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1 Zusammenfassung

1.1 Deutsche Version

Die Biogasherstellung ist ein sehr komplexer Prezder durch das Zusammenspiel unterschiedlicher
Mikroorganismen und einem mehrstufigen Prozessalbgeltennzeichnet ist. Variationen in der

Mikroflora kdnnen durch das verwendete SubstratBaischickung sowie die Temperatur gegeben sein,
wobei ein GroRteil der beteiligten Mikroorganisnsamar unbekannt sein kann. Die Uberwachung und

Analyse solcher Prozesse sind zumeist sehr zeaitkastenintensiv.

Die VDI-Richtlinie 4630 beschreibt analytische Madlen zur Untersuchung der Vergarung organischer
Stoffe, Substratcharakterisierung, Probenahme, fdateherhebung und Garversuche, die zur
Optimierung von Biogasanalgen dienen. Die in dehfinie beschriebenen Methoden erfordern jedoch
eine entsprechende Laborausstattung, dafur audgtdsl| Personal und sind sehr aufwandig. Deshalb
ist eine moderne Alternative zur Prozessanalyse-aptimierung dringend erforderlich, um gezielt

wesentliche Prozessgrofien schnell, effizient urstiekgiinstig zu identifizieren.

Das Ziel der vorliegenden Dissertation ist es éitethode zu entwickeln, welche eine schnelle und
effiziente Analyse der Biogasproduktionsprozessaogiicht. In dieser Arbeit soll mithilfe von

computerbasierten Verfahren untersucht werden, ekentliche ProzessgréfRen identifiziert werden
kénnen, deren Messung fir die Fihrung der Biogagenl ausschlaggebende Informationen zur
Verfigung stellt. Neben mathematischen Modellendererauch Optimierungsalgorithmen fir die

Identifikation der wesentlichen Einflussgré3en vendet.

Die fur die Modellierung verwendeten Datensatze dear experimentell im Rahmen des Projektes
,,Biogas Biocoenosis" (FNR 22010711, Dr. Michaelokke, Leibniz-Institut fir Agrartechnik und
Biobkonomie e. V., Potsdam) und ,Biogas-Enzyme*" ZFK2027707, Dr. Monika Heiermann, Leibniz-
Institut fur Agrartechnik und Biookonomie e. V.,tBdam) erhoben. Zusatzlich wurden Prozessdaten

mithilfe desAnaerobic Digestion Modell No.1(ADM&jmuliert.

Die chemischen Prozessgroflien stellen die unabléimBigzessvariablen dar. Die Biogasausbeute wird

als die abhangige ZielprozessgrofRe verwendet. Riehdrfsage der Biogasausbeute wird mithilfe
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linearer und nicht linearer mathematischer Moddllechgefuhrt. Dafur werden diRartial-Least-
Squares-Regression (PLSHje Locally-Weighted-Regression (LW&)dkunstliche neuronale Netzte
(ANN, Artificial Neural Networksmplementiert. Um die wesentlichen unabhangigexx@ssvariablen
zu identifizieren, werden folgende Optimierungsaliponen verwendet: einAmeisen-Kolonie-

Optimierungsalgorithmus (ACQjnd dergenetische Algorithmus (GA)

Die Qualitat der Vorhersage wird anhand des VodgafehlersRoot Mean Square ErrpRMSE)und

desBestimmtheitsmaResiRewertet.

Anhand der entwickelten Methode konnte die gewlteselelgréf3e, Biogasausbeute, vorhergesagt
werden. Die durchgefiihrte Variablenselektion msttehetaheuristischer Optimierungsverfahren
verbesserte die Vorhersagekraft der Modelle undziede gleichzeitig die Anzahl der unabhéngigen
Prozessvariablen. Als wesentliche Prozessvariabbenden folgende identifiziert: hydraulische

Verweilzeit, Trockensubstanz, Gehalt an Neutralebgdntien-Faser, Saure-Detergentien-Lignin-
Gehalt und n-Buttersaure. Die besten Vorhersagbeigge wurden mit Hilfe der kinstlichen

neuronalen Netze erzielt. Die Modelle hatten dexinkten Fehler der Vorhersage und das hochste

Bestimmtheitsmal3.

Die erfolgreiche Umsetzung der mathematischen VWeefa zeigt, dass moderne mathematische
Methoden eine gute Alternative fUr die Analyse @yptimierung komplexer biologischer Prozesse
darstellen. Fir eine abschlie3ende Bewertung sthoch auch weitere experimentelle Untersuchungen
notwendig, in denen die Prozessflhrung basierehdieswidentifizierten Prozessvariablen durchgefihrt

wird.
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1.2 Englische Version

The production of biogas is very complex proceskictv runs in some stages involving different
microorganisms. Microbiological diversity of theopess depends mainly on the composition of
substrate and ambient conditions, such as proegsperature. The fact is, the development and
composition of the microbiological communities bétprocess are difficult to predict. Thus, the oant
and evaluation of such complex biological process&s very time consuming and expensive. In
Germany the evaluation of the biogas plants cgmelb®rmed according to the VDI-Norm 4630, which
describes the methods for the evaluation of fetatgm of organic materials including characterizat

of the substrate, sampling, collection of matedata and fermentation tests. For that specially
equipment and skilled personnel are required. Margothe evaluation procedure is very time
consuming. That is why a new state-of-the-art aétve for the evaluation purposes is necessary to

simplify and to speed up the assessment of theabipgpduction processes.

The aim of this doctoral thesis is the developnadiat fast and reliable method for the evaluatiothef
biogas production processes. Therefore the mathmahatodelling should identify significant process
variables able to evaluate the whole processtheapptimization of mathematical models metaheigrist
tools were used. In this doctoral thesis two ddf¢ data sets were used — experimental data and
simulated data. The experimental data were coliidntprojects “Biogas-Biocoenosis” (FKZ 22010711,
Dr. Michael Klocke Leibnitz-Institute fir Agrartechnik und BiodkonoraeV., Potsdam) and “Biogas-
Enzyme” (FKZ 22027707, Dr. Monika Heiermann, Letrnstitute fur Agrartechnik und
Biobkonomie e.V., Potsdam). The simulated datawset generated using the Anaerobic Digestion
Model No.1 (ADM1). The chemical process variableesyavused as the independent process variable
set, while the biogas production output represetiteddependent process variable. Prediction of the
biogas production was done using linear and noalingthematic models. Here, Partial-Least-Square-
Regression (PLSR), Locally-Weighted-Regression (D\&iRd Artificial Neural Networks (ANN) were
implemented. In order to identify the most sigrafit undependable process variables optimization
algorithms were used, Ant Colony Optimization (AC&)d Genetic Algorithm (GA). Prediction
capacity was evaluated using two model evaluatanatles, Root Mean Square Error (RMSE) and

Coefficient of Determination # Figure 1 in Supplementary represents the floartobf the developed
11



methodology applied for ADM1 generated data seEifjure 2 (Supplementary) there is a flow chart of

the developed methodology applied for the expertaigncollected data.

The developed approaches could be successfullyfaséte prediction of the desired process variable
biogas production rate. The variable selection dwith the help of metaheuristic optimization
algorithms improved the prediction results and ocedunumber of the independent process variables.
Hydraulic retention time, dry matter, neutral dgeent fibre, acid detergent fibre and n-butyric acate
identified as the most significant ones. The bestlistion was obtained using ANN models. Here, the

error of prediction was low and the coefficientdetermination high.

The successful implementation of the developed odetlogy proved mathematical models to be an
effective alternative method capable to evaluatg tanoptimize complicated biological processes.
Furthermore, it would be mandatory further expentakevaluation of the developed strategy, using

the model-based process information.

12



2 Einfihrung

2.1 Einleitung

2.1.1 Energieversorgung

Die Nachhaltigkeit der Energieversorgung gewinnuthetage immer mehr an Bedeutung. Die
wachsende Weltbevolkerung, steigende Lebensqudbtatndustrielander, der Klimawandel und die
fast erschopften Ressourcen an fossilen Brennatdfgoen in den letzten Jahrzehnten zu einer starke
Entwicklung alternativer Verfahren der Energieemeng beigetragen (Holm-Nielsen et al. 2009).
Energie aus nachwachsenden Rohstoffen, wie zunpiBeolarenergie, Wasserenergie, Windenergie,

Bioenergie und Geothermie, steht im Fokus der Zitigam Energiegewinnung.

2.1.2 Das Erneuerbare-Energien-Gesetz (EEG)

In Deutschland ist das Erneuerbare-Energien-Gelsetzentrale Baustein zur Umsetzung der Nutzung
erneuerbarer Energiequellen. Es trat am 4. ApfiD4a Kraft (BMU, 2000) und wurde unter EEG 2004,
EEG 2009, EEG 2012, PV-Novelle, EEG 2014 und EEG720eiterentwickelt (EEG). Im Wortlaut
besagt das Gesetzt: ,, Ziel dieses Gesetzes ighdnteresse des Klima- und Umweltschutzes eine
nachhaltige Entwicklung der Energieversorgung mudglichen und den Beitrag Erneuerbarer Energien
an der Stromversorgung deutlich zu erhéhen...". Blasielle Ziel des Gesetzes ist es den Anteil der
Stromversorgung aus erneuerbaren EnergiequelleR0B8 auf 80 % auszubauen. Dafir sollte eine

technologische Weiterentwicklung in diesem Bereistangetrieben werden.

2.1.3 Prozessphasen der Biogaserzeugung
Biogas gehort zu den Klima und Umwelt schonendethiviéen der Energiegewinnung (Nallathambi
Gunaseelan 1997). Dabei entstehendes Biogas wirdidlErzeugung von Kraft, Warme und Strom

verwendet (Weiland 2010).

Biogas ist ein Gasgemisch, welches als ein Protlakteinem anaeroben mikrobiellen Abbau der
Biomasse entsteht. In dem Prozess sind eine Vielzaarschiedlicher Mikroorganismen beteiligt mit

einer noch hoéheren Anzahl biochemischer Reaktiamah physikalisch-chemischer Einflussgréf3en
(Nielsen und Angelidaki 2008). Die Hauptkomponertea Gasgemisches sind Methan (50 -75 %) und
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Kohlendioxid (25 — 50 %). Aber auch andere Gase,auim Beispiel Wasserstoff, Schwefelwasserstoff
und Ammoniak, entstehen wahrend des ProzessesBildieng von Methan aus der Biomasse kann

durch die folgende Gleichung beschrieben werdeei¢Gling 1).

C.H,O,N,S; + YH,0 - xCH, + nNH3 + sH,S + (¢ — x)CO0, Gleichung 1

Die Koeffizienten sind definiert als (Deublein ugteinhauser 2011):

x=1/8(4c+h—20—3n—2s) Gleichung 2

y=1/4(4c —h—20+3n+ 2s) Gleichung 3

Der Biogasbhildungsprozess lauft in vier Phasen iadb wird durch zahlreichen mikrobiologische,
biochemische und physikalische Prozessgrof3en battiDie dabei beteiligten Mikroorganismen sind
oft strikt anaerob, wie zum Beispi€lostridia und Bifidobacteriaceag aber fakultativ anaerobe
Mikroorganismen sind teilweise auch in dem Prozadgsy, wie zum BeispielStreptokokkerund

Enterobakterien In Abbildung 1 sind Prozessphasen und die bgteili Mikroorganismengruppen

dargestellt.
Kohlenhydrate, Proteine, Fette  —
HYDROLYSE L, Wasserstoff
Kohlendioxid
C
2 Monozucker, Aminosauren, Fettsauren
(O]
£
@ ACIDOGENESE
© L
C Q.
ﬁn i-/n-Buttersdure, Propionsaure, i-/n- g
S Valeriansdure, Capronsaure, Alkohole, Q
o Wasser )
0 (o)
D %
@ ACETOGENESE =

Essigsaure, Wasser

acetoclactisch @ METHANOGENESE

Methan, Kohlendioxid,
Schwefelwasserstoff, Wasser

l

I

Methanogene
Archaeen

l

Abbildung 1: Stufen des anaeroben BiomassenablzaalsBatstone at al., (2002).
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Die erste Phase des Prozesses ist die Hydrolyisgebdie komplexen Verbindungen des Substrates in
ihre einfachen Bausteine umgewandelt werden (Wara). €015). Die langkettigen Kohlenhydrate
werden durch Hydrolasen, wie zum Beispiel CellulaGellobiase und Xylanase, in die kurzen
Bausteine zerlegt. Die Proteine werden durch diee@sen zu Aminosauren, wahrend die Fette durch

die Lipasen zu Fettsauren abgebaut werden (Gleggma, 5, 6).

CeH1,04 —» 3C0, + 3CH, Gleichung 4
Ci,H,4,06 +3H,0 - 45C0,+7.5CH, Gleichung 5
C13H250,N3S8 + 6H,0 — 6.5 CO, + 6.5 CH, + 3NH; + H,S Gleichung 6

Die Geschwindigkeit der Hydrolyse ist von der Sudigusammensetzung, Molekulgrofie,
Mikroorganismenaktivitdt und den technologischemzBssbedingungen abhangig. Zum Beispiel
braucht der Abbau der Kohlenhydrate nur wenige &uonbis auf die Ausnahmen von Cellulose und
Hemicellulose, welche sehr langsam und nicht véntidig abgebaut werden konnen. Die Hydrolyse

von Fetten und Proteine dagegen dauert mehrere Tage

Die zweite Phase der Biogasherstellung ist die égéhese. Hierbei werden die Hydrolyse
Abbauprodukte zu organischen S&uren mit der Kettgyd G-Cs umgewandelt. Dabei entstehen i-/n-
Buttersaure, Propionsaure, i-/n-Valeriansaure usglgsaure. Die einfachen Zucker werden als erstes
zum Pyruvat und dann durch Milchséaurebakterien Milchsaure oder durch Hefe zum Ethanol
umgewandelt. Dabei entstandene Fettsauren werdeitweise zu Essigsaure abgebaut. Aminosauren

werden zu Essigsaure, Ammonium und Kohlendioxicehhgt.

Die dritte Phase ist die Acetogenese, bei derss@gbildenden Mikroorganismen aktiviert werden. Sie
wandeln die Zwischenprodukte aus der AcidogeneskEsiigsaure um. Alle acetogene Bakterien
produzieren neben der Essigséure auch WasseEstotpezieller Fall stellt die Bildung der Essigsiu
aus Kohlendioxid und Wasserstoff dar. Dies ges¢hieinch homo-acetogenen Bakterien, wie zum
Beispiel Acetobacterium woodii (Cheng 2018). In Tabelle 1 sind chemische Rea&tioder

Essigsaurebildung dargestellt.

15



Tabelle 1: Chemische Reaktionen der Acetogenese.

Chemische Name Chemische Reaktion

Kohlendioxid/ Wasserstoff | 2C0, + 4H, - CH;COOH + 2H,0

Propionséure CH3(CH,)COOH + 2H,0 — CH3;COOH + CO, + 3H,
Buttersaure CHs(CH,),COOH + 2H,0 — 2CH;COOH + 2H,

Valeriansaure CH3(CH;)3;COOH + 2H,0 —» CH3;COOH + CH3;CH,COOH + 2H,
Isovaleriansaure (CHs),CHCH,COOH + HCOsH + H,0 — 3CH;COOH + 5H,
Capronsaure CH;(CH,)4,CO0H + 4H,0 — 3CH3COOH + 5H,

Glycerin CgHgO3 + H,0 —» CH;COOH + 3H, + CO,

Milchsaure CH;CHOHCOOH + 2H,0 — CH;COOH + HCO3 + H* + 2H,
Ethanol CH;(CH,)OH + H,0 — CH;COOH + 2H,

Die letzte Phase des Biogasprozesses ist die Megkearse. In dieser Phase sind ausschlieflich strikt
anaerobe Mikroorganismen aktiv, welche die gebéid@wischenprodukte in Methan umsetzen. Dieser
Prozessschritt kann auf verschiedene Arten umgesetrden. Zum Beispiel, produzieren
hydrogenotrophe Methanbildner Methan aus Wassénstof Kohlendioxid, wahrend acetoclactische
Methanbildner Essigsaure spalten. Die chemischexktR@men der Methanogenese sind in Tabelle 2

dargestellt.
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Tabelle 2: Chemische Reaktionen der Methanogenese.

Substrat-Typ Chemische Reaktion

Kohlendioxid 4H, + HCO; + H* - CH, + 3H,0

und CO, + 4H, - CH, + 2H,0

Wasserstoff 4HCOO™ + H,0 + H* - CH, + 3HCO3

Essigsaure CH;C00™ + H,0 - CH, + HCO3

Methanol 4CH;0H — 3CH, + HCO; + HY + H,0

CH;0H + H, —» CH, + H,0

2CH;CH,0H + CO, » CH, + 2CH;COOH

Bei den typischen landwirtschaftlichen Biogasantaggolgt die Methanbildung aufgrund der hohen
Raumbelastung hauptséchlich aus Wasserstoff. DienBelastung gibt an, wie viel von organischer
Trockensubstanz dem Fermenter pro Zeiteinheit unteifsvolumen zugefuhrt werden kann

(Gleichung 7).

By = V:;;O [kg oTS m=3d~1] Gleichung 7

Br ist die Raumbelastung,die Konzentration der organischen Substf@eoTS], m ist zugefiihrte
Substratmasse pro Zeiteinhe[ktgd™] und V; ist das Reaktorvolumenm3]. Bei den
Hochlastfermentern mit kurzen Verweilzeiten (Gleioh 8) entsteht Methan zu 70 % durch die

Spaltung der Essigsdure und zu 30 % aus Wasserstoff
HTR = VVR [d] Gleichung 8

HTRist die hydraulische Verweilzeit; das Reaktorvolumejm3] undV ist das taglich zugefiihrte

Substratvolumenstrofm3d—1].

2.1.4 Prozessgrolien der Biogasherstellung
Typischerweise finden die vier Stufen des anaeroB@&massenabbaus bei einer einstufigen

Fermentation parallel statt und laufen mit unteestiichen Geschwindigkeiten ab, wodurch das
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dynamische Verhalten des Prozesses von der Sunstaatmensetzung abhéangt. Die dabei beteiligten
Mikroorganismen vereinen sich in komplexe Lebensgjasthaften (Sekiguchi et al. 2001). Dies macht
die Prozessdarstellung sehr komplex, da eine \hékma verschiedenen ProzessgréfRen bericksichtigt
werden missen. Praktische Erfahrungen zeigenetesguverlassige Prozessbeschreibung nur erreicht
werden kann, wenn die komplette Prozesskette vonSastratzugabe bis hin zu den in allen
Prozessphasen gebildeten Zwischenprodukten evfasstDas macht die Uberwachung und Steuerung
des Prozesses komplex und sehr zeitintensiv. DieeBsgrolRen konnen in zwei Gruppen aufgeteilt
werden: die biologisch-chemischen ProzessgréRerdignderfahrenstechnischen Prozessgroéf3en. Die
ProzessgroéRRen sind voneinander abhéngig und laidesehr komplexes Netzwerk. Zu den biologisch-
chemischen ProzessgrofRen gehdren Substratzusantnueigs&eaktionsgeschwindigkeiten, pH-Wert,
Nahrstoffversorgung der Mikroorganismen, Konzeimdrader Zwischenprodukte, wie zum Beispiel
organische Sauren und Ammoniak. Eine zentrale Rodie dem Prozess spielen die gebildeten
Zwischenprodukte. Diese koénnen das Wachstum unde dAktivitat  bestimmter
Mikroorganismenstamme wahrend der Prozessphasem&eiff-rancisci et al. 2015), was die Bildung
unerwinschter Produkte oder sogar den Prozess&bbengrsachen kann. Die verfahrenstechnischen
ProzessgroRen umfassen Raumbelastung, Verwedmeiirt der Durchmischung, Prozesstemperatur
und Sauerstoffkonzentration im Fermenter und stediime technologische Voraussetzung fir den
Prozess dar. Diese haben ebenfalls einen direktdtugs auf das Wachstum und die Aktivitat der
Mikroorganismen (Karakashev et al. 2005)Eine besm@Gruppe verfahrenstechnischer Prozessgrofien
bilden die hydraulische Verweilzeit und Raumbelagiuwelche zu den so genannten variablen
ProzessgroRen gehéren und diese koénnen variabepestiit werden, solange die
Substratzusammensetzung konstant angehalten winter Wiesen Bedingungen sind die beiden
ProzessgréRen miteinander gekoppelt. Eine Entkagpkann durch die Rickfihrung des Géarstoffes

erreicht werden.
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2.2 Materialien und Methoden

2.2.1 Herkunft experimenteller Daten

Die Datengrundlage der vorliegenden Dissertatioramstt aus dem Verbundprojekt
,,Prozessmikrobiologie in landwirtschaftlichen Biogakgerf. Das Projekt wurde von dem
Bundesministerium fir Erndhrung und Verbraucherschsowie dem Projekttrager Fachagentur
Nachwachsende Rohstoffe e.V. (FNR) unterstitzt,Fdielerkennzeichen der Teilprojekte sind FKZ
22028911 und FKZ 22010711 (Dr. Michael Klocke, Llwib Institut fur Agrartechnik und
Biodkonomie, Potsdam). Das Ziel des Projektes varden Einfluss der Prozessgrof3en auf das
Wachstum und die Aktivitat der mikrobiologischerbbeasgemeinschaften zu untersuchen. Das Projekt
.Biogas-Enzyme*, mit dem Forderkennzeichen FKZ 22027 (Dr. Monika Heiermann, Leibnitz
Institut fur Agrartechnik und Biodkonomie, Potsdarbefasste sich mit der Erfassung der
experimentellen Daten im Rahmen des Gesamtprojeki2ie Analyse der untersuchten
landwirtschatftlichen Biogasanlagen wurde nach demtéchen Standard VDI 4630 durchgefuhrt (VDI-
Fachbereich Energietechnik, 2016). Die Biogasamag&den im Laufe von 18 Monaten wochentlich
beprobt. Fur diese Dissertation wurden die Offlisestlaten verwendet, gemessen bei einer
Biogasanlage mit mesophilen Prozessbedingungen.eDagsetzte Substrat setzte sich aus Mais,
Grassilage, Rindergulle und Schweinemist zusamriamn.zur Verfigung gestellte Datensatz umfasste
15 unabhéngigen Prozessgroé3en und eine abhéngigeifie, die Biogasausbeute. Alle Prozessgrof3en
bis auf die Ausnahme der hydraulischen Verweil@ditdraulic retention time, HRT) wurden offline
experimentell bestimmt. HRT wurde zusatzlich benethDie verwendeten Prozessmessgrofien sind in

Tabelle 3dargestellt.

Table 3: Die verwendeten Prozessmessgrof3en.

ProzessgrofRen ProzessgréRen (Abkirzung) Einheit
Deutsch Englisch

Essigsaure Acetic acid (AcA) gl?
Saure Detergentien Faser Acid detergent fibre (ADF) g kgtvs?
Saures Detergentien Lignin Acid detergent lignin (ADL) g kg'Vvs?
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Alkalitat (Flichtige organische

Sauren/ Hydrogencarbonatpuffer

Alkalinity ration (FOS/TAC)

Ammoniak Ammonium (NH*-N) gl?
n-Buttersaure n-butyric acid (nBA) glt
Iso-Buttersaure iso-butyric acid (iBA) gl?

Gesamttrockensubstanz Total solids (TS) % Fresh matter (FM)

Hydraulische Verweilzeit Hydraulic retention time (HRT) | day

Neutrale Detergentien Faser Neutral detergent {iiEF) g kgtvs?
Fluchtige Substanzen Volatile solids (VS) % TS
Organische Raumbelastung Organic loading rate (OLR) | kg VS m3d*
Propionsaure Propionic acid (PA) gl?
n-Valeriansaure n-valeric acid (nVA) glt
Iso-Valeriansaure Iso-valeric acid (iVA) gl?

Im Rahmen des Projektes (,,Biogas Biocoenosis" RFR2010711, Dr. Michael Klocke, Leibniz-
Institut fur Agrartechnik und Biobkonomie e. V.,tBdam) und ,Biogas-Enzyme" (FKZ 22027707, Dr.
Monika Heiermann, Leibniz-Institut fir Agrartechnind Biotkonomie e. V., Potsdam)) wurden

mehrere Datensétze bei den untersuchten Biogassnéaboben und ausgewertet.

2.2.2 Datensimulation mit Hilfe des ADM1 Modells

In der Literatur gibt es eine Reihe verschiedened®le, welche fir die Simulation physikalischer,
chemischer und biologischer Prozesse verwendet emufdauwers et al. 2013). Im Bereich der
Biogasherstellung wurde das erste Mod&ttiivated Sludge Model 1 (ASMDereits im Jahr 1987 von
Henze et al. vorgestellt. Das Prinzip de&SM1Modells ist die Grundlage der erweiterten und expéat
vorgestellten Modelle, wie zum Beispidictivated Sludge Model No. ASM2) (Henze 2007),
Benchmark Simulation Model No(BSM2 (Rosen et al. 2006) undnaerobic Digestion Model
No.1(ADM1) (Batstone 2002pas bekannteste Modell in Bereich der Biogashlusig istAnaerobic
Digestion Model No.XADM1). Dieses Modell wurde von den Wissenschatftlaus verschiedenen

Fachbereichen im Auftrag d8WA Task Group for Mathematical Modelling of AndgiroDigestion
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Processesntwickelt und im Jahr 2002 veroffentlicht (Bated®002). ADM1 beschreibt die vier Phasen
des anaeroben Abbaus der Biomasse bis zur Bildong Biogas. Die dazu gehérigen hemmenden
Reaktionen werden fiir jeden Prozessschritt sepasathrieben. Die Berechnungen beziehen sich auf
den chemischen Sauerstoffbedarf. Diese GroRRe lmeistidie Abbaubarkeit der Biomasse unter den
angegebenen Prozessbedingungen. Das Modell igraniyund kann an einen konkreten Prozess unter
Berlicksichtigung der Substratzusammensetzung und @mperatur (thermophiler oder mesophiler
Prozessfiihrung) angepasst werden (Derbal et al9;2B@amirez et al. 2009). Der allgemeine

Prozessablauf des anaeroben Abbaus ist in Abbil@utaygestellt.

Substrat
| l ‘,

Kohlenhydrate Proteine Fette

o

— Zucker Fettsduren

A

— Aminosauren

v

Valeriansaure
& Buttersaure

—» Propionsdure |«

> Essigsaure Wasserstoff

W

Methan &
Kohlendioxid

Abbildung 2: Prozess des anaeroben Abbaus in ADMh Batstone et al., 2002.

Fir die Simulation der Prozessdaten in dieser Disen wurde das in Benchmark Simulation Model
No 2 (BSM2) integrierte ADM1 Modells verwendet (Roset al. 2006). Mit diesem Modell kann der
Prozessverlauf fur 100 - 300 Tage mit einer Fregwem 20 Simulationsmesswerten pro Tag in einem
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Fermenter mit 3400 hsimuliert werden. Die Substratzusammensetzung wkwdénuierlich variiert.
Es wurde zwischen der Gllle und Grassilage gewéciie Daten fur die Substartcharakterisierung
wurden aus der Literatur genommen (Wichern et @92 Zhou et al. 2011). Mit Hilfe des Models
wurden die Konzentrationen an gebildeten Zwischahykten, Biogasausbeute, Kohlenstoffdioxid und

Wasserstoff simuliert.

2.2.3 Vorhersage der Biogasausbeute mit Hilfe mathentagrsilodelle

Fur die Vorhersage der Biogasausbeute wurden &naad nicht lineare mathematische Modelle
verwendet, wie zum Beispiel Regressionsmodelle uiidstliche neuronale Netze. Wobei die
Regression der partiellen kleinsten Quadrate @dréast Square Regression, PLSR) zu den linearen
mathematischen Modellierungsverfahren zahlt, w&ahrdre lokal gewichtete Regression (Locally
Weighted Regression, LWR) und kunstliche neurohitze (Artificial Neural Networks, ANN) nicht

lineare Modelle darstellen.

PLSR ist ein multivariates mathematisches Verfahben dem Pradiktoren auf eine kleinere Gruppe
von unkorrelierten Komponenten minimiert werdenb®awird eine Regression der kleinsten Quadrate
fur diese Komponenten anstelle der urspringlichate® berechnet. Der Vorteil dieses Models im
Vergleich zu der Hauptkomponentenanalyse (Princpainponent Regression, PCR) ist, dass die
Korrelation zwischen den unabhdngigen Prédikatared der abhangigen vorhergesagten GrofR3e
bertcksichtigt wird. Dabei wird die Anzahl der Rkadoren reduziert, indem nur die Pradikatoren,

welche mit der vorhergesagten Grofl3e am starkstealiaen, in dem Modell berticksichtigt werden.

PLSR wird oft fir die Vorhersage chemischer, bidoger und pharmazeutischer Gréf3en verwendet,

um die Korrelation und die Zusammenhange zwiscleen@ ollen zu untersuchen.

Das Leave-One-Out Kreuzvalidierungsverfahren (LOQ@-Kvurde in dieser Dissertation verwendet,
um die Giite der PLSR Modelle zu quantifizieren. Dia$ der Kreuzvalidierung ist das Uberpriifen von
Modellen, wenn nur wenige Daten zum Kalibrieren @iedten zur Verfligung stehen. Dabei wird die
Datenmatrix in einzelne Teilmengen aufgeteilt, \weldlr die Kalibrierung und andere fur den Test
verwendet werden. LOO-KYV ist eine spezielle Art, der die Anzahl der Proben gleich der Anzahl der

Teilmengen ist. Somit wird jede Probe einmal zunst@e verwendet, was eine Uberpriifung jeder
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Teilmenge ermdglicht. Die Anzahl der Hauptkompoeenin den Modellen wurde variiert, um die
optimale Modelldimension zu ermitteln. Die Vorhegsawurde anhand der simulierten Daten
durchgefuhrt. Fur die Bewertung der Vorhersagekdsit Modelle wurden zwei Modelparameter
herangezogen, die Wurzel der mittleren Fehlerqusdname (Root Mean Square Error, RMSE) und
das BestimmtheitsmaR (Coefficient of Determinatigf), Die Berechnung beider GroRen ist in den

Gleichungen 9 und 10 dargestellt.

RMSE = \/(Zﬁzl(ﬁ - ys,k)z) /n Gleichung 9

R? = 1= (Zhea (5 = ¥es)”) / (Zher (s = 9)°) Gleichung 10

¥sk ist ein simulierter oder gemessener Messweidf der Mittelwert dey;;, Werte undy, ist der

vorhergesagte Wert.

Die lokal gewichtete Regression (LWR) ist ein sples statistisches Modellierungsverfahren, bei dem
die Regression auf der so genannten ,lokalen Ebdmeshgefiihrt wird. Dieses Verfahren wird fur die
Daten verwenden, bei denen aufgrund der vorhandeiogm linearen Zusammenhange eine lineare
Regression der gesamten Datenmatrix nicht mogdicibabei wird fiir jede Probeir der Datenmatrix
eine bestimmte Anzahl der nah liegenden Punkteal@golPunkte) ausgewahlt. Jeder Punkt wird
gewichtet in Anhangigkeit der Distanz zu b dieser Dissertation wurde der Abstand zwisctien

einzelnen Punkten anhand der ,Mahalanobis Distaeréchnet (Gleichung 11).

DX, =JE =T FZ-) Gleichung 11
Dabei bedeutdd der Abstand zwischetiundy und} ! die Wichtungsmatrix.

Die gewichteten Werte werden bei der Regressiofidisichtigt — daher der Name die ,gewichtete
Regression“. In dieser Dissertation wurde die lek&egression anhand der Hauptkomponenten
durchgefuhrt. Die Anzahl der lokalen Punkte und Aieahl der Hauptkomponenten wurden in den

Modellen variiert. Die Vorhersagekraft der beredbne Modelle wurden mit Hilfe der oben

beschriebenen GroRen, RMSE urfd évaluiert.
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Weitere in dieser Dissertation verwendete nichédne mathematische Modelle sind die kinstlichen
neuronalen Netze (Artificial Neural Networks, ANNANN wird fur die Modellierung komplexer

mathematischer Probleme verwendet, bei denen dieran Verfahren versagen. ANN sind dem
menschlichen Gehirn nachempfinden. Ein neuronakdg Nt aus einzelnen Neuronen (auch Knoten

genannt) aufgebaut. Ein schematischer Aufbau &iiestlichen Neurons ist in Abbildung 3 dargestellt.

AUSGANG
EINGANG GEWICHTE

Yo

Xo > Wy /
NEURON Akt1V1erEngsfunkt10n . Y

X1 > Wq > 7= Zwixi y —f(X) \
Y
x, . W, /' n

\ ) A
OFFSET

Abbildung 3: Aufbau eines Neurons.

Alle Neuronen sind miteinander Uber die Kanten waden und kdnnen somit den Informationsfluss
gewahrleisten. Jede Kante hat eine bestimmte Whghtabhangig von der Verbindungsstéarke. Die
Neuronen werden in Schichten angeordnet. Man wfteiget zwischen Eingangsneuronen (input),
versteckten (hidden) Neuronen und den Ausgangsnenr(utput). Die Input-Neuronen stellen die
gesamte Input-Schicht dar. Sie nehmen Informat@nauf3en auf und leiten sie modifiziert weiter. Die
versteckten Neuronen befinden sich zwischen deantdnmd Output-Schichten und bilden eine Art
internes Muster ab. In der Output-Schicht werdenAdisgabewerte des ANN zur Verfiigung gestellt.
Neuronale Netze kdnnen verschiedene Struktureneasiw. In der vorgelegten Dissertation wurde ein
zweischichtiges Feed-Forward neuronales Netz méresigmoid-Funktion in der versteckten Schicht
und einer linearen Funktion in der Ausgangsschigrwvendet. Aufgrund der Sigmoid-Funktionen

kdnnen nicht lineare Zusammenhange beschriebereweRle Sigmoid-Funktion ist in Gleichung 12

dargestellt.
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fG)=1/A+e™) Gleichung 12

Fir die Modellberechnung wurde die Datenmatrixrgi dnabhéngige Datensatze aufgeteilt: Trainieren
mit ca. 70 % aller Daten, Validierung mit 15 % dgaten und Testen mit 15 % der Daten. Die
Validierung diente zur Verhinderung des Ubertraims der Modelle. Im Training wurden die

Wichtungsfaktoren der Netze berechnet. Mit dem-Dedensatz wurde die Glte der Modelle berechnet.

2.2.4 ACO und GA zur Evaluierung der Prozessgrol3en

Zu den haufig verwendeten Methoden, um die kompierathematischen Optimierungsprobleme zu
l6sen, gehdren metaheuristische Techniken, wie Baispiel der Ameisenkolonieoptimierungs-
algorithmus (Ant Colony Optimization, ACO) (Dorigmd Blum 2005) und der genetische Algorithmus
(Genetic Algorithm, GA) (Goldberg und Holland 1988)CO und GA wurden nach dem Vorbild aus
der Natur abgeleitet. ACO bildet das biologischet&y der Ameisenkolonie ab, welche auf der Suche
nach Nahrungsquellen ist. Auf dem Weg zur Nahrund muriick hinterlegen die Ameisen eine
Pheromonspur, welche als ein Kommunikationssigialdfe anderen Ameisen dient. Alle Ameisen
laufen mit gleicher Geschwindigkeit und hinterlassmit der gleichen Wahrscheinlichkeit eine
Pheromonspur. Da das Pheromon verdunstet, enthdiégemm haufigsten genutzten Strecken zur
Nahrungsquelle am meisten Pheromon und sind eotsgmd kiirzer. Dieses Verfahren stellt das
grundlegende Prinzip des ACO-Algorithmus dar. In DBessertation wurde eine diskrete Version des
ACO-Algorithmus als eine  Methode der ProzessgrofekBon verwendet. Die
Pheromonkonzentration wurde fiir jede Prozessgrofizela berechnet und zusétzlich fir jede
Wiederholung aktualisiert. PLSR wurde fir die Baraang der Modelle verwendet. Der verwendete
ACO Algorithmus hat vier Phasen: (0) Initialisiegyn(1) Berechnung, (2) Wiederholungen und (3)
Ergebnisse. Das FlielRdiagram des Algorithmus igthbhildung 4 dargestellt. In der 0. Phase werden
die Modellparameter und EingangsgréRen definieie. D Phase umfasst die Modellberechnung und
die Bestimmung der besten Ergebnisse fur die ausgém ProzessgroRen. In der 2. Phase werden die
besten Ergebnisse, d. h. die besten Ameisen wendemeinander verglichen und bestimmt. In den
Wiederholungsschleifen wird die Pheromonkonzerargjieder ProzessgroRe aktualisiert. Die 3. Phase

stellt die besten Ergebnisse in Form der optim&l@mbinationen der Prozessgrof3en dar.
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ja

Phase 3

. e
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Modelleingangsgréfen

Berechnung der Modelle, Bestimmung der
besten RMSE

Kombinationen der ProzessgréfRen
Berechnung der Modelle
Evaluierung der Funktion

Aktualisierung der Pheromonkonzentration

Darstellung der besten Ergebnisse

Abbildung 4: FlieBschema des ACO Algorithmus.

Der genetische Algorithmus (GA) ist ein anderedwaiatisches Verfahren, das oft fir die Optimierung
komplexer Probleme verwendet wird. Im Grunde wuedeson der Evolutionstheorie von Charles
Darwin ,,Uberleben des Starkeren “ und den Merateda Gesetzen der Genetik inspiriert. Der GA
wurde in den sechziger Jahren von John H. Hollardestellt (Goldberg und Holland 1988). Der
genetische Algorithmus beschreibt eine kinstlichpuRation mit einer Reihe evolutiondrer Vorgange,
wie Mutation, Selektion und Rekombination. Das Z&ldie besten Eigenschaften der Individuen zu
extrahieren und deren Eigenschaften an die Folgegdonen zu vererben. Der Vorteil dieses

Verfahrens ist, dass kein Vorwissen oder problemifipehe Information bendtigt wird, um die

optimalen Losungen zu finden. Ein schematischeaéfiatines GA ist in Abbildung 5 dargestellt.
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Abbildung 5: Schematischer Ablauf des genetischigoithmus.

In der Initialisierungsphase wird die erste Generader Individuen zufallig erzeugt. Jedem Individu
werden entsprechend seiner Gite Werte der Fitnddgin zugeordnet und die Abbruchkriterien
getestet. Sind die Abbruchkriterien erflillt, werdfie Ergebnisse dargestellt; anderenfalls werden di

Gene rekombiniert und mutiert. Danach wird ein medyklus durchlaufen.

Der in dieser Dissertation verwendete GA enthielder 0. Population (Initialisierungsphase) 256
Individuen. Diese wurden mit Hilfe der Rekombinasoperatoren und Mutation 100 Generationen

optimiert. Die Auswahl der besten Individuen basiewuf der Evaluierung der RMSE Ergebnisse der

berechneter PLSR Modelle.
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The aim of this study was to develop a fast and robust methodology to analyse the biogas
production process. The Anaerobic Digestion Model No.1 was used to simulate the co-
digestion of agricultural substrates. Neural network models were used to predict the
biogas flow rate. With the help of the ant colony optimisation algorithm, the significant
process variables were identified. Thus the model dimension was reduced and the model
performance was improved. The achieved results showed that the approach gave a reliable
way to analyse the biogas production process with respect to the significant process var-
iables. This methodology could be further implemented to control the biogas production
process and to manage the substrate composition.
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1. Introduction
1.1.  Anaerobic digestion

The production of biogas is an important part of the renew-
able energy supply system (Weiland, 2010). Furthermore, it
has proved to be a feasible energy supply technology with
development capacity and environmental advantages
(Fehrenbach et al.,, 2008). Biogas production is based on
anaerobic digestion (AD) of biomass and is characterised
through a complex microbiological structure. The product of
the process is a gas-mixture consisting mainly of methane

* Corresponding author.
E-mail address: t.beltramo@uni-hohenheim.de (T. Beltramo).
http://dx.doi.org/10.1016/j.biosystemseng.2016.01.006

1537-5110/© 2016 IAgrE. Published by Elsevier Ltd. All rights reserved.

(CH,4, 55—70%) and carbon dioxide (CO,, 30—45%). The main
compound, methane, has a high energy potential and can be
used for heating and electricity production purposes. The
biogas production efficiency can be estimated with respect to
the activity of the methane-producing microorganisms. Their
growth and activity depend on many ambient conditions,
such as substrate composites, temperature, pH, and the in-
terdependences between the microbial populations. One of
the most used parameters to evaluate AD processes is the
biogas production rate. This process parameter is directly
correlated with the development of the methane-producing
microbial populations and characterises the effectiveness of
their activity. There are research studies describing the
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Nomenclature

Abbreviation Description

ACO Ant colony optimisation

AD Anaerobic digestion

ADM1 Anaerobic digestion model No.1
ANN Artificial neural networks

BSM2  Benchmark simulation model No.2
CH, Methane

COD Chemical oxygen demand

CO, Carbon dioxide

MLP Multi-layered perceptron

MLR Multiple linear regression

ODE Ordinary differential equations
PCR Principal component regression
PLS Partial least square regression
R? Coefficient of determination

RMSE (c/p) Root mean square error (calibration/
prediction)

Saa Amino acids

Sac Acetic acid

Sta Long chain fatty acids (LCFA)
S; Inert solutes

Shim Inorganic nitrogen

SNV Standard normal variate

Seu Monosaccharides

UASB  Upflow anaerobic sludge blanket digestion
X Composites

Xch Carbohydrates

X; Inert particulates

Xy Lipids

Xpr Proteins

dependence of the biogas production rate on the ambient
conditions, with respect to the microorganisms which
breakdown biomass to CH; and CO, (Amon et al.,, 2007,
Biernacki, Steinigeweg, Borchert, & Uhlenhut, 2013). There-
fore the measurement of the biogas production rate repre-
sents a proper approach to evaluate the entire AD process.

1.2 Simulation modelling

In recent years, mathematical modelling has become a wide-
spread technique to optimise and to control diverse AD pro-
cesses. There are many theoretical models describing AD
systems by defining its biochemical, biological and physico-
chemical processes. The most used model is the Anaerobic
digestion model No. 1 (ADM1), developed by the IWA Task
Group for ‘Mathematical Modelling of Anaerobic Digestion
Processes’ (Batstone et al., 2002). This model was basically
created to simulate AD of sludge from waste water treatment
plants. Later modifications of the model have developed ADM1
into a major AD modelling approach successfully applied to
different digestion systems (Lauwers et al., 2013). ADM1 de-
scribes the most important process steps from substrate
degradation up to biogas accumulation, using dynamic bal-
ances, kinetics and acid-base equilibria equations. Such re-
actions as decomposition of organic acids, ammonia and

30

bicarbonate as well as stripping of methane and carbon diox-
ide are described in the model. The ADM1 model is universal
and can be adjusted for specific processes. There are many
applications of ADM1 in the literature, e.g. a modified ADM1
model for AD of the grass, maize, green weed silage and agro-
waste application (Biernacki et al., 2013; Gali, Benabdallah,
Astals, & Mata-Alvarez, 2009), ADM1 for AD of cyanide-
containing substrate (Zaher et al., 2006) as well as applica-
tions of ADM1 for mesophilic and thermophilic conditions
(Wichern et al., 2010). There is also an application of ADM1
used as an optimisation tool to improve the biogas production
rate with respect to the identification of optimal rates for the
different solid waste streams and the corresponding hydraulic
retention times (Zaher, Jeppson, Steyer, & Chen, 2009). In this
regard ADM1 has proved to be a feasible technique to simulate
different types of AD systems with respect to various sub-
strates and different ambient conditions.

1.3.  Artificial neural networks

Artificial neural networks (ANN) represent a popular method
to model the relationships within complex structures, such as
biological systems. ANN makes it possible to reveal the
interdependence patterns within the biological system
without previous knowledge about metabolic and kinetic
processes of the system (Haider, Pakshirajan, Singh, &
Chaudhry, 2008). The ANN models are data-driven, approxi-
mating the non-linear relations between the independent
input process variables and the dependent output variable.
The development of the neural logic was inspired by the
central nervous system of animals, in particular the brain.
ANN describes a structured system with a number of inter-
connected neurons ordered in layers. The frequently used
structure of the neural networks is the multi-layered percep-
tron (MLP), which consists of input, hidden and output layers.
In comparison to other regression methods (Kessler, 2007)
such as the multilinear regression (MLR), the principal
component regression (PCR) and the partial least squares
regression (PLS), ANN methodology enables a more reliable
approximation of the relations between the input variables,
such as substrate composites, feed rate and the predicted
output variable (Gueguim Kana, Oloke, Lateef, & Adesiyan,
2012). Its advantage is the non-linear sigmoid function at the
hidden layer, which provides a computational flexibility in
comparison to the linear regression methods and provides an
accurate prediction performance of the desired variable
(Hitzmann & Kullick, 1994; Hitzmann, Ritzka, Ulber,
Schongarth, & Broxtermann, 1998).

This powerful tool has also proved to be useful for the
evaluation and optimisation of anaerobic digestion processes
(Ward, Hobbs, Holliman, & Jones, 2007). ANN has also been
used to optimise the biogas production from a waste digester
(Abu Qdais, Bani Hani, &, Shatnawi, 2010; Holubar et al., 2000)
and to control the anaerobic digestion process (Holubar et al.,
2002). Kana et al. employed ANN to evaluate the biogas pro-
duction on sawdust and other co-substrates (Gueguim Kana
et al., 2012). Also the prediction of trace compounds in
biogas (Strik, Domnanovich, Zani, Braun, & Holubar, 2005) and
prediction of the methane fraction from field scale landfill
bioreactors (Ozkaya, Demir, & Bilgili, 2007) has been
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performed with the help of ANN. Neural logic has also been
used to simulate the biological hydrogen production in an
upflow anaerobic sludge blanket digestion (UASB) (Mu & Yu,
2007). In view of the described implementations, neural logic
has proved to be an effective methodology to evaluate and to
optimise AD processes.

1.4. Ant colony optimisation

Ant colony optimisation (ACO) is a recently represented
optimisation algorithm (Blum, 2005) and describes one of the
most popular swarm intelligence techniques. The develop-
ment of this method was inspired by insect colonies which
possess an outstanding social structure. The basis of the al-
gorithm is the structure of the ant's natural behaviour looking
for food. On their way to the food source and back to the nest
they leave a pheromone trail. The pheromone trail serves as
an indirect means of communication between the ants,
identifying the pathways to the food source. All the ants move
with the same speed and spread pheromone at the same rate.
The pheromone evaporates at a constant rate as well. Hence
the shortest pathways will be mostly used and contain
accordingly the highest concentration of pheromone
(Allegrini & Olivieri, 2011). This principle of the “shortest path”
is used by the ACO algorithm. The described methodology has
already been applied successfully in many scientific fields. It
was used to solve sequential problems like the travelling
salesman problem (Dorigo & Gambardella, 1997; Dorigo &
Schutze, 2004). In the medical field ACO has been imple-
mented for solving problems in protein folding (Shmygelska &
Hoss, 2005) and for prediction of major compatibility complex
(MHC) class II binders (Karpenko, Shi, & Dai, 2005). In bioin-
formatics the ACO approach has been employed to optimise
multiple sequence alignment (Moss & Johnson, 2003). It has
also been used as an optimisation solution in food science for
characterisation of wheat flour (Ranzan et al., 2014) as well as
a non-invasive control of pH and lactate in porcine meat
(Nache, Scheier, Schmidt, & Hitzmann, 2015). The interdisci-
plinary application of ACO has shown it to be a widely suitable
methodology, with potential to be applied to the optimisation
of AD processes.

The aim of this study was to develop a fast and reliable
approach to analyse the biogas production process with
respect to the biogas flow rate. The developed methodology
should represent a simple tool to be applied to real processes.
In this work the ADM1 model was used to generate data so
that its complexity could be compared with the developed
methodology. The optimisation technique is used to identify
the significant process variables, which can simplify the
model dimension and improve prediction performance. In
practice, it will reduce the analytical time and costs and can be
used to manage the substrate composition.

2. Material and methods
2.1. Simulation of the co-digestion of multiple substrates

For data generation, a modified version of ADM1 (Rosen &
Jeppsson, 2006) was used. The implemented model is based

on the ADMI1 structure (Batstone et al, 2002), which is
embedded in the benchmark simulation model No.2 frame-
work (BSM2). ADM1 is consistent with BSM2. The calculations
are based on the units of kg COD (chemical oxygen
demand) m~3. The implementation in Matlab® Simulink
platform was performed using ordinary differential equations
(ODE). The simulation model includes 19 process rate equa-
tions, 6 acid-base rate equations, 3 gas transfer rate equations
and corresponding inhibition balances. The water phase
equations are provided for both soluble and particulate mat-
ter, including 32 equations. The gas phase equations are pre-
sented for hydrogen, carbon dioxide and methane gases. The
simulation was performed for 100 days with a frequency of 20
simulation points per simulation day. The co-digestion of
cow-manure and grass-silage was modelled. The feed charge
of the substrates was varied in a defined sequence. The
volumetric flow rate was 170 m*® d ' and the volume of the
liquid phase was 3400 m®. The dilution rate was not varied
during simulation. Further information about the steady state
parameters have been given by Bornhoft, Hanke-
Rauschenbach, and Sundmacher (2013). Cow-manure sub-
strate was loaded into the fermenter on days 0, 30, 60 and 85.
Grass silage was loaded on days 15, 45, 70 and 90. The input
variables describing the substrates used were taken from the
literature (Wichern et al., 2010; Zhou, Loffler, & Kranert, 2011)
and are presented in Table 1.

2.2.  The signal noise

The measurements in practice always contain an undesirable
part of the signal, the noise. Noise can appear through an
inappropriate analytical method, through the interference of
the equipment, or human factors can influence the mea-
surements. In contrast to this, the simulation models repre-
sent an ideal reproduction of the real system containing the
known interactions of system components and predictable
development steps. In order to enable a theoretical model to
reflect a real system, a certain noise factor should be neces-
sarily integrated into the simulation model. In this work
Gaussian noise of 5% was included. The probability density
function p(z) is represented as a normal distribution Eq. (1).

p@) =1, g T (1)

where p describes the mean value, z is the random variable
and o the standard deviation. For the generation of noise in
the simulated data, the standard Matlab® function random
was used.

2.3. Data pre-processing

Data pre-processing represents a prior step performed before
any data-based analysis (Wold, Sjostrom, & Eriksson, 2001).
For our purposes, a normalisation method was used. Equa-
tions (2) and (3) represent the mathematical computation
employed in the normalisation procedure, which is called the
standard normal variate method (SNV).

Xinorm = (Xl - X)/G(Xl) (2)
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Table 1 — The ADM1 input variables.

Variable Abbreviation Unit Cow-manure Grass-silage
Composites Xe kg COD m 3 10.1 10.1
Carbohydrates Xen kg COD m 3 29.6 47.9
Proteins Xpr kg COD m 3 7.1 14.7
Lipids Xy kg COD m 3 5.9 15
Inert particulates X; kg COD m 3 46.5 30.9
Monosaccharides S kg COD m~3 13.4 0
Amino acids Saa kg COD m 3 3.4 0
LCFA St kg COD m—3 0.9 0
Acetic acid Sac kg COD m 3 0 2.6
Inorganic nitrogen Sin kmol N m~— 0.2 0
Inert solutes S; kg COD m 3 7.1 24

Gi\/zn:(Xif)z/(nl) (3)

i=1
where X; is a simulated value including the addition of noise,
and X is the mean value of X;. The computed o represents the
standard deviation of X;.

2.4. Computational platform

The computing of models and further treatment of the
simulation data was performed on Matlab® Version 7.10
(2010a) (The MathWorks Inc., Natick, USA) on a processor
AMD Phenom ™ II X2 B57 with 3.2 GHz platform.

2.5.  Artificial neural networks
An artificial neural network consists of neurons ordered in
layers, an input layer, a hidden layer and an output layer.
The input neurons represent the independent process var-
iables. The output neuron is the dependent predicted pro-
cess variable, in this case the biogas flow rate. The hidden
layer transforms the input information. The number of
hidden layers as well as the number of hidden neurons can
be varied in order to get the best model structure and to
improve its prediction performance. The ANN model used
was a two-layer feedforward network with a sigmoid
transfer function in the hidden-layer and a linear transfer
function at the output-layer. The training was performed
using the Levenberg—Marquardt backpropagation algorithm
imbedded in the Matlab® Neural Networks Toolbox. The
sigmoid transfer function at the hidden layer has an
advantage, that also the non-linear behaviour of the process
can be predicted. It takes the input (any values between plus
and minus infinity) and squashes the output into the range
0—-1 (Hagan & Demuth, 2002) as it is shown in equation
Eq. (4).
f(x) = 1/(1+ exp™) @
The data-set was split into three independent data-blocks,
the training data (70% of the data, the first 70 days), the vali-
dation data (15% of the data, days 71-86) and the test data
(15% of the data, days 87—101). The training data-set was used
to adjust the models according to the error. The validation
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data was used to measure the network generalisation and to
stop the training before overfitting. The test-set was used for
the prediction. The calculated models were evaluated ac-
cording to two statistical model parameters, the root mean
square error (RMSE), which represents the accuracy of the
prediction models, and the coefficient of determination (R?),
which estimates the model robustness. Equations (5) and (6)
illustrate the computation methodology of the model

parameters.
<§ _YS.1)2> /n

RMSE = J(inl
e (S0 ) /(S0 )

where y refers to the predicted value, ys ; represents simulated
value and ¥ is the mean value of ys;. The element n gives the
number of samples. RMSE and R? were computed for training,
validation and test models.

()

()

2.6.  Ant colony optimisation as a variable selection tool
The implemented ACO algorithm is a discrete version
(Ranzan et al., 2014). The ACO algorithm was used to perform
the variable selection. The basis of the ACO approach is a
random factor, which correlates directly with the function of
the pheromone trail concentration. Thus the pheromone
concentration represents an independent source for the
variable evaluation. It is calculated and updated for each
variable after each iteration step. Thus only the variables (s)
with a high pheromone trail concentration (vector p) were
selected out of available variable (N) (Allegrini & Olivieri,
2011). The selection probability of a variable prob(n) is
described in Equation (7).

N

prob(n) = p(n) zp(n) )

For the calculation of the models the partially least square
regression (PLSR) method was used. The ACO algorithm is
performed in four phases, the initiation phase (0), the
calculation phase (1), the cycles (2) and the results (3). In the
Oth phase all specifications are defined, such as the default
variables, the model type, initial pheromone concentration
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Table 2 — ACO model specifications.

Used regression model

Number of principal components

Number of input variables

Number of ants

Number of iterations

Initial pheromone trail
concentration

Evaporation rate per iteration

Partial least square regression
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and pheromone evaporation rate, the input variables, the
number of ants, the number of iterations and the principal
components number. In the 1st phase, the objective function
is solved and the initialisation of best global output variables
is performed. The 2nd phase represents a number of itera-
tions, where the best ants with the best used variable com-
binations are selected and compared with the best global
stored. In the 3rd phase, the results are presented. The ACO
model specifications are shown in Table 2.
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Fig. 1 — Evolution of amino acids, LCFA, monosaccharides and acetic acid. The simulation was performed for 100 days using
ODE implemented in ADM1 model with a frequency of 20 simulation points per simulation day with respect to 5% noise.
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Fig. 2 — Evolution of proteins, lipids, carbohydrates and composites. The simulation was performed for 100 days using ODE
implemented in ADM1 model with a frequency of 20 simulation points per simulation day with respect to 5% noise.
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Table 3 — ANN prediction of biogas flow rate using 11

input neurons.

Number of hidden neurons 10 3 1
Iterations 14 48 46
RMSE training [%] 5.08 5.52 5.8
RMSE validation [%)] 5.02 4.97 4.9
RMSE test [%] 491 5.10 5.8
R? training [-] 0.93 0.92 0.9
R? validation [-] 0.91 0.91 0.91
R? test [] 0.92 0.91 0.89
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3. Results and discussion
3.1. Simulation results

The co-digestion of cow-manure and grass-silage substrates
with a definite feed sequence during 100 days was performed
using the modified version of ADM1. The dynamic evolution of
the variables used for the further biogas flow prediction as
well as time evolution of the biogas flow are presented in Figs.
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Fig. 3 — Evolution of inert solutes, inert particulates, inorganic nitrogen and biogas flow rate. The simulation was performed
for 100 days using ODE implemented in ADM1 model with a frequency of 20 simulation points per simulation day with

respect to 5% noise.
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Fig. 4 — ANN regression results of biogas flow rate prediction using 11 input neurons and 10 hidden neurons. Here the
regression results of training [1], validation [2], testing [3] and all data [4] are represented.
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1-3. The dynamic evolution of amino acids, sugars, acetic acid
and total LCFA are presented in Fig. 1.

In Fig. 2 the dynamic evolution of proteins, lipids, carbo-
hydrates and particulate composites is shown.

Table 4 — Input variables with the corresponding
pheromone concentration.

Variable name Abbreviation Pheromone concentration

i) The dynamic evolution of inert solutes, inert particulates,

Inert solutes Si 04 inorganic nitrogen and the biogas flow rate are presented in
Inert X; 0.71 Fig. 3.

particulates
Acetic acid Sac 0.74 L. A .
Inorganic S 0.74 3.2.  The ANN prediction of the biogas flow rate using

nitrogen eleven process variables
Sugars S 0.76
Composites Xe 0.78 The prediction of the biogas flow rate was performed with the
Lipids X s help of multilayer ANN models using 11 input neurons. The
;(;1:1_1;0 acids ::Z 8::; number of hidden neurons was varied to identify the best
Proteins Xor 0.87 model structure. The prediction results are shown in Table 3.

Carbohydrates Xen 0.95 The models with 11 input neurons and 10 hidden neurons
performed the best prediction (Table 3). Here the RMSE was
5%, and the R? reached 0.92. The regression performance of
the ANN models using 11 input variables and 10 hidden neu-

Table 5 — Prediction of biogas flow rate using 5 input rons are shown in Fig. 4.

neurons, whose pheromone concentration was higher

than 0.8. 3.3.  ACO-optimised ANN prediction of the biogas flow
Number of hidden neurons 10 3 1 rate

Number of iterations 14 13 19

RMSE training [7] 5.4 5.5 6.05 The accumulation of the pheromone trail was used as a
il 491 > >-32 quality feature to identify the significant process variables.
RMSE test [%] 5.35 5.1 5.6 . . .
g 0.1 0.01 0.89 The compu.ted‘ pheromone concentration of ‘the input vari-
@ welickivem 0.91 0.89 0.89 ables was distributed in range of 0.69—0.95 units. The process

R? test 0.91 0.89 0.88 variables acetic acid, inorganic nitrogen, inert solutes as well
as inert particulates had the pheromone concentration in
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Fig. 5 — ANN regression results of biogas flow prediction optimised with ACO using 5 input neurons and 3 hidden neurons.
Here the regression of training [1], validation [2], testing [3] and all data [4] are presented.
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Table 6 — Prediction of biogas flow rate using 3 input

neurons, whose pheromone concentration was higher
than 0.85.

Table 7 — Prediction of biogas flow rate using 3 input
neurons, whose pheromone concentration was less than
0.74.

Number of hidden neurons 10 3 1
Number of iterations 11 18 37
RMSE training [%] 5.72 5.81 6.18
RMSE validation [%)] 5.34 5.25 6.18
RMSE test [%] 5.52 5.22 6.1
R? training 0.9 0.89 0.89
R? validation 0.91 0.91 0.89
R? test 0.9 0.88 0.88

Number of hidden neurons 10 3 1
Number of iterations 28 42 30
RMSE training [%] 9.3 11 11.04
RMSE validation [%)] 8.84 9.66 10.01
RMSE test [%] 9.45 10.35 10.05
R? training 0.71 0.66 0.57
R? validation 0.72 0.61 0.51
R? test 0.61 0.61 0.56

range of 0.69—0.74 units. The calculated pheromone concen-
tration of sugars and composites was between 0.75 and 0.8
units. The process variables amino acids, LCFA, carbohy-
drates, proteins and lipids had pheromone concentration
higher than 0.81 units. The selected process variables with the
corresponding pheromone concentration are presented in
Table 4.

Concerning the results of the ACO variable analysis the
first step of the variable reduction was performed, selecting
the input variables, whose pheromone concentration was
higher than 0.8 units. Here the amino acids, LCFA, carbohy-
drates, proteins and lipids were used to predict the biogas flow
rate. Despite reduction of the number of input variables, a
good prediction of the biogas flow rate could be achieved
(Table 5). Nevertheless the RMSE was generally higher and the
R? lower in comparison to the models with 11 input variables.
The best prediction of the biogas flow rate was done using 3
hidden neurons. Here the calculated error of the test models
was 5.1%, while the R? reached 0.89 (Fig. 5).
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The second step of the variable reduction was performed
using the variables with a calculated pheromone concen-
tration greater than 0.85 units using amino acids, carbohy-
drates and proteins as inputs. The further reduction to 3
input neurons was successful and the best prediction was
done using 3 hidden neurons (Table 6). Here the computed
prediction error was 5.22%, while the R? reached 0.88
(Fig. 6).

For the evaluation purpose the prediction of the biogas flow
rate was done using the process variables with the lowest
pheromone concentration. Here inert solutes (0.69), inert
particulates (0.71) and acetic acid (0.74) were selected. The
prediction performance of the models using these process
variables, whose pheromone concentration was lower, was
less successful (Table 7). The RMSE of regression models was
greater than 10% and the R? lower in comparison to the ANN
models with the variables having a high pheromone
concentration.
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Fig. 6 — ANN regression results of biogas flow rate prediction optimised with ACO using 3 input neurons and 3 hidden
neurons. Here the regression of training [1], validation [2], testing [3] and all data [4] are presented.
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Fig. 7 — The dynamic evolution of the biogas flow rate performed with the ANN using 11 input neurons and 10 hidden
neurons [1]; using 5 input neurons and 3 hidden neurons [2]; using 3 input neurons and 10 hidden neurons [3]; using 3 input
neurons with the lowest pheromone trail concentration and 10 hidden neurons [4].

The metaheuristic method used has proved to be a feasible
tool to identify the significant process variables, based on the
correlation with the output variable. The models using the
less significant process variables showed less successful pre-
diction performance in comparison to the models using the
significant process variables. The dynamic evolution of the
biogas flow rate of the calculated models is presented in Fig. 7.

For evaluation purposes, a prediction of the biogas flow
rate with respect to different substrate compositions for 50
days was done. The substrates are represented in Table 8. The
used ANN model included three input neurons, here amino
acids, carbohydrates and proteins and 3 hidden neurons. The
biogas flow rate was used as the output neuron. The input
data were split into three blocks, here training (70%, first 35
days), validation (15%, days 36—42) and testing (15%, days
43-50). The best and more or less constant biogas output was
achieved using the substrate composition S2. The substrate
composition S1 provided a strongly deviating biogas output,
while the substrate composition S3 showed a periodic varia-
tion of the biogas flow rate (Fig. 8).

The achieved results showed the developed approach to be
a fast and feasible method to analyse bioreactor performance
with respect to the biogas flow rate. The implemented ANN
models could successfully predict the dynamic evolution of the
process using a simple model structure in comparison to the
ADM1 models. The ADM1 models include 19 process rate
equations, 6 acid-base rate equations, 3 gas transfer rate
equations, inhibition balances and 32 water phase equations
for soluble and particulate matter. The ADM1 models require
11kinetic parameters and rates to be additionally estimated for
each metabolic process. The ANN models however are data-
driven and can predict the variable evolution without any
knowledge of the metabolic and kinetic processes of the sys-
tem. In comparison to other implementations of the ANN
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models, the used ANN models have a low number of input
neurons and hidden neurons. For example Ozkaya used 8 input
neurons and 15 hidden neurons to predict the methane frac-
tion (Ozkaya et al., 2007), Sahinkaya used 6 input neurons and
20 hidden neurons to predict sulphate, acetate and sulphide
concentration (Sahinkaya, Ozkaya, Kaksonen, & Puhakka,
2007). The implemented ACO algorithm provides a novel
approach in the context of variable analysis and has not been
previously implemented with AD systems. Other authors have
used genetic algorithms to optimise the ANN models (Abu
Qdais et al., 2010; Gueguim Kana et al., 2012; Sahinkaya et al.,
2007). In this work the ACO approach was implemented to
select the significant process variables with respect to the
correlation with the biogas flow rate. Thus a systematic vari-
able reduction could be performed. An effective variable se-
lection enabled the ANN models to predict the biogas flow rate
using three input neurons and three hidden neurons. Thus the
developed approach represents a fast and robust evaluation
method, which can be used to predict biogas flow rate and to

Table 8 — Substrate compositions.

Days S1 S2 S3

0 Corn silage Cow manure Cow manure
5 Corn silage Grass silage Corn silage
10 Cow manure Grass silage Grass silage
15 Cow manure Cow manure Cow manure
20 Grass silage Grass silage Corn silage
25 Grass silage Grass silage Grass silage
30 Corn silage Cow manure Cow manure
35 Cow manure Grass silage Corn silage
40 Grass silage Grass silage Grass silage
45 Corn silage Cow manure Cow manure
50 Grass silage Grass silage Corn silage
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Fig. 8 — Prediction of biogas flow rate with respect to different substrate compositions. [S1] and [S3] co-digestion of corn
silage, cow manure and grass silage with different feed sequences; [S2] co-digestion of cow-manure and grass silage.

identify the significant process variables. The developed
approach could be used as a tool to assist the management of
substrate composition, for example to identify the best
possible substrate components and the feed sequence. The
process variables identified as important can be directly used
for the prediction of the process performance with respect to
the biogas output enabling a fast and easy way to analyse the
biogas process, potentially saving time and costs.

4. Conclusion

The aim of the study was to develop an evaluation tool able to
analyse the biogas production process with respect to the
biogas flow rate. The ADM1 model was applied for data gen-
eration and for comparison with the simpler ANN approach
used here. The advantage of the ANN models is that they are
data-driven and don't need any prior knowledge about the
process kinetics. The implemented optimisation tool was used
to evaluate the process variables and to identify the significant
ones. It helped to minimise the model dimension and to
improve its prediction performance. The developed method-
ology can be used for the evaluation of the real biogas pro-
duction processes, to identify the significant process variables
and potentially reduce the analytical costs and time. Thus the
operating engineer could use simple models to evaluate the
feed composition and improve the process output.
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ABSTRACT

This paper presents a fast and reliable approach to analyze the biogas production process
with respect to the biogas production rate. The experimental data used for the developed
models included 15 process variables measured at an agricultural biogas plant in Germany.
In this context, the concentration of volatile fatty acids, total solids, volatile solids acid
detergent fibre, acid detergent lignin, neutral detergent fibre, ammonium nitrogen, hydrau-
lic retention time, and organic loading rate were used. Artificial neural networks (ANN)
were established to predict the biogas production rate. An ant colony optimization and
genetic algorithms were implemented to perform the variable selection. They identified
the significant process variables, reduced the model dimension and improved the predic-
tion capacity of the ANN models. The best prediction of the biogas production rate was
obtained with an error of prediction of 6.24% and a coefficient of determination of R? = 0.9.
© 2019 China Agricultural University. Production and hosting by Elsevier B.V. on behalf of
KeAi. This is an open access article under the CC BY-NC-ND license (http://creativecommons.

org/licenses/by-nc-nd/4.0/).

1. Introduction

Biogas belongs to the renewable energy sources, which under-
went a worldwide expanding technological development over
the last decades. The basis of the biogas production is anaer-
obic digestion (AD) and subsequent biomethanation of bio-
mass and organic wastes, e.g. from husbandry or industrial
production processes. AD is a complex process involving
complex microbial consortia with numerous metabolic pro-
cesses and kinetic reactions [1,2]. While the biogas production
is a complex and long lasting biological process, the use of the
conventional analytical methods, e.g. according to German
VDI norm 4630 [3], is time- and equipment-consuming and,
hence, expensive. Numerous process variables must be taken
into consideration and be controlled to evaluate the process.

* Corresponding author.
E-mail address: tanja.beltramo@gmail.com (T. Beltramo).
Peer review under responsibility of China Agricultural University.
https://doi.org/10.1016/j.inpa.2019.01.002

Mathematical modelling represents a quick and cheap
alternative to the conventional analytics, among others espe-
cially chemometric methods and metaheuristics. These pow-
erful tools are helpful to identify the process structure and to
analyze the correlations between the process components
without any prior knowledge about the process correlations
[4]. One of the most popular mathematic methods applied
for the optimization of biological systems are the artificial
neural networks (ANN) [5,6]. In agricultural sciences it was
used for visual identification of orange varieties [7], to detect
plant diseases [8], to improve milk service platform [9] and to
estimate the biophysical variables [10]. This approach was
successfully implemented in field of AD systems in order to
predict the process intermediates, to optimize the bioreactor
performance and to improve the process conditions. As an
example, Strik et al. used ANN to predict the trace com-
pounds in biogas from anaerobic digestion [11]. Here the
ANN models were successfully used to predict hydrogen

2214-3173 © 2019 China Agricultural University. Production and hosting by Elsevier B.V. on behalf of KeAi.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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sulfide and ammonia concentrations in biogas under dynam-
ical conditions. The developed approach can be used to con-
trol and to reduce the toxic trace compounds in fuel cells.
In terms of the prediction of the bioreactor performance,
Sahinkaya et al. implemented the neural networks to analyze
the thermophilic sulfidogenic fluidized-bed reactor [12],
which help to control the operational conditions improving
the process cycles. Also based on ANN, Ozkaya et al. predicted
the methane fraction in biogas [13]. Here the anaerobic diges-
tion process was evaluated using the leachate characteristics
measured in two different time periods used to predict the
biogas output. Kanat et al. evaluated the biogas production
rate [14] using the ANN models based on the data measured
by steady-state and abnormal process conditions to control
the thermophilic bioreactors. Bernari et al. used an auto-
mated medium scale prototype for anaerobic co-digestion of
olive mill wastewater [15]. The described implementations
of ANN used for the modelling of biogas digestion process
based on different process variables used for control and eval-
uation either of the separate process parameters or of the
entire process, proved to be a reliable technique to optimize
and to control AD processes. In comparison to other existing
models, such as the anaerobic digestion model No.1 (ADM1)
[16], neural networks have a simple structure. The ADM1
model includes 19 process rate equations, six acid-base reac-
tions, three gas transfer reactions, a number inhibition bal-
ances and over 30 water phase equations for soluble and
particulate matter. Moreover, ADM1 requires a number of
kinetic parameters and rates need to be estimated for each
process. Thus the complexity of the microbiological degrada-
tion processes limits the application to a certain course of the
process. In comparison to ADM1, ANN models are data-driven
and do not require any prior knowledge about the kinetics
and the microbiological digestion processes [17]. ANN models
are represented by the multilayered perceptron, that enables
to evaluate the correlation between the independent process
input variables and the dependent output variables without
any prior knowledge about their interrelations.

Metaheuristic techniques, such as genetic algorithms (GA)
[18] and ant colony optimization (ACO) [19] have been applied
to solve complex problems within biological systems. For
example, ACO was implemented in the medical sciences for
solving problems in protein folding. Here ACO was used to
predict the protein conformation based on the amino acids
sequences [20]. The used ACO represents a successful tool
to solve the problems in bioinformatics, where other state-
of-the-art methods failed. In field of bioinformatics, GA was
used to detect recombination problems [21] and to analyze
an enzyme kinetic process [22]. In food science ACO and GA
were implemented for the flour characterization based on
the NIR spectral filter data [23] and to predict pH and lactate
in porcine meat [24]. In agricultural sciences Silalahi et al.
used GA based on infrared spectral data for the identification
of ripeness of oil palm [25], while Mehdizadeh et al. for simu-
lation of greenhouse processes [26]. The interdisciplinary use
of metaheuristics proved it to be reliable optimization tools
and opens the perspective to be also applied for the optimiza-
tion of AD systems.

The main objective of this study was to develop a reliable
tool able to predict the bioreactor performance with respect to
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the biogas production rate. It should improve the biogas pro-
duction process and could select the significant process fea-
tures in order to simplify the analytical evaluation
procedure. The developed methodology represents a fast
and adaptable method to be used for different AD processes
under real conditions based on the real anaerobic digestion
process data. In detail, it should be able to identify the corre-
lations within the process and predict accurately the process
evolution. For this approach, ANN was used to predict the bio-
gas production rate. As variable selection tools, GA and ACO
were applied, which were compared according to their feasi-
bility and usefulness in field of AD optimization. In that
sense, the optimization step is unique due to the algorithm
combination method and the application of ACO for the real
data of an anaerobic digestion process.

2. Materials and methods

2.1.  Origin of experimental data

The experimental data used in this study are off-line mea-
surements collected at a biogas plant in Germany over a
time-period of ten months with a frequency of one sam-
pling per week. The used data originated from the joint
project BIOGAS-ENZYME supported by the German Federal
Ministry of Food and Agriculture (BMEL), grant no.
22027707 [27]. The measurements were done in July 2011
and from February till October 2012. In this biogas plant
four feedstocks, i.e. maize and grass silages together with
pig and cattle manure, were co-digested at mesophilic tem-
perature (42 °C). From digestate samples, the concentrations
of acetic acid, propionic acid, n- and iso-butyric acid, n-
and iso-valeric acid and ammonium (NHj-N) were deter-
mined as well as the contents of total solids (TS), volatile
solids (VS), neutral detergent fibre (NDF), acid detergent
fibre (ADF), the organic loading rate, alkalinity ratio and
acid detergent lignin (ADL). Hydraulic retention time (HRT)
was additionally calculated. The measured variables are
represented in Table 1. TS and VS serve generally as

Table 1 - The measured process variables (measured with a
requency one measurement per week).

Variable name (abbreviation) Unit

Acetic acid (AcA) gl?

Acid detergent fibre (ADF) gkglvs?
Acid detergent lignin (ADL) gkg'vs?
Alkalinity ration (FOS/TAC) -

Ammonium (NH}-N) gl
n-Butyric acid (nBA) gl?
Iso-butyric acid (iBA) gl™?

Total solids (TS) % Fresh matter (FM)
Hydraulic retention time (HRT) day

Neutral detergent fibre (NDF) gkgtvs?
Volatile solids (VS) % TS

Organic loading rate (OLR) kg VSm3d?
Propionic acid (PA) gl

n-Valeric acid (nVA) gl?
Iso-valeric acid (iVA) gl™?
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Fig. 1 - Evolution of the biogas production rate during
sampling period.

reference values for other substrate compounds, such as
proteins, nitrogen and trace elements. ADF, ADL and NDF
describe the content of nutrients. HRT is the average period
that a given quantity of biomass material remains in the
digester. Organic loading rate indicates the quantity of dry
solids loaded per m> of digester volume and unit of time.
Alkalinity ratio indicates the quantity of volatile organic
acids in relation to the buffer capacity of carbonate. Biogas
production rate measured during the sampling period is
presented in Fig. 1. The succession of organic acids, TS,
VS, NDF, ADL, ADF, alkalinity ratio, NH3-N, HRT, and OLR
is shown in Supplementary, Figs. S1-S4.

2.2. Computational platform

For the development of the neural network models the Mat-
lab® Neural Network Toolbox Version 7.10 2010a (The Math-
Works Inc., Natick, USA) provided with a user’'s guide [28]
was used. A Matlab script generated by the Neural Network
Toolbox loaded the data, trained, validated and tested the
models. The data were normalized before application in the
neural network using a script written in Matlab. The imple-
mented optimization tools, here the ant colony optimization
and the genetic algorithm were written in Matlab. All Matlab
scripts are available free of costs from the corresponding
author. The treatment of the experimental data and the
model calculations were carried out on a processor AMD Phe-
nom ™ II X2 B57 with 3.2 GHz.

2.3. Pre-processing technique

Data pre-processing is an essential step of any data analysis
[29]. In this work a normalization method, the standard nor-
mal variate (SNV) was used. Egs. (1) and (2) represent the
mathematical computation of SNV-transformation.

o= \/g (xk —i)z/(n—l)

€y

2

Xk norm = (Xk - X) /‘7

Here xy is a measured value, while x is the mean value of
x¢. The computed ¢ represents the standard deviation of xi.
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2.4.  Artificial neural networks

For the prediction of the biogas production rate, a two layered
feedforward neural network from the Matlab® ANN Toolbox
was applied. The ANN network was trained using the
Levenberg-Marquardt algorithm, embedded in Matlab ANN
Toolbox. ANN included an input layer, a hidden layer with a
sigmoid activation function and an output layer with a linear
output function. A random initialization was used to provide
more accurate prediction results. The sigmoid transfer func-
tion at the hidden layer enables to treat the data with non-
linear features. It takes the input (any values between plus
and minus infinity) and squashes the output into the range
0-1 [30]. The sigmoid activation function is presented in Eq.
(3)-

f(x) =1/(1 +exp ™) 3)

The data of the measured variables were used as input
neurons, while the biogas production rate was calculated by
the output neuron. To identify the optimal model structure
the number of hidden neurons was varied from 3 to 20. The
data set was split into three data sets for training (70%, 28
samples), validation (15%, 6 samples) and test (15%, 6 sam-
ples). The network is trained to find the optimal weights,
which minimize the cost functional. Here the RMSE training
was used as a cost functional and was minimized. The valida-
tion data served to overcome overfitting and is used to stop
training, which was determined by the failure of the error
decrease for six consecutive iterations. Using the test data
the prediction of the biogas production rate was done. The
assessment of the calculated models was done using the root
mean square error (RMSE) and the coefficient of determina-
tion (R?), which are presented in Egs. (4) and (5). RMSE was
used to evaluate the accuracy of the models, while R? to eval-
uate their robustness. Here y, refers to the predicted value,

whereas y, represents the measured value and y is the mean
value of y,. n is the number of samples.

6w ) (3 -9 )

k=1

(Ve - yk)2> /n (4)

RP=1- (5)
RMSE and R? were computed for training, validation and
test models.
2.5.  Metaheuristic methods
For the variable selection purpose two metaheuristic methods
were implemented, the genetic algorithm and an ant colony
optimization. GA represents a mathematical interpretation
of the Darwin’s evolution theory, which is based on the natu-
ral rule of survival and the Mendel’s principles of inheritance
[31]. Due to the selection of the best individuals and further
mutation and cross-over transformation of their genome only
the best qualities will be transferred to the next generation
[32]. In this work, the implemented GA was used to identify
the significant process variables [33]. The principle of the
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GA variable selection is based on the lowest cross-validated
RMSE of the calculated models. Thus, the significant process
variables are those used in the partially least square regres-
sion models (PLSR) with the lowest cross-validated RMSE.
For the applied GA approach the following algorithm param-
eters were set: PLS as regression model type, cross over points
of 2, mutation rate of 0.005, 15 individuals with a population
size of 256 and 100 runs. PLSR is a multivariate statistical tool,
which identifies the latent variables (factors) regarding the
most of variance in data and linear correlation between the
process variables. The cross-over operator is related to the
natural reproduction cross-over and will be set randomly. At
each step GA selects randomly 15 individuals out of a set pop-
ulation during all runs.

The principle of ACO was inspired by natural behavior of
ants seeking for food [23]. They leave on the way to food
and back to the nest a pheromone trail, which serves as a nat-
ural guide for other ants. Accordingly the “shortest ways”
have the highest pheromone concentration and will be fre-
quently used by ants. Hence, the pheromone concentration
can serve as an independent criterion for the variable selec-
tion [19]. In the approach used here, the measured process
variables represent the possible ways to the “food source”,
namely the biogas production rate. The virtual ants use differ-
ent combinations of measured process variables to find out
the best possible solution. The pheromone concentration will
be calculated for each process variable separately and
depends on the quality of correlation with the predicted vari-
able. Generally, pheromone concentration is in range between
0 and 1. The measured process variables, which correlated
best with the biogas production rate and are mostly used by
the virtual ants, have a higher pheromone concentration in
comparison to those correlating less with the predicted vari-
able. The measured variables which had the highest phero-
mone concentration are the ones most important for the
prediction of the biogas production rate. For ACO the follow-
ing algorithm parameters were applied: 100 ants, PLS as
regression method with a principal component number von
1-15, initial pheromone concentration of 10~° and pheromone
evaporation rate of 0.5 per iteration, 50 iterations. Here the
pheromone trail is an independent evaluation parameter,
which will be adapted by ants to determine the solutions to
the problem. It will be updated for each variable separately

regarding the evaporation rate during the ACO implementa-
tion. The implemented ACO algorithm proceeds in three
stages, the Oth stage is the initiation, where the model param-
eters will be set. In the 1st stage the objective function will be
calculated and the best global output variables will be
defined, following by a number of cycles. In the last stage
the results will be presented (Table 2).

3. Results & discussion
3.1.  Ann prediction of the biogas production rate

The input layer of the implemented ANN included 15 neu-
rons, which were represented by the measured process vari-
ables; the number of hidden neurons was varied from 3 to
20 in order to get the optimal model structure. The biogas pro-
duction rate resulted as an output neuron. In general, the
results of 5-20 hidden neurons did not show significant differ-
ences. The best prediction results with a small-dimensioned
model structure are shown in Table 3. The less successful pre-
diction of the biogas production rate is not shown.

As can be seen in Table 3, the prediction of biogas produc-
tion rate using 15 input neurons was successful. The best
results were achieved using 5 and 10 hidden neurons,
although the results obtained with more than 5 neurons are
not significantly different and were not shown. The models
with 10 hidden neurons were more robust and accurate in
comparison to models with 5 hidden neurons. Here the train-
ing RMSE was 4.81% and the training R? was 0.90. The test
RMSE was 9.66%, while the test R? reached 0.80. The evolution
of the predicted biogas production rate done with ANN using
15 input neurons and 10 hidden neurons is presented in Fig. 2.

3.2.  Optimized ANN prediction of the biogas production
rate

The metaheuristic tools implemented in the model were used
to identify the significant process variables and to improve
model performance. The calculated pheromone concentra-
tion served as an independent evaluation criterion to select
the significant process variables. It depends on the correlation
with the predicted biogas production rate. The calculated
value equivalent to the pheromone concentration in the ant

Table 2 — Stages of the ACO algorithm.

Stage

Routines

1. Initiation

Initial pheromone concentration
Model type

Pheromone evaporation rate
Number of ants

Number of iterations

Number of principal components

2. Calculation and iterations

Objective function will be calculated

The best global output variables will be defined

Iterations will be performed

The best ants will be selected and compared with the best stored ones
Update of the pheromone trail

Selection of the best variable combinations

3. Results

Display of the results
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Table 3 - ANN prediction of the biogas production rate using
15 input neurons.

Number of input neurons 15 15
Number of hidden neurons 5 10
Number of iterations 12 8
RMSE training [%] 5.89 4.81
RMSE validation [%)] 13.66 5.15
RMSE test [%)] 13.08 9.66
R? training [-] 0.90 0.88
R? validation [-] 0.46 0.70
R? test [] 0.76 0.80

The results of the prediction were highlighted in bold. Other
results belong to validation and training models.

3500
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Fig. 2 - Prediction of the biogas production rate done with
ANN using 15 input variables and 10 hidden neurons.

model of all variables is shown in Supplementary (Table S1).
The measured process variables with a virtual pheromone
concentration value higher than 0.5 were identified as the
most significant ones. The ACO model identified seven signif-
icant process variables, namely TS, HRT, NDF, ADL, alkalinity
ratio, n-butyric acid, and iso-valeric acid.

The GA algorithm selected nine process variables, namely
HRT, TS, NDF, ADF, ADL, propionic acid, n-butyric acid, iso-
butyric acid, and n-valeric acid. Five process variables,
namely HRT, TS, NDF, ADL, and n-butyric acid were identified
as process relevant by both optimization algorithms.

The selected variables were used for the further prediction
of the biogas production rate. Therefore, nine significant pro-
cess variables selected by GA, seven significant process vari-

ables selected by ACO and five significant process variables
selected by both optimization algorithms were used. The pre-
diction results are presented in Table 4.

Regarding in Table 4 presented results a good prediction
performance could be achieved using a small-dimensioned
model structure. The ACO- and GA-optimized ANN models
showed generally similar results. For the GA-optimized ANN
models more hidden neurons were required. A more accurate
prediction was obtained using the ACO selected process vari-
ables and 10 hidden neurons. Here, the training RMSE was
3.53%, while the training R? was 0.98. The test RMSE was
10.37%, and the test R? was 0.83. The models with the signif-
icant process variables selected by both algorithms showed
the best result. Here, the best model performance was
achieved using 5 input neurons and 5 hidden neurons. The
training models had RMSE of 3.49% and an R? of 0.98. By the
test models RMSE was reduced to 6.24%, the R? reached 0.9.
The regression performance of the GA-ACO-optimized ANN
models is shown in Fig. 3.

The dynamic evolution of the predicted biogas production
rate done with the optimized ANN models are shown in
Figs. 4-6.

The achieved results proved the implemented approach to
be a feasible methodology to analyze the biogas production
process. The implemented ANN models predicted success-
fully the biogas production rate. In contrast to the approach
used in this study, previously published studies used more
complex ANN to achieve a good prediction performance in
context of biomethanation processes. For example, Ozkaya
et al. used eight input neurons and 15 hidden neurons to pre-
dict the methane fraction of biogas [13]. In another study pub-
lished by Sahinkaya et al., six input neurons and 20 hidden
neurons were required to predict sulphate, acetate and sul-
phide concentrations in a thermophilic sulfidogenic
fluidized-bed reactor [12]. In our study we applied five input
neurons and five hidden neurons to predict the biogas pro-
duction rate. Thus, an effective simplification of the model
dimension was done due to the implemented optimization
algorithms. In addition, the used metaheuristics enabled an
accurate variable selection by defining the significant mea-
sured process variables. The approach using an ACO algo-
rithm is unique in the field of assessment of AD systems.
Several publications used a genetic algorithm to optimize
ANN models. Abu Qdais et al. used GA to optimize the
methane output of the bioreactor and to define the best

Table 4 - Prediction results done using the optimized ANN models.

GA optimized

ACO optimized GA-ACO optimized

Number of input neurons 9 9
Number of hidden neurons 10 15
Number of iterations 14 12
RMSE training [%] 6.98 13.90
RMSE validation [%] 11.68 13.89
RMSE test [%] 13.70 11.86
R? training [-] 0.95 0.85
R? validation [] 0.62 0.74
R? test [-] 0.80 0.89

7 7 5

5 10 5

16 13 18
11.21 3.53 3.49
6.97 7.07 3.30
12.37 10.37 6.24
0.94 0.98 0.98
0.56 0.56 0.96
0.75 0.83 0.90

The results of the prediction were highlighted in bold. Other results belong to validation and training models.
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Fig. 3 - Regression performance of the GA-ACO-optimized ANN models: (1): training; (2): validation; (3): test; and (4): all data.

operational conditions while Gueguim Kana et al. (2012)
applied GA to improve the biogas production on saw dust
and other co-substrates [34,35]. The use of two optimization
algorithms, namely ACO and GA, was aimed to assess their
feasibility in field of variable selection by AD systems. Thus
five significant measured process variables could be identi-
fied, which enabled an accurate prediction of the biogas pro-
duction rate. Thus, the developed approach represents a fast
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Fig. 4 - Prediction of the biogas production rate calculated
using the GA-optimized ANN with nine input neurons and
15 hidden neurons.

and robust method to analyze the process evolution. In com-
parison to other commonly accepted models, such as ADM1,
the methodology developed in this study requires only a
small number of process variables to perform a successful
evaluation of the process. In contrast to it, ADM1 needs a
comparatively huge number of process variables and kinetic
parameters as well as rates additionally determined for each
kind of substrate, that makes its application complex.
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Fig. 5 - Prediction of the biogas production rate calculated
using the ACO-optimized ANN with seven input variables
and 10 hidden neurons.
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Fig. 6 - Prediction of the biogas production rate calculated
using ACO-GA optimized ANN with five input variables and
5 hidden neurons.

4. Conclusion

The approach developed in this study represents a fast and
reliable method to evaluate the biogas production process.
Herewith the evaluation and prediction of typical process
variables namely the biogas production rate could be per-
formed. For the prediction of the biogas production rate,
ANN models were implemented. The used ANN models had
a simple structure [36] performing a robust and accurate pre-
diction of the biogas production rate. The optimization tools
were used to evaluate the process variables selecting the sig-
nificant ones. The used variable selection tools made it possi-
ble to reduce the model dimension and to improve its
performance. The best results were gained using ACO-GA
optimized ANN models. Here the prediction error was
reduced to 6.24% and R? increased to 0.90. The developed
approach can be further used to develop an on-line control,
which will help to improve the process conditions and to pre-
vent possible process failures. The variable evaluation tools
can support the operating engineer with information about
the main process correlations. The developed approach
demonstrates that ANN in combination with GA and ACO
optimization tools showed reliable results in evaluation of
the biogas production rate. Here the neural logic could predict
the process development, while the optimization tools could
improve the prediction capacity by selection of the significant
process variables. Moreover, for the modelling a small num-
ber of data sets was required. This strategy can be used as a
control operator to evaluate the process development based
on the measured data. It can be used as an alternative
approach to replace the computationally intensive and
time-consuming ADM1 as well as to speed up the simulation
procedure of biological processes [37]. Another way to use the
developed approach is to evaluate the composition of the sub-
strates. The intelligent model can rapidly estimate the best
process conditions, accurately analyzing the process variables
regarding the complex non-linear process behavior. It will
help to improve the process development, to gain the highest
biogas output, saving time, costs and to avoid the time-
consuming and expensive analytics. The developed approach
can be used for different AD processes regarding chemical
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and technical influence coefficients. Nevertheless, it is recom-
mended in future studies to focus on the evaluation of the
effects of the individual input variables. For that a more elab-
orated data is required.
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This research represents an evaluation study of the linear and non-linear mathematical methods applied to
predict the biogas flow rate in anaerobic digestion processes. The anaerobic digestion model No.1 was used to
generate the process data. For the prediction of the biogas flow rate the partially least squares regression, the
locally weighted regression and the artificial neural networks were used. Two metaheuristic tools, here a genetic
algorithm and an ant colony optimization algorithm were applied to improve the prediction models. They
carried out the variable selection procedure. The implemented mathematical models could successfully perform

the prediction of the biogas flow rate. Nevertheless, more robust and accurate prediction of the biogas flow rate
was done with the help of the artificial neural networks. Here the error of prediction was about 9% while the
coefficient of determination reached 0.97.

1. Introduction

The biogas production is a complex anaerobic digestion (AD) pro-
cess with a high number of microbial populations and metabolites. The
recent scientific knowledge about the process control is not extensive
enough, even for the measurement of biogas production rate or for the
analysis of the concentration of accumulated intermediates (Donoso-
Bravo et al., 2011; Bjornsson et al., 2000). A better process develop-
ment could be achieved, if a reliable process monitoring system was
developed, which could evaluate the entire process with respect to the
microbial activities. The direct monitoring of the microbial activities is
very complicated, but it can be indirectly measured for example by
means of the biogas production rate or other process variables. In lit-
erature there are different mathematical models, which describe the AD
processes, for example the well-established anaerobic digestion model
No. 1 (ADM1). ADM1 was developed by the IWA Task Group for
Mathematical Modelling of Anaerobic Digestion Processes (Batstone,
2002). Primarily ADM1 was used to simulate the AD processes of ac-
tivated and primary sludge. Later it was successfully applied to simulate
the AD processes with respect to different substrates and different re-
actor conditions (Lauwers et al., 2013). For example it was applied for
the agro-waste simulation (Gali et al., 2009), for the anaerobic diges-
tion of grass, maize, green weed silage and industrial glycerin
(Biernacki et al., 2013) as well as for the fermentation of the cattle-
manure and the renewable energy crops (Liibken et al., 2007). Other
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mathematical solutions used for the monitoring of the AD processes are
represented by the chemometric methods, i. a. the regression models
(Kessler, 2008). For example the multilinear regression technique
(MLR) is a classical linear least squares regression method mostly used
for experimental design. Another well-known linear regression tech-
nique is the principal component regression (PCR), which combines the
principal component analysis (PCA) and MLR. The partial least squares
regression (PLSR) is another linear regression method related to PCR,
but differs with respect to the calculated variance (Wold et al., 1984).
For PLSR the correlation between the predicted variables and predictors
will be used, while PCR method considers only the correlation of the
predictors (Grote et al., 2014). The locally weighted regression (LWR) is
a non-linear regression method (Cleveland et al., 1988). The principle
of LWR is based on finding a number of local samples in data, which can
be linearly approximated. The above described regression tools were
successfully implemented in the field of monitoring of the AD processes.
Thus PCR was used to control the sewage sludge anaerobic digester
(Reed et al., 2013) and to predict the effects of toxics in anaerobic
granular sludge (Costa et al., 2009). PLSR was implemented to predict
the total solids in bio-slurry (Thunegbo et al., 2012), to control the
methanogen density (Zhang et al., 2002), to predict the intermediates
in the biogas process (Holm-Nielsen and Esbensen, 2011) and to ana-
lyze the AD process (Beltramo et al., 2014). LWR was used to identify
ammonium and acetate (Dahlbacka et al., 2013) and to analyze the
ammonia removal from the lagoon biogas (Lin et al., 2014).
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Artificial neural networks (ANN) belong to the cognitive sciences
and represent a non-linear statistical learning tool (Wasserman, 1993).
Neural networks belong to a black-box modelling and are used to
evaluate the processes without prior knowledge about the structure or
dependencies within the system (Hitzmann et al., 1997) and a modified
tool in computer aided diagnostics (Wang et al., 2017). The ANN
models were frequently used also to evaluate the AD processes. For
example it was used to predict the biogas production rate (Abu Qdais
et al., 2010; Beltramo et al., 2016), to control the anaerobic digestion
processes (Holubar, 2002), to predict the methane fraction in biogas
(OZKAYA et al., 2007) and to evaluate the trace compounds in biogas
(Strik et al., 2005).

Metaheuristic methods represent a new approach used to solve the
complex mathematical problems, where the conventional methods fail.
These include swarm intelligence or genetic algorithms. The ant colony
optimization (ACO) belongs to the swarm intelligence algorithms
(Dorigo and Blum, 2005) based on the structure of the ant's natural
behavior looking for their food. The ants leave a pheromone trace on
the way to the food, which serves as a communication means for other
ants. ACO was used to investigate the difficulties by protein folding
(Shmygelska and Hoos, 2005) and to calculate the major compatibility
complex (MHC) class II binders (Karpenko et al., 2005). It was im-
plemented as an optimization tool to evaluate the wheat flour (Ranzan
et al., 2014) and to predict the pH level and lactate in porcine meat
(Nache et al., 2015). In the field of anaerobic digestion processes ACO
was used as a variable selection method (Beltramo et al., 2016). An
ACO-GA combined model was used in economic sciences to predict the
corporate bankruptcy (Zhang et al., 2013).

Other popular metaheuristic methods are the genetic algorithms
(GA). The GA approach represents a mathematical interpretation of the
Darwin's evolution theory based on the “survival of the fittest” and the
Mendel's inheritance laws (Whitley, 1994). In this regard the genome of
the best individuals undergoes genetic changes through mutation and
cross-over transformations. As a result, the next generation will be
provided with the best features. In the mathematical sense of view, the
fittest individuals represent the optimal solutions for a definite pro-
blem. GA was also applied to optimize the AD processes, for example to
improve the biogas production on saw dust and other substrates
(Gueguim Kana et al., 2012) and from a waste digester (Abu Qdais
et al., 2010) as well as to simulate the biological hydrogen production
(Mu and Yu, 2007).

The main objective of this research was to investigate the appro-
priateness of different linear and non-linear strategies used for the
monitoring of the AD processes. Furthermore, the evaluation of the
optimization tools according to the feature selection capability was
done. The process development data were simulated by means of a
reliable and well accepted model from the literature. Thereby, the
substrate configuration was varied in order to get a fair comparison to
the real process conditions. The flow chart of the modelling procedure
is presented in Fig. 1.

2. Materials and methods
2.1. Computational platform

For the development of the neural network models the Matlab®
Neural Network Toolbox Version 7.10 2010a provided with a user's
guide (Demuth and Beale, 2000) was used. For the LWR and PLSR
models, the normalization routine, the noise factor and the metaheur-
istic algorithms Matlab scripts were written (The MathWorks Inc., Na-
tick, USA). The treatment of the generated data and the model calcu-
lations were carried out on a processor AMD Phenom ™ II X2 B57 with
3.2 GHz.
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Fig. 1. Flowchart of the modelling procedure.

2.2. Data generation

The modified ADM1 (Rosen et al., 2006) was implemented to gen-
erate the process data (Rosen and Jeppsson). The simulation metho-
dology is presented in Beltramo et al., (2016). The simulation proce-
dure was performed for 50 days of the co-fermentation of three
agricultural substrates corn-silage, cow-manure and grass-silage. The
feed sequence and the substrates flow rate were varied. The input
variables and parameters used to describe the substrate types were
taken from the literature (Wichern et al., 2009), (Zhou et al., 2011). In
Table 1 the used substrates, the sequence of the substrate feed and the

Table 1
Reactor conditions. The flow chart of the ADMI1 is represented in
Supplementary, Fig. S1.

Time range [day] Substrate type Flow rate [m®d 1]

0-10 Corn-silage 100
11-20 Cow -manure 170
21-30 Grass-silage 100
31-35 Corn-silage 170
36-40 Cow -manure 100
41-45 Grass-silage 170
46-50 Corn-silage 100
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substrate flow rates are represented.

2.3. Signal noise

The undesirable signal modifications will be defined as a signal
noise. There are many factors, which can cause the data noise, such as
the inappropriate analytical methods, defective equipment, problems
by the storage or processing of the data. In order to recover the original
data a noise factor will be added to the simulated data. In this work the
Gaussian noise of 10% was added. Its probability density function p(z)
is represented as a normal distribution Eq. (1).

p(z) = (1/032m)e~ /2 Eq. (1)

Here u describes the mean value, while z is the random variable and
o the standard deviation.

2.4. Data pre-processing

Data pre-processing is an important step of any qualitative or
quantitative data analysis (Christen, 2012; Sun, 2009). Data pre-pro-
cessing removes the noise and transforms the data for the better further
information processing. There are numerous pre-processing methods in
literature, depending on the task in data pre-processing. In this work
the standard normal variate (SNV) was used to normalize the data. The
calculation routine of SNV is shown in equations (2) and (3).

Xi,norm = (xi — X)/G Eq. (2)
o= |3 (xi - 02/(n-1)
; Eq. (3)

Here x; is a simulated value including the addition of noise, while X
is the mean value of x;. The computed o represents the standard de-
viation of all x;.

2.5. Partial least square regression

The PLSR models with a leave-one-out cross-validation (cv) tech-
nique were applied to predict the biogas flow rate. The number of
principal components (PC) was varied to get the best model dimension.
In the present work only the best results are shown. The model eva-
luation was carried out using two model quality parameters, the cross-
validated root mean square error (cv-RMSE) and the coefficient of de-
termination (R%). RMSE estimated the prediction accuracy of the cal-
culated models, while R? represented their robustness. The calculation
routines of the model quality parameters are shown in equations (4)

and (5).
RMSE = ( Oy — ys,k)z/n)

(At Eq. (4)
RP=1- (Z (2 _ys,k)z]/(z Oige _37)2]

k=1 k=1 Eq. (5)

Here y, , are the simulated values, y is the mean of y, ,, while y are
the predicted values.

2.6. LWR

LWR is a non-linear regression technique. Its main characteristic is
the regression procedure on the local level (Cleveland et al., 1988),
which removes of the non-linarites from the data set. Thus only the
defined local samples remain in the model, which will be subsequently
linearly approximated. From the mathematical point of view the local
points are the closest points in the score place, calculated according to
the “Mahalanobis distance” principle. The number of the local points
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and the principal components number were varied in order to define
the best model dimension. The evaluation of the LWR models was done
using two model quality parameters, cv-RMSE and R? (Egs. (4) and (5)).

2.7. Artificial neural networks

The structure of the neural network used in this work is described in
Beltramo et al., (2016). The implemented ANN model used a two-layer
feedforward network with a sigmoid transfer function in the hidden
layer and a linear transfer function at the output layer. Training used
the Levenberg-Marquardt backpropagation algorithm imbedded in the
Matlab ® Neural Networks Toolbox. The input neurons represented the
independent input variables. The biogas flow rate was the dependent
output neuron. The generated data were split into three data sets,
training data (70%, days 1-35), validation data (15%, days 36-43) and
test data (15%, days 44-50). The training data set adjusted the models,
while the test data set was used for the prediction. The aim of the va-
lidation data set was to stop the training before overfitting. The number
of the hidden layers and the number of neurons were varied. The
evaluation of the calculated models was done using the model quality
parameters RMSE and the R? (see Eq. (4) and Eq. (5)), which were
computed for the training, validation and test models separately.

2.8. Metaheuristics

The main objective to apply metaheuristic methods in this work was
to improve the model prediction performance. Due to a high number of
process variables existing in biogas production process it is problematic
to provide the relevant process information. The applied optimization
tools performed a smart feature selection procedure searching for the
best process variables and their combinations. In this work two opti-
mization tools were applied, namely an ant colony optimization and a
genetic algorithm. The implemented ACO tool is a discrete type, by
which the variable selection procedure was executed using a random
factor correlated with a pheromone density function (Mullen et al.,
2009). The pheromone concentration, calculated for each process
variable, was a key feature to define the significant process variables.
The pheromone concentration was between 0 and 1. In this work the
process variables with a pheromone concentration higher than 0.5 units
were identified as process relevant. The ACO parameters set in this
research are shown in Table 2. The sequence of the algorithm phases is
presented in Supplementary, Table S1.

GA is another optimization tool used in this research. The G, gen-
eration included 256 individuals with a cross-over rate of 2 and a
mutation rate of 0.005. The algorithm performed 100 runs. The vari-
able selection procedure was based on the evaluation of the best cv-
RMSE results of the calculated PLSR models. The GA parameters are
represented in Table 3.

3. Results and diskussion
3.1. Data generation results
ADM1 was used to simulate the co-digestion of three agricultural

substrates. For comparable results a typical input composition was
chosen, namely a co-digestion of cow-manure, grass silage and corn-

Table 2

ACO parameters.
Number of ants 100
Number of iterations 50
Model type PLS
Initial pheromone concentration 10°°
Evaporation rate 0.5
Principal component number (PC) 15
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Table 3

GA parameters.
Population size 256
Regression method PLS
Response Cross-over
Mutation rate 0.005
Cross-over 2
Number of runs 100
Number of individuals 10

silage. The simulation was performed for 50 fermentation days with a
frequency of 20 simulation points per day. The dynamic evolution of
the biogas flow rate is shown in Fig. 2.

The dynamic evolutions of soluble amino acids, soluble acetic acid,
soluble long chain fatty acids (LCFA), soluble sugars, lipids, proteins
and particulate acetic acid are shown in Figures S1 — S7 (Supplemen-
tary).

3.2. Model optimization

The metaheuristic tools used in this research to optimize the pre-
diction models performed a feature selection, reducing the model di-
mension and providing the implemented models with the significant
process information. The data set included 19 process variables, gen-
erated by ADM1. The process variables used for the prediction of the
biogas flow rate are shown in Table 4.

Accordingly, ACO picked out seven significant process variables,
which pheromone concentration was higher, than 0.5 units (Table S2).
GA selected five significant process variables, which were included in
the models with the lowest cv-RMSE. The process variables soluble
acetic acid, particulate carbohydrates, proteins and lipids were selected
by both optimization tools.

3.3. PLSR prediction results

A lot of PLSR models were calculated for the prediction of the biogas
flow rate. The primary models included 19 process variables as the
input. The optimized models however had seven, five and four sig-
nificant process variables, selected by the optimization tools. For a
better comparison, the PLSR models had the same principal compo-
nents number (PC). The prediction results gained with the help of the
PLSR models are shown in Table 6.

The implemented linear regression models showed good prediction
results. All models were robust with an R® higher than 0.9. The
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Table 4

Process variables. The significant process variables selected by the optimization

tools are represented in Table 5.

Variable name Abbreviation Unit
Soluble sugar Ssu kg COD/m>
Soluble amino acids Saa kg COD/m>
Soluble LCFA Sta kg COD/m?
Soluble valeric acid Sva kg COD/m>
Soluble butyric acid Sbu kg COD/m>
Soluble propionic acid Spro kg COD/m>
Soluble acetic acid Sac kg COD/m>
Soluble inorganic carbon Sic kmoleN/m®
Soluble inorganic nitrogen Sin kmoleN/m>
Soluble composites S; kg COD/m>
Particulate carbohydrates Xech kg COD/m>
Proteins Xpr kg COD/m>
Lipids Xy kg COD/m>
Particulate sugar Xsu kg COD/m>
Particulate amino acids Xaa kg COD/m>
Particulate LCFA X kg COD/m>
Particulate propionic acid Xpro kg COD/m>
Particulate acetic acid Xac kg COD/m>
Inert particulates X; kg COD/m>
Table 5

ACO and GA selected variables.

ACO-selected variables

GA-selected variables

Soluble sugar

Soluble amino acids
Soluble acetic acid
Particulate carbohydrates

LCFA

Soluble acetic acid
Particulate carbohydrates
Proteins

Proteins Lipids
Lipids
Particulate acetic acid
Table 6
PLSR prediction results.
Optimization None ACO GA GA+ACO
Pre-processing SNV SNV SNV SNV
Input variables 19 7 5 4
PC number 3 3 3 3
cv-RMSE [%] 16.34 13.71 12.34 10.19
R* [] 0.92 0.91 0.93 0.94

1
0() 10 20

30 40

Time [d]

Fig. 2. Dynamic evolution of the biogas flow rate.
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accuracy parameter cv-RMSE was higher for the non-optimized models
(16.34%). The optimized PLSR models were more precise with a pre-
diction error of 12.34% for the GA-optimized models and 13.71% for
the ACO-optimized models. Regarding the optimization procedure, the
used GA tool was more appropriate. The best prediction of the biogas
flow rate was done with the four process variables selected by both
optimization algorithms. Here cv-RMSE was 10.19%, while R* reached
0.94. Thus, for the PLSR models the best prediction of the output
variable biogas flow rate was done using the small-dimensioned
models.

3.4. LWR prediction results

The LWR model type is a non-linear prediction method used in this
research to predict the output variable biogas flow rate. This type of
modelling performs the prediction on a local level, searching for several
local points in data, which will be linear approximated. In this work the
number of local points was defined to 500 for all models, excepting the
ACO-optimized LWR models. For the prediction of the biogas flow rate
on the local level the PLSR models were used. For a reliable compar-
ison, the number of PCs in the PLSR models was hold constant of 3 PCs,
excepting the ACO-optimized models with 4 PCs. For the calculation of
the models 19, seven, five and four input variables were used. The re-
sults of the biogas flow rate prediction are represented in Table 7.

As can be seen, all LWR models had a good robustness with an R?
0.93-0.94, except the non-optimized large-dimensioned models with 19
input process variables. Here the R?> was 0.89. In comparison to the
PLSR models, the accuracy of the LWR models was less satisfactory. The
non-optimized large-dimensioned models had cv-RMSE of 18.44%. The
cv-RMSE of the optimized models was comparable with the PLSR
models. The ACO-optimized models had a cv-RMSE of 15.01%, while
GA-optimized models 13.06%. The most accurate prediction was gained
using the ACO-GA optimized models with four input process variables.
Here the cv-RMSE was 12.11%.

3.5. ANN prediction results

ANN represents another non-linear technique used in this research
to predict the biogas flow rate. ANN included the training, validation
and test models. The training models were used to adjust ANN, the
validation models to eliminate the over-fitting and the test models re-
presented the actual prediction of the biogas flow rate. For that reason,
only the evaluation of the test models will be discussed. The input data
contained 19, seven, five and four process variables. The ANN training,
validation and test results are shown in Table 8.

As can be seen in Table 8, the implemented ANN models had con-
vincing results. All ANN models were robust with an R? between 0.96
and 0.97. That proved the ANN models to be able to learn the relation
between the input and output information. The test-RMSE was similar
for the non-optimized and with ACO and GA optimized models. Here
the non-optimized models had a test-RMSE 0f 11.07%, ACO-optimized
12.07% and GA-optimized 11.31%. The most accurate prediction was
done using the ACO-GA selected process variables. Here the test-RMSE
was 9.04%.

Table 7

LWR prediction results.
Optimization None ACO GA ACO+GA
Pre-processing SNV SNV SNV SNV
Variable number 19 7 5 4
Algorithm PLS PLS PLS PLS
Local points number 500 750 500 500
Principal components number 3 4 3 3
cv-RMSE [%] 18.44 15.01 13.06 12.11
R? [] 0.89 0.93 0.93 0.94

Engineering in Agriculture, Environment and Food 12 (2019) 397-403

Table 8

ANN prediction results.
Optimization None ACO GA ACO+GA
Pre-processing SNV SNV SNV SNV
Number of input neurons 19 7 5 4
Number of hidden neurons 5 5 5 3
Number of iterations 19 15 15 20
RMSE training [%] 9.46 10.46 9.51 9.02
RMSE validation [%] 10.53 11.53 12.8 13.15
RMSE test [%] 11.07 12.07 11.31 9.04
R? training [-] 0.97 0.97 0.97 0.98
R? validation [-] 0.96 0.96 0.97 0.97
R? test [-] 0.96 0.96 0.97 0.97

The prediction results done with the help of the optimized linear
and non-linear models are represented in Fig. 3.

The gained results showed, that in this research used model types
proved to be capable to predict the biogas flow rate (Perai et al., 2010;
Panagou et al., 2011). In case of the PLSR models, a linear approx-
imation was done. The LWR models performed a pseudo-linear ap-
proximation, selecting the local data points suitable for the linear ap-
proximation, while the non-linear features were excluded from the data
set. The non-linear ANN models learned the correlations between the
data. The used metaheuristic tools executed the feature selection, de-
fining the most important process variables. Due to it, the model di-
mension could be reduced from 19 input variables to seven selected by
ACO and five picked out by GA. Both optimization tools chose four
process variables, namely carbohydrates, proteins, fats and acetic acid.
The ACO-GA optimized models showed the best prediction results with
the highest R* and the lowest RMSE. The selected carbohydrates, fats
and proteins represent the essential components of the biomass, which
will be converted into their intermediates during the disintegration
step. In further fermentation steps the built intermediates will be con-
verted into acetic acid, which will be directly digested by acetoclastic
microorganisms into biogas and accordingly into methane. Thus acetic
acid is the most essential intermediate, defining the amount of the
biogas output.

4. Conclusion

The aim of this study was to evaluate the linear and non-linear
modelling types used for the prediction of the biogas flow rate. The
desired variable was successfully modeled using both linear and non-
linear models. The PLSR models performed the linear approximation of
the data considering the correlation between the output variable biogas
flow rate and the input variables. This strategy was already used by
other authors, for example Kandel et al. used the PLSR models to pre-
dict the specific biogas yield and its kinetics using the infrared re-
flectance spectroscopy measurements (Kandel et al., 2013). Here the R?
was 0.68, while the ratio of performance to deviation (RPD) was 1.83.
Comparing to the results of this study, the used PLSR models achieved
more accurate prediction of the desired variable using a lower number
of the independent variables. Thus the best prediction of the biogas
flow rate was obtained using four input variables (ACO-GA optimized
models) with an R? of 0.94 and a ¢v-RMSE of 10.14%.

The LWR modelling was another modelling tool, used in this work
to predict the biogas flow rate. Its prediction procedure was based on
the principle of the local level. This modelling type was used as well for
the prediction of the process variables in the AD processes. Amongst
others, Dahlbacka et al. used LWR models to predict ammonium and
acetate in the AD processes. Herewith acetate could be predicted with
an RMSEp of 21%, while ammonium with an RMSEp of 29%
(Dahlbacka et al., 2013). In contrast to it, in this research implemented
LWR models showed a better prediction capacity. Similarly to the PLSR
models, the LWR models were robust with an R? of 0.93-0.94,
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Fig. 3. Prediction of the biogas flow rate using the ACO-GA optimized PLS, LWR and ANN models.

excepting the non-optimized models (R? of 0.89). Regarding the accu-
racy of the prediction, a less good prediction was achieved using the
non-optimized LWR models with 19 input variables. Here cv-RMSE was
18.44%. The optimized models showed good prediction capacity with a
cv-RMSE of 13.06% for the GA-optimized models and 15.01% for the
ACO-optimized models. The best prediction was done with the help of
the ACO-GA optimized models; here the cv-RMSE was 12.11%.

The ANN with a back-propagation algorithm used in this research
represented a non-linear modelling type as well. The implemented
models could be successfully trained und utilized to provide an accurate
prediction of the desired variable. In comparison to LWR and PLSR, the
ANN models have an advantage to be capable to regard the non-linear
features of the data. This approved modelling technique was widely
used in the field of the AD processes. Hu Li et al. used ANN models for
short- and long-term forecasting of CHy4, O5 and CO» in landfill (Li et al.,
2011). According to the results, the prediction of the CH4 done with the
help of ANN was successful with an R? of 0.76. Much better results were
achieved due to the implemented GA algorithm; here the R? reached
0.9. In comparison to it, the prediction of the biogas flow rate done in
this research was more robust and accurate. The R? was between 0.96
and 0.97 with an RMSE of 9.04% for the ACO-GA optimized models.

In this study three different modelling techniques were developed to
predict the output process variable biogas flow rate. The results
showed, that the implemented models could be successfully im-
plemented providing an accurate prediction of the desired variable. In
comparison to the PLSR models, ANN and LWR performed the predic-
tion based on the non-linear approach. In LWR a data set was selected,
which was appropriate for the linear prediction, while the non-linear
features were excluded from the data set. This could result in loss of
important information and accordingly less accurate prediction per-
formance in comparison to the ANN models. The best and most accurate
prediction could be achieved using the ANN models. Moreover, the use
of the optimization tools proved to be helpful to identify the important
process variables. The optimized models were more accurate in com-
parison to the non-optimized models. Nevertheless, the best prediction
was achieved using the process variables, which were selected by both
metaheuristic tools. Thus, a combination of the models and optimiza-
tion techniques described a powerful approach for developing reliable
models to plan and to predict the biogas process development.

The developed approach is unique in combining different model
types and metaheuristics to predict the process development without
any prior knowledge about the process. In the literature there are some
examples of modelling in different scientific fields showing promising
results. For example, Godin et al. compared linear and non-linear
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models used for prediction of biochemical methane potential of plant
biomass based on near infrared spectrum data (Godin et al., 2015).
Here, the multiple linear regression and the partial least squares re-
gression were used. Jacobi et al. developed a monitoring tool based on
near infrared spectroscopy data (Jacobi et al., 2012). Additionally,
plant-feeding data, degradation kinetics were used to calculate the
theoretically estimated biogas production of maize silage. The gained
results proved this method to be successfully used for strong hetero-
geneous substrates. Moreover, the collection of the experimental data
makes the tool to be complicated to use. Partial least squares regression
was used, for example, in Kandel et al. to predict biogas yield and its
kinetics (Kandel et al., 2013) and to reduce odours impact during
anaerobic digestion (Orzi et al., 2018). In both articles the coefficient of
determination was lower in comparison to the models used in this work.
Neural networks were successfully used for prediction of the biogas
production (Ghatak and Ghatak, 2018). The used models got a high
coefficient of determination but a strong deviation factor of 10%. Other
applications of mathematical modelling are shown in Chadel et al. Here
the multiple linear regression and the neural networks were used to
predict the operation parameters of a variable rate applicator of fluted
roller metering mechanism (Chandel et al., 2019), while Taheri-Gar-
avand used neural logic in combination with genetic algorithm for
prediction of savory leaves drying process (Taheri-Garavand et al.,
2018).

The represented results and the multidisciplinary application of the
mathematical modelling showed the developed strategy to be a pow-
erful tool to be used for the evaluation of the complex process. The used
prediction models could successfully predict the process development.
Metaheuristics improved model performance and simplified the model
dimension. This approach can further used for the plant management
and optimization of the anaerobic digestion processes.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://
doi.org/10.1016/j.eaef.2019.06.001.
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4 Diskussion und Ausblick

Das Ziel dieser Dissertation ist es, ein schnelled zuverldssiges Werkzeug zur Analyse von
Biogasprozessen zu entwickeln, um die Ausbeute inogdanlagen anhand der
ProzessgroRRenidentifikation und einer effizienteod®llanpassung optimieren zu kénnen. Die ,VDI
Norm 4631 zur Bestimmung der Gutekriterien flr Bisgnlagen“ ist die Grundlage fir die Planung,
Umsetzung und Analyse der Biogasprozesse. Diesssainerkannte Norm, die in der Regel fur solche
analytischen Zwecke verwendet wird. Die Umsetzueg DI Norm 4631 setzt dafir allerdings
ausgebildetes Personal, komplexe analytische G&gdten und langwierige Analysen voraus. Dies
resultiert in hohen Kosten und zu spaten Untersugsergebnissen. Dazu kommen gekirzte Zuschisse
fur den Ausbau der regenerativen Energien, wadJdisetzung der Norm zumeist aufwendig und
kostenintensiv macht. Diese Grinde fuhren zu eireedarf an der Entwicklung effizienter,

praxisrelevanter und guinstiger Alternativen fir @génplanung und Prozessoptimierung.

Aktuell stellen mathematische Modelle eine Alteivet zur Prozessoptimierung in vielen
wissenschaftlichen Bereichen dar, wie zum Beisjielden Naturwissenschaften, Medizin und
Wirtschaftswissenschaften. Im Vergleich dazu ggitne Bereich der Biogasherstellung seit Ende der
60er Jahren eine Vielzahl verschiedener Modellégiveedie Biogasprozesse beschreiben. Die Modelle
unterscheiden sich in der Anzahl der Prozessstufehder Anzahl verwendeter Prozessgrofen. Die
einfachen Modelle kénnen in der Regel nur fur Ipestie Prozessstufen oder einzelne Prozesse
angewendet werden, wahrend die komplexen Modelenu@gsweise den gesamten Prozess darstellen.
Die meisten Modelle werden ausschlie3lich fur dimzeProzessabschnitte angewendet und kdnnen
schwer auf andere Substrate oder Prozessbedinguiigenragen werden. Das bekannteste und
anerkannteste Model im Bereich der Biogasmodeligiiat das ADM1 Modell. ADM1 beschreibt alle
vier Stufen der Biogasherstellung und umfasst ®igdzahl an Prozess- und ZustandsgréRen sowie
Modellparameter, die fur die Modellanpassung expenitell ermittelt werden missen. Wegen seiner

hohen Komplexitat ist ADM1 fur die praxisrelevant&éozessfihrungen zumeist nicht einfach
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einsetzbar. Zudem braucht ADM1 eine Menge an empartiellen Daten, was die Anwendung

umstandlich macht.

Eine andere Art der Prozessmodellierung stellerrédsgpnsmodelle und neuronale Netze dar. Diese
Modelle sind datengetrieben und benétigen fir dierh€rsage keine zusatzlich experimentell
ermittelten Daten. In der Literatur gibt es bered@me Vielzahl an Beispielen, welche eine
aussagekraftige Implementierung von Vorhersagerndilr Biogasprozesse beschreiben. So
verwendete H. Abu Quidas neuronale Netze, um deffuSs unterschiedlicher ProzessgrofRen, wie zum
Beispiel Temperatur, Trockensubstanz und pH-Wart,de Biogasausbeute zu untersuchen (Abu
Qdais et al. 2010). Die verwendeten Modelle habéme egute Vorhersagekraft mit einem
Korrelationskoeffizient von 0,87. Kana et al. vendete eine Kombination aus neuronalen Netzen und
genetischem Algorithmus, um den Prozessverlauf alexeroben Fermentation fir verschiedene
Substrate vorherzusagen (Gueguim Kana et al. 204€)mit GA optimierten ANN Modelle zeigten
eine bessere Vorhersagekraft im Vergleich zu deler@m Verfahren. In dem Artikel von Pappu et al.
wurde die Vorhersagekraft der GA optimierten neandletze und der Regressionsmethoden verglichen
(Pappu und Gummadi 2017). Diese und andere Begspagden, dass eine mathematische Modellierung

eine gute Alternative fiir die Beschreibung der Biggrozesse darstellt.

In dieser Dissertation wurden Kombinationen vemsdéner Modellarten verwendet, mit zwei

unterschiedlichen Algorithmen optimiert und getesten geeignete Modellarten zur Simulation und
Optimierung von Biogasprozessen zu ermitteln. Maghder metaheuristischen Verfahren sollen
verwendete Prozessgrofien auf inre Relevanz fiBahiétzglte hin untersucht werden. Dabei sollte die
Komplexitdt der Modelle mdglichst reduziert werdamm spater die Anlagenfiihrung der realen

Biogasanlagen zu vereinfachen.

Fir die Modellberechnung wurden zwei Datenartenveadet: reale Messdaten, gemessen bei einer
Biogasanlage, und simulierte Prozessdaten, bereahihé¢lilfe des ADM1 Modells. Da ADM1 den
Prozessverlauf nur flr einzelne Substrate besdhreds in Wirklichkeit nicht tblich ist, wurde ina$er

Dissertation ADM1 an reale Bedingungen angepasst.dém Modell wurde zuséatzlich ein
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Substratwechsel integriert. Diese Ergénzung in ADMIft das Modell flexibel fir verschiedene

Substrate und Substratzusammensetzungen anzuwemadeien Prozessverlauf darzustellen.

Fir die Prozesssimulation wurden lineare und rlinbare mathematische Verfahren untersucht. Das
Ziel war die Modelle vergleichend zu bewerten, uenlibsten Modelle zu identifizieren. Als Zielgré3e

fur die Schatzung wurde die Biogasausbeute ausde\wédh Biogasausbeute kann eine direkte Aussage
Uber den Prozessverlauf abbilden, indem Prozessgfén durch eine suboptimale Biogasmenge

identifiziert werden.

Um die fur die Modellierung prozessrelevanten GriBe ermitteln, wurden die metaheuristischen
Methoden, ACO und GA implementiert. Mit Hilfe berdéerfahren konnten einzelne Prozessgroiien,
wie zum Beispiel Konzentration der ZwischenprodukidBezug auf ihre Bedeutung fir die Schatzung
der Biogasausbeute untersucht werden. Das kanBrmittlung von Storgré3en im Prozess beitragen.
Fur die Vereinfachung der Modellgréf3e wurden diehhirelevanten ProzessgréfRen aus dem Model
entfernt, somit konnte die Anzahl unabhéngiger €segrofien verkleinert werden. Die erzielten
Ergebnisse zeigen eine Verbesserung der Vorhensegdkr Modelle trotz der reduzierten Anzahl an
unabhangiger Variablen. Die Evaluierung beider hmetaistischen Methoden zeigt, dass ACO im

Vergleich zu GA besser zur Selektion der Prozefs@eeignet ist.

Eine weitere Reduktion der Anzahl unabhangiger &ssgréfien wurde erzielt, indem nur die
ProzessgroRen fur eine Modellierung verwendet werdée von beiden Optimierungsalgorithmen
ausgewahlt wurden. Dies zeigt, dass die Kombination ACO und GA flr die Selektion viel

versprechend ist. Als Schnittmenge werden folgefuezessgrofen fur die Modellierung der
Biogasausbeute identifiziert: hydraulische Verwaitlz Trockensubstanz, Gehalt an Neutral-

Detergentien-Faser, Saure-Detergentien-Lignin-Gemal n-Buttersaure.

In der vorliegenden Dissertation wurde ein scheellied effizientes Verfahren zur Analyse von
Biogasprozessen entwickelt. Die entwickelte Stiatdgann flexibel fiur verschieden Arten der
Prozessfiihrung und unterschiedliche Substrate st werden, um den Verlauf der produzierten
Biogasausbeute darzustellen. Im Vergleich zu ADMbdBIl sind die Regressionsmodelle und

neuronale Netze datengetrieben und brauchen kebnefgrmation tUber den Prozess, zum Beispiel
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anhand der analytischen Voruntersuchungen. Dias ispder Praxis eine Menge Zeit und Kosten. Die
realitaitsnahe Vorhersage der Prozesse stellt am@egHilfe fir die Anlagenbetreiber dar, da die
Ergebnisse direkt auf verschiedene Prozessbedieguiligertragen werden kénnen. Die entwickelten
Tools kbnnen als Bausteine fir modellbasierte S$tegsverfahren eingesetzt und bei realen
Biogasanlagen fur die Prozessiberwachung verwendetden. Auf3erdem konnen die
Vorhersagemodelle fir die Prozessplanung, zum Raispur Bestimmung der optimalen
Substratzusammensetzung, eingesetzt werden. Ditséshren kann auch fir die Vorhersage der
Prozesse mit einer variablen Substratzusammensgetnuh verschiedenen Prozessfiihrungen gezielt

eingesetzt werden.

Fir die Verbesserung der Modellierung ist eineaveivalidierung mit Daten aus der Praxis notwendig.
In dieser Dissertation wurden nur die Datensateeifimesophile Prozessfliihrung verwendet. Es ware
sinnvoll zuséatzlich die Anwendung des Verfahremgli&rmophile Prozessbedingungen zu untersuchen.
AuBerdem ware es von Bedeutung verschiedene Fearrviyppen zu testen, um den Einfluss der
technologischen Prozessbedingungen zu quantifizierBies hilft die Anpassung der Modelle zu
verbessern und Fehlerquellen aufzudecken, um degaBbildungsprozess mdglichst realistisch
abzubilden. Somit kénnen die Biogasherstellungssez maximal effizient, o6kologisch und

O0konomisch gestaltet werden, um die Anwendung viogdsprozessen voranzutreiben.
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Anhang
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Abbildung 1: Vorhersage der Biogasausbeute anhamrdsonulierten Daten (ACO: Ant Colony
OPtimization; ADM1: Anaerobic Digestion Model No.BANN: Artificial Neural Networks; GA:

Genetic Algorithm; LWR: Locally Weighted Regressid?LSR: Partially Laest Square Regression;
RMSE: Root Mean Square Error; SNV: Standard Nonazalate).
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Abbildung 2: Vorhersage der Biogasausbeute anhanaxperimentellen Daten (ACO: Ant Colony
Optimization; ANN: Artificial Neural Networks; GAGenetic Algorithm; RMSE: Root Mean Square
Error).
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