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Abstract

Effective task allocation is fundamental to the success of heterogeneous multi-robot coopera-
tive missions in smart manufacturing workshops, yet real-world operational uncertainties
pose severe challenges to solution feasibility and mission robustness. Addressing these chal-
lenges, this paper focuses on the inspection and maintenance task allocation problem for
heterogeneous mobile robot teams operating under fluctuating equipment maintenance time
windows, variable task execution durations, and uncertain robot travel speeds caused by
workshop congestion and payload variations. First, the aforementioned uncertain parameters
are characterized using triangular fuzzy numbers, upon which a fuzzy chance-constrained
programming model is constructed with the objective of minimizing total operational cost
while ensuring constraint satisfaction under uncertainty. The proposed model simultaneously
handles two types of critical constraints: the service time window constraint, which requires
each task to be completed before its latest allowable service deadline, and the time sequence
constraint, which enforces that each equipment inspection task must be completed prior to the
corresponding maintenance task. Then, to tackle the inherent NP-hardness of this problem, a
multi-strategy hybrid Harris Hawks Optimization algorithm incorporating differential evolu-
tion, termed MSHHODE, is proposed. In detail, three targeted enhancement mechanisms are
introduced: a hunting enthusiasm factor that governs the dynamic balance between global
exploration and local exploitation throughout the search process; an elite-assisted guidance
strategy that stabilizes convergence by leveraging high-quality solutions to direct population
evolution; and an adaptive differential evolution mechanism that reinforces global search
diversity and mitigates premature convergence to local optima. Finally, simulation experi-
ments conducted across multiple workshop-scale scenarios demonstrate that MSHHODE
consistently outperforms benchmark algorithms across different key performance metrics
under varied uncertain conditions, which validates the effectiveness and robustness of the
proposed approach in solving complex, constrained allocation problems, offering a practical
and reliable framework for real-world heterogeneous multi-robot task planning in smart
manufacturing environments.

Keywords: multi-robot systems; task allocation; uncertain information; fuzzy
chance-constrained; Harris Hawks Optimization; smart manufacturing

1. Introduction
In recent years, the rapid development of smart manufacturing technology has brought

tremendous benefits to modern industrial production due to its advantages of high effi-
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ciency, flexibility, and reduced labor dependency [1,2]. At the same time, the collaboration
among multiple mobile robots can further enhance the capability of a single robot, enabling
multi-robot systems to complete more complex tasks with higher efficiency, quality, and
robustness [3–5]. It is noted that the core challenges of multi-robot cooperation, such as
task allocation, path planning, and motion planning, play a decisive role in the execution
of manufacturing missions and have received widespread attention [6–8].

Among them, task allocation refers to assigning a set of tasks to each robot with
all constraints satisfied and optimizing a specific objective function to maximize overall
operational benefits [9,10]. In smart manufacturing workshops, mobile robots are typically
required to perform two sequential operations on target equipment: an inspection task (e.g.,
fault diagnosis, quality detection) followed by a maintenance task (e.g., repair, lubrication,
component replacement), where the maintenance operation can only be initiated after the
corresponding inspection is completed. However, when multiple heterogeneous robots
perform tasks in actual workshop environments, various uncertain factors arise inevitably,
including unknown fault complexity leading to uncertain task execution durations, dy-
namic production schedule adjustments causing fluctuating maintenance time windows,
and workshop congestion or varying payloads resulting in uncertain robot travel speeds
[11–13]. These uncertain factors impose more stringent requirements on the coordination of
multi-robot systems [14]. However, most existing studies are based on static and determin-
istic task environments, often neglecting the instability of various factors in the workshop,
such as the uncertainty of equipment maintenance duration and the impact of floor traffic
conditions on robot traveling speed [15]. This leads to task allocation schemes optimized
under predetermined deterministic conditions often failing to achieve the expected re-
sults in actual execution, or even causing equipment to exceed its maintenance deadline,
resulting in unplanned production line interruptions [16].

Therefore, how to pre-consider the impact of uncertainties on the allocation results of
heterogeneous multi-robot tasks, thereby improving the robustness of the allocation scheme,
has become an unavoidable key issue in the practical deployment of multi-robot systems
in smart manufacturing [17]. By predicting and handling various uncertainties during
the pre-allocation phase, a stable task allocation scheme that is insensitive to uncertainty
interference can be generated, which effectively reduces the impact of disturbances and
minimizes the need for real-time rescheduling during task execution.

To address the aforementioned challenges, this paper investigates the heterogeneous
multi-robot task allocation problem in smart manufacturing workshops under uncertain
operational conditions, including stochastic task execution durations, fluctuating main-
tenance time windows, and uncertain robot travel speeds, subject to multiple complex
mission constraints, including temporal sequencing and time window requirements. The
main contributions of this work are summarized as follows.

(1) A fuzzy chance-constrained programming model is constructed based on fuzzy
reliability theory, with the objective of minimizing total operational cost. By characterizing
uncertain parameters through triangular fuzzy numbers and their associated membership
functions, the proposed model circumvents the need for pre-estimation of probability
distribution laws, which offers greater modeling flexibility and applicability under data-
scarce conditions.

(2) To efficiently solve this NP-hard combinatorial optimization problem, a Multi-
Strategy Hybrid Harris Hawks Optimization (HHO) algorithm integrated with Differential
Evolution (MSHHODE) is proposed. Three synergistic enhancement mechanisms are
embedded into the standard HHO framework: a hunting enthusiasm factor that adaptively
regulates the transition between global exploration and local exploitation; an elite-assisted
guidance strategy that leverages superior solutions to stabilize population convergence;
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and an adaptive differential evolution mechanism that broadens search diversity and
suppresses premature convergence to local optima.

(3) Comprehensive simulation experiments are conducted across multiple test scenar-
ios, with systematic comparisons against representative benchmark algorithms. The results
substantiate the effectiveness, robustness, and competitive superiority of the proposed
MSHHODE in solving complex, constrained heterogeneous multi-robot task allocation
problems under uncertainty.

The rest of this paper is organized as follows. Section 2 discusses the related work on
task allocation for multiple robots under uncertainty. Section 3 formulates the considered
multi-robot task allocation problem mathematically. The main structure of MSHHODE is
illustrated in Section 4. Several simulations and comparisons are conducted in Section 5 to
demonstrate the performance of MSHHODE. Section 6 concludes this paper.

2. Related Work
2.1. Smart Manufacturing Technology

With the development of technologies such as industrial Internet of Things, artificial
intelligence, and digital twins, the manufacturing industry is shifting from a traditional
scale efficiency orientation to a new paradigm of intelligence, flexibility, and service. Ref.
[18] discussed the key technologies driving intelligent manufacturing and emphasized the
progress of manufacturing technology that provides unprecedented design freedom. For
modeling and simulation in a flexible manufacturing system (FMS), ref. [19] described
the use of dedicated analysis and simulation software, through which the structure of the
system can be established and specific technical and economic parameters can be deter-
mined for each processing and transport capacity. Different processing scenarios will be
evaluated through virtual modeling and simulations in order to improve the performance
and efficiency of the system. Ref. [20] demonstrated a practical implementation of a smart
manufacturing application using a systematic approach based on a conceptual six-gear
smart factory roadmap with connectivity, integration, and analytics stages to build a smart
production management ecosystem using off-the-shelf technologies applied in precision
manufacturing.

In addition, the AI approach to building flexible manufacturing systems has also been
explosively researched [21,22]. In [23], the framework of the situation–actors–process (SAP)
and learning–actions–performance (LAP) dimensions for the effective implementation of
Gen AI is used to empower FMS. Ref. [24] provided a comprehensive overview of the
current state of explainable AI, with a particular focus on recent advances and its critical
role in enhancing trust and transparency in AI-driven smart manufacturing systems. Ref.
[25] proposed the concept of human-centric smart manufacturing to entail a symbiotic
human–machine relationship, and Trustworthy AI has been systematically reviewed as
a key enabler through a progressive framework that addresses safety, transparency, and
participatory updating across the product lifecycle.

Furthermore, the uncertainties within manufacturing systems are also gaining more
and more attention. Ref. [26] combined generalized nets and intuitionistic fuzzy pairs, as
measures of the uncertainty, for the modeling of flexible manufacturing systems and for
the construction of simulation models. To address the uncertainties in the supply chain, ref.
[27] proposed a hybrid fuzzy genetic algorithm framework that overcomes these constraints
by combining the interpretability of fuzzy logic with the global search efficiency of genetic
algorithms. Ref. [14] proposed a digital twin framework based on deep reinforcement
learning for rapid response and system interaction to the uncertainty of corresponding
demands and production dynamics. This framework provides fast and adaptive virtual
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reality interaction and dynamic batch publishing strategies, while reducing production
costs and improving the satisfaction rate of production dynamics.

Overall, current research on smart manufacturing has made positive progress in sys-
tem modeling, AI empowerment, and uncertainty response, with increasingly diverse
technological paths. However, the cross-scenario universality of each method and its effec-
tiveness in handling uncertain parameters in each scenario still need further verification.

2.2. Handling Parameter Uncertainty

Uncertainty is a major characteristic of realistic smart manufacturing workshop envi-
ronments, making the study of heterogeneous multi-robot task allocation under uncertain
conditions of great significance for practical industrial deployment. In workshop settings,
uncertainty arises from multiple sources, including unpredictable equipment fault com-
plexity, dynamically adjusted production schedules, and fluctuating robot travel speeds
caused by congestion and varying payload conditions. These uncertainties directly affect
the feasibility and optimality of pre-planned task allocation schemes, potentially leading to
missed maintenance deadlines and unplanned production disruptions. Currently, most
multi-robot task allocation studies are based on deterministic environments and cannot
adequately handle the impact of such uncertainties on allocation schemes. Typically, un-
certain parameters are incorporated into the optimization model as random variables or
imprecise quantities. Depending on how these uncertain parameters are described and
processed, there are three main approaches to addressing the impact of uncertain factors
on task allocation: stochastic programming, robust optimization, and fuzzy programming.

Stochastic programming, as a commonly used method for dealing with uncertainty,
introduces uncertain random variables described by probability distribution functions, and
solves them by establishing a random-variable model of the optimization objective function
[28]. Ref. [29] proposed a two-stage stochastic 0-1 integer linear programming model to
equitably optimize ambulance allocation in the Basque Country, balancing multi-interval
response times between urban and rural areas through stochastic programming. Ref.
[30] developed a two-stage stochastic optimization model that jointly allocates Emergency
Mobility Facilities (EMFs) and designed road networks for disaster response, addressing un-
certainties in demand and congestion through reformulation into a tractable mixed-integer
linear program validated with real-world data. However, the application of stochastic
programming methods requires estimating the distribution of uncertain parameters, and
the estimated distribution needs to be close enough to the actual distribution. In actual
environments, though, it is difficult to obtain the probability of uncertain events [31].

Therefore, some scholars have used robust optimization methods to solve the optimiza-
tion problem under uncertain conditions. By controlling the conservative parameters of
decision-making, the uncertain optimization model is transformed into a deterministic lin-
ear programming model [32]. Since there is no need to assume the distribution of uncertain
parameters, it is easier to solve than the stochastic programming model. Ref. [33] proposed
a multi-objective mathematical model based on multi-scenario robust optimization for the
optimal design and facility location allocation of blood supply chain networks after natural
disasters, aiming to minimize shortages and costs. Ref. [34] proposed a two-stage robust
optimization model integrating prospect theory for the berth allocation and quay crane
assignment problem under uncertainty, along with an accelerated algorithm for efficient
large-scale solutions. Ref. [35] proposed a scenario-based robust optimization model for
sustainable distributed flow-shop scheduling under uncertainty, solved by an Adaptive
Large Neighborhood Search algorithm to enhance energy efficiency, job creation, and
workday utilization. However, the task allocation schemes solved by robust optimization
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methods are often overly conservative, making it difficult to balance system performance
and protection against uncertainty.

In addition to the two methods mentioned above, the fuzzy programming method
describes the uncertain parameters in the form of fuzzy sets also widely applied to solve
task allocation problems under uncertain conditions. It only needs to select the membership
function of the uncertain variables based on prior knowledge and emphasizes the possibil-
ity of satisfying the constraints [36]. By transforming the objective function and constraints
of the fuzzy programming into a general form of a programming model, the fuzzy optimal
solution can be obtained. Ref. [37] proposed a Stackelberg game-based fuzzy optimization
model for tugboat scheduling under uncertainty, solved by an enhanced seagull algorithm
and validated with real port data. Ref. [38] developed a fuzzy multi-constraint program-
ming model and a dynamic strategy with an enhanced grey wolf optimization algorithm
for heterogeneous multi-robot dynamic task assignment under uncertainty, demonstrating
5–30% performance improvement . The fuzzy programming technique with a linear mem-
bership function is applied in [39] to generate efficient and non-dominated allocations with
better optimal values and degrees of satisfaction of objective functions for different values
of parameters α and β for fuzzy preferences. Ref. [40] developed a fuzzy multi-criteria
decision-making model for resilient supplier selection under dynamic conditions, opti-
mized by an enhanced wolf pack algorithm for order allocation, and validated its feasibility
through a case study in the new energy vehicle industry.

The above three types of methods focus on how to make optimal decisions under
uncertainty, but in addition to making reasonable decision plans, it is also necessary to
quantitatively evaluate the reliability of existing plans. Fuzzy reliability theory, on the other
hand, focuses on how reliable the design scheme is, which means the ability of the system
to complete the specified functions under specified conditions and within a specified time
[41]. This theory introduces fuzzy sets into traditional reliability engineering to address the
problem of difficulty in obtaining accurate failure probabilities.

At the methodological level, fuzzy reliability is mainly achieved through fuzzy fault
tree analysis. Firstly, for example, the failure probability of basic events is represented by
fuzzy numbers, such as triangular fuzzy numbers, and then the fuzzy failure probability
and fuzzy reliability of the top event are calculated. Ref. [42] investigated the mixed
statistical fuzzy reliability evaluation composed of intuitionistic fuzzy sets (IFSs) and
interval-valued intuitionistic fuzzy sets. In [43], a fault tree analysis based on the fuzzy
set theory is presented and applied to a wind energy system. The fault probabilities are
regarded as a fuzzy number, the fuzzy failure rate is known by using fuzzy rules, and
the risk analysis method is applied based on the fuzzy risk index (FRI) to know the exact
impact of every basic event on the top event.

In addition, the stress strength fuzzy interference model and the combination method
of fuzzy fault tree with Bayesian network and Petri net have also been applied in the
reliability evaluation of complex manufacturing systems. For example, ref. [44] proposed a
reliability analysis method based on fuzzy polymorphic Bayesian network (FPBN), which
utilizes a multi-state fault tree to construct a polymorphic Bayesian network (BN), combin-
ing traditional BN techniques with a consideration of multiple fault states and fuzzy failure
rates to handle inaccurate fault data and unclear logical relationships. Ref. [45] combined
fuzzy BN with result simulation, using leakage noise or gate, intuitionistic fuzzy set theory,
and similarity aggregation for expert inspiration to fill the conditional probability table,
and used Safeti software for result analysis.
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2.3. Recent Developments of Harris Hawks Optimization

Since its proposal by Heidari et al. in 2019, the HHO algorithm has rapidly become a
research hotspot in the field of swarm intelligence optimization due to its unique mecha-
nism of simulating Harris hawk cooperative hunting behavior and the advantage of not
requiring gradient information [46,47]. However, standard HHO still faces inherent limita-
tions such as slow convergence speed, insufficient population diversity, and susceptibility
to falling into local optima in high-dimensional complex problems.

To overcome the above shortcomings, researchers have continuously improved HHO
from multiple dimensions such as parameter control, strategy improvement, and hybrid
enhancement, and have derived a large number of variant algorithms. For example, ref. [48]
integrated an improved HHO (IIHHO) algorithm, which introduces an intermittent energy
regulator, a regularized vector mechanism, a refined Lévy flight search scope, and a Cardano
formula-based step-size adjustment to collectively enhance local search capability, escape from
local optima, and increase solution accuracy. Ref. [49] improved Harris Hawks optimization
(IHHO) by modifying the exploration phase with random location-based habitats and refining
exploitation via three strategies, while employing logarithm- and exponential-based random
value generation to escape local optima, demonstrating superior performance across diverse
benchmarks and engineering problems. The proposed Chaotic Harris Hawks Optimization
(CHHO) in [50] enhances the standard HHO by introducing chaotic maps at the initialization
phase to improve population diversity and incorporating simulated annealing on the current
best solution to strengthen exploitation, thereby addressing the local optima and diversity
limitations for feature selection problems. Ref. [51] applied chaotic maps at the initialization
phase of HHO to enhance the population diversity in the search space, and used the simulated
annealing (SA) algorithm to the current best solution to improve HHO exploitation. Ref.
[52] proposed a Modified HHO (MHHO) that integrates Leader-Guided Perching (LGP) to
accelerate movement toward promising regions, an Adaptive Deception Factor (ADF) to
dynamically scale Lévy-flight intensity to escape deceptive local optima, and a Hierarchical
Attack Strategy (HAS) to replaces the hard besiege phase with a mentor-guided exploitation
step to mitigate swarm clumping and refine local search. The comparison table of the HHO
algorithm literature is shown in Table 1.

Table 1. Feature comparison of representative HHO variants and the proposed MSHHODE.

Reference Improvement Mechanism Stage Coverage Adaptive

Switching

Population-Level
CooperationExploration Transition Exploitation

[47] Energy E-driven four besieging
strategies

✓ × ✓ × ×

[48] Intermittent energy regulator +
regularized vector + refined Lévy step

× × ✓ × ×

[49] Random habitat-based exploration +
log/exponential perturbation

✓ × × × ×

[50] Chaotic map initialization + simulated
annealing on best solution

✓ × ✓ × × †

[51] Chaotic map initialization + simulated
annealing

✓ × ✓ × × †

[52] Leader-Guided Perching + Adaptive
Deception Factor + Hierarchical Attack
Strategy

× × ✓ × ×

Proposed Hunger-energy joint hunting enthusiasm
factor + elite-group centroid guidance +
multi-factor adaptive DE-triggering

✓ ✓ ✓ ✓ ✓

The ✓ indicates that the algorithm possesses or explicitly incorporates the corresponding improvement character-
istic, while × indicates that it does not. † Simulated annealing is applied only to the single best individual, not at
the population level.
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As shown in Table 1, existing HHO variants typically improve only a single stage
of the search process and retain the fixed energy-threshold switching criterion, with any
guidance mechanisms applied to a single individual rather than the population. In contrast,
MSHHODE jointly covers all three stages through the hunting enthusiasm factor, adopts a
dynamically adaptive switching criterion, and achieves population-level cooperation via
the elite-group guidance and adaptive DE-triggering mechanisms, offering a more robust
basis for the NP-hard task allocation problem studied in this paper.

3. Problem Formulation
In this section, the task allocation problem of heterogeneous multi-robot systems

under uncertain information is discussed, where the problem background, the models of
robots, the tasks, and the time with complex constraints are first specified. On this basis,
the uncertain optimization problem is further transformed into a fuzzy chance-constrained
programming model using fuzzy uncertainty theory.

3.1. Scenario Description

Consider a large-scale smart manufacturing workshop where M heterogeneous mobile
robots (inspection robots, maintenance robots, and combined inspection–maintenance
robots) collaboratively perform inspection and maintenance tasks on N target workstations
or production equipment units on the shop floor. Prior to task execution, the workshop
management system has obtained relevant information about the target equipment through
IoT sensors and manufacturing execution systems (MESs), including equipment type,
maintenance priority, and location. However, due to measurement noise in sensor readings,
dynamic adjustments in production schedules, and varying robot performance caused by
workshop congestion and payload fluctuations, the known task execution duration, the
latest allowable maintenance time of the equipment, and the travel speed of the robots are
subject to uncertainty, which is described by triangular fuzzy numbers.

It is noted that the final task allocation scheme must satisfy both the temporal se-
quencing constraint and service time window constraint to reduce the sensitivity of the
robot system to uncertainties during task execution. Specifically, the temporal sequencing
constraint requires that each equipment inspection task must be completed before the
corresponding maintenance task can be initiated, since maintenance operations depend on
the diagnostic results obtained during inspection. In addition, the service time window
constraint requires that each task must be completed by the assigned robot before the latest
allowable service time s of the target equipment, where the latest allowable service time can
be determined by the equipment’s criticality level or specified by the production manager
based on the overall manufacturing progress.

For ease of analysis, the following assumptions are made:

• There are no restricted areas or sudden dynamic obstacles on the shop floor that would
permanently block robot navigation.

• All robots operate on the same floor level and share the same global workshop map
and equipment status information.

• Each robot can perform multiple tasks sequentially, but can only execute one task at
any given time.

• Inspection robots do not consume any consumable materials during inspection tasks;
both combined robots and maintenance robots carry sufficient materials and tools to
complete maintenance tasks for all target equipment. Therefore, this paper does not
consider the impact of material resource constraints on task allocation schemes.

• All target equipment units are within the operational range of the deployed robots.

(1) Heterogeneous robot model
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There are M mobile robots of three types (inspection robots, maintenance robots, and
combined inspection–maintenance robots), U = {U1, U2, ..., UM}. Inspection robots can
only perform inspection tasks, maintenance robots can only perform maintenance tasks,
and combined inspection–maintenance robots can perform both types of tasks. Robot
attributes are represented by the tuple <Uidi, Utypei, Uvali, ATi, Uposi, vi>, including the
robot ID, type, intrinsic operational value, probability of task failure due to mechanical
malfunction or navigation error, location, and travel speed. The travel speed of the robot
is represented by a triangular fuzzy number ṽi = (v1i, v2i, v3i), where v2i denotes the
most likely speed, and v1i and v3i denote the lower and upper bounds of the speed range,
respectively.

(2) Equipment task model
Suppose there are N target equipment units in a two-dimensional smart manufacturing

workshop, denoted by T = {T1, T2, ..., TN}. Due to the two-stage nature of equipment
servicing, where each equipment unit requires both an inspection task and a maintenance
task, there are 2N tasks available in total.

N

∑
j=1

2

∑
h=1

∣∣∣Tjh

∣∣∣ = 2N, (1)

where Tjh represents the h-th type of task (h = 1, 2) for target equipment Tj. h = 1 represents
a inspection task, and h = 2 represents a maintenance task. It should be noted that according
to the operational requirements of equipment servicing, a maintenance task can only be
initiated after the corresponding inspection task has been completed, since the maintenance
procedure depends on the diagnostic results obtained during inspection.

The tuple < Tidj, Tvalj, PKj, Tposj, sj, CtD
j , CtA

j > is used to represent the equipment
ID, maintenance priority value, probability of robot task failure at equipment, coordinates
of position, latest allowable service time, and durations of inspection and maintenance
tasks for equipment Tj. This paper assumes that maintenance benefits are only realized
after both the inspection and maintenance tasks of a given equipment unit have been
successfully completed. The execution duration ˜CtD of inspection task Tj1 for equipment
Tj, the execution duration ˜CtA of maintenance task Tj2 for target Tj, and the latest allowable
service time s are all subject to uncertainty and are expressed using triangular fuzzy
numbers as follows:

˜CtD =
(

CtD
1 , CtD

2 , CtD
3

)
˜CtA =

(
CtA

1 , CtA
2 , CtA

3

) (2)

s̃ = (s1, s2, s3). (3)

3.2. Processing of Uncertain Information

Compared to a deterministic task environment, the uncertain task execution duration,
the latest allowable service time of the target equipment, and the travel speed of the
robots make the time window and temporal constraints in the task allocation problem
more difficult to satisfy. Specifically, the accumulation of uncertainties along the task
execution chain increases the probability that a robot will fail to complete its assigned
tasks within the specified service time window, potentially leading to missed maintenance
deadlines and consequent production disruptions. Therefore, this paper constructs a fuzzy
chance-constrained programming model based on fuzzy reliability theory, incorporating
the aforementioned uncertain parameters into the temporal sequencing and service time
window constraints of the optimization problem for systematic processing.

https://doi.org/10.3390/pr14152448

https://doi.org/10.3390/pr14152448


Processes 2026, 14, 2448 9 of 38

In this paper, triangular fuzzy numbers are adopted here for three main reasons. Firstly,
unlike interval numbers, which consider all values within the boundary to be as equal as
possible, triangular fuzzy numbers capture the most likely values and pessimistic/opti-
mistic boundaries, which matches the fact that the nominal task duration, time window,
and rated robot speed are more likely than their extremum. Moreover, compared to in-
tuitionistic fuzzy numbers, trapezoidal fuzzy numbers are more suitable for parameters
with a flat center value range or explicit expert hesitation. In addition, triangular fuzzy
numbers do not require accurate probability distribution estimation from historical data;
only three representative values need to be obtained from equipment specifications or
expert experience.

3.2.1. Fuzzy Reliability Theory

Fuzzy reliability theory extends classical reliability methods to handle systems with
imprecise or uncertain data, using fuzzy sets to model parameters like failure rates when
historical data is limited or subjective. This approach supports reliability analysis under
vague conditions, such as human-influenced operations or emerging technologies, enabling
more flexible risk assessment and decision-making in complex engineering and safety-
critical environments.

For the triangular fuzzy numbers λ̃ = (λ1, λ2, λ3) and θ̃ = (θ1, θ2, θ3), their basic
operation rules are shown in Equation (4), and their credibility calculation in credibility
theory is shown in Equation (5):

λ̃ + θ̃ = (λ1 + θ1, λ2 + θ2, λ3 + θ3)

Kλ̃ = (Kλ1, Kλ2, Kλ3)

λ̃−1 = (1/λ3, 1/λ2, 1/λ1)

(4)

cr
(
λ̃ ≤ θ̃

)
= cr{(λ1 − θ3, λ2 − θ2, λ3 − θ1) ≤ 0}

=



0, λ1 ≥ θ3
θ3−λ1

2(θ3−λ1+λ2−θ2)
, λ1 ≤ θ3, λ2 ≥ θ2

λ3−θ1−2(λ2−θ2)
2(θ2−λ2+λ3−θ1)

, λ2 ≤ θ2, λ3 ≥ θ1

1, λ3 ≤ θ1

,
(5)

where cr ∈ [0, 1], and a larger cr indicates a greater likelihood of λ̃ ≤ θ̃. By introducing a
preference value c∗r ∈ [0, 1] to characterize the decision-maker’s attitude, we use cr ≥ c∗r
to constrain the credibility of λ̃ ≤ θ̃. The smaller the value of c∗r , the more likely the
decision-maker is to risk failure by making a decision based on λ̃ ≤ θ̃; conversely, the
larger the c∗r , the more the decision-maker would rather reconsider the decision than make
a decision based on λ̃ ≤ θ̃.

3.2.2. Service Time Window Constraints

Because the smart manufacturing workshop operates under dynamic production
schedules and strict equipment maintenance requirements, it is necessary to complete the
inspection and maintenance tasks for each target equipment unit before a specific deadline,
i.e., the equipment units are subject to service time window constraints. The time window
here can be determined by the criticality level of the equipment to the production line, or
specified by the production manager based on the overall manufacturing progress and
maintenance plan. Suppose that a certain robot i completes the first k-1 tasks in its sequence
ai of tasks to be executed, then the time for robot i to reach the k-th task position is shown
in Equation (6).
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B̃Tik =
k−1

∑
l=1

Ctl +
k−1

∑
l=0

Dl,l+1

ṽi

=


∑k−1

l=1 Ctl1 + ∑k−1
l=0

Dl,l+1
vi3

, l = 1, . . . , k

∑k−1
l=1 Ctl2 + ∑k−1

l=0
Dl,l+1

vi2
, l = 1, . . . , k

∑k−1
l=1 Ctl3 + ∑k−1

l=0
Dl,l+1

vi1
, l = 1, . . . , k

, l = 1, . . . , k

, (6)

where
˜

Ctl = (Ctl1, Ctl2, Ctl3) is the execution time of the l-th task in the task list, determined
according to the corresponding target equipment and its task type. Let Di,j be the distance
between tasks i and j, expressed in Euclidean distance through Equation (7), that is, the
time to reach the k-th task is the sum of the execution times of the first k−1 tasks and
the travel time of the robot from the starting point to the positions of the first k tasks in
sequence.

Di,j =
√
(xi − xj)2 + (yi − yj)2. (7)

When robot i executes the k-th task in its task list, based on the reliability measure
theory, the reliability cr

{
B̃Tik ≤ sk

}
of its arrival time at task k being less than the latest

execution time sk of task k is denoted as cr1, and cr1 ∈ [0, 1]. The larger cr1 is, the greater the
probability that robot i’s arrival time at task k is earlier than the latest execution time of task
k, i.e., the greater the probability of satisfying the service time window constraint of task k.

Introducing the decision-maker’s preference value c∗r1 ∈ [0, 1], if cr1 ≥ c∗r1, then robot
i continues to execute the next task k in its task list, i.e., the reliability of satisfying the
target equipment service time window constraint is greater than the preference value. If
cr1 < c∗r1, then the reliability of robot i satisfying the target equipment service time window
constraint is less than the preference value, and robot i abandons executing the next task k
in its task list.

3.2.3. Temporal Sequencing Constraint

For each target equipment, inspection and maintenance tasks must be completed
sequentially, i.e., the time sequence constraint must be met. For target equipment j, let
Tj1 = ai1L1 , Tj2 = ai2L2 , that is, its inspection task Tj1 is assigned to the L1 position of the
robot i1 task list and the maintenance task Tj2 is executed by the L2 position of the robot i2
task list. Then, the task completion time of Tj1 can be obtained in Equation (8):

ẼTi,l1 = B̃Ti,l1 + C̃tl1 =
L1

∑
l=1

Ctl +
L1−1

∑
l=0

Dl,l+1

ṽi
. (8)

Based on the credibility measure theory, the credibility cγ

{
ETi1L1 ≤ BTi2L2

}
of the

completion time of inspection task Tj1 on target equipment j being less than the start time
of maintenance task Tj2 is denoted as cγ2, and cγ2 ∈ [0, 1]. The larger cγ2 is, the greater the
probability that the completion time of the inspection task of target equipment j is less than
the start time of the maintenance task, that is, the greater the probability that the temporal
constraints of target equipment j are satisfied.

Introducing a preference value c∗γ2 ∈ [0, 1], if cγ2 ≥ c∗γ2, then the probability that the
completion time of the inspection task of target equipment j is lower than the start time of
the maintenance task is greater than the preset preference value, that is, the credibility of
satisfying the target’s temporal constraints is greater than the preference value. If cγ2 < c∗γ2,
then the credibility of satisfying the temporal constraints of target equipment j is less than
the preference value.
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3.3. Cost and Benefit Function

In actual smart manufacturing workshop operations, robots navigating through
densely equipped shop floors are subject to the risk of task failure due to mechanical
malfunctions, navigation errors, or collisions with workshop obstacles and other robots.
Furthermore, robots consume energy during task execution, and excessive travel distances
lead to increased operational costs. Therefore, this paper considers the costs of heteroge-
neous multi-robot execution of inspection and maintenance tasks in two aspects: (1) the
operational risk cost C1 incurred during robot task execution, reflecting the potential loss
caused by robot malfunction or task failure; and (2) the travel cost C2 incurred during robot
navigation between task locations, reflecting the energy consumption and wear associated
with robot movement.

Let PSi be the probability that robot i successfully completes its task at equipment j
without malfunction or navigation failure, then the probability of task failure occurring at
equipment j is PTi = 1− PSi, which reflects the operational risk imposed by the complexity
of the equipment and the difficulty of access in the surrounding workshop environment.
Therefore, the operational risk cost generated by a single robot i performing m tasks is as
shown in Equation (9):

C1 = Uvali ∗
(

1 −
m

∏
j=1

(1 − PKj)

)
. (9)

Assuming that robots tend to be assigned to tasks closer to their current location in
order to minimize energy consumption and reduce wear on mechanical components, the
travel cost can be expressed in Equation (10):

C2 =
Di,j

Dmax,j
, Dmax,j = max

i∈U
(Di,j), (10)

where Dmax,j represents the maximum travel distance among all robots to reach task j,
serving as a normalization reference for evaluating the relative travel burden of each robot
assignment. The maintenance benefit of a heterogeneous multi-robot system complet-
ing a servicing task refers to the operational value recovered by successfully executing
both the inspection and maintenance tasks for a target equipment unit, determined by
the equipment’s maintenance priority value and the robot’s task success probability. Its
magnitude reflects the criticality of the equipment to the production line and the execution
capability of the assigned robot, guiding the final allocation result towards maximizing
overall production efficiency and equipment health during decision optimization. Let Ati

be the probability of the i-th robot successfully completing task j, then the maintenance
benefit obtained from servicing the target equipment is shown in Equation (11):

C3 = Valj ∗ Ati. (11)

3.4. Problem Mathematical Modeling

The task allocation problem of heterogeneous multi-robot systems under conditions
with uncertain task execution duration, latest allowable service time of target equipment,
and robot travel speed is modeled as a fuzzy chance-constrained model. First, the problem
is transformed into a single-objective fuzzy chance-constrained model using a linear weight-
ing method, and then the dimensions are converted to values within the set [0, 1] using a
linear scaling method. The modeled objective function of the fuzzy chance-constrained
programming is Equation (12):
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min f =
M

∑
i=1

N

∑
j=1

2

∑
h=1

(
ω1

C1

maxi∈U Uvali
+ ω2C2 − ω3

C3

maxj∈T Tvalj

)
xijh, (12)

s.t.

cr{BTik ≤ sk} ≥ c∗r1, ∀i ∈ U, ∀k ∈ 1, . . . , |ai|, (13)

cr

{
BTjh + Ctjh ≤ ETj(h+1)

}
≥ c∗r2, h = 1, ∀j ∈ T, (14)

M

∑
i=1

N

∑
j=1

2

∑
h=1

xijh = 2N, ∀i ∈ U, ∀j ∈ T, (15)

M

∑
i=1

xijh = 1, ∀j ∈ T, h ∈ {1, 2}, (16)

Vi ≤ Vmax i, ∀i ∈ U, (17)

xijh ∈ {0, 1}, ∀i ∈ U, ∀j ∈ T, h ∈ {1, 2}, (18)

where different weight vectors are set to balance the influence of various factors on the
allocation result in Equation (12). The weights ω1, ω2, and ω3 represent the weights of
the operational risk cost C1 incurred during robot task execution, the travel cost C2 in-
curred during robot navigation, and the maintenance benefit C3 obtained from successfully
completing the inspection and maintenance tasks, respectively. Different weight values
reflect the different decision-making preferences of the production manager. Equation (13)
indicates that the reliability of the allocation scheme satisfying the service time window
constraint is not less than the subjective preference value c∗r1; Equation (14) indicates that
the reliability of the allocation scheme satisfying the temporal sequencing constraint is
not less than the subjective preference value c∗r2, which is set to c∗r1 = c∗r2 = cr in this
paper. Equation (15) ensures that both the inspection and maintenance tasks of each target
equipment unit can be executed; Equation (16) means that each task can only be executed
by one robot exactly once; Equation (17) indicates the operational travel constraint of each
robot, where Vmaxi is the maximum operational travel of robot i; and Equation (18) indicates
that the decision variable xijk takes the value of 0 or 1.

The aforementioned model has a non-linear objective function and constraints, and
the decision variables are non-negative integers, thus constituting a non-linear integer
programming model. Since this model belongs to the NP-hard problem, the solution space
grows exponentially with the problem size and the number of constraints. When using
traditional exact algorithms to solve such problems, such as branch and bound and dynamic
programming, the optimal solution cannot be obtained within a given time. Therefore, this
paper proposes the MSHHODE algorithm to find the suboptimal solution to the model.
Key parameters used in the fuzzy chance-constrained model are displayed in Table 2.
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Table 2. Key parameters used in the fuzzy chance-constrained model.

Symbol Description

M Number of heterogeneous mobile robots
N Number of target equipment units
Ui The i-th mobile robot
Tj The j-th target equipment unit

Tjh
The h-th type of task (h = 1: inspection; h = 2: maintenance) for
equipment Tj

Uidi
, Utypei , Uvali Robot ID, type, and intrinsic operational value

ATi
Probability of task failure due to mechanical malfunction or
navigation error of robot i

Uposi Position of robot i
ṽi = (v1

i , v2
i , v3

i ) Triangular fuzzy travel speed of robot i
Tidj

, Tvalj
Equipment ID and maintenance priority value

PKj Probability of robot task failure at equipment Tj
Tposj Position of equipment Tj
s̃ = (s1, s2, s3) Triangular fuzzy latest allowable service time
C̃tD

=
(CtD

1 , CtD
2 , CtD

3 )
Triangular fuzzy execution duration of inspection task

C̃tA
=

(CtA
1 , CtA

2 , CtA
3 )

Triangular fuzzy execution duration of maintenance task

λ̃ = (λ1, λ2, λ3),
θ̃ = (θ1, θ2, θ3)

Generic triangular fuzzy numbers

cr{·} Credibility measure
c∗r Decision-maker’s preference value for credibility constraints
B̃Tik Fuzzy arrival time of robot i at the k-th task in its sequence
Di,j Euclidean distance between tasks i and j
ẼTi,l1 Fuzzy completion time of task at position l1 of robot i
C1 Operational risk cost
C2 Travel cost
C3 Maintenance benefit

PSi
Probability that robot i successfully completes a task without
malfunction or navigation failure

PTi Probability of task failure at equipment j (PTi = 1 − PSi)
Dmax,j Maximum travel distance among all robots to reach task j
Ati Probability of robot i successfully completing task j

ω1, ω2, ω3
Weights of operational risk cost, travel cost, and maintenance benefit
in the objective function

xijh
Binary decision variable indicating whether task h of equipment j is
assigned to robot i

Vmaxi Maximum operational travel of robot i

4. Proposed Method
4.1. Harris Hawks Optimization (HHO) Algorithm

In nature, Harris hawks use their sharp eyes to scout the environment and efficiently
perform cooperative foraging during tracking, encirclement, and attack phases. Heidari et
al. [47] conducted in-depth research on the hunting behavior of Harris hawks and proposed
the Harris Hawks Optimization algorithm (HHO), which includes three phases: global
exploration phase, global exploration to local development phase, and local development
phase. The main pseudocode of HHO is displayed in Algorithm 1. Experiments show that
HHO performs well in unimodal, multimodal, and combinatorial optimization problems,
especially demonstrating good scalability and robustness in high-dimensional problems
and engineering optimization design.
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Algorithm 1 Pseudo-code of HHO algorithm

Input: Unallocated tasks set T U

Output: Allocated tasks sequence Ai, i ∈ U
1: Initialize the random population Xi(i = 1, 2, . . . , N)
2: while (stopping condition is not met) do
3: Calculate the fitness values of hawks
4: Set Xrabbit as the location of rabbit (best location)
5: for each hawk (Xi) do
6: Update the initial energy E0 and jump strength J
7: Update the E by E = 2E0

(
1 − t

T
)

8: if |E| ≥ 1 then
9: Switch to exploration phase

10: Update the location vector by exploration phase
11: end if
12: if |E| < 1 then
13: Switch to exploitation phase
14: if r ≥ 0.5 and |E| ≥ 0.5 then
15: Update the location vector by soft besiege
16: else if r ≥ 0.5 and |E| < 0.5 then
17: Update the location vector by hard besiege
18: else if r < 0.5 and |E| ≥ 0.5 then
19: Update the location vector by soft besiege with progressive rapid dives
20: else if r < 0.5 and |E| < 0.5 then
21: Update the location vector by hard besiege with progressive rapid dives
22: end if
23: end if
24: end for
25: end while
26: return Xrabbit

4.1.1. Exploration Phase

Assuming the population size is PopSize and the dimension is Dim, define the position
vector of the t-th generation population as X1(t), X2(t), . . . , XN(t), where the i-th individual
is expressed as follows:

Xi(t) = (Xi1(t), Xi2(t), . . . , XiDim(t)), i = 1, . . . , PopSize. (19)

During the exploration phase, the Harris hawk employs two strategies to search for
prey, with both strategies having equal probability. The two search strategies are as follows:

X(t + 1) =

Xrand(t)− r1|Xrand(t)− 2r2X(t)|, q ≥ 0.5

(Xrabbit(t)− Xm(t))− r3(LB + r4(UB − LB)), q < 0.5
, (20)

where X(t + 1) is the position vector of the hawks in the next iteration t, Xrabbit(t) is the
position of the rabbit, X(t) is the current position vector of the hawks, and r1, r2, r3, r4,
and q are random numbers in [0, 1], which are updated in each iteration. LB and UB are
the upper and lower bounds of the variables, respectively, Xrand(t) is a randomly selected
hawk from the current population, and Xm is the average position of the current population
of hawks. The average position of the hawks is obtained using Equation (21):

Xm(t) =
1
N

N

∑
i=1

Xi(t). (21)
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4.1.2. Transition from Exploration to Exploitation

To model this step, the energy of a rabbit is modeled as

E = 2E0

(
1 − t

MaxIter

)
, (22)

where E indicates the escaping energy of the prey, MaxIter is the maximum number of
iterations, and E0 is the initial state of its energy. When |E| ≥ 1, the exploration phase
begins; when |E| < 1, the exploitation phase begins.

4.1.3. Exploitation Phase

The algorithm’s development phase includes four different search strategies to mimic
the hunting process of a flock of hawks: soft besiege, hard besiege, soft besiege with
progressive rapid dives, and hard besiege with progressive rapid dives. The corresponding
population update is performed based on the escape energy and the value of the random
number r in the interval (0, 1).

1⃝ Soft besiege
When |E| ≥ 0.5 and r ≥ 0.5, the prey still has enough energy to escape, and the flock

of hawks will gently circle and chase the prey, exhausting it. The strategy expression is

X(t + 1) = ∆X(t)− E|JXrabbit(t)− X(t)| (23)

∆X(t) = Xrabbit(t)− X(t), (24)

where ∆X(t) is the difference between the position vector of the rabbit and the current
location in iteration t, r5 is a random number inside (0, 1), and J = 2(1 − r5) represents
the random jump strength of the rabbit throughout the escaping procedure. The J value
changes randomly in each iteration to simulate the nature of rabbit motions.

2⃝ Hard besiege
When |E| < 0.5 and r ≥ 0.5, the prey’s physical strength is too low to escape pursuit.

The expression for this stage is

X(t + 1) = Xrabbit(t)− E|∆X(t)|, (25)

3⃝ Soft besiege with progressive rapid dives
When |E| ≥ 0.5 and r < 0.5, the prey still has the energy to escape, and the flock of

hawks will form a soft encirclement to hunt the prey. The update expression for this stage
is

X(t + 1) =

Y, if f (Y) < f (X(t)),

Z, if f (Z) < f (X(t)).
(26)

In the formula, f (·) is the objective function value of the minimization problem, and
Y and Z are, respectively,

Y = Xrabbit(t)− E|JXrabbit(t)− X(t)| (27)

Z = Y + S × LF(D), (28)

where D is the dimension of the problem; S is a random vector of size 1 × D on (0, 1); and
LF is the Levy flight function, calculated as follows:

https://doi.org/10.3390/pr14152448

https://doi.org/10.3390/pr14152448


Processes 2026, 14, 2448 16 of 38

LF(x) = 0.01 × u × σ

|v|1/β
,

σ =
Γ(1 + β) sin(πβ/2)

Γ
(

1+β
2

)
β · 2(β−1)/2

. (29)

In this formula, u and v are both random numbers in (0, 1); β is a default constant, set
to β = 1.5.

4⃝ Hard besiege with progressive rapid dives
When |E| < 0.5 and r < 0.5, the prey does not have enough energy to escape, and the

flock of hawks constructs a tight encirclement to capture the prey. The expression for this
strategy is

X(t + 1) =

Y, if F(Y) < F(X(t))

Z, if F(Z) < F(X(t))
(30)

Y = Xrabbit(t)− E|Xrabbit(t)− Xm(t)| (31)

Z = Y + S × LF(D). (32)

4.2. Multi-Strategy Hybrid Harris Hawks Optimization with Differential Evolution Algorithm

Despite HHO’s good performance on multiple benchmarks and engineering opti-
mization problems, there are still some noteworthy drawbacks and limitations. As the
problem dimensions increase, the search efficiency of HHO decreases significantly, and it
is prone to getting trapped in local optima. In addition, current attack strategy selection
is mainly based on a simple combination of random number r and absolute energy value
E, lacking adaptability. In actual optimization, different problems may require different
strategy combinations and switching timings, and fixed switching rules may not be able to
fully utilize the advantages of various strategies.

Therefore, in response to the imbalance between algorithm exploration and develop-
ment, as well as the tendency of algorithms to fall into local optimal, this study proposes
an energy-starvation joint decision function by combining energy and starvation rate. Fur-
thermore, it integrates the differential evolution (DE) algorithm with the HHO algorithm
to enhance the global search capability and convergence performance. The improvement in
the MSHHODE is as follows.

4.2.1. Hunting Enthusiasm

In basic HHO, considering only energy E leads to a simplistic search pattern and
limited adaptability in the algorithm, making it difficult to dynamically adjust the balance
between global exploration and local exploitation based on the population’s internal state.
However, the starvation rate has been described in reference [53], and it has been confirmed
that considering the hunger level of the hunter can enhance the performance of the algo-
rithm in solving complex optimization problems and improve the reliability of escaping
from local optima. If a Harris hawk is satiated, it has enough energy to fly further to find
prey; if it does not eat enough, it will not have enough energy to fly for a long time.

Therefore, this paper comprehensively considers starvation rate F and energy E as
hunting enthusiasm HE to promote the basic HHO algorithm to better balance exploration
and exploitation. After calculating the starvation rate F via Equations (33) and (34), the
proposed hunting enthusiasm HE is described in Equation (35):

f = h ×
(

sin
(

π

2
× t

T

)
+ cos

(
π

2
× t

T
· −1

))
, (33)
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F = (2 × rand1 + 1)× z ×
(

1 − t
T

)
+ f , (34)

HE = F/E. (35)

In this formula, the larger the starvation rate F , the weaker the hunger of the Harris
hawk; h is a random number in (−2, 2); and ω is a fixed parameter, taken as ω = 2.5,
which is inherited from the setting of the hunger rate formula in the original literature.
f is a perturbation term, affected by the current iteration number t; rand1 is a random
value, taking a value in (0, 1); and z is a random number in (−1, 1), which changes with
the number of iterations. When z < 0, it indicates that the hawk is hungry; when z > 0, it
indicates that the hawk is full.

Then, the hunting enthusiasm HE is used to macroscopically control whether the
Harris hawk engages in global exploration or localized exploitation. When |HE| > 1,
the hawk will search for food in different areas, which is the global exploration phase. If
|HE| < 1, it enters the exploitation phase, and the hawk will search for food nearby.

Then, after entering the partial exploitation stage, the hawk will further select and
switch between four besieging strategies based on the rabbit’s energy level.

4.2.2. Elite-Assisted Guidance Strategy

In the exploration phase of the optimization algorithm, to guide the population search
direction more stably and evenly, an elite group average position guidance strategy is
investigated. This strategy does not rely on the accidental advantage of a single elite
individual, but instead calculates the geometric center of the current elite group and uses
it as the guiding direction, improving the robustness and convergence reliability of the
search. Specifically, first, several individuals with optimal fitness are selected according to a
defined elite ratio, and the arithmetic mean of their position vectors is calculated to obtain
the elite average position. Subsequently, non-elite individuals move closer to this average
position with a certain learning rate, while introducing small random perturbations to
avoid premature homogenization.

X(t + 1) =


Xrand(t)− r1|Xrand(t)− 2r2X(t)|, q ≤ 0.3

(Xrabbit(t)− Xm(t))− r3(LB + r4(UB − LB)), 0.3 < q ≤ 0.6

X(t) + r5

(
1

N·re
∑N·re

j=1 Xelite − X(t)
)
+ r6 · rand(D), q > 0.6

, (36)

where re is the elite ratio, Xelite is the location of the elite hawk, and rand(D) is a D-
dimensional random vector. r5 and r6 are also random numbers inside (0, 1), which are
updated in each iteration.

This guidance method is particularly effective in the middle of the iteration, preventing
the entire population from being misled by the local extrema of individual elites, while
maintaining the overall progress of the population towards the potential optimal region,
balancing the breadth of exploration and the depth of development, and providing a
guarantee for the stable convergence of the algorithm in complex multimodal spaces.

4.2.3. Adaptive Differential Evolutionary Strategy

To enhance global search capabilities and population diversity, this paper incorporates
the differential evolution (DE) algorithm into the HHO algorithm.

(1) Adaptive triggering mechanism
To intelligently incorporate DE strategies into the HHO algorithm, this paper designs

a multi-factor adaptive triggering mechanism. This mechanism comprehensively considers
three key factors, namely the algorithm’s search state, iteration process, and population
diversity, dynamically adjusting the execution probability of the differential evolution
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strategy, thus achieving the organic integration and complementary advantages of the two
algorithms.

First, an adaptive triggering mechanism based on starvation rate F , current iteration t,
and population diversity D is defined in Equations (37) and (38) to determine the adaptive
trigger probability PDE in DE:

D =
1
N

N

∑
i=1

√√√√[ 1
D

D

∑
k=1

(
Xi,k − X̄k

UBk − LBk

)2
]

, (37)

PDE = α × |F|+ β × (1 − t/T) + γ × (1 −D), (38)

where α is the starvation rate weighting coefficient, β is the iteration progress weighting
coefficient and γ is for population diversity.

In detail, the starvation rate-dominant term ensures the algorithm responds to the
search state—the hungrier the flock (the higher the |F | value), the higher the probability
of DE triggering, guiding the population to conduct broader exploration. In addition, the
time decay term follows the explore first, develop later optimization paradigm, assigning a
higher DE execution probability in the early stages of iteration and gradually decreasing
it as the iteration progresses, achieving a natural transition in search focus. Finally, the
diversity compensation term monitors the population distribution in real time—when
the population tends to be homogeneous (low diversity D), it automatically increases the
DE probability, injecting new individuals to break stagnation and maintain search vitality.
These three factors work together to dynamically adjust the intensity of DE intervention,
enabling the algorithm to fully utilize the HHO siege strategy while also enhancing global
exploration and diversity through DE in a timely manner.

(2) Two-stage DE mechanism
Based on the characteristics of the different stages of the HHO algorithm, this paper

designs two targeted differential evolution strategies, which are applied to the exploration
and development stages, respectively.

1⃝ Exploration Phase: DE/rand/1 Strategy
During the exploration phase (|HE| ≥ 1), the main objective is to enhance global search

capabilities and prevent the algorithm from getting trapped in local optima prematurely.
To this end, this paper employs the classic DE/rand/1 mutation strategy, as shown in
Equation (39):

Vi(t) = Xr1(t) + F · (Xr2(t)− Xr3(t)) (39)

Among these variables, Vi(t) is the mutation vector, and Xr1 , Xr2 , and Xr3 are three
distinct individuals randomly selected from the current population. F is the scaling factor
(taken as F = 0.5 in this paper). The completely random nature of this strategy effec-
tively expands the search range and enhances the algorithm’s exploration capability in the
solution space.

2⃝ Exploitation phase: DE/best/1 strategy
During the exploitation phase (|HE| < 1), the main task of the algorithm is to perform

a fine-grained search in the potential optimal region. To this end, this paper adopts an
elite-guided DE/best/1 strategy, as shown in Equation (40):

Vi(t) = Xbest(t) + F · (Xr1(t)− Xr2(t)). (40)

where Xbest(t) is the current global optimal solution. This strategy uses the optimal solution
as a benchmark and conducts local exploration around the optimal solution through
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differential perturbation, which can maintain the convergence trend towards the optimal
solution while avoiding getting stuck in local stagnation.

(3) Crossover and selection mechanisms
For both the above two strategies, a binary crossover operation is used to generate the

test vectors:

Ui,j(t) =

Vi,j(t), if rand(0, 1) ≤ CR or j = jrand

Xi,j(t), otherwise
. (41)

where CR is the crossover probability (CR = 0.7 in this paper), and jrand is a randomly
selected dimension index, ensuring that at least one dimension of the experimental vector
comes from the mutation vector.

After generating the experimental vector Ui(t), a greedy selection mechanism is used
to determine whether to update the current individual:

Xi(t + 1) =

Ui(t), if f (Ui(t)) < f (Xi(t))

Xi(t), otherwise
. (42)

This selection mechanism ensures the monotonically convergent nature of the algorithm,
meaning that the optimal fitness of the population will not deteriorate with iteration.

4.3. MSHHODE’s Framework

The flowchart for solving the heterogeneous multi-robot task allocation problem in
an environment with uncertain task execution duration, latest allowable service time of
target equipment, and robot travel speed using the MSHHODE algorithm is summarized
as shown in Figure 1, where the gray box represents the improved content of this paper.

Step 1: When the algorithm starts executing, the search parameters and positions of all
individuals in the population are first initialized. Then, the fitness value of each individual
is calculated, while the initial optimal solution is achieved.

Step 2: At the beginning of each iteration, the diversity D of the current population
is calculated based on the distribution of individuals in the solution space. Then, the
triggering probability PDE of the DE strategy in this iteration is also determined according
to Equation (38).

Step 3: Based on a predefined elite ratio re, individuals with the best fitness are selected
to form an elite population.

Step 4: For each individual, calculate their starvation rate F and hunting enthusiasm
value HE, which will guide different solution stages.

Step 5: When the hunting enthusiasm HE is greater than or equal to 1, the exploration
stage begins, focusing on a global search. When the hunting enthusiasm HE is less than 1,
the development stage begins, focusing on a detailed, localized search.

Step 6: During the exploration phase, the algorithm determines the search strategy
based on the adaptive trigger probability PDE:

Case A: Triggering DE Strategy. When the random number r is less than the adaptive
trigger probability PDE, the random differential mutation strategy in differential evolution
is executed: DE/rand/1 mutation operation, crossover operation, and greedy selection,
where the fitnesses of the experimental vector and the original individual are compared,
and the better one is retained.

Case B: No DE Strategy Triggered. When the random number r is greater than or equal
to the adaptive trigger probability PDE, an elite-assisted guidance strategy is executed.
The algorithm randomly selects one of three improved exploration strategies to execute,
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including exploration based on random individuals, exploration based on optimal and
average positions, and exploration based on elite information.

Exploration Phase: 

DE/rand/1 Strategy

Start

Initialize population and parameters

Achieve elite population by elite ratio re
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Greedy selection by Eq. 
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Figure 1. Flowchart of MSHHODE algorithm.

Step 7: During the exploitation phase, strategy selection is also based on adaptive
trigger probability PDE:

Case A: Triggering DE Strategy. Execute the DE strategy based on the optimal solution:
DE/best/1 mutation operation, crossover operation, and greedy selection.

Case B: Not Triggering DE Strategy. Execute the traditional Harris hawk siege strategy.
Based on the probability of random events and the starvation rate F , select from four siege
modes: soft besiege, hard besiege, soft besiege with progressive rapid dives, and hard
besiege with progressive rapid dives.
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Step 8: After updating the positions of all individuals, a new generation of population
is formed. The fitness values of all updated individuals are calculated and compared with
the historical optimal solution. If a better solution is found, the position and fitness infor-
mation of the global optimal solution are updated, and the relevant constraint satisfaction
status is recorded.

Step 9: Increase the iteration counter and determine if the preset maximum number of
iterations has been reached. If not, return to Step 2 to continue execution; if the maximum
number of iterations has been reached, proceed to output the final optimal solution.

When the algorithm terminates, it outputs the optimal solution obtained during the
entire search process, including the optimal position, the optimal fitness value, and related
constraint satisfaction information.

The proposed MSHHODE algorithm intelligently integrates the global exploration
capability of differential evolution and the local development capability of Harris hawk
optimization through an adaptive mechanism, achieving efficient global optimization
search while maintaining population diversity.

4.4. Task Assignment Encoding

In the MSHHODE algorithm, each hawk individual represents a candidate task alloca-
tion solution, and the optimal solution is iteratively refined through population search and
position updates. To satisfy the temporal sequencing constraints between inspection and
maintenance tasks, the constraint that each robot can only execute one task at a time, and
the capability matching constraint between robot type and task type in the heterogeneous
multi-robot task allocation problem under environments with uncertain task execution
duration, latest allowable service time of target equipment, and robot travel speed, this
paper adopts a real-vector-based encoding method to establish a mapping relationship
between hawk positions and task allocation solutions.

The dimension of the hawk position vector is equal to the total number of tasks,
which is twice the number of target equipment units. The integer part [X] of the hawk
position in each dimension represents the index of the robot assigned to the corresponding
task; tasks sharing the same integer part are assigned to the same robot and will be
executed sequentially by that robot. This paper ensures the capability matching between
heterogeneous robots and task types by restricting the upper and lower bounds of the
integer part of the hawk position in each dimension according to the functional type of
each robot. Specifically, the integer part of dimensions corresponding to inspection tasks is
restricted to the indices of robots capable of performing inspection tasks, and similarly for
maintenance tasks.

For example, as shown in Table 3, the integer part of the hawk position corresponding
to each equipment inspection task can only take values from the set of robot indices capable
of performing inspection tasks, and the same restriction applies to maintenance tasks. The
decimal part {X} of the hawk position indicates the execution order of the task within the
assigned robot’s task list; a smaller decimal part value indicates an earlier execution priority
for that task.

After decoding the hawks’ positions in the table, the task sequences of robots U1, U2,
and U3 are obtained as follows: T3,1 → T2,1, T3,2 → T1,1, T1,2 → T2,2.

After obtaining the value of decision variable xij according to Table 3, it means that the
task list for robot execution has been obtained. Then, the start and end times of each task in
the form of triangular fuzzy numbers are calculated cumulatively according to Formulas 6
and 8. Then, constraints 13 and 14 are used to determine whether the execution plan meets
the temporal and time window constraints of each task. If not, a larger penalty function
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is added to the current decision variable plan to encourage MSHHODE to seek a better
decision variable plan.

Table 3. The correspondence between Harris hawk position and task allocation result.

Target Equipment T1 T2 T3

Task T1,1 T1,2 T2,1 T2,2 T3,1 T3,2

X 2.6 3.4 1.9 3.6 1.1 2.4
[X] 2 3 1 3 1 2
{X} 0.6 0.4 0.9 0.6 0.1 0.4

Robot U2 U3 U1 U3 U1 U2

4.5. Computational Complexity Analysis

The time complexity of the standard HHO algorithm is O(MaxIter · PopSize · Dim),
where MaxIter is the maximum number of iterations, PopSize is the population size, and
Dim is the problem dimension, which in this paper equals 2N. The improvements intro-
duced in MSHHODE add only constant-order overhead per individual at each iteration:
computing the hunting enthusiasm HE requires O(1) operations, and the elite-assisted
guidance strategy requires selecting and averaging PopSize · re elite individuals, costing
O(PopSize · Dim) per iteration for sorting and averaging across the whole population. In
addition, the adaptive DE mechanism, including mutation, crossover, and greedy selection,
costs O(Dim) per individual. Hence, the overall time complexity of MSHHODE remains
O(MaxIter · PopSize · Dim), i.e., the same asymptotic order as the standard HHO, with
only a small constant-factor increase due to the additional bookkeeping.

5. Simulation Results
5.1. Parameter Settings and Experimental Environment

The algorithm parameters in this paper are set as follows: maximum number of
iterations MaxIter = 500; populationsize = 30. All algorithms and test programs in this
paper are simulated using Matlab R2017a, with the Windows 10 operating system, AMD
Ryzen 7 PRO CPU with a clock speed of 1.70GHz, and 16GB of memory.

5.2. Instance Verification of Algorithm Feasibility

To verify the feasibility of the MSHHODE algorithm in solving the heterogeneous
multi-robot task allocation problem under uncertain information, this paper simulates four
heterogeneous mobile robots performing inspection and maintenance tasks on eight target
equipment units across a large-scale manufacturing facility covering an area of 10,000 m
× 10,000 m, which represents a realistic industrial park scenario encompassing multiple
production workshops and logistics corridors. It means M = 4 and N = 8, and sets
the decision-maker preference value to cr = 0.7. Tables 4 and 5 are initial information
tables of robots and target equipment, respectively. The unit for position is meters (m),
the unit for robot travel speed is m/s, and the unit for latest allowable service time and
inspection/maintenance duration is seconds (s). The final robot allocation information and
task allocation information are shown in Table 6 and Table 7, respectively. Figure 2 shows
the fitness change curve for the MSHHODE’s solution process.
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Table 4. The initial information of the robots.

Robot Functional Type Value Success
Prob.

Initial Position Travel Speed

U1 Inspection 75 0 (4.204, 90.68) [3.51, 39, 4.29]
U2 Inspection & maintenance 166 0.83 (161.49, 95.09) [3.42, 3.8, 4.18]
U3 Inspection & maintenance 130 0.91 (190.52, 108.5) [3.87, 4.3, 4.73]
U4 Maintenance 87 0.99 (73.847, 187.1) [3.69, 4.1, 4.51]

Table 5. The initial information of the tasks.

Task Task Type Value Failure
Prob.

Initial Position Latest Allowable
Service Time

Execution
Duration

T1,1 Inspection 61 0.5 (958.44, 621.39) [2804, 2854, 2904] [82.8, 92, 101.2]
T1,2 Maintenance [271.8, 302, 332.2]

T2,1 Inspection 96 0.6 (811.22, 527.42) [2500, 2550, 2600] [81, 90, 99]
T2,2 Maintenance [279, 310, 341]

T3,1 Inspection 85 0.4 (540.78, 771.60) [2865, 2915, 2965] [84.6, 94, 103.4]
T3,2 Maintenance [256.5, 285, 313.5]

T4,1 Inspection 91 0.6 (702.63, 829.32) [1887, 1937, 1987] [89.1, 99, 108.9]
T4,2 Maintenance [254.7, 283, 311.3]

T5,1 Inspection 70 0.3 (682.94, 962.18) [2605, 2655, 2705] [91.8, 102, 112.2]
T5,2 Maintenance [268.2, 298, 327.8]

T6,1 Inspection 95 0.4 (830.32, 922.68) [2048, 2098, 2148] [90.9, 101, 111.1]
T6,2 Maintenance [281.7, 313, 344.3]

T7,1 Inspection 58 0.4 (755.39, 903.08) [2026, 2076, 2126] [88.2, 98, 107.8]
T7,2 Maintenance [272.7, 303, 333.3]

T8,1 Inspection 77 0.6 (936.96, 574.82) [1137, 1187, 1237] [83.7, 93, 102.3]
T8,2 Maintenance [268.2, 298, 327.8]
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Figure 2. Fitness curve of MSHHODE.
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The allocation results shown in Tables 6 and 7 demonstrate that the proposed MSH-
HODE can allocate all uncertain tasks to robots, where the task list completion time for
robots and starting time for tasks are predicted and displayed in the uniform of triangular
fuzzy numbers. In addition, Table 6 shows that the time sequence constraint reliability and
service time window constraint reliability are both greater than the predefined decision-
maker preference of cr = 0.7. This means that the proposed algorithm can achieve feasible
solutions for the considered uncertain multi-robot task allocation problem. Furthermore, it
can be seen from Figure 2 that the algorithm converges quickly, obtaining a feasible solution
at iteration number t = 14. Moreover, the inclusion of a strategy to escape local optima
allows the MSHHODE algorithm to escape local optima multiple times in the later stages
of iteration (iteration number t > 300), demonstrating good optimization performance.

Table 6. The allocated information for all tasks.

Task Allocated Robot Start Time Time Sequence
Constraint Reliability

Time Window
Constraint Reliability

T1,1 U2 [777.91, 858.52, 950.78] 1 0.7013
T1,2 U4 [2461.4, 2727.4, 3008.4] 1 0.7967

T2,1 U2 [418.95, 461.83, 512.05] 1 1
T2,2 U4 [2143.7, 2374.8, 2620.1] 1 1

T3,1 U2 [587.12, 647.71, 717.59] 1 1
T3,2 U4 [1445.3, 1600.6, 1766.5] 1 1

T4,1 U3 [883.78, 979.10, 1080.2] 1 1
T4,2 U4 [1353.2, 1500.3, 1653.9] 1 1

T5,1 U1 [257.48, 283.23, 314.70] 1 1
T5,2 U3 [1353.2, 1500.3, 1653.9] 1 1

T6,1 U1 [384.85, 424.35, 470.37] 1 0.7621
T6,2 U4 [1774.2, 1965.3, 2168.5] 1 1

T7,1 U2 [239.89, 263.88, 293.21] 1 1
T7,2 U3 [943.81, 1046.0, 1153.6] 1 0.9475

T8,1 U3 [436.70, 483.35, 533.75] 1 0.9475
T8,2 U3 [943.81, 1046.0, 1153.6] 1 0.9475

Table 7. The allocated schedules of all robots.

Robot Task Sequence Task List Completion Time Travel Distance

U1 T5,1 → T6,1 [384.85, 424.36, 470.38] 1257.2
U2 T7,1 → T2,1 → T3,1 [777.91, 858.52, 950.78] 2190.8
U3 T8,1 → T8,2 → T7,2 → T4,1 → T5,2 [1353.2, 1500.3, 1653.9] 1360.3
U4 T4,2 → T3,2 → T6,2 → T2,2 → T1,2 [2461.4, 2727.4, 3008.4] 1967.6

Table 7 records the sequence of tasks performed by each robot and the distance
traveled. Table 6 records the robot ID that performed inspection and maintenance tasks
for each target equipment, as well as the credibility of each target equipment satisfying
the service time window constraint and the temporal sequence constraint. It can be seen
that all tasks can be assigned, and the credibility of all tasks satisfying the above two
constraints is greater than the given preference value cr = 0.7. Furthermore, Table 6 uses
triangular fuzzy numbers to represent the start time of all tasks. Therefore, this experiment
verifies the feasibility of the MSHHODE algorithm in solving task allocation problems
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under conditions of uncertain task time windows, uncertain task execution times, and
uncertain robot travel speeds.

5.3. The Impact of Problem Scale on Algorithm Performance

To verify the impact of changes in the number of robots and target equipment on the
performance of the MSHHODE algorithm, this paper tests the solution performance of
the MSHHODE algorithm under different task load (number of tasks/number of robots)
settings, with a fixed number of target equipment units (N = 10) and an increase in the
number of robots (M = 4, 6, 8, 10), and with a fixed number of robots (M = 4) and an
increase in the amount of target equipment (N = 8, 10, 12, 16). The average fitness value
change curves during the solution process are shown in Figures 3 and 4.

It should be noted that, from a practical application perspective, the problem size
should not be set too large. This paper uses triangular fuzzy numbers to model the task
execution time, latest allowable service time window, and robot cruise speed. As shown
in Equation (6), the fuzzy time B̃Tik when the robot arrives at the k-th task position is the
sum of the fuzzy execution time and fuzzy travel time of all preceding tasks. As the task
sequence grows, the uncertainty interval of the triangular fuzzy number will expand along
the task chain, resulting in a continuous widening of the prediction interval for the arrival
time of subsequent tasks. If the problem size is too large, this cumulative effect will make it
difficult to guarantee the credibility of the service time window constraint. A large number
of tasks will be forced to be deleted due to violations of the constraints specified in Equation
(13), and the feasibility of the scheme will decrease. Therefore, controlling the problem size
within a reasonable range is an inherent requirement to ensure that the fuzzy pre-planning
scheme has practical reference value.
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Figure 3. MSHHODE fitness change curve as the number of robots increases.

As shown in Figure 3, the proposed MSHHODE can obtain feasible solutions under
all the above scale settings. However, the convergence speed of the fitness value gradually
slows down as the number of robots increases. As can be seen from the encoding method
proposed, when the amount of target equipment is fixed, the more robots there are, the
wider the search domain becomes, leading to a slower solution speed. Furthermore,
Figure 3 shows that the fitness value of the final allocation scheme also increases with the
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number of robots. This is because when the amount of target equipment is fixed, the total
benefit obtained by the robots in performing tasks is not significantly different, but the
travel cost and operational risk cost increase continuously with the increase in the number
of robots, leading to a continuous increase in the fitness value of the final task allocation
scheme.

In addition, as shown in Figure 4, when the number of robots is constant, the conver-
gence speed of the MSHHODE algorithm gradually slows down with the increase in the
amount of target equipment. This is because the dimensionality of the individual encoding
increases linearly with more target equipment. Therefore, it becomes difficult to find a
task allocation scheme that simultaneously satisfies both the temporal and service time
window constraints, requiring the algorithm to iterate more times to find feasible solutions.
Furthermore, as the number of targets increases, the average number of tasks that each
robot needs to perform also increases, leading to an increase in both the task list completion
time and distance cost for the robots. Consequently, the final fitness value obtained by
MSHHODE also increases with the amount of target equipment.
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Figure 4. MSHHODE fitness change curve as the amount of target equipment increases.

5.4. Sensitivity Analysis of Model and Algorithm Parameters

This section investigates the sensitivity of MSHHODE to credibility threshold c∗r , the
degree of uncertainty χ, the weighting coefficients ω1, ω2, ω3 in the objective function of
Equation (12), and the elite ratio re in the elite-assisted guidance strategy of Equation (36).

5.4.1. Sensitivity to the Decision-Maker Preferences and Degree of Uncertainty

To verify the impact of decision-maker preference values on the MSHHODE perfor-
mance, Figures 5–7 statistically illustrate the average fitness value, average time to complete
all tasks, and total travel length of all robots for feasible solutions obtained from 50 random
instances under four different task load scenarios with three settings: preference values
cr = 0.3, 0.5, 0.7.

In addition, since the upper and lower bounds λ1 and λ3 of the uncertain information
in this paper are determined by λ2 and the degree of uncertainty χ, in order to verify the
impact of the degree of uncertainty of the uncertain information on the performance of the
task allocation scheme, Figures 5–7 also show the fitness value, average task completion
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time, and total distance of the feasible task allocation schemes that are randomly run 50
times by the MSHHODE algorithm when the degree of uncertainty is low, medium, and
high, that is, when χ is 0.1, 0.2, and 0.3, respectively.
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Figure 5. Average fitness of final available solution for the MSHHODE algorithm in four task
scenarios under different decision-maker preferences and uncertainties.
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Figure 6. Average completion time of final available solution for the MSHHODE algorithm in four
task scenarios under different decision-maker preferences and uncertainties.

As shown in Figures 5 and 6, as the preference value cr gradually increases, the average
robot task list completion time AVGComTime (i.e., time cost) under the three task load
settings continues to increase, resulting in a general gradual increase in the fitness value of
the allocation schemes. This is because when cr increases, the decision-maker gradually
tends to be conservative. In order to minimize the possibility of violating the target
equipment temporal sequencing constraints, the start execution time of target maintenance
tasks is delayed, leading to a continuous increase in the robot task list completion time,
and consequently, an increase in the fitness value of the obtained task allocation schemes.
In addition, due to the increase in the degree of uncertainty χ, to ensure that all temporal
sequencing constraints are satisfied, the start time of tasks is delayed, resulting in an
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increase in the robot task list completion time, and consequently, an increase in the fitness
value of the task allocation schemes.

In addition, as the degree of uncertainty χ and the decision-maker’s preference cr

increase, the algorithm tends to assign multiple tasks that are geographically adjacent
or the same target to the same robot to avoid violating the time window and sequential
constraints, thereby reducing long-distance cooperative maneuvers between robots and
leading to a decrease in the total travel path length, which is displayed in Figure 7.
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Figure 7. Average total distance of final available solution for the MSHHODE algorithm in four task
scenarios under different decision-maker preferences and uncertainties.

5.4.2. Sensitivity to the Weighting Coefficients

Table 8 compares three representative weighting schemes of ω1, ω2 and ω3 in Equation
(12): a balanced setting that is used as the baseline, a risk-averse setting that places greater
emphasis on the operational risk cost C1, and a travel-cost-oriented setting that places
greater emphasis on the travel cost C2.

Table 8. Sensitivity analysis of weighting coefficients under scenario 4U8T (c∗r = 0.7, χ = 0.2).

Scenario ω1 ω2 ω3 AVG Fitness AVGComTime AVGDist

Balanced (baseline) 0.34 0.33 0.33 2.5234 1208.31 1699.6
Risk-averse 0.6 0.2 0.2 2.0361 1215.6 1710.3
Travel-cost-oriented 0.2 0.6 0.2 2.7943 1176.82 1689.57

As shown in Table 8, shifting weight toward the operational risk cost increases the
average fitness value, as the algorithm tends to favor higher-reliability robots even at
the cost of longer travel distances, while shifting weight toward the travel cost reduces
AVGDist as expected. These results confirm that the weighting scheme in Equation (12)
correctly reflects different decision-maker priorities, and that MSHHODE remains stable
and consistently able to obtain feasible solutions across all tested weight settings.

5.4.3. Sensitivity to the Elite Ratio

Table 9 further examines the effect of the elite ratio re, which controls the size of the
elite group used in the elite-assisted guidance strategy, as shown in Equation (36). Three
representative values are tested: re = 0.05, re = 0.20(baseline), and re = 0.40.
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As shown in Table 9, both a small (re = 0.05) and a large (re = 0.40) elite ratio
degrade performance relative to the baseline, reflected in higher NumNoFeasSol, AVG,
and AVGIter values. When re is too small, the elite-group centroid is derived from too
few individuals and may not provide a stable guidance direction; when re is too large, the
elite group increasingly overlaps with the general population, weakening the guidance
effect and slowing convergence. These results confirm that MSHHODE’s performance
is relatively robust within a reasonable range around the adopted setting re = 0.2, and
provide empirical justification for this parameter choice.

Table 9. Sensitivity analysis of the elite ratio re under scenario 4U8T.

re NumNoFeasSol AVG Fitness AVGIter

0.05 1 2.5233 19.56
0.20 (baseline) 0 2.4734 15.31
0.40 2 2.514 18.46

5.5. Robust Performance Verification of Allocation Results

Due to the uncertainty of task execution time, target equipment latest execution time,
and robot navigation speed, in order to verify the robust performance of the task allocation
scheme obtained by the MSHHODE algorithm in the actual task execution process, the
stochastic simulation algorithm (SSA) is applied to simulate the actual values of the above
uncertain information.

When evaluating the robustness of the task allocation schemes, the first step is to
evaluate whether the allocation scheme obtained by MSHHODE can meet the temporal
and time window requirements when assigning accurate values to uncertain parameters. If
it meets the requirements, the allocation scheme remains unchanged. If it does not meet the
requirements, the auction method is used to redistribute tasks that cannot meet the time
requirements. Evaluate the robustness of the allocation scheme obtained by MSHHODE
by counting the number of times the original scheme needs to be reallocated and the
proportion that can be reallocated.

In order to evaluate the robustness performance of the MSHHODE algorithm, it must
be evaluated in terms of different task allocation schemes under three uncertainty level
settings χ under three different task load settings, as shown in Table 10. Firstly, after
obtaining feasible solutions that satisfy the constraints using the MSHHODE algorithm,
50 sets of actual values of uncertain information are randomly generated using the SSA
algorithm for each feasible solution. Finally, calculate the proportion of tasks that need to
be reassigned in the original task allocation plan RePer, and the proportion of successful
reassignments ReSucPer in this actual situation.

Table 10. Robust performance of MSHHODE under three different uncertainty degrees χ.

Scenario 4U10T 4U12T 6U12T

Uncertain Degree χ 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3
RePer 43.21% 46.75% 53.71% 48.94% 53.17% 65.39% 51.37% 56.76% 63.53%

ReSucPer 73.25% 81.34% 91.26% 70.73% 78.36% 86.95% 68.31% 74.54% 83.27%

With the increase in task load, more tasks in the task allocation scheme obtained by
MSHHODE cannot meet the constraints during actual execution and need to be reassigned
more times to ensure the successful completion of the whole mission. And due to this
increase in task load, each robot takes longer to complete its task list, which increases the
possibility that the temporal sequencing constraints and service time window constraints
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of other tasks in the task list will not able to be met after adding the failed tasks. As a result,
the proportion of successful reassignments decreases with the increase in task load.

In addition, when the degree of uncertainty increases, more allocated tasks cannot
meet the temporal and service time window constraints in the actual execution process.
Therefore, when the task load is constant, the proportion that needs to be reallocated
increases with the increase in uncertainty. Meanwhile, the increase in uncertainty means
that drones are more likely to utilize redundant time to handle failed tasks; thus, the
proportion of successful reassignments increases with the preference of decision-makers.

5.6. Algorithm Performance Comparison

To verify the superiority of the proposed algorithm, this paper considers five different
settings (4U8T, 4U10T, 4U12T,6U10T, 6U12T). MSHHODE and five other classic algorithms,
including Grey Wolf Optimizer (GWO), Improved Grey Wolf Optimizer (IGWO), Dream
Optimization Algorithm (DOA) [54], Logistic-Gauss Circle optimizer (LGC) [55], and the
standard Harris Hawks Optimization (HHO), are independently run 50 times under each
setting.

First, Table 11 presents the number of times a feasible solution cannot be found
(NumNoFeasSol) over the 50 random task-allocation instances, directly indicating the
solving capability of the six algorithms. BST, AVG, WST, STD, and AVGIter represent
the best, average, worst, standard deviation, and average number of iterations required to
obtain a feasible solution, respectively, after 50 random runs of each algorithm. AVGDis
and AVGComTime denote the average total distance traveled by all robots and the average
task-list completion time, respectively. Since the task-list completion time for each robot is
expressed as a triangular fuzzy number, the most probable estimate (the center value of the
triangular fuzzy number) is used to calculate the average completion time. Optimal results
are highlighted in bold.

To further verify that the performance improvement in MSHHODE is statistically
significant rather than due to random variation, a Wilcoxon rank-sum test is conducted
between MSHHODE and each benchmark algorithm within each problem-scale scenario,
based on the 50 independent runs reported in Table 11. In addition, a Friedman test is
performed across all five scenarios to examine the overall ranking of the six algorithms in
terms of average fitness, as displayed in Table 12.

Furthermore, to illustrate the convergence performance of all six algorithms, this paper
selects from the 50 random runs under each setting (excluding instances where no feasible
solution is found) and plots the average convergence curves for the six algorithms. These
curves are shown in Figures 8–12 for the five different problem-scale settings.

According to the NumNoFeasSol metric in Table 11, it can be observed that the pro-
posed MSHHODE algorithm can obtain feasible solutions the most times across all settings
across 50 random instances. Furthermore, its BST ranks first in Settings 2, 3 and 4, and ranks
second in Settings 1 and 5. In Setting 3, its BST value significantly outperforms the other
algorithms. This directly demonstrates that the algorithm possesses stronger global explo-
ration capabilities and can effectively avoid falling into local optimum traps. Additionally,
its AVG values in all settings are the lowest among all algorithms, indicating that the
algorithm exhibits optimal average performance under different initial conditions and high
reliability. Furthermore, its WST value is much lower than that of other algorithms, and its
STD value is also lower than that of the other five algorithms. This means that the quality
fluctuation of the MSHHODE solution is small and it has strong robustness. In addition, it
can be observed that the basic HHO algorithm has the worst solution performance. It fails
to find a feasible solution the most times, and the BST and WST of the solution are worse
than the other algorithms.
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Table 11. Comparison of task allocation results for six algorithms.

Scenario Algorithms NumNoFeasSol BST AVG WST STD AVGDist AVGComTime AVGIter p-Value
(Wilcoxon)

No 1: 4U8T

GWO 0 2.8332 2.9006 2.9831 0.3461 1751.004 1206.98 32.1 2.1 × 10 −3

IGWO 0 2.8321 3.0886 3.0886 0.1284 1776.518 1232.89 51.54 7.6 × 10 −4

DOA 0 2.8143 2.8796 2.9592 0.0342 1754.013 1204.66 26.9 5.2 × 10 −3

HHO 1 2.8591 3.1335 3.1335 0.1122 1778.538 1162.49 68.2 3.4 × 10 −8

LGC 0 2.8874 2.9134 3.0274 0.0607 1792.61 1197.31 34.95 8.5 × 10 −3

MSHHODE 0 2.8251 2.8721 2.9348 0.0259 1755.942 1183.27 23.2 /

No 2: 4U10T

GWO 4 3.3918 4.1771 4.6743 0.2520 1996.714 1417.19 143.32 4.5 × 10 −6

IGWO 1 3.3587 3.5945 4.3572 0.1120 2017.914 1428.72 107.98 8.1 × 10 −5

DOA 2 3.3598 3.7753 4.7753 0.1727 2037.594 1410.76 123.88 3.2 × 10 −4

HHO 11 3.4272 4.9358 5.9358 0.0425 2007.954 1435.08 288.48 6.9 × 10 −9

LGC 2 3.3682 3.8617 4.4341 0.1307 2016.10 1391.39 118.34 1.5 × 10 −3

MSHHODE 0 3.3581 3.4122 3.4747 0.0264 2034.544 1380.54 74.32 /

No 3: 4U12T

GWO 15 3.9846 4.0234 4.4733 0.0454 2260.684 1600.30 295 2 × 10 −7

IGWO 12 3.9743 4.0119 4.8685 0.0493 2259.394 1593.10 145.57 8 × 10 −6

DOA 5 3.8691 3.9568 5.585 0.0896 2265.614 1622.89 192.28 4 × 10 −5

HHO 17 3.8332 4.7609 5.1991 0.1345 2236.464 1552.61 313 1 × 10 −10

LGC 11 3.4751 3.8167 4.4319 0.0612 2301.347 1590.1 183.7 7 × 10 −4

MSHHODE 5 2.9857 3.8288 4.2417 0.0447 2227.746 1606.41 155.14 /

No 4: 6U10T

GWO 10 3.3062 3.3738 3.8852 0.0508 1584.549 1074.99 221.5 5 × 10 −4

IGWO 9 3.3243 3.4273 3.795 0.0489 1586.089 1019.03 115 8 × 10 −4

DOA 3 3.2816 3.4488 3.5067 0.0491 1573.291 987.91 441.5 2 × 10 −3

HHO 12 3.3882 3.4315 4.4181 0.0466 1608.652 959.91 417.5 3 × 10 −6

LGC 7 3.4314 3.4921 3.9215 0.0410 1610.646 962.6 193.6 4 × 10 −3

MSHHODE 3 3.2507 3.2856 3.6785 0.0369 1584.057 948.01 94.5 /

No 5: 6U12T

GWO 12 4.0387 4.1347 4.1834 0.0434 1633.300 1092.40 370.5 0.012
IGWO 9 4.0209 4.1163 4.2125 0.0484 1645.500 1116.50 300.23 0.008
DOA 8 3.2321 3.9824 4.5924 0.3289 1661.800 1064.50 287.06 0.004
HHO 14 4.0161 4.1001 4.1643 0.0598 1687.700 1075.30 245 0.0008
LGC 12 3.7195 4.0694 4.3018 0.0761 1638.419 1106.3 312.6 0.017

MSHHODE 4 3.3479 3.9809 4.1283 0.0514 1626.600 1075.20 206.23 /

The Optimal result is highlighted in bold
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Table 12. Friedman test results across five problem-scale scenarios based on average fitness values in
Table 11.

Algorithm No. 1 No. 2 No. 3 No. 4 No. 5 Mean Rank

GWO 3 5 5 2 6 4.2
IGWO 5 2 4 3 5 3.8
DOA 2 3 3 5 2 3.0
HHO 6 6 6 4 4 5.2
LGC 4 4 1 6 3 3.6

MSHHODE 1 1 2 1 1 1.2

Friedman χ2 = 12.89, p = 0.024.

In terms of the reliability and stability of algorithm convergence, the AVGIter metric
of MSHHODE is significantly lower than that of the comparative algorithms. For instance,
in Settings 2 and 4, it is only 72.32/94.5 iterations, whereas DOA and HHO reach as high as
123.88/441.5 and 288.48/417.5 iterations, respectively. This implies that MSHHODE can en-
ter the feasible solution region more rapidly, significantly enhancing the early convergence
efficiency.

MSHHODE also demonstrates superior performance in terms of task execution effi-
ciency and path economy. In four different task settings, its optimized AVGDist performs
exceptionally well across multiple scenarios, particularly in Setting 3, where its path length
is the shortest among all algorithms. This indicates that the algorithm effectively plans a
more economical travel trajectory, saving energy and travel time. Simultaneously, its cor-
responding AVGComTime is competitive in multiple settings, such as having the shortest
time in Setting 2, Setting 4, and Setting 5. This demonstrates that MSHHODE not only
finds shorter paths but also optimizes time costs, achieving a good balance between task
efficiency and energy economy.

As shown in Table 11, MSHHODE achieves the lowest AVG fitness value in all five
scenarios, and the Wilcoxon rank-sum test confirms that this improvement is statistically
significant (p < 0.05) over most benchmark algorithms, particularly HHO (p ranging
from 3.4 × 10−8 to 8 × 10−4 across scenarios). To assess the overall performance across all
tested problem scales, a Friedman test was further conducted based on the AVG values
in Table 11. As shown in Table 12, MSHHODE attains the best mean rank among the six
algorithms, and the Friedman test confirms this overall advantage is statistically significant
where χ2 = 12.89, p = 0.024, demonstrating that MSHHODE consistently outperforms the
benchmark algorithms across different problem scales.

As shown in Figures 8–12, the proposed MSHHODE algorithm exhibits faster con-
vergence speed than the other five algorithms in the early stages, and its final average
fitness value is significantly lower. Furthermore, it can escape local optima multiple times
in the later stages of iteration (t > 450), demonstrating good optimization capabilities. The
DOA algorithm ranks second in convergence performance, outperforming the other three
algorithms in both convergence speed and optimal solution. The basic HHO algorithm,
however, shows the worst convergence performance. This fully demonstrates that the
MSHHODE algorithm proposed outperforms the other five algorithms in solving the het-
erogeneous multi-robot task allocation problem with uncertain task execution durations,
uncertain target equipment latest execution times, and uncertain robot travel speeds. More-
over, as shown in Table 3, the proposed encoding method reveals that the algorithm’s
difficulty increases with the increase in task load, requiring all six algorithms to undergo
more iterations to further seek optimal allocation results.
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Figure 8. Average fitness curves of six algorithms with 4 robots and 8 target equipment units in 50
random scenarios.
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Figure 9. Average fitness curves of six algorithms with 4 robots and 10 target equipment units in 50
random scenarios.
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Figure 10. Average fitness curves of six algorithms with 4 robots and 12 target equipment units in 50
random scenarios.
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Figure 11. Average fitness curves of six algorithms with 6 robots and 10 target equipment units in 50
random scenarios.
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Figure 12. Average fitness curves of six algorithms with 6 robots and 12 target equipment units in 50
random scenarios.

6. Conclusions
This paper addresses the heterogeneous multi-robot task allocation problem in smart

manufacturing workshops under uncertain operational conditions, including uncertain
task execution durations, latest allowable service times of target equipment, and robot
travel speeds. A fuzzy chance-constrained programming model with triangular fuzzy num-
bers is constructed to characterize these uncertainties, circumventing the need for precise
probability distribution estimation and offering greater modeling flexibility for data-scarce
workshop environments. Then, to efficiently solve this NP-hard combinatorial optimization
problem, a Multi-Strategy Hybrid Harris Hawks Optimization with Differential Evolution
algorithm (MSHHODE) is proposed, which incorporates three key improvements: (1) a
hunting enthusiasm factor for dynamic phase switching between global exploration and
local exploitation; (2) an elite-assisted guidance strategy for robust and stable population
convergence; and (3) an adaptive differential evolution strategy to enhance global search
capabilities and maintain population diversity throughout the optimization process. The
simulation results demonstrate that MSHHODE outperforms five other benchmark algo-
rithms across multiple problem-scale scenarios. The algorithm achieves faster convergence
speed, higher solution quality, stronger robustness, and better stability. Particularly in
large-scale and complex task scenarios, MSHHODE maintains solution feasibility with
fewer failed runs and efficiently escapes local optima through its adaptive mechanisms.

In conclusion, MSHHODE provides an effective and reliable optimization framework
for heterogeneous multi-robot task allocation under uncertainty in smart manufacturing
environments, offering promising potential for real-world industrial applications such as
collaborative equipment inspection and maintenance scheduling in dynamic workshop
settings. Future work can extend the uncertainty parameters as trapezoidal fuzzy numbers
with flat-topped possible value ranges for parameters or intuitive fuzzy sets used to capture
expert hesitation, as well as systematic comparisons of their impact on solution feasibility
and computational cost.
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