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ABSTRACT

This paper studies energy-aware capacity configuration in two-class CONWIP systems with chang-
ing product mix. The goal is to select the number of active parallel machines at each station to
minimise power consumption while meeting a throughput target. Because each capacity vector
alters class throughputs, visit intensities, and local arrival mixes, the analytical aggregation must
be rebuilt for every candidate configuration. The proposed configuration-specific evaluator adapts
EMDA-style aggregation by updating station arrival mixes through a multiclass fixed point, recon-
structing an equivalent single-class network, and solving a single-class MDA recursion at the total
CONWIP population. Embedded in a hybrid search procedure, it enables rapid capacity compar-
isons without simulation during optimisation. Tests on structured scenarios, random instances, and a
manufacturing-inspired case yield throughput errors of about 1%, strong ranking preservation, and
reliable feasibility classification in the tested two-class region. The reconstruction is also decision-
relevant: at the operational throughput tolerance, it changes the selected capacity vector in about
oneinfive realisticinstances within the exhaustively enumerated m e {3, 4} divergence pool. Among
39 DES-adjudicated divergent instances, no frozen rule found a better configuration, while in 24
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cases it selected one that DES classified as infeasible.

1. Introduction

Reducing energy use on the shop floor is no longer a
purely reputational objective. For many factories it is an
operating constraint that affects unit cost, exposure to
energy-price volatility, and the sustainability indicators
now requested by customers and supply chains. In this
context, one of the most immediate levers is also one of
the least systematically exploited: the amount of produc-
tion capacity that is actually kept online. Lines are often
sized for peak demand, yet many shifts run far below
that peak. When all machines remain active regardless
of the realised mix, plants absorb the baseline and aux-
iliary power draw of resources that contribute little to
throughput.

This issue becomes more acute when the product mix
changes under a controlled-WIP regime. In a CONWIP
system, the total number of circulating jobs is fixed, but
changes in the mix still redistribute congestion across
stations because classes differ in routing and processing
requirements. A station that is critical for one mix may
become lightly loaded for another. The operational ques-
tion is therefore specific and tactical: given tomorrow’s

MANUFACTURING;
QUEUEING NETWORKS

expected mix, how many identical parallel machines should

remain active at each station in order to reduce power
demand without compromising throughput?

That question is not well served by the existing mod-
elling toolbox. Discrete-event simulation (DES) can rep-
resent the system faithfully, but repeated simulation over
many candidate machine vectors is too slow for rapid tac-
tical evaluation. Online control and data-driven methods
can react to the system state, but they typically require
historical training data, continuous sensing, and real-
time actuation. Analytical queueing models are fast, but
in the present setting speed alone is not enough. The
machine vector is itself the decision variable, and when
it changes the class throughputs, station visit intensi-
ties, and arrival-mix proportions change with it. What
is needed is a configuration-specific analytical evalua-
tor that remains coherent with the capacity vector under
test and can support repeated tactical comparisons across
candidate configurations.

This paper addresses that problem for a two-class
CONWIP system modelled as a closed queueing net-
work in which two product classes share the same line
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under fixed class populations. The two-class setting is
both industrially relevant and analytically non-trivial.
It captures common situations such as urgent ver-
sus standard orders, high-runner versus low-runner
families, or two product platforms sharing machining
resources (Herer and Masin 1997; Ryan, Baynat, and
Choobineh 2000). It is also the smallest setting in which
mix-dependent bottleneck shifts make the capacity-
on/oft decision structurally non-trivial.

The proposed approach is a configuration-specific
analytical evaluator built on EMDA/MDA aggregation
logic. For each candidate active-machine vector, the eval-
uator updates the station-level class arrival mixes from
the current class-throughput estimates, reconstructs the
corresponding equivalent single-class closed network,
and solves it through a single-class MDA recursion at
the total CONWIP population. The resulting fixed-point
procedure provides class throughputs, cycle times, sta-
tion utilisation, and congestion estimates that are consis-
tent with the capacity vector under evaluation.

This configuration-specific reconstruction distin-
guishes the proposed approach from an aggregation
constructed once under a reference configuration and
then reused throughout the search. Alternative active-
machine vectors may produce different class-throughput
balances, station arrival intensities, local class mixes, and
equivalent service demands. The equivalent network is
therefore rebuilt for every candidate configuration before
its performance is evaluated. The evaluator is then com-
bined with a steady-state power model and embedded
in a hybrid optimisation procedure that rapidly com-
pares alternative capacity vectors without requiring DES
during the search.

A frozen aggregation, by contrast, becomes internally
inconsistent once the active-machine vector alters the
class throughputs, because the station mixes it assumes
no longer match the throughputs the network actu-
ally produces. The configuration-specific reconstruction
restores this consistency for every candidate and is
decision-relevant: as reported in Section 7.2, at the opera-
tional throughput tolerance it changes the deployed con-
figuration in roughly one realistic random instance in five
within the divergence pool, where each rule’s minimum-
power selection is identified by exact enumeration. The
underlying inconsistency is structural rather than search-
dependent and can arise whenever bottleneck identity
depends on the local class mix. In the 39 DES-adjudicated
divergent instances, no frozen surrogate selected a better
configuration; in 24 cases, a frozen surrogate selected a
configuration that DES classified as infeasible.

The contribution of the paper is threefold. First, it for-
mulates multiclass aggregation as a configuration-specific
operation for active-capacity comparison in two-class

CONWIP systems. Second, it links the resulting analyti-
cal evaluator to an energy-aware capacity-reconfiguration
problem with a throughput requirement. Third, it eval-
uates the framework on structured scenarios, a broad
pool of random instances, and a manufacturing-inspired
illustrative case, considering throughput accuracy, rank-
ing preservation, feasibility classification, robustness to
service-time variability, and the DES-verified quality of
the selected configurations, and isolates the decision-
level role of the configuration-specific reconstruction,
showing that frozen-mix surrogates change and, in a
sizeable fraction of instances, degrade the deployment
decision.

The journal paper extends the conference version
in De Martino et al. (2025) by introducing the two-
class configuration-specific evaluator, the affine steady-
state power model, the hybrid optimisation layer, and an
extensive DES-based decision validation.

The framework is intended for tactical, shift-level
capacity planning in two-class closed CONWIP systems
with equivalent parallel machines. Within this setting, it
serves as a fast screening and ranking tool, while detailed
simulation can be concentrated on selected and near-
boundary configurations.

The remainder of the paper is organised as fol-
lows. Section 2 reviews the relevant literature and
positions the contribution. Section 3 defines the sys-
tem, decision problem, and modelling scope. Section 4
presents the configuration-specific analytical evaluator,
while Section 5 introduces the steady-state power model
and the energy-aware optimisation framework. Section 6
describes the experimental design and validation proto-
cols. Section 7 reports the predictive, decision-oriented,
robustness, and optimisation results. Section 8 discusses
the reliability of the decision signals, practical deploy-
ment, limitations, and future research. Section 9 con-
cludes the paper.

2. Literature review and research positioning

The present problem lies at the intersection of three
research streams: CONWIP and multi-product produc-
tion systems, analytical evaluation of closed multiclass
queueing networks, and energy-aware machine activa-
tion in manufacturing.

2.1. CONWIP and multiclass closed queueing
networks

CONWIP was introduced by Spearman, Woodruff, and
Hopp (1990) as a pull-control alternative to Kanban in
which the total number of jobs circulating in the line is
bounded. Its closed-WIP logic stabilises flow and makes



the system naturally interpretable as a closed queueing
network (Spearman, Hopp, and Woodruff 1992; Spear-
man, Woodruff, and Hopp 2022). This representation
supports analytical models of throughput, cycle time,
and congestion, as well as optimisation-oriented formu-
lations of production decisions (Herer and Masin 1997;
Hopp and Roof 1998).

The modelling challenge increases in multi-product
systems because classes may differ in routing, process-
ing requirements, and WIP allocation. Ryan, Baynat,
and Choobineh (2000) showed that heterogeneous rout-
ings and processing times can shift the effective bottle-
neck even when total WIP remains fixed. The associated
WIP-allocation problem was formulated as a multiclass
closed queueing network by Ryan and Choobineh (2003)
and extended to settings with lost sales by Ryan and
Vorasayan (2005). Subsequent studies examined WIP
setting and class-dependent WIP allocation in multi-
product CONWIP environments (Framinan, Gonzalez,
and Ruiz-Usano 2003; Jaegler et al. 2018). These con-
tributions establish the importance of mix-dependent
congestion, but focus primarily on WIP allocation and
production performance under a given capacity struc-
ture. The tactical activation of installed capacity under
changing product mix remains less developed.

2.2. Multiclass aggregation and MDA/EMDA
approximations

The classical analytical foundation is provided by
product-form closed queueing networks (Baskett et al.
1975; Gordon and Newell 1967). For single-class net-
works, the convolution algorithm evaluates performance
through the normalising constant (Buzen 1973). The cost
of evaluating this normalising constant grows with both
the circulating population and the network size, which
motivates aggregation when the same closed network
is evaluated repeatedly across candidate configurations.
For multiclass networks, multichain Mean Value Analy-
sis recursively computes class throughputs, cycle times,
and mean queue lengths (Reiser and Lavenberg 1980).
At the station level Little’s law binds these quantities
together, the mean queue length being the product of
class throughput and residence time, which makes the
relationship between congestion and utilisation explicit
as the active capacity changes.

Direct solution of the underlying continuous-time
Markov chain becomes impractical as the number of
stations, circulating jobs, and customer classes increases.
Population-recursive methods such as MVA and
marginal-distribution analysis avoid explicit enumera-
tion of the global state space and provide efficient per-
formance estimates when product-form assumptions, or
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suitable approximations of them, are acceptable. In man-
ufacturing systems, exact product-form conditions are
often weakened by FCFS multi-server stations, class-
dependent service requirements, re-entrant routings,
finite buffers, priority rules, and machine-eligibility con-
straints. Analytical evaluation is therefore frequently
based on approximate MVA, aggregation, decompo-
sition, simulation, or hybrid methods (Akyildiz and
Bolch 1988; Amjath et al. 2024; Baynat and Dallery 1996;
Baynat, Buzacott, and Dallery 2002; Buzacott and Shan-
thikumar 1993; Roy 2016).

In the two-class CONWIP setting considered here, the
main approximation challenge arises from the combina-
tion of FCFS multi-server stations, class-dependent ser-
vice requirements, and configuration-dependent active
capacity. Akyildiz and Bolch (1988) proposed approxi-
mate MVA methods for multi-server stations, while Bay-
nat and Dallery (1996) developed a practical product-
form approximation based on station-wise aggregation
of a multiclass network into an equivalent single-class
representation. The same aggregation principle was sub-
sequently extended to multi-product kanban-like sys-
tems, where the accuracy of the equivalent network
depends on maintaining consistency between station
mixes and throughput estimates (Baynat, Buzacott, and
Dallery 2002).

That consistency condition is central to capac-
ity reconfiguration. When the active-machine vector
changes, class throughputs, aggregate station arrival
rates, and local class proportions may change with it.
An aggregation derived under one capacity configura-
tion does not therefore remain automatically coherent
under another. Extended Marginal Distribution Analy-
sis provides a suitable computational backbone because
it combines equivalent-network aggregation with effi-
cient population-recursive evaluation of a closed net-
work (Buzacott and Shanthikumar 1993).

The structural literature on server allocation in closed
networks is also relevant. For the non-blocking closed-
network setting considered in those studies, Shanthiku-
mar and Yao (1988) and Dallery and Kathryn (1990)
establish throughput monotonicity with respect to the
number of available servers and show that efficient allo-
cations tend to concentrate capacity at stations with
high workload or congestion. These results provide the
structural motivation for using utilisation and conges-
tion information to guide the exploration of alternative
active-capacity vectors.

Their applicability must, however, be restricted to the
non-blocking setting. In finite-buffer systems subject to
blocking after service (BAS) or blocking before service
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(BBS), a local capacity change can interact with down-
stream blocking, upstream starvation, and the propa-
gation of congestion across stations. Consequently, the
system-level throughput response cannot be inferred
directly from the monotonicity results established for
non-blocking closed networks. The present study there-
fore uses those results only as motivation for the search
heuristic and explicitly excludes finite-buffer blocking
from the analytical model. Extending the framework to
BAS or BBS systems would require an explicit repre-
sentation of buffer states and a separate performance
approximation.

More generally, Bitran and Dasu (1992) discussed the
role of queueing approximations in production systems,
while Inman (1999) examined the empirical adequacy of
exponential assumptions in automotive manufacturing
data.

2.3. Energy-aware capacity activation

Energy-aware production control has shown that switch-
ing off under-loaded resources can reduce energy con-
sumption without necessarily causing a proportional
loss of output. Mouzon, Yildirim, and Twomey (2007)
established the practical relevance of switch-off poli-
cies for non-bottleneck resources. Related results were
later obtained for closed-loop serial lines and pallet-
constrained flow shops, where state-dependent control
reduced energy use while maintaining production per-
formance (Jia et al. 2016; Mashaei and Lennartson 2013).
The review by Gahm et al. (2016), together with subse-
quent work on sustainable and energy-efficient reconfig-
urable manufacturing systems (Battaia et al. 2020), iden-
tifies capacity reconfiguration under realistic manufac-
turing constraints as an area in which analytical decision
support remains limited.

The work closest in decision purpose is Frigerio, Tan,
and Matta (2024), who optimise the simultaneous energy
control of multiple machines using simulation-based
methods and parameters measured on CNC machining
centres, extending earlier research on buffer-threshold
policies for individual stations (Frigerio and Matta 2015).
These approaches address online or state-dependent con-
trol, whereas the present problem concerns the selec-
tion of a shift-level active-capacity configuration before
operations begin.

Machine-energy studies provide the basis for rep-
resenting the power implications of such decisions.
Empirical evidence shows that machine tools exhibit
a substantial baseline power draw together with an
additional processing-related component (Avram and
Xirouchakis 2011; Kara and Li 2011; Lv et al. 2016).
Station-level identification of these components can be

supported by monitoring methods (Behrendt, Zein, and
Min 2012; Vijayaraghavan and Dornfeld 2010) and by the
ISO 14955 standard series (ISO 14955-1:2017 2017; ISO
14955-2:2018 2018). Product- and strategy-dependent
variation in processing power has also been docu-
mented (Aramcharoen and Mativenga 2014).
Data-driven surrogates provide another route to rapid
decision support. Reinforcement-learning methods have
been applied to energy-efficient control of individual
machines and multi-stage production systems (Loffredo
et al. 2024, 2023; Panzer and Bender 2022), while hybrid
learning methods can improve throughput prediction
by incorporating queueing knowledge into the train-
ing process (Dieleman, Berkhout, and Heidergott 2023).
These methods are promising for data-rich and dynami-
cally controlled environments, but serve a different pur-
pose from a transparent analytical evaluator intended for
repeated tactical comparison of capacity configurations.

2.4. Research gap and positioning of this study

Taken together, the literature provides models of multi-
class CONWIP systems, analytical and approximate solu-
tion methods for closed queueing networks, and energy-
aware machine-control approaches. A gap remains at
their intersection: the rapid analytical comparison of
active-machine configurations in a two-class CONWIP
system when the product mix and congestion pattern
depend on the capacity vector under evaluation. In this
setting, capacity affects both throughput feasibility and
energy use, while the analytical aggregation must remain
consistent with the candidate configuration.

The framework uses the established single-class MDA
recursion as its computational core and contributes a
configuration-specific aggregation and closure mecha-
nism. Its distinctive element is the role assigned to the
aggregation step. Because the active-machine vector is
the decision variable, each candidate configuration may
induce a different class-throughput balance, aggregate
station arrival intensity, local arrival mix, and effective
service demand. The equivalent single-class network is
therefore reconstructed for each candidate vector rather
than retained from a fixed reference configuration.

The configuration-specific evaluator couples three
operations. First, station-level class proportions are
updated from the current class-throughput estimates.
Second, these proportions are used to rebuild the equiv-
alent single-class visit ratios and service parameters.
Third, the resulting network is solved through an MDA
recursion within a fixed-point closure for the class
throughputs. The evaluator is then used as the analytical
engine of an energy-aware capacity-search procedure.



INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH e 5

Table 1. Positioning of the proposed framework relative to the literature.

Literature stream

Established basis

Role in this study

CONWIP and multi-product closed networks (Ryan,
Baynat, and Choobineh 2000; Ryan and
Choobineh 2003; Spearman, Hopp, and
Woodruff 1992; Spearman, Woodruff, and
Hopp 1990)

Product-form closed queueing networks and
MVA/MDA methods (Buzacott and
Shanthikumar 1993; Buzen 1973; Gordon and
Newell 1967; Reiser and Lavenberg 1980)

Multiclass aggregation and approximate
evaluation (Akyildiz and Bolch 1988; Baynat and
Dallery 1996; Baynat, Buzacott, and Dallery 2002)

evaluation and

Establish CONWIP as a pull-control
mechanism and model
multi-product production systems
using closed networks and
class-dependent WIP levels.

Provide exact and population-recursive
methods for evaluating throughput,
cycle time, and congestion in closed
queueing networks.

Develop approximate multi-server

multiclass-to-single-class
aggregation based on station-level

Defines the production-control setting in which active
machine capacity is selected subject to a throughput
requirement and a changing product mix.

Provides the analytical foundation and the single-class
MDA routine used to evaluate each equivalent network.

Provides the aggregation logic extended through a
configuration-specific station-mix fixed point, which
reconstructs the equivalent network for each
active-machine vector.

class proportions and equivalent

service requirements.

Relates server allocation to
throughput, workload, and
congestion, motivating capacity

Server allocation in closed networks (Dallery and
Kathryn 1990; Shanthikumar and Yao 1988)

Provides the structural motivation for using utilisation and
congestion information to guide exploration of the
active-capacity space.

additions at highly loaded stations.

Energy-aware machine switching and production
control (Frigerio and Matta 2015; Frigerio, Tan,
and Matta 2024; Jia et al. 2016; Mashaei and
Lennartson 2013; Mouzon, Yildirim, and
Twomey 2007)

Machine-energy characterisation (Avram and
Xirouchakis 2011; 1SO 14955-1:2017 2017; 1SO
14955-2:2018 2018; Kara and Li 2011; Lv
etal. 2016)

Shows that machine deactivation and
state-dependent control can reduce
energy use while maintaining
production performance.

Characterises idle, standby, and
processing-related machine power
and provides measurement
principles for industrial calibration.

Motivates a tactical, shift-level machine-activation
decision supported by rapid analytical evaluation.

Provides the basis for the steady-state, station-level power
model coupled with the queueing-based throughput
evaluator.

Table 1 summarises this positioning relative to the
most closely related streams of work.

The methodological contribution therefore consists
in adapting established aggregation and MDA/EMDA
logic to a capacity-reconfiguration problem in which
the network representation changes with the decision
vector. The station-mix fixed point maintains consis-
tency between the estimated class throughputs and the
equivalent network, while the optimisation layer converts
this analytical evaluation into an energy-aware machine-
activation decision.

3. Problem formulation and modelling scope
3.1. System definition and decision variables

We consider a pull-controlled production system oper-
ating under a CONWIP regime (Spearman, Woodruff,
and Hopp 1990). A fixed number of jobs circulates in the
system, and each departure triggers a new release so that
the total work-in-process remains constant. The system
is represented as a closed queueing network (Baynat and
Dallery 1996; Reiser and Lavenberg 1980).

The network comprises m stations and two product
classes r € {0,1}. The classes may differ in their routing
and processing requirements. The visit ratio V;, denotes
the expected number of visits made by a class-r job to
station i, while S;, denotes its mean processing time per
visit. The class populations are fixed at K = (K, K7), and

the total CONWIP population is
N =Ky + K;.

Capacity at station i is provided by identical parallel
machines operating under FCFS. The installed capacity
is denoted by c¢;max, Whereas x; denotes the number of
machines kept active in the configuration under evalua-
tion. The active-machine vector is therefore

X = (xl,...,Xm),

with
1 <X < Cimax

for stations visited by at least one class. Stations not
included in either class routing are assigned x; = 0.

Figure 1 summarises the system. Two classes circu-
late with fixed populations, follow class-dependent rout-
ings, and share station capacity. The decision consists in
selecting the number of active machines at each station.

The model requires four groups of inputs: class pop-
ulations, routing and processing-time data, installed sta-
tion capacities, and station-level power parameters. The
expected product mix is represented through the class-
population vector K, while the configuration decision is
represented through x.
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STATION 1 STATION 2 STATION 3 STATION 4
FCFS FCFS FCFS FCFS
— et et ) Rt PRt _— Bt BT —_— Bein —
=] | === = | === - =] =] | === - | === = =]
[ob- o] [ob- ] [ob- o [ob- o] [ob- ] [ob- o [ob- o] [0} {]
27000 27000 7000 27000 2 7000 27000
=== = = B == = = = |
Clmax x4 C2max X, C3max X3 Camax Xa
.. . CONWIP — Class 0 Routing
Decision: choose the number of active = .
. . == Class 1 Routing
machines at each station
Goal: reduce energy conspumption active machines
=—1]

without violating throughput target

installed but
inactive machines

Figure 1. Schematic representation of the two-class CONWIP system. Two product classes circulate in a closed network with class-
dependent visit ratios V;, and mean processing times S;,. Each station contains ¢;max identical parallel machines, of which x; are kept

active in the candidate configuration.

3.2. Throughput requirement and
capacity-reconfiguration problem

Let TH(x) denote the steady-state system throughput
associated with configuration x, and let

Cmax — (Cl,max, cees Cm,max)

denote the all-on configuration. The corresponding all-
on throughput is

THall =TH (Cmax)-

The production requirement is expressed relative to this
reference. Given a maximum admissible throughput-loss
fraction J € [0, 1), a candidate configuration must satisfy

TH(x) > (1 — 0)THap-

An optional limit #; on the raw analytical utilisation may
also be imposed at selected critical stations.

The capacity-reconfiguration problem is therefore to
identify a feasible active-machine vector that reduces
steady-state power while preserving the required through-
put. Its analytical solution requires evaluating TH(x),
station utilisation, and congestion for many alternative
capacity vectors. Since these quantities depend on the
active capacity, the equivalent queueing representation
used for evaluation is reconstructed for each candidate
configuration, as described in Section 4.

3.3. Modelling assumptions and applicability

The model is designed for tactical capacity planning in
closed CONWIP systems where the active-machine con-
figuration is selected for a shift or comparable planning

horizon. Table 2 summarises the assumptions that define
this operating setting and their implications for applica-
tion.

In the analytical approximation, service times are
assumed to be exponentially distributed with class- and
station-specific means S;,, consistent with the closed-
network and EMDA/MDA approximation adopted in the
analytical evaluator (Baynat and Dallery 1996; Baynat,
Buzacott, and Dallery 2002; Buzacott and Shanthiku-
mar 1993; Gordon and Newell 1967; Reiser and Laven-
berg 1980). The service-time means determine the ana-
lytical evaluation, while the sensitivity of the resulting
decision signals to alternative service-time distributions
is examined through DES in the experimental study.

When the expected product mix is uncertain, the
capacity vector can be evaluated across multiple class-
population scenarios rather than against a single forecast.
This scenario-based use is particularly relevant when
the selected configuration lies close to the throughput
requirement or when plausible mix changes move the
effective bottleneck between stations.

The resulting scope is a two-class, non-blocking CON-
WIP system with interchangeable parallel machines,
FCEFS sharing, and shift-level capacity decisions. Within
this setting, the evaluator supports rapid screening
and ranking of candidate configurations. Applications
involving many heterogeneous classes, machine-product
eligibility, priority rules, sequence-dependent setups,
finite-buffer blocking, or frequent within-shift switching
require corresponding extensions of the system represen-
tation.



Table 2. Modelling assumptions and intended scope of application.
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Assumption

Role in the model

Applicability implication

Two product
classes

Fixed class
populations

Identical parallel
machines

FCFS service

Load-independent
mean service
times

Non-blocking
closed network

Steady-state
operation

Represents the smallest multiclass setting in which
changes in product mix can alter congestion and
bottleneck patterns.

Preserves the closed-network representation of CONWIP
through K = (Ko, K1).

Represents station capacity through the scalar decision
variable x;.

Provides a common queueing discipline for shared
stations with class-dependent service requirements.

Represents processing requirements through fixed mean
service times Sj;.

Models station interactions without finite-buffer blocking
propagation.

Supports comparison of capacity configurations over a
shift-level planning horizon.

Appropriate for systems dominated by two product
families, platforms, or operational categories. Extensions
to additional classes require separate validation of
aggregation accuracy and fixed-point convergence.

Suitable when class-specific WIP is controlled or planned
at the beginning of the decision horizon. Forecast
release proportions may be translated into expected
class-population scenarios.

Appropriate when machines within a station are
interchangeable. Product-specific eligibility and
heterogeneous processing capabilities require a
machine-level representation.

Suitable when priority rules, batching, expediting, and
sequence-dependent setups do not dominate station
behaviour.

Appropriate when capacity changes affect the number of
available servers rather than their processing speed.
Load-dependent service rates require an extended
fixed-point formulation.

Systems subject to blocking after service or blocking
before service require explicit buffer-state information
and a different analytical approximation.

Best suited to pre-shift or daily planning rather than
real-time switching with transient start-up effects,

warm-up periods, and minimum on/off times.

The main symbols are introduced where they first
appear; a consolidated notation table is reported in the
appendix.

4, Configuration-specific analytical evaluator

For a given active-machine configuration x, the eval-
uator maps the original two-class CONWIP system
into a candidate-dependent equivalent single-class closed
queueing network. The fixed-point procedure returns
the class throughputs, class cycle times, raw and clipped
station utilisations, queueing estimates, and congestion
indicators required by the optimisation layer. Its inputs
are the class-population vector K = (Ky, K;), the visit
matrix V € R™*2 the mean service-time matrix S €
R;”gz, and the active-machine vector x.

4.1. Single-class MDA basis

The computational core of the proposed evaluator is
the single-class Marginal Distribution Analysis (MDA)
recursion for a closed queueing network (Buzacott and
Shanthikumar 1993). This routine is inherited from the
literature and is not modified in the present study. Its role
is to evaluate an equivalent single-class network once the
total circulating population, station visit ratios, service
rates, and active server counts have been specified.
Consider a single-class closed network with total pop-
ulation N, station visit ratios v;, effective service rates u;,
and x; identical active servers at station i. MDA eval-
uates the network recursively for population levels [ =

1,...,N. At each level, the marginal probability pfl) @)

represents the probability that g jobs are present at sta-
tion i when the total network population is I. The number
of simultaneously busy servers when g jobs are present is
represented by

ri(q) = minf{x;, g}. (1)

Using the marginal distribution obtained at population
level (1-1), the mean station sojourn time at level / is
calculated as

)

9 -1
ET;() = —p; —1). 2
O=2ingh @@

The corresponding closed-network throughput is then
obtained from the population-normalisation relation

I
> ViET(l)

and the mean number of jobs at station i follows from
Little’s law:

TH(l) = (3)

EN;(l) = v;TH())ET;(l). (4)

The marginal station-population probabilities are subse-
quently updated and the recursion continues until/ = N.
At the final population level, the routine returns the
network throughput THy,4, = TH(N), the mean sta-
tion sojourn times ET; = ET;(N), and the mean sta-
tion populations EN; = EN;(N). The complete marginal-
probability recursion and pseudocode are reported in
Appendix 1.

In the proposed framework, this single-class MDA
routine is used without methodological modification.
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The contribution lies in how its input network is con-
structed. For every candidate active-machine vector x,
the multiclass routing and service information is aggre-
gated into configuration-dependent visit ratios and effec-
tive service rates. These quantities are updated within a
class-throughput fixed point before the resulting equiva-
lent network is submitted to the inherited MDA routine.

4.2. Candidate-dependent equivalent network

The distinction between installed and active capacity is
central to the evaluation. The parameter c¢;max denotes
the number of identical parallel machines installed at sta-
tion i, whereas x; denotes the number kept active in the
candidate configuration. The installed capacity defines
the feasible range of the decision variable; the analyti-
cal evaluation itself represents station i as a multi-server
node with x; active servers. The all-on configuration is
obtained by setting x; = c¢; max at every visited station.
Figure 2 illustrates the transformation. The physi-
cal stations remain the nodes of the closed network,
while class-dependent routing and processing informa-
tion is aggregated into candidate-dependent visit ratios

®

Load/Prep.

[(3¢]

el AN

Finish/Unload Primary Mach.

U ik
] | !

X5 / €5 max Populations

Ky (class 0)

K, (class 1)

@ ®

Inspection/Rework Secondary Mach.

000 .

X4 / C4,max X3 /C3,max

X2 / C2,max l

and effective service rates. The total population of the
equivalent network is N = Ky + Kj.

Let h = (hg, h;) denote the current estimate of the
class throughputs. The multiclass throughput implied by
the fixed point is

1
THemda = Z hy. (5)
r=0
The aggregate arrival rate at station i is
1
A= hVip, (6)
r=0
and the corresponding aggregate visit ratio is
A;
V8 = (7)
THemda

The station-level arrival proportion of class 7 is

h, V;
r zr) j-i >0,
pir=1 % (8)
) j‘Z =0
2

0 Class 0
o Class 1

—» Class 0 flow

—» Class 1 flow

@ Workstation / Process step

[ Parallel machines at the station

x; Installed capacity

Ci,max Maximum class visit ratio

Figure 2. Two-class CONWIP system and corresponding equivalent single-class closed queueing network. The left-hand diagram repre-
sents two product classes, with fixed populations Ky and K, circulating through five processing stations. Blue and red arrows identify the
routes of classes 0 and 1, respectively. At station i, x; denotes the number of active parallel machines, while ¢jmax denotes the maximum
installed capacity. The right-hand diagram shows the equivalent single-class closed queueing network used for performance evaluation,
in which the two class populations are aggregated into a total population N = Ky + Kj. The equivalent network preserves the same
sequence of stations while representing each station through aggregated service parameters.



The equivalent mean service time at station i is then

1
Si = zpirsira )
r=0
with effective service rate
1
eff
M 3,

Collapsing the two class-dependent FCFS service pro-
cesses at station 7 into a single equivalent exponential
server of rate ,ufff is a product-form (BCMP-type) aggre-
gation. It is exact when the per-class service requirements
coincide in mean, so that the station reduces to a single-
rate FCFS node and the class mix is immaterial; under
class-dependent service it is an approximation, because
exact BCMP product form at an FCFS node requires a
class-independent service rate rather than merely expo-
nential service. Its accuracy on the secondary station-
level quantities tapers as the per-class service-time dis-
parity and the station utilisation grow. The operating
regime validated against DES in this study lies within this
scope.

The tuple (N,v®88, uf, x) defines the equivalent
single-class network associated with the current through-
put estimates and the candidate configuration. This net-
work is evaluated through the inherited population-
recursive single-class MDA routine reported in
Appendix 1. The routine returns the equivalent-network
throughput THi4,, the mean station sojourn times ETj,
and the mean station populations ENj.

THpda and THepnga have distinct roles. The former
is the throughput returned by the internal single-class
MDA solve; the latter is the total throughput implied
by the class-throughput fixed point and is the quantity
used for analytical feasibility assessment and optimisa-
tion. DES throughput, denoted by THpgs, is introduced
only in the validation stage.

4.3. Fixed-point station-mix closure

The configuration-specific reconstruction is embedded
in a fixed-point loop. At each iteration, the current class-
throughput estimates determine the station arrival rates
and local class proportions. These quantities define a new
equivalent network, whose queueing outputs are then
used to update the class cycle times and throughputs. Iter-
ation continues until the class-throughput vector and the
equivalent-network parameters are mutually consistent.

The FCFS waiting component shared by the two
classes is approximated as

W' = max{ET; — §;,0}. (11)
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Applying a single shared term Wi(q) to both classes is a
shared-FCFS approximation, under which the two classes
experience the same mean residual delay at station i. It is
most faithful when the local class load mixes are com-
parable and becomes looser under strongly asymmet-
ric per-class demand; retaining the class-specific service
times Sj, in the cycle-time calculation preserves the dom-
inant class differentiation, and the validated regime keeps
the shared-delay component within its accurate range.

Class-dependent processing requirements are retained
in the cycle-time calculation:

m
CT, = z Vir (Sir + Wi(q)) » re{0,1}. (12)

i=1

Little's law provides the undamped class-throughput
update

~ K

"Tcr

(13)

To improve numerical stability, the fixed point uses the
damped update

KD = (1 = pHh® + pr, (14)

where f € (0,1] is the damping factor. Convergence is
reached when the maximum relative change in the class-
throughput vector falls below the prescribed tolerance 7.

For boundary-mix scenarios, if K, = 0 for one class,
that class is assigned zero throughput and is excluded
from the fixed-point iteration. The reconstruction is
then performed over the positive-population class subset.
Similarly, stations having zero aggregate visit ratio under
that subset are excluded from the equivalent single-class
MDA recursion and are assigned zero sojourn time, pop-
ulation, utilisation, and congestion outputs.

The fixed-point map is not claimed to be a contrac-
tion, and neither uniqueness nor global convergence
is established analytically. The damping factor is used
to improve numerical stability, while convergence is
assessed through the stopping criterion and the post-
convergence consistency check. Across the evaluated
Campaign-B configurations, the iteration converged in
a median of 22 iterations and at most 109 iterations;
approximately 0.03% of evaluations failed the reliabil-
ity screen and were treated as evaluator-unusable. These
results provide empirical evidence of stable convergence
within the tested operating region.

Algorithms 1 and 2 summarise the complete eval-
uator: the damped fixed-point iteration that produces
the converged class-throughput vector, followed by the
post-convergence consistency pass that returns the per-
formance outputs. The initial throughput estimates
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Algorithm 1: Configuration-specific two-class
EMDA evaluator: damped fixed-point iteration

10
11

13
14
15

16
17
18

19

20

21
22
23

24
25
26

27

28

29
30

31

32

34
35
36
37
38
39

40

Input: N, x, K = (Ko, K)), V, S, tolerance 7, maximum number
of iterations T, damping factor £
Output: converged class throughputs h#+! = (h((,tﬂ), h(ltH) )
or EVALUATOR-UNUSABLE
converged <« false
forr € {0,1} do
K,
hg()) - r
Zi Virsir
end

fort < 0toT — 1do
1
(1) t
THemda « Z hg )
r=0
foreach i do

1
FICIRE A
r=0
agg,(t) Aj
v; “— 7TH( 5

emda
if /11(:) > 0 then
forr € {0,1} do
(1)
w Vi
Pir A ﬂft)
end

else

forr € {0,1} do
t

| oy <3

end

end

1
0 340
r=0

.
M =N
1 Sl(t)

end
(THY, ,ETO,ENO) « MDA_Single(N, v'#, p<0, x)
foreach i do
‘ Wi(q)’(t) “— max{ETi(t) - Sgt),O}
end
forr € {0,1} do

CT > Vie(Sir + W)

i

Ky

cr ~
B (= + ph)
end

RO

(t+1) (t)

res® o max VP —hrl
rel01) max(1, |1}

if res® < 7 then

converged « true

break
end
end
if —converged then
\ return EVALUATOR-UNUSABLE
end

return converged class throughputs h(+1

Algorithm 2: Configuration-specific two-class
EMDA evaluator: post-convergence consistency
pass and performance outputs

are obtained from the class-specific no-queue service

demands:

K,

WO = L
r Zi VirSir

Input: N, x, K = (Ko, K1), V, S, and the converged class
throughputs h*Y from Algorithm 1
Output: (h*, CT*, u™*, ulib* W@+ EN*, TH; 3.)
1 h* « h(t+1)

1

* *

2 THY 4. < Zh,
r=0

3 foreachido

1
4| A e D vy
r=0
A¥
P
THemda
6 | if 17 > 0 then
7 forr € {0,1} do
h Vi
8 ||| P
Li
9 end
10 | else
11 forr € {0,1} do
1
12 ‘ P;kr <3
13 end
14 | end
1
15 | 8« pr,sir
r=0
iy
16 | Ui« =—
St

17 end

18 (TH? ., ET*,EN*) < MDA_Single(N, v'85*, uf*, x)
19 foreachido

20 | WP max{ET — 7,0}

* QK
21 | W™ ASi
1 xl
lip, .
22 | 4P « min{max{u[""*,0},1}
23 end

24 forr e {0,1}do
25 | CT &« D VielSir + W)

i

26 end
27 return (h*,CT*,umW’*,uChP’*,W(q)’*,EN*,TH;da)

The superscript * identifies the outputs of the final
post-convergence consistency pass. In the remainder of
the paper, this superscript is omitted when no ambiguity
arises.

4.4. Performance outputs and reliability screen

After the fixed-point convergence criterion is satisfied,
the evaluator performs one final consistency pass using
the converged class-throughput vector. Specifically, the
station arrival rates, aggregate visit ratios, local class pro-
portions, equivalent service times, and effective service
rates are reconstructed from the final throughput vec-
tor, and the equivalent single-class network is solved once
more through MDA. The returned station and class met-
rics therefore correspond to the same final fixed-point
state.



If the convergence criterion is not satisfied within
the maximum number of iterations, the configuration is
classified as evaluator-unusable and is not admitted to
feasibility assessment or optimisation.

u; = min {max {ufaw, 0}, 1} (15)
is used only for reporting and for the bounded steady-
state power calculation.

Utilisation constraints are therefore imposed on u;*",
rather than on the clipped quantity, so that analytical
overload or inconsistency is not hidden by truncation.

Utilisation and mean station population provide com-
plementary information. The raw utilisation ;™"
sures the average load intensity implied for the active
servers, whereas EN; measures the mean number of
jobs accumulated at the station, including both jobs
in service and jobs waiting. The two quantities are
retained separately because stations with similar utili-
sation may exhibit different levels of local congestion.
In the optimisation procedure, #;*" and EN; are used
as search-guidance indicators; throughput feasibility is
always assessed through a complete re-evaluation of the
candidate configuration.

_ |THimda(X) — THemda (X)|
THemda (X)

mea-

g(x) (16)

A configuration is classified as evaluator-usable when the
fixed point converges and

g(x) <0.05.

The 5% threshold acts as an operational screen for inter-
nally inconsistent equivalent-network reconstructions. It
is not a measure of error relative to DES and is not used
as a substitute for external validation.

Across the 6739 active-machine configurations evalu-
ated across the Campaign-B solver runs (beam, greedy,
and hill climbing), the damped iteration (f = 0.5, 7 =
10~7) met the convergence criterion in a median of 22
iterations and in at most 109, and the converged states
exhibited an internal consistency gap g(x) with median
A~ 2 x 107° and maximum 1.6 x 1072, far below the
screening threshold. Only 2 of these evaluations (about
0.03%) were classified as evaluator-unusable, by failing
to converge within the iteration budget or by exceeding
g(x) > 0.05, so the reliability screen removes a negligi-
ble fraction of internally inconsistent reconstructions and
leaves the optimised configurations unaffected.

The evaluator therefore returns three groups of out-
puts:

(i) class-level measures: h, and CT;;
.. . li
(ii) station-level measures: u;*", uf P Wi(q), and EN;;
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(iii) network-level diagnostics: THemda, THmda» and
8.

These outputs provide the throughput-feasibility,
power-estimation, and search-guidance signals used by
the energy-aware optimisation framework.

4.5. Computational complexity

Each fixed-point iteration consists of one single-class
MDA evaluation, together with the station-level aggrega-
tion and class-throughput closure. The aggregation and
closure operations require O(mR) computations, with
R = 2 in the present study.

In the implemented population-recursive MDA rou-
tine, the station residence-time and marginal-probability
updates are evaluated for population levels = 1,...,N,
with an inner summation over up to / station-population
states. The resulting computational cost is therefore

O(mN?)

per single-class MDA solve, rather than O(mN).
If I denotes the number of fixed-point iterations, one
configuration-specific EMDA evaluation requires

O (ImN* + ImR) ,
which reduces to
O(ImN?)

for the two-class setting. The final post-convergence con-
sistency pass adds one further MDA solve without chang-
ing the asymptotic order. Memory usage is O(mN) for the
station marginal distributions.

Although quadratic in the total population, the rou-
tine remains sufficiently fast for the moderate CONWIP
populations considered in the experiments and supports
repeated evaluation of candidate capacity vectors.

5. Energy-aware optimisation framework

The analytical evaluator is embedded in a decision
framework that combines throughput-feasibility assess-
ment, steady-state power estimation, and search over the
active-capacity space. Figure 3 summarises the result-
ing workflow. For each candidate machine vector, the
configuration-specific evaluator returns throughput, util-
isation, and congestion measures; the power model con-
verts these outputs into an average energy-performance
estimate; and the search layer compares alternative con-
figurations under the production requirement.
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Figure 3. End-to-end workflow of the proposed decision procedure. Product-mix, routing, capacity, and power data are processed by
the configuration-specific evaluator, which reconstructs and solves the equivalent network for each candidate active-machine vector. The
resulting throughput, utilisation, and congestion measures are used by the power model and optimisation layer to identify an energy-

aware capacity configuration.

5.1. Steady-state power model

Machine tools and related production resources typi-
cally exhibit a non-negligible baseline power demand
together with an additional component associated with
active processing (Kara and Li 2011; Lv et al. 2016). This
behaviour is represented through an affine steady-state
power model.

For one active machine at station i, the estimated
average power is

i
P;nach (X) — Pidle,i + (Pproc,i — Pidle,i) u? ip (X)a (17)

where P, ; is the power of one active but non-processing
machine, Ppo,; is the power of one machine operating at

full processing load, and ufhp(x) € [0, 1] is the bounded
average utilisation of the active parallel machines at sta-
tion i.

Since x; identical machines are kept active at station i,
the corresponding station-level power is

P ?tation(x) = Xi [P idle,i + (P proc,i — P idle,i) ”?hp (X)] .
(18)
The total steady-state power associated with configura-
tion x is therefore

m
i
Pot(x) = in [Pidle,i + (Pproc,i - Pidle,i) u? * (X)]
i=1
+ Paux, (19)
where P« represents fixed auxiliary power that is

assumed not to depend on the active-machine configu-
ration.

Equation (19) separates two effects of the capacity
decision. The first is the baseline contribution x;Pige >
which increases directly with the number of machines
kept available. The second is the processing-related con-
tribution, which depends on the configuration-specific
station utilisation returned by the analytical evaluator.
Capacity configurations may therefore differ both in the
number of active machines and in the workload distri-
bution generated by the resulting throughput and station
mix.

For configurations satisfying ;" < 1, so that u
u;*", the utilisation definition

clip

i =

2iSi

Xi

raw
u; " =

gives the equivalent decomposition

m

Piot(x) = Z [xiPidie;i + (Pproc,i — Pidle,i) 4i(x)Si(x)]

i=1
+ Paux- (20)

This decomposition is used only for interpretation. The
numerical optimisation is evaluated directly through
Equation (19), using the bounded utilisation returned by
the evaluator.

For a fixed planning horizon H, the corresponding
steady-state energy estimate is

E(X;H) = HPtot(X). (21)

Consequently, when the planning horizon is common to
all candidate configurations, minimising average power
is equivalent to minimising steady-state energy con-
sumption over that horizon.



The first term is the capacity-dependent idle con-
tribution associated with keeping x; machines avail-
able. The second term is the processing-related contri-
bution associated with the workload completed at the
station. Consequently, differences among capacity con-
figurations are driven directly by the number and loca-
tion of active machines and indirectly by configuration-
dependent changes in throughput and workload. This
decomposition also helps explain why moderate utilisa-
tion errors do not necessarily change the power rank-
ing when candidate configurations differ clearly in their
idle-capacity contribution.

The clipped utilisation ufhp is used only to keep the
reported power representation within its physical range.

The affine model is aligned with the decision granu-
larity of the framework. It represents the average power
associated with keeping a set of machines available over
a shift-level planning horizon, rather than the sequence
of transient machine states within the shift. The main
activation decision therefore affects power through both
the number of machines kept online and their estimated
average utilisation.

The parameters Pigle,; and Pproc,i can be estimated
from machine monitoring data, manufacturer infor-
mation, or measurement procedures consistent with
the ISO 14955 standard series (Behrendt, Zein, and
Min 2012; ISO 14955-1:2017 2017; ISO 14955-2:2018
2018; Vijayaraghavan and Dornfeld 2010). The experi-
mental values used in this study are stylised but compat-
ible with machine-tool power ranges; plant deployment
would require station-specific calibration.

Start-up energy, warm-up time, minimum on/off
durations, and state-dependent switching dynamics are
not included in the optimisation objective. Their rel-
evance depends on the planning horizon and the fre-
quency of reconfiguration. The numerical study therefore
complements the steady-state model with break-even
and energy-function sensitivity analyses.

5.2. Optimisation formulation

Let
fvis={i:31’, Vir> 0}

denote the set of stations visited by at least one product
class, and let

jcap c jvis

denote the optional subset of stations subject to utilisa-
tion limits.

Given a maximum admissible throughput-loss frac-
tion J and a robustness margin ¢ > 0, the energy-aware

INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH 13

capacity-reconfiguration problem is formulated as

min Pyot(x) (22)
xeZ}

subject to

THemda(®) > (14 €)(1 — O)THE®,  (23)

a

u}'aW(X) < ai) Vie fcap; (24)
1 <X < Cimax Vie jViS) (25)
X = 0, Vi ¢ jvis- (26)

Because the all-on configuration is used as the through-
put reference, the robustness margin and the admissible
throughput-loss fraction must satisfy

(1+e)(1=0)<1. 27)

Equivalently,

0<e< O (28)
- T 1-90
If this condition is violated, even the all-on configuration
cannot satisfy the robust analytical target. In particular,
0 = 0 requires ¢ = 0.

Unless otherwise stated, the decision-oriented experi-
ments use 0 = 0.25. The main Campaign-B solver bench-
mark, the 30-instance Campaign-B decision validation,
and the 24-configuration end-to-end verification use ¢ =
0 to assess the unbuffered performance of the evalua-
tor and search procedure. The manufacturing-inspired
case and the supplementary Campaign-A solver-baseline
comparison use ¢ = 0.02, while the dedicated sensitivity
analyses vary ¢ explicitly. Pure prediction experiments,
which do not apply a feasibility threshold, do not involve
€.

The value ¢ = 0.02 is used as an empirically motivated
conservative setting for the tested two-class instances.
It is not proposed as a universal calibration. Its suit-
ability depends on the one-sided analytical overestima-
tion observed near the application-specific throughput
boundary and on the operational cost of a false-positive
capacity decision.

Only evaluator-usable configurations, as defined by
the convergence and internal consistency conditions in
Section 4.4, are eligible for analytical feasibility and rank-
ing.

5.3. Hybrid beam-GA search

The number of admissible machine vectors grows as
| | Ci,max;
iejvis

making exhaustive enumeration increasingly expen-
sive as the number of stations and installed machines
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increases. The optimisation layer therefore combines a
congestion-guided beam search with a genetic-algorithm
fallback.

The beam search begins from the structurally minimal
configuration,

xi=1, ie S,

and progressively adds capacity until the robust through-
put requirement is satisfied. At each explored configura-
tion, candidate expansions are prioritised through

EN, i u?aw

(29)
Pidle,i

score; =
for stations with x; < ¢;max. The score favours stations
that combine high local job accumulation, intensive use
of the active capacity, and a relatively low baseline power
cost for activating an additional machine.

The raw utilisation and congestion terms have com-
plementary roles in this heuristic. The raw utilisation
u;*" identifies stations whose active servers are heavily
loaded or analytically overloaded, whereas EN; identifies
where jobs accumulate in the equivalent closed network.
Their combination is used only to order neighbour-
ing expansions. Every generated configuration is subse-
quently re-evaluated by the complete analytical evaluator,
and final feasibility and ranking depend on THemda(X)
and Pyt (x), not on the expansion score.

At each iteration, the beam retains a limited set of
promising configurations ranked first by distance from
the robust throughput target and then by estimated
power. Once a feasible configuration is reached, a trim-
ming phase attempts to remove machines one at a
time while preserving analytical feasibility and reduc-
ing power. Memoisation avoids repeated evaluation of
previously visited vectors.

A bottom-up beam is effective when successive capac-
ity additions create an informative path from the minimal
configuration towards the feasible region. Some capac-
ity lattices, however, contain path-constrained structures
in which early configurations are analytically unusable or
provide weak guidance towards feasibility. In such cases,
the restricted beam frontier may fail to reach a feasible
region even when feasible configurations exist elsewhere
in the search space.

The framework therefore invokes a genetic-algorithm
fallback whenever the beam does not return an evaluator-
feasible configuration. The GA uses the same analytical
evaluator, power objective, throughput target, robustness
margin, and capacity bounds; only the exploration mech-
anism changes. This design preserves a common decision
model while providing a broader search over difficult
capacity landscapes.

The detailed beam and GA pseudocode is reported
in Appendix 4. Numerical search settings and compar-
ison protocols are specified in the experimental-design
section.

The hybrid procedure is intended to combine the
computational efficiency of directed expansion with the
broader coverage of population-based search. Exact enu-
meration remains the reference method when the capac-
ity state space is sufficiently small, while DES is reserved
for external validation of selected and boundary config-
urations.

6. Experimental design
6.1. Research questions and datasets

The experimental study addresses two broad objectives.
The first is predictive: to assess how accurately the analyt-
ical evaluator reproduces DES throughput, ranking, and
feasibility classification across different operating con-
ditions. The second is decision-oriented: to determine
whether the evaluator, when embedded in the optimi-
sation framework, identifies lower-power configurations
that remain feasible under DES.

These objectives are organised around five research
questions:

(RQ1) How accurately does the evaluator predict through-
put and preserve the ranking of alternative capac-
ity configurations?

Does the configuration-specific station-mix update
improve performance relative to frozen-mix
aggregation rules?

How reliably does the evaluator classify configu-
rations as throughput-feasible or infeasible?

How sensitive are the analytical decision sig-
nals to service-time variability and energy-model
assumptions?

How effectively does the hybrid search identify
low-power configurations, and do the selected
configurations remain feasible under DES?

(RQ2)

(RQ3)

(RQ4)

(RQ5)

The study uses three datasets with distinct purposes.

The first is a structured validation battery of 76 capac-
ity configurations constructed from small three-station
scenarios. These scenarios isolate routing symmetry, re-
entrant flow, extreme product mix, variation in total WIP,
and changes in service-time variability. Their purpose is
to make approximation errors interpretable in relation to
specific system mechanisms.

The second experimental component, denoted as
Campaign A, supports a supplementary baseline com-
parison among beam search, greedy best-first search, and
top-down hill climbing at the tighter robustness margin



& = 0.02; greedy best-first search and hill climbing are
additionally run on the Campaign-B instances under the
identical evaluator in the main benchmark. Campaign
A comprises 120 attempted random instances divided
into small, medium, and large dimensional groups. One
attempted instance produces a non-usable all-on analyt-
ical evaluation and is excluded from the reported com-
parison, leaving 119 usable instances. The Campaign-A
dataset serves only this supplementary baseline compar-
ison and is not pooled with the random instances used in
the main optimisation and DES analyses.

The third experimental component, denoted as Cam-
paign B, supports the main optimisation benchmark,
the detailed random-instance DES validation, and the
robustness-margin sensitivity analysis. Campaign B com-
prises 120 two-class random instances, with 40 instances
in each dimensional group m € {5, 8, 10}. The complete
pool is used for the optimisation benchmark. Because
replication-based DES is substantially more computa-
tionally demanding than analytical evaluation, a subset of
30 instances, with 10 instances per dimensional group, is
selected from Campaign B for detailed simulation-based
validation.

For each DES-validated Campaign-B instance, up to
five decision-relevant configurations are considered: the
all-on configuration, the evaluator-selected configura-
tion, the analytically feasible configuration closest above
the throughput threshold, the analytically infeasible con-
figuration closest below the threshold, and one inter-
mediate configuration. Duplicate vectors are removed,
resulting in 146 distinct configuration evaluations. The
30-instance DES-validation set is therefore a subset of
Campaign B and is not related to Campaign A.

A separate 15-instance subset of Campaign B, with
five instances per dimensional group, is used for the
robustness-margin sensitivity analysis. The optimisation
is rerun independently for every value of €.

The fourth experimental component is a
manufacturing-inspired illustrative case. Its routing,
processing-time, installed-capacity, WIP, and power
parameters are selected to represent a plausible shared
machining environment. The case illustrates model cal-
ibration and end-to-end use of the framework, but the
parameters are not obtained from a specific operating

Table 3. Structured validation scenarios.
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production line and the experiment does not constitute
industrial field validation.

6.2. Structured scenarios

The structured scenarios are summarised in Table 3. All
experiments use two product classes, consistently with
the scope of the analytical evaluator.

The base scenarios are used to examine pointwise
predictive accuracy under interpretable routing and mix
conditions. The MIX and NSWEEP families assess how
the approximation behaves as the class composition and
total closed-network population change. The distribu-
tional stress tests retain the same mean processing times
while changing the service-time distributions used in
DES.

Full routing, processing-time, population, and
installed-capacity parameters are reported in Appendix 2.

6.3. Random-instance campaigns, generation, and
subset selection

Two purpose-specific random-instance campaigns are
used. Their results are reported separately and their
observations are not pooled.

Campaign A supports the supplementary comparison
among beam search, greedy best-first search, and top-
down hill climbing. It contains 120 attempted instances
divided into small, medium, and large dimensional
groups. The group-specific pseudo-random streams are
initialised from values based on 42 + m. Total popula-
tion is sampled between 2m and 5m, processing-time
parameters are sampled from uniform distributions, sta-
tion capacities are generated and internally adjusted to
avoid structurally unusable cases, idle powers are sam-
pled from U(1.5,2.5) kW, and processing-power incre-
ments are sampled from U(2,4) kW. One attempted
instance has a non-usable all-on analytical evaluation and
is excluded, leaving 119 usable instances in the reported
Beam-Greedy-Hill-Climbing comparison.

Campaign B supports the main optimisation bench-
mark, the random DES-validation experiment, and the
robustness-margin sensitivity analysis. It contains 120

Family Scenario m N 4 ey

Base cases BASE-A: symmetric routing 3 20 0.70 5
BASE-B: re-entrant class-0 flow 3 30 0.70 2
BASE-C: extreme 95/5 mix 3 20 0.95 5

Mix sweep MIX:a € {0.0,0.1,...,1.0} 3 30 varied 4 per mix

WIP sweep NSWEEP: N € {10, 15, 20, 30, 45} 3 varied 0.60 4 per WIP

Distributional stress DET and SCV sweep 3 30 0.50 4 per distribution

Note: Here, m is the number of stations, N the total population, a the fraction of class 0, and ncfg the number of capacity configurations evaluated per scenario.
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two-class instances, with 40 instances in each dimen-
sional group. Small instances have (m = 5) and use seeds
501-540, medium instances have (m = 8) and use seeds
801-840, and large instances have (m = 10) and use
seeds 1001-1040. The complete Campaign-B pool is used
for the main optimisation benchmark.

Campaign A and Campaign B use the same analytical
evaluator, power model, feasibility definitions, and deci-
sion variables, but they use different random-instance
generators and serve different experimental purposes.
Campaign A supports only the supplementary com-
parison among beam search, greedy best-first search,
and top-down hill climbing. Campaign B supports the
main exact/beam/GA benchmark, the 30-instance DES-
validation subset, and the robustness-margin sensitivity
analysis. Results from the two campaigns are reported
separately and are never pooled.

For Campaign B, the class-probability vector is sam-
pled from a symmetric Dirichlet distribution and the
nominal population is allocated through a multino-
mial draw. A minimum class population of one is
enforced. Visit ratios are generated independently as
Vir = 1 4 Poisson(1), so every class visits every station.
A station-specific base processing time is sampled from
U(2,12) min. Class heterogeneity is introduced through
a lognormal multiplier clipped to [0.4, 3], together with
an independent station—class multiplier sampled from
U(0.8,1.2). Service times are bounded below by 0.5 min.
Idle power is sampled from U(1,3) kW, processing
power is defined as Pproc,i = Pidle,i + U(1.5,5) kW, and
Paux = 0.3kW.

For the additional DES assessment, 10 Campaign-B
instances are selected from each dimensional group after
ordering successful benchmark instances by identifier.
Approximately equally spaced positions are used so that
the 30-instance subset spans the full ordered group rather
than concentrating on consecutive seeds.

A separate Campaign-B subset of 15 instances,
with five instances per dimensional group, is used for
the robustness-margin sensitivity study. Approximately
equally spaced successful instances are selected within
each ordered dimensional group, and the hybrid optimi-
sation is rerun independently for every value of ¢.

Complete Campaign-A baseline outputs, Campaign-
B instance definitions, Campaign-B benchmark out-
puts, and the definitions of the Campaign-B DES and
robustness-margin subsets are included in the supple-
mentary reproducibility package.

A separate divergence-study pool supports the decision-
level analysis of selection divergence in Section 7.2. It
is generated with the same random protocol as Cam-
paign B - the same analytical evaluator, power model,

feasibility definitions, Dirichlet class-probability sam-
pling, visit-ratio construction, and service-time model
- but at smaller station counts, m € {3,4}, and from
an independent seed pool disjoint from the Campaign-
B seeds, yielding approximately 300 usable instances
per dimensional family. Smaller station counts are used
deliberately, because they make mix-dependent bottle-
neck shifts both more frequent and easier to adjudicate
by DES. Alongside this realistic-random pool, four mix-
dependent stress families are constructed to isolate the
regimes in which the bottleneck identity depends on
the class mix. The opposite per-class bottlenecks family
places the two classes’ heaviest demands on different
shared stations, in a balanced-population and a skewed-
population variant, in which the nominal population K
is split evenly or strongly unevenly across classes. The
wide capacity range family samples installed capacities
Cmax Over a broad interval, so that a single station alter-
nates between binding and slack as the mix changes.
The extreme service asymmetry family amplifies the per-
class service-time multipliers, so that the dominant sta-
tion differs sharply between classes. The shared bottle-
neck (partial overlap) family lets the two classes share
one congested station while differing on the remain-
ing stations. Each stress family retains the Campaign-B
service-time, visit-ratio, and power conventions and con-
tains approximately the same number of usable instances
per family as the realistic-random pool. The complete
divergence-study definitions and seed lists are included
in the supplementary reproducibility package.

6.4. Validation metrics and feasibility definitions

Three notions of feasibility are distinguished.

A configuration is evaluator-usable if the fixed-
point procedure converges and its internal throughput-
consistency gap satisfies

|THmda - THemdal
TH, emda

< 0.05.

A configuration is evaluator-feasible if it is evaluator-
usable and

THemda(x) > (1+ &)1 — )TH®.  (30)
A configuration is DES-feasible if
THpgs(x) = (1 — 6)THy™. (31)

The analytical optimisation therefore uses the all-on
EMDA baseline, whereas external verification uses the
corresponding all-on DES baseline for the same instance.



Pointwise throughput accuracy is measured through
mean absolute percentage error,

100 ~— | THpEsj — THemda,j
MAPE = -2 DES,j emda,j ’ (32)
n =1 THemda,j
and mean signed percentage bias,
100 ~—~ THpgs,j — THemda,j
Bias — — DES,j emda,j ' (33)
n =1 THemda,j

Throughout the manuscript and the supplementary
material, all throughput percentage errors, MAPE values,
and signed bias values are normalised by the correspond-
ing analytical estimate THepd,.

A negative bias therefore indicates analytical overes-
timation of DES throughput. Ranking preservation is
assessed through Spearman correlation between analyt-
ical and DES throughput values. Feasibility classification
is evaluated through accuracy, precision, recall, false-
positive rate, and false-negative rate:

o TP TP
Precision = ————, Recall = ———— FPR
TP + FP TP 4+ FN
FP FN
=—— FNR= ———.
FP+ TN FN 4+ TP

The validation evidence is interpreted at four levels.
Pointwise metrics measure numerical throughput accu-
racy; Spearman correlation measures the preservation
of configuration rankings; classification metrics assess
the risk of accepting or rejecting configurations around
the throughput boundary; and end-to-end verification
assesses the DES performance of the configuration ulti-
mately selected by the optimisation procedure. This dis-
tinction separates average prediction quality from deci-
sion reliability near the feasibility threshold.

6.5. DES protocol

The DES model mirrors the principal structural assump-
tions of the analytical evaluator: a closed two-class
CONWIP population, FCFS service, identical parallel
machines within each station, and fixed active-machine
counts over the simulated horizon.

Unless a distributional stress test is specified, process-
ing times are exponentially distributed with the same
means used by the analytical model. The robustness
experiments replace the exponential distribution with
deterministic, Erlang, or lognormal distributions while
preserving the service-time means.

The structured validation experiments use 30 inde-
pendent replications per configuration, whereas the
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random-instance DES validation uses 20 independent
replications per configuration. Structured scenarios are
simulated for 200,000 min after a warm-up period of
20,000 min. Re-entrant or highly congested scenarios use
a 300,000 min horizon and a 30,000 min warm-up. The
manufacturing-inspired case uses 20 independent repli-
cations, a 200,000 min horizon, and a 20,000 min warm-
up. Even at the reduced count, the achieved sampling
precision is high: across the random-instance DES con-
figurations the 95% confidence-interval half-width is of
the order of 0.3% of the mean throughput and at most
about 0.6%. Feasibility near the boundary is decided on
the conservative lower confidence bound rather than the
replication mean, so the decision-relevant quantity is the
throughput-to-target margin net of this half-width; at the
achieved precision the half-width is at least about forty-
five times below J = 0.25, and close to two orders of
magnitude below it at the median, which keeps both the
mean-based and the confidence-bound feasibility clas-
sification stable across the replication count. The half-
widths achieved across the DES campaigns are reported
in Appendix 2.

Throughput is calculated from post-warm-up depar-
tures. The relative percentage difference reported in the
structured analyses is

0 THpgs — THemda
THemda

10

, (34)

so a negative value indicates that the analytical evaluator
overestimates DES throughput.

Replication uncertainty is represented through
Student-t 95% confidence intervals. End-to-end feasibil-
ity is reported both with respect to the replication mean
and, where decision risk is relevant, with respect to the
lower confidence bound. Full confidence-interval calcu-
lations and seed policies are provided in Appendix 2.

6.6. Optimisation benchmark design

The optimisation experiments compare exact enumera-
tion, beam search, the hybrid beam-GA procedure, and
additional search baselines where appropriate. Exact enu-
meration is used as the reference whenever the capac-
ity state space is sufficiently small. For larger instances,
performance is assessed against the best solution found
under the common evaluation protocol.

The main exact, beam, and GA benchmark described
in this subsection uses Campaign B, and greedy best-
first search and hill climbing are run on the same
120 Campaign-B instances under the identical evalua-
tor within this subsection (Table 15, ¢ = 0). A separate
supplementary baseline comparison on Campaign A, at
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the tighter margin ¢ = 0.02 and with a different instance
generator, is reported in Appendix A.15.

All search methods use the same EMDA evalua-
tor, power model, throughput target, capacity bounds,
evaluator-usability criterion, and robustness margin
within a given experiment. Their performance is com-
pared through:

(i) success rate in finding an evaluator-feasible configu-
ration;
(ii) relative power gap from the exact or best-known
solution;
(iii) number of distinct EMDA evaluations;
(iv) wall-clock computation time.

The main optimisation experiments use 0 = 0.25. The
default analytical robustness margin is ¢ = 0.02, while
selected benchmark tables also report ¢ = 0 to isolate
search performance from the effect of conservative feasi-
bility screening. The beam width and candidate-list size
are adapted to instance scale. The baseline GA uses a pop-
ulation of 60 individuals, 150 generations, an elite size
of 5, crossover probability 0.70, and mutation probability
0.40. GA runs use independent seeds, and separate sensi-
tivity experiments examine lighter and heavier parameter
settings.

The detailed search parameters, stopping rules, com-
putational environment, and evaluation-accounting con-
ventions are consolidated in Appendix 2. The beam and
GA pseudocode is reported in Appendix 4.

6.7. Manufacturing-inspired illustrative case setup

The manufacturing-inspired case represents a five-
station shared machining line with two product classes.
Both classes visit the main preparation, machining, sec-
ondary machining, and finishing resources, while class 1
additionally requires an inspection or rework operation
and makes an additional visit to the secondary machining
station. Table 4 reports the routing, processing, capacity,
and power parameters of the case.

Table 4. Manufacturing-inspired case: routing, processing,
capacity, and power data.

Sio St Pidiei Pproci
Station Resource Gmax Vio Vi [min] [min] [kW] [kW]
1 Load/preparation 2 1 1 20 22 15 38
2 Primary machining 4 1 1 75 85 22 50
3 Secondary machining 3 1 2 50 60 20 46
4 Inspection/rework 2 0 1 - 40 14 32
5 Finishing/unload 3 1 1 30 35 16 37

Note: A dash indicates that the corresponding class does not visit the station.

The installed-capacity vector is
Cmax = [2,4,3,2,3],
and the class-population vector is
K = [20, 10],

giving a total CONWIP population of N = 30. The opti-
misation uses J = 0.25 and ¢ = 0.02. The case is eval-
uated through the same analytical and DES procedures
used in the main experiments. The selected configuration
and a lower-power boundary alternative are both veri-
fied by DES to illustrate the distinction between energy
reduction and throughput feasibility.

7. Results

The results are organised around the five research ques-
tions introduced in Section 6.1. The analysis first consid-
ers throughput prediction and ranking, then isolates the
contribution of the dynamic station-mix update, exam-
ines feasibility classification and end-to-end decision
quality, evaluates robustness to service-time variability,
and finally assesses energy savings, search performance,
and the manufacturing-inspired case.

7.1. Predictive accuracy and ranking preservation

Table 5 reports pointwise accuracy for the three struc-
tured base scenarios. Throughput, which drives the
capacity-reconfiguration decision, is predicted accurately
across the tested configurations. Throughput MAPE
ranges from 0.81% in BASE-B to 2.50% in BASE-
A. Errors in cycle time, utilisation, and waiting time
are larger, particularly in highly congested configura-
tions, while aggregate throughput remains comparatively
stable.

Table 5. Pointwise accuracy of the analytical evaluator on the
structured base scenarios, averaged over the evaluated capacity
configurations.

Scenario Metric MAPE (%) Min err (%) Max err (%)
BASE-A TH 250 —10.83 0.39
T, 9.88 —20.16 56.01
uc® 4.98 —2475 17.62
Wi 322 —40.79 117.0
BASE-B TH 0.81 081 0.82
T, 125 232 0.27
ultP 0.46 —0.08 1.13
W 479 —8.45 6.82
BASE-C TH 0.95 —0.57 3.13
cr, 8.83 ~3592 120
ul® 8.01 ~1.18 55.74
W 35.7 —100.0 15.32
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Figure 4. Analytical throughput versus DES throughput across
the structured exponential scenarios (n = 76 configurations). The
solid line is the y = x reference and the shaded band marks the
45% error region. MAPE = 0.96% and Spearman p = 0.986.

Across the full structured exponential battery of 76
configurations, throughput MAPE is 0.96% and Spear-
man rank correlation is p = 0.986. This coefficient pools
all 76 configurations into a single ranking, whereas the
per-scenario coeflicients reported in Table 10 are com-
puted within each scenario and are correspondingly
close to unity. Figure 4 shows that most configura-
tions lie within the +5% error band. The largest devia-
tion occurs in a low-capacity, highly congested BASE-A
configuration.

The structured sweeps identify the operating con-
ditions under which the approximation is most stable.
Across the MIX scenarios, analytical and DES through-
put remain within 0.25% for all eleven class-mix values,
producing an overall MAPE of 0.39%. Station 2 remains
the dominant bottleneck across the sweep, and the eval-
uator preserves the resulting weak sensitivity of total
throughput to the class proportion. Lower rank correla-
tions at extreme values of a arise because the throughput
differences among configurations become very small.
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Across the WIP sweep, the evaluator exhibits a mod-
est positive throughput bias at low population levels. The
relative difference decreases from —1.54% at N = 10 to
—0.18% at N = 45, indicating closer agreement as the
closed-network population increases.

The decision-oriented random-instance DES subset
produces a similar pattern across the three dimensional
groups. Table 6 reports the results for 146 configura-
tions across 30 instances. Overall throughput MAPE is
0.913%, mean bias is —0.210%, and median Spearman
correlation is 0.975. Across the 29 instances for which a
within-instance throughput ranking is defined, the per-
instance Spearman coefficient has a median of 0.97, an
interquartile range of 0.87 to 1.00, and a minimum of
0.36, so ranking is essentially exact for most instances and
weakens only on a few small instances whose candidate
configurations differ in throughput by amounts compa-
rable to simulation noise. Predictive accuracy improves
with instance size, with MAPE decreasing from 1.363%
in the small group to 0.574% in the large group.

In raw counts, the small-instance group of this set
contributes 33 true positives, 2 false positives, 9 true
negatives, and 2 false negatives, so its FPR = 0.182 cor-
responds to two of the eleven actually-infeasible small
configurations being classified feasible; across the full set
of 146 configuration evaluations the totals are 112 true
positives, 2 false positives, 28 true negatives, and 4 false
negatives. Reporting these counts makes the small-group
false-accept rate auditable directly rather than only as a
rate.

7.2. Contribution of the dynamic station-mix
update

The configuration-specific evaluator updates the station
arrival mix within the class-throughput fixed point. To
isolate the contribution of this operation, the proposed
dynamic rule is compared with three alternatives:

e STATIC-INIT, in which the station proportions are fixed
at their initial values;

e STATIC-ALL-ON, in which the proportions are calcu-
lated under the all-on configuration and reused for
every candidate vector;

Table 6. Predictive and decision-oriented validation on the 30-instance Campaign-B DES subset (n = 146 configurations).

Regression quality

Decision quality

Group n MAPE (%) Bias (%) Spearman Acc Prec Rec FPR FNR
Small 46 1.363 —0.170 0.900 0.913 0.943 0.943 0.182 0.057
Medium 50 0.837 —0.247 0.975 0.960 1.000 0.949 0.000 0.051
Large 50 0.574 —0.208 0.950 1.000 1.000 1.000 0.000 0.000
Overall 146 0.913 —0.210 0.975 0.959 0.982 0.966 0.067 0.034

Note: FPR= FP/(FP + TN); FNR= FN/(FN + TP).
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Table 7. Ablation of the station-mix update rule on the struc-
tured two-class exponential battery (n = 76 configurations, J =
0.02,& =0).

Variant TH MAPE (%) Bias (%) Prec Rec
Dynamic 0.96 —0.78 0.971 0.971
Static-init 1.16 —0.87 0.971 0.971
Static-all-on 1.1 —0.93 0.971 0.971
Global-K 1.06 —0.72 0.971 1.000

Note: MAPE and bias use the analytical throughput estimate THemga as the
denominator, consistently with Equations (32) and (33).

e GLOBAL-K, in which class populations and visit
ratios define a configuration-independent class-share
approximation.

Table 7 shows that the dynamic update produces the
lowest throughput MAPE, equal to 0.96%, compared
with 1.06-1.16% for the configuration-independent
alternatives. The dynamic update attains the lowest
throughput MAPE against every frozen-mix rule, a con-
sistent relative reduction of approximately 9% to 17%,
and the decision-level analysis below shows this margin
widens precisely where the bottleneck depends on the
mix. Ranking and feasibility classification remain stable
across the four variants, reflecting the mix-independent
regime of this battery, in which the bottleneck identity
does not depend on the aggregation rule.

Paired Wilcoxon signed-rank tests were also con-
ducted on the absolute percentage errors of the 76
matched configurations. The unadjusted two-sided p-
values for the comparisons of the dynamic update with
Static-init, Static-all-on, and Global-K are 0.0438,0.0199,
and 0.0285, respectively. After Holm correction for the
three related comparisons, the adjusted p-value is 0.0598
in each case.

All three comparisons rank the dynamic update ahead
of the frozen rules, with Holm-adjusted p-values close to
the 5% family-wise level (0.0598 in each case); because
the configurations share structured scenarios, this order-
ing is read together with the decision-level evidence
below, which carries the principal weight for the contri-
bution.

On this structured battery, evaluated at the tight tol-
erance 0 = 0.02, the four aggregation rules are descrip-
tively close. This is itself an informative robustness prop-
erty: when the bottleneck identity is essentially mix-
independent, the evaluator is robust to the aggregation
rule. The decisive evidence for the configuration-specific
update concerns instead the deployment decision at the
operational tolerance, which we examine next.

7.2.1. When the configuration-specific update
changes the decision.

The configuration-specific reconstruction operates at the
deployment level, not only at the level of descriptive
accuracy. At the operational tolerance J = 0.25 used
throughout the energy experiments, every aggregation
rule selects the minimum-power configuration it deems
feasible, and a selection divergence occurs when the
dynamic rule selects a different active-machine vector
than a frozen surrogate; disagreements are then adjudi-
cated by DES.

The divergence pool is drawn from the same random-
instance protocol that generates the Campaign B bench-
mark, so the decision-relevance evidence is taken from
the same instance family as the main experiments. The
instances are sized at m € {3, 4} and drawn from an inde-
pendent seed pool precisely so that the minimum-power
configuration each rule deems feasible can be identi-
fied by exhaustive enumeration. The observed dynamic-
versus-frozen divergences are therefore not artefacts of
the search procedure (Section 6.3). Within this pool,
selection divergence occurs in 18.1% of m = 3 instances
and 21.4% of m = 4 instances, and the rate is stable across
0 € [0.15,0.30] (Table 8). In the tested regimes with
strong mix-dependent bottleneck shifts, opposite per-
class bottlenecks on shared stations, wide capacity ranges,
or skewed class populations, divergence rises to between
56% and 88%. The underlying inconsistency is structural
rather than search-dependent: a frozen station mix can-
not represent the configuration-induced re-weighting of
the two classes at a shared station, so capacity changes
at that station may be mis-evaluated. This mechanism
can arise whenever bottleneck identity depends on the
local class mix. However, the reported divergence rates
pertain to the m € {3,4} pool and do not establish size-
independent prevalence or quantify the frequency of the
effect for the m € {5,8,10} benchmark systems. Where
the active-machine vector leaves the bottleneck identity
unchanged, the four aggregation rules generally coincide

Table 8. Prevalence of selection divergence between the
dynamic configuration-specific rule and the frozen-mix surrogates
at the operational tolerance 6 = 0.25.

Divergence Range over
Instance family m atd = 0.25 § € [0.15,0.30]
Realistic random, divergence study 3 18.1% 16-20%
Realistic random, divergence study 4 21.4% 21-28%
Opposite per-class bottlenecks, balanced K 3 78.9% 77-83%
Opposite per-class bottlenecks, skewed K 3 72.3% 65-72%
Wide capacity range 3 87.7% 82-88%
Extreme service asymmetry 4 78.9% 73-79%
Shared bottleneck, partial overlap 4 56.3% 44-56%

Note: Divergence occurs when the active-machine vector selected by the
dynamic rule differs from that selected by at least one frozen surrogate. Each
family contains approximately 300 usable instances.
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Table 9. Mechanism of a selection divergence on a representative realistic random instance (divergence-study generator, same protocol
as Campaign B, m = 3, seed 73002; V = [[1, 2],12,3],[1,3]l, K = [4,5], S = [[2.58, 5.10], [4.23, 9.89], [3.99, 5.941], ¢max = [1, 3, 3]; DES

target 0.123 jobs/min = 0.75 THDE® _ with THDE® = 0.164).

Aggregation rule Selected x THemda Piot (KW) DES TH (£Cl95) DES-feasible
Dynamic (proposed) [1,3,2] 0.166 335 0.160 + 0.0004 Yes
Static-init [1,2,2] 0.131 26.9 0.118 £ 0.0004 No
Static-all-on [1,3,2] 0.165 335 0.160 + 0.0004 Yes
Global-K - - - - -

Note: The frozen Static-init rule selects a cheaper vector it labels feasible, but DES places its throughput below target; Global-K finds no feasible candidate; only
Static-all-on coincides with the dynamic selection on this instance.

Table 10. Decision-oriented validation on the structured set: throughput-rank correlation and feasibility classification for 6 = 0.02 and

e =0.
Family Scenario or range Spearman p Acc Prec Rec
Base cases BASE-A 1.00 0.80 1.00 0.50
BASE-B, re-entrant n/a 1.00 1.00 1.00
BASE-C, extreme mix 1.00 1.00 1.00 1.00
Mix sweep MIX, a range 0.60-1.00 1.00 1.00 1.00
WIP sweep NSWEEP, N range 1.00 0.75-1.00 0.50-1.00 1.00
Overall exponential set (n = 76) ~ 1.00 0.974 0.971 0.971
Deterministic robustness DET - 0.25 1.00 0.25

in the tested cases; where bottleneck identity changes,
the configuration-specific reconstruction may alter the
deployed configuration.

When the rules disagree, DES provides an external
comparison of the selected configurations. Across the
39 DES-adjudicated divergent instances (15 replications,
95% confidence intervals), no frozen rule selected a bet-
ter configuration under the DES-based feasibility-and-
power comparison. In 24 cases, a frozen rule selected a
configuration that DES classified as infeasible - because
the frozen mix over-estimated throughput at a bottle-
neck station whose load it could not re-weight -whereas
the dynamic rule rejected that configuration and selected
a DES-feasible alternative. In the remaining 15 cases,
the frozen selection was feasible but no cheaper. Thus,
within this DES-adjudicated sample, the dynamic rule
was strictly better in 24 instances and tied with the frozen
rulein 15. Table 9 illustrates a representative realistic ran-
dom instance: the frozen Static-init rule selects a cheaper
vector that it labels feasible, but DES places its throughput
below the production target, whereas the dynamic rule’s
selection is DES-feasible.!

Within the DES-adjudicated divergent sample, the
configuration-specific reconstruction matched or
improved upon the frozen surrogates and avoided the
infeasible selections observed for the frozen rules. This
is a sample-specific empirical result rather than a univer-
sal dominance guarantee. Near the feasibility boundary,
both evaluators remain approximations, and marginal
cases should therefore be resolved through DES. The
result provides the operational counterpart of the con-
sistency argument: a frozen aggregation can misclassify
a lower-power configuration as feasible when bottleneck
identity depends on the local class mix.

7.3. Feasibility classification and end-to-end
validation

Feasibility classification on the same 30-instance
Campaign-B subset (Table 6) gives overall accuracy
0.959, precision 0.982, and recall 0.966. The false-positive
rate is 0.067 overall and falls to zero in the medium
and large groups. The corresponding precision of one
indicates that no evaluator-feasible medium or large con-
figuration in the sample is rejected by DES as infeasible.

False positives represent the more direct production
risk because they correspond to configurations for which
the analytical model would deactivate excessive capacity.
False negatives instead reduce the attainable energy sav-
ing by rejecting configurations that DES would accept.
The observed error pattern is therefore predominantly
conservative outside the small-instance boundary cases.

Table 10 reports the structured classification results
at 0 = 0.02. Classification is perfect in most scenarios.
The two exceptions are located close to the through-
put threshold: BASE-A contains one false negative, while
NSWEEP at N = 20 contains one marginal false positive.
Across the full structured exponential set of 76 config-
urations, 34 are DES-feasible and 42 infeasible, and the
analytical classifier yields 33 true positives, 41 true neg-
atives, one false positive, and one false negative. The
overall precision and recall of 0.971 therefore reduce to a
single boundary misclassification in each direction, with
a Wilson 95% interval on the precision of 0.85 to 0.99,
while the accuracy of 0.974 corresponds to 74 correct
decisions out of 76.

Across the structured battery, the ordering of con-
figurations by estimated power is also preserved, with
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Table 11. DES verification of evaluator-selected configurations.
Configurations were selected using 6 = 0.25 and & = 0.0.

DES- DES-
MAPEon  feasibleby feasibleby Median AP
Group n TH (%) mean 95% Cl (%)
BASE structured 9 0.87 8/9 8/9 29.4
Random small 5 1.99 4/5 4/5 27.2
Random medium 5 0.55 5/5 5/5 383
Random large 5 0.30 5/5 5/5 32.0
Overall 24 0.92 22/24 22/24 31.0

Note: DES feasibility is assessed against THiarget = (1 — 9) THSE.

Spearman correlation equal to 1.000 between analytical
and DES-based power values.

The end-to-end test examines the configurations
selected by the optimisation procedure rather than iso-
lated candidate vectors. Table 11 reports DES verification
of 24 configurations selected with § = 0.25 and ¢ = 0.
The zero-margin setting is used to assess the unbuffered
end-to-end decision quality of the analytical evaluator
and search procedure, while the effect of positive robust-
ness margins is examined separately in Appendix A.8.

The two unsuccessful cases lie close to the target
boundary. In BASE-C-M, the analytical estimate exceeds
the target by only 0.04 jobs/h before DES places the con-
figuration slightly below it. The random small-instance
failure is similarly located within the simulation confi-
dence region of the threshold. All selected medium and
large random-instance configurations remain feasible.

Feasibility by replication mean and feasibility by the
lower confidence bound provide two levels of decision
evidence. The first evaluates expected simulated perfor-
mance, while the second incorporates replication uncer-
tainty. Agreement between the two criteria for 22 con-
figurations indicates that the corresponding selections
are separated from the target by more than simulation
noise. Treating the 24 verified selections as independent
feasibility outcomes, the 22 successes give a success pro-
portion of 0.92 with a Wilson 95% confidence interval of
0.74 to 0.98. Because these selections pool deterministic
structured cases with random small, medium, and large
instances whose underlying success probabilities differ,
this pooled interval is reported as a descriptive sum-
mary rather than as an estimate of a single homogeneous
success rate.

7.4. Robustness to service-time variability

The analytical evaluator uses service-time means within
an exponential closed-network approximation. Its sen-
sitivity to distributional shape is assessed by retaining
the same means in DES while varying the service-time
squared coeflicient of variation.

---- Exponential reference = 0.12%
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Figure 5. Throughput MAPE across alternative DES service-time
distributions. The dashed line marks the exponential reference
case. Approximation error remains at most 0.50% for all tested SCV
values.

The MIX scenario with a = 0.5, N = 30, and four
capacity configurations is simulated under determinis-
tic, Erlang-4, Erlang-2, lognormal, and exponential ser-
vice times. The tested SCV values range from 0 to 1.5.
Since the analytical inputs are unchanged, variation in
the comparison results arises exclusively from the DES
service-time distribution.

Figure 5 shows that throughput MAPE remains at
most 0.50% for every distribution. Error is highest
under deterministic service and decreases as variability
approaches or exceeds the exponential reference.

The bias is positive when DES variability is below the
exponential benchmark: deterministic and low-SCV sys-
tems produce slightly higher simulated throughput than
the analytical estimate. Detailed results for each distribu-
tion are reported in Appendix A.7.

The separate deterministic boundary experiment
highlights the distinction between numerical accuracy
and feasibility classification. Although average through-
put error remains small, three configurations cluster close
to the threshold and are classified conservatively as infea-
sible by the evaluator. The resulting precision remains
one, while recall falls to 0.25. Service-time variability
therefore has limited impact on average throughput pre-
diction in the tested scenarios but can affect the classifi-
cation of near-threshold configurations.

7.5. Energy savings and solver performance

The structured optimisation experiments consider three
capacity scales. Scale S uses the original installed capaci-
ties, scale M doubles them, and scale L triples them. The
station power parameters are

Pigle = [1.8,2.2, 1.5] kW,  Pproc = [4.5,5.0,3.8] kW,

with Py = 0.5 kW.



Table 12. Power reduction as a function of the throughput toler-
anceJ atscaleS.

Scenario §=000 =002 =005 =010 6=0.15 J=0.25

BASE-A - - 9.0 9.0 9.0 9.0
BASE-B 13.4 13.4 13.4 13.4 13.4 13.4
BASE-C - 8.6 8.6 8.6 8.6 8.6

Note: Results use & = 0. Dash: no evaluator-feasible reduced configuration.

Power saving by scenario and capacity scale (6 = 0.25, € = 0.00)
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Figure 6. Power reduction by structured scenario and capacity
scalewithd = 0.25and ¢ = 0.

Table 13. Energy-aware configurations at scale S with 6 = 0.25
ande = 0.

Scenario  Xopt P (kW) Popt (kW) AP (%) THemda (jobs/h)
BASE-A [2,1,2] 22.58 20.54 9.0 17.36
BASE-B [1,1,1] 13.42 11.62 13.4 7.51
BASE-C [2,1,2] 20.68 18.89 8.6 23.31

Table 12 reports the exact power saving at scale S as
the admissible throughput loss & changes. BASE-B sup-
ports a reduced-capacity configuration even at 6 =0,
whereas BASE-A and BASE-C require a small throughput
tolerance before capacity can be removed.

At 0 = 0.25, the opportunity for energy reduction
increases with installed capacity. Figure 6 shows that
the medium and large scales contain more redundant
capacity that can be deactivated while preserving the
throughput requirement.

Table 13 reports the scale-S solutions. Power reduc-
tions range from 8.6% to 13.4%. At larger scales, savings
reach 29.4% for BASE-A-M, 29.7% for BASE-C-M, and
38.3% for BASE-B-L.

The relevance of switching off capacity depends on
the relation between the power reduction and any restart
energy. If Cgare is the restart energy per switched-off
machine, the break-even horizon is

C
H = Noff start' (35)

AP
For the scale-S cases, published restart-energy values
between 0.01 and 0.10 kWh imply break-even times of
approximately 0.3-3 min (Frigerio, Tan, and Matta 2024;

Mouzon, Yildirim, and Twomey 2007).
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Table 14 reports the main search benchmark on the
120 Campaign-B instances with 6 = 0.25 and ¢ = 0.
On successful runs, beam search reaches zero optimal-
ity gap while using fewer analytical evaluations and less
computation time than the GA; the median runtime
ratio relative to the GA is approximately 7.7 on small
instances and 2.8-3.1x on medium and large instances.
On this benchmark the hybrid reaches the reference solu-
tion on every instance, the exact optimum on the small
and medium groups, where enumeration is feasible, and
the best-found solution on the large group, so its defin-
ing property here is uniform reliability across the full
instance set rather than raw search economy.

On the 120 Campaign-B instances, beam search iden-
tifies an evaluator-feasible solution in all three dimen-
sional groups, corresponding to a 100% success rate. The
5% small-instance failure rate reported in the supplemen-
tary solver-baseline comparison belongs to Campaign A,
which uses a separate random-instance generator and is
reported independently. The structured BASE-A cases
nevertheless show that bottom-up beam expansion can
fail on path-constrained capacity landscapes, motivating
the GA fallback.

Greedy best-first search and top-down hill climbing
run on the same 120 Campaign-B instances under the
identical EMDA evaluator, power objective, throughput
target, and feasibility rule, placing the three search strate-
gies on a common footing. Table 15 summarises the out-
come. Both lighter baselines locate an evaluator-feasible
solution on every instance, and on the typical instance
both match the optimum, with a median optimality gap
of zero. They diverge from the hybrid only in the tail. Hill
climbing reaches the optimum on at least nine instances
out of ten, with a ninth-decile gap of zero, and never loses
more than 9.7% of the available power saving; greedy
best-first stays within 0.7% of the optimum on ninety per
cent of instances but degrades to 18.2% in the worst case.
Across the full set, hill climbing reaches this reference
solution on 113 of the 120 instances and greedy on 107,
whereas the hybrid reaches it on all 120.

These figures place the value of the hybrid on the
main benchmark in reliability rather than in raw eval-
uation economy. Greedy best-first is the lightest strat-
egy, at a median of twelve evaluations, but it forgoes
the reference solution on thirteen instances, by up to
18.2%; hill climbing is more reliable, at a median of
thirty-seven evaluations, yet still settles on a plateau on
seven instances, by up to 9.7%. The beam-GA hybrid
reaches the reference on all 120 instances. On Cam-
paign B the bottom-up beam already reaches it on every
instance, so the GA fallback is not triggered here; the
GA's corrective role is exercised on the structured BASE-
A topology, where the minimal-capacity path stalls and
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Table 14. Search benchmark on the 120 Campaign-B random instances with 6 = 0.25and ¢ = 0.

Beam search GA
Group Success Gap Evals Time (s) Success Gap Evals Time (s)
Smalbm =5 100% 0.00% 4 0.055 100% 0.00% 18 0.423
Medium,m = 8 100% 0.00% 45 3.171 100% 0.00% 127 8.770
Large, m = 10 100% 0.00% 67 14.72 100% 0.00% 183 46.10

Note: Gap is measured against exact enumeration when the state space does not exceed 500,000 configurations and against the best-found solution otherwise.

Table 15. Greedy best-first search and top-down hill climbing
on the same 120 Campaign-B instances as Table 14, under the
identical EMDA evaluator with = 0.25and ¢ = 0.

Reaches Worst-case Median
Method Success reference gap evals
Hill climbing 100% 113/120 9.7% 37
Greedy best-first 100% 107/120 18.2% 12

Note: ‘Reaches reference’ counts instances at zero gap to the reference solu-
tion found by the beam-GA hybrid, namely the exact optimum on the small
and medium groups (exhaustive enumeration) and the best-found solution
on the large group; the worst-case gap is the largest power gap to that refer-
ence, and evaluation counts are medians over all 120 instances. The hybrid
reaches the reference on all 120 instances (Table 14).

broader exploration restores the exact optimum. For a
single energy-aware configuration decision that must be
trusted without instance-by-instance tuning, this uni-
form reliability across the full instance set is the decisive
property.

Comparisons under tighter robustness margins and
alternative GA parameterisations are reported in the
appendix. In the GA parameter-sensitivity experiment,
all three tested settings recover the exact structured
optima across all seeds, indicating that the structured
conclusions are not sensitive to the tested GA parame-
terisation.

7.6. Manufacturing-inspired case and
energy-model sensitivity

For the manufacturing-inspired case, the all-on con-
figuration cmax = [2,4,3,2,3] produces an analytical
throughput of 27.22 jobs/h and draws 49.29 kW. With
0 =0.25 and ¢ = 0.02, the nominal throughput target
is 20.42 jobs/h and the robust analytical target is 20.82
jobs/h.

The optimisation selects x = [1,3,3,1,2]. Its esti-
mated power is 39.40 kW, corresponding to a 20.1%
reduction relative to the all-on system. DES returns a
mean throughput of 22.90 jobs/h with a 95% confidence
interval of [22.87,22.93], confirming feasibility above
both the nominal and robust targets. Table 16 sum-
marises this analytical selection and its DES verification.

To separate energy efficiency from energy curtailment,
it is useful to report the specific energy Piot(x)/ THpEs,
the consumption per completed job. The all-on sys-
tem draws 1.81 kWh/job and the selected configuration

1.72kWh/job, a 4.9% reduction. The headline 20.1%
power saving is curtailment-inclusive: it pairs the lower
active capacity with a 16.0% reduction in throughput,
from 27.25 to 22.90 jobs/h, and therefore measures the
combined effect of running fewer machines at lower out-
put rather than efficiency at fixed production. Specific
energy isolates the part of the saving that persists at con-
stant output, and for this manufacturing case the selected
configuration is also the more efficient one per job. Across
the Campaign-B instances the per-job efficiency gain is a
distribution: the specific energy falls by a median of about
26% with an interquartile range of roughly 16-33%, and
in the least favourable instance it is essentially unchanged
(about —3.8%), where the saving is realised through cur-
tailment rather than per-job efliciency. Since the model
includes no exogenous demand process, the saving is
reported at the throughput floor, the lowest output that
still satisfies the production requirement.

The lower-power vector [2,4, 3,1, 1] marks the point
at which curtailment crosses into infeasibility. It would
reduce power by 22.3%, but DES places its throughput at
19.06 jobs/h, below the nominal target of 20.42 jobs/h, so
the analytical procedure selects the slightly higher-power
configuration that preserves the production requirement.
Read through specific energy, this lower-power boundary
is in fact less efficient than the all-on system: at 38.32 kW
over 19.06 jobs/h it consumes about 2.01 kWh/job, above
the 1.81 kWh/job of the all-on baseline, because its power
saving is bought entirely with lost output. The same vec-
tor also shows that aggregate power is governed by utili-
sation rather than by machine count: [2,4,3, 1, 1] keeps
more machines active than the selected [1,3,3,1,2],
eleven against ten, with extra units at the first two sta-
tions, yet draws less total power, since the lightly loaded
units it adds contribute less to Pyt (x) than the more heav-
ily loaded station-five unit it switches off. Counting active
machines is therefore not a proxy for power, and more
machines on need not mean more power.

The selected vector remains unchanged under the
three groups of energy-model sensitivity tests sum-
marised in Table 17. Independent +20% perturbations
of station utilisation and power parameters leave the
selected configuration unchanged in all 1000 Monte
Carlo draws. Concave, affine, convex, and start-up-
penalised energy functions also select the same vector,
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Table 16. Manufacturing-inspired case: analytical selection and DES verification with § = 0.25 and & = 0.02.

Quantity All-on Selected Boundary infeasible
Active-machine vector [2,4,3,2,3] [1,3,3,1,2] [2,4,3,1,1]
Power (kW) 49.29 39.40 38.32

Power reduction (%) - 20.1 223

EMDA throughput (jobs/h) 27.22 22.89 19.07

DES throughput (jobs/h) 27.25 2290 19.06

DES 95% Cl (jobs/h) [27.22,27.28] [22.87,22.93] [19.02,19.10]
DES target-feasible yes yes no

Specific energy (kWh/job) 1.81 1.72 2.01

Energy saving over 8 h (kWh) - 79.1 87.8

Table 17. Summary of energy-model sensitivity in the manufacturing-inspired case.

Sensitivity family Tested variation

Selected configuration Power reduction

Station utilisation
Idle and processing power
Energy-function shape

Independent factors in [0.8, 1.2]
Independent factors in [0.8, 1.2]

Concave, affine, convex, and start-up variants

[1,3,3,1,2]in 100% of draws
[1,3,3,1,2]in 100% of draws
[1,3,3,1,2]inall variants

18.28-22.17%
19.18-21.10%
17.0-22.4%

although the numerical estimate of the saving varies with
the objective shape.

The sensitivity —analyses indicate that the
manufacturing-inspired selection is driven primarily by
the capacity—throughput structure rather than by a nar-
rowly calibrated energy parameter or a specific affine
load-to-power curve. The estimated magnitude of the
saving remains model-dependent, while the selected
active-capacity vector is stable across the tested per-
turbations. Detailed sensitivity tables are reported in
Appendix 3.

8. Discussion and practical implications
8.1. Reliability of the analytical decision signals

The results distinguish clearly between the outputs that
support the final capacity decision and those that pri-
marily guide the search. Total throughput is the most
accurately reproduced measure across the structured and
random-instance experiments. Its low average error and
strong rank correlation support the use of the evaluator
for comparing candidate capacity vectors and identifying
configurations that merit further consideration.

Feasibility classification is a more demanding task
than pointwise throughput prediction because it depends
on the position of each configuration relative to a fixed
threshold. A throughput error that is small in percentage
terms can still change the classification of a configuration
located immediately above or below that boundary. This
effect explains the few false-positive and false-negative
cases observed in the experiments, as well as the weaker
recall in the deterministic boundary scenario. The main
source of decision uncertainty is therefore not broad pre-
diction error across the configuration space, but local
ambiguity around the throughput target.

The robustness margin ¢ provides a direct way to man-
age this boundary risk during analytical optimisation.

Increasing the analytical target reduces the likelihood of
selecting a configuration that is only marginally feasible,
at the cost of potentially rejecting some energy-saving
alternatives. The appropriate margin depends on the
accuracy observed for the application under study and
on the operational consequences of a throughput short-
fall. The default value used in the experiments reflects the
error level observed in the validation set rather than a
universal setting.

The configuration-specific reconstruction acts as a
complementary safeguard at this boundary. Because it
re-weights the station class mixes for every candidate
vector, it keeps the feasibility estimate consistent with
the configuration under evaluation and avoids the over-
optimistic labels that a frozen aggregation can assign
to marginally feasible configurations, as reported in
Section 7.2. Boundary risk is therefore addressed from
two complementary directions: the robustness margin
raises the analytical target, while the configuration-
specific reconstruction keeps the feasibility estimate
aligned with the candidate being evaluated.

Station-level clipped utilisation, waiting-time, and
congestion estimates serve a different role. Their errors
are larger than those observed for aggregate through-
put, particularly in highly congested configurations. The

clipped utilisation ufhp enters the bounded power calcu-
lation, whereas the raw utilisation #;*" and the mean sta-
tion population EN; guide the beam-expansion heuristic
and support overload diagnostics. None of these station-
level quantities independently certifies throughput fea-
sibility. Every candidate generated by the search is re-
evaluated through the complete fixed-point procedure,
and the final decision is based on network-level through-
put and total power.

The manufacturing-inspired sensitivity analyses pro-
vide additional evidence on the practical effect of these
secondary-metric errors. Perturbing station utilisation
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and power parameters changes the estimated magnitude
of the saving but does not change the selected capacity
vector in the tested case. Similarly, alternative concave,
affine, convex, and start-up-penalised energy functions
preserve the selected configuration. This stability indi-
cates that the decision is driven mainly by the capac-
ity—throughput structure rather than by a finely tuned
station-level estimate.

The evidence supports a layered interpretation of the
evaluator. It is strongest as a rapid throughput-screening
and ranking model, while local waiting and congestion
outputs are most useful as directional information for
search. Configurations with a clear analytical margin
can be compared directly, whereas selected, near-tie, and
near-threshold configurations benefit from DES verifica-
tion before implementation.

8.2. Operational use and deployment guidance

The framework is intended for production planners, pro-
cess engineers, and energy managers who must deter-
mine before a shift or production day which machines
should remain active. Its decision horizon is tactical: the
output is an active-capacity plan for a defined operat-
ing period, not a sequence of real-time switch-on and
switch-off commands.

The required inputs are close to standard production-
engineering data: class-dependent routings or visit
ratios, mean processing times, installed machine counts,
planned class populations or expected product mix, the
required throughput level, and station-level idle and pro-
cessing power. Optional utilisation limits and machine-
availability constraints can be added when particular
resources require additional protection.

The managerial deployment of the proposed model
is structured as a sequence of planning, optimisa-
tion, validation, and control activities. As summarised
in Table 18, the model converts production require-
ments and expected product-mix conditions into an
implementable active-capacity decision, while preserving
explicit throughput and robustness safeguards.

Table 18 also clarifies the respective roles of the dif-
ferent decision-support layers. The analytical evaluator

Table 18. Practical application of the proposed model.

supports rapid tactical screening and capacity selection,
DES or a detailed plant model is used to validate con-
figurations close to the feasibility boundary, and shop-
floor monitoring determines whether the selected plan
can be maintained during execution. The resulting deci-
sion is therefore not an isolated optimisation output, but
part of a closed-loop managerial process linking pro-
duction planning, energy management, validation, and
operational control.

Routine use does not require complete recalibration
before every planning cycle. The quantities most likely
to change from one decision period to another are the
expected mix, the class populations, and the throughput
target. Routing, processing-time, and power parameters
can remain fixed while the production system is stable,
and should be updated after process changes, machine
replacement, maintenance interventions, new products,
altered standby modes, or persistent differences between
observed and predicted performance.

The energy parameters can be identified from short
monitoring campaigns, machine documentation, or
existing manufacturing information systems. Idle power
should represent the average demand of an active but
non-processing machine, while processing power should
reflect representative loaded operation. The absolute sav-
ing estimate depends on this calibration, but the sensitiv-
ity analysis suggests that moderate parameter uncertainty
may leave the selected capacity vector unchanged when
the alternatives are well separated.

Product-mix uncertainty is the main operational
source of model risk. A change in the realised mix may
move congestion to another station and make a reduced-
capacity vector less suitable than expected. When the mix
forecast is uncertain, the same evaluator can be run over
several plausible class-population scenarios. A robust
operating choice can then be selected from the config-
urations that remain feasible across those scenarios, or
a larger value of ¢ can be used to preserve additional
throughput headroom.

During implementation, realised throughput and sta-
tion utilisation should be monitored against the planned
values. A safer configuration, including the all-on vector,
can be retained as a recovery option when the realised

Step Managerial action Decision output

1 Define the expected product mix, production volume, and Planning scenario and class-population vector.
machine availability for the planning period.

2 Evaluate the all-on configuration and determine the reference Performance baseline and recovery configuration.
throughput.

3 Set the admissible throughput loss J and robustness margin ¢. Minimum acceptable throughput and safety margin.

4 Run the optimisation and select the lowest-power feasible Recommended number of active machines at each station.
machine-capacity vector.

5 Validate the selected configuration using DES and monitor Approved operating plan or activation of a safer configuration.

throughput and utilisation during operation.




product mix or operating conditions move outside the
planned scenario. This creates a practical hierarchy in
which the analytical model supports rapid planning, DES
verifies the most consequential alternatives, and shop-
floor monitoring provides operational feedback.

8.3. Limitations and future research

The framework is developed for two-class closed CON-
WIP systems with identical parallel machines, FCFS ser-
vice, non-blocking flow, and shift-level capacity deci-
sions. These assumptions define a coherent decision set-
ting and also indicate the extensions required for broader
application.

The first extension concerns the number and hetero-
geneity of product classes. The notation can be gener-
alised to more than two classes, but the dimension of the
throughput fixed point and the diversity of local station
mixes increase with the number of classes. The result-
ing aggregation error and convergence behaviour should
therefore be evaluated separately rather than inferred
directly from the two-class results.

The second extension concerns machine heterogene-
ity. When machines at the same station differ in speed,
eligibility, reliability, or power consumption, the scalar
variable x; no longer identifies the available capacity
unambiguously. A machine-level decision model would
need to specify which individual resources are activated
and which product classes they can process. The same
issue arises under strong product-machine compatibility
constraints.

The third extension concerns operating rules and
material-flow constraints. Priority dispatching, sequence-
dependent setups, batching, rework policies, and finite-
buffer blocking can alter the distribution of waiting time
and the throughput response to added capacity. Block-
ing after service and blocking before service, in partic-
ular, introduce dependence on downstream buffer states
and require an analytical representation beyond the non-
blocking closed network used here.

The service model also assumes that mean processing
requirements are independent of station load. In set-
tings where interference, operator sharing, thermal con-
ditions, batching, or coordination effects produce load-
dependent service rates, the equivalent service parame-
ters would need to become functions of utilisation and
active capacity. This would add a further closure relation
to the fixed-point procedure.

The power model represents average steady-state
demand over the planning horizon. Applications involv-
ing frequent within-shift switching would require explicit
treatment of start-up energy, warm-up time, minimum
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on/oft durations, machine-state transitions, and possi-
bly time-varying electricity prices. These features would
change the problem from tactical capacity availability to
dynamic machine-state control.

Finally, the empirical evidence combines structured
scenarios, random instances, and a manufacturing-
inspired case, but does not constitute field validation
on an operating production line. Industrial deployment
would require calibration against measured throughput
and power data and comparison with observed capacity
decisions over repeated planning periods.

Future research can therefore proceed along four main
directions: extending the aggregation to larger multiclass
systems, introducing machine-level eligibility and het-
erogeneous resources, incorporating dynamic and mea-
sured energy behaviour, and validating the framework
within industrial digital-twin or production-planning
environments.

9. Conclusions

This paper develops a configuration-specific analyti-
cal evaluator for energy-aware capacity reconfigura-
tion in two-class CONWIP systems. The evaluator
combines a station-mix fixed point with an equiva-
lent single-class MDA representation, reconstructing the
analytical network for each candidate active-machine
vector. This configuration-specific closure links class-
throughput estimates, local arrival mixes, equivalent
service parameters, and active station capacity within
a common evaluation procedure. The resulting model
is embedded in an energy-aware optimisation frame-
work that compares alternative machine-activation plans
under a throughput requirement. Within this construc-
tion the single-class MDA population recursion serves
as an established computational engine and is employed
unchanged, so that the methodological contribution
resides in the configuration-specific reconstruction and
fixed-point closure that render the equivalent network
consistent with each candidate active-machine vector,
and in their integration into the coupled evaluator,
energy-aware optimisation, and discrete-event validation
framework.

The empirical results support the use of the evaluator
for rapid configuration comparison. Across the struc-
tured exponential battery, throughput MAPE is 0.96%
and Spearman rank correlation is p = 0.986. Beyond the
close descriptive agreement on the structured battery,
the configuration-specific station-mix update is decision-
relevant at the deployment level. At the operational tol-
erance ¢ = 0.25, it changes the selected configuration
in roughly one realistic random instance in five within
the exhaustively enumerated m € {3, 4} divergence pool.
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Among the 39 divergent instances adjudicated by DES,
no frozen rule selected a better configuration; in 24 cases,
a frozen rule selected a configuration that DES classi-
fied as infeasible. On the 30-instance Campaign-B DES-
validation subset, overall throughput MAPE is 0.913%,
precision is 0.982, and the false-positive rate is 0.067, with
no false-positive configurations in the medium and large
groups.

The manufacturing-inspired case illustrates the deci-
sion value of the framework. The selected configura-
tion reduces estimated power by 20.1% while remaining
feasible under DES, whereas a lower-power boundary
configuration is correctly rejected because its simulated
throughput lies below the production target. The sensi-
tivity analyses also show that the selected vector remains
stable under moderate perturbations of utilisation, power
parameters, and energy-function shape. These results
position the evaluator as a tactical screening and ranking
tool: aggregate throughput provides the primary feasibil-
ity signal, while station-level utilisation and congestion
measures support power estimation and search guidance.
DES can then be concentrated on selected, near-tie, and
near-threshold configurations.

The framework is intended for shift-level plan-
ning in two-class, non-blocking CONWIP systems
with interchangeable parallel machines and a reason-
ably stable expected mix. Extensions to larger multi-
class systems, heterogeneous machine eligibility, priority
and setup-dependent operation, finite-buffer blocking,
load-dependent processing rates, and dynamic switch-
ing would broaden its range of application. Further
research should also combine the analytical evaluator
with measured energy data and industrial digital-twin or
production-planning environments to assess its perfor-
mance under repeated field use.

Note

1. An extreme stress instance (m = 3, seed 12029, index 22)
illustrates the same mechanism: the frozen-at-init mix con-
ceals an approximately 42% throughput shortfall, selecting
[1,1,1] with DES throughput 0.182 against a target of
0.314, whereas the dynamic and Static-all-on rules select
[1,2, 1] with DES throughput 0.369.
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Appendices

Appendix 1. Notation and single-class MDA
details

A.1. Main notation

Table Al consolidates the notation used in the system for-
mulation, analytical evaluator, power model, and optimisation
framework. Symbols introduced only in individual experi-
ments are defined locally.

A.2. Single-class MDA routine

The configuration-specific evaluator constructs an equivalent
single-class closed network defined by the total population
N, aggregate visit ratios v?gg, effective service rates yfﬁ, and
active server counts x;. This network is evaluated through the
population-recursive marginal-distribution routine reported
in Algorithm 3.

At population level /, the routine calculates the station resi-
dence times, system throughput, mean station populations, and
marginal station-population probabilities. The active capacity

Table A1. Main notation used in the paper.

INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH e 31

enters through

ri(q) = min{x;, q},
which represents the number of busy servers when g jobs are
present at station i. The installed capacity ¢; max determines the
admissible range of x; but does not replace the active server
count in the network evaluation.

The MDA recursion is used without modification as the
computational core of the equivalent-network evaluation. The
configuration-specific contribution developed in the main text
lies in rebuilding the quantities v;¥¢ and x¢T within the two-
class fixed point for each candidate active-machine vector.

Appendix 2. Reproducibility details

This appendix consolidates the structured-scenario param-
eters, random-instance generation rules, numerical settings,
simulation protocol, and confidence-interval calculation used
in the experimental study.

A.3. Structured-scenario parameters

Table A2 reports the class populations, visit ratios, mean pro-
cessing times, and installed capacities used in the structured
scenarios. A service-time entry associated with V; = 0 is not
used in the analytical or simulation model. The deterministic
and distributional stress experiments retain the same service-
time means and modify only the distribution used by DES.

Symbol Meaning

m Number of stations.

i Stationindex,i=1,...,m.

r Product-class index, r € {0, 1}.

K = (Ko, K1) Class-population vector in the closed CONWIP network.

N =Ky + K; Total circulating CONWIP population.

Vir Visit ratio of class r at station i.

Sir Mean processing time per visit of class r at station i.

Cimax Number of identical parallel machines installed at station /.

Xj Number of machines kept active at station i in the candidate configuration.

X Active-machine configuration vector.

h, Estimated throughput of class r.

THemda Total throughput implied by the two-class fixed point; used for analytical feasibility and optimisation.

THmda Throughput returned by the equivalent single-class MDA recursion; used as an internal consistency quantity.

THpes Throughput estimated through discrete-event simulation.

TH:l'lnda Analytical throughput of the all-on configuration.

THOE DES throughput of the all-on configuration.

Ai Aggregate arrival rate at station j implied by the current class-throughput estimates.

Dir Arrival proportion of class r at station i.

y?gg Visit ratio of station / in the equivalent single-class network.

Si Equivalent mean service time at station i.

/1,?“ Effective service rate at station /, equal to 1/5;.

ET; Mean station sojourn time returned by the single-class MDA recursion.

EN; Mean number of jobs at station i.

Wi(q) Approximate queue-waiting component at station i.

CT, Estimated cycle time of class r.

u™ Unbounded utilisation implied for the active parallel capacity at station J; used for utilisation constraints, overload
diagnostics, and search guidance.

uf"p Bounded utilisation min{max{u{®", 0}, 1}; used for reporting and steady-state power estimation.

Pidle,i Idle or standby power of one active machine at station i.

Poroc,i Power of one active machine at station i under full processing load.

Paux Fixed auxiliary power.

Prot (X) Total steady-state power of configuration x.
Maximum admissible throughput-loss fraction relative to the all-on configuration.

& Robustness margin applied to the analytical throughput requirement.

T Fixed-point convergence tolerance.

g Fixed-point damping factor.

g(x) Internal throughput-consistency gap between THyq, and THemda-
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Algorithm 3: Single-class MDA routine for the

equivalent closed network

Input: Total population N; aggregate visit ratios

Output: Equivalent-network throughput THpq,;
mean station sojourn times ET;; mean

—

a . . .
12 8. effective service rates u?ff; active
server counts x;,i = 1,...,m

station populations EN;

Initialise

PO =1 pP@=0 forg>o,

for all stations i;
2 forl=1,...,Ndo

3 fori=1,...,mdo
4 Compute the station residence time:
l 1 (
ETi() = ————p (g —1).
| ; u minfx;, g}
5 end
6 Compute the closed-network throughput:
I
TH(l) = — .
> vEET()
i=1
fori=1,...,mdo
7 Update the mean station population:
ENi(l) = v TH()ET;()).
Update the marginal station-population
probabilities:
I—
50(g) = ETHOP! ™ (g - 1)
! ,ufff min{x;, q} ’
g=1...,1
and
1 l 1
"0 =1->"p"(g).
q=1
8 end
9 end
10 return

THpaa = TH(N), ET; = ET;(N), EN; = ENi(N).

Table A2. Parameters of the structured scenarios.

Scenario Population rule Station Vig Vi1 Sio Sit Cimax
BASE-A K =[14,6] 1 1 0 8 1 3
2 0o 1 110 1
3 1 1 6 9 2
BASE-B K =1[21,9] 1 1 0 4 1 2
2 1T 1 6 9 1
3 2 1 55 1
BASE-C K =1[19,1] 1 1 0 4 1 3
2 0 1 130 1
3 1 1 510 2
MIX N =30,a € {0.0,0.1,...,1.0} 1 1 1 8 2 2
2 11 2 8 2
3 1 1 5 5 1
NSWEEP N € {10, 15, 20, 30,45}, o = 0.60 1 1 1 310 2
2 11 8 2 1
3 1 1 5 5 2
DET N = 30, 2 = 0.50, deterministic DES 1 11 8 2 2
2 1 1 2 8 2
3 1 1 5 5 1

For the MIX and NSWEEP scenarios, class populations are
calculated as

Ko = round(aN), K; =N — K.

The distributional SCV sweep uses the MIX structure with
N = 30 and a = 0.50. The DES service-time distributions are
deterministic, Erlang-4, Erlang-2, lognormal with SCV 0.5,
exponential, and lognormal with SCV 1.5. All distributions
preserve the means reported in Table A2.

For the structured capacity-scale experiments, scale S uses
the installed capacities in Table A2, scale M doubles every sta-
tion capacity, and scale L triples every station capacity. The
corresponding power parameters are

Pigle = [1.8,2.2,1.5] kW,  Pproc = [4.5,5.0,3.8] kW,
with Pyyx = 0.5 kW.

A.4. Random-instance generation

The random experiments use a common pool of 120 two-
class instances, comprising 40 small, 40 medium, and 40
large instances. Small instances use seeds 501-540, medium
instances use seeds 801-840, and large instances use seeds
1001-1040. The full pool is used for the optimisation bench-
mark.

For each instance, the class-probability vector is sampled
from a symmetric Dirichlet distribution and the nominal pop-
ulation is allocated through a multinomial draw. A minimum
class population of one is enforced by replacing any zero class
count with one. Consequently, the realised population can
exceed the nominal population by one in cases where the
multinomial allocation initially assigns zero jobs to one class.

Visit ratios are generated independently as Vi =1+
Poisson(1). Therefore, every class visits every station and visit
ratios may exceed two. For DES, a deterministic canonical route
is reconstructed by ordering stations by increasing index and
repeating station i round(V;,) times for class r.

A station-specific base processing time is sampled from
U(2,12) min. Class heterogeneity is introduced through a log-
normal multiplier, clipped to [0.4, 3], and an independent sta-
tion-class multiplier sampled from U(0.8,1.2). The resulting
service time is bounded below by 0.5 min. Idle power is sampled
from U(1, 3) kW, processing power is obtained by adding an
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Table A3. Campaign-B random-instance generation protocol used for the main optimisation benchmark, DES validation, and
robustness-margin sensitivity analysis.

Quantity

Generation rule

Number of classes
Small group

Medium group

Large group

Class populations

Visit ratios

DES route

Station base processing time
Class multiplier
Station—class multiplier
Minimum service time
Idle power

Processing power
Auxiliary power
Benchmark pool
DES-validation subset

Two classes, r € {0, 1}.

m =5, CGimax € {1,2,3}, nominal population Ny = 3m, seeds 501-540.

m = 8, ¢imax € {1,2,3,4}, nominal population Ny = 4m, seeds 801-840.

m = 10, Gimax € {1,2, 3,4}, nominal population No = 5m, seeds 1001-1040.

Symmetric Dirichlet class probabilities followed by a multinomial allocation of No; zero class counts are replaced by one.
Vir = 1 4 Poisson(1).

Stations ordered by increasing index; station i repeated round(V;,) times in the route of class r.

Uniform on [2, 12] min.

Lognormal multiplier clipped to [0.4, 3].

Uniform on [0.8, 1.2].

0.5 min.

Pidiei ~ U(1,3) kW.

Pproc,i = Pidle,i +U(1.5, 5) kW.

Paux = 0.3 kW.

120 instances, with 40 instances per dimensional group.

Ten approximately equally spaced successful instances per dimensional group, selected after ordering by instance identifier.

increment sampled from U(1.5,5) kW, and the fixed auxiliary
load is 0.3 kW.

The 30-instance DES subset is obtained after identifying
benchmark instances with at least one successful optimisation
result. Within each dimensional group, instances are ordered
by identifier and ten approximately equally spaced positions
are selected. Complete definitions of the 120-instance pool and
the 30-instance DES subset are supplied in the supplementary
reproducibility package.

Table A3 refers exclusively to Campaign B. Campaign A fol-
lows the separate generation protocol described above and is
used only for the Beam-Greedy-Hill-Climbing baseline com-
parison.

A.5. Numerical, simulation, and search settings

Table A4 consolidates the numerical, simulation, and search
settings used throughout the experiments.

Table A4. Consolidated numerical and experimental settings.

The implementation was executed in Python 3.12 on a lap-
top equipped with an Intel Core i7-1265U processor and 16 GB
RAM. Wall-clock results are therefore hardware-dependent,
while the number of distinct EMDA evaluations provides a
more portable measure of search effort.

For small, medium, and large random instances, the beam
uses adaptive beam widths of 20, 12, and 8 and candidate-list
sizes of 4, 3, and 2, respectively. Memoisation stores the result
of every evaluated active-machine vector, and all evaluation
counts include distinct calls to the analytical evaluator. Where a
trimming procedure is applied, its additional evaluator calls are
included unless a table explicitly states a different accounting
convention.

A.6. DES confidence intervals

For a configuration simulated over n independent replications,
let TH; denote the post-warm-up throughput of replication j.

Component

EMDA fixed-point tolerance

Maximum fixed-point iterations

Fixed-point damping factor
Evaluator-usability criterion

Structured-validation DES replications
Standard structured DES horizon
Random-validation DES replications
Standard structured warm-up
Re-entrant or highly congested horizon
Re-entrant or highly congested warm-up
Manufacturing-inspired DES replications
manufacturing-inspired DES horizon
manufacturing-inspired DES warm-up

DES seed policy

Main throughput tolerance
Default robustness margin
Beam settings

Baseline GA

GA probabilities

GA benchmark seeds

GA sensitivity seeds

Exact-enumeration benchmark

Confidence level

Setting
r=10".
300.
B =05.

Fixed-point convergence and internal throughput-consistency gap g(x) < 0.05.
30 independent replications per configuration.

200,000 min.

20 independent replications per configuration.

20,000 min.

300,000 min.

30,000 min.

20 independent replications.

200,000 min.

20,000 min.

Independent replication seeds beginning from 1.

J = 0.25, unless otherwise stated.

& = 0.02, unless otherwise stated.

Beam width and candidate-list size adapted to instance scale.

Population 60; 150 generations; elite size 5.

Crossover probability 0.70; mutation probability 0.40.

1,2,and 3.

1,2,3,4,and 5.

Used when the state space is sufficiently small; the random benchmark uses a 500,000-configuration threshold.
Student-t 95% confidence intervals across replications.
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The replication mean and sample standard deviation are
1 n
THpgs = — Y TH;,
DES = — ]Zl“ f

and

\/221 (TH; - ﬁDES)2
STH = .

n—1
The 95% confidence interval is calculated as

THpgs =+ t0.975,n—1 STTZI,
where (975 ,—1 is the corresponding Student-f critical value.

Mean-based DES feasibility compares THpgs with the
instance-specific DES target. Confidence-interval feasibility
uses the lower bound of Equation (Al), providing a more
conservative assessment for selected and near-boundary con-
figurations.

The achieved sampling precision confirms that the replica-
tion counts are adequate for the feasibility decision. Over the
n = 146 random-instance DES configurations evaluated with
20 replications, the half-width of Equation (A1) has a median of
0.29% and a worst case of 0.56% of the mean throughput; over
a dedicated uniform-30-replication structured re-simulation
of n =24 groups—distinct from the mixed-replication 24-
configuration end-to-end verification of Table 11, whose ran-
dom part uses 20 replications - the corresponding values are
0.20% and 0.42%. In every case the half-width is at least about
forty-five times smaller than the operational tolerance 6 =
0.25, and close to two orders of magnitude smaller at the
median, so the reduced replication count preserves both the
mean-based and the confidence-bound feasibility classifica-
tion.

(A1)

Appendix 3. Supplementary robustness and
sensitivity analyses

This appendix reports the complete robustness analyses sup-
porting the summary results presented in Sections 7.4 and 7.6.
The analyses are organised around three sources of uncer-
tainty: service-time distribution, analytical robustness margin,
and energy-model specification.

A.7. Service-time distribution

Table A5 reports the complete distributional sweep for the MIX
scenario with & = 0.5, N = 30, and ¢ = 0.02. The analytical
evaluator uses the same mean service times in every case, while
the DES service-time distribution varies from deterministic to
lognormal with SCV 1.5.

The evaluator remains close to DES throughout the tested
SCV range. The positive bias at low SCV indicates that deter-
ministic and low-variability systems produce slightly higher
DES throughput than the exponential analytical approxima-
tion.

Table A6 reports the separate deterministic boundary exper-
iment. All four configurations satisfy the evaluator-usability
condition, but three lie close enough to the throughput thresh-
old for the distributional difference to change their feasibility
classification.

Table A5. Throughput accuracy and feasibility classification
under alternative service-time distributions.

Distribution Scv MAPE (%) Bias (%) Precision / Recall
Deterministic 0.00 0.50 +0.44 1.00/1.00
Erlang-4 0.25 0.34 +0.32 1.00/1.00
Erlang-2 0.50 0.30 +0.24 1.00/1.00
Lognormal 0.50 0.25 +0.17 1.00/1.00
Exponential 1.00 0.12 +0.10 1.00/1.00
Lognormal 1.50 0.10 —0.04 1.00/1.00

Note: MIX scenario with o = 0.5, N = 30, and 30 DES replications per config-
uration.

Table A6. Feasibility classification under exponential and deter-
ministic DES service times.

Evaluator DES-EXP DES-DET
Throughput / Throughput / Throughput /

Configuration feasibility feasibility feasibility
[2,2,1] 12.00 v 12.01 v 12.00 v/
[1,2,1] 11.60 x 11.60 x 12.00 v/
[2,1,1] 11.60 x 11.40 x 1M.77 v
1,1,1] 11.25 x 11.24 x 12.00 v
Note: The throughput threshold is 11.76 jobs/h.

Table A7. Power reduction as a function of the robustness mar-
gin ¢ with 6 = 0.25.

Instance ¢ =0.00 e =0.01 e =0.02 e =0.03 & = 0.05
BASE-A-S 2.0 9.0 9.0 9.0 9.0
BASE-A-M 29.4 29.4 25.1 18.4 18.4
BASE-A-L 30.7 30.7 30.7 28.3 28.3
BASE-B-S 134 134 134 134 134
BASE-B-M 20.5 20.5 20.5 20.5 20.5
BASE-B-L 383 383 332 23.1 23.1
BASE-C-S 8.6 8.6 8.6 8.6 8.6
BASE-C-M 29.7 22.3 22.3 22.3 223
BASE-C-L 34.6 346 346 34.6 34.6

Note: BASE-A instances use the GA fallback.

The deterministic experiment produces one true positive
and three false negatives, with no false positives. The classifi-
cation error is therefore conservative: the analytical approxi-
mation rejects configurations that deterministic DES accepts.
This result confirms that distributional differences are most
consequential when configurations cluster around the through-
put boundary rather than when they are clearly feasible or
infeasible.

A.8. Robustness-margin sensitivity

Table A7 reports the effect of the analytical robustness margin
& on the nine structured optimisation instances. Increasing ¢
raises the effective analytical throughput requirement and may
therefore reduce the attainable power saving.

Six of the nine structured instances retain the same selected
configuration across the full margin range. The remaining
instances exhibit discrete changes in the selected capacity vec-
tor when the more conservative target excludes a lower-power
boundary solution.

Table A8 reports the corresponding DES verification on a
15-instance random subset. Medium and large selected con-
figurations remain DES-feasible across the tested values of .
The persistent small-instance boundary case remains below the



Table A8. Sensitivity to & on a dedicated subset of 15 random
instances, with five instances per dimensional group.
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Table A10. Deterministic power-parameter sensitivity in the
manufacturing-inspired case.

Solver Median

& Group success DES mean DES 95% Cl saving (%)
0.00 Small 1.00 1.00 0.80 27.23
Medium 1.00 1.00 1.00 38.35
Large 1.00 1.00 1.00 32.01
0.02 Small 1.00 1.00 0.80 26.94
Medium 1.00 1.00 1.00 38.35
Large 1.00 1.00 1.00 32.01
0.05 Small 1.00 1.00 0.80 26.94
Medium 1.00 1.00 1.00 38.35
Large 1.00 1.00 1.00 32.01

Note: For each value of ¢, the optimisation is rerun and the selected configura-
tion is independently verified by DES. ‘DES mean’ denotes feasibility based
on the estimated mean throughput, whereas ‘DES 95% CI’ denotes feasibil-
ity based on the corresponding confidence interval. This subset differs from
the 24-configuration end-to-end verification reported in Table 11.

Table A9. Utilisation-to-power sensitivity in the manufacturing-
inspired case.

Utilisation perturbation Selected configuration  Power reduction (%)

Baseline [1,3,3,1,2] 20.1

All utilisations reduced by [1,3,3,1,2] 20.7
20%

All utilisations increased by [1,3,3,1,2] 20.1
20%

Independent station
factors sampled from
[0.8,1.2]

[1,3,3,1,2]in all 1000 draws 20.16 mean

lower-confidence-bound criterion at every tested margin. The
robustness-margin sensitivity uses a dedicated five-instance
subset for each dimensional group. The instances are selected
by approximately equally spaced positions within the ordered
benchmark groups, and the optimisation is rerun for every
value of £. Consequently, the feasibility counts in this sensitiv-
ity analysis are not directly comparable with the group counts
reported in the main end-to-end verification table.

The margin therefore acts as a controllable trade-off
between energy reduction and analytical headroom. It improves
separation from the estimated feasibility boundary when an
alternative higher-capacity vector is available, but cannot elim-
inate uncertainty arising from a configuration whose DES
performance remains statistically close to the target.

A.9. Utilisation and power-parameter
uncertainty

The energy objective depends on station utilisation and on the
parameters Pigle,; and Pproc,i. Their influence is examined first
through deterministic perturbations and then through inde-
pendent station-level Monte Carlo draws. Since these quan-
tities do not alter the throughput-feasible set, the optimisa-
tion is repeated over the same analytically feasible configura-
tions without rerunning DES. Table A9 reports the resulting
utilisation-to-power sensitivity.

In the Monte Carlo utilisation experiment, the 5-95% inter-
val of the power reduction is 18.28-22.17%. The selected vector
is unchanged in every draw.

Table A10 reports the deterministic power-parameter sen-
sitivity of the same case.

Power-parameter scenario  Selected configuration ~ Power reduction (%)

Baseline [1,3,3,1,2] 20.1
Pigie — 20% 11,3,3,1,2] 189
Pidie + 20% [1,3,3,1,2] 21.2
Pproc — 20% [1,3,3,1,2] 214
Pproc +20% [1,3,3,1,2] 19.1
High idle / low processing [1,3,3,1,2] 22.6
Low idle / high processing [1,3,3,1,2] 18.1

Table A11. Sensitivity of the power-reduction ratio to +=20% per-
turbations of power parameters in BASE-A-L.

Perturbation Pai (kW) AP/Py1 (%)
Pigie % 0.8 64.59 29.9
Pigle X 0.9 65.44 30.3
Pigle X 1.0 66.30 30.7
Pigie X 1.1 67.15 31.1
Pidle % 1.2 68.01 315
Pproc x 0.8 54.85 316
Pproc x 0.9 60.57 311
Pproc X 1.0 66.30 30.7
Pproc x 1.1 72.02 303
Pproc x 1.2 77.75 30.0

Independent station-level perturbations in [0.8, 1.2] are also
applied to both idle and processing power, with Pproc; >
Pigle,; enforced after perturbation. The selected vector remains
[1,3,3,1,2] in all 1000 draws. The mean power reduction is
20.08%, with a 5-95% interval of 19.18-21.10%.

Table A11 reports an additional parameter perturbation for
the BASE-A-L configuration pair. In this experiment, station
utilisations are retained at their nominal analytical values and
the common power vectors are scaled uniformly.

The perturbation results separate two aspects of the
energy decision. The numerical estimate of power saving
moves with the assumed utilisation and power parameters,
whereas the selected capacity vector remains unchanged in
the manufacturing-inspired case. This stability reflects the dis-
crete separation between the feasible alternatives rather than
invariance of the absolute energy estimate.

A.10. Energy-function shape and start-up
penalty

The following analysis is a static sensitivity study of the load-to-
power mapping used in the shift-level objective. The functions
u! are not dynamic machine-switching models. They do not
represent the timing or frequency of idle windows, machine-
state transitions, minimum on/off durations, warm-up trajec-
tories, or state-dependent switch-off opportunities.

Instead, y = 0.5, 1, and 2 provide alternative concave, affine,
and convex steady-state mappings between average utilisation
and average processing-related power. The additional start-up
term is an amortised shift-level penalty used to test whether
the selected capacity vector is sensitive to a conservative per-
machine reconfiguration cost.

Applications concerned with online within-shift switching
require an explicit dynamic machine-state model and are out-
side the scope of the present formulation.
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Table A12. Sensitivity to energy-function
manufacturing-inspired case.

shape in the

Energy objective Selected configuration Power reduction (%)
Concave, y = 0.5 [1,3,3,1,2] 224
Affine, y =1 [1,3,3,1,2] 20.1
Convex, y =2 [1,3,3,1,2] 18.1
Affine with start-up penalty [1,3,3,1,2] 19.1
Concave with start-up penalty [1,3,3,1,2] 21.5
Convex with start-up penalty [1,3,3,1,2] 17.0

The alternative steady-state load-to-power mappings are
defined as

lip\ 7
Py (X) = in [Pidle,i + (PpTOC,i - idle,i) (uf lp) ] + Paux-
i

(A2)
The amortised start-up variant is then written as:
C
P;tart(x) =P x) + % Z (Ci,max - xi) , (A3)

1
with an 8-hour horizon H and an illustrative penalty Cytart =
1 kWh per deactivated machine. The term represents an aver-
age shift-level penalty rather than a dynamic switching process.

Table A12 reports the selected configuration and power
reduction under each energy-function shape.

Every tested energy-function variant selects the same active-
machine vector. The power-reduction estimate ranges from
17.0% to 22.4%, showing that the objective shape influences
the estimated magnitude of the saving but not the configu-
ration ranking in this case. For this manufacturing-inspired
case the selected configuration is therefore stable across the
tested monotone energy-function shapes and the amortised
start-up penalty; production lines whose switch-off energetics
are utilisation-dependent or stochastic call for the correspond-
ing dynamic objective, which the framework accommodates
by substituting the energy function while retaining the same
search and feasibility procedure.

These sensitivity results support the use of the affine model
for comparative shift-level screening in the tested setting.
Applications with long warm-up periods, binding minimum
on/off durations, product-specific energy states, or strongly
non-linear consumption curves would require direct calibra-
tion of the corresponding objective rather than reliance on the
generic variants examined here.

Appendix 4. Supplementary search algorithms
and benchmarks

This appendix reports the detailed search pseudocode and sup-
plementary solver comparisons supporting the optimisation
results in Section 7.5. All methods use the same analytical
evaluator, power model, capacity bounds, and throughput-
feasibility definitions.

A.11. Beam-search procedure

Algorithm 4 reports the constructive beam search used as the
primary optimisation method. The search begins from the
minimum active-capacity vector and expands neighbouring
configurations by adding one machine at a time. Candidate
stations are prioritised by the utilisation-congestion score in
Equation (29).

The search uses memoisation so that a capacity vector is
evaluated only once. The beam retains multiple partial solu-
tions rather than committing to a single greedy path, while the
trimming phase removes redundant machines after the feasible
region has been reached.

A.12. GA fallback

Algorithm 5 reports the genetic-algorithm fallback. The GA is
activated when the beam does not identify an evaluator-feasible
configuration. Candidate vectors are integer-valued and respect
the installed-capacity bounds at every station.

The baseline setting uses n, = 60, G = 150, e = 5, p. =
0.70, and p,, = 0.40. These values are fixed across instances;
their sensitivity is examined in Section A.16.

A.13. DES validation loop

Algorithm 6 summarises the external validation procedure
applied to selected, boundary, and comparison configurations.

A.14. Structured optimisation benchmark

Table A13 compares exact enumeration, beam search, and the
GA on the nine structured BASE instances with 6 = 0.25 and
¢ = 0. Exact enumeration provides the reference optimum.
When the beam reaches the feasible region, it matches the
exact optimum while requiring fewer evaluations than enu-
meration or GA. Its failures occur in the BASE-A topology,
where the minimum-capacity configuration and its immediate
neighbours do not provide an informative path towards fea-
sible solutions. The GA recovers the exact optimum in these
instances through broader exploration of the capacity lattice.

A.15. Comparison with greedy and hill-climbing
baselines

Tables A14 and A15 compare beam search with greedy best-
first search and top-down hill climbing under 6 = 0.25and ¢ =
0.02. These supplementary baseline comparisons use Cam-
paign A and are separate from the Campaign-B benchmark
reported in Tables 14 and 15.

Within Campaign A, greedy best-first search requires rela-
tively few analytical evaluations but has the lowest success rate,
particularly on larger instances, because it commits to a sin-
gle local expansion path. Hill climbing is more reliable but can
settle on local plateaus. These results provide a supplementary
comparison of search behaviour and should not be combined
numerically with the Campaign-B benchmark, which uses a
different random-instance generator and experimental pool.

Evaluation counts in Table A15 are higher than those in the
main ¢ = 0 benchmark because the robustness margin raises
the effective throughput requirement and because all trimming
calls are included in the count.

A.16. GA parameter sensitivity

Three GA settings are compared on the nine structured BASE
instances: a light setting with population 40 and 100 genera-
tions, the baseline setting with population 60 and 150 gener-
ations, and a heavy setting with population 80 and 250 gen-
erations. Each setting is run with five independent seeds per
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Algorithm 4: Congestion-guided beam search

Input: Installed capacities cpay; class populations K; routing matrix V; service-time matrix S; power

parameters; robust throughput target TH{frbg‘gt;

beam width w; candidate-list size k

Output: Best evaluator-feasible configuration x* and power P*, or INFEASIBLE

1 Xinjt € lrequired;

2 B« {Xinith

3 X* <« null; P* « 4+o0;
4 while B # @ do

5
6
7
8

9

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30

31
32
33
34
35
36
37
38
39
40
41
42
43

end

B « 6;
foreach x € B do

Evaluate x using the configuration-specific EMDA evaluator;

if x is evaluator-usable and THemda (x) > TH{;’rbg‘éit then

X TriM(x, THgo%");
Evaluate P(x');
if P(x') < P* then

‘ x* « xX; P* « P(X');
end
continue;

end
foreach station i with x; < ¢jmax do
| score; < ENjui/Pide,
end
Select the top-k expandable stations by score;
foreach selected station i do
X« x;
X —x+ 1
Addx" to B';
end

end
Rank B’ by throughput-gap ascending and power ascending;
B « top-w configurations in B';

if x* = null then return INFEASIBLE
return (x*, P*);

Function Trim(x, TH,
repeat

robust) .
target /*

foreach station i with x; > 1 do
X «x;

X~ x— 1

Evaluate x/;

X « X;
break;
end

end

until no improving removal is found
return x

if x’ is evaluator-feasible and Pyot(x') < Pior(x) then

instance. Table A16 reports the success rate and optimality gap
of each setting.

All three GA settings identify an evaluator-feasible solution
and recover the exact optimum in all 45 runs. The structured

optimisation results are therefore insensitive to the tested pop-
ulation sizes and generation limits. Increasing the population
and number of generations does not improve solution quality
on these instances, although it increases computational effort.
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Algorithm 5: Genetic-algorithm fallback Algorithm 6: DES validation procedure
Input: cpox, K, V, S; power parameters; robust Input: Set of configurations X’; routing and
throughput target; population size 7,; processing-time data; class populations;
number of generations G; elite size e; simulation horizon T; warm-up T),;
crossover probability p.; mutation number of replications n
probability p,, Output: DES throughput mean, confidence
Output: Best evaluator-feasible configuration x*, interval, and feasibility label for each
or INFEASIBLE configuration
1 Generate an initial population of integer vectors 1 foreach x € X do
satisfying 2 forj=1,...,ndo
1<% <c 3 Set independent replication seed j;
e 4 Simulate the closed two-class CONWIP
for all visited stations; system under configuration x;
2 Evaluate every individual using the EMDA 5 Discard observations collected before T);
evaluator and power model; 6 Estimate post-warm-up replication
3 Assign penalised fitness to evaluator-unusable or throughput THj;
throughput-infeasible individuals; 7 end
4 forg=1,...,Gdo 8 Compute THpgs and stg;
5 Retain the best e individuals as elites; ° Compute the Student- 95% confidence
6 Select parents from the current population; interval;
7 Apply crossover with probability pc; 10 Compare the replication mean and lower
8 | Apply mutation with probability p,, by confidence bound with the instance-specific
changing one or more station capacities DES throughput target;
within their bounds; 11 Store throughput and feasibility outputs;
9 Evaluate all new individuals using the EMDA > end
evaluator; I 13 return the DES validation table;
10 Update the best evaluator-feasible individual
found so far;
11 end Table A13. Search benchmark on the structured BASE scenarios
12 if an evaluator-feasible vector has been found then withg = 0.25and e = 0.
return (x*, P(x*)) State
13 return INFEASIBLE: Instance  Method space Py (kW) Gap (%) Evaluations Time (s)
BASE-A-S  Exact 6 20.539 - 6 0.26
Beam 6 - - 2 0.19
GA 6 20539 000 6 045
The baseline setting is retained as an intermediate and conser- BASEA-M E)é:rt\ j,g 3 f88 - 42 0'_28
vative parameterisation for consistency across the remaining GA 48 31488  0.00 41 166
experiments; the sensitivity results are not intended to identify =~ BASE-A-L  Exact 162 45.950 - 162 0.34
a uniquely optimal GA setting. Beam 162 - - - -
GA 162 45.950 0.00 88 2.84
BASE-B-S  Exact 2 11616 - 2 0.13
Beam 2 11616 000 2 0.06
GA 2 11.616 0.00 2 0.24
BASE-B-M  Exact 16 20923 - 16 023
Beam 16 20923 0.0 9 025
GA 16 20.923 0.00 16 0.62
BASE-B-L  Exact 54 24191 - 54 038
Beam 54 24191 0.00 15 0.41
GA 54 24191 0.00 46 145
BASE-C-S  Exact 6 18893 - 6 0.10
Beam 6 18893  0.00 6 0.10
GA 6 18.893 0.00 6 0.27
BASE-C-M  Exact 48 28.549 - 48 030
Beam 48 28.549 0.00 19 0.29
GA 48 28549 0.0 41 0.78
BASE-C-L  Exact 162 39498 - 162 0.41
Beam 162 39.498 0.00 29 0.40
GA 162 39498  0.00 84 1.38

Note: Gap is the relative power difference from the exact optimum. GA values
are medians over three seeds.



Table A14. Baseline comparison on the structured BASE
instances with 6 = 0.25and ¢ = 0.02.
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Table A16. GA parameter sensitivity on the structured BASE
instances.

Hybrid beam-GA Greedy Hill climbing

Instance Saving (%) Evals  Saving (%) Evals Saving (%) Evals
BASE-A-S 9.0 6 - - 9.0 5
BASE-A-M 25.1 37 - - 25.1 10
BASE-A-L 30.7 130 - - 28.3 18
BASE-B-S 134 2 134 2 134 2
BASE-B-M 20.5 16 20.5 7 20.5 12
BASE-B-L 33.2 44 23.1 11 33.2 19
BASE-C-S 8.6 6 8.6 5 8.6 5
BASE-C-M 223 36 22.3 1 223 12
BASE-C-L 34.6 122 34.6 17 34.6 22

Note: A dash indicates that no evaluator-feasible solution was found.

Table A15. Baseline comparison on Campaign A with 6 = 0.25
and ¢ = 0.02.

Group Solver Success Saving (%) Gap (%) Evaluations
Smallm =5 Beam 95% 33.6 0.00 143
Greedy 90% 329 0.00 12
Hill climbing  100% 336 0.00 29
Medium, m = 8 Beam 100% 36.8 0.00 246
Greedy 98% 357 0.00 20
Hill climbing  100% 358 0.00 72
Large,m = 10  Beam 100% 37.0 0.00 164
Greedy 82% 36.1 0.00 23
Hill climbing  100% 36.0 0.00 108

Note: Campaign A contains 119 evaluator-usable random instances from 120
attempts. Values are medians within each dimensional group.

Successful Exact- Maximum
GA setting Population Generations runs matchruns  gap (%)
Light 40 100 45/45 45/45 0.00
Baseline 60 150 45/45 45/45 0.00
Heavy 80 250 45/45 45/45 0.00
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