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Abstract. In recent years, additive manufacturing technologies have increasingly appeared in industrial
spare parts logistics systems. Instead of maintaining large inventories of finished components, companies
can increasingly rely on digital inventories and produce spare parts on demand using 3D printing. This
shift creates new decision-making challenges related to the management of raw printing materials and
the planning of production under uncertain demand. This paper proposes a two-echelon newsvendor
model for inventory planning in additive manufacturing-based spare parts supply systems. In the
proposed framework, the first decision stage determines the quantity of raw printing material to be
stocked before demand realization, while the second stage determines the number of spare parts produced
in response to stochastic customer demand. The model captures the trade-offs between material
procurement cost, inventory holding cost, and shortage penalties. The mathematical formulation is
developed as a two-stage stochastic optimization problem. Numerical experiments are conducted to
analyze the relationship between raw material inventory levels and expected system cost. The results
show that the cost function exhibits a well-defined minimum and that the optimal material inventory level
strongly depends on shortage cost parameters. Sensitivity analysis further demonstrates how shortage
penalties influence optimal inventory decisions. The findings highlight the strategic role of raw material
inventory in additive manufacturing supply systems and provide practical insights for companies
adopting 3D printing technologies in spare parts logistics.

Keywords: additive manufacturing; spare parts logistics; two-echelon newsvendor model; inventory
planning; stochastic demand; supply chain optimization.

1. Introduction

Efficient spare parts management is a critical component of modern industrial
logistics. Industries such as aerospace, automotive manufacturing, and heavy
machinery rely heavily on the availability of spare parts to maintain system
reliability and minimize downtime. However, spare parts demand is often highly
uncertain and intermittent, which makes traditional inventory management
approaches costly and inefficient. Maintaining large inventories to ensure
availability can lead to high holding costs, while insufficient stock may result in
service delays or production disruptions.

For several decades, the Institute of Logistics at the University of Miskolc has

© T. Banyai, 2026

37


https://orcid.org/0000-0002-0229-4781
mailto:tamas.banyai@uni-miskolc.hu

ISSN 2078-7405 Cutting & Tools in Technological System, 2026, Edition 104

been actively engaged in the analysis and design of logistics systems [1-4]. This
research direction has played an important role not only in education but also in
industrial research and development activities. One of the strategic objectives of this
research field is to continuously explore new application areas where modern
optimization methods can support practical logistics decision-making. In this
context, additive manufacturing and the supply chains associated with 3D printing
represent a promising and emerging field of application [5, 6].

In several industrial projects related to spare parts logistics, it can be observed
that many companies still rely primarily on traditional stocking strategies, even when
new manufacturing technologies could offer alternative solutions. This practical
observation highlights that the integration of new technologies into logistics
decision-making frameworks often lags behind technological development itself.

From the author’s perspective, additive manufacturing may fundamentally
reshape the traditional logic of spare parts logistics. While classical supply chains
were designed around centralized production and long-term storage of physical
products, 3D printing enables a more flexible, decentralized, and demand-driven
production approach. Instead of storing large quantities of finished products,
companies may increasingly rely on digital inventories and produce components
only when they are required.

Although additive manufacturing is frequently described as a disruptive
technology, its practical integration into analytical logistics models remains
relatively limited. In particular, the interaction between raw material stocking
decisions and on-demand production planning has received only limited attention in
the operations research literature. This raises an interesting research question: how
can classical stochastic inventory models [7,8] be adapted to capture the decision-
making challenges arising in additive manufacturing environments?

This observation motivates the development of analytical models that combine
established inventory theory with emerging manufacturing technologies. One of the
most widely used stochastic inventory models is the newsvendor model, which
determines the optimal order quantity for a single period under uncertain demand.
While the classical newsvendor model considers only a single decision point, many
real-world supply systems involve multiple sequential decision stages.

In additive manufacturing-based spare parts logistics, two key decision stages
can be identified. The first stage corresponds to the stocking of printing materials,
while the second stage represents the production of spare parts in response to
uncertain customer demand. These two stages are inherently connected, since the
number of parts that can be produced is limited by the available raw material.

In the author’s view, the integration of additive manufacturing technologies
with established operations research models offers an interesting opportunity to
bridge theoretical modeling and practical industrial challenges. Exploring such
hybrid manufacturing—logistics systems may contribute both to the academic
literature and to practical decision support in modern supply chains.
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This paper therefore proposes a two-echelon newsvendor framework for
modeling inventory decisions in a 3D printing-based spare parts supply system. In
the proposed system, the first stage represents the stocking decision for printing
material, while the second stage determines the number of parts produced to meet
uncertain customer demand. The model captures the trade-offs between material
procurement costs, inventory holding costs, and shortage penalties resulting from
unmet demand.

The main objective of this study is to develop a stochastic optimization model
that supports decision-making in additive manufacturing spare parts logistics under
demand uncertainty. By integrating raw material inventory decisions with
production planning, the proposed model provides a structured approach to
balancing supply chain costs and service levels in additive manufacturing
environments.

The remainder of the paper is organized as follows. Section 2 describes the
problem setting and system structure. Section 3 presents the mathematical
formulation of the proposed model. Section 4 discusses the numerical analysis.
Finally, Section 5 concludes the paper and outlines potential directions for future
research.

2. Problem description

This study considers a spare parts supply system supported by additive
manufacturing technology. The system is designed to provide spare components
under uncertain demand conditions while maintaining a balance between inventory
costs and service level requirements. In contrast to traditional spare parts logistics,
where finished products are stored in advance, the considered system relies on the
storage of printing materials and the possibility of producing parts on demand using
3D printing technology (see Figure 1).
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Figure 1 — Two-stage structure of additive manufacturing spare parts supply system [own
elaboration].
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The proposed system consists of two sequential decision stages. The first stage
corresponds to the inventory decision related to the raw material required for
additive manufacturing. The second stage represents the production decision, where
spare parts are produced in response to realized demand. These two stages form a
two-echelon decision structure, since the production of spare parts is directly
constrained by the availability of printing material.

At the beginning of the planning period, the decision-maker determines the
quantity of raw material to be stocked. This decision must be made before the actual
demand for spare parts becomes known. The stocked material represents the
available capacity for future production, and therefore it plays a critical role in
determining the responsiveness of the system.

After the demand for spare parts is realized, the second decision stage takes
place. At this point, the decision-maker determines how many spare parts should be
produced using the available material. Since the production quantity cannot exceed
the available raw material, the production decision is constrained by the initial
stocking decision. If the produced quantity is insufficient to meet demand, shortage
costs may occur, representing lost sales, delayed service, or other operational
penalties.

The demand for spare parts is assumed to be stochastic and is represented by a
random variable. This reflects the typical characteristics of spare parts demand,
which is often irregular and difficult to predict. The objective of the decision-maker
is to determine the optimal raw material stocking level and production quantity that
minimize the expected total cost of the system.

The total cost of the system may include several components. First, there is a
procurement cost associated with purchasing the raw printing material. Second,
inventory holding costs may arise if part of the material remains unused after the
production decision. Third, holding costs may also occur if produced spare parts
exceed realized demand. Finally, shortage costs are incurred when the realized
demand exceeds the available produced quantity.

The decision structure of the system can therefore be interpreted as a two-stage
stochastic decision problem. The first-stage decision determines the raw material
inventory level, while the second-stage decision determines the production quantity
after the uncertainty in demand has been revealed. This structure naturally leads to
a two-echelon newsvendor-type model, where the first echelon represents material
stocking and the second echelon represents spare part production.

From a practical standpoint, such a system can be observed in modern spare
parts supply chains where additive manufacturing technologies are used to
complement or partially replace traditional inventory-based strategies. Instead of
storing large numbers of finished components, companies may maintain a stock of
printing material and produce parts only when they are required.
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The decision process considered in this study can be conceptually illustrated as
a two-stage supply chain structure. In the first stage, printing material is procured
and stored, while in the second stage spare parts are produced using the available
material to satisfy uncertain customer demand.

To formally describe the decision problem, several key elements are considered
in the model. Let Q, denote the quantity of printing material stocked at the beginning
of the planning period, and let Q, denote the number of spare parts produced after
demand realization. The demand for spare parts is represented by a random variable
D. The model considers material procurement cost, inventory holding costs, and
shortage penalties associated with unmet demand. The following section presents
the mathematical formulation of the proposed optimization model.

3. Mathematical Model of the Two-Echelon Inventory System

This section presents the mathematical formulation of the proposed two-
echelon newsvendor model for additive manufacturing-based spare parts supply
under demand uncertainty. The model describes the sequential relationship between
raw material stocking and spare part production while capturing the main cost
components of the system.

The planning horizon is assumed to consist of a single decision period. During
this period the demand for spare parts is uncertain and is represented by a random
variable. The decision process therefore takes place in two stages. In the first stage
the decision-maker determines the quantity of raw material required for additive
manufacturing. This decision must be made before the actual demand becomes
known. After the realization of demand, the second stage begins, where the number
of spare parts to be produced is determined based on the available raw material.

Let D denote the stochastic demand for spare parts. The first-stage decision
variable is Q; which represents the quantity of raw printing material stocked before
demand realization. After demand becomes known, the second-stage decision
variable Q,(D) determines the number of spare parts produced in response to the
realized demand. Since spare parts can only be produced from available material,
the production quantity cannot exceed the available raw material inventory.

The cost structure of the system includes several components. First, a
procurement cost arises when raw printing material is purchased. In addition,
holding costs may occur if part of the raw material remains unused after the
production decision. Further holding costs may also appear when the produced
number of spare parts exceeds the realized demand.

Finally, shortage costs are incurred if demand exceeds the available production
quantity. In order to describe the inventory dynamics of the system, three quantities
are introduced. The first quantity corresponds to the unused raw material that
remains after production.

This quantity can be written as
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L = Q, —Q,(D)

where I; denotes the remaining raw material inventory.

The second quantity represents the surplus finished spare parts that remain after
demand has been satisfied. This situation occurs when the production quantity
exceeds the realized demand. The surplus inventory can therefore be expressed as

I, = (Q2(D) — D)*

where the operator (x)* = max (x, 0) denotes the positive part of a value.

The third quantity corresponds to the shortage that occurs when the realized
demand exceeds the produced quantity. The shortage amount can therefore be
written as

B =(D - Q,(D)*

These expressions allow both surplus inventory and unmet demand to be
represented in a compact mathematical form.

Based on these quantities, the total cost of the system can be defined. The
overall cost consists of four components: the procurement cost of raw material, the
holding cost of unused material, the holding cost of surplus finished spare parts, and
the shortage cost resulting from unmet demand. The objective of the decision-maker
is therefore to determine the decision variables that minimize the expected total cost
of the system. The expected cost function of the system can be written as

omin Je-Qy + Ehy - (@ = Q2(D)) +hz* (Q2(D) = D) +p - (D = Q2(D)")]

subject to the material availability constraint

0<0Q:(D) =y
and the non-negativity condition
Q. =0.

The operator E(-) denotes the expected value with respect to the stochastic
demand. The first term of the objective function represents the procurement cost of
raw material. The remaining terms describe the expected holding costs of unused
material, the holding costs of surplus finished spare parts, and the penalty associated
with unmet demand.

The structure of the model can also be interpreted within the framework of two-
stage stochastic programming. In this interpretation the first-stage decision
determines the raw material inventory level, while the second-stage decision
determines the production quantity after the realization of demand. This structure
reflects the operational flexibility offered by additive manufacturing systems, where
production decisions can adapt to realized demand within the limits imposed by the
available raw material.

4. Numerical results and sensitivity analysis

This section presents the numerical results obtained for the proposed model in
the context of additive manufacturing-based spare parts supply. The objective of the
analysis is to illustrate how the raw material inventory level influences the expected
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operational cost of a spare parts system where components are produced on demand
using 3D printing technology.

The numerical experiments also reflect the two-stage decision structure
introduced in the mathematical model. In the first stage, the decision-maker
determines the raw material inventory level Q,, representing the available printing
material. In the second stage, after the realization of demand D, spare parts are
produced using additive manufacturing technology up to the limit imposed by the
available material inventory.

Numerical Input Data

For the numerical experiments, the model parameters were specified based on
a simplified spare parts demand scenario. The demand for the considered spare part
was represented by three discrete demand scenarios in order to illustrate the
stochastic nature of spare parts demand. The demand levels were assumed to be d; =
80,d, = 100, d; = 120 units with corresponding probabilities 0.30, 0.50, and 0.20
respectively.

The cost parameters of the system were defined as follows. The procurement
cost of raw printing material was set to ¢ = 5 cost units per unit. The holding cost of
unused raw material was assumed to be h, = 1 cost unit per unit, while the holding
cost of surplus finished spare parts was h, = 2 cost units per unit. The shortage cost
associated with unmet demand was assumed to be p = 10 cost units per unit.

In the numerical analysis, the candidate raw material inventory level Q, was
evaluated within the interval 0 < Q; < 160. For each possible value of Q, the
production decision was determined according to the available raw material and the
realized demand scenario. Accordingly, the production quantity in scenario s was
defined as

QZS = min(Ql: ds);

which reflects the assumption that spare parts are produced on demand, but the
production quantity cannot exceed the available raw material inventory.

Based on these parameters, the expected total cost of the system was calculated
for each inventory level, and the optimal raw material inventory level was
determined. The numerical calculations and graphical illustrations presented in this
section were generated using MATLAB.

Expected Total Cost and Optimal Inventory Level

Figure 2 illustrates the relationship between the raw material inventory level
Q, and the expected total cost of the system. When the available material inventory
is very low, the system frequently experiences shortages because insufficient
printing material is available to produce the required spare parts. For example, when
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Q1 = 0, the expected total cost is approximately 980 cost units, mainly driven by
shortage penalties.

Expected Total Cost vs Raw Material Inventory
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Figure 2 — Expected total cost vs. raw material inventory [own elaboration].

As the inventory level increases, the expected cost decreases significantly
because the system gains greater production flexibility. When the inventory level
reaches Q; = 80 units, the expected cost decreases to 580 cost units.

The minimum expected cost occurs at Q; = 100, where the expected total cost
is approximately C(Q;) = 550.

This value represents the optimal balance between shortage costs and
inventory-related costs. If the material inventory increases further, the expected cost
begins to rise again. For example, at Q; = 160 the expected cost increases to 860
cost units, mainly due to increasing procurement and holding costs.

Analysis of Cost Components

Figure 3 decomposes the total cost into procurement cost, raw material holding
cost, finished goods holding cost, and shortage cost.
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Figure 3 — Cost components vs. raw material inventory [own elaboration].
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The procurement cost increases linearly with the inventory level according to
¢+ Q1, which reflects the cost of acquiring printing material used in the additive
manufacturing process.

In contrast, the expected shortage cost decreases rapidly as the inventory level

increases. When no printing material is available, the system cannot produce spare
parts and shortages occur in every demand scenario, resulting in an expected
shortage cost of 980 cost units. As the inventory level increases, the additive
manufacturing system becomes capable of responding to demand more effectively,
significantly reducing shortage penalties. Around Q; = 100 the expected shortage
cost becomes very small and above 120 units it is almost negligible.

The expected holding cost of raw material gradually increases as the inventory
level grows, because larger inventories increase the probability that part of the
material remains unused during the planning period. At Q; = 160 the expected raw
material holding cost reaches 60 cost units.

The holding cost of finished spare parts remains minimal across most of the
examined range. This reflects one of the main advantages of additive manufacturing:
spare parts are produced only when demand occurs, reducing the need for storing
finished goods.

Sensitivity Analysis with Respect to Shortage Cost

Figure 4 presents the sensitivity of the optimal raw material inventory level to
changes in the shortage cost parameter p.
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Figure 4 — Sensitivity of optimal Q; to shortage cost [own elaboration].

When shortage costs are very low (p = 2 or p = 4), the optimal inventory level
is essentially zero, indicating that maintaining raw material inventory is not
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economically justified. When the shortage cost increases to p = 6, the optimal
inventory level rises sharply to Q; = 80 units.

For shortage cost values above p = 8, the optimal inventory level stabilizes
around Q7 = 100, which approximately corresponds to the most probable demand
level.

Sensitivity of the Minimum Expected Cost

Figure 5 illustrates how the minimum expected total cost changes as a function
of the shortage cost parameter. As expected, higher shortage penalties increase the
overall expected system cost.
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Figure 5 — Minimum expected cost vs. shortage cost [own elaboration].

When p = 2, the minimum expected cost is approximately 200 cost units.
When the shortage cost increases to p = 10, the minimum expected cost rises to 550
cost units. For higher shortage cost values the expected cost increases gradually,
reaching 590 cost units when p = 20.

Managerial Implications

The numerical results provide several insights for supply chain managers
implementing additive manufacturing technologies. First, raw printing material
inventory plays a critical role in ensuring the responsiveness of 3D printing-based
spare parts supply systems. Maintaining an adequate level of printing material allows
companies to exploit the flexibility of additive manufacturing and produce spare
parts on demand.

Second, the optimal inventory level strongly depends on the economic
consequences of shortages. In industries where equipment downtime is costly,
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maintaining higher levels of printing material inventory becomes economically
justified.

Finally, the analysis demonstrates that additive manufacturing can reduce the
need for storing finished spare parts. Instead of maintaining large finished goods
inventories, companies may rely on raw material inventory combined with digital
spare parts models, producing components only when actual demand occurs.

5. Discussion and Conclusions

The results of this study demonstrate how classical inventory theory can be
adapted to emerging manufacturing technologies such as additive manufacturing. By
extending the traditional newsvendor framework to a two-echelon decision structure,
the proposed model captures the interaction betwee n raw material stocking
decisions and on-demand production enabled by 3D printing. The numerical analysis
confirms that the optimal raw material inventory level is determined by a trade-off
between shortage penalties and inventory-related costs. When raw material
inventory is insufficient, the system experiences frequent shortages, leading to high
penalty costs. Conversely, excessive material inventory increases procurement and
holding costs. The optimal solution therefore emerges at the point where these
opposing cost components are balanced.

An important insight of the study is the strategic role of raw material inventory
in additive manufacturing environments. Unlike traditional spare parts supply chains
that rely on storing finished products, additive manufacturing enables a more flexible
production approach where raw material inventory effectively represents production
capacity. Maintaining an appropriate level of printing material allows companies to
respond to uncertain demand while avoiding excessive finished goods inventory.
The sensitivity analysis also highlights the strong influence of shortage cost
parameters on the optimal inventory decision. In industries where equipment
downtime is costly, maintaining higher levels of printing material inventory may be
economically justified in order to ensure service availability.

From a practical perspective, the proposed model provides a structured
analytical framework for supporting inventory decisions in additive manufacturing-
based spare parts logistics. The model can assist decision-makers in determining
appropriate raw material stocking levels while considering demand uncertainty and
cost trade-offs. Future research may extend the proposed framework in several
directions. Possible extensions include multi-period decision models, multiple spare
parts types, capacity constraints of additive manufacturing systems, and the
integration of distributed 3D printing networks within spare parts supply chains.
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Tamam banpsi, Mimkombsi, YropmuHa

INIAHYBAHHS 3AITACIB 3D-IPYKOBAHUX 3AITYACTHH 3A
HEBU3HAYEHOI'O IIOIIATY

AnoTtauiss. OcmanHiMu pokamu mexHon02ii adumMueHo20 8UpoOHUYMEa dedaui yacmiuie 3's6110mvcs 6
JIO2ICIMUYHUX CUCIEMAX NPOMUCTIOBUX 3ANACHUX YACTUH. 3aMiCMb M020, W00 NiOMpumMyeamu 6eiuxi
3anacu 20mMosux KOMROHEHMI8, KOMNAHIi dedani Oilbie NOKIAOAIOMbCs HA Yu@posi 3anacu ma
BULOMOBIAIOMb 3ANYACMUHU 30 3aNUMOM 3a 0onomozoto 3D-0pyky. L]s smina cmeopioe HOBI GUKUKU OISt
NPUIHAMMA piuterb, N06'A3ani 3 YRPAGNIHHAM CUPOBUHOIO 05l OPYKY Ma NAAHYBAHHAM BUDOOHUYMEA 34
VMO8 HeBu3HaAueHo20 nonumy. Y yiil cmammi nponoHyemucs Mooeib pooasys HOBUH HA 08 PieHI O
NIAAHYBAHHS 3ANACI6 Y CUCIMEMAX NOCMAYAHHS 3aNACHUX YACMUH HA OCHOBI AOUMUBHO20 8UPOOHUYMEA.
V sanpononosaniii cmpyxmypi nepwuii eman npuiinamms pivients U3HAYAE KITbKICMb CUPOGUHU OJs
OpYKy 00 peanizayii nonumy, mooi sk Opyeuti eman U3HAYAE KiNbKICMb 3aNACHUX YACMUH, 6USOMOGLEHUX
¥ 8i0N08IOb Ha cmoxacmudHuil nonum Kaicumis. Mooenb 8i0006paxcae KOMIPOMICU MIdHC GUMPAMAMU HA
3aKynienio mamepianie, gumpamamu na 36epicanns 3anacie i wmpagamu 3a oegiyum. Mamemamuune
@opmynioganns pospodbaeno Ak 06oemanta 3adava cmoxacmuynoi onmumizayii. [Ipoeodsamuvcs yucenvhi
eKcnepuMeHmu Ol aHai3y 83AEMO36'A3KY MIdC PIGHeM 3anAacie CUPOBUHU MA OHIKYBAHOIO BAPMICNIIO
cucmemu. Pesyromamu noxasyiomv, wo QyHKyis eumpam Mmae YimKo Gu3HAYEeHull MIHIMYM, d
ONMUManbHUll PieeHb 3aNacié Mamepianié 3HAUHOIO MIPOIO 3aiedcumv 6i0 napamempie Oediyumy
eumpam. Ananiz yymaueocmi 000amK080 OeMOHCMPYE, K wmpagu 3a Odediyum naugaiomv Ha
onmumanwvHi pinienns wooo 3anacie. Pezyrbsmamu niokpecaioloms cmpame2iuny poib 3anacie cuposunu
6 CUCEMAaX NOCMAYAHHS AOUMUBHO20 8UPOOHUYMEA MA 0AIOMb NPAKMUYHI THCAUmMU 015 KOMNAHIN, AKi
8nposadacyioms mexronozii 3D-0pyky 6 nocicmuyi 3anachux 4acmuH.

Kuroqosi ciioBa: adumushe supobnuymeo, 102icmuxa 3anacHux Yacmun, Mooeib npooasys 2asem, aKa
Mae 060pigHesy CMpYKmypy, NIGHYSAHHA 3ANACi8; CMOXACMUYHUL NONUM; ONMUMI3AYIs IaAHYI02A
NOCMAYAHHS.
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