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Existing works utilizing NSGA-II in multi-robot path planning have been
primarily concerned with problem formulations where the aggregation of
robot objectives, individuality of the objectives defined per each robot, and
modeling of the collision avoidance through constraints and optimization
objectives differ. The research contribution is systematic comparative
analysis of three multi-objective optimization problem formulations within
the same NSGA-II framework: (i) an aggregated objective formulation
without constraints; (ii) a per-agent objective formulation with constraints;
and (iii) a per-agent objective formulation without constraints. Initial
population of NSGA-II are initialized using A* algorithm, while the
formulations are tested on twelve scenarios comprising two to five robots for
three 25 x 25 environments. Ten independent experiments are run for each
scenario, and the non-parametric statistical tests are used. Aggregated and
per-agent formulations with constraints maintain full feasibility for all
scenarios and provide statistically equal results on the total travel time of up
to four robots. On the other hand, the per-agent formulation without
constraints loses feasibility and demonstrates highly inferior results for three
or more robots. Front quality measures (hypervolume and inverted
generational distance) calculated in a common objective space prove this and
demonstrate the loss of diversity of the latter formulation in scenarios with
five robots. The per-agent formulation with constraints is preferable: it
matches the aggregated formulation in solution quality while exposing per-
robot travel-time trade-offs and a clear Pareto front. This demonstrates the
importance of problem formulation in affecting the convergence and
termination behavior of NSGA-II.
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1. INTRODUCTION

The goal of multi-robot path planning (MRPP) is to find trajectories along which multiple robots can
travel safely from their initial positions to their respective goals while avoiding collisions with obstacles and
other robots. As the number of robots increases, coordinating their movements becomes more complicated due
to the exponential growth of the search space for potential solutions. It has been proven that the problem of
time-optimal multi-robot path planning on two-dimensional grid graphs with obstacles is NP-hard [1]. A survey
of graph-based multi-agent pathfinding showed that finding optimal and collision-free paths for many robots
is computationally challenging, especially as the number of robots and the complexity of the environment
increase [2]. Another survey identified a trend toward decentralized coordination methods to improve the
scalability of MRPP algorithms without compromising robot safety [3]. On the other hand, various hybrid
optimization techniques and metaheuristic methods continue to emerge to improve the scalability and quality
of solutions in complex multi-robot path planning problems [4][5].

A variety of solution approaches have been proposed for multi-robots path planning. Graph-searching
techniques, such as A* and Dijkstra, can effectively find paths between start and goal configurations for single-
robots [6]. Nevertheless, when each robot finds its own path independently, conflicts may appear in common
areas due to the lack of consideration of interactions of robots [7]. For overcoming this problem, specific MAPF
algorithms, such as Conflict-Based Search (CBS), are used for producing conflict-free paths [8]. Some other
methods use mathematical programming to solve multi-robots path planning tasks [9]; there are approaches
using sequential planning of robots based on prioritization with the aim of reducing the computational costs,
but these approaches may be not able to work effectively in highly constrained environments [10]. There exist
also hybrid path planning algorithms that try to make search procedures more efficient through combination of
searching and sampling [11]. The practical implementation of robotic systems involves not only path planning,
but also motion planning and trajectory tracking in order to ensure proper execution of planned paths [12][13].
This fact makes researchers pay growing attention to the optimization approach to the solution of the problem,
especially evolutionary optimization algorithms, due to the capability of exploring large-scale solution spaces
[14][15].

Most path planning problems using several robots contain many conflicting goals, and thus they lend
themselves easily to be studied within the Multi-Objective Optimization (MOO) framework [16][17].
Examples of common objectives include minimizing distance to the target, total travel time and collision
avoidance between the robots [18]. Rather than creating an aggregated cost function based on such objectives,
the multi-objective optimization technique attempts to generate a set of Pareto-optimal solutions with respect
to the conflicting objectives [19]. In multi-objective optimization algorithms, NSGA-II is considered one of
the most popular techniques due to its efficiency in performing non-dominated sorting and maintaining solution
diversity [19]. However, other optimization techniques such as Strength Pareto Evolutionary Algorithm 2
(SPEA2) [20] and Multi-Objective Particle Swarm Optimization (MOPSO) [21] have proven their efficiency
in handling multi-objective optimization problems. Despite this, NSGA-II is still a common reference point
since of its balance between convergence and diversity and hence provides an appropriate environment for
studying the impact of problem formulation.

NSGA-II has been found to be useful for solving many types of path planning problems such as path
planning for unmanned aerial vehicles [22], lane change path planning [23], routing of underwater gliders [24],
maritime autonomous navigation [25], and collision free routing for multiple autonomous vessels in dynamic
environment [26]. NSGA-II has been found to be useful in improving path quality through combination of
evolutionary optimization and A* initialization technique [27]. Some other researchers have observed that
multi-objective formulation is superior to single objective formulation in terms of solutions diversity and
adaptability [28][29]. There are also some attempts to improve search performance using coevolutionary
approach [30] and A* population initialization [31]. All these works prove effectiveness of NSGA-II to solve
path planning problems. The common feature of those works is that they use single problem formulation and
try to improve algorithmic properties or application domains without studying effects of different formulations
on optimization process. Moreover, recent benchmarking studies have demonstrated dependence of
performance of multi-objective evolutionary algorithms from number of objectives [32] and hence the problem
formulation itself can have impact on optimization process. However, there has been almost no research in
influence of different formulations for the same multi-robot path planning problem [33].

Despite the wide use of NSGA-II in solving path planning problems, existing research works have focused
on one particular formulation where both objective decomposition and constraint handling are chosen prior to
optimization. Yet in multi-robot path planning there are more than one way to formulate the problem and each
formulation option will affect the nature of optimization problem. The individual travel time of robots may be
formulated as one aggregated objective or divided between agents. Collision avoidance can be implemented as
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a hard constraint or a set of penalty objectives. The formulation options led to the change of the objective space
dimensions, feasible solution region and dominance relations that might affect the search process of NSGA-II.
Despite their effect on optimization results, the effects of different formulations have not been compared yet
in a consistent way within the same optimization framework.

In this paper, we conduct systematic comparison of three multi-objective formulations of multi-robot path
planning problem based on NSGA-II with the same evolutionary operators and population initialization method
based on A*. The formulations differ in two options: travel time objective decomposition to aggregated or per-
agent objectives and handling of collision avoidance as constraint or objective. Their effectiveness is compared
on twelve test cases for two to five robots on three grid worlds. Instead of creating a novel optimization
algorithm, this paper investigates how the formulation design affects the convergence and termination process,
the feasibility of solution and the nature of obtained Pareto front.

2. METHODS
2.1. Multi-Objective Optimization (MOO) Framework

In general, a multi-objective optimization problem consists of multiple objective functions subject to
inequality and equality constraints. The objective is to identify a set of feasible solutions that satisfy all
constraints while achieving good performance across multiple objectives [34]. The general form is defined as:

Min f,(v) m=1,..,M,
with conditions g;(v) <0, j=1,..,],
he() =0, k=1,.,K (1)
vi<v;<v/, i=1,.,N
v = [vy, vy, ..., v,]7 is the vector of variables

where v is the decision variable vector, M is the number of objectives, ] is the number of inequality constraints,
K is the number of equality constraints, and v/, v/ are the lower and upper bounds of each variable. The
notation v is used instead of x to avoid confusion with Cartesian coordinates used in subsequent sections.

In general, multi-objective path planning means finding paths that fulfill several objectives of the mission
at once. In addition to the task of navigating to a destination point, mission objectives can also include
validating properties of the found paths such as collision avoidance, minimizing energy usage, and handling
operational constraints [24]. Contrary to single-objective path planning approaches, where all the criteria were
combined into a single function, the results from the MOO approach represent a set of Pareto-optimal solutions,
and the tradeoff among the objectives is explicitly considered by decision-makers [19]. Path planners have to
deal with the situation when cumulative safety limit must be considered as one of the crucial constraints, along
with other parameters of path efficiency [35]. Although measures like IGD require information on the real
Pareto front, the HV indicator estimates the convergence and spread regardless of the exact shape of the Pareto
optimal front [36]. The hypervolume indicator is one of the standard measures used in many-objective
evolutionary search; however, the computational complexity of the method increases exponentially with the
increase of the number of objectives [37].

The NSGA-II algorithm will be implemented with the help of the pymoo library [34]. The description of
three different problem formulations, suggested for solving the multi-robot path planning problem, is presented
in the next subsection.

2.2. Problem Formulation

The current study develops further an approach to multi-objective optimization formulated in previous
research [27] by considering cases of two, three, four and five robots operating together. Three different
formulations of the problem are considered and compared with each other with respect to treatment of goal
achievement and collision avoidance as optimization objectives or constraints and calculation of travel time
either aggregated for all robots or calculated separately for each agent. The common chromosome
representation, genetic operators and A* based initialization procedure are used in all formulations considered.
The complexity of the problem of multirobot path planning on graph grows significantly with increase in the
number of robots; this problem is proven to be NP-hard for various objective functions [38].
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2.2.1. Formulation 1: Aggregated Objectives without Explicit Constraints (AGG)

In this formulation, the major planning criteria, such as goal achievement, collision avoidance and travel
efficiency, are formulated as optimization objectives. Three objective functions are introduced irrespective of
the number of robots (NR).

The first objective function measures the total Manhattan distance between each robot's final position and
its designated goal:

R
fi(v) = D(v) =Z(|"Lr_x6r| + |y, = ve,|) @)
r=1

where G, = (xGT,yGT) denotes the goal position of robotr and L, = (er, yLT) represents the robot's final
position after executing its path. A solution achieves f; = 0 when all robots successfully reach their respective
goals. In what follows, D(v) refers to the non-negative sum of goal deviations.

The second objective counts inter-robot collisions accumulated over the simulation horizon:

f2(v) = C(v) = Cyertex (V) + Cedge(v) 3)

Let K be the set of grid cells, 7 the total number of discrete time instants used in the collision test, and
ny . the number of robots located in grid cell & at time instant z. Then, the vertex-collision term count C, ey is
given by:

T-1
Cvertex(v) = Z Z 1 [nk,t > 1]nk,t (4)
t=0 kex
The edge-collision component is
-2

Coage® =2 > A[Bi® =t + D AP+ D = PO ABD #pie+ D] (5)

t=0 1<i<j<R

Let us consider p,.(t) as the position of robot 7 at time ¢. The count Ce4 is used to identify head-on (or
swap) collisions that result from an exchange of cells by two robots across two time-steps. The condition
p:(t) # p;(t + 1) rules out the degenerate case in which the first two equalities hold with all four positions
identical (i.e., both robots remain stationary in the same cell) which constitutes a vertex collision and is already
counted in C,.ex. Each head-on collision adds two units to the set since two robots participate in this event.
Thus, C(v) = 0 if and only if there are no edge and vertex collisions.

The third objective function minimizes the aggregated travel time across all robots:

R
f3= ZTr
r=1

— (90%)
Tr - nmove,thrans,r + nrot,r Trot,r + nwait,rTwait,r

(6)

where Ny ove,rs ngggr) , and Ny, » denote the number of adjacent cell translation, 90-degree rotation, and wait

operations respectively that are performed by robot (7). Each of the T values are the duration required for each
operation in the model being used, and in the current case of four direction differential drive, all three have the
same duration of one time-unit. Therefore, a 180-degree reversal takes two time-units. This formulation
produces a three-dimensional Pareto front (f;, f5, f3) regardless of the number of robots.

2.2.2. Formulation 2: Per-Agent Objectives with Constraints (AWC)

In this formulation, the criterion of goal achievement and collision avoidance are reformulated as hard
constraints, while the travel time for each robot is introduced as separate objective function. In this case, we
introduce R objective functions for a system of R robots:

fr=T.,r=12,..,R (7

where 7, is the effective travel time of robot r, as defined in Equation (6).
Goal achievement and collision avoidance are enforced as hard constraints using the non-negative goal-
deviation and collision measures defined in Equation (2) and Equation (3):
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g1(v) =D(v) <0 ®)

g.(v) =C(v) <0 (€]

Consequently, (g, = 0) implies that all robots must reach their goal points, and (g, = 0) implies that
there must be no collisions with vertices or edges. The metrics D and C have the same numerical value as the
objectives f; and f, in Formulations 1 and 3; the only difference is whether these are optimized or constrained
in each formulation. This formulation yields an R-dimensional Pareto front (fi, f5, ..., fz), providing per-
robot trade-off information that is unavailable in the aggregated formulation.

2.2.3. Formulation 3: Per-Agent Objectives without Explicit Constraint (AWOC)

In this formulation, goal achievement and collision avoidance are retained as objectives to be minimized,
as in Formulation 1, while the travel time of each individual robot is treated as a separate objective, as in
Formulation 2. No hard constraints are imposed. For a system of R robots, this yields R+2 objective functions:

min [fy, 2, T1, To, ..., Tr] (10)

where f; =D and f, = C are the goal-deviation and collision objectives defined in Equation (2) and Equation
(3), and T; is the effective travel time of robot r, as defined in Equation (6). Because feasibility is not enforced
through constraints, the optimization can preserve non-dominated solutions that still contain residual goal
deviation or collisions if they offer favorable trade-offs in the objective space. This formulation produces
an (R+2)-dimensional Pareto front.

The three formulations are therefore expected to converge differently: Formulation 1 can reduce f; and
f> gradually from nonzero values; Formulation 2 penalizes every infeasible individual and thus needs more
generations to discover its first feasible solutions; while Formulation 3 encourages but does not guarantee
feasibility at termination. The resulting termination behavior is examined in Section 3.6.

Because goal achievement and collision avoidance enter Formulations 1 and 3 as objectives rather than
as hard constraints, a solution may attain a near-optimal travel time while still leaving a small goal deviation
or residual collision. Throughout this paper, such a solution is called soft-feasible: a Pareto member is soft-
feasible when both the goal-deviation objective and the collision objective equal zero (f; = 0 and f, = 0), so
that it satisfies the mission requirements even though feasibility was never enforced as an explicit constraint.
In Formulation 2 these two requirements are hard constraints, so every feasible solution is soft-feasible by
construction.

While all three formulations apply the same NSGA-II algorithm along with the same set of operators,
they are different from each other by how the issue of feasibility is treated during optimization process. In the
case of Formulations 1 and 3, goal satisfaction and collision avoidance are formulated as optimization
objectives, while in Formulation 2 both are explicitly defined as feasibility constraints. The literature has
revealed that the selected method of handling constraints affects the search of feasible space conducted by
NSGA-II, its guidance towards feasible solutions [39], and balance between feasibility and objective
optimization [40][41]. There are even more advanced methods of constraint handling, such as hybrid and
adaptive constraint-handling techniques, which are proposed for solving problems of evolutionary optimization
[42][43]. Still, they are not used in this research to isolate the effect of problem formulation.

2.3. Chromosome Encoding and Initial Population
The chromosome structure concatenates path sequences for all robots into a unified decision vector. For
R robots, the complete chromosome is represented as:

X = [P B9 | P a

where each P, = [Vr,p Uy 2y eees Ur,L,] uses integer values v,; € {0,1,2,3,4} representing no movement, up,
down, left, and right respectively. The per-robot chromosome length is fixed at L,, = | 1.5 n#|, where n# is the
number of moves in the initial A* path of robot r. Coefficient 1.5 ensures an additional number of chromosomes
that will be used for modification of paths through crossover and mutation, including pauses and detours. The
rest of the spots will be filled with zeroes (no movement).

Prior to the collision and objective function evaluations, the encoded movement sequences are interpreted
according to the chosen robot timing model. The translational motions, waiting for zero values, and rotation
delay based on the robot timing model determine the execution time (7,) and the resultant time-stamped
trajectory. The rotation delays introduced do not constitute an extra gene in the chromosome.
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In this study, each robot is first given an obstacle-free path by the A* algorithm, and these paths are used
to form the chromosomes in the initial population. Because of this, the search does not start from random
infeasible paths, but from inside the feasible region. To bypass slow initialization issues, custom population
seeding and adaptive selection criteria are often introduced in grid-based genetic planning frameworks [44].

2.4. Genetic Operators

The proposed genetic operators are specifically designed to be constraint-aware and map-consistent,
performing structured and meaningful modifications of robot trajectories rather than random perturbations.
Four mutation operators and two crossover operators are employed.

2.4.1. Mutation Operators
Four mutation operators are employed to improve path feasibility, temporal coordination, and travel efficiency.
e Insert-Zero Mutation (Waiting Action Insertion)

This operator inserts a zero-valued gene at a randomly selected non-zero position in the chromosome,
introducing a temporal delay at that position. The mathematical representation is:

B =[Vr1 s Vrsee1 0, Vriy ooy Vpn1 |, Vrge £ 0 (12)
An example of this operation:
B =[4414/424,0,0] - B =[4,4,1,04,4,2,4,0]

This operator inserts a zero, so the selected robot waits for one time-step and all of its next moves are
shifted one step later. In this way, two robots that would arrive at the same cell at the same time can be
separated, so the collision between them is avoided. For this reason, insert-zero is the main operator used to
reduce the number of collisions in all three formulations.

e  Delete-Zero Mutation (Waiting Action Removal)

This operator removes one zero from a sequence of consecutive zero-valued genes (excluding trailing

padding zeros), thereby reducing excessive waiting time. Formally, if v, = v, ;.1 = 0, then:

Pr, = [vr,l' v Up k-1 vr,k+11 "'IUT,NJ 0] (13)
An example of this operation:
P.=1[44,00,142] - P'.=[440,14,2,0]

After many generations, the insert-zero operator can leave some wait steps that are no longer needed to
avoid collision. The delete-zero operator removes one such wait step each time it is applied, so the chromosome
becomes shorter and the travel time becomes smaller, while the path does not change. Thus, the two operators
work in the opposite way: insert-zero adds a wait step to avoid collision and delete-zero removes the wait step
that is not needed, to keep the travel time T, low.

e  Direction-Swap Mutation (Turn Optimization)

This operator swaps two consecutive movement actions that correspond to orthogonal directions
(horizontal vs. vertical), provided that the resulting path remains valid and collision-free with respect to
obstacles. The mathematical representation is:

(Ur,k' Ur,k+1)’ = {

An example of this operation:

(vr_kH, vr‘k), if the result paths is valid

(14)

(vr_k, vr_kﬂ), otherwise

P.=[44,1,3,42] - P =[44,3,1,4.2]

This operator swaps two neighboring genes that have perpendicular directions. After the swap, the order
of the visited cells is changed, but the chromosome length and the final position are still the same. The swap is
accepted only when the new order of moves does not hit any static obstacle; if it does, the chromosome is not
changed.

e  Wait-Detour Mutation (Temporal Detour Insertion)

This operator introduces a short detour by inserting a pair of inverse movement actions at a selected
position in the chromosome, causing the robot to temporarily deviate to a neighboring grid cell and return to
its original position in the subsequent time step. Unlike a pure wait action, this mutation creates a spatial
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displacement followed by an immediate reversal, effectively preserving the overall path structure after the
mutation point. The mathematical representation is:

B = [vm, s Vp 1, @, 4, Uy g, ...,vT,N_Z] (15)

where (a, a) € (1,2),(2,1), (3,4), (4,3), with a and a denoting two opposite movement directions, and the
resulting intermediate path must remain valid with respect to map boundaries and obstacle constraints.
An example of this operation:

P. =[4,4,4,2,0,0,0] - B =1[44,1,2,4,2,0]

This operator handles head-on edge conflicts, where two robots try to swap adjacent cells in opposite
directions at the same time-step. A plain wait (insert-zero) does not help here, because delaying one robot still
leaves the two facing each other across the same edge. Wait-detour instead sends the robot into a free
neighboring cell for one step and then back, so the side move cancels out and only a short timing shift remains
at the point of conflict, leaving the rest of the path unchanged.

2.4.2. Crossover Operator
Two types of crossover operators which are complementary to each other are applied. The first one does
not randomly change the position of genes; rather, it exchanges the whole segment of the robot’s route, and the
second one is used for combining two routes of robots in coordinate space.
e  Whole-Path Swap Crossover (Agent-Wise Segment Exchange)
Let two parent chromosomes be defined as:

v = [ [ | | = [ [ B a6)

For each robot r, the corresponding path segment is exchanged with a crossover probability p., with u, is
sampled independently for each robot .

P(Cl) —

r =

{PTEZ)I lfu?” < pC

Pr(l), otherwise

(17)

p® with u, ~ U(0,1)

1 .
pl? _ {PTE ): ifu, <pc
" "/, otherwise

Because whole segments are exchanged, each inherited path stays internally consistent, and the collision
check, which runs on complete paths, never sees a fragment that was valid in one parent but infeasible after
recombination.

e  Partial-Path Swap Crossover (Coordinate-Domain Sub-Path Exchange)

This operator recomposes the path of the chosen robot in coordinate space. The movement pattern of each
parent is decoded without considering any genes associated with waiting times to form the series of grid cells
visited:

Cr = (Cr,O' Crs o) Cr,LT): Cro = Sr (18)

where consecutive cells differ by one translational move. A single crossover point is drawn independently in
each parent, (q(l) €1,.., L(rl)) and (q(z) €1,.., L(rz) ), and the visited-cell lists are spliced prefix-to-suffix:

(e _ (1) @® @ @
CT‘ L — (CT,O P CT,q(l)—1> ” (Cr'q(z), ey Cr’L§2)>

(c2) _ (.(2) @ ® @®
CT‘ 2) — (CT,O P CT,q(Z)—1> ” (Cr,q(l)' ey Cr’L§1)>

where || stands for concatenation. However, if the two cells that form the splice are not adjacent, then an A*
sub-path on the static occupancy map is used to connect them together and then encode the resultant cells into
moves. In case the repair fails due to presence of obstacles or illegal move, then the offspring segment is
rejected while the parent segment is kept.

Partial-path swapping will only be done if the robot has not undergone the whole-path swap process, with
probability p, = 0.5. The repair process ensures that there is a connected path without any obstacles; collisions
among robots are checked afterwards.

(19)

Ariadie Chandra Nugraha (A Comparative Study of Three Multi-Objective Formulations for NSGA-II-Based
Multi-Robot Path Planning)



ISSN: 2685-9572 Buletin Ilmiah Sarjana Teknik Elektro 1331
Vol. 8, No. 5, October 2026, pp. 1324-1345

2.4.3. Operator Probability

In the current research, the operators of mutation and crossover are introduced to be constraint-aware and
mapping-consistent. Using waiting-time modification, turn improvement, detour addition, and path inheritance
in agents, mutation and crossover make structurally based alterations to robot paths. Hence, mutation and
crossover are equally essential for the search of possible and diverse solutions to the problem of multi-robot
path planning. According to the review of the applications of NSGA-II, this method shows an excellent
performance in case of bi- and tri-objective problems; however, there are serious constraints when applying
NSGA-II to multi-objective cases [33]. The improvements of NSGA-II with multiple strategies have solved
the problems of trajectory planning in complex mechanical systems with optimization of moving time and
safety [45]. Modern adaptations of genetic algorithms solve the issues of path indirectness and slow
convergence with directed mutation heuristics for grids [46].

In conventional genetic algorithms, crossover is typically the primary search operator (P, = 0.7 — 0.9)
and mutation a secondary mechanism (P, < 0.1) [47]. Such settings are commonly adopted because crossover
is expected to drive the main recombination process, whereas mutation mainly serves to preserve diversity
through small random changes. Nevertheless, as noted by Eiben and Smith, appropriate parameter settings
depend strongly on the semantics of the operators and the characteristics of the problem being solved [48].
Therefore, parameter values that are effective in standard genetic algorithms are not necessarily the most
suitable when using specialized, feasibility-preserving operators.

For mobile robot path planning, Xue investigated crossover and mutation probabilities using domain-
specific genetic operators over the interval ([0,1]) and reported that balanced settings provided favorable
convergence behavior and solution quality [49]. Following that observation and considering that the operators
used in the present work are likewise designed to perform meaningful path-level modifications, both the
crossover probability and mutation probability are set to 0.5 in this study. This balanced choice is consistent
with empirical robot path planning studies, which tune the crossover and mutation probabilities to the specific
operators and grid environment rather than adopting generic default values [50].

2.5. Algorithm Parameters and Termination

The NSGA-II algorithm is configured identically for all three formulations in Table 1. NSGA-II
parameters and the two regimes of execution are shown in Table 1. The main statistical experiment consists of
10 independent executions for each scenario-formulation pair (seeds 1-10), using a fixed budget of 100
generations without convergence termination criteria enabled, such that all comparisons are made under equal
evaluation budget conditions irrespective of maps, number of robots, and formulations. Table 2 to Table 17
and Table 19 and mean convergence graphs in Figure 5 have been obtained solely using the results of this
experiment.

In addition to the previous experiment, we conduct an illustrative and termination experiment, where each
scenario-formulation pair is executed once (seed 1) with pymoo MaxGen criterion [34]. In this experiment, the
maximum number of evaluations allowed is 250 generations; however, termination occurs before 250
generations if the relative hypervolume increase remains below f,,; = 0.002 for 20 consecutive generations.
The results of this experiment provide figures showing paths and Pareto fronts in Figure 2 to Figure 4 and
Figure 6 to Figure 7 as well as table of termination results in Table 18.

Table 1. NSGA-II algorithm configuration

Parameter Settings
Shared NSGA-II settings
Population size 100
Offspring per generation 100
Crossover probability (p.) 0.5
Mutation probability (p,;,,) 0.5
Statistical campaign (rep10; primary inferential evidence)
Repetitions and seeds 10 independent runs per scenario—formulation (seeds 1-10; 360 runs total)
Termination Fixed budget of 100 generations; convergence stopping disabled
Reported results Table 2 to Table 17 and Table 19; Figure 5
Illustrative and termination campaign (rep1l)
Repetitions and seed 1 pre-specified run per scenario—formulation (seed 1; 36 runs total)

Up to 250 generations; stop earlier when the hypervolume criterion is satisfied; evaluated every 20
generations with f; = 0.002
Manuscript outputs Table 18; Figure 2 to Figure 4 and Figure 6 to Figure 7

Termination
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In fact, Hypervolume Convergence is usually achieved by Formulation 1 before Generation Limit in
scenarios with low complexity. Formulation 2 converges in all scenarios involving two robots and three robots,
although it takes more generations to converge, compared to Formulation 1. Formulation 3 is the weakest
formulation when it comes to termination criteria since it converges in smaller scenarios and achieves MaxGen
in most scenarios with four robots and five robots. These observations can be found systematically in Table 18
as discussed in section 3.6.

Both the population size and the number of offspring are set to 100 for all formulations, which is similar
to that in the original NSGA-II experiments with 25,000 evaluations over 250 generations [19]. This size is
sufficient for the three-objective aggregated formulation, but it becomes restrictive as the objective
dimensionality grows: in the higher-dimensional per-agent settings the final non-dominated set can fill the
entire population (Table 16). A larger population would relax this limit, but at a much higher computational
cost across the full experimental campaign, so the shared value of 100 was retained.

The generation cap of 250 was chosen because, in preliminary runs, the two-robot and three-robot
scenarios reached the hypervolume-stabilization criterion well before this limit, so 250 provides headroom for
the harder scenarios without unbounded runtime. The hypervolume tolerance and the 20-generation
stabilization window follow the pymoo default termination design [34], balancing early stopping on easy
scenarios against premature stopping on the harder per-agent cases.

Algorithm 1 depicts the convergence-based illustrative and termination regime; for the ten-repeat
statistical campaign in Table 1, the convergence test in line 12-13 is disabled and G, = 100.

Algorithm 1. General Optimization Framework Used for Formulations 1-3
Input: map; start/goal set {s., g-r} for r = 1..R;
population size Pop = 100;
max generations Gmax = 250;
formulation F € {1, 2, 3}
Output: final-generation population Pop_G
1: for r « 1 to R do
2: nr < A*¥(map, sr, gr) // A* seed per robot
3: end for
4: Pop « InitPopulation({m,...,m},
target lengths = {1.5x|m|,...,1.5x|m|})
// expand A* seeds into initial population
5: Evaluate(Pop, F) // objective/constraint evaluation incl.
// collision detection; F1l: 3 obj;
// F2: R obj + constraints; F3: R+2 obj
6: for g « 1 to Gmax do
7: Mating < TournamentSelect(Pop) // rank + crowding-distance selection
8: Off « Crossover(Mating, pc = ©0.5) // per-agent whole- and partial-path exchange
9: Off < Mutate(Off, pn = 0.5) // Insert/Delete-Zero, Dir-Swap, Wait-Detour
10: Evaluate(Off, F) // objective/constraint evaluation incl.
// collision detection
11: Pop < EnvSelect(Pop U Off, |Pop|) // fast non-dominated sort +
// crowding-distance preservation
12: if AHV < tol for 20 consecutive generations then
13: break // early stopping by HV convergence
14: end if
15: end for
16: return Final population Pop

For the computational-time analysis in Section 3.7, a separate fixed-budget setting is used with
convergence detection disabled and MaxGen = 100 for all scenarios, so that runtime comparisons across maps,
robot counts, and formulations are made on an equal basis.

Each of the three formulations has computational cost per generation comprising two major parts. Fitness
evaluation includes collision checking within the common occupancy grid, which results in O(PRT)
complexity, where P is the number of individuals in the population, R is the number of robots, and T is the
planning horizon. The complexity of non-dominated sorting is O (M P?), where M is the number of objectives.
In the complexity formulas given above, the only parameter that changes between the formulations is the
number of objectives: M = 3 for Formulation 1 aggregated, M = R for Formulation 2, and M = R + 2 for
Formulation 3. With increase in the number of robots, M increases, and sorting becomes more costly. As a
result, selection pressure based on Pareto dominance decreases.
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2.6. Experimental Setup

Three types of maps are considered to check the performance of the proposed NSGA-II formulations
under various spatial conditions. For each map type, experiments have been carried out with 2, 3, 4, and 5
robots, thus producing altogether twelve experiment scenarios. The three maps applied in this study are
described in Figure 1: panel (a) represents Map 1 with clustered obstacles and a sufficient amount of navigable
space; panel (b) represents Map 2 with bottleneck corridors, which create additional obstacles in terms of
repeated passages; panel (c) represents Map 3 which resembles a warehouse with aisles and limited lateral
connections between cells.

PP S S
lH-h-Hl
—— —

RN
. .

|
[

8 8 8
2 2 2
0 0 0

(a) (b) (c)
Figure 1. Experimental maps used in this study: (a) Map 1, clustered obstacle layout with open navigation space; (b)
Map 2, bottleneck corridor layout with constrained passages; and (c) Map 3, warehouse rack layout with
structured aisles

In each experiment, each robot was assigned its own start cell and goal cell randomly selected from the
free cells of the respective map; the start-goal set for each experiment was the same for A* and the three NSGA -
II formulations to conduct a fair comparison. Since each number of robots constitutes a different scenario, the
start-goal set was generated anew whenever the number of robots changed; therefore, robots participating in
two scenarios in one and the same map need not have the same start and goal cells. All start-goal sets and seeds
used for generating populations are specified.

Each scenario was implemented ten times using fixed random seeds 1 to 10. If no other specification is
made, each value used in comparison tables (Table 2 to Table 17) refers to the average over these ten runs; the
standard deviations represent the inter-run variability. Both the ten-run statistical campaign and the one-run
demonstration campaign were run on the identical Linux workstation as discussed in section 3.7 and used
Python 3.12.3, NumPy 2.3.5, SciPy 1.16.3, and pymoo 0.6.1.6. These versions are stated because the seeded
evolutionary process, while fully deterministic, is sensitive to the major version of numerical libraries.

Illustrations of representative path comparison, convergence between objective values, and Pareto fronts
are shown in Sections 3.2-3.4 using the same visual language that keeps the original A* paths, the three
NSGA-II formulations, and the objective space evidence provided in the main text.

Finally, the solution-distribution illustration might have panels based on different visualization
techniques, such as 2D or 3D objective space graphs and parallel coordinates graphs. All panels are created
using all solutions in the final generation, with non-dominated and dominated solutions being visually
separated where possible given the specific graphing technique. The name solution-distribution graph is thus
still applicable since the panels will not only help in determining which Pareto front approximation is the
preferred one, but also to determine if the last population has become concentrated on the front, become
dispersed, or been dominated by infeasible compromises.

3.  RESULTS AND DISCUSSION

Experimental results are presented below in this section for all twelve scenarios (two, three, four, and five
robots on each of the three maps). Four methods for each scenario are compared: (1) A* (independent
decoupled planning), (2) NSGA-II Formulation 1 (aggregated objectives, no constraint), (3) NSGA-II
Formulation 2 (per-agent objectives, hard constraint), and (4) NSGA-II Formulation 3 (per-agent objectives,
no constraint). All tables provide information about the number of runs with feasible solutions (Feas., n/10),
number of collisions (NC), travel time for each robot and total travel time (X'T,). The termination criteria are
summarized in Table 18 (Section 3.6); whether an approach converged early once the hypervolume
improvement fell below the preset tolerance or terminated after exhausting maximum generation limit
(MaxGen) directly indicates search difficulty of the approach. In order to establish the statistical significance
of differences between three formulations, the ten independent runs for each scenario have been tested with
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non-parametric statistics: Kruskal-Wallis H-test with post-hoc Mann-Whitney U comparisons (Holm-
Bonferroni corrected) for TTT and Pareto-front size, and Friedman test with post-hoc Wilcoxon signed-rank
comparisons (Holm-Bonferroni corrected) for computation time, as is typical of benchmarking experiments
[51].

The Figure 2 to Figure 7 show some of the paths, convergence properties, and Pareto fronts, with each
figure showing an example of a different impact. The path and Pareto front graphs in Figure 2 to Figure 4 and
Figure 6 to Figure 7 have been derived from the previously designed single-run experiment (seed 1), with a
convergence-based budget of up to 250 generations. This set of figures provides an insight into the solution
properties, and these figures might include values from the said run, but they are not used for making any
statistical comparison or estimating the average performance at 250 generations. Figure 5, on the other hand,
represents the same set of ten runs of fixed budget (100 generations) that has been presented in the tables above.

3.1. Scenario Performance Summary

Table 2 to Table 4 summarize the two-robot scenarios. The decoupled A* baseline remains collision-free
on all three maps, and all three NSGA-II formulations are fully feasible in every run while reducing the TTT
relative to A* on the clustered, bottleneck, and warchouse layouts alike. The three formulations reach
statistically equivalent travel times at this scale (Section 3.5), so formulation design has little influence when
coordination pressure is low. Table 5 to Table 7 report the three-robot scenarios, where the A* baseline starts
to accumulate collisions on Maps 1 and 2. Formulations 1 and 2 remain fully feasible in all runs and continue
to improve the TTT. Formulation 3 begins to weaken: its feasibility rate declines and its feasible runs carry
higher travel times on Maps 1 and 2 (Section 3.5), while on Map 3 all three formulations remain close.

Table 2. Comparison of path planning performance on Map 1 with two robots

Algorithm/Formulation Feas. (n/10) NC Ty T, TTT
A* (independent, reference) — 0 44 44 88
NSGA-II (Form. 1 — AGG) 10/10 0.0+£0.0 36.5+0.5 36.5+0.5 73.0+0.0
NSGA-II (Form. 2 — AWC) 10/10 0.0+£0.0 36.4+0.5 36.6+0.5 73.0+0.0

NSGA-II (Form. 3 - AWOC) 10/10 0.0+0.0 36.6+0.5 36.4+0.5 73.0+0.0

Values are mean = SD over 10 independent runs (seeds 1-10), taken from the preferred feasible solution of each run. Feas. (n/10):
number of feasible runs out of 10 (NC = 0, residual distance = 0). NC: number of collisions, mean + SD over all 10 runs. T;..T : per-
robot travel time in discrete time units under the unit-duration setting of Equation (6). TTT: total travel time = X7,; 7; and TTT are
mean + SD over feasible runs only ( 0.0 when all feasible runs yield the same value). A* is a single deterministic reference run with
independently planned per-robot paths (no collision resolution). —: 7; and TTT are omitted for Form. 3 (AWOC) when fewer than 5
runs are feasible; Feas. and NC remain reported. These conventions apply to Table 2 to Table 13

Table 3. Comparison of path planning performance on Map 2 with two robots

Algorithm/Formulation Feas. (n/10) NC T, T, TTT
A* (independent, reference) — 0 54 44 98
NSGA-II (Form. 1 — AGG) 10/10 0.0+0.0 403+0.7 395+0.8 79.8+0.6
NSGA-II (Form. 2 — AWC) 10/10 0.0+0.0 39.7+09 400+09 79.7+0.5

NSGA-II (Form. 3 — AWOC) 10/10 0.0+0.0 39.8£09 40.1£1.1 799+0.6

Table 4. Comparison of path planning performance on Map 3 with two robots

Algorithm/Formulation Feas. (n/10) NC T, T, TTT
A* (independent, reference) — 0 61 50 111
NSGA-II (Form. 1 — AGG) 10/10 0.0+£00 415+05 415+05 83.0+£0.0
NSGA-II (Form. 2 — AWC) 10/10 0.0£0.0 41.5+05 41.5+05 83.0£0.0

NSGA-II (Form. 3 - AWOC) 10/10 0.0£0.0 413+05 41.7+0.5 83.0£0.0

Table 5. Comparison of path planning performance on Map 1 with three robots

Algorithm/Formulation Feas. (n/10) NC Ty T, T; TTT
A* (independent, reference) — 1 44 44 34 122
NSGA-II (Form. 1 — AGG) 10/10 00+00 371+£10 363+05 292+06 102.6+0.8
NSGA-II (Form. 2 — AWC) 10/10 00+00 364+05 366+05 29.0+00 102.0+0.0

NSGA-II (Form. 3 - AWOC) 10/10 00+00 377+19 375+24 303428 1055+53

Table 6. Comparison of path planning performance on Map 2 with three robots

Algorithm/Formulation Feas. (n/10) NC Ty T, T; TTT

A¥* (independent, reference) — 1 54 44 45 143
NSGA-II (Form. 1 — AGG) 10/10 00+00 414+14 412+13 395+13 122.1+1.0
NSGA-II (Form. 2 - AWC) 10/10 00+00 414+1.6 412+12 401+14 1227+0.9
NSGA-II (Form. 3 — AWOC) 8/10 04+1.0 564+141 63.0+126 56.6+7.6 176.0+104
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Table 7. Comparison of path planning performance on Map 3 with three robots

Algorithm/Formulation Feas. (n/10) NC T, T, T TTT
A* (independent, reference) — 0 61 50 22 133
NSGA-II (Form. 1 — AGG) 10/10 00+00 414+£05 41.6+05 220+£00 1050+0.0
NSGA-II (Form. 2 — AWC) 10/10 00+0.0 41.8+04 412+04 22.0£00 105.0+0.0

NSGA-II (Form. 3 — AWOC) 10/10 00+00 41.6+07 418+1.0 232425 1066+29

Table 8 to Table 10 deals with the four-robot cases. The feasibility and statistical equivalence of
Formulations 1 and 2 remain the same in the TTT (Section 3.5). Among all the three formulations, Formulation
2 generates the most compact Pareto fronts (see Table 16). Formulation 3 has become the worst choice because
of its low feasibility ratio and high feasible numbers. Five robots formulations (Table 11 to Table 13) form the
most difficult cases. Formulations 1 and 2 still retain their full feasibility, while Formulation 3 loses its
feasibility since only one or two iterations are feasible.

Table 8. Comparison of path planning performance on Map 1 with four robots
Algorithm/Formulation Feas. (n/10) NC T, T, T; T, TTT
A* (independent, reference) — 0 44 44 34 33 155
NSGA-II (Form. 1 — AGG) 10/10 0.0+0.0 369+12 366+1.0 298+06 294+05 1327+13
NSGA-II (Form. 2 — AWC) 10/10 0.0+0.0 36.6+0.7 37.0+12 299+0.7 295+05 133.0+1.2
NSGA-II (Form. 3 — AWOC) 8/10 07+1.6 458+109 49.2+79 442+13.0 39.6+10.0 178.9+29.8

Table 9. Comparison of path planning performance on Map 2 with four robots

Algorithm/Formulation Feas. (n/10) NC T, T, T T, TTT
A* (independent, reference) — 4 54 44 41 37 176
NSGA-II (Form. 1 — AGG) 10/10 00+0.0 424+10 41.7+0.7 358+1.0 36.1+1.0 156.0+12
NSGA-II (Form. 2 — AWC) 10/10 0.0+0.0 420+13 41813 363+09 360+19 156.1+1.0

NSGA-II (Form. 3 — AWOC) 3/10 3.8+44 — — — — —

Table 10. Comparison of path planning performance on Map 3 with four robots

Algorithm/Formulation Feas. (n/10) NC T, T, T T, TTT

A* (independent, reference) — 0 61 50 22 22 155
NSGA-II (Form. 1 — AGG) 10/10 00+0.0 41.5+0.5 41.6+0.7 22.0+£00 220+0.0 127.1£0.3
NSGA-II (Form. 2 — AWC) 10/10 0.0+0.0 415+05 415+05 220+£00 220£0.0 127.0£0.0
NSGA-II (Form. 3 — AWOC) 10/10 0.0+0.0 450+46 442+50 23.0+32 220+0.0 1342+11.6

Table 11. Comparison of path planning performance on Map 1 with five robots

Algorithm/Formulation Feas. (n/10) NC T, T, T T, Ts TTT
A* (independent, reference) — 3 44 44 34 33 34 189
NSGA-II (Form. 1 — AGG) 10/10 0.0+0.0 37.0+13 372+1.4 304+1.0 29.5£1.0 29.8+1.0 163.9+2.1

NSGA-II (Form. 2 - AWC) 10/10 00+£0.0 382+32 40.0+2.8 30.0+0.9 31.8+2.2 31.0+23 171.0£3.5
NSGA-II (Form. 3 - AWOC) 2/10 8.1+£9.7 — — — — — —

Table 12. Comparison of path planning performance on Map 2 with five robots
Algorithm/Formulation Feas. (n/10) NC T, T, T T, Ts TTT
A* (independent, reference) — 6 54 44 41 37 45 221
NSGA-II (Form. 1 — AGG) 10/10 0.0+0.0 441+3.0 441+1.7 358+1.1 365+14 438+1.9 2043+42
NSGA-II (Form. 2 — AWC) 10/10 0.0+0.0 47.1+39 451+3.7 366+1.3 37.5+3.5 445+29 210.8+3.3
NSGA-II (Form. 3 - AWOC) 110 65+47  — — — — — —

Table 13. Comparison of path planning performance on Map 3 with five robots
Algorithm/Formulation Feas. (n/10) NC T, T, T T, Ts TTT
A¥* (independent, reference) — 7 36 36 35 37 30 174
NSGA-II (Form. 1 — AGG) 10/10 0.0£0.0 364+0.7 369+0.7 30.4+0.5 31.0+0.9 309=+1.1 165.6+1.3
NSGA-II (Form. 2 — AWC) 10/10 0.0£0.0 39.0+4.1 392+23 31.1+12 32.1+£2.8 31.2+1.6 172.6+3.8
NSGA-II (Form. 3—- AWOC)  2/10 12+08 — — — — — —

3.2. Representative Path Behavior

Path behavior is illustrated with three representative scenarios spanning the difficulty range; the remaining
scenarios exhibit similar qualitative patterns, and their complete quantitative results are given in Table 2 to
Table 13. Figure 2 shows the easiest instance, two robots on Map 1. The initial A* paths are already collision-
free but suboptimal in TTT: Formulation 1 reduces the total from 88 to 75, and Formulations 2 and 3 both
improve further to 73, so the per-agent formulations produce the best feasible timing allocation in this low-
interaction setting.
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Figure 3 shows the three-robot bottleneck case on Map 2, where the initial A* paths already contain
collisions. Formulation 1 resolves them and reduces the TTT from 143 to 121, and Formulation 2 reaches a
nearby collision-free result at 122, whereas Formulation 3 ends at 154, worse than the total produced by the
initial A* paths. This illustrates how the unconstrained per-agent design begins to lose practical reliability once
coordination pressure rises.

Figure 4 shows the five-robot warehouse case on Map 3, the most contested instance in the study. The
initial A* paths accumulate 14 collisions with a TTT of 174, while Formulation 1 removes all collisions and

lowers the total to 165. Formulation 2 performs slightly better at 164, whereas Formulation 3 remains worse
than the initial A* total at 191 and still retains two collisions.
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Figure 2. Path comparison on Map 1 with two robots: (a) A*; (b) NSGA-II Formulation 1; (c) NSGA-II Formulation 2;
and (d) NSGA-II Formulation 3
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Figure 3. Path comparison on Map 2 with three robots: (a) A*; (b) NSGA-II Formulation 1.; (¢) NSGA-II Formulation 2;
and (d) NSGA-II Formulation 3
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Figure 4. Path comparison on Map 3 with five robots: (a) A*; (b) NSGA-II Formulation 1.; (c) NSGA-II Formulation 2;
and (d) NSGA-II Formulation 3

3.3. Convergence Behavior

The convergence trend is indicated by plotting the normalized hypervolume (HV) through generations,
which shows the evolution of the front in an ongoing manner [52], within the shared objective space described
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in Section 3.5, for a small and a large instance (Figure 5; average from ten seeds, min-max shaded range,
constant budget of 100 generations). For the two robots on Map 1, the three formulations quickly increase to
30 generations; after that, Formulation 2 stagnates at its feasible optimal point, while Formulations 1 and 3
continue to expand their trade-off fronts.

In case of five robots in a warehouse environment, formulation one increases in monotonic fashion until
it achieves the maximum plateau. On the other hand, Formulation 2 gradually moves towards a viable optimum
solution. However, Formulation 3 achieves its maximum at generation 30 and then starts decreasing, which
shows the lack of diversity because of the crowding distance selection technique. Under the separate
convergence-based budget of up to 250 generations, this scenario is also the most termination-resistant instance
in the study: none of the three formulations converge. The termination condition for every scenario and
formulation is summarized in Table 18 (Section 3.6), and runtime is analyzed in Section 3.7.
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Figure 5. Normalized hypervolume versus generation in the common objective space: (a) Map 1, two robots; (b) Map 3,
five robots. Lines show the mean of ten seeds; shaded bands the min-max range (10 runs, fixed budget of 100
generations)

3.4. Pareto-Front Structure and Interpretability

Figure 6 shows the final solution distributions for the two-robot case on Map 1. Formulation 1 stabilizes
around a very small aggregated front with a narrow objective span from f; = 72 to 75, whose lowest-travel-
time member is still collision-prone. Formulation 2 collapses to two symmetric feasible compromises, (36, 37)
and (37, 36), while Formulation 3 remains similarly compact with five Pareto members, four of which are soft-
feasible. The per-agent formulations therefore expose the same narrow feasible trade-off structure more cleanly
than the aggregated view.
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Figure 6. Pareto-front approximation on Map 1 with two robots: (a) Form. 1, (b) Form. 2, and (c) Form. 3

Figure 7 shows the five-robot warehouse case. Formulation 1 leaves all 100 final-generation points non-
dominated with only two soft-feasible members and a very wide aggregate range from f; = 120 to 165.
Formulation 2 reduces this to a much tighter feasible frontier of 22 Pareto members with moderate spreads
across all five travel-time axes, whereas Formulation 3 leaves all 100 points non-dominated with none soft-
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feasible. Only the constrained per-agent formulation turns the final population into a directly usable set of
deployment alternatives.

This is due to the common problem encountered in Pareto-dominance based algorithms like NSGA-II
when the number of objectives becomes more than three; the dominance pressure decreases very quickly [53]
[54] thereby limiting the efficiency of the algorithm in guiding the population towards the genuine Pareto-
optimal frontier. Several many-objective evolutionary algorithms have been proposed to address this limitation,
including reference-point-based methods such as NSGA-III [55], decomposition-based approaches such as
MOEA/D [56], indicator-based algorithms [57], adaptive reference-vector methods [58], and angle- or
geometry-based selection strategies [59].

47 41 41 50 40 34 56 106 99 81 78 91
T T T T T T T
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Figure 7. Pareto-front approximation on Map 3 with five robots: (a) Form. 1, (b) Form. 2, and (c) Form. 3

3.5. Statistical Comparison of Formulations

To substantiate the per-scenario observations in Section 3.1, the three formulations were compared
statistically using 10 independent runs (seeds 1-10) per scenario, each with a fixed budget of 100 generations.
A Kruskal-Wallis H-test was applied per scenario block to test for differences in TTT; where it was significant
(alpha = 0.05), pairwise Mann-Whitney U tests were run for the three pairs (AGG-AWC, AGG-AWOC, AWC-
AWOC) with Holm-Bonferroni correction. Only feasible runs (NC = 0, zero residual distance) entered the TTT
analysis.

For two-robot scenarios (R = 2), no significant differences were found on any map, so all formulations
reach equivalent solutions under low-complexity conditions. For three- and four-robot scenarios, the Kruskal-
Wallis test was significant in all six blocks; the post-hoc tests identify AWOC as the weaker formulation (the
post-hoc tests identify AWOC as the weaker formulation (AWC-AWOC significant after Holm in all five
remaining blocks and AGG-AWOC in four of the five, with AWOC median TTT higher by 3 to 55 steps),
while AGG and AWC never differ significantly. The sole exception here is R = 3, Map 3, where the Kruskal-
Wallis test yields significance but none of pairs withstands Holm correction; in that case AWOC is still
completely feasible and median TTT of AWOC is slightly higher. In case of five-robots scenario AGG
demonstrates significantly lower median TTT than AWC on all three maps (p = 0.0007-0.0062 after Holm),
which equals 5 to 7 steps; AWOC was impossible to assess reliably in R =5 due to lack of feasibility of 1 to 2
out of 10 runs.

Kruskal-Wallis test on Pareto-front size proves to be significant in 10 of 12 blocks. AWOC achieves
population limit of 100 non-dominated solutions in all scenarios involving three or more robots; it means that
this Pareto front includes infeasible solutions only, whereas the rest are dominated ones; AWC generates the
least distributed front in three and four robots' cases. In light of this information, the following can be stated:
all formulations are equally effective in R = 2; AWOC is less efficient in terms of feasibility and TTT than
other formulations for three or more robots; and finally, AGG and AWC demonstrate statistical equivalence in
terms of TTT up to four robots inclusively, and slight advantage of AGG in R = 5. Therefore, AWC is the
preferable formulation among others considered in this study because of full feasibility in all scenarios and
understandable trade-offs per agent.

Table 15 provides the feasibility percentage. Formulations 1 and 2 still maintain their 100% feasibility in
all cases, but Formulation 3 achieves only 1 out of 10 feasible runs at five robots. Table 16 gives the median
number of points on the Pareto front. Formulation 3 reaches the population cap of 100 points in every four-
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and five-robot scenario (and at R =3 on Map 2), approaching it at R = 3 on the other two maps, but Formulation
2 maintains the tightest front; the Kruskal-Wallis p-value compares the three formulations across scenarios.

The comparisons above concern deployment-oriented quantities (feasibility, TTT, and Pareto-front size).
To assess the quality of the approximation fronts themselves, two standard indicators are additionally reported:
hypervolume (HV), the only unary indicator fully compliant with Pareto dominance [60], and the inverted
generational distance (IGD) [57]. Because the three formulations optimize objective vectors of different
dimensionality (M = 3, R, and R + 2), indicator values computed in each formulation's own objective space are
not mutually comparable. All final populations are therefore projected into a common three-dimensional space,
the sum of residual distances (f;), the number of inter-agent collisions (f3), and the TTT (f3), in which every
solution of every formulation is well defined; the projection is exact and requires no re-evaluation. For each
scenario, the HV reference point is set to 1.10 times the per-objective maximum over the union of all 30 runs
(3 formulations x 10 seeds), HV values are normalized by the volume between this reference point and the
union ideal point, and the IGD reference front is the non-dominated subset of the union of all 30 run fronts,
computed on objectives normalized to the same range. Differences across formulations are tested per scenario
with the Kruskal-Wallis test (o = 0.05).

Table 14. Kruskal-Wallis p-values and Holm-adjusted pairwise p-values for feasible-run total travel time (TTT)

NR Map p AGG-AWC AGG-AWOC AWC-AWOC
kw (pHulm) (pHulm) (pHolm)
1 n/a — — —
2 2 0.74405 — — —
3 n/a — — —
1 0.01006 0.06941 0.11338 0.01775
3 2 0.00012 0.22847 0.00108 0.00080
3 0.01184 1.00000 0.10453 0.06969
1 0.00011 0.33470 0.00089 0.00077
4 2 0.01767 0.81138 0.03472 0.02438
3 <0.001 0.36812 0.00012 0.00012
1 0.00024 0.00071 T T
5 2 0.00181 0.00618 T (1/10) +
3 0.00028 0.00086 il il
NR: Number of Robots; pky is the omnibus Kruskal-Wallis p-value. Pairwise values are Holm-Bonferroni-adjusted p-values. Values
significant at (@ = 0.05) are shown in bold. — = post-hoc comparison not performed after a non-significant omnibus test; n/a = all

values identical (no variance to test); T = (n_feas < 2), so pairwise inference is unreliable and excluded from claims.

Table 15. Feasibility rate (feasible runs out of 10) for the three formulations across all scenarios
Map NR Form.1(AGG) Form.2 (AWC) Form.3 (AWOC)

2 10/10 10/10 10/10
1 3 10/10 10/10 10/10
4 10/10 10/10 8/10
5 10/10 10/10 2/10
2 10/10 10/10 10/10
2 3 10/10 10/10 8/10
4 10/10 10/10 3/10
5 10/10 10/10 1/10
2 10/10 10/10 10/10
3 3 10/10 10/10 10/10
4 10/10 10/10 10/10
5 10/10 10/10 2/10

Table 16. Median Pareto-front size per run, with the Kruskal-Wallis p-value per scenario

Map NR Form. 1 (AGG) Form. 2 (AWC) Form. 3 (AWOC) KW p
2 38.0 9.0 55 n.s.
| 3 91.5 23.0 89.5 <0.001
4 4.0 35 100.0 <0.001
5 7.0 42.0 100.0 <0.001
2 21.0 28.0 67.0 0.010
5 3 65.0 16.5 100.0 <0.001
4 54.0 21.5 100.0 <0.001
5 21.5 63.5 100.0 <0.001
2 18.0 7.0 18.0 n.s.
3 3 5.0 4.5 98.5 <0.001
4 6.5 35 100.0 <0.001
5 22.5 43.0 100.0 <0.001
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Table 17 summarizes the results; the differences are significant in all twelve scenarios for both indicators.
Formulation 3 attains the largest HV and the smallest IGD in most scenarios with two to four robots, whereas
Formulation 1 leads in all five-robot scenarios; Formulation 2 yields the lowest HV throughout. These
indicators must, however, be read together with the deployment metrics: HV and IGD reward broad coverage
of the projected objective space, including trade-off solutions that still contain collisions (f, > 0), which
Formulations 1 and 3 retain in their populations by design. Formulation 2 instead concentrates its search on the
feasible region (f; = f, = 0), so its projected front collapses toward the single best feasible travel time, a small
hypervolume, but the highest feasibility rates in Table 15. Indeed, in several small scenarios Formulation 2
reaches an identical feasible optimum in all ten seeds (zero variance), indicating deterministic reliability rather
than poor search. The five-robot pattern is consistent with the termination analysis in Table 18: under a fixed
generation budget, the fixed three-dimensional space of Formulation 1 is easier to cover than the seven-
dimensional per-agent spaces. The generation-wise behavior of HV underlying these end-of-run values is
shown in Figure 5 (Section 3.3).

Table 17. Normalized hypervolume (HV, higher is better) and inverted generational distance (IGD, lower is better) in the
common objective space (mean = SD over 10 runs), with Kruskal-Wallis p-values per scenario

KW p KWp
NR Map HV Form.1 HV Form.2 HYV Form.3 (HV) IGD Form.1 IGD Form.2 IGD Form.3 (IGD)

1 0.43+0.12 0.27+0.00 0.39+0.11 <0.001 0.018+0.011 0.315+0.000 0.022+0.010 <0.001
2 2 0.26+0.03 0.24+0.01 0.49+0.09 <0.001 0.301+0.055 0.353+0.004 0.088+0.047 <0.001
3 0.52+0.09 0.42+0.00 0.56+0.08 <0.001 0.013+0.008 0.042+0.000 0.010+0.007 <0.001
1 0.57+0.02 0.49+0.00 0.73+0.03 <0.001 0.034+0.007 0.093+0.000 0.031+0.033 <0.001
3 2 0.60+0.00 0.57+0.00 0.74+0.01 <0.001 0.157+0.005 0.181+0.003 0.121+0.015 <0.001
3 0.46+0.07 0.41£0.00 0.68+0.03 <0.001 0.086+0.033 0.116+0.000 0.016+0.009 <0.001
1 0.70+0.03 0.67+0.00 0.74+0.02 <0.001 0.049+0.011 0.059+0.004 0.131+0.058 <0.001
4 2 0.62+0.01 0.60+0.00 0.68+0.04 <0.001 0.363+0.007 0.389+0.001 0.117+0.027 <0.001
3 0.64+0.01 0.62+0.00 0.73+0.03 <0.001 0.052+0.008 0.060+0.000 0.037+0.026 <0.001
1 0.78+0.03 0.73£0.01 0.74+0.04 0.002 0.106+0.036 0.151+0.007 0.214+0.050 <0.001
5 2 0.79+0.05 0.68+0.01 0.76+0.03 <0.001 0.111+0.065 0.213+0.007 0.212+0.040 <0.001

3 0.77+0.03 0.70£0.01 0.71+0.06 <0.001 0.044+0.014 0.097+0.010 0.190+0.079 <0.001
HV and IGD are computed in the common objective space (f;, f5, f3); shared reference point per scenario = 1.10 x per-objective
maximum over all 30 runs; KW p = Kruskal-Wallis p-value across the three formulations (o= 0.05).

3.6. Summary of Termination Behavior

The termination summary across the twelve planning scenarios shows a clear scaling effect with respect
to both robot count and map structure. All three formulations converge in the two-robot cases, and Formulations
1 and 2 remain convergent across all three-robot cases. Beyond that point, convergence becomes increasingly
difficult: only some four-robot cases still satisfy the hypervolume criterion within the 250-generation budget,
and the five-robot Map 3 scenario does not converge for any formulation. These results indicate that the current
budget is generally sufficient at low-to-moderate scale but becomes restrictive as coordination density
increases.

When comparing termination across formulations, it should be noted that the hypervolume-based
stopping rule is applied in objective spaces of different dimensionality (three for Formulation 1, R for
Formulation 2, and R+2 for Formulation 3). Moreover, dominance-based selection in NSGA-II is known to
weaken once the number of objectives exceeds three to four, which slows the stabilization of the hypervolume
indicator independently of the underlying search progress. Therefore, the reported termination results reflect
the convergence behavior of each formulation under its own stopping criterion rather than a direct comparison
across formulations. Some of Formulation 3's non-convergent (MaxGen) runs may therefore reflect the higher-
dimensional objective space rather than search failure alone.

The sharp degradation of Formulation 3 at four and five robots should be interpreted with care, because
two effects are confounded by design. Formulation 3 removes the hard constraints, but it also has the highest
objective dimensionality (R+2, i.e., up to seven objectives at five robots), whereas Formulation 2 shares the
per-agent structure yet keeps only R objectives and remains fully feasible. The primary driver of Formulation
3's collapse is the loss of feasibility that follows from removing the constraints; in addition, because NSGA-II
relies on Pareto dominance, whose selection pressure is known to weaken beyond three or four objectives
[53][54], the many-objective setting compounds the degradation. Isolating these two causes would require
running the per-agent formulations under a many-objective engine designed for high-dimensional objective
spaces, such as a reference-point method (NSGA-III [54][55]) or a decomposition-based method (MOEA/D
[56]); if Formulation 3 recovered under such an engine while Formulation 2 remained stable, dimensionality
would be implicated, whereas persistent failure would strengthen the constraint-absence explanation. The
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comparative analysis described above is left for future work, and the current observations on Formulation 3
are presented here as results based on NSGA-II rather than as general claims regarding the formulation.

These findings are in agreement with earlier research on NSGA-II-based path-planning algorithms,
wherein A* seeding speeds up the algorithm's convergence rate [27], and multi-objective problem formulations
offer more tradeoffs than aggregations of single objectives [28][29]. As the former studies have used distinct
maps, numbers of robots, and objective functions, a numerical comparison does not make sense; however, the
latter constitutes the contribution of this work.

The termination condition is reported from a single illustrative run per scenario with a convergence-based
budget of up to 250 generations and therefore complements Table 2 to Table 13, which aggregate ten
independent runs with a fixed budget of 100 generations. Each cell in Table 18 reports the generation at which
the hypervolume criterion was met; shaded cells marked with an asterisk reached the maximum generation
limit (250) without converging (MaxGen).

Table 18. Termination condition (generation at convergence or MaxGen limit) for each map, robot count, and
formulation. Shaded cells indicate runs that failed to converge within 250 generations
NR Map Form.1 (AGG) Form. 2 (AWC) Form. 3 (AWOC)

1 37 44 62
2 2 82 66 124
3 45 49 56
1 53 67 250"
3 2 130 181 250"
3 32 66 247
1 250" 104 250"
4 2 90 250" 250"
3 38 68 250"
1 101 219 250"
5 2 169 250" 250"
3 250" 250" 250"

* Reached the maximum generation limit (250) without converging (MaxGen).

Formulation 1 exhibits the most stable termination behavior overall. It converges in 10 of 12 scenarios,
covering all two-robot and three-robot cases, two four-robot cases (Map 2 at generation 90 and Map 3 at
generation 38), and two five-robot cases (Map 1 at generation 101 and Map 2 at generation 169). Its only non-
convergent cases are Map 1 with four robots and Map 3 with five robots, indicating that the aggregated-
objective formulation remains the most robust as the search space grows.

Formulation 2 converges in 9 of 12 scenarios. Like Formulation 1, it converges in all two-robot and three-
robot cases, but it generally stabilizes later, most notably on Map 2 with three robots (generation 181) and Map
1 with five robots (generation 219). At higher robot counts, its convergence becomes less consistent: it
converges on Map | and Map 3 with four robots and on Map 1 with five robots but reaches MaxGen in the
remaining larger cases. From these results, one can say that handling hard constraints maintains feasibility but
makes satisfaction of the hypervolume-based termination criterion harder.

Formulation 3 demonstrates the worst termination performance among the three formulations. It stabilizes
only in the three cases when there are two robots and in the case of three robots in Map 3. Stabilization in the
latter case comes rather late, at generation 247. In other eight scenarios, it reaches MaxGen. Overall, in their
individual hypervolume stopping conditions, the stability of termination occurs in the order of Formulation 1,
Formulation 2, and Formulation 3. The unconstrained formulation for each agent is more difficult to terminate
as the degree of coordination increases.

3.7. Computational Time Analysis

The computation time was recorded on ten independent experiments per scenario configuration on an
Intel Xeon CPU E5-2697 v4 @ 2.30 GHz, 8 cores, 7.8 GB RAM, Ubuntu 24.04.2 LTS, and Python 3.12.3 with
NumPy 2.3.5, SciPy 1.16.3, and pymoo 0.6.1.6. Convergence detection was turned off and the generation
budget was set to MaxGen = 100 in all scenarios to guarantee equality of the number of generations for
comparison between different maps, robot counts, and formulations.

Table 19 shows computational time statistics for twelve map-robot configuration scenarios for three
formulations. The mean execution time varies from 70.96 seconds (Formulation 3, Map 2, 2 robots) to 117.32
seconds (Formulation 2, Map 1, 5 robots), with all computations being completed within two minutes.
Generally, the increase in the number of robots results in increased computation time for all three formulations
as it leads to higher computation costs when assessing solution candidates. However, in some cases, the
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relationship between the computation time and the number of robots is not entirely monotonic. For instance,
in Formulation 1 at Map 3, the average execution time decreases from 102.04 seconds (4 robots) to 101.50
seconds (5 robots).

Formulation 3 is the most computationally efficient overall, with a grand mean of 91.47 s, and it records
the lowest mean runtime in 11 of the 12 configurations. Formulations 1 and 2 are closely matched at 96.49 s
and 97.25 s, respectively, indicating that Formulation 2 does not incur a uniform runtime penalty relative to
Formulation 1. Across formulations, Map 2 yields the lowest average runtime within each formulation, whereas
Maps | and 3 are generally slower depending on the robot count and formulation. The amount of memory used
in all cases is minimal: 100 chromosomes with the length comparable to the sum of robot paths for up to five
robots consume significantly less than a few megabytes of memory, which makes runtime a limiting factor
here.

The standard deviation values for all configurations stay low (1.11 —4.09 s), which means that the process
is consistent and reliable. The reason why the variance is so low is that there was no convergence detection
implemented, and each run had to run exactly 100 iterations.

Table 19. Runtime statistics (mean = SD, s) for the three formulations across all scenarios
Form. 1 (AGG) Form. 2 (AWC) Form. 3 (AWOCQ)

Map  NR — an (s) Std (s) Mean (s) Std (s) Mean (s) Std (s) Friedman p
2 85.31 1.94 86.94 111 87.29 230 0.0004
' 3 96.00 2.77 98.49 231 92.20 228 <0.0001
4 105.27 3.62 102.43 1.94 99.94 1.79 <0.0001
5 115.46 331 117.32 2.49 108.50 2.92 <0.0001
2 74.38 1.46 75.66 1.58 70.96 224 0.0001
5 3 86.55 1.99 89.03 2.43 79.34 1.88 <0.0001
4 97.35 1.70 96.36 1.22 90.58 121 0.0001
5 108.47 339 113.90 2.92 103.15 2.59 <0.0001
2 93.32 247 92.25 3.57 88.46 4.09 0.0001
3 3 92.19 132 95.34 2.05 88.20 2.67 <0.0001
4 102.04 1.78 96.75 1.77 92.14 1.81 <0.0001
5 101.50 2.03 102.58 3.09 96.90 1.79 0.0002

Friedman test per (Map, robot-count) block over the ten seeded runs; every block shows a significant difference. Form. 3 (AWOC)
records the lowest runtime, but this reflects premature convergence to infeasible solutions rather than genuine efficiency (see Section
3.5); Form. 1 and Form. 2 differ by at most a few seconds.

4. CONCLUSIONS

In this study, we have compared three different multi-objective formulations for multi-robot path planning
using the NSGA-II algorithm within an equivalent optimization scheme. While the objective decomposition
and feasibility representation were not the same, the three formulations used the same evolutionary operators
and the A* method as the initialization step. The experimental analysis conducted in twelve cases revealed that
problem formulation had an impact on the process of optimization.

Both Formulation 1 and Formulation 2 always provided feasible solutions, but Formulation 3
progressively lost feasibility as more robots were added: its feasibility rate began to decline from three robots
on the harder maps and fell to only one or two feasible runs out of ten at five robots. Although in some difficult
cases, Formulation 1 was able to give better travel times in comparison with Formulation 2, the latter one is
preferable due to feasibility and interpretable trade-off between objectives, as well as smaller Pareto Front.

These results suggest that problem formulation is an important parameter when solving multi-robot path
planning problems using NSGA-II, as it influences convergence, stability of termination, feasibility and the
structure of solution set rather than just the values of objectives. The current study is limited to static grid maps
with at most five robots and only to NSGA-II with the same evolutionary operators. The experimental results
obtained are furthermore constrained to four-direction differential-drive grid robots with unity duration
translations, rotations, and waits. While the parametrically specified execution time definition from Equation
(6) allows for the use of non-unity durations and robot-specific motion durations, heterogeneous or continuous-
heading robot models have not been evaluated in this study.

Future research will concentrate on investigating robots’ big scale, dynamic environment, and other multi-
objective algorithms such as NSGA-III and MOEA/D. Future investigations could involve investigating the
speeds of different robots, movement in eight directions, and angle-specific rotational times with the same
multi-objective problem formulation approach.
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