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Abstract: This paper presents a novel fuzzy decision-making framework for decentralized task
allocation in heterogeneous multi-robot systems, enhanced through particle swarm optimization.
The proposed model, called Particle Swarm Optimization of Fuzzy Decision-Making for Task
Selection (PSO-FDM-TS), automates the tuning of fuzzy membership function parameters to
improve adaptability and robustness in uncertain environments with limited communication.
Through extensive simulations in a warehouse transportation scenario, PSO-FDM-TS achieves
a significant reduction in task completion error compared to both manually-tuned fuzzy systems
and observation-based allocation approaches. Moreover, the results show that PSO-FDM-TS
maintains superior performance across diverse operational conditions, including varying task
heterogeneity, different robot team sizes, and large-scale deployments without the need for inter-
robot communication. This work represents a key step toward scalable and efficient coordination
of heterogeneous robot teams in real-world applications such as automated logistics and mission
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adaptation in hostile environments.
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1. INTRODUCTION

Heterogeneous Multi-Robot Systems (HMRS) have re-
cently emerged as a powerful and flexible paradigm in
robotics. Unlike homogeneous teams, HMRS are composed
of autonomous robots that differ in sensing, actuation, and
computational capabilities. This diversity enables more
efficient collaboration in missions that would otherwise be
difficult for homogeneous teams or single robots (Verma
et al., 2025; Do et al., 2025). The heterogeneity enables
specialization of roles, where each robot can be assigned
tasks aligned with its unique strengths, improving overall
mission efficiency, robustness to failures, and adaptability
to dynamic environments (Mayya et al., 2021).

One prominent and practical application domain of HMRS
is automated warehouse management. Modern warehouses
rely heavily on fleets of autonomous robots to perform
various tasks such as inventory transport, shelf replenish-
ment, order picking, and sorting. In such environments,
robots may differ widely; for example, some are specialized
in heavy lifting, others in fast navigation, and others in
fine manipulation. Efficient coordination of these hetero-
geneous robots is essential to maintain high throughput,
reduce costs, and adapt to changing order demands and

layouts (Oliveira et al., 2022). The complexity of ware-
house environments, combined with noisy sensing and
unreliable communication, highlights the need for robust
decentralized task-allocation strategies that can handle
uncertainty in real time.

To address the robot’s uncertainty and limited observ-
ability when making decisions to perform a given task,
fuzzy logic (Zadeh, 1965) has emerged as a robust and
intuitive framework. By representing system variables with
linguistic terms and fuzzy membership functions, fuzzy
logic captures the inherent imprecision of sensor data
and environmental factors, enabling flexible, human-like
reasoning in multi-agent systems (Rafik et al., 2022; Thi
et al., 2022). In the context of multi-robot task allocation,
fuzzy logic can model complex decision criteria, incor-
porate expert knowledge and tolerate ambiguity, thereby
improving coordination under uncertainty (Mulani and
Ramachandran, 2023; Xidias and Zacharia, 2024).

Building on these insights, previous studies (Rechache
et al., 2024; Teggar et al., 2021b,a) introduced the Fuzzy
Decision-Making for Task Selection (FDM-TS) framework,
a decentralized and communication-free approach wherein
each robot employs fuzzy inference to autonomously al-
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locate tasks based solely on locally observed information.
The framework demonstrated promising results by han-
dling uncertainty effectively while achieving decentralized
task allocation without requiring significant communica-
tion. However, several limitations still hinder its practical
deployment. One of the most critical limitations arises
from the dependence on manual calibration of fuzzy mem-
bership functions, a procedure that is not only time-
consuming but also demands substantial domain-specific
expertise. Manual tuning typically produces static pa-
rameter settings that lack the flexibility needed to adapt
to evolving mission objectives or changing environmental
conditions. In addition, as the scale of the system increases
with a growing number of robots and tasks, the dimen-
sionality of the parameter space expands combinatorially,
rendering exhaustive manual optimization computation-
ally infeasible and practically unmanageable.

To overcome these limitations, this study proposes inte-
grating automated optimization techniques, with a par-
ticular focus on Particle Swarm Optimization (PSO),
a metaheuristic well suited for tuning fuzzy systems.
PSO simulates the collective behavior of swarms to effi-
ciently search complex, high-dimensional, and nonlinear
parameter spaces, making it an attractive choice for op-
timizing fuzzy membership functions (Aliskan, 2025). Its
population-based search strategy balances exploration and
exploitation, facilitating convergence to near-optimal so-
lutions without requiring gradient information. Addition-
ally, PSO’s relative simplicity and computational efficiency
enable practical implementation in real-time or near-real-
time multi-robot applications.

The enhanced Particle Swarm Optimization for Fuzzy
Decision-Making in Task Selection (PSO-FDM-TS) frame-
work presented in this work provides a substantial con-
tribution by automating membership function tuning,
thereby reducing manual effort while improving system
adaptability and scalability. Through extensive experimen-
tal evaluation in simulated environments that incorporate
realistic communication constraints and sensor noise, the
proposed approach demonstrates marked improvements in
task allocation accuracy and reductions in mission comple-
tion errors. Importantly, these benefits are achieved with-
out sacrificing the decentralized architecture or scalability
inherent to the original framework.

In summary, this work contributes to the growing body
of research seeking robust, scalable, and adaptive coor-
dination mechanisms for heterogeneous multi-robot sys-
tems operating under uncertainty. By combining the inter-
pretability of fuzzy logic with the optimization capability
of PSO, this approach offers a novel solution that addresses
critical challenges in decentralized task allocation, paving
the way for more effective deployment of HMRS in complex
real-world missions, such as automated warehouse man-
agement, search and rescue operations, and environmental
monitoring.

The remainder of this paper is organized as follows: Section
2 analyzes existing works on task allocation and fuzzy
optimization. Section 3 formally models the task allocation
problem in heterogeneous systems. Section 4 presents
the FDM-TS mechanism, whose limitations motivate the
integration of PSO optimization described in Section 5.

Sections 6 and 7 experimentally validate the approach and
analyze the performance. Finally, a conclusion summarizes
the contributions and future perspectives.

2. RELATED WORKS

Task allocation in heterogeneous multi-robot systems has
been widely studied. Existing approaches are commonly
classified into three categories: centralized, market-based,
and fully distributed strategies (Gerkey and Mataric, 2004;
Rizk et al., 2019). Centralized methods exploit global sys-
tem information to optimize task assignments but suffer
from scalability limitations and single points of failure
in large-scale deployments (Gerkey and Mataric, 2004).
Market-based approaches, such as the contract-net proto-
col, decentralize decision-making by allowing robots to bid
on tasks (Zhao and Wang, 2013). Although robust, these
methods often require substantial communication and re-
main sensitive to miscoordination. Fully distributed strate-
gies rely on local decision rules and utilities derived from
individual robot perceptions (Mayya et al., 2021). These
approaches are generally robust to failures and adaptable
to dynamic environments, but they require well-designed
coordination rules to avoid deadlocks and conflicting task
assignments.

To improve efficiency, several task-decomposition strate-
gies have been proposed. These methods divide complex
missions into smaller, often independent subtasks that can
be executed in parallel, improving the use of heterogeneous
robot capabilities (Rizk et al., 2019; Ching-Wei and Wei-
Yu, 2024). Task decomposition can be performed manually
(Gil et al., 2023) or automatically. In both cases, it allows
robots to make local task-selection decisions without re-
quiring explicit communication. For instance, Gerkey and
Mataric (2004) introduced a mathematical framework for
dynamic task allocation under communication constraints
using local utility functions. Similarly, Dahl et al. (2009)
proposed a vacancy-chain approach for distributed task
allocation, optimizing system-wide objectives such as effi-
ciency and cost-effectiveness.

Recent research has focused on resilient task allocation
for heterogeneous teams, often relying on Al-driven tech-
niques to enhance coordination, adaptability, and decision-
making under uncertainty. Notable approaches include
fuzzy logic—based models for task allocation (Teggar et al.,
2021b,a; Valero et al., 2023; Jaume-Martin et al., 2024;
Rechache et al., 2024). In Multi-Robot Task Allocation
System (MRTAS), fuzzy logic has been employed through
Fuzzy Inference Systems (FIS) to combine multiple de-
cision criteria into utility-based decision-making. These
criteria commonly include factors such as distance, energy
availability, and task urgency (Valero et al., 2023). Most
applications focus on energy-aware task execution in bio-
inspired simulations (Jaume-Martin et al., 2024; Islam and
Akhtar, 2017; Valero et al., 2023). Others investigate par-
allel dynamic allocation using the Fuzzy Predictor for Task
Execution (FP-TE) (Teggar et al., 2021b,a).The FP-TE
output delivers a utility value that serves as the allocation
criterion, enabling each robot to autonomously determine
its next task. However, the majority of these approaches
remain confined to simulated or communication-rich envi-
ronments, which restricts their scalability and applicability
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in realistic decentralized scenarios. Addressing this limita-
tion, Rechache et al. (2024) proposed a Fuzzy Decision-
Making in Task Selection (FDM-TS) for HMRS without
explicit inter-robot communication, where complex mis-
sions are decomposed into elementary subtasks managed
by a FP-TE. Despite such advances, important challenges
persist regarding scalability, robustness to uncertainty, and
real-world deployment. Moreover, most fuzzy-based MR-
TAS still rely on expert-defined membership functions and
rule weights (Valero et al., 2023). This limits their adapt-
ability to heterogeneous missions, dynamic environments,
and diverse robotic platforms.

To address these limitations, several studies have explored
automatic optimization of fuzzy systems using metaheuris-
tics such as Genetic Algorithms (GA) and Particle Swarm
Optimization (PSO) (Roy et al., 2022). PSO is particu-
larly attractive due to its simplicity, low computational
cost, and fast convergence in high-dimensional continuous
spaces (Kennedy and Eberhart, 1995). It has been success-
fully applied to optimize fuzzy controllers in navigation,
industrial process control, and energy management tasks
(Prauzek et al., 2025). Nevertheless, the integration of
fuzzy logic and PSO for fully decentralized task allocation
in HMRS remains largely unexplored.

The review of existing approaches shows that most fuzzy-
based task allocation methods rely on fixed, expert-
defined membership functions, which limits their adapt-
ability in heterogeneous or dynamic environments. Simi-
larly, optimization-based strategies typically assume some
form of communication or negotiation between robots,
making them unsuitable for strictly communication-free
settings. Furthermore, prior studies rarely address the
inherent combinatorial nature of decentralized task al-
location, which leads to NP-complete complexity when
considering multiple robots and heterogeneous subtasks.
These limitations motivate the development of a more
adaptive and scalable framework.

The originality of this work, detailed in Sections 4 and
5, lies precisely in addressing these gaps by combining
decentralized fuzzy reasoning with PSO-based optimiza-
tion of membership functions, all operating under strict
communication constraints. Accordingly, Section 3 is ded-
icated solely to formalizing the underlying problem and
its inherent complexity, while the proposed methodology
is introduced immediately afterward in the subsequent
sections.

3. PROBLEM FORMULATION

A team of g autonomous robots R = ry,re,...,14 is
considered, operating in a structured environment without
a central controller and without direct communication
between robots.

The global mission consists of executing a complex task
T, observed only at the beginning of the mission in a
specific observation area. This initial observation provides
each robot with a full description of the elementary tasks,
which cannot be accessed again later in the mission.
Consequently, robots must store this information and
make their future decisions solely based on this observation
and their local perceptions.

Warehouse
of goods

Fig. 1. Task Allocation Process Based on Local and Global
Observations in a Multi-Robot System

Fig. 1 illustrates the resource selection process in a modern
warehouse managed by mobile robots. In this scenario,
Robot2 first observes the description of a complex task
in the assembly area and then searches for the required
resources within the warehouse. Once the resources are
identified, the robot initiates a decision-making process to
determine the most suitable choice. This decision relies
on two key elements: (i) the memorized observation of
the complex task to be executed, and (ii) the local obser-
vation of resources already selected by other robots. For
example, Robot1 has already chosen a Typel resource for
the execution of subtask ¢17. Since the assembly requires
only one unit of this type, Robot2 must instead select
an alternative resource, either Type2 or Type3, thereby
ensuring complementarity and efficiency in the collective
task allocation process.

8.1 Decomposition of complex task
The complex task T consists of n subtask (or n simple

tasks):
,On}, (1)

where each subtask o; of type i is composed of |oy]
elementary tasks:

o; = {ti1, tiz, . .

T= {0’1,0'2,...

~7ti\a,:|}' (2)

An elementary task t;; € o; , with 1 < ¢ < |T] and
1 < j < |oj|, is defined as a minimal action that cannot
be further decomposed. Such tasks are mutually indepen-
dent, without precedence constraints, and can therefore be
executed in parallel by different robots.

The total number of elementary tasks in the mission is

therefore:
|T|

=1

3.2 Resources and Environment

Each elementary task t¢;; requires a specific quantity
of physical resources (e.g. goods), which are distributed
across a set of nodes V,..s located outside the observation
area. The available stock of a resource type ¢ at node v
is denoted b’ € N. The environment is represented as a
metric graph G = (V,es, E), where E C V x V the set of
edges connecting them. A travel cost function d : Vs X
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Vies — RT is associated with each edge, defining the cost
of moving between two nodes.

Remark 3.1. A robot can execute an elementary task ¢;;
only if it has previously acquired the required resources.

3.8 Desired Ratios and Progress State

In Fig. 2, the desired ratio 7(o;) of subtask o; denotes
the intended proportion of elementary tasks composing o;
relative to the overall complex task:

_ ol

(o) = 52 (4)

Similarly, the progress state P(o;) of subtask o; is
defined as the proportion of its executed elementary tasks
with respect to the total number of tasks:

_ loi

Ploy) = 92, )

where o} denotes the set of elementary tasks of o; that have
already been completed by the robots. Each completed
elementary task is added to the corresponding set of the
same type ¢ under the index t;,,, with:

z=loj|+1 (6)
3.4 Global Error and Global Accuracy

The relative error in the execution of a subtask o; is
defined as the difference between its current progress and
its desired completion ratio:

6(0i) = P(oi) — 7(03). (7
Remark 3.2. Initially, the relative error §(o;) is typically
negative because the progress P(o;) starts from zero while
the desired ratio 7(o;) is strictly positive. As execution
progresses, 6(c0;) increases and tends to converge towards
zero if the allocation strategy is effective.

The global error A(T) corresponds to the sum of abso-
lute relative errors over all subtasks:
||

NGESCT ®)

Finally, the accuracy of the mission A(T) is defined as
the inverse of the global error when the error is strictly
positive, and is set to a constant value (1/¢) when the
global error is equal to zero or negligible error € # 0:

1
—— ifA(T) >¢
1/e ifA(T) <e
where € it may also serve as a stopping criterion for the
allocation process.

A(T) = 9)

Observation
§ Complex Task T
@ Task accomplished

O Task awaits ~

S
N
S

Elementary Tasks

Fig. 2. Evaluation of the complex task execution.

8.5 Optimization Objective

The objective of MRTAS is to execute the elementary
tasks so that the final distribution of completed subtasks
matches the desired ratios 7(o;) as closely as possible,
while accounting for resource availability and local fea-
sibility constraints.

Formally, the problem can be stated as:
7|

H%Tin A(T) = Z 6(ai)] 5

where 7 denotes the strategies for the selection of elemen-
tary task by all robots over time.

(10)

Remark 3.3. Minimizing the global error A(T') is equiv-
alent to maximizing the accuracy A(T):

max AT) < Ir;in A(T). (11)

The optimization is subject to the following constraints:

Progress constraint: A robot r may select a task be-
longing to o; only if the current progress P(o;) is below
its desired ratio 7(0;):
P(Oz) <T(0-i)a Vi € {17“'7'0-1"}' (12)
Resource constraint: Let a;; denote the amount of
resource type ¢ required to execute an elementary task
t;j € 04, and by the available stock at resource node v. A

robot r can execute the elementary task ¢;; only if:
Z Uppe 2> Gig, VL,
VEVies

where ¢ is the quantity of resource £ accessible to r from
node v.

(13)

Feasibility constraint: Let F(r, 0;) be the set of feasible
actions for robot r given its current location, resources,
and environment state. A selected task must belong to the
feasible set:

g; Gf(T,Ji). (14)

The overall problem can thus be summarized as:
17|
min Z |P(o;) — 7(03)]|,
i=1
subject to:
P(o;) < 7(0y), Vi,

Z Urpe 2 Qip, VE,
VEVies
o; € F(r,0:).

This formulation makes explicit the trade-off between min-
imizing the task allocation error and respecting opera-
tional constraints in a decentralized multi-robot environ-
ment.

8.6 Task Allocation Complexity and Strategy Selection

Building upon the constraints imposed by the selection
of elementary tasks, it is important to emphasize that
the subsequent allocation process inherently involves a
combinatorial search. In a distributed multi-robot system
(DMRS)), this search can be formalized as a combinatorial
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optimization problem, where the objective is to identify
the optimal matching between available robots and feasible
subtasks. More specifically, the problem can be expressed
as the selection of a subset of (robot, task) pairs from
the set of all admissible arrangements, without repetition.
The total number of possible assignments, denoted by
N Bagsgn, is expressed as:

|
= P when NBy >|R| (16)

Here, |R| is the number of robots in the system, and N By
represents the number of all elementary tasks t;; € o;
whose progress rate P(c;) has not yet reached the desired
completion ratio 7(o;). Formally:

|7

NBy = Z

=1
P(o;)<7(0:)

(loil = lol) (17)

where |o;| denotes the total number of subtasks in o;, and
|o}| the number of already completed subtasks as shown
in (5).

This class of task-allocation problems is known to be
NP-complete, meaning that computation time grows ex-
ponentially with problem size and makes exact solutions
impractical for large-scale systems.

4. FUZZY DECISION-MAKING IN TASK
SELECTION (FDM-TS)

To derive an effective allocation strategy m, as defined
in (15), this section introduces a task allocation model
for multi-robot systems that integrates a fuzzy predictor.
The predictor leverages the values obtained from (18) to
compute a utility function that simultaneously accounts
for task requirements and contextual factors. This utility
function provides the foundation for decision-making in
resource selection and task distribution. By embedding
fuzzy reasoning, the model is capable of addressing un-
certainty and imprecision inherent in real-world environ-
ments, thereby improving the robustness of the allocation
mechanism.

Before detailing the formal specification of the utility func-
tion and its implementation within the proposed frame-
work, it is worth recalling that the robot r can only choose
an elementary task ¢;; € o; only if the two conditions speci-
fied in (12) and (13) are satisfied. If these conditions hold,
and under the assumption that when a robot considers
executing an elementary task ¢; € oy, the predicted error
of oy, is given by:

oyl +1
6/(0k) — | k]|v

while the corresponding predicted global error resulting
from this choice is given by:

—7(0%), (18)

|7

AT, k) = |6 ()| + > [6(ow)].

itk

(19)

In a single-robot scenario, a simple strategy based on
selecting the task that minimizes the predicted future error
may be effective , but it often leads to coordination chal-
lenges in multi-robot environments. Specifically, multiple
robots may select the same elementary task #;; simultane-
ously, resulting in overshooting its target execution ratio
and lower overall assignment accuracy of oy.

To address this issue, a fuzzy predictor inspired by FP-TE
(Teggar et al., 2021b) is employed. The predictor operates
locally, without inter-robot communication, and uses the
concept of fuzzy logic to calculate a task utility value that
will be included in the strategy of task selection. This
utility considers both the potential to reduce the global
complex task error and the likelihood that the task will be
chosen by other robots, thus improving the distribution of
work and maintaining cooperative behavior in the absence
of explicit coordination.

Predictor Inputs: For each candidate future elementary
task t;, the FP-TE uses two inputs:

o Predicted complex task error PCE(T,k): the error
value expected if tj; is executed next, computed as:
T
PCE(T, k) =0'(ok) + Y _ 8(07)
ik
where §’ (o) is the predicted relative error of simple
task oy if tg; is chosen, calculated using (18). It
is worth noting that PCE(T,k) takes positive or
negative values, unlike A’(T, k), which takes positive
values as given in (19).

(20)

e Local observation of active robots D(r): the estimated
density of active robots, measured as the number
of robots detected in the vicinity using onboard
perception (e.g. vision, sonar).

Predictor outputs: the output is the utility value u(ty;)
such that the utility function is defined as :

u:af—>[0,1]7 u(tfj)G[O,l], ty; € of. (21)
where for each elementary task t;; € oy, the utility
function assigns a value between 0 and 1 such that the
highest values indicate the most important tasks and

which contribute more effectively to minimizing the global
error A(T).

4.1 Fuzzy Inference System

Fig. 3 illustrates the FP-TE inputs and output, each repre-
sented as a linguistic variable defined by its corresponding
membership functions:

o Predicted complex task error (Fig. 3a): ZE (Zero
Error), SNE (Small Negative Error), ANE (Average
Negative Error), BNE (Big Negative Error), POS
(Positive)

e Local observation (Fig. 3b): LD (Low Density), MD
(Moderate Deunsity), ID (Intensive Density)

o Task utility (Fig. 3c): ZU (Zero Utility), NU (Neg-
ligible Utility), IU (Important Utility), VIU (Very
Important Utility)
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Fig. 3. Fuzzy decision system with membership functions
for predicted error, Local observation of active robots,
and predicted utility.

The proposed FDM-TS employs the fuzzy inference system
originally introduced by Mamdani and Assilian (1975). For
a given elementary task t7;, the corresponding linguistic
value of u(ts;) is derived based on the set of fifteen fuzzy
rules summarized in Table 1, which will be used in the
same way as the following example:

IF PCE(T, k) is ZE AND D(r) is LD THEN u(t;,) is VIU

Table 1. Fuzzy rules for task utility evaluation

Expected error PCE(T,k) LD MD ID
POS (Positive) ZU ZU  ZU
ZE (Zero Error) VIU NU ZU
SNE (Small Neg. Error) IU NU NU
ANE (Avg. Neg. Error) NU U U
BNE (Big Neg. Error) 7U NU U

The rules encode the principle that if the robot density
observed D(r)is high and the predicted error PCE(T, k)
of elementary task tr; is small, the utility of t;; that
should be lowered to avoid multiple robots choosing it.
Conversely, tasks with slightly higher predicted errors but
lower competition potential should be given higher utility.

Finally, the crisp utility value noted by wu} s is obtained by
applying defuzzification using the center of gravity method
given by:

_ i Yi b (i)

U = T ) (22)

where n is the number of the linguistic label (in this work
n = 4). Each linguistic label is mapped to a numerical
center value y;, and its activation degree py (y;) is obtained
after fuzzy inference.

4.2 FDM-TS Algorithm

Algorithm 1 enables fully decentralized task allocation in
multi-robot systems without explicit inter-robot commu-
nication. Each robot independently determines its next
elementary task t¢; by evaluating all available subtasks o;
and it calculates the predicted error PCE(T, k) that will
result if ¢ ;; is executed. In parallel, the robot estimates the
local active robot density D(ry) using onboard perception.
These two inputs are processed by fuzzy inference system
of FP-TE with a fixed rule base to produce a crisp utility
value uy, according to (22) for each candidate task.

Algorithm 1 FDM-TS Algorithm

1: Input: Complex task T, initial observation C, re-
sources b, ¢, membership functions, fuzzy rule table

2: Output: Elementary Task t;; to execute

3: Mark mission not completed as true

4: while mission not completed do

5: for k < 1 to |T| do

6: if P(oy) > 7(ok) or insufficient resources then
7: Mark k as inadmissible

8: continue

9: end if

10: Compute PCE(T, k) according to (20)
11: Measure D(r)

12: Fuzzify the inputs and apply fuzzy rules
13: Defuzzify to obtain uj, according to (22)
14: end for

15: if k£ < |T| then

16: Select ty; with maximum uy,

17: j < lo| + 1 according to (6)

18: Retrieve required resources and execute ¢y;
19: Update a}

20: Update P(oy) according to (5)

21: else

22: Mark mission not completed as false

23: end if
24: end while

Once the elementary task is chosen under the first index
f belonging to the subtask o, the second index j will be
updated according to (6). Finally the algorithm updates
the set of executed subtasks 0} and calculates the new

progress value P(oy)
4.8 Analysis and Dynamic Tuning of FDM-TS Algorithm

The robot selects the task with maximal utility; if all
utilities are zero the robot terminates its participation.
The decision procedure has computational complexity
linear in the number of tasks, O(m), since the number
of fuzzy rules is constant.

A principal limitation of the presented FDM-TS is the
static nature of its fuzzy membership functions and rule
parameters. These parameters are defined offline and re-
main unchanged during the mission. While static param-
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eters guarantee repeatability, they may degrade perfor-
mance when task distributions, robot densities, or environ-
mental conditions vary significantly over time. In particu-
lar, fixed membership shapes can cause suboptimal utility
evaluations in phases where: (i) robot densities fluctuate
rapidly, (ii) desired ratio of subtask 7(o;) change, or (iii)
sensing noise patterns vary.

To address this limitation, FDM-TS is augmented with a
dynamic tuning mechanism based on Particle Swarm Opti-
mization (PSO). In this framework, PSO would iteratively
adjust the parameters of the fuzzy membership functions
during runtime, using the observed global allocation error
as a fitness measure. Such an adaptive scheme would allow
the decision system to continuously optimize its infer-
ence process, improving responsiveness and performance
in highly dynamic and uncertain environments.

5. PARTICLE SWARM OPTIMIZATION FOR
FDM-TS (PSO-FDM-TS)

This section outlines the optimization framework combin-
ing FDM-TS with Particle Swarm Optimization (PSO).
Task utility in FDM-TS is evaluated through rule-based
reasoning using predicted complex task error PCE(T, k)
and observation of active robot D(r) as input variables.
In order to improve its performance at the mission level,
the parameters of the membership functions are optimized
using PSO. The optimization process aims to minimize
the global mission error noted by Apgo(T,0), where 6 is
the vector of PSO parameters, thereby aligning local fuzzy
decisions with global task-allocation objectives.

5.1 Particle Swarm Encoding for FDM-TS

PSO-FDM-TS is defined based on two input variables:
PCE(T,k) € [-1,1] and D(r) € [0,1], along with one
output variable u(ty;) € [0, 1]. Each variable is associated
with a set of linguistic terms represented by trapezoidal or
triangular membership functions. Optimizing these mem-
bership functions constitutes a parameter-tuning problem,
formulated as a vector manipulated by the Particle Swarm
Optimization (PSO) algorithm.

In general, the trapezoidal membership function, parame-
terized by (a < b < ¢ < d), is defined as:

0, z < a,
r—
, a<z<hb,
b—a
Wrap(T;a,b,¢,d) =< 1, b<z<eg, (23)
d- <x<d
c<x
d—c’ -
0, T >d.

Similarly, the triangular function, defined by (a < b < ¢),
is expressed as:

0, rz<aorzxz>ec,
T —
prvi(z3a,b,¢) = € o a<z<b, (24)
c—x
, b<z<e
c—b

Fuzzy Variables and Linguistic Terms: The first input
variable 1 = PCE(T, k) is described using five linguistic
terms: BNE, ANE, SNE, ZE, and POS:

pBNE (1) = pirrap (215 —1, Ep1, Ec1, Eq1), (25a)
PANE(%1) = firvap(®1; Eaz, Ev2, Eca, Eg2, ), (25b)
psNe (1) = pmi(21; Eas, Eys, Ees), (25¢)

pze(21) = (215 Eas, Epa, Eca), (25d)
wpos (1) = firvap(21;0.0001,0.05,1, 1). (25e)

The second input variable xs = D(r) contains three

linguistic terms:

pro(x2) = prvap(22; 0, Dp1, Der, Dar), (26a)
pmp (22) = prvi(z2; Daz2, Dbz, De2), (26Db)
pip (z2) = prvap(®2; Das, Dp3, Des, 1). (26¢)

The output variable y = wu(ty;) is represented with four
linguistic terms:

pzu(y) = prvap(y; 0, Upt, Uer, Uar ), (27a)
pNU(Y) = prvap (¥ Uaz, Upz, Uea, Uga), (27b)
p1u(y) = prvap (¥ Uas, Ups, Ues, Ugs), (27c)
pviu(y) = prvap (Y5 Uads Upa, Uea, 1). (27d)

Vector of Optimizable Parameters: All fuzzy param-
eters are collected into a global vector:

0= (0(G),0(D),0(U)) € R*®, (28)
with:
0(G) = (Ev1, Eer, Ear, Baz, Bya, Bea,

(29a)

Ea2, Eq3, Ep3, Ec3, Eqa, Epa, Ec4)
0(D) = (Dthdl,Dcl,DamDb2,Dc2, (20b)

Dqs3, Dy, Dc3)

0(U) = (U, Uer, Uar, Ua2, Usa, Ue2, Uaa,

(29¢)

Uas, Uz, Uc3,Ugz, Uaa, Upg, Uc4)

Thus, each PSO particle is represented by a particular
instance of the vector 6.

5.2 PSO Dynamics

In PSO, each particle 7 is characterized by a position x;(t)
that corresponds to a parameter vector 6. Its dynamics are
governed by:

vi(t+ 1) = wu;(t) + crry (pest; — x;i(t))

+ coro (gbest — xi(t)), (30)
— LD —MD ——1D

9 1 Dbl Dcl ‘ Db‘Z ‘ Db.‘j D(:S

=

wn

2

g

5

=

0
0 0.2 0.4 0.6 0.8 1

Local density D(r) observed by robot r

Fig. 4. Codification of the membership function parame-
ters for the input variable D(r)
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where w denotes the inertia weight, ¢; and co are the
cognitive and social acceleration coefficients, and rq,79 €
[0.1] are uniformly distributed random variables. Here,
pbest; represents the best local position reached by particle
i, and gbest is the best global position of the swarm.

5.8 Fitness Function

In the proposed framework, the fitness function returned
by each particle does not measure instantaneous utility u:,
for elementary tasks k but rather the global error A(T)
accumulated over the entire mission, as expressed in eq.
(8). Formally,

Apso(T,0) = A(T) (32)

where A(T) is obtained by the FDM-TS after its mem-
bership functions have been parameterized by the vector

6.

The optimization problem is then formulated as

0* = arg Igélél[APSO(Tv 0)l, (33)

with: Q denoting the set of feasible solutions.

In this formulation, the PSO algorithm directly searches
for the fuzzy parameterization that minimizes mission-
wide error, thereby aligning local task-utility decisions
with global performance objectives.

5.4 Constraints on Fuzzy Parameters

The feasible set 2 is determined by structural and seman-
tic constraints on the fuzzy membership functions. Each
trapezoidal function defined by (a, b, ¢, d) must satisfy the
ordering

a<b<c<d, (a,b,c,d) €0, (34)
while triangular functions defined by (a, b, ¢) must satisfy
a<b<ec, (a,b,c) € 6. (35)

All breakpoints must remain within the physical domain
of the corresponding variables:

-1 S Eai7Ebi,ECi7Edi S 17 (36)
0 < Dai,Dbi,DcZ- < 1, (37)
0 S Uai,Ubi,UCi,Udi S 1. (38)

Furthermore, non-degeneracy constraints enforce a mini-
mum separation € > 0 between consecutive breakpoints:

(b—a)>e, (c=b)>e, (d—c)>e. (39)

To preserve the intended semantics of the fuzzy terms, the
centroids of the sets are ordered consistently:

mBNE < MANE < MsNE < MzE < MPOS, (40)
myLp < mMp < MID, (41)
mzy < mnu < My < Mylu. (42)

Finally, coverage and overlap constraints ensure that the
membership functions jointly span the entire domain with-
out gaps, while maintaining smooth transitions between
adjacent terms.

5.5 PSO-FDM-TS Algorithm

Figure 5 illustrates how the optimization process (PSO)
interfaces with the fuzzy decision-making layer FDM-TS.

Input: Initialization of the parameter vector 8i of the
membership functions provided by an expert

:

(_PSO Optimization -Algo 2 \

'8 "
Fuzzy Decision Making (FDMS-TS) -Algo 1

Decode the membership functions
according to the vector §i (Particle p;)

v

i
]
]
]
]
i
]
]
]
]
i
i
]
]
]
i
]
While the complextask is not completed !
]
i
]
]
]
]
i
i
]
]
]
]
i
]
]
]
]
i
i
|

= select next elementary tesk

¥

Evaluate fitness function

¥
Update particle's best position (p25<)

______________________________________________

Output: Set the membership functions of FDM-TS
using the gBest

Fig. 5. Interactions between the optimization process
(PSO) and FDM-TS

Algorithm 2 begins by initializing a swarm of particles,
each representing a candidate set of fuzzy membership
function parameters 6. The fitness of each particle is evalu-
ated as the global mission error Apgo (T, 0) obtained after
executing the complex task with the FDM-TS strategy.
At each iteration, the particles update their velocities and
positions based on their personal best and global best
solutions. The process continues until the admissible error
threshold ¢ is reached according to (19); or a maximum
number of iterations are completed. Finally, the best pa-
rameter vector §* is returned.

5.6 Computational Complexity Analysis of PSO-FDM-TS

A key advantage of the proposed PSO-FDM-TS scheme
lies in its independence from the number of robots. Since
the optimization is fully decentralized, each robot performs
the PSO-based tuning locally. No centralized optimizer
is required, which means that all robots execute the
algorithm in parallel. As a result, the computational load
does not scale with the size of the robotic team, and the
time complexity depends only on the parameters of the
optimization process.

The computational cost of PSO-FDM-TS depends on
the number of particles N, the dimensionality d of the
fuzzy parameter vector, the maximum number of iterations
Imax, and the cost Cy of evaluating the fitness function
Apso(T, 0) for one particle given by FDM-TS. Updating
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Algorithm 2 PSO-FDM-TS Optimization

1: Input: Expert parameters 6°P, admissible error &,
swarm size IV, max iterations Ip,qq

2: Output: Optimized fuzzy parameters 0*

3: Initialize swarm of N, particles with random positions
0;(0) around 6°*P

4: Initialize velocities v;(0) and set personal bests
pbest; + 6;(0)

5: Evaluate fitness of each particle: Apgo (7, 6;)

6: Set global best gbest < arg min; Apgo (7', 0;)

7: for t =1 to I, do

8

9

for each particle ¢ do
: Update velocity v;(t + 1) , (Eq.30)
10: Update position 6;(t + 1), (Eq.31)

11: Evaluate fitness Apso (T, 0;(t + 1)), (Eq.32)
12: if Apso(T, Hi(t +1)) < Apso(T, pbesti) then
13: pbesti — 91 (t + 1)

14: end if

15: if Apso(T, ei(t +1)) < Apso(T, gbest) then
16: gbest < 0;(t+1)

17: end if

18: end for

19: if APSO (T7 gbest) < ¢ then

20: break

21: end if

22: end for

23: Return: 0* < gbest

the velocity and position of a particle requires vector
operations of size d, resulting in a per-particle cost of:

O(d + Cy). (43)

Since all N, particles perform these operations at each
iteration, the total complexity per iteration is:
O(Np.(d+ Cy)). (44)
Considering the complete optimization process during
Lax iterations, the overall time complexity of the algo-
rithm becomes:
O(Np - Imax - (d+ Cy)) . (45)
In many practical cases, the fitness evaluation dominates
the computation time (Cy > d). Under such conditions,
the complexity can be simplified as:

O(N, - Imax - C) - (46)

6. EXPERIMENTS AND RESULTS
6.1 Simulation environment

To experimentally demonstrate the role of PSO-FDM-TS,
the FDM-TS algorithm was re-implemented, and the sec-
ond algorithm was developed in Java using the Eclipse IDE
(version 4.35.0). To simulate the Heterogeneous Multi-
Robot System (HMRS), a realistic simulation environment
was employed. The experiments were conducted using
the MobileSim Simulation Environment (Omron, 2018a),
which provides physically realistic models of mobile robots,
such as the Pioneer P3-DX with two-wheel drive and
the P3-AT with four-wheel drive, along with their oper-
ating environments. The Java ARIA packages (Omron,
2018b) were employed to supply various tools for program-
ming high-level control actions governing Pioneer P3-DX

movements, as well as for developing a Java-based client
application for complex task descriptions. Moreover, the
apper3Basic environment (Omron, 2018¢) was utilized to
design a realistic environment map with fixed obstacles in
a 40 x 25 m enclosed space as shown in Fig. 6. Although
the robots appear visually identical in the MobilSim en-
vironment, their underlying capabilities differ, reflecting
distinct functional roles and performance characteristics
within the simulated system.

6.2 Warehouse Transportation Scenario

The proposed approaches were evaluated in the context
of goods transportation within a supply warehouse, where
autonomous robots are tasked with delivering heteroge-
neous items from multiple fixed supply stations to a sin-
gle assembly station, following predefined demand ratios.
Robots can access information about resource require-
ments and the progress of the assembly task only when
located in the assembly area, distant from the supply
stations. The selection of elementary tasks, defined as
the transport of a single resource from a supply station
to an assembly station, is restricted to robots physically
present at a supply station. The decision regarding which
type of resource to transport is based on previously stored
observations from the assembly area combined with real-
time data from supply stations. Each elementary task is
non-preemptive, and the mission is considered complete
once the assembly station’s requirements are satisfied.
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Fig. 6. Simulation snapshot of the transportation scenario
with six Pioneer P3DX robots at time ¢t = t'.

The experimental setup consists of six heterogeneous mo-
bile robots. The complex assembly task is decomposed
into four subtasks (o7 ...04) requiring a total of N = 7
elementary tasks as shown in Fig. 6 at the assembly area.
Subtasks contain respectively |o1| = 2, |o2] = 1, |o3| = 3,
|o4| = 1 elementary tasks. Robots select tasks only when
located at the supply stations, whereas global progress
can be observed exclusively when entering the assembly
zone. This ensures a realistic separation between local
perception and global information. All these parameters
are représented in table 2.

At time ¢/, all six robots remain active, but only three
subtasks are still pending, as summarized in Table 3.

The observations of the complex task differ across robots.
For example, at time ¢/, robots R1 and R2 update their
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Table 2. Configuration of the complex task

nb robot M |oq] |o2| o3| M |o4]

6 2 1 3 1

Table 3. Desired ratios, achieved progress, and
relative errors at t =0 and t =t .

t=0 t=1t'
Subtask —  Plon) s (o) Plo) 90w
o1 0.29 0.00 -0.29 0.29 0.14 -0.14
o9 0.14 0.00 -0.14 0.14 0.00 -0.14
o3 0.43 0.00 -0.43 0.43 0.29 -0.14
o4 0.14 0.00 -0.14 0.14 0.14 0.00
Global Error A(T) -1.00 -0.43

view of the global progression task state after completing
their respective actions in the assembly area, while robots
R3..R6 rely on delayed information from ¢ = ¢’ — 1. More-
over, each robot R; possesses distinct local observations
of active robots at time ¢’ (Table 4). This emphasizes the
role of the fuzzy predictor, which determines the optimal
allocation strategy m; when robots arrive at the supply
station.

Table 4. Local observations of active robots at
t=t' —1landt="1.

Robot t=t'—-1 t=1t
Ry 0 1
Ra 1 0
Rs3 2 2
R4 5 5
Rs 3 3
Rg 4 4

According to the FDM-TS rules, the local observation
of robot R; is used to reduce the importance of task ¢
when the density of active robots is high and the value
of A'(T,k) is very low, since there is a strong likelihood
that another robot will select this task t¢. Conversely, the
predictor assigns greater importance to another task t;, for
which A'(T,i) > A'(T, k), but which has a lower proba-
bility of being selected. Thus, in the scenario illustrated in
Fig. 6 at time t’, robot Rs, with a local observation of three
active robots, selects an elementary task from subtask oy,
whereas robot R4, with a local observation of five active
robots, selects an elementary task belonging to subtask o3.

6.3 Comparison of OCTD, FDM-TS, and PSO-FDM-TS

To further evaluate the effectiveness of the proposed ap-
proach, a comparative study is conducted involving three
different models for generating the allocation strategy ;.
The first model is based exclusively on the Observation of
the Complex Task Decomposition (OCTD), without the
integration of the fuzzy predictor. The second model is
based on the FDM-TS mechanism, while the third inte-
grates parameter optimization through PSO-FDM-TS.

These models are systematically assessed through three
series of experiments:

e Case 1 — Task heterogeneity: The number of
robots is fixed to 6, while the number of subtasks
o; ranges from 1 to 12 with 1 to 80 elementary tasks.
The distribution of desired ratios 7(o;) is determined
according to Fig. 7.

e Case 2 — Heterogeneity of the MRS: The com-
plex task is fixed to six subtasks with desired ratios
identical to Case 1, while the number of robots is
varied from 1 to 12.

e Case 3 — Scalability: A large-scale scenario is
considered with 50 subtasks, representing a total
of 1200 elementary tasks. The number of robots is
varied from 1 to 100. In this series, the FDM-TS is
parameterized with optimized membership functions
obtained from the PSO-FDM-TS method.

6.4 Results and Discussion

Task Heterogeneity. As illustrated in Fig. 8, the global
error increases sharply with the number of subtasks when
using the OCTD baseline, highlighting its poor scalabil-
ity in heterogeneous task distributions. The FDM-TS ap-
proach mitigates this trend by leveraging fuzzy reasoning
to balance task selection, resulting in substantially lower
errors. However, residual fluctuations remain due to the
static nature of its membership functions. In contrast,
PSO-FDM-TS maintains consistently low error levels, even
when the number of subtasks reaches twelve. This confirms
the superior robustness of the optimized model in handling
task diversity.

Heterogeneity of the MRS. The impact of increasing
the number of robots is shown in Fig. 9. The OCTD base-
line suffers from redundancy, as multiple robots frequently
select the same task, leading to large allocation errors. The
FDM-TS model alleviates this issue by reducing conflicts
through fuzzy-based task utilities, but error accumulation
remains non-negligible at higher robot counts. By con-
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Fig. 7. Desired distribution ratios 7(o;).
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Fig. 8. Comparison of global error with increasing number
of subtasks.
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Fig. 10. Comparison of global error in large-scale scenarios.

trast, PSO-FDM-TS achieves near-zero global error for
most scenarios, demonstrating its ability to adaptively
tune fuzzy parameters and prevent redundancy in a fully
decentralized setting.

Scalability. The large-scale scenario with 50 subtasks
and up to 100 robots (Fig. 10) emphasizes the scalability
limits of the three models. OCTD rapidly becomes inef-
fective, with error values escalating uncontrollably as the
system grows. The FDM-TS approach maintains a more
acceptable error profile, but still experiences degradation
as both the number of subtasks and robots increase. PSO-
FDM-TS significantly reduces the global error compared
to both baselines, showing its effectiveness at large scales.
Nevertheless, some error growth remains unavoidable due
to the inherent combinatorial complexity of the problem.

Analysis of Relative Errors. In addition to global error
evaluation, a detailed analysis of relative errors across sub-
tasks provides deeper insights into the allocation accuracy
as shown in Fig.11. The OCTD baseline exhibits irregular
and high relative errors, indicating poor proportionality
between the achieved and desired task ratios. The FDM-
TS model significantly improves proportional allocation,
yet relative errors remain unevenly distributed, especially
in scenarios with fluctuating robot density. By contrast,
PSO-FDM-TS achieves the lowest and most balanced rel-
ative errors, maintaining a closer match to the predefined
task ratios across all subtasks. This is further illustrated
by the average relative error in Fig.12, which demonstrates
that PSO-based optimization not only reduces global mis-
sion error but also improves fairness in task distribution.

Discussion. The comparative evaluation highlights the
key strengths of the proposed approaches. The integration
of fuzzy reasoning in FDM-TS already improves alloca-

tion robustness compared to the OCTD baseline, while
the PSO-FDM-TS model further enhances performance
by adaptively tuning membership functions, yielding con-
sistently lower global and relative errors across diverse
scenarios. This confirms the effectiveness of combining
fuzzy logic with evolutionary optimization in achieving
fair and scalable task distribution in heterogeneous multi-
robot systems. Nevertheless, certain limitations remain,
particularly in large-scale deployments where residual er-
ror growth persists due to the combinatorial nature of the
problem, and where the absence of inter-robot communi-
cation may restrict coordination efficiency.

507 —e— OCTD
FDM-TS

40 1 —&— PSO-FDM-TS

30
20+

10

T T T
10 20 30 40 50
Subtask index (oi)

Average Relative Error per Subtask

o

Fig. 11. Evolution of average relative error per subtask o;.

Average Relative Error
w

ocTD FDM-TS PSO-FDM-TS

Fig. 12. Average relative error across models.

These findings pave the way for the concluding section,
where perspectives for further research are outlined.

7. CONCLUSION

This work addressed the challenge of dynamic task allo-
cation in heterogeneous multi-robot systems by introduc-
ing and comparing three models: OCTD, FDM-TS, and
PSO-FDM-TS. The results demonstrated that the OCTD
baseline suffers from scalability issues and high alloca-
tion errors, particularly in heterogeneous with large-scale
scenarios. By incorporating fuzzy reasoning, FDM-TS im-
proved robustness and reduced redundancy in execution of
elementary tasks, although its static membership functions
limited adaptability. The proposed PSO-FDM-TS model
overcame these shortcomings by optimizing the fuzzy pa-
rameters through evolutionary learning, thereby achieving
consistently lower global and relative errors across all test
cases.

Despite these improvements, certain limitations remain.
In large-scale scenarios, residual error growth could not
be fully eliminated, reflecting the inherent combinatorial
complexity of the problem. Moreover, the models were
developed under the assumption of limited or no inter-
robot communication, which may restrict coordination in
highly dynamic environments.
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Future work will explore hybrid optimization strate-
gies that combine swarm intelligence with learning-based
methods, as well as the integration of lightweight com-
munication protocols to further enhance coordination effi-
ciency. Additionally, applying the proposed approaches to
real-world robotic platforms will provide further insights
into their practical applicability and robustness under real-
time operational constraints.
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