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ARTICLE INFO ABSTRACT

Keywords: Reconfigurable manufacturing requires robotic workcells that can adapt to changing products, processes, and
Robotic interoperability equipment without extensive redesign or manual reprogramming. This paper presents the R3M framework, a
ROS 2

ROS 2 driven integration architecture that connects model based manufacturing knowledge with execution level
robotic control. Product, process, and equipment information is formalised through UML domain models and
serialised in AutomationML(AML), enabling automated correspondence between assembly requirements, avail-
able skills, and executable recipes. The framework integrates automated programme generation, reinforcement
learning based recipe optimisation, and a modular CAD informed six degree of freedom perception layer to
support both technical and semantic interoperability across simulated and physical workcells. The approach is
evaluated through Cube Kitting and Cylinder Stacking use cases implemented on distinct robotic platforms,
including ABB and Universal Robots systems. Experimental results show high reliability, with environment
launch performance reaching up to 99.93%, standard skill sequences achieving 100% execution success, and full
use case trials exceeding 97% success in simulation and reaching 100% on physical hardware. These findings
demonstrate that R3M provides a scalable foundation for adaptive robotic manufacturing, reducing program-
ming effort while supporting modular substitution, robust perception, and simulation to real deployment.

Reconfigurable manufacturing systems (RMS)
Skill-based modelling

Model-driven robotics

AML integration

Intelligent perception systems

1. Introduction limitations, promoting modularity, integrability, and scalability as key

enablers of adaptive manufacturing. However, despite progress in

The increasing demand for product customisation, short innovation
cycles, and volatile market conditions is placing growing pressure on
manufacturing systems to become more flexible, resilient, and respon-
sive. These requirements align with the broader goals of Industry 5.0,
which emphasise human-centred, adaptable, and sustainable production
environments supported by intelligent automation. In this context,
conventional robotic systems, although effective in stable and structured
settings, remain limited by rigid architectures, task-specific program-
ming, and difficult reconfiguration when products, layouts, or process
requirements change [1].

Reconfigurable robotics has emerged as a response to these

reconfigurable manufacturing systems, robotic workcells still often
require substantial manual effort to accommodate even modest changes.
Updates in product variants, equipment availability, or cell layouts
frequently lead to repeated modifications in task code, interfaces, and
parameters. This creates a persistent gap between high-level
manufacturing flexibility goals and the practical deployment of inter-
operable, reusable robotic cells.

R3M addresses this gap through a transferable approach for config-
uring and operating robotic workcells that combines a ROS 2-based
execution backbone with structured domain knowledge describing
products, processes, equipment, and skills. Its purpose is not only to
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connect heterogeneous robots and peripherals, but to support repeatable
deployment and rapid reconfiguration while preserving alignment be-
tween simulation and real hardware execution.

At the execution level, R3M provides a reusable ROS 2-based
workcell architecture integrating motion planning, control, simula-
tion, and orchestration through standard interfaces. Formal modelling is
used alongside this execution layer to represent products, processes,
equipment, and skills in a consistent way, supporting a skill-based pro-
gramming approach in which capabilities are described, matched, and
reused through shared representations rather than repeatedly hard-
coded for each new application.

Automated Program Generation (APG) is a central element of this
approach. In R3M, executable robot programs are generated by
composing reusable skills according to the current product specification,
process requirements, and available equipment. This shifts engineering
effort away from repeated low-level coding and toward structured
models and validated skill libraries, reducing changeover effort and
improving scalability across tasks and product variants.

Perception is treated in R3M as an enabling layer for object-centric
task execution. Many robotic cells still rely on fixed spatial references
and task-specific perception pipelines, which makes them brittle when
parts, fixtures, or layouts vary [2]. In contrast, the R3M perception
module provides object and state estimates that can be used directly by
skills and APG, allowing tasks to be defined in terms of objects, relations,
and desired states rather than absolute poses.

The main contribution of this work is therefore a semantically
structured, ROS 2-driven interoperability framework for reconfigurable
robotic manufacturing cells that unifies formal modelling, reusable
execution interfaces, APG, and perception-supported object-state
reasoning within a single architecture. In this way, the paper addresses
not only the integration of heterogeneous robotic components, but the
broader challenge of making robotic cells repeatably deployable, rapidly
reconfigurable, and execution-ready across both simulated and real
manufacturing environments.

The remainder of this paper is structured as follows. Section 2 re-
views related work on reconfiguration, interoperability, and program
generation in robotics and manufacturing. Section 3 introduces the
proposed software architecture and its ROS 2-based implementation.
Section 4 details the system integration approach for adaptive
manufacturing. Section 5 demonstrates the framework through repre-
sentative industrial use cases. Section 6 concludes with a discussion of
findings, limitations, and directions for future research.

2. Related work

Research on reconfigurable robotics and adaptive manufacturing
spans modular hardware design, scalable software architectures,
perception systems, and automatic program generation (APG). While
conventional robotic systems perform well in structured environments,
they remain limited in adaptability, motivating reconfigurable
manufacturing systems (RMS) that emphasise modularity, integrability,
and scalability. Recent work has addressed these limitations through
middleware-based interoperability, formal knowledge representation,
and learning-enabled decision-making to support flexible and autono-
mous reconfiguration. Additional efforts focus on APG methods to
reduce manual programming, real-time perception for environmental
awareness, and modular hardware enabling physical reconfiguration of
robotic cells. Together, these strands highlight progress toward flexible
manufacturing systems while exposing gaps in semantic integration and
unified system modelling, which this paper addresses through a UML-
based, ROS 2-driven interoperability framework.

2.1. Reconfiguration in manufacturing and robotics software

2.1.1. Towards reconfigurability in modern manufacturing and industry
Modern manufacturing must adapt rapidly to fluctuating demands,
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increased customisation, and technological evolution. RMS address this
need by enabling quick changes in structure, hardware, and software to
support evolving product and process requirements [3]. To be truly
reconfigurable, systems must exhibit modularity, integrability, cus-
tomisation, convertibility, scalability, and diagnosability, allowing
efficient adaptation, monitoring, and expansion [4]. Reconfigurability
in manufacturing is a broad and multi-faceted topic, with ongoing
research addressing it from diverse perspectives ranging from
early-stage design to real-time cell/system-level optimisation. Ongoing
work in RMS spans various layers of abstraction, each tackling the
challenge of adaptability in distinct ways.

At the system design level, Ontology-Based Engineering (OBE) ap-
proaches [5,6] enable reconfigurability by formalising domain knowl-
edge and supporting automated decision-making during system
conceptualisation. At the cell level, digital twin frameworks [7-9]
enhance reconfigurability by allowing rapid evaluation of multiple
layout and sensor configurations, often using genetic algorithms to
optimise deployment under time and space constraints. Ergonomic
optimisation [10] contributes to human-centred reconfiguration
through adaptive fixtures that adjust to workers’ physical needs, making
collaborative workcells more flexible and efficient. In the context of
circular manufacturing, modular robotic workcells [11] offer reconfig-
urable setups tailored for variable disassembly tasks, enabling respon-
siveness to diverse product geometries and uncertain processes.

Beyond the workcell, reconfiguration is being addressed at the shop-
floor and factory level through smart factory architectures that integrate
cyber-physical systems, semantic models, and digital twins to enable
plug-and-produce adaptability [12]. These systems promote decentral-
ised control and scalability, allowing production lines to self-organise in
response to changing demands. Complementary approaches using cloud
computing and Al enhance shop-floor responsiveness through predictive
decision-making and coordinated control [9]. At the hardware level,
self-reconfigurable robotic systems [13,14] offer a more granular
approach to adaptability, with modular robots capable of autonomously
altering their structure or behaviour to suit evolving tasks and envi-
ronments, positioning them as key enablers of future-ready automation.

2.1.2. Software architecture for reconfigurable systems

Despite growing interest and advancements, current RMS imple-
mentations often remain context-dependent and lack a unified theoret-
ical foundation. Future research is needed to explore formal
architectural frameworks that can support scalable and modular RMS
deployments across different domains. In particular, there is a notable
gap in addressing the modularity of RMS at the architectural level,
which could offer optimization strategies for module allocation and
reuse across multiple product families [15]. How flexible and adaptive a
production system can be, unquestionably depends on its software ar-
chitecture and the level of modularity, flexibility and adaptability of its
software components [16].

Several efforts have proposed generic and modular architectures to
address the increasing complexity and interoperability needs in smart
manufacturing. One approach derives a generic Industry 4.0 system
architecture by combining strengths from various European projects,
offering real-time communication, service orchestration, and data
interoperability through middleware and data adapters [17]. This ar-
chitecture aims to bridge fragmented, use case-specific systems by pro-
moting flexibility and extensibility. Similarly, the HyProCell project
implemented a modular architecture for hybrid production cells,
demonstrating reconfigurability through service-oriented integration of
CNC-based machines, legacy system retrofitting via OPC UA, and dy-
namic data exchange using MQTT and REST APIs [18]. More explicitly,
a recent contribution presents a dedicated reconfigurable middleware
software architecture tailored to support flexible production environ-
ments [19]. By formalising “reconfigurable quality attributes,” this work
provides a quantifiable foundation for designing, evaluating, and
deploying reconfigurable middleware platforms in real settings,
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marking an important step toward standardised, testable architectures
for future RMS.

2.1.3. ROS 2 as reconfigurable and modular architecture in robotics

ROS (Robot Operating System) is an open-source framework
designed to support the development of flexible, modular robotic sys-
tems. It is particularly effective in scenarios requiring interoperability
between heterogeneous hardware and software modules, helping over-
come proprietary constraints tied to robot interfaces and communica-
tion protocols [20,21]. By enabling seamless integration of perception,
planning, and control components, ROS facilitates rapid deployment
and reconfiguration of robotic cells [22]. Its real-time communication
capabilities and support for distributed architectures further reinforce
its suitability as a middleware for RMS [23], making it an ideal foun-
dation for modular, adaptive robot workcells.

ROS and ROS 2 have proven to be key in enabling modular and
reconfigurable robotic systems across domains. Robotframework [24]
utilises ROS to integrate diverse robotic skills through a plugin-based
architecture, supporting easy adaptation across applications. ChoiRbot
[25], built on ROS 2, facilitates distributed multi-robot coordination
without a central controller, leveraging ROS 2's decentralised design. A
modular ROS-based architecture for robotic workecells [22] demon-
strates plug-and-produce integration and flexibility for rapid adaptation
in manufacturing. These examples confirm ROS (and ROS 2, its second
and improved version) as a robust middleware choice, simplifying
integration and supporting scalable, reusable solutions aligned with
reconfigurable system principles.

2.1.4. Comparative analysis of related architectures

To complement the previous discussion, Table 1 compares the pro-
posed framework with representative architecture-level approaches
from the literature. The comparison dimensions were chosen to reflect
the main objectives of this work and were informed by comparative
analyses adopted in recent studies on reconfigurable production

Table 1
@ Full Support,
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architectures and distributed robotic cell architectures [26,27].

The comparison shows that the reviewed works tend to emphasise
different layers of the problem. Architectures addressing broader
manufacturing-system reconfigurability, interoperability, and modular
production integration usually provide stronger coverage of system-
level concerns, but often address the robotic cell layer in less detail.
Conversely, architectures centred on robotic workcells and ROS-based
integration tend to provide stronger support for robot abstraction,
perception, and simulation-oriented deployment, but are often validated
in narrower or more application-specific settings. Overall, the compar-
ison suggests that the main contribution of R3M lies in bringing these
two perspectives together within a single framework, unifying system-
level reconfigurability concerns with robotic-cell-level integration ca-
pabilities in a coherent ROS 2-driven architecture.

Among the architectures included in Table 1, [19,22,25] provide
three particularly relevant and complementary architectural points of
comparison with R3M. First, [19] focuses on factory-level Industry 4.0
middleware and on specifying and evaluating reconfigurability as a
software quality attribute. Second, [22] addresses modular ROS-based
robotic workceells, with particular emphasis on hardware and software
plug-and-produce integration, kinesthetic teaching, and high-level task
programming. Third, [25] focuses on decentralised ROS 2 communica-
tion and distributed optimisation for cooperative multi-robot systems.
R3M differs from these approaches by integrating formal product, pro-
cess, equipment, and skill representations with automatic programme
generation, reinforcement-learning-based recipe selection, modular
perception, and ROS 2-based execution, thereby providing a semantic
pathway from manufacturing requirements to executable and verifiable
robotic behaviour.

2.2. Automatic program generation (APG)

APG has evolved from rule-based and manually coded systems to-
ward more adaptive approaches for generating robotic control logic,

Partially Covered, ® Not Covered, (S) Single Use Case, (M) Multiple Use Cases. Comparison of the proposed R3M architecture with representative

architecture-level approaches discussed in the related work. The comparison considers key dimensions relevant to reconfigurable robotic and production-system
architectures, including software and hardware reconfigurability, interoperability, scalability, modularity, plug-and-play capability, semantic/model-based repre-
sentation, perception integration, ROS/ROS 2 implementation, robot-layer abstraction, simulation-to-real support, human-in-the-loop support, and validation scope.

(References ([71,[161,[171,[18],[191,[221,[241,[25]) is cited in Table body part).
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reflecting the need for efficient and flexible programming methods in
dynamic manufacturing environments.

Early work focused on logic-based planning and static task decom-
position. Medellin et al. [28] used octree-based reasoning to co-plan
human and robot assembly operations, while Ritchie et al. [29] pre-
sented a generative assembly planner based on geometric constraints.
Although effective at the planning level, these approaches offered
limited interoperability with equipment-level capabilities and control
interfaces. Later methods sought to bridge this gap by deriving motion
plans from CAD models or demonstrations. PathML, based on Automa-
tionML (AML), generated CAD-derived paths for applications such as
glass adhesive deposition and welding [30], while CAD-based systems
have also been used to automatically generate welding programs with
high adherence to good practice [31].

At the same time, the skill-based paradigm reintroduced hierarchical
abstraction into robot programming. AML has played an important role
as a cross-domain representation standard [32], while Lohi et al. [33]
and the openMOS ecosystem [34] showed how parameterised and
semantically described skills can support reuse across manufacturing
settings. These studies demonstrated the value of modularisation and
shared representations, but also revealed the need for richer hierarchical
knowledge structures and more systematic skill composition for com-
plex tasks.

Another persistent challenge in APG is parameter selection. Inoue
et al. [35] demonstrated learned policies for precision tasks such as
peg-in-hole insertion without exhaustive parametric enumeration. More
broadly, recent APG approaches have used reinforcement learning for
decision-making and parameter tuning [35,36], but few frameworks
combine recipe generation, learning-based selection, and executable
code deployment within a single workflow.

More recently, LLM-based and generative Al approaches have been
explored for robotic code generation. MacAluso et al. [37] proposed
ChatGPT-driven task decomposition into robot code with simulated
debugging, while RoboGPT and related systems investigated
LLM-guided sequence generation from abstract task descriptions [38].
Although promising, these approaches are often domain-specific, rely on
engineered prompts or templates, and remain weakly connected to
simulation-backed validation and real-world industrial execution.

Overall, the literature shows substantial progress in APG, but
persistent limitations remain in scalability, adaptability, and deploy-
ment readiness. R3M addresses these gaps by combining domain
modelling through AML, scalable skill parameterisation through com-
posite recipes, reinforcement-learning-based recipe selection, and ROS-
based generation of deployable execution logic within a unified
framework.

2.3. Perception systems

Due to the high adaptivity and dynamic flexibility, vision-based
perception plays an important part for reconfigurable robot cells. It
enables robots to recognise and adapt to variable conditions in real-time,
such as changes in workpieces, which can be essential for manufacturing
applications. In the literature, there are a number of research works that
attempt to estimate or track the spatial position and orientation of the
manipulated object by using visual sensors. Among these studies, the
deep learning approach can be a dominant method due to its high ac-
curacy, robustness, and ability to extract high-level features in raw vi-
sual data which can be dense and complex -> Vision-based perception is
critical for reconfigurable robotic cells, enabling real-time adaptation to
variable manufacturing conditions, while deep learning has emerged as
a predominant approach for robust and accurate object pose estimation
from complex visual data [39-41]. Initial attempt in pose estimation
have made towards the conventional learning-based methodologies,
wherein the estimation models are tailored to predict the pose of pre-
defined objects. This process necessitates the assembly of a compre-
hensive dataset of the objects of interest, serving as the training dataset.
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Upon successful training, the model can estimate the pose of objects
represented within the dataset. The combination of Perspective-n-Point
(PnP) and deep learning can be a popular category of methods in this
type of training paradigm. Given a set of n 3D points on the object and
their corresponding 2D projections in an image, the 3D pose that best
matches the 2D-3D point correspondences, typically under perspective
projection, can be obtained. A representative PnP method can be found
in [42,43]. For texture less objects, establishing accurate 2D-3D corre-
spondences becomes more challenging due to the lack of distinct fea-
tures to match. To address this problem, in [44], the authors leveraged
the learning capacity of deep neural networks for direct pose estimation
from 2D images and achieved a benchmark in this domain.

However, the above-mentioned methods required that the 3D models
of objects have to be available during both training and inference, which
limits their applications in many manufacturing settings, where the
manipulated objects can change frequently due to the rapid change of
market needs and production requirements. To address this challenge
brought by real world applications and generalise the pose estimation to
novel objects, some work in the literature attempts to establish pipelines
for training models using synthetic data, thus allowing pose estimation
to be applied to any novel objects, such as [45]. There are some other
research works that try to establish the category-level estimation to
handle the novel objects within a known category, such as [46-48].
However, the former often consumes a significant amount of time to
generate synthetic data and retrain the model, and the latter strictly
requires that the novel object can be included by a known class. Since,
firstly, down time in industrial production causes efficiency loss as well
as resource wastage, secondly, many middleware in industrial produc-
tion can be very difficult to be classified to pre-defined categories, both
approaches might be suboptimal. Recently, a new training paradigm is
attracting the attention of robot perception and computer vision re-
searchers. This paradigm attempts to enable deep learning models to
acquire the ability to find actual objects in the vision field that corre-
spond to the given 3D models by performing feature extraction on both
the 3D model of the object and the visual signals during the training
process. By training with a huge number of 3D models with paired vision
observations, given any 3D model, the deep learning model is able to
estimate its pose. This allows the generalisation ability of the estimation
model to be greatly improved. In the manufacturing industry, where
CAD models of workpieces can often be determined during the product
design phase, this training paradigm has great potential to adapt to the
frequently changing product designs and market demands in the
manufacturing industry. A representative research breakthrough using
this paradigm can be found in [49].

2.4. Reconfigurability in hardware for industry and manufacturing

There are a number of approaches that can be applied to hardware
design to support the realisation of a reconfigurable robotic
manufacturing cell. The key challenge is to ensure the system is modular
and composed of a series of ‘building blocks’ and can be rearranged into
different configurations [50]. Interfaces between the modules should be
standardised so that different components or components from different
manufacturers can be interchanged to perform a specific process. One of
the most important modules in a robotic cell is the end effector and a
huge range of use cases can be fulfilled just by installing a tool changer
on the end of a robot arm and having a range of end effector options such
as grippers (electric, magnetic, pneumatic), process specific tools (such
as gluing, prying, screwing, cutting and grinding), sensors and vision
systems.

Outside of the robot itself, the surrounding hardware can also be
designed to demonstrate a reconfigurable robotic cell. A reconfigurable
floor with an array of mounting plates with different mounting hole
patterns enable various hardware (robots, fixtures, parts etc.) to be
moved physically around the cell to demonstrate use cases with different
space and access requirements. One such example of a reconfigurable
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floor is the AMRC’s RECON Cell in the Factory 2050 facility which was
used as the demonstrator cell for this project (see Section 4.4. Hardware
Deployment). Additionally, fixtures form an essential part of holding
component parts in place for a variety of industrial applications.

Designing flexible and reconfigurable fixtures can greatly reduce the
costs associated with bespoke fixtures for single components, especially
in the Aerospace industry where tolerances are tight. There are different
types of fixtures that can handle a family of components. Zero-point
clamps can be used to clamp a workpiece directly or to clamp a pallet
containing many workpieces. They can have different levels of auto-
mation and can be locked in using different methods (pneumatics,
electric, hydraulic etc.). Another type of flexible fixture is a universal
holding fixture (UHF). These are an array of height adjustable vacuum
grippers that can be reconfigured to conform to the surface geometry of
a part. These elements are typically mounted on extendable linear rails
or linear actuators to provide vertical adjustment and are typically used
for low force machining and drilling tasks on thin and flexible
components.

In a real industrial environment, all of the hardware in the cell must
be controlled by robust industrial control systems such as PLCs, IPCs and
safety hardware. The control architecture must be capable of potentially
complex and interlinked use cases with different sensors, robots, and
fixtures required for each use case and be able to detect the presence (or
absence) of any key hardware components. There must be wiring access
to appropriate input and output blocks around the cell as well as pe-
ripheral hardware requiring pneumatics or hydraulics. Finally, the
safety architecture must be tested to ensure safe operation of the various
use cases and configurations of the cell.

2.5. Discussion

The reviewed literature demonstrates considerable progress in
advancing reconfigurability and interoperability in robotics, spanning
RMS, middleware frameworks, APG, perception systems, and modular
hardware design. Collectively, these strands underscore the importance
of modularity, scalability, and adaptability, yet they also reveal persis-
tent shortcomings that hinder the realization of autonomous, reconfig-
urable robotic cells. A recurring limitation is the context dependency of
existing solutions. While RMS research has established modularity and
integrability at various levels [2], these approaches often lack a unifying
architectural foundation to ensure semantic consistency across domains.
Similarly, middleware such as ROS 2 [19] enables communication
among heterogeneous systems but generally requires extensive cus-
tomisation and does not inherently embed domain knowledge, thereby
achieving technical rather than semantic interoperability. APG has
shown the potential to reduce programming effort [36,51], though
many implementations remain bound by domain-specific assumptions
and weak integration with diverse equipment. Advances in perception
[37-43] enhance adaptability to dynamic environments, yet most ap-
proaches remain constrained by task-specific datasets and limited
generalization, while hardware-level reconfigurability [48] provides
flexibility but remains insufficiently integrated with higher-level se-
mantic models.

Despite these advances, the literature remains fragmented, with
different research streams addressing isolated aspects of the reconfi-
gurability challenge without converging into a holistic solution.
Middleware-centric approaches prioritise communication, perception-
focused solutions emphasise sensing, and hardware research advances
modularity, but none provide an integrated pathway from high-level
domain abstractions to executable robotic behaviour. To address this
gap, the present work proposes a UML-based, ROS 2-driven integration
framework that unifies domain modelling with execution-level mecha-
nisms. By embedding APG, modular perception, and reinforcement
learning within a shared semantic structure, the framework offers not
only technical but also semantic interoperability. The novelty of this
approach lies in bridging formal UML-based representations with real-
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time robotic execution through ROS 2, thereby establishing a princi-
pled foundation for scalable, interoperable, and reconfigurable robotic
manufacturing. The following section details the architecture under-
pinning this contribution.

3. Software architecture

This section presents the software architecture that operationalises
the interoperability objectives of R3M through a reusable ROS 2-based
workcell architecture, referred to as the R3M Cell, and a standardised
operational interface for external integration. The architecture is
designed so that simulated and real robot cells are handled through the
same execution structure, with robot- and device-specific details iso-
lated behind shared representations and standard ROS 2 communication
interfaces. This reduces commissioning effort, improves portability
across heterogeneous platforms, and provides the execution basis
required by higher-level functions such as APG and modular perception.

3.1. ROS 2-based architecture: the R3M cell

The R3M Cell (Fig. 1) provides a reusable ROS 2-based architecture
for the simulation and operation of robotic workeells. Its central prin-
ciple is that, from the perspective of planning and execution, both
simulated and real robot cells are handled through the same abstraction
layer. This is achieved through a shared robot representation, based on
standard ROS 2 description formats such as URDF, which captures the
kinematic, geometric, and control-relevant structure of the robot in a
common form.

This shared representation is not only what enables alignment be-
tween simulation and hardware execution, but also what allows robots
from different manufacturers to be integrated and operated through the
same ROS 2 and Movelt!2 control layer. Once a robot is described in this
common format and connected through the appropriate driver or
adapter, it can be planned, monitored, and commanded using the same
operational logic regardless of vendor-specific implementation details.
In this sense, the robot is treated uniformly by the upper execution layer
whether it is simulated in Gazebo or connected as physical hardware.

Within this structure, Movelt!2 provides the common motion-
planning and execution interface [52], while Gazebo supports simula-
tion and the ROS 2 driver connects the same architecture to the real
robot cell. The distinction between simulated and real deployment is
therefore pushed to the lower execution layer, while the upper opera-
tional logic remains unchanged. At the same time, the use of a standard
robot representation makes it possible for different manipulators and
peripheral devices to be incorporated into the same workcell architec-
ture without redefining the overall execution structure.

The main contribution of the R3M Cell is therefore not the intro-
duction of new simulation or planning tools, but the definition of a
unified and reusable workcell architecture that combines them within a
consistent ROS 2 execution framework. By encapsulating robot- and
device-specific details in adapters and shared robot specifications, the
architecture supports redeployment across different manipulators and
peripheral devices while maintaining alignment between simulation and
hardware execution.

3.2. Interoperability framework for modular robotics

Built on top of the R3M Cell, the interoperability framework provides
a standardised operational layer for robot control, monitoring, and
external integration. Instead of exposing users or applications to the full
complexity of Movelt!2 and low-level ROS 2 execution, the framework
encapsulates key functionalities through stable ROS 2 communication
mechanisms called topics, services, and actions.

Robot state monitoring is exposed through dedicated topics for joint
states and end-effector pose. Motion execution is handled through
standardised action interfaces that support different movement types
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Fig. 1. Unified ROS 2-based architecture of the R3M Cell. A common robot representation is shared across simulation and real robot deployment, allowing both to be
handled through the same planning and execution structure. The lower part shows the interoperability framework, where standard ROS 2 topics, actions, and
services, together with Python bindings, provide a robot-agnostic interface for control, monitoring, and external integration.

and sequencing operations. Services are used for peripheral interaction,
such as end-effector actuation and I/0 operations. This creates a robot-
agnostic operational interface that can be reused across different robotic
cells without dependence on vendor-specific APIs [53,54].

To further simplify integration, a lightweight layer of Python bind-
ings is provided for external applications. These bindings allow higher-
level software to command robot movement, retrieve state information,
and operate peripherals through concise and consistent function calls,
avoiding direct manipulation of ROS 2 message structures. As a result,
the interoperability framework supports modular integration with
planning, optimisation, supervision, and application-specific logic,
while preserving a stable execution interface across heterogeneous ro-
bots and peripherals.

Together, the R3M Cell and the interoperability framework establish
a common operational foundation for modular robotic workecells,
enabling simulation and hardware deployment to be handled consis-
tently and allowing robots from different manufacturers to be integrated
and operated through the same ROS 2-based execution model.

4. System integration for adaptive manufacturing

This section examines the integration of the ROS 2 based stack and
the R3M Cell, detailing how modular capabilities are composed into a
dependable production system. Each capability is formalised as a skill
with explicit interface contracts, preconditions, effects, and quality-of-
service guarantees. A shared semantic model aligning product, pro-
cess, and equipment enables requirements to be transformed into
machine-readable recipes. These specifications drive an APG pipeline
that selects and composes skills into executable task graphs, while a
lightweight runtime orchestrator coordinates perception, program
execution, certified PLC safety functions, field I/0, and Human Machine
Interface (HMI). Perception modules integrate through stable message
schemas and reference frames, and deterministic handshakes across
action servers and field buses preserve temporal predictability. Contin-
uous feedback from equipment and vision maintains a coherent world
state, supporting fault recovery and adaptation without architectural
refactoring. The resulting integration yields shorter commissioning,
higher reuse across heterogeneous hardware, clear separation of con-
cerns, and end-to-end observability traceable to design intent.

4.1. Requirements definition for responsive robotic cell configuration

A key component of the APG methodology in the R3M project is the

structured representation of information required for automated robot
programming. The effectiveness of the approach depends on how well
the system captures and connects knowledge across three domains:
Product, Process, and Equipment. These domains are formalised using
UML class models to ensure a consistent and machine-interpretable
structure.

4.1.1. Product domain

The Product domain describes the assembly requirements of the
product. A product is composed of parts or subassemblies, each associ-
ated with skill requirements as shown in Fig. 2. These skill requirements
define the operations needed to complete the assembly. A key feature of
this model is the precedence relationship between skill requirements.
This defines the order in which assembly steps must be executed. The
product domain also introduces the concept of a liaison, which repre-
sents the physical connection between parts. Although geometric details
are not explicitly defined, liaisons capture how parts interact and pro-
vide a basis for evaluating assembly completion. Each skill requirement
is associated with a skill type as shown in Fig. 2. This shared attribute is
essential, as it enables automated matching with process and equipment
capabilities.

4.1.2. Process domain

The Process domain defines how assembly tasks can be executed. It is
centred around the concept of composite recipes as shown in Fig. 2. The
composite recipes represent reusable task structures derived from
human operational expertise. Each composite recipe consists of one or
more skill requirements; each linked to a skill type. This enables the
system to map product requirements to possible execution strategies.
The requirements definition model supports multiple alternative recipes
for a given requirement. These alternatives may differ in performance
characteristics such as execution time, energy usage or precision. This
flexibility is essential for later optimisation stages.

4.1.3. Equipment domain

The Equipment domain captures the capabilities of the robotic cell. It
includes physical components such as robots, grippers, and sensors,
along with their associated skills as shown in Fig. 2. Each skill is defined
with input and output parameters. These parameters describe how the
skill can be executed under different conditions. Possible parameter
settings define the range of configurations for each skill. In addition,
performance-related information such as execution time can be associ-
ated with each skill. This information is used later during optimisation.
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Fig. 2. UML based domain model for requirements definition in automated robotic programme generation. The model formalises the relationships between product
skill requirements, process recipes, and equipment skills through a shared Skill Type abstraction, enabling systematic matching between assembly intent, reusable

task structures, and available execution capabilities within the robotic cell.

By linking each skill to a skill type, the model enables consistent
matching between product requirements, process recipes, and equip-
ment capabilities.

4.2. Al-driven program generation for flexible automation

The APG methodology developed in the R3M project offers a struc-
tured approach for autonomously creating executable programs for ro-
botic assembly cells. The goal is to minimise human intervention by
using existing product, process, and equipment models, combined with
intelligent reasoning and optimization techniques. The methodology
unfolds through three core phases: recipe generation, recipe optimiza-
tion, and code generation.

4.2.1. Recipe generation

The recipe generation phase translates product requirements into
executable robotic actions. A recipe is defined as a parameterised
instance of a skill that fulfils a specific assembly requirement. All
required information is obtained from the AML model, which integrates
the product, process, and equipment domains.

The key mechanism enabling this phase is the shared attribute Skill
Type. This attribute is common to:

e Product skill requirements.
e Composite recipes.
e Equipment skills.

It provides a direct basis for automated matching across domains.

For each product skill requirement, the system first identifies
candidate composite recipes whose skill types match the requirement.
Composite recipes represent predefined task structures derived from
expert knowledge. A single requirement may be satisfied by multiple
composite recipes, each representing a different execution strategy.

Each selected composite recipe is then decomposed into its internal
skill requirements. These are matched against available equipment
skills, again using the skill type attribute. A valid mapping is established
only if all internal skill requirements can be fulfilled by the equipment.
Once a valid composite recipe-equipment mapping is identified, the

system proceeds to parameterisation. Skill parameters define how the
action is executed. For simple skills, parameters are limited (e.g., open/
close). For motion skills, parameters include pose, orientation, and
speed.

This parameterisation step introduces a combinatorial challenge. A
single action may have multiple valid configurations. To control this, the
system generates only feasible parameter combinations, based on:

e AML-defined constraints.
e Task-specific conditions.
o Safety checks (e.g., collision, range limits).

Invalid or unsafe combinations are discarded. Valid configurations
are instantiated as recipes and added to the final recipe set. The process
is applied iteratively for each product skill requirement, resulting in a
structured set of executable recipes.

The output of this phase is a set of parametrised recipes. Each recipe
represents a feasible way to fulfil a product requirement using available
equipment. These recipes form the input for the subsequent reinforce-
ment learning phase. The source code of the skill requirements to recipe
generation process is shown in Pseudo-code 1.

4.2.2. Reinforcement learning

Following the generation of parameterised recipes, the next phase
aims to determine an optimal sequence of recipes that fulfils the product
assembly requirements while minimising execution cost. This optimi-
sation problem is formulated as a Markov Decision Process (MDP),
defined by the tuple M = (S,A,P,R,y), where S is the state space, A is the
action space, P(sq1|st,a;) is the transition probability, R(s:, a;) is the
reward function, and y is the discount factor.

At each time step t, the system state s,¢S is represented as a combined
product, equipment, and process state:

S = [Si’rod7stEquip7 sfroc} (1)

where sP7°? contains the poses of the relevant parts and the status of the

liaisons required for assembly completion, s°®“? contains the robot pose
and the end-effector state, and s/™ contains the current progress of the
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Pseudo-code 1
Recipe Generation.
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for each skill_requirement in product:
candidate_recipes = find composite_recipes
where recipe.skill_type == skill_requirement.skill_type
for each composite_recipe in candidate_recipes:
sub_skills = composite_recipe.skill_requirements
matched_skills = []
for each sub_skill in sub_skills:
equipment _skill = find equipment_skill
where equipment _skill.skill_type == sub_skill.skill_type
if equipment_skill exists:
matched_skills.add(equipment _skill)
else:
discard composite_recipe
continue outer_loop
parameter_sets = generate_parameters(matched_skills, AML_constraints)
for each params in parameter _sets:
if is_feasible(params):
recipe_instance = create_recipe(composite_recipe, params) add recipe_instance to
recipe_set
else:
discard params

assembly process and the remaining skill requirements to be satisfied.
The state is updated after each executed action using feedback from the
digital twin or physical robotic cell.

The action a;eA corresponds to the selection of a recipe ID from the
recipe set generated during the recipe generation phase. Each recipe ID
represents a parameterised skill instance, such as a movement, grasping,
release, inspection, or placement operation. The action space is there-
fore discrete and finite:

A={r,rs,....,Tn} ()]

where r, denotes the n* candidate recipe available to the agent. The
transition function is realised through the digital twin environment,
which simulates the execution of the selected recipe and returns the
updated system state. The reward function is formulated as a weighted
penalty function that captures the cost of executing a selected recipe. In
its general form, the reward at time step t is defined as:

R(st,a;) = —(wrT; + wgE: + wrR: + wyH; + wgF;) 3

where T, represents the execution time of the selected recipe, E; repre-
sents the energy consumption, R, represents a penalty for excessive
product rotation during handling, H; represents a handling stability
penalty, and F, represents a failure-related penalty. The weighting fac-
tors wr, wg, wr, ®y,and wp allow the formulation to prioritise different
performance objectives depending on the production context.

For the experimental evaluation reported in this work, execution
time is used as the dominant optimisation criterion. The reward there-
fore reduces to:

R(snat) =-T: )

This means that recipes requiring longer execution times receive
larger penalties, while faster recipes produce higher rewards. The
objective of the agent is to learn a policy 7zy(als) that maximises the
expected discounted return:

J(O) = L, {Z Y'R(s:, at)} 5)
=0

Since the reward is penalty-based, maximising J(6) is equivalent to
minimising the cumulative execution time of the selected recipe
sequence.

The policy is learned using Proximal Policy Optimization (PPO), a
policy-gradient method selected for its stable policy updates and suit-
ability for discrete action-selection problems. PPO optimises a clipped
surrogate objective, which limits large policy updates between training

Table 2
PPO actor-critic network architecture used for APG recipe selection.
Component  Layer Size / Activation ~ Purpose
Output
Actor Input layer ng None Receives the APG
neurons system state vector.
Actor Fully 128 RelLU Extracts state features.
connected hidden
layer 1 units
Actor Fully 128 ReLU Forms a higher-level
connected hidden state representation.
layer 2 units
Actor Output layer ng Softmax Produces a probability
neurons distribution over recipe
IDs.
Critic Input layer s None Receives the APG
neurons system state vector.
Critic Fully 128 ReLU Extracts state features.
connected hidden
layer 1 units
Critic Fully 128 ReLU Forms a higher-level
connected hidden state representation.
layer 2 units
Critic Output layer 1 neuron Linear Estimates the state

value V(s;)

iterations and improves stability during learning. This is appropriate for
the APG problem because the agent must repeatedly select one action
from a finite set of generated recipe IDs. PPO was introduced by
Schulman et al. as a practical policy-gradient method that alternates
between sampling data through environment interaction and optimising
a surrogate objective over multiple epochs.

To improve reproducibility, the PPO agent is implemented using an
actor—critic architecture. The actor network receives the system state
vector as input and outputs a probability distribution over the available
recipe IDs. The critic network receives the same state vector and esti-
mates the corresponding state value V(s;). Both networks use fully
connected layers with nonlinear activation functions. The actor output
layer uses a softmax activation to represent the discrete probability
distribution over candidate recipe actions, while the critic output layer
uses a linear activation to estimate the scalar value function.

The actor and critic network architectures are summarised in
Table 2. The PPO training hyperparameters are summarised in Table 3.
These tables should be populated using the exact values from the
MATLAB/Simulink PPO implementation used in the final experiments.

Here, n; denotes the state-vector dimension and n, denotes the
number of discrete recipe actions available to the agent.

The PPO agent was trained using the Adam optimiser with a learning
rate of 1 x 1074, A discount factor of 0.99 was used to encourage the
agent to optimise the full assembly sequence rather than isolated recipe
selections. The PPO clip factor was set to 0.20 to restrict large policy
updates and improve training stability. The entropy loss weight
encouraged early exploration across alternative recipe choices, while
the value function loss weight-controlled critic learning. Training was
terminated when the agent consistently achieved the minimum cumu-
lative execution-time penalty over five consecutive successful episodes.
The trained policy is then used in the subsequent code generation phase
to produce executable robot programs.

4.2.3. Code generation

The final phase converts the learned policy into an executable robot
program, enabling deployment on real hardware. The trained PPO agent
is exported using MATLAB’s code generation tools and packaged as a
Python module via MATLAB Compiler SDK. Execution in a Linux-based
environment is supported through the MATLAB Runtime, allowing
royalty-free deployment without a full MATLAB installation.

At runtime:
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Table 3
PPO training hyperparameters used in the APG reinforcement learning
implementation.

No. Hyperparameter Value
1 RL algorithm Proximal Policy Optimization (PPO)
2 Observation/state n,, use-case dependent
dimension
3 Number of discrete actions  ng, equal to number of generated recipe IDs
4 Actor hidden layers 2 fully connected layers
5 Critic hidden layers 2 fully connected layers
6 Hidden units per layer 128
7 Hidden activation function =~ ReLU
8 Actor output activation Softmax
9 Critic output activation Linear
10 Optimiser Adam
11 Learning rate 1 x10*
12 Discount factor gamma 0.99
13 Generalised advantage 0.95
estimation factor
14 PPO clip factor 0.20
15 Entropy loss weight 0.01
16 Value function loss weight 0.5
17 Mini-batch size 64
18 Experience horizon 512 steps
19 Number of epochs per 3
update
20 Maximum training Use-case dependent
episodes
21 Episode termination Successful task completion or failure condition
condition
22 Training termination Five consecutive successful episodes with
condition minimum cumulative execution-time penalty

e The system provides a state input.
e The trained agent outputs an action (recipe ID).
e The selected recipe is executed by the robotic system.

This establishes a direct mapping from system state to recipe selec-
tion. Each recipe is translated into manufacturer-specific robot code
using predefined templates (e.g., RAPID, KRL, URScript). Parameters
such as pose, speed, and gripper state are injected into these templates,
preserving execution order and constraints. The result is an executable
system combining:

e a Python-based decision module, and
e a robot-specific execution layer.

This enables seamless deployment and rapid reconfiguration without
manual programming.

4.3. Sensor-driven perception systems for intelligent decision-making

As part of a modular and interoperable robotic framework, the
perception system is designed to operate as a sensor-driven, decoupled
module within the broader R3M architecture, enabling seamless inter-
operability and flexible system configuration. The system’s modular
design ensures that the perception component can be easily swapped or
reconfigured with alternative algorithms, allowing developers to tailor
perceptual capabilities to specific application requirements without
modifying the core architecture.

4.3.1. Perception system features

In its current form, this module processes visual input to estimate
6DOF poses of previously unseen objects in dynamic manufacturing
environments, aiming at introducing the adaptivity in order to adapt to
the dynamic and versatile nature of modern manufacturing environ-
ments. This framework integrates advanced vision-based One-Shot
Detection (OSD) [55] and MegaPose-6D (M6D) pose estimator [49] to
enable the precise identification and spatial localisation of novel objects
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using their CAD models as the reference. Contrary to traditional deep
learning approaches, which are typically constrained by the scope of
their training datasets, limiting their utility to the detection and tracking
of previously encountered objects, the deep learning models employed
in this perceptual system were developed through an extensive training
involving a diverse array of CAD models paired with visual observation.
This methodological innovation enables the models to match the geo-
metric properties embedded within the CAD files to their real-world
counterparts, effectively allowing for the accurate detection and esti-
mation of the position and pose of objects in the physical environment,
even if these specific instances were not included in the training dataset.
Consequently, such a training paradigm shift significantly enhances the
system's applicability, as it no longer requires that the workpieces or its
categories have been seen during the training phase, accommodating
rapid changes in product designs and market need without the need for
retraining the models, thus representing a substantial advancement in
the field of robotic perception. -> The pose estimator models are trained
entirely on synthetic RGB-D data generated with BlenderProc, using
approximately two million photorealistic images from ShapeNet and
Google Scanned Objects with ground-truth 6D pose annotations and
corresponding 3D models. To improve generalisation to novel objects
and support sim-to-real transfer, object placement, materials, back-
grounds, lighting, and camera viewpoints are randomised, while RGB
and depth augmentations are applied following established approaches
such as CosyPose. The models are trained once using 32 V100 GPUs,
requiring approximately 80 h, after which novel-object pose estimation
can be performed without target-specific fine-tuning.

4.3.2. Integration within R3M

The system architecture comprises two main components: the One-
Shot Detection module [55] and a novel-object pose-estimation mod-
ule [49]. The One-Shot Detection module identifies objects within the
camera’s field of view using visual data and CAD models as inputs and
generates corresponding bounding boxes. The bounding-box co-
ordinates, camera observation, and CAD model are then passed to the
pose-estimation module, which estimates the 6DoF pose of each object.
Accurate pose estimation requires the target object to occupy a domi-
nant portion of the viewing field; therefore, the bounding box does not
need to have precisely estimated dimensions, but it must localise the
object sufficiently tightly for the object to occupy most of the cropped
region. To improve reliability, the system incorporates a
human-in-the-loop validation mechanism that allows operators to verify
or correct the bounding boxes through an intuitive HMI. Further details
of the perception workflow and the interactions among the R3M archi-
tecture, HMI, operator, camera, detection module, and pose-estimation
components are presented in Appendix A.

The process begins with the R3M architecture triggering the One-
Shot Detection component, followed by requesting a single frame from
the camera by the shot detection. The resulting bounding box will then
be sent to the HMI for an operator to verify. If the bounding box is valid,
it is sent to the MegaPose-Coarse Estimator for initial 6DoF pose esti-
mation. Otherwise, the operator can manually provide a bounding box
via HMI by clicking and dragging for the downstream actions, as shown
in Fig. 3.

Next, a video stream is requested to enable the MegaPose-Refiner to
refine the pose estimation, which is an iterative process. Each iteration
of the refinement process takes the previous pose estimate as input and
produces a more accurate output. This iterative loop continues until a
predefined termination condition is met, either when convergence is
reached or after a set number of iterations. The resulting final pose,
which reflects a high degree of spatial precision, is then published for
downstream robotic manipulation, augmented reality, or scene under-
standing applications. This combination of human oversight, fast
detection, and fine-grained refinement enables the pipeline to robustly
handle objects not seen during training, making it well-suited for dy-
namic, real-world environments.
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4.4. Hardware deployment

The R3M architecture is the software framework that enables simu-
lation and control of robotic systems, but in order to demonstrate real
world use cases, it must be deployed on actual hardware. The archi-
tecture has been tested and deployed on multiple cells and laboratories
with various use cases and reconfigurations. In this section, the general
structure of the hardware deployment is explained and the best practices
and requirements for safe operation in an industrial environment are
presented.

The hardware overview for deploying the R3M Architecture in an
industrial cell is shown in Fig. 4. The PLC acts as the master device for
the entire cell and is responsible for cell safety and monitoring of the
safety states of the hardware. It should use a fieldbus protocol (such as
EtherCAT, PROFINET etc.) for communication with industrial devices
and sensors allowing for real time control, standardization and ensuring
safety. The R3M software architecture is hosted in a separate environ-
ment to the PLC such as on its own dedicated industrial PC (as shown in
Fig. 4) or if the cell is set up with an Industrial PC running a soft PLC,
then the R3M architecture can be installed on a Ubuntu Virtual Machine
(VM) hosted on the same device. This separation between the PLC and
the R3M architecture is deliberate and necessary for safety-critical en-
vironments. The R3M architecture can only control the robot motion
and when the cell is set up for remote control of the robot. In practice,
this means that the cell doors are shut, the interlocks are engaged, all
safety signals have been reset, all emergency stop devices are disengaged
and the robot has been set up to enable remote control of the joints via
ROS 2. If this is not the case, the architecture will only lose the ability to
directly control the physical robot, end effectors and actuators. The ar-
chitecture can still be used to run simulations in Gazebo, the perception
system will still be functional, and the architecture can monitor any
input and output variables of the sensors, joints and the other hardware
of the cell.

The PLC is primarily responsible for the control of the hardware in
the cell including the safety, I/0, pneumatics and robot controllers. The
safety system states may be monitored by the R3M architecture via the
PLC, but the states cannot be changed or reset through the R3M archi-
tecture. This must be done physically, such as releasing an emergency
stop switch, or via the PLC, such as locking or unlocking an interlock.
The PLC can be used to control other peripheral hardware such as valves
and solenoids for pneumatic air supply to the cell (used for some end
effectors and for parts and fixtures for specific use cases).

Any Input and Output signals directly from the robot I/0 or other I/0
blocks setup around the cell can be monitored or changed via the PLC or
the R3M architecture. This can primarily be used for actuating end ef-
fectors or other valves/actuators for fixtures used in specific use cases. I/
O signals are also used to trigger camera image acquisition or mea-
surements from other sensors.

Finally, a physical industrial screen is used to monitor the status of
the R3M architecture and the signals available from the PLC. A HMI was
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Fig. 4. Hardware overview for an industrial reconfigurable system using the
R3M Architecture.

developed as part of the R3M architecture which was used as a graphical
user interface with features such as starting a program, monitor the
progress of a running program and observing the current robot position.
The HMI can also monitor the separate signals coming from the Master
PLC such as safety status of E-stops and interlocks and other control
parameters.

4.5. Program execution and real-time adaptation

In this section, the integration of the APG and Perception modules
into the R3M Cell architecture is introduced, along with an in-depth
explanation of their interactions and coordination during the environ-
ment launch, management and program execution processes.

4.5.1. System components

The R3M system architecture is composed of three core modules:
R3M Cell Orchestrator, R3M APG, and R3M Perception, which work
together to enable the execution and real-time adaptation of robot
programs. The diagram in Fig. 5 illustrates the architecture and the in-
teractions between these components.

The R3M Cell Orchestrator coordinates the full execution environ-
ment. It launches and manages the robot cell in simulation or on real
hardware, supervises the execution of robot skills, and acts as the central
communication point between the robot, APG, and Perception modules.
Skill execution is handled through a ROS 2 service interface, allowing
the orchestrator to receive requests, invoke the corresponding robot
operation, and return execution feedback in a consistent and modular
way.
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Fig. 3. Manual intervention in the object detection & pose estimation process, using a custom Human-Machine Interface (HMI). [A] One-Shot Detection result. [B]
Manual definition of the object using a bounding box. [C] 6 DoF pose estimation result.

10



S. Asif et al.

The R3M APG module enables autonomous program execution by
connecting a pre-trained RL agent with the robot cell through the
orchestrator. It uses structured recipe definitions and use-case infor-
mation to select and request robot skills during execution. The orches-
trator returns execution feedback after each requested action, allowing
the APG module to update the agent state and determine subsequent
actions. In this way, APG supports closed-loop task execution and
adaptive decision-making based on real-time system feedback.

The R3M Perception module provides real-time object detection and
6-DoF pose estimation within the robotic cell, enabling adaptive robot
behaviour. By continuously supplying environmental state data to the
APG Agent, it ensures that execution decisions reflect current condi-
tions. The module operates as a ROS 2 Service Server that executes a
Perception Skill. Upon request, it detects objects with available CAD
models and estimates their poses. The resulting object states are pub-
lished to dedicated ROS 2 topics, with each object represented indi-
vidually. During execution, the R3M Orchestrator retrieves this data to
update skill feedback and forwards it to the APG Agent for ongoing state
evaluation. This integration supports dynamic response to environ-
mental changes and improves execution accuracy and robustness.

The behaviour of these modules is configured through three struc-
tured .yaml files describing the robot cell, the use case, and the robot
skill recipes. The Robot Cell Information file defines the robot and end-
effector configuration; the Use-Case Information file defines the product
and process context and the associated recipe references; and the Robot
Skill Recipe file defines the executable skill logic and its parameters.
Together, these files provide the orchestrator with the information
required to initialise the execution environment, instantiate the product
and process context, and locate the recipes used during runtime. Robot
configuration, product information, process logic, and skill-execution
definitions are therefore externalised from the core software modules
and represented in a reusable, structured form. Representative examples
of these configuration files are provided in Appendix B.

Once this configuration data is loaded, the orchestrator launches the
execution environment by initialising the robot cell, the planning and
control layer, the APG and Perception modules, and the service in-
terfaces used for skill execution. This launch logic is the same whether
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the R3M Cell is executed in simulation or on real hardware, reinforcing
the shared execution structure of the architecture.

4.5.2. Skill execution process

The R3M Cell Orchestrator manages the execution of robot programs
through a dedicated ROS 2 service, /r3m_SkillExecution, which acts as
the interface between the APG module and the robot cell. During
execution, the APG module sends a recipe ID as input, identifying the
skill to be executed. The same service can also be manually triggered for
testing purposes. Upon receiving a request, the orchestrator retrieves the
corresponding recipe, loads the relevant skill parameters, executes the
operation, and returns feedback describing the execution result.

The feedback exchanged during execution relies on a set of custom
ROS 2 message types representing the robot state, product state, and
liaison conditions. The skill.msg structure encapsulates execution time,
error information, robot state, product states, and liaison information
through nested message types including rob.msg, product.msg, pose.
msg, and liaison.msg. These message structures provide a consistent
data model for monitoring execution and exchanging system-state in-
formation between the robot cell, the orchestrator, and the APG module.
Representative definitions of these message structures are provided in
Appendix B.

4.5.3. Program execution using a pre-trained RL agent in MATLAB

This section describes how a pre-trained RL agent is integrated into
the R3M APG module and used to drive closed-loop program execution
within the R3M system. A concrete implementation of this generic
execution logic is later illustrated in a specific use-case demonstration in
Section 5.4, where Fig. 12 provides an example of the closed-loop in-
formation flow between the orchestrator, the APG module, the Percep-
tion module, and the robot cell.

Once trained, the RL agent is exported from MATLAB/Simulink as an
executable Python program and integrated into the R3M-APG module.
At runtime, the agent receives the current system state as input and
returns an action corresponding to a recipe ID. This recipe ID is sent to
the R3M Cell Orchestrator, which interprets it as a request to execute a
specific skill.
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Before execution, the orchestrator queries the R3M Cell and Use-Case
Information database to retrieve the parameters associated with the
selected recipe. Depending on the requested skill, execution is then
delegated either to the robot cell or to the perception module. Robot
skills trigger actions such as motion execution or end-effector operation,
while perception skills trigger object detection and pose estimation. In
both cases, the corresponding module returns updated system-state in-
formation to the orchestrator. The orchestrator then assembles execu-
tion feedback, including equipment state, product state, and process
outcome, and returns it to the APG module. This updated state becomes
the next input to the RL agent, closing the execution loop. The process
continues iteratively until the required liaison conditions are satisfied,
indicating that the task has been completed successfully.

A key strength of the R3M architecture is its modularity. For
example, the perception component used in this implementation can be
replaced by alternative perception pipelines without major changes to
the rest of the architecture. This makes the APG methodology scalable
and adaptable across different industrial applications.

The robustness of this execution process is grounded in liaison vali-
dation. In R3M, liaisons represent the target relational conditions be-
tween the objects involved in a use case; that is, the expected final
relative poses or assembly relationships that define successful task
completion. A liaison includes the parent and child objects, the target
transformation between them, and the admissible error thresholds used
for validation. During execution, these liaisons are stored as part of the
use-case information and represent the objective states that the system
aims to achieve. The orchestrator evaluates them against the object-pose
estimates returned by the perception skill during execution to determine
whether the intended product state has been reached.

Rather than validating every atomic action individually, the system
therefore evaluates whether the expected liaisons between parts are
satisfied at the end of a task. If the required liaisons are not achieved, the
updated product state is returned through the perception feedback, and
the RL agent generates a new action to reattempt the task. This enables
the system to recover from execution errors and continue toward suc-
cessful task completion without external intervention.
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4.6. Component integration

Fig. 6 presents the runtime integration architecture of the R3M cell.
The R3M Cell Orchestrator is the central coordination component,
consuming services and data from the surrounding subsystems through
typed interfaces. Industrial safety and I/0 are encapsulated in the PLC/
Safety & 1/0 component, which provides ISafetyIO to the Orchestrator
for interlocks, mode control, and emergency-stop handshakes. The PLC
also provides a IStatusFeed that the HMI requires for operator supervi-
sion and fault acknowledgement. Motion authority is delegated to R3M
Robotics Control, which provides IMotionControl; the Orchestrator re-
quires this interface to issue trajectories and monitor execution. Task
knowledge originates in R3M APG, which provides ISkillExecution for
skill invocation and provides IRecipeLookup to Robotics Control for
recipe parameterisation. The R3M Database provides IRecipeR-
epository, which APG requires to retrieve and persist product, process,
and skill assets. Perceptual grounding is delivered by R3M Perception,
which provides IObjectState to the Orchestrator, enabling state esti-
mation, verification of preconditions, and recovery logic. Lollipop and
socket symbols denote provided and required interfaces, respectively,
emphasising contract-based coupling and separation of concerns.
Collectively, the diagram formalises data and control pathways for
safety, motion, perception, and task synthesis, yielding a reproducible
and auditable integration pattern suitable for adaptive manufacturing.

5. Use case demonstration: Al-enhanced object manipulation

The integration of the R3M framework was validated through two
industrially relevant use cases, namely Cube Kitting and Cylinder
Stacking, carried out at Cranfield University and the Advanced
Manufacturing Research Centre (AMRC). These demonstrators were
executed on the ABB IRB120 and UR3 at Cranfield, and on the ABB
IRB1200 at the AMRC, corresponding to Cube Kitting and Cylinder
Stacking, respectively. To ensure consistency, the APG modules
(Sections 5.1 and 5.2) and the agent execution process (Section 5.4)
were applied within the Cylinder Stacking scenario, while the percep-
tion pipeline developed in University of Sheffield (Section 5.3) was
validated across both Cube Kitting and Cylinder Stacking. At the AMRC
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Fig. 6. Component level integration architecture of the R3M Cell, centred on the Orchestrator as the coordinating element for robotics control, PLC safety and 1/0,
APG, perception, database services, and HMI supervision. The provided and required interfaces define the control, data, and feedback pathways needed for safe
execution, task synthesis, perception driven state estimation, and operator oversight.
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(Section 5.4), complete integration was demonstrated through both use
cases, thereby confirming the scalability of the framework across sites
and robotic platforms.

5.1. Defining functional requirements for the cylinder stacking use case

The effectiveness of the APG methodology introduced by the R3M
project depends fundamentally on the completeness and coherence of
the information provided during the requirements definition phase.

For the Cylinder Stacking use case, this phase involves capturing and
formalising all relevant data across three interrelated domains: product,
process, and equipment. This structured knowledge forms the backbone
of subsequent APG stages and is represented using AML, a standard well-
suited for describing manufacturing systems with semantic precision
and interoperability.

5.1.1. Product domain specification

The product defined for this use case comprises two individual
components: a blue cylinder (bottom) and a green cylinder (top). The
required task is to stack the green cylinder directly on top of the blue
cylinder. To represent this behaviourally, the product model includes
two skill requirements, each described with the common attribute Skill
Type set to "pick-and-place task". These skill requirements represent the
fundamental actions required to manipulate and position the parts.

The product model also includes precedence constraints between
these skill requirements to maintain the correct sequence of operations,
first picking and placing the bottom cylinder, followed by placing the
green cylinder on top of the blue one. Furthermore, the liaison defini-
tions specify how the two cylinders interact physically to form the
assembled product. In this model, two liaisons are defined abstractly,
indicating the spatial and relational configuration necessary to complete
the stacking task.

5.1.2. Equipment domain specification

The physical system used for this use case includes three main
equipment modules: a 6-DOF industrial robot arm, a pneumatic gripper,
and an overhead vision camera. Each module exposes its capabilities
through well-defined atomic skills, each having distinct functional roles:

e The robot module supports a move skill, which is essential for
translating the robot end-effector between 6DoF robot poses. This
skill is parameterised by pose and speed attributes.

e The gripper module provides hold and release skills, allowing it to
grasp and release objects. These are typically parameterised using
binary settings (e.g., open/close).

e The camera module supports inspect and detect skills, which can aid
in object recognition and positioning tasks.

Each atomic skill in the equipment domain is defined with explicit
input and output parameters. These parameters are crucial for enabling
dynamic recipe generation. Moreover, skills can report KPIs such as
execution time, power usage, or material consumption through dedi-
cated information ports, which are later used in the reinforcement
learning phase to optimise performance.

5.1.3. Process domain specification

The process model for the Cylinder Stacking task is represented using
Composite Recipes. Fig. 7 highlights these structured templates encap-
sulating the domain knowledge about how tasks should be logically and
operationally decomposed. Three primary composite recipes are defined
for this use case:

e Pick and Place — a higher-level abstraction that encompasses object
manipulation routines.

e Pick — a more granular recipe focusing on grasping the object.

e Place - a recipe for positioning and releasing the object.
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Each composite recipe includes its own skill requirements, also tag-
ged with Skill Type, ensuring consistent traceability and automatic
matching during the recipe generation phase. The nesting and refer-
encing of composite recipes provide a scalable way to handle process
complexity while supporting reusability across different tasks.

5.1.4. Unified model representation

All product, process, and equipment descriptions are encoded in
AML, which allows for semantic linkage and structured representation
of interdependencies across domains. The Skill Type attribute, consis-
tently applied across skill requirements, composite recipes, and equip-
ment skills, acts as the key matching parameter for the APG
methodology. This attribute essentially serves as the de facto standard
that bridges domain-specific representations, allowing the automation
system to interpret, deconstruct, and reassemble knowledge components
for program generation.

5.2. APG methodology implementation for the cylinder stacking use case

Building upon the structured domain models defined during the re-
quirements definition phase, the APG methodology is applied to realise
the Cylinder Stacking use case. The APG implementation in R3M follows
a three-step process: Recipe Generation, Reinforcement Learning, and
Code Generation. This section details the execution of these steps,
emphasising how the semantic alignment between product, process, and
equipment models enables end-to-end automation.

5.2.1. Step 1: recipe generation

The recipe generation phase begins with automated skill matching,
wherein the system attempts to fulfil the skill requirements of the
product using available equipment capabilities. In the Cylinder Stacking
scenario, the two product-defined skill requirements each characterised
by the Skill Type “pick-and-place task” are examined for direct matches
with the equipment’s atomic skills. However, as expected, atomic skills
like move, hold, and release are too granular to directly fulfil the high-
level product requirements.

To resolve this, the system turns to the library of Composite Recipes,
which bridge the abstraction gap between product needs and low-level
equipment functions. The system identifies that the “Pick and Place”
composite recipe matches the skill type required by the product. How-
ever, this recipe itself contains further skill requirements such as pick
and place that again need to be resolved.

The system recursively searches the composite recipe library and
identifies individual recipes for pick and place, which in turn decompose
into skill requirements that match directly with equipment-level atomic
skills. Specifically, the pick recipe maps to a sequence of move and hold
skills, while the place recipe corresponds to move and release skills. At
this point, all skill requirements can be grounded in executable skills
available in the equipment domain.

Each equipment skill is associated with parameters. For example, the
move skill of the robot requires pose and speed inputs. To accommodate
variability in real-world conditions, the system considers a range of
possible parameter settings. For the stacking task, five pre-evaluated
robot poses (representing viable pick-and-place positions) are defined
based on expert knowledge. These preset positions form the basis for
generating a diverse set of skill recipes with parameter values which will
later be evaluated for optimality.

5.2.2. Step 2: reinforcement learning

For the Cylinder Stacking use case, the reinforcement learning (RL)
problem is formulated to optimise the selection of parametrised recipes
that govern the pick-and-place operations required to assemble two
cylinders. The objective of the learning process is to minimise the total
execution time of the task by selecting the most efficient sequence of
actions from a set of alternative recipes generated during the recipe
generation phase.
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Fig. 7. Domain specific requirements model for the Cylinder Stacking use case. The representation captures the product, process, and equipment information
required for automated programme generation, including skill requirements, composite recipes, skill types, and executable equipment skills that support the gen-

eration of feasible stacking sequences.

The learning environment is implemented using a digital twin of the
robotic cell, where the system state captures the progress of the stacking
task at each decision step. The state representation includes the poses of
the two cylinders, the status of the two liaisons (i.e., the placement of the
first cylinder on the base and the stacking of the second cylinder on top
of the first), as well as the pose of the robot and the state of the gripper.
Based on this state, the RL agent selects an action corresponding to a
recipe ID, where each recipe represents a parametrised skill instance
such as pick, move, or place.

A key aspect of this use case is the introduction of multiple alterna-
tive recipes for each robot pose. Specifically, for every movement
involved in the pick-and-place operations, five alternative recipes are
defined. These alternatives correspond to different feasible robot poses
that achieve the same task objective, such as approaching an object from
different orientations or executing a placement from slightly varied
configurations. This significantly increases the size of the action space,
as the agent must not only determine the correct sequence of operations
but also identify the most efficient pose configuration among the
available alternatives. Consequently, the RL problem becomes a
combinatorial optimisation task over both sequence and parameter
selection.

The reward function is defined as a penalty-based measure of
execution time, such that r = (— T(a;)), where T(a;) denotes the
execution time of the selected recipe. Under this formulation, the agent
is encouraged to minimise execution time by selecting faster and more
efficient recipes. The learning process is carried out using the Proximal
Policy Optimization (PPO) algorithm, which iteratively updates the
policy based on interactions with the simulated environment.

The training progress for the Cylinder Stacking use case is illustrated
in Fig. 8. The plot shows the episode reward, its 5-episode moving
average, and the associated confidence band. In the initial phase of
training, the reward values exhibit significant variability, reflecting the
exploratory behaviour of the agent as it evaluates different combinations
of recipes. This variability is particularly high due to the presence of
multiple alternative poses for each action, which introduces many
possible configurations. As training progresses, the agent begins to
favour more efficient recipes, resulting in a steady increase in reward
values (i.e., reduction in execution time penalties).

A clear convergence trend is observed as the training advances
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beyond approximately 2000 episodes. The moving average gradually
approaches the final best reward, while the confidence band narrows,
indicating reduced variability in action selection. Importantly, the final
converged reward represents the best performance achieved during
training, and no intermediate episode exceeds this value. This confirms
that the agent has successfully identified the optimal combination of
recipes for the stacking task. The stabilisation of the reward in the final
episodes further indicates that the policy has converged and consistently
produces near-optimal decisions.

Overall, the results demonstrate that the RL setup is capable of
effectively handling the increased complexity introduced by multiple
alternative recipes. The agent not only learns the correct sequence of
actions required for the stacking task but also optimises the selection of
robot poses to minimise execution time. This highlights the ability of the
APG methodology to address both sequencing and parameterisation
challenges in automated robot programming.

5.2.3. Step 3: code generation

In the final stage of the APG methodology, the trained reinforcement
learning agent for the Cylinder Stacking use case is converted into an
executable program that can be deployed within the robotic system. The
agent, which has been trained using Proximal Policy Optimization (PPO)
in MATLAB, is exported using MATLAB’s code generation capabilities
and packaged as a Python module through the MATLAB Compiler SDK.
This conversion enables the learned policy to operate independently of
the MATLAB environment, while execution on a Linux-based system is
supported through the MATLAB Runtime, allowing royalty-free
deployment.

The resulting Python module implements the learned policy as a
function that maps the current system state to an action. For the Cylinder
Stacking task, the system state includes the poses of the two cylinders,
the status of the two liaisons (base-to-cylinder and cylinder-to-cylinder),
the robot pose, and the gripper state. At runtime, this state is continu-
ously updated based on feedback from the robotic cell or its digital twin.
Upon receiving a state input, the Python-based agent evaluates the
current progress of the stacking task and outputs an action in the form of
a recipe ID, corresponding to a parametrised skill such as pick, move, or
place.

The generated action is passed to the R3M Cell Orchestrator, which
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Fig. 8. Reinforcement learning training performance for the Cylinder Stacking use case. The reward trajectory, moving average, and confidence band characterise
the agent’s progression from exploratory recipe selection towards more efficient policies, demonstrating convergence towards reduced execution time penalties

across training episodes.

interprets the recipe ID as a request to execute a specific skill instance.
The orchestrator retrieves the corresponding recipe parameters,
including target poses, motion constraints, and gripper commands, from
the system database. Based on the type of skill, the execution request is
then directed either to the robot control module or to the perception
module. For example, if the selected action corresponds to a pick
operation, the robot is commanded to move to the detected position of
the cylinder, close the gripper, and update its internal state accordingly.
Similarly, placement actions are executed by moving the cylinder to the
target stacking position while ensuring alignment with the required
liaison.

A key aspect of this execution process is the continuous feedback
loop between the robotic system and the trained agent. After each action
is executed, the updated system state includes the new poses of the
cylinders, the status of the liaisons, and the robot cell’s status is returned
to the agent. This updated state reflects the progress of the stacking task
and serves as the input for the next decision step. If a desired liaison is
not achieved, for example due to misalignment or unsuccessful place-
ment, the state will indicate that the assembly condition has not been
satisfied. In response, the agent selects an alternative recipe to reattempt
the operation, such as adjusting the approach pose or repeating the pick-
and-place sequence. This enables the system to adapt dynamically to
execution uncertainties.

The execution process continues iteratively until both liaisons are
satisfied, indicating that the first cylinder is correctly placed on the base
and the second cylinder is successfully stacked on top of the first. At this
point, the system reaches the terminal state of the task. The resulting
program therefore consists of a closed-loop decision-making structure,
where the trained agent continuously selects optimised actions based on
the real-time state of the robotic cell. This ensures that the final
execution sequence is not a fixed script, but a dynamically generated
program that adapts to the current situation while consistently aiming to
minimise execution time.

5.3. Object detection and pose estimation via perception systems

In the Cube Kitting and Cylinder Stacking tasks, the one-shot object
detection and 6DoF pose estimation presented in Section 4.3 are
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performed sequentially to facilitate precise manipulation. Initially, all
relevant objects are detected simultaneously using a One-Shot Detection
approach, guided by query images. The detection results, as illustrated
on the top-left side of Fig. 9, include the bounding boxes, object IDs, and
confidence scores ranging from 0 to 1.

Following the detection step, the identified objects are processed by
a 6DoF pose estimator to determine their full six-degree-of-freedom
(6DOF) poses. The estimated poses are visually represented by green
contour lines outlining the objects, as shown on the right side of Fig. 9.
This integrated pipeline enables accurate object localization and pose
estimation, which are crucial for downstream manipulation tasks in
robotic applications.

Initially, the system performs an initial inference using a 6DoF esti-
mator. After obtaining the initial pose estimation, the perception system
switches to a faster 6DoF estimator that enables real-time pose estima-
tion. These real-time 6DoF poses are continuously published through a
ROS 2 Topics, with each object assigned a dedicated topic, this being
identified with the object’s name. The robot program execution module
subscribes to these topics as needed, ensuring seamless access to up-to-
date pose data for precise manipulation tasks. Since the perception
system runs in the background with minimal resource consumption, it
does not need to be explicitly invoked each time perception information
is required. This continuous real-time publishing mechanism signifi-
cantly enhances the efficiency and accuracy of object handling in robotic
applications, such as pick-and-place tasks.

The perception system follows a structured pipeline, as illustrated in
Fig. 10. To facilitate pose estimation, four image queries and four cor-
responding mesh files are pre-prepared, each representing one of the
four cubes. The image queries capture both the colour and geometric
features of the target objects, enabling the system to distinguish between
cubes of identical shape but different colours. Since the 6DoF pose
estimator operates only within the regions identified by the One-Shot
Detection results, texture information is not required. This selective
focus improves computational efficiency by limiting the estimation
process to the relevant object regions, ensuring accurate pose pre-
dictions for subsequent robotic manipulation.

The perception system follows a structured pipeline, as illustrated in
Fig. 10. To support pose estimation, four image queries and four
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Fig. 9. (a) One-Shot Detection results for Cube Kitting. (b) 6DoF pose estimation results for Cube Kitting. (c) One-Shot Detection results for Cylinder Stacking. (d)

6DoF pose estimation results for Cylinder Stacking.

corresponding mesh models are prepared, each representing one of the
four cubes. The image queries provide colour and geometric cues,
enabling the system to distinguish between cubes with identical geom-
etry but different colours. The 6DoF pose estimator is then applied only
to the object regions identified by the one-shot detection module. Within
these regions, pose estimation primarily relies on the geometric infor-
mation provided by the mesh models rather than texture features. This
region-constrained estimation improves computational efficiency by
limiting pose inference to relevant object areas.

Image queries

5.4. Execution and validation of the APG-generated program for the
cylinder stacking use case

This section presents the integrated validation of the R3M framework
through the Cube Kitting and Cylinder Stacking use cases. Both dem-
onstrations were carried out in the RECON Cell at the AMRC’s Factory
2050 facility using an ABB IRB 1200-5/0.9 robot equipped with a
pneumatic Zimmer two-jaw parallel gripper. The purpose of this section
is to demonstrate how the R3M architecture supports complete program
execution, perception-informed adaptation, and validation of task

OSD _results

6DoF_PE

6DoF_PE results

Fig. 10. Perception inference workflow for the Cube Kitting use case, linking query image preparation, mesh model selection, one shot object detection, region
localisation, and six degree of freedom pose estimation. This process enables pose recovery for task relevant cube objects using CAD informed perception rather than

object specific retraining.
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completion in representative industrial scenarios.

Although the perception methodology described earlier in the paper
is primarily based on the OSD+M6D pipeline, the integrated demon-
strations reported in this section employed YOLOv11 within the R3M
Perception module. This choice was motivated by practical runtime
considerations, as YOLOv11 offered substantially faster loading and
execution, enabling more immediate response during perception-skill
execution and smoother overall operation in the demonstration envi-
ronment. This implementation choice does not alter the surrounding
architecture; rather, it highlights an intended property of the frame-
work, namely that the perception layer is modular and allows alterna-
tive pipelines to be integrated and evaluated without structural changes
to the rest of the R3M system.

5.4.1. Cylinder stacking use case

For the Cylinder Stacking use case, two cylinders and a tray were
placed between four ArUco markers inside the RECON Cell. Custom 3D-
printed fingertips were mounted on the gripper, with a two-step ge-
ometry that allowed stable grasping of both the thinner and wider cyl-
inders. After successful completion of the task, the larger cylinder was
placed inside the tray and the smaller cylinder was stacked inside it. The
use case was tested with different initial positions of both cylinders and
the tray, demonstrating the ability of the framework to handle positional
variation while maintaining correct execution.

5.4.2. Cube kitting use case

For the Cube Kitting use case (Fig. 11), an external camera mounted
on a tripod was used to detect the cubes and tray, again positioned be-
tween four ArUco markers. Custom metal fingertips were fitted to the
gripper to allow top-down access to the cubes while avoiding collision
with adjacent parts during placement. After successful execution, all
four cubes were placed within the tray according to the required final
arrangement. The task was demonstrated with cubes placed in different
initial locations, including partially overlapping configurations,
showing that the framework could adapt to varying spatial setups
through the perception and execution pipeline.

5.4.3. Use-case implementation and execution of the R3M architecture
The execution and validation of APG-generated programs within the
R3M framework are illustrated through the Cylinder Stacking use case.
As shown in Fig. 12, this use case provides a concrete implementation of
the generic closed-loop execution logic introduced in Section 4.5. In this
scenario, the APG module controls the sequential stacking of two
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cylinders by issuing recipe requests to the orchestrator, which then co-
ordinates robot-skill execution, perception updates, and liaison
validation.

The execution starts with the APG agent selecting a recipe ID asso-
ciated with one of the required operations in the task. For the Cylinder
Stacking case, these recipes correspond to atomic robot skills such as
PTP movements to home, approach, or transfer poses, LIN movements to
pick and place poses, and gripper actions for closing and opening the
Zimmer gripper. As illustrated on the right-hand side of Fig. 12, these
skills are parameterised by type, speed, pose, and action values. During
runtime, the orchestrator retrieves the corresponding recipe specifica-
tions and dispatches the request either to the robot cell or to the
perception module, depending on whether the next step requires phys-
ical execution or an updated estimate of the product state.

The Cylinder Stacking process naturally unfolds in two sub-
sequences: first, the pick-and-place of the bottom cylinder onto the
workspace, and second, the pick-and-place of the top cylinder into the
bottom cylinder. Each sub-sequence combines robot motions, gripper
operations, and intermediate perception updates. In normal execution,
this results in a sequence of approach, pick, transfer, and placement
operations selected by the RL agent to complete the stacking task
efficiently.

Task completion is not determined only by executing these robot
skills, but by validating the required liaisons shown in Fig. 12. In this use
case, two liaisons define success: the first checks that the bottom cyl-
inder has been placed correctly on the workspace, and the second checks
that the top cylinder has been placed correctly relative to the bottom
cylinder. Each liaison encodes a target spatial relationship, including
parent and child objects, the expected relative transform, and admissible
error bounds. During execution, the orchestrator compares these target
conditions against the object poses estimated at runtime by the
perception module. Only when both liaisons are satisfied is the stacking
task marked as complete.

This validation mechanism is what gives the process its robustness.
If, for example, a cylinder is misplaced or slips during placement, the
corresponding liaison is not satisfied even if the robot skill itself has been
executed. In that case, the failure state is returned to the APG agent,
which generates a new action sequence to recover and continue
execution. The result is a closed-loop assembly process in which the
Cylinder Stacking task is not only executed, but also verified and cor-
rected automatically through the same R3M architecture.

Fig. 11. Experimental and digital views of the RECON Cell used for integrated R3M demonstrations. A shows the terminal output of the execution process, B shows
the output of the YOLOv11-based object detection and pose estimation within the R3M Perception module, C shows the robot digital twin in RViz, D shows the real
robot and camera view in the physical cell, and E shows the corresponding simulated robot in Gazebo Sim. Together, these views illustrate the simultaneous
operation of execution, perception, visualisation, and simulation within the R3M architecture.
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Fig. 12. Closed-loop information flow in the R3M Cell for the Cylinder Stacking use case. The figure shows a concrete implementation of the generic execution logic
introduced in Section 4.5, illustrating how the APG module, the R3M Cell Orchestrator, the Perception module, and the robot cell exchange recipe requests, skill
results, and system-state feedback during runtime. The right-hand side also shows examples of robot-skill definitions and liaison conditions used to validate successful

task completion.

6. Results & discussion

The demonstrations presented in Section 5 validate the ability of the
R3M framework to integrate APG, perception, and agent execution
across different industrial scenarios, robotic platforms, and research
sites. These results show that the framework can support scalable and
adaptable deployment while linking high-level domain models with
execution-level mechanisms for flexible task execution in heterogeneous
environments. Building on these findings, Section 6 provides a critical
reflection on these outcomes, discussing the extent to which the pro-
posed objectives have been achieved, together with the main strengths
and limitations observed during implementation.

6.1. R3M cell: software architecture

The R3M Cell architecture was evaluated in terms of reliability,
consistency, and reconfigurability across multiple robotic platforms and
tasks. Performance metrics included environment launch time, skill
execution responsiveness, and overall program robustness in both
simulation and real-world deployments. Particular emphasis was placed
on sim-to-real consistency, assessing the transferability of results from
Gazebo simulations to physical systems. All experiments were executed
through automated Python-based test pipelines leveraging ROS 2
communication interfaces, enabling large-scale, reproducible evaluation
across diverse scenarios.

6.1.1. Test design

All tests were executed through automated Python scripts that
managed the launch and shutdown of the ROS 2 environment, issued
commands through ROS 2 Topics, Services, and Actions, and recorded
the results in structured .csv files for subsequent analysis. This enabled
large-scale, reproducible evaluation across multiple robots, environ-
ments, and use cases with minimal human intervention.

Three categories of tests were conducted to evaluate the R3M Cell
architecture:

6.1.1.1. ROS 2 environment launch. These tests measured launch time
and launch success across simulation and real-robot environments.
Three subtests were performed:
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A. Gazebo Simulation Launch: 1700 iterations across 17 different R3M
robot-cell environments, each repeated 100 times, measuring robot-
spawn and environment-launch behaviour.

. Gazebo + Movelt!2 Launch: 1700 iterations across the same 17 en-
vironments, measuring robot spawn, controller loading, robot-
operation node initialisation, and overall environment launch time.

. Real Robot Control + Movelt!2 Launch: 1000 iterations split equally
between the ABB IRB120 and URS3 cells at Cranfield University,
measuring robot connection, ROS 2 driver initialisation, controller
loading, monitoring, and overall launch performance.

6.1.1.2. R3M skill execution. These tests evaluated the reliability and
consistency of a standard three-skill execution sequence composed of
joint-space motion, Cartesian motion, and return-to-home. Each test
iteration involved launching the environment, executing the three-skill
sequence, and closing the environment. The test campaign comprised:

A. Simulation Tests: 4000 iterations distributed across four simulated
R3M cells (IRB120 and URS3 at Cranfield, IRB1200 and IRB6640 at
AMRC-Sheffield).

B. Real Robot Tests: 2000 iterations across the ABB IRB120 and UR3
cells at Cranfield.

For each iteration, launch success, APG node initialisation, skill-
execution success, robot-motion execution time, and total sequence
execution time were recorded.

6.1.1.3. R3M program execution. To assess the architecture under a
more complex task, the Cube Kitting program was used as a program-
level benchmark. The program consisted of 41 skills in simulation,
including perception steps, and 37 skills on real hardware. It therefore
evaluated not only atomic skill reliability, but also end-to-end execution
robustness, including liaison validation. The test campaign comprised:

A. Simulation Tests: 2000 iterations in total (1000 each on the IRB120
and UR3 cells at Cranfield), with automated success verification
based on Gazebo object-pose checks.

B. Real Robot Tests: 200 iterations in total (100 each on the IRB120 and
UR3 cells at Cranfield), where cube-placement verification was
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performed manually while all other data collection remained
automated.

6.1.2. Test results analysis

6.1.2.1. Gazebo simulation and R3M environment launch. The launch
results show that the R3M Cell architecture achieved very high reli-
ability across both simulation and real-robot environments. In pure
Gazebo simulation (Table 4), both robot spawn and overall ROS 2
environment initialisation reached 100.00% success over 1700 itera-
tions, with very low dispersion. The same trend is visible in the full
simulated R3M environment (Table 5), where overall launch reached
99.93% success across 6700 iterations, while the APG ROS 2 node
reached 100.00% success over 5000 iterations with a mean launch time
of 0.54 4 0.04 s. These results indicate that the architecture can be
launched repeatedly and consistently across a large number of simulated
configurations.

For the real-robot configurations, both ABB and UR environments
also showed high launch reliability, but with different timing behaviour.
The ABB environment (Table 6) achieved 99.69% success overall,
although several components exhibited larger variability due to occa-
sional outliers in robot connection and driver initialisation. The UR
environment (Table 7) achieved 99.88% success, with a slower but more
stable overall launch time (11.00 + 0.28 s, compared with 7.71 + 1.62 s
for ABB). The APG ROS 2 node showed identical launch behaviour in
both configurations (0.78 + 0.08 s), indicating that this component
behaved consistently across robot platforms.

6.1.2.2. R3M skill execution. The skill-execution results show that the
R3M execution layer was fully reliable for both robot platforms. The
standard three-skill test sequence (consisting of joint-space motion,
Cartesian motion, and return-to-home) achieved 100.00% success in
both simulation and real hardware for the ABB IRB-120 and UR3 robots.
This confirms that the ROS 2-based execution pipeline remains stable
across both virtual and physical deployments.

In terms of timing, the ABB robot (Table 8) showed highly stable
simulation performance (4.79 + 0.01 s) and fully reliable real execution,
although with greater variability (4.00 + 0.66 s) than in simulation. The
UR3 (Table 9) remained highly consistent in both cases, with mean
sequence times of 13.14 + 0.01 s in simulation and 13.28 + 0.01 s on
real hardware. Across both robots, the difference between robot motion
time and total skill-execution time remained small (less than 0.30 s per
skill), indicating that the R3M framework introduces only a limited and
predictable overhead for communication, feedback handling, and
execution confirmation.

6.1.2.3. R3M use-case execution. The program-level results in Tables 10
and 11 show that the Cube Kitting use case was executed with high
reliability in both simulation and real hardware. In simulation, overall
execution success reached 97.40% for the ABB robot and 97.10% for the
UR robot, while real-robot trials achieved 100.00% success in both
cases. Liaison success followed the same pattern, with 96.99% and
96.70% in simulation, and 100.00% in real execution. These results
show that the architecture is capable of executing full task sequences
while also validating the intended final object relationships.

Table 4
Gazebo simulation launch results, reporting success rate and timing statistics for
robot spawn and overall ROS 2 environment initialisation across 1700 iterations.

Element Iterations  Success Mean Median STD Min/
Rate (s) (s) (s) Max (s)
Robot 1700 100.00% 1.89 1.88 0.07 0.58
Spawn
ROS 2 Env. 1700 100.00% 2.79 2.84 0.14 0.84
Launch
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The slightly lower success rates observed in simulation were asso-
ciated with a small number of launch and skill-execution timeout events,
rather than systematic failures in task logic or liaison validation.
Although the exact cause cannot be identified with certainty, these
events are most plausibly attributable to transient timing or
computational-load effects during large-scale repeated simulation trials.
The execution-time differences between simulation and real hardware
were also consistent with the characteristics of the two robot platforms:
for the ABB cell, Gazebo execution was slightly slower because of delay
introduced when attaching cubes to the end-effector, whereas for the
URS3 the real-robot trials were slower because the collaborative robot
was operated at reduced speed for safety.

6.1.3. Conclusion

The experimental evaluation demonstrates that the R3M ROS 2-
based architecture is both reliable and consistent across simulation
and real-robot deployments. Environment launch, skill execution, and
full use-case execution all achieved high success rates, with performance
variability remaining modest in most cases. Both the ABB IRB-120 and
UR3 robots showed 100.00% reliability in the standard three-skill
execution sequence, while the Cube Kitting use case consistently ach-
ieved execution success rates above 97% in simulation and 100.00% in
real trials. These results confirm that the architecture provides a stable
and predictable framework for robotic operation, effectively bridging
the sim-to-real gap and enabling repeatable deployment across hetero-
geneous platforms. The modest overhead observed between robot
movement execution time and total skill execution time (approximately
0.25-0.30 s per skill) further supports the efficiency of the communi-
cation and control pipeline, ensuring responsiveness without compro-
mising stability.

The few errors observed during testing were traced to specific
sources, including Gazebo simulation launch timeouts, TCP/IP connec-
tion losses or timeouts during robot connection, Movelt!2 execution
errors, and skill-execution timeouts with no feedback returned. These
failures were rare, but they highlight clear directions for future refine-
ment. In particular, the lower reliability and slower connection behav-
iour observed when interfacing with the ABB robot suggest that there is
room for improvement in the design and implementation of its ROS 2
driver. Potential solutions include more robust retry mechanisms for
launch and connection processes, improved network stability and
watchdog monitoring for robot communication, and extended feedback
timeout handling during skill execution. In addition, strengthening
Movelt!2 error-recovery routines could further reduce planning and
execution failures. Addressing these issues would improve the resilience
of the R3M framework and further strengthen its suitability for indus-
trial deployment.

6.2. R3M APG: program generation and execution

The proposed Automated Program Generation (APG) methodology
was evaluated across multiple robotic assembly use cases, including
LamSheet Pick and Place, Cube Kitting, Cylinder Stacking, Can Pick and
Place, and Panel Handling. These use cases were selected to represent a
spectrum of task complexities, ranging from simple pick-and-place op-
erations to multi-step assembly scenarios involving multiple parts and
liaisons. The results demonstrate that the APG methodology can
generate optimised robotic programs across all cases, confirming its
effectiveness as a generalised framework for automated robot
programming.

The reinforcement learning (RL) training behaviour provides
important insights into the optimisation process. In all use cases, the
training initially exhibits high variability in reward values, reflecting the
exploratory nature of the agent as it evaluates different combinations of
parameterised recipes. This phase is particularly pronounced in more
complex tasks, where the number of possible recipe combinations is
significantly larger. As training progresses, the agent begins to identify
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Table 5
R3M environment launch results in simulation, reporting success rate and timing statistics for the main launch components and overall environment initialisation.
Element Iterations Success Rate Mean (s) Median (s) STD (s) Min/Max (s)
Robot Spawn 1700 100.00% 1.91 1.90 0.09 1.32
Robot Controllers 1700 100.00% 8.46 8.40 0.23 1.59
Robot Operation 1700 100.00% 8.46 8.40 0.23 1.59
Robot Monitoring 1700 100.00% 7.44 7.41 0.12 1.37
R3M Environment 6700 99.93% 8.54 8.50 0.20 1.14
APG ROS 2 Node 5000 100.00% 0.54 0.52 0.04 0.22
Table 6

R3M environment launch results for the ABB robot cell, reporting success rate and timing statistics for robot connection, ROS 2 driver initialisation, core launch
components, and overall environment initialisation.

Element Iterations Success Rate Mean (s) Median (s) STD (s) Min/Max (s)
Robot Connection 500 99.80% 1.04 0.58 2.34 23.17

ROS 2 Driver 500 99.20% 1.95 0.61 3.56 23.08

Robot Controllers 500 99.20% 8.56 7.17 3.79 22.46

Robot Operation 500 99.20% 8.56 7.17 3.79 22.46

Robot Monitoring 500 99.20% 7.63 6.26 3.80 23.35

R3M Environment 1600 99.69% 7.71 7.20 1.62 16.63

APG ROS 2 Node 1100 100.00% 0.78 0.75 0.08 0.25

Table 7

R3M environment launch results for the UR robot cell, reporting success rate and timing statistics for robot connection, ROS 2 driver initialisation, core launch
components, and overall environment initialisation.

Element Iterations Success Rate Mean (s) Median (s) STD (s) Min/Max (s)
Robot Connection 500 100.00% 2.78 2.81 0.22 1.38
ROS 2 Driver 500 100.00% 2.78 2.81 0.22 1.38
Robot Controllers 500 100.00% 9.22 9.22 0.23 1.43
Robot Operation 500 100.00% 9.22 9.22 0.23 1.43
Robot Monitoring 500 100.00% 8.32 8.33 0.23 1.44
R3M Environment 1600 99.88% 11.00 11.08 0.28 1.73
APG ROS 2 Node 1100 100.00% 0.78 0.75 0.08 0.25

more efficient execution strategies, leading to a steady increase in
reward values, which corresponds to a reduction in execution time. In
the final stage of training, all use cases demonstrate clear convergence,

Table 8
R3M Architecture test results: R3M Skill Execution (ABB Robot).

Scenario Iterations  Success Mean  Median STD  Min/ where the reward stabilises at its maximum value. Notably, the final
(ABB) Rate ® ® ® Max (s) converged reward represents the best performance achieved during
Simulation 1000 100.00%  4.79 4.79 0.01  0.05 training, with no intermediate episode exceeding this value as shown in
Real Robot 1000 100.00% 4.00 3.47 0.66 1.40

Fig. 13. This confirms that the learned policy corresponds to the optimal
selection of recipes within the explored search space.
A key observation from the results is the variation in convergence

Table 9 behaviour across different use cases. Simpler tasks, such as LamSheet
R3M Architecture test results: R3M Skill Execution (UR Robot). Pick and Place, converge relatively quickly due to the limited number of
Scenario Iterations  Success Mean Median STD Min/ skill requirements and recipe alternatives. In contrast, more complex
(UR) Rate O] ) ) Max (s) scenarios, such as Cylinder Stacking and Panel Handling, require a
Simulation 1000 100.00%  13.14 13.14 0.01 0.05 larger number of training episodes to achieve convergence. This is pri-
Real Robot 1000 100.00%  13.28 13.29 0.01 0.06 marily due to the increased number of decision points and the presence

of multiple feasible recipes for each skill requirement, which expands

Table 10

R3M Architecture test results: R3M Use-Case Execution (ABB Robot).
Scenario Iterations Success Liaisons Mean (s) Median (s) STD (s) Min/Max (s)
Simulation 1000 97.40% 96.99% 72.07 72.07 0.05 0.33
Real Robot 100 100.00% 100.00% 58.70 58.70 0.04 0.20

Table 11

R3M Architecture test results: R3M Use-Case Execution (UR Robot).
Scenario Iterations Success Liaisons Mean (s) Median (s) STD (s) Min/Max (s)
Simulation 1000 97.10% 96.70% 51.49 51.48 0.02 0.16
Real Robot 100 100.00% 100.00% 77.13 77.12 0.065 0.30
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the action space. Additionally, tasks involving multiple liaisons intro-
duce more stringent success conditions, requiring the agent to learn
coordinated sequences of actions rather than isolated skill executions.
These differences are clearly reflected in the RL training curves, where
more complex tasks exhibit longer exploration phases and slower
convergence rates.

The results also highlight the importance of using task-level perfor-
mance metrics for evaluation. The reward function, defined as the
negative execution time, ensures that the optimisation process directly
targets the efficiency of the generated robot program. As a result,
convergence of the RL agent corresponds to minimisation of total
execution time as shown in Fig. 13. Across all use cases, the final policies
consistently achieve lower execution times by selecting more efficient
parametrised recipes and avoiding unnecessary or suboptimal opera-
tions. The reduction in variability observed in the later stages of
training, as indicated by the narrowing confidence bands, further con-
firms the stability and reliability of the learned policies.

It is important to note that the reward values remain negative
throughout the training process, as they represent execution time pen-
alties by design. Consequently, convergence is characterised by an in-
crease in reward values (i.e., reduction in penalty magnitude) rather
than a decrease. This interpretation ensures consistency between the
mathematical formulation and the observed training behaviour. Overall,
the results demonstrate that the APG methodology provides a robust and
scalable solution for automated robot programming. By combining
structured domain modelling with reinforcement learning-based opti-
misation, the approach can adapt to different assembly scenarios and
consistently generate efficient and executable robotic programs, thereby
validating its applicability across a wide range of industrial use cases.

6.3. R3M perception: one-shot detection and MegaPose-6D

The perception system was evaluated under 2 different conditions
executed within R3M architecture: multi-object detection in simulation
and single-object detection in a real robot cell. For multi-object detec-
tion in simulation, three objects were randomly selected within a
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Gazebo-simulated environment. Their poses were estimated and recor-
ded, with this process repeated 200 times per scene. For single-object
detection in a real robot cell, the object was held by UR5e with a ro-
botic gripper. In practical robotic manipulation scenarios, objects
frequently become partially occluded by the gripper during grasping,
necessitating an evaluation of perception performance under such con-
ditions. The 6-DoF pose of the object in the world coordinate system was
determined using the forward kinematics of robot, along with the
camera’s intrinsic and extrinsic parameters which are obtained by
calibration. These computed poses served as the ground truth, and the
experiment was repeated 100 times per object. As the evaluation was
focused on the perception itself, the human verification was disabled,
which means every result of One-Shot Detection was assumed valid to be
the input of 6DoF estimation. To evaluate the accuracy of the estimated
poses, we adopt two metrics: the Euclidean distance in 3D space for
translation error, and the angular deviation in roll, pitch, and yaw based
on Euler angles for rotation error. To properly handle rotationally
symmetric objects, a symmetry-aware evaluation strategy is employed,
following the formulations described below [44]:

S(u) = {8 € SE(3)s.tvT € SE(3),R(u, T) =R(u, TS)}

where S(u) is a set of poses of an object u that can be symmetrical poses
for each other, T represents a 6D pose and R indicates the 2D projection
for a given 6D pose, which means all the poses that results in an identical
2D appearance will be considered the equivalent poses.

To assess the perception system’s performance in the Cube Kitting
and Cylinder Stacking use cases, ten representative geometries were
evaluated in both simulated and real-world environments. These ge-
ometries, commonly encountered in industrial assembly scenarios, were
selected to match the scale and shape characteristics of the cube and
cylinder used in the target use cases. For each geometry, 200[ZZ1.1]
random 6-DoF poses were generated in three-dimensional space. The
estimated poses produced by the perception system were compared
against ground truth using translation error (measured in centimetres)
and rotation error (measured in degrees) to quantitatively evaluate
accuracy.
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Fig. 13. Reinforcement learning training results across the evaluated use cases. The reward curves compare policy convergence behaviour under different task
conditions, indicating how repeated interaction with the digital twin enables the agent to reduce execution time penalties through improved selection of para-

meterised recipes.
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The detailed evaluation metrics for perception system are presented
in Table 12:

The experimental results demonstrate that the perception system
performs well under normal conditions, achieving low translation and
rotation errors for objects with distinctive features and minimal ambi-
guity, such as adapter plate (triangular), connector (planar), and star.
However, pose accuracy was sensitive to object scale and geometric
ambiguity. In particular, the screw produced the largest orientation
errors due to its small size, and the car rim showed a relatively high
rejection rate and yaw error due to its rotational symmetry. Tests con-
ducted in the real robotic cell maintained high confidence and reduced
rejection rates for the selected components, although their rotational
errors and variability generally increased compared with simulation.
Overall, all objects exhibited small translational localisation errors,
while rotation estimation was less accurate for symmetric objects and
those with ambiguous geometric features.

As shown in Fig. 14, three representative failure modes of the
perception system were identified. (a) Pseudo-symmetry occurs when
viewpoint-dependent occlusion makes an asymmetric object appear
symmetric. For the car rim, the spokes that distinguish its orientation
may become invisible from certain viewpoints, while under a near-
frontal view it is difficult to determine whether the spokes are located
on the near or far side. A similar effect is observed for the star, whose
directional serrations become less distinguishable as the object faces the

Table 12
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camera more directly. (b) Visually similar poses are illustrated by the
triangular adapter plate. Although the object is not strictly flip-
symmetric, poses separated by an approximately 180° rotation can
produce nearly identical image appearances, making them difficult to
distinguish from visual evidence alone. (c) High-uncertainty viewpoints
occur for objects such as the planar connector and screw, where sub-
stantial changes in 3D orientation result in only minor changes in the
projected image. This indicates that, in practice, manipulation strategies
can be designed to remain valid across visually equivalent or similar
poses, or pose hypotheses can be selected based only on the degrees of
freedom relevant to the task. In addition, multi-view or active percep-
tion, together with uncertainty-triggered re-observation, can help
reduce viewpoint-dependent ambiguity and improve the robustness of
pose estimation.

6.4. Discussion

The evaluation indicates that the R3M framework can translate
structured manufacturing knowledge into executable robotic behaviour
while maintaining reliable operation across different robotic platforms
and deployment conditions. In the Cube Kitting and Cylinder Stacking
use cases, the UML and AML based product, process, and equipment
models provided the basis for generating robot programmes through the
APG pipeline, reducing the need for repeated manual coding. At the

Quantitative Evaluation of Pose Estimation Accuracy for Various Objects. The orange coloured names are real-world trials.
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Fig. 14. Failure Modes of the Perception System: (a) Pseudo-Symmetry, (b) Visually Similar Poses, and (c) High-Uncertainty Viewpoints.

same time, the integrated perception modules supported object detec-
tion and six degree of freedom pose estimation under variable operating
conditions, enabling task execution to remain linked to the observed
state of the workcell. The consistently high success rates obtained during
environment launch, skill execution, and complete programme execu-
tion in both simulation and real hardware demonstrate the robustness of
the ROS 2 based architecture and its suitability for reconfigurable ro-
botic manufacturing.

The principal contribution of the architecture lies in its model based
interoperability. Rather than integrating isolated components through
application specific wiring, the framework separates domain knowl-
edge, skill selection, perception, and robot execution into modular but
coordinated layers. This enabled skills, perception pipelines, robots, and
cell configurations to be substituted without restructuring the core ar-
chitecture. The transition between Cube Kitting and Cylinder Stacking,
together with deployment in the RECON Cell, demonstrates that the
same execution principles can be retained across different robots,
hardware configurations, safety interfaces, and digital environments.

The evaluation also identifies limitations in APG scalability. Recipe
generation becomes increasingly demanding as the number of skill al-
ternatives, parameter choices, and feasible robot configurations in-
creases. For a constrained six degree of freedom manipulator, a fully
specified Cartesian pose is associated with a finite set of inverse kine-
matic solutions, subject to joint limits, singularities, and collision con-
straints. Where the task specifies only a position, partial orientation, or
an admissible approach region, additional task level redundancy re-
mains and must be resolved during planning. The current implementa-
tion mitigates this complexity through human defined candidate poses,
but future work should incorporate data driven parameterisation,
constraint aware inverse kinematic selection, and reuse of successful
configurations learned from prior executions.

The reinforcement learning stage presents a further scalability
challenge. As task length and the number of recipe alternatives increase,
the action space expands and training may become less stable. Future
APG implementations should therefore consider restructuring the
learning problem rather than training a single flat policy over all
available recipes. Hierarchical reinforcement learning can represent
repeated manufacturing behaviours, such as grasp, move, align, place,
and verify, as reusable subtasks or temporally extended actions [56]. In
parallel, curriculum learning can train the agent progressively, begin-
ning with simpler assemblies and gradually increasing task complexity
as policy performance improves [57,58]. These strategies are particu-
larly relevant to APG because many manufacturing operations share
recurring skill patterns across different product variants and cell layouts.

The perception results confirm the value of combining one shot
detection with CAD informed pose estimation for previously unseen
objects. However, ambiguous object symmetry, partial occlusion, and
reduced image fidelity remain limiting factors, particularly where single
view observations cannot distinguish between visually equivalent poses.
Future deployment should therefore consider multi view sensing, un-
certainty estimation, and tighter coupling between perception

confidence and execution level decision making. In addition, real time
performance remains sensitive to computational load, especially in
scenarios requiring frequent perception updates, replanning, or coor-
dination across multiple devices.

Overall, the R3M architecture provides a flexible and scalable model
based framework for interoperable robotic manufacturing. It demon-
strates that APG, perception, reinforcement learning, and ROS 2
execution can be combined within a coherent architecture that supports
repeatable deployment, component substitution, and simulation to real
hardware validation. Further work should focus on improving compu-
tational efficiency, formalising intermediate code representations for
heterogeneous robot controllers, embedding execution monitoring into
generated programmes, and extending learning and perception methods
for larger and more uncertain industrial environments.

Table 13
Summary of the R3M Project open-source ROS 2 repositories and their main
functionalities.

ros2_SimRealRobotControl https://github.com/IFRA-Cranfield/ros2_SimRealRob

otControl

Developed as part of the R3M Project to address the challenges of reconfigurability
and generalisation in robotic-arm programming and control. It provides a
standardised framework for modularity, interoperability and seamless integration
of robots across different manufacturing setups. R3M-Cell builds on this
architecture, enabling robotic cells at Cranfield University and AMRC-Sheffield to
be simulated, configured and adapted for various tasks. The repository supports
both simulation (Gazebo) and real-world deployment, with modules for multiple
robots (e.g., ABB IRB-120, UR3) that handle simulation, control and motion-
planning (Movelt!2).

R3M_Cell https://github.com/IFRA-Cranfield/R3M_Cell

Contains the Gazebo and Movelt!2 packages for the robotic cells deployed at Cranfield
University and AMRC-Sheffield as part of the R3M initiative. Includes robot
specifications and CAD models, URDF files for ROS 2, Gazebo simulation
environments, Movelt!2 integration and hardware-configuration information to
bridge simulation and real-world implementation.

R3M_APG https://github.com/IFRA-Cranfield/R3M_APG

Contains all components of the Automatic Program Generation (APG) module of the
R3M Project. It includes the main orchestrator that manages skill and program
execution, reinforcement learning agent training, and R3M environment
management. The repository also provides all ROS 2-based communication
mechanisms that enable seamless integration of the APG modules within the R3M
architecture.

R3M_Perception https://github.com/IFRA-Cranfield/R3M_Perception
Hosts the One-Shot Detection and MegaPose6D modules for object detection and pose
estimation within the R3M architecture. Includes ROS 2 Nodes (Action Servers,

Service & Topic handling) to manage execution of object detection (One-Shot) and
pose estimation (M6D) workflows.

R3M_ObjectPoseEstimation  https://github.com/IFRA-Cranfield/R3M_O

bjectPoseEstimation

Contains YOLO + OpenCV-based object detection and pose estimation modules
tailored for the R3M use-cases. Includes trained YOLOv11 models, ARUCO-based
object pose estimation, and ROS 2 communication mechanisms that integrate the
perception modules into the R3M architecture.
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7. Conclusions

This paper introduces, for the first time, a UML-based, ROS 2-driven
integration framework that unifies domain-level modelling with
execution-level control to enable APG, modular perception, and rein-
forcement learning for reconfigurable robotic manufacturing. By
coupling formal UML representations of product, process, and equip-
ment with ROS 2 communication and control mechanisms, the frame-
work bridges abstract system knowledge and concrete robot behaviour.
In doing so, it addresses persistent fragmentation in the literature, where
prior efforts typically concentrate on middleware, perception, or hard-
ware modularity in isolation, and advances the goals of Industry 5.0
through intelligent, collaborative, and sustainable production.

The framework was empirically validated through two representa-
tive industrial use cases, Cube Kitting and Cylinder Stacking, deployed
on distinct robotic platforms at Cranfield University and the AMRC. The
results demonstrate scalability across sites and platforms, a marked
reduction in manual programming effort through APG, and reliable
perception via a plug-in pipeline. The modular design enabled compo-
nent substitution without architectural refactoring, evidencing practical
adaptability to heterogeneous environments. At the same time, obser-
vations on computational load and real-time responsiveness indicate
avenues for optimisation to further strengthen robustness under strin-
gent operational constraints.

Overall, the research establishes a principled foundation for robotic
systems that are both technically robust and semantically interoperable.
Integrating UML-based domain models with ROS 2 execution provides a
novel pathway to align high-level intent with dependable low-level
control. Future work will focus on improving computational effi-
ciency, extending APG and perception capabilities, formalising inter-
mediate representations for multi-robot and multi-vendor deployments,
and conducting large-scale industrial trials. Pursuing these directions
will consolidate the framework as a cornerstone for adaptive, scalable,
and autonomous robotic manufacturing aligned with the long-term
vision of reconfigurable production and Industry 5.0.

Source code

All components of the R3M Project’s ROS 2 software stack will be
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released open-source once this paper is published, and will be made
available via the IFRA-Cranfield’s GitHub page (https://github.
com/IFRA-Cranfield, see Table 13). These packages were developed
and tested on Ubuntu 22.04 with ROS 2 Humble Hawksbill. The re-
positories include full documentation, installation instructions and all
resources needed to replicate the ROS 2 environments and features
described in this paper.
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This appendix provides detailed representations of the interactions within the R3M perception system. Fig. Ap.1 presents the activity-level
workflow, from the initial architecture trigger and object detection to HMI-based bounding-box validation, operator correction, and 6DoF pose
estimation. Fig. Ap.2 expands this representation at sequence level, showing the exchanges between the operator, HMI, R3M architecture, camera,
One-Shot Detection module, MegaPose coarse estimator, and MegaPose refiner.
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Perception System Activity Diagram

6Dof Pose

R3M Architecture Object Detection . .
Estimation

Trigger R3M
Perception
System

One-Shot
Detection

HMI bounding
box(bbox)
Verification

Pool

True

Megapose-
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by the operator

Megapose-
Refiner
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Fig. A.1. Activity flow of the R3M perception system, covering the transition from architecture-level triggering to object detection, HMI-based bounding-box
validation, operator correction where required, and subsequent six-degree-of-freedom pose estimation. The workflow integrates one-shot detection with MegaPose
coarse estimation and refinement to support reliable localisation of previously unseen objects.
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Fig. A.2. Sequence-level representation of perception-system interactions among the operator, HMI, R3M architecture, camera, One-Shot Detection module,
MegaPose coarse estimator, and MegaPose refiner. The sequence captures the exchange of image-acquisition requests, bounding-box validation, manual correction,
pose estimation, iterative refinement, and final pose publication for downstream robotic execution.

Appendix B. R3M Configuration and Message Structures
This appendix provides implementation-level details of the structured configuration files and ROS 2 messages used by the R3M execution envi-

ronment. Fig. Ap.3 presents examples of the .yaml files used to configure the robot cell, use-case information, and robot skill recipes. Fig. Ap.4 presents
the custom ROS 2 message structures used to communicate robot, product, pose, and liaison information during skill execution and feedback.

Robot Cell Information

Use-Case Information

Robot Skill: Recipe

cell.yaml

10)z “r3mcell_01”

Name: “Cell 01 - Cranfield”
urdf: “r3mcell_01.urdf”

Robot:
EE:

“ABB IRB-120”
“Schunk EGP-64”

r3m_01.yaml

information:
use-case: “CubeStacking”

name: “r3m_01”
Robot:

model: “ABB IRB-120”

EE: “Schunk EGP-64”

InitPose: “{}”
Objects:

[Name, CAD, InitPose]
Liaisons:

[Name, Parent/Child, Cond.]

12.yaml

information:

use—case: “r3m_01”
recipe: “To HomePos”
id: 12

type: “PTP”

speed: 0.1

pose:
position: (x,y,z)
orient.: (gx,qy,qz,qw)

Fig. A.3. Example .yaml configuration files used to initialise the R3M environment. The Robot Cell Information file defines the robot and end-effector configuration,
including references to the corresponding description and control files. The Use-Case Information file defines the product/process context, including cell layout,
object information, and recipe references. The Robot Skill Recipe file specifies the executable skill logic and associated parameters used during program execution.
Together, these files provide the structured information required by the orchestrator to configure, launch, and operate the system.
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skill.msg

id

rob.msg

Pose robpose

int32

int32
int32

step
endeffector

exectime
error

floatéed
floatéd

Rob
Product[]
Liaison[]

robstate
product
liaison

pose.msg

int32 finish ey
position

q orientation

string

bool

message
success

Product.msg

string
int32

Pose
Pose

floated
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string name

step string

string

parent

child
currentpose

previouspose transform

childpose
chpose_goal

pose
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error pose
float32
float32

diff_max
diff
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Fig. A.4. ROS 2 message structures used for R3M robot skill execution and feedback. The figure shows the custom message types that represent robot state, product
state, pose information, and liaison conditions during execution. These structures provide the common data model used by the orchestrator during recipe execution
and are aligned with the robot cell, use-case, and skill information represented in the .yaml files introduced in Section 4.5.1. System Components.

Data availability

Data will be made available on request.
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