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ABSTRACT
Shared additive manufacturing (AM) platforms enable independent service providers to jointly fulfil 
customer orders by temporarily coordinating distributed resources. Unlike fixed supply chains, these 
platforms must configure supply chains at the order level, selecting providers and planning pro-
duction across heterogeneous machines under cost and lead time constraints. This study addresses 
the supply chain configuration and planning (SCCP) problem in shared AM environments involv-
ing multiple providers with different capabilities. We propose an integrated optimisation framework 
that combines provider selection with production planning through a hierarchical decision struc-
ture: provider selection, part-to-job grouping, and job-to-machine assignment with daily scheduling. 
The problem is formulated as a mixed-integer linear programming (MILP) model capturing machine 
heterogeneity, material compatibility, capacity constraints, and provider-specific operational poli-
cies. To improve scalability, a genetic algorithm (GA) with a three-layer chromosome is developed. 
Computational experiments show that GA achieves near-optimal solutions within 1% of MILP for 
medium-scale instances and remains effective for large-scale cases where MILP becomes intractable. 
Analyses further indicate that larger orders expand the provider network in a cost-driven manner, 
while tighter lead time requirements shift configurations towards premium providers and sharply 
increase total cost.
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1. Introduction

Additive manufacturing (AM) has attracted increasing 
attention for its ability to support !exible and decen-
tralised production and to enable on-demand manufac-
turing (Cuellar et al. 2018; Huang et al. 2013; Mellor, Hao, 
and Zhang 2014; Savolainen and Collan 2020). Ongo-
ing advances in AM technologies, together with declin-
ing equipment costs and expanding material portfolios 
(Nazir et al. 2023; Petch 2025), have renewed interest in 
manufacturing paradigms that move beyond traditional 
systems centred on mass production (Kim and Lee 2023).

AM technologies are characterised by layer-by-layer 
fabrication, enabling customised parts to be produced 
directly from digital designs without part-speci"c tooling 
(Hopkinson and Dickens 2003; ISO/ASTM 2021). Unlike 
conventional manufacturing processes that require sub-
stantial setup and tooling investment to achieve scale 
economies, AM involves minimal setup e#ort and 
allows rapid switching between products (Cuellar et al. 
2018; Gibson, Rosen, and Stucker 2010). Although per-
unit build times may be longer than those of high-
volume processes, this !exibility makes AM particu-
larly suitable for low-volume, high-variety production
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(Atzeni et al. 2010). Combined with fully digital work-
!ows, these characteristics position AM as a natu-
ral enabler of on-demand, order-driven manufacturing 
(Gibson, Rosen, and Stucker 2010; Savolainen and Collan 
2020).

In this context, shared manufacturing has emerged 
as a promising direction (Kim and Jung 2026), in 
which manufacturing resources owned by indepen-
dent providers are temporarily connected to ful"l cus-
tomer orders (Yu et al. 2020). Rather than relying on 
"xed production networks, shared manufacturing envi-
sions dynamically con"guring distributed resources on 
demand, leveraging excess capacity across multiple man-
ufacturers (Wang et al. 2021). When combined with AM, 
this concept o#ers signi"cant potential for delivering cus-
tomised, one-of-a-kind products while lowering barriers 
to access for both customers and providers (Kim and Jung 
2026).

In shared AM environments, customer orders often 
consist of multiple parts with heterogeneous material 
and geometric requirements, while individual providers 
possess limited capacity and specialised capabilities. E$-
cient order ful"lment therefore requires distributing 
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production across multiple providers according to their 
available resources. However, existing research on shared 
AM has largely focused on high-level system architec-
tures (Lupi et al. 2023) or matching orders to a single 
provider (Kim and Jung 2026; Yang, Chen, and Kumara 
2021), leaving the coordination of multiple providers for 
a single order insu$ciently addressed.

Addressing this challenge requires integrated sup-
ply chain con"guration and planning (SCCP) at the 
order level. Such decisions include selecting appropriate 
providers, allocating parts to heterogeneous machines, 
and scheduling production to satisfy cost and lead time 
requirements. This order-level SCCP problem di#ers 
fundamentally from traditional AM supply chain studies, 
which typically focus on long-term network design, such 
as facility location and capacity investment (Barz, Buer, 
and Haasis 2016; Jimo et al. 2022). In contrast, shared 
AM platforms must dynamically form temporary supply 
chains for each incoming order, tightly coupling provider 
selection with detailed production scheduling decisions.

However, existing literature does not systematically 
address this coupled, order-level SCCP problem in 
shared manufacturing contexts. While related studies 
on AM supply chain have examined provider selection 
(Akmal et al. 2022), AM supply chain network design 
(Barz, Buer, and Haasis 2016; Jimo et al. 2022), and pro-
duction scheduling in AM (Kucukkoc 2019; Xueping 
Li and Zhang 2018), none simultaneously addresses the 
integrated con"guration and detailed scheduling prob-
lem at the order level in shared AM environments.

To address these gaps, this study makes three main 
contributions. First, it proposes an on-demand SCCP 
framework for shared AM environments, where supply 
chains are dynamically con"gured for individual cus-
tomer orders rather than designed for long-term oper-
ation. Second, it develops an integrated optimisation 
model that couples provider selection with detailed pro-
duction planning, formulated as a mixed-integer linear 
programming (MILP) problem that explicitly accounts 
for machine heterogeneity, material compatibility, capac-
ity constraints, and provider-speci"c operational poli-
cies. Third, it develops a scalable genetic algorithm (GA)-
based solution approach to enable systematic analysis of 
how order characteristics shape con"guration and plan-
ning decisions in shared AM settings.

The remainder of this paper is organised as fol-
lows. Section 2 reviews the related literature and iden-
ti"es research gaps. Section 3 describes the shared AM 
environment and de"nes the on-demand SCCP prob-
lem. Section 4 presents the mathematical formulation 
as a MILP model. Section 5 develops a GA-based solu-
tion approach for scalable problem-solving. Section 6 
evaluates the proposed solution approach and analyses 

the impact of order characteristics on SCCP decisions 
through computational experiments. Finally, Section 7 
concludes the paper with a summary of key "ndings, 
managerial insights, limitations, and directions for future 
research.

2. Literature review and research gaps

2.1. Literature review

AM has been increasingly recognised as a technology 
with the potential to reshape supply chain structures due 
to its !exibility, digital work!ows, and reduced setup 
requirements. Although AM adoption as a primary pro-
duction method remains limited, research at the inter-
section of AM and supply chain management has grown 
steadily (Kunovjanek, Kno"us, and Reiner 2022).

Early studies emphasised that the fundamental char-
acteristics of AM di#er from those of conventional man-
ufacturing and may alter optimal supply chain con"gu-
rations (Barz, Buer, and Haasis 2016; Tziantopoulos et al. 
2019; Walter, Holmström, and Yrjölä 2004). Building on 
this insight, several studies compared centralised and 
decentralised AM-based supply chain structures, partic-
ularly in the context of spare parts logistics.

Khajavi, Partanen, and Holmström (2014) analysed 
aircraft spare parts supply chains under centralised and 
decentralised AM con"gurations and showed that cen-
tralised production is currently more cost-e#ective, while 
decentralised con"gurations may become viable as AM 
technologies mature. Similarly, Liu et al. (2014) used the 
SCOR model to compare conventional and AM-enabled 
spare parts supply chains, demonstrating that AM adop-
tion reduces inventory levels and that centralised AM 
con"gurations perform better under low and volatile 
demand, whereas distributed con"gurations are prefer-
able under high or stable demand.

Extending these comparisons, Li et al. (2019) showed 
that neither centralised nor distributed AM con"gura-
tions consistently dominate in terms of cost or response 
time; instead, the optimal structure depends on demand 
characteristics and waiting penalty costs. To bridge the 
gap between these extremes, Khajavi, Holmström, and 
Partanen (2018) proposed an AM hub con"guration that 
combines centralised e$ciency with decentralised !exi-
bility, and Xu, Rodgers, and Guo (2021) demonstrated its 
e#ectiveness in disruption-prone and time-critical envi-
ronments.

Moving beyond prede"ned con"guration compar-
isons, Chowdhury et al. (2019) developed a decision 
framework for designing AM-based supply chain net-
works. Their two-stage model jointly determines facility 
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locations, capacities, and operational decisions, provid-
ing one of the earliest mathematical formulations for 
supply chains composed entirely of AM technologies.

While the studies above primarily address long-
term supply chain con"guration decisions, a separate 
stream of research has examined short-term operational 
decisions in AM-enabled environments. Hedenstierna 
et al. (2019) proposed a bidirectional partial outsourc-
ing (BPO) scheme in which AM providers dynami-
cally share capacity within a pre-existing partner net-
work, demonstrating that collaborative capacity shar-
ing improves cost e$ciency and delivery performance. 
Building on the build-to-model concept, Akmal et al. 
(2022) developed a dynamic supplier selection practice in 
which the most suitable AM supplier is identi"ed for each 
individual spare part, enabling on-demand procurement 
from multiple AM suppliers without substantial transac-
tion costs. These studies e#ectively capture the potential 
of AM to shift supply chain decisions from long-term 
strategic commitments towards shorter-term operational
!exibility.

Beyond the supply chain management perspective, 
the operational planning of AM has also been studied 
within the broader context of distributed manufacturing 
systems, where production is allocated across geograph-
ically dispersed sites. Zehetner and Gansterer (2022) 
introduced a collaborative multi-site batching problem in 
which a central authority batches and schedules orders 
across dispersed AM sites, and Kucukkoc (2024) devel-
oped a MILP model for multi-site AM machine schedul-
ing that jointly minimises production and transportation 
costs together with carbon emissions. While these stud-
ies capture the distributed nature of AM production, they 
schedule parts within a "xed set of sites and machines 
de"ned prior to optimisation, and typically assume a cen-
tral coordinating authority. The formation of the network 
itself, including the selection of independent providers, is 
not treated as a decision.

Table 1 summarises the key studies, comparing 
their problem type, decision horizon, network type, 
and methodology. As shown in the table, existing 
research either addresses long-term con"guration deci-
sions within integrated supply chains or short-term deci-
sions that are limited in scope, such as capacity sharing 
within pre-established networks, part-by-part supplier 
selection, or machine scheduling within a prede"ned set 
of production sites. In contrast, this study addresses the 
integrated, order-level con"guration of an on-demand 
supply chain network for multi-part orders across inde-
pendent AM service providers.

2.2. Research gaps

While supply chain studies that incorporate AM have 
been steadily expanding, several key gaps remain. This 
section outlines limitations in the existing literature and 
explains how this study aims to address them.

First, most prior studies focus on long-term sup-
ply chain con"guration decisions, such as facility loca-
tion and capacity planning, based on demand forecasts. 
However, supply chains in shared AM environments 
are rather not "xed over time and are instead dynami-
cally formed and dissolved based on individual orders. 
While some recent studies have explored short-term 
operational decisions in AM environments (Akmal et al. 
2022; Hedenstierna et al. 2019; Kucukkoc 2024; Zehet-
ner and Gansterer 2022), these approaches either assume 
pre-established partner networks, schedule production 
across a prede"ned set of distributed sites, or address sup-
plier selection on a part-by-part basis. Accordingly, there 
is a need for an integrated framework that con"gures on-
demand supply chain networks at the order level in real 
time, dynamically assigning the multi-part order to AM 
service providers with heterogeneous capabilities.

Second, most studies assume limited product variety 
and oversimpli"ed AM machine characteristics in the 
context of production management. However, in prac-
tice, shared AM platforms must accommodate diverse 
part types and materials across machines with varying 
technologies, such as fused deposition modelling (FDM), 
stereolithography (SLA), and selective laser sintering 
(SLS), as well as di#erent operational capabilities. This 
necessitates integrating operational-level decisions (e.g. 
machine assignment and production scheduling) into 
provider selection, which existing con"guration models 
typically overlook.

Finally, existing literature often centres on spare parts 
supply chains, particularly in the aviation sector. How-
ever, the shared AM setting and the operational complex-
ity explored in this study are applicable to a broader range 
of customisation-driven industries. This highlights the 
need for generalisable models that support more diverse 
use cases.

To address these gaps, this study proposes an inte-
grated SCCP framework for shared AM environments. 
Our approach combines AM service provider selection 
with detailed production planning decisions, captur-
ing the interdependencies between con"guration choices 
and operational constraints. By formulating this as an 
optimisation problem and developing both exact and 
heuristic solution methods, we provide a systematic 
approach to automate supply chain formation in response 
to dynamic order characteristics.
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Table 1. Comparison of existing studies on AM-enabled supply chain configuration and planning.
Study Problem type Decision horizon Network type Methodology

Khajavi, Partanen, and 
Holmström (2014)

Configuration comparison Long-term Integrated supply chain 
network

Analytical

Liu et al. (2014) Configuration comparison Long-term Integrated supply chain 
network

Analytical

Khajavi, Holmström, 
and Partanen (2018)

Configuration comparison Long-term Integrated supply chain 
network

Simulation

Li et al. (2019) Configuration comparison Long-term Integrated supply chain 
network

Simulation

Chowdhury et al. 
(2019)

Network design Long-term Integrated supply chain 
network (AM only)

Optimisation

Xu, Rodgers, and Guo 
(2021)

Configuration comparison Long-term Integrated supply chain 
network

Simulation

Hedenstierna et al. 
(2019)

Capacity sharing Short-term Pre-existing partner network Analytical

Akmal et al. (2022) Supplier selection Short-term (part-level) Independent AM suppliers Design science
Zehetner and 
Gansterer (2022)

Batching & scheduling Short-term Predefined distributed sites Optimisation

Kucukkoc (2024) Machine scheduling Short-term Predefined distributed sites Optimisation
The current paper Provider selection & planning Short-term (order-level) Independent AM service 

provider marketplace
Optimisation

3. Problem description

The emergence of shared AM platforms has enabled new 
forms of supply chain coordination, where production 
networks are assembled dynamically for each customer 
order rather than established as "xed long-term relation-
ships. In shared AM environments, multiple independent 
service providers with heterogeneous AM machines o#er 
their resources on-demand, and customers can leverage 
this distributed capacity to ful"l their production needs. 
Customers can determine a supply !ow tailored to their 
order by selecting the best combination of part manu-
facturers, a focal provider responsible for assembly and 
delivery, and the associated logistics !ows, according to 
their own priorities such as cost or lead time.

We refer to such supply chains as on-demand supply 
chains. These on-demand supply chains di#er funda-
mentally from traditional company-driven supply chains. 
While traditional supply chains, which are typically static 
and optimised for mass production, on-demand supply 
chains are con"gured dynamically to respond to individ-
ual customer needs. Once an order is ful"lled, the sup-
ply chain dissolves. Since these supply chains are order-
speci"c, multiple con"gurations can exist in parallel; a 
single service provider may simultaneously participate in 
di#erent roles across multiple active supply chains.

As the on-demand supply chain in shared AM is con-
"gured on a per-order basis, its structure is closely tied 
to the underlying production planning decisions for the 
AM machines involved (such as part-to-job grouping 
and job scheduling). In other words, determining which 
machines from which providers are used to ful"l a given 
order is an integral part of the con"guration itself.

For example, in Figure 1, the supply chain for Order 
1 (left) consists of Providers A, B, and D. This con"gu-
ration was selected not arbitrarily but because the pro-
duction plan that utilises one machine from Provider A, 
two machines from Provider B, and two machines from 
Provider D proved to be the most e$cient. The selection 
of these machines is in turn shaped by the underlying 
part-to-job grouping and job scheduling decisions, as 
illustrated in the lower portion of Figure 1. Similarly, 
for Order 2 (right), the most e$cient production plan 
required only one machine each from Providers A, C, and 
D. As a result, the supply chain for Order 2 was con"gured 
accordingly to include these three providers.

In this study, we term this integrated decision-making 
process on-demand supply chain con!guration and plan-
ning (SCCP). Con"guration determines the network 
structure: (1) which service providers participate in ful-
"lling the order, and (2) which service provider serves 
as the focal provider for assembly and delivery. Plan-
ning determines the operational details: (3) how produc-
tion tasks (parts and jobs) are allocated among selected 
providers and their machines, and (4) when each job is 
scheduled for production to ensure coordinated comple-
tion and timely delivery.

To summarise, the SCCP problem involves a three-
level hierarchical decision structure, where each level is 
interdependent and in!uences the others.

At the network level, the problem determines which 
AM service providers participate in ful"lling the order 
and designates one as the focal provider. This selection 
considers multiple factors similar to supplier selection 
in traditional supply chains: machine capabilities (types, 
materials, capacity), cost structure (ordering, processing, 
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Figure 1. On-demand supply chain configurations and the three-level hierarchical decision structure.

coordination), operational patterns (schedules, availabil-
ity), and spatial proximity (to other providers and cus-
tomers). The outcome of this level de"nes the available 
resource pool for production planning, while conversely, 
the machine and scheduling requirements identi"ed at 
the other two levels may also in!uence which providers 
are ultimately selected.

At the machine level, jobs are allocated to speci"c 
machines and scheduled on particular dates. This allo-
cation must respect machine availability, capacity limits, 
and material compatibility while ensuring coordinated 
completion across providers to enable timely assembly 
and delivery. The machine-level decisions are shaped by 
the provider con"guration established at the network 
level, as the set of available machines depends on which 
providers are selected. At the same time, the grouping 

structure determined at the job level de"nes the pro-
duction requirements that machine assignments must 
accommodate.

At the job level, parts are grouped into jobs based 
on their characteristics and compatibility requirements. 
This grouping must balance production e$ciency with 
physical and operational constraints. Job-level decisions 
are directly shaped by machine-level assignments, as the 
feasibility of a grouping depends on which machines are 
available for allocation. The provider con"guration at 
the network level also plays a role indirectly, as it deter-
mines the set of machines from which assignments can 
be made. Conversely, the resulting grouping structure 
de"nes the production requirements that machine-level 
assignments must accommodate, and may also in!uence 
which providers are ultimately needed at the network 
level.
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Table 2. Comparison between traditional supply chain design and on-demand SCCP.
Aspect Traditional supply chain design On-demand SCCP in shared AM
Planning horizon Long-term, strategic Order-specific, dynamic
Network structure Established in advance, multi-order operation Configured on-demand, dissolves after order
Decision maker Company-driven Customer-driven
Production strategy Mass production, economies of scale Customised production, on-demand capacity
Resource allocation Aggregate capacity planning Machine-level, part-level assignment
Supplier participation Exclusive or long-term contracts Simultaneous participation in multiple configurations
Optimisation focus Network design (location, capacity) Integrated configuration and detailed production planning
Decision layers Typically hierarchical, sequential Multi-level, tightly interdependent

The three-level hierarchical structure described above 
re!ects a fundamentally di#erent approach compared 
to traditional supply chain design, as summarised in 
Table 2, across multiple dimensions. In terms of plan-
ning horizon and network structure, traditional supply 
chains are established as long-term, "xed structures opti-
mised for multi-order operation under demand forecasts 
(Melo, Nickel, and Saldanha-da-Gama 2009; Vidal and 
Goetschalckx 1997), with suppliers participating through 
exclusive or long-term contracts (Simchi-Levi, Kamin-
sky, and Simchi-Levi 2004). In contrast, on-demand sup-
ply chains are triggered by individual customer orders 
rather than company-driven strategic planning. The sup-
ply network is assembled dynamically according to the 
characteristics of each order, such as the number of parts 
and manufacturing requirements, as well as customer 
priorities such as cost or lead time, and dissolves upon 
order completion.

In terms of operational decisions, traditional supply 
chain design typically focuses on network-level deci-
sions such as facility location and aggregate capacity 
planning (Melo, Nickel, and Saldanha-da-Gama 2009; 
Vidal and Goetschalckx 1997), rarely extending to short-
term, order-level scheduling decisions. As a result, 
decision-making typically proceeds hierarchically and 
sequentially, from network con"guration to production 
planning and short-term operations. In contrast, on-
demand SCCP requires an integrated optimisation span-
ning provider selection, job grouping, and machine-level 
scheduling, where these decision layers are tightly inter-
dependent.

4. Mathematical model

4.1. Model formulation

Figure 2 illustrates the decision structure of the on-
demand SCCP problem in shared AM environments. 
The model encompasses distributed parts that must be 
grouped into jobs, allocated to AM machines oper-
ated by selected service providers, and scheduled within 
provider-speci"c operating windows. After manufactur-
ing, all parts are shipped to a designated focal provider 
for "nal assembly and delivery to the customer. Note 

that all decisions are optimised simultaneously, with part 
grouping, machine assignment, provider selection, and 
scheduling mutually dependent on one another.

The problem is formulated as a MILP model minimis-
ing total cost, with outputs including the supply chain 
con"guration (selected providers and focal provider des-
ignation), production planning decisions (part-to-job 
grouping, machine assignment, and material selection), 
and daily job allocation. The model is developed under 
the following assumptions. 

• Provider operating hours, schedules, and machine 
speci"cations are deterministic.

• Setup time is incurred at the start of each production 
operation. Only parts made of identical materials can 
be grouped and printed together as a single job.

• Post-processing time is constant across providers. 
Material changeover time between jobs is not consid-
ered.

• Focal provider assembly operates continuously (24-
hour basis), independent of machine schedules.

• Completed parts are delivered together; partial deliv-
eries are not permitted.

• Machine capacities and build volumes are "xed with 
no breakdowns during the planning horizon.

• Transportation times and costs are deterministic and 
known.

Related sets, parameters, and decision variables are 
presented in Appendix 1.

The objective function of this MILP model is given 
in Equation (1), minimising the total production and 
delivery costs. Provider costs re!ect pricing policies on 
machine usage, material handling, and focal service. 
Bilinear terms (e.g. ZSP

k Zfoc
k→ ) are linearised using auxiliary 

variables and additional constraints.

minimize TC =
)︄

k

CSP
k + cdel

[︄

]︄
)︄

k,k→,k↑=k→
dk,k→ZSP

k Zfoc
k→

+
)︄

k

dcustk Zfoc
k

⌊︄

(1)
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Figure 2. Concept model.

4.1.1. Part assignment and job-machine mapping
)︄

j
Xij = 1 ↓i (2)

Yjmt
)︄

i
biXij ↔ ωm ↓j,m, t (3)

)︄

m,t
Yjmt ↔ 1 ↓j (4)

|I| ↗
)︄

m,t
Yjmt ↘

)︄

i
Xij ↓j (5)

)︄

m,t
Yjmt ↔

)︄

i
Xij ↓j (6)

Equations (2)–(6) de"ne the part assignment and job-
machine relationships. Speci"cally, Equation (2) ensures 
that each part is assigned to exactly one job, while 
Equation (3) limits the total area of parts not exceeding 
machine bed capacity (Li, Kucukkoc, and Zhang 2017). 
Equation (4) prevents a job from being split across mul-
tiple machines or time slots. Lastly, Equations (5)–(6) 
link part assignments to job scheduling, ensuring jobs are 
assigned to speci"c machines and days.

4.1.2. Machine usage and availability

Pjmt = Yjmt

⌋︄

sm + εm
)︄

i
viXij

⌊︄

↓j,m, t (7)

Tmt =
)︄

j
Pjmt + umk ↓m, t (8)

Tmt ↔ hmt ↓m, t (9)

Tlong
mt = max

j
{Pjmt} ↓m, t (10)

umk(Tmt ≃ Tlong
mt ) ↔ okt ↓k,m, t (11)

Equations (7)–(11) govern machine usage and provider 
availability. Equation (7) computes job processing time, 
and Equation (8) aggregates daily machine usage.

Equation (9) prevents total machine usage from 
exceeding its available time. To prevent job initiation 
outside of operating hours, Equation (10) identi"es the 
longest fabrication time among all jobs per machine-day. 
Based on this, Equation (11) restricts total processing 
time minus longest job time to within available hours 
(Kim and Jung 2026).

4.1.3. Cost computation

Thour
mt ↘ Tmt ↓m, t (12)

Thour
mt ↔ Tmt + KAM

mt ↓m, t (13)

Textra
mt ↘ Thour

mt ≃ ϑAMm ↓m, t (14)

Textra
mt ↔ hmtKAM

mt ↓m, t (15)

CAM
mt = cbasicm KAM

mt + cextram Textra
mt ↓m, t (16)

CSP
k = corderk ZSP

k +
)︄

m,t
umkCAM

mt + crmk (Nrm
k ≃ 1)

+ cfock Zfoc
k ↓k (17)
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Equations (12)–(15) de"ne time-based variables used 
for machine usage fees. While Kim and Jung (2026) esti-
mated the fee using two separate expressions, this study 
introduces an explicit variable Textra

mt  for excess usage time 
computed via Equations (14)–(15), and applied in the 
fee calculation (Equation (16)) for more accurate cost 
estimation. Equation (17) calculates total provider cost 
CSP
k .

4.1.4. Linking production and operation variables

KSP
kt ↘ umkYjmt ↓j, k,m, t (18)

KSP
kt ↔

)︄

j,m
umkYjmt ↓k, t (19)

KAM
mt ↘

)︄

j

Yjmt

|J| ↓m, t (20)

KAM
mt ↔

)︄

j
Yjmt ↓m, t (21)

Equations (18)–(21) link job assignments to provider and 
machine activation indicators, KSP

kt  and KAM
mt .

4.1.5. Raw material selection and availability

Rjmtr ↔ ϖmr ↓j,m, t, r (22)

Rjmtr ↔ ϱir + (1 ≃ Xij) ↓i, j,m, t, r (23)
)︄

r
Rjmtr = Yjmt ↓j,m, t (24)

)︄

j,t
Rjmtr ↔ |J| ↗ |T| ↗ Rauxkmr

↓k,m, r such that umk = 1 (25)
)︄

j,t
Rjmtr ↘ Rauxkmr ↓k,m, r such that umk = 1 (26)

ςkr ↘ Rauxkmr ↓k,m, r such that umk = 1 (27)

ςkr ↔
)︄

m
umkRauxkmr ↓k, r (28)

Nrm
k =

)︄

r
ςkr ↓k (29)

Equations (22)–(24) ensure raw material assignments 
respect machine capability constraints. To determine 
whether material type r is used by provider k, the binary 
variable ςkr is computed via Equations (25)–(28) using 
auxiliary variable Rauxkmr. While Kim and Jung (2026) 
required one constraint per provider, the proposed model 
uses four constraints to track material usage across multi-
ple providers. Accordingly, the number of material types 
per provider is calculated in Equation (29).

4.1.6. Part production completion time

Skt ↘ KSP
kt ≃

T)︄

t+1
KSP
kt ↓k, t (30)

Skt ↔ ZSP
k ↓k, t (31)

)︄

t
Skt = ZSP

k ↓k (32)

Tlong_day
kt = max

m
{umkTmt} ↓k, t (33)

big M ↗ Dextra_aux
kt ↘ Tlong_day

kt ≃ okt + tpost ↓k, t
(34)

Dextra
kt = SktDextra_aux

kt ↓k, t (35)

PCDk =
)︄

t
{t ↗ Skt + dnextkt Dextra

kt } ↓k (36)

TPart
k = (PCDk ≃ ZSP

k ) +
)︄

t

⌈︄
(Skt ≃ Dextra

kt )Tlong_day
kt

24

⌉︄

+ tpostZSP
k

24
↓k (37)

Equations (30)–(36), adopted and extended from Kim 
and Jung (2026), de"ne the "nal job scheduling and com-
pute integer-valued part completion days. Variable Skt
indicates the starting day of the "nal job at provider k
(renamed from MSt for clarity), and is de"ned only when 
the provider is selected. The bilinear term in Equation 
(35) is linearised using standard techniques.

While the previous study uses integer completion 
days, the proposed model introduces continuous com-
pletion time (Equation (37)) to enable more accurate 
modelling of delivery and "nal assembly. This combines: 
(1) working days before completion, (2) intra-day pro-
duction hours on the "nal day, and (3) post-processing 
time.

4.1.7. Supply chain configuration
)︄

k

ZSP
k ↘ 1 (38)

ZSP
k ↔

)︄

t
KSP
kt ↓k (39)

)︄

k

ϕkZSP
k ↘ ↼

)︄

k

ZSP
k (40)

)︄

k

Zfoc
k = 1 (41)

Zfoc
k ↔ ↽kZSP

k ↓k (42)

Equations (38)–(42) de"ne the selection of AM ser-
vice providers and the designation of the focal provider 
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in the supply chain. Equation (38) ensures that at least 
one provider is selected to ful"l the order. Equation (40) 
requires that the average rating score of the selected 
providers exceed the threshold value (⇀), where ϕk
denotes the rating score of service provider k. In line 
with the sharing economy environment (Yang, Chen, and 
Kumara 2021), this score re!ects past performance and 
may include customer evaluations from previous orders 
as well as ratings from other providers who have collab-
orated with the provider.

Equation (41) ensures that exactly one focal provider 
is selected, and this provider must be among the can-
didates allowed by the binary parameter ↽k in Equation 
(42). The binary parameter ↽k is set to 1 when provider 
k is willing and able to serve as the focal provider of the 
supply chain, performing the subsequent stages such as 
assembly, product "nalisation, and transfer for delivery, 
for which it receives additional compensation cfock .

4.1.8. Delivery, assembly, and finalisation

TArrival
k ↘ TPart

k +
K)︄

k→=1

{︄
dk,k→

v
Zfoc
k→

}︄

≃ big M ↗ (1 ≃ ZSP
k ) ↓k (43)

TArrival
k ↔ big M ↗ ZSP

k ↓k (44)

T"nal = max
k

{TArrival
k } + tasby

24
(45)

LT = T"nal +
)︄

k

dcustk
⇁

Zfoc
k (46)

After part manufacturing, the fabricated parts are sent 
to the focal provider for assembly into the "nal products. 
Equation (43) calculates the arrival time of parts deliv-
ered from provider k to the focal provider, as the sum of 
the part fabrication time at provider k and the delivery 
time to the focal provider. Equation (45) computes the 
completion time of the order at the focal provider, includ-
ing the assembly and product "nalisation time (tasby). On 
this value, adding the delivery time to the customer yields 
the lead time LT in Equation (46).

4.1.9. Planning horizon and start condition
)︄

j,m
Yjm1 ↘ 1 (47)

LT ↔ |T| (48)

Equations (47)–(48) ensure that production starts on 
day one and is completed within the customer-speci"ed 
planning horizon.

4.1.10. Variable constraints

Xij,Yjmt ,Rjmtr,Zfoc
k ,ZSP

k , Skt ,KAM
mt ,KSP

kt ,ςkr,Rauxkmr,

Dextra
kt ,Dextra_aux

kt ⇐ {0, 1},

Pjmt ,Tmt ,T
long
mt ,Tlong_day

kt ,Tpart
k ,TArrival

k ,

TFinal,CAM
mt ,C

SP
k , LT ↘ 0,

Thour
mt ,Textra

mt ,Nmat
k , PCDk ⇐ Z+ ↓i, j, , k,m, t, r (49)

Lastly, Equation (49) de"nes basic domain constraints 
on the variables.

Figure 3 illustrates the variable relationships and com-
putation !ow of the proposed model. The "ve key deci-
sion variables are simultaneously optimised, with derived 
variables feeding into the objective function value and 
lead time.

4.2. Basic application of the MILP model

To illustrate the impact of extending the model to incor-
porate supply chain con"guration, the dataset from Kim 
and Jung (2026) were reused: three providers with nine 
machines and an order requiring 33 parts (three sets of 11 
parts). Provider schedules, machine speci"cations, and 
part requirements follow the original study. Additional 
parameters introduced for the extended supply chain 
context include: focal provider incentive (5,000 KRW), 
inter-provider distances (17 km), customer distance from 
each provider (10 km), delivery speed (30 km/h), unit 
delivery cost (200 KRW/km), and "nal assembly time at 
focal provider (3 h).

While the original study used a bi-objective model, 
the present study considers a single-objective approach 
minimising total cost. Accordingly, a single experimental 
setting is applied in the basic application, and the result-
ing compared against the cost-only scenario reported in 
the original study. Experiments were conducted using 
Python 3.11.5 and Gurobi 11.0.0 on an Intel Core i7-
10700 CPU, with time limit of 600 s (to match the original 
study), and 3,600 s.

Table 3 compares results between the single-provider 
model (Kim and Jung 2026) and the proposed multi-
provider model. Total cost increases from 39,500 KRW to 
47,000 KRW (600s) and 46,500 KRW (3,600s), primarily 
due to new cost components: focal provider coordination 
(5,000 KRW) and delivery (2,000 KRW).

Notably, when only comparable cost components are 
considered (basic order cost and part production cost), 
the multi-provider model achieves 40,000 KRW within 
a 600-second time limit, which is little higher than the 
39,500 KRW reported in the original study under the 
same limit. With an extended computation time of 3,600 
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Figure 3. Variable relationships and equation numbers in the proposed MILP model.

Table 3. Cost comparison with the original study (Kim and Jung 2026).
Single provider 
model (original 

study)

Multi provider 
model (this study, 

600 s)
Multi provider 

model (this study, 
3,600 s)

Total cost (KRW) 39,500 47,000 46,500
 – Basic order cost 5,000 5,000 5,000
 – Part production cost 34,500 35,000 34,500
 – Subtotal (comparable) 39,500 40,000 39,500
 – Focal provider cost – 5,000 5,000
 – Delivery cost – 2,000 2,000

s, the multi-provider model attains the same production 
cost of 39,500 KRW, matching the original study’s pro-
duction e$ciency. This demonstrates that extending to 
multi-provider settings preserves production e$ciency 
while enabling supply chain coordination.

However, the original study solved three separate 
models (one per provider) and manually selected the 
best result (Provider 3). In contrast, the proposed model 
simultaneously evaluates all providers within a uni"ed 
framework and automatically determines optimal alloca-
tion. Although this increases computational complexity, 
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the integrated formulation enables supply chain coor-
dination decisions not supported in the original single-
provider setting.

5. GA-based solution approach

The integrated SCCP problem is computationally chal-
lenging due to its hierarchical structure and strong 
interdependencies among three tightly coupled deci-
sions: (1) provider selection including focal provider des-
ignation, (2) part-to-job grouping subject to material and 
capacity constraints, and (3) job assignment and daily 
scheduling on heterogeneous machines.

The problem exhibits computational complexity at 
multiple levels. Job scheduling on heterogeneous par-
allel machines with material compatibility and daily 
capacity constraints corresponds to an unrelated paral-
lel machine scheduling problem with batch processing, 
which is strongly NP-hard (Kucukkoc 2019). Part-to-job 
grouping generalises the NP-hard two-dimensional bin 
packing problem (Li and Zhang 2018), with the num-
ber of feasible groupings growing exponentially with part 
count. Provider selection further expands the solution 
space by changing available machines, capabilities, and 
schedules, fundamentally reshaping the feasible region.

As demonstrated in Section 4.2, small instances (33 
parts, three providers) required up to 3,600 s for the MILP 
solver to reach optimality. Preliminary experiments with 
larger instances show computation time increases rapidly 
with problem size, rendering exact methods impractical 
for realistically scaled problems.

Given these challenges, this study adopts a GA for its 
e#ectiveness in multi-layer combinatorial optimisation 
in manufacturing and scheduling contexts (Wen et al. 
2023; Zhang et al. 2022).

Figure 4 illustrates the GA procedure, in which an 
initial population is generated using the multilayer chro-
mosome structure (Section 5.1) and evolves through 
selection, crossover, mutation, and "tness evaluation. 
Genetic operations are applied separately to the AM Ser-
vice Provider Layer (SPL), Part–Job Layer (PJL), and 
Job Scheduling Layer (JL) to preserve the hierarchical 
decision structure while maintaining interdependencies 
among decisions (Wen et al. 2023; Zhang et al. 2022). 
The algorithm terminates when a prede"ned stopping 
criterion is met.

5.1. Encoding

To represent the integrated SCCP problem, decision vari-
ables are encoded into a three-layer chromosome struc-
ture: (1) AM service provider selection, (2) part-to-job 

grouping, and (3) job scheduling. Such multi-layer rep-
resentations are widely adopted for hierarchical com-
binatorial problems to capture interdependent decision 
e#ects (Wen et al. 2023; Zhang et al. 2022).

The SPL encodes provider participation using binary 
genes, with an additional gene indicating the focal 
provider. The PJL assigns each part to a job via gene 
values representing job indices. The JL encodes indices 
of pre-validated scheduling combinations, each corre-
sponding to a feasible machine, production day, and 
material assignment. These indices are retrieved from a 
lookup table based on machine availability and material 
compatibility, reducing chromosome length and prevent-
ing infeasible assignments.

As an illustrative example, a sample input chromo-
some is shown in Figure 5. In the JL, each gene stores 
an index referencing a pre-validated scheduling option 
from the lookup table, which is decoded into the asso-
ciated machine, production day, and raw material. This 
ensures that only feasible scheduling combinations are 
considered during decoding.

5.2. Initialisation

Initial solutions are generated using a cost-aware strategy 
to promote convergence e$ciency while preserving pop-
ulation diversity. The initialisation process is designed to 
avoid physically infeasible con"gurations.

In the SPL, service providers are randomly selected 
with the constraint that at least one provider must be 
included. The focal provider is preferentially chosen from 
among the selected providers that are eligible to serve 
as focal (↽k = 1). If no selected provider satis"es this 
condition, one eligible provider is randomly added.

In the PJL, parts are grouped into jobs with an upper 
bound on the total number of jobs set to approxi-
mately half the number of parts, balancing utilisation e$-
ciency and capacity feasibility (e.g. 16 jobs for a 33-part 
instance).

In the JL, each job is assigned a valid combination 
index from the precomputed table, restricted to machines 
owned by the selected providers and satisfying material 
compatibility for all parts in the job.

Among feasible combinations, job assignments are 
determined using multi-criteria scoring: (1) time e$-
ciency favours lower-cost machines and those already 
assigned to jobs, (2) material consolidation priori-
tises materials already in use to reduce diversity, and 
(3) provider balance avoids underutilisation while pre-
ferring cost-e$cient machines. Scores are aggregated, 
and assignments are selected probabilistically from top-
ranked candidates to preserve diversity. Jobs without 
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Figure 4. Overall GA flow.

parts are marked inactive, and providers without jobs 
(except focal) are removed.

After initialisation, a repair procedure enforces struc-
tural feasibility: at least one provider selected, focal 
provider both selected and eligible, job-machine assign-
ments consistent with ownership, and redundant provi-
ders removed (detailed in Section 5.6).

5.3. Fitness evaluation

The "tness function minimises total production cost, 
consistent with the MILP objective (Equation (1)). To 
handle potential constraint violations after genetic oper-
ations, penalty terms proportional to the degree of vio-
lation are added to the cost. Penalties are applied for 
violations of machine capacity (build area and work-
ing time), material compatibility, and service provider 
operating hours.

5.4. Selection

A combination of elitism and tournament selection 
(Goldberg and Deb 1991) is adopted to evolve the pop-
ulation. Elitism ensures that a "xed proportion of the 

best-performing individuals is directly carried over to 
the next generation, preserving high-quality solutions. 
For the remaining individuals, tournament selection is 
applied, whereby a subset of candidates is randomly sam-
pled and the individual with the best "tness is selected as 
a parent. The algorithm follows a generational replace-
ment strategy, in which newly generated o#spring replace 
the non-elite portion of the population. Speci"c parame-
ter settings, including the elite ratio and tournament size, 
are reported in Section 6.2.

5.5. Genetic operators

5.5.1. Crossover operation
Since each layer exhibits distinct information structures 
and constraints, the corresponding genetic operators are 
tailored to best capture the characteristics of each layer 
(Zhang et al. 2022).

In the SPL, uniform crossover is applied to the binary 
provider selection genes. After crossover, feasibility is 
ensured by checking that at least one provider is selected. 
The focal provider is then updated by selecting from the 
chosen providers eligible to serve as focal; if no such 
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Figure 5. Example encoding.

provider exists, one eligible provider is randomly added 
to the selection.

In the PJL, uniform crossover is also used, where 
each part’s job assignment is independently exchanged 
between parents. This allows !exible mixing of grouping 
patterns while preserving the independence of individual 
part assignments.

In the JL, single-point crossover is applied by ran-
domly selecting a crossover point and swapping the seg-
ments beyond it. This maintains contiguous scheduling 
blocks while introducing diversity. Jobs with no assigned 
parts are marked as inactive (index ≃1) after crossover.

5.5.2. Mutation operation
As with crossover, mutation is applied independently 
to each chromosome layer, with minor adjustments to 
reduce reliance on the subsequent repair mechanism.

In the SPL, bit-!ip mutation is used: the selection sta-
tus (0 or 1) of a randomly chosen provider is !ipped. 
Feasibility is maintained by ensuring that at least one 
provider remains selected, and the focal provider is 
updated accordingly to re!ect the new selection.

In the PJL, a randomly selected part is reassigned to 
a di#erent job. If the target job was previously inactive, 
the algorithm attempts to activate it by assigning a valid 
machine–day–material combination that is compatible 

with all parts in the job. If no valid combination exists, 
the job remains inactive.

In the JL, a randomly selected active job is reassigned 
to a new valid combination, considering only options 
involving machines from the selected providers and com-
patible materials. The selection process employs the same 
semi-greedy heuristic as in initialisation to balance time 
e$ciency and material consolidation.

5.6. Repair mechanism

Due to the multi-layer chromosome structure, infeasible 
or inconsistent solutions may arise both after initiali-
sation and after genetic operations. To maintain feasi-
bility, a repair mechanism is applied immediately after 
initialisation and after each genetic operation to restore 
structural consistency across layers while preserving the 
original solution characteristics as much as possible.

For the SPL, at least one provider must be selected. 
If crossover violates the focal provider eligibility require-
ment, a focal-eligible provider is randomly selected from 
the unselected pool and added to the set of selected 
providers.

For the JL, two violations are addressed. First, jobs 
with no assigned parts are marked inactive (index -
1). Second, jobs assigned to machines from unselected 
providers or with invalid indices are repaired through 
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reassignment, restricted to machines from selected 
providers and satisfying material compatibility. If no 
valid combination exists, the job is marked inactive. 
Reassignment follows the multi-criteria selection strat-
egy from initialisation.

After repairing SPL and JL, providers without machine 
utilisation (except focal) are removed to eliminate redun-
dancy.

The PJL does not require repair, as part-to-job assign-
ments are inherently !exible.

6. Case-based experimental analysis

6.1. GA model performance comparison

First, the GA is validated by comparing its results with 
MILP solutions from Section 4.2 using the same dataset 
to examine whether the GA can reproduce the MILP 
solution while reducing computation time.

The GA identi"es the optimal solution with a total cost 
of 46,500 KRW, which matches the MILP result obtained 
under a 3600-second time limit, while reducing com-
putation time to 72.7 s (approximately 50-fold improve-
ment). These results con"rm that the GA achieves equiv-
alent solution quality with substantially improved com-
putational e$ciency, supporting its use for larger-scale 
instances. The cost breakdown further con"rms this 
equivalence: both approaches yield identical allocations 
across all cost components, including basic order cost, 
part production cost, focal provider cost, and delivery 
cost.

Figure 6 compares the cost breakdown of the solu-
tion with that of the single-provider model of Kim and 
Jung (2026), expressed as the share of each component in 
total cost. In the single-provider model, part production 
cost accounts for 87.3% of total cost, with the remain-
ing 12.7% attributed to basic order cost. In the multi-
provider model, focal provider cost and delivery cost, 
which are absent in the single-provider setting, account 
for 10.8% (5,000 KRW) and 4.3% (2,000 KRW) of total 
cost, respectively. The relative share of part production 
cost decreases to 74.2%, while its absolute value remains 
unchanged at 34,500 KRW, indicating that the higher 
total cost of the multi-provider model re!ects the addi-
tional coordination and delivery functions rather than 
reduced production e$ciency.

To further assess the computational performance of 
the proposed GA, the best-"t (BF) heuristic and bench-
mark instances from Li, Kucukkoc, and Zhang (2017) 
were used for comparison. The BF heuristic addresses 
the problem of allocating parts to jobs and assigning 
jobs to multiple non-identical AM machines to minimise 
average production cost per unit volume, which shares 
the part-to-job grouping and multi-machine assignment 

decisions with PJL and JL of the proposed framework. 
However, it di#ers from the current study in several key 
aspects: it considers a single provider environment with-
out provider selection (SPL), omits daily scheduling and 
lead time constraints, assumes a single material type, and 
does not account for logistics costs. Despite these dif-
ferences, Li, Kucukkoc, and Zhang (2017) represents the 
most structurally similar study in the AM production 
planning literature, making it a suitable reference point 
for algorithmic comparison.

The benchmark instances include four problem sizes 
ranging from 10 to 200 parts across 2–6 machines, and an 
equivalent cost formulation was applied for fair compar-
ison. The results show that the GA consistently achieved 
solutions within 0.76% of the BF heuristic across all 
instances, while requiring substantially less computation 
time. For example, computation time was reduced from 
5,981 s to 832 s for the largest 200-part instance. These 
results are particularly noteworthy given that the pro-
posed GA is optimised for a substantially more complex 
integrated problem than that of Li, Kucukkoc, and Zhang 
(2017), yet still achieves competitive solution quality and 
computational e$ciency on their benchmark instances.

6.2. Experimental design

The experimental environment is based on a Korean 
open-source platform for assistive devices operated by 
the Korea National Rehabilitation Center. Originally 
focused on sharing designs, the platform is evolving 
towards networked production where a$liated providers 
fabricate and deliver products (Jeong 2024; Kim and Jung 
2026), providing a realistic shared AM environment.

The sample product is a writing assistive device for 
children with limited upper-limb mobility (Figure A1 in 
Appendix 2), supporting stable writing and drawing for 
users who can move only their upper arms (The Korea 
National Rehabilitation Center n.d.). It consists of ten 
components, of which three core AM-produced parts are 
considered in this analysis (Table A1 in Appendix 2).

Figure 7 illustrates ten AM service providers and the 
customer in Incheon, South Korea. Providers are classi-
"ed into four categories: assistive technology (AT) cen-
tres, makerspaces, 3D printing companies, and individ-
ual providers. Only AT centres are assumed to be able to 
serve as focal providers due to their expertise and after-
service capability. The distances between providers and 
the customer are in Table A2 in Appendix 2.

The basic operational information of the ten AM ser-
vice providers is summarised in Table A3 (Appendix 2), 
including provider type, basic ordering cost, focal service 
cost (where applicable), and operating hours Detailed 
speci"cations and costs of the AM machines shared by 
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Figure 6. Cost breakdown comparison between the single-provider model (Kim and Jung 2026) and the proposed multi-provider model.

Figure 7. Geographic distribution of AM service providers and 
the customer in the experimental case study.

these providers are reported in Table A4 (Appendix 2). 
Machine ownership and cost information were incorpo-
rated from real-world data where available, and other-
wise assumed based on typical provider characteristics.

The experiments were conducted using the same com-
puting environment described in Section 4.2. For the 
MILP model, the computation time was capped at 3,600 s. 
The GA was implemented with a population size of 200 
over 500 generations. The elite rate, crossover rate, and 
mutation rate were set to 0.05, 0.8, and 0.4, respectively, 
and tournament selection was applied with a tournament 
size of 2. Each setting was repeated "ve times with the best 
solution reported.

6.3. Computational performance comparison

The computational performance of the proposed GA-
based approach is compared with that of the MILP model 
in terms of solution quality, measured by total cost, and 
computation time. Problem complexity is varied along 
two dimensions: (1) order size, represented by the num-
ber of parts, and (2) the number of available AM service 
providers. The comparison results are summarised in 
Table 4.

In the "rst experiment, order size was increased from 3 
to 45 parts while "xing the service provider to SP1, which 
owns a single AM machine. For small instances (P3, P6, 
P9, P15), both GA and MILP obtained identical optimal 
solutions, and MILP proved optimality within the 3600-
second time limit. For larger instances (P30 and P45), 
MILP reached the time limit without proving optimality, 
whereas GA obtained the same solutions within signif-
icantly shorter computation times (23–45 s), indicating 
near-optimal performance.

In the second experiment, the number of providers 
was varied while "xing the order size at 15 parts. As 
the number of providers increased, the solution space 
expanded rapidly, leading to greater computational dif-
"culty. In all multi-provider instances, MILP reached 
the time limit without proving optimality. GA consis-
tently produced high-quality solutions within short com-
putation times. For example, in the SP3 (6 machines) 
case, GA achieved a 5.39% lower cost than MILP’s best 
incumbent solution (281,000 vs. 297,000 KRW). For SP5 
(15 machines), both methods converged to the same 
solution. In one case with SP10 (30 machines), MILP 
obtained a slightly lower cost (0.98% gap), although opti-
mality was not proven by either method.

These results highlight the practical advantages of the 
GA over the MILP model for larger-scale instances. MILP 
guarantees optimality for small instances (up to 15 parts, 
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Table 4. Comparison of MILP and GA results under varying number of parts and AM 
service providers.
Instance MILP MILP time(s) GA GA time(s) Gap

Varying number of parts
P3 SP1(M1) 75,000⇒ 0.08 75,000 6.62 0.00%
P6 SP1(M1) 123,000⇒ 1.06 123,000 7.55 0.00%
P9 SP1(M1) 171,000⇒ 548 171,000 8.89 0.00%
P15 SP1(M1) 281,000⇒ 585 281,000 12.86 0.00%
P30 SP1(M1) 535,000 3,600 535,000 23.39 0.00%
P45 SP1(M1) 789,000 3,600 789,000 44.68 0.00%

Varying number of AM service providers
P15 SP1(M1) 281,000⇒ 585 281,000 13.06 0.00%
P15 SP2(M3) 281,000 3,600 281,000 16.05 0.00%
P15 SP3(M6) 297,000 3,600 281,000 19.89 ≃5.39%
P15 SP5(M15) 207,500 3,600 207,500 92.57 0.00%
P15 SP10(M30) 152,600 3,600 154,100 129.73 0.98%
⇒Optimal MILP result obtained before time limit.

single provider) while degrading rapidly as complexity 
increases. GA consistently produces high-quality solu-
tions within practical computation times across all tested 
scales, matching or outperforming MILP in most cases, 
making it a robust approach for SCCP problems at scales 
relevant to shared AM environments.

6.4. Supply chain con!guration and planning 
(SCCP) analysis

This section examines how SCCP decisions respond to 
variations in order characteristics in shared AM envi-
ronments, focusing on changes in provider selection, 
machine allocation, and production planning.

Although SCCP outcomes may be in!uenced by vari-
ous order attributes, such as material requirements, geo-
metric complexity, and lead time constraints, analysing 
all factors simultaneously would obscure their individual 
e#ects. To enable a systematic analysis, this study focuses 
on two representative characteristics: order size, which 
determines production capacity requirements, and lead 
time, which re!ects ful"lment urgency.

Accordingly, SCCP decisions are evaluated across 
combinations of order sizes (3, 6, 9, 15, 30, 45, 60, 80, 100, 
and 120 parts) and lead time limits ranging from 5 days 
to 1 day, while other characteristics are held constant. 
This two-dimensional experimental design allows the 
e#ects of order scale and time pressure on supply chain 
con"guration to be examined in a structured manner.

Table 5 summarises the computational performance 
comparison. For instances up to 30 parts, both methods 
yield comparable solution quality with optimality gaps 
below 1%. Beyond this range, MILP performance dete-
riorates rapidly; for the 45-part instance, GA obtained 
a 31.05% better solution, and MILP failed to "nd any 
feasible solution for instances exceeding 45 parts. GA 

successfully generated solutions across all tested sizes, 
and is used for subsequent SCCP analysis.

6.4.1. Impact of order size
Table 6 summarises how SCCP decisions evolve as order 
size increases from 3 to 120 parts, including the num-
ber of participating providers, selected machines, and 
resulting lead times.

Three consistent patterns emerge as order size increa-
ses. First, SP2 is selected as the focal provider across most 
order sizes (3–80 parts), while SP1 takes the role for very 
large orders (100–120 parts). Although SP1 o#ers a lower 
focal service fee (3,000 vs. 5,000 KRW), SP2 is generally 
preferred due to its more !exible and cost-e$cient man-
ufacturing capability. SP2’s moderately sized machines 
(M2, M3) o#er lower operating costs and its central 
location (Figure 6) reduces transportation distances.

For very large orders (100–120 parts), however, the 
cost-driven selection logic shifts towards throughput 
capacity. Meeting the 5-day lead time constraint requires 
machines capable of handling high production vol-
umes e$ciently, rather than simply minimising operating 
costs. Accordingly, SP1 emerges as the focal provider: 
despite its higher operating costs, its machine (M1) o#ers 
a substantially larger build area (3,900 cm⇑2) and faster 
forming time (0.027 hr/cm3), making it better suited to 
ful"l large-volume orders within the given time con-
straint.

Second, the supply chain expands progressively with 
order size following a cost-driven provider selection pat-
tern (Figure 8). Small orders (3–6 parts) involve only two 
providers, while additional providers are incorporated 
as capacity requirements increase. Individual providers 
(SP8–SP10), which o#er the most cost-e$cient capacity, 
are selected "rst, followed by makerspaces (SP3–SP5) for 
medium-sized orders. Specialised 3D printing companies 
(SP6, SP7) are not selected for orders up to 60 parts, as 
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Table 5. Comparison of MILP and GA results under varying number of parts with 10 AM 
service providers.
Instance MILP MILP time(s) GA GA time(s) Gap

P3 SP10(M30) 46,500⇒ 8.38 46,500 37.48 0.00%
P6 SP10(M30) 63,000 3,600 63,000 52.62 0.00%
P9 SP10(M30) 93,100 3,600 93,100 73.48 0.00%
P15 SP10(M30) 152,600 3,600 154,100 97.57 0.98%
P30 SP10(M30) 326,200 3,600 326,900 248.46 0.21%
P45 SP10(M30) 734,400 3,600 506,400 503.73 ≃31.05%
P60 SP10(M30) No feasible solution 3,600 691,400 559.51 –
P80 SP10(M30) No feasible solution 3,600 954,600 911.9 –
P100 SP10(M30) No feasible solution 3,600 1,305,600 1,086.18 –
P120 SP10(M30) No feasible solution 3,600 1,693,700 1,854.97 –
⇒Optimal MILP result obtained before time limit.

Table 6. Summary of supply chain configurations and lead times for di!erent order sizes.
Order size 
(parts)

Number of AM 
service providers Selected AM service providers

Number of AM 
machines used

Lead time 
(days)

3 2 SP2⇒ , SP10 2 2.30
6 2 SP2⇒ , SP10 2 4.30
9 3 SP2⇒ , SP9, SP10 4 4.30
15 4 SP2⇒ , SP4, SP9, SP10 5 4.30
30 5 SP2⇒ , SP5, SP8, SP9, SP10 6 4.53
45 6 SP2⇒ , SP4, SP5, SP8, SP9, SP10 9 4.53
60 6 SP2⇒ , SP4, SP5, SP8, SP9, SP10 11 4.53
80 7 SP2⇒ , SP4, SP5, SP7, SP8, SP9, SP10 12 4.53
100 7 SP1⇒ , SP4, SP5, SP7, SP8, SP9, SP10 13 4.55
120 8 SP1⇒ , SP4, SP5, SP6, SP7, SP8, SP9, SP10 15 4.55
⇒Focal AM service provider.

their higher prices are not justi"ed when slower, lower-
cost providers can still meet delivery requirements. How-
ever, as order volume grows substantially, they are incor-
porated to support production capacity; SP7 is selected 
from 80-part instance onward, and SP6 is additionally 
included for the 120-part instance.

Third, this cost-oriented logic is re!ected at the 
machine level, where utilisation is measured as the ratio 
of actual to available time, averaged by machine types: 
economical machines (Creality Ender-5 and Cubicon 
Single Plus) and industrial machines (all remaining mod-
els). For small orders, economical machine utilisation 
varies depending on the number of selected providers 
and machines. From the 30-part instance onward, how-
ever, it stabilises at a consistently high level (58.2–73.5%), 
re!ecting their role as the primary source of production 
capacity throughout the supply chain.

Industrial machines, in contrast, show a general 
increase in utilisation as order size grows (23.5% for 
the 30-part instance, up to 63.0% for the 100-part 
instance), indicating that higher-capacity equipment 
becomes increasingly necessary to meet lead time con-
straints under substantial production volumes. These 
results indicate that machine-level scheduling decisions 
reinforce cost-driven provider selection under moderate 
order volume, while shifting towards a capacity-driven 
allocation as order size grows substantially.

6.4.2. Impact of lead time requirement
This section examines how tightening lead time con-
straints alters SCCP decisions. In customisation con-
texts, customer preferences are heterogeneous, with some 
prioritising cost minimisation while others emphasising 
shorter lead times (Dolan and Henderson 2014; Larsson 
Ranada and Lidström 2019; Tookanlou and Wong 2020). 
To isolate the e#ect of time pressure, SCCP con"gura-
tions and production plans are analysed under "ve lead 
time settings: 5 days (baseline), 4, 3, 2 days, and 1 day, 
while "xing the order size at 15 parts.

Figure 9 shows the resulting con"gurations. When 
the lead time is reduced from 5 days to 3 days, the 
provider set remains unchanged, consisting of SP2 as the 
focal provider together with SP4, SP9, and SP10. Under 
the 2-day constraint, SP5 is additionally incorporated to 
provide extra capacity. A substantial con"guration shift 
occurs under the 1-day requirement, where SP1 becomes 
the focal provider and SP6, a specialised 3D printing 
company, is newly selected.

Under the 1-day constraint, production shifts towards 
high-performance machines with lower forming time 
and larger capacity (Table 7), with schedule nearly 
exhausting providers’ daily operating limits.

The economic impact of these con"guration changes 
is substantial (Figure 10). Under relaxed constraints (5–3 
days), total costs increase moderately from 154,100 to 
176,600 KRW. In contrast, the 1-day lead time results in a 
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Figure 8. Supply chain configurations under order size changes: (a) 3 and 6 parts, (b) 9 parts, (c) 15 parts, (d) 30 parts, (e) 45 and 60 parts, 
(f ) 80 parts, (g) 100 parts, (h) 120 parts.
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Figure 9. Supply chain configurations under lead time requirement changes: (a) 5–3 days, (b) 2 days, and (c) 1 day.
Table 7. Comparison of production plans under 5-day and 1-day lead time constraints (15 parts).
Lead time limit AM service provider AM machine Day Job Part(s) Processing time

5 days SP2⇒ M2 D1 J15 P15 3.14h
SP4 M7 D1 J1 P4 14.35h
SP9 M28 D1 J10 P5 22.12h

D2 J11 P14 22.12h
D3 J8 P8 22.12h

M29 D1 J13 P2 22.12h
D2 J12 P11 22.12h

SP10 M30 D1 J5 P9 5.59h
J9 P7 14.35h

D2 J4 P12, P13 19.76h
D3 J2 P3, P10 19.76h
D4 J7 P6 5.59h

J3 P1 14.35h
1 day SP1⇒ M1 D1 J1 P5, P14 5.33h

SP6 M19 D1 J3 P2, P6, P10, P11, P15 6.50h
M20 D1 J4 P4, P7, P8, P9 6.95h
M21 D1 J2 P1, P2, P12, P13 6.95h

⇒Focal AM service provider.

sharp cost increase to 379,100 KRW, representing a 146% 
premium over the baseline. This escalation re!ects the 
need to employ premium-priced specialised providers 
and high-performance machines to meet extreme time 
pressure, indicating that stringent lead time requirements 
fundamentally override cost-oriented SCCP decisions in 
shared AM environments.

7. Discussion

The proposed framework establishes the computa-
tional feasibility of on-demand SCCP in shared AM 
environments. However, translating this capability into 
operational practice requires enabling conditions that 
are not yet fully established in the industry. Drawing 

on the possibility theory of Pil et al. (2024), the on-
demand SCCP approach presented in this study repre-
sents an available possibility: theoretically grounded and 
computationally supported, yet constrained by structural 
conditions that inhibit practical realisation.

Among the enabling conditions that remain underde-
veloped, two are particularly salient for the actualisation 
of on-demand SCCP.

First, the framework relies on timely access to 
provider- and machine-level information. A baseline set 
of static information, including machine speci"cations, 
material compatibility, pricing policies, and operating 
schedules, must be consistently maintained and shared 
across platform participants. Beyond this, real-time 
information on machine-level availability is required at 
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Figure 10. Total cost and number of AM service providers under 
varying lead time requirements.

the moment of order arrival to enable supply chain con-
"guration (Wang et al. 2021). Once production is under-
way, ongoing visibility into actual job completion times 
across providers is further needed to ensure coordinated 
execution. While these requirements may appear mod-
est individually, their simultaneous ful"lment across a 
dynamically assembled provider network represents a 
signi"cant infrastructure challenge for current shared 
AM platforms.

Second, the multi-provider structure inherent to on-
demand SCCP raises unresolved questions of inter-
organisational quality assurance. Although a focal
provider assumes responsibility for assembly and "nal 
delivery, ensuring the quality of parts produced by dif-
ferent providers remains structurally ambiguous. Unlike 
traditional supply chains where quality assurance norms 
develop through repeated interaction (Gulati 1995), on-
demand con"gurations o#er no such opportunity for 
trust accumulation. Platform-level mechanisms, such as 
provider performance tracking systems, quality veri"-
cation protocols, or contractual frameworks governing 
inter-provider responsibilities, are needed to substitute 
for relationship-based trust in transient provider net-
works.

8. Conclusion

This study addressed the on-demand SCCP problem in 
shared AM environments from a platform operation per-
spective. Unlike traditional supply chain design problems 
that focus on long-term strategic decisions, shared AM 
platforms require order-level supply chain con"guration 
and planning based on real-time order characteristics. To 
support this need, an integrated optimisation framework 

was proposed that jointly determines service provider 
selection and production planning decisions.

The problem was formulated as a MILP model captur-
ing key operational features of shared AM environments, 
including machine heterogeneity, material compatibil-
ity, capacity constraints, and provider-speci"c pricing 
and operating schedules. To handle computational chal-
lenges in practical-scale instances, a GA-based solution 
approach with a multi-layer chromosome structure was 
developed. Computational results showed that the GA 
achieved high-quality solutions within practical compu-
tation times, including instances where the MILP became 
intractable.

Experimental analyses revealed systematic patterns in 
SCCP decisions. Under relaxed lead time requirements, 
supply chain con"gurations followed a cost-driven struc-
ture, with gradual expansion as order size increased. In 
contrast, stringent lead time constraints induced a shift 
towards faster and more expensive providers, leading to 
substantial cost increases. These "ndings highlight how 
order characteristics fundamentally shape supply chain 
con"guration and planning decisions in shared AM envi-
ronments.

The "ndings provide managerial insights for AM ser-
vice providers participating in shared AM platforms. 
Providers operating mid- to low-performance AM equip-
ment bene"t from cost-e$cient operations, as SCCP 
decisions under relaxed lead time constraints favour 
lower operating costs. The in!uence of geographic loca-
tion depends on the platform’s cost structure; when deliv-
ery costs are modest relative to production costs, machine 
operating costs dominate con"guration decisions, allow-
ing peripheral providers to remain competitive. Accord-
ingly, such providers should align pricing and partici-
pation strategies with their cost e$ciency and platform-
speci"c cost structure.

Providers o#ering high-performance AM capabilities 
are rarely selected under cost-driven conditions for small 
to medium-sized orders, but become increasingly rel-
evant as order volume grows substantially, and criti-
cal under stringent lead time requirements. Rather than 
competing on price for routine orders, these providers 
are better positioned to target time-sensitive demand 
through premium services. Given their limited selection 
frequency, participation in shared AM platforms should 
be viewed as a supplementary utilisation opportunity.

This study has several limitations that suggest direc-
tions for future research. First, the proposed framework 
derives SCCP decisions based on nominal provider avail-
ability and machine schedules at order placement. In 
practice, execution uncertainties from prior orders, such 
as print failures, machine breakdowns, or rework, may 
cause deviations between assumed and actual operating 



INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH  21

conditions. Future research could incorporate execution 
variability to enhance robustness under uncertainty.

Second, although the model captures diverse oper-
ational attributes, quality di#erences across providers 
and machines are not explicitly considered. In particu-
lar, quality consistency across parts produced by multiple 
providers is not enforced, which may lead to assembly 
or performance issues. Future studies could incorporate 
quality attributes or consistency constraints.

Finally, the framework does not leverage histori-
cal execution data from prior orders. As shared AM 
platforms mature, learning from accumulated execu-
tion records, such as delays or machine reliability, could 
improve parameter estimation. Future research may 
explore learning-enhanced SCCP approaches using his-
torical execution data.
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Appendices

Appendix 1. Indices, parameters, and decision 
variables

Table A1. Indices.
i Part, i ⇐ {1, . . . ,I}
j Job, j ⇐ {1, . . . ,J}
k AM service provider
m AM machine in the shared AM platform
t Time period (day), t ⇐ {1, . . . ,T}
r Raw material, r ⇐ {1, . . . ,R}

Table A2. Parameters.

↽k Whether provider k can act as the focal service provider (binary)
ϕk Accumulated rating score of provider k (e.g. in a sharing 

economy context), (0 ↔ ϕk ↔ 1)
↼ Minimum average rating threshold for the providers in the 

supply chain (0 ↔ ↼ ↔ 1)
corderk Basic ordering cost of provider k
cbasicm Machine usage basic fee of machine m
cextram Machine usage extra fee of machine m per hour
cdel Unit delivery cost of logistics
crmk Extra material handling cost of provider k
cfock Additional cost incurred if provider k acts as the focal 

provider (charging for assembly and final product 
preparation)

sm Setup time of machine m
vi Volume of part i
bi Base area of part i
ωm Base area of the build chamber of machine m
εm Forming time of machine m for a unit volume
tpost Post-processing time for the parts
tasby Assembly time
hmt Machine available time of machine m on day t (integer)
okt Opening hours of provider k on day t (integer)
ϑAMm Minimum usage time threshold of machine m (integer)
⇀kt Whether the day t is an opening day for provider k (binary)
dnextkt Next working day of the day t for provider k (integer, ↘  1)
dk,k→ Distance between providers k and k→

dcustk Distance between provider k and the customer
⇁ Average speed of the delivery (km/h)
ϱir Whether raw material r can be used to manufacture part i

or not (binary) (⟨︄
r

ϱir ↘ 1)

ϖmr Whether machine m can handle raw material r or not 
(binary) (⟨︄

r
ϖmr ↘ 1)

umk Whether machine m belongs to provider k (binary)
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Table A3. Decision variables.
Xij Whether part i is assigned to job j or not (binary)
Yjmt Whether job j is processed by machine m on day t or not 

(binary)
Rjmtr Whether job j is processed by machine m on day t with raw 

material r or not (binary)
Zfock Whether provider k is selected as the focal service provider of 

the supply chain
ZSPk Whether service provider k takes a part of production in the 

supply chain
Pjmt Processing time of job j at machine m on day t
Skt Whether day t is the starting day of the final production job for 

provider k (binary)
KAMmt Whether machine m is used on day t or not (binary)
KSPkt Whether service provider k takes a part manufacturing process 

on day t or not (binary)
Tmt Working hour of machine m on day t
Thourmt Working hour of machine m on day t (integer)
Textramt Excess usage time of machine m on day t beyond the 

threshold ϑAMm  (integer)
T longmt The longest part fabrication time of machine m on day t
T long_daykt The longest working hour among the machines of service 

provider k on day t
Tpartk Completion time of part production at provider k
TArrivalk Arrival time of part supplement from provider k
TFinal Completion time of finishing all products for the order
ςkr Whether material r is used in the production process of service 

provider k (binary)
Nrmk Number of material types used in provider k
CAMmt Machine usage cost of machine m on day t
CSPk Total cost of provider k
Dextrakt Whether extra working days are required for provider k after 

the makespan to finish the production (binary)

Appendix 2. Dataset of main experiment

Figure A1. Sample product (The Korea National Rehabilitation 
Center n.d.).

Table A4. Part information.

Part number 1 2 3

Name Pen holder Lower cover Upper cover

Image
Size (w↗ d↗ h, mm) 122↗ 146↗ 85 87↗ 157↗ 80 86↗ 62↗ 84
Volume (mm3) 94,517 84,751 36,102
Base area (mm2) 17,812 13,659 5,332



INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH  25

Table A5. Distance matrix between AM service providers and customer (unit: km).

Providers

1 2 3 4 5 6 7 8 9 10 Customer

Providers 1 – 12 13 23 27 21 17 7 5 27 20
2 12 – 20 15 16 11 12 22 6 21 14
3 13 20 – 18 21 20 22 9 13 19 11
4 23 15 18 – 7 4 5 25 20 8 6
5 27 16 21 7 – 6 5 28 21 3 11
6 21 11 20 4 6 – 2 20 12 10 8
7 17 12 22 5 5 2 – 23 15 9 10
8 7 22 9 25 28 20 23 – 12 23 15
9 5 6 13 20 21 12 15 12 – 12 14
10 27 21 19 8 3 10 9 23 12 – 10

Customer 20 14 11 6 11 8 10 15 14 10 –

Table A6. Information of AM service providers.
Provider 
index Provider type

Basic ordering 
cost (W= )

Focal service 
cost (W= ) Opening hours

1 Assistive technology centre 0 3,000 Mon–Fri, 09:00–18:00
2 Assistive technology centre 0 5,000 Mon–Fri, 09:00–18:00, Sat 09:00–14:00
3 Makerspace 5,000 – Mon–Fri, 09:00–18:00
4 Makerspace 3,000 – Mon–Fri, 09:00–18:00
5 Makerspace 5,000 – Mon–Fri, 09:00–17:00
6 3D printing company 10,000 – Daily, 09:00–19:00
7 3D printing company 15,000 – Mon–Fri, 09:00–22:00
8 Individual provider 3,000 – Daily, 09:00–22:00
9 Individual provider 3,000 – Daily, 09:00–18:00
10 Individual provider 5,000 – Daily, 09:00–20:00

Table A7. Information of AM machines.

Provider 
index

Machine 
index Machine Name

Building 
type

Base 
area (cm2)

Setup time 
(min)

Forming time 
(hr/cm3)

Minimum 
usage time

Basic fee 
(W= )

Extra fee 
(W= /hr)

1 1 Shining 3D EP-A650 SLA 3,900 45 0.027 2 30,000 8,000
2 2 Stratasys F120 FDM 645 15 0.080 3 15,000 4,000

3 Stratasys F370 FDM 901.7 15 0.080 3 20,000 6,000
3 4 Cubicon Single Plus FDM 456 10 0.259 3 5,000 1,500

5 Cubicon Single Plus FDM 456 10 0.259 3 5,000 1,500
6 Cubicon Single Plus FDM 456 10 0.259 3 5,000 1,500

4 7 Creality Ender-5 FDM 484 10 0.150 4 5,000 1,000
8 Creality Ender-5 FDM 484 10 0.150 4 5,000 1,000
9 Creality Ender-5 FDM 484 10 0.150 4 5,000 1,000
10 Creality Ender-5 FDM 484 10 0.150 4 5,000 1,000

5 11 Cubicon Single Plus FDM 456 10 0.259 5 4,000 1,000
12 Cubicon Single Plus FDM 456 10 0.259 5 4,000 1,000
13 Cubicon Single Plus FDM 456 10 0.259 5 4,000 1,000
14 Cubicon Single Plus FDM 456 10 0.259 5 4,000 1,000
15 Stratasys F120 FDM 645 15 0.080 5 5,000 2,000

6 16 Stratasys Fortus 360 FDM 901.7 20 0.103 3 20,000 5,000
17 Stratasys Fortus 360 FDM 901.7 20 0.103 3 20,000 5,000
18 Stratasys Fortus 360 FDM 901.7 20 0.103 3 20,000 5,000
19 3D Systems ProJet 6000 SLA 625 45 0.020 2 50,000 10,000
20 3D Systems ProJet 6000 SLA 625 45 0.020 2 50,000 10,000
21 3D Systems ProJet 6000 SLA 625 45 0.020 2 50,000 10,000

7 22 Stratasys F120 FDM 645 15 0.080 3 12,000 2,000
23 3D Systems Figure 4 DLP 87.6 45 0.027 1 20,000 8,000
24 3D Systems Figure 4 DLP 87.6 45 0.027 1 20,000 8,000
25 3D Systems Figure 4 DLP 87.6 45 0.027 1 20,000 8,000

8 26 Creality Ender-5 FDM 484 10 0.150 5 6,000 1,000
27 Creality Ender-5 FDM 484 10 0.150 5 6,000 1,000

9 28 Cubicon Single Plus FDM 456 10 0.259 2 1,000 500
29 Cubicon Single Plus FDM 456 10 0.259 2 1,000 500

10 30 Creality Ender-5 FDM 484 10 0.150 6 3,000 500
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