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Abstract

We propose an automated data-driven mechanism to evaluate each actuator’s influence on modular manufacturing system
objectives. This mechanism enables automated leader and follower selection in Stackelberg games, which have gained
traction in engineering. While leaders typically hold greater priority or influence, systematic methods for assigning lead-
ers and followers remain limited, especially in large-scale applications. As a result, many rely on empirical analysis to
assign leaders and followers, without confirming if the selected setup is optimal. Therefore, in this paper, we develop an
automated mechanism to evaluate the influence of each player on the global objectives of modular manufacturing systems,
applicable to both single- and multi-objective scenarios. We validate the proposed approach within an industrial control
scenario, using a modular Bulk Good System and its larger-scale arrangement with sequential and serial-parallel processes.
We focus on three objectives, including production flow disruption prevention, power consumption reduction, and produc-
tion demand fulfilment. Finally, we implement a self-learning algorithm utilizing Modular State-based Stackelberg Games,

where leaders and followers are selected using our approach, which leads to encouraging results.

Keywords Stackelberg games - Modular manufacturing systems - Process optimization - Production flow analysis -

Power consumption optimization - Game theory

Introduction

Modular manufacturing systems are defined by their char-
acteristic of flexibility and reconfigurability, which are
enabled through the use of standardized and interchange-
able modules (Friedrich et al., 2015). These systems allow
for dynamic adjustments in the production process by
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reconfiguring or replacing individual modules without
overhauling the entire system. As highlighted by Shaik
et al. (2015), Baldea et al. (2017), this modular approach
facilitates a highly adaptive manufacturing environment,
which enables the efficient management of various produc-
tion tasks and rapid responses to changes in product design,
demand, or operational needs.

Modularity in modern manufacturing is important, as it
significantly reduces production costs (Xu et al., 2020) and
improves system adaptability (Florescu & Barabas, 2020).
By allowing manufacturers to reconfigure individual mod-
ules easily, these systems facilitate mass customization,
which is increasingly in demand in sectors such as automo-
tive and electronics. For example, modular assembly lines
in the automotive industry enable the simultaneous produc-
tion of different vehicle models (Hottenrott et al., 2023),
while in electronics, modular systems provide the flexibility
to adapt to rapidly evolving technological standards (Weyer
et al., 2015). Additionally, modular systems are widely uti-
lised in industrial processes due to their ability to add or
remove stations within the production line (Schwung et al.,
2020; Yuwono & Schwung, 2023). Recent advancements in
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Industry 4.0 technologies, robotics, and Al-driven systems
have further strengthened the modularity of these manufac-
turing systems (Shaik et al., 2015; Baldea et al., 2017; Lop-
penberg et al., 2024), which enhances production efficiency,
enables real-time decision-making, and optimizes overall
system performance.

Modular manufacturing systems are generally designed
with global objectives that focus on optimizing various per-
formance metrics (Yelles-Chaouche et al., 2021; Yuwono
et al., 2024), for instance, production speed, production
flow analysis, power efficiency, and product quality. These
high-level goals shape the system’s configuration and
operational strategy, which necessitates careful coordina-
tion among the different modules to achieve optimal per-
formance. However, the complexity of these systems often
leads to challenges in assessing the contributions of indi-
vidual components (e.g. actuators) to those objectives, as
noted by Yuwono et al. (2024), Yuwono et al. (2024a), Diehl
et al. (2023). While actuators are vital for driving system
operations, their impact on overall performance differs sig-
nificantly based on their specific roles and interactions with
other modules.

The prioritization of actuators in modular systems often
relies on empirical analysis, as demonstrated by Yuwono et
al. (2024a), Maganha et al. (2018), Maganha et al. (2020).
However, accurately quantifying each actuator’s contribu-
tion to the system’s global objectives remains challeng-
ing due to the complex interactions between modules and
varying operational conditions. Modern production sys-
tems, equipped with extensive data collection capabilities
through advanced database management systems (Diéne et
al., 2020), provide a valuable potential resource for analyz-
ing actuator behaviour. By using these databases, manufac-
turers can move beyond trial-and-error methods to achieve
a more precise and data-driven optimization of actuator
performance.

To solve the challenges, we propose an automated
method that analyzes real-time data from the production
environment. These methods can identify the most influen-
tial actuators by evaluating various factors, like production
flow, power consumption, and overall operational perfor-
mance. For example, a module is labelled as a production
flow disruption module when it contains actuators that are
responsible for causing bottlenecks or overflow. The control
of these actuators is more critical than others for prevent-
ing disruptions in production flow in the system. Hence, by
implementing such data-driven methods, manufacturers can
improve the efficiency and adaptability of their systems,
which results in enhanced decision-making and more effec-
tive optimization strategies.

Additionally, the application of  Stackelberg
games (Simaan & Cruz, 1973), particularly Modular

@ Springer

State-based Stackelberg Games (Mod-SbSG) (Yuwono et
al., 2024a), has proven effective in enabling self-optimi-
zation in modular production systems through hierarchi-
cal decision-making. Stackelberg games represent a form
of strategic decision-making where one player, the leader,
makes a decision first, followed by other players, the fol-
lowers, who base their decisions on the leader’s choice.
Such hierarchical decision-making makes them ideal for
distributed control because this structure aligns well with
real-world production constraints, where some machines
or processes inherently have more influence over system
efficiency. Within modular production systems, the leaders
typically represent the more influential players in relation
to global objectives, while the followers play a less critical
role. In this context, we can incorporate our proposed data-
driven automated leader-follower selection method into the
Stackelberg game framework to enhance the self-optimiza-
tion capabilities of modular production systems.
The key contributions of this paper are as follows:

e We introduce an automated and data-driven mechanism
designed to analyze the influence of each actuator in
achieving the global objectives of modular manufactur-
ing systems, which consider real-time data from plant
operations.

e Weapply this prioritization to automate the selection pro-
cess of leaders and followers within Stackelberg games,
which enhances system performance optimization.

o We design our approach for modular manufacturing sys-
tems with both single and multi-objective global goals,
with a specific focus on analyzing production flow and
power consumption.

e We integrate our proposed approach into Mod-SbSG,
which significantly improves the game structure by
eliminating the need for empirical leader and follower
selection.

For testing and validation purposes, we implement our
methodology in Mod-SbSG across three different industrial
scenarios within two distinct industrial environments, which
demonstrates the practical effectiveness of our method in
real-world applications. Additionally, we perform ablation
studies on the proposed leader-follower selection methods
and examine the impact of using single versus multiple
evaluation methods for a given metric. Finally, we compare
our approach within Mod-SbSG to state-of-the-art self-opti-
mizing methods.

We have organized our paper into several sections. Sec-
tion “Literature review” provides a review of the related
literature. Section “Problem descriptions” outlines the
problem that we aim to address and explains the funda-
mentals of Mod-SbSG. In section “Automatic selection of
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leader-follower”, we comprehensively describe the pro-
posed automated selection method. Section “Experimental
results and discussions” presents the experimental setup,
along with the results and discussions. Finally, we conclude
our findings in section “Conclusions”.

Literature review

In this section, we review the existing literature on assess-
ment methods developed for modular manufacturing sys-
tems and the application of Stackelberg games within these
systems.

Modular manufacturing systems assessment
method

Modular manufacturing systems consist of numerous recon-
figurable modules, which makes it challenging to assess
their effectiveness, particularly in real-time. To evaluate the
performance of modular production systems, several meth-
ods have been developed, which focus on key aspects such
as efficiency, flexibility, and the system’s ability to adapt
to changing demand or production requirements. First, to
define these global objectives in real-world scenarios, key
performance indicators (KPIs) (Parmenter, 2015) are often
employed to measure system performance through met-
rics like throughput, efficiency, lead time, cycle time, and
downtime, as demonstrated by Kans and Ingwald (2019),
Zhang et al. (2022). Second, to map each component in the
system to these global objectives, a component-to-objective
matrix (Verhaelen et al., 2021) can be used, which provides
a clear connection between individual components and spe-
cific KPIs. However, assigning weight to these components is
often based on empirical analysis rather than a standardized
and systematic method, as noted by Yuwono et al. (2024a),
Maganha et al. (2018), Maganha et al. (2020). Third, to
evaluate each module’s influence on the global objectives,
techniques such as correlation analysis, sensitivity analysis,
production flow analysis, and overall equipment effective-
ness (OEE) contribution analysis are often applied (Huang
et al., 2002). A notable example of production flow analysis
is the use of Petri nets (Zhang et al., 2022). However, this
method is mainly limited to discrete systems.

With the increasing availability of real-time data from
industrial plants (Chen, 2020), identifying correlations
between the collected data and individual components,
and subsequently analyzing their impact on global objec-
tives, has become more feasible and precise. Therefore, we
propose a data-driven automated mechanism to analyze
the influence of each component, particularly actuators,
on global objectives in modular manufacturing systems.

For example, data-driven production flow analysis can be
applied to both continuous and discrete systems, which
offers broader applicability compared to methods like
Petri nets. This automated method can then be utilized for
automated prioritization of actuators to support system
optimization.

Stackelberg games in modular manufacturing
systems

Stackelberg games (Simaan & Cruz, 1973) are initially
introduced in economics and game theory, in which this con-
cept is applied to competitive scenarios involving hierarchi-
cal interactions. Stackelberg games aim to achieve optimal
outcomes at the Stackelberg equilibrium (Von Stackelberg,
2010; Fiez et al., 2020) and be effective across various
engineering fields, such as construction waste transporta-
tion (Wang & Yi, 2023), resource allocation (Chen et al.,
2020) and cyber-security (Zhang & Malacaria, 2021).
Modular production systems often contain modules with
an uneven impact on overall performance, such as those
with high energy consumption or bottlenecks. Standard
decentralized optimization treats all modules equally, which
overlooks these hierarchical differences. Meanwhile, Stack-
elberg games can model the interactions between different
decision-making entities and are often used to solve opti-
mization problems where each player aims to maximize
their own utility. In previous work, we applied Stackel-
berg games within state-based potential games (SbPGs) to
address multi-objective optimization for self-optimizing
modular production units (Yuwono et al., 2024). Addition-
ally, we introduced Mod-SbSG (Yuwono et al., 2024a) to
solve similar problems by establishing a hierarchy of lead-
ers and followers among the modules. Those approaches are
proven to outperform reinforcement learning (Schwung et
al., 2021) and vanilla SbPGs (Schwung et al., 2020, 2022).
The key benefits of Stackelberg games are that they can be
easily integrated into dynamic production settings, reduce
the need for brute-force simulations, and work well for large
numbers of players without requiring a centralized control
model. However, a key challenge in these studies was deter-
mining which control parameters should act as leaders or
followers, which is a task previously guided by empirical
analysis or low-level observation. This study aims to solve
this limitation by proposing an automated approach for
leader-follower selection.
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Fig. 1 A description of modular
production units configured with a
global objective
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Fig. 2 An illustration of a produc-
tion chain with serial-parallel con-
nected subsystems, each with local
objectives within its actuator
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Problem descriptions

This section outlines the optimization problems in modu-
lar manufacturing systems, where the system is divided
into multiple subsystems, each managed by its own local
control system, as illustrated in Fig. 1. Despite the modular
structure, the entire system operates with a global objective,
which can be either a single or multi-objective goal. Each
subsystem is equipped with one or more actuators respon-
sible for managing its processes, and within game theory,
each controllable actuator can be represented as a player i.
In real-world applications, modular systems often involve
a large number of players that must collaborate effectively,
without relying on a centralized control system.

Such systems with distributed controls have been charac-
terized as a production chain by Schwung et al. (2020) using
graph theory (Yamamoto, 2015), as depicted in Fig. 2. We
model the production chain as a combination of sequential
and serial-parallel processes, represented by an alternating
sequence of actuators and physical states that indicate the
process status.

In game theory, each actuator is associated with its own
local objective. As described by Yuwono et al. (2024), the
production chain is modelled as a dynamic sequence involv-
ing actuators N = 1,..., N, where each actuator A; has a
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set of continuous or discrete actions A; C R® x N?, and
the system operates over a group of states S C R™. The
edges between nodes, denoted as &£, exclude connections
between actuators and states of the form e = (4;, A;)
and e = (s;,s;), where A;,A; € N and s;,s; € S. For
each actuator A; € N, two sets of neighbouring states
are defined, such as the preceding neighbouring states
Sﬁiwr = {s; € S|Fe = (sj,A;) € £} and the subsequent
neighbouring states S-v , = {s; € S|3e = (A;,s;) € £}.

We consider that each player i has a local utility function
Ui(a;, SA), in which S4 € S4 =S/ US/,, USY,
withSY describingthestatesassociated with global objectives.
The local utility U;(a;, S4%) is considered to comprise sev-
eral individual sub-objectives, denoted as ugi) , ug) e u,(f),
with each utility function reflecting a different element of
the problem. In production systems, this set of objectives
for individual players i contains goals such as meeting pro-
duction demand, minimizing power consumption, prevent-
ing bottlenecks and overflow, and adhering to production
constraints.

Therefore, the global objective is to maximize the overall
system potential function ¢ defined as follows:

max qS(a, S), (1)

a;€A;
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which is achieved by jointly maximizing the local utilities:

max (ugl)
a;€EA;

(Si’ ai)v uél)(si’ ai)v cee ’ug)(siv ai))?

2

where k represents the number of objective functions that
need to be optimized.

Challenges arise from the stated problem descriptions, as
it is often difficult to identify which players exercise more
influence on the global objective ¢, which may contain either
a single objective or multiple objectives, and how their local
utilities U; correspond to this global objective. In Stackel-
berg games within modular production systems, including
Mod-SbSG, selecting optimal leader-follower pairs from
the set of players AV is challenging when the influence of
each player i on the global objective ¢ is unknown. As dis-
cussed by Yuwono et al. (2024a), players with greater influ-
ence are more effective as leaders due to their first-mover
advantage over followers. However, conducting empirical
analyses of each player’s influence in real-world systems is
nearly impossible, given the large number of players and the
complex interactions that drive system dynamics. This chal-
lenge is further compounded in continuous systems, which
are characterized by nonlinearities and uncertainties.

We then provide an overview of Mod-SbSG used in
this study. Mod-SbSG (Yuwono et al., 2024a) is a strategic
game structure designed for self-learning in modular pro-
duction units. It defines a set of leaders and followers from

Fig. 3 A schematic diagram of
Mod-SbSG in modular manufac-

the pool of players, as shown in Fig. 3. Mod-SbSG consists
of three sub-games (Yuwono et al., 2024a): (i) a coopera-
tive game for leaders, (ii) a cooperative game for follow-
ers, and (iii) a hierarchical game managing leader-follower
interactions. For the cooperative games, Mod-SbSG uses
a SbPG (Schwung et al., 2020) within each group, which
is effective and convergent for distributed systems. The
hierarchical interactions are modelled using a Stackelberg
game (Fiez et al., 2020).

The formal definition of an SbPG for the leader group,
where [ € £L={1,2,...,L} (the follower group, where
feF={12,...,F}), with L (F) representing the total
number of leaders (followers), respectively, is as follows:

Definition 1 A game I'r,(L, {U;}, S, P, ¢1.) Tr(F, Ar,
{Us}, S, P, ¢r) constitutes an SbPG for leaders (follow-
ers) if it satisfies the following conditions for the potential
function:

Uiy (aucrys 8) = Uiy (ay gy azigpys 8)

3)
= ¢rr)(as), 8) — oLy (@) gy, ai(p), 9),

and
orery(ausy, s') = driey(ays), s), 4)

for any state s’ in P(a, s).

[ SbPG for Leaders ]

turing systems (Yuwono et al.,
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The interaction between the leaders’ coalition strategy, Ay,
and the followers’ coalition strategy, A, is defined using a
Stackelberg game (Fiez et al., 2020) as follows:

Definition 2 Consider a game D's(N, A, ér,¢r) con-
sisting of a set of players N : £ x F with a leader group
L and a follower group F and their combined action
space A=Arx Ar € R™, where AL =a; X as X ...
Xm, € R™ and Ap =a1 X az X ... Xapy, € R"F.
Additionally, we denote an objective function ¢, : Ay, — R
for the leader group and an objective function ¢ : Ap — R
for the follower group. This game is termed a cooperative
Stackelberg game if the following optimization problem is
addressed:

ma ar,ar)lap € arg ma ar,y)},
aLEj\iLWL( L.ar)lar ygeAFX¢F( Ly} (5)
agleaj(F ¢r(ar,ar). (6)

Finally, Mod-SbSG is formulated as follows:

Definition 3 A game I'(V, L, F, A, {u;},S,P,{¢L, or})
is referred to as a Mod-SbSG if the decision-mak-
ing within leaders and followers is handled by
the two SbPGs TI'p(L,Ar,{U;},S,P,¢r) and
I'p(F,Ap,{Us}, S, P, ¢r), while the interactions between
leaders and followers are modelled as Stackelberg game

FS(Na Av ¢L7¢F)’

This approach proves to be ineffective in real-world applica-
tions, where a large number of players with complex inter-
actions complicate the analysis. Additionally, in flexible
manufacturing systems, modules can be added, removed,
or repositioned, which necessitates a re-evaluation to deter-
mine which players should assume leader and follower roles.
Therefore, without an automatic mechanism for leader-fol-
lower selection, the performance of the Mod-SbSG cannot
be guaranteed to be optimal, as it is highly sensitive to the
identification of critical leaders.

In this study, we propose a data-driven approach to ana-
lyze production systems using operational data. This method
aims to establish an automated mechanism for prioritizing
actuators, which can then be utilized to select leaders and
followers in Stackelberg games, including Mod-SbSG. The
approach involves quantifying the priority of each player
i € N into scalar priority values w;, where w; : ¢ — R and
1) represents the set of priority values for all players. Lead-
ers shall be selected based on these priority levels. We con-
sider two cases. If we are interested in finding one leader, we
choose the player L with the highest priority value yielding

@ Springer

L = argmax w;.

zge/\f ' %
As for large-scale real-world environments, only one leader
is overly restrictive, we alternatively select the top K play-
ers resulting in the leader group £ according to their priority
values:

L = tOpKiGN W (8)

where topK indicates the top-K indicator.

Automatic selection of leader-follower

The selection of leaders and followers in a Stackelberg game
within modular manufacturing systems is determined by the
priority of each player. Players that have a greater influence
on global objectives are regarded as having higher priority.
In our previous research (Yuwono et al., 2024a), we identi-
fied that the leaders should be the players with the highest
priority, while the remaining players can serve as follow-
ers. Therefore, in this section, we present our proposed
automated method for selecting leaders and followers for a
Stackelberg game, which utilises data collected from opera-
tional processes in a general modular production system.

Overview of the automatic selection method

As discussed in section “Problem descriptions”, a modular
system is managed by a global objective function ¢, while
each player i operates according to a local utility function
U;, which may or may not align with ¢. Determining each
player’s influence on the global objective ¢ when assigning
roles as leaders or followers in Stackelberg games remains
a challenging task. An additional challenge arises from the
fact that modular systems often consist of interconnected
instances based on flow models, where each instance may
have its own set of multi-objectives. Therefore, analyzing
individual local utility functions U; in relation to the global
objective ¢ is insufficient. However, modern manufactur-
ing systems typically have access to real-time and historical
data from their operations. This provides an opportunity to
develop an automated and data-driven method that uses sys-
tem databases to evaluate and select leaders and followers in
Stackelberg games more effectively.

In this study, we propose an automated and data-driven
framework for analysing each player’s performance in rela-
tion to the global objective ¢, which is designed to accom-
modate either a single metric or multiple metrics, depending
on the system’s needs. Each metric corresponds to a specific
system objective, e.g. power consumption or production
flow analysis. The evaluation of these metrics is aggregated
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by assigning weights according to their relative importance,
which enables a systematic approach to determining the
suitability of players for leadership roles. Fig. 4 presents an
illustration of the proposed framework applied to a 5-player
modular production system with multiple objectives.

The proposed framework consists of three key processes.
First, we define the number of evaluation metrics relevant to
the global objectives ¢ and identify one or more measure-
ment methods for each metric. Second, if multiple meth-
ods are available for a particular metric, we determine how
to combine them and establish a method for integrating
the various evaluation metrics. Third, we select a method
to determine which players assume leadership or follower
roles in Stackelberg games, for which we propose three dif-
ferent approaches in this study. These steps are detailed fur-
ther in the next subsection.

Implementation in modular manufacturing systems

Key components in manufacturing system analysis include
production flow, power consumption, resource allocation,
and process efficiency. For instance, production flow analy-
sis often covers bottleneck analysis, overflow analysis, and
production demand analysis. Meanwhile, power consump-
tion analysis focuses on energy efficiency. Each component
plays a crucial role in understanding and improving manu-
facturing workflows.

In nearly all industrial scenarios, two key components,
i.e. production flow analysis and power consumption analy-
sis, are fundamental within modular manufacturing sys-
tems. From these components, we establish two evaluation
metrics derived from operational data for the first step of the
proposed workflow. Each metric can be assessed through
various methods and then combined, ultimately integrating
both into a scalar evaluation value for each player i. Hence,
this workflow allows us to identify the players best suited
for leader and follower roles in Stackelberg games. These
steps are elaborated in the following subsections.

Production flow analysis

Analyzing a process flow involves identifying points where
the workflow is constrained, which results in a slowdown of
overall throughput, as well as areas where excess production
leads to overflow. Common criteria for this analysis include
examining regions where queues frequently accumulate,
where resources are consistently overutilized, or where
there are significant delays in task completion relative to
other stages of the process. Bottlenecks may display specific
stages that consistently exceed their allocated time or cause
delays, while overflow occurs when production surpasses
capacity. Metrics such as cycle times, queue lengths, and
resource utilization rates can provide an understanding of
the presence of bottlenecks and overflows.

Figure 5 depicts three potential scenarios in a modular
manufacturing system with sequential processes that may
lead to disruptions in production flow. In this context, we
assume that player i is responsible for controlling an action
from actuator a;, which is situated between two reservoirs
with actual volumes V; and V;;; for the prior and next
reservoirs, respectively. The first scenario occurs when V;
is nearly empty while V;;; is almost full. This situation
poses a risk of a bottleneck due to the close overflow and
insufficiency of resources. The second scenario represents
an ideal state where both V; and V;;; are well-balanced,
neither approaching overflow nor shortage, which is the
target condition that the player aims to achieve. The third
scenario arises when V; is nearly full and V;; is almost
empty, which creates a potential bottleneck as overflow and
emptiness become likely. Furthermore, the volume of each
reservoir is influenced not only by the actions of a; but also
by those of neighbouring players, such as a;_1, and can be
affected by additional neighbouring players in sequential-
parallel processes.

Therefore, we propose three methodologies for analys-
ing the production flow using real-time or historical data
from operations that consider the described scenarios,
such as (1) ramp-up with maximum actions, (2) sampled
random actions concerning next states and actions, and (3)
sampled random actions concerning next states, actions, and

Fig.4 An illustration of the auto-

mated selection process within a
modular production unit consisting
of five players, which utilises vari-
ous evaluation metrics
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Fig.5 Potential scenario of a player
i for disrupting production flow

in a modular production unit with
sequential processes

neighbouring actions. To be noted, the random sampling
remains constrained within the action space of the related
actuator. The first method focuses on assessing the upper
limits of each player’s capabilities, which aims to iden-
tify the maximum actions they can undertake. The second
method is designed to evaluate potential production flow
disruptions by exploring the available action space for each
player. The third method extends the second by incorporat-
ing an exploration of neighbouring action spaces, which
allows for a more thorough analysis of the system dynam-
ics. The details of each methodology for continuous systems
are outlined as follows:

1. Ramp-up with maximum actions: We implement a
ramp-up strategy by considering the maximum possible
action T}, for each player (actuator) i within a defined
timeframe (e.g. 10,000 s). Subsequently, we assess the
likelihood of disrupted production flow situations aris-
ing from each player i, which is formulated as follows:

t=T,
pi— L '
R

Vi(t)  Viga(t)
ma (0’ Vi | Vidl

) dt, (9)

where B{ is the production flow evaluation value for
each player i for the first method a.

@ Springer

Remark 1 The measurement of the evaluation value using
different methods in this study can also be applied to dis-
crete systems by converting integrals into sums in the rel-
evant equations. For instance, in Eq. (9), the evaluation
function for a continuous system can be transformed into
a discrete system by converting the integral into a discrete
summation, as follows:

D—1
a_ 1 Vi(ta) Viga(ta)
B} = 5} dE:O max <O, Vi - i1 (10)

where t; represents the
d=0,1,...,D.

discrete time points with

2. Sampled random actions concerning next states and
We introduce variability by not employing
maximum actions at all times, which provides a rep-
resentation of the real dynamics of the system. This
method selects random uniform actions within the
defined timeframe, where each player i is assigned the
same constrained random action. This method effec-
tively catches the non-linearities inherent in the behav-
iours of actuators concerning their resulting material

actions:
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transfer outputs. The second method is defined in the
following equation,

t=T, ( Vi(t) Vi+1(t))
o P max (0, 52 — S5 ) di
pb _ 20 Viax Vit Can

=T,
’ T ai(t)dt

3. Sampled random actions concerning next states,
actions, and neighbouring actions: Similar to the pre-
vious method, this method however takes into account
neighbouring actions and is defined, as follows:

1 =T

By

i = T - Wiz max <07 (Vi(t+1) = Vi(1)) a;(t) )

A;—1 (t)

’i t
+ i1 max (07 (Vi (t+ 1) = Viga () 2124 )> n

(12)

ai(t)

where we assume a;_1 # 0 in the first section and
a; # 0 in the second section, otherwise the respective
section directly equals 0.

Following the computation of the production flow evalu-
ations using the three methods, we need to aggregate the
results to quantify the influence of player i on production
flow issues. We propose using an averaged softmax function
to combine these outputs. This approach effectively normal-
izes and blends the results, which enhances interpretability
while minimizing the impact of outliers. The softmax calcu-
lation is expressed as follows:

abe 1 eBié Bl eBi
U(g)i’b’ 3< = + - > (13)

J’_
Eé\;leBi Ej.‘f:leBa Zé\f:ler

A higher value of U(E)?’b’c increases the likelihood of
player i being selected as a leader. To be noted, this method
is not the only option for combining the evaluation results,
as it may vary depending on the specific evaluation methods
and production scenarios. In this instance, we assume equal
weights for all methods. However, different scenarios could
necessitate alternative solutions. In addition, we analyse this

approach in the ablation study of our experiments.

Power consumption analysis

Power consumption analysis is a crucial aspect of ensuring
efficiency in production systems, as it directly impacts both
operational costs and sustainability. One key approach is
to analyze the power consumption of each actuator within
the system, as these components often represent significant
energy use. By evaluating the proportion of power con-
sumed by each player i relative to the overall system, we can
identify inefficiencies and opportunities for optimization,

which means the player that influences more in the total
power consumption of the overall systems is more crucial.
This player is then closer to being assigned as a leader.

In this study, we propose two evaluation methods for this
criterion, which are (1) ramp-up with maximum actions and
(2) sampled constrained random actions. Unlike the produc-
tion flow analysis, the power consumption calculation is not
influenced by neighbouring actions, which makes the inte-
gration method unnecessary. The details of each methodol-
ogy for continuous systems are outlined as follows:

1. Ramp-up with maximum actions: A ramp-up strategy
is implemented by considering the maximum possible
action 7, for each player i within the defined time-
frame, as formulated in the following equation,

1 t=T,

Pt = Py(t) dt. 14
K3 TI =0 ( ) ( )

2. Sampled random actions: This method includes the
non-linear relationship between the selected action and
power consumption. In this approach, random uniform
actions are chosen within the defined timeframe, and
the formulation is given, as follows:

t=T,
pb_ o Pi(t)dt

=T, :
S at) dt

(15)

Following the computation of power consumption using
two methods, we measure the contribution of each player
i in each method to the potential causes of high power con-
sumption similar to Eq. (13), as follows:

P P}
a<?>?*b=;< o+ — ) (16)

pPe b
Zé\f:le J Eévzlepj

A higher value of O’(?)?’b increases the likelihood of player
i being selected as a leader. Similar to the production flow
analysis, this softmax combination method is not the only
solution, since its applicability depends on the specific eval-
uation methods and production scenarios. We also examine

this in the ablation study of our experiments.

Combination of evaluation metrics

After providing two general objectives in real-world manu-
facturing applications, we apply the approach of combin-
ing various evaluation metrics into a single function. This
method is specifically suited for potential functions involv-
ing multiple objectives, as there is no need to combine
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metrics when dealing with a single-objective scenario. To
integrate those evaluation metrics, a weighted formulation
is applied, as it enables the inclusion of different levels of
importance or relevance for each metric, which depends on
the system’s specific requirements. We quantify the priority
of a player 7 using the following mathematical formulation:
wt = avo(g)?’b’c + apo(?)?’b, (17)
where w? represents the priority value for player i to become
a leader, and ay, ap are the weights assigned to production
flow and power metrics, respectively. This flexibility allows
users to adjust focus based on specific priorities, which
ensures a more balanced and comprehensive assessment.
Players with a higher likelihood of causing troubles in the
production flow, combined with significant power consump-
tion, are expected to be more critical and therefore more
likely to be selected as leaders. An illustrative example of
the automatic leader-follower selection, using arbitrary val-
ues in a 5-player Stackelberg game within a modular pro-
duction system, is shown in Fig. 6.

Remark 2 Players selected as leaders in a Stackelberg game
are typically those most sensitive to causing bottlenecks and
overflow within modular production systems, as disrup-
tions in production flow often occur when passing through
these players. They are assigned leadership roles because
their high sensitivity to bottlenecks and overflow limits their
degree of freedom, which makes them less adaptable. As
first-movers in the game, they gain strategic advantages that
help mitigate their constraints and improve overall system
performance.

Note that the approach is not limited to the two evaluation
metrics provided. If additional objectives are identified for
a specific system, corresponding evaluation metrics can
be developed to address those objectives. In such cases,
Eq. (17) can be reformulated to incorporate the new met-
rics, which allows for flexible adaptation to various system
requirements.

Leaders-followers selection in Stackelberg games

Lastly, after combining the evaluation metrics and calculat-
ing the priority value for each player w? , the challenge lies
in determining which players should be assigned as leaders
and which should take on follower roles. To address this, we
propose three simple methods for leaders-followers selec-
tion. The effectiveness of each method depends on the spe-
cific characteristics of the controlled system and the number
of players involved:

1. Threshold-based decisions: A player i is assigned as
a leader if its priority value w? exceeds a predefined
threshold parameter 01,. Otherwise, the player becomes
a follower. This can be formulated as:

_ {Leader I, wb>0r, (18)

Follower f, otherwise.

2. Fixed number of leaders: The number of leaders is pre-
defined as G. Players with the top G priority values are
selected as leaders, while the rest become followers.
This is expressed as:

TR th
' Leader I, wL' within the G
7= highest values, (19)
Follower f, otherwise.

3. Threshold-based decisions with a fixed number of lead-
ers: This method combines both threshold-based and
fixed-number approaches. A player is selected as a
leader if its priority value w? exceeds the threshold 6,
and is within the top G values. The formulation is as
follows:

(wh > 0) A (wh within
) Leader [, h
1= the G* highest values),  (20)
Follower f, otherwise.

By applying one of the three proposed methods, we can
automatically generate a list of leaders and followers based

Fig.6 An example of an automatic

selection of leaders and followers 4 P ™\ e P N P
in a 5-player Stackelberg game ayer ayer ayer
with two primary objectives, such 2 3 4

as avoiding disruptions in produc-

tion flow and reducing power
consumption

Disruption

Production

Follower

Leader I

| Followerl l Leader I

| FoIIowerI
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on the collected operational data. This enables a data-driven
and systematic approach to leader-follower selection, which
can then be employed in a Stackelberg game for optimizing
the performance of the modular manufacturing system.

Experimental results and discussions

We apply the proposed data-driven automated leader-
follower selection to two laboratory testbeds, such as the
Bulk Good Laboratory Plant (BGLP) and its larger coun-
terpart, using the two evaluation metrics discussed in sec-
tion “Implementation in modular manufacturing systems”.
For the larger testbed, we introduce two distinct industrial
setups, including sequential and serial-parallel processes.
After determining the leader and follower sets, we imple-
ment them in Mod-SbSG and compare the results with those
obtained using Mod-SbSG based on empirical leader-fol-
lower selection methods.

Testing environments

In this subsection, we provide a detailed explanation of the
two laboratory testbeds used for the experiments.

A bulk good laboratory plant

The BGLP (Schwung et al., 2020) is widely utilized in
research due to its role as a smart and modular manufacturing

1 '
' [
Station 4 [
] '

Station
& Actuator 1 \ e mm——
- Type: |1 Maximum Capacity
! Conveyor Belt 1) Silo: 17.42L
- Location: : 1 Hopper: 9.1L
[ Module 1 ' Vecccccccaaa-
- Control Parameter: 1
Rpm :
1
1

1
:- Control Boundary:
' 0(450)..1800min"!

.' Actuator 2
- Type:
Vacuum Pump
- Location:
Module 2
- Control Parameter:
Switched-on duration
- Control Boundary:
\ 0...4.575 sec

______________

Actuator 3
Type:
Vibratory Conveyor
- Location:

Module 2
- Control Parameter:

On/Off
- Control Boundary:
v 0...9.5 sec

Fig. 7 Bulk Good Laboratory Plant (Yuwono et al., 2024)

system, which supports decentralized control. As shown in
Fig. 7, the BGLP’s primary objective is to transfer bulk
goods from the initial station to the final station through a
series of actuators and buffers, which are installed at each
station. The system consists of four stations, which are
loading, storage, weighing, and filling. Since each station
contains different actuators, the control parameters for each
actuator vary. The detailed arrangement of the actuators and
buffers within the BGLP is described in Fig. 7.

The primary objective of controlling the BGLP system is
to satisfy production targets while minimizing power con-
sumption and avoiding production flow disruptions at each
station. The BGLP serves as an ideal testing environment
for this study due to its modular design, where each player
(actuator) is tasked with multiple objectives. Notably, the
influence of each actuator on maximizing the global objec-
tive is unevenly distributed. For instance, certain actuators
may consume more power to transport an equivalent vol-
ume of material, or others may have a higher likelihood of
causing disruptions in production flow. Additionally, both
power consumption and material transport exhibit non-
linear behaviours concerning their control variables. As a
result, a cooperative strategy among the actuators is essen-
tial, even under decentralized control conditions.

The modular design of the system leads to high flexibil-
ity by allowing for the repositioning of each module in dif-
ferent sequences or complete uninstallation. Each module
is equipped with its PLC-based control structure, which
consists of various sensors for monitoring buffer fill levels

Module 4 - Filling 1
Station !

Actuator 4
- Type:
Vacuum Pump
- Location:
Module 3
- Control Parameter:
Switched-on duration
- Control Boundary:
' 0..95sec

Actuator 5
- Type:
Conveyor Belt
- Location:
Module 3
- Control Parameter:
Rpm
- Control Boundary:
0(450) ... 1450 min! |

______________

______________

Actuator 6
- Type:
Vacuum Pump
- Location:
Module 4
- Control Parameter:
Switched-on duration
- Control Boundary:
0...9.5sec
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and controlling actuators as well as a Siemens ET200 SP,
and a communication system between modules by utilizing
Profinet technology. An RFID reader and tag are integrated
into each module to enable stations to differentiate between
modules in the production flow. The simulation of the BGLP
environment is available in the open-source frameworks of
MLPro! framework (Arend et al., 2022) and MLPro-MPPS?
framework (Yuwono et al., 2023).

In our learning setup and production scenarios, we imple-
ment a continuous dosing mode, where the primary objec-
tive is to achieve a specified mass flow while minimizing
power consumption and adhering to production constraints.
We utilize the standard configuration of the modules, spe-
cifically 1-2-3-4, and define each actuator as an agent that
learns through associated actions a® and states, which rep-
resent the level measurements in both the preceding and
following buffers in the sequence, refer to Fig. 7 for a
schematic overview. Our focus centres on two objectives,
including production flow disruption avoidance and power
consumption reduction, under the assumption that produc-
tion demand is satisfied. The utility function addressing the
production flow objective is constructed using a flattened
version of a bivariate normal distribution function (Plackett,
1965) and is formulated in conjunction with the power con-
sumption objective as follows:

E, =
! X
2mo,05/1 — p? ) E. <0, (21)
o [w,,—up)? _gpWimep) Vi1 —ie) | (vlﬂ—»mz]) v =
e 2(1—p2) o2 TpIs o2 ,
0y, otherwise
. 1
E = 22
o1+ P’ (22)
_ % %
E; =w,E} + w,E}, (23)

where P; denotes the power utilization for the current itera-
tion. 67 acts as a parameter that flattens the function, which
grants the player greater flexibility in decision-making. The
parameters o, 0s, p, [ip, and ji, are derived from the bivar-
iate normal distribution function, which effectively cap-
tures the characteristics of the underlying distribution. The
weights w, and w,, are introduced to manage the relation-
ship between the two components within the utility func-
tion. To prevent overflow in both the subsequent and prior
buffers, we impose constraints represented by V; and V;4 1,
defined as follows:

! https:/github.com/fhswf/MLPro.
2 https://github.com/fhswf/MLPro-MPPS.
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T] .
Vi= / Wonismi (hy) dt,
0 (24)

Tr .
Vit =/ Whismi(hy)dt,
0

where H, 1", and H' represent the upper limits for the respec-

tive level measurements.

A larger-scale bulk good laboratory plant

The larger-scale BGLP (LS-BGLP) builds upon the original
BGLP by incorporating a greater number of stations, actua-
tors, buffers, and their corresponding variants. This expan-
sion results in an increased player count, thereby adding
complexity to the interactions among players. Notably, the
LS-BGLP s available in a digital format and can be accessed
publicly through the MLPro-MPPS? framework (Yuwono et
al., 2023).

To illustrate the flexibility of the LS-BGLP and the pro-
posed automated leader-follower selection methodology, we
present two different operational settings, i.e. one featuring
sequential processes and the other utilizing serial-parallel
processes. Comprehensive details regarding the configura-
tions of stations, actuators, and buffers in the LS-BGLP can
be found in Yuwono et al. (2024a). We also use the same
utility function as formulated for the BGLP in Eq. (23).

Here are the two different operational settings:

1. Sequential processes: In this configuration, materials
flow sequentially, with each station being visited in a
predetermined order before progressing to the next.
This setup resembles the previously described BGLP
but features a more complex arrangement. The system
comprises 14 players, each equipped with two pieces
of state information, such as the fill levels of the pre-
ceding and subsequent buffers. Fig. 8 illustrates the LS-
BGLP operating under sequential processes, which has
been used in our recent research (Yuwono & Schwung,
2023a; Yuwono et al., 2024a).

2. Serial-parallel processes: In this configuration, we
enhance the system by arranging some stations in par-
allel, as shown in Fig. 9. This adjustment creates an
even more complex structure, which serves to validate
the adaptability of the proposed method within flex-
ible manufacturing systems. Although the total number
of players remains at 14, several players now possess
additional state information, with two buffers either
preceding or succeeding the actuators. Furthermore,
some players are linked to more than two neighbours,

3 https://github.com/fhswf/MLPro-MPPS.
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Fig.8 Larger-Scale Bulk Good Laboratory Plant (Yuwono & Schwung, 2023a)
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Table 1 Results of production flow evaluation methods for each actuator on the BGLP

Methods Actuator
1 2 3 4 5
a RBe 0.331302 0.010777 0.004130 0.922786 0.001822
a(ﬁ)f 0.201098 0.145951 0.144984 0.363318 0.144650
b B 0.402203 0.060551 0.199813 1.439319 0.005602
U(ﬁ)? 0.166084 0.118019 0.135654 0.468535 0.111709
c c 0.248736 1.036008 1.123861 0.455133 0.118544
a(ﬁ)f 0.129807 0.285237 0.311430 0.159564 0.113961
U(?){z,b,c 0.165663 0.183069 0.197356 0.330472 0.123440

with one buffer being influenced by three actuators.
This complexity underscores the need for cooperation
among players and increases the sensitivity of action
computations concerning global objectives. Addition-
ally, it raises the likelihood of encountering production
flow disruption scenarios. We have used this configura-
tion in our recent research (Yuwono et al., 2024a).

Automatic selection of leaders-followers

We apply the proposed automatic selection method for lead-
ers and followers, as described in section “Automatic selec-
tion of leader-follower”, to both the BGLP and LS-BGLP.
The results from these implementations are presented in this
subsection.

Leaders-followers on the BGLP

We evaluate the potential impact of each player (actuator)
in terms of their contributions to production flow disrup-
tion and power consumption, with the results detailed in
Tables 1 and 2. Following this assessment, we combine
both evaluation metrics and define the weighting propor-
tions accordingly. Our choice to prioritize production flow
analysis stems from the BGLP’s heightened sensitivity to
this objective, given that the primary focus is on satisfying
production demand. Once this demand is satisfied, we can
then redirect our efforts toward optimizing power consump-
tion. The final outcomes of the automatic selection process
for leaders and followers are summarized in Table 3. To
determine the number of leaders, we utilize the combina-
tion method outlined in Eq. (20) by setting the threshold
parameter 61, to 0.18, while varying the number of leaders G
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Table 2 Results of power consumption measurement methods for each actuator on the BGLP

Methods Actuator
1 2 3 4 5
a pa 0.050500 0.304999 0.026900 0.455995 0.370000
0_(?){1 0.162788 0.209966 0.158991 0.244189 0.224067
b pb 0.090549 0.325161 0.053842 0.500924 0.484447
a(?)’? 0.160810 0.203331 0.155014 0.242403 0.238441
U(ﬁ)q,b 0.161799 0.206649 0.157003 0.243296 0.231254

Table 3 Results of leadership priority measurement for each actuator
on the BGLP

Priority ~ Actuator

Value | 2 3 4 5

Wi 0.165277 0.185427 0.193320 0.321755 0.134221

ot =09,ap =0.1

Table 4 Results of production flow evaluation methods, power con-
sumption measurement methods, and leadership priority measurement
for each actuator on the LS-BGLP with sequential processes

Actuator J(ﬁ)?,b,c J(?)?,b Wi B
ay = 0.9,
ap =0.1

1 0.042122 0.062815 0.044191

2 0.085299 0.092769 0.086046

3 0.119149 0.060876 0.113322

4 0.044423 0.060795 0.046060

5 0.038389 0.061644 0.040714

6 0.131381 0.067843 0.125027

7 0.039872 0.060888 0.041974

8 0.045802 0.092095 0.050431

9 0.037242 0.060937 0.039612

10 0.074345 0.060797 0.072990

11 0.223860 0.089896 0.210464

12 0.046280 0.060382 0.047690

13 0.035698 0.060334 0.038162

14 0.036137 0.107930 0.043316

between 1 and 3. To be noted, we explore the three proposed
methods for selecting leaders and followers in the ablation
study later in this section.

As a result, Actuators 4, 3, and 2 are identified as the
potential leaders in that specific order. The result is logi-
cal, as Actuator 3 operates with a binary control parame-
ter, which limits its degree of freedom compared to other
components with continuous control options. Additionally,
vacuum pumps, i.e. Actuators 2 and 4, are shown to be the
primary contributors to power consumption in the system.

Leaders-followers on the LS-BGLP with sequential
processes

We implement a similar methodology to the LS-BGLP
with sequential processes, and the results are presented in
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Table 4. To determine the number of leaders in this scenario,
we apply the threshold-based decision method as specified
in Eq. (18) by setting the threshold parameter 6, to 0.08.
Given the substantial number of players in the LS-BGLP, it
becomes challenging to establish a fixed number of leaders,
which leads us to utilize this adaptive approach. As a result,
Actuators 2, 3, 6, and 11 are identified as the leaders in this
configuration.

The result of the automatic selection method is under-
standable, as Actuators 2 and 3 are positioned at the initial
stages of the sequential process. Their behaviour is critical
because if production flow is disrupted early on, the entire
process is affected. Additionally, Actuator 6 is strategically
significant due to its ability to transport more goods with
less power compared to other vacuum pumps like Actuators
2 and 8. Moreover, its position between two less intensive
actuators (Actuators 5 and 7) requires it to adapt to the sur-
roundings. Furthermore, the top four contributors to power
consumption are Actuators 2, 8, 11, and 14. However, Actu-
ator 14 is not critical, as production flow through this actua-
tor is rarely problematic. Positioned as the final controlled
actuator that regulates outflow, Actuator 14 benefits from a
downstream buffer, a large 30 L silo, which allows it greater
flexibility. Similarly, Actuator 8 is not crucial for influenc-
ing overall production flow.

Leaders-followers on the LS-BGLP with serial-parallel
processes

We again implement a similar approach to the LS-BGLP
with serial-parallel processes. The power consumption mea-
surement method is adapted from Table 4, as they share the
same set of actuators. However, the production flow evalu-
ation methods need to be recalculated due to changes in
sequences and neighbouring relationships. The results of
this analysis can be found in Table 5.

To determine the number of leaders in this configuration,
we utilize the threshold-based decision method outlined in
Eq. (18) by setting the threshold parameter 67, to 0.07. As a
result, Actuators 3, 8, and 11 are identified as leaders. The
effectiveness of the automatic selection method is evident, as
Actuators 3 and 8, located in Stations B and E respectively,
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Table 5 Results of production flow evaluation methods, power con-
sumption measurement methods, and leadership priority measurement
for each actuator on the LS-BGLP with serial-parallel processes

Actuator U(ﬁ)t;,b,c J(ﬁ)?’b (&}:L/ s,
ap =0.1
1 0.038835 0.062815 0.041233
2 0.042898 0.092769 0.047885
3 0.120641 0.060876 0.114665
4 0.040346 0.060795 0.042391
5 0.037764 0.061644 0.040152
6 0.048037 0.067843 0.050018
7 0.038364 0.060888 0.040617
8 0.069999 0.092095 0.072209
9 0.038552 0.060937 0.040791
10 0.042111 0.060797 0.043980
11 0.344301 0.089896 0.318860
12 0.045086 0.060382 0.046616
13 0.037934 0.060334 0.040174
14 0.055130 0.107930 0.060410

are pivotal in ensuring the inflow and outflow of the parallel
processes, which makes them particularly susceptible to dis-
rupted production flow situations. Additionally, Actuators 8
and 11 exhibit two of the highest power consumptions, fur-
ther solidifying their roles as leaders in this configuration.

Results on modular state-based stackelberg games

After identifying the potential leaders and followers using
our proposed method, we utilize the designated leaders and
followers to implement the Mod-SbSG with gradient-based
learning techniques (Yuwono et al., 2024a, b). For the multi-
step optimization for followers, we employ the gradual
reduction method, where 07°¢ = 100,07%%. . = 0.999975,

g,decay
as proposed in Yuwono et al. (2024a). This implementation
is then compared to the results from Mod-SbSG, which
employs leaders and followers selected based on empiri-
cal analysis and low-level observations grouped into three
categories:

e Empirical analysis on maximum power consumption.

e Empirical analysis on the ability to transport materials.

e Empirical analysis on the supply and output to the
system.

To evaluate various experimental configurations, we ana-
lyze four performance metrics during testing, such as pro-
duction demand fulfilment, power consumption, overflow,
and potential values. This methodology passes training over
200 episodes, with each episode consisting of 1,000 cycles.
The results are later validated by testing the algorithm
across 50 episodes by keeping the cycle count consistent for
each episode. Additionally, we keep to all hyperparameters

Table 6 Results of Mod-SbSG with gradient-based learning on the
BGLP

Cat. Leader(s) Demand Power Overflow Potential
[L/s] [kW/s] [L/s]

Automatic selection of leaders-followers

- PL 4 0.000000 0.570559 0.000001 4.285951
Pl1.3,4 0.000000 0.536387 0.000000 4.595327
P1.2,3,4  0.000000 0.560903 0.000002 4.083296

Empirical analysis

Power  PL4,5 0.000000 0.582448 0.000000 4.019866

PL.2,4,5 —0.000012 0.582333 0.000125 3.714866
Transport Pl 1,4 0.000000 0.591060 0.000098 4.006810
Demand PL 1,5 0.000000 0.593379 0.000000 3.995318

Table 7 Results of Mod-SbSG with gradient-based learning on the LS-
BGLP with sequential processes

Cat. Leader(s) Demand Power Overflow Potential
[L/s] [kW/s]  [L/s]

Automatic selection of leaders-followers

- PL. 2,3, 0.000000 1.213437 0.003355 25.408335
6,11

Empirical analysis

PL. 2,38,

11,14

Transport Pl. 3,6
PL. 3, 6,
12

Demand Pl 1, 14

Power —0.000070 1.213767 0.012682 22.199792

0.000000 1.330153 0.000262 23.559884
0.000000 1.353107 0.000689 23.065049

0.000000 1.358097 0.070290 22.493849

proposed in Yuwono et al. (2024a), including a constant
production demand of 0.15 L/s.

Results on the BGLP

Table 6 presents the comparative results of Mod-SbSG with
gradient-based learning, which contrasts the selections of
leaders-followers made through the proposed automatic
selection method with those based on empirical analysis.
The findings indicate that the proposed method enhances the
overall performance of the systems compared to the empiri-
cal approach. Specifically, production targets are satisfied,
power consumption is reduced by up to 9.6%, overflow is
effectively avoided, and potential values improve by up to
23.7%. This demonstrates that the appropriate selection of
leaders and followers in Mod-SbSG significantly contrib-
utes to achieving more optimal solutions.

Results on the LS-BGLP with sequential processes

We also conducted the same experiments on the LS-
BGLP with sequential processes. As the number of actua-
tors increases, the complexity of the system also rises.
The results, presented in Table 7, indicate that production
demand is satisfied, although overflow incidents still occur.
However, these have been significantly reduced by up to
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98.2% compared to the empirical analysis. Additionally,
power consumption remains relatively low, which shows a
reduction of up to 10.7%, while the potential value increases
by up to 14.5%. These findings suggest that the automatic
selection method continues to be effective, and may even
prove more beneficial in larger-scale environments with a
greater number of actuators.

Results on the LS-BGLP with serial-parallel processes

We then applied a similar experiment to the LS-BGLP with
serial-parallel processes, with the results detailed in Table 8.
In this more complex setup, where each player must interact
with a larger number of surrounding players, the accurate
selection of leaders and followers becomes increasingly
important. Utilizing the proposed automatic selection
method, we successfully achieved a production demand
of 0.15 L/s, reduced power consumption by up to 8.1%,
decreased overflow incidents by up to 50.9%, and enhanced
the potential value by up to 15.4%. These outcomes further
demonstrate that the proposed method outperforms empiri-
cal analysis and remains effective across three distinct
industrial settings.

Analysis of scalability and computational costs

After testing Mod-SbSG in three different environments, we
observed that the proposed leader-follower selection method
significantly reduces computational costs. The reduction in
computational costs is a key advantage of our approach,
which can be evaluated across three scalability dimensions.
First, due to its distributed nature, calculations scale lin-
early with the number of players, as each player analyzes
only their own behaviour and interactions with neighbour-
ing players. This ensures that adding more players does not
increase the computational load per player.

Second, without prior knowledge of which agents should
be leaders or followers, determining the optimal setup would
require a trial-and-error approach with up to 2V trials. For

Table 8 Results of Mod-SbSG with gradient-based learning on the LS-
BGLP with serial-parallel processes

Cat. Leader(s) Demand Power Overflow Potential
[L/s] [kW/s]  [L/s]

Automatic selection of leaders-followers

- Pl 3,8, 0.000000 1.333867 0.047587 21.814006
11

Empirical analysis

Power  PL2,8,  0.000000 1354287 0.086759 20.842908
11, 14

Transport PL.3,6  —0.000012 1436352 0.075313 18.901764
PL 3,6, —0.000005 1.451010 0.096849 19.528618
12

Demand Pl 1, 14 0.000000 1.376628 0.071355 20.093432
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instance, in BGLP, where there are five players, this results
in 32 possible leader-follower combinations, which makes
the process already time-consuming. In LS-BGLP, which
involves 14 players, the number of combinations increases
to 16,384, which makes exhaustive testing practically
impossible. Even if we limit the selection to a maximum
of four leaders, 470 different combinations remain, further
complicating the process. As a result, finding the optimal
setup through manual trial and error is nearly infeasible.

Third, when production system scenarios change, as
demonstrated in LS-BGLP with sequential and serial-paral-
lel processes, our proposed approach allows for the reuse of
some previously calculated evaluation metrics (e.g. power
consumption analysis), which requires only minor adjust-
ments to determine the new set of leaders and followers.
In contrast, without the automated selection method, the
trial-and-error process must be repeated, which makes the
optimization process significantly more complex and inef-
ficient. These scalability benefits underscore the efficiency
and adaptability of our approach, especially in dynamic
environments.

Ablation studies

In our experiments, we perform two ablation studies to
optimize the settings for the proposed workflow. First, we
evaluate the three selection methods introduced in sec-
tion “Leaders-followers selection in Stackelberg games”.
Since no single method consistently outperforms the others
across all systems, we explore which approach works best in
the BGLP environment. Second, we assess multiple evalua-
tion methods for both production flow and power consump-
tion. Specifically, we aim to justify the necessity of using
multiple evaluation methods for production flow instead of
relying on a single approach. For power consumption, the
results of the two evaluation methods are relatively simi-
lar in both the BGLP and LS-BGLP environments, which
makes detailed analysis challenging. Hence, we focus on
production flow.

Leaders-followers selection methods

We propose three leader-follower selection methods after
combining all evaluation metrics into a scalar value, as
described in Eq. (18)—(20). In this ablation study, we apply
these methods with varying parameters to Mod-SbSG in the
BGLP environment. The key configurations of the experi-
ments are summarized in Table 9.

Here, we explore three different leader-follower combi-
nations, including (1) Player 4 as the sole leader, (2) Players
3 and 4 as leaders, and (3) Players 2, 3, and 4 as leaders. The
results of these configurations in Mod-SbSG are presented
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Table 9 List of experiments on different leaders-followers selection
methods in the BGLP

Method 0, G Leader(s)
Threshold-based decisions 0.20 - PL 4

0.19 - PL 3,4

0.18 - PL.2,3,4
Fixed number of leaders - 1 Pl. 4

- 2 PL 3,4

- 3 PL2,3,4
Threshold-based decisions 0.20 1 PL 4
with a fixed number of leaders 0.19 1 PL 4

0.19 2 PL 3,4

0.18 1 PL 4

0.18 2 PL 3,4

0.18 3 PL2,3,4

Table 10 Results of Mod-SbSG with gradient-based learning on the
BGLP for an ablation study

Method Leader(s) Demand Power Overflow Potential
[L/s] [kW/s] [L/s]

U(g)q PL 1,4 —0.017940 0.612046 0.008909 2.406654

a(?)b PL 4 0.000000 0.570559 0.000001 4.285951

U(§)§ PL. 2,3 0.000000 0.599726 0.000003 3.926936

0.000000 0.536387 0.000000 4.595327

U(B)?,b,d’]. 3,4

in Table 6, where the combination of two leaders shows
superior performance compared to the others. This outcome
also suggests that all the proposed selection methods are
effective and that the overall framework shows little sensi-
tivity to either the thresholding-based approach or the fixed
number of leaders approach.

Evaluation methods of production flow

The second ablation study investigates the impact of using
multiple evaluation methods in an evaluation metric, with
an example in assessing production flow. Each method pro-
vides a different perspective, where one relies on maximum
actions, while others use random actions. Some consider
surrounding actions, while others do not. We use the BGLP
environment to run Mod-SbSG experiments, which utilise
the threshold-based leader selection method with a fixed
number of leaders with ;, = 0.18 and G = 2.

The results of the evaluation methods are shown in
Table 1, and the overall performance of these methods in
the Mod-SbSG environment is summarized in Table 10.
The findings demonstrate that relying on a single evaluation
method is insufficient, especially for complex objectives like
production flow, which involves numerous constraints, non-
linearities, and uncertainties. The results show that multiple
evaluation methods significantly outperform single-method

Table 11 Comparisons between Mod-SbSG, vanilla SbPG, and A2C

Approach Demand Power Overflow Potential /
[L/s] [kW/s] [L/s] Total Reward
BGLP
Mod-SbSG 0.000000 0.536387 0.000000 4.595327
Vanilla SbPG 0.000000 0.602403 0.000000 3.365761
A2C-RL 0.000000 0.623930 0.002149 2.931841
LS-BGLP with Sequential Processes
Mod-SbSG 0.000000 1.213437 0.003355 25.408335
Vanilla SbPG 0.000000 1.385150 0.147357 21.323651
A2C-RL 0.000000 1.426784 0.187455 19.797291
LS-BGLP with Serial-Parallel Processes
Mod-SbSG 0.000000 1.333867 0.047587 21.814006
Vanilla SbPG  —0.000012 1.503902 0.142388 19.658232
A2C-RL —0.000058 1.644301 0.260679 17.860020

approaches, which provide a more comprehensive analysis
of system performance.

Comparisons with other self-learning algorithms

We also compare the performance of Mod-SbSG with the
proposed automated selection methods against state-of-the-
art self-learning algorithms in distributed and multi-agent
control. Since we focus on distributed optimization with-
out a central unit and without a system model, which relies
solely on interactions with the environment. This signifi-
cantly limits applicable algorithms, with only multi-agent
reinforcement learning and dynamic game theory being
relevant. Specifically, we include vanilla SbPG (Schwung
et al., 2020) from dynamic game theory, which operates
simultaneous decision-making and serves as a direct bench-
mark for Mod-SbSG, as well as Advantage Actor-Critic
(A2C) (Mnih, 2016) from deep reinforcement learning. The
evaluation is conducted under the same three environments,
utility functions, and set-up as described in section “Results
on modular state-based stackelberg games”. Table 11 pres-
ents the comparison results, showing that dynamic game
theory outperforms reinforcement learning in distributed
self-learning production systems due to its cooperative
behaviour among players. Additionally, Mod-SbSG con-
sistently achieves superior performance across nearly all
objectives, which results in higher potential functions. This
highlights the effectiveness of hierarchical decision-making
with a properly configured leader-follower structure, which
demonstrates its advantages over existing algorithms in
both small- and large-scale systems.

Potential limitations of the developed approach
The proposed automated leader-follower selection methods

have certain potential limitations. Since the system is trained
distributively, not all evaluation metrics can be preserved
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when there is a change in the production setup. For exam-
ple, production flow analysis can be significantly impacted
by changes in sequence or production targets, which require
recalculation of certain metrics. Additionally, the current
approach for combining evaluation metrics relies on pre-
defined weights, which are determined based on the human
expertise of the specific system. Deciding these weights can
be challenging and may not always reflect the most accurate
or optimal balance. Furthermore, in some applications, the
focus on power consumption and production flow analysis
may not be sufficient to capture all relevant factors. Lastly,
regarding fast and dynamic changes in leader-follower roles,
the system’s self-learning nature requires time to adapt to
these changes. While this may temporarily prevent the sys-
tem from reaching optimal performance, it remains capable
of maintaining effective operation. These factors are well-
noted and to be solved in our future works.

Conclusions

We introduce an automatic selection method for analyzing
the influence of components on the overall performance
of modular manufacturing systems, applicable to both sin-
gle- and multi-objective scenarios. This method can also
facilitate the automated selection of leaders and followers
in Stackelberg games. Our proposed approach provides
standardized evaluation metric calculations based on spe-
cific objectives, along with a combination method to merge
multiple evaluation metrics into a single function, which is
particularly suitable for multi-objective optimizations. We
propose two default implementations of evaluation metrics,
including production flow analysis and power consumption
analysis, as most real-world industrial production processes
emphasize fulfilling production demand without disrupted
production flow and ensuring efficient power consumption.
We validate the proposed approach using the BGLP and its
larger counterpart in both sequential and serial-parallel pro-
cesses. Afterwards, we apply the Mod-SbSG with gradient-
based learning by using the selected leaders and followers
from our method and comparing the results with empirical
analysis. Our findings indicate that the proposed approach
effectively prioritizes the selection of leaders and follow-
ers, which leads to improved outcomes in Mod-SbSG, as the
accurate identification of leaders and followers consistently
results in more optimal solutions across various industrial
settings.

In the future, we plan to expand the default implemen-
tation of evaluation metrics beyond just production flow
and power consumption analyses, which allow it to better
accommodate more complex or dynamic modular manufac-
turing systems. We also aim to apply the proposed method

@ Springer

to other modular systems beyond the bulk goods system
to demonstrate its adaptability to different industries and
decision-making frameworks. Furthermore, exploring fast
and dynamic role changes is a promising direction for future
research, particularly in fault-tolerant self-learning systems
where such changes may be triggered by system failures.
Hence, we plan to develop an auto-recalculation feature,
which enables the workflow to be automatically triggered
whenever there are changes in production scenarios or
setups.
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