CIRP Journal of Manufacturing Science and Technology 64 (2026) 65-78

Contents lists available at ScienceDirect

CIRP Journal of
Manufacturing
Science and Technolog)

CIRP Journal of Manufacturing Science and Technology

journal homepage: www.elsevier.com/locate/cirpj

ELSEVIER

Check for

An approach for integrating performance evaluation and environmental | e
sustainability assessment for hybrid additive-subtractive manufacturing

Paolo C. Priarone ?, Maria Chiara Magnanini ”*"

2 Politecnico di Torino, Department of Management and Production Engineering, Corso Duca degli Abruzzi 24, Torino 10129, Italy
Y politecnico di Milano, Department of Mechanical Engineering, Via La Masa 1, Milano 20156, Italy

ARTICLE INFO ABSTRACT

Keywords:
Manufacturing systems
Energy efficiency
Additive manufacturing
Machining

Stochastic modeling

Manufacturing systems that integrate additive and subtractive unit processes within a unified workflow aim to
leverage the respective strengths of each technology. This study presents a modeling framework for assessing the
environmental performance of hybrid manufacturing systems, explicitly accounting for stochastic system-level
dynamics such as blocking (when an upstream process is forced to stop because the downstream buffer is full)
and starvation (when a downstream process remains idle because the upstream buffer is empty). The model is
applied to a case study combining wire arc additive manufacturing and 5-axis CNC milling, under three different
process scenarios and multiple system configurations. Increasing buffer capacity reduces idle states and enables
the system to operate closer to its maximum throughput, at the cost of higher work in progress. As productivity
increases, specific energy consumption and emissions per part decrease. These findings extend traditional
process-level models to a multi-stage context, highlighting the importance of system integration. Overall, the
study demonstrates that applying the proposed model can improve energy efficiency and carbon footprint by
jointly considering process strategies and system configuration, supporting more informed, sustainability-

oriented design and planning decisions.

1. Introduction

The broad push towards sustainability, understood in its most
comprehensive sense according to the so-called ‘triple bottom line’,
presents manufacturers with significant challenges in configuring and
operating their manufacturing systems. Operating a process optimally
requires identifying the appropriate parameters not only in terms of
quality and cost, but also with regard to resource efficiency [12]. Recent
research in manufacturing increasingly focuses on energy efficiency,
reconfigurability, and sustainable production, driven by economic as
well as environmental pressures. This progress is underpinned by the
convergence of digital technologies, optimization methods, and smart
manufacturing concepts.

In the literature, researchers have been focusing on some major
trends, mainly treating system configuration, process operation, and
environmental sustainability as independent pillars. However, some
relevant examples, coming from different manufacturing contexts, can
be analyzed in light of the current scientific landscape. AlGeddawy &
ElMaraghy [2] introduced a methodology for designing manufacturing
systems for sustainability, proposing to embed energy considerations
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early in the system design phase. Their framework links process energy
models with production planning to reduce energy consumption pro-
actively. Similarly, well-established research streams focus on
energy-efficient control policies based on time-based policies, as in
Frigerio & Matta [17] and Tan et al. [46]. Then, introducing a novel
approach that laid the groundwork for the one presented here, Wéjcicki
et al. [49] modeled energy demand in machining systems using a
two-machine generalized threshold approach, enabling more accurate
energy control and supporting energy-conscious production strategies.
Similarly, Loffredo et al. [31] applied reinforcement learning (RL) to
dynamically control parallel machines, demonstrating real-time energy
savings through data-driven control policies. In this case, less emphasis
is placed on system configuration, as the focus is on operational policies.
Reconfigurable manufacturing systems (RMS) are critical for meeting
evolving production demands with minimal environmental impact.
Yelles-Chaouche et al. [50] reviewed optimization approaches in RMS,
categorizing methods for layout design, resource allocation, and system
evolution, while highlighting gaps in sustainable metrics integration.
Khezri et al. [28] further advanced this by developing multi-objective
optimization models for sustainable RMS (SRMS), targeting process
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plan generation that balances cost, time, and energy.

In novel manufacturing processes, understanding the relationship
between configuration choices and operational policies is crucial for
informed decision-making. When it comes to additive manufacturing
(AM), this technology has received increasing attention for its potential
to optimize material and energy use. Karimi et al. [26] proposed an
energy-aware scheduling model for AM to minimize power usage while
maintaining throughput. Ma et al. [33] analyzed energy consumption
distribution in AM processes, highlighting the importance of machine
parameters and build strategies. A comprehensive review by May &
Psarommatis [35] synthesized current findings and proposed a frame-
work for maximizing energy efficiency in AM, emphasizing the need for
standardized metrics and lifecycle assessments to guide future de-
velopments. Nonetheless, AM systems must be evaluated within the
broader manufacturing workflow, as they often require mandatory
post-processing and finishing operations, particularly for metal com-
ponents, to meet the strict application-specific requirements [32]. To
this end, hybrid manufacturing approaches combine AM processes, such
as Powder Bed Fusion (PBF) or Directed Energy Deposition (DED), for
near-net-shape production, with conventional techniques, such as CNC
machining, to achieve satisfactory precision and surface quality while
offering a promising route to functional, energy-efficient production.
Strong et al. [45] examined the integration of AM into traditional supply
chains, identifying challenges and opportunities in logistics, production
control, and quality assurance. Smith et al. [44] provided a more recent
technical perspective on hybrid metal additive/subtractive machine
tools, detailing use cases and control challenges.

Despite the growing body of research, a gap remains in practical
methodologies that simultaneously integrate system configuration,
process strategies, and environmental metrics for hybrid additive-
subtractive manufacturing. Among the different systems which have
been developed over the last couple of decades (as reviewed in [43]), a
hybrid manufacturing approach based on a Wire Arc Additive
Manufacturing (WAAM) process followed by 5-axis CNC milling has
been considered in this study. This combination of processes has been
gaining momentum, since WAAM enables the extension of
layer-by-layer fabrication benefits to medium-to-large parts with depo-
sition rates far higher than powder-bed technologies. However, the
WAAM limitations in terms of quality and accuracy of the as-deposited
features typically require a machining process afterwards [20,42]. The
goal of this work is to investigate the environmental assessment result-
ing from the joint analysis of system configuration and process opera-
tion. A methodology is proposed to contribute to the development of
strategic decision support tools designed to provide feedback on the
integrated choice of the process variables and system configuration. An
analytical model for performance evaluation is used, due to the fast
computational time. For the sustainability assessment, different empir-
ical models are exploited, according to the state-of-the-art literature, and
Cumulative Energy Demand (CED) and equivalent carbon dioxide
emissions (COy) are the selected metrics to quantify the environmental
stress. The remainder of the paper is structured as follows: Section 2
outlines the modeling framework, including the characterization of in-
dividual unit processes and the formulation of system-level performance
and environmental assessment models. Section 3 introduces the case
study, based on WAAM followed by CNC milling, illustrating the
applicability of the proposed methodology across different process sce-
narios. Section 4 discusses the results, with particular emphasis on
system dynamics and sustainability trade-offs. Finally, Section 5 con-
cludes the study and outlines directions for future research.

2. Framework and methods

In hybrid approaches, both the additive manufacturing (AM) and the
subtractive manufacturing (SM) technologies can be implemented in a
single machine or manufacturing cell. Highly-flexible solutions have
already been established, based either on single/multiple robotic
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systems or CNC platforms [16,4]. When a single hybrid machine is
chosen, and one component is processed (or even repaired) at a time by
following sequential process phases (e.g., [8]), any disruptive stoppage
in the additive operation would cause a delay in the subtractive opera-
tion. Conversely, any disruptive stoppage in the subtractive operation
would prevent the next additive operation from beginning.

Alternatively, the same integrated manufacturing approach can be
implemented using two distinct and separate machines (Fig. 1). This
case represents a typical scenario for companies aiming to update and/
or flexibly reconfigure their production lines by adding one or more AM
machines to the already available equipment. Compared to the previous
case, production planning becomes more complex due to the need to
manage internal logistics and the transfer of semi-manufactured parts
from the AM machine to the SM one. The input process parameters (for
both AM and SM) and the buffer configuration must be defined as a
function of the geometrical product specifications, the production tar-
gets, and the goal of maximizing the overall system performance in
terms of productivity and sustainability. The framework proposed in
Fig. 1 is based on the characterization of each unit process (detailed in
Section 2.1), which provides the needed information from the
manufacturing system. Then, to develop strategic decision support tools
at the system level, two separate — but closely connected — steps of
performance evaluation (described in Section 2.2) and environmental
sustainability evaluation (Section 2.3) are carried out.

2.1. Unit-process characterization

In order to apply the framework proposed in Fig. 1, the character-
ization of each unit process has to be performed. The performance
evaluation requires (i) the cycle time for the single part manufacturing
(CTk), (i) the mean time to failure (MTTFX), (iii) the mean time to repair
(MTTRY), for either k=AM or SM, and (iv) the buffer size (N).
Furthermore, for the environmental sustainability assessment, (i) the
energy consumption (EX;) and/or the power demanded by each machine
during CT¥, including all the auxiliary equipment, as well as (ii) the
consumption rate (g}‘) of all the j-th consumable resources must be ob-
tained. This is the minimum condition necessary to perform the analysis,
which is, however, simplified by the digital technologies of Industry 4.0
[13], as the wuse of highly sensorised, vertically- and
horizontally-integrated machines enables the acquisition of a complete
set of data [19].

2.1.1. Modeling of energy and power requirements

The average power demanded by any manufacturing equipment, P_l;
(in kW), can be computed on a per-part basis as the ratio between the
electrical energy consumption, EléT (in kWh), and CT* (in h), according
to Eq. 1,

— k
kiECTf

t:
_Ey Jo PE(p) dt
Focrt

o7 @
where the total cycle time, CTk, from the beginning (ty) to the end (t;) of
the operation, shall include both the productive and non-productive
times associated to the production of a single part. Eq. 1 has a general
validity. Nevertheless, at the unit-process level, empirical approaches
have already proven their effectiveness in modeling the (specific) energy
requirements while varying the process variables (e.g., [25]), and can
therefore be used for quantifying and/or predicting EX;.

With reference to the hybrid manufacturing approach here consid-
ered, an example of data acquired when manufacturing a near-net-shape
part by means of a WAAM unit process is shown in Fig. 2. The total
power-versus-time profile includes all the contributions due to the
deposition system, the positioning system, and all the auxiliary systems,
such as the cooling and smoke evacuation units [39]. The periodic
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Fig. 2. Power demand versus time results for a WAAM system. The example refers to a thin-walled structure made of 55 overlapped layers, which were deposited
under a Wire Feed Speed (WFS) of 3 m/min and a Travel Speed (TS) of 0.5 m/min.

stepwise shape of the power-versus-time curve allows identifying three
main phases, which are related to the time for the active material
deposition (i.e., the arc-on time, to,), the dwell time for interlayer
cooling (i.e., the arc-off time, t,), and the standby time (ty), on a
per-part basis, for substrate loading and part unloading. Every phase of
this WAAM process requires an almost-constant power demand.
Therefore, Eq. 1 can be here approximated as per Eq. 2,

Y

DAM _ Egt' o PV ton + PN -togr + Pty @
P~ CoTAM cT™
where 1@, M, and @ (in kW) are the average power demand values

during arc-on time, arc-off time and standby time, respectively (as
labeled in Fig. 2).

The average power levels and times vary as a function of both the
geometry of the part being produced and the process parameters [9].
The power levels can be measured during a preliminary machine char-
acterization, whereas the active deposition time and dwell time can be
obtained from the CAM software which defines the deposition strategies.
Therefore, if all the power levels and the process times are known, the
electrical energy consumption in isolation of the WAAM unit process can
be estimated a priori. Moreover, unit-process models based on the
Specific Energy Consumption (SEC) — that is, the amount of energy
required by the process/equipment to manufacture a unit of mass of a

67

given material — have been already established for machining [25,30],
and further applied to other manufacturing processes in which the
constant power requirement of the machine equipment dominates the
total energy consumption. Thus, if the SEC values are available for the
given unit process as the configuration changes, and if the mass of ma-

terial to be processed is known, the P  value can also be estimated
using this approach. For the sake of clarification, examples of data
collection and/or modeling alternatives will be provided during the
discussion of the case study (Section 3).

2.2. Performance evaluation

The performance evaluation allows estimating (or predicting) the
productivity indicators according to the variation of the process and
configuration parameters. The productivity indicators include (i) the
system throughput, TH, which is the expected number of parts produced
by the manufacturing system within the time unit, (ii) the work-in-
progress, WIP, which is the average content of the inter-operational
buffer in terms of parts, and (iii) the probability 7 that each k-th unit
process is in a certain production state in a given time unit. A production
state can be defined as an operational mode which depends on both the
behavior of the single unit process and the interaction between unit
processes in a given configuration. When the additive-subtractive
manufacturing approach is performed by exploiting two separate unit
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processes, the overall system behavior depends on the joint dynamics of
the two machines, which are partially decoupled by the inter-
operational buffer. In fact, when the buffer is nor full or empty, the
two unit processes can manage the parts flowing in the system without
influencing each other from the viewpoint of the operational mode. If an
unexpected stoppage occurs in the AM unit process, the buffer may start
to decrease. Then, if the stoppage of the AM unit process continues for
some time, the buffer will become empty. Hence, the downstream SM
unit process will not be able to manufacture parts anymore, as no near-
net-shape parts are available. As a consequence, the subtractive unit
process will be starved (in the operational mode of ‘starvation’). Simi-
larly, when an unexpected stoppage occurs in the SM unit process, the
buffer may start to increase since no parts are processed by the sub-
tractive stage anymore. Then, if the stoppage of the SM unit process
continues for some time, the buffer will become full. Hence, the up-
stream AM unit process will be blocked (in the operational mode of
‘blocking’), as no parts can be downloaded in the downstream buffer.

Since stoppages may be seen as stochastic events characterized by a
statistical distribution, the system performance cannot be known a priori
due to the effects of variability and propagation of variability among the
stages. Different methods can be used to compute the system key per-
formance indicators (KPIs), as data-driven methods [51], and
model-based methods [29]. A model-based methodology is used in this
research, which grounds on a set of analytical equations to estimate the
performance indicators without severe computing effort, as in Discrete
Event Simulation (DES) [37], or extensive data, as in approaches
involving Neural Networks [23] or Supervised Learning [27]. Obvi-
ously, according to the specific context, all methods can be used as far as
they provide the same KPIs. The here-used methodology is based on the
model for two-stage manufacturing lines proposed by Magnanini &
Tolio [34]. The behavior of each stage in isolation (without accounting
for joint system dynamics) is modeled by a discrete-state con-
tinuous-time Markov Chain. When the unit process is considered in
isolation its behavior is not impeded by other resources in the system,
and it is characterized by two states: a productive state P, and a down
state D. When it is in the productive state P, the unit process manufac-
tures one part every cycle time CT¥. When it is in the down state D, some
disruptive event occurred, as a failure or a breakage. In this state, the
unit process does not manufacture any part. Since the transitions be-
tween states occur stochastically, a Markov Chain is adopted, and its
transition rate matrix QX can be defined according to the unit-process
parameters, as per Eq. 3,

e-[f 4]

where

vk = AM, SM 3

e 7% (in h™1) is the average repair rate, equal to 1/MTTRY;
o X (in h™) is the average failure rate, equal to 1/MTTFk, for either
k =AM or k = SM.

MTTR and MTTF are assumed to be the mean of the exponential
distribution characterizing the time to repair and the time to failure,
respectively. In this context, the efficiency in isolation is defined as the
expected percentage of time during which the single unit process re-
mains productive, if not impeded by other resources in the system. This
is formalized in Eq. 4:

k rk
e =—
r 4 fk

If a general distribution rather than an exponential distribution is
considered, empirical distributions such as Phase Types can be modeled
according to literature [36]. Grounding on the single unit-process
characterization and inter-operational buffer capacity, equal to N, the
system state-space can be defined by the triplet (n, S™™, SM), where nis

vk = AM, SM ()]
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a continuous variable representing the buffer level (ranging from 0 to
N), according to the Kronecker product (i.e., the combination of all
possible resource states). Specific states emerge from the system-level
representation as a consequence of the resource interaction:

e Blocking state: B = (N,P,D), in which even if the upstream unit
process can be productive, no part is processed;

e Starvation state: S = (0, D, P), in which even if the downstream unit
process can be productive, no part is processed.

The performance evaluation model allows estimating the steady-
state probabilities of the unit-process states at the system level.
Following the solution method proposed in Tolio & Ratti [47] and
Magnanini & Tolio [34] for a discrete two-stage manufacturing line with
Markovian behavior, the system-level Markov Chain is solved by means
of a linear system of partial differential stochastic equations and the
steady-state probabilities can be found. In particular, ;r{f (-) is the
steady-state probability of the k-th unit process (i.e., for either k = AM
or k = SM) being operational (i =P), or blocked (i =B), or starved
(i=S), or failed (i = D). By definition, the relations in Eq. 5 and Eq. 6
hold for AM and SM, respectively:

oM+ M+ M =1 (5)

SM |, SM | _SM _
A+ +ag =1

(6)

The analytical method used in this work is equivalent to a DES model
where the steady-state probabilities are obtained as percentages of the
time spent by the single unit process in each state, with respect to the
total simulation time. Finally, the system throughput TH (in part/h) can
be computed as per Eq. 7:

1
TH gk

= e vk = AM, SM

@)

2.3. Environmental impact assessment

Once the outputs of the characterization of each unit process (Section
2.1) and the system performance evaluation (Section 2.2) are both
available, the electrical energy consumption for producing a number of
parts in a given time interval (which is labeled as E]gt and measured in
kWh) can be computed according to Eq. 8, for any k-th unit process and
by accounting for the different i-th operational modes,

E, =Y PlaftAt | vk=AM,SM ©)

where

e PX (kW) is the average power demand of the manufacturing equip-
ment when operational (i = P), or blocked (i = B), or starved (i = S),
or failed (i = D), for either k = AM or k = SM;

e At (h) is the considered time interval (e.g., a work shift).

Eq. 8 has general validity. In this study it is assumed that when a
machine is idling due to blocking, starvation or intervention, a constant

power demand is required, equal to PX,.. Therefore, the AM and SM unit
processes can be either productive or idling. Therefore, the total elec-
trical energy consumption of the hybrid additive-subtractive
manufacturing approach, Ex; (in kWh), can be written according to
Eq. 9,

Ex=EN+EN =

(PR ™ + Plmie) + (PR + PRiemiii) ] -At
©

where, for consistency with Eq. 5 and Eq. 6:
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o ol =M + 2fM, for k = AM;
o M =" + aM, for k = SM.

To quantify the selected environmental impact metrics, the contri-
butions of all the j-th consumables (such as the shielding gas for WAAM,
or the cutting tool(s) and the lubricant(s) for CNC machining) have to be
added. Therefore, the cumulative (primary) energy demand for the gate-
to-gate system boundary, CED,; (in MJ), required in the selected time
interval At, can be quantified according to Eq. 10:

&

CEDy = 7 Eac + ZEj'qy'”g'At (10)
jk

where

e the factor 3.6 converts kWh to MJ;

e 1 () is the primary-to-secondary energy conversion coefficient,
which accounts for the energy losses occurring during the production
of electricity from primary energy sources;

e Ej (MJ/kg or MJ, /m®) is the primary energy embodied in a unit mass
or volume of the j-th consumable;

. q}f (to be measured in kg/h or in m3/h) is the consumption rate of
each j-th consumable, for either k = AM or k = SM.

Eq. 10 implies that the consumption of consumable resources is
addressed only to the unit-process operational time (). This hypothesis
is consistent with the hybrid process that has been considered, as it is
realistic to assume that no shielding gas, tools or lubricants are
consumed when the machines are blocked, starved or stopped for
maintenance interventions (when the unit processes are not producing
parts). In addition, the ancillary material inputs that amortize over the
production of multiple parts (such as maintenance kits and materials)
and the system components that amortize over their respective lifespans
can be assumed as negligible on a per-part basis assessment.

Then, being the throughput of the system available (Eq. 7), the
number of parts produced during the selected time interval At can be
obtained as TH-At. Therefore, to calculate the CED to be allocated to
each single produced component (CEDyqy, in MJ/part), Eq. 11 can be
applied,

D v — SED
_ 3.6 [(P™mp™ + PR ) + (PS-agM + PR -m) |
n TH
%‘Ej-q}“n}s
+ (11)

where the two separate contributions due to electrical energy con-
sumption and consumable resources can be identified on a per-part
basis. It should be emphasized that, in this way, the energy consumed
when idling (i.e., when the unit process is either blocked, or starved, or
failed) is divided equally over the parts produced in the considered time
interval. Please note that similar approach was used, at single unit-
process level, by Frigerio & Matta [17]. The carbon dioxide emissions
associated with the production of a single part, CO; part (in kgCO2/part),
can be similarly determined using Eq. 12,

[(PEM.xpM + PRM-2f) + (PSMmg™ + PSS ) |
TH

CO3 part = CES-
ijcozj g
Js

+ TH

(12)

where
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e CES (kgCOo/kWh) is the carbon emission signature of the electric
grid, as defined by Jeswiet & Kara [24];

e COy; (kgCOo/kg or kgCOZ/m3) is the carbon footprint of the j-th
consumable.

It is worth noting that, when referring to consumables, their
contribution becomes a fixed share in the assessment of the environ-
mental impact per produced part, as demonstrated in Eq. 13, as they do
not depend on the system configuration, i.e., the interaction dynamics of
the two processes:

Bif

ik

CEDconsumables = T = JZkEqu(CTk (13)

3. Case study

A case study to clarify the implementation of the methodology is
presented in this section. A manufacturing line made of two separate
machines for additive manufacturing and finish machining is consid-
ered. In particular, additive manufacturing is carried out using a WAAM
machine based on the Cold Metal Transfer (CMT) technology, and sub-
tractive manufacturing is performed by means of a CNC milling ma-
chine. A mock-up of a propeller is considered as the part to be produced
(Fig. 3). The WAAM process required 1.32 kg of feedstock metal wire,
and the as-built part weighed 1.30 kg. Material loss was due to welding
spatter and some cutting of the welding wire [6]. The resultant material
utilization efficiency of the WAAM process was approximately 98.5 %.
The mass of the finish-machined component was 0.72 kg, which was
achieved by removing 0.58 kg of chips from the near-net-shape
WAAM-ed part by contour milling. For the purposes of the analysis,
one configuration is considered for the WAAM unit process, while three
scenarios for machining (with one configuration either slower, approx-
imately equal, and faster than WAAM) are envisaged to foster the dis-
cussion of the results. The data collection is described in detail in Section
3.1 and Section 3.2 for the WAAM and the machining unit process,
respectively [15]. Unless otherwise stated, electric energy consumption
is reported in kWh, while energy values in MJ refer to the primary en-
ergy level [18]. A primary-to-secondary energy conversion efficiency of
0.38 was assumed [3], while the greenhouse gas emission intensity of
electricity generation was set at 0.21 kgCO2/kWh (i.e., the 2023-average
value for the EU27, according to the indicators of the European Envi-
ronment Agency [14]).

CTAM=200h CTSM=2.79+1.72h

P8M = 1.68 kW PM =135+ 136 kW

PAM = 033 kW Pile = 1.02kW
Metal Finished
wire WAAM Buffer CNC Milling | part

machine

Chips

132 kg machine |FEEFED)| N = 1+50 .

Material (=1
waste [
S

0.72kg

0.58

Near-net-shape
part

Fig. 3. Case study and main input data.
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3.1. Data inventory for the WAAM unit process

The data for the WAAM unit process refer to a custom-built machine
based on Cold Metal Transfer (CMT) as the deposition process, using a
Fronius CMT system equipped with a TPS 400i generator [39]. The
translation of the deposition head (along the X, Y and Z axes) and the
rotation of the baseplate (around the C axis) are controlled by a 4-axis
Siemens Sinumerik 840 CNC system. The machine is housed in a
safety cell equipped with an industrial fume extraction system (active
only when the machine is operational), whose power demand has been
taken into account in the calculation of the total energy consumption of
the AM system. A @ 1.2-mm AWS ER 308 L Si steel wire was used as the
feedstock material. The wire feed speed (WFS) and the travel speed (TS)
were set to 4 m/min and 0.5 m/min, respectively, while the deposition
power was automatically adjusted on the basis of the CMT 3556 Uni-
versal synergic curve. The deposition path, having 67 superimposed
layers, was designed using a dedicated CAM software. An overlap factor
of 0.74 w (where w is the width of the bead) was chosen in the case of
side-by-side deposited beads, according to Ding et al. [11]. The inter-
layer cooling time was obtained by setting the interpass temperature to
400°C, which was controlled by an infrared pyrometer. An Ar + 2.5 %
CO4, shielding gas was supplied to the deposition area to prevent ma-
terial oxidation. Three-phase Fluke 430 Series II analysers were used to
characterize the electric energy consumption of the whole unit process,
which is reported in Table 1.

The average power demand of the AM system when productive, PpM,
was computed as the ratio between the values measured in field of EAY
and CTAM, according to Eq. 1. Nevertheless, the electric energy con-
sumption for manufacturing a single part, EoY, could also be obtained as
per Eq. 2, when the values of P@, @ and @ (equal to 4.07, 0.87 and
0.33 kW, respectively) are available from a preliminary characterization
of the AM system. The average deposition rate (i.e., the ratio between
the amount of deposited material and the arc-on time) was found to be
2.5 kg/h, and the specific energy consumption in this phase was 1.66
kWh/kg of deposited material. These results are in agreement with other
available literature sources [9], even if different setups are used [38].
The Ar + 2.5 % COg shielding gas was the only consumable resource
required for the WAAM unit process (when depositing), with a con-
sumption rate (q{;;f) of approximately 1.5kg/h. The gas was not
recaptured during the process. The embodied energy (Eg;s) and the
carbon footprint (CO3 g,5) of the shielding gas were assumed as 8 MJ/kg
and 0.2 kgCOy/kg, respectively (adapted from [21]). Therefore, the
resultant impacts were estimated as 6.4 MJ and 0.17 kgCO; per addi-
tively manufactured part. The MTTF and MTTR for WAAM machines can
vary depending on the specific equipment/process being used, the skills
of the operators and maintenance personnel, the complexity of the
problem and the availability of spare parts. In general, simple issues
such as wire feed problems or torch malfunctions can often be resolved
within a limited time. More complex issues, such as problems with the
control system or power supply, may require more time and specialized
expertise to resolve. To the sake of exemplification, the efficiency of the
WAAM system in isolation e*M was varied in this research from 80 %
(worst case) to 90 % (best case). In the absence of specific data for the

Table 1

Energy consumption and power demand for the WAAM unit process.
Parameter Unit Value
Setup time, 2} h 0.16
Active material deposition (arc-on) time, ton h 0.53
Dwell (arc-off) time for inter-layer cooling, t,f h 1.31
Cycle time for single-part manufacturing, CTAM h 2.00
Electric energy consumption for single part manufacturing, Epy kWh  3.35
Average power demand of the AM system when productive, PQW kw 1.68

Average power demand of the AM system when idling, Pﬁ kw 0.33
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WAAM process in the current literature, these values have been selected
based on standard industrial references, as reported by Alaouchiche
etal. [1].

3.2. Data inventory for the machining unit process

The characterization of the machining unit process can be carried out
experimentally, by replicating the procedure outlined in the previous
Section 3.1 for the WAAM unit process. Alternatively, theoretical and
empirical models can also be exploited to collect data, and can be useful
for the preliminary evaluation of different scenarios, as illustrated in this
section. During the machining process, the Material Removal Rate
(MRR) has been found to be the decisive factor in determining the en-
ergy consumption for a given machine tool, and an inverse relationship
between the Specific Energy Consumption (SEC) and the MRR can be
established [30]. In this case study, the unit-process energy consumption
was computed by assuming a SEC (kJ/cm®) = 2.830 + 1.344 / MRR
(em®/s) model, and a fixed power consumption of 1.02 kW when the
machine is on standby [25]. This modeling approach, as opposed to
using average processing energy values from LCA software databases,
allows energy requirements to be quantified as the chosen process
configuration changes. The milling parameters were selected based on
the recommendations provided by the tool suppliers. Three levels of
MRR were identified for both semi-finishing and finishing (the latter
limited to 12 % of the mass of chips removed), within a reasonable range
of process parameters. It is worth noting that the MRR values reported in
Table 2 are comparable to those employed by Campatelli et al. [7] for
(semi-)finishing WAAM-ed steel components, and lower than those re-
ported by Priarone et al. [40], where bigger tools and higher removal
rates were used due to the larger size of the components. The Specific
Energy Consumption (SEC) only considers the energy required during
the processing period, while the energy consumed during machine
startup, standby, clamping and positioning periods is disregarded [25].
Therefore, to ensure that the assessment of energy consumption per part
is consistent with the assumptions made for the WAAM unit process, a

Table 2

Energy consumption and power demand for the machining unit process. Three
scenarios are considered: a slower one (#1), one approximately equal (#2), and
a faster one (#3) than the WAAM process.

Parameter Unit  Scenario Scenario Scenario
#1 #2 #3

Material removal rate for the kg/ 0.55 0.69 0.83
semi-finishing operation, h
MRRsf

Material removal rate for the kg/ 0.04 0.06 0.07
finishing operation, MRR¢ h

Standby time, £} h 0.12 0.12 0.12

Milling time for the semi- h 0.93 0.74 0.61
finishing operation, ty

Milling time for the finishing h 1.74 1.16 0.99
operation, t;

Cycle time for single-part h 2.79 2.02 1.72
manufacturing, CTSM

Electric energy consumption kWh  0.12 0.12 0.12
for standby, ESy

Electric energy consumption kwh  1.30 1.05 0.88
for semi-finishing, ESM

Electric energy consumption kWwh 235 1.57 1.34
for finishing, ESM

Electric energy consumption kWh 3.77 2.74 2.34
for single part
manufacturing, ESy

Average power demand of the kw 1.35 1.36 1.36
SM system when productive,
P@

Average power demand of the kw 1.02 1.02 1.02

SM system when idling, Py,
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separate standby energy demand was included in the calculation. The
data presented in Table 2 shows how, for the same amount of material
removed, the energy consumption decreases as the MRR increases, as
expected from the application of the SEC model. The average power
demand for processing a part remains largely unchanged across the
different scenarios, based on the assumptions made in this study.
Nonetheless, the limited impact of the cutting process on the overall
energy consumption of the machine tool and its equipment has already
been acknowledged by Behrendt et al. [5].

Dry cutting conditions were preferred due to their cost and envi-
ronmental benefits [48]. Therefore, cutting tools were considered as the
only consumable resource in the machining unit process. Dahmus &
Gutowski [10] pointed out that the direct environmental impact of tools
is generally limited when assessed on a per-part basis. For this specific
case study, the following assumptions were made: (i) the use of a ball
nose endmill with two replaceable carbide inserts, each with two cutting
edges, for both semi-finishing and finishing; (ii) the precautionary
repositioning of the indexable inserts after each machined part, repre-
senting a worst-case scenario; (iii) an embodied impact of 2.7 MJ and
0.22 kgCO,, per cutting edge, according to the cutting tool data reported
in Priarone et al. [41] for coated carbide inserts weighing approximately
10 g. Under these assumptions, a contribution to CED and total carbon
dioxide emissions of 5.4 MJ and 0.44 kgCO- per manufactured part was
added due to the cutting tool consumption. Lastly, modern machining
centers are designed for high reliability and can run for long periods of
time. However, tool breakage, problems with the power supply, spindle,
coolant or control systems and various other factors can lead to

Scenario #1
CT*M=2.00h<CTM=2.79h

Scenario #2
CT*M=2.00h=CT™=2.02h
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unplanned downtime. In the absence of precise values, the efficiency of
the SM system in isolation (e5M) has been estimated between 80 % and
90 %, in order to maintain consistency with the assumptions made for
the AM unit process. This range aligns with findings from existing
studies on energy control in machining systems, such as Wéjcicki at al.
[49].

4. Results and discussion

This section presents the numerical results of the evaluated sce-
narios, focusing on the three targeted performance indicators: the cu-
mulative energy demand per part (CEDpa¢ in MJ/part, computed
according to Eq. 11), the equivalent CO; emissions per part (CO2 part in
kgCOy/part, as per Eq. 12), and the production throughput (TH in part/
hour, as defined in Eq. 7). For each scenario, the effect of the interme-
diate buffer capacity (N) on these indicators was evaluated, with
extreme configurations represented by buffer sizes of N =1 and N = 50
parts. Fig. 4 highlights the variations in CEDp, results across the
different scenarios (see Table 2). The energy demand per part is influ-
enced by system-level interactions. Scenario 1, exhibiting significant
imbalance in cycle times between the AM and SM stages, yields sub-
optimal energy demand performance relative to the configuration where
resources are more balanced (Scenario 2). Although Scenario 3 is
imbalanced (like Scenario 1), it exhibits better energy performance since
its slowest stage is still faster than the slowest stage in Scenario 1. As a
result, the maximum achievable throughput in Scenario 3 is higher than
that of Scenario 1, as discussed in the following.

Scenario #3
CT*M=2.00h>CTM=1.72h
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Fig. 4. Contributions to the cumulative energy demand per part (CEDpa,) as a function of buffer size (N =1 or N = 50), for the three considered scenarios and

different combinations of unit-process efficiencies (e”M and eSM).

71



P.C. Priarone and M.C. Magnanini

The energy demand per part due to productive states does not change
across the different configuration scenarios. The results presented in
Fig. 4 also allow highlighting the impact of assuming a purely deter-
ministic process representation on the quantification of cumulative en-
ergy demand (CEDp,). When the effects of failure, blocking, and
starvation are neglected (assuming decoupled stages with infinite buffer
capacity and disregarding disruptive micro-stoppages), the CEDpar
amounts to 79, 70, and 66 MJ/part for Scenarios 1, 2, and 3, respec-
tively. This represents a deviation ranging from 5 % to 15 % compared
with the values obtained using the proposed stochastic model. By inte-
grating system-level dynamics into the environmental assessment, the
interdependencies among unit processes are explicitly accounted for,
resulting in more representative sustainability indicators at the system
level. The observed differences primarily stem from energy consumption
during non-productive states. These variations can be explained by the
performance evaluation results detailed in Table 3. Specifically, higher
variability in stoppages (indicated by lower efficiency in isolation) and
cycle time imbalance increase the occurrence of blocking and starvation
phenomena, thereby raising the likelihood of the system entering idle
states. As a consequence, energy demand per part increases due to
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prolonged periods in non-productive but still power-demanding states
(on average, 29 % blocking probability in Scenario 1 and 16 % starva-
tion probability in Scenario 3).

Increasing the buffer capacity contributes to the reduction of the
energy demand per part. Specifically, comparing the performance of
each scenario under the two buffer configurations (N = 1 and N = 50),
the latter consistently yields lower energy demand. This is due to the
enhanced decoupling between the process stages, which reduces the
probability of blocking and starvation events. A more detailed analysis
in Fig. 5 highlights the influence of buffer configuration on CEDp.
Once a certain degree of decoupling is achieved through buffer expan-
sion, the energy demand reaches a plateau, becoming primarily
dependent on the characteristics of the system bottleneck. For example,
in Scenario 1, the subtractive manufacturing (SM) stage acts as the
bottleneck, limiting productivity according to Eq. 14,

SM

THiimic = 14

1
crov ¢

yielding THjimi; for eSM = 80 % of 0.29 part/hour and THjip;, for M

Table 3
Steady-state probabilities of the k-th unit process (i.e., for k = AM or k = SM) being productive, blocked, starved, or failed.
Scenario eM (%) eM (%) N (parts) M (%) M (%) M (%) o, (%)
M (%) M (%) " (%) 7" (%)
#1 80 80 1 54.5 13.6 31.9 76.0 19.0 5.0
5 56.8 14.2 29.0 79.2 19.8 1.0
10 57.3 14.3 28.4 79.9 20.0 0.1
20 57.3 14.3 28.3 80.0 20.0 0.0
90 1 60.7 15.2 24.2 84.6 9.4 6.0
5 63.6 15.9 20.5 88.7 9.8 1.4
10 64.3 16.1 19.6 89.8 10.0 0.3
20 64.5 16.1 19.3 90.0 10.0 0.0
90 80 1 57.0 6.3 36.7 79.5 19.9 0.6
5 57.3 6.4 36.3 80.0 20.0 0.0
10 57.3 6.4 36.3 80.0 20.0 0.0
20 57.3 6.4 36.3 80.0 20.0 0.0
90 1 64.0 7.1 28.9 89.3 9.9 0.8
5 64.5 7.2 28.3 90.0 10.0 0.0
10 64.5 7.2 28.3 90.0 10.0 0.0
20 64.5 7.2 28.3 90.0 10.0 0.0
#2 80 80 1 69.5 17.4 13.1 70.2 17.6 12.2
5 73.3 18.3 8.3 74.1 18.5 7.4
10 75.3 18.8 5.8 76.1 19.0 4.9
20 77.0 19.2 3.8 77.8 19.4 2.8
90 1 76.3 19.1 4.7 77.0 8.5 14.4
5 78.9 19.7 1.4 79.7 8.8 11.5
10 79.7 19.9 0.4 80.5 8.9 10.6
20 80.0 20.0 0.0 80.8 9.0 10.3
90 80 1 76.1 8.4 15.5 76.8 19.2 4.0
5 78.4 8.7 129 79.2 19.8 1.0
10 79.0 8.8 12.2 79.8 20.0 0.2
20 79.2 8.8 12.0 80.0 20.0 0.0
90 1 84.7 9.4 5.9 85.6 9.5 4.9
5 87.2 9.7 3.2 88.0 9.8 2.2
10 88.1 9.8 2.1 89.0 9.9 1.2
20 88.7 9.8 1.5 89.6 9.9 0.5
#3 80 80 1 73.0 18.2 8.8 62.8 15.7 21.6
5 76.9 19.2 3.9 66.1 16.5 17.3
10 78.7 19.7 1.6 67.7 16.9 15.4
20 79.7 19.9 0.3 68.6 17.1 14.3
90 1 78.4 19.6 2.0 67.4 7.5 25.1
5 79.8 20.0 0.2 68.7 7.6 23.7
10 80.0 20.0 0.0 68.8 7.6 23.6
20 80.0 20.0 0.0 68.8 7.6 23.6
90 80 1 80.7 9.0 10.3 69.4 17.4 13.2
5 85.1 9.5 5.4 73.2 18.3 8.5
10 87.2 9.7 3.1 75.0 18.8 6.2
20 88.8 9.9 1.4 76.3 19.1 4.6
90 1 87.8 9.7 2.4 75.5 8.4 16.1
5 89.7 10.0 0.3 77.2 8.6 14.3
10 90.0 10.0 0.0 77.4 8.6 14.0
20 90.0 10.0 0.0 77.4 8.6 14.0
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= 90 % of 0.32 part/hour. These limiting values are reflected in Fig. 6,
where throughput saturates regardless of buffer size, constrained by the
maximum capacity of the bottleneck. As a direct consequence, lower
bounds can also be defined for both energy demand per part and CO:
emissions per part, determined by the intrinsic characteristics of the
process stages. On the other hand, larger buffer capacities imply
increased work-in-progress (WIP) and lead time. Therefore, the final
system configuration should be selected by balancing conflicting ob-
jectives, according to specific performance priorities and the adopted
cost model.

Overall, from an environmental impact perspective, Fig. 7 summa-
rizes the trade-offs between system throughput and cumulative energy
demand (Fig. 7a) or equivalent CO, emissions (Fig. 7b) per part. Each
data point represents a specific buffer configuration within a scenario
and a given combination of unit-process efficiencies (e*™ and eSM). The
trajectories connecting points within the same configuration confirm the
effect of increasing buffer capacity (from left to right in each cluster):
larger buffers mitigate blocking and starvation phenomena, as previ-
ously discussed, allowing the system throughput to approach its theo-
retical upper bound (as determined by the bottleneck stage), while
reducing idle-time energy consumption. This results in lower specific
energy demand and, consequently, reduced CO: emissions per part, as
increasing buffer capacity reduces the effect of stochastic variability.

Notably, the shape of the curves exhibits a decreasing trend with
increasing the system throughput, a behavior consistent with well-
established evidence for single-unit processes, as production systems
typically show lower energy intensities at higher output rates [22].
However, while the available models are generally limited to individual
unit processes [25], the results presented here refer to system-level in-
dicators, accounting for dynamic interactions between sequential stages,
including blocking, starvation, and inter-stage decoupling. This un-
derscores how energy and emission outcomes could be influenced not
only by the efficiency of individual processes, but also by the system
architecture and its control logic.

Furthermore, the approach adopted in this work, which serves as a
tool to support strategic decision-making during process planning, ad-
vances conventional sustainability assessments typically found in the
literature, which often rely on linear and additive estimations of envi-
ronmental and economic impacts [40]. In those analyses, the total
footprint is approximated by summing the independent contributions of
the additive and subtractive stages in isolation, neglecting the effects of
interdependencies, buffer sizing, and system-level inefficiencies. As a
result, such methods may underestimate the actual energy consumption
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and carbon footprint of hybrid manufacturing systems where different
unit processes are interconnected.

4.1. Sensitivity analysis

When applying the model to the case study, some parameters were
sourced from recent literature and/or established scientific databases,
and cross-checked whenever possible. Although the results are neces-
sarily specific to the chosen case and dataset, the main objective of the
study was to demonstrate the applicability of the proposed model. Using
secondary data is a common practice when primary measurements are
unavailable or when exploring alternative scenarios, as in this case,
though it may affect the robustness of quantitative estimates. The
sensitivity of throughput (TH) and cumulative energy demand per part
(CEDpary) was analyzed with respect to MTTF, considering alternative
levels of efficiency in isolation for each stage. The finite buffer capacity
was set to N=05, and parameters were selected within reasonable
ranges. Specifically, the MTTF for each k-th stage was varied from an
average failure every 2 parts to a maximum of every 15 parts (relative to
the cycle time), while maintaining the overall efficiency of the stage
constant. Consequently, the MTTRX was varied as a function of both
efficiency and MTTFX. The results are presented in Fig. 8 and Fig. 9 as
iso-performance curves, with a consistent color scale applied across all
cases within the same scenario. In each graph, a red dot highlights the
performance metrics corresponding to the MTTF values used in the case
study to discuss the results presented in the previous section. Produc-
tivity and environmental metrics are primarily sensitive to the cycle
time of each stage, rather than the assumed MTTF/MTTR parameters.
For instance, throughput in Scenario 1 (the worst case) ranges from 0.28
to 0.32 part/h, whereas in Scenarios 2 and 3 it ranges from 0.36 to 0.45
part/h. These intervals do not overlap, and a similar pattern is observed
for CEDpar: Scenario 1 ranges from 85 to 91 MJ/part, while Scenarios 2
and 3 range from 71 to 79 MJ/part. Within each scenario, differences
due to stage efficiency in isolation can be appreciated, consistent with
the observations reported for Fig. 5 and the discussion in Section 3.

The sensitivity analysis also highlights the impact of system dy-
namics. For instance, Scenario 1 exhibits iso-performance curves with a
generally vertical pattern, whereas Scenario 3 shows predominantly
horizontal curves. In Scenario 1, the subtractive stage (SM) is the
bottleneck in terms of cycle time. Consequently, any marginal reduction
in the variability of the MTTF of the additive stage (AM), even at the
same efficiency in isolation, leads to a slight improvement in environ-
mental performance, as productivity increases and the time spent by the
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Fig. 7. Results of cumulative energy demand (a) and CO, emissions (b) per part as a function of the system throughput, for the three considered scenarios and

different combinations of unit-process efficiencies ("M and eSM).
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Fig. 8. Results of the sensitivity analysis performed on CEDp,.; (in MJ/part) with respect to variations in MTT F* and efficiency levels (e¥) of the additive (AM) and

subtractive (SM) stages.

bottleneck in idle states decreases. Finally, the effect of improving the
MTTR while keeping the same MTTF on the performance metrics can be
observed. For example, consider Scenario 2. When e*M = 80 % and
MTTF™ =20h, MTTR™ =5h. When MTTF*™ =20h and &M
=90 %, MTTR™ decreases to 2.22h, corresponding to a ~50 %
improvement. This improvement in MTTR for the AM stage leads to a
reduction of 2.2 MJ/part in CED,, (from 78.7 to 76.5 MJ/part) and an
increase of 0.02 part/h in throughput (from 0.37 to 0.39 part/h). By
contrast, a 50 % reduction in MTT. M (from 20 h to 10 h) results in only
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a minor reduction of 0.4 MJ/part in CED}a (from 78.7 to 78.3 MJ/part)
and a negligible change in throughput (less than 0.0001 part/h). These
results confirm the significant impact of non-productive times due to
stochastic system dynamics on the performance metrics, particularly on
CEDpart-

The contribution of consumables, as also reported in previous
studies, represents a limited share of the overall environmental impact.
As shown in Fig. 4, their contribution to CEDp,;¢ accounts for approxi-
mately 13-14 % of the total in Scenario 1 and 15-16 % in Scenarios 2
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Fig. 9. Results of the sensitivity analysis performed on throughput (in part/h) with respect to variations in MTTF* and efficiency levels (e¥) of the additive (AM) and

subtractive (SM) stages.

and 3. According to the modeling assumptions (refer to Eq. 13), this
contribution remains constant and invariant across system configura-
tions and scenarios. If different impact contributions were considered,
this would result in an upward (for higher impacts) or downward (for
lower impacts) shift of the curves in Figs. 5 and 7, without altering the
observed trends or the discussion of the results.

76

5. Conclusions and outlook

Hybrid manufacturing systems combine additive and subtractive
unit processes within an integrated workflow, aiming to leverage the
strengths of each technology, such as the flexibility and higher material
utilization efficiency of additive manufacturing, and the dimensional
accuracy and surface finish quality of subtractive operations. This study
presents a framework for evaluating the environmental performance of
hybrid manufacturing systems, considering both system configuration
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and variations in process parameters. Unlike traditional approaches that
assess energy use and emissions in isolation at the process level, the
proposed method incorporates system-level interactions (such as
blocking and starvation effects) arising from the coupling of additive
and subtractive stages. Buffer capacity is also included as a decision
variable within the model. While the methodology builds upon well-
established approaches (Markov chain modeling, empirical LCA-based
metrics) and can be considered incremental from a methodological
perspective, its main strength lies in the integration of system-level
dynamics, process strategies, and environmental assessment within a
unified and systematic methodology. The proposed approach advances
beyond traditional DES, LCA-based, and reinforcement learning
methods. It enables the evaluation of environmental impacts for alter-
native system configurations and process parameters, capturing system-
level interactions based on stochastic dynamics that are typically over-
looked in process-level LCA. Moreover, it allows the definition of explicit
relationships between productivity and sustainability metrics and the
configuration parameters, without the high data or computational de-
mands of DES or reinforcement learning (RL) approaches. Indeed, this
approach is suitable for the configuration phase of manufacturing sys-
tems, where production data is not usually available, and data-driven
methodologies such as RL may rely on synthetic-generated data based
on the same assumptions used in this work. Similarly, DES provides
equivalent results, albeit with substantially higher computational re-
quirements. Therefore, the proposed framework supports sustainability-
oriented process planning and can be readily applied in industrial con-
texts due to its relatively low computational effort.

The methodology was applied to a case study involving WAAM fol-
lowed by finish machining (i.e., 5-axis CNC milling) for the production
of a steel component. Three scenarios were analyzed, in which the
milling process was slower than, approximately equal to, or faster than
the AM process. Numerical results show that environmental perfor-
mance is influenced by system-level interactions as well as system
configurations. Increasing buffer capacity generally reduces the occur-
rence of non-productive states and enables the system to operate closer
to its theoretical throughput. As throughput increases, both energy
consumption and emissions per part tend to decrease. This trend aligns
with existing process-level studies that report an inverse relationship
between specific energy consumption and production rates, while
extending the analysis to a multi-stage system context. Overall, the re-
sults highlight that environmental performance depends not only on the
efficiency of individual processes, but also on system configuration and
dynamic interactions across stages.

Despite the potential relevance of the findings, this study has some
limitations that suggest directions for future work. The model relies on
analytical formulations and empirical parameters, simplifying some of
the aspects of industrial systems. Each unit process was described using
only two states (productive or failed), based on average values such as
MTTF, MTTR, and CT. While this supports analytical tractability, more
detailed process dynamics could improve accuracy, as the use of switch
on/off policies where feasible. Using assumed rather than experimen-
tally measured parameters introduces limitations, which have been
explicitly acknowledged. Also, the modeling of unit processes based on a
Markovian representation relies on the assumption of exponential dis-
tributions for state transitions. Although this assumption may appear
restrictive, it can be relaxed by employing Phase-Type (PH) distribu-
tions, which allow mapping empirical statistical distributions of times
into Markovian states, thus generalizing the applicability of the pro-
posed approach to experimental data. For future developments, vali-
dation could be strengthened by acquiring primary experimental data
for both the additive and subtractive stages, including machine effi-
ciency, consumable usage, and process reliability metrics. This would
enhance the robustness of the predictive outcomes.

Moreover, the impact of process parameters on product quality was
not considered, which may be justified for WAAM, where energy input is
more sensitive to parameter variation than microstructural outcomes
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[9], but not necessarily for other technologies. In the subtractive stage,
aspects like tool wear affecting minor stoppages were also omitted,
though they could be integrated using Taylor’s equation [47]. Also,
extending the model to other AM-based processes would require ad-
justments in productivity and energy calculations. The current model
has been applied to a WAAM+CNC system, where production proceeds
one part at a time, allowing a straightforward calculation of throughput,
energy consumption, and CO, emissions per part. Extending the meth-
odology to a PBF+CNC system or other batch-oriented additive pro-
cesses would introduce additional complexities, as multiple parts may
be built simultaneously within the same AM job (stacking) to optimize
the use of the build volume. Environmental metrics must then account
for total batch consumption and emissions, which need to be allocated to
the individual parts. Furthermore, while WAAM+CNC follows a largely
linear workflow, PBF+CNC requires scheduling CNC operations across
multiple parts from the same AM-ed batch, potentially introducing
buffer constraints, additional idle times, and stochastic interactions.
Accurately modeling such systems would require the framework to
incorporate batch production dynamics, account for variability in
part-level process times and resource allocation, and introduce addi-
tional states or transition rules in the analytical model to capture
scheduling effects on throughput and system-level interactions. Despite
these challenges, the conceptual framework remains applicable and
could serve as an evaluation kernel for future extended studies. Overall,
future developments should include validation with other industrial
data or processes, simulation-based enhancements, and the addition of
indicators such as material yield, cost, and compliance rate. Integration
with  multi-objective  optimization  could further  support
sustainability-oriented decision-making.
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