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Editorial  
Dear  Readers, This fist issue of SNE Volume 36, SNE 36(1), starts with a Project Note: P. Junglas et al. present project develop-
ment of NSA-DEVS for discrete-event modelling and they ‘invite all modelers interested in discrete-event modelling to try out these 
tools, ask for enhancements or even provide useful new atomics to the library!’ we hope for response! Then the issue continues 
with post-conference publications from ASIM Symposium 2024 (Munich) and from ASIM’s Workshop GMMS/STS 2025 at DLR 
(April 2025). The topics of these contributions show a broad range: generation of simulation models using multi-agent systems, 
supplier-based market model with rich dynamics, deadlock resolution and collision reduction via deep RL, simulation framework 
for stochastic scheduling problems, model-based analysis of a diesel generator, forecast-based MPC of multi-energy systems, and 
a simulator for linear implicit equilibrium dynamics. And last but not least, P. G. and C. A. Ioannou continue ARGESIM Bench-
marks solutions with STROBOSCOPE, in this issue for Benchmark C6 ’Emergency Department—Follow-Up Treatment’.  
The next issues will continue with post-conference publications from ASIM’s Workshop 2025 at DLR and from MATHMOD 2025 
Vienna, - and a special issue with contributions of ASIM’s Conference Simulation in Production and Logistics (Dresden, 2025). 
I would like to thank all authors for their contributions, and many thanks to the SNE Editorial Office for layout, typesetting, prepa-
rations for printing, electronic publishing, and much more. And have a look at the info on EUROSIM-related simulation events of 
this year: 12th EUROSIM Congress EUROSIM 2026 in September 2026 in Genova (with ASIM tracks!), WinterSim Conference 
2026 in December in Glasgow (this year in Europe!), and further conferences, e.g. SIMS 2026 in September in Eskilstuna, Sweden. 

Felix Breitenecker, SNE Editor-in-Chief, eic@sne-journal.org; felix.breitenecker@tuwien.ac.at 
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Using Component-based Discrete-event Modeling
with NSA-DEVS – an Invitation

Peter Junglas1*, David Jammer2, Thorsten Pawletta2, Sven Pawletta2

1PHWT-Institut, PHWT Vechta/Diepholz, Am Campus 2, 49356 Diepholz, Germany; *peter@peter-junglas.de
2Research Group Computational Engineering and Automation, University of Applied Sciences Wismar, Philipp-
Müller-Straße 14, 23966 Wismar, Germany

Abstract. The quest for a simulation scheme that com-
bines the preciseness of the PDEVS formalism with the
ease of use of standard simulation environments has
lead to the definition of NSA-DEVS, which has meanwhile
been shown to provide a useful basis for real-world appli-
cations. A set of modeling and simulation tools for NSA-
DEVS is freely available that usesMatlab as programming
language and the graphical editor of Simulink for the con-
struction of complex models from simple atomic compo-
nents.
To demonstrate that these tools are ready for gen-
eral discrete-event based applications, the implementa-
tion of a textbook example is presented in some detail.
It is shown that components that are necessary for a
transaction-oriented style can bemodeled easily, leading
to a comprehensiblemodel with a solidmathematical ba-
sis.

Introduction
For modeling and simulation using the discrete event

approach, practitioners can choose between a lot of

commercial simulation environments, which provide

users with a wide range of components and helpful tools

[1]. However, the behaviour of complex models can

sometimes be different than expected, especially be-

cause the documentation often does not provide all nec-

essary details.

In such situations users generally build a toolset of

workarounds to make things work. But this often leads

to conceptual problems and does not deepen the under-

standing of the precise behaviour of a model [2].

On the other hand, one could start instead with a

precise description of the model and its components, us-

ing the well-established PDEVS formalism [3]. There

are even a few free tools that provide a user-extensible

set of DEVS-based components and a graphical user

interface for combining components to build complex

models [4]. But Preyser et al. have shown in [5] that

the way, how PDEVS uses transitory states (i. e. states

with lifetime 0), makes it hard to define some simple

reusable components, especially when they show Mealy

behaviour. Therefore they proposed a revised version of

the PDEVS formalism [6] that allows for the direct de-

scription of Mealy components.

However, this formalism still has problems with

chains of concurrent events [7]. Therefore it has

been extended to NSA-DEVS (Non-Standard Analysis
DEVS), which solves these difficulties by formally in-

troducing infinitesimal delays. This idea has been ana-

lyzed thoroughly in [8, 9] and used to implement a large

real-world example [10]. A corresponding simulation

environment has been built, which contains graphical

tools and a growing library of components. It is based

on Matlab and the graphical editor of Simulink and is

freely available from [11].

Since this article is primarily an invitation to use

these new tools for modeling and simulation in discrete-

event based studies, it concentrates on practical aspects,

not on the underlying mathematical formalism. After a

short definition of NSA-DEVS and a recapitulation of

previous results, the structure of the tools and the basic

workflow for concrete studies will be presented in some

detail. A basic example from Law’s textbook [12] will

illustrate how to implement and apply components for

standard entity-based applications.

1 Definition of NSA-DEVS

Like the PDEVS specification, the NSA-DEVS formal-

ism describes two types of models: atomic models,

which are the basic components, and coupled models,

which combine atomic and coupled models in a hierar-

chical structure.
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After the definition of NSA-DEVS one had there-

fore to show that it was up to this task.

The first step was the definition of a corresponding

abstract simulator [8]. According to the DEVS philoso-

phy, the simulator is actually part of the definition of

the formalism. It adds a semantic layer to the static

definition of models by defining their exact behaviour.

In a next step [9], a set of standard examples was de-

fined formally and implemented using simple reusable

atomic components.

A special point of interest was, how one can define

the infinitesimal parameters introduced by NSA-DEVS

in a simple and systematic way. This was studied

further with a large real-world example in [10] con-

sisting of 391 atomic and 88 coupled models in 5

hierarchical levels. It contained 391 input delay times

τ and 12 additional delays τD for transitory states. Its

construction has been simplified by the introduction of

a graphical model builder, which uses Simulink for the

definition of coupled models.

In the course of these investigations, a basic set of

atomic models has been defined and implemented:

• sources (constant, several generators),

• math operations (add, gain, multiply, divide, com-

pare),

• logic operations and flipflops based on IEEE 1164,

• routing components (combine, distribute),

• a QSS-based integrator,

• a sink (toworkspace) for logging simulation re-

sults,

• common logistics components (queue, server,

batch, unbatch, terminator),

• statistical computations (getmax, utilization).

For all atomic models, corresponding NSA-DEVS

blocks are provided for the Simulink editor and assem-

bled in libraries. They make it possible to construct cou-

pled models using Simulink’s graphical capabilities for

positioning and connecting blocks and ports.

In addition, block parameters can be set, among

them the values for the input delay τ and, where

necessary, the transition delay τD.

: Dynamics of an atomic component.

An atomic model (cf. Fig. 1) is given by a set X of

input ports, each with a name, a similar set Y of out-

put ports, a set S of internal states and an input delay

time τ . Each state s has a lifetime, given by the time

advance function ta(s). The behaviour is given by the

output function λ , which defines ou tput v alues y , and

the transition function δ , which computes the next in-

ternal state. Both functions depend on three values: the

current state s, the elapsed time e since the last transi-

tion and the input values x. When an external event, i.

e. a set x of input values, occurs at time t, λ is called

at time t + τ , followed by an immediate call of δ . An

internal event, i.e. a state change after a waiting time

ta(s), leads to a direct (undelayed) call of λ and δ .

The essential modification of NSA-DEVS is the in-

troduction of the input delay together with extended

time values: Introducing an infinitesimal v alue ε > 0,

times are defined as values of the form a+b ε . The de-

lay time is usually defined a s τ = ε a nd o nly changed

at rare occasions to guarantee a given order of events.

Furthermore, the lifetime of states can never be 0, but

an “immediate” (transitory) state change needs at least

an infinitesimal time τD.

A coupled model is basically a set of several lists

that describe the submodels used (atomic or coupled),

the input and output ports of the coupled model and all

connections between the submodels and from or to the

ports of the coupled model. Inputs of a coupled model

are immediate, i. e. they have no additional input delays.

2 Current Status of NSA-DEVS
The fundamental insight of [5] was that while the basic

PDEVS formalism is sufficient to model any discrete-

event based system, this is generally not possible with

every reusable component.
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All delay values are predefined and usually set to the

default value τde f = ε . An exception are components

that emit trains of output values with infinitesimal time

distances, such as queue and combine atomics. They

need larger values for τD, which are predefined in the

library to τD = 2ε . This often works, but has to be en-

larged in special cases. If a special ordering is requested

for loops that contain several sequences of components,

one has to increase a few input delays to slow down

some paths [10].

3 Implementation in Matlab

For the implementation of the example models, a set

of tools and a component library have been constructed

that are based on Matlab and the Simulink editor. Using

a simple example, we will describe the basic workflow

necessary to implement own models and running simu-

lations.

The atomic models are the basic building blocks.

They are implemented in Matlab as classes that contain

a constructor and the methods delta, lambda and

ta. A simple example is the class am_add2 for the

addition of two input values (cf. Listing 1) and shows

how to implement a Mealy component. On first sight, it

looks similar to its counterpart in a continuous environ-

ment, but the discrete-event nature leads to a very typ-

ical change: Since input values are defined only, when

an input event arrives, these values have to be stored

internally using properties in1 and in2. The prop-

erty s is used throughout the whole library to denote

“macroscopic” states, which is useful in more complex

atomics. Here it is simply set to a constant value. The

remaining properties store the values of external param-

eters, in this case the name of the component, the input

delay and a debug flag.

The constructor provides initial values for all prop-

erties, its parameter list defines the set of external pa-

rameters of the component. The delta method just

stores incoming values. The lambda method com-

putes the output value, which is given here by the sum

of the incoming or stored values. Finally the tamethod

returns the lifetime of the state, which is always given as

a two-dimensional vector [a, b], denoting the time

t = a+bε. In this case it is always infinite.

As a graphical representation of am_add2 a

Simulink subsystem with the name am_add2 is stored

in an NSA-DEVS library using the Simulink editor.

Internally it just consists of unconnected input and

output ports, which have the names of the ports that are

used inside the atomic model.

Additionally, it has a mask that defines the order and

values of all parameters – except name, which is set to

the name of the actual component – and short descrip-

tion and help texts (cf. Fig. 2).

Atomic model am_add2.

1 classdef am_add2 < handle
2 properties
3 s
4 in1
5 in2
6 name
7 tau
8 debug
9 end

10 methods
11 function obj = am_add2(name, tau,

debug)
12 obj.s = "running";
13 obj.in1 = 0;
14 obj.in2 = 0;
15 obj.name = name;
16 obj.debug = debug;
17 obj.tau = tau;
18 end
19 function delta(obj,e,x)
20 if isfield(x, "in1")
21 obj.in1 = x.in1;
22 end
23 if isfield(x, "in2")
24 obj.in2 = x.in2;
25 end
26 end
27 function y = lambda(obj,e,x)
28 s1 = obj.in1;
29 s2 = obj.in2;
30 if isfield(x, "in1")
31 s1 = x.in1;
32 end
33 if isfield(x, "in2")
34 s2 = x.in2;
35 end
36 y.out = s1 + s2;
37 end
38 function t = ta(obj)
39 t = [inf, 0];
40 end
41 end
42 end

A coupled model, such as the simple example

model demo1 shown in Fig. 3, is defined by a

Matlab function that creates all its atomic and – using

recursion – its coupled components and all connections.
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To simplify this tedious and error prone program-

ming task, the user instead builds the model from the

Simulink representation by copying the components

from the library and connecting them in the standard

way. The toworkspace models are used here to

collect the simulation results. In the example, their pa-

rameter varname is set to "input" and "result"
respectively.

Mask of the am_add2 atomic.

Coupled model demo1.

The very simple script shown in Listing 2 can now

be used to create and run the model and plot the simu-

lation results.

Run script for model demo1.

1 function testDemo()
2 tEnd = 6;
3

4 model_generator("demo1");
5 out = model_simulator("demo1", tEnd);
6 plot_results(out, tEnd);
7 end

In the example model it contains the two fields

out.input and out.results, which each have

subfields t and y for the time and result values. They

can now be plotted easily with Matlab’s standard func-

tions.

A typical result is shown in Fig. 4. The

am_generator creates increasing numbers, starting

at t = 1, which are shifted by the constant value 3. The

output event at t = 0 probably comes unexpected. It is

due to the am_const atomic that sends its value only

once at the beginning.

It is then stored in am_add2 and added to the ini-

tial value 0 stored for the other input port. One should

bear in mind that the coupled models look like Simulink

models, but the inner workings of discrete-event models

are still very different.

0

1

2

3

4

5
Generator out

0 1 2 3 4 5 6

0

2

4

6

8
Add2 out

0 1 2 3 4 5 6

Plot of simulation results for the model demo1.

Discrete-event models can easily contain very hard

to find e rrors. To s upport t he d ebugging p rocess, the

toolset supports three different levels, from simple time

stamps over debug outputs from individually chosen

atomic components to a complete output of internal

simulator messages. The last level creates a graphical

representation of all messages with a huge amount of

information and is usually only useful for simple test

models.

4 Example Model
In order to show that the methods and tools presented

can be used directly for transaction-based modeling, we

will implement a standard textbook example [12]. The

model describes a time-shared computer with N termi-

nals, which submit jobs of varying computing time de-

mands.

From the Simulink representation, the model_
generator creates the Matlab scripts for all coupled

models. Next the model_simulator runs the model

and collects all results in the struct variable out.
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These jobs are processed on a single CPU in time-

slices of length q using a round-robin scheduler with

a switching time tswap. When a job completes, a new

job is created after a waiting time. The waiting and

processing times are exponentially distributed random

variables with mean values tW and tS. After the com-

pletion of NJ jobs, the average response time and queue

length and the CPU utilization are computed.

A common method to implement such a model uses

entities describing the jobs, which contain attributes

such as the service time, i. e. the remaining processing

time, or the start time. Entity attributes are implemented

using struct variables.

Four atomics have been created to handle such en-

tity attributes (cf. Fig. 5): am_adddata adds a set

of fields denoting new attributes to each incoming en-

tity. If the input is not already an entity (i. e. of type

struct), an entity is created with an additional attribute

that stores the input value. am_writedata changes

the value of an entity attribute using values from other

attributes. The changing function is defined as string

parameter describing an arbitrary Matlab command.

am_readdata outputs the value of an attribute from

the input entity and am_deletedata deletes a set of

attributes.

Atomic models for entity handling.

A few existing atomics have been modified t o op-

tionally read an attribute from an incoming entity in-

stead of using a parameter or an input, among them the

server and distribute components.

With these atomics, one can create a coupled model

for a server with exponentially distributed service times

tS (cf. Fig. 6): The addTS component adds an attribute

to store the value of tS, setTS sets the value of this

attribute using the Matlab command string

"out = -" + tS + "*log(rand());"

where the variable tS is the mean service time, given by

a mask parameter. The am_server component uses

the attribute of incoming entities to set the current ser-

vice time. Finally, deleteTS deletes the attribute for

the sake of better encapsulation.

Using a different formula for the computation of tS,

which uses several attributes, one can implement com-

plex strategies for calculating the service time.

Coupled model of a server with entity-dependent
service times.

A standard component in a transaction-based envi-

ronment is the N-server, which can serve up to N in-

coming entities, each with its own service time. Its ex-

act behaviour can be quite complicated and often is not

transparent to the user of a commercial program. The

NSA-DEVS description eliminates all ambiguities that

arise e. g. with several incoming and outgoing entities

at the same time.

The diagram in Fig. 7 describes the basic behaviour

of the am_nserver atomic, where monitoring com-

pliance with the maximum server capacity has been

omitted for better readability. Among its properties are

a list E of entities in the server, a corresponding list σ
of remaining service times and a list qOut of outgoing

entities. An interesting difference to the simple server

is the possibility that several entities can be ready at the

same time. To handle this, the N-server moves all fin-

ished entities to qOut, changes to the state emitting and

outputs them with a time delay of tD. According to the

rules stated above, tD is predefined as 2ε , but may need

to be enlarged in special applications. All details defin-

ing the exact behaviour can be found in the open source

code of am_nserver.m [11].

With these atomics the three coupled mod-

els Terminals, CPU and the complete model

timeShared can be assembled easily.

The Terminals model (cf. Fig. 8) starts with a

generator initialJobs that creates N entities at time

0 (more precisely at times n · tD) with consecutive IDs.

They get the attributes startTime, outPort and

remainingServiceTime, which is set to the indi-

vidual service times.

An N-server implements the individual waiting

times. The startTime is set to the current simulation

time, using the utility function get_time(), and the

entities proceed to the CPU.
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/qOut-

(#qOut=1 & #E>0)
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/qOut+ := E-
E with =0

State diagram of the N-server component.

−→ state transition due to internal event

��� state transition due to external event

ta lifetime of the state

E external event (entity at input)

E+ insert entity in list E

E- remove entity from list E

#E number of entities in list E

When a job is fully processed by the CPU, a cor-

responding ID is sent as external event to the input of

coupled model Terminals, where it is promoted to a

new job by the atomic model constAdder.

The internal feedback from the server to the queue

signals to the queue whether the server is available.

Coupled model CPU.

The complete model timeShared (cf. Fig. 10)

shows the loop around the CPU that jobs are sent,

until they have got their complete service time. The

distribute atomic uses the outPort attribute to

route finished jobs through the upper port.

Finally the response time is computed by subtract-

ing the value of attribute startTime from the current

time and the entity is terminated. The terminator
counts the outgoing jobs and sends this value back to

the coupled model Terminals, where new jobs are

created. A stop atomic halts the simulation, after NJ
jobs have been processed.

Complete coupled model timeShared.

Coupled model Terminals.

The CPU model (cf. Fig. 9) starts with a queue for

the waiting jobs, followed by a server representing the

CPU proper. Its service time is set to q+ tswap or less,

if the job is almost ready. After processing, the entity

attributes are updated: The time slice is subtracted from

the remainingServiceTime and outPort is set

to 1, if the job is ready, or 2 otherwise.
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Adding a few output blocks, one can gather enough

information to get a complete picture of the model be-

haviour. The information displayed in Fig. 11 is suffi-

cient to read off the waiting and service times of the jobs

and follow each job individually through the model.

This allows to thoroughly check the system behaviour.

Especially intuitive is the plot of the remaining time af-

ter the CPU, which nicely displays the loops of the jobs

around the CPU and the interaction of several jobs.
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Detailed results of timeShared.

The component library contains the atomic

am_getmean that calculates the running mean value

of its input values, and the atomic am_utilization
for the computation of the CPU utilization. Adding

them to the timeShared model, one easily gets

all requested statistical data. A typical example with

N = 20 and NJ = 1000 is shown in Fig. 12. The results

are similar to those of the SimEvents version of this

model that had been used in [2], and consistent with

the results shown in [12].

5 Conclusions

The implementation of the timeShared model has

once again shown that NSA-DEVS is a conveniant basis

for component-based modeling of discrete-event sys-

tems with a sound mathematical foundation. Especially,

not one of the delay parameters had to be changed from

its default value. This should be the typical case for sys-

tems with stochastical elements, where the probability

of concurrent events is quite small.
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Statistical results of timeShared.

Furthermore, the toolset available freely from [11]

has proven its versatility: After finding and implement-

ing a suitable set of atomics for handling entities with

variable attributes and adding some standard atomics

to the library, the construction of a transaction-oriented

application proceeded by standard graphical methods.

We invite all modelers interested in discrete-
event modeling to try out these tools, ask for
enhancements or even provide useful new atomics
to the library!

During the design of the free NSA-DEVS simula-

tor and the library, the focus has mainly been on cor-

rectness and simplicity. This shows, when measuring

its performance: The simulation of timeShared with

N = 40 and NJ = 1000 has a runtime of around 45 sec-

onds on a recent PC platform, while the corresponding

SimEvents version needs less than 2 s. Of course, the

comparison is not quite fair, since SimEvents compiles

the Matlab code before a run.

Nevertheless, there is definitely l arge p otential for

improvement by trading elegance of construction for

runtime performance and by generally reducing the

number of messages sent.
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With the presented tools and methods, one can fi-

nally tackle the questions that have been raised in [2]:

What are the shortcomings of current imple-

mentations? Which concepts or components

are missing? How could a reasonable set of

components be defined?

The atomic models for entity handling and the

N-server introduced above are practical examples, how

to precisely define fundamental building blocks due to

their underlying NSA-DEVS based formulation.

Another step along these lines would be the in-

troduction of versatile queue models that are capable

of supporting all the applications denoted in the AR-

GESIM benchmark C22 [13]. To cite [2] once again:

For the advancement of transaction-based

modeling it is vital that it is based on a thor-

ough theoretical analysis to reveal the fun-

damental abstractions and basic components

that are necessary.

This is true more generally for all discrete-event based

modeling. NSA-DEVS and corresponding tools seem

to be a promising path to promote such a program.

This contribution is the revised version of the

conference version for

ASIM SST 2024 -

published in
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Abstract.  Discrete-event simulation (DES) is a well-estab-
lished method for analyzing and optimizing complex pro-
duction and logistics systems. However, its use is often 
limited by high modeling effort and the need for special-
ized expertise. This article presents a novel multi-agent 
system based on Large Language Models (LLMs) that au-
tomates the creation and validation of simulation models. 
Building on a previous approach of ours, the new system 
employs an agent-based architecture designed to address 
issues such as context loss and the need for manual vali-
dation. Specialized agents handle tasks from require-
ments elicitation to results evaluation. The implementa-
tion uses open source frameworks "LangGraph" to struc-
ture agent interactions and "SimPy" to model the simula-
tion logic. A case study demonstrates that the system can 
automatically and reproducibly model a complete produc-
tion scenario from text-based descriptions. The results 
show realistic modeling and a significantly reduced mod-
eling effort compared to both a manual approach and our 
previous system. The proposed approach lowers reliance 
on expert knowledge and makes simulation-based meth-
ods more accessible to non-specialist users. 

Introduction 

Growing complexity in modern production and logistics 
systems combined with volatile markets is driving de-
mand for powerful planning and analysis tools. In this 
context, discrete event simulation has long established it-
self as a key method for planning and optimizing such 
systems.  

Particularly in complex, dynamic systems with sto-
chastic influences, where static or deterministic methods 
reach their limits and prove inadequate, simulation studies 
provide possibilities for accurate process modeling, iden-
tification of weak points and creating a sound foundation 
for decision-making as well as optimization measures [1]. 

In practice, however, their application is hampered by 
high modeling costs: Beyond requiring deep understand-
ing of the specific production processes, practitioners 
need expertise for modeling and specialized software, 
most often necessitating external consultation. The re-
sulting coordination processes are time-consuming and 
thus costly, often making simulations economically via-
ble only for large scale projects. While these challenges 
aren’t new, recent advances in the field of artificial intel-
ligence (AI) and especially large language models 
(LLMs) present new opportunities for simplifying the 
modeling process and execution of simulation studies. 

In our previous work [2], we presented a monolithic 
approach in which an LLM handled the entire modeling 
process from user interaction through code generation to 
output of results. While this approach successfully gen-
erated functional Python code for simulation models us-
ing the framework "SimPy", a critical limitation became 
apparent during the modeling process: the LLM lost fo-
cus over longer contexts, requiring numerous manual 
correction loops. The effort was merely shifted from 
model creation to code validation, which meant successful 
use of such an approach remained limited to experts still. 

This paper extends that approach and introduces an 
LLM-supported multi-agent system, in which specialized 
agents with narrowly defined task focuses handle the au-
tomated creation of simulation models based on natural 
language text descriptions. To evaluate the improve-
ments compared to the previous approach, we revisit the 
production scenario from our previous paper. 
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1 State of the Art 
The rapid advancement of LLMs is driving their increas-
ing adoption in corporate contexts. Systematic studies fo-
cusing on production environments indicate that LLMs 
are especially used for communication and information 
provisioning, predominantly as chatbots in scenarios of 
direct interaction with employees [3]. 

LLMs with added retrieval augmented generation 
(RAG) approaches find utilization in structured delivery 
of knowledge from companies’ internal databases and, in 
some cases, serve as worker support tools for processes 
in production related tasks [4]. Within the domain of sim-
ulation and modeling, LLMs have been proposed and 
used to assist with simulation software usage by helping 
users navigate interfaces and provide context-specific 
recommendations for problem-solving [5]. Approaches 
for translating natural language descriptions into simula-
tion models and automated code generation for simula-
tion models have been investigated for general suitability 
using simple examples, particularly in the field of pro-
duction logistics [6]. These approaches often focus on 
specific aspects, such as modeling of queues [7], through 
use of prompt engineering without further task decompo-
sition into subtasks.  

Consequently, focus drift and loss of focus during ex-
tended interactions is observed, necessitating manual 
correction efforts. Therefore, such approaches are only 
suitable for experienced users. Further research has ex-
plored approaches for automated structuring of customer 
requirements that can be imported into simulation envi-
ronments for tasks such as layout planning [8]. 

LLM-based multi-agent systems for complex process 
automation represent an active area in current research. 
Of particular note is an approach for automated scientific 
manuscript generation [9]. One such manuscript gener-
ated by the system outlined in that approach was submit-
ted to a scientific conference workshop and received rat-
ings exceeding the average peer review acceptance 
threshold [10]. 

While multi-agent systems are extensively used ex-
perimentally, they have not yet explicitly found their way 
into the field of production and logistics simulations [11]. 
Approaches employing multi-agent systems for parame-
terizing exemplary, simplified simulation models have 
been described, though not within production or logistics 
contexts [12]. To our knowledge, no existing approach 
addresses the complete pipeline for generating simulation 
models in production and logistics contexts with a focus 
on accessibility for users without simulation expertise.  

Facilitating the use of simulation as a methodology 
therefore remains an unresolved challenge. 

2 Approach & Implementation 
Building on the findings from our previous approach, and 
in particular with regard to the loss of focus, the limita-
tions of a monolithic approach are addressed by follow-
ing the example of real interdisciplinary collaboration. 
Therefore, both a clear division of labor and a structured 
validation strategy are introduced, establishing a collab-
orative multi-agent system. Since the system corresponds 
to a directed graph, "LangGraph" is used for implemen-
tation. This layer of abstraction also enables a flexible 
system that functions independently of a specific LLM or 
LLM provider. Additionally, the Python framework 
"SimPy" is used for implementing the simulation logic. 
The presented system, which automatically generates, 
runs and evaluates simulation models based on a natural 
language input description, aims to enable users without 
in-depth simulation knowledge to independently conduct 
simulations for decision support.  

The agent-based architecture of the system comprises a 
total of five roles: 
• Agent 1 - Requirement Elicitor Agent: Conducts a 

structured conversation with the user to collect all nec-
essary requirements (e.g., entities, processes, re-
sources, simulation goals) and summarizes them to the 
user. After user confirmation, no further input by the 
user is necessary. 

• Agent 2 - Simulation Plan Agent: Creates a detailed 
simulation plan from that summary with all model 
components, logic, schedules, resources, error rules, 
and metrics as a basis for code generation. 

• Agent 3 - Code Generator Agent: Uses the simula-
tion plan to generate modular Python code with func-
tions, classes and data collection mechanisms.  

• Agent 4 - Code Validator Agent: Checks the code for 
correctness, logical consistency and complete imple-
mentation of requirements. Provides feedback for re-
vision, if necessary, to the code generator, which re-
vises the code and resends it to the code validator. 

• Agent 5 - Scenario Tester Agent: Tests the model 
against the collected goals and objectives. Checks the 
implementation and limitations in the evaluation. If 
necessary, provides feedback for improvement to the 
code generator, which revises the code and resends it 
to the code validator. 
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Each agent works sequentially with built-in validation 

and confirmation steps, creating a reliable and modular 
pipeline for converting production system descriptions 
into executable SimPy simulation models (see Figure 1).  

The used LLMs are "gpt-4.1-2025-04-14" from 
OpenAI and "claude-sonnet-4-20250514" from An-
thropic, both representing the current state-of-the-art at 
the time of creation of this work. These models were cho-
sen due to their availability and performance, but partic-
ularly for their large context windows of 1,047,576 to-
kens (approx. 750,000 words of English text) for GPT-
4.1 and 200,000 tokens (approx. 150,000 words of Eng-
lish text) for Claude Sonnet 4 [13, 14], as maintaining 
contextual coherence proved to be a critical factor in the 
previous monolithic approach. 

 

 
 

Figure 1: Structure and workflow of the multi-agent  
system using "LangGraph" for agent  
orchestration. 

The experiments showed that reasoning models such 
as Anthropic’s Claude Sonnet are well-suited for com-
plex tasks such as code analysis and generation, but due 
to their reasoning capabilities, they also tend to digress 
when performing narrowly defined, structured tasks such 
as collecting explicitly defined requirements.  

Based on these findings, Agent 1 uses OpenAI’s non-
reasoning model, while the other agents use Anthropic’s 
reasoning model. The task and role descriptions (system 
prompts) for the individual agents were developed based 
on the procedures described in VDI 3633 Part 1 using the 
system’s outputs for iterative refinements. 

The complete implementation with instructions for 
setup and operation, as well as the scenario description 
for the initial prompt is available at the web link: 
https://github.com/romankraemer/SNE2025 

3 Case Study 
To validate and evaluate the improvements by the multi-
agent system presented, we revisit the production sce-
nario example from our previous work [2]. 

The scenario comprises a raw material storage, a 
buffer storage, a finished goods warehouse and two pro-
duction machines. Two automated guided vehicles 
(AGVs) handle transport operations between storages 
and machines using a pull-based logic. At start, AGV-1 
retrieves the required quantity of raw material for one 
product from the raw material storage and loads it into 
machine-1, which then begins processing.  

Upon completion of this processing step, the interme-
diate product is transferred via a chute to the buffer stor-
age located behind machine-1. AGV-2 collects the inter-
mediate product, transports and loads it into machine-2. 
After the processing step in machine-2, the now finished 
product slides via a chute into the finished goods ware-
house located directly behind machine-2.  

At simulation start, the raw material storage contains 
100 units of material. This initial quantity is chosen based 
on the processing times just to ensure that no material 
shortage occurs over the simulation period. One unit of 
raw material is required to manufacture one product.  

The processing, handling, and transport times are 
modeled as deterministic, constant values in order to en-
sure reproducibility and traceability of the results. The 
time steps are shown in Table 1:  
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Time steps Time in minutes  

AGV-1 transport task: 
material storage – ma-
chine-1 

2 
(pickup, transport, unload, return) 

AGV-2 transport task: 
buffer – machine-2 

2 
(pickup, transport, unload, return) 

Processing time: 
machine-1 

10 

Processing time: 
machine-2 

20 

Simulation duration 480 
 

Table 1: Production system properties and parameters. 

As the only modification to the scenario, the AGV time 
steps were divided into four sub steps (pickup, transport, 
unload, return to start position), each with a duration of 0.5 
minutes. So, the absolute cycle times remain unchanged. 
Notably, this was explicitly requested by Agent 1 during 
requirement elicitation, indicating an understanding of 
pull-based control in production simulation contexts and 
importance for clearly defined simulation states. 

This scenario was deliberately designed with a bottle-
neck at machine-2 which has double the processing time 
compared to machine-1. The simulation objective is to 
model and track inventory levels in units across the three 
storages as well as the utilization of the production ma-
chines and AGVs. This data is then compared with the 
simulation results from our previous work. 

4 Results 
Following the methodology described in Chapter 2, the 
scenario including parameters, simulation objectives and 
desired output values is provided to the multi-agent sys-
tem as a text description. Queries from the Requirement 
Elicitor Agent are addressed accordingly. 

The multi-agent system captured the production sys-
tem in our scenario correctly and reproducibly given the 
same or similar input (accounting for variations based on 
Agent 1’s clarifying questions), generated a consistent 
simulation model, and executed it successfully. The re-
sults are visualized via a graphical dashboard and addi-
tionally stored in suitable data files for further use. The 
following diagrams are based on the output data files. 

A comparison of the inventory level diagrams shows 
plausible results and overall consistency between the pre-
vious approach with manual correction loops during 
modeling (see Figure 2) and the now automated multi-
agent system approach (see Figure 3).  

 
Figure 2: Inventory levels for material storage,  

warehouse, and buffer storage using the 
 previous approach. 

 

 
Figure 3: Inventory levels for material storage,  

warehouse, and buffer storage using the  
new approach. 

However, direct comparison reveals some differences. 
Most notably, the production scenario achieves higher 
throughput with the previous approach. 

While 23 products reach the finished goods ware-
house in the simulation model created with the previous 
approach, only 21 do so with the new multi-agent system. 

This difference stems from the previous system’s im-
plementation of AGVs and machines without sufficiently 
defined states and constraints: The AGVs effectively act 
as buffers, waiting with their payloads for the machines 
to become available. Since the transport and handling 
times are shorter than the processing times for both ma-
chines, the raw materials and intermediate products be-
come available in the machines without any delay when-
ever the machines finish a task once the production sys-
tem reaches steady state. 
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Figure 4: Machine utilization with previous approach. 

 
Figure 5: AGV and machine utilization with new approach. 

This is evident in the machine utilization diagrams for the 
previous approach (cf. Figure 4).  

Agent 1's system prompt specifies asking precise 
questions about the production scenario, including the 
definition of initial and final states as well as any control 
logic. After eliciting requirements from the user, the 
multi-agent system implemented a pull-based control for 
the AGVs, which is visible in the utilization diagram as 
machine idle time (cf. Figure 5). 

In contrast to the previous simulation model, the pull-
based control introduces realistic delays between the end 
of processing and the start of processing a new product 
due to transport and handling times. This yields lower but 
more realistic throughput values, which are also reflected 
in the utilization rates for both machines and AGVs dur-
ing the simulation (cf. Table 2). 

 
Resource Prior approach Multi-agent system 

AGV-1 20,4% (98 min) 17,5% (84 min) 

AGV-2 10,4% (50 min) 9,2% (44,2 min) 

Machine-1 99,6% (478 min) 86,5% (415,2 min) 

Machine-2 97,1% (466 min) 90,5% (434,4 min) 

Finished products 23 21 

Table 2: Utilization of individual resources in the models. 

For utilization calculations of AGV-1 and AGV-2 in the 
previous approach, only raw travel times were used. If 
times during which the AGVs were waiting for the ma-
chines to become available were considered, the utiliza-
tion would be closer to 100%. 

In addition to creating diagrams and metrics, the new 
system includes a "Scenario Tester Agent". It compares 
the simulation model against the requirements collected 
by Agent 1, and after running the simulation, evaluates 
the results upon successful completion. If applicable, the 
agent issues recommendations for possible optimization 
actions. An exemplary recommendation for the produc-
tion scenario with bottleneck added at machine-2 as used 
in this case study was: 

 
"... If increased throughput is desired, improvements 

should focus on machine-2's processing time or capacity, 
as it is the limiting factor in the production system."  

 
The system correctly identified the bottleneck at ma-
chine-2 and understood the simulation’s objective, 
providing the user with specific recommendations for op-
timizing the production system. 

5 Summary and Outlook 
This paper demonstrates the potential of LLM-based 
multi-agent systems for production simulation and opti-
mization. 

Compared with our previous approach, the effort for 
requirements specification was significantly reduced. 
Now after an initial description, only a few targeted ques-
tions from the agent system were needed to generate a 
technical simulation plan which served as the basis to 
generate executable simulation models.  

Novel to this approach is the complete automation of 
the process, from code generation, validation and execu-
tion to the analysis of simulation results and derivation of 
optimization recommendations. This addresses the main 
limitation of the prior approach, where majority of the 
effort was shifted from modeling to code validation as 
model complexity increased. 

For our exemplary production scenario, an end-to-
end run incurred an average cost of approx. US$0.20. 
This low cost, combined with the high degree of automa-
tion, shows potential for making simulation-based meth-
ods far more accessible even to users without deep do-
main expertise.  

Nonetheless, the quality of the results remains highly 
dependent on the accuracy and completeness of the user-
provided information. A basic understanding of key con-
cepts and processes in modeling and simulation is still 
beneficial.  
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In the experiments conducted, it became evident that 

purely technical errors are easy to identify and correct. 
More challenging, however, is the handling and integra-
tion of domain knowledge, which often exhibits context-
dependent variations or is based on experience-driven 
judgments. Nevertheless, the system demonstrates how 
simulation-based methods can be made more accessible 
with significantly less effort compared to manual model 
creation. 
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Abstract. This work introduces a (toy) market model
that relies on a simple, individual decision-making be-
haviour of suppliers: Which fraction of the current sales
to spend for the next production? Within the model,
this behaviour - together with characteristic properties
of both the market and the particular cost setting - is de-
cisive for the supplier’s long-term existence on the mar-
ket as well as the resulting market dynamics in general.
Eventually, such amarket can vanish, become stationary,
exhibit market cycles or even go chaotic.

Introduction

Markets exist in an abundance of variations and are

prime examples of complex systems in economy, e.g.

[1, 2, 3]. As a basic feature, real markets as well as typ-

ical approaches for modelling them involve suppliers,

demanders, and some type of interactions resulting in

trading activities, e.g. [3].

From the simulation perspective, it is quite common

to work with rather simple (toy) market models, which

- despite their simplicity - still allow for qualitative in-

sights into market behaviours, and are also helpful in

the course of student education, e.g. [2, 4].

This work introduces a model which is particularly

simple, while offering a suprising variety of inherent

dynamic market patterns. The model only applies

to some specific types of markets relying on certain

assumptions and restrictions as briefly described in the

following.

1 Model Assumptions

The market under consideration occurs in discrete time

steps t and enables the trade of one particular, indiffer-

entiable, commodity-like good. In other words, units

from different suppliers are all valued to be of the same

quality from the demanders’ perspective.

Moreover, once produced all units need to be di-

rectly sold, e.g. they are perishing goods or there are

only negligible buffering or storage options. All market

participants are fully aware of the overall situation, such

that the price P per sold unit is the same for every unit

and solely depends on the total number (or quantity) Q
of units sold at the market, also referred to as market

size in the following.

The suppliers on this market are explicitly modelled,

with each supplier n producing an individual number qn
of units. The production of each supplier is assumed to

be fully scalable, just based on individual, but constant

production costs cn per unit, and without relevant dead

time, i.e. any delay caused by actual production times

can be neglected.

In contrast to the suppliers, the demanders are only

taken into account in an aggregated way in form of a

linearized demand curve, determining the resulting unit

price P(Q). The demand curve has a negative slope -

the larger Q, the lower the unit price P - and is fully

characterized by two parameters denoted as Qmax and

Pmax in the following. Qmax is the particular market size

for which the unit price even drops to zero, commonly

referred to as saturation quantity. The prohibitive price

Pmax is the maximum price per unit to be achieved in the

limit of minimum supply Q → 0.

Probably the most crucial feature of the model is

how to implement the dynamical behaviour: How do

suppliers decide about their next, future productions

qn(t +1) based on the current market situation at time t
or even the past?
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For example, a rather simple, supposedly rational

approach of an individual production increase or de-

crease - depending on the current market being prof-

itable or not - leads to a closed simulation model with

typical characteristics also found in real markets of that

type, but is not in the scope here [5].

The model presented in this work, however, relies on

an approach even simpler. After selling all units, a sup-

plier just uses an individually chosen ’re-investment’

percentage εn of the sales for the production of the next

units and simply takes the remainder as his or her per-

sonal profit, as sketched in Fig. 1.

This model assumption certainly is debatable, nev-

ertheless some particular properties should be pointed

out. Firstly, such a supplier accepts a profit that directly

scales with the current sales, which is not as far-fetched

as it might seem at first glance. Secondly, following

this behaviour offers the attractive side aspect of never

bearing an individual loss, at least in principle, which is

rather hard to achieve on such a type of market other-

wise.

Moreover, such a simple procedure of decision-

making neither requires effort nor access to particular

market or competitor information.

Sketch of simple supplier behaviour: After selling all
units, a fixed percentage ε of the sales is re-used for
producing the next units, while the remainder is
taken out as profit.

2 Model Equations
Each supplier n starts with an initial number of units

qn(0). Here and in the following, quantities depicted in

bold style are normalized to Qmax for convenience and

therefore dimensionless.

The resulting dynamic behaviour is determined by

the time stepping equations

qn(t +1) = rn ·qn(t) · (1−Q(t)) (1)

together with the total market size

Q(t) = ∑
n

qn(t). (2)

The individual parameter rn is dimensionless, assumed

to be constant over time and simply given by:

rn = εn · Pmax

cn
.

Here, as introduced above, εn is the ’re-investment’ per-

centage, cn are the production costs per unit, and Pmax
is the prohibitive price.

While the latter factor is identical for all suppliers

and represents a property of market and good, the pro-

duction costs depend on various aspects, such as pur-

chasing and labour costs, the involved production tech-

nology as well as the excellence in applying it, etc.; typ-

ically, this factor is not too different between similar

supplier settings.

In contrast, the factor εn is a fully individual param-

eter that can simply and freely be chosen without any

restriction. In the following, the constraint 0 < rn < 4 is

applied for all involved suppliers which ensures the to-

tal market size to stay within regular bounds 0 < Q < 1

at all times. As a consequence, the market can go on

forever with both unit prices and quantities always pos-

itive.

3 Some Results

Competition

The model turns out to be highly competitive in the

sense of a tough selection of suppliers surviving on the

market in the long run.

As a key result, this existential issue is purely de-

termined by the rn-values. As long as all rn ≤ 1, the

market will just die out completely. In any other case, it

is exactly the (group of) supplier(s) with the maximum

r to prevail over time. In other words, if the indiviual

rn of a given supplier is not the largest one, it inevitably

means the long-term exit from the market. Some sam-

ple simulations illustrating this aspect are depicted in

Figure 2.

SNE 36(1) – 3/2026
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Dynamics in a competitive setting of 50 suppliers
starting with initial quantities qn(0) both random
and small, as well as randomly assigned rn. The red
dashed line indicates the market share of the
(group of) supplier(s) with maximum r.
(top) 4 suppliers with maximum r = 3.0, the market
becoming stationary with Q∞ = 2/3.
(middle) 1 supplier with maximum r = 3.34, the
market becoming cyclic with period 2.
(bottom) 1 supplier with maximum r = 3.94, the
market becoming chaotic.

text

Long-term Market Dynamics

The model approaches a monopolistic or oligopolistic

scenario in the long run. Exploiting the situation of only

the supplier(s) with the (same) maximum r to be still

alive and active allows to derive a simpler equation di-

rectly describing the long-term dynamics of the overall

market:

Q(t +1) = r ·Q(t) · (1−Q(t)). (3)

This step-wise dynamics turns out to be identical to the

so-called logistic map, presumably the most prominent

equation in the history of chaos, allowing for an over-

whelming variety of dynamical behaviours just deter-

mined by the actual value of r [6].

As mentioned above, for 0 < r ≤ 1, no market will

exist in the long run. For 1 < r ≤ 3, the system con-

verges to a finite and stationary market of size Q∞ =
1− 1

r , as can be seen in Fig. 2, (top). For r slightly

larger than 3, the potential stationary solution - in form

of the fixed point mentioned above - becomes unstable,

and the system shows a bifurcation leading to a dynam-

ical pattern of period 2, cf. Fig. 2, (middle).

Generally, the interval 3 < r < 4 contains periodic

market cycles for any natural period and plenty of

chaotic dynamics, as for the sample case depicted in

Fig. 2, (bottom).

Analogous to [6], and for a better understanding of

the overall situation, the long-term market sizes are in-

dicated in Fig. 3 for the full range 0 < r < 4 (top), as

well as for some exemplary sub-range (bottom).

Clearly, the long-term market sizes are restricted to

specific values or confined to certain bands, with rather

stable islands to be located in close vicinity to chaotic

regions. Thus, a small change in r can drastically affect

the resulting market dynamical behaviour as typical for

complex systems.

4 Further Aspects

This work shows that even simple, constant decision-

making behaviours of suppliers can result in an

abundance of different market dynamics. In particular,

a market according to this model could even follow

cycles of any period - at least in principle.

text

text
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Long-term values for the total market size Q
depending on r in the full relevant range (top) and
as an exemplary zoom-in (bottom), analogous to
[6]. Illustrations indicate the last 100 market sizes
after 10.000 time steps starting from Q(0) = 0.5, for
20.000 different r-values along the x-axis.

This is in no contradiction to other time-related

mechanisms and aspects also known to cause market

cycles, such as dead times or supplier memories. De-

spite its simplicity and limitations, the model might

help to indicate, in which markets to expect chaos - or

not, cf. e.g. [7].

It should be noted, that even though this work sets

the focus on total market sizes, the dynamics of the di-

mensionless unit price P, normalized to Pmax, is directly

correlated via P = 1−Q for all times.

While a profit consideration is straightforward to

achieve, e.g. [5], allowing a change of rn(t) over time

is far beyond the scope of this work: On top of the

inherent complexity already contained in the model for

constant rn, other layers of complexity are expected to

emerge.

For example, suppliers simply adapting εn(t) based

on any strategy or investing parts of sales in cost-cutting

activities in order to reduce cn(t) go along with all kinds

of interactions assumed to lead to overall market pat-

terns far from trivial.

From a supplier’s perspective, there is also the im-

manent dilemma between the basic need for ensuring

long-term existence on the market, while still somehow

receiving (or even maximizing) profit.
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Abstract.  This paper explores the application of multi-
agent reinforcement learning using the Proximal Policy 
Optimization (PPO) algorithm for resolving deadlocks in 
material flow systems with Automated Guided Vehicles 
(AGVs). A multi-agent strategy that optimizes the dynam-
ics and interactions of multiple AGVs in real-time is imple-
mented. The integration of the Population Based Training 
(PBT) algorithm from Ray enables continuous adaptation 
and improvement of learning processes. Subsequent 
modifications to the reward system have also been imple-
mented to enhance the model's efficiency and effective-
ness. The efficacy of the proposed approach is evaluated 
using a material flow simulation for a real industrial use 
case. The results demonstrate significant improvements 
in reducing collisions and increasing throughput within 
the system. This study highlights the potential of multi-
agent reinforcement learning and specifically the PPO al-
gorithm, to enhance the performance and efficiency of 
material flow systems with AGVs. 

Introduction 
Industries increasingly rely on automated systems for 
production and logistics, which brings about complexity 
in management, particularly with deadlocks where auto-
mated guided vehicles (AGVs) block each other, halting 
operations.  

Traditional methods to resolve these deadlocks (Xu et 
al. 2014; Hussain et al. 2015), such as waiting or rerout-
ing AGVs, are inadequate for larger systems due to scala-
bility and adaptability issues. This paper proposes that 
Reinforcement Learning (RL), especially Multi-Agent 
Reinforcement Learning (MARL), can effectively ad-
dress these challenges. It focuses on the Proximal Policy 
Optimization (PPO) algorithm, combined with Popula-
tion Based Training (PBT) and targeted reward adjust-
ments, to develop a robust and safe system for multi-
agent environments. 

The paper is organized as follows: Following a com-
prehensive literature review in Chapter 1, Chapter 2 de-
scribes the used simulation environment, the specific 
challenges faced throughout the project and how they 
were addressed. Finally, Chapter 3 presents and discusses 
the obtained results, while lastly Chapter 4 outlines per-
spectives for future research directions and the further de-
velopment of the model.   

1 Literature 

1.1 Reinforcement Learning 
Reinforcement learning (RL) is an area of machine learn-
ing in which an agent learns to make decisions by inter-
acting with its environment. This learning paradigm has 
evolved considerably since the seminal work of Sutton 
and Barto (1998). At its core, RL is about developing a 
strategy or policy that maximizes the agent's cumulative 
long-term reward based on the actions it takes in different 
states. 
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The application of RL in complex decision-making 

tasks, has shown promise in the past. The ability of RL to 
learn from experience and adapt to dynamic environ-
ments makes it ideal for dealing with the uncertainties 
and complexity associated with such systems (Zhang et 
al. 2021; Choi et al. 2022). 

The difference between Multi-Agent Reinforcement 
Learning (MARL) and Single-Agent Reinforcement 
Learning (SARL) lies in the number of agents that learn 
and make decisions in the environment.  

While SARL focuses on scenarios in which a single 
agent controls all AGVs, MARL deals with situations in 
which multiple agents act simultaneously.  

MARL is particularly relevant to the problem of 
deadlocks in logistics systems, as it considers the inter-
action of multiple AGVs and can develop strategies for 
cooperative behavior to effectively avoid or resolve con-
flicts and deadlocks [Stone & Veloso, 2000]. 

1.2 Proximal Policy Optimization (PPO) 
The Proximal Policy Optimization (PPO) algorithm, pre-
sented by Schulman et al. (2017), is a further develop-
ment in the family of policy gradient methods in RL. PPO 
aims to improve the stability and efficiency of the learn-
ing process by finding a balance between the agent's ex-
ploration ability and the utilization of what has already 
been learned.  

 
In contrast to its predecessors, such as the Trust Re-

gion Policy Optimization (TRPO) algorithm, PPO offers 
a simplified yet effective method for policy optimization, 
making it particularly suitable for use in dynamic and 
complex environments such as those found in automated 
logistics systems. 

1.3 Population Based Training (PBT) 
Population Based Training (PBT) is an approach for hy-
perparameter tuning that combines the advantages of ge-
netic algorithms and hand-guided optimization. Devel-
oped by Jaderberg et al. (2017), PBT enables adaptive 
and time-efficient optimization of the learning processes 
of AI models. PBT dynamically adjusts hyperparameters 
as the model is trained, leading to a continuous improve-
ment in model performance.  

The main benefit of PBT lies in its ability to adapt to 
changing conditions within the training environment. 
Compared to conventional hyperparameter tuning meth-
ods, optimal configurations are achieved more effec-
tively and quickly.  

By combining these advanced techniques - MARL 
with PPO and dynamic adaptation through PBT - this 
project aims to develop a robust system for automated lo-
gistics that can avoid deadlocks while increasing the ef-
ficiency and reliability of the overall system. 

2 Simulation Model 
There has been a growing interest in using RL for dead-
lock resolution in intralogistics systems. In (Müller et al. 
2022; Jelibaghu et al. 2023), the authors proposed a dead-
lock resolution method using a single RL agent. The 
agent was trained to learn how to resolve deadlocks by 
observing the states of the system and taking actions that 
lead to desired outcomes.  

The agent was able to achieve high levels of deadlock 
resolution and collisions avoidance in (Müller et al. 
2022). 

As part of the research project, a real-world applica-
tion for an AGV system was considered and modelled in 
Plant Simulation (cf. Figure 1).  

The application is a high-bay warehouse 
with five aisles that the AGVs can only enter 
and exit from one side (dead ends). There are 
three AGVs available that have the task of 
moving pallets from the goods receipt, where 
the orders are created automatically and as-
signed to the AGVs (well known as dispatch-
ing), to the high rack. At the beginning the 
AGVs are located at the park station. A dead-
lock situation is shown in Figure 1. The dead-
lock occurs because the AGV01 currently lo-
cated on the STR02 wants to enter aisle02.  

 

 
Figure 1:Illustration of a deadlock with three AGVs at the  

beginning of dead ends. 
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At the same time, the AGV02 

wants to leave aisle02. The simula-
tion model is a digital twin of the lo-
gistics system, enabling scenario 
testing and performance optimiza-
tion. It tracks material movement 
and component performance to iden-
tify bottlenecks and improvement 
areas. 

The AGVs are controlled by an 
artificial neural network, which is 
implemented using Python code and 
connected to the simulation model 
and the AGV agents via the COM in-
terface.  

 
 

Training configurations 
Episodes per training 300 
Steps per epsiode 2000 
Trials per training 5 
Concurrent trials 1 
Perturbation interval 5 

Observation Space 
General ID of the considered 

AGVs 
For each agent i x and y position of 

agent i 
 

Current speed of 
agent i 
 

x and y position of 
the target destination 
of agent i 

Action Space 
Possible actions MoveForward, 

MoveBackward,  
Stop 

Reward-System 
Perform action -1 
Pick up order +100 
Complete order +5000 
Not-loaded agent exits aisle +10 
Agent enters occupied aisle -10 
Loaded agent exits aisle -10 

Table 1: Summary of initial action space and  
reward-system. 

 

 
We decided to reduce the complexity of the environ-

ment, by reducing the number of agents to two. This ad-
justment aimed to provide a clearer view of how well our 
agent could learn and adapt, allowing for a more detailed 
observation.  

To track the hyperparameters and the progression of 
rewards throughout the training, we utilized Weights & 
Biases (wandb).  

This platform enabled us to gain insights into the per-
formance of our model and observe the development of 
hyperparameters over the course of training. These ad-
justments resulted in clearer and more informative train-
ing progressions, allowing for more thorough analyses of 
the model's behavior and effectiveness. 

In Table 1 we present the initial setup of training con-
figurations, action space and reward system, to show the 
baseline from which we began observing and adjusting 
the models performance and learning abilities. 

As Table 1 shows, at first the trials of the trainings 
were carried out serially and not in parallel. This had a 
considerable influence on the hyperparameters. 

3 Experiments and Results 
Our work builds on the work of (Müller et al. 2022; 
Jelibaghu et al. 2023). We propose a deadlock resolution 
method using a team of RL agents that is based on a real-
world intralogistics system. We aim to evaluate our 
method on a number of different scenarios and demon-
strate that it is able to achieve high levels of deadlock 
resolution and performance enhancement. In Figure 2 we 
show the MARL functionality.  

 
Figure 2: Agents in a multi-agent reinforcement learning (MARL). 



Jelibaghu & al.  AGV Traffic Management: Simulation-Based Deadlock Resolution & Collision Reduction 

22       SNE 36(1) – 3/2026 

T N 
Compared to Single Agent Reinforcement Learning 

(SARL), the MARL approach is a decentralized ap-
proach. This means that each AGV is considered as an 
independent decision maker. 

In the initial phase of our study, we set out to inten-
tionally provoke a deadlock scenario by initializing two 
or five agents and assigning the same drop-off location 
within the warehouse for the first ten orders. This ap-
proach quickly proved to be too aggressive or challeng-
ing, as it led to the AGVs consistently getting stuck. The 
high number of AGVs and task concentration offered lit-
tle room for exploration. The resulting constant number 
of deadlocks highlighted the inadequacy of such a com-
plex setup. Making it difficult to observe and understand 
the behavior of the reward system, the hyperparameters, 
and the learning efficacy of our agents. 

The analysis is divided into five distinct sections to 
reflect the evolution of our model through various stages 
of adjustments. 

Initially, the investigation begins with an examination 
of results obtained from the baseline setup, which repre-
sents our model's performance under initial conditions 
without any alterations to the reward system or hyperpa-
rameters tuning strategy. This foundational setup, shown 
in Table 2, is crucial for establishing a benchmark against 
which the impact of subsequent modifications can be 
measured. 

After establishing a baseline understanding, the focus 
shifts to the outcomes following strategic adjustments to 
the reward system. This part dives into how modifying 
the reward parameters influences the learning trajectory 
and decision-making processes of the agents. 

 
 

Hyperparameter Search 
space  
function 

Search space 

Minibatch size Randint [4; 4000] 
SGD-iterations Randint [3; 30] 
Clip-parameter Uniform [0.1; 0.3] 
Learning rate  Uniform [0.000005; 0.003] 
KL-Coefficient Uniform [0.3; 1] 
KL-target range Uniform [0.003; 0.03] 
Discount factor  Uniform [0.8; 0.9997] 
GAE parameter  Uniform [0.9; 1] 
Value function coeff. Uniform [0.5; 1] 
Entropy coefficient Uniform [0; 0.01] 

Table 2: Hyperparameter search spaces and functions. 

The following part of this chapter explores the effects 
of refining the tuning mechanism. It examines how the 
implementation of a more dynamic and responsive tuning 
approach impacts the model’s performance. 

Lastly, we show the ability and the potential of our 
model to reduce the number of collisions while increas-
ing the number of completed orders. This gives an out-
look on the capability of the model to successfully re-
solve deadlocks. 

2.1 Baseline Setup 
We begin by examining the performance of one agent 
(SARL) before expanding our analysis to a scenario in-
volving two agents (MARL). To be clear, we built the 
following scenario. First we ran and analyzed 1 agent in 
the environment and then we took the same model and 
increased it to 2 agents. Figure 3 shows the result of the 
analysis. We use the result of the single agent as a bench-
mark. We analyze the maximum rewards achieved during 
the training. This metric is indicative of the agent's ability 
to optimize its behavior within the environment, with the 
highest reward in a series of trials representing the peak 
efficiency reached by the agent.  

Out of five trials conducted during this phase, only 
the best-performing trial is considered for detailed anal-
ysis. This selection criteria ensures that we capture the 
agent's optimal performance potential under the baseline 
settings (cf. Table 1). 

In the initial graphical analysis, contrasting perfor-
mance outcomes between single-agent and dual-agent 
setups provide insightful revelations about their opera-
tional efficiency within the simulation. The Figure 3 re-
fers to 1 agent and 2 agents results. 2 agent refers pre-
cisely to the accumulated reward of 2 agents.  Initially, it 
might be assumed that the single agent would outperform 
due to its sole occupancy of the environment, facing no 
competition or interference.  

 

 
Figure 3: Max reward during training with multi agents. 
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However, our findings show a different picture; the 

dual-agent setup achieved a higher maximum reward (cf. 
Figure 3). It demonstrates the cumulative advantage of 
having double the number of steps available compared to 
a single agent. This increased action potential, combined 
with effective learning behavior, indeed resulted in 
higher rewards for the dual-agent training scenario. It 
emphasized the significance of collaborative efforts in 
navigating complex environments. 

Despite having twice as many steps at their disposal, 
the fact that the dual agents did not achieve double the 
reward of a single agent can be directly attributed to the 
escalated complexity introduced by their interaction. 
This complexity presents both challenges and opportuni-
ties for learning and optimization, highlighting the deli-
cate balance between cooperation and competition in a 
shared environment. 

Upon closer examination across all five trials for each 
training setup, it becomes evident that the two-agent 
model not only outperforms the single-agent framework 
in terms of maximum rewards but also in cumulative 
mean reward.  

This shows that the enhanced learning outcomes fa-
cilitated by multi-agent interactions are significant. The 
shared policy learning dynamic allows the system to ben-
efit from a richer set of information for policy adjust-
ments. This increases the likelihood of achieving suc-
cessful, stable training outcomes. 

2.2 Reward System 
Table 3 shows the updated reward system, detailing the 
strategic modifications made to enhance navigation in the 
simulated environment. These changes were strategically 
implemented to swiftly move agents out of the aisles, 
thereby reducing potential deadlocks and easing traffic 
congestion. 

This refinement entailed modifying the existing move-
ment incentives for “MoveForward”, “MoveBackward”, 
and “Stop” actions, which are integral to the agents' nav-
igation through the simulation environment. 

The standard penalty assigned to any step taken re-
mained set at -1, preserving the agents' motivation to 
minimize unnecessary movements. However, to promote 
more efficient behavior post-order completion, executing 
a “MoveForward” or a "Stop” action was assigned a 
larger penalty of -5, while a reward of +2 was allocated 
for a “MoveBackward” action.  

 

Reward-System 
Perform action -1 
Unloaded AGV performs 
MoveForward on aisle 

-5 

Unloaded AGV performs 
MoveForward on aisl 

-5 

Unloaded AGV performs 
MoveBackward on aisle 

+2 

Pick up order +100 
Complete order +5000 
Unloaded AGV exits aisle +25 
Loaded AGV exits aisle -10 
AGV enters occupied aisle -10 
Unloaded AGV enters aisle -50 

Table 3: Adjusted reward-system. 

 
This careful calibration of rewards and penalties was de-
signed to maintain a balance where agents are discour-
aged from counterproductive movements without over-
shadowing the adverse implications of such actions, 
thereby sustaining the learning impact. 

To further encourage the desired behavior, the action 
of successfully exiting an aisle was assigned a higher re-
ward of +25. Conversely, to deter agents from exploiting 
this system by repeatedly entering and exiting the aisle 
without carrying a load, a hefty penalty of -50 was im-
posed on unloaded travel on the street. This modified in-
centive system was implemented to guide the agents to-
wards behaviors that enhance overall efficiency in the lo-
gistics environment.  

Figure 4 illustrates an improvement in the maximum 
reward output compared to Figure 3, which represents 
the results from the initial setup. This enhancement con-
firms that the modifications to the reward system have 
been effective, showing a positive impact on the overall 
performance. 

 

 
Figure 4: Max reward of training with new reward setup. 
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2.3 Hyperparameters 
In our exploration of hyperparameters and the implemen-
tation of the tuning process, the utilization of the Popula-
tion Based Training (PBT) algorithm played a pivotal 
role. Despite careful inclusion of all relevant parameters 
within the PBT tuner, along with the definition of search 
spaces and corresponding search functions, it was noted 
that several values remained at their initial setting 
throughout the training period. This phenomenon of no 
adaption applied to all hyperparameters except for the 
clip coefficient. Unexpectedly, the clip coefficient exhib-
ited variations that extended beyond the predefined 
search space boundaries. At the start of each trial, a ran-
dom value for lambda was selected from within the 
search space, establishing the initial conditions under 
which each trial would proceed. 

To leverage the full capabilities of the PBT mecha-
nisms, we adjusted the number of concurrent trials to 
five, allowing for simultaneous training of all trials. This 
setup positioned each trial as an integral component of 
the PBT's population, fostering a dynamic learning envi-
ronment. The perturbation interval, set at every five epi-
sodes, served as a benchmark for evaluating and compar-
ing trials.  

This interval determined the feasibility of continuing 
a trial based on its performance. This necessitates adjust-
ments to align with more successful trials or terminating 
trials that failed to show promise. It should be mentioned 
here that training the trials in parallel leads to signifi-
cantly longer training times and to a partially incomplete 
recording of the courses in wandb. 

This strategic approach aimed to optimize the learn-
ing process by facilitating real-time adaptations and fos-
tering a competitive yet collaborative environment 
among the trials. The performance outcomes, captured in 
Figure 5, illustrate the impact of these adjustments on the 
model's learning efficiency. 

 

Due to gaps in data collection for these parallel trials, 
the data of some trials was not fully tracked by wandb. 
Follow several reasons can be attributed: Technical Is-
sues, System Overload, Network Interruptions, Human 
Error and Software Bugs.  Nevertheless, the results in 
Figure 5 showcase clear improvement in the collected 
max-reward, compared to the baseline setup with serial 
trials (Figure 3). These results suggest that parallel train-
ing, despite requiring longer training durations, has a pos-
itive impact on the agents' performance. Such high-re-
ward instances demonstrate the potential benefits of con-
ducting training in parallel. It demonstrates that this ap-
proach can significantly enhance the learning outcomes 
and operational efficiency. 

The primary advantage of conducting parallel trials in 
PBT lies in the dynamic adjustment of hyperparameters 
in real time. While most parameters remained constant 
during serial trials, the training involving parallel trials 
saw dynamic adaptations. This leads and enhances learn-
ing behaviour, making the training process more effec-
tive. By terminating less promising trials, the algorithm, 
ensures that no resources are wasted on prolonging the 
training time unnecessarily. Thereby, it puts the focus on 
the most promising configurations. 
This approach allows for the rapid identification of supe-
rior hyperparameter configurations compared to manual 
tuning, The capability to dynamically adjusting and re-
fining the training process in real time represents a piv-
otal shift towards more agile and responsive agent train-
ing methodologies. 

Figure 6 provides a detailed visualization of the hy-
perparameter values across all trials. It is evident that 
many trials exhibit similar or identical hyperparameter 
values, which is consistent with the observation from se-
rial trainings that hyperparameters tend to remain constant. 
Nevertheless, the trials that underwent dynamic adjust-
ments generally show improved performance, reinforcing 
the advantage of real-time hyperparameter tuning. 

Figure 6: Hyperparameter ranges and their impact on the max reward. 

entropy 
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Figure 5: Max reward of training with 2 agents  

and concurrent trials. 

However, this does not negate the possibility of achiev-
ing good performance in serial trials, as previously 
demonstrated. 

When analysing the hyperparameters of the parallel 
training trials, it is essential to recognize that the values 
presented represent only the average due to the dynamic 
adjustments made during the process. From these aver-
ages, it is observable that a higher entropy coefficient, 
which introduces more randomness into the decision-
making process, can be beneficial to the results. An in-
crease in entropy generally encourages exploration, 
which can prevent the agents from getting stuck in subop-
timal behaviors. 

Furthermore, a slight uptick in the learning rate, 
paired with a reduced clip parameter, appears to be ad-
vantageous. The learning rate determines how quickly 
the model adapts to new information, while the clip pa-
rameter helps in stabilizing the policy update.  

Adjusting these parameters could lead to a more effi-
cient learning process by balancing the rate of adaptation 
with the stability of learning. However, pinpointing the 
exact values that yield the best performance is challeng-
ing, as a wide array of configurations have resulted in fa-
vorable outcomes. Therefore, while certain trends in hy-
perparameter adjustments can be identified as generally 
positive, the diversity in effective configurations empha-
sizes the complexity and adaptive nature of the learning 
environment. This variability shows the need for a com-
prehensive hyperparameter search when tailoring the 
model to maximize performance. 

2.4 Collision avoidance 
In the final section of the analysis, we demonstrate the 
capability of our model to not only avoid collisions but 
also to reduce their occurrence over the course of train-
ing, while simultaneously enhancing the throughput of 
completed orders.  

We present three Figures to illustrate these develop-
ments: Figure 7 displays the reduction in the number of 
collisions throughout the training sessions.  

Figure 8 shows the corresponding increase in the 
number of successfully completed orders. These com-
pleted orders lead to the reward shown in Figure 9. 

 

 
Figure 7: Number of cumulative collisions of 2 agents 

during training process. 

 

 
Figure 8: Number of cumulative completed orders  

of 2 agents during training process. 
 

These figures clarify that the MARL approach effectively 
enhances operational efficiency by increasing throughput 
and minimizing disruptions caused by collisions.  

Furthermore, these results indicate that the model 
possesses significant potential to avoid and resolve dead-
locks, as collisions and deadlocks present very similar 
scenarios within our simulations.  

This demonstrates substantial improvements in both 
safety and efficiency of the AGV-fleet. 

 

 
Figure 9: Accumulated reward of 2 agents during  

training process. 
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2.5 Testing phase 
Eventually, we wanted to verify the policy our agents 
have learned over the period of training. Therefore, we 
established checkpoints to capture and store the policy 
and hyperparameter configurations learned by the agents 
at specific training stages. By reloading these check-
points into a model, we were able to verify that the agents 
were indeed learning.  

During the 100-episode learning phase the agents 
were still allowed to continue exploring, with the data 
loaded from the checkpoints serving as starting points for 
further learning and adaptation. 

 

 
Figure 10: Number of cumulative collisions of  

 2 agents  during testing phase. 

 

 
Figure 11: Number of cumulative completed orders  

of 2 agents during testing phase. 

 
Figures 10 to 12 offer a clear visualization of the out-
comes from the checkpoints applied during our testing 
phase. Figure 10 illustrates the cumulative number of col-
lisions, which have remained consistently low from the 
beginning of the testing phase, suggesting that the colli-
sions are well-managed throughout the training.  

Figure 11 shows the cumulative number of completed 
orders, where it is evident that the orders are completed 
at a high rate, consistently ranking in the upper perfor-
mance tiers of our training data.  

Lastly, Figure 12 shows the cumulative rewards oc-
crued, which are also high from the outset of the testing 
phase.  

These visuals collectively demonstrate that the check-
points contain effective policy and hyperparameter con-
figurations, and that the agents did not require a reset or 
additional exploration phases to achieve these results. 
This underscores the robustness and efficiency of the 
learning mechanisms we have implemented. 

 

 
Figure 12: Sum of collected reward of 2 agents 

  during testing phase. 

3 Conclusion and Outlook 
 In summary, this study has demonstrated that the Proxi-
mal Policy Optimization (PPO) approach coupled with 
Population Based Training (PBT) for hyperparameter 
tuning is suitable for efficiently coordinating AGV fleets 
to reduce collisions and deadlocks and thus throughput to 
increase. 

Possible extensions of the approach address the ques-
tion of how to increase the number of agents. This will 
allow us to better understand the scalability of our ap-
proach and to refine the interplay between agents. Fur-
thermore, we plan to experiment with different configu-
rations of the perturbation interval, a critical mechanism 
in PBT that can significantly influence learning out-
comes. 

In parallel, further adjustments to the reward system 
are on the horizon. These modifications aim to enhance 
the learning process even more, and we intend to evaluate 
the impact of these changes, especially when combined 
with parallel trials. With these adjustments, we anticipate 
uncovering even richer insights into the model's perfor-
mance. 

While our findings have shown promise, the capabil-
ities of our model and the process of refining its perfor-
mance is ongoing. There are still many opportunities to 
further improve the model and gain deeper understand-
ing, driving the evolution of AGV coordination in logis-
tics. 
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Abstract. We introduce a simulation and optimization
framework for stochastic resource-constrained project
scheduling problems. The stochasticity is represented
by modeling job durations as continuous random vari-
ables without time discretization, while fluctuations are
captured by simulating a sufficiently large number of re-
alizations. The objective is to analyze the relationship be-
tween variability in the input parameters and the result-
ing makespan in order to enable a priori estimates. Esti-
mation approaches derived from simulations of small in-
stances can then be extrapolated to problems involving a
larger number of jobs or more complex characteristics.

Introduction

Resource-constrained project scheduling problems

(RCPSP) are of widespread relevance. From a theo-

retical perspective, they serve as research objects for

combinatorial optimization, the development of heuris-

tics and event-discrete simulation techniques. From

the practical perspective, they arise in manufacturing

contexts, worker allocation schemes, medical operation

and surgery planning and even in packing problems –

just to mention a few. In many real-world problems,

process parameters and other quantities tend to fluc-

tuate or are only known up to certain uncertainties.

Consequently, improved modeling means incorporating

such aspects.

We address this by considering parameters as ran-

dom variables of a given distribution instead of fixed

numbers.

A review of the literature underlines the importance

of RCPSPs: early attempts go back to [1, 2, 3] and

recent surveys addressing the variants of such prob-

lems are for example [4, 5]. In general, heuristics and

the genetic algorithm play an important role [6, 7, 8],

some further state-of-the-art algorithms can be found

in [9, 10, 11, 12, 13]. The works [13, 14, 15, 16] pay

attention to stochastic RCPSP mainly with discrete ran-

dom variables.

However, the NP-hardness of RCPSP impedes find-

ing the exact optimum of larger problem instances

within a reasonable time.

Consequently, we are therefore restricted to opti-

mizing sufficiently small problem instances. We then

extrapolate the obtained findings.

Our approach focuses on continuous random vari-

ables because many relevant processes or phenomena

can be modeled by normally distributed, Gamma or

Beta distributed quantities.

A stochastic RCPSP is characterized firstly by the

dependencies of its inner parts (called jobs), secondly

by the duration of the jobs (continuous random vari-

ables) and thirdly by the number of available resources.

The aim is to minimize the makespan.

Basically, we are interested in some aspects of the

systematics with special attention to stochastic influ-

ences:

• How are the distributions of the input parameters

and the distribution of the objective function re-

lated?
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• Regarding the reliability, is it possible to estimate

the variation of the objective function using the

variation of the input parameters?

To address these questions, we established a four-part

simulation and analysis framework:

1. Random Number Generator: provides an appropri-

ate set of random numbers of a prescribed distribu-

tion with expectation value and standard deviation

as parameters to encode the duration of all jobs.

2. Structure Analyzer: investigates the dependencies

of the jobs to find critical paths (dependencies are

encoded in a directed network graph).

3. Optimizer: executes the optimization of the

makespan for all stochastic realizations of the

RCPSP.

4. Output Analyzer: evaluates the resulting sample of

realizations w. r. t. statistical characteristic values

and distribution function fits.

Our paper is organized as follows: Section 1 provides

the methodical basis in terms of a precise definition of

the problem class scope and short notes on the Gamma

and the Beta distribution while also describing the sim-

ulation procedure. Section 2 is dedicated to selected

results. We summarize in Section 3.

1 Model Setup and Simulation
Approach

In this section, we explain the employed methods. First,

we precisely define the scope of a stochastic RCPSP.

Second, we present the framework for solving such

RCPSPs. We supplement these two main part with short

notes on the Gamma and the Beta distribution.

1.1 Stochastic RCPSP

To focus on the underlying principle, we refrain here

from features like multiple projects, multiple modes

as well as transfer times or type representatives. A

stochastic RCPSP is therefore described by:

• jobs j = 1...J and their respective durations d j ∈
R≥0 considered as continuous random variables;

each job starts exactly once and must not be inter-

rupted

• successor matrix S ∈ {0,1}JxJ defined by

S j1 j2 =

{
1 if job j2 follows after j1
0 otherwise

(1)

• number of renewable resources R ∈ N ∪ {∞},

where each job occupies exactly one resource dur-

ing its execution and R = ∞ refers to the uncon-

strained problem

In summary, a stochastic RCPSP is a tuple

(J,R,(d j),(S j1 j2)) supplemented by the stochastic pa-

rameters entering the vector (d j).

1.2 Simulation and Optimization Framework

The framework consists of the following four parts.

Random Number Generator:
To simulate stochastic RCPSPs, we generated a suffi-

ciently large sample of realizations. For each stochastic

RCPSP and each job, we keep the expected value μ j
( j = 1...J) of the duration d j fixed. Furthermore, the

coefficient of variation η is the same for all jobs, such

that the standard deviation σ j of the duration d j follows

from σ j = η ·μ j.

In addition, we choose the type of distribution

(Gamma or Beta distribution, we do not consider

normally distributed random variables since they may

take negative values). The sample size varies from

10,000 up to one million.

Structure Analyzer:
Dealing with continuous random variables precludes

simple linear optimization models with binary decision

variables (see [17, 18] for instance). Since we refrain

here from a time discretization, we choose the follow-

ing structural approach to incorporate the limit on the

number of resources.

Let the successor matrix S be given. As a first

step, the tool evaluates the potentially maximal num-

ber Rmax(S) of resources needed such that there would

be no queue (and the problem is unconstrained inde-

pendently of d j). Typically, Rmax(S) > R. As a second

step, the tool collects all those successor matrices S̃ with

S̃ j1 j2 ≥ S j1 j2 for all j1, j2 and Rmax(S̃) = R. Considering

S̃ instead of S, the RCPSP becomes unconstrained.

In summary, the idea is to solve rapidly (many)

unconstrained PSPs to find the optimum of the original

RCPSP. That is the key point because the main issue

lies in the efficient selection of all relevant S̃ matrices.

To handle this challenge, we strongly employ the close

connection between successor matrices and posets and

the knowledge of such sets (generation, isomorphism

classes, structural dependencies, [19, 20, 21, 22, 23]).
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Optimizer:
The task of minimizing the makespan is equivalent to

finding the shortest path in a weighted directed graph

(encoded in S̃). To this end, we employ both Gurobi

and the Python package Networkx to go through the list

of the relevant S̃ matrices. We perform this evaluation

for all stochastic realizations.

Output Analyzer:
This analyzing tool processes the sample of all cycle

times and computes statistical quantities, for example

mean value, standard deviation, coefficient of variation,

skewness. In addition, it fits the data to a given type of

distribution depending on multiple parameters. Partic-

ularly interesting is the relation in terms of appropriate

parametrizations between input and output quantities.

All in all, the framework is completely automatized

and can be combined with a simulation framework for

heuristics [24, 25, 26] and with an AI tool for finding

promising fit parametrizations for the Output Analyzer.

However, the results of the following section focus on

stochastic fluctuations.

1.3 The Gamma and the Beta Distribution

We briefly summarize some well-known properties of

these two distributions both quite convenient for mod-

eling process times or human working durations.

Let X denote a random variable with its expectation

value μ , its standard deviation σ and the dimensionless

coefficient of variation η = σ
μ . The probability density

function of the Gamma distribution reads as

f (Γ)α,β (x) =
β α

Γ(α)
xα−1e−βx (2)

with x ≥ 0 (arbitrarily large values are admissible), α =
μ2

σ2 and β = μ
σ2 ; analogously, we have

f (B)α,β (x) =
Γ(α +β )
Γ(α)Γ(β )

xα−1(1− x)β−1 (3)

for a Beta distribution with x ranging in [0,1] (linearly

scalable to the interval [xmin,xmax]),

α = μ
( μ

σ2
(1−μ)−1

)
(4)

and

β =
μ
σ2

(1−μ)2 +μ −1. (5)

The cumulative distribution functions are denoted by

F(Γ)
α,β and F(B)

α,β , respectively.

2 Selected Results
We picked three instances for our case study: 20 and 50

jobs for the unconstrained PSP and 10 jobs for investi-

gating the RCPSP.

As mentioned above, a universal coefficient of vari-

ation η is fixed (see below) and the expectation value

μ j of the duration d j is chosen randomly in the interval

[0.3, 0.7].

A key result of our investigation is that we can de-

scribe the distribution of the objective function with

high accuracy by a product ansatz having only two fac-

tors and four parameters even though the problem class

contains many parameters.

In addition, this statement remains true for all

values of the resource number R. Note that it is not

sufficient to fit a simple Gamma (Beta) distribution

if the input parameters are Gamma (Beta) distributed.

Indeed, the second factor in the product is necessary.

Histogram (blue) of the makespan x and best fits
(red) according to (6) for instance with J = 20,
Gamma distribution and η = 0.3

(sample size one million).

Let us take a closer look at the product ansatz.

We chose

F(D)
α1,α2,β1,β2

(x) = F(D)
α1,β1

(x) ·F(D)
α2,β2

(x) (6)

with D ∈ {Γ,B} which is inspired by the following

facts:

• The sum of multiple Gamma distributed, indepen-

dent random variables is Gamma distributed.
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• The sum of multiple Beta distributed, indepen-

dent random variables is approximately Beta dis-

tributed.

• The cumulative distribution function of the maxi-

mum of multiple, independent random variables is

equivalent to the product of the cumulative distri-

bution functions of the single random variables.

Histogram (blue) and best fits (red) according to (6)
for instance with J = 20, Beta distribution, η = 0.1;
the variable x is scaled to [0,1] by dividing the
makespan by the longest path
(sample size one million).

Here, the statements of the first two bullet points refer

to the stochastic behavior along chains of jobs while the

statement of the third bullet point refers to the compar-

ison of such chains to select the critical path. However,

this inspiration does not pay very much attention to the

mathematical subtleties (especially the stochastic inde-

pendence of the random variables).

2.1 Results of the Unconstrained PSP

We consider four samples of unconstrained problems:

J = 20 with Gamma distribution (see Figure 1) and Beta

distribution (see Figure 2), J = 50 with Gamma distri-

bution (Figure 3) and Beta distribution (Figure 4). All

figures display the histogram of the sample (size one

million) and the best approximation according to equa-

tion (6).

The four-parameter fit exhibits a sufficiently high

quality for all considered problems even though the

problem class depends on far more parameters. Re-

garding the 50-job instances, the distribution becomes

more symmetric.

As a next step, we compare dimensionless quanti-

ties. Figure 5 shows the coefficient of variation ηout of

the objective function as a function of the coefficient

of variation ηin of the input. Over a large number of

instances, we see a stable parameter dependency.

The behavior ηout vs. ηin is close to a power law

ηout = a ·ηb
in (7)

with a = 0.3227± 7 · 10−4 and b = 0.7874± 3 · 10−3

(red curve in Figure 5).

Histogram (blue) of the makespan x and best fits
(red) according to (6) for instance with J = 50,
Gamma distribution, η = 0.3

(sample size one million).

In addition, the objective function varies less than

the input quantities. This stability in combination with

the appropriate fit (6) allows an a priori estimation be-

cause the fit parameters of (6) can be estimated by

a structural analysis (part of the Structure Analyzer)

based on what is called the grade distribution [19, 20].

Such an estimation can be refined by a small sam-

ple. Therefore, after less runs the simulation gives al-

ready insights of the stochastic behavior of the objective

function.

2.2 Results of the RCPSP

Let us now turn to the 10-job RCPSP. Mainly we are

interested in two aspects:

First, does the fit ansatz (6) remain appropriate?

Second, what dependencies exist between the resource

bound R and the stochastic quantities μout and ηout?

easily

easily

SNE 36(1) – 3/2026



33

Histogram (blue) and best fits (red) according to (6)
for instance with J = 50, Beta distribution, η = 0.1;
x is scaled to [0,1] (sample size one million).

Coefficient of variation of the objective function ηout

as a function of the coefficient of the variation ηin of
the input distributions (J = 20, Gamma distribution,
100 instances per ηin value, sample size 10,000).
The errorbars indicate minimum, mean (crosses)
and maximum. The red curve depicts the power
law regression.

Figure 6 shows the distribution (density function) of

the objective function for a 10 job Gamma distributed

sample for various values of R.

Note that if R ≥ Rmax(S) the problem is uncon-

strained (independently of R). Regarding the first ques-

tion, the answer is yes (such that the histograms are not

shown in Figure 6), equation (6) covers all of the fol-

lowing cases: for the case R = 1, the execution of the

jobs is equivalent to a single chain. So in this special

case, the second factor in equation (6) becomes obso-

lete.

For small values of R, the problem instance remains

constrained for all possible realizations. For further in-

creasing R, the resultant distribution contains a mix-

ture of realizations, where the durations are such that

the problem is de facto unconstrained, and realizations,

where the resource constraint is indeed active.

For R ≥ Rmax(S), the problem is unconstrained for

all duration vectors (d j). Typically, Rmax(S)≤ J.

Distribution (density function) of the makespan for
varying resource number: R = 1 (blue), 2 (orange), 3

(green), 4 (red) and 5 = Rmax (purple).
All cases match the fit (6). The sample size is 40,000
and J = 10 with Gamma distribution.

Dependence of expectation value μout on the
resource number for a pool of Gamma and Beta
distributed instances with varying μ . We have J = 10

and Rmax= 5 fixed such that the problem is not
subject to resource limitations for R ≥ 5.
The errorbars are not shown because they are
negligible compared to the size of the crosses.

Clearly, a decreasing R causes an increasing μout.

Figures 7 and 8 provide a more detailed and quantitative

picture by showing μout and ηout as a function of R for

several instances. As it is the case in Figure 5, the de-

pendency can be captured by a rather simple regression.
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Dependence of the coefficient of variation ηouton
the resource number for a pool of Gamma and
Beta distributed instances with varying μ. We have
J = 10 and Rmax= 5 fixed such that the problems
is not subject to resource limitations for R ≥ 5.
The errorbars are not shown because they are
negligible compering the size of the crosses.

Summarizing the previous examples, the stochastic

characteristic values and the shape of the distribution of

the makespan as objective function are predictable both

for unconstrained and constrained PSP.

3 Summary and Outlook
The purely continuous treatment reveals close connec-

tions between the input distributions and the distribu-

tion of the makespan as objective function. Based on

simulation studies, we can estimate the shape and all

related stochastic properties of the resultant distribution

since we found that the proposed product fit suffices

for all practical purposes even though it seems hard to

prove its validity by rigorous mathematical arguments.

Although solving a single realization of an RCPSP

remains challenging for a larger number of jobs, con-

sidering a population significantly relaxes the situa-

tion, smooths discontinuous aspects of the combinato-

rial optimization problem and eventually enables state-

ments about confidence intervals of the makespan hav-

ing practical relevance.

Without aiming to explore the problem landscape too

far, it seems natural to attack more sophisticated RCPSP

(multi-mode and with transfer times and type represen-

tatives, for instance) with the continuous approach and

to investigate the influence of these extended features

on the shape of the objective function distribution.

easily

easily

Hereby, questions of continuous dependency and

stability are of particular interest. Innovative tools in

event-discrete simulation and optimization will provide

a valuable contribution to this.
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Model-Based Analysis of a Diesel Generator
Operating in islanded Mode under

Dynamic Load Conditions

t

t

t

t

t

Abstract.

Introduction
In the course of the energy transition, decentralized

power generation is gaining increasing importance.

This also applies to combined heat and power (CHP)

units, which simultaneously generate heat and electric-

ity and therefore exhibit high overall efficiency. The

core of such systems typically consists of internal com-

bustion engines, which can be operated in a CO2-neutral

manner in the future due to the increasing availability

of hydrogen. The operation of power generators in iso-

lated grids under dynamic load conditions imposes high

requirements on the operating behavior of the driving

internal combustion engine.

In conventional configurations, where the engine is

directly coupled to a synchronous generator, load fluc-

tuations can lead to speed variations of the unit and,

consequently, to fluctuations in grid frequency. Since

many electrical consumers are highly sensitive to fre-

quency deviations, it is essential to keep these within

narrow limits.

Therefore, especially manufacturers of larger gener-

ator sets are required to quantify the effects of possible

load scenarios on the grid frequency provided by the

generator already at an early design stage.

Against this background, a simulation model was

developed that enables the calculation of the operational

behavior of an internal combustion engine in combina-

tion with a generator and a variable electrical load sce-

nario based on physical principles.

The model is based on a crank-angle-resolved pro-

cess calculation in order to obtain a more precise de-

scription of the system behavior and to enable optimiza-

tion of the system configuration with respect to a wide

range of parameters.

In this paper, the model of a power generation unit is

presented and the obtained simulation results are com-

pared with experimental data from a test bench.
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1 Internal Combustion Engine
Model

For the simulation environment of the internal combus-

tion engine, a modeling approach based on established

submodels was selected.

In this zero-dimensional (0D) model, the combus-

tion chamber is considered as an ideally mixed system

at any point in time, and the state variables pressure

and temperature are represented as functions of time or

crank angle.

Using the energy balance according to the first law

of thermodynamics, the change in internal energy dU
within the combustion chamber can be described as fol-

lows [1]:

dU
dt

=−p
dV
dt

+
dQB

dt
− dQW

dt
+hI

dmI

dt
−hE

dmE

dt
(1)

The first term represents the work performed on the pis-

ton in the form of volume change work −p dV
dt . Fur-

thermore, dQB
dt denotes the heat release due to combus-

tion, dQW
dt the wall heat transfer, hI

dmI
dt the enthalpy flux

through the intake valve, and hE
dmE

dt the enthalpy flux

through the exhaust valve [2].

To solve the mass and energy balances, models were

implemented for the heat release due to combustion

(burn rate), heat transfer between the in-cylinder gas

and the combustion chamber walls, the gas exchange

process, and the change in internal energy within the

cylinder.

The calculation of the internal energy is based on the

caloric equation of state for ideal gases:

du = cv ·dT (2)

The specific heat capacity cv is determined using a

component-based model according to Grill [3]. In this

approach, the in-cylinder gas is assumed to be a mix-

ture of ideal gas species. A prerequisite is the prior

calculation of the equilibrium composition of the in-

cylinder gas as a function of temperature, air–fuel ratio,

and pressure.

Based on this approach, the specific internal energy

is used to determine the specific heat capacity cv ac-

cording to Equation (3) [3]:

cv =

(
∂u
∂T

)
p
+

(
∂u
∂ p

)
T
· p

T
(3)

1.1 Combustion model

A key component in modeling the in-cylinder process is

the combustion model. This model describes the tem-

poral evolution of heat release from the chemical en-

ergy stored in the fuel (reaction enthalpy released dur-

ing combustion).

Various modeling approaches can be used to repre-

sent the burn rate, including phenomenological or em-

pirical burn rate models.

In the present simulation model, a combined phe-

nomenological combustion model based on the ap-

proaches of Barba [4] and Chmela [5] is employed. The

input variable for this model is the injection rate, which

is calculated using an implemented injector model [6].

The calculation of the combustion process is based

on two submodels: one for the pilot combustion and one

for the main combustion. For the combustion of the pi-

lot injection, a spherical propagation of the flame front

originating from a single ignition point is assumed.

The flame radius is determined by the turbulent

flame speed sturb. The flame surface area can be ex-

pressed as follows [7]:

AFlame = 4 ·π · r2
Flame (4)

Assuming a homogeneous air–fuel mixture, the mass

burning rate for turbulent combustion originating from

a single ignition point can be described by:

ṁFuelBurn I = k1 ·ρub · sturb ·AFlame (5)

However, it can be assumed that ignition does not occur

at only one localized point in the combustion chamber,

especially once the pilot combustion has progressed.

Therefore, following [4,7,8], a second approach for

modeling the combustion process is implemented:

ṁFuelBurn II = k2 · 1

Λ2
mc

· sturb

rmc
·mFuelVap (6)

The total burned fuel mass is obtained from the super-

position of Equations (5) and (6) [8]:

ṁFuelBurn =
ṁFuelBurn I · ṁFuelBurn II

ṁFuelBurn I + ṁFuelBurn II
(7)

The combustion model for the main injection is also

described using two submodels: one for premixed com-

bustion and one for diffusion-controlled combustion.
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First, the spray penetration depth S is calculated us-

ing an approach proposed by Najar [9]:

Sρg = 265,7 ·
(

m f√
Qhyd

)0,445

·ρ−0,387
g (8)

Figure 1 illustrates the schematic representation of the

spray for different air–fuel ratio regions in the combus-

tion model. The region close to the nozzle represents a

fuel-rich zone with limited air availability. As the spray

penetrates further into the combustion chamber, the lo-

cal air–fuel ratio increases accordingly.

Based on the lambda-dependent regions, a mixture

volume Vmix can be determined in which the evaporated

fuel and the amount of air defined by the local air–fuel

ratio are present [5]:

Vmix = mF

(
1

ρF,vap
+

λ ·Lmin

ρAir

)
(9)

Figure 1:

Within the model, two fuel pools are distinguished. The

amount of fuel injected during the ignition delay period

is assigned to the premixed combustion, whereas the

fuel injected after the start of combustion is attributed

to diffusion-controlled combustion.

The ignition delay is divided into a physical and a

chemical part [4]:

τID = τID,phy + τID,chem (10)

The individual components are calculated using

Equations (11) and (12):

τID,phy = c0 ·uDrop0
−1.68 ·dD.e f f

0.88 (11)

τID,chem = c1 ·
(

pcyl

p0

)c2

·λZn
c3 · e

TAct
TG (12)

To account for the temporal variation of pressure and

temperature during the ignition delay, the following in-

tegral formulation is applied:

1 =

tSOC∫
tSOI

1

τID
dt (13)

The ignition event occurs when the integral reaches

unity. After the start of combustion, the heat release

rate of the premixed combustion phase is calculated ac-

cording to [5]:

dQB.Pre

dt
= cpre,1 ·λpre ·Lmin · e

−
cpre,2 ·TAct

TG · m f ,Pre
2

Vmix

·HU · (t − tSOC)
2 (14)

The diffusion-controlled combustion is modeled using

a frequency-based approach according to Barba [4] and

is described by:

dQB.Di f f

dt
=

u′

lDi f f
·mFuelVap ·HU (15)

By introducing a characteristic mixing length lDi f f and

the turbulent mixing velocity u′, the following formula-

tion is obtained:

dQB.Di f f

dt
=

√
cG · cm

2 + cKin · k
3

√
Vcyl

λ ·nnozzle

·mFuelVap ·HU (16)

The turbulent kinetic energy k is calculated using the

following equation based on a k-ε model [10]:

dk
dt

=−2

3
· k
Vcyl

·dVcyl

dt
− εDiss · k1,5

l
+

(
εq · k1,5

q

l

)
φ>ZOT

+ εE · dkE

dt
+ εD · c3

m

l
(17)

It is assumed that premixed and diffusion-controlled

combustion start simultaneously.
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In this case, a time-delay function FPre−Di f f is in-

troduced to shift the diffusion combustion rate and to

account for the delayed chemical reactions governing

diffusion-controlled combustion immediately after the

start of combustion [8]:

FPre−Di f f =

(
mFuelBurn pre

mFuelVap pre

)e

(18)

Considering this delay function, the total heat release

rate is given by:

dQB.Di f f

dt
=

dQB.Pre

dt
+FPre−Di f f · dQB.Di f f

dt
(19)

Figure 2 illustrates the individual heat release functions

as well as their superposition.

Figure 2:

1.2 Heat transfer model

One of the most complex submodels is the description

of heat transfer between the working gas in the combus-

tion chamber and the chamber walls.

In general, the wall heat flux in the cycle simulation

is calculated using a Newtonian heat transfer approach:

Q̇W = α ·A(ϕ) · (TG −TW ) (20)

In Equation (20), A denotes the heat transfer area, which

is composed of the cylinder head surface, the piston

crown area, and the instantaneous lateral surface of the

combustion chamber depending on the piston position.

For the calculation of the heat transfer coefficient α ,

a model according to Bargende is applied [11]:

α = 253,5 ·V−0,073
cyl

·T−0,477
m · p0,78

cyl ·w0,78 ·Δ (21)

The term w represents a velocity relevant for heat trans-

fer, while the combustion-related term Δ accounts for,

among other effects, the varying temperature differ-

ences between burned and unburned gas as well as a

burn-rate-dependent weighting factor X .

Both terms are calculated using Equations (22) and

(23):

w =
1

2
·
√

8 · k
3

+ c2
K (22)

Δ =

[
X

Tb

TG

Tb −TW

TG −TW
+(1−X)

Tub

TG

Tub −TW

TG −TW

]2

(23)

text

In Equation (22), the specific turbulent kinetic energy k
is again calculated using a k-ε model.

For the temperature calculation, a single-zone

approach is applied in which no explicit separation

between burned and unburned zones is performed.

According to Bargende [11], the temperature of the

unburned gas Tub is calculated from the start of combus-

tion (SOC) using a polytropic relationship:

Tub = TG,SOC ·
(

pcyl

pcyl,SOC

)( n−1
n )

(24)

The temperature of the burned gas Tb is then obtained

as:

Tb =
1

X
·TG +

X −1

X
·Tub (25)

1.3 Two-zone model

In order to predict nitrogen oxide (NO) emissions, a

two-zone combustion model is introduced in addition

to the single-zone approach.

In this model, the combustion chamber is divided

into an unburned and a burned zone, which are sepa-

rated by an infinitesimally thin flame front.

A mass exchange from the unburned to the burned

zone is considered using a phenomenological approach

according to Kožuch [10].

According to Kožuch, the unburned zone is de-

scribed by:
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(
Vub

Vcyl

) 2
3

· dQw

dt
− p

dVub

dt
+

dmub

dt
· (uub +Rub ·Tub)

= mub ·
[

∂uub

∂T
dTub

dt
+

∂uub

∂ p
d p
dt

]
+uub · dmub

dt
(26)

Analogously, the energy balance of the burned zone is

given by:

(
1−

(
Vub

Vcyl

) 2
3

)
· dQw

dt
+

dQB

dt
− p

dVb

dt
− dmub

dt
·hub

= mb ·
[

∂ub

∂T
dTb

dt
+

∂ub

∂ p
d p
dt

+
∂ub

∂λ
dλb

dt

]
+ub · dmb

dt
(27)

Additionally, a mass transfer from the unburned zone

into the burned zone is considered. This represents gas

that bypasses the flame front and is directly mixed into

the burned zone, allowing regulation of temperature and

equivalence ratio.

The corresponding mixing function g is given by [10]:

g = cg ·ρub ·uTurb ·V
2
3

b ·nnozzle + cga · dmB

dt
(28)

Together with an additional mass flow term, the total

mass transfer from the unburned to the burned zone be-

comes:

dmub

dt
=−

[
g+(1+ xR,st) ·λF ·Lst · 1

HU
· dQB

dt

]
(29)

Figure 3 illustrates the calculated temperature curves of

the unburned and burned zones in comparison with the

mass-averaged temperature obtained from the single-

zone model.

Based on the calculated temperature history of the

burned zone and the equilibrium composition of the

species, the NO concentration is determined using

chemical kinetics.

The calculation is based on the extended Zeldovich

mechanism [12][13], which describes NO formation as:

d[NO]

dt
= k1,v[O][N2]+ k2,v[N][O2]+ k3,v[N][OH]

− k1,r[NO][N]− k2,r[NO][O]− k3,r[NO][H]
(30)

Figure 3:

2 Turbocharger Model

In exhaust gas turbocharging, the residual exhaust gas

energy available after the power stroke is utilized to in-

crease the engine’s power density. The turbine is driven

by the exhaust gas enthalpy flux, which passes radially

through the turbine and sets the turbine wheel and shaft

into rotational motion.

This motion is transmitted to the compressor wheel,

thereby supplying the internal combustion engine with

an increased amount of fresh air. Considering the power

balance between turbine and compressor under steady-

state conditions and neglecting mechanical losses, the

turbine power PT converted from exhaust gas enthalpy

equals the compressor power PC :

PT = PC (31)

The power of the turbine and the compressor is deter-

mined by the mass flow rate ṁi, the specific isentropic

enthalpy difference Δhi,is, and the isentropic efficiency

ηi,is [14]:

PT = ṁT ·ΔhT,is ·ηT,is (32)

PC = ṁV ·ΔhV,is · 1

ηV,is
(33)

The dynamic behavior of the turbocharger is described

by the power balance between turbine and compressor.
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From the power difference, the rotational inertia

of the rotating assembly JTC, and the mechanical effi-

ciency ηm, the change in angular velocity ωTC (or rota-

tional speed) of the turbocharger (TC) can be derived.

Applying the conservation of rotational energy yields:

dωTC

dt
=

PT ·ηm −PV

JTC ·ωTC
(34)

3 Synchronous Generator

For the simulation of the generator, a per-unit

(PU) based synchronous generator model from the

SimscapeTM library is employed [15]. The per-unit sys-

tem normalizes all relevant system parameters to de-

fined base values, resulting in dimensionless quantities.

Since most generator manufacturers provide their ma-

chine parameters in per-unit notation, this approach al-

lows for a realistic parameterization of the simulation

model.

The input variable of the generator model is the rota-

tional speed of the internal combustion engine. The out-

put variable is the electromagnetic torque, which acts as

the load torque on the combustion engine.

4 Model Validation

To evaluate the transient load behavior, the developed

simulation model was validated using experimental data

obtained from a test bench.

Figure 4 shows the transient response of the simula-

tion compared to measurements for a load step from 2

kW to 13 kW. The load step is applied at a simulation

time of three seconds. As a consequence of the load

increase, the engine speed and thus the generator fre-

quency decrease. The speed controller of the internal

combustion engine responds by increasing the injected

fuel mass, which raises the indicated torque to compen-

sate for the increased power demand. At a simulation

time of approximately seven seconds, the nominal fre-

quency of 50 Hz is reached again and remains stable

thereafter.

Overall, the simulated frequency response shows

very good agreement with the experimental measure-

ments. The gradient of the measured torque curve is

slightly lower than that predicted by the simulation;

however, the overall torque behavior matches the

simulation results well.

Figure 4:

For further validation of the model under this load

scenario, the simulation results were compared with

experimental data obtained from a diesel engine test

bench. Figure 5 shows a comparison of the in-cylinder

pressure traces during the high-pressure phase for the

load points of 2 kW and 13 kW.

In addition, the corresponding heat release rates

were derived from the measured pressure traces in or-

der to enable a direct comparison with the simulation

results. The comparison of the calculated cylinder pres-

sure and heat release curves shows very good agreement

between simulation and measurement.

Figure 5:
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Figure 6 illustrates the dynamic behavior of the tur-

bocharger during the load step using the parameters ex-

haust pressure, boost pressure, and turbocharger speed.

The increase in injected fuel mass during the load step

leads to a rise in exhaust gas enthalpy, which increases

the pressure in the exhaust manifold and results in a

higher turbine power output.

Consequently, the turbocharger speed increases and,

due to the higher air mass flow through the compressor,

the boost pressure in the intake manifold rises.

The comparison with the experimental data shows

that the simulated exhaust pressure and turbocharger

speed exhibit a high level of agreement with the mea-

sured curves in terms of their dynamic behavior.

Figure 6:

5 Summary

The modeling approach presented in this paper en-

ables a comprehensive simulation of the operational be-

havior of power generation units operating in isolated

grids with dynamic load conditions using a highly time-

resolved process simulation.

In contrast to conventional modeling approaches,

the combustion model presented here allows the sim-

ulation of multiple injection strategies due to its phe-

nomenological formulation. In addition, the imple-

mented two-zone model enables the prediction of nitro-

gen oxide emissions within the simulation framework.

The comparison of simulation results with exper-

imental measurements from a generator test bench

demonstrates very good agreement, confirming the ap-

plicability of the proposed modeling approach.

Future work will focus on investigating the influence

of different fuel properties and their impact on the op-

erational behavior of power generation units under dy-

namic operating conditions.
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Nomenclature
εDiss Dissipation constant [-]

εD Swirl constant [-]

εE Injection constant [-]

εq Squish flow constant [-]

λ Air–fuel equivalence ratio [-]

Λmc Air–fuel ratio mixture cloud [-]

λZn Local air–fuel equivalence ratio [-]

ρF,vap Fuel vapor density [kg/m3]

ρg Gas density [kg/m3]

τID Ignition delay [s]

c0,1 General constant [-]

cK Piston speed [m/s]

cm Mean piston speed [m/s]

cpre Calibration parameter [m3/(kg·s3)]

dD.e f f Effective nozzle diameter [mm]

e Exponent [-]

h Specific enthalpy [J/kg]

HU Lower heating value [J/kg]
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k Turbulent kinetic energy [m2/s2]

k1,2 Calibration constants [-]

ki,v,r Reaction rate constant [m3/(mol·s)]

lDi f f Mixing length [m]

ll Characteristic length [m]

Lst Stoichiometric air requirement [kg/kg]

mFuelVap Evaporated fuel mass [kg]

mf Cumulative fuel mass [kg]

n Polytropic exponent [-]

nNozzle Number of injector holes [-]

p0 Ambient pressure [bar]

pcyl Cylinder pressure [bar]

pboost Boost pressure [bar]

pexhaust Exhaust pressure [bar]

QB Released heat (combustion) [J]

Qhyd Hydraulic injector flow rate

[cm3/30 s at 100 bar]

R Specific gas constant [J/(kg·K)]

rmc Radius mixture cloud [m]

Rohr Rate of heat release [J/°CA]

Sρg Spray penetration length at a gas density

[mm]

TAct Activation temperature [K]

TG,m Mean in-cylinder gas temperature [K]

tSOC Start of combustion [s]

tSOI Start of injection [s]

TW Wall temperature [K]

u Specific internal energy [J/kg]

uDrop0 Initial droplet velocity [m/s]

uTurb Turbulent velocity [m/s]

Vcyl Cylinder volume [m3]

xR,st Stoichiometric residual gas fraction [-]

t
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ε

Hydrogen produced from renewable electricity is ex-

pected to play a key role in a future climate-neutral en-

ergy system [1]. The fluctuating nature of renewable

generation leads to temporal mismatches between sup-

ply and demand, requiring flexible storage and opera-

tion strategies. In this context, the combination of hy-

drogen and battery energy storage is a promising solu-

tion [2].

Sector coupling and waste heat utilization further in-

crease system flexibility, particularly when power-to-X

(P-t-X) systems are integrated with building thermal dy-

namics.

However, suitable operation strategies remain chal-

lenging, especially under operational constraints such

as limited start events of conversion units.

This paper presents a system-level modeling and

control framework for a small-scale P-t-X facility cou-

pled with a dynamic building model. A rule-based

operation strategy is compared with a forecast-based

model predictive control (MPC) approach formulated

as a mixed-integer linear program (MILP).

The MPC integrates time series forecasts and

limits electrolyzer and gas turbine starts via an ε-

constraint, aiming to improve self-sufficiency and self-

consumption while respecting operational and comfort

constraints.

The remainder of the paper is structured as fol-

lows: Section 1 introduces the system, Section 2 the

data basis, and Section 3 the building model. Section 5

presents the MPC formulation, followed by results and

conclusions.

The considered system is an electrically and ther-

mally integrated power-to-gas (PtG) and power-to-

power (PtP) infrastructure coupled to a building energy

system.

As shown in Figure 1, electrical energy is sup-

plied by photovoltaic generation and the grid and con-

sumed by the building load, an electrolyzer, a hydrogen

driven gas turbine, and a battery energy storage system

(BESS).

Electrical surpluses are converted to hydrogen via

the electrolyzer and stored in a hydrogen energy storage

system (HESS), while deficits are covered by reconver-

sion through the gas turbine or grid import.
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Electric Supply

Electric Load
+

-

Electrolyzer

HESSGas Turbine
-

+

BESS

Surplus

Deficit

Grid

Thermal integration is realized by waste heat recov-

ery from the gas turbine and an electrically driven heat

pump (Figure 2).

Thermal energy is used to supply the building de-

mand or charge a sensible thermal energy storage

(TES), which provides additional flexibility for balanc-

ing heat supply and demand.

Thermal Demand
+

-

Thermal Supply

SESS
Surplus

-
+

Deficit

Gas Turbine

Heat Recovery
Heat Pump

The building thermal demand is modeled dynami-

cally using a 3R2C grey-box model (Section 3), provid-

ing time-varying heating and cooling demands for the

energy management system.

The resulting multi-energy system enables flexible

coupling of electrical, thermal, and hydrogen energy

flows and forms the basis for the optimization-based op-

eration strategy.

The data set comprises time series of photovoltaic

power generation, electrical load, thermal demand, and

meteorological variables, including ambient tempera-

ture, global horizontal irradiance, wind speed, and wind

direction.

The data cover the period 2023–2025 and are ob-

tained from the building management system of Tech-

nische Hochschule Ulm (TH Ulm), University of Ap-

plied Sciences.

Figure 3 illustrates exemplary annual meteorologi-

cal time series, highlighting both seasonal patterns and

short-term variability relevant for load forecasting and

building thermal modeling.
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Monthly aggregated energy quantities of photovoltaic

generation, electrical load, and thermal demand are

shown in Fig. 4, highlighting their pronounced seasonal

mismatch.

All signals are aligned to a common hourly time grid.

Higher-resolution data are aggregated in an energy-

conserving manner, while lower-resolution data are up-

sampled using zero-order hold.

Time stamps are converted to a consistent time zone,

and short data gaps are filled by interpolation.
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The building thermal behavior is modeled using a

ventilation-aware 3R2C grey-box model following [4].

Two thermal states are considered: the indoor air tem-

perature Tin and the effective envelope temperature Te.

The model is driven by ambient temperature Ta, so-

lar gains Qs, and HVAC thermal input Qh, allowing the

separation of fast indoor air dynamics and slower enve-

lope dynamics.

The continuous-time dynamics of the 3R2C model are

given by

Cin
dTin

dt
=

Te −Tin

Rin,e
+

Ta −Tin

Rin,a
+ fhQh +AinQs, (1)

Ce
dTe

dt
=

Tin −Te

Rin,e
+

Ta −Te

Re,a
+(1− fh)Qh +AeQs.

(2)

For the discretization a discrete time step Δt is used

and the model is transformed into the state-space form

Tk+1 = Ad(θ)Tk +Bd(θ)uk, (3)

which is embedded as linear constraints in the MPC af-

ter calibration.

The parameter vector

θ = {Rin,e,Rin,a,Re,a,Cin,Ce,Ain,Ae, fh,Te,0}

is identified by solving a nonlinear program subject to

the discretized model dynamics. Calibration minimizes

a weighted sum of the indoor air temperature tracking

error

JT (θ) =
1

N

N

∑
k=1

(
Tin,k(θ)−T meas

in,k
)2
, (4)

In contrast to the method proposed by Panagi et al. [4],

we additionally include the normalized deviation be-

tween simulated and measured monthly thermal energy

demand,

JE(θ) =
1

12

12

∑
m=1

(
Esim

m (θ)−Emeas
m

max(εE ,Emeas
m )

)2

. (5)

Both objectives are combined as

min
θ

J(θ) = wT JT (θ)+wEJE(θ), (6)

subject to the discretized model equations and parame-

ter bounds.

Model performance is assessed on both the calibration

data set and an independent test period.

Figure 5 shows the indoor air temperature during

the best-fitting calibration window, illustrating that the

identified parameters accurately reproduce the short-

term thermal dynamics of the building.
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Generalization capability is evaluated on the unseen test

year 2025.

Figure 6 compares simulated and measured monthly

thermal energy demand, demonstrating that the model

reproduces the aggregated thermal energy balance over

an annual horizon with sufficient accuracy for predic-

tive control applications.
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Thermal components such as the electrolyzer and gas

turbine are represented by a first-order resistance–

capacitance (1R1C) model following [5].

The discrete-time temperature dynamics are given

by the formula

Tk+1 = Tk +
Δt
C

(
Qin,k − Tk −Ta,k

R

)
, (7)

and are consistently embedded into the MPC formula-

tion. easily

Model parameters are calibrated such that a warm-

up period of 15 min is required before production starts.

The electrolyzer and gas turbine efficiencies are mod-

eled as load-dependent and represented by a piecewise

linear approximation using SOS2 constraints [6].

Short-term forecasts of exogenous signals are required

for predictive control in multi-energy systems, as

photovoltaic generation, electrical load, and ambient

temperature directly affect storage scheduling and unit

commitment decisions.

Following [7], data-driven forecasting models are

therefore integrated into the MPC framework to provide

horizon-wise predictions over the control horizon.

Multivariate Long Short-Term Memory (LSTM)

networks are employed due to their ability to capture

diurnal patterns and temporal dependencies in energy

and weather-related time series [8].

Separate models are trained for irradiance, PV

power, electrical load, and ambient temperature to ac-

count for their differing dynamics.

All forecasting models are trained on synchronized

hourly data from 2023–2024 using a strict chrono-

logical split, while the year 2025 is reserved for

out-of-sample evaluation and rolling MPC operation.

Multichannel input sequences of length L = 24 h

are used and normalized using Min–Max scaling.

Temporal ordering is preserved by disabling shuffling.

Lightweight, target-specific LSTM architectures are

employed. Linear output activation is used for temper-

ature forecasting, whereas softplus activation is applied

to power-related targets to enforce non-negativity.

A seasonal naive forecast with a 24 h lag serves as a

baseline. The global training configuration and target-

specific network settings are summarized in Tables 1

and 2.



Setting Value

Train/Val window 2023-02-01 .. 2024-12-31

Chronological split Train: 90%, Val: 10% (tail)

Test window 2025-01-01 .. 2025-12-31

Rolling export (MPC) 2025-01-01 .. 2025-12-31

Input sequence length (L) 24 h

Forecast horizon (H) 24 h

Batch size 128

Epochs 200

Scaler Min–Max (0..1)

Multichannel inputs True

Shuffle training blocks False

Seasonal naive baseline 24 h

Target LSTM units Output activation

Tair 64 linear

PV power 32 softplus

Load 32 softplus

Irradiance 32 softplus

Forecast accuracy is evaluated on the full test year 2025

using standard error metrics. Table 3 compares the

best-performing LSTM models with a seasonal naive

baseline. Across all targets, the LSTM models substan-

tially reduce prediction errors, particularly for electrical

load and PV power, which are most relevant for MPC

decision-making.

Target Model RMSE MAE R2

(Gh) SN 99.56 W/m2 44.27 W/m2 0.762

LSTM 79.48 W/m2 45.91 W/m2 0.848

(PPV) SN 35.73 kW 15.74 kW 0.743

LSTM 28.28 kW 15.45 kW 0.839

(Pload) SN 15.80 kW 9.12 kW 0.311

LSTM 7.91 kW 5.54 kW 0.827

(Tair) SN 3.20 ◦C 2.43 ◦C 0.843

LSTM 2.43 ◦C 1.81 ◦C 0.909

ε

Over the prediction horizon k = 1, . . . ,H, the MPC

optimizes electrical and thermal power flows, storage

states, and binary commitment variables.

The decision vector x comprises:

(i) electrical grid exchange, battery charge/discharge,

electrolyzer power, and gas turbine electric output;

(ii) thermal grid exchange, TES charge/discharge, gas

turbine heat, and heat pump output;

(iii) storage states of BESS, HESS, and TES;

(iv) building states (indoor and envelope tempera-

tures); and

(v) binary variables enforcing unit commitment and

mutually exclusive operating modes.

The primary objective minimizes weighted electrical

and thermal grid interactions:

J1 =
H

∑
k=1

(
wimp

(
Pk

grid,imp +Qk
hot,imp +Qk

cold,imp

)
+wexp

(
Pk

grid,exp +Qk
hot,exp +Qk

cold,exp

))
Δt.

(8)

with wimp > 0 and typically wexp 	 wimp.

At each MPC step, the following mixed-integer lin-

ear program is solved:

min
x

J1(x) (9)

s.t. Jely
start(x)≤ εely, Jgt

start(x)≤ εgt, (10)

fel(x,d) = 0, fth(x,d) = 0, (11)

gstor(x)≤ 0, guc(x)≤ 0, (12)

fbld(x,d) = 0, (13)

where d collects exogenous forecasts (PV generation,

electrical demand, weather).



The resulting MILP is implemented in PYTHON us-

ing the PYOMO modeling framework and solved with

Gurobi [9].

At each MPC step, the MILP is solved to obtain an

optimal control sequence, of which only the first control

action is applied to the simulation model in a receding-

horizon fashion.

ε

To limit start events, the electrolyzer (Ely) and gas

turbine (GT) are explicitly constrained. Binary start

indicators detect off–on transitions:

δ k
u,start ≥ δ k

u −δ k−1
u , u ∈ {ely,gt}, ∀k ≥ 1, (14)

with known initial states δ 0
u from the previous MPC

step. The total number of starts over the horizon is

Ju
start =

H

∑
k=1

δ k
u,start, u ∈ {ely,gt}, (15)

and constrained as

Jely
start ≤ εely, Jgt

start ≤ εgt, (16)

with εely = εgt = 3 in this study.

Pk
pv +Pk

gt,el +Pk
bat,dis +Pk

grid,imp = Pk
load +Pk

ely,el+

Pk
preheat +Pk

bat,ch +Pk
HP,heat,el +Pk

HP,cool,el +Pk
grid,exp,

(17)

Here, Pk
preheat denotes the additional electrical power de-

mand associated with start-up pre-heating of the elec-

trolyzer and the gas turbine, which is activated during

off–on transitions.

Qk
gt,heat +Qk

HP,heat +Qk
TES,dis +Qk

grid,imp

= Qk
dem +Qk

TES,ch +Qk
grid,exp. (18)

The heat pump is modeled with thermal power as

the decision variable, while the corresponding electri-

cal power consumption is imposed by a linear equality

constraint:

Pk
HP,heat,el =

Qk
HP,heat

COPHP,heat
. (19)

An analogous formulation is applied to cooling, includ-

ing the corresponding thermal balance, electrical cou-

pling via the energy efficiency ratio (EER), and thermal

energy storage.

Ek+1
BESS = Ek

BESS +

(
ηchPk

bat,ch −
1

ηdis
Pk

bat,dis

)
Δt,

(20)

EBESS,min ≤ Ek
BESS ≤ EBESS,max. (21)

Analogous formulations apply to hydrogen storage

(HESS) and thermal energy storage (TES). Binary

variables enforce mutually exclusive operating modes

and unit commitment constraints for the battery, elec-

trolyzer, and gas turbine.

Four control strategies are evaluated under identical

system conditions to assess the impact of predictive

control and forecast accuracy:

• Case 1 – Rule-Based Control (RB): Heuristic

control with fixed priority rules and no explicit

forecasting or optimization.

• Case 2 – MPC with Seasonal Naive Forecast:
MPC using a 24 h seasonal naive forecast.

• Case 3 – MPC with LSTM Forecasts: MPC us-

ing LSTM-based forecasts for photovoltaic gener-

ation, electrical load, thermal demand, and ambi-

ent temperature.

• Case 4 – MPC with Perfect Forecast: Idealized

MPC with perfect knowledge of all exogenous sig-

nals, serving as an upper performance bound.



Table 4 summarizes the parameters used in the MPC–

SIM framework. The configuration represents a small-

scale, grid-connected P-t-X system with coupled elec-

trical, thermal, and hydrogen subsystems. State-of-

charge limits and operational constraints are enforced

for all storage components.

The current installation at the Technische

Hochschule Ulm includes a 20kW electrolyzer

and a high-pressure hydrogen storage with a capacity

of approximately 533kWh. Since both components

are scheduled for expansion, the parameters listed in

Table 4 represent an extended configuration to assess

future system operation and scalability.

Subsystem Parameter Value

BESS EBESS [39, 349] kWh

PBESS ±194 kW

ηBESS 0.95

H2 Storage EH2 [170, 2133] kWh

Electrolyzer PEly,el [32, 80] kW

ηEly,el piecewise (ηmax = 0.60)

TEly,set 60◦C

Gas Turbine PGT,el [50, 100] kW

ηGT,el piecewise (ηmax = 0.32)

ηGT,total 0.90

TGT,set 600◦C

Heat Pump PHP,el ≤ 50 kW

COP / EER 4.0/4.0

TES (hot / cold) ETES hot: [58,580] kWh

cold: [35,350] kWh

PTES ±100 kW

ηTES 0.98

Building (3R2C) R,C,A, fh calibrated

Tset 22◦C / 24◦C

Table 4:

Table 5 summarizes the annual electrical and thermal

performance of the investigated control strategies. Elec-

trical performance is assessed using self-consumption

and self-sufficiency.

Electrical self-consumption is defined as the ratio of

locally generated electricity directly utilized within the

system to total local generation,

Self-Consumption =
Eselfcons,el

Elocal,gen,el
, (22)

while electrical self-sufficiency denotes the fraction of

end-use demand covered by local generation,

Self-Sufficiency =
Eselfcons

Eenduse
. (23)

Overall self-sufficiency is defined analogously and ac-

counts for combined electrical and thermal end-use de-

mand.

Compared to the rule-based reference, all MPC-

based strategies significantly increase electrical self-

consumption and self-sufficiency.

The MPC with perfect forecasts (MPC-P) achieves

the highest values and thus represents an upper perfor-

mance bound.

Using imperfect forecasts, both the LSTM-based

and seasonal naive MPC maintain performance close to

this optimum, indicating robust behavior under forecast

uncertainty.

In the thermal domain, heating self-sufficiency re-

mains high for all cases, while cooling self-sufficiency

is substantially improved by MPC-based operation.

Overall, the results confirm that forecast-based MPC

consistently enhances electrical and thermal system au-

tonomy without requiring perfect foresight.

To complement the annual KPIs, a qualitative compar-

ison of the operational behavior is provided based on

exemplary time series of electrolyzer and gas turbine

operation. Figures 7 and 8 illustrate the temporal uti-

lization patterns of the different control strategies over

the year.

For the rule-based reference, the electrolyzer is pre-

dominantly operated during summer periods, while the

gas turbine is mainly activated in the morning hours.

These patterns reflect the direct response to instanta-

neous system states and fixed priority rules.

In contrast, all MPC-based strategies result in more

structured and temporally coherent operation patterns,

reflecting anticipative scheduling and improved coordi-

nation between components.



Metric [%] RB MPC-P MPC-LSTM MPC-SN

Electrical self-consumption 81.39 90.31 89.51 89.37

Electrical self-sufficiency 72.56 76.78 75.77 75.86

Overall self-sufficiency (el+th) 76.37 81.63 80.78 80.79

Thermal self-sufficiency (heating) 99.72 94.75 94.21 94.41

Thermal self-sufficiency (cooling) 54.51 94.34 93.53 92.66
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This paper presented a forecast-based MPC framework

for the operation of a hydrogen-integrated multi-energy

system coupled with a dynamic building model. The

MPC was formulated as a MILP with an ε-constraint

on unit start events and evaluated under different

forecast assumptions.

The results show that MPC-based operation con-

sistently outperforms a rule-based reference with re-

spect to electrical and thermal self-sufficiency and self-

consumption.

While perfect forecasts yield the highest perfor-

mance, the use of imperfect forecasts—both LSTM-

based and seasonal naive—leads to only marginal re-

ductions. This indicates that the coordinated utilization

of flexible components enabled by MPC is more influ-

ential than forecast accuracy for the considered setup.

The optimization employs a weighted-sum objec-

tive, yielding Pareto-optimal solutions for a given set

of weights.

Future work will extend the formulation towards a

true multi-objective framework, for example using lexi-

cographic optimization, to systematically explore trade-

offs between electrical and thermal objectives.

In addition, the influence of the prediction horizon

length on performance and operational behavior will be

investigated, particularly with respect to computational

effort, forecast uncertainty, and components with slow

dynamics.

Further research will address uncertainty-aware op-

timization and experimental validation of the proposed

control framework.

easily

easily

easily
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Abstract.  Models based on linear implicit equilibrium dy-
namics form a special but very useful sub-set of DAE systems 
that can be applied for the simulation of technical physical 
systems. Since these are based on differential-algebraic 
equations, a transformation into executable code must be 
performed for the purpose of model evaluation. One way to 
achieve this is the object-oriented formulation of the simula-
tion code itself. To explore this path a dedicated simulator 
prototype has been implemented and is outlined here. The 
long-term goal is to define alternative compilation targets for 
a Modelica compilers that enable highly scalable simulation 
code for very large systems.  

Linear Implicit Equilibrium Dynamics (LIED) is techni-
cally defined as a special class of Differential Algebraic 
Equation (DAE) Systems.  

 
A DAE system with potential state derivatives , time  
and algebraic variables 

 

is defined as LIED system when it can be transformed 
into the following form: 

( ) and a part ( ) with a linear system in im-
plicit form expressed by the regular matrix . Further-
more, the following conditions shall hold true: 

 
 

 
 

These conditions essentially mean that it is allowed to 
perform certain symbolic mechanism of index reduction 
such as the dummy derivative method [5] originating 
from Pantelides [6]. Using this method, states variables 
of  can be transformed to algebraic variables in and 
further derivatives may be added to or . In 
practice, this is important because it means that the 
linear implicit dynamics can be expressed by far fewer 
states than suggested by the vector  of the original 
DAE formulation. 

 
The formal definition above may be primarily perceived 
as a relatively strong restriction on the model equations 
and not many systems may be intuitively expected to fall 
into this category. Surprisingly, LIED can be applied suc-
cessfully for the object-oriented modelling of complex 
thermofluid architectures [7],[8] or to mechanical sys-
tems with stiff contacts [9]. 

The idea is that the non-linear behaviour of the slow 
mode is explicitly expressed whereas the fast dynamics 
that typically is needed to uphold non-linear constraints 
is expressed by a linear implicit system that fulfils the 
constraint in its equilibrium. Hence the name: linear im-
plicit equilibrium dynamics. The equilibrium dynamics 
is thereby often a replacement dynamic and only an ap-
proximation of reality (as all modelling is).  

We see that both the algebraic variables as well as the 
state derivatives can be split into a fully explicit part 



As the above references demonstrate, LIED has been ap-
plied using Modelica [1] for the object-oriented modeling 
of thermofluid or mechanical systems.  

To this end, it is necessary to use triplets as interface 
of the model components that consist in a signal for the 
explicit non-linear part and a pair of potential as pre-
sented in Table 1. 

position:  
 [m] 

velocity: 
  [m/s] 

force: 
  [N] 

angle:  
[rad] 

angular 
velocity:  

[rad/s] 

torque: 
  [Nm] 

Thermo-
dynamic 
state: 

inertial 
pressure 

[Pa] 

mass-
flow rate: 
  [kg/s] 

 Connection triplets for the object-oriented
ling of LIED Systems. 

More background on the derivation of these triplets can 
be found in [10]. It goes beyond the scope of this paper 
how the equations are formulated in detail but the two 
Modelica model diagrams shown in Figure 1 and 2 may 
illustrate the practical usefulness.  

 Model diagram of a reversible heat pump systems 
using the ThermoFluid Stream Library [8]. 

Especially the ThemoFluid Stream Library has mean-
while become a popular OpenSource library both by ac-
ademia [4] and by industry [7]. 

LIED systems have very benevolent characteristics for 
object-oriented modelling. Following simple connec-
tion rules, the resulting matrix   will be reg-
ular and an a-priori statement on solvability can be given 
[7]. This makes this class of modeling very robust and 
prevents many computational simulation errors. 

 Model diagram of a mechanical system for a 
matic using the Dialectic Mechanics library [9]. 

The libraries are currently developed using Modelica and 
since LIED systems are a subset of DAE systems and 
Modelica can deal with DAEs in general, any Modelica 
compiler can be used to generate simulation code out of 
LIED systems. A dedicated simulator is thus not needed. 
Existing and mature simulation software can be used. 

However, Modelica compilers are very complex and 
algorithms for the processing of general DAEs involve 
drawbacks: all Modelica compilers create a “flat” model, 
where all equations are collected in a single set. For very 
large systems, this poses problems primarily because 
large amounts of code are generated.  

Out of practical experience, many LIED systems have 
very benevolent structural characteristics that enable a 
compilation already on the component level. A compiler 
for standard Modelica cannot exploit these benefits, al-
beit they may greatly increase the ability to deal with 
large systems or with variable structure systems. 

N
1

2
...

...

N
...

...
2

1 «

«

« «

«

«

N
1

2
...

...

N
...

...
2

1«

«

««

«

«

A

B

A B

A

B



To explore alternative compile targets dedicated for 
LIED systems, a prototypical simulator has been devel-
oped with the name . 

Illustration of different pathways for the 
tion of simulation code. The blue boxes on the 

left illustrate the classic compilation of Modelica where 
all equations are collected in a single set. The green 
boxes on the right illustrate a potential pathway for 
LIED systems. This paper focuses on the compile target 
which is the object-oriented simulation code.  

Figure 5 presents a simple planar mechanical system of a 
crane crab (a pendulum attached to a slider). To each 
component of the system 3 computational blocks are as-
signed of different color: blue, green, and orange. The 
blue and green blocks form thereby a computational se-
quence directed from the root whereas the orange signal 
leads to the root. For this particular domain of LIED sys-
tems, the blue signal contains the positional state and un-
dergoes non-linear transformations. The transformation 
of the green and orange signal forms a linear response 
which can be used to solve the linear equations system 
that spans across the components. 

C++ class diagram of a revolute component. 

Crane crab modelling diagram

In practice this means that the code for each component
can be represented by dedicated C++ class and the com-
putational blocks can be expressed by C++ member func-
tions. This is illustrated in Figure 4 with matching colors.

It is necessary to register the state-variables and their de-
rivatives in the system. This is done by member objects. 
In similar vein, tearing variables and residuals are regis-
tered. The tearing variable belongs to the green signal and 
used to probe the system whose linear response can be 
assessed by the residual belonging to the orange signal 
flow. Furthermore, for each block (or member function) 
the dependence on the input and output signals needs to 
be registered. 

For these purposes each component class must con-
tain a virtual member function called . This 
function takes a crawler object by reference and depend-
ing on the implementation of the crawler different me-
tainformation may be extracted. 

When instantiating a component class, all structural rele-
vant meta data are collected. With this information, it is 
now possible to put all calls to member functions of all 
components in correct order. First a partial order is cre-
ated based on the signal dependence, then the linear sys-
tems (of different dimension) marked by tearing and 



residual variables are compacted and in the last stage the 
dynamic part is compacted (meaning that the all constant 
evaluations are placed upfront and all calls not needed for 
derivative evaluation are put last). With this ordering the 
linear subsystems can be constructed and solved and the 
overall model can be evaluated.  

Runge-Kutta solvers with fixed step size of order 1 to 4 
as well as Backward Euler and ESDIRK23 [3] with vari-
able step-size control have been implemented as numeri-
cal ODE solvers.  

The major classes of the simulator are: 
 instantiates the model, collects

structural meta-information, orders the computational
blocks and offer model evaluation

 implements numerical ODE solver
 collects references to desired outputs and

generates output either to file, memory or TCP port.

The crane crab model of Figure 5 has been used to per-
form a simple scaling experiment. Using a logarithmic 
grid of factor 4, 1 to 16384 crane crabs have been instan-
tiated and simulated using . The same exercise 
has been performed within a commercial Modelica tool. 
Here, this generates models ranging from 206 equations 
up to 3.1 million equations. In Figures 6 and 7, we use 
the equation number since this quantity is more familiar 
to Modelica users.  

Peak memory usage for model translation, compilation 
and simulation is orders of magnitudes lower using 

. The likely reasons are: 
Avoidance of flattening
On demand generation of meta-information
More variables on stack than on heap

For small models, comparing the memory usage hardly
makes sense because we compare the memory usage of a 
dedicated simulator (LIED) with the one of a whole 
modeling and simulation environment (Modelica Tool).  

 Memory usage in bytes  
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Peak Mem LIED [bytes]
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orders of magnitude for small models is thus 
not surprising. What is surprising that this gap does not 
significantly close for larger models. Peak memory con
sumption seems to appear in the models at model trans
ation.  has been written with efficient use of 

memory in mind: Meta information is generated only on-
demand and also the object-oriented formulation enables 
to do more computation on the steak than on the heap. 

Simulation speed is up to an order of magnitude slower 
using . The likely reasons are: 

More overhead in  due to interface variables
and many function calls.
Numerical solution of linear equation system in 

 instead of symbolical transformation.

Pure simulation time is compared here. Time for transla-
tion, compilation and instantiation is ignored. Generation 
of output has been reduced to a negligible amount. 
One has to consider that the code generation of the Mod-
elica tool underwent decades of optimization whereas 
zimsim is still prototypical. A reduction of 50% in com-
putational effort might be achievable for , how-
ever a certain gap will always remain. 

We can observe that for larger systems, the perfor-
mance penalty is smaller, the reason is unknown but is 
probably due the higher memory efficiency in .
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The prototypical simulator demonstrates that LIED sys-
tem can actually be coded directly in C++ and executed 
with acceptable efficiency and while using comparably 
little memory. The complexity of the software is thereby 
significantly lower than of any Modelica environment. 
The scaling capabilities are promising and can be im-
proved by going to code dedicated for GPUs.  

Although the modeling in C++ turned out to be much 
more natural than originally conceived, it is still not a de-
sirable target. Instead, the existing C++ modelling librar-
ies shall be used as an inspiration for Modelica compilers. 
Especially open compilers such as the OMC [2] could be 
modified to compile from Modelica libraries into a set of 
pre-compiled components.  

A final remark: results for even larger systems could not 
be attained for  as well as for the Modelica tool, 
however for completely different reasons. The Modelica 
tool started to hit the limits of memory leading to ex
cessive translation time due to disk swapping.  
had no such problems but the instantiation has been im-
plemented with a low-performing algorithm, requiring 
too much time. This is however a pure implementation 
issue and will be improved.  

The main, albeit preliminary, conclusion is that LIED 
systems not only form an interesting class for robust 
modelling but also an interesting class for large scale sys-
tem simulation, worthy of further investigation.  
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Abstract. The STROBOSCOPE simulation system is used 
to model the follow-up treatment received by four types 
of patients in a hospital emergency department with two 
examining rooms, staffed by two doctors of different ex-
perience. Depending on their case, patients may be sent 
for an X-ray and to a plaster room one or two times, and 
may need to be seen again by the doctors. The effective-
ness of three operational alternatives is compared. 

Introduction 

ARGESIM benchmark C6 [1] investigates how to model 
the follow-up treatment received by patients in a hospital 
emergency department, which included the following: 

• One registration area (one person) that assigned 60% 
and 40% of patients to Casualty Wards 1 or 2. 

• Casualty Ward 1 (CW1) with two experienced doctors. 
• Casualty Ward 2 (CW2) with two inexperienced doc-

tors (for simpler cases). 
• One waiting area for CW1 and one for CW2. 
• Two X-ray units with a common waiting queue. 
• One room that applied or removed plaster. 

The four patient types, and their ratios, were as follows: 
1. X-ray patients (35%). Patients are seen in CWk 

before being sent for X-rays. Patients return to 
CWk, X-rays are examined, and patients leave. 

2. Plaster removal (20%). Patients enter CWk, go for 
plaster removal, and then leave. 

3. Plaster renewal (5%). Patients enter CWk, are sent 
for an X-ray, receive a new plaster, return for an-
other X-ray, return to CWk, and leave. 

4. Changing wound dressings. Patients are seen in 
CWk and then leave. 

The time between patient arrivals is distributed exponen-
tially with a mean of 0.3 minutes. 

The durations of the various activities are distributed 
Triangular(minimum, mode, maximum) as follows: 

Registration: Triangular(0.2, 0.5, 1.0) minutes 
CW1: Triangular(1.5, 3.2, 5.0) minutes 
CW2: Triangular(2.8, 4.1, 6.3) minutes 
X-ray: Triangular(2.0, 2.8, 4.1) minutes 
Plaster: Triangular(3.0, 3.8, 4.7) minutes 

1 STROBOSCOPE 
The STROBOSCOPE simulation system [2] is based on 
three-phase activity scanning, which is well-suited to 
modelling cyclic operations and controlled routing of re-
sources, such as those in ARGESIM Benchmark C6. 
Simulation models are networks of nodes (such as activ-
ities and queues) where resources spend time, connected 
by links that control both when activities can start and the 
flow of resources (from preceding to succeeding nodes). 
A graphical user interface (GUI) facilitates the develop-
ment of simulation model networks (Figure 1). 

2 Simulation Model 
Figure 1 illustrates the STROBOSCOPE simulation model 
network for the ARGESIM benchmark C6, which was 
created using the custom STROBOSCOPE Graphical User 
Interface (GUI) in Microsoft Visio. 
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Patients were modelled as characterized resources of 
type Patient (a class) with four subtypes: P1, P2, P3, and 
P4. Doctors were modelled as characterized resources of 
type Doctor with two subtypes: D1 (experienced) and D2 
(inexperienced). Both Patients and Doctors have static 
and dynamic properties that depend on their subtype. 

The queues in Figure 1 were initialized with the num-
ber of resources indicated inside each node. For example, 
queues DQ1 and DQ2 were initialized with 2 Doctors 
each, 2 D1 in DQ1 and 2 D2 in DQ2.  

The four queues in Figure 1 whose names end in 
“seq” were initialized with 1 or 2 units of the generic re-
source Sequence to start the serial instantiations of their 
successor conditional activities (combis). 

For example, the Sequence resource in queue Aseq al-
lowed the combi activity Arrival to create serial instances 
that model the arrival of patients. When each Arrival in-
stance ended, it generated a Patient whose subtype was 
determined by random sampling, with probabilities 
P1: 35%, P2: 20%, P3: 5%, and P4: 40%.  

Each arriving Patient then waited in queue PWReg 
until it could register, Reg. It was then sent to the fork 
Route, which directed 60% of Patients to queue CW1Q 
and 40% to queue CW2Q, where they waited for a doctor 
in DQk, which enabled treatment to start in activity CWk. 

When a Patient flowed through link PL4 or PL5, its 
Casualty Ward (1 or 2) was stored in its SaveValue WN. 

 
 

The number of X-rays (0, 1, 2) that a Patient had was 
stored in its SaveValue nXRays. This was increased by 1 
each time the Patient was drawn by link PL12.  
After the first examination by a Doctor in combi activi-
ties CW1 or CW2, each Patient was released to the ap-
propriate sequence of links depending on its subtype.  

The appropriate routing of Patients was done by the 
ReleaseWhere attribute of each releasing link (from a 
combi to a queue) as follows: 
• Links PL8 and PL10 allowed a Patient to flow through 

only if: 
(a) Its subtype was P1 and its nXRays was 0, or  
(b) Its subtype was P3 and nXRays was less than 2. 

• Links PL9 and PL11 allowed a Patient to be released 
only if their subtype was P2.  

• Link PL15 allowed a Patient to be released only if its 
subtype was P3 and its nXRays equaled 1.  

• Link PL16 allowed a Patient to be released only if: 
(a) Its subtype was P1 and its nXRays equaled 1, or 
(b) Its subtype was P3 and its nXRays equaled 2. 

• Link PL17 allowed a Patient to be released only if its 
subtype was P3. 

• Links PL18 and PL19 allowed a Patient to be released 
only if its savevalue WN equaled 1 or 2, respectively. 

A Patient that was not allowed to be released through any 
of the outgoing links was destroyed at the termination of 
the combi instance in which it resided.  
 

 
 

Figure 1: STROBOSCOPE Simulation Model Network. 
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For example, a Patient of subtype P4 in an instance 
of CW1 or CW2 was destroyed along with that instance. 

The fact that Patients started arriving at 7:30AM 
while Doctors started work at 8:00AM was modelled by 
the Semaphores of combis CW1 and CW2 that prevented 
them from starting when SimTime < 30 minutes. 

3 Task A 
Task A collected statistics on the average time needed to 
treat one Patient of each type, by running the simulation 
until 250 Patients had arrived (which represented 1 day). 

 

Patient Task A Task B Task C 

All types 174 184 161 
Type 1 237 252 164 
Type 2 136 144 162 
Type 3 252 266 175 
Type 4 127 136 156 

Avg. Std. Dev. 82 95 75 

Closing time 13:48 14:30 13:52 
 

Table 1: Averages for daily patient treatment time (min),  
daily standard deviation (min), and closing time. 

 
 
 

The statistics in Table 1 are based on 100 replications 
(i.e., 100 days), each day allowing 250 Patient arrivals. 
These results show the average treatment time for all Pa-
tients and for each Patient type. Also shown is the aver-
age (over 100 days) of the daily standard deviation of all 
treatment times and the department average closing time. 

4 Task B 
Task B is an investigation into the effects of swapping 
one experienced Doctor (D1) from DQ1 with an inexpe-
rienced Doctor (D2) in DQ2. The swap would start when 
the queue for Ward 2, CW2Q, exceeded 20 Patients and 
end when the queue CW2Q had fewer than 5 Patients. 
The times of Doctor D2 when working in CWl were in-
creased by 20% due to the more complex cases. 

Insights into the effect of this swap are provided by 
Figure 2, which shows the number of Patients waiting in 
the Casualty Ward queues CW1Q and CW2Q on a typical 
day for both Task A and Task B. 

Figure 2 shows that by 8:00AM (i.e., 30 minutes after 
the simulation started), the number of Patients arriving in 
CW2Q would already exceed 20 (for both Task A and 
Task B).  

Figure 2 also shows that in all cases, the number of 
Patients in CW2Q would drop to below 5 only at the end 
of the day.  

 

 

 
 
Figure 2: Number of Patients waiting in queues CW1Q and CW2Q on a typical day for both Task-A and Task-B. 
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This means that the doctor swap would start at 

8:00AM, as soon as the Doctors arrived for work in the 
morning, and would last practically the entire day. 

Table 1 shows that all statistics resulting from the 
swap in Task B, i.e., the average daily patient treatment 
time, the average daily standard deviation, and the aver-
age closing time, were worse than those for Task A.  

This was not unexpected because, as shown in Fig-
ure 2, queue CW1Q in Task A already had more Patients 
waiting than CW2Q. Thus, moving an experienced Doc-
tor D1 from CW1 (the Ward with the larger queue) to 
CW2 (the Ward with the smaller queue) in Task B was 
not a good idea. It could only make performance worse. 

5 Task C 
Task C investigated whether giving higher priority for 
service to patients who would return (a second time) to 
the same queues they had previously visited would re-
duce the daily standard deviation of treatment times. 

In STROBOSCOPE, this change in Patient priority was 
implemented in a straightforward manner by changing 
the Discipline attribute for the queues for the Casualty 
Wards, for X-rays, and for plaster work (i.e., CW1Q, 
CW2Q, XRQ, PLQ), from the default TimeIn (i.e., FIFO 
based on the most recent times that Patients entered each 
queue) to ResNum (i.e., where Patients with a smaller re-
source number, i.e., those that arrived to the system ear-
lier, would be sent to the front of the queue).  

Table 1 shows that, as expected, the change in Patient 
priority reduced the average treatment time for Patients 
P1 and P3 (who made repeated visits to queues) and in-
creased the average treatment time for Patients P2 and 
P3 (the easier cases) who visited the queues once.  

The overall objective of Task C was achieved. The 
daily standard deviation of treatment times was reduced 
from 82 to 75 minutes. 

 
 
 
 
 
 
 
 

6 Conclusion 
The STROBOSCOPE simulation results in Table 1 are 
very close to previous solutions, e.g., [3] and [4]. Figure 
2 is new and provides additional insights into the system.  

The simulation model presented here requires only 
the basic modelling capabilities of STROBOSCOPE and is 
thus suitable for introductory educational purposes.  

The network in Figure 1 used the standard drag-and-
drop GUI elements implemented in Visio. Right-clicking 
the nodes and links in the GUI would activate dialog 
boxes (provided by a C++ add-on) that allowed the defi-
nition of node and link attributes as needed.  

The GUI was used to create all the required STROBO-
SCOPE simulation model statements (text), which were 
then sent to STROBOSCOPE to perform the simulations. 
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