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Abstract— This paper introduces a hierarchical approach to
workstation-based task allocation and motion planning prob-
lems for on-demand and reconfigurable factory environments.
This problem is composed of two sub-problems: workstation
task planning and payload transportation. This hierarchical
approach abstracts away workstation details during payload
transportation and payload transportation details away dur-
ing workstation task planning, enabling scalable planning for
large numbers of robots and workstations. This hierarchical
approach is expected to offer adaptable solutions for various
workstation-based factory scenarios, promoting high through-
put while maintaining flexibility.

I. INTRODUCTION

On-demand manufacturing, or individualism on de-
mand [1], is a growing area where manufacturing is transi-
tioning to producing only what is needed when it is needed
reducing bulk products sitting in warehouses. While industry
transitions to on-demand manufacturing with current tech-
nologies, the full advantages of this new approach requires
new technologies and methods motivating research in this
area [2], [3]. One research thrust is in reconfigurable factories
designed to autonomously adapt themselves to new layouts
when new products need to be manufactured.

A standard factory consists of workstations dedicated to
specific tasks (e.g., assembly [4], spot welding [5], [6], or
inspection [7]) and the transportation of components between
workstations. The use of robotic manipulators at workstations
and autonomous mobile robots for transportation allows
factories to be reconfigured for new tasks and products.
This adaptability enables modern on-demand manufacturing
as factories can be quickly shifted to make new products
without long down times and expensive custom machines.

The physical adaptability of the robots provides one
component of an autonomous factory. However, to truly
achieve fully autonomous on-demand manufacturing, there
is a need for planning algorithms which quickly find plans
for robots in these adaptable environments. These planning
algorithms must account for the highly coordinated actions
that manipulators perform at workstations as well as the
transportation of payloads between workstations.

This leads to a natural hierarchical approach where work-
stations are treated as black boxes in the payload transport
problem. Meanwhile, workstation plans can ignore the deliv-
ery and removal of additional components. This hierarchical
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Fig. 1: This figure depicts the hierarchical approach proposed
in this extended abstract.

separation of the problem allows for planning algorithms to
scale to larger numbers of robots and workstations.

In this work, we consider a factory environment with a set
of workstations and mobile robots. The workstations perform
tasks using various components. The mobile robots transport
the necessary components to and from the workstations.
The objective is to find plans for the workstation tasks and
payload transport plans to achieve some desired criteria.

In this extended abstract, we discuss a hierarchical ap-
proach to this problem and propose some preliminary appli-
cations to it. In Section II, explore two real world examples
of this problem. In Section III, we define the payload trans-
port and workstation problem and cover existing approaches
to them and in Section IV we discuss our proposed approach.

II. MOTIVATING EXAMPLES

This section explores motivating examples of this problem.

1) Assembly Planning: An intuitive example of this prob-
lem is assembly planning. Workstations are assigned various
stages of product assembly. Planning for the robots at work-
stations can assume that components needed for their task
are present and that completed assemblies will be picked up.
This enables planning algorithms to leverage more expensive
techniques for the highly coordinated problem of robotic
assembly while ignoring the context of the larger factory.

Meanwhile, the payload transport problem can abstract
out the details of workstations and model a fleet of mobile
robots moving components and sub-assemblies to and from
workstations. This black box abstraction includes the time
to complete assembly tasks at workstations and the time
required by mobile robots to interact with the workstations.
By approaching the problem hierarchically, computational
resources can be spent either on the intricate details of
highly coordinated plans of a few robots at a workstation



or accounting for a large number of robots in the less
complicated payload transport problem.

2) Wet Lab Data Collection: This hierarchical approach
extends beyond obvious manufacturing problems. A recent
inspiring example is the Mind-in-Vitro (MiV) project [8],
which aims to construct a computing system with living
neurons. These living neurons are grown in a bio-fab setting
requiring constant monitoring. Robots at workstations are
configured to record the connection between input stimu-
lation and neuronal response. The living neurons are grown
in a separate controlled environment, thus creating the need
for mobile robots to transport them between the growing
chambers and the workstations. As this is an emerging field,
the proper way to grow and measure these neurons is still
an area of research, motivating the need for robotic planning
algorithms to adapt to new configurations.

III. BACKGROUND AND PRELIMINARIES

This section discusses background information for the
payload transport and workstation planning problems.

1) Payload Transportation: The payload transport prob-
lem consists of transporting objects to and from locations. In
the context of manufacturing, these locations are either work-
stations or part depots, and the payloads are the components
or products being manufactured. This problem has been well
studied and is often modeled as a multi-robot task allocation
(MRTA) problem [9]. In recent years, the problem has
been expanded to the simultaneous task allocation (or target
assignment) and pathfinding (TAPF) problem to account for
the physical constraints of mobile robots executing the task
allocation in a physical environment [10]. These methods
rely on highly structured environments where grid world
representations of the environment are sufficient for solving
the payload transport problem. [11], [12]

One such approach, PC-TAPF [13], uses a grid world
representation to model a factory setting for the payload
transport problem where mobile robots move partially com-
pleted sub-assemblies between workstations according to an
assembly sequence. Work done at workstations is abstracted
into cost functions which PC-TAPF includes in a mixed-
integer linear program (MILP) model of the task allocation
problem. This allows the method to ignore the complexity
of the workstations while finding plans for the fleet of
mobile robots to facilitate the flow of components and subs-
assemblies between workstations. The simplification of the
motion planning to a grid world representation and the
abstraction of workstation activity to a simple cost function
allows the method to solve problems for up to 40 robots and
20 components/tasks.

When path planning between workstations moves beyond
the capacity of grid world representations, either from more
complicated environments, or robots which cannot be repre-
sented on a grid (e.g., manipulators), many of the underlying
multi-robot pathfinding methods used in TAPF methods
such as CBS [11], have been generalized to sampling-based
motion planning [14]. The same generalizations can often
extend the TAPF methods to handle more complex motion

requirements [15]. Additionally, many problems will involve
more complex interactions with workstations (e.g., pick-
ing/placing components). This can require more expensive
planning which can hinder the ability of a TAPF approach to
plan for larger numbers of robots or payloads. However, like
the actions done at workstations, these complex interactions
can be abstracted out as cost functions for a more simple
representation of the payload transport problem.

2) Workstation Task Planning: Planning for these tasks
generally requires task and motion planning (TMP) meth-
ods [16], where high-level reasoning is performed to de-
termine actions to complete the task, and low-level motion
planning is performed to determine if the action can be
executed by the robots.

The Decomposable State Space Hypergraph (DaSH)
method [17], a recent multi-robot task and motion planning
method, provides a new paradigm for efficient multi-robot
planning. It utilizes a hypergraph-based framework to model
transitions in the level of coordination required for planning,
coupling robots for interactions such as object handoffs,
and decoupling robots during independent movements. This
approach results in a cheaper representation of the planning
space which the authors leverage in heuristics for multi-
manipulator rearrangement planning problems. They demon-
strate planning times up to three orders of magnitude faster
than prior methods and solve problems with up to 20 objects.

IV. PROPOSED APPROACH

We propose a hierarchical framework which leverages
the hierarchical nature of the problem which lets us ignore
unnecessary details at different levels of the planning frame-
work (illustrated in Figure 1). The framework utilizes a task
and motion planning (TMP) layer and a task assignment and
pathfinding (TAPF) layer. The TMP layer is used to compute
robot trajectories to complete tasks at workstations and a cost
estimate of completing the task. The workstation only needs
to know when the components are arriving and departing,
and all other payload transportation details can be ignored.

The TAPF layer solves the payload transportation problem
and producing a schedule for the mobile robots to follow
when transporting components to and from workstations.
This layer uses the cost estimates from the TMP layer
in order to produce the schedule for transport. This layer
leverages the fact that the payload transportation problem
does not need any details about completing the workstation
task except for the cost of completing the task.

Additionally, we propose an adaptation of the DaSH
method [17] to optimize the cycle times of workstation
tasks for the repetitive workstation tasks in this problem. We
expect the proposed method to solve the general factory plan-
ning problems for the assembly and the MiV [8] problems
described in Section II in addition to other problems which
can be modeled in this way. This will enable an autonomous
factory to autonomously adapt to new products and tasks
while maintaining a high throughput.

This method will be developed in the open source Parasol
Planning Library [18].
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