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Abstract

Hybrid robotic manufacturing systems integrating additive and subtractive processes enable fabri-
cation of complex, high-value components but are typically executed sequentially, resulting in long
cycle times. Concurrent execution of Directed Energy Deposition (DED) and milling promises pro-
ductivity gains but introduces coupled thermal, mechanical and spatial interactions that challenge
conventional process planning. This work addresses the methodological problem of planning milling
operations in the presence of an ongoing DED process. The concurrent planning task is formulated as
a mixed-integer, nonlinear, multi-objective optimisation problem capturing sequencing and orientation
decisions, cutting parameters and temporal coupling to the deposition trajectory. A hierarchical,
surrogate-assisted optimisation framework is proposed, combining unified decision-variable encoding,
deterministic decoding and staged feasibility enforcement to ensure robotic executability. Disturbance
mechanisms such as thermal interaction, particulate interference and pose-dependent dynamic com-
patibility are incorporated as modular objective abstractions, enabling systematic trade-offs between
machining productivity and preservation of deposition process integrity. The proposed framework is
demonstrated on a large-scale hybrid manufacturing case study with sparsely distributed machining
segments, illustrating interaction between spatial sequencing, temporal feasibility and disturbance-
aware optimisation under stated assumptions. The framework is methodological and provides a
transferable foundation for future development and validation of disturbance-aware planning strate-
gies for concurrent additive-subtractive manufacturing.

Keywords: hybrid manufacturing; directed energy deposition; concurrent machining; multi-objective
optimisation; surrogate modeling; robotic process planning

1. Introduction
The continuous demand for increased flexibility, reduced lead times, and improved resource

efficiency has stimulated the integration of multiple manufacturing processes within unified hybrid
production systems. Hybrid manufacturing, understood as the synergistic combination of additive and
subtractive processes, enables the fabrication of complex near-net-shape components while maintaining
geometric accuracy and surface quality [1]. In this context, the coupling of Directed Energy Deposition
(DED) with milling operations has emerged as a promising approach for agile production of high-value
metallic components in aerospace, energy and tooling applications.

In most existing hybrid robotic cells, additive and subtractive operations are executed sequentially.
Material is first deposited in near-net shape, followed by milling operations to refine geometry and
surface properties. While effective, this temporal decoupling leads to long cycle times and limited
utilisation of available system resources, particularly for large-scale parts where deposition dominates
overall process duration. A key opportunity therefore lies in the concurrent or tightly interleaved
execution of additive and subtractive tasks, enabling continuous surface accessibility and early shape

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 March 2026 doi:10.20944/preprints202603.0672.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://orcid.org/0009-0003-2951-7660
https://orcid.org/0000-0002-5015-7490
https://doi.org/10.20944/preprints202603.0672.v1
http://creativecommons.org/licenses/by/4.0/


2 of 24

correction. However, such simultaneous operation fundamentally alters the interaction landscape
between processes and introduces tightly coupled physical effects that must be addressed at the
planning stage [2].

Concurrent execution of milling and DED gives rise to multiple interdependent disturbance
mechanisms. Milling-generated chips and debris may contaminate the deposition zone, perturb
shielding-gas flows and interfere with melt-pool stability, increasing the risk of porosity or lack-of-
fusion defects. Thermal interaction constitutes an additional critical coupling: recently deposited
regions may remain thermally affected, leading to altered material properties that influence chip
formation, cutting forces and tool wear if milling is performed before sufficient cooling [3]. When
robotic manipulators are used for both processes, dynamic coupling further complicates simultaneous
operation. Milling-induced vibrations may excite posture-dependent structural modes of the robot-tool-
workpiece system, degrading positioning accuracy and force stability and potentially disturbing the
deposition process [4]. Together, these thermomechanical and dynamic interactions impose stringent,
highly parameter-dependent constraints on feasible tool orientations, sequencing and timing.

Conventional hybrid process planning approaches, which typically rely on sequential heuristics
or manually defined rules, are not suitable to address this coupled and high-dimensional planning
problem. Decisions such as selecting a milling orientation or execution time during deposition can
have far-reaching implications for tool wear, dynamic stability and deposition quality. Moreover, many
of the relevant process interactions cannot be captured by closed-form models and must instead be
represented through empirical or data-driven abstractions. As a result, planning for concurrent hybrid
operation naturally gives rise to a mixed-integer, nonlinear, multi-objective optimisation problem
(MINLP-MOP) that exceeds the scope of classical scheduling or trajectory planning methods.

To enable systematic investigation and exploitation of concurrent hybrid manufacturing, there is
a need for a formal planning framework that integrates discrete sequencing and orientation decisions
with continuous process parameters, explicitly accounts for temporal and spatial coupling between
additive and subtractive trajectories, and provides a structured interface for incorporating surrogate
representations of disturbance mechanisms. Such a framework must be able to generate executable
plans that expose trade-offs between machining efficiency and preservation of deposition process
integrity, while remaining extensible as higher-fidelity models and experimental data become available.

The present work addresses this need by proposing a hierarchical, surrogate-assisted optimisation
framework for concurrent robot-assisted wire-based DED-LB/M and milling. The focus is placed
on the formal problem formulation, decision-variable encoding, deterministic temporal coupling
and optimisation architecture, rather than on the instantiation or experimental validation of specific
surrogate models. The framework is intended as a methodological foundation that supports system-
atic development, comparison and future validation of disturbance-aware hybrid process planning
strategies. The main contributions of this work are as follows:

• A disturbance-aware formulation of concurrent hybrid process planning is introduced, in which
milling-path planning for wire-based DED-LB/M is cast as a MINLP-MOP with explicit temporal
coupling to the deposition trajectory. In contrast to sequential or weakly coupled approaches,
disturbance mechanisms arising from thermal interaction, particulate interference and pose-
dependent dynamic effects are treated as first-class planning criteria.

• A unified continuous decision encoding is proposed that simultaneously represents discrete
sequencing decisions, discrete pose selections and continuous cutting parameters within a single
optimisation vector. Combined with deterministic, causality-preserving decoding of machin-
ing start times, this encoding eliminates explicit temporal decision variables, reduces search
dimensionality and guarantees temporally consistent candidate solutions.

• A hierarchical, surrogate-assisted optimisation architecture is developed that separates global
structural decisions from local continuous refinement while embedding robot-aware feasibility
checks and disturbance-aware objective evaluation. This architecture provides a generic and
extensible foundation for integrating experimentally calibrated surrogate models, robot cell-
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specific constraints and future sensing-driven refinements without modification of the core
planning logic.

By framing concurrent hybrid operation as a disturbance-aware and robot-feasible optimisation
problem, this work establishes a transferable methodological foundation for future research on experi-
mentally calibrated surrogate models, sensor-informed refinement and system-specific validation. In
doing so, it provides a principled basis for extending concurrent hybrid manufacturing from heuristic
process coordination toward predictive and optimisation-driven planning.

2. State of the Art
2.1. Additive Manufacturing

Additive manufacturing (AM) refers to a suite of layerwise material deposition processes capable
of producing complex geometries directly from digital models [5,6]. Unlike traditional subtractive
manufacturing, which removes material from a solid workpiece, AM builds parts additively, offering
unprecedented design freedom, reduced material waste, and the ability to fabricate components with
internal features such as lattice structures or conformal channels [7,8]. This capability is particularly
valuable in applications where weight reduction, functional integration, or rapid design iterations are
crucial, such as in aerospace, biomedical implants, and energy sectors [8–10].

Metal additive manufacturing encompasses a variety of technologies, including powder bed
fusion (PBF), DED, and binder jetting, each with distinct advantages, limitations, and industrial
readiness levels [11]. PBF methods, such as selective laser melting (SLM), are capable of high-resolution,
dense parts with complex features, but are often limited in build size, deposition rate, and cost efficiency
for large components [12,13]. Binder jetting offers high throughput and scalability but typically requires
post-processing, such as sintering or infiltration, to achieve adequate mechanical properties [5].

DED represents one of the major categories of metal-AM as defined by ASTM/ISO standards [14].
Unlike PBF-technologies, which spread and selectively fuse thin powder layers, DED employs a
focused energy source (laser, electron beam, or electric arc) to create a melt pool into which feedstock
material is delivered either as powder or wire [7,11]. This approach enables near-net-shape fabrication
of medium- to large-scale metallic components, as well as localized repair and functional grading of
existing structures [12].

A defining characteristic of DED is its high deposition rate, which typically exceeds that of PBF by
up to 16 times [15,16]. Deposition rates from several hundred grams to multiple kilograms per hour
are routinely achieved depending on the feedstock form and energy source [17,18]. This makes DED
highly attractive for producing large structural parts where PBF would be economically or technically
impractical. Furthermore, the ability to supply feedstock in different forms (powder or wire) offers
flexibility. Powders facilitate alloy development and compositional grading, while wires maximize
material utilization efficiency and reduce handling risks [5]. In addition, the multi-axis nature of DED
setups, often realized through robotic arms or CNC systems, allows complex deposition strategies and
geometric freedom beyond what is feasible in powder bed systems [19].

From a technological perspective, DED encompasses several sub-variants:

• Laser-based DED (DED-LB), where a laser generates a localized melt pool and powder or wire is
fed coaxially or off-axis [14].

• Electron-beam DED (DED-EB), which provides high energy density and is suitable for reactive
alloys but requires vacuum operation [20,21].

• Arc-based DED (DED-Arc, e.g., WAAM), which uses gas metal arc welding (GMAW), gas tungsten
arc welding (GTAW) or plasma arc welding (PAW) principles to melt wire feedstock, achieving
the highest deposition rates at the expense of accuracy and surface finish [22].

At the same time, significant challenges remain. The as-built surface quality of DED parts is relatively
poor compared to PBF, necessitating downstream machining to achieve required tolerances and
finishes [11]. Thermal gradients inherent to the process promote the development of residual stresses,
distortion, and anisotropic microstructures [18]. Powder-fed variants suffer from reduced material

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 March 2026 doi:10.20944/preprints202603.0672.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0672.v1
http://creativecommons.org/licenses/by/4.0/


4 of 24

efficiency and potential contamination, while wire-fed systems, although more efficient, typically
exhibit even coarser bead geometries and reduced dimensional accuracy [23,24]. Moreover, process
stability is strongly affected by interactions between deposition parameters, material properties, and
part geometry, complicating predictive process planning and control [12].

Overall, DED occupies a strategic niche within AM by bridging the gap between the high precision
but low throughput of powder bed fusion and the requirements of large-scale, cost-effective production
and repair. Within this process category, wire-based DED-LB/M has gained particular attention in
recent years due to its combination of high deposition efficiency, compatibility with robotic integration,
and industrial scalability [25].

2.2. Post-Processing and Robotic Milling of Wire-Based DED-LB/M Components

Wire-based DED-LB/M processes inherently produce near-net-shape components with coarse
surface topographies, bead-induced geometric irregularities, and pronounced thermally induced
residual stresses [23,24]. For most functional applications, subtractive post-processing is therefore
indispensable, with milling being the dominant finishing operation. Milling serves not only to restore
dimensional accuracy and surface quality but also to mitigate geometric deviations and material-state
effects introduced during deposition. When performed on additively manufactured parts, however,
milling departs fundamentally from conventional machining of wrought stock and gives rise to a
coupled set of planning, process, and system-level challenges.

At the process level, DED deposits exhibit spatially varying surface geometry, microstructure,
hardness, and residual stress states as a consequence of localized and cyclic thermal loading during
deposition [18]. These heterogeneities lead to strongly non-uniform tool engagement, elevated and
fluctuating cutting forces, and an increased susceptibility to chatter, tool wear, and workpiece deforma-
tion during machining. As a result, process stability and surface integrity become highly sensitive to
local engagement conditions and material state.

When milling is executed by articulated robotic systems rather than conventional CNC machine
tools, these process-level challenges are compounded by system-level constraints. Industrial robots
offer extended reach and flexibility and are therefore widely adopted for large-scale and hybrid
additive-subtractive manufacturing cells [26–28]. At the same time, their comparatively low and
posture-dependent stiffness, limited dynamic bandwidth, and pronounced coupling between kine-
matics and structural dynamics constrain achievable accuracy and surface quality during machining
operations [29,30]. Experimental and modelling studies demonstrate that robot posture, joint compli-
ance, and end-effector dynamics significantly influence cutting-force-induced deflections and chatter
propensity, motivating compensation strategies such as feed-rate modulation, trajectory reshaping,
and model-based inverse compensation [30,31].

Taken together, post-processing of wire-based DED-LB/M components in robotic systems con-
stitutes a tightly coupled problem space in which heterogeneous workpiece geometry and material
state interact with robot-specific kinematic and stiffness limitations. These characteristics give rise to
competing objectives involving productivity, surface quality, tool wear, and process robustness and
render purely sequential or heuristic planning approaches insufficient.

2.3. Path Planning and Multi-Objective Toolpath Optimisation for Robotic Milling of Additively Manufactured
Components

In response to the challenges associated with milling of additively manufactured components,
a substantial body of research has focused on the development of advanced path planning and
optimisation strategies. Milling-path planning for AM-derived parts is widely recognised as an
inherently multi-objective problem, as pronounced surface variability, geometric uncertainty, and
heterogeneous material states exacerbate fluctuations in cutter engagement, cutting forces, and process
stability, directly impacting surface integrity, tool wear, and productivity [32,33].

One major line of research focuses on engagement-aware toolpath generation methods that ex-
plicitly regulate instantaneous cutter-workpiece engagement. Early algorithmic approaches proposed
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geometric offsetting and local reparameterization of tool trajectories to control engagement angles
and scallop height on freeform surfaces [34,35]. Building on these concepts, Jácsó et al. introduced
offsetting schemes designed to maintain constant engagement or constant scallop height, thereby
reducing peak cutting forces and improving surface consistency during finishing operations [33].
Trochoidal and ellipse-based trochoidal toolpath formulations further extend engagement control
by constraining the cutter to repeated arc-like motions, which limit instantaneous engagement and
enable higher effective material removal rates under dynamically constrained conditions [36,37]. These
strategies are particularly well suited to the post-processing of AM deposits with pronounced bead
geometry, where abrupt engagement variations would otherwise induce excessive loads and dynamic
instabilities.

In parallel to these geometric developments, a second and closely intertwined research stream
addresses the explicit multi-objective optimisation of toolpaths and cutting parameters. Evolutionary
multi-objective algorithms (MOEAs), and in particular Non-dominated Sorting Genetic Algorithm
II (NSGA-II) and its variants, have become the dominant solution approach due to their ability to
approximate Pareto fronts for complex, non-convex problems involving mixed continuous and discrete
decision variables [38]. In machining applications, MOEAs have been used to balance competing
objectives such as cycle time, surface roughness, cutting forces, energy consumption and tool wear,
providing trade-off curves that support informed decision making [32,39].

Because high-fidelity evaluation of machining objectives is often computationally expensive or
experimentally costly, surrogate-assisted multi-objective evolutionary algorithms (SA-MOEAs) have
gained substantial attention in manufacturing research. Surveys and methodological studies document
a wide range of surrogate-assisted strategies that combine MOEAs with kriging or Gaussian-process
models, random forests, or neural-network surrogates to reduce evaluation cost while preserving
solution quality [40,41]. In machining-specific contexts, surrogate-assisted formulations have been
successfully applied by Gosh et al. to end-milling problems, where cutting forces, surface roughness
and material removal rates are jointly modelled and optimised using data-driven surrogates to limit
the number of expensive experiments or simulations [42]. Similar approaches have been reported for
optimising toolpath smoothness and non-productive motion, yielding substantial reductions in path
length and dynamic excitation [43].

Integration of engagement-aware toolpath parameterizations into multi-objective optimisation
frameworks has been identified as a key enabler for robustness in AM post-processing. Several
studies advocate hybrid, multi-fidelity strategies that combine fast analytical proxies (e.g., scallop-
height formulas or simplified engagement metrics) with higher-fidelity surrogate or simulation-based
re-evaluations to balance exploration efficiency and predictive accuracy [43,44]. Embedding constant-
engagement or trochoidal constructs directly into the decision space or as constraints has been shown
to meaningfully reduce peak cutting forces and to stabilize candidate solutions when applied to highly
irregular AM surfaces [33,37].

For robotic execution of milling paths, additional layers of complexity arise that must be reflected
in the optimisation formulation. Posture-dependent kinematic reachability, joint limits, and dynamic
stiffness variations constrain the set of physically executable toolpaths and influence achievable process
stability. Consequently, recent contributions emphasize the need for robot-aware feasibility checks
or embedded robot models within the evaluation pipeline to ensure that Pareto-optimal solutions
are not only optimal in abstract performance metrics but also executable by the manipulator [29,45].
Feature-based decomposition and surface partitioning strategies have been proposed to reduce the
dimensionality of the optimisation problem and to facilitate scalable planning for complex geometries
and multi-robot scenarios [32,45].

Despite these advances, several limitations persist when transferring state-of-the-art path-
planning and multi-objective optimisation techniques to the post-processing of wire-based DED-LB/M
components in hybrid manufacturing environments. Existing studies on robotic milling predomi-
nantly address either toolpath geometry and engagement control or robot kinematics and dynamic

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 March 2026 doi:10.20944/preprints202603.0672.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0672.v1
http://creativecommons.org/licenses/by/4.0/


6 of 24

behaviour in isolation, with limited methodological coupling between these aspects [29,31]. While hy-
brid additive-subtractive systems have been demonstrated, comprehensive optimisation frameworks
that jointly account for machining dynamics, robot-specific constraints and process interaction effects
remain rare [28].

Moreover, surrogate-assisted multi-objective optimisation approaches in machining are typically
validated for conventional geometries and material states, and their applicability to the pronounced
geometric and material heterogeneities characteristic of wire-based DED-LB/M deposits has seen only
limited experimental validation [40,42,44]. In particular, experimental demonstrations of surrogate-
assisted toolpath optimisation for milling in hybrid or multi-robot cells, where concurrent additive
and subtractive operations introduce additional thermal or mechanical coupling, remain scarce.

2.4. Synthesis and Research Gaps

The reviewed literature demonstrates substantial progress in engagement-aware toolpath genera-
tion, multi-objective optimisation of machining processes, and robotic execution of milling operations.
Nevertheless, several limitations persist when these approaches are transferred to the post-processing
of wire-based DED components in hybrid manufacturing environments. Existing studies predomi-
nantly address toolpath geometry, robot kinematics, or process dynamics in isolation, with limited
methodological coupling between engagement-aware trajectory design, robot-specific feasibility con-
straints, and disturbance effects arising from concurrent additive operations. Moreover, surrogate-
assisted multi-objective optimisation methods are typically validated for conventional geometries
and material states; their robustness under the pronounced geometric and material heterogeneities
characteristic of wire-based DED-LB/M deposits remains insufficiently explored. Finally, while hybrid
additive-subtractive manufacturing cells have been demonstrated, planning frameworks that generate
robot-feasible, offline-executable milling schedules and explicitly balance machining performance
against quantified interference with an ongoing DED process are scarce.

Collectively, these gaps motivate the development of integrated planning and optimisation
frameworks that jointly encode engagement-aware toolpath parameterisations, robot-aware feasi-
bility constraints, and disturbance-sensitive performance models within a unified multi-objective
formulation.

3. Process Interaction and Disturbance Mechanisms in Concurrent Wire-Based
DED-LB/M and Milling

Concurrent or closely coupled execution of wire-based DED-LB/M and milling within a shared
work envelope introduces interaction mechanisms that are fundamentally absent in sequential or
spatially separated process chains. When additive deposition and subtractive finishing are performed
in temporal proximity or in parallel on the same workpiece, thermal, mechanical and particulate
disturbances can propagate across process boundaries and affect both deposition quality and machining
performance. This section consolidates the principal interaction mechanisms relevant to concurrent
wire-based DED-LB/M and milling, clarifies their implications for planning and optimisation in hybrid
manufacturing cells. The focus is deliberately on physical and process-level causality rather than on
control or optimisation strategies, which are addressed in subsequent sections.

3.1. Thermal Coupling Between Deposition and Machining

Thermal interaction constitutes one of the dominant coupling mechanisms that must be accounted
for when coordinating DED and milling within a shared work envelope. The DED process generates
highly localised, transient heat input with steep thermal gradients, leading to evolving temperature
fields, residual stresses and microstructural transformations in the as-built material. These thermally
induced material states directly condition the machinability of recently deposited regions by modifying
local hardness, flow stress and tool-workpiece friction, thereby influencing cutting forces, tool wear
and surface integrity during subsequent or near-concurrent milling operations [46,47].
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From a planning perspective, additional complexity arises when milling is scheduled before
sufficient thermal equilibration has occurred. Residual heat in the workpiece can cause transient
softening or altered chip formation behaviour, while heat generated during cutting may further
elevate local temperatures near newly deposited regions through plastic deformation and tool-chip
friction. The superposition of these effects can induce dimensional drift, tool elongation and trajectory
deviations unless anticipated at the planning stage [48,49]. Reduced-order thermal predictors and
experimentally informed approximations have therefore been proposed to estimate layer-wise thermal
histories and deformation risks in DED processes [50]. For concurrent or tightly interleaved operation,
such predictors serve not as end models in themselves, but as abstractions that enable conservative
assessment of admissible temporal offsets and process parameter combinations.

3.2. Particulate Interaction and Chip-Induced Contamination

Chip ejection during milling represents a primary particulate disturbance channel for concurrent
DED operation. High-velocity chips, fines and airborne particulates generated during cutting can
enter the vicinity of the active deposition zone, where they may impinge on the molten pool, become
entrained in the melt or shielding gas flow, or adhere to critical surfaces such as the deposition nozzle or
freshly deposited layers. Such interactions can perturb melt-pool stability, degrade wetting behaviour
and promote defect formation, including lack-of-fusion and porosity.

The severity and likelihood of chip-induced interference depend on a combination of cutting
parameters, tool orientation, local geometry and the spatial-temporal relationship between milling
and deposition operations. While physical shielding, spatial separation and conservative sequencing
are commonly employed mitigation measures, systematic characterisation of chip trajectories and
probabilistic interaction with active deposition regions under concurrent execution remains limited.
As a result, particulate contamination is recognised as a key obstacle to reliable parallel operation and
must be treated as a first-class disturbance mechanism in planning contexts.

3.3. Dynamic Disturbances and Structural Coupling

Dynamic interaction between milling and deposition arises from vibrations induced by the milling
process that can propagate through the robot, workpiece and fixtures and interfere with the laser-
based deposition process. In robot-assisted hybrid cells, the structural response of the combined
robot-tool-workpiece system depends strongly on robot posture and part geometry, resulting in
configuration-dependent stiffness and natural frequencies [51].

When milling excites structural modes of the system, particularly near dominant natural fre-
quencies, vibration amplitudes can increase substantially. Under concurrent or closely interleaved
operation, such vibrations may perturb melt-pool stability, affect layer placement accuracy or induce
defects in the deposited material. The risk of dynamic interference is therefore governed less by
vibration levels in a generic sense and more by whether milling is performed in configurations that
coincide with dynamically weak poses or unfavourable modal characteristics.

These considerations highlight dynamic compatibility as a key system-level constraint for concur-
rent DED and milling, motivating the use of pose-dependent stiffness or modal descriptors to assess
and limit vibration-induced interference during planning.

3.4. Temporal Coupling and Process Synchronisation

Beyond individual disturbance channels, concurrent DED and milling are governed by strict tem-
poral and causal relationships. Machining operations on a given region must respect minimum spatial
and temporal separation from the deposition process to avoid interference with the melt pool or ther-
mally unstable material states. At the same time, excessive delays between deposition and machining
may negate potential productivity gains or lead to unfavourable residual stress redistribution.

In multi-robot hybrid cells, temporal coordination is further constrained by collision avoidance,
shared workspace access and safety requirements. These factors impose causal ordering constraints and
admissible timing windows that must be respected regardless of the specific disturbance mechanism
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considered. As such, temporal coupling serves as a unifying dimension through which thermal,
particulate and dynamic interactions are mediated and must be explicitly accounted for when planning
concurrent or closely interleaved operations.

3.5. Implications for Planning and Modelling

Taken together, thermal, particulate, dynamic and temporal interactions define a tightly cou-
pled disturbance landscape for concurrent DED and milling. These mechanisms are highly context-
dependent, vary across the build geometry and evolve over time as the part is constructed. While
individual effects have been studied in isolation, their combined impact under concurrent execution
motivates modelling abstractions that are sufficiently expressive to capture dominant interactions yet
computationally tractable for repeated evaluation.

The subsequent sections build on this mechanistic understanding. The conceptual framework
formalises the system scope, decision variables and modelling assumptions required to reason about
these interactions in an offline planning context. Thereafter, the identified disturbance channels are
operationalised through quantitative objective functions and constraints suitable for multi-objective
optimisation.

4. Conceptual Framework and Problem Context
In response to the limitations highlighted in the state of the art and the interaction mechanisms

discussed above, the technical scope of this work is a robot-assisted manufacturing cell in which two
articulated robots (ABB IRB 6700) operate on a common workpiece: one robot executes wire-based
DED-LB/M according to a prespecified deposition trajectory, and a second robot performs milling
passes on pre-segmented surface patches of the partially built component (see Figure 1) [52]. The
deposition toolpath is assumed fixed and externally supplied (from CAD/CAM or a deposition
planner); the planning task considered here concerns exclusively the milling side and its temporal
coordination with the ongoing DED trajectory. The objective of the planning stage is therefore to
determine machining sequences, tool poses, continuous cutting parameters and a temporal schedule
for the milling robot such that machining performance is optimised while quantified interference with
the DED process remains within acceptable limits.

Figure 1. Conceptual illustration of the concurrent robot-assisted wire-based DED-LB/M (left) and milling (right)
cell considered in this work, showing simultaneous operation on a shared workpiece within the assumed planning
context.
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The problem setting is explicitly offline: all planning computations are performed prior to
execution and the resulting plan (toolpaths, timings, and contingency buffers) is intended to be
executed without further online trajectory redesign. This offline posture reflects two pragmatic
constraints typical of industrial environments: hard real-time sensing and control resources that would
be required for fully closed-loop concurrent control are often unavailable or prohibitively expensive,
while delivering executable plans that satisfy robot kinematic and safety constraints a priori increases
deployability on existing hardware. Consequently, the planning framework must embed conservative,
experimentally grounded models of mutual interference (thermal coupling, vibration transmission,
and particle/contamination pathways) so that offline-generated schedules are robust to plausible
runtime variability while still enabling substantial concurrency gains.

Formally, the milling planning task belongs to the class of MINLP-MOP. Decision degrees include
combinatorial sequencing of pre-segmented machining patches, selection from finite orientation sets
for each patch, continuous process parameters (feed rates and immersion depths), and temporal
offsets relative to the deposition trajectory. The temporal coupling is causal: each machining segment
must not begin before the deposition tool has passed within a prescribed proximity to the segment
centre, and the delay between deposition and machining is bounded by application-specific thermal
windows. Feasibility constraints further encode robot joint limits, reachability, singularity avoidance,
collision clearance with the deposition head and with as-built geometry, and admissible instantaneous
kinematic loads. A compact mathematical specification and a practical encoding of the decision vector
are provided in the subsequent methodology (section 6); the present section places that formalism in
the context of modelling choices, scope delimitations and verification obligations.

Key modelling components are the surrogate-based disturbance predictors, the robot-aware
feasibility filters and the hierarchical search strategy. Disturbance predictors must be sufficiently
compact and cheap for repeated evaluation within an optimiser yet retain fidelity to the dominant
multi-physics mechanisms that couple milling and deposition. Typical surrogate inputs comprise local
process parameters (feed, immersion, orientation), and geometric proximity to the deposition toolpath
at the planned machining time. Surrogate outputs include contamination likelihood, an index of local
thermal elevation, and an estimated propensity for induced chatter or excessive structural deflection at
the planned pose (see Figure 2). Conservative calibration of these surrogates, via targeted experiments
and physics-informed simulations is essential to ensure that offline plans prioritize safety where model
uncertainty is significant.

Figure 2. Schematic representation of the surrogate-model structure. Local process parameters and geometric
proximity are mapped to disturbance-related outputs via calibrated surrogate models, enabling efficient and
uncertainty-aware evaluation within the optimisation framework.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 March 2026 doi:10.20944/preprints202603.0672.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0672.v1
http://creativecommons.org/licenses/by/4.0/


10 of 24

Robot feasibility is enforced through a staged verification pipeline. Low-cost, early filters reject
candidates violating simple kinematic bounds or gross collision criteria. Candidates that pass ini-
tial screening proceed to more demanding checks, including inverse kinematics solvability for the
sampled waypoints, high-resolution collision geometry checks using full robot models described in
the Unified Robot Description Format (URDF), and interrogation of precomputed posture-dependent
stiffness or modal maps to estimate dynamic susceptibility. Where surrogate uncertainty or borderline
feasibility is encountered, chance-constraint formulations and conservative penalties are applied so
that the optimisation favours robust, executable solutions over marginally superior but practically
fragile designs.

The optimisation architecture adopts a hierarchical two-stage search to manage combinatorial
complexity while allowing detailed continuous refinement. An initial discrete skeleton search explores
permutation orderings and orientation selections with continuous process controls held at nominal
values. Promising discrete skeletons are then subjected to continuous multi-objective refinement
optimising feeds, immersions and schedule slack jointly with disturbance-aware objective terms.
Iterative re-visitation between stages is permitted: infeasibilities or poor trade-offs discovered in
the refinement stage provoke constrained adjustments of the discrete skeleton. Surrogate-assisted,
multi-fidelity evaluation is integrated throughout: inexpensive proxies guide global exploration, while
higher-fidelity surrogate or experimental evaluations are reserved for candidate regions close to the
Pareto frontier.

Objective functions balance conventional machining metrics (cycle time, surface quality proxies,
tool wear) against explicit disturbance metrics that quantify the expected adverse impact on the
DED process (contamination probability, local thermal elevation, and vibration-induced deposition
perturbation). Robustness is incorporated by augmenting surrogate mean predictions with uncertainty
penalties, or by using chance-constraint thresholds where safety margins are mandated. The outcome
of the offline optimisation is a Pareto set of candidate plans that explicitly trade milling productivity
against DED disturbance; subsequent selection and verification procedures reduce this set to an
implementable plan by applying rigorous collision, kinematic and chance-constraint checks.

Several operational assumptions and limitations are made explicit at the conceptual stage. The
deposition trajectory and its timing (or a conservative estimate thereof) are assumed known a priori,
while environmental and hardware configurations are assumed static during execution, except for
the planned deposition and machining motions, and sensorisation available during execution is
limited to monitoring and abort functions rather than enabling full closed-loop path correction. These
assumptions justify the offline approach but also motivate conservative surrogate design and the
inclusion of contingency buffers in the temporal schedule. Explicit fallback procedures, such as
temporal gating around critical deposition phases, predefined execution aborts on threshold violations,
and the availability of an operator intervention mode, are considered indispensable complements to
the offline plan.

Finally, the conceptual framework specifies validation and iterative improvement paths. Surrogate
fidelity and candidate robustness are to be validated through a staged experimental protocol: space-
filling sampling for surrogate training, active learning iterations that prioritise high-utility regions of the
decision space, and experimental execution of selected Pareto candidates with detailed measurement
of deposition and machining quality metrics. Discrepancies between predicted and observed responses
drive targeted surrogate retraining and, if necessary, recalibration of safety margins. This closed but
deliberately offline loop produces empirically grounded, executable milling schedules that reconcile the
twin objectives of machining efficiency and preservation of DED process integrity, thereby furnishing
a sound bridge from the literature gaps identified earlier to the mathematical apparatus described in
the following.
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5. Objective Functions and Disturbance Metrics
Building on the process interaction mechanisms discussed in section 3 and the problem formu-

lation introduced in section 4, this section operationalises the identified disturbance channels and
performance criteria through a set of computationally tractable objective functions. The objectives
are designed for repeated evaluation within an offline multi-objective optimisation framework and
serve as abstract, planning-level descriptors of machining performance and interference with the DED
process. Rather than resolving detailed multi-physics behaviour, the formulation deliberately relies
on compact surrogate-based metrics that capture dominant effects while remaining compatible with
practical optimisation runtimes.

Each objective represents a distinct and non-redundant aspect of the planning problem, enabling
explicit trade-offs between milling productivity and preservation of deposition process integrity. The
modular structure of the objective set allows additional disturbance metrics to be incorporated as
further interaction mechanisms are prioritised or refined.

5.1. Chip Scattering and Particulate Interference ( fsp)

This objective quantifies the propensity for milling-induced chip ejection to interfere with the
active deposition process, as described in section 3.2. For each machining segment, a surrogate model
predicts a scalar scattering-risk index as a function of local cutting parameters, tool orientation and the
spatial-temporal relationship to the deposition trajectory. Segment-wise contributions are accumulated
over the complete machining plan to yield a cumulative particulate-interference metric.

The objective does not attempt to resolve individual chip trajectories or melt-pool interactions.
Instead, it provides a conservative planning-level abstraction that discriminates between parameter
combinations associated with low and elevated contamination risk. Predictive uncertainty is incorpo-
rated through explicit penalties on high-variance surrogate outputs, thereby biasing the optimisation
towards solutions that remain robust under modelling uncertainty.

5.2. Thermal Interference with the Deposition Process ( fth)

Thermal interaction between milling and deposition, introduced in section 3.1, is represented
through a thermal-interference objective that captures the risk of excessive local temperature elevation
in recently deposited regions. Compact surrogate predictors map geometric proximity, temporal offset
between deposition and machining, and local process parameters to a scalar thermal-risk index.

5.3. Dynamic Compatibility and Pose-Dependent Stability ( fch)

Dynamic coupling between milling and deposition, discussed in section 3.3, is operationalised
through an objective that penalises machining in dynamically unfavourable robot configurations. The
objective is derived from pose-dependent stiffness, natural frequency or stability descriptors obtained
from modal or stability maps of the robot-tool-workpiece system.

Rather than predicting vibration amplitudes or chatter onset directly, this objective acts as a
surrogate indicator of dynamic compatibility. Configurations associated with low stiffness or proximity
to critical natural frequencies are assigned elevated penalty values, reflecting an increased risk of
vibration-induced interference with the deposition process.

5.4. Cycle Time ( fcyc)

Cycle time represents the primary measure of operational efficiency. Segment durations are deter-
mined by toolpath length and feed rate, while start times respect causal and safety-related temporal
constraints relative to the deposition trajectory, as defined in the problem formulation. Minimisation
of total cycle time directly competes with disturbance-related objectives, providing a quantitative
measure of the cost associated with increased robustness and reduced inter-process interference.
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5.5. Normalisation and Uncertainty-Aware Formulation

All objectives are normalised to comparable scales to support balanced multi-objective optimisa-
tion. Surrogate predictive uncertainty is explicitly incorporated, either through weighted combinations
of mean prediction and scaled variance or via chance-constrained formulations where safety margins
are mandated. This uncertainty-aware treatment ensures that Pareto-optimal solutions reflect not only
nominal performance but also robustness to modelling error, yielding plans that are both executable
and resilient under realistic execution conditions.

6. Methodology and Formal Problem Definition
This section presents the methodological core of the proposed planning framework. Building on

the interaction mechanisms identified in section 3, the conceptual problem formulation in section 4,
and the objective definitions in section 5, the following describes how the concurrent DED-milling
planning problem is cast into a solvable optimisation task. Emphasis is placed on the formal encoding
of decision variables, deterministic decoding with temporal causality, staged feasibility enforcement,
and a surrogate-assisted hierarchical optimisation strategy that enables tractable exploration of a
high-dimensional, mixed discrete-continuous search space.

6.1. Mathematical Formulation of the Milling Planning Problem

The planning problem for concurrent robot-assisted wire-based DED-LB/M and milling is defined
as the search for a machining plan that specifies: an ordered sequence of machining segments, a tool
pose for each segment, continuous cutting parameters, and a temporal schedule coordinated with the
laser deposition trajectory.

The resulting problem belongs to the class of MINLP-MOPs. Its complexity arises from the
combinatorial nature of sequencing and orientation selection, continuous process parameters, and
causal temporal coupling to the deposition process. Rather than attempting to solve this problem
through monolithic formulations, the proposed methodology relies on a structured encoding and
decoding strategy that exposes exploitable regularities for optimisation.

6.2. Decision Variables and Practical Encoding

Let N denote the number of pre-segmented machining patches. The decision vector is decomposed
into discrete and continuous components,

x = {xd, xc},

which are jointly encoded in a unified continuous representation to facilitate evolutionary optimisation.
The discrete component xd consists of:

• Permutation keys
u = (u1, . . . , uN) ∈ [0, 1]N ,

where sorting u induces a machining order π. This continuous permutation encoding enables
standard genetic operators while implicitly representing combinatorial structure.

• Orientation keys
q = (q1, . . . , qN) ∈ [0, 1]N ,

mapped to discrete orientation indices within predefined admissible sets θi.

The continuous component xc contains normalised process parameters:

• Feed-rate keys si mapped to v f ,i,
• Immersion keys ri mapped to ae,i.
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Temporal variables are not explicitly optimised but are deterministically derived during decoding.
The optimiser therefore operates on a continuous vector

x ∈ [0, 1]4N ,

as illustrated in Figure 3. This encoding constitutes a key enabler for scalable search in the presence of
mixed decision types.

Figure 3. Structure of the decision vector for the multi-objective optimisation. Discrete components encode
sequence and orientation, continuous components encode process parameters.

6.3. Temporal Coupling with the Laser and Causality

Let the laser tool-centre-point trajectory be denoted by L(t). For each machining segment i with
reference point pi, the corresponding laser passage time is defined as

tlaser
i = arg min

t
∥L(t)− pi∥.

Causality constraints enforce
ti ≥ tlaser

i ,

ensuring that machining does not precede material deposition at the corresponding location.
During decoding, machining start times are computed deterministically as

ti = max
{

tlaser
i , ti−1 + τtravel(pi−1, pi)

}
.

This deterministic decoding removes explicit temporal decision variables from the optimisation
problem while guaranteeing causally valid schedules. As a result, the search space dimensionality
is reduced and temporal consistency with the deposition process is ensured by construction (see
Figure 4).

Figure 4. Illustration of causal temporal coupling between the laser deposition trajectory and milling operations.
Machining at a given segment is constrained to occur only after the laser has passed the corresponding location.
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6.4. Feasibility Constraints and Staged Enforcement

Feasibility is expressed through constraint functions gj(x) ≤ 0 covering kinematic limits, collision
avoidance, pose reachability, and thermal timing constraints.

To maintain tractability, feasibility checks are staged. Low-cost filters (joint limits, coarse collision
checks) are applied during decoding, while computationally expensive checks (inverse kinematics,
high-resolution collision queries, posture-dependent dynamic admissibility) are reserved for candi-
dates that pass initial screening. Hard violations lead to rejection, whereas marginal violations may be
penalised, biasing the search toward robust solutions.

6.5. Formal Optimisation Problem

The optimisation problem is stated as

min
x∈X

F(x) =
(

fsp(x), fth(x), fch(x), fcyc(x), fwear(x)
)
,

subject to
gj(x) ≤ 0, j = 1, . . . , m, X = {0 ≤ xi ≤ 1}4N .

Objective functions are evaluated as defined in section 5. The present section focuses on how
these objectives are embedded into a computationally viable optimisation workflow.

6.6. Hierarchical Surrogate-Assisted Optimisation Strategy

The methodological contribution of this work lies in a hierarchical discrete-continuous optimisa-
tion scheme tailored to the structure of the milling planning problem.

In the first stage, a population-based metaheuristic explores sequencing and orientation decisions
while holding continuous parameters at nominal values. This stage identifies structurally promising
skeletons and eliminates infeasible or dynamically fragile configurations early.

In the second stage, selected skeletons undergo continuous multi-objective refinement, optimising
cutting parameters and schedule slack under full surrogate-based objective evaluation and feasibility
enforcement. Iterative feedback between stages allows the search to adaptively refine discrete decisions
in response to continuous-level performance.

6.7. Surrogate Modelling and Mixed-Fidelity Evaluation

Data-driven surrogate models are employed for objectives whose direct evaluation is computa-
tionally prohibitive. Gaussian-process and ensemble-based regressors provide both mean predictions
and uncertainty estimates, enabling uncertainty-aware optimisation.

Surrogates are trained using structured experimental datasets and refined through active learning.
Candidates associated with high predictive uncertainty are either penalised or selected for higher-
fidelity evaluation, resulting in a mixed-fidelity optimisation loop that balances exploration efficiency
and model reliability.

6.8. Post-Optimisation Selection and Validation

The optimisation yields a Pareto approximation of candidate plans. Final selection employs knee-
point detection or stakeholder-weighted utility functions, followed by rigorous verification including
collision checking, inverse kinematics validation and chance-constraint evaluation.

Selected plans may undergo local continuous refinement with fixed discrete structure to further
improve performance while preserving feasibility. Experimental execution and measurement close the
loop by validating surrogate predictions and informing subsequent model updates.

To summarise the interaction between decision-variable encoding, deterministic decoding, staged
feasibility enforcement and hierarchical optimisation, Figure 5 provides a compact overview of the
offline planning workflow. The figure highlights how candidate solutions are progressively filtered
through low-cost kinematic checks, surrogate-based objective evaluation and high-fidelity feasibility

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 March 2026 doi:10.20944/preprints202603.0672.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0672.v1
http://creativecommons.org/licenses/by/4.0/


15 of 24

verification, before contributing to the Pareto front approximation. This staged structure enables
tractable exploration of a high-dimensional mixed discrete-continuous design space while preserving
robotic executability and disturbance-aware planning objectives.

Figure 5. Hierarchical overview of the offline multi-objective optimisation framework for concurrent robot-assisted
wire-based DED-LB/M and milling. Deterministic decoding, staged feasibility filtering and surrogate-based
objective evaluation are embedded within an iterative evolutionary optimisation loop to generate executable
Pareto-optimal process plans.

7. Demonstrative Case Study of Disturbance-Aware Planning for Hybrid
Manufacturing

This section presents a demonstrative numerical application of the proposed planning framework
to a large-scale hybrid manufacturing scenario with sparsely distributed machining segments. The
case study instantiates the previously introduced models and optimisation strategy under explicitly
stated assumptions and provides a reproducible example illustrating the resulting interaction between
spatial sequencing and temporal feasibility. The employed surrogate models are synthetic and serve
solely to demonstrate the behaviour of the planning framework. The purpose of the case study is not
quantitative performance validation, but to expose structural planning effects arising from enforced
temporal causality, robot-feasible decoding and disturbance-aware objective coupling. The employed
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surrogate models are therefore deliberately simplified, as the observed trade-offs and infeasibility
patterns are properties of the planning formulation itself rather than artefacts of surrogate fidelity or
parameter tuning.

7.1. Workpiece Geometry and Segment Distribution

The considered workpiece consists of a planar surface with dimensions
1000 mm × 1000 mm at constant height z. A set of N = 9 machining segments Si is defined on this
surface. All segments are assumed to be identical in size and shape and occupy small local regions
relative to the total surface area (see Figure 6). Each segment is characterised by a reference point

pi = (xi, yi, z) ∈ R3

and a fixed representative equivalent machining path length

li = l = 100 mm, ∀i ∈ {1, . . . , N}.

The segments are distributed irregularly across the surface and do not form a contiguous tiling.
Large unprocessed regions remain between segments, resulting in non-negligible robot travel distances
between consecutive machining operations.

The segment centres used for the demonstrative study are fixed and reproducible. Example
coordinates (in mm) are given by

p1 = (120, 850, z), p2 = (760, 910, z), p3 = (540, 600, z),

p4 = (200, 420, z), p5 = (850, 300, z), p6 = (400, 200, z),

p7 = (900, 120, z), p8 = (150, 100, z), p9 = (650, 450, z).

Figure 6. Schematic illustration of the demonstrative workpiece used in the case study. The left panel shows the
planar workpiece surface with the spatial distribution of the nine machining segments highlighted in red. The
right panel depicts a schematic representation of the workpiece placement within the robotic DED-milling cell.

7.2. Externally Imposed Deposition Sequence

Material deposition is performed using a wire-based DED-LB/M process. The deposition order is
assumed to be externally imposed and is therefore not subject to optimisation. The resulting deposition
sequence is spatially non-monotonic and is defined as

πDED = (S4, S1, S7, S3, S9, S2, S6, S8, S5).
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Each segment is deposited exactly once and is not revisited by the laser after deposition. During
deposition, the DED process is assumed to move at a constant process velocity of

vDED = 13 mm/s.

Non-depositing traversal motions of the DED-robot are executed at twice this velocity.
The laser trajectory L(t) is parameterised accordingly. For each segment i, the corresponding laser

passage time is computed as
tlaser
i = arg min

t
∥L(t)− pi∥.

7.3. Milling Planning and Temporal Decoding

Machining operations are planned concurrently with the deposition process. While the deposition
order is fixed, the milling sequence constitutes a decision variable of the planning problem and is
instantiated for the present case study subject to the causal constraint

ti ≥ tlaser
i .

Machining start times are derived deterministically during decoding according to

ti = max
{

tlaser
i , ti−1 + τtravel(pi−1, pi)

}
.

Robot travel time between consecutive machining operations is modelled as

τtravel(pi, pj) = tacc +
∥pi − pj∥2

vmove
,

with vmove = 50 mm/s and tacc = 2.0 s.

7.4. Surrogate-Based Disturbance Modelling

Disturbance effects are evaluated using the surrogate models introduced in Section 6. For the
present case study, these models are instantiated with fixed parameter settings to assess particu-
late interference, thermal interaction and pose-dependent dynamic compatibility during concurrent
deposition and machining.

7.4.1. Surrogate Model for Particulate Interference

For the present case study, the particulate-interference surrogate introduced in Section 6 is
instantiated using a simplified analytic proxy. This proxy preserves the input structure and spatio-
temporal coupling logic of an experimentally trained surrogate model, while enabling reproducible
and computationally efficient evaluation.

The surrogate depends on the local milling parameters, the spatial relation between the machining
segment and the current DED position, and the temporal overlap of both processes. Chip generation is
assumed to scale monotonically with milling engagement and is approximated by the volumetric chip
flow rate

V̇chip,i = kc v f ,i ae,i, (1)

where v f ,i denotes the feed rate, ae,i the radial immersion, and kc a constant scaling factor.
The spatial coupling between milling and deposition is approximated by an exponentially decay-

ing geometric influence term

ggeo,i(t) = exp
(
−∥pi − pDED(t)∥2

λ

)
, (2)
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where pi denotes the reference point of machining segment i, pDED(t) the instantaneous DED position,
and λ a characteristic decay length.

Particulate interference is evaluated only when machining and deposition are active simultane-
ously, which is enforced by the activity indicator

χi(t) =

1, if deposition is active during machining of segment i,

0, otherwise.
(3)

The cumulative particulate-interference surrogate for machining segment i is obtained as

f sp
i =

∫ ti+Ti

ti

χi(t) V̇chip,i ggeo,i(t) dt, (4)

where ti denotes the machining start time and Ti = li/v f ,i the corresponding machining duration.

7.4.2. Surrogate Model for Thermal Interaction

For the present case study, thermal interaction between deposition and subsequent milling is
represented using a simplified, segment-local surrogate model. This formulation is based on the
following explicit assumptions:

• Machining segments are sparsely distributed across the workpiece such that thermal interaction
between different segments can be neglected.

• Heat input from the DED process is spatially localised and does not induce relevant temperature
rise outside the deposited segment.

• The thermal state of each segment is therefore governed solely by its own deposition history.

Under these assumptions, thermal interaction reduces to a local, time-dependent constraint
characterised by the temporal offset between deposition and machining. Let tlaser

i denote the time
at which deposition on segment i is completed and ti the corresponding machining start time. The
relevant temporal separation is given by

∆ti = ti − tlaser
i . (5)

Thermal interaction is modelled using a minimum cooling-time criterion represented by a trun-
cated linear penalty

f th
i = αth max

(
0, 1 − ∆ti

τth

)
, (6)

where τth denotes a characteristic cooling time and αth is a scaling coefficient. For ∆ti ≥ τth, the
segment is assumed to have cooled sufficiently and no thermal penalty is applied.

7.4.3. Surrogate Model for Pose-Dependent Dynamic Compatibility

For the present case study, pose-dependent dynamic effects during milling are evaluated using a
simplified kinematic surrogate. This formulation is based on the following assumptions:

• Dynamic robustness during milling is dominated by the robot pose and its associated kinematic
characteristics.

• Kinematic configurations close to singularities are associated with reduced dynamic robustness.
• The influence of milling parameters on dynamic behaviour is neglected in favour of a purely

pose-dependent representation.
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Dynamic compatibility is quantified using a kinematic condition measure derived from the robot
Jacobian. Let qi denote the joint configuration associated with the selected milling pose for segment i,
and let J(qi) denote the corresponding Jacobian matrix. The scalar condition measure is defined as

κi =
σmax(J(qi))

σmin(J(qi))
, (7)

where σmax and σmin denote the largest and smallest singular values, respectively.
The pose-dependent dynamic penalty for machining segment i is defined as

f dyn
i = αdyn log(κi), (8)

where αdyn is a scaling coefficient.

7.5. Optimisation Setup

For the present case study, the planning problem is solved using the optimisation framework
introduced in Section 6. The decision vector

x = {u, q, s, r}

is instantiated to encode the milling sequence, the associated tool orientations, and the local process
parameters, namely the feed rates v f ,i and radial immersions ae,i for each machining segment.

Discrete sequencing decisions are explored using NSGA-II with a population size of 150 over
120 generations. Continuous refinement of the process parameters is subsequently performed using
NSGA-II with a population size of 120 over 180 generations, while keeping the discrete decisions fixed.
Standard simulated binary crossover and polynomial mutation operators are employed.

The optimisation objective is evaluated based on the decoded temporal schedule. The overall
cycle time is defined as

fcyc = max
i

(
ti +

l
v f ,i

)
,

where ti denotes the machining start time of segment i and l is the fixed representative equivalent
machining path length common to all segments.

7.6. Representative Numerical Results

Representative optimisation runs yield well-populated Pareto fronts that characterise the interac-
tion between disturbance-related robustness and overall cycle time for the demonstrative large-scale
hybrid manufacturing scenario. In the considered application, disturbance minimisation constitutes
the primary planning objective, whereas cycle time reduction is treated as a secondary performance
criterion.

To facilitate interpretation, three characteristic execution strategies are distinguished. First, a
sequential reference strategy is considered, in which all deposition operations are completed prior
to any machining. This strategy represents a strictly disturbance-free execution but results in a
comparatively long cycle time due to the absence of temporal overlap between processes. For the
present case study, this reference yields a total cycle time of approximately Tseq ≈ 500 s.

Second, an aggressive parallel strategy is identified at the lower bound of achievable cycle
times. This solution exploits extensive temporal overlap between deposition and machining and
prioritises spatially compact sequencing to minimise robot travel distances. As a result, a cycle time
of approximately Tpar ≈ 290 s is achieved. However, this strategy is associated with pronounced
disturbance exposure and is therefore considered unfavourable from a process-robustness perspective.
It is included solely as a reference to illustrate the potential cycle-time reduction attainable when
robustness considerations are relaxed.
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Third, the robust-optimal solution is located at the low-disturbance end of the Pareto front and
represents the practically preferred operating point. This solution maintains minimal disturbance
exposure while still exploiting limited temporal overlap between deposition and machining wherever
feasible. For the present case study, the corresponding cycle time is approximately Trob ≈ 330 s,
representing a substantial reduction relative to the sequential reference while preserving a high degree
of process robustness.

The characteristics of these three representative strategies are summarised in Table 1. Here, Fdist

denotes the cumulative disturbance metric obtained as a weighted aggregation of the particulate,
thermal and pose-dependent dynamic surrogate penalties introduced in the preceding subsections.
Lower values of Fdist correspond to increased robustness with respect to disturbance effects.

Table 1. Characteristic execution strategies for the demonstrative case study, contrasting a strictly sequential
reference, an aggressive parallel strategy with elevated disturbance exposure, and the robust-optimal solution
preferred for practical operation. The values are indicative and serve to illustrate structural trade-offs between
robustness and temporal overlap rather than to predict absolute process performance.

Case fcyc (s) Fdist
Sequential reference 500 0.00
Aggressive parallel 290 1.05
Robust-optimal (preferred) 330 0.20

7.7. Scope and Limitations

The presented case study constitutes a numerical instantiation of the proposed planning frame-
work under explicitly stated modelling assumptions. The surrogate models employed are synthetic
and not experimentally calibrated. The reported numerical results illustrate typical planning trade-offs
rather than quantitative process performance.

8. Conclusion, Scope and Outlook
This work presented a disturbance-aware planning and optimisation framework for concurrent

robot-assisted wire-based DED-LB/M and milling. The proposed approach addresses the structural
complexity arising from tightly coupled additive and subtractive processes by treating dominant
process-interference mechanisms as first-class planning objectives rather than as secondary constraints
or heuristic considerations.

Building on a structured analysis of particulate, thermal and pose-dependent dynamic interactions,
the milling planning problem was formulated as a temporally coupled multi-objective optimisation
task. A unified decision encoding and deterministic temporal decoding were introduced to enable
scalable exploration of sequencing, pose selection and process parameters while ensuring causal
consistency with the deposition process. A hierarchical surrogate-assisted optimisation strategy was
employed to separate discrete structural decisions from continuous parameter refinement and to
embed staged feasibility enforcement.

A demonstrative numerical case study was used to instantiate the framework and to illustrate its
practical behaviour under explicitly stated assumptions. The presented results highlight the ability of
the proposed approach to systematically expose and manage trade-offs between process robustness
and productivity under concurrent operation. These results are intended to be illustrative rather than
predictive and do not constitute an experimental validation of process performance.

At the current stage, the framework is deliberately decoupled from experimentally trained
surrogate models and from validation on a physical hybrid manufacturing cell. Surrogates are
treated as modular abstractions whose functional role within the planning architecture is specified,
while their concrete parametrisation and calibration are deferred to future work. This separation
between methodological structure and empirical instantiation ensures generality, transferability and
extensibility across different robotic platforms, material systems and levels of model fidelity.
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Future work will focus on the experimental calibration and validation of the proposed surrogate
models using dedicated hybrid DED-milling testbeds, as well as on the integration of in-situ sensing to
enable uncertainty-aware disturbance estimation. Extensions toward adaptive scheduling, closed-loop
replanning and multi-robot coordination represent natural next steps. Beyond the specific application
considered here, the proposed framework provides a general foundation for disturbance-aware
planning and optimisation in hybrid and multi-process robotic manufacturing systems.
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Abbreviations
The following abbreviations are used in this manuscript:

AM Additive Manufacturing
ASTM American Society for Testing and Materials
CAD Computer Aided Design
CAM Computer Aided Manufacturing
CNC Computerized Numerical Control
DED Directed Energy Deposition
DED-EB Directed Energy Deposition with an Electron Beam
DED-LB Directed Energy Deposition with a Laser Beam
DED-LB/M Directed Energy Deposition of Metal with a Laser Beam
GMAW Gas Metal Arc Welding
GTAW Gas Tungsten Arc Welding
ISO International Organization of Standardization
MINLP-MOP Mixed Integer, Nonlinear, Multi-objective Optimisation
MOEA Multi Objective Evolutionary Algorithm
NSGA II Non-dominant Sorting Genetic Algorithm II
PAW Plasma Arc Welding
PBF Powder Bed Fusion
SA-MOEA Surrogate-assisted Multi Objective Evolutionary Algorithm
SLM Selective Laser Melting
URDF Unified Robot Description Format
WAAM Wire Arc Additive Manufacturing
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