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Zusammenfassung

Ein wichtiger Treiber fir Steigerung der Produktivitat in verarbeitenden kleinen und
mittleren Unternehmen (KMU) ist die Digitalisierung von Produktionsablaufen. Die
damit verbundene Volumensteigerung von Daten bietet ein enormes Potenzial fir
die Analyse und Optimierung von Prozessen. Diese Daten aus einer Vielzahl von Ge-
raten und Systemen erhdéhen jedoch den Bedarf an intelligenten, dynamischen Ana-
lysemodellen. Allerdings verfliigen KMU Uber einen geringen bis sehr geringen Digita-
lisierungsgrad. Das resultiert aus einer Kombination verschiedener Faktoren, wie
knappe Finanz- und Personalressourcen flr Forschungs- und Entwicklungsaktivitaten,
fehlende Expertise im IT-Bereich und geringe Bereitschaft zur Einflihrung neuartiger
digitaler Technologien und kinstlicher Intelligenz. Weiterhin sind die Produktions-
prozesse verarbeitender KMU sehr individuell und teilweise hochspezialisiert, sodass
sich bestehende KI-Module nicht ohne erhéhten Anpassungsaufwand in die beste-
hende Produktionsstruktur adaptiert werden kdnnen. Im Rahmen dieses Promoti-
onsvorhabens wurden zwei Machine Learning-Verfahren flr den praktischen Einsatz
in einem verarbeitenden KMU entwickelt. Ziel war das Erkennen von Zusammenhan-
gen zwischen Energieverbrauch und Ausschuss und den Maschineneinstellungen so-
wie das Auffinden optimaler Parametereinstellungen, um die Effizienz von Energie
und steigern und die Abfallquote zu senken. Dabei lag der Fokus auf der Einfachheit
der Losung sowie der leichten Adaptierbarkeit auf sich andernde Produktionsvor-
gange. Ausgangspunkt war die Einrichtung einer einheitlichen Datenbasis fiir den
Produktionsbereich des Unternehmens, um vollstandige Maschinenprotokolle zu
zentralisieren. Das erste umgesetzte Verfahren war der Random Forest-Algorithmus,
eine ML-Methode fir die Modellierung von Ensemble-Entscheidungsbaumen. Als
zweite ML-Methode wurde ein kiinstliches neuronales Netz (KNN) entwickelt. Beide
Verfahren wurde mit KI-Erklarmodellen interpretiert, um die Ergebnisse nachzuvoll-
ziehen. Bei der Validierung der beiden Modelle zeigten sich groRere Unterschiede in
der Genauigkeit und der empfohlenen Parametereinstellungen. Dies lasst sich auf die

unterschiedlichen Berechnungsmethoden der Algorithmen zurickfiihren. Es konnte



jedoch gezeigt werden, dass auch mit weniger komplexen Kl-Verfahren, deren Aus-
wahl auf einer eindeutigen Zieldefinition basieren, deutliche Produktivitatssteigerun-
gen erreicht werden kdnnen. Durch ganzheitliche Digitalisierung und die dadurch zu
verarbeitenden Daten mit Verfahren der Kl kénnen entscheidende Schritte fiir eine
ressourceneffizientere Produktion vollbracht werden. Ein wichtiger Aspekt dabei ist
dennoch, dass die dafliir notigen Informations- und Kommunikationstechnologie-
Komponenten einen steigenden Rohstoffbedarf erzeugen und einen betrachtlichen
Teil des Elektroschrotts verantworten. Diese kritischen Aspekte der Digitalisierung
wurden daher ebenfalls im Rahmen der Promotion betrachtet. Mit dem Fokus auf
Seltenerdmetallen wurden die Umweltauswirkungen von der Gewinnung bis zur Ent-
sorgung untersucht und ein Rickschluss auf den produktionsseitigen Rebound-Effekt

gezogen.

Abstract

An important driver for increasing productivity in manufacturing small and medium
sized enterprises (SMEs) is the digitization and digitalization of production processes.
The associated increase in data volume offers enormous potential for the analysis
and optimization of processes. Data from a variety of devices and systems increases
the need for intelligent, dynamic analysis models. However, SMEs have a low to very
low degree of digitalization. This is the result of a combination of various factors, such
as scarce financial and human resources for research and development activities, a
lack of IT expertise and a reluctance to introduce new digital technologies and artifi-
cial intelligence. Furthermore, the production processes of processing SMEs are very
individual and sometimes highly specialized, so that existing Al modules cannot be
adapted to the existing production structure without increased adaptation effort. As
part of this doctoral project, two machine learning methods were developed for prac-
tical use in a processing SME. The aim was to identify connections between energy
consumption and plastic scrap and the machine settings as well as to find optimal
parameter settings to increase energy efficiency and reduce the waste rate. The focus

was on the simplicity of the solution and the easy adaptability to changing production
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processes. The starting point was to set up a uniform database for the company's
production area to centralize complete machine logs. The first method implemented
was the Random Forest algorithm, an ML method for modeling ensemble decision
trees. An artificial neural network (ANN) was developed as the second ML method.
Both methods were interpreted with Al explanatory models to understand the re-
sults. Validation of the two models revealed major differences in accuracy and rec-
ommended parameter settings. This can be attributed to the different calculation
methods of the algorithms. It could be shown that significant increases in productivity
can also be achieved with less complex Al processes, the selection of which is based
on a clear definition of goals. Holistic digitalization and the data to be processed as a
result with Al processes can be used to take decisive steps towards more resource-
efficient production. Nevertheless, an important aspect is that the information and
communication technology components required for this generate an increasing de-
mand for raw materials and are responsible for a considerable part of the electronic
waste. These critical aspects of digitalization were therefore also considered as part
of the doctorate. With a focus on rare earth metals, the environmental impact from
extraction to disposal was examined and conclusions were drawn about the produc-

tion-side rebound effect.
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Einsatz von kiinstlicher Intelligenz zur Prozessoptimierung und Steigerung der Ressourceneffizienz in kleinen

und mittleren Unternehmen

1. Einleitung und Motivation

Kleine und mittlere Unternehmen (KMU) sind in Deutschland und auch in den Lan-
dern der EU der bedeutendste wirtschaftliche Treiber. In Deutschland gibt es ca. 2,5
Millionen KMU, die mit 42 % an der gesamten Wertschopfung des Landes beteiligt
sind und 55 % der sozialpflichtigen Arbeitnehmer beschaftigen (Statistisches Bun-
desamt, 2023).

KMU-Definition der Europadischen Kommission: Unternehmen mit bis zu 249 Be-
schéaftigten und einem Umsatz von hochstens 50 Millionen Euro oder einer Bi-
lanzsumme von maximal 43 Millionen Euro (Empfehlung der Kommission vom 6.
Mai 2003 betreffend die Definition der Kleinstunternehmen sowie der kleinen und

mittleren Unternehmen. Europaische Kommission, 2003)

Im Jahr 2020 erwirtschafteten KMU 33,7 % aller Umsatze in Deutschland (Braun &
Kay, 2021). Jedoch ist der Digitalisierungsgrad von KMU in Deutschland und auch in
der EU sehr gering. Das Institut flr Mittelstandsforschung Bonn ermittelte, dass im
Jahr 2022 82 % der deutschen KMU eine niedrige bis sehr niedrige Digitalisierungs-

intensitat haben.

Anteil KMU EU 99,8
Anteil KMU DE 99,6
Mitarbeiter KMU EU 64,4
Mitarbeiter KMU DE 58,2
Wertzuwachs KMU EU 51,8
Wertzuwachs KMU DE 47,4

0 10 20 30 40 50 60 70 80 90 100

Angaben in %

Abbildung 1: Prozentualer Anteil der KMU, Mitarbeiter in KMU sowie Wertzuwachs von KMU in Deutschland
und in der EU 2021/2022 (European Commission et al., 2022)
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GU DE 10 30

KMU DE 46 36
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Abbildung 2: Digitalisierungsgrad von KMU und GU in 2022 (Institut fiir Mittelstandsforschung Bonn, 2022)

KMU missen im Vergleich zu GroRunternehmen einige Hiirden bei der Einfihrung

und Umsetzung neuer Technologien und Konzepte in Kauf nehmen, welche dazu

flihren, dass KMU wesentlich weniger Investitionen in den Forschungs- und Ent-

wicklungsbereich als auch in die praktische Umsetzung investieren. Rammer et al.

identifizierten die folgenden Hauptbarrieren flir FUE-Aktivitaten in KMU. (Rammer

et al., 2016)

MindestprojektgroBen und Mindestkosten: KMU missen im Vergleich zu
grofReren Unternehmen einen héheren Anteil ihrer Gesamtressourcen in FUE-
Projekte stecken, da aufgrund des technologische Aufwands Projekte nicht
beliebig verkleinert werden koénnen. Diese Ressourcen werden jedoch in
anderen Unternehmensbereichen (z.B. Innovationsaktivititen in der
Prozessautomation oder im Marketing) bendtigt. Weiterhin verzichten viele

KMU aufgrund der hohen Mindestkosten fiir FUE-Projekte auf diese Aktivitdten.

Hohe Einstiegs- und Fixkosten in Forschung und Entwicklung: Um FuE-Projekte
umzusetzen, muss eine technische und personelle Mindestausstattung
vorhanden sein, welche meist nur fir ihren projektspezifischen

Anwendungsbereich genutzt werden kann. Nach Beendigung der
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Forschungsaktivitdten sind diese Investitionen oftmals fir andere
Unternehmensbereiche nicht mehr nutzbar (,,sunk costs“). Weiterhin haben
FuE-Kosten einen hohen Fixkostenanteil, welcher sich nur bei mehreren FuE-

Projekten wirtschaftlich verteilen lasst.

e Eingeschrankte Fremdfinanzierung: KMU-bezogene Forschung ist meist sehr
spezifisch auf das jeweilige Unternehmen und deren individuellen Prozesse und
Strategien zugeschnitten. Zum einen fallt es dadurch Externen schwer, die
Erfolgsaussichten einzuschitzen und zum anderen ist eine Ubertragbarkeit in
eine breite Masse zur langfristigen wirtschaftlichen Verwertung oftmals nicht
moglich. Diese Faktoren mindern die Bereitschaft externer Geldgeber, FuE-

Projekte der KMU zu finanzieren.

e Hohe Risikoexposition: Durch die hohen Fixkosten sowie
MindestprojektgroBen konnen KMU nur wenige FuE-Projekte gleichzeitig
verfolgen. Daher ist es ihnen im Gegensatz zu GroBunternehmen nicht moglich,
das Innovationsrisiko intern zu streuen. Ein Scheitern eines dieser Projekte kann
bei KMU schnell zur Existenzgefahrdung des Unternehmens fiihren, da ein
erheblicher Ressourcenanteil in das FUE-Projekt flos und eventuell entstandene

Defizite schwer zu kompensieren sind.

e Forschungskooperationen: Die Nutzung externen Wissens zur Erweiterung des
eigenen Knowhows ist fir KMU von besonders hoher Bedeutung. Allerdings
erfordert die Bildung von Kooperationen einen hohen Investitionsaufwand und
birgt zugleich auch die Gefahr des Wissensabflusses. Im Gegensazu zu
GroRRunternehmen (GU) handelt es sich bei FUE-Projekten der KMU groRtenteils
um Aktivitaten, die die zentralen Kernprozesse betreffen und somit einer hohen

Geheimhaltung zum Schutz des Unternehmens unterliegen.

Daher ist es von groRer wirtschaftlicher Bedeutung, die Digitalisierung und den Ein-
satz intelligenter Datenverarbeitungsmechanismen in KMU zu unterstiitzen. Neben

der fehlenden Expertise im IT-Bereich fallt es vielen Entscheidungstragern in KMU
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schwer, die Optimierungsmoglichkeiten durch kiinstliche Intelligenz (KI) fir ihren
Unternehmensbereich Giberhaupt zu erkennen und die Verdanderungen und Erwar-
tungen an erfolgreich eingesetzter Kl zu spezifizieren. Somit erscheint die Einfiih-
rung dieser Verfahren, um die bendtigten Ressourcen bereitzustellen, als hoher
Zeit- und Kostenfaktor. Zu diesen Faktoren gehoren zuerst IT-Personal mit KI-Kom-
petenzen, Anschaffungskosten fiir eine durchgangige Digitalisierung des jeweiligen
Einsatzbereiches, eventuelle Maschinenausfille wegen durchzufiihrender Tests,
Schulung des bestehenden Personals im Umgang mit neuen Technologien und nicht
zuletzt die Einhaltung der gesetzlichen Vorgaben zum Datenschutz. Auch ist fir die
Unternehmen zu Beginn nicht ersichtlich, ob und in welchem Umfang Optimie-
rungspotenziale Gberhaupt erkannt und wie diese dann umgesetzt werden kénnen.
Um den Digitalisierungs- und Automatisierungsprozess erfolgreich durchzufihren,
bietet sich fliir KMU an, schrittweise Veranderungen an der IT- und Produktionsinf-
rastruktur vorzunehmen. Um die einzelnen Produktionsbereiche zu digitalisieren
und Methoden der kinstlichen Intelligenz zu nutzen, missen also Entscheidungs-
trager und Mitarbeiter in diese Prozesse aktiv involviert und davon lGberzeugt wer-
den. Weiterhin muss fiir die technische Umsetzung eine Kenntnis (iber die Arbeits-
und Produktionsprozesse und deren Zusammenhange bestehen. Daraus resultiert
die Notwendigkeit, mit den jeweiligen Produktionsmitarbeitern in engem Kontakt
zu stehen und die individuellen Arbeitsabldufe zu verstehen. Vor-Ort-Besichtigun-
gen und eine Kommunikation (iber alle Ebenen dienen dabei der Verminderung kri-

tischer Schlusselfaktoren:

e Nichtakzeptanz der ,neuen” Techniken: Viele Mitarbeiter befilirchten den
Verlust von Arbeitsplatzen. Die Automatisierung macht bestimmte manuelle
Vorgange Uberflissig. Das betrifft vorrangig einfach auszufiihrende Tatigkeiten,
die durch Maschinen abgelost werden konnten. Weiterhin sind mit der
Einfihrung der Digitalisierung neue Kompetenzen und Fahigkeiten der
Mitarbeiter verbunden. Daneben bestehen auch Vorbehalte beziglich des

Datenschutzes und der IT-Sicherheit.
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Unvollstindige Datenbasis: Besonders in KMU wird oftmals noch mit dlteren
Maschinen gearbeitet. AuBerdem werden bei der Umristung nicht komplette
Maschinenparks ausgetauscht, sodass die Kommunikation zwischen den
einzelnen Geraten nicht immer gegeben ist. Dadurch hat man es mit
verschiedenen Kommunikationswegen und derer Kombination zwischen den
Maschinen und Datenbanken zu tun. Auch in den libergeordneten Abteilungen

bestehen in vielen Fallen Medienbriiche.

Automatische Ubertragung der

Maschinendaten zur Datenbank

=]

N sl

Automatische Ubertragung der
Maschinendaten zur Datenbank

Konvertierung des Dateiformats zur
Ubernahme in die Datenbank

A sl

Ubertragung der Maschinendaten
bei Bedarf durch Scripte oder
externe Anwendungen

Konvertierung des Dateiformats zur
Ubernahme in die Datenbank

Ubertragung der Maschinendaten
bei Bedarf durch manuelle Ein- und
Ausgabe, wobei mindestens ein
Zwischenschritt oft noch
papierbezogen ist

&7

a a aa

Abbildung 3: Genutzte Kommunikationswege zwischen Maschinen und Datenbanken in KMU (Eigene Darstel-

lung)

Unzureichende Definition der Zielsetzung: Die genaue Zielsetzung ist
unerlasslich fir Auswahl der Daten, der sinnvollen Berechnung durch die KI-
Algorithmen und somit der Generierung aussagekraftiger Modelle. Nur mit
einer gut vorbereiteten Datenbasis kann ein optimales Ergebnis, welches fiir das

KMU einen deutlichen Mehrwert bringt, erreicht werden.
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e Unzureichende Kenntnisse der Prozesse und Arbeitsabldufe: Fir eine auf das
Unternehmen optimal zugeschnittene Kl ist es unerlasslich, die Arbeitsablaufe,
welche die Erreichung der Zielstellung tangieren, gut zu kennen. Oftmals
erscheinen den Entwicklern bestimmte Schritte nicht sinnvoll, welche sich

jedoch im Laufe der Jahre fiir die Mitarbeiter in der Produktion bewahrt haben.

KI-Anwendungen, welche sich speziell auf den Bereich des betrieblichen Umwelt-
schutzes beziehen, findet man in verarbeitenden KMU bisher jedoch selten (Fried-
rich, 2021). Aufgrund der o. g. Griinde flir die Schwierigkeiten der Einflihrung von
KI und der damit verbundenen Digitalisierung konzentrieren sich produzierende
KMU, wenn Uberhaupt, auf die 6konomischen Vorteile durch den Einsatz dieser
Technologien. Sinnvoll ist daher eine Kopplung von 6konomischen mit 6kologischen
Vorteilen, wie sie in diesem Promotionsvorhaben durchgefiihrt wurde. Fiir die Un-
ternehmen wird ein Kostenvorteil durch Material- und Energieeffizienz erreicht,
welche gleichzeitig der Reduzierung der Umweltbelastung durch Senkung der Treib-

hausgas-Emissionen sowie der Ressourcenschonung dienen.

Fiir den Sektor des produzierenden Gewerbes bieten insbesondere Verfahren der
KI ein hohes Nutzenpotenzial in den Bereichen des Ressourcenmanagements und
der Prozessoptimierung sowie der vorausschauenden Wartung. Als weitere Berei-
che identifizierte die Universitdt des Saarlandes die KI-Anwendungsfelder Assistenz-
systeme, Wissensmanagement, Qualitatskontrolle, Automatisierung, Robotik, Sen-

sorik, Sprachsteuerung sowie autonomes Fahren und Fliegen (Kaul et al., 2019).

Mit der Nutzung der Hardwarekomponenten, die mit der Digitalisierung einhergeht,
muss jedoch auch in Betracht gezogen werden, dass die dadurch gewonnenen Ener-
gie- und Materialreduktionen an anderer Stelle ansteigen. Automatisierte Prozesse
bendtigen ein hohes MaR an IKT-Komponenten, deren Gewinnung und Herstellung
die Umwelt stark belasten. Auch wenn die genutzten Endgerate immer energieeffi-

zienter werden, sind sie jedoch weit haufiger in Gebrauch. Weiterhin erfordert die
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Datenspeicherung und -verarbeitung in der Cloud einen immensen Energieauf-
wand. 2020 betrug der jahrliche Primarenergieverbrauch weltweit 595,15 EJ (Bun-
desministerium fir Wirtschaft und Klimaschutz, 2022). Davon entfallen ca. 4-6 %
auf IKT-Komponenten (UK Parliamentary Office of Science and Technology, 2022),
was einem Energieverbrauch von ca. 23,8 — 35,7 EJ entspricht. Die in der Literatur
enthaltenen Daten zum Energieverbrauch beinhalten jedoch nicht die Gewinnung,
Herstellung und Entsorgung von IKT-Geraten. Diese Daten kdénnen aufgrund der
komplexen Produktions- und Entsorgungsprozesse und des variierenden Anteils an
Elementen nur grob geschatzt werden. Die ausfihrlichste Darstellung zu dem Stoff-
und Energiebedarf beim Abbau von Seltenerdmetallen, welche die Grundlagen der
IKT-Komponenten bilden, gaben Peiré und Méndez (Talens Peiré & Villalba Méndez,
2013). Dabei wurden die Energie- und Materialverbrauche (iber die verschiedenen
Phasen des Abbaus, der Aufbereitung und der Trennung untersucht. Die Raffination
wurde nicht betrachtet, da diese sich je nach spaterem Einsatzzweck und Art des

Elements unterscheidet.

Recovery Material Energy
rate REM (%) input (tonnes) input (GJ)
Mineral processing
Mining
Bastnésite Bayan Oho 50 60.2 mined ore 6
Bastnésite Mountain Pass 90 17.4 mined ore 1.7
Monazite/xenotime 75 160.2 mined ore 6.4
Beneficiation
Extraction 1: Bayan Obo mineral 72 5.97 bastnasite 6.06-9.29
4.41 sulfuric acid
12.32 sodium chloride
1.64 sodium hydroxide
1.17 hydrochlorie acid
1.90 water
Extraction 2: Bastnisite by Kruesi and Duker 92 1.95 bastniisite 0.03-0.04
1.35 hydrochlorie acid
0.33 sodium hydroxide
Extraction 3: Bastnésite by Goldschmidt process 97 2.56 bastnéisite 4.26-6.32
2.44 chlorine
Extraction 4: Baotau concentrates 91 2.73 bastnésite 6.80
1.58 chlorine
Extraction 5: Monazite by Rhéne-Poulenc 90 2.21 monazite 0.06

1.23 sodium hydroxide
1.94 nitric acid
Extraction 6: Xenotime 80-90 2.92 xenotime 0.13-0.15
7.58 sulfuric acid
1.83 oxalic acid
Separation

Solvent extraction 90-95 7.02-7.40 TBP 15.60-22.70
Reduction
Metallothermie reduction - 0.33*
Electrolysis - 3848

# Theoretical estimate for Cerium.

Abbildung 4: Material- und Energieverbrauch fiir die Produktion einer Tonne seltener Erden (Talens Peiré & Vil-

lalba Méndez, 2013)
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Da Seltenerdmetalle in der Natur vergesellschaftet und mit verschiedenen Konzent-
rationen vorkommen, unterscheiden sich die Material- und Energiemengen fir die
Gewinnung des jeweiligen Elements. Je nach der Form ihrer Vergesellschaftung und
geografischer Lage der Mine werden fiir die Produktion einer Tonne Seltenerdme-
talle ca. 17 — 160 Tonnen Erz bendtigt. Allein fiir die Schmelzflusselektrolyse am
Beispiel der Abbildung 4 zur Nutzung des Metalls Cer als Werkstoff werden 38-48
GJ an Energie bendtigt. Zur Verdeutlichung des hohen Ressourceneinsatzes ent-
spricht dies in etwa dem durchschnittlichen Jahresverbrauch von drei 4-Personen-

Haushalten.

2. Theoretische Grundlagen von kiinstlicher Intelligenz

Das folgende Kapitel beschreibt die theoretischen Grundlagen von Kl. Die Grundla-
gen von Seltenerdmetallen sind in der beigefligten Veroffentlichung ausfihrlich

dargestellt, daher kann an dieser Stelle darauf verzichtet werden.

Der Begriff ,kiinstliche Intelligenz” wurde bisher — und wird teilweise immer noch -
verwendet, um Maschinen zu beschreiben, die ,,menschliche” kognitive Fahigkeiten
nachahmen, wie z. B. ,Lernen” und ,Problemlésen” und bedeutet die Abbildung
von ,intelligentem Verhalten” auf die IT. Jedoch hédngt die Fahigkeit des Menschen,
Probleme zu l6sen, Entscheidungen zu treffen, langfristig zu denken und Konse-
guenzen zu erkennen von vielen biologischen und soziologischen Faktoren ab, so-
dass es bisher keine einheitliche Definition und Messmethode fiir ,Intelligenz” gibt.
In der Biologie, Psychologie und Neurologie gilt daher , Intelligenz” als mentale Ei-
genschaft, die in der Fahigkeit besteht, aus Erfahrung zu lernen, Probleme zu l6sen
und Wissen einzusetzen, um sich an neue Situationen anzupassen (Myers, 2014).
Im Sinne der kiinstlichen Intelligenz wird diese daher vermehrt als Rationalitat und
rationales Handeln beschrieben (Russell & Norvig, 2021). Computerprogramme

werden fir die Losung eines bestimmten Problems entworfen, welches sie unter
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Nutzung der Hardware |6sen. Das Gehirn jedoch besteht aus einer Vielzahl hoch-
spezialisierten Arealen, die miteinander stark verknilpft sind. Neben der Gedacht-
nisleistung (Aufnahme, Weiterleitung und Verarbeitung, Speicherung von Informa-
tionen) ist das Gehirn auch fiur die Steuerung der vegetativen Funktionen (Atemfre-
guenz, Herzschlag, Blutdruck, Thermoregulation, Stoffwechsel) zustandig und bildet
so ein evolutionar auf optimale Zusammenarbeit ausgelegtes super-effizientes Sys-
tem. Fir die Komplexitat und Verzahnung der verschiedenen Funktionsbereiche mit
ihren chemischen und elektrischen Prozessen, die dynamischen synaptischen Ver-
bindungen zwischen den Neuronen sowie die Neuroplastizitat und Neurogenese ist
es bisher auf medizintechnischer und neurowissenschaftlicher Ebene nicht gelun-
gen, eine , kleinste funktionellen Einheit” des Gehirns zu identifizieren (Kurreck et
al., 2022). Dies wiirde jedoch die Grundlage fiir die Nachbildung menschlichen Ver-
haltens und deren Ubertragung in die Informatik sein. Auch unter dem Aspekt der
Effizienz ist das Gehirn heutigen Computern tiberlegen. Bei einer Anzahl von ca. 86
Millionen Nervenzellen (Herculano-Houzel, 2009), welche pro Neuron mehrere tau-
send synaptische Verbindungen mit anderen Neuronen eingehen kann, passt die
Gesamtlange von 108 Leitungsbahnen in ein Volumen von ca. 1,5 kg (Churchland &
Sejnowski, 2016) und verbraucht durchschnittlich gerade mal 20 W. Das Gehirn be-
nétigt 103 s fir eine elementare Berechnung, kann jedoch diese Leistung nicht
durch eine hohe Geschwindigkeit bei der Durchfiihrung der einzelnen Rechen-
schritte, sondern durch die massiv-parallele Konnektivitdt erreichen. Diese Eigen-
schaften des Gehirns begriinden die Forschungsaktivitaten im Bereich der Kl sowie
der Entwicklung neuromorpher Computerarchitekturen (Baek et al., 2020) (Mdller
et al., 2022). Klammert man die psychologischen Aspekte wie Emotionen und Be-
wusstsein aus sowie das hoch-automatisierte Zusammenspiel der einzelnen Funkti-
onen des menschlichen Gehirns aus, bietet Kl wichtige technologische Eigenschaf-

ten in Erganzung zum biologischen Vorbild.

e Gedachtnis: Das gesamte erlernte Wissen des Menschen wird nicht komplett

abrufbar gespeichert. Informationen werden im Langzeitgedachtnis nicht als
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einzelner Datensatz sondern in Abhdngigkeit von ihrer subjektiven Bedeutung
(Berlit, 2020) uber verschiedene Ebenen (prozedural, deklarativ/episodisch,
deklarativ/semantisch) gespeichert. Die Haufigkeit der Nutzung von
Gedachstnis-informationen mit Bezug zum thematischen Kontext sowie die
Priorisierung nach Relevanz der sensorischen Wahrnehmungen entscheiden
Uber die Dauer der Verfligbarkeit und auch die Genauigkeit der gespeicherten
Daten. Das Wissen des Menschen muss daher fiir eine langfristige und korrekte

Verwendung extern abgelegt werden.

e Weitergabe von Wissen: Auch wenn eine Methodik bekannt ist, muss jedes
Individuum diese neu erlernen und bendtigt dafir Hilfmittel wie Anleitungen
oder Lehrer. Beispielsweise erfordert das Erlernen der Integralrechnung eine
bestimmte Zeit der Ubung sowie Lehrmaterial (iber den Berechnungsvorgang.
Der Computer ist dagegen in der Lage einen programmierten Algorithmus an

andere Rechner zum sofortigen Einsatz weiterzugeben.

e Anwendung von Wissen: Neben der Weitergabe von Wissen ist ein Computer
bei Berechnungen dem Gehirn beziiglich Geschwindigkeit Gberlegen. Allerdings
kann induktives Denken — die mathematische Beweisfihrung, die den
Theoremen zugrunde liegen und die letztendlich die Rechenregeln bilden, noch

nicht von Maschinen geleistet werden.

e Objektivitit: Menschen sind in ihrer Allgemeinheit nicht objektiv. Da, wie
bereits beschrieben, Informationen im deklarativen Gedachtnis mit ihrer
subjektiven Bedeutung gespeichert werden, sind diese nicht wertungsfrei.
Weiterhin kann sich erinnertes Wissen aufgrund der Neuroplastizitat (Fahigkeit
des Gehirns, sich auf Grundlage von Erfahrungen umzustrukturieren) verandern
(Eagleman, 2021). Menschen unterliegen kognitiven Verzerrungen. Diese
Prozesse der beeinflussten Wahrnehmung und Urteilsfahigkeit laufen in der
Regel unterbewusst ab. Ein Computer speichert Informationen zwar in

verschiedenen Detaillierungsgraden, jedoch stets objektiv.

10
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Die Werkzeuge der Kl sind die Algorithmen des maschinellen Lernens. Die existie-
renden Algorithmen sind zweckbezogen, d.h. dass bei der Auswahl des Algorithmus
die Problemstellung ausschlaggebend ist. Die Auswahl erfolgt dann anhand der Ein-
teilung der Algorithmen in Lernarten (liberwacht, uniiberwacht, semi-tUberwacht
und bestarkend) und Lernaufgaben (Regression, Klassifikation, Cluster- und Assozi-
ationsanalyse, Dimensionsreduktion, wert- und strategiebasierte Entscheidungsfin-

dung durch Belohnung).

Beim tiberwachten Lernen sind die gewiinschten Ausgabedaten bekannt, d.h. zu je-
dem Trainingsziel liegen die richtigen Ergebnisse vor, wahrend beim uniiberwach-
ten Lernen Muster und auch Unterschiede in den oftmals unstrukturierten Daten
erkannt werden. Das semi-liberwachte Lernen kombiniert das Giberwachte und un-
Uberwachte Verfahren und wird vorwiegend bei Datenbestanden eingesetzt, die
teilstrukturiert vorliegen. Beim bestarkenden Lernen agiert die Maschine mit ihrer
Umwelt. Dabei lernt der Algorithmus durch ,,Belohnung” oder ,Bestrafung”in Form
einer Nutzenfunktion. Ziel dieser sogenannten Agenten ist die Maximierung der
Nutzenfunktion. Die Modelle sind die Trainingsergebnisse der Algorithmen, bei-
spielsweise Regressionsgeraden, Entscheidungsbdume, kiinstliche neuronale
Netze, Hyperebenen. Die folgende Tabelle gibt einen Uberblick tiber die Lernarten,
die Lernaufgaben und die am haufigsten genutzten Algorithmen mit einer kurzen

Beschreibung.

11
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Tabelle 1: Uberblick iiber ML-Algorithmen

Lernart

Lernaufgabe

Algorithmen

Beschreibung

Uberwacht

Regression

Lineare Regression

Beziehung zwischen einer abhangigen
Zielvariablen und einer oder mehre-

rer unabhdngiger Variablen

Rekurrentes Neuronales

Netz

KNN mit riickgekoppelten Neuronen
und gleichen Gewichtungen in den
Schichten des Netzes, welches se-
quenzielle Daten oder Zeitreihen ver-

arbeitet

Klassifikation

Entscheidungsbaume

und Random Forest

Entscheidungsbdaume: Darstellung al-
ler moglichen Ergebnisse als Baumdi-

agramm

Random Forest: Darstellung aller
moglichen Ergebnisse unkorrelierter
Entscheidungsbdaume zur Klassifizie-
rung durch Kombination der einzel-

nen Ergebnisse

Logistische Regression

Beziehung zwischen einer abhangigen
bindren Zielvariablen und einer oder

mehrerer unabhangiger Variablen zur
Vorhersage eines kategorialen Ergeb-

nisses

Convolutional Neural

Networks

Speziell fir die Bildverarbeitung und
Objekterkennung entwickeltes dreidi-
mensionales KNN, welches in einem
Bild verschiedenen Objekten be-

stimmte Gewichtungen zuweist

12
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Lernart | Lernaufgabe Algorithmen Beschreibung
Support Vector Machi- Zuordnung von Objekten zu bestimm-
nes ten Klassen und Teilung von Daten
durch Hypereben, die den maximalen
Abstand zwischen den Datenpunkten
der Klassen aufweisen
Naive Bayes Berechnung von Wahrscheinlichkei-
ten der Klassen unter der Annahme
von bedingt unabhdngigen Variablen
Gradient Boost Kombination schwacher Modelle, um
Bias-Fehler zu minimieren
Clusteranalyse K-Means Gruppieren von Daten und Auffinden
der Zentren in Datenclustern, deren
Anzahl vorher festgelegt sein muss
DBSCAN Dichtebasiertes Clustering von Daten
mit Rauschen
Hierarchische Cluster- Gruppierung von Daten in hierarchi-
analyse schen Klassen und schrittweise Agglo-
=]
'f:% meration der Klassen in ein Dendro-
s
o gramm
Q2
E=}
(=
=)

Dimensions- Principal Component Strukturierung groBer Datensdtze

reduktion Analysis durch Reduzierung der Dimensionali-
tat unter bestmoglicher Wahrung der
statistischen Informationen

Verschiedene GAN Erzeugung von Daten durch Kombina-

tion von zwei sich gegenseitig verbes-
sernden KNN, wobei eines die Daten

erzeugt und das andere diese als

13
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Lernart | Lernaufgabe

Algorithmen

Beschreibung

»echt” oder ,kinstlich erzeugt” klassi-

fiziert

Hidden-Markov-Modelle

Bestimmung der wahrscheinlichsten
Folge aus nichtbeobachtbaren Zu-

standen durch Faktorisierung

Isolation Forest

Identifikation von AusreiRern in ei-
nem mehrdimensionalen Raum auf

Basis von Entscheidungsbdaumen

Apriori-Algorithmus

Auffinden von Assoziationsregeln in
einer Transaktionsmenge durch Su-

che nach haufigen Mengen

Wertbasiert

Q-Learning

Erlernen des optimalen Aktionswerts

in einem bestimmten Zustand

Monte-Carlo-Algorith-

Generierung von Zufallsstichproben

Bestarkend

mus zur Schatzung eines Zustandswertes
Strategiebasiert REINFORCE Schatzung der Gewichte fiir eine opti-
malen Strategie durch Gradientenan-
stieg
Hill-Climbing Auffinden der optimalen Strategie, in-

dem die bestehenden Gewichtungen
im Netzwerk iterativ verbessert wer-

den

Anstelle der Lernarten ,iberwacht”, , uniiberwacht” und , bestarkend” wird in der

theoretischen Informatik haufig in ,parametrisiert” und ,nicht-parametrisiert” un-

terschieden. Das bezieht sich nicht auf den Algorithmus, sondern auf sein Ergebnis

—das Modell. Zusammenfassend kann gesagt werden, dass parametrisierte Lernar-

14
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ten als Modell eine Funktion mit einer bestimmten Anzahl an Parametern ausge-
ben, welche vor dem Training festgelegt wurde. Nicht-parametrisierte Modelle hin-
gegen entwickeln erst im Laufe des Trainings ihre Parameteranzahl. Beispielsweise
gehoren kiinstliche neuronale Netze zu den parametrisierten Verfahren, die eine
festgelegte Anzahl einstellbarer Parameter haben, wahrend Entscheidungsbdaume

jedoch wihrend des Trainings neue Auspragungen in Form von Asten bilden.

Kiinstliche Intelligenz kann sehr grofle Mengen unstrukturierter Daten in hoher Ge-
schwindigkeit analysieren, kategorisieren und klassifizieren, um daraus Muster zu
erkennen. Die Kl ,versteht” jedoch nicht, warum sie das tut. Sie kann (noch) keine
abstrakten Rickschliisse auf Probleme ziehen. Kl ist nicht kreativ, innovativ und

strategisch, um eigene Losungen fir ein neues Problem zu finden.

3. Zielsetzung und Fragestellung

Das Ziel der vorliegenden Dissertation besteht in der Entwicklung von KI-Verfahren
zum Einsatz in produzierenden KMU zur Einsparung von Energie und Abfall fir die
gesamte Fertigung. Die Steigerung der Material- und Energieeffizienz fihrt neben
einer Verminderung von Umweltbelastungen und -schadigungen zu einer Senkung
der Produktionskosten in Unternehmen, was wiederum zu einer Steigerung der
Wettbewerbsfahigkeit flhrt. Die praktischen Forschungsarbeiten wurden im DBU-
geforderten Projekt ,Nova - Entwicklung einer neuen Methode zur Ressourcenein-
sparung durch prozessorientiertes, digitales Stoffstrommanagement in produzie-
renden mittelstandischen Unternehmen” (Férderkennzeichen: 24589/01, Deutsche
Bundesstiftung Umwelt) in Kooperation mit der Novapax Kunststofftechnik Steiner
GmbH & Co. KG entwickelt. Novapax ist in der Fertigung von Spritzgussteilen/Prazi-
sionskunststoffteilen tiberwiegend fir die Bereiche Automobilindustrie, aber auch
fir die Branchen Bau, Elektronik, Medizin und Sanitar tatig. Exemplarisch an diesem
konkreten Anwendungsfall wird eine adaptierbare Losung fiir die Ressourcenopti-

mierung von Material und Energie durch das maschinelles Lernverfahren Random

15



Einsatz von kiinstlicher Intelligenz zur Prozessoptimierung und Steigerung der Ressourceneffizienz in kleinen

und mittleren Unternehmen

Forest (RF) sowie die Entwicklung eines kiinstlichen neuronalen Netztes (KNN) er-

arbeitet.

Dabei werden die folgenden Forschungsfragen adressiert:

e Wie konnen durch Methoden des maschinellen Lernens Zusammenhange
zwischen den Parametereinstellungen der Maschinen, dem Energieverbrauch
sowie der Wahrscheinlichkeit von fehlerhaft produzierten Kunststoffteilen
hergestellt werden und welche Parameteranderungen senken den
Energieverbrauch und reduzieren die Wahrscheinlichkeit von

Fehlproduktionen?

Letztendlich soll das RF-Modell Aussagen dariber treffen kdnnen, dass Maschine x
unter Anderung der Parameter ys, v, ..., Yo den Energieverbrauch pro produzierten

Teil um z kWh reduzieren kann.

Auf Basis des RF-Modells wird dann ein KNN entwickelt, um die Genauigkeit dieser
Aussagen zu erhohen. Die Entwicklung des KNN adressiert die folgende Forschungs-

frage:

e Wie koénnen neuronale Netze verwendet werden, um ideale
Maschineneinstellungen zu finden, um den Energieverbrauch zu reduzieren und

die Qualitat zu verbessern?

Flir den praktischen Einsatz soll das KNN Aussagen zu folgenden Fragestellungen

treffen:

e Wie viel Energie konnte eingespart werden, wenn die vom KNN
vorgeschlagenen optimalen Maschinenparametereinstellungen verwendet

werden wiirden?

e Wie weit kann die Qualitdt unter Betrachtung der Reduzierung von

Kunststoffausschuss verbessert werden?
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Die Aussagen dieser beiden Kl-Verfahren sollen aulRerdem fir den Menschen inter-
pretierbar sein, da viele KI-Modelle, insbesondere jedoch KNN ein Black-Box-Ver-

halten aufweisen.

Ganzheitliche Digitalisierung und die dadurch zu verarbeitenden Daten mit Verfah-
ren der Kl sind entscheidende Schritte fur eine ressourcenschonende Produktion.
Dazu zadhlen in erster Linie die Verbesserung der Effizienz und Performance sowie
die Optimierung der Stérungsanfalligkeit von Produktions- und Geschaftsprozessen
durch Automatisierung als auch die konsistente Verfligbarkeit von Informationen in
Zusammenhang mit schnellem Wissenstransfer. Allerdings birgt die Digitalisierung
auch umweltbezogene Nachteile. Dies spiegelt sich vor allem im steigenden Roh-
stoffbedarf fiir elektronische Komponenten und dessen kostenglinstige Beschaf-
fung Uberwiegend in Lindern mit geringen Umwelt- und Sozialstandards wider. Fir
eine kritische Betrachtung werden die Umweltauswirkungen der technologischen
Komponenten von der Gewinnung bis zur Entsorgung mit Fokus auf Seltenerdme-
tallen untersucht. Dabei soll der produktionsseitige Rebound-Effekt (Jevons, 1865)
in Zeiten der Digitalisierung in Bezug auf die Nutzung von Seltenerdmetallen im Vor-

dergrund stehen.

4. Forschungsdesign

Das libergeordnete Ziel der Dissertation ist die Prozessoptimierung durch ldentifi-
kation von Parametereinstellungen an den Produktionsmaschinen zur Energiere-
duktion und Abfallminimierung. Nach der Implementierung einer grundlegenden
homogenen Datenspeicherung der Maschinendaten wurden fiir die Umsetzung im
ersten Schritt ein Random Forest-Modell und darauf aufbauend ein KNN entwickelt.
Das Forschungsdesign orientiert sich an den 7 Leitgedanken des Design Science Re-
search (DSR) nach Hevner et. al. und folgt deren Information Systems Research

Framework. (Hevner et al., 2004)
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Abbildung 5: Information Systems Research Framework (Hevner et al., 2004)

Design Science Research ist ein gestaltungsorientierter Ansatz, der aus der Wirt-
schaftsinformatik stammt und die Entwicklung von Informationssystemen be-
schreibt (Wilde & Hess, 2006). Ziel ist die Erstellung eines konkreten Artefakts. He-
vner et. al. bauen auf den Arbeiten von Herbert A. Simon (Simon, 1996) und Silver,

Markus und Beath (Silver et al., 1995) auf.

Im Zuge des Design Methods Movement in den 60er Jahren des 20. Jh. beschrieb
Simon die Designtheorie anhand der ,Wissenschaften des Kiinstlichen” in seinem
Werk ,, The Sciences of the Artificial”, wobei Nachbildungen der Natur in den Wis-
senschaften als Artefakte gelten. Diese Artefakte kdnnen sich aufgrund ihrer Funk-
tionalitat und ihrer Umgebung anpassen. Durch logisches Verkniipfen von Bezie-
hungen konnen innerhalb eines Prozesses neue Erkenntnisse gewonnen werden.
Auf Basis mathematischer Berechnungen kénnen Computer diese Prozesse opti-
mieren und automatisieren. Simon definierte Design Science als ,,wie Dinge sein
konnten” und die Naturwissenschaft als ,,wie Dinge sind“. Mit Allen Newell und Cliff
Shaw entwickelte Simon den Logical Theorist, der auf der Darthmouth Conference,
dem ersten Workshop fiir kiinstliche Intelligenz unter der Organisation von John
McCarthy, vorgestellt wurde. Der Logical Theorist ist ein Computerprogramm, wel-

ches eine Vielzahl der Theoreme der Principia Mathematica von Whitehead and
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Russell (Whitehead & Russell, 1925-1927) beweisen konnte und als erstes KI-Pro-
gramm gilt, welches in der Lage ist, komplexe Probleme zu I6sen und so menschli-
ches Denken zu imitieren. 1975 wurde Simon mit seinem Kollegen Newell mit dem
ACM Turing Award ausgezeichnet. (Association for Computing Machinery, 1975)
Aufgrund seiner organisationstheoretischen Arbeiten zu Entscheidungsprozessen

erhielt er 1978 den Alfred-Nobel-Gedachtnispreis flir Wirtschaftswissenschaften.

Silver et. al. beschrieben erstmals ein IT-Interaktionsmodell aus Prozessperspektive
Uber die verschiedenen Stadien des Implementierungsprozesses. Das Modell inte-
griert 4 miteinander verbundene Phasen — die Organisation mit ihren Geschaftspro-
zessen, das zu entwickelnde Informationssystem, die Einflihrung des Systems und
deren Auswirkungen. Durch die Integration von Systemeffekten ist das Modell mit

dem Konzept der Entscheidungsunterstiitzung verknipft.

THE IMPLEMENTATION PROCESS ———

|lniti'.1tirm Build/Buy  Introduction Adaptation

-

THE ORGANIZATION

y ]
FIRM STRATEGY 2
e N\ Y4
BUSINESS PROCESSES | INFORMATION}—% —» =, $§ <
e SYSTEM ~ i
STRUCTURE & CULUTRE =z o0
IT INFRASTRUCTURE [} O

A

THE EXTERNAL ENVIRONMENT

Abbildung 6: IT Interaction Modell (Silver et al., 1995)

Neben der Methodik nach Hevner (Hevner et al., 2004) haben sich weitere DSR-
Modelle fiir die Entwicklung von IT-Losungen etabliert (Peffers et al., 2007). Allen
liegt das gemeinsame Ziel einer strukturierten, transparenten Forschung und Ent-
wicklung zu Grunde. Die Entscheidung fiir das Modell nach Hevner et al. als For-
schungsdesign fiir diese Dissertation begriindet sich im Praxisbezug als Ausgangs-
punkt mit der Integration der Unternehmensstruktur und -prozesse sowie des ite-

rativen Zusammenspiels von Praxis, Entwicklung und Forschung. Das methodische
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Vorgehen der Forschungsarbeiten der vorliegenden Dissertation lasst sich wie folgt

in die sieben Design Science Research Guidelines nach Hevner et. al. einordnen.

1. Artefakt-Design: Die zu entwickelnden Artefakte sind ein RF-Modell und ein
darauf aufbauendes KNN zum Auffinden der optimalen Parametereinstellungen
an den Produktionsmaschinen, um den Energieverbrauch unter Einhaltung der
Qualitatskriterien sowie den Abfall zu verringern. Um dieses Artefakt zu
generieren, ist es notwendig, als Ausgangsbasis eine konsolidierte Datenbasis
zu schaffen. Im Rahmen der vorliegenden Dissertation wurden 4 Maschinen mit
34 Merkmalen und insgesamt 777.458 Daten Uber einen Erfassungszeitraum
von 4 Monaten zugrunde gelegt. Bei der Betrachtung von Maschinen
unterschiedlicher Bauweisen kommt es in den meisten Fallen zu
Inkonstistenzen der Datenbasis, da einige Merkmale nicht erhoben werden.
Grinde dafir liegen in der Umstellung der Produktionsweise der Maschine aber
auch darin, dass gewisse Bauteile der Merkmalsspalten in einigen Maschinen
schlicht nicht existieren. Diese fehlenden Daten mussen fiir ihre Nutzung im KI-
Modell bereinigt werden. Weiterhin ist es notig, die Attribute der Daten zu
standardisieren und zu normalisieren. Haufig befinden sich in den Datenbanken
Daten ohne Informationsgewinn fiir die Losung der definierten Problem-
stellung. Diese Merkmale sollten fir eine effiziente Berechnung des Modells

entfernt werden.

2. Problemrelevanz: Die Relevanz ergibt sich aus dem Unternehmensziel des
effizienteren Wirtschaftens, um positive 6konomische Effekte zu erzielen als
auch aus dem Okologischen Kontext, einen effizienteren Umgang mit Stoffen
und Energie zu erreichen. Zu Beginn der eigentlichen Entwicklungsarbeiten ist
eine Ubersichtliche, strukturierte Planung vorgenommen worden. Beginnend
wurde untersucht, ob der Einsatz von Kl fiir die Zielstellung Gberhaupt in einem
angemessenen Aufwand-Nutzen-Verhiltnis steht. Daher wurde der folgende
Ablauf der Einflihrung von Kl identifiziert und maoglichst allgemein gehalten,

damit er auf andere Problemdefinitionen von KMU adaptierbar ist.
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Wiefwo kann Kl sinnvoll eingesetzt werden?

Zieldefinition - .

Arbeitsablaufe
modellieren

Datenbasis

Kl-Strategie

KI-Entwicklung

Integration der Kl in

die Prozessablaufe

Anwendungsfille
definieren

®  Einsparungen von Energie, Material
s  Optimierung von Abldufen
Vorhersagen, Flanung

Definition der Anwendungsfille aus der
Zieldefinition und den Arbeitsablaufen

¢ Welche Daten werden benatigt?
® Inwelcher Form liegen diese vor?

Machbarkeit:

. 7Fe -fKostenschﬁuung
® Risikoanalyse

Daten-
aufbereitung

Modell-
entwicklung

Modell-
bewertung

Praxiseinsatz
der Modelle

®  Bereitstellung/Anpassung IT-
Infrastruktur

e« Fachpersonal extern oder in house?

e Daten in der Cloud oder intern?

Datenzchema: Sammeln — Verfeinern — Speichern —
Analysieren — Bereitstallen — Verwalten:

® Labeln der Daten

Global oder lokal?

Grob oder fein?

Welche Werkzeuge eignen sich?

Wie gehe ich mit falschen oder mehrdeutigen Daten
um?

®  Wie teilt man Daten in Trainings- und Testsets auf?

Algorithmus-Auswah| und -Design:

®  Von Grund auf neu entwerfen oder anpassen?

s Hardwarekosten beachten

& Nachverfolgung von Experimenten zur Sicherstellung
der Reproduzierbarkeit

Sinnhaftigkeit der Ergebnisse:

» Interpretation der Modelle durch Ersatzmodelle,
Z.B. mit LIME, SHAP, PFI

*  Robustheits- und Stabilitatstests

+ Modelliberwachung

#» Integration zusdtzlicher Daten

»  Ergebnisreprasentation

Einsatzmodi:

» Schattenmodus: Der Mensch entscheidet

» Teilautomatisierung: Mensch entscheidet bei
Unsicherheiten des Modells

» Vollsténdige Automatisierung: Modell entscheidet

Abbildung 7: Konzeptioneller Ablauf der Einfiihrung von Kl in KMU (Eigene Darstellung)

21



Einsatz von kiinstlicher Intelligenz zur Prozessoptimierung und Steigerung der Ressourceneffizienz in kleinen

und mittleren Unternehmen

3. Bewertung des Designs: Die Artefakte werden unter dem Kriterium
entwickelt, die eingesetzten Technologien so einfach wie moglich zu entwickeln.
So wird sichergestellt, dass sie auf andere Szenarien leichter adaptierbar sind
und die Fehleranfalligkeit reduziert wird. Die Ergebnisse des RF-Modells sowie
insbesondere des KNN werden interpretierbar gemacht. Somit kdnnen die
Ergebnisse der KI-Algorithmen auf Stimmigkeit gepriift werden. Das ist
besonders fiir den Produktionsmitarbeiter eine notwendige Anforderung an das
System, da nur dieser letztendlich beurteilen kann, ob vorgeschlagene
Parameteranderungen Uberhaupt moglich oder fiir den gesamten
Prozessschritt sinnvoll sind. Letztendlich werden die Artefakte beziiglich ihrer
praktischen Anwendung gepriift. Besonderes Augenmerk wird dabei auf die
Wiederholbarkeit der Ergebnisse bei sich andernder Datenlage sowie der
Stabilitat ihrer Funktionalitat gelegt. Die Szenarien, bestehend aus 4 Maschinen,
werden dafir in mehreren Durchldufen auf Genauigkeit ihrer Berechnungen

und der damit verbundenen Leistungsfahigkeit Gberprift.

4. Beitrag zur Forschung: Die Forschungsergebnisse werden in peer-review-
Magazinen dem interessierten Fachpublikum zur Verfligung gestellt. Weiterhin
flieBen die Arbeiten in die universitare Ausbildung ein. Weiterhin sollen die
Arbeiten einen direkten Beitrag fiir die produzierenden KMU leisten. Daher wird
diese Dissertation in deutscher Sprache verfasst, um die Ergebnisse einfacher in
die regionalen KMU zu streuen. Fir die direkt an der Produktion Beteiligten soll
die Interpretierbarkeit des Systems sowie die technische Adaptierbarkeit die
Einflhrung von Kl-Verfahren in KMU erleichtern. Diese Aspekte erleichtern
einerseits das Vertrauen in die KI-Methoden und schaffen Transparenz der

Prognosen der Black-Box der Algorithmen.

5. Forschungsstrenge: Die Entwicklung der Algorithmen erfolgt unter
Zuhilfenahme etablierter Architekturen in der Programmiersprache Python.
Diese zeichnet sich durch ihre sehr gute Portabilitat sowie einer hohen Anzahl

an Bibliotheken fiir KI-Programmierung und Datenauswertung aus. Als
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Entwicklungsumgebungen fiir das RF-Modell werden PyCharm und Jupyter
Notebook eingesetzt. Die PyCharm-IDE ist eine der erfolgreichsten Python-
Umgebungen und bietet alle notwendigen Funktionen fiir professionelle
Programmierung. Jupyter Notebook wird am Anfang der Entwicklung fir die
Anpassungen und die Tests der einzelnen Parameter verwendet, PyCharm
kommt anschlieRend zum Einsatz, um gut strukturierten Code zu erstellen sowie
Anpassungen der eingebundenen Bibliotheken vorzunehmen. Fiir die Basis der
Artefakte — eine homogene Datenhaltung — werden die Maschinendaten lber
verschiedene Protokolle in einer SQL-Datenbank gespeichert und mittels eines
dafur generierten Scriptes periodisch per VPN vom Unternehmen zum
Entwicklungsrechner an der HTW Berlin gesendet. LIME (Local Interpretable
Model-agnostic Explanations) gehort zu den AIX-Methoden (Explainable Al) und
ist ein Framework, welches die Vorhersage der Klassifikatoren erklart und somit
der Erkldrung der Black Box-Lernprozesse der Modelle ermoglicht, um die

Ergebnisse nachzuvollziehen und auf Sinnhaftigkeit zu Gberprifen.

6. Design als Optimierungsprozess: Um die gewiinschten Ziele und somit ein
funktionsfahiges Artefakt zu erreichen, sind mehrere Trainings-/Test- und
Optimierungsdurchldufe sowohl beim RF-Modell als auch beim KNN notig. Die
Prozesse bei KlI-Verfahren sind in Abbildung 8 und Abbildung 9 grafisch

dargestellt.
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* Definition der
Anforderungen
(Einsparung von
Energie und Abfall unter
Einhaltung der Qualitit)

+ Datenvorverarbeitung
+ Lernmethode:
Uberwachtes Lernen

* Datensammlung via
OPC-Schnittstelle und
Modbus RTU-Protokolle

Modelltest und
-optimierung

« Konfusionsmatrix zur
Modellbewertung

* Auswahl der geeigneten

+ Algorithmus: Random
Forest

in einer SQL-Datenbank + Aufteilung in Test- und Hyperparameter
# Datenvorverarbeitung Trainingsdaten » Modellanalyse mit Brut
(Datenverstindnis) Force und LIME

Problemdefinition

Modellerstellung

Daten- Daten- _ 8
-

Abbildung 8: Prozess des RF-Modells (Eigene Darstellung)

Modellerstellung Modelitest und -optimierung

« Implementierung van
Klassengewichten

s Anpassen der Hyperparameter
auf Uberanpassung

* Bereinigung der
Energiedaten

= schlieBen von

Datenliicken

. KNhN hmit 32 und 64 Neuronen in 2 * Kombination der
Schichten i
§ o « Hinzufiigen von Regularisierung Vorhersagfunktionen
* Eingabe: Maschineneinstellungen und Drapout » Hyperparameter-
» Ausgabedaten ) « Modellanalyse mit LIME Optimierung
EHEF_EI:EWEWE(REE_"E__SSIOH. i i * Implementierung von
Qualititswerte (Bindre Klassifikation) Suchraumfunktionen

= Implementierung * Test der individuellen
Vorhersagefunktion Parameter

Training

Datenvorverarbeitung

Daten- Daten- = F
. o

Abbildung 9: Prozess des KNN (Eigene Darstellung)

7. Kommunikation der Forschung: Die Forschungsmethoden und -ergebnisse
wurden auf mehreren Konferenzen (siehe Anhang A) sowie in verschiedenen
Fachjournalen publiziert. Weiterhin flieRen sie in die Lehrausbildung von
Studenten ein und bilden eine Grundlage fir die Durchfihrung weiterer

Forschungsprojekte zur Digitalisierung und der Einfiihrung von Kl in KMU.
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Auf Basis der Zuordnung der Forschungsarbeiten zu den sieben Leitgedanken glie-
dert sich die Dissertation wie in Abbildung 10 visualisiert in das Information Systems
Research Framework nach Hevner et al. (Hevner et al., 2004) und fast die Schliissel-

faktoren komprimiert zusammen.

v

Menschen: @ Problemdefinition und > Unternehmensbezogen:

+ Unternehmensfithrung §_ Anforderungsanalyse g = Verstdndnis der

+ Mitarbeiter des = 9 2 Produktionsprozesse
Unternehmens = -4 » Uberblick iiber die IT-

s 3 Infrastruktur

Organisationssystem: E 5 » Kommunikation mit dem

+ Familiengefiihrtes g g Mitarbeitern der
produzierendes KMU 5 ' | - Produktion und der

§ Leitungsebene

Technische Systeme: E

- Liickenhafte, inhomogene Informationsbezogen:
Datenhaltung der - = . Theoretische Grundlagen
Maschinendaten . und Praxiserfahrung im

+ Keine zentrale Evaluierung Bereich KI
Datenerfassung der und « Fachliteratur
Maschinendaten Optimierung + Best Practices

der Artefakte + KI-Tools und Frameworks

Probleme und

Méglichkeiten: Methodenbezogen:

» Akzeptanzbarrieren der » Datenverarbeitungs- und -
neuen Technologie bei analysemethoden
Mitarbeitern und Tests der Artefakte » Modellentwicklung und
Leitungsebene z Optimierungsmethoden

» Fehlende Erfahrung im w»  Test- und
Bereich Kl Bewertungsmethoden

Rigorositats-
Zyklus

Abbildung 10: DSR-Prozess der Dissertation im IS Research Framework nach Hevner (Hevner et al., 2004)

In seinen weiterfliihrenden Arbeiten stellte Hevner explizit die drei DSR-Zyklen (He-
vner, 2007) in den Fokus. Dies soll die Motivation des DSR in der Hinsicht verdeutli-
chen, dass Technologieentwicklung (DSR-Zyklus) auf Basis fundierter wissenschaft-
licher Erkenntnisse (Rigorositats-Zyklus) das adressierte Umfeld (Relevanz-Zyklus)
verbessern soll (Simon, 1996). Im Relevanz-Zyklus gehen die Forschungsfragestel-
lungen sowie die Unternehmensanforderungen in den Design-Zyklus (iber. Dort
werden die technischen Anforderungen des Artefakts, sowie dessen Entwicklung
auf Basis der wissenschaftlichen Informationen und Methoden angesiedelt. Das De-
sign des Artefakts geht mit einer fortlaufenden Abstimmung mit dem Unternehmen
sowie eines durchgangigen Abgleichs der Wissensbasis einher. Die Umsetzung des
entstandenen Artefakts, das Artefakt an sich sowie sein Einsatz in der Praxis flieRen

wiederum in die Wissensbasis ein.
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Fir die kritische Betrachtung der Umweltauswirkungen der fiir die Digitalisierung
notwendigen elektronischen Komponenten mit Fokus auf Seltenerdmetallen wurde
eine umfassende Literaturrecherche durchgefiihrt. Ziel war eine modellhafte Be-
rechnung von IKT-Gerdten und die Ermittlung des daraus resultierenden Elektro-
schrotts. Die Arbeit soll den mit der Digitalisierung verbundenen Rebound-Effekt
anhand der Nutzung elektronischer Gerate und somit eine differenzierte Betrach-
tung der offensichtlichen Vorteile des Einsatzes von IKT verdeutlichen. Daflir wur-
den im ersten Schritt das Vorkommen in der Natur und die Hauptanwendungsge-
biete der einzelnen Seltenerdmetalle im Elektronikbereich identifiziert. Im An-
schluss wird ein Uberblick tiber den Gewinnungsprozess sowie das Recycling und
die Entsorgung gegeben und Substitutionsmoglichkeiten aufgezeigt. AnschlieRend
erfolgt die modellhafte Berechnung der IKT-Gerate, wobei die zuvor identifizierten
Daten auf die Lander mit einem sehr hohen Human Development Index extrapoliert
wurden. Aus diesen Werten wurde in Verbindung mit der Lebensdauer der einzel-
nen IKT-Gerate die Recyclingquote abgeleitet und das Gesamtaufkommen an Elekt-

roschrott ermittelt.

5. Publikationsuibersicht: Methoden und Ergebnisse

Im folgenden Kapitel werden die Publikationen mit ihrer Zielstellung, der Methodik
und der Ergebnisse dargestellt. Publikation 1 und 2 bauen aufeinander auf. Sie be-
schreiben die Umsetzung des maschinellen Lernens durch Random Forest (1. Publi-
kation) sowie der Entwicklung eines kiinstlichen neuronalen Netzes (2. Publikation)
an dem Szenario des Kunststoffunternehmens. Beiden Verfahren liegen die glei-
chen Daten zugrunde. Publikation 3 betrachtet Ubergeordnet das Thema des
Rebound-Effekts im Zuge der Digitalisierung und Automatisierung. Dabei wird der
Fokus auf Seltenerdmetalle gelegt, da diese Elemente in samtlichen Geraten der
Informations- und Kommunikationstechnologie zum Einsatz kommen und deren

Gewinnung und Entsorgung zu besonders starken Umweltbelastungen fihrt. Die
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Betrachtung der kritischen Nebeneffekte, welche durch die zahlreichen positiven
Moglichkeiten der in allen Lebensbereichen vorhandenen Digitalisierungs- und Au-
tomatisierungstechniken entstehen, ist ein wichtiger Aspekt fiir die Beurteilung der
ganzheitlichen Umweltauswirkungen von IKT und sollte daher entsprechend gewdir-

digt werden.

-y T
) Gewinnung,
S Verarbeitung, Nutzung

Seltenerdmetalle
5 ungtliche Neuronizle
il l\letze{' N\

™

Abbildung 11: Zusammenhang der Publikationen (Eigene Darstellung, erstellt mit Unterstiitzung von DALL-E 2)

Tabelle 2: Publikation 1: “Machine Learning for Optimization of Energy and Plastic Consumption in the Produc-

tion of Thermoplastic Parts in SME”

Machine Learning for Optimization of Energy and Plastic Consumption in the Production of

Thermoplastic Parts in SME”

Zielstellung: Entwicklung eines Random Forest-Modells zur Uberwachung und Optimierung des

Plastikabfalls und des Energieverbrauchs in einem kunststoffproduzierenden KMU

Methodik: Technologien, Bibliotheken,
Frameworks:

Datenerhebung und —bereinigung von 4 Produktionsma- OPC-Schnittstelle, Modbus RTU,

schinen (M64, M67, M68, M69) mit 34 Merkmalen und saL

insgesamt 777.458 Datensdtzen liber einen Erfassungszeit-

raum von 4 Monaten;

Datenverstandnis Pandas, NumPy, PyCharm
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Thermoplastic Parts in SME”

Machine Learning for Optimization of Energy and Plastic Consumption in the Production of

Auswahl des Algorithmus

Uberwachtes Lernen, Random Fo-

rest-Algorithmus

Datenvorverarbeitung

Pandas, PyCharm

mit LIME

Modellerstellung (Aufteilung des Datensatzes in Test- und
Trainingsdaten; Erstellen der Hyperparameter; Auswer-
tung aller Kombinationen von Hyperparametern des Ent-
scheidungsbaum; Ermittlung der Wichtigkeit der Merk-

male (gewichtetet Mittelwert); Erklarung der Ergebnisse

Random Forest, Scikit-learn, Hy-

peropt, PyCharm

passung Hyperparameter)

Modelloptimierung und -test (Anpassung Datensatz, An-

SQL, Random Forest, Scikit-learn,

Hyperopt, PyCharm

Modellanalyse, Interpretation der Ergebnisse

LIME, NumPy, PyCharm

Ergebnisse:

(Wh]

e Empfohlenen Maschineneinstellungen fiir eine Reduzierung des Energieverbrauchs/Teil

e Empfohlenen Maschineneinstellungen fir die Verbesserung der Qualitat/Teil [%]

Tabelle 3: Ergebnisse der RF-Modelle

mMe4

Parameter Wert Qualitatsverbesserung pro
Teil [%]

Umschaltvolumen_K2 [ecm?3] 3,8<x<4,1 4

Umschaltspritzdruck_K2 [mbar] x>685 6

Maximaler_Spritzdruck_K2 [mbar] x>685 4

28




Einsatz von kiinstlicher Intelligenz zur Prozessoptimierung und Steigerung der Ressourceneffizienz in kleinen

und mittleren Unternehmen

Einspritzzeit_K2 [s] 0,34<x<0,35 29
Dosierzeit_K1 [s] x>5,75 2
Dosierzeit_K2 [s] X<6,3 14
Zylinderheizzone_1_K1 [°C] x= 190 C oder x= 204 14
Zylinderheizzone_1_K2 [°C] 219,5<x<220,3 oder 39
x=224,5
Zylinderheizzone_2_K2 [°C] x=204,5 5
Zykluszeit [s] x>31,42 15
Parameter Wert Energieeinsparung pro
Teil [Wh]
Massepolster_K2 [cm?3] x>3 10
Umschaltvolumen_K2 [ecm?3] x>3,45 13
Umschaltspritzdruck_K2 [mbar] x>742 15,5
Maximaler_Spritzdruck_K2 [mbar] x>724 45
Einspritzzeit_K2 [s] x>0,37 25
Dosierzeit_K1 [s] x<5,7 5
mM67
Parameter Wert Qualitatsverbesserung pro
Teil [%]
Massepolster K1 [cm?] x=8,4 4
Umschaltspritzdruck_K1 [cm3] x>712 2
Dosierzeit_K1 [s] x=5,15 3
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Zylinderheizzone_1_K1 [°C] 267,1<x<269,3 8

Zylinderheizzone_2_K1 [°C] x>274,2 8

Zylinderheizzone_4_K1 [°C] x>279,2 2

Zylinderheizzone_8 K1 [°C] x=285 12

Werkzeugheizkreis_1 [°C] x=79,5 9

Parameter Wert Energieeinsparung pro
Teil [Wh]

Massepolster_K1 [cm?3] x>11 5

Umschaltvolumen_K1 [em?3] x<22 10

Zylinderheizzone_2_K1 [°C] x<275 2

Integral (Druck Uber Zeit) [mbar/s] x>870 3

M68

Parameter Wert Qualitatsverbesserung pro
Teil [%]

Einspritzzeit_K2 [s] x=0,342 8

Zylinderheizzone_1_K1 [°C] x=194,5 8

Werkzeugheizkreis_2 [°C] x=72,1 20

Parameter Wert Energieeinsparung pro
Teil [Wh]

Zykluszeit [s] x>33,5 2,5

M69
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Parameter Wert Qualitdtsverbesserung pro
Teil [%]

Massepolster_K1 [cm?3] 6,1<x<6,6 15

Dosierzeit_K1 [s] x=5,26 5

Zylinderheizzone_1_K1 [°C] x>243,3 18

Zylinderheizzone_2_K1 [°C] x=244,1 16

Zylinderheizzone_3_K1 [°C] x=245,6 8

Temperiergeraet_1_Werkzeug [°C] x=25,8 3

Parameter Wert Energieeinsparung pro
Teil [Wh]

Werkzeugheizkreis_3 [°C] x>210 8

Zykluszeit [s] x>22,8 9

Da nicht alle Maschineneinstellungen in der Praxis gedandert werden kénnen, wer-

den fur die Berechnung der Ergebnisse auf ein Jahr prognostizierte Energiewerte

auf Basis der Modelle angenommen. Bei der Betrachtung der Maschine M68 konn-

ten lediglich Zusammenhinge in der Anderung der Zykluszeit und dem Energiever-

brauch erkannt werden. Dieser ist mit 2,5 Wh sehr gering und wird daher in der

Gesamtprognose nicht betrachtet. Aufgrund der geringen Daten, was auf die nied-

rige Produktion zuriickzufiihren ist, ist es durch das RF-Modell nicht moglich, ge-

naue Aussagen zu treffen.
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Tabelle 4: Prognostizierte Energieersparnis pro Jahr (ML)

Prognostizierte Produzierte Produzierte Teile pro | Energieersparnis
Energieersparnis | Teile im Mess- Jahr pro Jahr [kWh]
pro Teil [Wh] zeitraum

M64 60 168.917 550.488,438 33.029,31

M67 20 247.052 805.124,821 16.102,5

M68 0 86.203 280.929,42 0

M69 10 275.286 897.137,411 8.971,37

Gesamt 58.103,18

Wie in Tabelle 4 dargestellt, ergibt sich eine Energieeinsparungen von ca. 58.100
kWh/Jahr und CO2-Einsparungen bei einem Faktor von 474 g/kWh (Icha & Kuhs,
2019) von 27.540 kg/Jahr.

Tabelle 5: Publikation 2: “Neural Networks for Energy Optimization of Production Processes in Small and Me-

dium Sized Enterprises”

“Neural Networks for Energy Optimization of Production Processes in Small and Medium Sized

Enterprises”

Zielstellung: Entwicklung eines KNN zur Uberwachung und Optimierung des Plastikabfalls und des

Energieverbrauchs in einem kunststoffproduzierenden KMU

Methodik: Technologien, Bibliotheken,

Frameworks:

Datenvorverarbeitung von 4 Produktionsmaschinen (M64, | SQL, Pandas, PyCharm
M67, M68, M69) mit 34 Merkmalen und insgesamt
777.458 Datensatzen Uber einen Erfassungszeitraum von 4

Monaten
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“Neural Networks for Energy Optimization of Production Processes in Small and Medium Sized

Enterprises”

Modellerstellung (Aufteilung des Datensatzes in Test- und | Scikit-learn, Hyperopt, NumPy, Py-

Trainingsdaten; L2-Regularisierung, Dropout, Anpassung Charm

Hyperparameter

Modellanalyse, -optimierung und -test: Scikit-learn, Hyperopt, NumPy,
e  Anpassung Hyperparameter LIME, PyCharm

e  Modell: Predict Function als Black Box

e  Optimierung der Eingabewerte (Maschinenein-
stellungen) durch Kombination der Vorhersage-
funktionen fiir Energie und Qualitat

e  Parametertest in einem Radius r mit der Abwei-
chung der wahren Parameterwerte von den vor-
hergesagten Werten

e  Metrik: Abwandlung des Standardfehlers

Interpretation der Ergebnisse

Ergebnisse: Empfohlenen Maschineneinstellungen fir eine Reduzierung des Energiever-

brauchs/Teil [Wh] und Verbesserung der Qualitat/Teil [%]

Im Gegensatz zum RF-Verfahren wurden bei der Ermittlung der empfohlenen Ma-
schineneinstellungen gleichzeitig sowohl die Energie als auch die Qualitat betrach-
tet. Dabei wurden die Hyperparameter des Netzes jedoch auf die Energieersparnis
optimiert.

Tabelle 6: Ergebnisse des KNN

Me64

Parameter Wert Qualitdtsverbesserung Energieeinsparung

pro Teil [%] pro Teil [Wh]
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Zylinderheizzone_2 K1 [°C] x=205,44 4,87 6,29

M67

Maximaler_Spritzdruck_K1
[mbar] x=253,559 | 0,14 0,43

Werkzeugheizkreis_1 [°C] x=80 0,16 1,24

Die Parameter Massepolster_K1 und Einspritzzeit_K1 kdnnen nur gemessen, aber an den Maschi-

nen nicht umgestellt werden. Daher werden sie im Endergebnis nicht betrachtet.

M68

Bei Maschine M68 standen nicht genug Daten fiir das Training des Energiemodells des KNN zur

Verfligung, daher konnten keine Ergebnisse erzielt werden.

M69
Zylinderheizzone_1_K1 [°C] 245,338 0,06 0,11
Zylinderheizzone_4_K1 [°C] 244,877 0,04 0,47

Im Endergebnis werden nur die Einstellungen betrachtet, die Energie einsparen,
ohne die Qualitat zu verringern und eine gewisse Signifikanz besitzen. Diese emp-

fohlenen Parameter sind in Tabelle 7 dargestellt.
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Tabelle 7: Prognostizierte Energieersparnis pro Jahr (KNN)

Empfohlener Parameter Energieerspar- Produzierte Energieersparnis
nis pro Teil [Wh] | Teile pro Jahr | pro Jahr [kWh]
(interpoliert)

Me64 Zylinderheizzone_2_K1 6,29 550.488,438 3.462,57

M67 Maximaler_Spritzdruck_K1, 1,67 805.124,821 1.344,56
Werkzeugheizkreis_1

M69 Zylinderheizzone_1_K1, Zy- | 0,58 897.137,411 520,34
linderheizzone_4 K1

Gesamt 5.327,47

Daraus ergibt sich eine Energieeinsparungen von ca. 5.327 kWh/Jahr und CO2-Ein-

sparungen bei einem Faktor von 474 g/kWh (Icha & Kuhs, 2019) von 2.525 kg/Jahr.

Tabelle 8: Publikation 3: “Rebound Effects in the Use of Rare Earth Metals in ICT”

“Rebound Effects in the Use of Rare Earth Metals in ICT”

Seltenerdmetalle

Zielstellung: Betrachtung der mit der Digitalisierung verbundenen Rebound-Effekte bezogen auf

Methodik:

works:

Technologien, Bibliotheken, Frame-

Literaturrecherche und Datensammlung

Physikalische/chemische Grundlagen von

Seltenerdmetallen

Vorkommen und Anwendungsgebiete
Betrachtung der Umweltaspekte bei der For-
derung und Verarbeitung, Extraktion, Recyc-

ling, Entsorgung und Substitution

teratur

Wissenschaftliche Datenbanken, Fachli-
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“Rebound Effects in the Use of Rare Earth Metals in ICT”

Modellhafte Berechnung der IKT-Gerate und der Re- | RStudio
cyclingrate weltweit (basierend auf den 66 Ldandern

mit einem HDI ab 0,8)

Ergebnisse: Insgesamt 66 Lander konnten einen HDI > 0,8 erreichen (United Nations, 2011). Bei
der Berechnung der Hochrechnung wird davon ausgegangen, dass die IKT-Ausstattung der Biirger
in den einzelnen Landern grundsatzlich dhnlich ist. Diese Lander haben eine Gesamtbevdlkerung
von 1,57 Milliarden Menschen (United Nations, 2020). Daraus ergibt sich eine angenommene
Anzahl von IKT-Gerdten von 7 Milliarden. Angesichts der kurzen Lebensdauer von IKT-Gerdten
zwischen etwa 2,5 Jahren fir Smartphones und 5 Jahren fiir andere digitale Gerate ist die Menge
an Elektroschrott immens. Nach 10 Jahren sind dies rund 68 Milliarden IKT-Gerate. Unter der An-
nahme einer Recyclingquote von 5 % innerhalb der EU und 1,5 % in anderen Landern (Groger,

2020) betragt die Gesamtmenge an Elektroschrott 67 Milliarden nicht recycelte Elektro-Geréte.

Die besondere Herausforderung dieser Arbeit lag in der duBerst mangelhaften und
invaliden Datenlage Uber die gesamte Prozesskette der Gewinnung, der Verarbei-
tung und des Recyclings. Daher war es lediglich moglich, eine modellhafte Auswer-

tung auf Basis von hochgerechneten Daten durchzufiihren.

6. Zusammenfassung und aktuelle Herausforderungen

Die beiden Verfahren — Anwendung des maschinellen Lernens mit dem Random Fo-
rest-Algorithmus sowie die Entwicklung eines kiinstlichen neuronalen Netzes —wur-

den auf 4 Maschinen mit insgesamt 777.458 Datensatzen angewendet.

Tabelle 9: Ausgangsdaten der einzelnen Maschinen

Maschine | Anzahl Datensidtze | Gutteile Schlechtteile
Absolut Relativ [%] Absolut Relativ [%]
Me64 168.917 166.232 98,41 2.685 1,59
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Maschine | Anzahl Datensdtze | Gutteile Schlechtteile

Absolut Relativ [%] Absolut Relativ [%]
M67 247.052 245.982 99,60 1.070 0,43
M68 86.203 85.325 99,00 878 1,02
M69 275.286 270.780 98,40 4.506 1,64
Gesamt 777.458 768.319 98,85 9.139 1,17

Die Endergebnisse zwischen den beiden Verfahren des Random Forest und der
kiinstlichen neuronalen Netze weisen einen gravierenden Unterschied auf. Das re-
sultiert aus dem Vorgehen bei beiden Verfahren. Beim RF wurden die Energie- und
Qualitatsmodelle einzeln betrachtet, um dann einen Zusammenhang herzustellen.
Die empfohlenen Parameterwerte pro Maschine unterscheiden sich jedoch danach,
ob Qualitdt oder Energie betrachtet wird. Das KNN konnte die optimalen Parame-
tereinstellungen fir beide Betrachtungselemente ermitteln. Betrachtet man bei-
spielsweise die Maschine M64, ermittelt der RF-Algorithmus, dass der Parameter
Umschaltspritzdruck_K2 die Qualitdt um 6 % und die Energie um 15,5 Wh verbes-
sern kann. Die optimale Einstellung fir die Qualitdtsverbesserung ist ein Wert tber
685 mbar und fir die Energieverbesserung tGber 742 mbar. Das KNN liefert fiir diese
Maschine die Empfehlung, den Parameter Zylinderheizzone_2_ K1 auf 205,44 °C an-
zupassen, um eine Qualitatsverbesserung von 4,87 % und ein Energieersparnis von

6,29 Wh pro Teil zu erreichen.
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RF - M64
Zykluszeit [s]
Zylinderheizzone_2 K2 [°C] s
Zylinderheizzone_1_K2 [°C]
Zylinderheizzone_1 K1 [°C] m—
Dosierzeit_K2 [s]  m—
Dosierzeit_K1 [s] ™™
Einspritzzeit K2 [s] |y
Maximaler_Spritzdruck_K2 [mbar] =
Umschaltspritzdruck_K2 [mbar]
Umschaltvolumen_K2 [cm3] [
Massepolster_K2 [cm3]  e——
0 10 20 30 40 50

H Energie [Wh] m Qualitat [%]

Abbildung 12: Ergebnisse des RF-Algorithmus fiir M64

KNN - M64
Zylinderheizzone_5_K1 [°C] a
Zylinderheizzone_2 K1 [°C] .
Zylinderheizzone_1_K1 [°C] -_
Umschaltvolumen_K2 [cm3] -_

-1 30 40 50 60

0 | Ene?gie [Wf;ll]O | Quza(?itéit

Abbildung 13: Ergebnisse des KNN fiir M64

Bei Maschine M67 wurde durch RF die hochste Energieersparnis von 10 Wh bei ei-
nem Umschaltvolumen_K1 Gber 22 cm3und die héchste Qualitdtsverbesserung von
12 % bei Anderung der Zylinderheizzone_8 K1 auf 285 °C ermittelt. Eine kombi-
nierte Verbesserung beider Elemente kann durch Adaption von Massepolster K1
um 8,4 cm? fur Qualitdt (4%) und auf >11 cm?3 fiir Energie (5 Wh) erreicht werden.
Auch das KNN ermittelte die hochsten Energieersparnis fir Massepolster_K1 um
7,14 Wh sowie eine Qualitatsverbesserung um 0,13 % bei einem Wert von 17,052

cm3.
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RF - M67

Integral (Druck tUber Zeit) [mbar/s]
Werkzeugheizkreis_1 [°C]
Zylinderheizzone_8 K1 [°

Zylinderheizzone_4_K1 [°
Zylinderheizzone_2_K1 [°

C
C
C
C

Zylinderheizzone_1_K1 [°
Dosierzeit_K1 [s

]
]
]
]
]
Umschaltspritzdruck_K1 [cm3]
]

Umschaltvolumen_K1 [cm3

Massepolster_K1 [cm3]

o

2 4 6 8 10 12 14

M Energie [Wh] m Qualitat [%]

Abbildung 14: Ergebnisse des RF-Algorithmus fiir M67

KNN - M67

Werkzeugheizkreis_1 [°C]

Einspritzzeit_K1 [s]

I

Maximaler_Spritzdruck_K1 [mbar]

Massepolster_K1 [cm3] |

0 1 2 3 4 5 6 7 8

H Energie [Wh] mQualitat

Abbildung 15: Ergebnisse des KNN fiir M67

Bei der Validierung der Ergebnisse im Unternehmen ergab sich jedoch, dass die Pa-
rameter Massepolster_K1 und Einspritzzeit_K1 nicht verstellbar sind. Der RF-Algo-
rithmus erkennt keine Optimierungsmaoglichkeiten bei Maximaler_Spritzdruck K1,
jedoch eine Qualitatsverbesserung von 9 % bei Werkzeugheizkreis_1 bei 79,5 °C.
Das KNN schlug die Einstellung auf 80 °C bei 0,16 % Qualitatssteigerung und 1,24
Wh Energieeinsparung vor. Bei Maschine M68 wurden durch RF eine Optimierungs-
moglichkeit hinsichtlich Energie um lediglich 2,5 Wh erkannt. Allerdings ergab die

Auswertung klare Spitzen bei Qualititsverbesserungen bei Anderung der Parameter
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Werkzeugheizkreis_2 (20%) sowie Einspritzzeit_K2 und Zylinderheizzone_1_K1 um
jeweils 8%. Das KNN konnte aufgrund der geringen Datenmenge von 86.203 Da-
tensatzen nicht trainiert werden. Daher sind fir diese Maschine keine Aussagen

moglich.
RF - M68

Zykluszeit [s]

Zylinderheizzone_1_K1 [°C]

WerkzeUgheiZkrels 2 [ (]
—
Einspritzzeit_KZ [S] _

0 5 10 15 20 25

Energie [Wh] B Qualitét [%]

Abbildung 16: Ergebnisse des RF-Algorithmus fiir M68

Fiir Maschine M69 fand der RF-Algorithmus keine Anderung fiir die Kombination
von Energie und Qualitat. Hohe Qualitatsverbesserungen sind bei den Parametern
Massepolster_K1 (15% bei Einstellungen im Bereich von 6,1 — 6,6 cm3), Zylinder-
heizzone_1 K1 (18% bei Einstellung liber 243,3 °C) und Zylinderheizzone_2_ K1
(16% bei 244,1 °C) zu erwarten. Eine Energieersparnis von 8 Wh wird bei der Ande-
rung der Einstellung Werkzeugheizkreis_3 auf > 210 °C und von 9 Wh bei einer Zyk-
luszeit von Uber 22,8 s prognostiziert. Auch das KNN schligt eine Anderung der Zy-
linderheizzone_1_K1 auf 245,338 °C vor. Der empfohlene Wert betragt 245,338 °C
um 0,06 % Qualitatsverbesserung und 0,11 Wh Energieersparnis zu erreichen. Fir
eine Ersparnis von 0.47 Wh und 0,04 % Qualitatsverbesserung sollte die Zylinder-

heizzone_4_K1 auf 244,877 °C eingestellt sein.
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RF - M69

Zykluszeit [s]
Temperiergeraet_1_Werkzeug [°C]
Werkzeugheizkreis_3 [°C]
Zylinderheizzone_3 K1 [°C]
Zylinderheizzone_2_K1 [°C]
Zylinderheizzone_1_K1 [°C]
Dosierzeit_K1 [s]

Massepolster_K1 [cm3]

o

5 10 15 20

H Energie [Wh] m Qualitat [%]

Abbildung 17: Ergebnisse des RF-Algorithmus fiir M69

KNN - M69

Zylinderheizzone_4_K1 [°C]

Zylinderheizzone_1_K1 [°C]

0 0,1 0,2 0,3 0,4 0,5

M Energie [Wh] mQualitat

Abbildung 18: Ergebnisse des KNN fiir M69

Random Forest ist einer der ML-Algorithmen, der dafiir ausgelegt ist, Daten zu klas-
sifizieren und Muster und Korrelationen zu finden, auf deren Basis es Entscheidun-
gen trifft. Jedoch weisen diese Muster nicht unbedingt auf einen kausalen Zusam-
menhang hin. Diese Anpassungen mussen beim Algorithmus manuell vorgenom-
men werden. Das KNN ist jedoch in der Lage, durch Anpassung der Gewichte und
eine ausreichende Menge an Datensatzen, automatisiert zu lernen. AuBerdem er-

zielen die ermittelten Daten eine hohere Genauigkeit. Dadurch ist es genauer, be-
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notigt jedoch mehr Entwicklungszeit und eine hohe Menge an Daten. Zusammen-
fassend kann gesagt werden, dass durch die Verwendung eines KNN eine héhere

Aussagekraft erzielt werden kann.

Die Forschungsergebnisse zeigten, dass KI-Anwendungen die Ressourcennutzung in
KMU optimieren kann. Wie bereits beschrieben, gibt es jedoch in KMU besondere

Hemmnisse, die es zu bewaltigen gilt.

Im Rahmen der Tatigkeit an der HTW Berlin bestand auch neben dem Dissertations-
projekt ein stetiger Austausch mit produzierenden KMU. Dabei wurde immer wie-
der deutlich, dass diese generell aufgeschlossen gegentiiber der Einfiihrung von KiI
sind. Allerdings werden die KlI-Technologien als sehr unibersichtlich empfunden.
Die Leuchtturmprojekte, welche beispielsweise auf der Plattform fir Kiinstliche In-
telligenz aufgezeigt werden, kénnen nicht ohne Expertenwissen an die individuellen
Bedirfnisse der jeweiligen KMU angepasst werden. Gegenstand weiterer For-
schung wiére, standardisierte und einsatzfahige KI-Module anhand der haufigsten
Anwendungsfille produzierender Unternehmen zur Verfligung zu stellen. Beispiels-
weise kdnnen angepasste unternehmensbezogene Softwarelésungen auf der Platt-
form ,,IT2match” (Mittelstand 4.0-Kompetenzzentrum - IT Wirtschaft) angeboten
werden. Dort werden Unternehmen und Softwareentwickler entsprechend ihrer
Bediirfnisse und Angebote zum digitalen Workflow vernetzt. Eine KI-Plattform fiir
verschiedene Anwendungsfdlle mit entsprechender Vernetzungsmoglichkeit fir
Unternehmen und Entwickler ware eine zukiinftige Moglichkeit, intelligente Losun-

gen in KMU einzufihren.

In erster Linie sollten bei der Einfihrung von Kl weniger komplexe technische Sys-
teme genutzt werden. Die hier vorgestellten Algorithmen sind ohne erheblichen
personellen und finanziellen Aufwand in die IT der meisten Betriebe integrierbar.
Weiterhin ist dadurch eine einfachere Adaptierbarkeit auf ahnliche Problemstellun-
gen gegeben. Besonders die Kopplung einer intelligenten Kreislaufwirtschaft mit in-

telligenter Prozessoptimierung kann vielversprechend fiir 6kologisches Produzieren
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unter 6konomischen Gesichtspunkten sein. Durch die Verknipfung mit Prozessorik
(Kombination von Sensoren und Aktoren) an den Maschinen und Fahrzeugen wird
ein automatisierter Prozessablauf gebildet, der weitere 6kologische Potenziale un-
ter Nutzung von Kl-Verfahren aufdecken kann. Es steht aulRer Frage, dass die Digi-
talisierung einen entscheidenden Einfluss auf die effiziente Produktion hat und der
Optimierung und somit der Kostenersparnis fir die Unternehmen dient. Jedoch
fihrt sie in ihrer Gesamtheit auch zu 6kologischen Problemen. Neben steigendem
Energiebedarf fiir Rechenzentren, der hohen Nachfrage an Metallen fur Hardware
sowie der geringen Verweildauer von IKT-Geraten beim Konsumenten findet nur
ein sehr begrenztes Recycling der IKT-Gerate statt. Das liegt zum einen an den ho-
hen Kosten der Recyclingverfahren bezogen auf die moderaten Rohstoffpreise aber
auch an den technisch anspruchsvollen Methoden bei der Riickgewinnung von Sel-
tenerdmetallen. Schwierigkeiten ergeben sich aus dem geringen Vorkommen der
Seltenerdmetalle in den Endgeraten, der starken Verdiinnung der Schmelze des E-
Schrotts (,,Downcycling”) sowie der dissipativen Verteilung dieser Elemente. Kom-
merzielles Recycling von Seltenerdmetallen wird bisher nur bei Leuchtstoffen, Mag-
neten und Batterien durchgefiihrt (U.S. Department of the Interior & U.S. Geologi-
cal Survey, 2021). Weiterhin sind die herkdmmlichen Recyclingprozesse (mechani-
sche Verarbeitung, Pyro- und Hydrometallurgie, Reduktion von Legierungen der Sel-
tenerdmetalle) duBerst energie- und kostenintensiv. Neben dem Recycling ist auch
die Forderung und Gewinnung dieser Elemente mit hohen Umweltrisiken verbun-
den. Durch den entstehenden Abraum kommt es zu einem sehr hohen Flachenbe-
darf, die massiven physikalischen Eingriffe in die Bodenstruktur schidigen die Oko-
systeme. Es fallen groRe Mengen gefdahrlicher Abfdlle und Riickstande wie die Frei-
setzung radioaktiver Elemente und Schwermetalle sowie Silikate und Laugungsche-
mikalien an. Die Ausbreitung von Stauben giftiger Substanzen durch Wind und
Schutt gelangt ins Odland und ins Grundwasser. Da es bisher noch keine befriedi-
gende Losung zur Substitution der Seltenerdmetalle gibt, ware eine Kombination

langlebiger IKT-Geradte mit nutzerfreundlichem Service wie Wartung und Reparatur
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denkbar. Dies kdnnte auch zu einer Anderung im Konsumentenverhalten und somit
zu einer langeren Nutzung der Gerate fiihren. Nicht zuletzt sind globale Investitio-
nen in die Forschung zur Entwicklung 6kologischerer Abbau- und Gewinnungs- so-

wie Recycling- und Substitutionsverfahren notwendig.
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Abstract: In manufacturing companies, especially in SMEs, the optimization of processes in terms
of resource consumption, waste minimization, and pollutant emissions is becoming increasingly
important. Another important driver is digitalization and the assodated increase in the volume
of data. These data, from a multitude of devices and systems, offer enormous potential, which

increases the need for intelligent, dynamic analysis models even in smaller companies. This article

presents the results of an investigation into whether and to what extent machine learning processes
can contribute to optimizing energy consumption and reducing incorrectly produced plastic parts in
plastic processing SMEs. For this purpose, the machine data were recorded in a plastics-producing

company for the automotive industry and analyzed with regard to the material and energy flows.

Machine learning methods were used 1o train these data in order Lo uncover oplimization potential.
Another problem that was addressed in the project was the analysis of manufacturing processes

characterized by strong non-linearities and time-invariant behavior with Big Data methods and

self-learning controls. Machine learning is suitable for this if suff

nt training data are available.

Due to the high material throughput in the production of the SMEs’ plastic parts, these requirements
for the development of suitable learning methods were met. In response to the increasing importance
of current information technologies in industrial production processes, the project aimed to use these
technologies for sustainable digitalization in order to reduce the industry’s environmental impact
and increase efficiency.

Keywords: machine learning; artificial intelligence; reduction of emissions and material; energy

saving; sustainability

1. Introduction

In these times of industrialization and digitalization, it is becoming increasingly
important to build a sustainable economy. The CO; balance of companies plays a major
role in this. A further challenge is the environmental pollution caused by plastics, which
many industrial companies use and therefore have to eliminate.

I'he challenges in building a sustainable economy are complex. They require appro-
priate solutions. One field of information technology is discussed particularly frequently:
Artificial Intelligence, and Machine Learning. While large companies have entire de-
partments for the development and implementation of machine learning, small- and
medium-sized companies are hesitant to enter this field. SMEs face some challenges in the
field of digitalization. SMEs perceive digitization as complex and expensive and in some
cases do not see the necessity. In contrast to large companies, failed attempts can quickly
lead to financial and personnel difficulties in small companies. The study “Potentials of
artificial intelligence in the manufacturing industry in Germany”, commissioned by the
Federal Ministry of Economics and Energy, came to the conclusion that a lack of internal
competence in the manufacturing industry is one of the biggest obstacles to the use of Al
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technologies. Only 15% of SMEs in Germany use Al in their respective value-added stages
to date. The degree of automation of process control based on Al is also still extremely
low [1]. The professional qualifications of employees in the field of artificial intelligence
are also only moderately developed. The University of Saarland studied 200 SMEs in
8 EU countries and found that at the present time only 15% of the companies enable their
employees to acquire Al-relevant qualifications. The survey of the companies revealed that
only 19% use Alapplications in their companies [2]. A study by KIW Research even found
a value of only 5% in 2020 for the use of Al applications in SMEs [3].

This paper describes the development of a prototype to monitor and optimize waste
minimization and energy savings in an SME in the plastics industry using machine learning.

Artificial intelligence is a combination of engineering science and cognitive science.
The goal is to translate human performance and perception in terms of cognitive abilities
into a technical system. Thus, applications for problem cases are to be developed that
could previously only be solved by human actions [4]. The basic requirements for research
with Al are thus an understanding of algorithms, data structures, and combinatorics,
which makes Al part of the field of theoretical computer science [5] and statistics. As a
sub-item of Al, machine learning is one of the most advanced methods of data analysis and
data processing [6]. The connection between computer (machine) and human (learning)
already implies the basic idea of technology: to learn and predict by analogy with the
brain. Machine learning has the goal of learning from data, creating a model, and using
this model to make predictions [7]. One of the main applications of machine learning is
the creation of adaptive systems and the generation of knowledge from large amounts of
data to create a picture of reality [8] and to enable the system to solve problems on its own.
Machine learning distinguishes 3 methods: Supervised learning, empowered learning, and
unsupervised learning. In supervised learning, a model is created using trained data sets.
Encouraging learning serves to develop a system that improves through interaction with
its environment. Unsupervised learning is supposed to find patterns without being given
precise guidelines. The choice of the learning procedure is based on the scenario and the
problem [9].

Unsupervised learning processes data without labels. In this case, however, the entries
are already categorized. This ignores information that is already known, which means
that an inaccurate result is to be expected. In addition, the goal is already clearly defined:
reducing misproduction and lowering energy consumption. A clustering analysis could
possibly form groups that have similar properties but which do not contribute to answering
the research question. With appropriate interpretation, it might be possible to obtain results,
but by incorporating all the available information, especially the labels, the other types
of machine learning promise more success. The application of reinforcement learning is
one possible way to deliver results. However, one basic requirement was not met for this:
interaction with the environment. In this project, already collected data was available. To
use this method, the algorithm had to make direct changes to the machine by adjusting the
parameters with the results [10]. Even if promising results could be obtained in theory, the
financial effort is too high in comparison to the possible potential savings from the research
findings. The prerequisites for supervised learning are fully met in this case.

Pre-marked data are available and it is defined how this information is to be ana-
lyzed and optimized. Based on this, models can be created and checked for accuracy.
Consequently, the method of supervised learning was used.

2. Materials and Methods
2.1. Data Exploration and Data Validation

For the prototype development, the data of 4 different machines of a production plant
with a total number of more than 60 machines were evaluated. The data were not only
collected and trained offline, but also during ongoing production operations. In addition,
indirect factors (e.g., maintenance intervals, mechanical faults) were also taken into account.
The data were collected via OPC interfaces developed in the project and protocols of the
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15O standard-defined Modbus RTU. This required a systematic configuration of the IT
department. These data are collected in a SQL database. In the first step, the data are
viewed and pre-processed. After selecting a suitable machine learning algorithm, a model
is generated and analyzed. Approximately 800,000 data sets are considered over a data
acquisition period of 4 months. In the first step, the dataset is examined and the required
parameters are selected.

Data without information gain are removed from the calculation to increase the
calculation time of the model. In this case, these are the attributes tool, material and
program. On the whole, the data can be used for machine learning, but the interruptions in
the data acquisition lead to an increased effort in filtering and preparing the data. Table 1
contains the recorded machine parameters, which are collected in the database.

Table 1. Description of the database columns.

Description of Database Columns

Date and time of shot

Unique identifier of DB

Name of the machine

Applied tool

Program name used during operation

Applied thermoplastic material

Quality per shot, 1: error-free piece 3: erroneous piece
Shots since program restart

Duration of production of the piece

Compensating mass for contraction on cooling of the piece
I'he proces witched over from this volume value (repressing)
Pressure for repressing

Maximum pressure of the process

Duration of filling in the mold

Duration of the melting process for the next process
Heating zones for granulate melting

Control of the temperature of the tool

Water temperature to control the tool heating circuit
Cumulative pressure over time

Energy meter reading of the corresponding machine

Figure | shows an overview of the available data per machine and parameter. Black
markings stand for existing entries, and white markings symbolize data not entered. In the
upper bar are the parameters, on the left are the corresponding machine designations, and
on the right the number of data per machine. As you can see, all machines have completely
white entries for some attributes. These are not missing data; rather, due to the different
construction methods these measured values are not collected; for example, the cylinder
heating zone does not exist. In general, a complete data set is available. Noticeable are the
gaps in cylinder heating zone_K2_(3,4,5]) for machine M69. Due to the coherent, missing
data, it can be assumed that in this case the production of the machine was changed over,
where these areas are not used.
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ME4 168.217
M7 247.052
M68 86.203

Mes 275.286

FEPA5a-

Figure 1. Data amount per machine.

2.2. Selection of the Appropriate Learning Method

At this point, the appropriate learning method for the goals of reducing error pro-
duction and lowering energy consumption should now be determined. Unsupervised
learning processes data without labels. In this case, however, the entries are already catego-
rized. This means that information already known is ignored, which leads to an inaccurate
result. Furthermore, the targets are already clearly defined. A clustering analysis could
possibly form groups that have similar characteristics but do not contribute to answering
the research questions. The application of reinforcement learning is one possible way to
deliver results. However, a basic prerequisite for this is not given: interaction with the
environment. Data already collected in the project are available. To use this method, the
algorithm would have to make direct changes to the machine and use the results to adjust
the parameters. The prerequisites for supervised learning are completely fulfilled in this
case: pre-labelled data exist and they are defined by the way this information should
be analyzed and optimized. Based on this data, models can be created and checked for
accuracy. Consequently, the method of supervised learning is used.

2.3. Selection of the Appropriate Algorithm

Before individual algorithms are evaluated, the requirements must first be described.
With about 600,000 complete data sets, there is a large amount of information that has
to be processed. No assumptions can be made about the model; therefore, non-linear
relationships should also be recognized when creating it. The problem requires that a
method not only makes correct predictions, but is also interpretable and can explain the
reasons why a decision is made. In the best case, the model should be created in as shorta
time as possible, since the analysis period is limited and costly calculations over several
davys can quickly impede the completion of tasks. The objective includes the explanation
of quality in the form of a discrete classification, as well as a continuous estimation in the
form of a regression for energy consumption. Optimally, the algorithm should be able to
handle both types in order to reduce the development effort. In addition, a low risk of
over-adaptation would be advantageous in order to obtain a general model.

2.3.1. Support Vector Machines

Support Vector Machines are able to perform both linear and non-linear classifica-
tions [11]. Furthermore, a regression and a classification are carried out [12]. The clas-
sifiers are only described by their support vector and are therefore less susceptible to
over-customization. However, the kernel functions have this property, and therefore the
problem is shifted from the hyper parameters to the kernel selection [13]. Furthermore,
S5VMSs do not scale precisely enough for large data sets, because they are designed for
smaller quantities. The reason for the decision not to use this algorithm for this work is its
limited interpretability [14].
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2.3.2. Artificial Neural Networks

Artificial neural networks are very promising. A large amount of data is even a basic
requirement for this algorithm. In addition, a complex model can be created, and thus non-
linear relationships can be mapped [15]. Neural networks can be used to represent both
classifications and regressions. For satisfactory functioning, however, a large number of
hyper parameters must be determined, which indicate how the basic structure of the neural
network is constructed [16]. Compared to other machine learning algorithms, training the
neural network requires significantly more computational effort [17].

23.3. Random Forest Algorithm

I'he Random Forest Algorithm offers the possibility to map a large number of data
sets and parameters in one model [18]. What distinguishes its interpretability from other
methods is its insight into the decisions that take place in the individual trees [19]. For a
more comprehensive explanation, Random Forest is also supported by the LIME algorithm.
Another specific feature is a low level of pre-processing. Data can be used directly without
standardization or normalization. The algorithm is also robust against missing data.
However, one of the greatest strengths is its tolerance for overfitting [20]. Due to the
random selection of data sets, this circumstance only occurs in rare cases. The models work
for both regression and classification [21]. Both the random forest and the neural networks
are applicable to the present scenario. Considering its speed of model generation and its
easier insight into the decision criteria for classifications, the random forest algorithm is
therefore used.

2.4, Implementation

After selecting the machine learning algorithm, the implementation now follows. In
the following, the influence of the parameters on the quality is examined first. In the
database, a faultlessly produced plastic part is stored with 1, and an incorrect part with 3.
For the random forest algorithm, there are therefore two labels to be classified: “quality
good” and “quality bad”. For this purpose, the quality column is stored in isolation in a
variable after the database has been read in.

241, l’repmceqqmg

I'he first step is to consider which parameters should be excluded from the analysis.
The shot_ID is a unique identifier of the database and does not contain any information of
the machine. Excluding this column prevents the algorithm from remembering individual
data records based on the ID. The logged time and date in the Machine_Timestamp column
behave similarly. The size Shot_after_Restart derived from the Shot_ID is also neglected.
These parameters are not useful for later statements about changes in machine settings.
The Program, Tool, and Material columns contain only one value for each machine, which
makes them superfluous. This also applies to all data fields that contain zeros.

2.4.2. Setup of Random Forest

In the next step the data set is divided into training and test data. As test data size,
25% is chosen. The algorithm divides the data randomly. Random numbers are usually
generated by a deterministic algorithm. These are called pseudo-random numbers because,
although they are statistical, they are not actually random due to their predictability.
By knowing one generated number in sequence, all other values can be calculated [22].
Every generator needs a starting value, the so-called seed, which is set together with the
random variable in this case. Predictability is advantageous in this environment because
it guarantees that the same subdivision is made every time the program is started. Thus,
later hy per parameter adjustments are comparable. Otherwise, changes in the result could
also be due to the fact that other subdivisions have taken place. Now, the hyper parameters
for the Random Forest Algorithm are created. For the first run, default values are used to
verify the function of the script. Then, the model with the training data is created using the
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fit method according to the algorithm from the theory part. Then, the algorithm predicts
the labels of the test data. The accuracy score function compares the prediction with the
correct results and returns the percentage detection rate.

In the next step, the model must be adapted for optimal detection. For this purpose,
it is first of all necessary to find out which is a suitable evaluation method for a good
model. The result from the last section calculated in Figure 2 is 99.2%. This represents the
percentage of correctly classilied parts. At first glance, this figure seems to be a good result.
However, the value depends on the distribution of input data. In this case, the proportion
of good parts is 98.4%. An algorithm that always predicts a good part would therefore
have a classification accuracy of 98.4%. The aim is to reduce the number of faulty parts and
their causes. Therefore, a good representation of bad parts in the random forest model is a
high priority. For this purpose the confusion matrix is consulted. This describes how many
good parts and how many bad parts are correctly identified.

Prediction probabilities Gut Schlecht
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st 10<)
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e
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Figure 2. Explanation from LIME.

With this detailed insight into the result of the model, better statements about its
quality can be made. While the good parts were detected almost 100% correctly, the bad
parts are not vet within an acceptable range, with a detection rate of about 71%. A target of
90% is aimed for. Within this range it can be assumed that no overfitting has taken place
and the model has generalized the data sets. The number of data sets (about 42,000) is the
chosen 25% test portion of the total measured data, this can be seen in Table 2.

Table 2. Classification in dependency of the labels.

Error-Free Pieces Erroneous Pieces
Classification: Error-free pieces 41.510 188
Classification: Erroneous pieces 9 471

In further experiments, some hyper parameters will be adjusted for test purposes.
If the number of trees is increased to 150, the detection rate even drops to 72% for bad
parts, while good parts continue to be correctly classified at almost 100%. Increasing
the tree depth from 6 to 10 with otherwise identical parameters results in a classification
rate of 41,510/41,519 (approx. 100%) for good parts and 596,711 (83.4%) for bad parts.
This indicates an increase. With the increased depth, however, indirect storage of the
data records is more likely. A tree with as many leaves as records could have a separate
Create_path. Another test evaluates the under sampling: Up to now, the ratio between
error-free and error-prone data was about 99:1. However, a composition of 50:50 would be
optimal. Therefore, in this test all bad parts are used and the same number of good parts
are randomly read from the database, see this in Table 3. With this balanced data set, the
Random Forest Model is again used with the parameters:

e min samples_leaf: 3;
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. n_estimators: 100;

¢ min_samples_split: 10;
¢ max_features: sqrt;

e max depth: 6;

e max leaf nodes: None.

Table 3. Classification rate with balanced dataset.

Error-Free Pieces Erroneous Pieces
Classification: Error-free pieces 656 3
Classification: Erroneous pieces 3 655

Now;, the classification rate is very high in both parts. It can be assumed that overlitting
is taking place.

24.3. Selection of the Optimal Hyper Parameters

After randomly testing some hy perparameter combinations, a method is developed
to determine the optimal hvperparameter in a structured way. Since each parameter combi-
nation takes about 5 min, batch processing is implemented to test different arrangements.
For the program of the batch, the following parameters are permuted in all combinations:
balanced_dataset = [ True, False];
machine_options = ['M64', "M67’, ‘M68’, ‘M69'];
min_samples_leaf_options = [3, 5, 7, 10, 30, 50];
n_estimators_options = [10, 30, 50, 100];
min_samples_split_options = [5, 10, 20, 30, 50];
max_depth_options = [3, 4,5, 10];
max_leaf_nodes_options = [unlimited, 2, 5, 10].

T'his gives a total of 15,360 results, which are stored in the database. The detection
rates of the good and bad parts are entered as absolute and percentage values, as well
as the selection of the hyper parameters. Due to the precalculations, the results of the
hyperparameter combination can now be outputimmediately. For this purpose, a graphical
tool is created in which the suitable parameters are selected by mouse click and the results
from the database can be displayed. With this tool, the hyper parameters can now be
determined in such a way that the recognition for good and bad parts is about 90%.

24.4. Analysis of the Model

Now, a model exists which can classify data sets with a high probability. However,
the desired research result is more complex. Thus, not only an answer for a single data set
should be provided, but also an explanation of the model. [t should give an exact indication
of the area in which the best performance of the machines is achieved, so that waste is
reduced, less plastic is produced, and less CO; emissions are produced.

For this purpose, the local Brutforce method is used with the LIME [23] explanation
algorithm developed by Ribeiro, Singh, and Guestrin. The tool was written in Python
and R, and stands for Local Interpretable Model-Agnostic Explanations. LIME is used
to generate the explanation of the prediction of any classifier or regressor based on text,
tables or images in machine learning, thereby making an approximate understanding of
complex models possible. LIME is based on finding independent explanations locally and
for each instance, and on fitting simple models locally to the predictions of the complex
model. These simplified models make the complex data model interpretable. Instead of
trying to create a global model, this method can provide explanations for the environment
of a particular data set. For this purpose, the method generates random samples in the
environment at equal intervals and weights them according to their distance from the
original point. From this, the algorithm delivers a linear explanatory model. This can be
displayed graphically for visualization.
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On the left are the predictions of the random forest, on the right are the values that
the individual parameters have, and the middle shows the explanations of LIME. This
result can be used to analyze the decisions for a single data set. However, it is not yet
possible to derive and formulate a general statement. The next step is therefore to provide
an explanation for each test data set. In the first iteration, occurrences of the display
formats specified in the above list are counted and evaluated. Since the generation of the
explanations may take some time and memory errors may occur, the results are stored
temporarily in a file. For reproducibility and dynamic processing, the hyper parameters,
the machine, the LIME parameters, and the generation date are stored in the first line of the
file in addition to the explanations. For this purpose, a dictionary is added to the Explainer
class as a parameter. For the first test, however, only the most important labels are included.
In the next step these are to be grouped and plotted. The search is performed using regular
expressions and the required parameter values are extracted. In a dictionary, the arranged
value ranges are counted and sorted. Now, more precise statements can be made.

Firstof all, it is noticeable that considerably more bad than good parts are listed in a
diagram. The reason for this is the diagram’s sorting according to importance. As described
above, only the four most important labels for each data set are included in the evaluation.
Thus, it can be interpreted that the injection time is less important for the classification of a
faultless production than for a classification of a faulty part. Looking at the relative sizes of
the graph within a classification, the result is that the good quality between (.31 and (.36 is
a clear maximum. Conversely, a significant drop can be seen at this point with poor quality,
whereas outside this area there is a high rate.

2.5. Adapting to Energy Analysis

Now, this procedure is transferred to the energy analysis. In addition to the pre-
processing of the data, further aspects must be taken into account in the energy analysis.
['he absolute value of the energy meter is stored in the database after completion of a
product. However, the variable to be analyzed is the energy consumption per plastic part
produced. For this purpose, the difference of two data sets following each other in time is
formed. For a first plausibility check, the energy consumption per time thus obtained is
plotted in Figure 3.

Energy consamption Wih
120,000

100,000 |

S0/i00 | A

L

- nyisiae.

M: | “LMLL ‘-.r m’h 1 JL.I.JULLM L.JLJM[ #fm!:luﬁ .ILI
L - . . z = ®

kY s & e o+ Drate

o £ G o7 L o £
o L & o ) ) o L
..Q\, 1“\' 10‘ P e 10\’ 1“‘ ,@'\. “Lﬁ\
Figure 3. Energy consumption over time for machine 4.

It is obvious that further data filtering must take place. On closer inspection, it is
noticeable that the peaks always occur after periods of time in which no data are available.
From this it can be concluded that at these points in time, the complete recording of all parts
was interrupted. The consequence in the calculation is that for the first part after a longer
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break, the energy which was used for all parts in the interruption period is calculated. Two
possible causes for the gaps in the data sets are connection problems in the infrastructure or
the crash of the data acquisition script. The data records contain the cycle time information,
which describes how long the machine needs to produce a part. The average cycle time for
Machine 4 is 22.83 s. This time can be selected as an indicator for missing data records. A
threshold value of 60 s between two data sets is defined. If the time difference is greater
than this, the respective data set is ignored for the energy analysis. This already gives a
more conclusive picture. There are also energy differences of 0 Wh, which are also excluded
from the analysis for plausibility reasons. In addition, one is only interested in those
production runs in which a proper plastic part was produced. Data sets with quality =3
are therefore not taken into account.

lechnical Implementation

Since the data acquisition is interrupted at some points, a time difference between
two data sets must be created for the check. When working with databases, data integrity
should be maintained at all times. This means that the time difference is not added to the
table production log of the machines, but the separate table energy difference is created,
with a reference to the ID in the production log. This has the advantage that in the case
of errors, the original data in the production log remain unchanged, and changes can be
undone by resetting the energy difference. [n the first step, after connecting to the database,
an empty array is initiated, which has the length of the data to be written. Since for the
difference two consecutive values are always required, the first entry in the array must be
initiated with a placeholder for an invalid value. In this case the common —1 is used. A
missing hour in the data is conspicuous—followed by an apparently double data series,
whose energy counter rises and falls. The reason for this is the time changeover on 31
March. The problem is solved by sorting by shot_ID. In general, it is noticeable that the
energy series is largely constant. The noise in the signal can be attributed to the sensor’s
accuracy of 10 Wh. This has the consequence that the values alternate between two to three
steps of 10. Some peaks are visible, but these are probably due to missing measurement
data that the filtering from the previous section could not capture. At machine 1, on 17 May
2019, at 13:12, the energy consumption suddenly increases from about 170 Wh to 250 Wh.
For analysis with Machine Learning, this device is most promising due to this significant
difference, and can be used as a validator of the later algorithm. Figure 4 shows the energy
consumption per plastic part over time.

From the basic structure, the algorithm of energy analysis is close to that of quality
analysis. A model is created, which is interpreted with LIME, and finally, plotted. The only
difference is in the labels: While the discrete values 1 and 3 were present for the quality
analysis, a continuous range is possible for the energy analysis. This changes the evaluation
of the hy per parameters used. When analyzing quality, a binary statement existed: correct
or incorrect classification. This method could also be used for continuous values. However,
to evaluate these as incorrect with minimal deviations from the original value leads toa
seemingly bad algorithm in many data sets. A better evaluation is therefore to consider the
relative deviation. This also improves the interpretation of individual predictions. It can be
said not only whether a forecast is incorrect, but also how incorrect the forecast is. This
also leads to the fact that—in contrast to the evaluation of quality—there is no unbalanced
data set. Therefore, all entries for the machine can be used. Errors in production can lead
to increased energy consumption. Therefore, only those data sets describing a faultless
plastic part were considered in the energy analysis. In the next step, the hyper parameter
combinations are tested again and finally the best Configuration is selected. Table 4 shows
the optimal values for each machine.
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Table 4. Selected hyper parameters per machine.

Parameter M1 M2 M3 M4
min_samples_leaf 100 80 200 100
n_estimators 20 70 50 40
min_samples_split 1000 so0 1100 Q00
max_depth 3 3 [} 4
max_leaf_nodes 20 30 30 20

Figure 5 shows the project procedure as an overview.

Prototype to Optimize Waste Minimization and Enargy using Machine Learning

Data Collestion

Selection of the Appropnars Maching Leamning Algonthm
SRR EST

Iplementation

Evalustion and Dedvo Recommendations for Action

Figure 5. Project procedure.
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3. Results
3.1. Interpretation of the Diagrams

When viewing the diagrams, different types of curves can be grouped together. During
processing with LIME, premature filtering of the most important features was deliberately
prevented, so that it is only during interpretation that a decision has to be made as to
how relevant a feature is. As a result, a suitable selecion must be made afterwards. It
is therefore important to first consider the scale of the y-axis (probability or energy). A
relevance of at least 1% for quality and 2 Wh for energy was chosen as a prerequisite for

their respective inclusion in the evaluation. Figure ta shows, for example, a clear increase
in quality between 91.8 °C and 924 °C. However, the difference in probability (0.005) is too
small to make a sound statement. Figure 6b is similar. However, there is the additional fact
that no preferences can be determined from the curve shape. Here, a classical noise signal
is present. Even filtering through the minimum number of data sets does not produce any
improvement. With a few exceptions, only one data set per point is shown in this diagram.
QOccasionally, there are diagrams like Figure 6¢ in which very few x-values exist. Here, a
small variance can already be seen in the raw data. Possible reasons for this could be a low
resolution during data collection or a defective sensor.

Figure 6d shows the optimum case. Here, there is a relative difference of 50 Wh, the
curves show a clear trend for optimum spray pressure above 740 mbar, and the noise
of the values is very low. Another consideration should be taken into account when
assessing the importance: In some diagrams the values are permanently below zero, thus
always contributing to a bad part classification. This could lead to the conclusion that
the feature is irrelevant, since no value contributes to good part detection. However, the
relative value of two references is always decisive. Based on the diagrams, the results
are presented for each machine. The results are read from the remaining diagrams with
significant significance. For each characleristic, a recommendation is made as to which are
the optimum machine settings. In addition, the size of the influence for classification into
a good part is indicated. For the difference in relevance, the range between the smallest
and largest value is shown (Figure 7a). The diagrams can be divided into three categories:

Some charts cannot be classified into an optimal range. However, it is clearly visible at
which points the result deteriorates. Therefore, the recommendation is given as a range
above this range (Figure 7b). On the other hand, there is a peak in the diagram that canbe
clearly read (Figure 7c). There are also cases where noticeable peaks can be seen in two
places (Figure 7d).
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2. Recommended Actions for the Machine Settings
3.2.1. Machine 1

For machine 1, a large amount of data was collected, with about 168,000 entries.
The high ratio of 1.6% bad parts is important for the evaluation of the quality of the
advantageous parts, see this in Table 5. Detailed results can therefore be expected. The
same applies to the consideration of energy. In contrast to other machines, there was a
jump here, which should lead to a good classification.

Table 5. Recommendation for quality.

Feature Recommendation Relevance Difference (Probability)

Duration of the melting process for the 575 0.02
next process

Duration of filling in the mold 034s<x<0.35s 0.29

Maximum pressure of the process 685 mbar < x 0.04

Pressure for repressing 685 mbar < x .06

TI'he process is swilched over from this B B e i B 0.04
volume value

Duration of production of the piece x>3142s 0.15

Heating zones for granulate melting 1 190°C or 204 °C 0.14

Heating zones for granulate melting 2 2195 °C<x <220.3°C or x=224.5°C 0.39

Heating zones for granulate melting 3 2045°C 0.05

Especially clear maxima can be calculated in the quality analysis for the characteristics’
duration of filling in the mold and cylinder heating zone_1. With 29% and 39%, there is a
considerable predictable reduction in the number of parts produced in error. Clear patterns
have been established for energy. The highest optimization is used for the characteristic
_maximum_ energy. Furthermore, there are savings of 25 Wh possible for injection time
and 15.5 Wh for switch-over injection pressure. Under the assumption that the values
influence each other, an overall estimate with 60 Wh/part is a very conservative forecast,
which in practice can be significantly higher. See the recommendation for energy in Table 6.

Table 6. Recommendation for energy.

Feature Recommendation Energy Difference (Wh)
Duration of the melting process for the next process 5.75s 5
Duration of filling in the mold x=0.37 s 25
Compensating mass for contraction x> 3cm? 10
Maximum pressure of the process X = 742 mbar 45
Pressure for repressing X > 742 mbar 15.5
The process is switched over from this volume value x> 345 em? 13
Duration of the melting process for the next process 5.75s 5

3.2.2. Machine 2

Machine 2 has about 267,000 entries; the second largest data set of the considered
machines. During the period under consideration, a low rate of faulty production of
0.4% was achieved. With 1070 bad parts, the analysis nevertheless shows good results
are possible, see this in Table 7. The energy consumption over time shows a constant
distribution, with individual periods of reduced energy. It was therefore to be expected
that patterns for an optimization can be recognized. A clear result, as with machine 1, is
not to be expected.

59



Einsatz von kiinstlicher Intelligenz zur Prozessoptimierung und Steigerung der Ressourceneffizienz in kleinen

und mittleren Unternehmen

Sustainability 2021, 13, 6800 16 of 20
Table 7. Recommendation for quality.
Feature Recommendation Relevance Difference (Probability)
Duration of the melting process for the next process 515s 0.03
Compensating mass for contraction on cooling 84 cm? (.04
Pressure for repressing x> 7112 mbar 0.02
Control of the temperature of the tool 79.5°C 0.09

Heating zones for gran
Heating zones for gran

Heating zones for gran

Heating zones for

ulate melting 1 2671°C<x<69.3°C 0.08
ulate melting 2 x > 2742 °C (.08
ulate melting 3 x > 279.2 °C 0.02

granulate melting 4 285 °C 0.12

Duration of the melting process for the next process 5.15s (.03

I'he evaluation of quality shows several possibilities for improvement, which are
between 8% and 12%. The cylinder heating zones are particularly present. The mold
heating circuit shows a clear maximum at 79.5 °C, at which point the probability is 9%
higher than the minimum. For energy optimization, there is only a significant difference
in the switching volume (10 Wh). Nevertheless, the results of all characteristics allow a
saving of 20 Wh/ part forecast. See this recommendation for energy in Table 8.

Table 8. Recommendation for energy.

Feature Recommendation Energy Difference [Wh]
Pressure over ime x> 870 mbar/s 3
Compensating mass for contraction on cooling x> 11 am? 5
The process is switched over from this volume value x <22 cm3 10
Healting zones for granulate melting x>275°C 2

3.2.3. Machine 3

Machine 3 has the smallest amount of information, with about 86,000 data records. In
addition, less than 1000 data were classified as bad parts. In terms of energy consumption
over time, the scatter of values is minimal on this machine, and therefore, expectations
regarding the results are low. With regard to energy, only correlations with the cycle time
were detected, and this is 2.5 Wh at a low level. No savings are therefore made in terms
of energy consumption, as predicted by changed attitudes. The situation is different for

quality. There, a clear peak can be seen in the mold heating circuit, which shows a difference
of 20% for the quality prognosis, check Table 9.

Table 9. Recommendation for quality.

T Rel Diff
Feature Recommendation cevance uterence

(Probability)
Duration of filling in the mold 0.08
Control of the temperature of the tool 0.2
Heating zones for granulate melting 1 0.08

With 8% in each case, the change of the injection time and, for the cylinder heating
zone_1, a reduction in the number of missing parts can be predicted. All in all, there is
little potential for optimization in practical tests on machine 3, see Table 10 for the recom-
mendation for energy. Few data have their origin in the lower production, compared to the
other machines. This means that this device, anyway, is less relevant for the total savings.
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Table 10. Recommendation for energy.

Feature Recommendation Energy Difference [Wh]

Duration of production of the piece x>335s 25

3.2.4. Machine 4

For machine 4, the most entries in the database are available, with about 275,000. The
high rate of missing parts of 1.6% provides a good data basis for the patterns behind the
good and bad quality classifications. The energy consumption over time shows a constant
straight line, which, however, reduces energy consumption section by section. In the results
for quality, the cylinder heating zones, with values between 8% and 18%, have a significant
impact, see Table 11.

Table 11. Recommendation for quality.

Feature Recommendation Relevance Difference (Probability)

Duration of the melting process for the next process 526s 0.05
Compensaling mass for contraction on cooling 6.1 <x < 6.6 cm® 0.15
Water temperature to control the tool heating circuit 25 8°E 0.03
Heating zones for granulate melting 1 x> 2433 °C 0.18
Heating zones for granulate melting 2 2441°C 0.1
Heating zones for granulate melting 3 245.6°C 0.08
Duration of the melting process for the next process 526s 0.05

The mass cushion shows a large noise component in the diagram. [n the recommended
range between 6.1 em® and 6.6 em®, however, a clear straight line and an improved
probability for good parts can be found. With regard to energy consumption, there are
two characteristics that influence energy: the tool heating circuit and the cycle time. In
both cases there is a point where the energy level drops rapidly. If the machine settings are
adjusted accordingly, energy savings of 10 Wh/part can be expected, see Table 12.

Table 12. Recommendation for energy.

Feature Recommendation Energy Difference (Wh)
Control of the temperature of the tool 210 °C 8
Duration of production of the piece x>228s 9

In terms of quality, it is often the characteristics that control the temperature that
are decisive. The cylinder heating zone in particular has an influence on the quality of
every machine without exception. When looking at the origin of the data, a correlation
is conclusive: If the granulate is not at the right temperature for the plastic, it may dry
too quickly or too slowly. If the produced part falls out of the injection mold into the
output, deformations can occur afterwards if the heat is too high, which can damage the
product. If the temperature is too low, the liquefied granulate may be too tough and may
not fill the mold completely, which also leads to rejection. In terms of energy, no similarities
between the machines can be seen. The analysis must therefore be carried out again for each
machine. Nevertheless, significant differences in some of its characteristics are evident.

For energy savings, the measurement period is 112 days. This value is interpolated to
12 months in order to make statements about energy savings per vear, see lable 13.
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Table 13. Prediction of energy savings per machine.

Polential Savings Produced Pieces Interpolated Energy Saving
Energy per Piece (Wh)  in Measuring Period for a Year per Year (kWH)
M1 6l 168,917 550,458 44 33,029.31
M2 20 247,052 805,124.82 16,102.5
M3 0 86,203 280,929.42 0
M4 10 275,286 897,137 41 8971.37

58,103.18

In total, for the four machines, savings of about 58,100 kWh are predicted. Based on
the Federal Environment Agency’s recommendations, a value of 474 g CO, per kWh is
assumed for CO; reduction. This results in a potential reduction of 27,540 kg CO, per year
for the four machines.

4. Discussion

By using the Random Forest Algorithm, the information could be used efficiently and
precisely to create a model. With the help of the LIME method, diagrams were created
from which patterns could be interpreted. The resulting findings provide answers to the
research questions: Machine learning methods can show that the individual parameters of
the machines influence quality and energy consumption. The potential electricity reduction
i5 27,540 kg CO, per year for the four machines under consideration. The next step is to
test the results obtained on the machines and verify their effects in practical use. This
procedure is of elementary importance. The collected data only represent a section of the
real environment, both in the spatial and temporal components. A correlation between
two parameters gives only an indication, but cannot provide a basis for proof between
cause and effect. An interesting investigation for future work is a global approach, where
the individual machines are not considered, but their entirety. For example, external
influences such as temperature fluctuations in the production hall could be detected,
and new optimization possibilities could be found. On the software side, there are also
approaches that can still be pursued. For example, the application of a neural network could
lead to further results. For the interpretation of the models, it has to be evaluated whether
other methods can be used to achieve more meaningfulness. Presently, the parameters are
independent of each other. A multi-dimensional view, which analyses combinations of
settings, has the potential to reveal further energy savings. However, current work shows
that the use of machine learning in SMEs can provide hidden avenues for energy savings
and a reduction in faulty production.

5. Conclusions

In the plastics processing company studied, several scenarios are conceivable for
the further expansion of digitalization. If the material flow management system and the
necessary data sources cover the entire operation, various possibilities will be created.
It is conceivable that through the entire intelligent monitoring of the production cycle,
further potential optimization opportunities can be found in the areas of resource efficiency,
machine utilization, and the use of operating resources. Opportunities for savings and
optimization potential can also be assumed outside of production. One area that could
be worthwhile is material procurement: Procurement can be optimized by predicting the
required raw materials in combination with a market analysis. Maintenance intervals
and necessary repairs can also be better planned and carried out at an early stage before
damage occurs. Likewise, logistics (fuel or electricity costs) and production (utilization
of machines or planning of personnel, etc.) can lead to higher efficiency. With regard
to the operational environmental area, it will be important to substitute and allocate
resources, or, alternatively, to avoid them and to find and use new savings avenues.
Machine learning can play a key role here, as it is very applicable to the data requirements
of the environmental sector—large, heterogeneous data volumes, different formats and
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sources. Conceivable scenarios range from the analysis and prediction of environmental
data during operations and the resulting control and monitoring of production, to self-
learning production processes. Machine learning is a forward-looking technology and is
currently also gaining ground in the environmental sector. However, digitalization presents
SMEs with a number of challenges. More than half of all businesses see themselves as
laggards in this area [24]. SMEs perceive digitalization as complex and expensive and in
some cases do not see the need for it. Likewise, in most companies, the human resources
required for implementation are not available. In contrast to large companies, failed
attempts in small firms can also quickly lead to financial difficulties [25]. At this point in
time, it can be concluded that digitalization and especially the use of artificial intelligence
in SMEs is still too uncertain and that they are largely clinging to their old structures.
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Abstract Due to the highly dynamic development processes ol manufacturing
companies (economic, demographic, sociological. ecological-biological processes).
there are high requirements to find scientific answers to environmentally specific
questions, considering the profitability and ensuring ongoing operation, and to inte-
grate the developed models to improve the efficiency ol the use o' materials for energy
reduction into the process [low. Decision-making 1s thus hampered on the one hand
by the achievement ol solutions in shortened innovation and production cycles and on
the other hand by the complexity of the systems and processes ol the environmen tal
sector. Furthermore, there are often organizational obstacles and personnel diflicul-
ties in the introduction of intelligent algorithms in SMEs. This article describes the
conception and development of an artilicial neural network for the optimization of
production processes regarding the reduction ol energy under the aspect ol quality
assurance [or manufacturing SMEs. It describes the development and implementa-
tion of the model for the analysis and adaptation ol parameter settings (o machines
in the production process. which determines the ideal conliguration to reduce energy
consumption and mmprove quality. In the test of the model on four machines ol a
plastic-producing SME, it was proven that a total annual energy saving ol 50,000
kWh can be achieved.
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1 Introduction

The increase 1n resource efficiency in SMEs 1s primarily based on economic goals.
The vse ol energy and materials is a decisive cost factor. In addition. there are political
requirements regarding certification and environmental declarations. The regulations
of European climate policy are increasing the pressure on competitiveness. especially
in international comparisons. Based on the gross production value of [00%, the
material costs in the manufacturing industry alone are 42% (Statistisches Bundesamt
2019).

Even though energy costs have been consistently around 2% for years. the manu-
facturing industry has a very high primary energy consumption of around 3.874 PJ
in 2019-2020 ( Statistisches Bundesamt 202 1).

However, since the material costs from the company’s point of view relate o the
entire value chain—including the purchase of precursors and semi-finished prod-
ucts—indirect energy costs are also included in the material costs. so that energy
consumption must be considered when considering material efficiency. To make
matters worse, the energy data for these products can hardly or not at all be deter-
mined. especially for imported products. In summary. it can be said that the greatest
savings polential for companies [rom an economic and ecological point of view lies
in the cost of materials [8].

Artilicial intelhgence methods are already being used by many companies [2]. In
the area of production. this is used on the one hand for predictive maintenance and
for monitoring process states. on the other hand for forecasting process results and
thus for early termination or adaptation ol processes. This is done through holistic
networking of machines with ICT, whereby a large amount of complex data can hardly
be analyzed with conventional mathematical evaluation methods, especially in the
case of multidimensional nonlinear dependencies. However, only the consideration of
different areas of the company enables a better understanding of the entire operating
processes and their overarching processes. which then leads to the development and
mmplementation of new and sustainable solutions. According to a McKinsey study. the
biggest obstacles to the implementation o’ Al in companies are the identilication of
possibilities o efficiently integrate ad measure Al processes into business processes
and to obtain the company data that is relevant for this [1]. Furthermore, SMEs lack
the appropriate specialists and financing to introduce and implement Al procedures
[10]. In the long delaying digitization will only bring disadvantages compared to the
pioneers, and there are hardly any faster ways to catch up later. SME are affected by
the performance gap between the pioneers and the laggards.

In response to the increasing importance of today’s information technologies in
industrial production processes, this paper labels the use of intelligent technolo-
gies for sustainable digitization to reduce the environmental impact of industry and
increase resource efficiency. It describes the development of a neural network for the
analysis ol the optimal machine parameters within a production process to reduce
energy consumption while improving quality. The research focus is on the reliable
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modification of the machine parameters with a dense ANN to minimize the energy
usage and maximize the number of produced good quality parts.

2 Materials and Methods

For the development ol the ANN to support the reduction of CO, emissions and
production wastes by adapting machine parameters [or use in SME, the required data
15 provided by a cooperation partner of the Berlin University ol Applied Sciences, a
plastics-producing industry. These are in a SQL database. In our model. 4 machines
with a total of 777458 data sets are considered (Table ).

The records have the following parameters (Table 2).

Schuss_1D1s the 1D of the data point and hasnorelevance [or the model. Machine is
the number of the machine. It1s used to select the relevant data points foreach model.
The parameters Integral, Prog ramm, Werkzeug, Material and Schuss_nach_Neustart
have no ellect on the model since they have the same values throughout and can be
removed. Qualitaet 15 the y-values for the quality model. and Energiezaehler and
Maschinen_Zeitstempel are the basis for the computation ol the y-values for the
energy model. The quality data mostly consists of good parts.

The other parameters can be used as the x-values for both models. All paramelters
with an asterisk (*) are part of acylinder unit. The unit always consists of different heat
zones, starting with the nozzle and ending at the piping. Some parameters can be sel
at the machines. such as Zviinderheizzone *, Umschaltvolumen®™, Temperiergeraet™
and Maximaler_Spritzdruck™®. They are independent variables since it is possible 1o
change independently at the machines. Other parameters can only be measured. such
as cycle tme, Massepolster®, Umschaltspritzdruck™, Einspritzzeit™ and Dosierzeit =,
They are dependent variables since 1t not possible to set them at the machines. One
thing to note is that the quality classification provided in the database is decided by
the producing machine based on settings conligured in the machine. For example,
it can be decided by an operator that parts which took o long fitting the form
(Einspritzzeir), are faulty by default. Consequently. when fitting the optimal config-
uration, one can only fit the quality settings on the machine, instead of fiting the
configuration for a true optimal quality.

Talde 1 Da[? sets of the Machine Number of datasets
chosen machines

Mo 168,917

Ma7 247,052

Mos 86,203

Meo 275,286
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Table 2 Parameters of data sets

Parameter Description Unit
Schuss_ID Unique identifier n'a
Maschine Machine name na
Zykluszeit Dwration of the production of part S
Massepolster® Compensation mass for contraction after cooling sown cm’®
Umschaltvolumen® Starting at this volume value the processed 1s switched cm’®
Umschaltspritzdruck® Pressure for topping up bar
Maximaler_Spritzdruck® | Maximum pressure in the process bar
Einspritzzeit™ Duration of filling the form 5
Dosierzeit™ Duration of melting process for next process 5
Zylinderheizzone® Heat zones for melting the granulate °C
Werkzeugheizkreis® Regulation of the temperature of the tools °C
Tempriergerat® Water temperature for regulation the tool heat cyele °C
Integral Cumulated pressure over ime p's
Programm Program used n'a
Werkzeug Tool used n/a
Material Plastic material used na
Schuss_nach_Neustart Number of iterations since last reboot na
Qualitaet Quality: 1 (good) until 3 (bad) na
Maschinen_Zeitstempel Date and time of production datetime
Energiezaehler Energy counter of the corresponding machine Wh

2.1 Data Preparation

Most of this work has been done in the previous phase of this project [11]. It was
provided with the database which had been created [or this task. In the first phase
of the project machine learning algorithms like random forest with LIME (Local
Interpretable Model-Agnostic Explanations) [5. 6] and brute force were developed.
It was found issues with the energy data. which is recorded in form of a running
energy count. When the production wasn’t continuous and there was more time than
usual in between the shooting ol parts, the larger energy count was attributed to
these parts. Due to this. some produced parts had large spikes in energy. This was
counteracled by discarding all data points where the period was larger than | min.
The quality data had the values 1 and 3 for good and faulty part respectively, and
the values 3 are then changed to (0. Furthermore, there were gaps in the data. 1t can
be assumed that the production was temporarily halted at those points. These data
points were discarded as well [11].
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2.2 Design of the Neural Network

The objective of this project is 1o use neural networks to achieve the goals of opli-
mizing energy usage and quality in production. It started by using a simple dense
network for respective energy and quality modelling. The energy values are provided
in the unit of Wh and can take any value. Typically for this type of output values,
regression 1s applied. The quality values however are binary, so they can be either
() (bad quality) or 1 (good guality), binary classilication is used for this model. The
predict function will return a value between 0 and 1. representing a probability of the
paramelers Lo produce a shot ol good quality parts. Since there are many more class
instances of 1, class weights are used 1o counteract this imbalance. For our model
there are 32 neurons in the first hidden layer and 64 neurons in a second hidden layer.
The complexity of the network can be gauged by trying different configurations. A
too simplistic network will not reach a sullicient performance. and a too complex
network will start overfitting on the training set too quickly.

2.3 Training of the Neural Network

The neural networks are trained using a split of the dataset. To account for most
quality values being 1. class weights are implemented. This way the model does not
jJust blindly predict all outputs to be 1. since with class weights this does not bring
about a minimum of the loss function. The hyperparameters of the models are tuned
to overfit on the dataset. and subsequently regularization and dropout are added to
achieve a better generalization. Then training is stopped now that the models start
overlitting. Those models are then the basis for the following parameter configuration
optimization, providing the predict functions for each model. In the {ollowing, the
example ol python code of classification for machine M64 is used to illustrate the
process ol modelling a neural network model. As a starting point. a batch size of
512, alearning rate ol 0.001 and 1.500 proved to provide a satisfactory classification
result. The results of the classification on the validation set are (Fig. 1)

The model output shows that the length of the validation set 1s 16,892 data points.
The numberof positive data points, 16,617, correspond to good parts; the 275 negative
data points represent the faulty parts. The number ol true negatives 1s the number of
correctly recognized faulty parts. whereas true positives 1s the number ol correctly
recognized good parts. False negatives are the parts that are good but are recognized
as [aully, and [alse positives are the faulty parts recognized as good. Since the goal
ol this model 1s to recognize faulty parts as accurately as possible to [it responsible
parameters. the objective 1s to maximize the number of correctly recognized faulty
parts, and therefore to minimize the rate of false positives. In this model, the rate is
2.9%. which represents a very good classification. Itis important toadd regularization
to make the model generalize better on unseen data.
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Fig. 1 Loss of M64 quality model 1

For that reason, in the next step regularization 1s added in the form of L2 regular-
ization on the layers and dropout between layers. The setting of the dropout rate and
L.2 regularization costs can be gauged by trying different configurations and choosing
those with the best performance. The goal is to fit a maximum regularization that
will still allow the model to learn well. Changing the batch size to 256 and epochs
to 2,000 the model starts to show a higher variance with more iterations (Fig. 2).

This can be prevented by increasing the batch size incrementally [3]. For this
model, the batch size will be doubled every 500 epochs,

As shown in Fig. 3, variance could be drastically reduced in the higher epochs
using an increased batch size. The rate of the false positives with 5.1% is much higher
than the rate of false negatives with 0.8%. Since the objective is to reduce the rate of
false positives, if necessary, at the cost of the rate of false negatives, we can alter the
class weights Lo shift the error towards [alse negatives. A factor of 4 to alter the class
weilghts showed good results for the classification rates with a rate ol [alse posilives
3.3% and [alse negatives of 2.2% (Fig. 4).
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Fig. 2 Loss of M64 quality model 2

2.4 Parameter Configuration Optimization

The goal 1s o mimimize energy usage and maximize the number ol good guality
parts. Therefore, to combine both models, the function that should be mimmized 1s
a product of the prediction of energy usage and the prediction of the shot producing
a bad quality part:

Prtd(Pene.rgy- Pqu.aljty] = pl‘t:d(pemrgy\] (1= Pl'ﬂd(qulity”

Subsequently, Hyperoptis used to find local maxima in the combined predict func-
ton. Dillerent search room functions are used (o lind different local minmima. Using
the search room functions uniform, normal, loguniform and lognormal yields four
different parameter configurations. Then each parameter configuration is analyzed
using LIME. To maximize the quality classification. we pick the parameters with the
highest influential on good quality. In the table. the most influential parameters are
listed with their normalized values. In this case. the values are within the boundaries
of 0 and 1, and the values lie in the range of previously measured values. A negative
influence would contribute o a lower energy. which is the objective, so we pick
those parameters to go forward. Again, the values are within the 0, | range and are
therefore usable. Similarly, the analyzation of the parameter influences using LIME
15 done for every one of the four conligurations found using Bayesian optimization.

Many ol the parameter values do not lie within the range 0. 1 of previously
measured data points. This means that those configurations are not usable, since the
model has minima outside of the value range, where we cannot make assumptions
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Fig. 3 Loss of M64 quality model 3

without having sufficient data in that range. It can be [ound, that only the first config-
uration found using a uniform search room function can be proceeded with (Figs. 5
and 6).

Since the objective is to find single parameter changes that improve production
mstead ol a full configuration set. the individual parameters need to be tested l[or
their influence on the predictions. This can mean that some parameters. that were
previously found to have a positive influence do not perform as well individually,
since that performance could be dependent on the values ol other variables. For this
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Fig. 5 LIME results for quality

reason, the parameters with the most positive influences are then tested on a sample
of size 1.000. The results of this test are presented (Table 3).

Some parameters perform very well, such as Zylinderheizzone 2 K1, where both
quality and energy are improved. Other parameters such as Zylinderheizzone_5_KI1,
asmall decrease in quality would be acceptable for a large energy improvement. If the
decrease in quality or energy is oo large, or both quality and energy are decreased,
the parameter does not give good results and is discarded. The following parameters
remain: Zylinderheizzone_1_K1, Zylinderheizzone_2_KI1. Zylinderheizzone_5_K|
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Fig. 6 LIME results for energy

Table 3 Quality and energy improvement on sample

Parameter Normalized value | Quality improvement | Energy improvement
(%) {(Wh)
Zylinderheizzone_1_KI1 0.93 f.65 —4.27
Zylinderheizzone_2_K1 0.97 4.87 .20
Zylinderheizzone_4_K1 0.31 —11.44 13.26
Zylinderheizzone_5_K1 .15 —1.36 48.80
Umschaltvolumen_K 1 0.43 —36.90 —55.65
Umschaltvolumen_K2 .64 —5.69 3228
Einspritzzeit_K2 .95 —4.69 —0.17
Maximaler_Spritzdruck_K2 | (.38 —~19.78 41.91

and Umschaltvolumen_K2. They are then evaluated based on how close they are o
previously measured parameter and the accuracy of the predict [unctions around
those parameters. In the following. an altered version of the standard error of the
mean 8. 1s used to combine the number of close parameters N (within a certain
radius r) and the deviation of true parameter values from predicted values x; — Xpred
nto a single metric:

where for the standard error of mean (SEM), the standard deviation & is:

1 2

3y) = ‘Jf N1 Z{ (=
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The standard deviation measures the amount of variation of a set of values with
regards to their mean. However, for this application, the aim 1s to find a metric for
the variation of the predicted values from their true values. Therefore, the average
v 1s exchanged for the respective predicted values Xpreq ;. The altered version of the
SEM consequently uses an altered version of the standard deviation. Going forward.
the altered standard error of the mean will be abbreviated ASEM.

——— N
: | I , , 2
h(}-’) = 'Il(.' m;(‘u! —.‘p'red‘f)

This metric was implemented in a function that searches within a radius of (.02,
If there are no data points within the radius, the function returns None. Otherwise, 1t
returns the number of parameters within the radius and the SEM value. As the table
of SEM values shows, all the four parameter values lie in areas where the predict
function is quite confident. These parameters performed well on a sample and lie
conlidently within previously measured values. Therefore, they are the suggested
parameters (Tables 4 and 3).

These parameters are all independent variables, and 1t 1s thereby possible to set
their values at the machines. These settings are then the recommended changes to
improve upon the performance.

Model of machine M67

The optimized quality model of M67 shows a rate ol 9.1% ol [alse positives.
Aflter optimizing the loss function using Hyperopt. the resulting configurations are

Table 4 ASEM values—quality and enerzy

Parameter SEM quality SEM energy
Zylinderheizzone_1_KI 0.0014 0.8299
Zylinderheizzone_2_KI 0.0014 0.8297
Zylinderheizzone_5_KI1 (.0050 61288
Umschaltvolumen_K2 00015 0.2813

Table 5 Recommended settings

Parameter Normalized value Recommended setting
Zylinderheizzone_1_KI 093 206.5040 °C
Zylinderheizzone_2_KI 0.97 2054400 °C
Zylinderheizzone_5_KI (.93 2053000 °C
Umschaltvolumen_K2 L64 4.4294 cm?
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explained using LIME. The parameters contributing to the quality improvement or
energy reduction are then tested on a sample of 1,000 data points. The results are
shown 1n the overview below. The sample. such as Werkzeugheizkreis 2. resulting
in an increased energy of 60 Wh. Only the well performing parameters are selected
and then, the confidence of the model is tested locally around those parameters using
the SEM score. The confidence of the model around the value for Dosierzeir K1 and
Zylinderheizzone_7_K1 is not very high and therefore these settings are discarded
(Tables 6 and 7).

Model of machine M68

The optimized quality model of M68 shows a rate ol 11.3% ol false positives. The
energy model comes o a percentual error 0of 47.75%. It was nol possible Lo train an
energy model with a lower error than 47.8% due to oo few data points for M68.
Therefore, no recommendations are possible.

Table 6 Quality and energy improvement on sample

Parameter Normalized value | Quality improvement | Epergy improvement
(%) (Wh)

Werkzeugheizkreis_l 1.0 0.16 1.24
Massepolster_KI1 1.0 (.13 T7.41
Temperiergeraet_4 (.27 (.02 ~0.20
Maximaler_Spritzdruck | 0.25 0.14 043
_KI

Werkzeugheizkreis_2 (.02 (.19 ~60.17
Dosierzeit_KI (.97 (.16 2.06
Einspritzzeit_K 1 (1.90) (.05 0.08
Tempernergeraet_3 (1,96 (.05 —0.58
Umschaltvolumen_K 1 0.77 —=0.07 (.18
Zylinderheizzone_7_K1 | (.14 0.15 1.82

Table 7 ASEM values of

M67 Parameter SEM quality | SEM energy
Werkzeugheizkreis _1 (.003 (1.241
Massepolster_K 1 0.011 (0.287
Maximaler_Spritzdruck K1 0.011 0.315
Dosierzeit_K1 None MNone
Einspritzzeit_K1 (0.052 0.077
Zyhinderheizzone_7_KI1 None None
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Table 8 Quality and energy improvement on sample

Parameter Normalized value | Quality improvement | Energy improvement
(%) (Wh)
Zyhinderhelzzone_3_K2 [ 0.42 16 1.24
Zylinderheizzone_4K2 (.69 (.02 =35.07
Zylinderheizzone _4_KI1 [0.29 (.04 047
Zylinderheizzone_1_K1 | (.5] (.06 0.11
Massepolster_K1 (.87 ~(.50 —83.54
Werkzeugheizkreis_| .62 — .06 =133.09
Temperiergeraet_2 017 0.04 =1.52
Zylinderheizzone_5_K2 [0.62 =01 —=31.98
Werkzeugheizkreis_2 (.46 ~0.05 —498.25
Umschaltvolumen_K 1 0.71 .73 —3389.41
Zylinderheizzone_3_K1 [0.39 ~0.01 —0.91
Dosierzeit_K1 (.78 —~(.26 2.67
Zylinderheizzone_5_K1 [ 0.37 (.08 —4.97

Tabled ASEM values Parameter SEM quality SEM eneray
Zylinderheizzone_3_K?2 None None
Zylinderheizzone_4_ K2 None None
Zylinderheizzone_4_KI1 0.003 6073
Zylinderheizzone_1_KI1 0.003 5.311

Model of machine M6Y

The optimized quality model of M6Y shows a rate of 4.1% ol false positives.
After optimizing the loss [unction using Hyperopt. the resulting configurations are
explamned using LIME. The parameters contributing to the quality improvement or
energy reduction are then tested on a sample of 1.000 data points. Evidently, some
parameters perform poorly on the sample, such as Umschaltvolumen K1, resulting
in an increased energy of 3.389 Wh (Tables 8 and 9).

3 Results

To calculate the energy savings for a whole year, the number ol produced parts is
interpolated from the period of data acquisition lasting 112 days onto a year. The
numbers can be found below [9] (Table 10).

The predicted energy savings per produced part are then multiplied with the
number of produced parts each year o yield the possible energy savings according
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Table 10 [nterpc?]ated Machine | Parts produced intotal | Parts produced in a year
produced parts of the
machines Med 168,917 550,488

M6T 247,052 805,125

M6s 86,203 280929

Maew 275,286 897,137

Table 11 Model accuracies Machine | Number of data | Quality model | Energyv model
points (%)
Med 16,892 97.70 02.38%
MaT 24,706 92.23 H8.73%
Mas 56,203 98.70 NaN
Mab 27,529 #4.50 91.11%

to this model. All these recommendations are based on a model with a certain error.
With a larger error comes a larger uncertainty within the predictions of the model.
and with the parameter recommendations (Table 11).

Machine Mo64

The most promising parameter is Zvlinderheizzone_5_ K1, since with only a slight
decrease in the quality prediction, it manages to reduce the energy consumption of
a single shot by 48.89 Wh. This amounts to annual energy savings of 26,913 kWh.
Additionally, Zvlinderheizzone_2_K1 only reduces the energy consumption by 6.29
Wh, however 1t also manages to increase quality by 4.87%. Therefore, only this
parameter change is recommended and would yield 3,463 kWh in annual energy
savings (Table 12).

Machine Ma67

Of those four well performing values only the independent parameters Maxi-
maler_Spritzdruck_KI1 and Werkzeugheizkreis_1 can be recommended as param-
eter settings. Massepolster and Einspritzzeir can only be measured and not set at
the machines. Changing the parameter settings lor Maximaler_Spritzdruck_K1 and

Table 12 Quality and energy recommendation and predicted improvement

Parameter Recommended value |Quality improvement | Energy improvement
(o) (Wh)
Zylinderheizzone_l_K1 | 206.504 °C 0.65 —-4.27
Zylinderheizzone 2_KI1 | 205440 °C 4.87 6.29
Zylinderheizzone_5_K1 | 205.300°C -1.36 48.89
Umschaltvolumen_K2 4420 ¢m’ —=5.69 32.28
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Parameter Recommended value | Quality Energy
improvement (%) | improvement ( Wh)
Massepolster_K1 17.052 cm® 0.13 7.14
Maximaler_Spritzdruck_K1 | 253.559 bar 0.14 .43
Einspritzzeit_K1 1.503 5 0.05 008
Werkzeugheizkreis_1 20,000 °C .16 1.24

Table 14 Quality and energy recommendation and predicted improvement

Parameter

Recommended value
()

Quality improvement
]

Energy improvement
(Wh)

Zylinderheizzone_1_KI1

245.338

0.06

.11

244877

0.04

0.47

Lylinderheizzone_4_KI1

Werkzeugheizkreis_ I would show aslight increase in quality as well as annual energy
savings of 1,344 kWh (Table 13).

Machine M68

With only 8.621 data points [or machine M68 it was not possible Lo train an energy
regression model. Therefore, no recommendation can be made for this machine.

Machine M69

For machine M69Y only two parameters could be found which improve results and lie
within a certain range of previously measured parameters. Together they could save
520 kWh of energy annually (Table 14).

4 Discussion

The described project presented an approach lor finding and evaluating parameter
settings of machines in a producing SME using machine learning and data analy za-
tuon. Applying this method will yield single parameter changes to optimize the energy
consumption and improve the quality and evaluate the conlidence of the prediction
within the models. It was found that neural networks can be used to flind 1deal machine
settings for reducing energy usage and improving the quality.

For the given dataset, the best results were yielded by the models for M64. It
showed the highest model accuracies and very high energy savings for its parameter
recommendations. For all machines except for M68. which could not be trained due to
oo few training data. the parameter configurations were optimized to reduce energy
usage. According to the model. total annual energy savings of 50,000 kWh could be
achieved. Since 1t was not possible to incorporate the camera data, no statement canbe
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made aboutquality improvement. However, for a more accurate model and to improve
upon quality, the camera data should be considered as well. The actual method of
saving the camera data in tabular files proved to be very inefficient and not accurate.
It would be recommended to develop a script that accurately allocates the camera
data to its respective machine settings and adds both into the same database table.
Using this new script, enough data points would have to be collected. an estimated
20.000-30.000 per machine. Once the data is collected. the proposed method can be
easily applied using the software from this project. The parameter changes found this
way can then be tested practically and finally permanently applied in the machine
setlings.

SMEs are olten still uncertain when assessing the opportunities, limits, and risks
of using Al in production. Insufficient knowledge and lack of experience regarding
the procedures [or the introduction ol suitable Al technologies in production lead to
a certain restraint. Often there is a lack ol resources Lo accelerate the use of Al in
production without support. One solution can be the easy adaptability of Al applica-
tions to individual operating processes. The described ANN [or resource optimization
15 designed to individually adapt parameter settings of the machines mn the production
area as well as evaluaton options and to use them across industries. Many SMEs
are also deterred by the multitude of AT algorithms. Use cases with Al applications
should be made available to use them as mstruments. A close integration of science
and industry can make a significant contribution to this. In Universities could prepare
and make accessible their research results on Al processes in production for SMEs.
Many research institutions already have proven transfer and demonstration facilities,
especially for Industry 4.0 technologies, as well as successful example applications
[4]. In addition. universities can also support SMEs 1n an advisory capacity—starting
with data collection and preparation to the use of the Al application during operation
and the training of employees in the field of digital transformation.
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Abstract

This work looks at the rebound effects associated with digitalization

of the use of rare earth metals in terms of environmental sustainability

with a focus on the life cycle of REE in its technological applications. There is no doubt that digitization offers numerous advantages for industry
and society. These primarily include improving efficiency and performance, as well as optimizing the susceptibility to disruption of production
and business processes through automation, the consistent availability of information in connection with rapid knowledge transfer. This also
results in lower process costs and short reaction times to problems within the value chain. Employees can be used more flexibly due to mobile
work. The most important topics of digitization indude artificial intelligence, robotics, the Internet of Things cloud computing and autonomous
driving. However, digitization also has environmental disadvantages. These include, above all, an increasing demand for raw materials and
its cost-effective procurement in countries with low environmental and social standards instead of a sustainable circular economy, which is
financially and industrially more complex for manufacturers, For this purpose, a model calculation of ICT devices in the consumer sector is
carried out within the scope of this work and the resulting electronic waste is determined.

Keywords: Rare earth metals; Digitalization; ICT; Rebound effect; Sustainability

Introduction

Due to their special physical and chemical properties, rare
earth metals are one of the most important raw materials to
produce electronic applications in various industries and thus
play a decisive role in technological progress. The term ,rare” in
connection with rare earths is often used misleadingly and does
not refer to the real frequency of their occurrence. At the time of
their discovery and in the following decades, scientists assumed
that these elements occur only in very small quantities in a few
places. However, they are not rarer than, for example, copper and
more common innature than lead [1]. Another explanation is also
the meaning of ,rare” in the sense of ,strange” or ,extraordinary®”
The term ,earth” is the term taken from Latin for ,oxides". Even
thoughthis term is often assigned to all critical raw materials, ,rare
earths” is clearly defined in the terminology of chemistry. Rare
earth metals include 17 chemically similar elements - scandium,
yttrium, and the group of lanthanides. Except for promethium,
a fission product of uranium, these metals occur socialized in
nature due to their identical reaction behavior. Therefore, in the
past, the biggest challenge was to isolate and analyze them. Only

with the technological advancement of analytics such as mass and
atomic emission spectrometry was it possible to identify these
elements. Due to their special physical properties, they are used in
a variety of technical applications. Although they are very similar
in their chemical and physical properties, each of the rare earth
elements has its own specific disposition. Due to their wide range
of applications, REE are also regarded as a driver of innovation.
This is evident in the rapid increase in publications, applications,
and patents since the beginning of the 2 1st century.

Figure 1 publications related to REE shown in Figure 1 also
results in an ever-increasing demand for rare earth metals. At
the same time, economic growth through technological progress
also requires a higher demand for resources. A decisive rebound
effect can be observed: the more economical a system is, the more
purchasing power and innovation potential there is. This in turn
increases the consumption of resources. Companies also tend
to obtain production factors as cheaply as possible. As a result,
raw materials important for technologies are often sourced from
countries with low socdal and environmental standards.

Int J Environ Sci Nat Res 30(1): IJESNRMS ID.556277 (2022)
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Rebound Effects

In 1865, the English economist William Stanley Jevons
argued in his book ,The Coal Question” that the more economical
consumption of coal did not lead to lower consumption, but caused
exactly the opposite [3]. This gave rise to the so-called Jevons
paradox, which describes the connection between the increase
in energy efficiency and the increase in demand [3]. Efficiency
gains are thus compensated [4], because efficiency gains also
lead to an increase in the production of goods. Khazzoom went
a step further in his 1980 article in the ,Energy Journal” and
described that an increase in demand due to energy savings still
exceeds the demand in its initial value [5]. This theorem is also
known as backfire. This is illustrated, for example, by the study
by Fouquet and Pearson, which shows that with the increase in
more efficient light sources due to new technologies, total lighting
consumption in the United Kingdom increased 25,000 times from
1800 to 2000 [6]. Leonard Brookes made similar observations,
but made the connection between energy prices, gross domestic
product, and energy demand. He found that an increase in energy
prices would not lead to lower consumption [7]. This resulted
in the Khazzom-Brookes Postulate, which describes a rebound
effect of < 100% due to additional demand. Even today, more
energy- and resource-efficient production often leads to higher
demand. Sorrell defined the rebound effect as unintentional
increased consumption because of efficiency gains [8]. In the
appraisals prepared by Madlener and Alcott for the Enquete
Commission of the German Bundestag, they defined rebound
as a theoretical percentage amount of possible savings, starting
with a technical increase in efficiency. They further describe
that these assumptions are only theoretical, since in the reality
the system is expanding. The increase in technical efficiency

556277. DOI: 10.19080/IJESNR.2022.30.556277

malkes it possible to increase the population, goods, and services.
According to Madlener and Alcott, the rebound effect refers to
the increased consumption of resource inputs, which (1) follows*
these efficiency increases and (2) is somehow caused or at least
made possible by them [9]. The amount of the rebound effect is
the percentage of the savings potential of an efficiency-enhancing
measure or technology, which is compensated by the increase in
demand [10]. The literature distinguishes between direct, indirect
and intersectoral rebound effects |8]. In the case of direct rebound
effects, there is an increased demand for the same good or service
that is related to the increase in efficiency. Intersectoral rebound
effects result in increased demand for an alternative good or
service. Macroeconomic rebound effects are difficult to quantify
microeconomically. They relate to entire economic sectors or the
entire economy: In the field of digitization, the energy requirement
for the operation of data centers but also for the development
of artificial intelligence applications is particularly crucial. This
results from hardware-intensive training and test runs of the
algorithms [11]. It can also be assumed that energy consumption
will continue to increase in the future due to the increasing use of
Al applications [12]. In this work, however, the production-side
[3] rebound effect in times of digitization about the use of rare
earth metals should be in the foreground.

Rare Earth Elements
Physical/chemical basics of rare earth metals

Rare Earth Elements (REE) include the lanthanides of the 6th
group of the periodic system and scandium and yttrium [13] of the
3rd subgroup. A total of 17 elements, which are divided into heavy
and light elements depending on their electron configuration, are
therefore [14] counted among the rare earth metals (Table 1).
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Table 1: Rare earth metals with the ion radius in the 3rd oxidation state [15].

REE Symbol Ordinal Number lonenradius Ln3+ (pm)
Scandium Se 21 885
Yttrium Y 9 104
Lanthanum La 57 117,2
Cerium Ce 58 115
Praseodymium Pr 59 113
Neodymium Nd 60 1123
Promethium Pm 61 111
Samarium Sm 62 109.8
Europium Eu 63 108,7
Gadolinium Gid 64 107,8
Terbium Th 65 106,3
Dysprosium Dy 66 105,2
Holmium Ho 67 1041
Erbium Er 68 103
Thulium Tm 69 102
Ytterbium Yh 70 100,8
Lutetium Lu il 100,1

Lanthanides have a very similar chemical behavior and occur
together in nature. Separating them from each other was almost
impossible for many years [13]. Scandium and yttrium have been
counted among the rare earth metals by [UPAC due to their strong
similarities to the lanthanoids [1] The reason for the similarity is
the special structure of the electron configuration. In all REE, the
electron shell is equally occupied with 5p6s2. The distinction of

the elements is only created by filling the f-orbital. However, the
f-orbital has no effect on the chemical reactions [16]. This growing
nuclear charge and atomic mass causes a decrease in the ion radii
of the lanthanides (lanthanide contraction), [17] which makes
efficient extraction of the REE difficult. Due to the lanthanide
contraction, the nuclear charge is poorly shielded and causes a
stronger attraction of the 5p and 6s ions (Figure 2).

lon Radius
120
115

110

la Ce Pr Nd Pm 5m Eu

Figure 2: lon radii of lanthanides [18].

Gd Tb Dy Ho

y

REE form predominantly positively charged ionic bonds,
which are very stable and poorly soluble [19]. In connection with
lanthanide contraction and ion radii, the differences in basicity
are an important property for the separation of REE. Depending

556277. DOI: 10.19080AJESNR.2022.30. 55627 7

on their ion radii, the basicity of lanthanum decreases to lutetium.
Due to their paramagnetic properties, REE are particularly
suitable for use in permanent magnets and storage media.
However, paramagnetic properties also play an important role in

How to cite this article: Willenbacher, M., Wohlgemuth, V. Rebound Effects in the Use of Rare Earth Metals in ICT. Int J Environ Sd Nat Res. 2022; 30(1):

84



und mittleren Unternehmen

Einsatz von kiinstlicher Intelligenz zur Prozessoptimierung und Steigerung der Ressourceneffizienz in kleinen

International Journal of Environmental Sciences & Natural Resources

recycling. Paramagnetism describes elements that do not have a
measurable magnetic moment without an external magnetic field.
This results from unpaired electrons and the only partially filled
f-shell of the electron configuration of the atom, which realign
themselves by an external magnetic field. Due to this property,
REE can be magnetized very well. REE have line-rich and sharp
absorption bands [20]. The width of the frequency interval is
in the range of some 100 to about 10GHz. These luminescence
properties also result from the lanthanide concentration and
the associated poorer shielding of the nuclear charge, resulting
in the relationship between frequency and wave number [21].
Luminescence properties are particularly crucial for the area of
security documents, in plasma displays, LEDs and lasers. For the
detection of rare earth metals, the most common method today is
ICP atomic emission spectrometry. Hot plasmais injected into the
samples. These ionize and are stimulated [17]. When falling back
from the excited to the ground state, the atoms release energy
in the form of light in the wavelength typical of each element
[22]. However, this process is very costly. Therefore, research
is increasingly being carried out on biochemical processes to

establish more economical separation processes, especially in the
field of recycling.

Occurence

The term ,rare” and ,earth” in connection with these metals
is misleading and historical. At the time of its discovery, only the
site of Ytterby in Sweden was known [23]. These elements were
obtained only as oxides from certain minerals. REE do not occur
in nature individually but oxidized and socialized in over 200
kmown minerals [24]. The main minerals for the extraction of REE
are allanite (cerium, lanthanum, neodymium, yttrium), monazite
(lanthanum, cerium, samarium, gadolinium, praseodymium,
yttrium, thorium), bastnaesite (cerium, lanthanum, neodymium,
yttrium), xenotime (yttrium, dysprosium, ytterbium, erbium) [17]
and thortveitite (scandium) [25]. Here, too, Harkins' rule applies,
which states that elements with an even atomic number occur
more frequently in nature than those with an odd atomic number
[26]. Only the unstable promethium occurs in nature usually only
as a product of spontaneous fission with uranium and is therefore
produced in the laboratory (Figure 3).
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Figure 3: Occurrence of REE in the earth's crust [27].

40 S50 60
Atemic number, Z

Until the 40s of the last century, India and Brazil were the
main producers of rare earth metals. From the mid-1960s to the
early 1990s, the U.S. was the largest producer of REE [23]. Their
mining site was mainly located on Mountain Pass in southeastern
California. Since the 1980s, REE's economically viable deposits
have been located primarily in China, Canada, Australia, USA,
Brazil, India and Russia. The largest deposits are located in
Bayan Obo, Mongolia [28]. Global reserves are estimated at 130
million tons [24] and global resources at 308 million tons [29].
The US. Geology Survey estimates the availability of reserves for
1100 years and of resources for 2480 years [29]. The difference
between resources and reserves is that reserves are raw material
deposits that are reliably detected in the earth’s crust and can be
mined by known technical means, while resources are suspected
based on geological conditions and cannot be mined with known
technologies [30). REE resources are reported as rare earth oxides
(REQ). Thus, REE deposits are measured in relation to the amount

556277. DOI: 10.19080/IJESNR 2022 30.556277

of recoverable REO. It can be assumed that with ahigh REO content
of the deposit, more expensive mining technologies often must be
used and are therefore not necessarily more economically viable
than the low REO-indicated mines (Figure 4).

At over 90%, China has the highest share of world production.
The most economically significant deposit is Bayan Obo in
Mongoliawith an iron ore depositof more thanone billion tons and
a REE grade of 3-5.4%. Bayan Obo is followed by of Maoniuping in
Siuchan will be followed with reserves of 62.3 million tons of ore
and a REE grade of 2.89% [31]. The economic availability of REE is
therefore mainly dependent on the world market leader China. In
addition to political instruments such as pricing and government-
determined export quotas and export restrictions, there is also
a lack of sustainability measures. In addition to China, the main
suppliersinclude the USA with the Mountain Pass deposit with 90
million tons of iron ore (REE share 5%) [32] as well as Brazil and
Russia (Table 2).

How to cite this articla: Willenbacher, M., Wohigemuth, V. Rebound Effects in the Use of Rare Earth Metals in ICT. Int J Environ Sci Nat Res. 2022; 30(1):

85



Einsatz von kiinstlicher Intelligenz zur Prozessoptimierung und Steigerung der Ressourceneffizienz in kleinen

und mittleren Unternehmen

International Journal of Environmental Sciences & Natural Resources

Greeniand TERZENE South Arics
U itedl Simtes: - 150,000 -890.060 20,500
1500800 5 o ‘ CanatsgI8,008
4,100,000
IndiaE,5300,000_
Figure 4: Reserves of REE 2021 [29]. ",
Table 2: Main applications of REE [17,33].
Application REE
Screens, picture tubes Y, Ce, Sm, Eu, Gd, Th, Tm, Lu
Hluminants Se, Y, La, Pm, 1, Th, Ho, Lu
Laser technologies Se, Nd, Sm, Dy, Ho, Er, Tm, Yh, Lu
Magnets Pr,Nd, Sm, Dy, Ho, Th
Magnetic data storage Sc, Gd, Th, Dy, Nd, Pr
Doping Dy, Ce, Eu
Semiconductor Th, Lu
Drive technologies Y,Nd, Sm, Th, Eu
Nuclear power Y, Ce, Sm, Eu, Gd, Dy, Ho, Er
Spectrometry Y
Fuel cells Y
Medical technologies Y, Sm, Nd, Pr, Eu, Gd, Dy, Th, Tm, Yb, Lu
Pharmacology La,Ce, Eu. Yb
Batteries, rechargeable batteries La, Pm
Glass industry La, Ce, Pr, Nd, Sm, Ho, Tm
Condensers La, Dy
Aerospace Ce, Pr, Pm
High performance electrodes Ce
UV-Filter Ce
Catalysts Ce, La, Pr, Nd, Yb
Steel and metal processing Ce, Yb
Material and material testing technology Ce, Th, Dy, Tm
Insulators Ce, Th
Pyrotechnics Ce
Clothing industry Ce
Microwaves Gd, Tm
Kyro cooler Er
Fiber optics Y, Eu, Th, Er
Bank notes (Lorenz & Bertau, 2019) Eu, Th
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Main applications

The areas of application of REE are diverse. The following
table gives a rough overview of the main applications of the REE.

REE play an important role in the use of ceramics. These
are present in almost all technical devices in actuators, sensors,
resistors, and insulators. In view of the ever-increasing
technologization, increasing demand for REE is to be expected.
The field of application with the highest demand are permanent
magnets, which are used in numerous electronic devices. Amarket
analysis by Adamas Intelligence |34] came to the conclusion that
demand is expected to rise steadily by 9.7% by 2030. Therefore,
it can be assumed that as technology progresses, a shortage of

raw materials will occur about REE, as these elements are nota

Table 3: Degradation methods of REE [30].

renewable resource, and their availability is limited.
Environmental Aspects
Funding and processing

The degradation of REE is associated with considerable
environmental and health damages, as energy- and cost-intensive
separation processes and intensive chemical post-treatment
are necessary [30). The extraction of REE can be divided into 4
process steps: mining of the ores from the mine, washing of the
ores, separation of the REE from the concentrates, as well as the
production of metals and alloys |23]. Depending on the deposit,
ore mining takes place in open pit mining, underground mining,
and leach mining (Table 3).

Experience Description

Advantage Disadvantage

= Mining in open pits with deposits < 100 m
below the earth's surface
- Conveying with budket wheel excavators

Opencast mining

= No artificial underground
tunnels and shafts necessary

+ Large amounts of overburden

+ Mining by means of underground tunnels
and shafts at occurrences > 100 below the
earth's surface

Underground mining

+ More predse develop-
ment of the deposits than
in opencast mining - Less

- Damage caused by crime and subsidence
- Risk of lowering the groundwater level and

ollution of water bodies
overburden P

« Mineral development in ion-based day
deposits
- Drilling and dislocation with chemicals to
convert REE into their sulfates

In-Situ-Mining

+ No movement of large
amounts of rock - Also
suitable for small deposits -
Technically undemanding

- Frequently illegal mining without environ-
mental protection measures - Contamination
of rock layers carrying drinking water

Deep-sea mining (no
mining technologies
available yet)

- Mining from manganese nodules in the
deep sea

-Immense environmental damages

In the next step, the ore washing, the ores are separated from
the adhering rock by leaching with chemicals or by mechanical
digestion (dry processing). They are then crushed, ground,
sieved and slurred with water: Then the separation of the ores is
carried out by flotation with a variety of chemicals and separated
according to density differences or magnetic fields conferring to
magnetic properties [23]. The REE must be extracted from the
minerals obtained in this way. This is done by various chemical
processes, which must be adapted to the respective mineral
concentrate. The separation then takes place by means of ion
exchange chromatography and solvent extraction |[30]. These
processes consist of several complex process steps and require
a high degree of technical know-how. To produce a metal from
the oxide, the extremely energy-intensive process of melt flow
electrolysis is used. Melt flow electrolysis uses a salt mixture
as an electrolyte and thus increases the solubility of the REE.
To eliminate further non-metallic impurities, the REE are then
refined or distilled using various processes (Figure 5} [23].

Environmental impact of the extraction process of REE

The entire extraction process is characterized by a high
intensity of the use of water and energy. Due to China's dominance

556277 DOI: 10.19080/lJESNR.2022.30 556 277

in mining and processing, well-founded data is scarce. Even
the government-mandated volume targets for exports cannot
curb this problem. In addition, China has illegal mines to trade
REE on the black market [77]. Due to the mining processes, the
creation of overburden leads to increased land consumption.
Massive ecological damage results from the strong intervention
in the soil structure. The technical machines for conveying the
ores generate dust and emissions. Large quantities of hazardous
waste and residues such as the release of radioactive elements
and heavy metals as well as silicates and leaching chemicals
are also generated during in-situ mining. These blind rocks
are stored on heaps, which leads to the spread of dusts of toxic
substances by wind and debris in wastelands and groundwater.
The heaps are surrounded by dams. If these dams break due to
weather influences, the toxic chemicals enter the surrounding
areas and damage nature and the environment in the long term.
It is estimated that in China, the refining of one ton of REE oxide
produces 63,000m’ of sulphuric and hydrofluoric acid residues
and 1.4 tons of radioactive waste [36]. Another possibility of
mining is seen in the deep sea. Manganese nodules at a depth of
about 3000-6000m have cobalt, copper, nickel iron and REE in
addition to manganese. These manganese nodules are formed by
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erosion or from hydrothermal vents of volcanically active marine
areas [37]. They grow dia- or hydro genetically by attaching metal
ions. Since the manganese nodules grow very slowly (10mm/
million years), they can only form where constant environmental
conditions prevail over long periods of time [37]. So fa; however,

there are no proven technologies for the extraction of REE from
the deep sea. Mining licenses are also not yet available due to a lack
of legal framework conditions. In the mining methods currently
under discussion, the seabed surface with its fauna is removed.
This damage to the seabed is lasting for many centuries [38].

Physical

Refinmg (REEs

}—’ REEs

.ml ( Crravity
—1 Cunc cnlmir«]

| [ I |
L ] N Jrometal
e fining Heneficiation | Hydrometallorgy | | mdrvdial separation )

Acid or ARal
Leaching

Sesbvent
Extraction

Griwfimg I

[ Magnenic
—
| Concentrstion

[ Acid or Alkati
Riking

Classiflvation

== Flotation

‘ ..{ Precipustion l

| Electostatic
Separation

Figure 5: REE Production Process [35].

| '_';IiTe;—'i

| Hxaction

y

In the mining areas of the REE, these are also deposited to
a particularly high degree in the human body. This applies in
particular to the miners but also to the residents in the vicinity of
the mine [39], as the occupational safety measures are inadequate
in most areas. Little is currently known about the effects of rare
earths on bioaccumulation. However, in affected mining areas, an
increased number of leukemia cases and birth defects are reported

[40]. However, these substances also enter the organism through
the penetration of REE into environmental compartments, both
during production and disposal. The highest concentrations
in the human body are accounted for by the element's cerium,
neodymium and lanthanum [41]. At present, there are few studies
on the biological effects of REE exposures. This area requires
further, detailed research [42].

Recycling and disposal
Table 4: REE flows (in %) for recycling [46,47).
Pre-Consumer Recycling Post-Consumer Recycling
Ree Production eskducs (magnetic | 1y L one aptical | (hand disks,computer peripheral, | Battries (%)
’ glass) (%) mobile phones) (%)
Seandium 0,0064
Yttrium 0,015 53,55 0,71
Lanthanum 1,84 40,8 22,58
Cerium 0,2 1.8 88
Praseodymium 3,5 2287 4,69
Neodymium 27 171,31 713
Samarium 0,0008 39,2 6,2
Europium 0,0002 3,98
Gadolinium 0,0008 3,99 03
Terbium 0,14 1 z
Dysprosium 3,15 46,29
Erbium 0,0013
Ytterbium 0,0003
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Despite the great importance of REE in 1CT and industries of
other high technologies as well as the relatively high potential for
recycling possibilities, only about 1% [43] - 2% [44] are recycled
from end products. This is largely due to the low profitability of
using expensive and technically demanding recycling processes
compared to the moderate raw material prices of the import
[30]. Particularly affected by the fall in prices are the elements
cerium and yttrium, which have lost more than 90% of their
value since 2011 [45]. Furthermore, recycling is difficult due
to the very low occurrence of REE in the end products and
the high degree of dilution in the components as well as their
dissipative distribution. The conventional recycling methods of
hydrometallurgical and wet chemical methods are inefficient and
uneconomical due to low market prices. In order to achieve the
desired product quality, hydrometallurgical processes are usually
used |46]. These process steps are carried out by ore washing and
the use of large amounts of acid. So far; only the recycling of REE
is only commercialized from phosphors, magnets, and batteries
[29]. An overview of this is given in Table 4. In the case of recycling
processes, a distinction is made between pre- and post-consumer
recycling. Pre-consumer recycling refers to the recycling of REE
from production residues, while post-consumer recycling reters
to the recycling ofthe end device (Table 4).

For example, in 2015, only an average of 5% of e-waste
generated in the EU was recycled. No recycling cycle is known for
Scandium [48]. However, a controlled circular economy reduces
the serious environmental impact of mining and production. In
addition, the important resources of the REE are irretrievably
lost without a reappraisal |[49]. Furthermore, the dependence on
China as the main producer will be weakened. Important know-
how in the field of REE processing can also be built up [50]. The
processes of recyding REE are mechanical processing, thermal
extraction (pyrometallurgy) as well as wet chemical extraction
(hydrometallurgy) and reduction of REE alloy. In practice, a
combination of the pyro- and hydrometallurgical process is often
used [49]. However, in addition to their low economic efficiency,
these processes are also energy- and resource-intensive with
too low economic efficiency and high processing costs. However,
novel and more etficient recycling approaches have recently been
developed. In the REEgain project |51 |, researchers are developing
a method based on bioaccumulation with algae on which the REE
of the raw material is attached.

As part of the EU project RECUMETAL, a pilot plant for the
recovery of indium, yttrium, and other valuable metals from
discarded flat screens was designed and developed [52]. A team
of researchers from the University of Pennsylvania developed a
tripodal nitroxide ligand to separate neodymium and dysprosium
from e-waste. This method ditfers from the usual energy-intensive
industrial solvent extraction in that it can be performed at room
temperature and with standard laboratory equipment [53]. A
fluorescence-based sensor developed by researchers at Penn
State University that detects the lanthanide-binding protein
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Lanmodulin (LanM) in bacteria enables the detection of tiny
amounts of REE in samples [54]. This technology is useful for
cost-effectively quantifying REE in environmental and industrial
samples, because today's gold standard for detecting REE is
ICP mass spectrometry. Due to the use of spedial, very sensitive
instruments, this process is very cost-intensive |55 and therefore
uneconomical for most manufacturers of electronic components.
Furthermore, the research showed that the rare earth metals
with atomic numbers 57 to 64 enter the cytosol of the cells of the
bacterium. The reasons for this high intake selectivity are not yet
known. In further research, the extraction of REE by LanM was
applied to pre-combustion coal and electronic waste. After only a
single purely aqueous step, a quantitative and selective recovery of
the REEs from all initially existing non-REEs (Li, Na, Mg, Ca, Sr, Al,
Si, Mn, Fe, Co, Ni, Cu, Zn and U) was achieved, which demonstrates
the universal selectivity of LanM for REEs against non-REEs and
its potential application even for industrial substandard sources
that are currently underutilized, demonstrated [56]. The EU
project SCALE developed a process to extract scandium from red
sludge from bauxite residues of the aluminium industry using
various crystallisation techniques. For this purpose, scandium
ions are leached with reagents to form a liquid solution, which is
then upgraded by an ion exchange technology newly developed
in the project. No waste is generated. Iron oxide concentration
as a solid by-product can be used for pig raw iron production..
Scandium is extracted from acidic waste from the titanium (IV)
oxide pigment industry using a novel nanofiltration technology.
Based on the recovery processes, the SCALE projectalso developed
technologies to produce metallic scandium in an environmentally
friendly manner [57]. The r4-Lan-Tex project developed a novel
technology for the selective separation of the lanthanum ions
via fiber-fixed bonds to polyelectrolytes from wastewater from
FCC catalyst production [58]. The EU project SepSELSA became
a reprocessing and recovery process of REE based on solid
chlorination. With the use of diffusion dialysis [59], about 25
tons of production waste could be processed and REE returned
to the production cycle as part of the project. The innovation of
this process is the isolation of the metals in pure form without
the countless separation stages of conventional processing [45].
The BioKollekt team [60] is researching a separation process
for the economical recycling of complex material mixtures with
a special focus on the finest particles with the help of specially
developed peptides that specifically bind particles in solutions.
For this purpose, these are firmly anchored to a carrier material
with certain chemical and physical properties, so that the target
materials are selectively isolated trom the complex material
mixture. The matching peptides are produced using the phage
surface display method [61] developed by chemistry Nobel
Laureate George P Smith. With classic particle separation
methods, the chemical collectors stick to the target particles and
cannot be recycled. All other collectors, incuding the residual
materials, end up on the stockpiles. Biocollectors, on the other
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hand, are recyclable and can be used again and again in separation
processes. The target substances are dissolved by the biocollector,
for example, by changing the pH value in the solution. The
magnetic carriers, like the peptides, are fully biodegradable [60].

Substitution

Another way to reduce the resource consumption of REE
is to use alternative materials and processes. However, the
success of material substitution in relation to REE to date is
very limited, as many of the main applications of ICT are not
currently substitutable. These include above all optical cables,
miniaturized permanent magnets, ferrites and components made
of laser devices, magneto-optical storage materials, monitors and
displays, pn LEDs, compact disks and cooling devices based on
the magnetocaloric principle [23). A study by Yale University's
Center for Industrial Ecology found that for 62 different metals,
the potential substitutes for their main applications are either
inadeguate or currently non-existent. In addition, for not one of
the 62 metals examined, exemplary substitutes are available for
all important applications [62]. Since the REE uses their specific
physical properties, the substitution of one REE by another
REE is usually required. For example, researchers at lowa State
University's U.S. Department of Energy have developed a method
for replacing dysprosium with the commonly occurring cerium in
permanent magnets [63]. However, research approaches in the
field of magnets show that, for example, with iron, substituted in
lithium nitride (Li2 (Li, - Fe JN), behaves like a rare earth metal
inrelation to its magnetic anisotropy [ 64]. However, since REE are
degraded together, the environmentally friendly effect is small.On
theother hand, technological substitution, inwhich manufacturing
processes are improved, offers more potential. The Fraunhofer
Institute developed the so-called Net-Shape method to produce
high-performance permanent magnets, in which post-processing
can be dispensed with and thus the consumption of dysprosium
and neodymium is reduced by 15% [65]. Siemens developed

a process for the production of REE-free permanent magnets
based on an iron-cobalt compound with magnetic nanostructures
[66]. Other approaches include the development of new rotor
structures with increased demagnetization resistance and higher
magnetic cooling performance while reducing the dysprosium
and terbium content in NdFeB magnets [67]. In the field of hard
disks, a functional substitution was achieved by the development
of $8D, in which notthe magnetic effect, but the atomic spin is used
for data storage. Also, the use of OLEDs instead of energy-saving
lamps replaces part of the REE with organic light-emitting diodes.
The binding layer does not require ANY REE, only Europium is
still used in the emitting layer. However, from today's perspective,
no disruption from LEDs to OLEDs is to be expected, as they are
smaller than conventional light-emitting diodes due to their size
and burn time. The main applications for OLEDs are currently
small area displays such as smartphones.

Use of ICT in the Consumer Sector

Information and communication technologies are now an
indispensable part of society and the economy. In addition to
broadband use, smart devices are also becoming increasingly
popular. The most common devices are smartphones with a share
of 72.5% of Germans [68] followed by headphones (71%) [69],
TVs (44%) [70], game consoles (39.7%) [69], radios (35.8%)
[71], wearables (33%), [69] smart speakers and e-book readers
with 26% each [69], laptops (23.5%) [72], desktop desktop PCs
(22.3%), vacuum cleaner, lawn mower or window cleaning robots
(18%) [69], augmented reality devices (14%) [69] and tablets
with 9.9% [69). With several households of 41.5 million with a
total of 83.2 million household members almost every second
German citizen will own [72] at least one TV set in 2020. This
results in a total number of ICT devices of approx. 364.8 million
in Germany. Smart home applications for energy management,
building security, home automation and health were not
considered (Figure 6).
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Model Calculation of ICT Devices Worldwide

In the following, these data are extrapolated to the countries
with a very high Human Development Index (HDI). The HDI is

calculated from life expectancy, school education in combination
with the expected total education and gross national income per
inhabitant in USD [73]. This results in values between 0 and 1 for
the following classification (Table 5 & Figure 7):
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Figure 7: Human Development Index (= 0.8).
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Table 5: Development categories [73].

HDI-Range Category
=08 Countries with very high levels of development
=07 Countries with high human development
=0,55 Countries with medium human development
= 0.549 Countries with low human development

A total of 66 countries were able to achieve an HDI1 = 0.8 [73].
When calculating the extrapolation, it is assumed that the ICT
equipment of citizens in the individual countries is fundamentally

similar. These countries have a total population of 1.57 billion
people [74]. This results in an assumed number of ICT devices of
7 billion (Figure 8).
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Figure 8: Extrapolated number of ICT devices in the 66 countries with HDI value = 0.8.
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Considering the short service life of ICT devices between
about 2.5 years for smartphones and 5 years for other digital

devices, the amount of electronic waste is immense. After 10 years
this amounts to approximately 68 billion ICT devices (Figure 9).
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Assuming a recydling rate of 5% within the EU and 1.5% in
other countries [75], the total amount of e-waste is 67 billion

unrecycled e-devices (Figure 10).
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Discussion

There is no question that digitization has a decisive influence
on sustainability in some areas, butinitsentiretyleadsto ecological
problems in other areas. Ecological rebound effects also occur in
relation to consumer behavior in online retail. The main drivers
for this are personalized advertising and constant availability
of products, even if logistics and delivery conditions are more
predictable and thus more optimizable using technology. On the

556277. DOI: 10.19080/IJESNR.2022.30 556277

other hand, digitization enables simpler and more targeted reuse
of products, for example through sharing models, second-hand
platforms, and sharing platforms. More and more manufacturing
companies are using intelligent software applications to optimize
their material and energy flows. Profitable waste recycling in the
context of circular economy can be technologically realized in
the form of virtual marketplaces for the reuse of waste by other
companies across industries and regions. Intelligent circular
economy with automized process optimization enables the careful
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use of resources over the entire life cycle. However, these methods
only make sense ifthe use of resource efficiency is also reflected in
consumer behavior, and this results in a longer use ofend devices.
This, in turn, requires a business model oriented towards long-
term use by the companies. A combination of the production of
high-quality goods with user-friendly services (maintenance,
repair) would be conceivable. Furthermore, more investment
should be made in the commercialization of mining and recycling
processes of rare earth metals. The development of innovative
processes for the extraction and recycling of REE during mining,
physical processing, refining, pyro- and hydrometallurgical
processes require more comprehensive paolitical support. Novel
processes offer the potential for commercialization and create
a basis tor reducing dependence on China's existing market
leadership. The material substitution of the REE is more difficult.
Rare earth metals are extracted and mined together. About this
phase of its life cycle, there are no differences in the environmental
impact of substitution by another REE. Elements outside the family
of REE offer only inadequate alternatives [62]. More promising
at the present time are technological substitutions such as the
development of innovative manufacturing processes. High savings
potential can also be found in the recovery of rare earths from
waste products. For comprehensive recycling, however, there are
hardly any processes that are economical for companies in terms
of effort and cost recovery. In particular, the low raw material
prices make recycling processes unattractive for companies.
Recycling possibilities consist in the separation of rare earths
from waste magnets and fluorescent tubes by solid chlorination
[45]. REE have only been used in technical applications for about
20 years. The effects of REE on living organisms have therefore not
yet been fully investigated. The current state of research assumes
that there is no toxicity to humans [23]. However, REE with their
compounds have only been released into the environment for
some time through recycling processes. Long-term studies are
not yet available. If a society and its economic system depend on
growth, there will also be rebound effects. In combination with an
efficient circular economy and conscious consumer behavior, the
effects of rebound effects can potentially be reduced. Innovative
technologies such as Al if targeted and used, can make meaningful
contributions to greater sustainability. More digitization does
not necessarily lead to more efficiency [76]. As a result, it can
be said that the existing resources of rare earth metals must be
used optimally and sparingly. Investments in research to develop
ecological and economic recycling and substitution processes
are needed, as are environmentally friendly processes for the
degradation and separation of REE.
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