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Abstract

Task scheduling and safety-oriented execution are commonly treated as sep-
arate problems in human-robot collaboration (HRC), limiting rapid and co-
ordinated responses to changing task and human conditions. This paper
presents a hierarchical stochastic decision-making framework that shifts pol-
icy synthesis offline and supports fast online state-feedback decisions. An
upper-level Markov decision process schedules and allocates tasks according
to urgency, task nature, estimated execution-duration class, agent availabil-
ity, and fatigue. A lower-level partially observable Markov decision process
maintains a belief over operational human-state variables under a prescribed
skeleton-based kinematic observation model and selects task-conditioned ex-
ecution and human-robot separation actions. An intermediate task coordi-
nation module coordinates bidirectional information exchange between the
scheduling and safety-oriented execution layers, enabling execution outcomes
and updated agent states to inform subsequent scheduling decisions. Nu-
merical evaluation demonstrates priority- and duration-class-aware alloca-
tion, fatigue-dependent recovery, admissible concurrent execution, and task-
conditioned separation. The same precomputed policies are reused across
a heterogeneous 12-task stream comprising four successive scheduling win-
dows, with task identities and agent states preserved without window-specific
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retuning. Online scheduling requires indexed policy access rather than it-
erative optimization, with a measured mean lookup time of 3.082 us. The
results establish the decision-layer and computational feasibility of coordinat-
ing fatigue-aware scheduling with belief-dependent, safety-oriented execution
at the evaluated scale.

Keywords: Human-robot collaboration, Task scheduling, Markov decision
process, Partially observable Markov decision process, Safety-aware
execution, Human fatigue, Industry 5.0

1. Introduction

Industry 5.0 promotes human-centered, resilient, and sustainable manu-
facturing in which humans and robots share workspaces and combine com-
plementary capabilities [1]. Human workers provide adaptability, dexterity,
and contextual judgment [2], whereas collaborative robots offer precision,
endurance, and repeatability [3]. Effective deployment therefore requires co-
ordinated decisions across planning and execution: task assignments must
respond promptly to changes in task and agent states, while robot behavior
must adapt to uncertain human and interaction conditions. Achieving these
objectives within a unified architecture, without introducing substantial on-
line computational delay, remains an important challenge in human-robot
collaboration (HRC).

At the planning level, mixed-integer formulations provide a systematic
basis for optimizing task allocation, sequencing, precedence relations, exe-
cution times, and resource utilization [4]. Collaborative assembly-line mod-
els extend this perspective to production and resource constraints [5], while
human-centered methods incorporate fatigue, workload, and ergonomic crite-
ria into scheduling decisions [6] [7]. Some approaches improve responsiveness
through event-triggered reoptimization when task requirements, execution
parameters, or resource availability change [8]. Such mechanisms provide
online adaptability, but each replanning event requires another iterative op-
timization process, whose response time depends on the problem size, solver
configuration, and termination conditions.

At the execution level, monitoring and control methods adapt robot
motion, speed, or separation according to observed human behavior and
workspace conditions [9]. These mechanisms provide essential local responses
to changes in human position and motion. Nevertheless, conservative reac-



tions to uncertain human behavior can reduce operational efficiency [10], mo-
tivating decision models that account explicitly for uncertainty. Moreover,
execution-level safety mechanisms do not generally coordinate task prior-
ity, agent assignment, fatigue accumulation, and recovery across successive
scheduling decisions. Conversely, scheduling formulations typically repre-
sent execution safety through predefined constraints or external protective
mechanisms and do not continuously exchange task context and execution
outcomes with an uncertainty-aware execution layer.

The benefits of adaptation at the planning and execution levels have
been quantified independently in representative HRC studies. Lippi et al.
[4] reported that online human-multi-robot reallocation reduced the average
allocation cost by approximately 65% relative to static allocation over 50
simulation trials. At the execution level, Faroni et al. [11] reported reductions
of approximately 19-25% in robot execution time and increases of 15-23%
in the average safety-related speed-scaling factor relative to random task
selection in physical pick-and-packaging experiments. Although these results
were obtained for different problem formulations and cannot be compared
directly, they indicate complementary benefits from adaptive task allocation
and safety-aware execution. However, neither study investigates their closed-
loop integration within a hierarchical architecture that communicates task
context and agent-state information across the planning and execution levels.

Decision-theoretic methods provide a systematic basis for reasoning un-
der partial observability. Partially observable Markov decision processes
(POMDPs) have been used to represent partially observable collaborative
tasks [12], latent human trust [I3], hidden interaction states learned from
demonstrations [I4], and supervisory control under probabilistic require-
ments [I5]. These studies demonstrate the value of belief-dependent deci-
sions, but the representative literature does not fully address a closed-loop
architecture in which a fatigue- and availability-aware scheduler supplies task
semantics to a partially observable, safety-oriented execution layer and re-
ceives execution and agent-state feedback for subsequent scheduling deci-
sions. This limitation motivates the integration of state-responsive schedul-
ing, task-conditioned safety adaptation, and computationally efficient online
policy evaluation.

This paper addresses this gap through a hierarchical architecture with
complementary decision responsibilities. The upper-level Markov decision
process (MDP) schedules and allocates tasks according to their priority, na-
ture, estimated execution-duration class, and the availability and fatigue



states of the human and robot. The lower-level POMDP maintains a belief
over operational engagement- and agitation-related variables using a pre-
scribed skeleton-based kinematic observation model. This belief, together
with the task context and the discrete human-robot separation state, sup-
ports the selection of safety-oriented execution actions. An intermediate Task
Coordination Module (TCM) transfers task semantics and resource assign-
ments to the execution layer, coordinates compatible concurrent assignments,
tracks task progress, and returns completion, availability, and fatigue infor-
mation to the scheduler. The resulting bidirectional interface allows execu-
tion outcomes and updated agent states to influence subsequent scheduling
decisions.

A central feature of the proposed architecture is the separation of com-
putationally intensive policy synthesis from deployed decision making. The
scheduling and underlying execution-state policies are generated offline and
stored. During online scheduling, the current state is mapped directly to
the precomputed policy without invoking an iterative mixed-integer linear
programming (MILP) or metaheuristic solver. At the execution level, the
POMDP updates its belief from the current observation, and an Action Se-
lection Heuristic (ASH) aggregates the recommendations of the precomputed
execution-state policy to select an admissible action. Within the modeled
state and action domains, this architecture removes iterative optimization
from the online scheduling loop and enables rapid responses to changes in
task status, availability, fatigue, recovery, and partially observable human
conditions. The contribution therefore lies not in the individual use of MDPs
or POMDPs, but in coordinating their scheduling and execution responsibil-
ities through an explicit task- semantic and agent-state interface.

Contributions: The main contributions of this work are as follows:

o A hierarchical MDP-POMDP architecture that couples task-priority-,
availability-, and fatigue-aware scheduling with belief-dependent, safety-
oriented execution under partial observability.

o An event-driven TCM that maintains persistent task status and coor-
dinates task semantics, resource compatibility, admissible concurrency,
agent-state information, and execution feedback across the scheduling
and execution layers.

« An offline-synthesis/online-evaluation strategy that removes iterative
optimization from the deployed scheduling loop within the modeled
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state and action domains. The measured mean scheduling-policy lookup
time is 3.082 ps; this value characterizes indexed policy access rather
than complete sensing-to-action latency.

e A numerical closed-loop evaluation demonstrating priority-aware allo-
cation, fatigue-dependent recovery, compatible concurrent execution,
and task-conditioned separation under prescribed observation uncer-
tainty. Policy reuse is further demonstrated across four heterogeneous
scheduling windows comprising 12 persistent tasks, without window-
specific policy retuning and with agent states and task identities pre-
served across window boundaries.

The remainder of this paper is organized as follows. Section [2| reviews
productivity-oriented planning with human-centric factors, safety-aware ex-
ecution and adaptive autonomy, and POMDP-based decision making under
uncertainty, followed by a comparative positioning of the proposed frame-
work. Section [3] formulates the coupled scheduling and safety-oriented ex-
ecution problem. Section [ presents the scheduling MDP and safety-aware
execution POMDP. Section [5| describes the solution procedures, ASH, TCM,
and computational complexity and scalability. Section [6] presents the numer-
ical configuration, representative closed-loop evaluation, extended workload
evaluation, and computational performance. Finally, Section [7] summarizes
the principal findings and outlines directions for future work.

2. Related Work

Research relevant to the proposed framework spans three complementary
areas: productivity-oriented planning, safety-aware execution, and decision-
making under partial observability. These areas are analyzed below according
to their optimization scope, representation of human factors, treatment of
uncertainty, and connection between scheduling and execution.

2.1. Productivity-Oriented Planning With Human-Centric Factors

Mixed-integer formulations explicitly represent task assignments, prece-
dence relations, execution times, and resource constraints [4]. Their principal
advantage is the systematic evaluation of feasible schedules and, for tractable
instances, the availability of optimality guarantees. Collaborative assembly-
line models extend these formulations to production and budget constraints



[5]. However, their computational burden generally increases with the num-
ber of tasks, agents, and decision variables. Genetic approaches provide
greater search flexibility for collaborative-system configuration [16], while
particle-swarm methods generate approximate solutions for multi-robot allo-
cation problems [I7]. Thus, exact formulations provide stronger guarantees,
whereas metaheuristics trade guaranteed optimality for computational flexi-
bility.

Human-centric planning extends productivity objectives by incorporating
operator condition. Dynamic fatigue estimates can trigger task reallocation
to reduce overexertion [6], whereas personalized ergonomic criteria can mod-
ify task sequences according to worker characteristics [7]. The underlying
assessments may be subjective, behavioral, biomechanical, or physiological.
Subjective measures capture perceived workload or comfort but are intermit-
tent and susceptible to reporting bias [I8]. Behavioral measures are readily
observable but may be confounded by task difficulty or system performance.
Biomechanical measures characterize posture and physical exposure, whereas
physiological signals support continuous monitoring but require calibration
and reliable acquisition. Multimodal frameworks combine complementary
measurements to improve workload estimation [19], while visual ergonomic
indicators can be fused with cardiovascular signals for online strain detection
[20]. Although these approaches strengthen human-aware planning, the re-
sulting estimates are generally treated as observable indices or planning-level
variables rather than beliefs used by an execution-level safety policy.

2.2. Safety-Aware Fxecution and Adaptive Autonomy

Execution-level safety commonly relies on continuous monitoring and re-
active robot behavior [9]. Device-free localization estimates human presence
without requiring wearable sensors [21], while vision-based control adapts
robot motion using observed human activity [22]. Posture-aware optimiza-
tion incorporates human configuration into motion decisions [23], and learning-
based collision avoidance improves responsiveness to changing workspace con-
ditions [24]. These methods provide direct spatial protection but primarily
act on observable position, posture, or proximity information. They do not
generally maintain beliefs over latent human conditions.

Adaptive-autonomy methods extend reactive safety by changing robot
behavior according to interaction context. Task-progress information can
support mode switching [25], human feedback can guide autonomy selection
[26], and target prediction with fuzzy inference can support dynamic role
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assignment [27]. These approaches improve local responsiveness but remain
primarily focused on the active interaction rather than jointly managing task
sequencing, agent availability, and fatigue over multiple decision epochs.
Recent safety-aware scheduling provides a closer connection between plan-
ning and execution. Faroni et al. learn the relationship between system
state and safety-induced robot-speed reductions and use this relationship for
online task selection [II]. This approach quantitatively demonstrates that
safety-aware task selection can improve execution efficiency. However, it per-
forms short-horizon selection using observable system variables and a learned
slowdown model; it does not maintain a belief over latent human states or
coordinate a separate fatigue-aware scheduler with a POMDP execution pol-

icy.

2.3. POMDP-Based Decision-Making Under Uncertainty

POMDPs maintain probability distributions over states that cannot be
observed directly, providing a principled alternative to rules based only on
current measurements [12]. Trust-aware decision-making represents human
trust as a predefined latent state for long-horizon interaction [13]. In contrast,
Bayesian nonparametric learning infers hidden interaction structures from
demonstration data [14], reducing manual model specification but increasing
dependence on representative training data. POMDP supervisory control
combines belief-based decisions with probabilistic specifications and backup
actions [15], thereby emphasizing formal performance requirements rather
than task scheduling.

These approaches demonstrate the advantages of belief-state reasoning
under sensing noise and latent human behavior. Nevertheless, their objec-
tives concern interaction modeling, trust adaptation, hidden-state learning,
or supervisory verification. They do not explicitly condition safety-oriented
execution actions on task assignments from a fatigue- and availability-aware
scheduler or return task-completion and agent-status information to such a
scheduler.

2.4. Comparative Positioning

Across these research areas, the main limitation is not the absence of ef-
fective scheduling, human-factor assessment, uncertainty modeling, or safety
control individually, but their limited coordination across decision levels.



Scheduling methods emphasize task allocation and productivity but com-
monly use observable human-state estimates and simplified safety represen-
tations. Safety-aware execution methods provide local adaptation but do not
usually manage task-level fatigue and availability. POMDP methods handle
latent-state uncertainty but are generally formulated independently of pro-
duction scheduling. The proposed framework assigns these responsibilities to
communicating components: the MDP manages task ordering, assignment,
availability, and fatigue; the POMDP manages belief-based safety adapta-
tion; and the TCM transfers task semantics to the execution level and returns
task-completion and agent-status information.

Table [1] compares representative studies against eight explicitly defined
capabilities, grouped into four functional pairs. The first pair character-
izes scheduling behavior: task planning/allocation requires an explicit task-
selection, sequencing, or assignment decision, while online adaptation re-
quires that this decision be shown to change during execution in response
to updated system information, rather than being fixed at the planning
stage. The second pair concerns agent-state awareness during execution:
fatigue/workload dynamics requires an explicit fatigue or workload variable
within the decision model, and mode switching/adjustable autonomy requires
a context-dependent change in robot behavior or autonomy level. The third
pair addresses the treatment of uncertainty: ezecution-level safety adapta-
tion requires an online mechanism that reduces interaction risk during task
execution, belief-state uncertainty requires that decisions be computed over
a probability distribution of partially observable states, and latent human-
state inference requires the estimation of an unobservable human condition
from available observations. The final criterion, cross-layer scheduling-safety
coordination, requires an explicit and bidirectional connection between task-
level planning and safety-oriented execution, rather than the independent
specification of either. Each capability is classified as explicitly addressed
(v') when it is formulated or evaluated directly in the cited study, partially
addressed (A) when it is treated indirectly or with limited scope, and not
reported (-) when it falls outside the study’s stated formulation.

Table [1] shows a systematic division of capabilities: scheduling-oriented
methods provide task allocation and online adaptation, with some incorpo-
rating fatigue or mode changes, but none maintain belief states for execution-
level safety decisions, while the POMDP-based studies show the reverse
pattern, representing uncertainty and latent human variables without con-
necting their execution policies to fatigue- and availability-aware scheduling.
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Table 1: Capability-based comparison with representative HRC studies.

Capability [25] [4] [6] [11] [14] [13] [15] Proposed
Task planning / allocation v v /7 - - - v
Online task-plan adaptation v v v/ - - - v
Fatigue / workload dynamics - AN /- - - - v
Mode switching / adjustable auton- v - - - - - A v
omy

Execution-level safety adaptation - -/ - - v v
Belief-state uncertainty - - - - v /7 / v
Latent human-state inference VAN v /A v
Cross-layer scheduling-safety coor- A - - A - - - v

dination

Legend: v = explicitly addressed; /A = partially or indirectly addressed; - = not
reported or outside the stated scope.

The partial ratings reflect capabilities present only in constrained form: fa-
tigue and mode-switching terms that are workload- or verification-driven
rather than dynamically modeled [4, [15], latent-state treatment based on be-
havioral proxies rather than formal inference [0, [15], and scheduling-safety
links that are one-directional rather than closed-loop [11], 25]. The proposed
framework satisfies the final criterion by construction rather than by de-
gree: the MDP supplies task-level scheduling and agent-state management,
the POMDP supplies belief-based safety adaptation, and the TCM provides
the bidirectional exchange of task semantics and execution status between
them — a closed-loop coordination absent, even partially, from every other
representative study.

3. Problem Description

This work considers an industrial HRC system in which a human and a
robot execute a set of tasks with different priorities, estimated execution-
duration classes, and agent requirements. Each task may be assigned to the
human, the robot, either agent, or both agents for joint execution. Scheduling
decisions must account for the current availability and fatigue states of the
agents, including the need for human rest or robot cooling and recovery.
During task execution, the robot must additionally adapt its behavior and
separation distance in response to partially observable human conditions and



kinematic observations.

The resulting decision problem has two interconnected components. The
first is a productivity-oriented scheduling problem that determines the task
sequence and the appropriate task-agent assignment. The second is a safety-
oriented execution problem that determines how the assigned task should
be performed under uncertainty regarding the human state. The proposed
framework addresses these components through two stochastic decision-making
levels connected by the TCM.

At the upper level, the scheduling MDP schedules and allocates tasks
according to their priority, nature, estimated execution-duration class, and
the current availability and fatigue states of the agents. At each decision
epoch, the MDP selects a task-assignment, rest, recovery, transition, or idle
action according to its state-dependent policy. The scheduling objective is to
prioritize urgent tasks, promote appropriate task-agent assignments, reduce
unnecessary idle time, and manage the workload and recovery requirements
of both agents.

At the lower level, the execution POMDP governs safety-oriented task
execution. The POMDP maintains a belief over latent human variables, in-
cluding motivation/engagement and aggression/agitation, using probabilistic
observations derived from skeletal positions and motion features. Based on
the current belief state and the semantics of the scheduled task, the POMDP
selects execution actions that regulate robot behavior and the human-robot
separation distance. Larger separation margins are favored during solo-agent
tasks to reduce unnecessary proximity and modeled interaction risk, whereas
closer coordinated operation is permitted when joint task execution requires
physical collaboration.

The TCM provides the operational interface between the two decision
levels. When the MDP issues a task-assignment action, the TCM retrieves
the corresponding task attributes-priority level, estimated execution-duration
class, and task nature-and transfers them to the POMDP. During and after
execution, the TCM monitors task completion and the availability and fa-
tigue states of the agents. When an agent reaches its predefined fatigue or
recovery threshold, the updated state is communicated to the MDP, which se-
lects the appropriate rest, cooling, recovery, or subsequent assignment action
from its state-dependent policy. This information exchange maintains con-
sistency between task-level scheduling and safety-oriented execution without
combining the two models into a single intractable state space.

As illustrated in Fig. [ the Task Set module provides the task attributes
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Task-Level Scheduling: MDP

Task Set Agent States
e Human Availability & Task Ordering
Priority level Fatigue Agent Assignment Selected
duration-class Availability Management Task & Agent
Level . Rest and Recovery
Task Nature Robot Availability Decisions
and Fatigue

MDP Scheduling & Allocation

Task parameters: Task completion, Availability,
Tp Tor Tx

& Fatigue status

Task Coordination Module Task coordination Module (TCM)

Safety-Oriented Execution: POMDP Task context and Adaptive human-robof
$ execution command Solo-agent fast separation distance
izpscs ROBD camera POMDP Safety-Oriented Execution distanc
Engagement [ [m
state, e, Continue
\—> Belief Safety-oriented Adiust
Kinematic update action selection | Distance and disté,nce
observation, o, ¥ behavior
Agitation Compact adaptation
state, e, Belief b(e,,, eq) Stop or watt

Human skeleton Collabo-robot workscell

Figure 1: Hierarchical decision architecture for task scheduling and safety-oriented execu-
tion.

to the MDP scheduling layer. The TCM then transfers the selected task con-
text (7, 7., 7,), comprising the priority level, estimated execution-duration
class, and task nature, respectively, to the POMDP, which selects safety-
oriented execution actions using this context and the belief over the la-
tent human state. Following execution, task-completion, availability, and
fatigue-status information is returned through the TCM to support the next
scheduling or recovery decision. The principal notation used throughout the
framework is summarized in Table [2; symbols used only within individual
transition or cost equations are defined locally.
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Table 2: Principal notation used in the hierarchical framework.

Symbol Definition

T Set of tasks considered by the scheduling
framework.

Nr Number of tasks in 7.

T State description of task slot j.

Tp.j Priority level of task slot j.

Tey Estimated execution-duration class of task

slot j; 0 denotes a nonpending task, and
larger positive values denote longer-duration

classes.

Tw,j Nature of task slot j: robot-only, human-only,
either-agent, or joint.

ba, ha Availability states of the robot and human,
respectively.

by, hy Fatigue or recovery states of the robot and

human, respectively.
Sy, Dy Scheduling-MDP state space and action set,

respectively.
Ty (s" | Probability of reaching state s’ after applying
s,u) scheduling action w in state s.

Cun(s,u) Immediate cost of selecting scheduling action
u in state s.

0 Discount factor used in sequential decision-
making.

€m, €q Latent human motivation/engagement and
aggression/agitation states, respectively.

04 Discrete kinematic observation obtained at
decision epoch t.

be(s) Belief probability assigned to hidden state s
at epoch t.

Ot Discrete human-robot separation-distance

state at epoch t.
M, Th Scheduling-MDP policy and fully observable
execution-state policy, respectively.

TCM Module coordinating information exchange
between the MDP and POMDP levels.
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4. Hierarchical Decision Models

4.1. Scheduling MDP

The scheduling layer is formulated as a discounted Markov decision pro-
cess (MDP) that determines task assignments and recovery actions from the
current task and agent conditions, minimizing the expected cumulative dis-
counted cost of task execution, incompatible assignments, agent idleness, and
recovery requirements. Policy generation is performed offline, while online
action selection uses indexed policy lookup; the associated computational
requirements are reported in Section [5.5]

Formally,

M = (SM,DM,TM,CM,’)/>, (1)

where Sj; is the scheduling state space, D), the scheduling action space,
Ty (s | s,u) the probability of reaching s’ from s under action u, Cy(s, u) the
immediate cost, and vy € [0, 1) the discount factor. Although the formulation
admits stochastic transitions, the implementation evaluated in this study
uses a deterministic transition map, in which each state-action pair has a
unique successor.

4.1.1. State Space

The state space contains task-status, agent-availability, and agent-fatigue
variables. Let m denote the number of tasks represented simultaneously by
the scheduler, treated as a bounded scheduling window rather than the total
number of tasks in the system. The state space is defined as

SM:{S¥73§/I,...,S%M}, (2a)
sM = (15,a;, f)), i=1,..., Ny, (2b)
Ti = (TitsTi2s - s Tim) + (2¢)
T = (Tpiyj,Tci,j, Txiyj) , j=1,...,m, (2d)
T, €10,1,...,p}, T, €10,1,...,0}, (2e)
T ; € {0,1,2,3}, (2f)
a; = (ba;s ha,) s (2g)
ba;, ha, € {0, 1,2}, (2h)
fi=(bg; hy,) (2i)
by, €{0,1,..., &}, hy €{0,1,... e}, (2j)
Nar = [4(p+ 1)(0 + D" gy (e + 1)en + 1), (2K)
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where ny,, = np, = 3 are the cardinalities of the robot- and human-availability
domains, and p, o are assumed common across all m task slots for notational
simplicity. Equation gives the cardinality of the fully enumerated state
space and is consistent with the complexity analysis in Section [5.5

For state s;, the vector T; contains m task slots indexed by j. In the eval-
uated formulation, each slot corresponds to one task in the current scheduling
window; therefore, j identifies the task without being included as an addi-
tional state variable. The tuple 7; ; contains the priority level 7,, ., estimated
execution-duration class 7., ;, and task nature 7, ; of task j. Positive prior-
ity levels range from 1 to p, with larger values indicating greater scheduling
urgency. A value of 7, . = 0 indicates that the task is no longer awaiting
assignment and contributes no priority-related holding cost.

The duration variable is an ordinal representation of the relative processing-
time requirement rather than a physical time measurement. Specifically,
e, = 0 indicates that the task is no longer pending, whereas the positive
values 1, ..., 0 represent increasing execution-duration classes. For the two
positive classes used in the numerical evaluation, 7., . = 1 denotes a short-
duration task and 7., ; = 2 denotes a long-duration task. The mapping from
physical execution-time estimates to these classes would be calibrated for the
relevant application.

Let c@ denote the estimated physical execution time of task j. The
scheduling representation is obtained through an application-dependent quan-
tization function

7.5 = Qa(d;) € {1,...,0}, (3)

for pending tasks. The value 7.; = 0 is reserved for tasks that are not
pending and therefore does not belong to the set of active duration classes.

The task-nature variable specifies the eligible executing agent. Specif-
ically, 7, , = 0 denotes a robot-only task, 7., , = 1 denotes a human-only
task, 7, ; = 2 denotes a flexible task executable by either agent, and 7, , = 3
denotes a joint human-robot task.

The availability vector a; = (b,,, ha,) describes the current robot and hu-
man status. For either agent, a value of 0 denotes task execution, 1 denotes
availability for a new assignment, and 2 denotes a recovery state, correspond-
ing to human rest or robot cooling/recharging.

The fatigue vector f;, = (by,, hy,) represents accumulated robot opera-
tional load and human fatigue. The corresponding domains contain €, + 1
and ¢, + 1 ordered levels, respectively, with increasing values indicating in-
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creasing fatigue or operational load. Reaching the applicable maximum level
requires a recovery action under the admissibility conditions of the model.
Fatigue increases during committed task execution and decreases during rest
or cooling according to the transition rules defined in Section [£.1.4] In the
numerical model, one committed-work transition increases the correspond-
ing fatigue state by one level, whereas one recovery transition decreases it by
one level. These updates define normalized state dynamics and should not be
interpreted as a calibrated one-to-one relationship between physical execu-
tion time and recovery time. Application-specific accumulation and recovery
rates would require calibration using task and agent measurements.
Task-assignment actions identify both the selected task slot 7 and the
assigned execution mode-robot, human, or joint-subject to the task-nature
constraints. Rest, recall, idle, and recovery-transition actions operate directly
on the corresponding agent states and therefore do not require a task-slot
index. The specific action set used in the numerical study is defined in

Section [4.1.3

4.1.2. Human Fatigue State
The human-fatigue state introduced in the MDP state space belongs to
the ordered set
hyeHr={0,1,... e}, (4)

where €, is the maximum discrete fatigue level and L = ¢, + 1 is the se-
lected number of fatigue levels. In the numerical study, the transition model
updates h; according to the sequence of committed-work and scheduled-
recovery transitions. For physical deployment, physiological and ergonomic
measurements would be processed and mapped to the same state representa-
tion at each scheduling epoch. The number of levels, fusion parameters, and
classification thresholds would be selected according to the available sensing
modalities and calibrated for the relevant workers and tasks. This sensing-to-
state interface incorporates measurement-derived fatigue information with-
out changing the scheduling formulation; sensor-system development and ex-
perimental validation remain outside the scope of the present decision-layer
study.

Prior research indicates that fatigue-related information can be estimated
by combining cardiovascular measurements, such as heart rate (HR), ac-
quired using wearable devices based on photoplethysmography (PPG) or
electrocardiography (ECG), with vision-based ergonomic indicators derived
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from red-green-blue (RGB) or RGB-depth (RGB-D) skeletal observations
[20]. A practical implementation would synchronize the measurements, at-
tenuate motion artifacts and skeletal jitter, and normalize the signals relative
to worker-specific baselines. An illustrative continuous fatigue indicator is

Fu(t) = warHR(t) + wre(t — A), (5)

where HR(t) and 7,(t) are the normalized cardiovascular and ergonomic in-
dicators, respectively; A represents a possible delay between physical strain
and cardiovascular response; and wgyg, we. > 0, with wgr+w. = 1, are fusion
weights.

The continuous estimate can be mapped to L discrete fatigue levels using
an ordered set of thresholds:

hf(t):fé if 9K<ﬁh<t)§04+1a €:077L_17 (6)
where 0y = —o0, 0, = 400, and 6 < -+ < f;_;. A coarser resolution (small

L) favors tractability and robustness to sensor noise, whereas a finer reso-
lution (larger L) allows more graduated scheduling responses at increased
state-space cost, per Eq. . The specific resolution adopted in the numer-
ical case study is reported with the case-study parameters in Section [6]

Measurement uncertainty becomes decision-relevant when it changes the
assigned fatigue level, potentially causing premature or delayed recovery deci-
sions. Cardiovascular measurements may be affected by motion artifacts and
non-fatigue influences, such as stress or transient exertion, whereas vision-
based ergonomic indicators may be degraded by occlusion, viewpoint, and
skeletal-estimation errors. Temporal filtering, threshold hysteresis, minimum
dwell times, confidence-based rejection of unreliable samples, and conserva-
tive fallback strategies during prolonged signal loss can mitigate these effects.
Evaluation of these sensor-level mechanisms remains an important compo-
nent of future physical validation; the present results assess the scheduling
response to the fatigue state supplied to the MDP.

4.1.3. Decision Variables

In the proposed hierarchical framework, the higher-level MDP governs
task scheduling and centralized decision-making for the HRC system. The
system controller operates through both the human and the robot, issuing
instructions based on the optimal policy derived from the MDP. These in-
structions determine whether an agent should execute a task, enter a rest
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period, or remain idle, depending on task characteristics, agent availability,
fatigue levels, and other state variables.
Based on the defined state space, the set of available decision variables is
given as:
Dy = {rbj, rhj, rbh;, bR, bW, rhR, rhW, .
idle, rbh R, rbhW, rbhT } 0

Unlike elements in the state space, these decision elements represent dis-
crete actions performed by the robot, the human, or both. Specifically, rb;
assigns task slot j to the robot, rh; assigns task slot j to the human, and
rbh; assigns task slot j jointly to both agents, where j € {1,...,m}. The
variables bR and rbWW command the robot to enter recovery or return to
work, respectively, while rh R and rhW perform the corresponding functions
for the human. The actions rbh R and rbhW apply these commands to both
agents. The action idle leaves the system inactive, and rbhT places both
agents in the transition state while they await the next assignment.

4.1.4. State-Transition Mapping
The scheduling model uses a deterministic transition map. Given sM €
Sy and uy € Dy, the successor state is

sen = Ju(st we). (8)

Accordingly, the transition kernel is

1, s™ = fu(s™ u),

0, otherwise.

Tar(sM | sM u) = { 9)

The deterministic model is used for offline policy synthesis, while measurement-
derived states may update the online policy input.

Task Transition. Let xr, xg, and xgr denote the realized robot, human, and
joint execution modes, respectively. For the task-nature encoding adopted
in this study,

(XR;XH;XHR) - (07173> (10>
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When task j is assigned, it is removed from the pending scheduling set and
transferred to the execution layer:

(Oa 07 XR)7 Uy = Tij
i1 e ) ) (0,0, k), u = rhj, 11
(Tp,j 1 Teg 2 Tag ) = _ (11)
(07 07 XHR)J Uy = Tbhja

t t t :
(TM, Tejs Tw’j) , otherwise.

Thus, 7, ; = 7.; = 0 indicates that task j has been removed from the pending
scheduling set following assignment, whereas 7, ; records its realized execu-
tion mode. In this transition, 7.; = 0 is a scheduling-status sentinel and
does not indicate instantaneous physical completion. Before these task at-
tributes are cleared from the scheduling state, the TCM transfers the selected
task context to the execution layer, which subsequently tracks activation,
progress, and completion.

Agent-State Transitions. Let H and R denote the human and robot, respec-
tively, and define

(aHafH76H) = (haahfaeh)a (aR7fRa€R) = (baabfveb)a (12)
where a;, f;, and ¢; are the availability, fatigue, and maximum fatigue level

of agent i € {H, R}.
For each agent, define the assignment, recovery, and recall action sets:

Upa = {rbj,rbh; | 7 =1,...,m}, Uga={rh;,rbh;|j=1,...,m},

(13a)
Z/{R,R = {7’ij rth}, Z/{H,R = {ThR, Tth}, (13b>
Upw = {rbW,rbhW }, U w = {rhW,rbhW }. (13c)

Here, the subscripts A, R, and W identify assignment, recovery, and recall
actions, respectively. Throughout the formulation, I[P] denotes the indicator
function, equal to one when proposition P is true and zero otherwise.

Using 0, 1, and 2 to represent committed, available, and recovering states,
respectively, the availability transition is

0, Uy € Z/{LA,
2, U € L{i,R,
it = (Tal > 0], w € Upw, i€ {H R} (14)
1, u; = rbhT,
at, otherwise,
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For an arbitrary maximum fatigue level ¢;, define
[z]§ = min{max{z, 0}, ¢}. (15)

The nominal fatigue transition is

[fzt + 1]817 U € Ui,A?
b1 &, € U; g, )
it = [{Z Io Zt . M’R ie{H,R}. (16)
IR t i,W

[ff+Tat = 0]~ Ifat = 25, otherwise,

Thus, fatigue increases during commitment, remains unchanged while the
agent is available, and decreases during recovery. Equation defines the
nominal discrete dynamics used for policy synthesis. In physical deployment,
measurement-derived human-fatigue estimates may update hy through the
sensing-to-state interface described in Section

4.1.5. Cost Function
The scheduling cost balances four objectives: task urgency, execution-
duration-class preference, fatigue-aware assignment, and robot preference for
flexible tasks. It is defined as
Cur(sM,u) = aie1 (™) + agey(sM) an
+ azes(sM,u) + ages (s u),
where aq,...,a4 > 0 are the corresponding weighting coefficients. Their
numerical values are reported in Table [3] The relative weighting of task
urgency and execution-duration class is determined by «j/as; hence, the
formulation represents a design tradeoff rather than a strict lexicographic
ordering.
Let
Ty ={je{1,...,m}| ;> 0} (18)

To accommodate arbitrary finite discretizations, let p», ... p(™) denote
the active priority levels ordered from lowest to highest urgency, and let
W, ..., ¢") denote the positive execution-duration classes ordered from
shortest to longest. Similarly, fi(o), cee fi(nf ™V are the fatigue levels of agent
i, ordered from lowest to highest. Here, n,, n., and ny, are the numbers
of active priority classes, positive duration classes, and agent-fatigue levels,

respectively.
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Their normalized scores are

@) _ 4 —1 19
¢p(p ) np? q 7"'7np7 ( a’)
(@) _ Me—q+1 —1 19b
(bC(C ) nc ) q 7"'7nC7 ( )
@\ _ 9 _ _
65 (1 )_nﬁ_l, q=0,...,n5 —1. (19¢)

The priority score of an inactive task is defined as zero. These rank-based
mappings make the cost independent of the numerical labels assigned to the
discrete states.

Task-Priority Cost. The priority component is
a(s') = 3 6p(mg). (20)
JET (M)
A more urgent pending task produces a larger holding cost. Assigning that

task removes its contribution from subsequent scheduling states and thereby
promotes its earlier selection.

Duration-Class Holding Cost. The duration component is

oM = X bulreg). (21)
JET(sM)

Because ¢.(-) decreases as the execution-duration class increases, a pend-
ing task in a shorter-duration class produces a larger holding cost. Since as-
signing the task removes this contribution from subsequent scheduling states,
this construction promotes earlier selection of shorter tasks when the effects
of urgency and other scheduling criteria are comparable. The relative influ-
ence of this preference is controlled by as.

Fatigue-Aware Assignment Cost. The fatigue component is
)= 0 (T = rb)ose(ty)
JET(sM)

+lu = rh;] ¢, (hy) (22)

+u = rbhy] |y, (by) + <i5fH(hf)D'

This term discourages additional allocation to agents with greater fatigue
and favors less-fatigued feasible assignments when the remaining scheduling
conditions are comparable.

cs(sM
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Robot-Preference Cost. Let
A(r, ;) C 2UHR (23)

denote the resource combinations permitted by the nature of task j, where
2{H.B} g the power set of the human-robot resource set. For the task-nature
encoding adopted in this study;,

A(0) = {{R}}, A(1) = {{H}},
A2) = {{R},{H}}, A@3)={{H R}

The robot-preference component is

u) = > Iu=rh]I{H} € A(r,)]
JET (sM) (25)

X ]I[{R} € A(Tx,j)] ]I[ba = 1] ]I[bf < Eb].

(24)

This term expresses a workload-allocation preference rather than a feasibility
requirement. It penalizes human assignment only when the task also permits
robot execution and the robot is available below its fatigue limit. It there-
fore reduces avoidable human task exposure without assuming that robot
execution is universally preferable.

Assignment Feasibility. Let DM(SM) C Dy, denote the actions admissible in
state s, and define the resource requirement of each assignment action as

R(rbj) ={R},  R(rh;) ={H},  R(rbh;) ={H R}.  (20)
An assignment action for task j belongs to Dy(s*) only if
R(u) € A(1s5), a; =1, fi<e&, VieR(u). (27)

Thus, an assignment is permitted only when it is compatible with the task
nature and every required agent is available below its maximum fatigue level.
Recovery, recall, idle, and availability-transition actions are admitted accord-
ing to the agent-state conditions specified by the transition model.
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4.2. Safety-Aware Execution POMDP

The lower-level execution model is adopted from our previous work [28],
where its state space, decision variables, transition probabilities, cost func-
tion, and numerical evaluation are presented in detail. The internal POMDP
formulation is retained without modification in the present study. Its new
role is to operate as the safety-execution layer of the hierarchical architec-
ture, receiving the selected task context from the scheduling MDP through
the TCM and returning task-execution information to the coordination pro-
cess.

The POMDP state is summarized as

sp=(71,0,e,h,b), (28)

where T = (7,,7., 7;,7,) describes the assigned task through its priority
level, execution-duration class, task nature, and commitment status, respec-
tively. The variable ¢ is the discrete human-robot separation state, and
e = (en, e,) contains the partially observable human-related variables. The
vectors h = (hy, h.) and b = (b, b.) describe the current human and robot
activities, with h. and b, representing discrete remaining-work states after
commitment. These activity-progress states are abstract model levels rather
than measurements of physical elapsed time. In the hierarchical framework,
the task attributes (7,, 7, 7,,) are supplied by the TCM, whereas the POMDP
selects the corresponding safety-oriented execution action.

4.2.1. Latent Behavioral State Space

The POMDP represents motivation-related engagement e,, and aggression-
related agitation e, as operational variables used to condition execution and
safety-distance decisions. They are not interpreted as direct psychological
diagnoses. Their ordered domains are

em €En={0,1,... en},
e €& =10,1,... €.},

where ¢, and ¢, denote the maximum represented levels. Hence, the joint
latent-state space is

E=EnxE €] = (em+1)(ecat1). (30)

Increasing indices represent increasing behavioral intensity, and the POMDP
maintains a belief distribution over £ because these variables are not directly
observable. The latent-state resolution used in the numerical evaluation is
specified in Section (6.1}

(29)
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Figure 2: Upper-body joints used by the POMDP observation interface.

4.2.2. Skeleton-Based Observation Interface

The POMDP uses human skeletal position and motion variables as prob-
abilistic evidence for updating the belief over £. Body landmarks and skele-
tal posture have been used to represent bodily expressions of affect [29].
Graph-based representations preserve spatial relationships among the se-
lected joints [30], while temporal skeletal features provide motion information
that is unavailable from static posture alone [31]. Rapid and forceful bod-
ily movements have also been associated with anger-related expression [32].
These findings support the use of skeletal kinematics as uncertain behavioral
evidence; they do not imply deterministic identification of engagement or
agitation.

As illustrated in Fig. [2] the observation interface uses a torso reference go
together with the left and right shoulders, elbows, and hands.

For a physical implementation, let p;(t) € R?® denote the measured po-
sition of joint j and let po(t) denote the torso reference. The torso-relative
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position and corresponding velocity are obtained as

p;(t) — Po(t)

p;(t) = O a1
_ pi(t) —pi(t—1)
vi(t) = Ar ,

where /() is a body-scale reference, such as shoulder width. Torso centering
and scale normalization reduce variations caused by the worker’s location,
body size, and camera distance. Temporal filtering can be applied before
differentiation to reduce landmark jitter.

For M selected joints, motion activation over a window of W epochs can
be represented by

1 t M
= Y vl (32)

r=t—W+1 j=1

L,(t)

where M is the number of selected joints. Following normalization, I, () is
mapped to the finite observation alphabet O = {o0y,...,0.,} according to

on=op if O1<IL(t)<6, k=1,..., L, (33)

where 0 =60y < 0, <--- <6, =1.

The observation resolution L, and the associated thresholds are application-
dependent and can be selected according to the required behavioral resolu-
tion, available sensing accuracy, and computational constraints. Each obser-
vation provides probabilistic evidence about the joint latent state; it does not
uniquely determine either e, or e,. This uncertainty is represented through
the observation likelihood Zp(oy, | €, €,) and the resulting belief distribution
over &.

4.2.3. Observation Likelihood and Calibration
The observation likelihood

Zp(Ok | em, ea) = Pr(Ot = Ok | €m; ea) (34>

relates each discrete motion observation to the joint latent state. In
the present numerical study, the observation-conditioned belief distributions
used by ASH are prescribed in rather than estimated from human-
participant data. The reported results therefore evaluate the hierarchical
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decision process and belief-dependent action selection under the specified
observation uncertainty; they do not evaluate the accuracy of a physical
behavioral-state classifier.

For physical deployment, the likelihood values can be calibrated from
synchronized skeletal measurements and behavioral reference labels. Given
labeled samples, a smoothed empirical estimate is

N(em,ea),k + A
N( y + /\LO’

Zp(0g | €m,eq) = (35)

€m,€a

where N(e,, e,),x is the number of occurrences of observation o, under
latent state (€m,€q), Nie,e,) is the number of samples associated with that
state, and A > 0 is a smoothing parameter. To support transfer across
industrial settings, the observation-model parameters should be calibrated
using representative data that capture task-dependent motion, occlusion,
viewpoint variation, and inter-worker variability.

5. Solution Methodology

This section presents the decision-making methodology employed in the
proposed framework, integrating the MDP and the POMDP for ensuring
efficient and safe HRC in industrial setting.

5.1. MDP

As defined in the previous section, the scheduling MDP is represented by
the five-tuple
M = (SM,DM,TM,CM,”}/), (36)

where the symbols retain the definitions introduced in Eq. .
The optimal scheduling value function is computed using value iteration,
which repeatedly applies Bellman’s equation:

VA(JICH)(S) — min {CM(S,U) + 5 Z To(s' | s, u) V]\(f)(s/)} (37)

ueDy s'€Sn
The iteration continues until the convergence condition is satisfied:
s v, <o o
where 7 is a small positive threshold ensuring numerical stability.
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After convergence, the resulting value function V};(s) is used to derive
the scheduling policy:

mis(s) = arg min {Curls,w) +9 5 Tuls |su) Vi)}  (30)

uePum s'eSy

The value-iteration algorithm thus computes V}7(s) and the correspond-
ing policy 73,(s), mapping each scheduling state to a cost-minimizing action.

5.2. POMDP

While the MDP framework effectively handles systems with fully observ-
able states, it is insufficient when certain system states—such as human
emotional or cognitive conditions—are hidden. In order to model this par-
tial observability, the framework is extended into a POMDP. A POMDP
combines the MDP formulation with a hidden Markov model (HMM) that
links unobservable states to measurable observations.

A POMDP introduces an observation space and an observation model
to infer hidden states probabilistically. The process begins with an initial
belief state by(s), which represents a probability distribution over the exe-
cution states. Based on the current belief, an execution action u; € Dp is
selected using the ASH rule. After executing the action, the system receives
observation o1, and the belief is updated using Bayesian inference:

Zp(og1 | 8 u) Yses, Tr(s' | 5, u) by(s)
Ysesp ZpP(0t11 | 8,us) Xses, Tr(5 | 8, ur) be(s)

where Zp(o;11 | §',u;) denotes the likelihood of receiving observation
o441 after action u; when the execution state is s’. This iterative process-
comprising prediction, observation, and belief update-enables continuous re-
finement of decisions under uncertainty.

bt+1(3/) =

(40)

5.3. Action Selection Heuristic

The Action Selection Heuristic (ASH) is adopted as the online action-
selection mechanism of the POMDP execution layer. Before implementing
the ASH, we convert the proposed POMDP into the corresponding MDP
by assuming all states to be observable. Then we solve the MDP to get
the optimal policy under full state observation (i.e., fully observable state
policy). ASH reuses the fully observable state policy and aggregates its action
recommendations according to the current belief. In the present framework,
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the TCM supplies the task context, the POMDP updates the belief over the
partially observable behavioral states, and ASH selects the corresponding
execution action.

Let 7}(s) denote the offline policy obtained for the underlying fully ob-
servable execution-state model. At decision epoch ¢, let {s;, w; }j\]:bl denote a

weighted representation of the current belief, where w; > 0 and Z;-V:"l w; = 1.
For an exactly represented discrete belief, w; = b;(s;); for a particle repre-
sentation, w; is the normalized particle weight. The score assigned to action
u € Dp is

Score (1) = i‘le Twh(s;) = u] (41)

where I[-] is the indicator function. The selected action is

uM € arg max Score, (u). (42)
ueDp
If several actions receive the same score, the tie is resolved in favor of the
action supported by the largest individual belief weight. Thus, ASH selects
the action recommended by the greatest cumulative probability mass rather
than assuming that the most likely state is known with certainty.

ASH differs from standard POMDP solution methods in both objective
and computational structure. Point-based value iteration approximates the
belief-space value function by performing Bellman backups over a selected set
of reachable beliefs [33]. It therefore optimizes actions directly in belief space,
but its offline computational and storage requirements increase with the num-
ber of belief points, actions, and observations. Monte Carlo tree-search meth-
ods, such as partially observable Monte Carlo planning (POMCP), instead
perform online look-ahead simulations from the current belief [34]. They
provide anytime planning and can accommodate large state spaces, but their
decision latency depends on the rollout budget and planning horizon.

In contrast, ASH performs neither belief-space value-function backups
nor online tree search. Once 7} has been generated, action selection requires
one policy lookup and one score accumulation for each supported belief state,
giving an online complexity of O(N,) and working storage of O(|Dp|). This
provides predictable and low online computational demand for the discrete
execution model. The trade-off is that ASH does not provide the POMDP
optimality or approximation guarantees associated with belief-space solution
methods. It is therefore used here as a practical policy-reuse mechanism for
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Figure 3: Framework of the proposed Action Selection Heuristic (ASH).

belief-dependent execution, rather than as a replacement for general POMDP
solvers.

5.4. Task Coordination Module

The Task Coordination Module (TCM) implements the event-driven in-
terface between the scheduling MDP and the safety-execution POMDP. It
does not introduce a third optimization problem or modify the actions se-
lected by either decision layer. Instead, it (i) interprets MDP actions, (ii)
transfers the corresponding task context to the POMDP, (iii) coordinates the
execution of compatible assignments, and (iv) returns completion, availabil-
ity, and fatigue information to the scheduler.

Let Q; denote the set of assignments issued by the MDP but not yet
activated, and let A; denote the set of active assignments. For task j, the
information transferred by the TCM is

i = (J, Tp.js Teujs Tejs Rj) (43)

where 7, ;, 7. j, and 7, ; denote the task-priority level, estimated execution-
duration class, and task nature, respectively, and R; C {H, R} is the human,
robot, or joint resource set selected by the scheduling policy.

Two assignments j and k are eligible for concurrent execution when

Compat(j, k) =L[R; N Ry = 2|11, = Tpil, (44)
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where [[-] is the indicator function. Thus, concurrent execution is permitted
only for equal-priority assignments that use different available agents. A joint
task occupies both resources and cannot overlap with another assignment.
Assignments that do not satisfy Eq. remain in @, until their required
resources become available.

Algorithm [I| summarizes the coordination procedure. At each scheduling
epoch, the TCM receives the MDP action. A task-assignment action creates
a task context and places it in the execution queue, whereas rest, cooling,
recall, transition, and idle actions are dispatched directly to the correspond-
ing agent. Compatible queued assignments are activated when their required
resources are available. During execution, the TCM constructs the POMDP
context from the active assignments and agent states. The POMDP then up-
dates its belief from the current observation, and ASH selects the execution
action. When a task is completed, the TCM removes it from the active set
and communicates the updated completion, availability, and fatigue states
to the MDP before the next scheduling decision.

The TCM therefore preserves the separation of decision responsibilities:
the MDP selects task-assignment and recovery actions, the POMDP-ASH
layer selects belief-dependent execution actions, and the TCM manages their
timing, information exchange, and resource compatibility.

5.5. Computational Complexity and Scalability

The proposed framework separates offline policy generation from online
decision making. The scheduling policy 73, and the underlying fully observ-
able execution-state policy 77 are generated offline and stored. During online
operation, the scheduling layer retrieves an action from 73},, whereas the ex-
ecution layer updates its belief and applies the Action Selection Heuristic
(ASH) to 7.

For the scheduling MDP, let m denote the number of task slots rep-
resented simultaneously. Let n,, n., and n, denote the cardinalities of
the task-priority, execution-duration-class, and task-nature variables, respec-
tively. The scheduling state-space cardinality is

|SM| = (npncnm)m Tho Tl Th  Thh (45)

where ny,, ny,, nn,, and n,, are the cardinalities of the human and robot
availability and fatigue states.
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Algorithm 1 Task Coordination Module

Require: Scheduling policy 7, execution state policy 77, initial scheduling

state syrp, initial belief by, and task set 7

Ensure: Coordinated scheduling and execution actions
1140, Qp <+ I, Ay O
2: while an unfinished, queued, active, or recovery operation exists do

3:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:

27:
28:

Observe the current scheduling state sy,
dng < 7TM(SM,t)
if dpr¢ assigns task j to resource set R; then
Construct c; using Eq.
Q; +— O U {] }
else if dj;, is a recovery, recall, transition, or idle action then
Dispatch dy; to the corresponding agent
end if
for each task j € Q; do
if the agents in R; are available and j is compatible with A; then
Transfer c; to the execution layer
A AU {5}
Qr + 9\ {j}
end if
end for
if A; # @ then
Acquire observation o; and update belief b,
Select dp,; using ASH
Dispatch dp; to the execution layer
end if
Receive task-completion and agent-state information
for each completed task j € A; do
Ay < A\ {j}
Return completion, availability, and fatigue updates to the schedul-
ing state
end for
t«t+1

29: end while

The implementation stores an indexed successor for each state-action pair

instead of constructing a dense transition-probability tensor. Consequently,
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Ky value-iteration updates require
O (K |Su| D) (46)

operations.
The underlying discrete state space of the execution layer has cardinality

|Sp| = (p+ 1)3(0 + 1)%4332. (47)

Generating its fully observable state policy through Kp value-iteration up-
dates therefore requires
O (Kp [Sp|[Dp|)- (48)

After 7}, has been generated, ASH aggregates the policy recommendations
associated with the N, states supporting the current belief. Its online action-
selection complexity is O(Ny), with working storage O(|Dp|).

Solving the scheduling and execution layers separately avoids explicitly
constructing a monolithic state space with cardinality

This decomposition preserves the distinct decision roles of the two layers
while avoiding enumeration of their complete Cartesian product.

Equation (45) nevertheless shows that the scheduling state space grows
exponentially with the number of simultaneously represented task slots. The
present implementation therefore employs a bounded three-task scheduling
window. Longer task streams are processed through successive windows
while preserving task identities and transferring the terminal agent states
between windows. Thus, the framework supports longer task streams un-
der a fixed window size but does not eliminate the combinatorial growth
associated with increasing m. Larger scheduling windows may be addressed
through reachability-based pruning, sparse state generation, rolling-horizon
scheduling, factored representations, or approximate dynamic programming.

6. Numerical Evaluation

This section evaluates the proposed hierarchical framework through three

complementary analyses. First, a representative trajectory demonstrates the
interaction among the scheduling MDP, TCM, and POMDP-ASH execution
layer. Second, an extended 12-task experiment evaluates policy reuse and
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Table 3: Parameters used in the numerical evaluation

Layer Parameter Value
Common Discount factor, v 0.95
Scheduling Concurrent task slots, m 3
Scheduling Maximum priority level and (2,2)
duration class, (p, o)
Scheduling Fatigue limits, (ep, €p) (2,2)
Scheduling Cost weights, (aq,...,qq) (400, 50, 200, 1000)
Execution Latent-state limits, (€, €,) (2,2)
Execution Observation levels, L, 3
Execution Task-completion weights, {a;}7_; 1
Execution Safety weights, {8;}%_; (10,10,10,1,10,1)

agent-state continuity across successive scheduling windows. Finally, the
offline policy-generation cost and online policy-access time are quantified.
These analyses assess the decision-making behavior and computational feasi-
bility of the hierarchical framework under the prescribed observation model;
participant-based calibration and validation of the human-state estimation
model remain subjects of future work.

6.1. Experimental Configuration

Table |3 lists the parameters used in the numerical evaluation. The
scheduling coefficients weight task urgency, execution-duration-class pref-
erence, fatigue-aware assignment, and robot-preferred allocation of eligible
flexible tasks. Assignment compatibility, agent availability, and maximum-
fatigue conditions are enforced through the admissible action set rather than
through penalty terms. The execution-layer weights regulate task-completion
and safety-oriented behavior. The same parameters and precomputed poli-
cies are used in all evaluated task windows.

The scheduling-cost coefficients were specified according to the relative
weight assigned to the four normalized objectives and were retained un-
changed across all evaluated task windows. The selected values emphasize
task urgency and robot allocation of eligible flexible tasks, while execution-
duration class and fatigue provide additional tradeoffs among feasible as-
signments. These weights do not impose a strict lexicographic ordering;
compatibility, availability, and maximum-fatigue requirements are enforced
independently through the feasible action set.
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For the case study, the joint latent behavioral state and observation spaces
are

gcase = {07 172} X {07 17 2}7 |gcase| = 97

(50)
Ocase = {01, 02, 03}a

where 01, 09, and o3 represent low, moderate, and high motion activation, re-

spectively. The latent states are ordered lexicographically as (0,0), (0,1),...,(2,2).

The first observation of an execution episode initializes the belief using

080 0 0]
0.10 0.10 0
0 0 005
0.10 0.10 0
Base=| 0 070 0 |, (51)
0 0.05 0.10
0 0 005
0 0.05 0.10
L0 0 0.70]

where By, = Pr(el? | o) and every column sums to one. Thus, Bese is an
observation-conditioned belief-initialization map, rather than the likelihood
matrix Zp(oy, | €?). Subsequent beliefs are propagated using the Bayesian
recursion defined for the POMDP execution layer. The prescribed map al-
lows the coordination and action-selection mechanisms to be evaluated under
controlled observation uncertainty; its calibration from physical sensing data
is outside the scope of this numerical study.
The representative scheduling state is initialized as

SM,O - [172737 272)07 272727 1717070]7 (52>

where each of the first three triplets specifies a task’s priority level, execution-
duration class, and nature. Accordingly, Task 1 is a low-priority joint task,
Task 2 is a high-priority robot-only task, and Task 3 is a high-priority flexible
task that can be assigned to either agent. All three tasks belong to execution-
duration class 2, representing the longer of the two positive duration classes
used in the numerical model. The value does not denote two physical time
units or imply that the task must be completed in exactly two scheduling
epochs. The final four entries indicate that the human and robot are initially
available and have zero fatigue.
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When task j is selected, the TCM transfers its attributes and the selected
agent to the execution layer. The corresponding initial POMDP state is

Sg,)() = [anan,jaTc,jvTaz,ja0>0>0a0,07 1], (53)

where 7,;, 7.5, and 7, ; denote the task-priority level, execution-duration
class, and task nature, respectively. The commitment variable 7, represented
by the sixth entry, is initially zero because execution has not yet begun.

6.2. Representative Closed-Loop Evaluation

Figure |4 presents the scheduling decisions and the resulting agent states.
The MDP first selects the two high-priority tasks, assigning the flexible task
to the human and the robot-only task to the robot. After completing their
respective assignments, both agents reach their fatigue thresholds and enter
the recovery intervals. The low-priority joint task is consequently delayed
until the human and robot are simultaneously available. The resulting tra-
jectory demonstrates that the scheduling policy accounts for task priority,
execution requirements, agent availability, and fatigue-dependent recovery.

The TCM permits concurrent execution when the selected tasks have
compatible precedence relations, require disjoint resources, and satisfy the
applicable availability conditions. In the representative scenario, the two
high-priority assignments satisfy these conditions and are therefore activated
concurrently, although their MDP assignment actions occur at successive de-
cision epochs. Resource occupancy, task completion, and fatigue progression
remain separately tracked for each agent, and the updated states are returned
to the scheduling layer after execution.

Figure 5| presents the corresponding coordination and execution behavior.
The TCM activates the compatible human- and robot-assigned tasks, while
the POMDP-ASH layer selects belief-dependent execution and distance-regulation
actions. The low-priority collaborative task is admitted only after both
agents complete their required recovery intervals. Thus, the MDP determines
which task should be performed and by whom, the TCM governs activation
and cross-layer information exchange, and the POMDP-ASH layer regulates
the execution behavior under partial observability.

The task-conditioned evolution of the separation state is reported in
Fig.[6] For the solo Tasks 3 and 2, the policy increases the separation from the
initial minimum state and maintains the large-distance state. By contrast,
for the collaborative Task 1, the policy selects distance-decrease actions and
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Figure 4: Representative MDP scheduling trajectory. The selected actions coordinate task

assignment and agent recovery according to task priority, execution requirements, resource
availability, and fatigue state.

approaches the minimum non-collision separation required for close cooper-
ation. The commitment markers identify changes in the task-commitment
variable 7,; they do not denote physical task completion or independently
certify execution authorization. In particular, commitment may occur while
the POMDP continues regulating the separation state. No collision state is
visited during the evaluated trajectory. The result therefore demonstrates
that the POMDP does not apply a single fixed separation requirement: it
maintains greater separation during solo operation and closer non-collision
separation during collaborative operation. This task-conditioned distance
regulation provides explicit trajectory-level evidence of the safety-aware role
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Figure 5: Representative closed-loop behavior of the coordination and execution layers.
The TCM activates compatible assignments, while the POMDP-ASH layer selects belief-
dependent execution and distance-regulation actions for robot-involved tasks.

of the execution layer.

6.3. Extended Workload Evaluation

To evaluate policy reuse over a longer heterogeneous workload, 12 per-
sistent tasks are introduced through four successive three-task windows. The
windows represent mixed, human-intensive, robot-intensive, and collaboration-
intensive workloads, as summarized in Table [, The same MDP policy and
model parameters are used throughout without window-specific retuning. A
new window is admitted after the current tasks leave the scheduling pool
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Table 4: Task windows used in the extended evaluation

Window Tasks Workload emphasis

1 T1-T3 Mixed

2 T4-T6 Human-intensive

3 T7-T9 Robot-intensive

4 T10-T12 Collaboration-intensive

and both agents return to the available state; the terminal fatigue states are
retained at the window boundary.

The reported realization schedules all 12 tasks over 37 MDP decision
epochs. Across the complete stream, six tasks involve the robot and nine
involve the human, with joint tasks included in both counts. As shown in
Fig.[7], the realized allocation changes with the workload composition: human
utilization increases in the second window, robot utilization increases in the
third, and the joint assignments in the fourth are delayed until both agents
are available. This result demonstrates reuse of the same state-feedback
policy across heterogeneous task configurations.

Figure [§] confirms that the scheduling windows are not treated as inde-
pendent experiments. Human and robot fatigue is carried across window
boundaries and directly affects subsequent assignment and recovery deci-
sions. The corresponding availability trajectories alternate among working,
recovery, and available states, while the cumulative task count reaches 12.
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These results establish workload continuity under the fixed three-task state
representation.

The TCM maintains persistent task identifiers independently of the task
slots used by the MDP. Each selected task progresses through

unassigned — queued — active — completed. (54)

Human-only assignments follow the human-execution path, whereas robot-
only and joint assignments are routed to the POMDP-ASH layer. Comple-
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Figure 9: Lifecycle transitions of the 12 persistent tasks. Squares, circles, and diamonds
denote queued, active, and completed states, respectively; shaded regions separate succes-
sive scheduling windows.

tion of a robot-involved task is recorded only after the terminal execution
action dn is reached. Figure [J verifies that all 12 assignments are registered,
activated, and closed by execution feedback. Its horizontal axis represents
coordination-event order rather than physical execution time.

The extended experiment demonstrates workload-length extensibility rather
than simultaneous optimization of a 12-task state. At most three tasks are
represented concurrently, and additional tasks are admitted through suc-
cessive windows while global task identities and agent states are preserved.
Increasing the number of simultaneously represented tasks would enlarge the
exact MDP state space and require a separate scalability study.

6.4. Computational Performance

The computational evaluation was conducted in MATLAB R2026a on a
64-bit computer equipped with a 2.40 GHz Intel Core i7-4700HQ proces-
sor and 16 GB of random-access memory (RAM). All computations were
performed serially without parallel or graphics processing unit (GPU) accel-
eration. The scheduling and execution-state policies were generated offline
using in-place value iteration with the convergence condition.

|vE = v < 107" (55)
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Table 5: Computational profile of the decision layers

Quantity Scheduling Execution
States 3,779,136 419,904
State-level actions 17 13
Value-iteration updates 8 385
Final 2-norm residual 0 9.8004 x 1077
Offline generation time 866.293 s 2712.983 s
Principal-array storage 1.070 GB 0.094 GB
Mean indexed-lookup time  3.082 us 0.053 us

Table [5| reports the policy-generation cost, principal-array storage, and
indexed-lookup time of the two decision layers. The offline generation times
include model construction, value iteration, policy extraction, initialization,
data loading, memory allocation, and policy-storage overhead.

The offline generation times are incurred once during policy synthesis
and do not represent deployed decision latency. During online scheduling,
the current state is mapped directly to the stored policy 7}, yielding a mean
indexed-lookup time of 3.082 us. The corresponding value of 0.053 us mea-
sures access to the underlying fully observable execution-state policy 7. It
does not include observation processing, belief updating, action-admissibility
evaluation, or belief-weighted ASH selection. The lookup measurements were
obtained using 100,000 randomly sampled state indices.

Table [6] places these results in the context of representative scheduling
architectures. The comparison distinguishes complete schedule optimiza-
tion, event-triggered reoptimization, and online state-feedback policy evalu-
ation because these operations have fundamentally different computational
requirements.

Nourmohammadi et al. [35] construct complete schedules from prede-
fined task times and resource configurations. Their reported central process-
ing unit (CPU) times range from 1.1 to 22.7 s for small instances and from
45.2 to 1067.1 s for medium instances. Their formulation assumes continu-
ous robot availability and excludes maintenance and breakdown. Moreover,
the term “adaptive simulated annealing (SA)” refers to adaptation of the
neighborhood-selection mechanism during optimization, rather than online
adaptation of the deployed schedule.

Event-triggered methods provide a closer comparison with online opera-
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Table 6: Comparison of computational architectures and reported execution times for
representative scheduling methods.

Method Offline stage Online Online information Reported time

response Online
iterative solve

MILP and Complete No online No Predefined task 1.1-22.7s
metaheuristics schedule adaptation durations, resources, (small);
[35] optimization  evaluated and execution modes  45.2-1067.1s
(medium)
Lippi et al. [8] Initial MILP Event-triggered Yes Execution time, Not reported
schedule task reallocation workload, preferences,

new tasks, and
resource availability

Waulan [36] Dynamic- State-dependent No Order arrivals and Not reported
programming  policy evaluation equipment capacity;
policy non-HRC application
generation
Proposed Offline Direct No Task status, agent Scheduling:
framework hierarchical scheduling-policy availability, fatigue, 3.082 us;
policy lookup and recovery, and latent Execution:
synthesis belief-dependent human conditions 0.053 us

action selection

Note: Reported values correspond to the computational operations evaluated in the respective studies and
therefore do not constitute a controlled runtime comparison. HRC denotes human-robot collaboration.

tion. Lippi et al. [8] update execution parameters, human preferences, new
tasks, and resource availability during execution. When the existing sched-
ule becomes infeasible or sufficiently suboptimal, however, a new MILP is
solved for the remaining tasks. This provides online adaptability, but the
response time depends on the computational behavior of the optimization
solver; the corresponding online reoptimization time was not reported. Wu-
lan [36] avoids repeated optimization through a dynamic-programming deci-
sion policy, although the formulation concerns order arrivals and equipment
capacity rather than human-robot collaboration.

The proposed framework similarly transfers its principal computational
burden to offline policy synthesis but extends online state-feedback decision
making to task status, agent availability, fatigue, recovery, and partially ob-
servable human conditions. At each scheduling epoch, the current state is
evaluated through 7}, without invoking an iterative MILP or metaheuristic
solver. The POMDP-ASH layer then uses the updated belief and the under-
lying policy 7} to select safety-oriented execution actions. This separation
provides predictable microsecond-scale scheduling-policy access and avoids
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solver-dependent convergence delays within the online scheduling loop.

The resulting architecture is suitable for rapid response to task and agent-
state changes represented within the modeled state and action domains. It
also provides a basis for future high-rate HRC planning in which online
human-state estimation is coordinated with task scheduling and safety adap-
tation. Because the published methods differ in their objectives, instance
sizes, hardware, and measured computational operations, Table [0] is inter-
preted as a comparison of computational architectures rather than as a con-
trolled numerical speedup.

7. Conclusion

This paper presented a hierarchical stochastic decision-making frame-
work that couples fatigue- and availability-aware task scheduling with belief-
dependent, safety-oriented execution for human-robot collaboration. The
scheduling MDP determines task-agent assignments and recovery actions
from the task and agent states, while the POMDP-ASH layer regulates task-
conditioned execution and human-robot separation under partial observabil-
ity.  The TCM connects these decision layers by preserving task status,
evaluating resource compatibility, transferring task semantics, and return-
ing execution and agent-state information to the scheduler. The numerical
evaluation demonstrated priority-aware task allocation, fatigue-dependent
recovery, admissible concurrent execution, and task-conditioned separation
behavior. Greater separation was maintained during solo-agent execution,
whereas closer noncollision separation was permitted for joint tasks. The
same precomputed policies were reused across four successive scheduling win-
dows comprising 12 persistent tasks, with task identities and agent states pre-
served across window boundaries. Exact policy generation was computation-
ally feasible at the evaluated scale, and the mean indexed-access times were
3.082 us for the scheduling policy and 0.053 us for the underlying execution-
state policy. These values characterize policy access rather than complete
sensing-to-action latency, but confirm that policy retrieval itself is not a sig-
nificant online computational burden.

Future work will extend the numerical foundation through calibration of
the observation and human-state models using synchronized kinematic, phys-
iological, and behavioral measurements from human participants, followed
by evaluation in physical HRC experiments. Complete sensing-to-action la-
tency and separation behavior will be measured under dynamic operating
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conditions. Reachability-based pruning, rolling-horizon scheduling, factored
state representations, and approximate dynamic programming will also be
investigated for larger simultaneous task windows and multi-agent HRC con-
figurations.
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