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Abstract

Human–robot collaboration (HRC) significantly enhances manufacturing flexibility and
productivity, yet it faces persistent operational challenges stemming from the fundamental
capability asymmetry between humans and robots. Task scheduling is a critical factor
impacting the productivity of HRC systems, particularly when human worker fatigue is
taken into account. Related task scheduling studies predominantly assume fixed subtask
processing times, yet the inherent variability of human workers necessitates non-fixed
durations. This paper addresses the HRC task scheduling problem with non-fixed human
execution times, explicitly modelling workers’ temporal uncertainty using fuzzy triangular
numbers. We proposed a new probability density function for fuzzy triangular numbers in
Monte Carlo simulation, which is constructed based on a proportional-to-area principle.
Through 5000 random simulations, the resulting distribution outperforms the existing
method. Meanwhile, an improved decomposition-based multi-objective evolutionary
algorithm is proposed to solve the multi-objective scheduling problem, simultaneously
considering productivity and human fatigue. The numerical experiments indicate that the
proposed algorithm outperforms the comparison methods.

Keywords: human–robot collaboration; task scheduling; triangular fuzzy number;
multi-objective problems; butterfly optimization algorithm

1. Introduction
Human–robot collaboration (HRC) is an enabling technology of Industry 4.0 and In-

dustry 5.0 [1], combining humans’ flexibility and decision-making with robots’ strength and
precision [2]. While HRC enhances manufacturing flexibility and productivity [3], it also
introduces greater complexity in system planning and scheduling [4,5]. Task scheduling in
HRC must simultaneously pursue production efficiency [6] and worker well-being, as rest
breaks are critical for fatigue recovery and error reduction [7–9]. This study addresses the
multi-objective scheduling problem of HRC assembly cells, considering both cycle time
and micro-breaks for human workers.

Although prior research, including our own [4], typically assumes fixed task execution
times, human task completion times in real-world manufacturing exhibit inherent variabil-
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ity. To address this gap, we investigate HRC task scheduling with fuzzy execution times
and propose a novel Monte-Carlo simulation (MCS) approach based on a proportional-
to-area probability density function. For multi-objective optimization, we introduce an
enhanced binary butterfly optimization algorithm (BOA) integrated within an MOEA/D
framework to solve the Pareto optimal solution set. The primary contributions of this study
are as follows:

• A new MCS method of representing triangular fuzzy numbers (TFNs) using proba-
bility density functions is proposed. This approach effectively captures the inherent
stochastic nature of tasks performed by human workers, extending and enhancing
current research in the field.

• An improved method of BOA is introduced into the framework of MOEA/D to enable
the efficient solving of the Pareto solution set for the multi-objective task scheduling
problem characterized by fuzzy execution times.

The rest of the paper is organized as follows. In Section 2, the literature review concerning
the presented approach is introduced. A novel TFNs simulation method is detailed in Section 3,
while the TFNs-based task scheduling approach is described in Section 4. We present the
proposed algorithm in Section 5. Section 6 provides the experimental verification of the
proposed model and method, followed by the conclusions in Section 7.

2. Related Work
2.1. HRC Task Planning and Scheduling

Optimization-based approaches have frequently been used to solve the task planning
and scheduling problem of HRC. Genetic Algorithm (GA) solves task allocation prob-
lems by considering the assembly line balancing problem in HRC systems [10]. HRC task
scheduling is formalized as a multi-mode, multi-processor optimization problem minimiz-
ing total work time and is solved by GAs [11]. Moreover, many practical task scheduling
problems with multiple criteria have been studied based on multi-objective methods. HRC
disassembly line balancing with stochastic task times was investigated using an AND/OR
graph to model disassembly processes, aiming to maximize profit and minimize energy
consumption [12]. A multi-objective optimization model involving production cost, pro-
duction time, and idle time minimization of a human–robot collaboration task assignment
is proposed by [6].

Due to occupational diseases and human errors, many approaches have focused on
human fatigue in manufacturing. Jaber et al. [13] developed a promising mathematical
model called Learning–Forgetting Fatigue Recovery (LFFR) to evaluate workers’ fatigue-
recovery process through parameters and duration of the task. The LFFR model has been
approved by scholars and integrated into their studies, for example, in reliability assessment
of human–machine systems [14], HRC disassembly systems [15], scheduling of manual
assembly lines [16], and the hybrid flow shop scheduling problem [17]. In our previous
studies [4,18], we proposed a novel task scheduling model integrated with micro-breaks
inside job cycles for human workers’ recovery.

2.2. Scheduling with Triangular Fuzzy Numbers

In actual manufacturing systems, a range of uncertain factors exist, including pro-
cessing time, product demands, machine maintenance, and others. Fuzzy theory has been
widely utilized in fuzzy scheduling to represent uncertainty, and many works have been
conducted on fuzzy scheduling problems [19]. The use of triangular fuzzy numbers (TFNs)
is one of the major representation methods for uncertainty variables [20].

Triangular fuzzy numbers (TFNs) have been widely adopted in scheduling research
to characterize uncertain operational parameters. In the assembly flow shop scheduling
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problem study, TFNs are applied to indicate processing time [19]. Further extending
this paradigm, recent intelligent workflow scheduling schemes utilize TFNs to quantify
uncertainties in server computational capacity and inter-server bandwidth [21].

The arithmetic operations and ranking are elements of TFN applications [22]. Zou et al.
proposed a two-dimensional method of MCS to rank TFNs [23]. Jin et al. proposed an MCS
from a TFN probability distribution function to overcome the larger error shortcoming of
the conventional method [24]. The probability density function and possibility distribution
function are used to model the uncertainty/imprecision variables. Fuzzy MCS with point-
cloud-based probability–possibility transformation are applied to transfer a fuzzy number
into its equivalent probability density function [25].

Although this method is effective for symmetric TFNs, its performance is highly
dependent on the selection of the distribution-controlling parameters.

This paper proposes a new probability density function, which serves as the basis for
representing uncertain execution time using the method of MCS.

3. A Novel MCS Method of TFNs
A TFN can be denoted as Ã = [al , am, au], where al and au indicate the lower and upper

limit values of Ã and am indicates the center value of Ã, al ≤ am ≤ au. The membership
function of Ã is defined in (1).

µÃ(x) =



x− al
am − al

al ≤ x ≤ am

au − x
au − am

am ≤ x ≤ au

0 otherwise

(1)

f Ã(x) =



2(x− al)

(am − al)(au − al)
al ≤ x ≤ am

2(au − x)
(au − am)(au − al)

am ≤ x ≤ au

0 x < al or x > au

(2)

In reference [24], a TFN probability density function is proposed as (2) and the probable
value of the TFN variable x is obtained as (2), thus enabling the representation of x using
MCS. However, the results obtained through the above method exhibit certain deviations,
as the probabilities of multiple values do not conform to the expected pattern.

x =


al + [u(am − al)(ar − al)]

0.5 u ≤ am−al
ar−al

a3 − [(1− u)(ar − am)(ar − al)]
0.5 u > am−al

ar−al

(3)

From (3), the properties of the TFN probability density function can be derived
as follows:

• When x = am, f Ã(x) reaches its maximum value;
• When al ≤ x ≤ am, f Ã(x) is monotonically increasing;
• When am ≥ x ≥ au, f Ã(x) is monotonically decreasing;
• When x < al or x > au, f Ã(x) = 0;
•

∫ ∞
−∞ f Ã(x) = 1.

In this paper, we improved the TFN probability density function derivation method
by the ratio of area. Figure 1 shows the probability density function derivation when
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al ≤ x ≤ am. When al ≤ x ≤ am, area of shading is MAx = (x−al)
2

2(am−al)
. The total left area of

the TFN is MAL = am−al
2 .

ρ =
MAx

MAL
=

(x− al)
2

(am − al)2 (4)

x

µ(x)

0

1

al am aux

Figure 1. TFN probability density function derivation schematic.

To satisfy the constraint that the probabilities of x approaching am from both sides are
equal and that the total probability is 1, we correct the (4) by coefficient 3

au−al
. Therefore,

when al ≤ x ≤ am, the TFN probability density function is shown in (5).

f Ã(x) =
2(x− al)

(am − al)2 (5)

Similarly, when am ≤ x ≤ au, the probability density function of TFN can be obtained.
Finally, the probability density function of Ã is shown in (6).

f Ã(x) =



2(x− al)

(am − al)2 al ≤ x ≤ am

2(au − x)
(au − am)2 am ≤ x ≤ au

0 x < al or x > au

(6)

Then, the probability distribution function can be obtained as (7).

x =


al +
√

u(am − al) u ≤ am−al
au−al

au −
√

1− u(au − am) u > am−al
au−al

(7)

Finally, (8) is obtained by the inverse transform method [24]. The probable value of x
can be stochastic simulated by (8).

x =


al +
√

r(am − al) r ≤ rm

au −
√

1− r(au − am) r > rm

(8)

where θ is a uniformly distributed random number from 0 to 1.
In the MCS of TFNs, a series of random numbers θi is substituted into (8) to generate

the probable values of x. In the calculation, a TFN can be replaced by the generation value
of x.

ti =


al +
√

r(am − al) r ≤ rm

au −
√

1− r(au − am) r > rm

(9)

A comparative analysis of the proposed method against the approach of Jin et al. [24] is
provided in Table 1. In this evaluation, three typical triangular fuzzy numbers are adopted
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as test benchmarks, and the simulation is performed with 5000 independent runs to ensure
the validity of the statistical inferences.

Table 1. Comparison of old and new methods for triangular fuzzy numbers.

TFN MAE KS Statistic p-Value Reference
Method

Proposed
Method

TFN(1,2,5) 0.2086 0.1134 2.09 × 10−28 0.8509 0.6704
TFN(1,3,5) 0.1676 0.0760 5.59 × 10−13 0.8193 0.6345
TFN(1,4,5) 0.2094 0.1102 7.58 × 10−27 0.8550 0.6755

As shown in Table 1, the Kolmogorov–Smirnov (K-S) test rejects the identical-
distribution hypothesis for all three TFNs (p < 0.05), indicating significant distributional
differences between the two methods. Nevertheless, the MAE values confirm accept-
able numerical consistency. Notably, the proposed method achieves substantial stability
improvements, demonstrating superior overall performance for subsequent optimiza-
tion applications.

4. TFN-Based Model for Multi-Objective Optimization Problems in
HRC Cell

In the HRC task scheduling studied in this paper, the execution time of a human
worker performing a subtask is considered as an interval TFN. The following assumptions
are obtained:

Assumption 1. The execution time of a human worker performing a subtask is a TFN, and all the
TFNs are independently and identically distributed.

Assumption 2. Human workers can finish scheduled tasks in the given time regardless of the
fatigue level.

Assumption 3. Subtask execution time is not correlated with human workers’ tenure, experience,
or fatigue.

Assumption 4. When there are multiple workers in the HRC cell, the longest subtask execution
time is taken as the execution time of all workers.

Assumption 5. The subtask execution time of the robot is fixed.

Assumption 6. To reduce computational burden, all agents (both human and robotic) are as-
sumed to be indistinguishable, sharing identical fuzzy distribution parameters and equal task
assignment opportunities.

In the proposed HRC assembly cell, there are h human workers and r robots in the
task scheduling problem P(h, r). There are n subsets S with sequential restriction in each
assembly cycle. There are mi tasks without sequential restriction in subset Si. Whether
a task is in parallel or sequential order depends on the number of suitable operators.
Decision variable tkK

i,j presents whether the jth task from subset Si is assigned to operator

K. Matrices [SH
i ] and [SR

i ] present the task scheduling result of Si for human workers and
robots, respectively. There are mi columns in [SH

i ] and [SR
i ]. The numbers of rows of [SH

i ]

and [SR
i ] are h and r, respectively. The task execution time is presented by mi-dimensional

vectors t̃H
Si

(TFN time) and tR
Si

(fixed time). Time matrices of sequence Si for human workers
and robots are presented in (11) and (10).
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[
TR

Si

]
=

[
SR

i

]
·
[
tR
Si

]T
=


ΓR1

Si
...

ΓRr
Si


mi×1

(10)

[
TH

Si

]
=

[
SH

i

]
·
[
t̃H
Si

]T
=


Γ̃H1

i
...

Γ̃Hh
i


mi×1

(11)

T(Si) = max(Γ̃H1
i , · · · , Γ̃Hh

i , ΓR1
i , · · · , ΓRr

i ) (12)

Moreover, the total execution time of Si can be described by Equation (12). Total

execution for the assembly cycle A =
n
∑

i=1
T(Si).

From human worker’s point of view, the assembly cycle can be divided into working
periods and rest periods, which is shown in (14) and Figure 2. Three break phases for each
human worker, Tbe, TM, and Tbs, are found by ignoring other small periods [4].

Ti
W =

n

∑
j=1

Γ̃Hi
j (13)

A = Ti
W + Ti

B = Ti
W + Ti

be + TM + Ti
bs (14)

Time

T 1
w

T 2
w

TM

T 1
B

T 1
bs T 1

be T 1
bs

T 2
B

T 2
bs T 2

be T 2
bs

ithCycle (i + 1)thCycle

S1 S2 S3 S4

R

1stH

2ndH

Task by human Task by robot

Task by human and robot Fuzzy interval time

Figure 2. Phrase definition inside job cycle.

In the time calculation of A, human workers’ working time is presented by TFN, which
is generated by (8). In the MOPs of this paper, we jointly consider cycle time and human
workers’ fatigue minimization. f1 is the objective of mean cycle time minimization. f2 is
the objective of human workers’ mean fatigue minimization. The objectives are as follows: f1 = min(Ā)

f2 = min(F̄)
(15)

Similar constraints can be found in our previous paper [4].
The process for the objective function calculation by MCS iterative solving is as follows:

• Step 1: Set the iteration to 1.
• Step 2: Generate task scheduling result.
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• Step 3: Generate fuzzy task execution time by (8).
• Step 4: Calculate cycle time A.
• Step 5: Calculate human workers’ fatigue F after one work shift.
• Step 6: Increase iteration by 1.
• Step 7: If the number of iterations is reached, return the expectation values of A and F;

otherwise go to Step 2.

5. Proposed Algorithm: MOEA/D-BOA
5.1. MOEA/D-BOA

We proposed a new method based on BOA individual evolution within the MOEA/D
framework to solve the Pareto front of MOPs. In BOA, each butterfly presents a task
scheduling result. Task coding and time coding take place within the butterfly coding.
The task coding corresponds to the task scheduling of each operator (human workers
and robots). The time coding corresponds to the time gap TM between two work cycles
(Figure 2).

The code-to-time conversion of TM is shown in (16).

TM = ωt ∗
n

∑
i=1

(ci ∗ 2(i−1)) (16)

where n is the task number, ci is the ith code of time coding, ωt is the scaling factor, which
ensures the TM value is within reasonable limits.

The MOEA/D-BOA algorithm is shown in Algorithm 1. Unlike the original MOEA/D
algorithm, we set each reference point to each minimum objective. In this paper, each
reference point corresponds to the best butterfly of each objective.

Algorithm 1 MOEA/D-BOA algorithm

Require: N: Population size; T: Neighbor size; G: Maximum iteration
Ensure: External population (EP)

Step 1: Initialization
Generate uniformly distributed weight vectors λ1, . . . , λN

Initialize EP as empty set
for i = 1, · · · , N do

for j = 1, · · · , N do
if i ̸= j then

Calculate Euclidean distance between λi and λj

end if
end for
Determine the T neighborhoods of λi based on distances: B(i) = {i1, . . . , iT}

end for
Initialize population {x1, . . . , xN}
for each i ∈ {1, . . . , N} do

Calculate fitness F(xi) of butterfly xi
end for
Initialize reference point Z = {z1, z2}
Step 2: Butterfly Optimization
Execute Algorithm 2
Update neighborhoods based on current population
Update reference point Z
Update EP with non-dominated solutions
if current iteration == G then

Output EP
else

iteration← iteration + 1
Goto Step 2

end if
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The original BOA is suitable for solving real number problems, and improvements are
made to make it suitable for solving binary problems in this paper. The stimulus intensity
is defined as the difference in the fitness function between two butterflies. To ensure that
the impact of the fitness function is balanced across multiple objectives, the difference in
the fitness function is normalized, which is shown in (17).

Ib1,b2 =
objn

∑
i=1

( f b1
i − f b2

i )/ f b2
i (17)

The movement of butterfly b1 towards butterfly b2 is presented as the substitution of
some columns of b1 by b2. The number of substitution columns is determined by (18).

D = Coded/CodeL

Coln = D ∗ Ib1,b2
(18)

where D is the coefficient of coding difference, Coded is the number of bits of the coding
difference between two butterflies, CodeL is the number of bits of one butterfly, Coln is
the number of columns to be substituted, and Ib1,b2 is the stimulus intensity between two
butterflies. Butterfly b2, which could be the global best butterfly or one of b1’s neighbor, is
the target of b1.

The improved binary butterfly algorithm is shown in Algorithm 2.

Algorithm 2 Improved binary BOA algorithm

Generate butterfly generation
Calculate each butterfly’s fitness
Initialize reference point Z = (z1, z2)
for Each butterfly do

Generate random number r
if r ≤ q then

Randomly select a reference point as the target butterfly
else

Randomly select a butterfly from the neighborhood as the target butterfly
end if
Calculate Coln from (18)
if Coln ≥ 1 then

Current butterfly crossover
else

Current butterfly mutation
end if

end for

5.2. Computational Complexity

The computational complexity of the proposed MOEA/D-BOA is analyzed as follows,
where Np is the population size, nvar the number of decision variables, m is the number
of objectives, Nn the neighborhood size, |NEP| is the external population size, and Ng is
the maximum number of generations. During initialization, population initialization costs
O(Np × nvar), weight vector generation costsO(Np ×m), and the one-time neighborhood con-
struction costsO(N2

p ×m). In each generation, crossover and mutation costO(Np × k× nvar),
while EP and reference point updates costO(N×NEP) andO(N×m), respectively. Therefore,
the overall complexity is

C
′
= O(N2

p ×m) +O(Ng × Np × (k× nvar + |NEP|)) (19)

where the initialization terms are dominated by the iterative term for sufficiently large Ng.
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For comparison, the standard MOEA/D maintains no external population, and its
complexity is

C = O(N2
p ×m) +O(Ng × Np × k×m) (20)

which is dominated by O(Ng × Np × k×m).
Compared with standard MOEA/D, the proposed algorithm incurs additional per-

generation costs of O(Np × NEP) for EP maintenance and O(Np × k× nvar) for decision-
space evolutionary operations, whereas MOEA/D mainly operates in the m-dimensional
objective space. Since typically nvar ≫ m, this increased complexity is the inherent trade-off
for achieving superior solution quality and diversity, as verified experimentally.

6. Numerical Experiments and Results
6.1. Instances

For a better description of the proposed method for task scheduling, two assembly
cases were studied by inspiration of an industry case. In this paper, we focused on a small
assembly cell that contains no more than two robots and two human workers. Therefore,
there are four possible forms of collaboration. There are six and seven sequences in these
cases, respectively. Table 2 summarizes the sequence configurations adopted in this study,
while Table 3 provides detailed specifications for each sequence, including the number of
constituent tasks and the corresponding execution times for human workers and robots.
In the robotic case, execution times are treated as deterministic constants, whereas human
task times are represented as TFNs. The detailed setup and outcomes of these two cases
are presented in the Supplementary Materials (File S3. problem_instances.json).

For each TFN, the lower and upper bounds are directly derived from experimental
measurements, corresponding to the best-case and worst-case durations. The modal
value, representing the most likely execution time under normal conditions, cannot be
obtained directly from the experimental measurements and is therefore estimated based on
reasonable assumptions grounded in the observed data patterns.

Across two cases, there are a total of 14 and 18 tasks, respectively. In the study cases,
we focused on the work shift of 4 h (14,400 s).

Table 2. Sequence type information.

Sequence No. Sequence Type

S1, S4, S5 H/R
S2, S6 H

S3 H&R
S7 R

Table 3. Sequence information of TFN cases.

Case S1 S2 S3 S4

1 4|[33, 36, 40]|40 2|[11, 12, 13]|\ 2|[18, 20, 23]|18 2|[13, 15, 17]|20
2 6|[29, 32, 35]|40 2|[10, 12, 14]|\ 2|[13, 15, 17]|12 2|[10, 12, 14]|15

Case S5 S6 S7

1 2|[13, 15, 17]|20 \ 1|[5, 6, 7]|12
2 3|[10, 12, 14]|15 2|[8, 10, 12]|\ 1|[5, 6, 7]|8
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6.2. Parameter Sensitivity Analysis

Three key parameters—population size Np, maximum generations Ng, and neighbor-
hood size Nn—were evaluated using Hypervolume (HV) and Spacing (SP) with 3–4 levels
per parameter and three repetitions. Table 4 summarizes the range, correlation r, sensitivity
index, and ANOVA p (η2) for each parameter.

Table 4. Sensitivity analysis results under different parameter configurations.

Configuration Hypervolume (Mean) Spacing
(Mean)

Time
(Mean, s)

Np = 100, Ng = 50, Nn = 5 1203.19 7.43 1293.41
Np = 100, Ng = 50, Nn = 10 499.47 6.40 1325.67
Np = 100, Ng = 50, Nn = 15 278.63 4.58 1324.12
Np = 100, Ng = 75, Nn = 5 642.53 5.00 1923.64

Np = 100, Ng = 100, Nn = 5 513.60 11.64 2582.13
Np = 100, Ng = 150, Nn = 5 669.26 5.86 3885.06

Np = 50, Ng = 50, Nn = 5 518.48 13.50 628.22
Np = 75, Ng = 50, Nn = 5 765.24 7.39 932.92

Np = 150, Ng = 50, Nn = 5 1320.46 9.22 1928.77

Based on Table 4, neighborhood size is identified as the most influential parameter:
a smaller neighborhood significantly outperforms larger ones in HV, as excessive values
severely degrade performance, indicating that compact neighborhoods better preserve
population diversity. Regarding generation count, 50 generations proves optimal, as
further increases not only diminish HV but also triple the runtime, implying premature
convergence and over-exploration. Population size exhibits a monotonic HV improvement
with increasing Np, albeit at a considerable runtime cost.

To provide a comprehensive and fair performance comparison, all algorithms were
independently executed five times on each test instance. To comprehensively evaluate
the performance of the compared algorithms, two widely adopted performance metrics
are employed: HV and Inverted Generational Distance (IGD). HV measures both the
convergence and diversity of the obtained solution set by calculating the volume of the
objective space dominated by the approximation set, where a larger value indicates better
performance. IGD evaluates the average distance from each point in the reference front
to the nearest obtained solution, simultaneously reflecting convergence and diversity,
with a smaller value being preferable. Since the true Pareto front is unavailable for the
test problems under consideration, we construct a reference front by collecting all non-
dominated solutions obtained from all algorithms across all runs, and then extracting the
Pareto-optimal set from this union. The statistical results, including the mean, standard
deviation, minimum, and maximum values, are reported to ensure a thorough assessment
from both central tendency and stability perspectives. The complete raw results, including
all output data from the experiments, are available as JSON files in the Supplementary
Materials (File S1).

As shown in Tables 5 and 6, MOEA/D-BOA consistently outperforms the other
algorithms across both performance metrics. It achieves the highest HV values and the
lowest IGD values on both experimental cases, demonstrating superior solution quality in
terms of both convergence and diversity. MOEA/D-BOA effectively balances exploration
and exploitation, leading to solution sets that are both close to and well-distributed along
the true Pareto front.
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Table 5. Hypervolume statistics of different algorithms.

Case Algorithm Max Min Mean Std Avg Time (s)

1

MOEAD-BOA 209.6 186.7 198.1 8.4 227.8
MOEAD-GA 199.4 183.3 190.1 6.2 212.4
NSGA2 114.0 86.1 102.6 13.5 224.5
SPEA2 197.4 128.5 162.7 30.7 477.5

2

MOEAD-BOA 226.8 210.5 217.4 7.7 259.9
MOEAD-GA 212.5 201.7 207.0 4.2 250.5
NSGA2 139.1 102.1 125.0 14.4 256.5
SPEA2 205.4 141.9 179.4 25.8 800.1

Bold values indicate the best performance for each metric within each case among all compared
algorithms.

Table 6. IGD statistics of different algorithms.

Case Algorithm Max Min Mean Std Avg Time (s)

1

MOEAD-BOA 18.86 4.28 11.20 6.16 227.8
MOEAD-GA 23.98 9.56 16.92 6.08 212.4
NSGA2 57.82 10.46 26.92 18.31 224.5
SPEA2 30.96 14.72 21.62 6.71 477.5

2

MOEAD-BOA 17.36 10.25 12.38 2.93 260.0
MOEAD-GA 21.13 8.42 16.36 4.75 250.6
NSGA2 19.89 9.31 13.54 4.07 256.6
SPEA2 32.86 16.06 23.01 6.48 800.1

Bold values indicate the best performance for each metric within each case among all compared
algorithms.

Nevertheless, MOEA/D-BOA exhibits slightly larger standard deviations and longer
runtimes than MOEA/D-GA, indicating marginally reduced stability and increased com-
putational cost. However, given the substantial improvements in both HV and IGD, these
minor disadvantages are considered acceptable.

A typical scheduling outcome obtained by MOEA/D-BOA is illustrated in Figure 3.
Furthermore, Figure 4 reveals the relative fitness values across 5000 iterations correspond-
ing to this schedule. The two subfigures in Figure 4 reveal distinctly different distribution
patterns when examined in terms of relative deviation. The cycle time fitness, the rela-
tive deviation is tightly confined to a narrow band of approximately −0.15% to +0.23%.
This pronounced concentration indicates that the cycle-time objective is highly robust to
variations, a direct consequence of the aggregation of TFN-represented task durations,
wherein positive and negative spreads effectively cancel out over the task cycle, yielding
minimal relative fluctuation. In contrast, the fatigue fitness exhibits a substantially broader
relative-deviation range nearly three times the width observed for the cycle time fitness.
This marked disparity quantitatively highlights the inherent asymmetry in fatigue dynam-
ics. Unlike duration summation, fatigue onset and recovery are governed by unequal rate
parameters, such that even symmetrically distributed task durations give rise to direc-
tionally cumulative deviations across the work cycle. Nevertheless, the relative deviation
remains confined to a single-digit percentage range, indicating that although the directional
bias is unavoidable, the proposed method effectively prevents fatigue accumulation from
diverging beyond a controllable margin, thereby ensuring operational feasibility without
compromising solution quality.
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Figure 3. Gantt charts of typical scheduling result of MOEA/D-BOA.
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Figure 4. Fitness iteration distribution of MOEA/D-BOA typical result.

7. Conclusions
In this paper, we address the human–robot collaborative assembly scheduling problem

under non-fixed human execution times by modeling temporal uncertainty with TFNs
and proposing a new probability density function for Monte Carlo simulation based on a
proportional-to-area principle. The resulting distribution, validated through 5000 random
simulations, demonstrates superior performance over existing approaches. Furthermore,
the MOEA/D-BOA algorithm is proposed to simultaneously optimize productivity and
human fatigue. Numerical experiments on two industry-inspired assembly cases confirm
that the proposed method consistently outperforms all compared algorithms across every
evaluated metric, with substantial improvements in both IGD and HV. These findings
validate the effectiveness of the fuzzy simulation strategy and the robustness of the opti-
mization algorithm in balancing the two conflicting objectives under uncertainty. Future
work will extend the current framework to dynamic scheduling scenarios with real-time
fatigue monitoring and adaptive task re-allocation.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/a19080673/s1, File S1: Raw experimental results in JSON format;
File S2: Full results for all algorithms and runs (all_results.json); File S3: Problem instance con-
figurations for the two case studies (problem_instances.json); File S4: Experiment configuration
parameters (experiment_config.json); File S5: Statistical summaries of Hypervolume (HV) metric
(statistics_hv.csv); File S6: Statistical summaries of Inverted Generational Distance (IGD) metric
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