areas of the objective space, obtains better IGD+ despite
a narrower global spread. This explains the reason that the two proximity metrics diverge in our results
and highlights their complementary nature.

Figures 6–8 illustrate the 3D Pareto fronts for selected configurations, plotted in the objective space
(execution time, travel distance, and load balance). The Greedy solution is represented as a red diamond
for baseline reference.

In addition to individual plots, Figure 9 provides a comprehensive 3D visualization that consoli-
dates all configurations. It highlights the distribution patterns of NSGA-II (blue), MOVNS (orange),
and Greedy (red diamonds). From this aggregated view, one can observe that MOVNS consistently con-
centrates solutions in the dominant region of the objective space. The NSGA-II solutions tend to be
more dispersed and less uniformly spread, particularly in higher-dimensional cases. Greedy solutions,
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Table VIII. Multi-objective Pareto front metrics per configuration (Mean ± Std). HV values are
normalized by the global maximum (4.34433× 109).

Configuration Algorithm HVnorm IGD IGD+ Spacing
3R-51T NSGA-II 0.00581 ± 0.00047 50.30 ± 8.11 37.40 ± 11.51 21.82 ± 12.46

MOVNS 0.00883 ± 0.00069 129.47 ± 48.55 2.09 ± 2.71 44.95 ± 41.28
3R-95T NSGA-II 0.03310 ± 0.00252 271.85 ± 18.11 251.48 ± 21.36 54.07 ± 26.57

MOVNS 0.08566 ± 0.00729 768.94 ± 193.82 10.70 ± 16.23 59.07 ± 146.92
5R-95T NSGA-II 0.01886 ± 0.00151 226.19 ± 17.12 208.68 ± 20.67 36.56 ± 24.75

MOVNS 0.04908 ± 0.00424 787.05 ± 119.14 8.70 ± 6.73 18.72 ± 18.28
10R-95T NSGA-II 0.02414 ± 0.00239 215.74 ± 15.83 193.97 ± 19.53 31.62 ± 23.88

MOVNS 0.04725 ± 0.00334 442.54 ± 98.35 5.58 ± 5.33 17.61 ± 9.80
10R-216T NSGA-II 0.52632 ± 0.03185 1,037.85 ± 52.24 987.20 ± 59.81 51.93 ± 18.12

MOVNS 1.00000 ± 0.09599 1560.13 ± 867.02 50.98 ± 23.78 61.75 ± 31.12
15R-216T NSGA-II 0.42576 ± 0.03311 1,007.93 ± 41.75 959.19 ± 57.45 50.74 ± 20.02

MOVNS 0.87464 ± 0.09571 1835.73 ± 607.02 25.82 ± 22.26 60.42 ± 27.39

on the other hand, appear as isolated red points, consistently dominated and far from the main fronts,
reaffirming their suboptimality in multi-objective trade-offs.

To evaluate the quality of the Pareto fronts generated by each algorithm, we rely on four widely
adopted multi-objective performance indicators: Hypervolume (HV), IGD, IGD+ (a Pareto-compliant
variant of IGD), and Spacing. These metrics collectively capture different aspects of solution quality,
such as convergence to the optimal front (IGD, IGD+), spread and diversity (Spacing), and overall
dominance in the objective space (HV). Across nearly all configurations, MOVNS achieved higher HV
values than NSGA-II, suggesting broader coverage and better convergence to the true Pareto frontier. For
instance, in the large-scale instance 15R-216T, MOVNS achieved a HV of over 3.8 billion, compared to
1.8 billion for NSGA-II, indicating nearly twice the coverage of the objective space. These results are
consistent across other complex instances such as 10R-216T and 10R-95T, further reinforcing MOVNS’s
capacity to explore well-dominated and extreme regions of the search space.

Concerning proximity-based metrics, MOVNS consistently achieved substantially lower IGD+ values
across configurations, indicating stronger convergence in Pareto-dominant directions. However, IGD
values are higher for MOVNS, suggesting a narrower global coverage of the reference set when compared
to NSGA-II. This divergence is expected because IGD penalizes distances to all regions of the reference
set, including extreme trade-offs, whereas IGD+ penalizes only dominated directions, favoring methods
that concentrate solutions in well-dominated areas.

However, when analyzing Spacing, NSGA-II demonstrated a key advantage in several configurations.
In smaller or intermediate instances, such as 3R-51T and 5R-95T, NSGA-II produced more uniformly
distributed solutions across the front, achieving lower spacing values than MOVNS. For example, in
3R-51T, NSGA-II achieved a spacing of 21.82, while MOVNS showed a higher variance (44.95). This
suggests that NSGA-II may be better suited for applications where solution diversity and uniformity are
critical. As the problem scale increases, however, the spacing values of MOVNS tend to approach those
of NSGA-II, showing improved distribution in addition to its gains in convergence.

The 3D Pareto plots support these findings. MOVNS fronts tend to occupy larger volumes in the
objective space, particularly in configurations such as 10R-216T and 15R-216T, where the solutions
dominate a significant region in terms of time, distance, and load balance. NSGA-II, while competitive,
often produced more dispersed or irregularly spaced fronts, which may reflect less efficient convergence
mechanisms or a tendency to preserve diversity at the cost of optimality.

The Greedy baseline, as expected, was consistently dominated in all multi-objective scenarios. While
it occasionally produced solutions that were not drastically worse in individual metrics, it failed to
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Figure 6. Pareto front: 3R-95T configuration.

approach the Pareto frontier in any instance. This behavior highlights the limitations of deterministic
heuristics in multi-objective settings, reinforcing the relevance of metaheuristic strategies when opti-
mizing conflicting objectives.

The Greedy heuristic, although computationally efficient, consistently yielded inferior performance
in all operational metrics. Its rigid, myopic allocation strategy failed to consider global trade-offs, leading
to significant imbalances in task distribution and inflated travel distances. This is consistent with pre-
vious findings in static warehouse allocation problems [23], where greedy methods are adequate only
for trivial or highly constrained scenarios. The dominance plots confirm that greedy solutions are con-
sistently Pareto-dominated, reinforcing their limited applicability to complex, multi-objective MRTA
settings.

NSGA-II demonstrated strong diversity in smaller scenarios, especially in configurations such as
3R-51T and 5R-95T. Its evolutionary design, particularly the crowding-distance selection, favors well-
distributed solutions across the Pareto front. However, its performance declined in larger instances. This
degradation can be attributed to two main factors: (i) the computational burden of non-dominated sorting
in high-dimensional objective spaces, which grows quadratically with the population size [37]; and
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Figure 7. Pareto front: 10R-95T configuration.

(ii) its lack of problem-specific exploitation mechanisms, which limits convergence speed when the
search space becomes highly combinatorial, as in warehouse environments with corridor-level tasks
and capacity constraints.

MOVNS, by contrast, emerged as the most robust and scalable approach. Its iterative refinement
mechanism, grounded in problem-aware neighborhood structures, enabled more efficient navigation of
the solution space. Unlike NSGA-II, which relies on population-wide exploration, MOVNS performs
localized, targeted improvements guided by Pareto dominance. This explains its superior performance
in execution time and total travel distance, especially in large-scale configurations such as 10R-216T
and 15R-216T. The adaptive neighborhood selection also allowed MOVNS to escape local optima more
effectively, corroborating results observed in similar adaptive local search frameworks [12].

Nonetheless, MOVNS showed higher spacing values in some configurations, particularly in smaller
or intermediate instances. This indicates a lower uniformity in the distribution of Pareto-optimal solu-
tions, an expected limitation of neighborhood-based methods that prioritize convergence over diversity.
Unlike NSGA-II, MOVNS does not maintain an explicit diversity preservation mechanism, which may
limit its ability to approximate evenly distributed trade-offs in some objective spaces. Hybrid approaches
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Figure 8. Pareto front: 15R-216T configuration.

such as NSGA-II+MOPSO [33] or NSGA-III [32] attempt to address this by combining global diversity
with local convergence, but often at the cost of increased runtime and computational complexity.

The results also highlight the importance of scaling strategies. MOVNS maintained stable perfor-
mance as the number of tasks and robots increased, while NSGA-II exhibited greater variance and
sensitivity to instance size. This suggests that structured local search methods, when combined with
domain knowledge (e.g., unloading behavior, dynamic entry/exit point definition, and capacity-aware
neighborhoods), offer a more practical solution for real-time deployment in smart warehouses and
inspection tasks. It also reinforces recent insights from the literature that emphasize the potential of
hybrid metaheuristics with adaptive search control in dynamic logistics scenarios [25, 28].

As can be seen in this article, the comparative evaluation is designed to provide two complementary
reference points: a well-established multi-objective evolutionary algorithm (NSGA-II) and a lightweight
heuristic baseline (Greedy). This choice allows for a controlled and interpretable assessment of the pro-
posed MOVNS-AINS framework under a consistent experimental setting, particularly with respect to
solution quality, runtime behavior, and multi-objective trade-offs. In summary, while Greedy serves
as a useful baseline and NSGA-II provides substantial diversity in smaller cases, MOVNS offers a
favorable compromise between quality, scalability, and runtime efficiency. Its ability to incorporate
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Figure 9. 3D Pareto fronts for all configurations. Each dot represents a non-dominated solution in the
space of (Distance, balance, time). NSGA-II (blue), MOVNS (orange), and greedy (red diamonds).

domain-specific operators and adapt dynamically to the problem structure makes it particularly suited for
large-scale MRTA problems in structured environments. Future improvements may focus on hybridiz-
ing MOVNS with explicit diversity management mechanisms or integrating predictive components to
anticipate task interdependencies and dynamically adapt the search trajectory.

4.4. Dynamic replanning in MRTA: Execution failures and online task insertion
The proposed framework incorporates dynamic replanning mechanisms to address two critical disrup-
tions in real-world MRTA scenarios: (i) robot failures during execution; and (ii) arrival of new tasks
during mission runtime. Inspired by recent literature [42–45], our approach is designed to preserve mis-
sion robustness by combining fast-response heuristics with global reoptimization strategies. To better
illustrate this process, Figure 10 presents a flowchart of the full replanning pipeline. Upon detection of
a dynamic event during execution, the system captures the current mission state and triggers either a
local greedy heuristic or a global MOVNS-AINS reoptimization, depending on the selected strategy.
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Figure 10. Flowchart of the dynamic replanning process triggered by robot failures or new task
arrivals. The system distinguishes the event type, captures the current state, and applies two alternative
strategies, greedy reallocation or global reoptimization via MOVNS-AINS, before executing the updated
plan.

The framework handles robot failures and new task arrivals through a unified structure that allows for a
comparative evaluation of response effectiveness.

4.4.1. Replanning pipeline
At an interruption point t= T/3, the system captures the current execution state: robot positions, unfin-
ished tasks, and newly introduced tasks (if any). Two strategies are evaluated: Greedy Reallocation
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Table IX. Comparative performance under robot failure for small, medium, and large scenarios.

Scenario Metric Remaining Greedy MOVNS-AINS
original plan replanning replanning

Small Time (s) 688 863 (+25.4%) 789 (+14.7%)
Distance 1,027 905 833.5

Load balance (σ ) 68.23 55.10 2.10
Medium Time (s) 845 1,025 (+21.3%) 878 (+3.9%)

Distance 2,237 2,383.5 1834.5
Load balance (σ ) 44.98 41.46 24.28

Large Time (s) 1594 2,058 (+29.1%) 1849 (+16.0%)
Distance 4,343 4,569 4,385.5

Load balance (σ ) 158.18 243.47 70.31

and MOVNS-AINS Reoptimization. In the first one, the Greedy Reallocation, a local strategy that
preserves ongoing plans and integrates disruptions incrementally. The second strategy, MOVNS-
AINS Reoptimization, a global strategy that redefines the entire task allocation using multi-objective
metaheuristics. In case a robot becomes inoperative:

1. The failed robot is excluded, and all unfinished tasks it held are identified.
2. These tasks are reassigned greedily to the remaining active robots based on the shortest graph-

based distance (via cached A∗ paths) and current robot workload.
3. The original task sequences of the active robots are preserved, and the reassigned tasks are

appended at the end.
4. This patched plan is optionally reoptimized using MOVNS-AINS, which reevaluates all alloca-

tions and path segments holistically.

In scenarios where a new wave of tasks arrives:

1. Robots execute their current routes until t= T/3.
2. A new set of tasks is instantiated and first analyzed for corridor redundancy.
3. Tasks with identical corridor_cells are aggregated into a single task to reduce spatial and

computational complexity [46, 47].
4. The new tasks are then greedily assigned to the most suitable robots, extending their current

routes.
5. MOVNS-AINS is finally applied over the unified set of remaining and new tasks, producing a

globally optimized task allocation.

4.4.2. Experimental results
Tables IX and X summarize the performance for each scenario. Greedy reallocation introduces notable
delays, up to+ 29.1% in large-scale scenarios, due to unbalanced task accumulation and route extension.
MOVNS-AINS, in contrast, mitigates the operational delay caused by the failure by up to 81.7% (e.g.,
reducing the delay from 180s to 33s in the medium scenario). Notably, in the small and medium scenar-
ios, the total distance traveled after MOVNS-AINS replanning was even less than in the original remnant
plan. This seemingly paradoxical result highlights that the reoptimization process is powerful enough to
prune spatial inefficiencies present in the initial static allocation. Moreover, MOVNS-AINS can outper-
form even the original plan in balance. This occurs because the static plan, while globally optimal for N
robots, may contain local inefficiencies. By treating the failure as a trigger for a new, holistic optimiza-
tion problem for N − 1 robots, MOVNS-AINS is free to discover a superior equilibrium, eliminating
outdated constraints and adapting to the system’s new reality.
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Table X. Performance comparison when handling new task arrivals (medium scenario).

Metric Remaining original plan Greedy replanning MOVNS-AINS replanning
Time (s) 906 1,470 1,202
Distance 2,183 3,635 3,050
Load balance (σ ) 63.19 93.15 29.92

When facing the sudden arrival of 91 new tasks, the greedy strategy led to uncoordinated exten-
sions of robot routes, causing a spike in load imbalance from σ = 63.19 to σ = 93.15. In contrast,
MOVNS-AINS integrated the new tasks into a globally rebalanced allocation, reducing the imbalance
to σ = 29.92. It also shortened total mission time by 268 s (–18.2%) and saved 585 units of distance
(–16.1%) over the greedy strategy.

By treating dynamic events not as local problems to be patched, but as triggers for holistic re-
optimization, the MOVNS-AINS framework embodies a shift from static planning to true adaptiveness.
This approach guarantees not only solution quality and load balance, but also the operational resilience
required to handle uncertainty, perturbations, and real-time workload scalability in modern logistics
environments.

Taken together with the results obtained across increasingly large static configurations
(Subsection 4.1), these findings indicate that the proposed framework maintains stable runtime and
solution quality as the number of robots and tasks grows, supporting its expected scalability in larger
warehouse deployments.

While broader benchmarking against additional recent MRTA methods would be valuable, the present
study prioritizes a controlled and consistent evaluation setting based on NSGA-II and a Greedy baseline
as complementary reference points. Many state-of-the-art approaches rely on problem-specific assump-
tions or learning-based frameworks, which makes direct comparison under a unified experimental setting
non-trivial.

5. Experimental setup and validation in a physically realistic simulation environment
This section provides an overview of the implementation pipeline, detailing the simulation architecture,
control logic, integration strategies, and performance monitoring tools that enable the reliable execu-
tion of MRTA in structured warehouse environments. It details the technologies and tools employed, the
structure and logic behind the developed modules, and the strategies used to ensure scalability, physical
realism, and seamless integration. Emphasis is placed on generating the virtual environment using Isaac
Sim, organizing and modeling data, controlling and coordinating robots through the Robot Operating
System (ROS2) and its distribution Humble, and operationalizing MRTA solutions via optimized way-
point navigation and box manipulation. Additionally, this section discusses the visual tools and metrics
used to evaluate system performance, ensuring reproducibility and analytical depth across experimental
scenarios.

The simulation environment employed in this article is NVIDIA Omniverse Isaac Sim, a state-
of-the-art robotics platform designed for physically and visually realistic virtual experimentation. Its
native support for ROS2, high-fidelity physics engine, and extensibility through Python scripting make
it particularly well-suited for developing and testing MRS in warehouse scenarios.

The virtual warehouse is constructed programmatically using USD (Universal Scene Description)
primitives, enabling procedural generation of structural elements such as racks, corridors, and floors.
Racks are arranged to form narrow aisles and are composed of multiple vertically stacked shelves. Each
shelf contains boxes with unique identifiers, positioned based on their coordinates and the associated
rack geometry. The layout is designed to mimic realistic logistics environments, with constraints on
robot maneuverability and line of sight. Boxes are defined as rigid bodies with collision boundaries,
instantiated via Python scripts that also assign them hierarchical USD paths reflecting their spatial
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Figure 11. Simulated warehouse environment in Isaac Sim, showcasing procedurally generated racks
and shelves.

Figure 12. Robot used for the simulation.

relationship to racks. Each box includes a computed pickup location, positioned adjacent to the rack
face (either front or back) depending on the defined navigation direction. This setup ensures realis-
tic physical interactions during manipulation tasks and enables consistent linkage between simulation
entities and their corresponding representations in the task allocation logic.

Isaac Sim’s simulation engine ensures the enforcement of physics constraints, including collision
dynamics and gravity, allowing for accurate testing of navigation, docking, and manipulation behaviors.
Combined with its ROS2 bridge and scripting flexibility, the environment offers a powerful foundation
for validating the proposed MRTA methodology under complex, reproducible conditions. Figure 11
illustrates the warehouse configuration generated within Isaac Sim, and Figure 12 the robot used in the
simulation.

To enhance simulation realism, robots are equipped with realistic odometry sensors, enabling precise
position estimations. Future integrations may incorporate additional sensors, such as LiDAR or cameras,
to support realistic obstacle and object detection. Note that collision simulation, acceleration modeling,
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and physical constraints are fully supported by Isaac Sim’s advanced physics engine, ensuring reliable
validation of experimental results and enhancing the practical applicability of the findings.

5.1. Data modeling and structure
To ensure seamless integration between the simulated environment and the task allocation algorithms, a
consistent and extensible data modeling strategy was developed using a structured JSON format. This file
serves as the digital twin of the simulation, encapsulating metadata for all relevant elements, including
racks, shelves, and individual boxes.

Each rack is associated with a set of three-dimensional coordinates and a unique hierarchical identifier
based on its USD path. Boxes are represented with precise positional data, their vertical level (shelf),
and a direct reference to their simulation prim path. This enables the MRTA algorithm to interact with
simulation objects in a clear and programable manner, facilitating dynamic updates and traceability
across components.

Tasks are not assigned to individual boxes but are abstracted at the corridor level to balance complex-
ity and realism. A task encompasses all boxes located along a particular aisle, treating the corridor as
a spatial unit of work. This approach reduces the computational burden of the allocation process while
preserving enough granularity for meaningful navigation and collection behaviors.

Entry and exit points for each task are calculated automatically based on the rack layout and the
predefined navigation side (e.g., top or bottom of the aisle), ensuring that robots approach shelves from
feasible directions. Additionally, distances between tasks and execution durations are derived based on
the number of assigned boxes and their locations, enabling the task planner to make informed, context-
aware decisions.

This modeling architecture provides a scalable interface between the physical simulation and the
multi-robot planning layer, supporting heterogeneous robot capabilities, dynamic scenario changes, and
reproducible experimentation.

5.2. ROS2 integration and communication
ROS2 serves as the primary middleware for enabling communication and control across the MRS. Each
robot in the simulation operates under a dedicated, decentralized ROS2 node, written in Python, which
manages its individual perception, control, and actuation processes. This architecture supports full scal-
ability, allowing the framework to accommodate an arbitrary number of robots without centralized
bottlenecks.

Communication between nodes is structured through well-defined ROS2 topics. Each robot pub-
lishes its odometry data to a unique topic, enabling real-time tracking of position and orientation.
Correspondingly, control commands, comprising linear and angular velocities, are published to robot-
specific topics, allowing continuous, closed-loop navigation. Additional communication channels
support higher-level interactions, such as box detection events and task notifications, facilitating
coordination with external systems like the box transfer controller.

Navigation is waypoint-based, relying on paths computed by the MRTA planner. Upon receiving
a path, the robot node employs a proportional control strategy to guide movement. The control logic
performs angle correction to align with the target direction, followed by smooth linear motion regulated
based on the robot’s distance to the goal. This behavior ensures precision in narrow corridors and avoids
abrupt or unsafe maneuvers near shelves or obstacles.

The modular design of ROS2 nodes allows for seamless extension to incorporate additional sensors
or behaviors. Furthermore, integration with the Isaac Sim physics engine ensures that all control outputs
are grounded in physically realistic responses, bridging high-level task planning with low-level motion
execution in a robust and scalable manner.

A detailed diagram of the communication flow is presented in Figure 13, showing the interaction
between ROS2 nodes responsible for robot navigation and the BoxTransferNode script running within
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Figure 13. Communication flow between ROS2 nodes and the Isaac Sim behavior script. The
architecture supports distributed navigation and visual box manipulation.

Isaac Sim. The diagram illustrates the separation of concerns between control logic and simulation
behavior, as well as the modularity of the framework for scaling to multiple agents.

5.3. Box pickup via behavior script
A key component is the BoxTransferNode, implemented as a BehaviorScript in Isaac Sim. This node
subscribes to the /box_transfer topic, which receives messages indicating that a robot has reached
a box. Upon receiving such a message, the script retrieves the robot’s current position and moves the
corresponding box slightly above the robot’s base.

The transformation is applied in simulation coordinates using a consistent offset. Importantly, the
script preserves the original scale and rotation of the box, avoiding the visual and physical anomalies
often introduced by direct manipulation. Additionally, the system supports multiple robots by maintain-
ing an association between each robot and its collected boxes, which are updated dynamically based on
robot odometry.

5.4. Waypoint-based navigation and box detection
Navigation within the warehouse environment is governed by a waypoint-based strategy derived from the
output of the MRTA algorithm. Each robot receives a precomputed path consisting of discrete waypoints,
which define its trajectory through the environment. These paths are generated using the A∗ algorithm
on a topologically consistent navigation graph that encodes the spatial layout of the warehouse, including
corridors, shelf alignments, and collision zones.

During execution, each robot continuously compares its real-time odometry with the current way-
point target, employing a proportional control scheme for orientation and translation. Upon reaching a
waypoint associated with a box pickup position, the robot triggers a message on the /box_transfer
ROS2 topic. This message contains the unique identifier (USD prim path) of the box and the robot ID,
initiating a scripted animation in Isaac Sim that visually simulates the loading of the box onto the robot.
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Figure 14. Robot 1 routes segmented by wave (with offset).

Each task is marked as complete when the robot reaches the designated task exit point, allowing
the system to transition seamlessly to the next task in its assigned route. The design ensures that all
coordination between robots and the environment is handled implicitly through asynchronous ROS2
communication, eliminating the need for centralized synchronization. This autonomy, coupled with
accurate proximity detection and structured waypoint planning, enables reliable and scalable operation
of multiple agents in dynamic industrial environments.

5.5. Executed route visualization
This subsection presents the graphical visualization of the routes that will be executed by the robots
during simulation, as defined by the waypoint-based navigation strategy described in Section 5.4. These
trajectories are directly derived from the MRTA algorithm and translated into navigable paths over the
topologically consistent warehouse graph. Each robot receives a sequence of tasks organized into waves,
which represent sets of boxes to be picked up and delivered during a single mission. For each wave, the
planned path includes navigation to the corresponding pickup locations, triggering a loading animation
in Isaac Sim via the /box_transfer ROS 2 topic, and returning to the delivery point.

Figures 14, 15, and 16 illustrate the actual paths assigned to each robot, segmented by wave and color-
coded for clarity. These paths were extracted directly from the simulation data and are consistent with the
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Figure 15. Robot 2 routes segmented by wave (with offset).

planning outcomes, reinforcing the integration between the MRTA algorithm, the ROS 2 communication
layer, and the Isaac Sim execution environment. A small visual offset was applied to each robot’s path
to ensure that overlapping trajectories remain distinguishable in the plots. This visualization provides
an intuitive understanding of the spatial distribution of robot operations, facilitating the validation of
the correctness of the generated routes. The wave sequence is presented in chronological order, and the
legend indicates the color assigned to each wave. The drop point is highlighted in gold.

The trajectories presented in this section directly reflect the optimized task allocations discussed in
Section 4, demonstrating how the proposed MRTA strategy, based on multiple waves, organizes robot
routes in a structured and efficient manner. The graphical representation of each robot’s path provides
a visual understanding of task balancing and spatial coverage within the environment.

Moreover, the plotted paths confirm that the routes were indeed executed in the Isaac Sim simulation,
using a waypoint-based control strategy and asynchronous message passing via ROS 2. This pipeline
validates the feasibility of the proposed method in a realistic robotic simulation.

Therefore, the visual analysis of executed paths, combined with the previously discussed perfor-
mance metrics, confirms that the proposed framework produces viable, balanced, and execution-ready
trajectories that integrate multi-objective optimization and real-time multi-robot coordination.

Although the proposed framework was validated in Isaac Sim, which provides a high-fidelity digital-
twin environment, several real-world aspects remain to be addressed for full physical deployment.
These include sensor noise, actuation delays, intermittent communication, and hardware faults that
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Figure 16. Robot 3 routes segmented by wave (with offset).

may influence perception and coordination. The proposed framework is designed to be compatible
with ROS 2 (Humble) as middleware, facilitating future integration with physical robotic systems. The
communication interfaces defined in Isaac Sim, such as /ugv/cmd_vel, /perception/lidar, and
/task_allocation/action, follow standard ROS-based abstractions and can be adapted to hard-
ware drivers on mobile ground robots. Velocity commands can be interfaced with motor controllers
through the ros2_control framework, while real LiDAR and RGB-D sensors may provide data via
velodyne_driver and image_transport nodes. In this context, synthetic perception data used in
simulation can be replaced by real sensor streams without requiring modifications to the high-level coor-
dination or task-allocation components. An additional middleware layer, based on rclcpp::Executor
and DDS QoS policies, is intended to support message synchronization and latency handling in dis-
tributed MRS. These design choices indicate that the proposed MOVNS-AINS framework can be
extended toward real-world deployment, although experimental validation on physical robotic platforms
remains part of future work.

6. Conclusion and future work
This research presented a robust and adaptable framework for MRTA in smart warehouse environments,
leveraging the MOVNS-AINS metaheuristic to address both static and dynamic scheduling challenges.
While the results demonstrate the framework’s effectiveness and operational robustness across various
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simulated scenarios, several limitations have been identified, highlighting potential avenues for further
improvement and investigation.

A notable limitation is the lack of extensive evaluation of simultaneous failures of multiple robots.
Although individual robot failures were considered, scenarios involving concurrent robot malfunctions
were not systematically tested, potentially impacting the robustness and practical applicability of the
proposed approach. Another limitation pertains to scalability; while the framework exhibited strong
performance in tested configurations with up to 15 robots and 216 tasks, the upper scalability bounds
were not thoroughly explored, leaving unanswered questions about performance in larger deployments.
Nevertheless, the observed results indicate that the proposed framework exhibits stable computational
behavior within the evaluated range, supported by the throughput analysis and by the gradual degradation
in iteration rate observed as problem size increases.

Additionally, the framework currently assumes moderate heterogeneity among robot capabilities.
Evaluations with highly heterogeneous robot teams, involving significant differences in speed, payload,
and operational constraints, have not been extensively conducted, potentially limiting the generaliz-
ability of the results. Furthermore, comprehensive tests of critical congestion scenarios, common in
narrow-aisle warehouse environments, were not included, which might affect the real-world performance
and operational efficiency.

Another aspect that warrants attention is the absence of detailed sensitivity and stability analyses
concerning varying initial conditions, such as robot starting positions and initial task sequencing. Such
analyses could enhance confidence in the robustness of the proposed solutions. Finally, the lack of
direct comparisons against internationally recognized benchmarks limits the external validation and
comparative performance assessment of the proposed method.

Acknowledging these limitations opens clear pathways for future exploration. One promising direc-
tion is integrating predictive models to anticipate events such as task surges or simultaneous robot
failures. By incorporating demand forecasting or learning-based anomaly detection mechanisms, the
system could transition from reactive to proactive replanning strategies. Additionally, advancing toward
real-time distributed optimization could distribute computational demands across the robot fleet, thereby
improving scalability, responsiveness, and fault tolerance.

An important extension would involve accommodating highly heterogeneous robot teams, including
aerial vehicles, manipulators, or robots with specialized capabilities. This adaptation would enable task
allocation strategies to explicitly account for diverse operational constraints and capabilities, broadening
the applicability of the framework across various industrial contexts. Moreover, incorporating Human-
in-the-Loop mechanisms during critical decision-making points may enhance safety and reliability and
allow expert intervention in scenarios where full autonomy might not be optimal.

From an optimization perspective, future research could explicitly integrate energy awareness by
modeling battery constraints, charging schedules, and energy management strategies. Such considera-
tions would be particularly relevant for long-duration missions or scenarios involving energy constraints.
Furthermore, hybridizing MOVNS-AINS with learning-based methodologies, such as reinforcement
learning or neural-guided neighborhood selection, could improve adaptability and performance in highly
dynamic or partially observable environments.

To address real-world deployment aspects, future extensions will include noise-injected sensor mod-
els, network latency emulation, and fault-detection layers to evaluate the robustness of the coordination
strategy on real robot teams, thereby validating the scalability and reliability of the proposed approach
under realistic operating conditions.

Finally, transitioning from simulation-based validation to physical deployment remains an essential
objective. Although the proposed framework was validated in a high-fidelity simulation environment
(NVIDIA Isaac Sim), real-robot experiments were not conducted in this study. The framework has been
designed with real-world deployment in mind, relying on ROS 2 communication and modular system
integration, which facilitates future integration with physical robotic platforms. Validating the pro-
posed framework using real robots in prototype warehouses or controlled industrial environments would
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Table XI. Sensitivity sanity-check for the shake amplitude on a representative
instance (5 robots, 150 tasks, 10 independent runs).

Shake HV (mean±std) Pareto set size Spacing
1 4.36× 1012 ± 5.48× 1011 11.4 44.09
3 4.37× 1012 ± 5.38× 1011 12.8 39.72
5 4.31× 1012 ± 2.34× 1011 9.9 44.97
7 4.21× 1012 ± 4.82× 1011 15.4 37.88

shed light on timing accuracy, robustness under real-world uncertainties, and hardware-in-the-loop
dynamics.

Appendix A. Sensitivity sanity-check for the shake amplitude
This appendix reports a small empirical sanity-check conducted to assess the sensitivity of the shake
amplitude parameter in MOVNS-AINS. The goal is not to conduct an exhaustive sensitivity analysis but
to verify that the algorithm is not critically dependent on this parameter.

A representative medium-sized instance (5 robots and 150 tasks) was selected, using the same exe-
cution time budget adopted in the main experimental study. Four values of the shake amplitude were
evaluated, namely shake ∈ {1, 3, 5, 7}, with 10 independent runs for each configuration.

For each setting, we report the mean and standard deviation of the final hypervolume (HV), the
average size of the Pareto set, and the spacing metric.
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