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Abstract

This study investigates a dynamic parallel-machine scheduling problem with human-robot
collaboration (DPMS-HRC), where dynamically arriving jobs are assigned to eligible work-
stations and processed by workers, robots, or human-robot collaboration based on real-time
system states. Worker-involving modes improve operational flexibility but may increase
actual processing times and cause uneven fatigue distribution due to fatigue accumulation.
To coordinate production responsiveness and fatigue management, a weighted objective
combining average flow time and the worker fatigue balance index is minimised. A mixed-
integer nonlinear programming (MINLP) formulation is developed to model dynamic job
arrivals, alternative processing modes, worker—robot allocation, and fatigue-dependent
processing times. An action-masked and potential-shaped multi-agent proximal policy
optimisation (AMPS-MAPPO) algorithm is then designed. Action masking restricts policy
sampling to structurally feasible job-mode-resource combinations, while time-scaled poten-
tial shaping provides dense feedback for long-horizon learning. Experiments on dynamic
instances of different scales show that AMPS-MAPPO achieves millisecond-level online
inference, reduces average flow time by 40.98% relative to the best dispatching-rule bench-
mark and by 8.17-20.92% relative to deep reinforcement learning baselines, and obtains
the lowest overall worker fatigue balance index among the compared deep reinforcement
learning algorithms.

Keywords: scheduling; human-robot collaboration; worker fatigue; multi-agent reinforcement
learning; action masking

1. Introduction

Advances in intelligent manufacturing and the growing demand for personalised
products are driving manufacturing systems away from conventional large-scale, rigid
production towards small-batch, multi-variety, and flexible production [1]. Compared
with mass production, such environments are characterised by heterogeneous order types,
variable quantities, uncertain arrival times, and diverse processing requirements. These
features give rise to dynamic scheduling problems, which differ fundamentally from
their static counterparts. In static scheduling, jobs and resource requirements are usually
known in advance, whereas in dynamic shop-floor environments, new jobs arrive during
execution and resource states evolve over time. Pre-generated schedules may no longer
match the current shop-floor state [2]. Dynamic scheduling requires online adjustment
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to continuously coordinate jobs and resources in response to real-time changes, while
controlling unnecessary waiting and average flow time [3].

Human-robot collaboration (HRC) provides an important means of improving shop-
floor flexibility in dynamic production environments [4,5]. Its flexibility comes from the
complementarity between workers and robots: workers are suitable for judgement-based
and complex operations, whereas robots provide stable performance in repetitive and high-
intensity tasks [4,5]. HRC scheduling cannot be reduced to job sequencing, because worker,
robot and human-robot collaborative processing modes differ in processing efficiency,
resource occupation and coordination requirements [6]. The scheduling system must jointly
determine job selection, workstation assignment, processing-mode selection, and worker—
robot resource allocation [7].

One important distinction between human workers and robots is that worker fatigue
changes with work and rest [8]. Continuous work causes fatigue accumulation, while idle
or rest periods allow fatigue to recover [9]. Changes in fatigue make worker availability and
processing efficiency state-dependent rather than fixed resource attributes [10]. A worker-
involving assignment affects not only the current job but also the worker’s fatigue state, later
processing times and subsequent resource assignment [8,9]. Therefore, focusing only on
job-flow efficiency may lead to uneven fatigue distribution among workers. Coordinating
production responsiveness and fatigue management, measured by average flow time and
the worker fatigue balance index, is a key challenge in dynamic HRC scheduling.

The parallel-workstation setting is considered because each single-operation job can
be processed on one of several eligible workstations, while workers and robots are shared
across workstations and allocated dynamically according to the current system state. Ac-
cordingly, the aim of this study is to develop an online scheduling framework for the
DPMS-HRC problem that coordinates job-flow efficiency and worker fatigue balance under
dynamic job arrivals, fatigue-dependent processing times, and shared human-robot re-
sources. To this end, average flow time and the worker fatigue balance index are combined
through a weighted-sum objective, and a mixed-integer nonlinear programming (MINLP)
formulation together with an action-masked and potential-shaped multi-agent proximal
policy optimisation (AMPS-MAPPO) algorithm is developed.

The study contributes to dynamic HRC scheduling in three respects. It formulates
the interaction among dynamic job arrivals, fatigue-dependent processing times, three
processing modes, and shared human-robot resources in a parallel-workstation environ-
ment. It also develops an event-driven multi-agent scheduling framework in which work-
station decisions are coordinated through sequential micro-steps over shared resources.
Finally, the computational study examines the scheduling performance of the proposed
approach across different problem scales, arrival conditions, resource configurations, and
algorithmic settings.

The remainder of this study is organised as follows. Section 2 reviews the related
literature. Section 3 describes the DPMS-HRC problem and presents its MINLP formulation.
Section 4 presents the AMPS-MAPPO algorithm for solving the problem. Section 5 reports
the numerical experiments and results. Section 6 discusses the main findings, managerial
implications, and limitations, while Section 7 concludes the study.

2. Literature Review

The related literature is reviewed along three streams: human-robot collaborative
scheduling, human factors in production scheduling, and deep-reinforcement-learning-
based scheduling.
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2.1. Human—Robot Collaborative Scheduling

For HRC assembly-line balancing and scheduling, Nourmohammadi et al. [11] consid-
ered straight and U-shaped layouts and developed a mixed-integer linear programming
model to optimise station configuration, cycle time and energy cost. Zheng et al. [12]
studied HRC assembly lines with heterogeneous collaborative robots and limited resources.
They proposed a constraint programming model and an improved fruit fly optimisation
algorithm to optimise cycle time under human-robot parallel operations.

Beyond assembly lines, Inkulu and Bahubalendruni [13] investigated human-robot
task allocation and estimated the allocation ratio between human and robotic resources
to reduce total idle time. Huang et al. [14] addressed fixed-type multi-robot collaborative
scheduling in flexible job shops. They decomposed the problem into flexible job-shop
scheduling with controllable processing times and multi-robot task balancing, and pro-
posed a hybrid GA-CP method. Zhang and Fujimura [15] studied HRC assembly lines
with shared workstations. They used an enhanced simulated annealing algorithm with a
task reassignment heuristic to reduce workload imbalance, cycle time and the number of
operators. More recently, Wu et al. [16] studied dynamic HRC flexible job-shop scheduling
under safety-proximity disruptions and developed a multi-agent reinforcement learning
approach considering carbon emissions and human workload imbalance.

2.2. Human Factors in Production Scheduling

Early studies considered how learning and fatigue affect processing performance
in scheduling. Dondeti and Mohanty [17] incorporated learning and fatigue into single-
machine scheduling by treating processing time as a workload-dependent variable, while
Biskup [18] analysed position-dependent learning effects. Later studies incorporated
fatigue and recovery into multi-resource scheduling. Berti et al. [19] considered rest al-
lowance and human energy expenditure in dual-resource job-shop scheduling and designed
a task-assignment heuristic to balance production performance and worker well-being.
Tan et al. [20] addressed a flexible job-shop scheduling problem and minimised makespan
and maximum worker fatigue using an enhanced NSGA-II algorithm. Song et al. [21]
considered real-time productivity changes in a distributed hybrid flow shop and used
a Q-learning-driven multi-objective evolutionary algorithm to optimise makespan and
energy consumption.

Other studies have extended human-factor modelling from fatigue to cognition, emo-
tion, behavioural uncertainty and individual differences. Tropschuh et al. [22] reviewed
physiological and psychological factors in employee scheduling. Zhang and Fujimura [23]
considered cycle time, cognitive load balance and ergonomic risk in HRC assembly lines.
Shi et al. [24] described boredom caused by repetitive tasks through an efficiency degrada-
tion function. Djogdom et al. [25] and Bouaziz et al. [26] examined the influence of operator
execution deviations and punctuality uncertainty on collaboration fluency and system
throughput. Herrmann et al. [27] focused on workers’ task-sequencing autonomy and
incorporated individual sequencing preferences into flexible job-shop scheduling through
a learning-to-rank method.

Human factors have also been integrated into HRC scheduling [28]. You et al. [29]
studied HRC assembly task planning under uncertainty in physical exertion and exe-
cution time, and used reinforcement learning to learn adaptive task allocation policies.
Park et al. [30] developed a scheduling model for HRC assembly workstations by consid-
ering ergonomic fatigue and simultaneous cooperation constraints. Hill and Vossen [31]
analysed project scheduling with autonomous learning opportunities and examined how
learning opportunities accelerate subsequent activities.
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2.3. Deep Reinforcement Learning Scheduling

Studies on state representation and end-to-end decision architectures improve DRL
scheduling policies by designing problem-specific representations of operations, machines,
jobs and resources. Wang et al. [32] and Zhao et al. [33,34] enhanced feature representation
for flexible job-shop scheduling through attention-based networks and heterogeneous
disjunctive graph modelling, allowing operation-machine relations, random job arrivals
and processing-transportation resource coordination to be captured in the decision pro-
cess. Kim and Lee [35] combined deep reinforcement learning with a look-ahead search
mechanism to improve robotic cell scheduling under uncertain processing times.

For dynamic disruptions, multi-objective optimisation and resource-related schedul-
ing, DRL has been combined with local search, event-driven modelling and problem-
specific policy design [36]. Panda et al. [37] formulated dynamic manufacturing resource
matching as a sequential decision process and used DRL to learn resource-matching policies.
Li et al. [38] and Yang et al. [39] incorporated problem-specific features into DQN-based
scheduling methods. Rolim et al. [40] integrated Q-learning with simulated annealing
for parallel-batch scheduling with setup times. Duan et al. [41] formulated event-driven
predictive-reactive scheduling as a Markov jump decision process and solved it with a
multi-objective hybrid deep Q-network. Ding et al. [42] incorporated human feedback
into the reinforcement learning reward model to adapt scheduling policies to decision-
maker preferences.

Multi-agent reinforcement learning has been used to coordinate decisions among
multiple scheduling agents in distributed and collaborative production systems [43].
Zhang et al. [44] and Gu et al. [45] applied multi-agent learning to dynamic manufac-
turing scheduling. Zhang et al. [44] focused on cooperative job allocation and scheduling in
distributed flexible job shops with dynamic disruptions and energy-efficiency requirements.
Gu et al. [45] introduced large language models into MAPPO-based hybrid flow shop
scheduling to enhance state representation and action selection.

2.4. Summary

Taken together, the literature shows that HRC scheduling has gradually moved from
task allocation and assembly-line balancing towards the joint coordination of tasks and
human-robot resources. In parallel, human-factor scheduling has incorporated fatigue,
recovery, ergonomics, and other worker-related states into processing and assignment
decisions, while DRL and multi-agent learning have increasingly been applied to dynamic
scheduling with changing system states and coupled decisions. However, the reviewed
studies address these aspects largely in separate settings, and their integration in dynamic
HRC scheduling remains limited.

Recent studies have begun to extend HRC scheduling towards dynamic environments.
Wau et al. [16], for example, considered safety-proximity disruptions in an HRC flexible
job shop. However, dynamic job arrivals combined with fatigue-dependent processing
times and shared human-robot resources in parallel-workstation environments remain
insufficiently investigated. In such an environment, a scheduling decision at one work-
station can affect both the immediate availability of shared workers and robots at other
workstations and the subsequent processing efficiency of the assigned worker through
fatigue evolution. Job selection, processing-mode selection, and human-robot resource
allocation are therefore interdependent decisions rather than separate scheduling stages.
The problem considered in this study captures these interactions under dynamic job arrivals
and parallel-workstation processing.

Accordingly, a MINLP formulation is developed for the DPMS-HRC problem, together
with an event-driven multi-agent scheduling framework for online decision-making. Work-
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stations act as decision agents, while sequential micro-steps with temporary reservations
of jobs, workers, and robots coordinate simultaneous decisions over shared resources.
Action masking is used to maintain structural feasibility, and time-scaled potential shap-
ing provides additional feedback during policy learning. Table 1 summarises the main

characteristics of representative studies and the problem considered in this study.

Table 1. Comparison of related studies.

Literature HRC Fatigue Dynamic Objective Method
Zheng et al. [12] i - - Cycle time CP + FOA
Zhang and :
Fujimura [15] v - - Cycle time and operators Enhanced SA
?A%%iﬁttlyaﬁg] - v - Tardiness penalties DP
Berti et al. [19] - v - Makespan and fatigue Heuristic
Tan et al. [20] - v - Makespan and fatigue Enhanced NSGA-II
Song et al. [21] - - Makespan and ener OMOEA
) Vv P 8y
Park et al. [30] v v - Assembly makespan AVNS
Zhao et al. [33] - - v Total tardiness PPO-APN
Rolim et al. [40] - - - Total completion time SA + Q-learning
Gu et al. [45] - - v Makespan LLM-MAPPO
Makespan, carbon emissions,
Wuetal. [16] v B v and human workload imbalance CA-MADRL
. Average flow time and worker fatigue
This study v v v balance index AMPS-MAPPO

3. Mathematical Formulation for the DPMS-HRC Problem
3.1. Problem Formulation

As shown in Figure 1, the studied DPMS-HRC problem is defined on a dynamic
o In},
arrives dynamically over time. These jobs are processed on a set of parallel workstations,
denoted as M = {My, My, ..
subset of eligible workstations, denoted by M; C M. The system is equipped with a
., Wy } and robots
R ={Ry,Ry,...,R,}. Both workers and robots can be allocated to different workstations

shop-floor environment. A set of single-operation jobs, denoted as I = {I3, I, ..
., My, }. Each job I; can be processed only on a job-specific
shared multi-skilled resource pool consisting of workers W = {W;, W5, ...

according to the real-time system state. Worker fatigue is also considered, which accumu-
lates during processing and recovers during idle periods. The scheduling horizon ends
when all dynamically arriving jobs have been completed, and its end time is denoted by
T = maX;cj Ci'

The baseline processing time of each job depends on the assigned workstation, whereas
the actual processing time is further affected by the selected processing mode and, when
a worker is involved, the worker fatigue state. As illustrated in Figure 2, each job can
be processed under one of three processing modes. In the worker mode, one worker
independently processes the job. In the robot mode, one robot independently processes
the job. In the collaborative mode, one worker and one robot jointly process the job at the
same workstation.

To focus on the studied DPMS-HRC problem, the following assumptions are made
(The assumptions are based on common settings in dynamic scheduling and HRC schedul-
ing studies, including Poisson job arrivals, multi-skilled resources, and collaborative pro-
cessing modes [46—49]).
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(1) Jobs arrive dynamically, and their arrival time follows a Poisson process.

(2) Workers are assumed to be homogeneous in processing capability and share the same
fatigue accumulation and recovery parameters, while robots are assumed to have
identical processing capabilities.

(3) Each worker or robot can process at most one job at a time.

(4) All workers and robots are initially idle at time zero, and inter-workstation transfer
times are neglected under the assumed compact shop-floor setting.

(5) Each workstation can process at most one job at a time.

(6) Once a job arrives, its eligible workstation set and baseline processing times are
known and deterministic.

(7)  Once the processing of a job starts, it is non-preemptive and must continue until completion.

(8) Each job must be assigned to exactly one eligible workstation and processed under
exactly one processing mode.

,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Job_ .
; Job 1 P Job 2 P Job 3 ceo
| Eligible{ 1, 3} | | Eligible{ 5 4} | |Eligible{ 1, 2 4} |

Job allocation

Workstations

g & B 1z

1 2 3 4 5

‘ Dynamic resource allocation

Shared Resource

(a) Worker Mode  (b) Robot Mode (c) Collaborative Mode

i Worker € Robot [_] Workstation .‘ A Job

Figure 2. Three processing modes in the system.

A sequence-based formulation is adopted for the DPMS-HRC problem. Job assign-
ments and resource conflicts are represented by assignment and sequencing variables,
while immediate-successor variables are introduced for workers to link their processing
sequences with fatigue recovery.

Table 2 summarises the parameters and decision variables used in the mixed-integer
nonlinear programming (MINLP) formulation.
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Table 2. Description of DPMS-HRC symbols.

Notation Description

Sets

I Set of jobs, indexed by i, j

M Set of parallel workstations, indexed by m

M; Set of eligible workstations for job I;

W Set of workers, indexed by w

Wo Extended set of workers, Wy = W U {wy }, where wy is a virtual worker

R Set of robots, indexed by r

Ry Extended set of robots, Ry = R U {ry}, where 7 is a virtual robot

Parameters

A; Arrival time of job I;

d; Due date of job I;

pt?ﬁfe Baseline processing time of job I; on workstation M,

nw, MR, Nco  Efficiency coefficients for worker, robot, and human-robot collaborative modes
As Fatigue accumulation rate

My Fatigue recovery rate

Fmax Operational fatigue threshold for new worker assignments

[S}V, ,B}C(O Fatigue impact coefficients for worker and human-robot collaborative modes
w Weight coefficient of the worker fatigue balance index

H A sufficiently large positive constant

Binary decision variables

Xim,w,r
m

(51-’ f

Yw,i

Juw

Ay, i

i,j

1if job I; is assigned to workstation M;, with worker resource w € Wy and robot resource r € Ry,
and 0 otherwise

1if job I; is processed before job I]- on workstation M, and 0 otherwise, for i < j

1 if worker w is assigned to job I;, and 0 otherwise

1 if worker w is used by at least one job in the schedule, and 0 otherwise

1if job I; is the first job processed by worker w, and 0 otherwise

1 if job I; is the last job processed by worker w, and 0 otherwise

1if job I; is processed immediately after job I; by worker w, and 0 otherwise, for i # j

1if job I; is processed before job I; by robot r, and 0 otherwise, for i < j

Continuous variables

Start time of job I;

Completion time of job I;

End of the scheduling horizon, defined exactly as T = max;c; C;
Actual processing time of job I;

Fatigue level of worker w at the start of job I;

Fatigue level of worker w at the completion of job I;

Fatigue level of worker w at the end of the scheduling horizon
Average final fatigue level of all workers

Based on the above definitions, the optimisation objective is formulated as follows.

The objective function in Equation (1) jointly considers production responsiveness and

worker fatigue balance. The average flow time in Equation (2) measures the average time

that dynamically arriving jobs spend in the system from arrival to completion. The worker

fatigue balance index in Equation (3) measures the dispersion of workers’ fatigue levels at

the end of the scheduling horizon and is used to evaluate the balance of residual worker

fatigue. The two objectives are combined through a weighted-sum scalarisation, where w

controls the relative emphasis placed on fatigue balance.

min F = f; +wf,

1)
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1
A= Y (G- A 2)
‘ |z’eI
_ L end _ Tend 2
f2 - \/|W| ZU;W(FW i ) ' (3)
—_— 1
Fend - 2 Fend'
Wl e ©

Because the formulation contains nonlinear fatigue-dependent relationships and the
worker fatigue balance objective, the resulting model is treated as a MINLP. In the Gurobi
implementation, logarithmic and exponential terms are represented using general func-
tion constraints, while the fatigue-recovery product and fatigue-balance relationship are
retained as nonconvex bilinear and quadratic constraints. Assignment and sequencing
activation relationships are handled using Big-M and indicator constraints; no manual
MILP linearisation of these nonlinear relationships is introduced. The constraints of the
MINLP formulation are given as follows:

Si = Aj Ci=S+PT;, Viel,
T = maxC;. 4)
iel
PT; = Z Z Z xi,m,w,rﬁi,m,w,r, Viel (5)
meM; weWy reRg
Z Z Z Ximuwyr = 1, Viel,
meM; weWy reRy (6)
Z xi,m,ZUU,rg = 0/ Vi e l.
mGM,'
$j>Ci—H1-0o") - H<2 Y Y S - YV x‘,m,w,r>/
weWp reRg weWy reRy vijel, i<j,

mEM,ﬂM]-. (7)
526y H{2- T T s~ T ¥ )

weWy reRg weWy reRy

Yoi= Y, Y. Ximwr VWEW, i€l

mGM,' VERO
Yw,i < Gu, YweW,iel, (8)
qw < Zyw,i/ Yw € W.
iel
Zaw,i = Juw, wa,i =gw, YweW,
iel iel (9)
Ay + Z ’Y]wz = Yuw,ir bui+ Z 71“’] =Yu,i, YWeEW, i€l
jelj#i jelj#i
S;>Ci—H(1-9f}), YweW,ijel i#] (10)
SJ 2 Ci - H(l - a’,]) —H|2- Z Z Ximw,r — Z Z xj,m,w,r ’
mGMi ‘wEW[) mEM]' ZUEWO o ) )
Vi,jel, i<j reR (11)
$i>Cj—H{—H| 2~ Yo N Ximawr— Y Xjmwr |
meM; weW meM; weW
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Xi,m,w,rr (sl,n;/ :’]1 Yw,ir Qu, Aw,is bw,i/ ’lef]] € {O/ 1}/
S;, C;, PT;, T, S, FC., F&"d >,

w,i’ tw,i’

(12)

where the index domains of the variables are those defined in Table 2.

The constraints define the feasible scheduling space of the DPMS-HRC problem.
Equation (4) gives the arrival, completion, and scheduling-horizon relationships, while
Equation (5) links the actual processing time to the selected workstation, processing mode,
and resources. Equation (6) ensures that each job is assigned exactly once to an eligible
workstation with a feasible worker-robot combination. Equation (7) prevents workstation
overlap. Equations (8)—(10) construct the processing sequence of each worker. Worker
participation is first determined from the assignment decisions, after which the first, last,
and immediate-successor relationships are identified to establish the corresponding pro-
cessing order. Equation (11) imposes the corresponding non-overlap requirement for robots,
and Equation (12) specifies the variable domains.

3.2. Worker Fatigue Accumulation and Recovery Model

Worker fatigue is a dynamic human factor that affects processing efficiency and
subsequent scheduling decisions. In this study, worker fatigue is modelled from two as-
pects: fatigue accumulation during processing and fatigue recovery during idle periods.
The former describes the increase in fatigue caused by continuous work, whereas the
latter describes the reduction in fatigue during rest. At the beginning of the scheduling
horizon, all workers are assumed to be fully rested, and the initial fatigue level of each
worker is set to 0. Under the homogeneous-worker assumption, all workers share the same
fatigue accumulation and recovery parameters, while their fatigue states evolve differently
according to their individual processing and recovery histories. The resulting fatigue state
is used as a scheduling-level indicator of workload-related fatigue rather than as a direct
physiological measurement.

During job processing, worker fatigue increases with the processing duration. Linear
fatigue accumulation has been adopted in previous fatigue-aware production and schedul-
ing studies to represent the progressive increase in worker fatigue with continuous working
time [8]. Accordingly, the fatigue level of worker w after completing job I; is calculated
as follows:

FS;=F3;+AfPTyy, Vi€l weW. (13)

F™ajs used as an operational threshold for new worker assignments. A worker can
start a new job only when the pre-processing fatigue level does not exceed this thresh-
old, while fatigue may exceed F™®* during the subsequent processing operation. These
conditions are written compactly as

0<Fy; < F™y,;,  Fy.<H(l—ay;), YweW,icl (14)

During idle periods, worker fatigue gradually recovers. Compared with fatigue
accumulation during processing, fatigue recovery usually exhibits a diminishing marginal
effect; that is, recovery is faster at the beginning of rest and then gradually slows down.
This pattern is commonly represented by an exponential recovery function in fatigue and
rest-allowance modelling [50]. For two consecutive jobs I; and I; processed by worker w,
the recovery duration between them is S; — C;. Using the immediate-successor variable
'yff’]«, the fatigue recovery relationship is written as follows:

—H(1—9f%) < Fp; — S ;exp[—pp(S;—C)] <H(L—7f%), YweW, ijel i#] (15

w,j w,i
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The Big-M terms deactivate the recovery relationship when I; does not immediately
follow I; for worker w. After completing the last assigned job, the worker continues to
recover until the end of the scheduling horizon, and the final fatigue level is defined
as follows:

0 < F™ < Hgy, Vw e W,

16
—H(1 = by,) < FM = FSjexp[—pup(T — Ci)] < H(1 = by,), YweW, i€l (16)

3.3. Actual Processing Time Calculation

The mode-dependent processing time PT i mw, in Equation (5) is determined by the
selected processing mode and, when a worker is involved, the worker fatigue state:

tbase
pl’ml w:w()/r#r()/
R

base

— pt.

PT: _ im W S — 17
imw,r =" (1 + B¢ In(1+ lel)), w # wy, ¥ =19, (17)
base

pti,m Co S

H(l + By In(1 —l—Fw,i)), w # wo, T F# 19.

The first case in Equation (17) corresponds to the robot mode, where no worker is in-
volved, so worker fatigue does not affect the processing time. The second case corresponds
to the worker mode, where the processing time increases with the worker’s fatigue level.
The third case corresponds to the human-robot collaborative mode, in which the efficiency
coefficient 77¢,, reflects the improvement brought by human-robot collaboration, while the
fatigue-related term captures the impact of worker fatigue on processing efficiency.

3.4. lllustrative Example

A small instance is used to illustrate the DPMS-HRC problem. Two feasible sched-
ules are constructed using the same instance data to show how workstation assignment,
processing-mode selection, and worker-robot resource allocation affect the resulting objec-
tive values. The arrival times and baseline processing times are given in Table 3.

Table 3. Data for the illustrative example.

Job Arrival Time M; M,
I 0 8 10
I 0 4 5
I3 0 5 7
Iy 2 - 15

The actual processing time and worker fatigue are calculated according to the
processing-time and fatigue-evolution models in Sections 3.2 and 3.3. The parameters
are setas = 1, g = 0.5, 5jco = 143, Ay = 0.03, juy = 0.02, ﬁjV,V = 0.2, and /3}90 =0.1.
Figure 3 presents the two schedules.

For the schedule in Figure 3a, the completion times of jobs I;—I, are 8, 10, 13.57, and 25,
respectively. The average flow time is calculated as follows:

(8—0) + (10 —0) + (13.57 — 0) + (25 — 2)

= 1 — 13.64. (18)

The final fatigue levels of workers W and W are 0.3378 and 0.4500, respectively. Thus,
the worker fatigue balance index is

https://doi.org/10.3390 /machines14101196
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0.3378 — 0.3939)2 + (0.4500 — 0.3939)2
o= \/ ( ) . (  _ 0.0561. (19)
1 Job 1/W Job 3/Co N Job 2/R [ Job3/Co
2 Job 2/R Job 4/W ) Jobiw | Job 4/W
1 Job 1 Job 3 N Job 1 [ Job 4
: Job . ECE
1 Job2 Job3 time 1 Job 2R time

8 10 13.57 25 8 10 115 25.79

(@) (b)

Figure 3. Two schedules for the illustrative example: (a) Schedule with better fatigue balance;
(b) Schedule with shorter average flow time.

For the schedule in Figure 3b, jobs I, and I3 are completed earlier, but jobs I and I4
are both assigned to worker Wy, leading to greater fatigue imbalance. The completion times
of jobs I1—I4 are 10, 8, 11.5, and 25.79, respectively. The average flow time is

(10-0)+ (8—0) + (11.5—-0) + (25.79 — 2)

I = 1 = 13.32. (20)

The final fatigue levels of workers W; and W, are 0.7736 and 0.1050, respectively.
Accordingly, the worker fatigue balance index is

7736 — 0.4393)2 + (0.1050 — 0.4393)2
fgz\/(o 36— 0.4393)2 + (01050 — 0.4393)2 _ 100 2

2

To compare the two schedules under the composite objective, the representative inter-
mediate weight w = 50 is used in this example. According to F = f1 4+ w f», the objective
values of the two schedules are 16.45 and 30.04, respectively.

Although the schedule in Figure 3b achieves a smaller average flow time, it concen-
trates more workload on worker W; and therefore yields a larger worker fatigue balance
index. The reduction in average flow time is outweighed by the increase in fatigue im-
balance, so the schedule in Figure 3a obtains a lower composite objective value. This
comparison illustrates that scheduling decisions in the DPMS-HRC problem jointly af-
fect production efficiency and fatigue management, and thus workstation assignment,
processing-mode selection, and worker-robot resource allocation need to be coordinated.

4. AMPS-MAPPO Algorithm
4.1. AMPS-MAPPO Framework

The overall AMPS-MAPPO framework for the DPMS-HRC problem is shown in
Figure 4 and consists of the scheduling environment, offline training, and online scheduling.
The environment maintains the current job, workstation, worker, robot, and worker-fatigue
states and triggers scheduling decisions at job-arrival or job-completion events. Given the
current environment state and scheduling actions, the next-state distribution is independent
of earlier history, satisfying the Markov property. Since decisions are triggered by job-
arrival and job-completion events and the elapsed time between consecutive decision
epochs is variable, the scheduling process is formulated as an event-driven semi-Markov
decision process (SMDP).

Each workstation is treated as an agent and makes a decision when it becomes idle with
eligible jobs waiting. The shared actor selects a workstation-level scheduling action that jointly
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determines job selection, processing mode, and resource allocation. Detailed definitions of the
local observation, global state, and action space are given in Sections 4.2 and 4.3.

When multiple workstations become decision-ready at the same event time, their
actions are generated through sequential micro-steps. Temporary reservations of selected
jobs, workers, and robots are maintained within the decision epoch and update the feasible
choices of subsequent workstation agents before the joint action set is committed. This
mechanism coordinates workstation-level decisions under shared-resource constraints.

AMPS-MAPPO adopts centralised training and decentralised execution. All workstation
agents share the actor network 7y for action selection, while the centralised critic V}, evaluates
the global state during training. After the selected assignments are executed, the environment
advances to the next event and stores the resulting transitions for policy updates. During online
scheduling, only the trained shared actor is retained for real-time decision-making.

Scheduling environment Offline training

DPMS-HRC workshop
environment

Global state

Local observation

®..
Centralised critic network ()

Iy

T T g Reward calculation

shp _  base ;. shape

J I

Critic loss

aepdn

normalise and GAE

N N . = .
Order information input assign shp Sample minibatches , from

=

. DU I
(Ot il Workstations construct

observations and select
actions

Execute dispatching and
resource allocation

I
1
ﬁOrdcr information h
Dynamic job arrivals
Update system state

Figure 4. Framework of AMPS-MAPPO for the DPMS-HRC problem.

completed?

The overall offline training procedure is summarised in Algorithm 1; the subsequent
algorithms describe the micro-step decision, event-driven transition, reward assignment,
and PPO update procedures.

4.2. Local Observation and Global State

For workstation m at decision time t, the local observation is denoted by o0, =
(01,02,...,017). It contains workstation status, candidate-job information, resource avail-
ability, fatigue-related information, system load, and time-related features, as shown in Table 4.
The local observation is used by the shared station actor network for action selection.

During centralised training, the critic uses an aggregated global-state representation
obtained by concatenating the local observations of all workstations:

se=[ofy 03 oh]

The actor uses only the local observation o, for action selection, whereas the critic
uses s; for state-value estimation during training. Since s; is obtained by concatenating
the local observations of all workstations, its dimension is 17|M]| for a system with |M]|
workstations. Before being fed into the actor network, each local observation is standardised
feature-wise using the running mean and variance estimated from training observations.
The resulting values are clipped to [—10, 10] to limit extreme inputs. The running statistics
are updated during training and kept fixed during evaluation and online scheduling.
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Algorithm 1 Training procedure of AMPS-MAPPO

Input: DPMS-HRC environment &; shared station actor network 71y with actor parameters 6; centralised critic
network Vj, with critic parameters ¢; maximum episodes Emax; maximum decision steps per episode Tmax;
PPO epochs Kppo; minibatch size By,; discount factor yr; GAE parameter Agag; policy clip range €ip;
value loss coefficient c,; entropy coefficient aent; actor learning rate ay; critic learning rate ay; gradient
clipping norm gmax-

Output: Trained actor parameters 6 and critic parameters ¢.

1: Initialise 79, Vjp, observation normaliser, and reward normaliser.

2: fore = 1to Epax do

3 Reset &, obtain the initial global state s¢, set s; <— sp, and set done < false.

4 Initialise episode trajectory buffer D, +— @ and decision counter n4e. 0.

5: while not done and ngec < Tmax do

6: Identify the current set of decision workstations Mfiec.

7 if Mfee = @ then

8 Execute an empty action dictionary in £ to advance the system and obtain s;; o and done.
9 Set 5¢ < sp4a¢; NO transition is stored because no workstation action is generated.

10: continue

11: end if

12: Apply Algorithm 2 to obtain conflict-free action dictionary .A; and temporary transition set 5;.
13: Apply Algorithm 3 to commit A; and obtain sy, ¢, shaped reward R?hp, and done.

14: Apply Algorithm 4 to normalise thp, assign it to B; and update D,.

15: St < Spiar and set Ngee < Ngec + |Btl-

16: end while

17: Apply Algorithm 5 to update 6 and ¢ using D,.
18: end for

19: return 6, ¢.

Table 4. Local observation of each workstation agent.

Category Symbol Description
. 01 1 if workstation m is idle, and 0 otherwise

Workstation o N . .
02 Remaining processing time of the current job on workstation m

Job 03 Minimum baseline processing time among candidate jobs
04 Average baseline processing time among candidate jobs
05 Minimum fatigue level among available workers
06 Average fatigue level of available workers
07 Standard deviation of fatigue levels among all workers
08 Range of fatigue levels among all workers

Resource 09 Number of available workers
010 Average remaining busy time of all workers
o1 Instantaneous busy ratio of all robots
012 Average remaining busy time of all robots
013 Number of available robots

Load 014 Number of global waiting jobs
015 Number of candidate jobs for workstation m

Ti 016 Current simulation time

ime S . . .

017 Time interval since the previous decision epoch

4.3. Action Space
4.3.1. Rule-Combination Composite Action Space

After constructing the local observation, each decision workstation selects a scheduling
action from a discrete rule-combination action space. The action of workstation m at time ¢
is denoted by ay, ¢. In this study, the production actions are constructed by combining a job
selection rule, a processing mode, and a resource allocation rule:

job
At = (@ A, 035%)- (22)

In addition to these production actions, an independent IDLE action is included. Thus,
the action space consists of 2 x 3 x 2 41 = 13 discrete actions. The action components are
shown in Table 5.
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Table 5. Action space.

Action Component Rule Description
Job selection SPT Select the job with the shortest processing time

FIFO Select the job with the earliest arrival time

W Worker mode
Processing mode R Robot mode

Co human-robot collaborative mode

. ML Select the lowest-fatigue worker or lowest-workload robot

Resource allocation EA Select the earliest available resource

Idle action IDLE Keep the workstation idle

4.3.2. Action Masking

In a dynamic scheduling environment, some rule combinations may be structurally
infeasible at a given decision epoch. For example, a workstation cannot select a job outside
its eligible set, and the collaborative mode cannot be selected when no robot is available.
Therefore, an action masking mechanism is used to remove structurally infeasible actions
before action sampling, while the IDLE action is retained only when no feasible production
action is available.

For workstation m at time ¢, the environment generates a binary action mask mask,, ; €
(q) (q) 0

m,t = m,t =
The present study adopts a non-delay scheduling rule; therefore, if at least one structurally

{0,1}3. If the gth action is structurally feasible, mask 1; otherwise, mask
feasible production action exists, the IDLE action is masked. The shared station actor is
a feed-forward neural network with three fully connected hidden layers, whose detailed
configuration is reported in Section 5.1. Given the normalised local observation oy,
the actor outputs zg(0y¢) € R3. Each component of zg(0,,¢) is an un-normalised preference
score, or logit, associated with one of the 13 discrete actions. The action mask is applied to
these logits before softmax normalisation. The masked policy is defined as

79 (Amyt | Om e, masky, ;) = Softmax(zg(0p,¢) + log maskm,t), (23)

where log 0 is treated as —oo, so structurally infeasible actions receive zero probability after
the softmax operation. When multiple workstations make decisions at the same event
time, Algorithm 2 generates their actions sequentially and maintains temporary reservation
sets for selected jobs, workers and robots. These reservations update the action masks
of subsequent workstations within the same decision epoch, thereby avoiding resource
conflicts before the action dictionary is committed.

4.3.3. Illustrative Example of Micro-Step Decision

To illustrate the micro-step decision process, the small example in Table 3 is further used.
The transition is explained based on Schedule b in Figure 3b. Figure 5 presents a representative
decision of workstation M; and the corresponding update of the local observation.

As shown in Figure 5a, when the system time reaches 8, workstation M; completes
job I, and becomes available, thereby triggering a scheduling decision. Given the local
observation 07 g, the selected action is 41 g = (FIFO,Co, EA), which means that the next
job is selected according to the FIFO rule, the collaborative mode is adopted, and the
worker—robot pair is assigned according to the earliest-available rule. Accordingly, job I3 is
assigned to workstation M; and processed in Co mode by worker W, and robot R;.
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Algorithm 2 Micro-step decision with action masking

Input: Global state s;; current decision workstation set Mflec ; DPMS-HRC environment &; shared station actor
network 71y; centralised critic network Ve; observation normaliser.
Output: Action dictionary A;; temporary transition set ;.

1: Initialise action dictionary A; < @, temporary transition set B; < @, and temporary reservation sets
ul,ul’,uR + .

2: Sort M by ascending idle time, with ties broken by workstation index.

3: for each workstation m € M?ec do

4: Construct local observation oy, ; for workstation m from s; and the current temporary reservations.

5: Normalise 0, using the observation normaliser.

6: Generate action mask mask,, ; by excluding infeasible actions under s; and the current temporary reserva-
tions.

7: Estimate state value v; < Vj(st).

8: Sample action a,, s from 7ty (- | 0,1, Mmasky,;) and record its log probability log p‘r’nl‘}.

9: Decode 4, + into a concrete assignment ¢, ; under the current temporary reservations.

10: Add (T’l’l, Aty gm,t) to .At.
11: Update U], U}¥ ,UR according to .

. old :
12: Store (0 ¢, St, Am,t, Maskp, ,1og pm,t,vt) in B;.
13: end for
14: return Ay, BB;.
Local observation= 15 Local observation= 210
I gbor | i Job 2/R [ Job3/Co
2 Job /W 2 Job 1/W
i Job 1 18 = (FIFO,Co, EA) 1 Job |
s i ) Job3
1 Job 2R time 1 Job 2R [ Job3 time

8 10 8 10 1.5

(a) Scheduling transition of workstation M;

Workstation Job Resource Load Time
18| 1 0 5 5 0 ’ 0 ‘0,]2’0.24‘ 1 ‘ 1 ’ 0 ‘ 0 ‘ 1 2 1 8 8
@ 18 = (FIFO,Co, EA)
Workstation Job Resource Load Time
210| 1 ‘ 0 15 [ 15 [ 03 ’ 0.3 ‘0,]2’0.24‘ 1 0.75’ 1 ‘ 1.5 ’ 0 1 1 10| 2

(b) Feature update of the local observation

Figure 5. Illustrative example of the micro-step decision process.

After the selected assignment is committed to the environment, the system state
is updated, and the event-driven environment advances to the next event time. In this
example, the next event occurs at time 10, when workstation M, completes job I; and
becomes available. Therefore, the next local observation considered by the actor changes
from 018 to 0319, as shown in Figure 5b. The updated observation reflects changes in
workstation status, candidate-job information, resource availability, worker fatigue, system
load, and time-related features.

This example illustrates how a local observation, a masked action, and the resulting
worker—robot resource allocation are linked within one micro-step decision. It also shows
how the event-driven mechanism updates the scheduling environment after the selected
assignment is committed.

4.4. Reward Design
4.4.1. Base Reward

For an event-driven time interval At, the base reward considers the unfinished-job
proportion E(t), fatigue dispersion B(t), fatigue range G(t), high-fatigue risk R™¥(¢),
and delay term D(t + At). Their detailed definitions are given in Table 6. The base reward
is defined as follows:
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B(t)

Fmax

RP*¢ = — | ppE(t) + pp

. At
+paG() + prR™K(1) | = — ppAID(t+ A1) (24)

Table 6. Components of the base reward.

Component Definition Additional Notation
E(t) | 70| I'f: set of jobs that have arrived but have not been
1] completed at time ¢.
B(t) Std{Fy,(t) : w € W} F,(t): fatigue level of worker w.
G(t) Fax () = Fnin (£) Frmax (£), Fin (£): maximum and minimum worker
Fmax fatigue levels.
. __ [Mma
R“Sk(t) i Y wew softplus (Fw(t)FX) Oyisk: Tisk sensitivity parameter.
|W| Orisk
D(t+ At) Yicpiate (4 ap) (E+ At — dy) 1'% (¢ + At): late unfinished job set.

The base reward is designed to guide policy learning from intermediate scheduling
states. Specifically, E(t) measures the proportion of arrived but unfinished jobs, and its
accumulation over event-driven intervals reflects the evolution of job flow time. The fatigue-
related terms B(t) and G(t) describe the dispersion of worker fatigue during the scheduling
process, thereby encouraging more balanced fatigue states. The risk penalty R™¥(t) pe-
nalises high-fatigue states relative to the operational threshold F™®*. The delay term
D(t + At) is used as an auxiliary signal to reduce excessive waiting and job starvation.
These components provide process-level guidance for policy learning.

4.4.2. Time-Scaled Potential Shaping

To provide intermediate feedback for long-horizon scheduling, a potential function
d(s¢) is defined from the unfinished workload of arrived jobs. Let p?‘i“ = min,e pt?ﬁfe

denote the minimum base processing time of job I; among its eligible workstations:

min
Licpmt Pi

B e
1€l Fi

(25)

To account for variable durations between event-driven decision epochs, the shap-
ing reward uses the duration-dependent coefficient I'y = 'yﬁi/ ¥, where At is the elapsed

simulation time and 7 is the time-scaling parameter:
h
RYP = Ti®(sipar) = @(st), T =gy’ " (26)

This formulation retains the potential-difference structure of potential-based reward
shaping, but I'; is used only in the shaping term, whereas PPO and GAE retain the fixed
per-decision discount factor yrr. The classical policy-invariance guarantee therefore does
not directly apply to the present event-driven SMDP. The term is consequently treated
as a time-scaled potential-shaping signal, whose effect is evaluated through the ablation
experiments in Section 5.4.

The total shaped reward is

h h
Ry = Ry + R™P°. (27)

The reward parameters are set as pg = 12.0, pp = 0.2, pgc = 0.2, pr = 1.0, pp = 0.5,
Orisk = 0.2, T = 10.0, 7, = 0.2, and gL = 0.99, and are fixed across all experiments.

Before trajectory storage, R?hp is normalised by the running standard deviation of the
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discounted return and clipped to [—5,5]. Algorithms 3 and 4 summarise the resulting
reward calculation and assignment procedure.

Algorithm 3 Event-driven time advancement and reward calculation

Input: DPMS-HRC environment £ with simulation clock ¢ and event queue Q; action dictionary A;.
Output: Advanced global state s, »¢; shaped reward R?hp ; terminal flag done.

: Commit the conflict-free assignments in A; at the current decision time.

: Lock the selected job, workstation, worker and robot resources in £.

Compute the actual processing times and insert the corresponding completion events into Q.

: Record the potential value ®(s;) before event-driven advancement.

Advance the simulation clock to the next job-arrival or job-completion event.

: Process all concurrent events at the new event time and update job, workstation, worker and robot states.
: Compute the base reward accumulated over the elapsed interval.

: Obtain the advanced global state s, o; and compute ®(s;4a¢)-

: Set the duration-dependent shaping coefficient I'; <— 7]%{/ T

: Compute the shaped reward:

OO XN U WN R

—_

R = Rb%e | [y (s,, ) — D(sy).
11: Determine whether all jobs have been completed and update done.
12: return sy, 5y, R?hp,done.

Algorithm 4 Reward normalisation and trajectory storage

Input: Temporary transition set B;; shaped reward Rihp ; terminal flag done; reward normaliser; episode trajectory
buffer D,.
Output: Updated episode trajectory buffer D,.
if B; = @ then
return D,.
end if
: Replace thp with its normalised value.
: for each transition record b € B; do
Retrieve (0m,t, St, Am ¢, Masky, 1, log pfnl,‘%, v¢) from b.

Assign the same normalised shaped reward R?hp to b.

sh
Append (0p¢, St, Am,t, Maskp ¢, log p;’}fﬁ, R, P done, v¢) to D,.
: end for
: return D,.

YR N AN

[y

4.5. Actor and Critic Network Update

Each transition contains the local observation, global state, selected action, action
mask, old log probability, normalised shaped reward, terminal flag, and critic value esti-
mate. The advantage estimate A, ; and the target return R, ¢ are computed using GAE.
The station actor network 77y is updated using masked action probabilities, whereas the
centralised critic network Vj is updated using global state values.

For a transition generated by workstation m at decision time ¢, the probability ratio is
computed using the old log probability stored during trajectory collection:

rmt(0) = exp {log 79 (Amyt | Omt, masky,t) —log p%lﬂ. (28)

The clipped actor objective is defined as follows:

Lelip (8) = I,Em,t {min (rm,t (Q)Am,tl clip (rm,t (0),1— €clips 1+ €clip) Am,t)} + aentH (719). (29)

For the centralised critic network, the value-function loss is defined as the mean-
squared error between the predicted state value and the GAE target return:

LVf((P) = Em,t {(V(P(St) — Rm,t)z] . (30)

The GAE-based policy update procedure is summarised in Algorithm 5.
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Algorithm 5 GAE-based PPO update

Input: Episode trajectory buffer D,; shared station actor network 7ty with actor parameters 6; centralised critic
network Vj, with critic parameters ¢; PPO epochs Kppo; minibatch size By,; discount factor yrp; GAE
parameter Agag; policy clip range €.;p; value loss coefficient c; entropy coefficient aent; actor learning rate
&g; critic learning rate ay; gradient clipping norm gmax-

Output: Updated actor parameters 6 and critic parameters ¢.

1: Compute the advantage estimates and target returns, denoted by Am,, and let, for all transitions in D, using
GAE.

2: Normalise the advantage estimates.

3: for k = 1 to Kppp do

4: Shuffle D, and divide it into minibatches of size B,

5 for each minibatch do

6: Recompute masked log probabilities 1og 7t (ay,; | Oy e, masky,).

7 Compute the probability ratio:

m,(8) = exp (log 7 (Amy | O, masky) —log p‘,’,}ﬂ).

8: Compute the clipped actor objective using Equation (29).

9: Compute the critic loss as ¢, L¥f(¢) using Equation (30).
10: Update actor parameters 6 using learning rate wy after gradient clipping by gmax-
11: Update critic parameters ¢ using learning rate «, after gradient clipping by gmax-
12: end for
13: end for

14: return 6, ¢.

5. Numerical Experiments and Results

All experiments were implemented in Python 3.12 on a Windows 11 computer with an
Intel Core i5-12500H CPU at 2.50 GHz and 16 GB RAM. This section reports the convergence,
arrival-rate sensitivity, comparative, statistical, and ablation results.

5.1. Experimental Settings and Parameter Configuration

Tables 7-9 report the training, environment, and scale settings. The learned policies
are evaluated on separately generated test instances with seeds distinct from training; no
test-set-specific hyperparameter tuning is performed, and the reported settings remain
fixed across test configurations.

Table 7. Training hyperparameters of AMPS-MAPPO.

Parameter Value Parameter Value

Actor hidden layers =~ 256-256-256  Critic hidden layers 256-256-128
Max episodes 10,000 Max decision steps per episode 3000

Policy clip range 0.2 PPO epochs 4

Minibatch size 1024 Discount factor 0.99

GAE parameter 0.95 Value loss coefficient 0.5

Entropy coefficient 0.01 Gradient clip norm 0.5

Actor learning rate 3x107* Critic learning rate 5x1074

Reward clip range 5.0

Table 8. Environment parameters.

Parameter Value

Base processing time Discrete uniform U[10, 30]

Eligible workstations Discrete uniform U[max(2, ||M|/3]), |M]]
Mode efficiency factor ntw =1,14r =0.5,1c, = 143

Fatigue-risk threshold 0.8

Fatigue accumulation rate 0.03

Fatigue recovery rate 0.02

Fatigue impact factor ﬁy,v =0.2, ﬁj?o =0.1
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Table 9. Scale settings.
Scale Workstations  Workers Robots Initial Dynamic
M W R jobs Jo jobs J;
Small 5 4 2 5 25
Medium 10 8 4 10 50
Large 30 24 10 10 100

The fatigue-related parameters in Table 8 are used as fixed simulation settings across
all experiments rather than as empirically calibrated physiological coefficients.

5.2. Convergence and Arrival-Rate Sensitivity Analysis

To assess training variability, AMPS-MAPPO was independently trained with seeds
42,1042, and 2042 at A = 0.067 for each problem scale. Episode rewards were smoothed
using a 100-episode moving average, and Figure 6 reports the across-seed mean and 95%
Student’s ¢ confidence interval.

N (a) Small (b) Medium (c) Large
500 0 500

0 1000
500
500 1500
2 2 2
£ ~1000 g ~1000 £ —2000
1500 Z £ —2500
& ~1500 &

2000 3000

2000
2500 3500

3000 2500 -4000
2000 4000 6000 2000 4000 6000 2000 4000 6000
Training episode de Training episode

—— Mean smoothed reward 95% C1

Figure 6. Multi-seed training curves of AMPS-MAPPO for three problem scales.

Figure 6 shows rapid early improvement followed by stable rewards at all three
scales. The medium- and large-scale settings have narrower confidence intervals, while the
small-scale setting shows greater between-seed variability.

Arrival-rate sensitivity is evaluated at A = 0.05, 0.067, and 0.10 for all three problem
scales using 20 independently generated test instances per setting and common test seeds
across arrival rates. Table 10 reports f; and f5.

Table 10. Effect of job arrival rate on AMPS-MAPPO performance.

Scale A fi 12

Small 0.050 22.48 0.4096
Small 0.067 26.30 0.4047
Small 0.100 41.05 0.3921
Medium 0.050 16.03 0.4428
Medium 0.067 16.65 0.4643
Medium 0.100 18.19 0.4915
Large 0.050 13.94 0.3854
Large 0.067 14.26 0.3669
Large 0.100 20.66 0.5098

Table 10 shows that f; increases with the arrival rate at all three scales, whereas f, varies
non-monotonically: it decreases in the small-scale setting, increases in the medium-scale
setting, and first decreases and then increases in the large-scale setting. This difference arises
because f, measures end-of-horizon fatigue dispersion rather than workload intensity.
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5.3. Comparative Experiments
Each configuration is evaluated on 20 independently generated test instances matched

across methods by test seed. Comparisons report f; and f, separately, while the composite
objective is used only where a common reference weight is required.

5.3.1. Comparison with Gurobi Under Small-Scale Settings

AMPS-MAPPO is compared with Gurobi at the reference weight w = 50. The fixed
AMPS-MAPPO policy is scored ex post, while Gurobi uses a 300 s time limit, a relative MIP
gap of 0.10, and NonConvex =2. Table 11 reports objective values and computational times.
Gurobi reports the best incumbent within the time limit, so optimality is not guaranteed;
AMPS-MAPPO time refers only to online inference.

Table 11. Comparison with Gurobi.

(M, Jo,A,R, W) Ja Algorithm Objective Value at w = 50 Computational Time
10 AMPS-MAPPO 116.01 0.213 ms
Gurobi 94.20 300.12 s
AMPS-MAPPO 132.44 0.277 ms
(5,5,0.05,1,1) 15 Gurobi 106.03 300.16's
20 AMPS-MAPPO 148.44 0.430 ms
Gurobi 118.87 300.16 s
10 AMPS-MAPPO 77.84 0.253 ms
Gurobi 77.16 300.14 s
AMPS-MAPPO 80.19 0.261 ms
(5,5,0.05,1,2) 15 Gurobi 85.80 303.65 s
20 AMPS-MAPPO 90.03 0.343 ms
Gurobi 112.88 301.37 s
10 AMPS-MAPPO 60.46 0.130 ms
Gurobi 65.26 31547 s
AMPS-MAPPO 63.13 0.180 ms
(5,5,005,1,3) 15 Gurobi 7433 307.54 5
20 AMPS-MAPPO 65.58 0.244 ms
Gurobi 80.11 300.20 s

At w = 50, Gurobi obtains lower objective values in all three one-worker settings,
whereas AMPS-MAPPO obtains lower values in five of the six settings with two or three
workers. Gurobi generally approaches the 300 s time limit, while AMPS-MAPPO retains
millisecond-level online inference.

5.3.2. Comparison with Rule-Based Dispatching Methods

AMPS-MAPPO is compared with 12 rule-based dispatching methods over 24 medium-
and large-scale configurations. Table 12 reports f; and f».

AMPS-MAPPO achieves the lowest f; in all 24 configurations, with an overall mean of
33.16. Some collaborative-mode rules obtain comparable or lower f, values in individual
configurations, but generally with longer flow times. The results therefore show a clear
scheduling-efficiency advantage for AMPS-MAPPO while retaining competitive fatigue-
balance performance.
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Table 12. Comparison with rule-based dispatching methods.

Metri AMPS-MAPPO SPT-Based Rules FIFO-Based Rules
(M, Jo, A, R, W) Ja etric W-ML W-EA R-ML R-EA Co-ML Co-EA W-ML W-EA R-ML R-EA Co-ML Co-EA
0 N 50.99 41147 41126 11055 11055 26645 26577 49390 49400 16029 16029  337.67  338.62
b 0.3715 07426  0.7435 Z - 05111 05054  0.6646  0.6642 - - 04547 04774
10,10,010,3,3) 40 A 51.92 51157 51136 11911 11911  332.68 33254 61720  617.68 17834 17834 41741  417.40
,10,0.10,5, % 0.3469 07011  0.7013 - - 04981 04933  0.6946  0.6911 - - 04715 04733
0 A 51.68 61417 61278  127.66  127.66  398.61 39950 74159 74211 19588 19588 50023  500.22
b 0.4012 0.7257  0.7142 - - 04723 04803 05626  0.5582 - - 03898  0.3913
0 A 63.04 25711 25698 22619 22619 17396 17506 32953  329.61 29374 29374 22182 22088
b 0.3924 06529  0.6671 Z - 04349 04525 07014  0.6999 Z Z 04266 04242
(10,10,010,2,4) 40 N 67.41 32138 32165 26099 26099 21267 21373 40871 40877 34500 34500 27200 27127
, 10,010, 2, b 0.4340 0.6874  0.7007 - - 04752 04777 06786  0.6415 - ~ 04515  0.4272
0 A 70.64 38357 38440 29660  296.60 25254 25339 48725 48696  396.08 39608 32358 32317
b 0.4465 06779  0.6707 Z - 04750 04748  0.6053  0.5982 - - 0.4059  0.4105
0 N 32.05 25711 25698 65.61 6561 15012 15013 32953 32961 9857 9857 21067 21057
b 0.3274 06529  0.6671 - - 04418 04417 07014  0.6999 - - 04628  0.4559
(10,10,010,4,4) 40 A 32.34 32138 32165  65.84 65.84 18625 18627 40871 40877  101.63  101.63 25870  258.49
,10,0.10, 4, b 0.3050 0.6874  0.7007 Z - 04936 04797  0.6786  0.6415 _ _ 04472  0.4479
0 A 32.18 38357 38440 6535 6535 21990 22132 48725 48696 10398 10398  309.06  309.18
b 0.3286 06779  0.6707 Z - 04420 04596  0.6053  0.5982 Z Z 04594  0.4326
0 N 33.87 109.14 10888 22619 22619 7837 7821 16350  163.67 29374 29374 10223 10153
b 0.4443 07302 0.7404 - - 04663 04831  0.6956  0.6948 _ _ 04572  0.4661
10,10,010,2,6) 40 N 35.33 13341 13311 26099 26099  91.42 9059  199.60  200.04 34500 34500 11848  118.82
, 10,010, 2, % 0.4895 07298  0.6840 - - 04856 04826  0.6716  0.7005 - - 04338  0.4922
0 A 35.88 15726 15623  296.60  296.60 10428 10323 23681 23754 39608 39608 13508  135.71
b 0.4598 07092  0.7538 Z - 04893 04755  0.6730  0.6574 Z - 04629  0.4511
s i 23.60 18159 18025  47.04 47.04 61.05 6020 31052 31182 5870 5870 12250  124.10
b 0.4087 07439 07625 Z - 04738 04526 07098  0.7237 Z z 04611  0.4450
(20,20,007.6,6) 100 N 22.66 19190 19031  46.18 46.18 57.22 5638 33558 33725 5590 5590 11573  117.02
,20,0.07, 6, b 0.4149 07934  0.7564 Z - 04631 04467 07233  0.6972 Z z 04950  0.4789
o A 22.09 20061  199.86 4543 45.43 54.89 5402 36063 36321 5378 5378 11133 112.63
b 0.4183 07524 0.7524 - - 04830 05125 07281 07148 - - 04644  0.4688
0 N 22.53 55.23 55.49 66.74 66.74 28.74 2878 10833 109.66 9523 95.23 4413 4427
b 0.4199 0.6678  0.6604 z Z 04277 04333  0.6798  0.6852 z z 04226  0.4341
(20,20,007.4,8 100 N 21.32 51.89 52.47 63.09 63.09 26.55 2658 10160 10319  87.35 87.35 39.45 39.56
, 20,007, 4, b 0.4425 07380  0.7339 Z - 04668 04781 07102  0.7365 z z 04645  0.4705
o 20.49 49.44 50.50 60.58 60.58 24.98 25.14 96.95 98.55 81.86 81.86 36.06 36.30
b 0.4365 0.6578  0.6609 z - 04384 04422  0.6551  0.6342 Z - 04387  0.4450
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MR W Metri AMPS-MAPPO SPT-Based Rules FIFO-Based Rules
(M, Jo, A, R, W) Ja etric i W-ML W-EA R-ML R-EA Co-ML Co-EA W-ML W-EA R-ML R-EA Co-ML Co-EA
s i 18.48 5523 55.49 4275 4275 2236 2226 10833  109.66  49.42 49.42 39.27 38.89
b 0.4157 0.6678  0.6604 Z _ 04286 04357  0.6798  0.6852 Z ~ 04344 04347
(20,20,007,8,8) 100 A 17.94 51.89 52.47 4251 4251 21.22 2111 10160 10319  48.07 48.07 35.45 35.04
,20,0.07,8, % 0.4435 07380  0.7339 Z _ 04657 04787 07102  0.7365 - - 04643  0.4686
o i 17.58 49.44 50.50 4223 4223 20.41 20.43 96.95 98.55 46.99 46.99 32.64 32.41
b 0.4252 0.6578  0.6609 _ _ 04353 04369  0.6551  0.6342 Z - 04356 04310
w0 N 17.77 272 2074 66.74 66.74 18.97 18.98 3226 3228 95.23 95.23 2371 23.68
b 0.3922 05815  0.5868 Z Z 03933 03964 05906  0.5940 z z 03940  0.3969
(20,20,007,4,12) 100 N 17.21 22.50 2252 63.09 63.09 18.21 18.22 30.46 30.48 87.35 87.35 22.16 22.14
, 20,007, 2, b 0.4362 0.6480  0.6488 Z - 04324 04385  0.6485  0.6485 z - 0.4324 04385
o i 16.83 2223 2225 60.58 60.58 17.68 17.69 29.05 29.06 81.86 81.86 21.07 21.05
b 0.4046 05661 05728 Z - 03976 04040 05661  0.5728 - - 03976  0.4040

Note: f, is not applicable to pure robot rules because no worker is assigned.
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5.3.3. Comparison with Baseline Reinforcement Learning Algorithms

DQN, PPO, SAC, and D3QN are used as reinforcement-learning baselines. All methods
use the same DPMS-HRC environment, 17-dimensional local observation, 13-action defi-
nition, reward specification, 10,000-episode training horizon, and matched test instances.
The baselines are trained with seed 42 and evaluated on the same 20 test-instance seeds
per configuration, distinct from training, without test-set-specific hyperparameter tuning.
All use a learning rate of 3 x 104, PPO and D3QN incorporate feasibility during action
selection. DQN and SAC do not mask infeasible actions during training; the environment
handles them without resampling or an additional penalty. During evaluation, an infeasible
DQN or SAC action is replaced by IDLE when feasible, or otherwise by the first feasible
action. SAC uses a one-dimensional Gaussian policy over [0, 12], whose output is rounded
and clipped to the 13 discrete actions. DQN uses a 2 x 256 ReLU Q-network, batch size
256, replay buffer 3 x 10°, one update per step, and target updates every 500 steps. PPO
uses 2 x 256 Tanh policy and value networks, rollout and minibatch size 2048, and four
update epochs. SAC uses a 2 x 256 ReLU Gaussian actor and twin Q-networks, batch size
1024, replay buffer 3 x 10°, four updates every four steps, T = 0.005, and automatic entropy
tuning. D3QN uses a 2 x 256 ReLU feature network with duelling heads, batch size 256,
replay buffer 1.2 x 10°, one update per step, and target updates every 500 steps.

AMPS-MAPPO obtains the lowest f; in 18 of 24 configurations and the lowest overall
mean of 31.78, corresponding to mean reductions of 20.92%, 12.06%, 8.17%, and 13.59% rela-
tive to DQN, PPO, SAC, and D3QN. For f», it also achieves the lowest overall mean (0.4365),
although AMPS-MAPPO and D3QN each obtain the lowest value in 10 configurations.
Thus, the flow-time advantage is more consistent than the fatigue-balance advantage.

5.3.4. Process-Level Fatigue Analysis

Four process-level indicators supplement f,: maximum fatigue, time-above-threshold
ratio, cumulative fatigue exposure, and temporal workload dispersion. The latter is the
mean cross-worker standard deviation of utilisation over ten equal intervals of the schedul-
ing horizon. Results are summarised over the same 24 medium- and large-scale configura-
tions used in Tables 12 and 13.

Table 13. Comparison with baseline reinforcement learning algorithms.

(M, Jo,A,RW) J4 Metric AMPS-MAPPO DQN PPO SAC D3QN
20 f 9.6 59.59 53.93 49.92 47.95
3 0.4082 0.3595 0.4255 0.3458 0.4666
49.19 59.42 5291 49.88 48.22
1
(10,10,010,3,3) 40 f2 0.4520 0.4138 0.4931 0.4843 0.4081
50 (7 4930 59.33 52.89 50.02 4833
(2 0.2343 0.3792 0.3672 0.4829 0.5129
20 f 6131 73.62 63.96 57.65 56.63
3 0.4978 0.5086 0.5239 0.5073 0.5708
63.30 75.10 65.73 59.31 58.16
1
(10,10,0.10,2,4) - 40 (A 0.5199 0.3812 0.4684 0.5413 0.5391
50 ] 65.20 77.05 67.42 61.10 59.91
2 0.5028 0.4541 0.4972 0.5857 0.6040
20 f 3221 39.40 36.73 3494 3334
(A 0.3418 0.2919 0.5599 0.4794 0.5540
7 31.90 39.08 37.13 35.18 3373
(10,10,0.10,4,4) 40 A 0.3102 0.5114 0.4548 0.4781 0.5276
50 ] 31.67 38.74 37.16 35.49 3401
(2 0.4030 0.4925 0.4596 0.4069 0.6392
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Table 13. Cont.

(M, Jo, A, RW)  Ja Metric AMPS-MAPPO DON PPO SAC D3QN
20 f 33.82 4315 36.31 35.50 34.68

A 0.4780 0.5394 0.6044 0.5610 0.5696

[ 33.85 42.84 36.98 36.40 35.07

(10,10,0.10,2,6) 40 % 0.4881 0.5524 0.5523 0.5700 0.5470
50 7 34.62 4284 38.00 36.48 35.83

2 0.4745 0.5104 0.5158 0.5929 0.5896

%0 I3 2234 30.10 2731 2731 3273

(2 0.4632 0.5913 0.6427 0.6430 0.3866

7 21.55 29.55 2721 27.20 32.69

(20,20,0.07,6,6) 100 % 0.4658 0.6136 0.6099 0.6106 0.3631
120 7 2111 29.25 27.17 27.16 32.63

2 0.4222 0.6178 0.5975 0.5975 0.3213

%0 f 20.99 2821 2478 24.83 30.04

A 0.4566 0.6446 0.6235 0.6238 0.4043

7 19.93 27.43 2451 24.55 30.05

(20,20,0.07,4,8) 100 A 0.4775 0.6326 0.6430 0.6430 0.4352
120 7 19.30 27.03 24.37 2441 30.14

2 0.4642 0.5913 0.5971 0.5979 0.3927

%0 f 17.66 25.25 2348 2343 30.05

% 0.459% 0.6376 0.6234 0.6219 0.3418

7 17.14 24.98 23.42 23.39 30.42

(20,20,0.07,8,8) 100 A 0.4632 0.6202 0.6430 0.6361 0.3519
120 7 16.89 24.91 23.46 2343 30.60

2 0.4557 0.6061 0.5947 0.5810 0.3155

%0 f 16.99 22.62 20.80 21.02 2530

2 0.4074 0.5532 0.5987 0.5982 0.4548

2 16.51 2241 20.76 20.95 25.84

(20,20,0.07, 4,12) 100 (2 0.4225 0.5391 0.6098 0.6094 0.4291
120 7 16.20 2253 20.81 20.97 26,04

A 0.4088 0.5169 0.5712 0.5708 0.4457

Table 14 shows that AMPS-MAPPO has the lowest time-above-threshold ratio in both
groups and the lowest cumulative fatigue exposure in the large group. Collaborative-mode

rules perform better on some other fatigue indicators, particularly maximum fatigue and

temporal workload dispersion.

Table 14. Process-level fatigue indicators for AMPS-MAPPO and rule-based methods.

. . Maximum Time-Above- Cumulative Fatigue  Temporal Workload

Configuration Group Method Fatigue Threshold Ratio Exposure & pDispersion
AMPS-MAPPO 2.907 0.853 1.276 0.131
SPT-W-ML 3.000 0.914 1.442 0.064
SPT-W-EA 3.000 0914 1.442 0.065
Medium SPT-Co-ML 2.535 0.878 1.226 0.059
(M, Jo, A) = (10,10,0.10) SPT-Co-EA 2.535 0.879 1.228 0.059
710, 24) = A, AU, FIFO-W-ML 3.000 0.914 1.470 0.064
FIFO-W-EA 3.000 0913 1.470 0.065
FIFO-Co-ML 2.532 0.881 1.239 0.057
FIFO-Co-EA 2.537 0.881 1.239 0.057
AMPS-MAPPO 2.801 0.415 0.764 0.040
SPT-W-ML 3.000 0.705 1.172 0.049
SPT-W-EA 3.000 0.705 1.171 0.049
Large SPT-Co-ML 2.476 0.485 0.823 0.038
( Mg] A) = (20,20,0.07) SPT-Co-EA 2.484 0.487 0.823 0.039
10, 74) = AeV, S U FIFO-W-ML 3.000 0.753 1.262 0.049
FIFO-W-EA 3.000 0.750 1.259 0.050
FIFO-Co-ML 2.511 0.536 0.882 0.038
FIFO-Co-EA 2.524 0.537 0.882 0.039
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Table 15 shows that AMPS-MAPPO achieves the lowest maximum fatigue and tempo-
ral workload dispersion in both groups. PPO gives the lowest time-above-threshold ratio
and cumulative exposure in the medium group, whereas D3QN gives the lowest values for
these two indicators in the large group.

Table 15. Process-level fatigue indicators for AMPS-MAPPO and reinforcement-learning baselines.

X . . . Time-Above- Cumulative Fatigue Temporal Workload

Configuration Group Method Maximum Fatigue Threshold Ratio Exposure Dispersion
AMPS-MAPPO 2.901 0.853 1.284 0.132
. DQN 2,985 0.818 1.308 0.136
Medum o 010 PPO 2.975 0.773 1252 0.142
(M, Jo,A) = (10,10,0.10)  gAC 2,982 0.850 1348 0.150
D3QN 2.996 0.826 1.348 0.153
AMPS-MAPPO 2.855 0.415 0.765 0.042
Laree DON 2.994 0.552 0.996 0.055
( Mg A) = (20,20,0.07) PPO 2.996 0.581 1.041 0.054
+Jo, A) = (20,20,0. SAC 2,994 0.577 1.033 0.054
D3QN 2.929 0.257 0.546 0.059

5.3.5. Weight Sensitivity and Instance-Level Statistical Analysis

Weight sensitivity is examined by recalculating F = f; + wf from unchanged schedul-
ing outcomes; w therefore affects only the ex-post evaluation, not the trained policy.

Figure 7 shows that AMPS-MAPPO maintains the lowest average ranking among
the compared learning and rule-based methods over the examined weight range. As the
midpoint of the examined weight range, w = 50 is used as a representative reference setting
for the composite-objective comparisons rather than as an optimal weight.

Average rank
-
L

-— — —e—— -_—
6 1 —®— AMPS-MAPPO SPT-CO-ML
~&— D3QN ~&— SPT-CO-EA
SAC —e— DQN
-8~ PPO
7 T T T T T
0 25 50 75 100
Weight o

Figure 7. Average rankings under different weight settings.

Paired statistical comparisons are conducted separately within each of the 24 configura-
tions using 20 independently generated test instances matched across methods by test seed.
For each objective and baseline, a two-sided Wilcoxon signed-rank test with Holm correction
is applied within the corresponding method family; 95% Student’s t confidence intervals for
paired mean differences and matched-pairs rank-biserial correlations are also reported.

For f;, AMPS-MAPPO is significantly better than both representative rules and DQN
in all 24 configurations, PPO in 21, SAC in 16, and D3QN in 15, with median rank-biserial
correlations of 0.895-1.000. For f,, significant advantages occur against DQN, PPO, and SAC
in 13, 14, and 14 configurations, while the D3QN comparison is more balanced. Thus, the flow-
time advantage is stronger and more consistent than the fatigue-balance advantage.
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Table 16 summarises the configuration-level paired statistical comparisons.
Table 16. Configuration-level paired statistical comparisons with AMPS-MAPPO.
Family Baseline Objective Better Worse Median Effect Size
SPT-Co.ML fi 24 0 1.000
Rules A 2 8 oo
_Co- 1 :
SPT-Co-EA i . 0 0.405
fi 24 0 1.000
DON fo 13 0 0.671
f 21 0 1.000
RL PPO fo 14 0 0.738
SAC i 16 2 0.981
fo 14 0 0.748
fi 15 3 0.895
D3QN A 3 3 0.114

Note: “Better” and “Worse” indicate significantly lower and higher AMPS-MAPPO objective values,
respectively, after Holm correction (p < 0.05); positive effect sizes favour AMPS-MAPPO.

5.4. Ablation Experiments

AMPS-MAPPO is compared with variants without action masking, without reward
shaping, and without both mechanisms, while retaining the same shared-actor and
centralised-critic architecture. In the no-mask variant, all 13 actions remain selectable;
infeasible production actions are neither resampled nor separately penalised and result in
no assignment in the current micro-step.

Table 17 reports the ablation results.

Table 17. Ablation experiment results.

. Without Action Without Reward Without

(M, Jo, A\, R, W) Ja Metric AMPS-MAPPO Viaking Shaping [tho
0 f 64.34 110.09 69.76 127.39

A 0.3455 0.3347 0.2961 0.0126

f 69.33 14225 75.69 150.10

(5,5,005,1,2) 15 A 0.4545 0.2883 0.2520 0.0018
2 f 75.03 174.23 80.34 167.63

A 0.4027 0.2366 0.3726 0.0011

0 f 38.11 56.97 4327 114.08

A 0.4180 0.4503 0.2490 0.0223

f 40.58 64.87 45.21 136.76

(5.5,0.05,1,3) 15 A 0.5318 0.4025 0.4843 0.0028
20 f 142.38 73.02 45.60 155.96

A 0.4957 0.4010 0.4464 0.0072

0 f 63.04 206.12 80.49 85.63

A 0.3924 05711 0.4308 04712

12 67.41 261.83 85.45 93.19

(10,10,0.10, 2, 4) 40 A 0.4340 0.6530 0.4990 0.4107
s f 70.64 315.90 88.90 97.46

A 0.4465 0.6494 0.4304 0.4809

0 f 33.87 73.99 16.42 47.77

A 0.4443 05421 0.5041 04911

f 35.33 86.41 46.54 49.09

(10,10, 0.10, 2, 6) 40 A 0.4895 0.6425 0.4856 0.4850
50 f 35.88 98.91 4613 49.94

A 0.4598 0.5926 0.5410 0.4573

5 f 21.54 40.06 39.97 27.48

A 0.4153 0.4333 0.2477 0.4627

f 20.49 2527 39.55 26.72

(20,20, 0.067, 4, 8) 100 A 0.4427 0.4563 0.2857 05278
120 f 19.77 23.10 39.18 26.28

A 0.4406 0.4382 0.2056 0.5054
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Table 17. Cont.
. Without Action Without Reward Without
(M, Jo, A, R, W) Ja Metric AMPS-MAPPO Masking Shaping Both
80 fi 16.35 40.45 36.35 25.08
f2 0.4062 0.2594 0.2449 0.5145
fi 16.10 38.76 36.54 24.82
(20, 20,0067, 4,12) 100 f2 0.4417 0.2771 0.2689 0.5399
120 fi 15.89 37.60 36.61 24.43
f2 0.4031 0.2927 0.2819 0.5020
M _ fi 41.45 103.88 54.56 79.43
can I 04369 0.4401 0.3626 0.3276

AMPS-MAPPO achieves the lowest f; in all 18 settings, with a mean of 41.45 versus
103.88, 54.56, and 79.43 without action masking, reward shaping, and both mechanisms,
respectively. The corresponding mean f, values are 0.4369, 0.4401, 0.3626, and 0.3276,
confirming that fatigue balance varies non-monotonically across the ablations.

6. Discussion
6.1. Main Findings and Relation to Previous Studies

The numerical results show that AMPS-MAPPO has its most consistent advantage
in average flow time, achieving the lowest f; in all rule-based comparisons and in most
reinforcement-learning comparisons. In contrast, fatigue-related performance is more
configuration-dependent. AMPS-MAPPO obtains favourable overall results for f,, maxi-
mum fatigue, and temporal workload dispersion, but other methods achieve better values
for some fatigue indicators in individual configurations. These results show that scheduling
efficiency and fatigue-related performance do not necessarily improve in the same manner
and should therefore be considered jointly.

Compared with previous HRC scheduling studies that mainly address task and re-
source coordination, and fatigue-aware scheduling studies that focus on worker fatigue or
ergonomic factors, the present problem combines dynamic job arrivals, fatigue-dependent
processing times, alternative human-robot processing modes, and shared resources in
a parallel-workstation environment [12,20,30]. The event-driven multi-agent framework
represents these coupled decisions at the workstation level, while sequential micro-steps
coordinate competition for shared workers and robots at the same decision epoch.

The sensitivity and ablation results further clarify the behaviour of the proposed frame-
work. Increasing the job-arrival rate consistently increases average flow time, whereas
the fatigue balance index varies with problem scale. In the ablation experiments, the com-
plete AMPS-MAPPO framework achieves the lowest f; in all examined settings, while
f2 changes non-monotonically when action masking or reward shaping is removed. This
again indicates that improvements in flow-time performance do not necessarily correspond
to improvements in fatigue balance.

6.2. Managerial Implications

The results suggest that human-robot resource planning should consider resource
composition as well as production scale. Across the examined configurations, similar total
resource levels can produce different flow-time performance under different worker-robot
combinations. Therefore, resource planning should consider how workers and robots
jointly support the available processing modes under the expected workload, rather than
relying only on the total number of resources.

The results also indicate that scheduling efficiency and fatigue-related performance
should be evaluated together. Methods that perform well in average flow time do not
always achieve the best final fatigue balance or process-level fatigue indicators, and their
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relative performance varies across fatigue measures and configurations. The weight w there-
fore represents an ex-post evaluation preference for this trade-off rather than a universally
optimal setting. Since the present results are based on simulated scenarios and a scheduling-
level fatigue model, application to a specific shop floor would require calibration using
plant-specific processing and worker data.

6.3. Limitations and Future Research

Several limitations define the scope of the present results. Workers and robots are
assumed to be homogeneous within their respective resource pools, inter-workstation
transfer times are neglected, and dynamic job arrivals follow a Poisson process. Worker
fatigue is represented by a scheduling-level accumulation and recovery model rather
than by direct physiological measurements, and the current experiments do not consider
machine failures, material shortages, or stochastic processing-time disturbances. Future
research could therefore examine heterogeneous worker and robot capabilities, explicit
transfer processes, more general arrival distributions, task-dependent worker states, addi-
tional production disturbances, and richer fatigue information obtained from shop-floor
observations or sensors. Recent studies also illustrate possible sensing and recognition
pathways for measured human-state information. EMG-based biological signals have been
used for continuous human-machine control [51], while multi-IMU sensing combined
with TimeGAN-based data augmentation and attention mechanisms has been developed
for robust human-activity recognition [52]. These approaches provide possible technical
pathways for incorporating measured worker-state information into future fatigue-aware
scheduling models. The transferability of the learned policies to problem scales beyond
those considered in the present experiments also remains to be evaluated. Further vali-
dation using real production data or a calibrated digital-twin environment would also be
valuable for assessing the practical applicability of the proposed scheduling framework.

7. Conclusions

This study investigated a dynamic parallel-machine scheduling problem with human-
robot collaboration and worker fatigue. A MINLP formulation was developed to represent
dynamic job arrivals, alternative processing modes, shared worker-robot allocation, fa-
tigue evolution, and fatigue-dependent processing times. An event-driven AMPS-MAPPO
framework was then developed for online scheduling, combining workstation-level multi-
agent decisions, action masking, sequential micro-step coordination, and time-scaled
potential shaping.

The computational results show that AMPS-MAPPO exhibits stable training behaviour
across the considered problem scales and maintains competitive scheduling performance
under different job-arrival rates. Its most consistent advantage is observed in average
flow time, while fatigue-balance and process-level fatigue performance vary more with the
specific configuration and comparison method. Taken together, the comparative, statistical,
sensitivity, and ablation results show that the proposed framework coordinates scheduling
efficiency and fatigue-related considerations in the studied DPMS-HRC environment.
Future research may further examine heterogeneous human-robot resources, broader
dynamic disturbances, and policy transfer to unseen production conditions.
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