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Abstract: The Manufacturing-as-a-Service (MaaS) paradigm offers flexible and on-demand
manufacturing services through digital platforms, including the case where customer facilities
outsource tasks to providers of manufacturing resources (i.e., machines). A key challenge lies
in matching the tasks and resources requested by customers with suitable providers according
to their specific requirements. Within the limits of the available requirements and their level
of accuracy, task-machine eligibility can be represented in various ways, such as binary values
or score-based weights. These requirements are then integrated into the subsequent scheduling
problem to be solved by the MaaS platform. In this paper, we extend a scheduling model by
integrating task-machine eligibility score-based weights as input to the scheduling problem via
eligibility level constraints. Numerical experiments are conducted on randomly generated small
instances based on benchmark schemes to study the implications of the introduced task-machine
eligibility levels. The quality of sequences proposed within the MaaS framework is empirically

evaluated for customers and providers in both aggregate and individual manners.
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1. CONTEXT AND MOTIVATIONS

Manufacturing-as-a-Service (MaaS) is a transformative
trend in modern manufacturing, that relies on the serviti-
zation of manufacturing resources enabled by cloud man-
ufacturing (Ren et al., 2017; Henzel and Herzwurm, 2018;
Bulut et al., 2021; Ivanov et al., 2022). Companies are sup-
posed to access manufacturing resources through digital
platforms (Garcia et al., 2019; Santos et al., 2024). Rather
than investing in capital-intensive production infrastruc-
ture, customers can now procure manufacturing capabili-
ties from service providers, who offer their resources in a
flexible, scalable, and efficient manner. There are different
MaaS business models for on-demand platforms, which can
be categorized in marketplaces with operators or single
manufacturers, hybrid models, or federated open collab-
orative models! . A Maa$S system includes three decision
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perspectives: (i) Consumers of services who prioritize on-
time completion and low costs, (ii) service providers who
seek to maximize their use of available resources and
profitability, and (iii) the MaaS platform that centralizes
and coordinates the provisioning and release of services to
optimize overall system performance (Chen et al., 2024).
MaaS also involves important logistical aspects to be co-
ordinated (Liu et al., 2024; Zhao et al., 2024; Wang et al.,
2024). A critical challenge for MaaS platforms is to solve
the task-machine matchmaking and scheduling problems
efficiently. Hertwig et al. (2024) propose a general frame-
work for these problems. Once a task is matched with
one or several eligible shared machines by providers, the
challenge is to schedule this task on these machines. While
substantial research has been conducted on matchmaking
and scheduling problems in related areas, these problems
are often treated independently. In most cases, match-
making is only approached through eligibility constraints,
ensuring that a provider can technically fulfill the task
requirements. Current MaaS platforms can generate a
ranking among eligible service providers.

This paper addresses the following research question: How
can the tripartite decision perspectives that the MaaS
context entails be included and characterized in scheduling
problems? In this regard, we contribute by (i) extending
a state-of-the-art problem of Maecker et al. (2023) by
considering task-resource eligibility scores generated by
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a matchmaking process as input, and (ii) analyzing the
quality of the solutions through a set of key performance
indicators on randomly generated benchmark instances.
This article is organized as follows. Section 2 introduces
and formulates the problem under study, and discusses the
proposed extensions. Section 3 presents the results of the
numerical experiments and analyzes the obtained solutions
from a tripartite decision perspective. Conclusions and
perspectives are presented in Section 4.

2. MAAS SCHEDULING PROBLEM

As a starting point for this study, we considered the model
proposed by Maecker et al. (2023) for the unrelated paral-
lel machine scheduling problem with eligibility constraints
and delivery times, aiming to minimize total weighted tar-
diness. The definition of their problem was motivated by
a cloud-based manufacturing services provider for Printed
Circuit Boards (PCB). In this context, machine customers
can upload and edit their PCB designs through an online
tool and place production orders. The service provider is
supposed to have access to a wide network of PCB compa-
nies with different capabilities. Building on this idea, this
paper adopts a tripartite perspective of MaaS, wherein one
group of users provides services, another group requests
them, and a centralized MaaS framework facilitates and
coordinates the exchange of these services.

2.1 Problem formulation

Given a set of n service orders (i.e., tasks) j € J and a
set of m resource providers (i.e., machines) i € M, the
MaaS platform coordinates the assignment and sequence
of tasks to the most qualified machines. Each task j
has a due date d;, a weight w;, a processing time p;;,
and a delivery time g;; for each machine 7. All tasks are
available at time zero, each task j needs to be processed
by one and only one machine without interruption, and
each machine ¢ can handle at most one task at a time.
The delivery time ¢;; occurs immediately after completing
the task 7 on the respective machine i. The objective
function minimizes the total weighted tardiness ) w;T},
where T; = max{C; —d;,0} and C; is the completion
time def{ned as the time by which a task reaches the
customer. The mixed-integer linear formulation includes
binary assignment variables y;; of task j to machine 7 and
precedence variables zj;, between tasks j and k. Variables
s; denote the start time of task j. The model is formulated

as follows:

minijTj (1)
jeg

Z Yij =1 jied
(2)

ieM, ke d, jFk
(3)

teEM, jkeT, jF£k
4)

sk > 85 +pij — H(3 = Yir — vij — zjk)

5 > sp 4+ pik — H(2 — yir, — Yij + 2jk)

Cj > s + (pij + 2ij)vij ieM,jed
(5)
Tj > C5—dj jied
(6)
T;,C; >0 jedg
(7)
Yijs 2k € {0,1} ieM, jkeJ

Constraints (2) state that each task must be assigned to
exactly one machine. Disjunctive Constraints (3) and (4)
manage the precedence relationship between tasks on
machines. Task completion times and tardiness values are
computed according to Constraints (5)-(7). Constant H is
an upper bound on task start times and can be computed

jeg
2.2 New task-machine eligibility score-based constraints

In Maecker et al. (2023), the problem operates with eligible
machine sets M; to identify the subsets of machines that
can process task j. Typical MaaS platforms match tech-
nical capabilities to compute the eligibility of providers
based on the requirements of the customers. However, it
is also possible to consider a ranking of eligible providers
under other complementary criteria, such as sustainability
and resilience (see, e.g., Schuseil et al. (2024)). Based on
these eligibility scores e;; € [0,1] between machine i € M
and task j € J, let us consider a minimal eligibility level
for each task using the following new constraints:

Z €ijYij > 0 jed (8)
ieM
Task-machine eligibility satisfaction can also be imposed
in an aggregated manner at the customer network level.
One approach is to aggregate the eligibility levels using,
for instance, the average:

DD eiyyi/n=0 (9)

JET ieEM
From a practical standpoint, Constraints (8) and (9) al-
low the MaaS platform to take into account the infor-
mation provided by machine customers and providers by
specifying an eligibility threshold. This approach thereby
addresses explicitly the satisfaction of customer require-
ments either on a task-specific basis or at the customer
network level. Note that task-machine eligibility can also
be included in the set of MaaS optimization criteria. This
is left for future work. However, we briefly examine the
maximum achievable eligibility levels under various total
tardiness values in Section 3.

2.8 Denotation according to the Graham notation

Consider the three-field notation «|8|y proposed by Gra-
ham et al. (1979), where a refers to the manufactur-
ing environment and more general scheduling settings,
[ refers to problem constraints, v specifies optimization
criterion/criteria. As formalized in Hertwig et al. (2024),
a MaaS scheduling problem includes the available spec-
ifications of machine consumers and providers that are
combined by the Maa$S platform < aqp, Bep, Yep >, Where ¢
stands for resource consumers and p for resource providers.
Note that the unification of distributed specifications is not
a trivial task and relies on the interoperability capability
of a Maa$S framework (Hertwig et al., 2024). Consequently,
the proposed MaaS scheduling problem under study corre-
sponds to Rml|q;;,0| Y w,;T;, where (i) Environment and
settings: Rm indicates unrelated parallel machines, (ii)
Constraints and characteristics: g;; Delivery time g;; and
different forms of levels of task-machine eligibility 8, and
(iii) Optimization criterion: Total weighted tardiness.



3. NUMERICAL EXPERIMENTS

This section presents experiments that (i) make explicit
the interdependence between the task-machine eligibility
levels and total tardiness, and (ii) evaluate and discuss
the solution quality from the perspectives of machine
customers, providers, and the MaaS platform itself. All
experiments in this paper are conducted on an Apple M3
Pro computer with 4.05 GHz and 18 GB RAM. The models
are coded in the Julia language using the JuMP libraries
and CPLEX as the optimization solver.

3.1 Instance generation

First experimental results consider small instances with
4 machines and 10 tasks. In future research, we plan to
develop efficient solution approaches for industrial-scale
instances that consider the distributed nature of a MaaS
system coordinated in a centralized way. The problem
parameters were generate similarly as by Maecker et al.
(2023), in which the due dates follows the scheme of Potts
and Van Wassenhove (1982):

a; ~U(p(1-T - %) +q™" p(1 =T+ g) + ")

where T' is the tardiness factor, R is the relative range of
due dates, and p and ¢"™"™ are calculated as follows:

1 .
p= — min p;; and ¢ = min
P=0 ;ie/\/( Pij q ientjeg 1
J

All task weights w; are considered equal to 1, for easier
interpretation of the tardiness values and in the absence
of relevant considerations in this sense at this stage. All
parameters are summarized in Table 1.

Table 1. Instance generation: Parameters

Values

Dij ~ U(l, 100)
gij ~ U(1,30)

ei; ~U(0,1.0)

T € {0.4,0.6}

R €{0.4,0.6,0.8}

Parameter

Processing times
Delivery times
Eligibility coefficients
Due dates

15 instance samples have been generated for each pair of
parameters (T, R).

3.2 Design of experiments

Numerical experiments have been conducted according to
the following two experimental settings:

Min Y T;, given 6. Under these problem settings, let
us distinguish the satisfaction level # imposed in the
model from the actual eligibility level associated with a
given feasible solution S. Given an eligibility value 6 and
the best-known solution S*, we can identify the actual
eligibility value 6(S*) := 6*.

6*(S) > 0, and even if § = 0. Before finding a feasible
solution, we can identify for each task j € J the max-
imal possible level of eligibility among eligible machines
e;r = IZ%E/%\}/( e;j. These reference values serve as lower and

upper bounds of eligibility levels per task, which are ex-
ploited in the next section.

To illustrate the shape of the relationship between
> T; and 6, Model (1)-(7) subject to Constraints (8)
(respectively, Constraint (9)) has been firstly solved with a
minimal eligibility level 8 = 0. Let the associated solution
obtained during the first iteration ¢ = 0 be denoted by
Sg. Then, 0 is iteratively increased by 10% from 6*(S})
until no feasible solution exists. This process leads to the
generation of a total of 682 instances.

Maz 0, given Y T;. To assess the extent to which eligibility
levels can be improved, we consider a variant of the
model that maximizes the eligibility level given a total
tardiness level. To do this, at each iteration, once a
solution with an objective value 7 is found, we solve
{max, given > T; < T}. In this way, we can find an
alternative solution with the same total tardiness 7 but
the maximum reachable eligibility level, denoted by 7.

8.8 Solution quality assessment and illustrative example

One of the main goals of this study is to assess the solutions
provided by the model for each of the three perspectives
involved, i.e., those of customers, providers, and the MaaS
platform itself, that is intended to conciliate the interest
of all stakeholders. In this paper, the MaaS platform
generates solutions that minimize total tardiness. The
quality of these solutions is ambiguous and requires further
clarification. In this sense, we analyze the satisfaction of:

o Task customers in terms of tardiness and number of On
Time Delivered (OTD) tasks,

e Machine providers in terms of the number of assigned
tasks and machine active/idle times. The idle time is
calculated with respect to the total completion time.

The list of considered indicators is summarized in Table 2.

Table 2. Key performance indicators

[MaaS, customers] Tardiness
E iy Total tardiness

%OTD  Percentage of tasks on time

Tj+ Maximal tardiness

Tj Average tardiness

oy Standard deviation of the tardiness
[MaaS, customers] Task-machine eligibility
0 Minimal eligibility level

o* Actual eligibility level

ot Maximal possible eligibility level

@j Average task eligibility value

Ag; Average of the differences with the e;*

[MaaS, providers] Task assignment

#i~ Minimal number of assigned tasks

#; Maximal number of assigned tasks

o4, Standard deviation of number of assigned tasks
aaS, providers achine active time

MaaS id Machi tive ti

C;~ Minimal machine active time time

c;t Maximal machine active time time

C Average machine active time time

AO* Average of idle time

i

For illustration purposes of these KPIs, consider a ran-
domly generated instance of 10 tasks, 4 machines, and
6 = 0 with Constraint (8). Figure 1 and Figure 2 present
the corresponding initial solution of the problem, and the
solution with the maximum possible of 6%, respectively.



Figures 1-2 show that Constraint (8) has a significant
impact on the solution by changing its characteristics for
multiple tasks and doubling the associated total tardiness.
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Fig. 2. Solution 6 = 0.48,60* = 0.53,> 7T, = 353

3.4 Analysis of results

Let us discuss the quality of the solutions from the perspec-
tives of the decision-makers involved in the MaaS frame-
work. Table 3 summarizes all KPIs averaged by group of
instances depending on parameters (7', R).

MaaS perspective. Note that the initial solution of both
constraints with 6 =0 is the same. Figure 3 shows the
distribution of the percentage of OTD tasks. Given the
parameters used, most of the tasks have already been
delivered with tardiness without considering any eligibility
constraint. Consequently, as parameters (7, R) increase,
the tardiness-related KPIs also increase. Figure 4 and
Figure 5 present the value of the objective function in
relation to 6 for Constraints (8) and (9), respectively. As
expected, the model under Constraints (9) is more flexible,
and delays increase more slowly as the corresponding 6

increases.
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Figures 6-7 illustrate the distributions of the total tar-
diness for both Constraints (8) and (9), respectively. In-
stances with higher values of (R,T) can induce higher
total tardiness values and eligibility flexibility for Con-
straint (9).
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Table 3. Averaged KPIs per parameter pair (T, R) and type of eligibility constraints

Averaged KPI ‘ Model under Constraints (8)

‘ Model under Constraint (9)

| (0.4,0.4) (0.4,0.6) (0.4,0.8) (0.6,0.4) (0.6,0.6) (0.6,0.8) | (0.4,0.4) (0.4,0.6) (0.4,0.8) (0.6,0.4) (0.6,0.6) (0.6, 0.8)
ST 276 290 254 374 369 384 273 289 272 346 368 361
%OTD 0.32 0.25 0.31 0.15 0.16 0.18 0.30 0.25 0.30 0.16 0.15 0.17
T+ 90 95 83 96 105 104 92 88 85 96 103 101
Ty 28 29 25 37 37 38 27 29 27 35 37 36
or, 33 32 29 34 35 36 32 31 30 33 35 35
0 0.26 0.24 0.24 0.26 0.26 0.28 0.49 0.50 0.47 0.48 0.50 0.50
0 0.33 0.32 0.33 0.34 0.34 0.36 0.61 0.63 0.62 0.62 0.61 0.64
o+ 0.33 0.32 0.33 0.34 0.34 0.36 0.61 0.63 0.62 0.62 0.61 0.64
05 0.59 0.61 0.60 0.61 0.61 0.64 0.61 0.63 0.62 0.62 0.61 0.64
Age 0.18 0.16 0.15 0.17 0.17 0.16 0.16 0.15 0.13 0.17 0.16 0.15
J

H#i™ 1.6 1.8 1.7 15 1.6 15 1.6 1.7 1.6 15 1.7 15
#it 3.6 3.3 3.6 3.5 3.4 3.6 3.5 3.4 3.6 3.5 3.4 3.8
o4, 1.0 0.8 0.9 1.0 0.9 1.0 0.9 0.8 1.0 1.0 0.9 11
i~ 52 51 47 47 48 47 49 48 46 41 48 38
c;t 112 113 105 108 111 110 115 110 108 107 112 106
C; 81 80 75 78 78 79 79 78 77 73 78 72
oo, 27 28 26 28 28 28 30 28 28 30 29 31
At 32 33 30 30 33 31 36 33 31 34 34 34

Machine provider perspective. The number of tasks as-
signed and the active time are similar for both constraints
and instance types. Figures 8-9 illustrate the differences
in idle times for both constraints. While the average idle
times are comparable, the maximum values and standard
deviations differ significantly between the groups of in-
stances, leading to more extreme values in the first case.
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Task customer perspective. Figures 10-11 present the rela-
tionship between 6 and 6*. For several instances, given
a level 0, a solution with a higher actual value 6* is
found, which is more accentuated in the model under Con-
straints (8). These constraints can effectively guarantee a
level of task-machine eligibility defined per task. However,
this will have an impact on the overall performance.

pOx%-+-ol

%

0.4 e

Fig. 11. Relation between 6 and 6* with Constraints (9)

Similarly, Figures 12-13 present the relation between 6%
and 67. Although there are some exceptions for lower
levels of 8T in both cases, the initial model finds, in
most instances, the solution that maximizes the level of
eligibility at the same time. These results motivate further
exploration of alternative model variants to uncover solu-
tions that address multiple perspectives simultaneously.

4. CONCLUSION AND PERSPECTIVES

This work addresses the MaaS scheduling problem with
task-machine eligibility levels, coordinating the sharing of
manufacturing resources in a centralized way guided by
total tardiness as an optimization criterion. Extensive nu-
merical experiments are conducted on instances generated
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based on state-of-the-art schemes to characterize the solu-
tions from the perspectives of task customers and machine
providers. The numerical experiments and the related
analysis provide preliminary guidelines for MaaS platforms
to align the interests of all stakeholders. A higher level
of task-machine eligibility implies a greater increase in
total tardiness, with greater flexibility when task-machine
eligibility constraints are integrated in a joint way. These
relationships are clear from an aggregate perspective but
remain obscure at a more detailed level. This study sheds
light on the quality and fairness of sequences proposed
within the MaaS framework, which are evaluated from
both global and individual perspectives for customers and
providers.

In future research, we plan to extend this initial work as
follows:

e Propose and analyze other MaaS-related optimization
criteria to balance the interests of customers and
providers at both network and individual levels.

e Incorporate additional constraints to the problem, such
as the time availabilities of providers or the availability
of tasks at different starting times or logistical aspects.

e Consider collaborative and dynamic settings where users
can accept or reject proposals.

e Extend the model to include negotiation mechanisms,
including cost configurations and dynamic pricing.
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