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Abstract�

�

ABSTRACT�

Despite� the� progressing� decarbonization� of� our� power� sources� through� the� increase� of�

renewable�energy,�conventional�power�stations�like�combined�cycle�power�plants�(CCPP)�still�

contribute� to� the� power� mix� by� providing� highly� efficient� backup� power.� To� maintain� an�

efficient� operation� of� these� plants,� the� early� identification� of� occurring� degradation� is�

essential.�In�this�context,�this�work�deals�with�a�novel�approach�of�automated�fault�detection�

carried�out�by�a�neural�network�based�on�simulated�process�data.�

The� initial� comprehensive� literature� research� on� failure� modes� in� combined� cycle� power�

plants� and� their� thermodynamical� impact� serves� as� a� solid� foundation� for� their� realistic�

simulation.� Due� to� the� necessity� to� generate� large� amounts� of� data� to� constitute� every�

failure� mode� under� various� plant� operation� conditions,� an� automated� workflow� of� data�

generation,� preparation�and� validation� is� introduced.�The�process� of� constructing�a�neural�

network�and�enhancing�its�performance�by�optimizing�the�underlying�data�structure�and�the�

networks’�hyperp�r��eters��re�shown����n���y����st�t�st�����e�����t�on�o������erent�network�

models�and�their�achieved�results�is�conducted.�

The�networks’������ty�to��ete�t��oth��the�o���rren�e�o��s�n��e��n�����t�p�e������re��o�es��t���

time,�is�evaluated.��

It�can�be�shown�that�the�developed�neural�network�is�capable�of�detecting�the�failure�modes�

with�high�precision,�even�when�noise�is�applied�to�the�simulated�process�data�to�mimic�the�

scatter�of�real�plant�measurements.��
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Kurzfassung�

�

KURZFASSUNG�

Trotz� der� fortschreitenden� Dekarbonisierung� unserer� Energie�uellen� durch� den� Ausbau�

erneuerbarer� Energien,�sind�konventionelle�Kraftwerke�wie��as�und�Dampf�Kraftwerke�ein�

essenzieller� Teil� unserer� �tromversorgung,� da� sie� beispielsweise� hocheffizient�

�eserveleistung�bereitstellen.��m�einen�effizienten��etrieb�dieser�Anlagen�zu�gew�hrleisten,�

ist�die�fr�hzeitige�Erkennung�auftretender�Degradationen�unerl�sslich.�Aufgrund�dessen�wird�

in�dieser�Arbeit�ein�neuartiger�Ansatz�der�automatisierten��ehlererkennung�durch�neuronale�

�etze�auf�der��asis�von�simulierten�Prozessdaten�behandelt.�

Eine� umfassende� �iteraturrecherche� zu� �ehlerm�glichkeiten� und� den� resultierenden�

thermodynamischen�Auswirkungen�in��as�und�Dampf�Kraftwerken�dient�als��undament�f�r�

deren� physikalisch� korrekte� �imulation.� Eine� enorme� �enge� an� �imulationsdaten� wird�

ben�tigt,� um� die� einzelnen� �ehlerm�glichkeit� in� verschiedensten� Anlagenbetriebspunkten�

darzustellen.� Deshalb� wird� ein� automatisierter� Arbeitsablauf� zur� Datenerstellung,��

�aufbereitung�und��validierung�eingef�hrt.�Das�Erstellen�von�neuronalen��etzen�sowie�deren�

�ptimierung� durch� �erbesserung� der� zugrundeliegenden� Datenstruktur� und� deren�

�yperparameter� wird� behandelt.� Abschlie�end� folgt� eine� statistische� Evaluierung� der�

erzielten�Ergebnisse�unterschiedlicher�neuronaler��etze.�

Die� trainierten��etze�werden� auf� die� ��higkeit,� einzelne�wie� auch� kombiniert� auftretende�

�ehler�zu�erkennen,�gepr�ft.�

Es�kann�gezeigt�werden,�dass�das�entwickelte�neuronale��etz�in�der��age�ist,�die��ehler�mit�

hoher� Pr�zision� zu� erkennen,� selbst� wenn� die� simulierten� Prozessdaten� mit� �auschen�

�berlagert�werden,�um�die��treuung�von�realen�Anlagenmessungen�nachzuahmen.�
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1 INTRODU�TION�

�he�Paris��greement�was�� till�now�� ratified�by�����Parties��Countries� worldwide�signed�the�

agreement�to�limit�the�global�temperature�increase�compared�to�pre�industrial�levels�below�

����degrees� Celsius� by� reducing� greenhouse� gas� emissions�� ���� �he�decarbonization�of� our�

energy�system�is�one�of�the�challenges�we�face�in�the�upcoming�decades�to�reach�this�goal��

�his� drives� the� expansion� of� renewable� energy�� such� as� wind� and� solar� power� forward��

�nergy�production�from�these�technologies�depends�highly�on�weather�and�day�time��hence�

requires� immense� storage� capacities� and� a� suitable� power� grid� to� compensate� for�

fluctuations�in�power�generation�and�demand���nergy�storages�balance�demand�in�time��and�

the�power�grid�balances�demand�between�the�locations�of�generation�and�consumption��

�oday�we�only�start� to�build�these� infrastructures�and�still�need�fossil� fuels� to�back�up�the�

installed� renewable� power�� In� this� transition� period�� it�s� essential� to� use� highly� efficient�

technologies�to�emit�as�little�CO��as�possible��Combined�Cycle�Power�Plants�(CCPP)�represent�

one�of�these�bridge�technologies��CCPPs�provide�high�electric�efficiency�and�enormous�fuel�

utilization�rates���he�key�for�assuring�high�efficiency�over�time�is�perfect�maintenance��which�

directly� affects� fuel� consumption� and� CO��emissions�� �herefore�� effective� use�of� resources�

for� revision� planning� and� detection� of� degradation� failure� modes� is� necessary�� �specially�

efficiency� losses� due� to� degradation� are� hard� to� detect� because� they� usually� don�t� cause�

forced�outages�of�system�parts�or�even�the�whole�power�plant��Instead��the�impact�of�these�

failures�gradually�increases�over�time�and�affects�the�performance�parameters�of�the�power�

station�� �he� performance� and� the� power� output� of� CCPPs� also� depend� on� environmental�

conditions� as� ambient� temperature� and� air� humidity� or� cooling�water� temperature�� �hese�

interdependencies�add�even�more�complexity�to�the�detection�of�equipment�degradation��

�oday� physical� performance� monitoring� systems� are� already� established� in� CCPP�

applications���hese�systems�track� important�process�parameters�in�plant�operation������But�

they�are�restricted�to�observing�the�power�plant�and�usually�have�only� limited�capability�of�

predicting� which� failure� led� to� a� deviation� in� the� operation� parameters�� Other� systems�

provide�the�opportunity�to�predict�failures�only�for�single�components���hey�are�often�based�

on� pattern� recognition� in� vibrations� or� other� measurements�� ���� However�� none� of� the�

mentioned� methods� to� date� sufficiently� addresses� the� issue� of� monitoring� equipment�

performance� of� a� total� power� plant� by� deriving� present� failure� modes� from� available�

operational� measurements�� Hence� this� work� deals� with� a� novel� approach� to� prove� the�

potential�of�automatic�failure�detection�based�on�simulated�data��
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� TAS��ASSIGN�ENT�

�his� work� aims� to� prove� the� possibility� of� automated� failure� detection� in� combined� cycle�

power�plants�using�simulated�data���he�company��N��S���mbH�uses��BSI�ON�Professional�

to�simulate�thermodynamical�processes�and�optimize�thermodynamic�cycle�applications���n�

existing��BSI�ON�model�representing�the�characteristics�of�the�whole�CCPP�process�serves�as�

the� basis� for� further� investigations�� Different� degradation� failure� modes� (�M)� shall� be�

implemented�in�the�model�to�enable�the�simulation�and�analysis�of�their�effect�on�the�power�

plant��Comprehensive� literature� research�on� failure�modes�ensures� the�physically�accurate�

modeling�of�their�impact�on�the�affected�plant�component��

Subsequently�� so�called� labeled� data� sets� for� the� different� failures� shall� be� created�� �ach�

data� set� represents� the� response� of� the� power� plant� to� an� occurring� failure�� at� various�

ambient�and�load�conditions���

�he� variation� of� the� quantity� of� all� simulated� failure� modes� leads� to� a� multi�label�

classification�problem��which�shall�be�solved�by�utilizing�a�neural�network�(NN)���he�goal�is�to�

build�and�train�a�NN�capable�of�detecting�degradation�failures�using�the�before�mentioned�

simulated�data���fter�optimizing�the�NN��statistical�evaluation�of�the�achieved�performance�

follows���

��1 ����o�olo�y�

�he�first�step�is�comprehensive�literature�research�on�failure�modes�in�CCPPs���his�research�

covers� all� ma�or� components� of� the� power� plant�� such� as� the� gas� turbine� (��)�� the� heat�

recovery�steam�generator�(H�S�)��the�steam�turbines�(S�)��and�the�condenser��Besides�the�

systematical� categorization� of� the� failure� modes�� the� analysis� focuses� on� the� predicted�

thermodynamical� impact�� �urthermore�� research� on� the� CCPP� cycle� and� the� highly�

interdependent�sub�systems�(����H�S���S���condenser)�is�necessary�to�gain�a�more�profound�

knowledge�of�the�underlying�processes��

Next��a�physically�correct�model�of�a�CCPP�is�needed���he��BSI�ON�Professional�software�����

from� the�Steag��nergy�Services� company� is�utilized� to�modify�an�existing�model�of�a�CCPP�

from��N��S����fter�adopting�the�CCPP�model��the�integration�of�the�failure�modes�follows��

�he�usage�of� an��BSI�ON��dd�In� for�Microsoft��xcel� enables� the�automated�calculation�of�

power�plant�simulation�runs���he�specifications�for�the�simulation�runs�are�set� in�the��xcel�

file�� �ransmitting� these� calculation� tasks� to� the� �N��S�� servers�� using� �N��S��s� �bs�rid�

Distributed� Calculation� �echnology�� assures� an� efficient� and� fast� way� to� execute� a� large�

number�of�simulations��
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�he� data� generation� process� is� further� automated� by� using� Python� scripts� and� a� Python�

client�� enabling� access� to� servers� of� �N��S��� Python� scripts� simplify� data� handling� and�

analysis�� especially� for� vast� amounts� of� information�� �he� programming� takes� place� in� the�

PyCharm�integrated�development�environment�(ID�)�����and�the�web�based�Jupyter�ab�ID��

������tilizing�these�environments�and�deploying�the�methods�mentioned�above��the�labeled�

failure�mode�data�can�be�generated�and�preprocessed�before�training�the�failure�predicting�

neural�network���

�he�NN�is�set�up�and�trained�with�Python�scripts�by�deploying��ensorflow�����and�the�Keras�

application�programming�interface�(�PI)�������

�inally��statistical�methods�will�help�to��udge�the�performance�of�the�developed�NN�in�its�

capability�of�detecting�failures���� �
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� T�EORETI�AL�BA��GROUND��

�his�chapter�represents�the�basic�knowledge�for�the�applied�methods�and�empirical�studies�

of�this�thesis���he�physics�of�the�investigated�power�plants�and�the�theoretical�background�of�

neural�networks�are�explained��

��1 �omb������y�l���o��r��la��s�

�he� term� combined� cycle� power� plant� could� refer� to� any� plant� which� uses� two� or� more�

thermodynamic� cycles� to� generate� electricity�� However�� this� work� deals� with� CCPPs�

combining�a�Brayton�cycle�(also�known�as�Joule�cycle)�and�a��ankine�cycle���hese�two�cycles�

serve�as�thermodynamic�models�for�a�gas�turbine�and�a�steam�turbine�system���he�resulting�

CCPP�is�known�as�a�gas�turbine�combined�cycle�power�plant�(��CCPP)���he�CCPPs�mentioned�

in� this� thesis� always� refer� to���CCPPs�� �n�H�S��acts� as� the� linking� structure� between� the�

systems���he�H�S��utilizes�the�gas�turbine�s�waste�heat�to�generate�high�pressure�steam�for�

the�steam�turbine������

Combining� these� systems� leads� to� the�highest� efficiencies� of� all� commercially� used�power�

plants���he�following�list�shows�a�few�beneficial�characteristics�of���CCPP�������

� �fficiencies�from������to�above������

� �owest� emissions� of� unburnt� hydrocarbons�� carbon� oxide� (CO)�� and� oxides� of�

nitrogen�(NOx)�of�all�thermal�power�plants�

� �ow� construction� costs� ranging� between� ���� �/kW� and� ���� �/kW� for� CCPPs� of�

����MW�and�above�

� Construction�time�of�����MW�and�above�CCPPs�could�be�less�than����months�

�he� following� sub�chapters�explain� the�basic� functionality�of�CCPPs�and�their� components��

�or�further�information�on�the�described�processes��the�reader� is�referred�to� ����� ������ �����

and�������

��1�1 Gas�Turb����

�oday�various�types�of�gas�turbines�are�available�for�stationary�or�mobile�applications��Ships��

aircraft��pumping�stations��trains��and�power�plants�run�on�gas�turbines�������Determined�by�

the� field� of� operation�� either� aero�derivative� turbines�� heavy�duty� industrial� turbines�� or�

other� gas� turbines� are� utilized�� However�� state�of�the�art� CCPPs� with� a� power� output� of�

����MW� and� above� use� heavy�duty� industrial� gas� turbines� as� their� core� component�� �as�

turbines�in�simple�cycle�operation�reach�efficiencies�of�about������and�slightly�above��
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�he�following�explanation�describes�the�main�components�and�basic�functionality��as�shown�

in��igure�������

�irst��air�enters�the�system�and�the�compressor�increases�the�pressure�and�temperature�of�

the� fluid�� In� the� combustion� chamber�� fuel� in�ection� and� ignition� follow�� �he� added� heat�

increases� the� fluid� temperature� at� a� constant�pressure���his� high�temperature�pressurized�

gas� expands� isentropically� and� powers� the� turbine� (or� expander)�� �he� ma�ority� of� gas�

turbines� operate� in�an�open� thermodynamic� cycle�� and�therefore� the� flue�gas� is� afterward�

emitted�and�not�returned�to�the�beginning�of�the�cycle���he�gained�mechanical�energy�runs�

the�compressor�and�the�dedicated�gas�turbine�application�� In� this�case��the�shaft�transmits�

the�mechanical�energy�to�a�synchronous�generator�to�produce�electricity���

�

Figure�3-1:�Gas�turbine�schematic,�[15]�S�����

�he�following�rating�parameters�of�gas�turbines�are�essential�for�the�application�in�CCPPs�as�

they�influence�the�power�plant�s�overall�efficiency��

� Power�in�kW�or�MW��

� Heat��ate�in�kJ/kWh�or�Btu/kWh�

� �lectrical��fficiency�in�kWh/kJ�or�kWh/Btu�

� �xhaust��low�in�kg/s�or�klb/s�

� �xhaust��emperature�in��C�or����

�he� power� determines� the� gross� electrical� power� output� without� auxiliary� or� step�up�

transformer�losses���he�heat�rate�indicates�the�amount�of�fuel�needed�to�generate�a�defined�

amount�of�electric�energy���he�electrical�efficiency�is�the�inversion�of�the�heat�rate���nd�the�

exhaust� flow� parameters� refer� to� the� flue� gas� used� to� fuel� the� steam� cycle� of� the�

investigated�CCPPs��

�he� rating� of� gas� turbines� is� always� defined� at� reference� conditions�� and� the� mentioned�

performance� parameters� are� achieved� at� this� specific� operation� point�� ����� �t� other�
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operating� conditions�� for� example�� changing� ambient� temperatures� or� air� pressure�� the�

power�output�and�the�other�parameters�differ���herefore��the�term�Base��oad�is�defined�to�

describe�if�the�gas�turbine�runs�at�full�load�at�the�given�ambient�conditions��Base��oad�is�the�

load� at� which� the� gas� turbine� process� is� operated� at� its� aerodynamic� design� point� with�

maximum� throughput� and� optimal� flow� pattern�� Since� the� specific� volume� of� the� airflow�

varies�with� the� conditions� at� the� compressor� inlet�� the� compressor� exit� pressure� and� the�

mass� flow�through� the�combustor�will� change�accordingly�� In�addition�� the�pressure�at� the�

exit� of� the� gas� turbine� limits� the� pressure� ratio� of� the� expander�� and� thus� the� Base� �oad�

power� generated� by� the� gas� turbine� is� varying� significantly� with� these� parameters�� Not�

reaching�expected�Base��oad�performance�at�specified�conditions�is�a�sign�of�degradation�of�

the�power�plant���

�he�exhaust� flow�and�especially� the�exhaust� temperature�of� the�gas� turbine�directly�affect�

the� CCPP� efficiency�� Modern� heavy�duty� gas� turbines� apply� complex� control� schemes� to�

optimize� overall� combined� cycle� performance� through� inlet� guide� vane� positioning�� firing�

temperature�control��different�burner�schemes�or�bypass/blow�off�mechanisms���

��1�� S��am�Turb����

Steam� turbines� still� represent� the� backbone� of� the� power� industry�� ����� �hey� are� in�

operation�in�coal�fired�power�plants��nuclear�power�plants�and�combined�cycle�power�plants��

but� also� in� solar� thermic� and� geothermal� applications� besides� others�� �ll� these� plants�

operate� on� the� same� principle�� the� �ankine� cycle� (see� �igure� ���)�� �he� feedwater� pump�

delivers�water�into�the�boiler�and�increases�the�liquid�s�pressure��In�the�boiler��a�heat�source�

adds� energy� to� the� water�� evaporates� and� superheats� it�� �s� mentioned� above�� the� heat�

source�can�be�anything�from�nuclear�fission�to�solar�energy���he�superheated�steam�enters�

the�steam�turbine��expands�and�afterward� returns�to� its� liquid�state� in�the�condenser���he�

condensate�is�again�fed�to�the�pump�and�closes�the�cycle��

�

Figure�3-�:��an�ine�c�c�e�schematic�
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Carnot�s� theorem� describes� the� maximum� efficiency� of� heat� engines�� �he� hot� and� cold�

reservoir� temperature�� between� which� the� cycle� operates�� determines� the� maximal�

achievable� efficiency� of� the� engine� (���)�� �herefore�� a� high� mean� temperature� of� heat�

addition� and� a� low�mean� temperature� of� heat� re�ection� lead� to� a� high� cycle� efficiency�� In�

steam�power�plants��the�mean�temperature�of�heat�addition�is�low�compared�to�other�fossil�

fuelled� power� plants� like� gas� turbines�� But� the� condenser� assures� low� heat� re�ection�

temperatures�as� it�operates�at� low�pressures���his� low�turbine�back�pressure�guarantees�a�

high�cycle�efficiency���

������� � 1 −
��
��

�
(���)�

�he� methods� to� increase� the� efficiency� of� power� plants� that� operate� on� a� �ankine� cycle�

differ� among� the� various� power� plant� types�� �o� achieve� high� efficiency� in� CCPPs� it�s�

important�to�extract�as�much�heat�as�technically�possible�out�of�the����flue�gas���herefore��

modern� CCPPs� operate� on� three� pressure� levels� with� corresponding� turbine� sections� and�

various�reheating�and�preheating�cycles���n�example�of�a�three�pressure�process�in�CCPPs�is�

explained�in�the�following�subsection��

��1�� �RSG�

�he�heat�recovery�steam�generator�acts�as�the�linking�structure�between�the�Brayton�cycle�

and�the��ankine�cycle���he�flue�gas�of�the�gas�turbine�surges�through�the�H�S��and�passes�a�

series�of�heat�exchangers���he�extracted�heat�fuels�the�steam�cycle�of�the�CCPP���he�H�S��

can�either�be�constructed�vertically�or�horizontally���he�H�S��shown�in��igure�����is�aligned�

vertically� and� operates� in� counter�current� mode�� except� for� the� evaporator�� �eedwater��

coming� from� the� condenser�� enters� the� economizer� and� is� heated� up� close� to� boiling�

temperature�� �� few� degrees� of� subcooling� are� beneficial� to� avoid� evaporating� in� the�

economizer��which�would�cause�excessive�flow�velocities� in� the�pipes���he�water�s�physical�

state�changes�from�liquid�to�steam�in�the�evaporator�section���he�liquid�flows�from�the�drum�

through�the�heat�exchanger�pipes�and�evaporates���he�drum�itself�separates�the�steam�from�

the� liquid�phase�and�contains�a�blowdown�system�� Impurities�that�accumulate� in�the�drum�

can�be�extracted�by�blowing�water�out��In�the�superheating�section��the�extracted�heat�from�

the� flue� gas� increases� the� steam� temperature�� and� the� superheated� steam� is� led� to� the�

turbine���
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Figure�3-3:�Sing�e��ressure���SG�schematic,�[15]�S�����

CCPPs� with� a� triple� pressure� H�S�� run� on� the� same� principle�� with� an� economizer�� an�

evaporator�and�a�superheater�for�each�pressure�level���he�goal�is�to�extract�more�heat�from�

the� flue� gas� and� increase� plant� efficiency�� �or� each� pressure� level� (high� pressure� (HP)��

intermediate� pressure� (IP)� and� low� pressure� (�P))� a� corresponding� steam� turbine� section�

exists���he�schematic�diagram�in��igure�����shows�a�simple�triple�pressure�H�S��without�any�

reheat�cycles��

�

Figure�3-�:��ri��e��ressure���SG�schematic,�[15]�S��3��
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��1�� �omb��a��o��o��Bray�o���y�l��a���Ra�������y�l��

�as� turbine� combined� cycle� power� plants� reach� field�proven� efficiency� levels� of� ���� and�

above�� ���� �he� reason� for� this� performance� is� the� combination� of� two� thermodynamical�

cycles� that� operate� at� different� temperature� levels�� CCPPs� combine� the� high� mean�

temperature�heat�addition�of�gas�turbines�with�the�steam�turbines�� low�mean�temperature�

re�ection���eferring�to�their�positions�in�the�temperature�entropy�(��S)�diagram�in��igure������

the� Brayton� cycle� represents� the� �topping� cycle�� and� the� �ankine� cycle� the� �bottoming�

cycle����he�H�S��between�them�serves�as�the�heat�sink�for�the�former�and�the�latter�s�heat�

source��

�he� flue� gas� temperature� and� mass� flow� determine� the� achievable� superheating�

temperature�of� the� steam�cycle����high� flue�gas� temperature� leads� to�a�higher�H�S���and�

�ankine�cycle�efficiency�but�also�a�lower����efficiency���herefore��H�S���and����design�are�

critical� for� optimal� design� in� this� trade�off�� However�� from� the� �S�diagram� in� �igure� ���� a�

simplified� version�of� the�overall� plant� efficiency� �ηCC)� can�be�derived� (���)������ symbolizes�

the� gained� heat� quantity� by� burning� the� fuel��W��� and�WS�� present� the� amount� of� work�

output�of� the� cycles�� �he�H�S��transfers��H�S�� from�the�exhaust� gas� to� the��ankine� cycle��

and���oss�describes�the�total�heat�loss�of�the�process����e�������osses�a�e��o���ned��n�ηH�S���
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Figure�3-5:������schematic,�[15]�S���3�

�

Figure�3-�:��S-�iagram���r�the�c�mbinati�n�����ra�t�n�an���an�ine�c�c�e,�[15]�S��3��
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��1�� Fa�lur���o��s���������

�he� following� sub�chapter� summarizes�potential�degradation� failure�modes� in�CCPPs�� their�

causes��and�the�estimated�impact��

GT��om�r�ssor�Foul����

�ir�impurities�that�pass�the�inlet�filter�of�the�gas�turbine�for�any�reason�may�build�up�on�the�

surface�of�the�compressor�blades���hese�deposits�change�the�blades��inlet�angles��the�airfoil�

shape�and�increase�the�surface�roughness�������������

Impact���

� isentropic�efficiency�reduction��

� increased�fuel�consumption��

� decreased�flow�capacity�

GT��om�r�ssor�T����l�ara����

�ip�Clearance�describes�the�distance�between� the� rotating�blades�and�the�housing��Due�to�

transient� load�conditions�� the�compressor�blades�may� rub�on�the�housing�surface� (because�

the�blades�heat�up�and�expand�faster�than�the�housing)�and�the�tip�clearance�increases���he�

increasing� cross�section� area� leads� to� a� rising� leakage� between� the� different� pressure�

sections�of�the�compressor��

Impact�������

� loss�of�compressor�efficiency�

� drop�of�pressure�ratio�

� decreased�flow�capacity�

GT�E��a���r�Foul����

�urbine� fouling� or� hot� section� fouling� is� caused� by� combustion� products�� which� form�

deposits�on�the� turbine�blades��Contaminants� leading�to� turbine�fouling�enter� through� the�

inlet� air� or� liquid� fuel�� containing� fuel� additives�� �luids� that� are� in�ected� for� NOx� control�

purposes�are�also�part�of�the�problem������������

Impact���

� reduced�power�output�and�efficiency��

� increased�fuel�consumption��

� decreased�flow�capacity�

�
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GT�E��a���r�T����l�ara����

�he� increase� of� turbine� tip� clearance� follows� the� same� principle� as� the� above�mentioned�

compressor�tip�clearance�increase���he�surface�area�between�the�rotor�blades�and�the�casing�

of� the� turbine� increases�because�of�blade� rubbing�caused�by� transient� load� conditions���n�

increasing�mass�flow�bypasses�the�tips�of�the�turbine�blades�leading�to�additional�losses��

Impact�������

� increased�exhaust�temperature�and�flow�capacity��

� decreased�turbine�efficiency��

GT�F�l��r��lo������

�he�gas�turbine�s�air� inlet�filter�protects�the�compressor�and�the�turbine�from�impurities� in�

the�ambient�air���hese�pollutions� include�dust��sand��moisture��or� anything�else�that�might�

be�suspended�in�the�air���ilter�clogging�occurs�as�the�impurities�accumulate�in�the�filter�������

Impact���

� increasing�the�pressure�drop�over�the�filter�

� decreased�plant�efficiency�and�capacity�

S��am�Turb�������Bo�l��o�I��Bo�l�L�a�a���

Besides�the�leakage�by�design��seal�damaging�or�weakening� increases�the� leakage�from�the�

HP�to�the�IP�section�of�the�steam�turbine���he�degradation�of�the�sealing�happens�through�

misalignment��poor�start�ups��or�temperature�excursions��Inner�shell�distortion�or�loose�and�

overstretched� bolting� can� also� cause� leakage� from� the� HP� bowl� into� to� IP� bowl� at� the�

horizontal� �oint�� �he� direct� mass� flow� from� the� HP� to� the� IP� turbine� reduces� the� reheat�

cycle�s�mass� flow���he� reduced�cold� reheat� flow� causes�overheating� of� the� reheater� tubes�

and�may�stress�the�spray�coolers�to�control�both�HP�and�reheat�steam�temperatures�in�the�

H�S��and�at�the�S��inlet��Once�cooling�flow�limits�are�reached��load�curtailing�is�necessary�to�

avoid�overheating�������

Impact���

� power�loss�because�of�load�reduction�

� increased�steam�entrance� through� the� sealing� leads� to� higher�measured� (apparent)�

efficiency�at�the�IP�turbine������

�igure� ���� shows� the� HP� and� the� IP� turbine� section� with� the� affected� sealing� package�

between�them��
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Figure�3-�:����turbine�an�����turbine��ith�sea�ing��ac�age,�[��]�

�RSG�Tub��Fa�lur��a���L�a�a���

�eakages� in� H�S�� tubes� occur� due� to� various� mechanisms�� creep�� fatigue�� creep�fatigue��

under� deposit� attack�� flow�accelerated� corrosion�� mechanical� erosion�� stress�corrosion�

cracking�� and� overheating�� �hese� chemical� and� mechanical� attacks� on� the� tubes� cause�

leakages�and��therefore�a�loss�of�energy�������

Impact���

� decreased�power�output�of�the�steam�turbines�

� decreased�plant�efficiency�and�capacity�

� excessive�make�up�water�consumption�

E�a�ora�or�Blo��o���L�a�a���

�vaporator� blowdown� leakage� describes� an� unscheduled� loss� of� mass� flow� and� enthalpy�

caused� by� a� failure� of� the� drum�s� blowdown� system�� �� broken� valve�� defect� closing�

mechanism��or�a�sealing�degradation�are�possible�leakage�reasons��

Impact���

� decreased�power�output�of�the�steam�turbines�

� decreased�plant�efficiency�and�capacity�

� excessive�make�up�water�consumption�

�RSG�Foul����

�ouling�is�the�term�for�deposit�accumulation�on�surfaces��in�this�case�on�the�heat�exchange�

tubes� of� the� H�S��� �ouling� can� occur� on� the� inner� or� the� outer� surface� of� the� heat�

exchanger���

On� the� inside� of� the� tubes� impurities� of� the� feedwater�may� build� up� deposits�� leading� to�

under�deposit�corrosion�and�overheating�failures������������

�
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Impact���

� degradation�of�the�heat�transfer�capability�

On�the�outer�surface��flue�gas�may�attack�the�tubes��If�fuel�oil�is�used�to�fire�the�gas�turbine��

the� sulfur� content� of� the� fuel� can� lead� to� ammonium�salt� (�mmonium� Bisulfate� and�

�mmonium�Bisulfite)�deposits�at�components�after�the�catalysator���n��mmoniac�(NH�)�slip��

occurring� from� a� not� complete� chemical� reaction� of� all� NH�� molecules� in� the� catalysator�

enables�the�formation�of��mmonium�������

Impact���

� degradation�of�the�heat�transfer�capability�

� increased�pressure�drop�on�the�gas�side�

L���o���L�a�a���

�etdown� valves� are� part� of� the� turbine� bypass� system�which� provides� the� opportunity� to�

discharge�steam�directly�into�the�emergency�letdown�to�minimize�transient�stresses�during�a�

sudden� load� reduction�� ����� In� a� triple� pressure� CCPP� the� process� steam� is� lead� in� three�

different�paths��

� Bypass� for� the� HP�turbine�� High�pressure� steam��� cold� reheat� (C�H)�� to�maintain�

cooling�for�the�reheater�even�if�the�turbines�are�shutdown��

� Bypass�for�the�IP�turbine��Hot�reheat�(H�H)�steam���Condenser��

� bypass�for�the��P�turbine���ow�pressure�steam���Condenser�

Malfunction�of�the�letdown�valves�leads�to�a�steam�mass�flow�in�the�mentioned�paths�even�

during�normal�operation��

Impact���

� loss�of�process�steam��

� decreased�power�output�of�steam�turbines�

� decreased�plant�efficiency��

ST�Bla���Eros�o��Foul����

�he�expansion�of� the� steam�flow� in� the� last�stages�of� the��P� turbine� causes� condensation��

�he� resulting�droplets�damage� the�turbine�blades�and�lead�to�erosion�and�a�change� in�the�

surface� roughness�� In� higher� pressure� stages� thermal� erosion�� fouling�� and� collision� of�

particles�also�cause�abrasion�and�impact�the�blade�surface�������

�
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Impact���

� decreased�steam�turbine�efficiency��

� may�increase�vapor�condensation�in�the�turbine������

ST�T����l�ara����

�n� increase� of� tip� clearance�occurs� on� steam� turbines� leads� to� the� same� effect� as� for� gas�

turbines�(see����compressor�and�turbine��ip�clearance)���he�rubbing�of�the�turbine�blades�is�

induced�by�the�highly�dynamic�operation�of�the�power�plant�and�transient�load�conditions��

Impact���

� decreased�steam�turbine�power�output�

� decreased�steam�turbine�efficiency�

ST�Lo���r�ssur��E��aus��Loss�

�he�term�steam�turbine�exhaust�loss�(in�kJ/kg)�describes�the�kinetic�energy�of�the�steam�that�

leaves� the� last� stage�of� the��P� turbine�plus� the�energy� loss� through� friction�and�additional�

losses� through� vortex� generation� in� the� exhaust� diffuser� and� the� hood�� �his� energy� will�

dissipate�in�the�condenser�and�is�not�available�to�generate�electrical�power���he�exhaust�loss�

depends�on�the�steam�mass� flow�and�the�annular�exhaust�velocity�which� is�determined�by�

the� turbine� back� pressure� and� the� blade� geometry� (see� �igure� ���)�� �rosion� and� fouling�

change� the� surface� roughness� of� the� turbine� blades� and� affect� the� characteristics� of� the�

exhaust�loss�behavior�of�the��P�turbine������������

�

Figure�3-�:���haust���ss�cur�e����a�steam�turbine,�[��]�

�
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Impact���

� increased�exhaust�loss�

� decreased��P�steam�turbine�power�output�

� decreased��P�steam�turbine�efficiency�

�o����s�r�I��o����sabl��Gas�A��umula��o��

In� the�condenser�� the�physical� state�of� the�process� steam�changes� to� liquid�water�which� is�

then�returned�to�the�deaerator���he�condensate�temperature�and� its�corresponding�steam�

pressure�determine�the�back�pressure�of�the��P�turbine���herefore��the�temperature�of�the�

cooling�water�(water�side�of�the�heat�exchanger)�should�be�as� low�as�possible��to�maintain�

low� pressure� in� the� condenser�� �� condenser� pressure� above� the� corresponding� steam�

saturation� pressure� of� the� condensate� indicates� the� accumulation� of� other� gases� in� the�

condenser��

Steam� volatile� chemicals� (chemicals� with� a� boiling� temperature� below� the� steam�

temperature)� such� as� amines� are� used� for� boiler� water� conditioning�� �t� the� elevated�

operation� temperatures� in� the� H�S��� the� amines� break� down� to� ammonia� which� causes�

damage� to� condenser� tubes�� �mmonia� is� incondensable� in� the� field� of� the� operation�

parameters�of�a�condenser�and�relies�on�the�extraction�by�the�air�removal�system�������If�the�

system�doesn�t�work�probably�incondensable�gases�accumulate�in�the�condenser�and�lead�to�

higher�back�pressure�for�the��P�turbine��

Impact���

� decreased��P�steam�turbine�power�output�

� decreased��P�steam�turbine�efficiency�

�o����s�r�Foul����a���S�al����

Condenser� fouling� or� scaling� is� a� process� where� impurities� form� deposits� on� the� heat�

exchanger� tubes�� �hese� accumulations� occur� mainly� on� the� cooling� water� side� of� the�

condenser�and�are�accountable�for� the�reductions� in�heat�transfer�capability�that�occurs� in�

service�� ����� Micro�fouling� or� scaling� is� caused� by� foulants� as� calcium� carbonate�� calcium�

sulfate�� salts�� and� lime� in� the� cooling�water�� ������dditionally��biofouling�may�occur�which�

means� the� deposition� of� micro�organism� that� built� an� organic� film� on� heat� exchanger�

surfaces���his�type�of�fouling�appears�if�seawater�is�used�in�the�condenser�������

Impact���

� decreased�heat�transfer�coefficient��

� increased�turbine�back�pressure�because�of�the�higher�temperature�in�the�condenser�



�H�O���IC���B�CK��O�ND� � � �

P���������

�

�o����s�r��o���ll�Sub�ool����

In�the�condenser��process�steam�condenses�and�covers�the�heat�exchanger�tubes���he�heat�

transition�continues�as�the�condensate�falls�towards�the�bottom�of�the�condenser��into�the�

hot� well�� �he� temperature� reduction� beneath� the� condensation� temperature� is� called�

subcooling��������

�

Figure�3-�:���n�enser���r�steam����er���ants,�[3�]�

�igure� ���� shows� a� condenser� without� subcooling� and� a� normal� hotwell� level�� �� certain�

degree�of� subcooling� is� normal� but�excessive� subcooling� indicates�problems�with� the� level�

control� of� the� hotwell�� �he� rising� liquid� covers� the� lower� heat� exchanger� tubes� of� the�

condenser� leading� to� a� subcooled� fluid� and� an� increase� in� turbine� back�pressure�due� to� a�

reduced� remaining� heat� transfer� area� for� condensation�� �he� degrees� of� subcooling� are�

shown�in��igure������by�the�difference�between�the�condensation�temperature����and�the�

temperature�in�the�hotwell���’���he�dark�blue�area�between�the�points���and��’�presents�the�

additional�heat�re�ection�due�to�subcooling��

�

Figure�3-1�:�1-�-3-�:���ea���an�ine�c�c�e��1-��:���n�ensate�subc���ing�
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Impact:��

� decreased�efficiency�because�reheatin���f�the�c�ndensate��i���re�uire�m�re�ener�y�

� increase��f�LP�turbine�bac��pressure�

3.2 Artificial�Intelligence�

The� definiti�n� �f� artificia�� inte��i�ence� �AI�� in����es� the� phi��s�phica�� �uesti�n� �f� �hat�

inte��i�ence� itse�f�means� and� h���t��determine� if� an�artificia�� entity� is� capab�e� �f� thin�in���

This�sh�rt� intr�ducti�n�t��artificia�� inte��i�ence� f�cuses��n�technica�� imp�ementati�n� rather�

than� �n� phi��s�phy�� A�an� Turin��� a� fam�us� En��ish� mathematician� and� �ne� �f� the� first�

c�mputer�scientists�de�e��ped�the�Turin��test��an�empirica��test�f�r�artificia�� inte��i�ence��In�

this� test��an� interr��at�r� c�mmunicates��ith�a�rea��human�bein��and�an�artificia��entity�at�

the�same�time��If�the�inter�ie�er�can�t�distin�uish�the�human�fr�m�the�artificia��inte��i�ence�

by�their�ans�ers�t��the�p�sed��uesti�ns��then�the�artificia��entity�is�c�nsidered�inte��i�ent��

�ince�the� intr�ducti�n��f� the�Turin��test� in�1����� the�research�fie�d��f�artificia�� inte��i�ence�

has��r��n�and� t�day� inc�udes��ari�us� subcate��ries�� This���r�� dea�s� �ith� the�meth�ds� �f�

neura��net��r�s�and�their�app�icati�n����r� further� inf�rmati�n��n�artificia�� inte��i�ence�� the�

reader�is�referred�t�������and�������

3.2.1 Neural�Networks�

The�first�m�de�s��f�artificia��neur�ns��ere�de�e��ped�in�the�1���s�resu�tin��in�the�research�

fie�d� �f� artificia�� neura�� net��r�s� �ANN��� The� initiatin�� idea� �as� t�� m�de�� the� neur�ns� �f�

bi����ica�� brains� and� their� inf�rmati�n� pr�cessin��� In� the� 1���s� neura�� net��r�s� ��st�

scientific� interest� because� �f� �ther� appr�aches� t�� bui�d� AI� systems� �f�r� instance� e�pert�

systems� usin�� deterministic� reas�nin�� �r� statistica�� systems� such� as� Bayesian� be�ief�

net��r�s�� and� due� t�� �ac�� �f� c�mputati�na�� p��er� at� that� time�� H��e�er�� �ith� the�

increasin�� p��er� �f� c�mputers�� ne�� trainin�� a���rithms� and� the� �ari�us� app�icati�n�

p�ssibi�ities�� neura�� net��r�s� �ained� p�pu�arity� a�ain�� A� �ar�e� number� �f� artificia�� neur�ns�

are� assemb�ed� in� an� �r�ani�ed� structure� �hich� bui�d� m�dern� ANNs�� Neura�� net��r�s� are�

used�in�app�icati�ns��i�e�speech�rec��niti�n��r�c�mputer��isi�n�and��ther�fie�ds�f�r�pattern�

rec��niti�n�������

T�e��iological��o�el�of�Neurons�

An� i��ustrati�n��f�a�neur�n� in�a�human�brain� is�sh��n� in� �i�ure���11��The�dendrites�c���ect�

input�si�na�s�fr�m��ther�neur�ns�and�transmit�them�t��the�ce���b�dy�� If�the�intensity��f�the�

accumu�ated�si�na�s�e�ceeds�a�certain�thresh��d��the�neur�n�itse�f�sends�a�si�na���ut�t���ther�
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neur�ns�� The� a��n� and� the� c�rresp�ndin�� termina�s� ser�e� as� a� �in�in�� structure� t��

c�mmunicate��ith��ther�neur�ns�������

�

Figure�3-11:�Biological�neuron�model,�[3���

Artificial��e�lication�of�Neurons�an��Network��tructure�

The�input��f�an�artificia��neur�n�is�represented�by�a��ect�r���1��������n���The�e�ements��f�the�

�ect�r�are�mu�tip�ied��ith�specific��ei�hts���1��������n��f�r�each�e�ement�and�added�up�t��a�

�ei�hted� sum� �� ���8��� �urther�� a� neur�n� assi�ned� bias� �b��� is� added�� �ubse�uent�y�� an�

acti�ati�n�functi�n�f�is�app�ied��n�the�sum��a�ue����This�functi�n�defines�the��utput��a�ue�y��

�hich�is�passed�t��the�f�����in��neur�ns��r�is�disp�ayed�as�the�fina��resu�t���i�ure���1��sh��s�

the�simp�est�neura��net��r���the�perceptr�n��hich�is��ften�referred�t��as�the�first�machine�

�earnin��a���rithm����8��It�c�nsists��f��n�y��ne�neur�n��ith�different�inputs�and��ne��utput��

The�perceptr�n�acts�as�a�binary�c�assifier��meanin��that�the��utput��f�the�net��r���n�y�has�

t��� p�ssib�e� �utc�mes�� �ith� the� ch�sen� discrete� acti�ati�n� functi�n� seen� in� ������� the�

�utput�y�can�either�be��1��r�1�������

� � � �� +��� · ��
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�=�

�
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Figure�3-1�:��erce��ron:��eural�ne��or��model�con�i��ing�o��one�neuron,�[3������3���

The� acti�ati�n� functi�n� can� a�s�� be� a� functi�n� resu�tin�� in� a� n�n�discrete� �a�ue�� Then� the�

�utput�y�represents�the�pr�babi�ity�f�r�a�certain�predicti�n����r�e�amp�e��the�pr�babi�ity�that�

s�meb�dy� has� a� disease�� If� the� �utput� �a�ue� e�ceeds� a� defined� thresh��d�� the� predicti�n�

resu�t�is�true�and��ther�ise�fa�se��

C�mp�e�� pr�b�ems� �i�e� mu�ti�abe�� c�assificati�ns� �ead� t�� en�ar�ed� net��r�s� c�ntainin��

mu�tip�e� hidden� �ayers�� besides� the� input� and� �utput� �ayer�� Hidden� �ayers� bui�t� the� �in�in��

and� data� pr�cessin�� structure� bet�een� the� input� and� the� �utput� �ayer� as� sh��n� in� �i�ure�

��1��� E�ery� n�de� in� each� hidden� �ayer� represents� a� neur�n� and� �ets� input� data� fr�m� the�

neur�ns� �f� the� pre�i�us� �ayers�� The� n�des� run� thr�u�h� the� ab��e�e�p�ained� pr�cess� �f�

ca�cu�atin�� a� �ei�hted� sum�� app�yin�� an� acti�ati�n� functi�n� and� transmittin�� data� t�� the�

neur�ns� �f� the� f�����in�� �ayer� unti�� the� �utput� �ayer� is� reached�� H��e�er�� ch��sin�� the�

�ptima��number��f��ayers�and�neur�ns��ithin�the�ANN�f�r�a�specific�app�icati�n�is�n�t�tri�ia��

and�sti���the�t�pic��f�research��

�ultila�el��lassification�

C�assificati�n�pr�b�ems��ith�m�re�than�t���p�ssib�e��utc�mes�re�uire�neura��net��r�s�that�

are�capab�e��f�s���in��mu�ti��abe��c�assificati�n�pr�b�ems��The��utput��ayer��f�such�net��r�s�

inc�udes��ne�neur�n�f�r�each�c�ass�that�sha���be�identified��The���ftma��acti�ati�n�functi�n�

�see�����1���a�functi�n�desi�ned�f�r�mu�tin�mia��c�assificati�ns��ca�cu�ates�a�pr�babi�ity��a�ue�

f�r�each�neur�n��f�the��utput��ayer�summin��up�t��1���percent�in�t�ta���The��utput��ith�the�

hi�hest��a�ue�represents�the�predicted�c�ass���
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Figure�3-13:��eural�ne��or����ruc�ure,�[3������3���

Training�of�NNs�

Neura��net��r�s�pr�duce�predicti�ns�in�the�ab��e�described�feed�f�r�ard�pr�cess��Initia��y��

the� �ei�hts� �f� the� c�nnecti�ns� and� the� neur�n� biases� are� set� rand�m�y�� In� e�ery� trainin��

���p��the��ei�hts�and�biases�are�ad�usted�t���ptimi�e�the�predicti�n�accuracy��Thereby�the�

input� data� passes� thr�u�h� the� neura�� net��r��� resu�tin�� in� a� predicti�n�� The� difference�

bet�een� the� predicti�n� and� the� actua�� �a�ue� yie�ds� t�� the� s��ca��ed� “��ss”�� The� ��ss� is�

ca�cu�ated�in�the���ss�functi�n�ch�sen�by�the�pr��rammer��This���ss�is�pr�pa�ated�fr�m�the�

�utput� thr�u�h� the�hidden� �ayers� t��the� input� �ayer�� ca��ed�bac�pr�pa�ati�n�� In�e�ery�step�

bac��ard�the��ei�hts��f�the�neur�n�c�nnecti�ns�and�the�biases��f�the�neur�ns�are�ad�usted�

t�� minimi�e� the� err�r� f�r� the� ne�t� run�� Different� �ptimi�ers�� �hich� are� ch�sen� by� the�

pr��rammer�� enhance� the� perf�rmance� �f� the� net��r�� by� app�yin�� their� c�rresp�ndin��

mathematica�� �ptimi�ati�n� functi�ns� in� the� bac�pr�pa�ati�n� pr�cess�� This� pr�cedure� is�

carried��ut�iterati�e�y�unti��the�predicti�n�err�r�reaches�its�minimum���

The���a��is�t��train�the�neura��net��r��t��rec��ni�e�patterns�in�the�input��a�ues�and�predict�

the�consequent�output.�Th�s�t���n�n��p�ocess��s���so�c���e��“��tt�n�”�the�net�o���to�the���t�.�

If�the�net��r�� is�n�t�trained�pr�bab�y�underfittin���r���erfittin��may��ccur��An�underfitted�

net��r�� is�n�t�ab�e�t��rec��ni�e�the�characteristic�pattern��f�the� input�data��An���erfitted�

net��r�� “remembers”� the� patterns� �f� the� a�ready� seen� trainin�� data�� but� can�t� ma�e�

accurate�predicti�ns��hen�e�p�sed�t��ne��data�as� it� is�t���str�n��y�fit�t��the�trainin��data�

�see��i�ure���1����
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Figure�3-1�:���am�le��o���i��ing��o��a�neural�ne��or���o��raining�da�a,�[3��������3�

���er�ara�eters�

��me� parameters� �f� NNs�� �hich� are� usua��y� n�t� m�dified� thr�u�h� the� trainin�� pr�cess��

re�uire� initia�i�ati�n� bef�re� the� trainin�� pr�cess� starts�� These� parameters� are� named�

hyperparameters��They�inc�ude��am�n���thers��the�number��f��ayers��the�number��f�neur�ns�

in�each��ayer��batch�si�e���earnin��rate�and�ep�chs��As�menti�ned�bef�re��n��specific�ru�es�f�r�

settin��hyperparameters�e�ist��but�meth�ds�f�r�tunin��them�can�be�app�ied� �see���1�1���The�

f�����in���istin��describes�the�ab��e�menti�ned�parameters��

� Ep�chs:�The�number��f�ep�chs�determines�h����ften�each�samp�e��pair��f�input�and�

�utput� data�� is� passed� thr�u�h� the� net��r�� in� the� trainin�� pr�cess�� One� ep�ch� is�

finished��hen�e�ery�pair��f�input�and��utput�data�is�pr�cessed��nce��

� Batch��i�e:�The�number��f�samp�es�that�are�handed�t��the�net��r��t��be�pr�cessed�

at��nce����r�e�amp�e:�If��e�ha�e�1���trainin��samp�es�and��e�ch��se�a�batch�si�e��f�

����then�the�trainin��data�set�is�sp�it�int����batches��f����samp�es���hen�a�����batches�

are�passed�thr�u�h�the�c�assifier���ne�ep�ch�is�finished��

� Learnin��rate:� The� step�si�e� f�r� chan�in��the� interna�� �ariab�es��f� the� �ayers�durin��

the� �ptimi�ati�n� pr�cess�� ��r� e�amp�e�� the� ab��e�described� �ei�hts� are� updated�

thr�u�h� the� bac�pr�pa�ati�n� pr�cess�� ��r� the� perceptr�n�� the� ne���ei�ht���� �f� a�

certain�c�nnecti�n�is�c�mputed�by�subtractin��the�ca�cu�ated���ss��radient�mu�tip�ied�

�ith�the��earnin��rate���fr�m�the���d��ei�ht��i��f�the�pre�i�us��earnin��step��see���

11���This�meth�d��f��ptimi�in��the��ei�hts�and�biases��ith�the���ss��radient�is�ca��ed�

st�chastic��radient�descent��ptimi�ati�n��

�� � ��� − � ·
�����

���
�

���11��

�
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3.2.2 �tatistical��et�o�s�for��erfor�ance���aluation�

Bef�re��e�discuss�the�perf�rmance�parameters�f�r�neura��net��r�s��s�me�statistica��terms�

are� intr�duced��A�statistica�� test��ith�t���p�ssib�e��utc�mes� is� ca��ed�a�binary� c�assifier��A�

disease� test� represents�such�a�c�assifier:�The�test�predicts� if�a�pers�n�has�a�certain�disease�

��P�siti�e���r� n�t� ��Ne�ati�e��� These�predicti�ns� can� represent� f�ur�different� states��hich�

are�rec�rded�in�a�c�nfusi�n�matri���see��i�ure���1��:�

� True�P�siti�e��TP�:�The�pers�n�is�i���and�is�predicted�i���

� �a�se�P�siti�e���P�:�The�pers�n�is�n�t�i���and�is�predicted�i���

� �a�se�Ne�ati�e���N�:�The�pers�n�is�i���and�is�predicted�n�t�i���

� True�Ne�ati�e��TN�:�The�pers�n�is�n�t�i���and�is�predicted�n�t�i���

�

Figure�3-1�:��on�u�ion�ma�ri���or��inar��cla��i�ica�ion��

The� number� �f� each� �f� these� p�ssib�e� �utc�mes� �TP�� �P�� TN�� �N�� determines� the�

perf�rmance� �f� the� app�ied� test�� The� �ua�ity� �f� c�assifiers� can� be� e�a�uated� by� �ari�us�

parameters�� The� e�uati�ns� be���� ���11�� ��1��� ��1��� ��1��� describe� s�me� �f� the� m�st�

c�mm�n��nes��It�sh�u�d�be�n�ted�that�these�parameters�are�uti�i�ed�f�r�a����inds��f�statistica��

tests�and�machine��earnin��app�icati�ns��n�t��n�y�f�r�binary�c�assifiers��

�������� � �
�� + ��

�� + �� + �� + ��
�

���1���

��������� � �
��

�� + ��
�
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Accurac�� is� the� rati�� �f� a��� c�rrect� c�assificati�ns� �TP� �� TN�� t�� the� t�ta�� number� �f� a���

c�assificati�ns��TP���TN����P����N���

�recision�is�the�rati���f�a���c�rrect�c�assified�p�siti�es��TP��t��a���p�siti�e�predicti�ns��TP����P���

It�defines�the�certainty�f�r�a�p�siti�e�predicti�n�t��be�true��

�ensiti�it��is�the�rati���f�a���c�rrect�c�assified�p�siti�es��TP��t��the�number��f�actua��p�siti�es�

�TP����N���It�defines�the�abi�ity��f�the�net��r��t��identify�an�actua��p�siti�e��

��ecificit�� is� the� rati�� �f� a��� c�rrect� c�assified� ne�ati�es� �TN�� t�� the� number� �f� actua��

ne�ati�es��TN����P���It�defines�the�abi�ity��f�the�net��r��t��identify�an�actua��ne�ati�e��

The�imp�rtance��f�each�e�a�uati�n�parameter�depends��n�the�purp�se��f�the�c�assifier����r�a�

�irus� detectin�� test�� hi�h� sensiti�ity� is� imp�rtant�� because� a� ���� rate� �f� fa�se�ne�ati�e�

e�amp�es� is� desirab�e�� A� n�t� detected� c�nta�i�us� pers�n� may� ha�e� c�ntact� �ith� hea�thy�

pers�ns� and� infect� them�� In� c�ntrast�� f�r� the� detecti�n� �f� de�radati�n� fai�ures� in� p��er�

p�ants�� a� hi�h� precisi�n� may� be� beneficia��� Because� a� fa�se� p�siti�e� p�ssib�y� �eads� t�� a�

re�isi�n� and� �penin�� �f� a� fau�t�ess� system�� �hich� ��u�d� cause� p�ant� d��ntime� and�

unnecessary�maintenance�c�sts��H��e�er��in�m�st�cases��hi�h�precisi�n�and�hi�h�sensiti�ity�

are� n�t� achie�ed� at� the� same� time� but� settin�� a� predicti�n� thresh��d� at� a� suitab�e� �e�e��

affects� these� parameters�� A� thresh��d� is� a� barrier� set� at� a� defined� �e�e�� that� has� t�� be�

reached� ��r� e�ceeded�� by� the� c�assificati�n� samp�e� t�� �ead� t�� a� certain� predicti�n�� ��r�

e�amp�e�� a� tested�pers�n� is�predicted�as� i��� if� the��ira�� ��ad��f� this�pers�n�e�ceeds� the� set�

thresh��d�� A� ���� thresh��d� �eads� t��m�re� fa�se� p�siti�es� and� fe�er� fa�se� ne�ati�es� and� a�

c�rresp�ndin�� hi�h� sensiti�ity�� A� hi�her� thresh��d� �e�e�� increases� the� precisi�n� and�

simu�tane�us�y�decreases�the�sensiti�ity��Referred�t��the�disease�e�amp�e��a�test��ith�a�����

thresh��d��i���detect�pers�ns�e�en��ith�a�m�dest��ira����ad�but�a�s��dia�n�ses�m�re�hea�thy�

pers�ns�t��be�i����

The� e�p�ained� measures� are� typica��y� app�ied� t�� binary� c�assificati�ns�� ��r� a� mu�tic�ass�

c�assificati�n�pr�b�em��the�parameters�are�ca�cu�ated�c�ass��ise����1�����18��and�a��ei�hted�

mean�is�c�mputed����1�����1���������N�symb��i�es�the�t�ta��number��f�c�asses�and�ci��stands�

f�r�the�c�nfusi�n�matri��entries��ith�their�c�rresp�ndin��inde��f�r�the�predicted�c�ass�i��r���

inde���and�the�actua��c�ass����c��umn�inde�����
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Figure�3-1�:��on�u�ion�ma�ri���or�a�mul�i-la�el�cla��i�ica�ion��ro�lem�

��������������� � �
� ���
�
�=�

� � ���
�
�=�

�
�=�

�
���1���

�������������� � �
�������

������� + �������
�

���1���

���������������� � ��
� ���������� · ���� + ����
�
�=�

� � ���
�
�=�

�
�=�

�
���18��

���������������� � �
�������

������� + �������
�

���1���

������������������ � ���
� ������������ · ���� + ����
�
�=�

� � ���
�
�=�

�
�=�

�
�������

� �



�ODEL�DE�IGN� � � �

PAGE�|����

�

� ����������I�N�

This�chapter�dea�s��ith�the�desi�n��f�the�CCPP�m�de��and�the�pr�cedure��f�simu�ated�data�

�enerati�n�and�pre�pr�cessin����urther��the�setup�f�r�the�neura��net��r��and�its�trainin��and�

testin��meth�ds�are�e�p�ained��

�.1 �oftware�

The�f�����in��descripti�ns�pr��ide�a�sh�rt�insi�ht�int��the�s�ft�are��hich��as�uti�i�ed�in�this�

��r���

�.1.1 ���I��N�

��r� �eneratin�� an� accurate� m�de�� �f� the� p��er� p�ant�� the� EB�ILON�Pr�fessi�na�� heat�

ba�ance� s�ft�are� ������ �as� used� �hich� has� pr��en� t�� be� a� �a�uab�e� m�de�in�� t���� f�r�

simu�ati�n�based� desi�n�� and� �perati�n� �ptimi�ati�ns� �f� a��� types� �f� therma�� p��er�

�enerati�n�systems��It�is�used�by�uti�ities��en�ineerin��c�mpanies��e�uipment�manufacturers�

and� research� �r�ani�ati�ns� ��r�d�ide��Thr�u�h� indi�idua�� m�de�� c�mp�nents�� the� �as�

turbine�and��r�en�ine�perf�rmance�characteristics� can�be� inte�rated��ith�a�detai�ed�p�ant�

m�de���and�in�depth�therm�dynamic�ana�ysis�can�be�perf�rmed�benefitin��fr�m�the�features�

�f�EB�ILON�Pr�fessi�na���such�as:�

� indi�idua��e�uipment�characteristics�in�desi�n�and��ff�desi�n�m�de�

� fu���rec�rd��f�a����as���ater�steam�and�e�ectrica��f���s��f�the�p�ant�

� f�e�ibi�ity�in�e�uipment�arran�ement��p�ant�c�nfi�urati�n�and�mi���f�techn����ies�

� a�p��erfu���fast�and�re�iab�e�e�uati�n�based�s���er�

� �pen�architecture�t��inc�ude�user�defined�m�de�s�f�r�ne��techn����y��r��end�r�data�

� a� state��f�the�art� �raphica�� user� interface� and� a� �ide� �ariety� �f� �utput� �pti�ns� in�

�raphica��and�tabu�ar�f�rmats�and�

� an�interface�t���icr�s�ft��Office�E�ce����

ENE��A� GmbH� has� further� e�tended� the� usabi�ity� �f� EB�ILON� by� addin�� a� frame��r�� f�r�

distributed�ca�cu�ati�n�techn����y��hich�a����s�f�r� fast�pr�cessin���f��ery� �ar�e�simu�ati�n�

tas�s�such�as�the�h�ur�y�re�ca�cu�ati�n��f�the�annua���peratin��pr�fi�e��f�a�p��er�p�ant����1��

This���r�� uses� this� distributed� ca�cu�ati�n� techn����y� f�r� the� �enerati�n� �f� the� �peratin��

patterns� o�� the� �he��th��� po�e�� p��nt� �n�� ��th� ����ous� ����u�e� �o�es�� enhanced� by� an�

interface�t��Pyth�n�f�r�data�pre��and�p�st�pr�cessin���

�
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�.1.2 ��t�on�

Pyth�n�is�a�p�pu�ar�pr��rammin���an�ua�e�f�r�instance�f�r�hand�in��hu�e�data�fi�es��It�a����s�

aut�matin��data�manipu�ati�ns�and�repetiti�e�tas�s��The�PyCharm�IDE�faci�itates�the�creati�n�

and� debu��in�� �f� Pyth�n� pr��rams�� Besides� PyCharm�� the� �eb�based� �upyterLab� IDE� is�

uti�i�ed�f�r�pr��rammin��and�e�ecutin��pyth�n�fi�es�direct�y��n�the�ENE��A��ebser�er��

�.1.3 Tensorflow�an���eras�

Tens�rf����is�an��pen�s�urce�p�atf�rm��ith�a�f�cus��n�machine��earnin���It�pr��ides��ari�us�

t���s���ibraries�and�c�mmunity�res�urces�f�r�pr��rammin��state��f�the�art�machine��earnin��

app�icati�ns�� ����� Keras� is� desi�ned� t�� ease� the� c�nstructi�n� �f� deep� �earnin�� neura��

net��r�s��This�API�is�bui�t��n�t�p��f�Tens�rf����and�enab�es�the�uti�i�ati�n��f�the�Tens�rf����

�ibraries�������

�.2 ��������I��N��o�el�

In� this� thesis�� a� state��f�the�art� CCPP� m�de�� fr�m� ENE��A� �as� uti�i�ed�� The� p��er� p�ant�

m�de��inc�udes�a��as�turbine��a�trip�e�pressure�HR�G��ith��ne�reheat�cyc�e�and�three�steam�

turbine�secti�ns��HP��IP�and�LP���The�simu�ati�n�in�EB�ILON�is�carried��ut�in�t���c�nsecuti�e�

sta�es:�the�desi�n�m�de�and�the��ff�desi�n�m�de��

�esign��o�e��In�the�first�step��a�m�de��is�bui�t�in�the�desi�n�m�de��The�t�p����y�is�set�up��a���

desi�n�parameters�and�the�physics��f�the�c�mp�nents�f�r�the�p��er�p�ant�is�defined��

�ff��esign��o�e��The�simu�ati�n��f�the�p�ant��perati�n�under�different�en�ir�nmenta��and�

��ad�c�nditi�ns�is�carried��ut�in�the��ff�desi�n�m�de��

Bef�re� the� fai�ure� m�de� simu�ati�n� and� the� pr�cess� �f� �abe�ed� data� �enerati�n� can� be�

e�p�ained��s�me�terms�ha�e�t��be�specified:�

� ��ecification��alues��or��ara�eters�� represent�a����a�ues�that�ha�e�t��be�set�t��run�

the�simu�ati�n��They�are�a�s��ca��ed�input��a�ues��f�the�EB�ILON�m�de���

� �esult��alues�represent�a����a�ues�that�are�ca�cu�ated�in�the�simu�ati�n�run��They�are�

a�s��ca��ed��utput��a�ues��f�the�EB�ILON�m�de���

� In�ut��or�in�ut��alues���f�the�NN�represent�a����a�ues�that�are�fed�t��the�input��ayer�

�f� the�NN��These��a�ues�c�ntain�a��� resu�t��a�ues��f� the�EB�ILON�m�de��and�certain�

specificati�n��a�ues��seen�in�Tab�e������

Three�e�ements�are�necessary�t��characteri�e�a�p��er�p�ant�m�de�:�

� T�p����y��used�c�mp�nents�and�their��in�in��c�nnecti�ns��

� Physics��f�the�c�mp�nents���eh���o��
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� Parameteri�ati�n�

The� t�p����y� and� the� physics� �f� the� c�mp�nents�� �eh���o�� and� their� mathematica��

descripti�n�can��n�y�be�ad�pted�direct�y�in�EB�ILON��in�desi�n�m�de���The�simu�ati�n�in�the�

�ff�desi�n�m�de� uses� the� c�mp�nent� characteristics� specified� by� the� user� �r� a�ready� pre�

defined�in�Ebsi��n�t��determine��ff�desi�n�perf�rmance�f�r�e�ery�m�de��c�mp�nent��In�each�

simu�ati�n� run� the� specificati�n� �a�ues�� inc�udin�� �as� turbine� tar�et� p��er�� ambient�

c�nditi�ns��the�fai�ure�m�de�and�the�fai�ure�impact��are�set�fr�m�the�input�array��The�resu�ts�

�f�the�simu�ati�n�and�the�respecti�e�ambient�c�nditi�ns�represent�the�input��a�ues�f�r�the�

neura��net��r���By�settin��measurin��p�ints� in� the�m�de��� the� resu�ts�at�a�specific�pr�cess�

stream��mass�f�����temperature��pressure��entha�py���r�p��er�heat�f�����can�be�e�tracted��

�easurin��p�ints��ere��n�y�p�aced�in�the�m�de���here�measurement�e�uipment�is�typica��y�

in� �perati�n� in� e�istin�� CCPPs�� Thus�� the� input� f�r� the� neura�� net��r�� is� representin��

inf�rmati�n�that�can�be��athered�in�the�rea���ife�app�icati�n��N��additi�na��simu�ati�n�resu�ts�

are�re�uired��

4.3 Failure�Mode�Simulation�

Each� �f� the� described� fai�ure� m�des� in� ��1��� resu�ts� �ith� a� specific� impact� �n� the�

therm�dynamic�cyc�e��The�app�ied�simu�ati�n�meth�ds�f�cus��n�the�m�st�se�ere�effects�and�

can�t� rep�icate� the� e�act� physica�� impacts� �f� e�ery� fai�ure�� but� represent� ���d�

appr��imati�ns���urther��these�simu�ati�ns�are��imited�t��the�static��perati�n��f�the�p��er�

p�ant��Hence�shutd��n��startin���r��ther�dynamic�pr�cesses��ere�n�t�in�esti�ated��

��r� the� imp�ementati�n� �f� the� in�esti�ated� fai�ure�m�des�� the� specificati�n�macr�� �f� the�

m�de�� in��hich�a���specificati�n��a�ues�are�set��has�been�e�panded�f�r�the�se�ecti�n��f�the�

acti�e�fai�ure�m�des��The�fai�ure�m�des�can�be�acti�ated�by�se�ecti�n��ia�a�dr�p�d��n�menu�

and� the� c�rresp�ndin�� fai�ure� impact� ��I�� can�be� set��The� fai�ure� impact� is� a�unit�ess� input�

�a�ue� ran�in�� fr�m���t��1�� representin��a� re�ati�e� impact�bet�een���and�1���percent��The�

ma�imum�impact��f�a�fai�ure�m�de�is�defined�in�a�script��f�the�specificati�n�macr����hich�is�

e�ecuted�bef�re�e�ery� simu�ati�n� run�� This� script���er�rites� a� specific�desi�n� �a�ue��f� the�

affected� c�mp�nent� �ith� a� �a�ue� affected� by� the� specific� fai�ure� t�� the� specified� e�tent��

After� the� ca�cu�ati�n� and� the� e�tracti�n� �f� the� resu�ts�� an�ther� script� resets� a��� m�de��

m�dificati�ns�and�returns�the�m�de��int��a�fau�t�ess�state��

Besides� the�mathematica�� �perati�ns�and�parameter�manipu�ati�ns��f� the�macr�s���ari�us�

m�dificati�ns��f�the�m�de��t�p����y�ha�e�been�imp�emented��The�added�system�parts�� �i�e�

the��etd��n�system��are�simu�tane�us�y�acti�ated��ith�the�c�rresp�ndin��fai�ure�m�des��The�

f�����in��secti�n�presents�the�m�dificati�ns�f�r�each�fai�ure�m�de��
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It�should�be�noted�that�the�design�values�are�changed�linearly�as�a�function�of�the�FI.�This�can�

be�done�because�the�goal�is�to�simulate�the�resulting�impact�on�the�plant�operation�and�not�

the�exact�process�leading�to�it.�

Normal�Mode��

The�normal�mode�represents�the�power�plant�operation�without�any�failures.�

GT�Compressor�Fouling�

Compressor�blade�fouling�leads�to�a�loss�of�efficiency.�The�isentropic�efficiency��ETAI��of�the�

compressor�component�can�be�directly�affected�by�modifying�the�ETAI�parameter������.�

���� � ���� · �1 − �� · 0.2�� ������

This� means� that� compressor� blade� fouling� in� this� study� is� assumed� to� lead� to� a� loss� of�

isentropic�efficiency�up�to�20�%�of�its�initial��faultless���alue��

GT�Compressor�Tip�Clearance�

Tip�clearance� increase� at� the�gas� turbine� compressor�directly� affects� its� flow�capacity.�The�

airflow�reduction�is�modeled�by�manipulation�of�the�control�system�of�the�gas�turbine.�The�

gas�turbine�re�uires�a�certain�amount�of�fuel�and�a�corresponding�airflow�to�reach�the�target�

load.�The�calculated�airflow�value�is�manipulated�which�leads�to�curtailing�of�the�inlet�mass�

flow�of�the�compressor����2�.�

�� �����,����� � �� �����,����� · �1 − �� · 0.03�� ���2��

GT�E�pander�Fouling�

Expansion� turbine� blade� fouling� affects� the� efficiency� and� the� power� output� of� the� gas�

turbine.� The� reduction� in� efficiency� is� directly� simulated� by� manipulating� the� nominal�

polytropic�efficiency��ETAPN��of�the�gas�turbine�component�in�the�off�design�run������.�

����� � ����� · �1 − �� · 0.2�� ������

GT�E�pander�Tip�Clearance�

Expansion�turbine�tip�clearance�leads�to�a�mass�flow�over�the�tips�of�the�turbine�blades.�This�

effect�is�modeled�by�implementing�a�bypass�system.�Separating�the�gas�turbine�into�different�

stages�enables�the�implementation�of�this�bypass.�In�front�of�each�turbine�element��a�splitter�

divides�the�gas�stream�into�two�paths.�The�flow�ratio�of�the�streams�defines�the�amount�of�

bypassed�mass�flow������.��
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Figure�4-1:�Gas�turbine�expander�tip�clearance�simulation�

GT�Filter�Clogging�

The� air� inlet� filter� of� the� gas� turbine� is� modeled� by� a� pipe� component.� This� structural�

element�provides�the�possibility�to�define�a�nominal�pressure�drop��DP�2�N��in�a�stream.�In�

off�design�mode��a�pressure�drop�that�depends�on�DP�2�N�and�the�actual�mass�and�volume�

flow�is�calculated.��y�manipulating�the�nominal�pressure�drop��the�increased�pressure�drop�

due�to�filter�clogging�is�simulated������.�

��12�� � ��12�� · �1 � �� · 2�� ������

Steam�Tur�ine�����o�l�to�����o�l��ea�age�

For�the�simulation�of�the��P�bowl�to�IP�bowl� lea�age��also�called�N2�lea�age��of�the�steam�

turbine�� a� seal�system� has� been� implemented.� Shaft� sealing� components� �labyrinth� seals��

determine� the�amount�of� lea�age�mass� flow.� In�design�mode�� the�desired�mass� flow� is�set�

and�the�seal�characteristics��li�e�the�nominal�free�cross�section��CAN���are�calculated.�In�off�

design�mode��the�seal�characteristics�and�the�pressure�difference�between�the�inlet�and�the�

outlet�of�the�sealing�determine�the�lea�age��uantity.�To�simulate�the�failure��the�CAN�value�

is�manipulated�in�the�off�design�mode������.�

��� � ��� · �1 � �� · 10�� ������

The� lea�age� mass� flow� is� directly� proportional� to� the� CAN� value.� Therefore�� the� lea�age�

�uantity� is� varied� from��� to� ��� times� of� the�nominal�mass� flow�� depending�on� the� failure�

impact.�In�normal�mode��FI����lea�age�by�design�occurs.�
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Figure�4-�:��team�turbine����bo�l�to����bo�l�lea�age�simulation�

��SG�Fouling�

The�process�of�fouling�directly�affects�the�heat�transfer�coefficient�����of�the�heat�exchangers�

in�the���SG.�In�the�design�mode��the�heat�transfer�coefficient�and�the�heat�transfer�area� �A��

are� calculated�� resulting� in� the� nominal� heat� transfer� factor� ��AN� �� ��A�.� This� factor� is�

manipulated�in�the�off�design�mode�to�simulate�the�failure������.�

��� � ��� · �1 − �� · 0.2�� ������

�et�do�n��ea�age�

For� the� lea�age� simulation�� a� shaft� sealing� component� is� utili�ed.� The� underlying�

mathematics�of� a� labyrinth�seal� enables� a�physical� correct�modulation� �see�Steam�Turbine�

�P��owl�to�IP�bowl� lea�age�.�The�lea�age�mass�flow�depends�on�the�present�inlet�pressure�

and� the� sealing� characteristics.�Manipulation� of� the� nominal� free� cross�section� leads� to� a�

variation�of�the�lea�age��uantity������.�In�Normal�mode��no�lea�age�occurs�and�therefore�the�

CAN�value�is�set�to��ero.�

��� � ��� · ��� · 10�� ������

The�letdown�steam�is�directly�lead�to�the�connected�steam�paths.��ence�the�implementation�

of�a�spraying�system�is�necessary�to�avoid�temperature�excursions�in�the�downstream�plant�

sections.�
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Figure�4-�:��etdo�n�lea�age�simulation��s�o�n�on�t�e�example�o��t�e�b�pass��or�t�e����section�o��t�e����

E�aporator��lo�do�n��ea�age�

For� the� simulation� of� the� evaporator� blowdown� lea�age�� a� system� that� replicates� the�

physical� characteristics� of� a� shaft� sealing� was� implemented.� The� above�described� shaft�

sealing� component� �see� �P� �owl� to� IP� �owl� Lea�age�� couldn�t� be� used� because� of�

convergence�issues�in�the�simulation�process.�Instead��a�piping�element�was�deployed.�In�the�

design�run��a�nominal�mass�flow�M�N�was�set.�According�to�the�nominal�mass�flow�and�the�

appearing�pressure�drop�between� the�drum�and� the�ambient�pressure��a�mass� flow� in� the�

off�design� simulation� is� calculated.� �y�manipulating� the�M�N� value� the� simulated� lea�age�

mass�flow�can�be�changed����9�.�

�1� � �1� · �1 � �� · 1.��� ���9��

�

Figure�4-4:���aporator�blo�do�n�lea�age�simulation�

ST��lade�Erosion�and�Fouling�

�lade� erosion� and� fouling� result� in� a� degradation� of� the� steam� turbine� efficiency.� This�

reduction� is� simulated� by� decreasing� the� performance� factor� on� efficiency� �PFETA�� of� the�

turbine�component�������.�

����� � ����� · �1 − �� · 0.2�� �������
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ST�Tip�Clearance�

An�increasing�tip�clearance�affects�the�flow�conditions�in�the�steam�turbine�and�leads�to�an�

increased� flow� capacity.� The� mass� flow� through� a� turbine� is� determined� by� its� design�

characteristics� and� the� given� pressure� at� the� inlet� and� outlet.� This� relationship� between�

pressure� and� mass� flow� is� manipulated� in� the� off�design� simulation� by� varying� the�

performance� factor� on� flow� �PFFLO��� of� the� turbine� component� ������.� An� increased�

PFFLO��leads�to�a�higher�mass�flow�at�the�same�pressure�difference.��

������ � ������ · �1 � �� · 0.2�� �������

ST����E��aust��oss�

In�the�off�design�mode��the�exhaust�loss�of�the�LP�steam�turbine�is�a�function�of�the�annulus�

exhaust�velocity�as�the�design�characteristics�are�already�set.�The�internal�calculation�of�the�

exhaust� loss� can� be� manipulated� to� simulate� a� change� in� the� characteristic� exhaust� loss�

behavior� of� the� turbine� ����2�.� EExhLoss� describes� the� calculated� exhaust� loss� before� the�

manipulation.�

�������� � �������� · �1 � �� · 0.2� � �� · �� ����2��

It�should�be�noted�that�this�modification�can�t�replicate�an�exact�modulation�of�the�exhaust�

loss� change� through� degradation.� The� applied� manipulation� simplifies� a� change� in� the�

exhaust�loss�behavior�which�further�shall�be�detected�by�the�neural�networ�.�

Condenser��ncondensa�le�Gas��ccumulation�

Accumulation� of� incondensable� gases� in� the� condenser� leads� to� an� increase� in� LP� turbine�

bac��pressure.�A�separator�component�divides�the�stream�coming�from�the�LP�turbine�to�the�

condenser.� The� separator� provides� the� option� to� have� two� independent� pressure� levels��

before�and�after�that�component.�The�value�transmitter� transfers�the�pressure� level�of�the�

condenser��passing�the�separator��to�the�LP�output�stream.��ithin�the�transmitter��the�offset�

pressure�pOffset�can�be�defined.�This�offset�represents�the�turbine�bac��pressure�increase����

���.��

������� � �� · 0.0�� �������

The�unit�of�measurement� for� the�pressure�offset� is�bar.�Therefore�� the�maximum�offset� to�

t�e� �faultless�� con�enser� pressure� e�uals� �.��� bar.� �oth� the� separator� and� the� value�

transmitter� are� turned�off� in� design�mode� and�only� affect� the� off�design� simulation� if� the�

failure�mode�is�activated.�
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Figure�4-�:��ondenser�incondensable�gas�accumulation�and��ot�ell�subcooling�simulation�

Condenser�Fouling�and�Scaling�

Fouling� affects� the�heat� transfer� coefficient� of� the� condenser.� The� influence�of� this� failure�

mode�is�modeled�li�e�the���SG�fouling��by�manipulation�of�the��AN�value�in�the�off�design�

simulation�������.�

��� � ��� · �1 − �� · 0.��� �������

Condenser��ot�ell�Su�cooling�

The� method� of� simulation� for� hotwell� subcooling� is� similar� to� the� incondensable� gas�

accumulation� �see� Figure� ����.� �ut� in� this� case�� the� temperature� value� is� manipulated.� A�

separator� divides� the� stream� from� the� hotwell� to� the� feedwater� pump� and� a� value�

transmitter�transfers�the�temperature�of�the�hotwell��with�an�added�offset��to�the�feedwater�

stream.�

������� � �� · �� �������

The�unit�of�measurement�for�the�offset�is�degrees�Celsius.�Therefore��TOffset�ranges�from����C�

to� �� �C� �������� and� the� failure� mode� Condenser� �otwll� Subcooling� will� thus� produce�

condensate�return�temperatures�that�are�lower�by�this�offset�compared�to�the�operation�of�

t�e��faultless��e�uip�ent��

As� some� of� the� presented� failure� modes� occur� on� all� three� pressure� levels� of� the� ��SG�

components�� their� impact� is� simulated� separately.� Table� ���� provides� an� overview� of� all�

simulated�failure�modes�and�their�assigned�numbers�for�the�simulation.�
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�able�4-1:�Failure�modes�

Num�er� Failure�Mode� E�S���N��a�el�

�� Normal�Mode� Normal�Mode�

�� ST��P��owl�to�IP��owl�Lea�age� N2�Lea�age�

2� Evaporator��lowdown�Lea�age� �lowdown�Lea�age��P�

�� Evaporator��lowdown�Lea�age� �lowdown�Lea�age�IP�

�� Evaporator��lowdown�Lea�age� �lowdown�Lea�age�LP�

�� ��SG�Fouling� ��SG�Fouling��P�

�� ��SG�Fouling� ��SG�Fouling�IP�

�� ��SG�Fouling� ��SG�Fouling�LP�

�� Let�down�Lea�age� Letdown�Lea�age��P�C���

9� Let�down�Lea�age� Letdown�Lea�age�����Cond�

��� Let�down�Lea�age� Letdown�Lea�age�LP�Cond�

��� ST��lade�Erosion�and�Fouling� ST��lade�Erosion�Fouling��P�

�2� ST��lade�Erosion�and�Fouling� ST��lade�Erosion�Fouling�IP�

��� ST��lade�Erosion�and�Fouling� ST��lade�Erosion�Fouling�LP�

��� ST�Tip�Clearance� ST�Tip�Clearance��P�

��� ST�Tip�Clearance� ST�Tip�Clearance�IP�

��� ST�Tip�Clearance� ST�Tip�Clearance�LP�

��� Condenser�Incondensable�Gas�

Accumulation�

Cond�Gas�Accumulation�

��� Condenser�Fouling�and�Scaling� Cond�Fouling�Scaling�

�9� Condenser��otwell�Subcooling� Cond��otwell�Subcooling�
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2�� ST�LP�Exhaust�Loss� ST�LP�Exhaust�Loss�

2�� GT�Compressor�Fouling� GT�Compressor�Fouling�

22� GT�Compressor�Tip�Clearance� GT�Compressor�Tip�Clearance�

2�� GT�Expander�Fouling� GT�Turbine�Fouling�

2�� GT�Expander�Tip�Clearance� GT�Turbine�Tip�Clearance�

2�� GT�Filter�Clogging� GT�Filter�Clogging�

�

4.4 �ata�Generation�

Training� the�neural�networ�� to�predict� failure�modes� in�CCPPs� re�uires� a� large� amount�of�

data��that�represents�the�operation�characteristics�of�the�power�plant�over�the�entire�range�

of�load�and�ambient�conditions.�The�following�listing�represents�the�established�wor�flow�for�

data�generation��

I. Implementation�of�the�failure�modes�in�the�E�SILON�model�

II. Definition�of�the�specification�and�result�parameters�in�an�Excel�file�

III. Defining�the�minimum�and�maximum�values�for�the�specifications�

I�. Import�of�the�models��input�and�output�configurations�in�a�Python�Script�

�. Creating� e�ually� distributed� random� values� for� the� specification� parameters�within�

the�set�boundaries�

�I. Creating�normally�distributed�failure�impact�values�

�II. Transmission�of�the�E�SILON�model�and�the�specifications�to�the�ENE�SA�server�

�III. Downloading� the� simulation� results� from� the� server� and� labeling� the�data�with� the�

corresponding�failure�mode�

Table� ��2� shows� a� listing� of� the� specification� parameters� and� simulation� results.� The� gray�

shaded�values�represent�the�input�for�the�neural�networ�.��hile�the�failure�mode�and�failure�

impact�are�specification�values��i.e.�inputs��in�the�Ebsilon�simulation��the�NN�shall�determine�

t�e�failure��o�es�as�results��y��reco�ni�in���a�specific�pattern�in�t�e�si�ulate��process��ata��

�
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�able�4-�:��odel�parameters�

Name� T�pe� �nit� �escription�

Ambient�Temp� Specification� �C� Ambient�temperature�

Ambient�Pressure� Specification� �ar� Ambient�pressure�

Ambient��el��um� Specification� unitless� �elative�ambient�humidity�

Cool��ater�Temp� Specification� �C� Condenser�cooling�water�

temperature�

P�Target�GT� Specification� M�� Gas�turbine�target�power�

Failure�Mode�� Specification� unitless� Chosen�failure�mode�

Failure�Impact� Specification� unitless� Failure�Impact�value�

Gas�Massflow� �esult� �g�s� Inlet�gas�mass�flow�

GT�Gen�Power� �esult� M�� Gas�turbine�power�generation�

GT�FG�Temp� �esult� �C� Gas�turbine�flue�gas�exhaust�

temperature�

Comp�Out�Temp� �esult� �C� Compressor�output�temperature�

Comp�Out�Pressure� �esult� �C� Compressor�output�pressure�

��SG��P�Temp� �esult� �C� ��SG��P�stream�temperature�

��SG��P�Pressure� �esult� bar� ��SG��P�stream�pressure�

��SG��P�Massflow� �esult� �g�s� ��SG��P�mass�flow�

��SG�����Pressure� �esult� bar� ��SG�����stream�pressure�

��SG�C���Temp� �esult� �C� ��SG�C���stream�temperature�

��SG�C���Pressure� �esult� bar� ��SG�C���stream�pressure�

��SG�IP�Temp� �esult� �C� ��SG�IP�stream�temperature�
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��SG�IP�Pressure� �esult� bar� ��SG�IP�stream�pressure�

��SG�LP�Temp� �esult� �C� ��SG�LP�stream�temperature�

��SG�LP�Pressure� �esult� bar� ��SG�LP�stream�pressure�

ST�LP�O�T�Pressure� �esult� bar� LP�steam�turbine�output�

pressure�

ST�Gen�Power� �esult� M�� Total�generated�power�by�the�

steam�turbines���P��IP��LP��

C��O�T�Temp� �esult� �C� Cooling�water�temperature�after�

the�condenser�

Cond�O�T�Temp� �esult� �C� Condenser�output�condensate�

temperature�

�

Failure��mpact��istri�ution�

As� degradation� failures� built� up� over� time�� detecting� them� at� an� early� stage� is� beneficial.�

Therefore��the�NN�was�trained�on�an�overweight�of�simulation�runs�with�low�failure�impacts.�

The� failure� impact� values� are� normally� distributed� with� a� mean� �� of� �.�� and� a� standard�

�e�iation���of�0��� �Figure�����.�Additionally��the�absolute�value�of�all�results�was�calculated�

and� negatives� were� changed� into� positives.� The� resulting� failure� impacts� above� �� were�

assigned�with�a�new�value.�This�ensures�that�the�ma�ority�of�the�data�sets�contain�low�failure�

impacts��leading�to�high�accuracy�in�this�area.��

�

Figure�4-�:��istogram�o���ailure�impact�distribution��or�1������generated��alues�

�
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Target��o�er�Correction�

The�baseload� capability�of� a� gas� turbine�depends�on�ambient� conditions� and�performance�

level�and�thus�is�a�result�of�the�model�simulation.�Depending�on�the�input�for�a�target�power�

output�the�model�decides�whether�the�target�can�be�achieved�at�current�conditions�or�if�the�

target�is�beyond�capabilities.�Therefore��targeting�to�achieve�the�same�ratio�of�part�load�and�

baseload� simulations� at� different� conditions� re�uires� a� dependency� of� the� target� power�

input� and� ambient� conditions.� Numerous� calculations� at� baseload� operation� with� varying�

ambient�specifications�were�processed�to�derive�linear�correlations�which�were�then�applied�

as�limits�for�the�target�power�input�for�the�data�generation�process.��

4.4.� �ata��alidation�

The�performance�of�neural�networ�s�depends�on�the��uality�of�the�underlying�training�data.�

�ence�data�validation�is�a�critical�point�before�building�a�NN.� The�simulated�data�have�thus�

been�validated�to�assure�that�the�implemented�failure�modes�on�specific�e�uipment�impact�

the�power�output�of�the�turbines�and�the�overall�plant�efficiency�as�expected.�

For�the�validation�process��data�sets�with�a�variation�of�the�failure�impact�between���and�����

percent�were�generated.�All�other� specification�parameters�were�held�constant.�Figure�����

shows�for�instance�the�impact�of�the�accumulation�of�incondensable�gases�in�the�condenser�

on� the� power� output� of� the� steam� turbines.� The� bac�� pressure� of� the� LP� steam� turbine�

increases�and� reduces� the�pressure�difference�between� turbine� section� inlet� and�exit� that�

can�be�utili�ed�in�the�expansion�process.�Similarly��all�failure�modes�have�been�investigated�

on�their�impact�either�on�the�steam�turbine�power�or�the�gas�turbine�power�and�the�overall�

plant�efficiency.�

�

Figure�4-�:����ect�o��condenser�incondensable�gas�accumulation�on�t�e�po�er�output�o��t�e�steam�turbines�
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Further��the� influence�of�the�failure�modes�on�all�measured�process�parameters��which�are�

input�values�of�the�NN��was�investigated.� It�was�found�that�for�example��condenser�fouling�

has� a� strong� impact� on� the� LP� steam� turbine� outlet� pressure� and� the� condenser� outlet�

temperature� �see� Figure� Appendix� 2�.� For� this� analysis�� all� specification� values� were� held�

constant�and�only�the�failure�impact�was�varied.�The�difference�between�the�maximum�and�

the�minimum�value�of�each�input�parameter�was�calculated.�The�maximum�relative�impacts�

of�the�failure�modes�were�computed�and�merged�into�a�heatmap��see�Figure�Appendix���and�

Figure�Appendix�2�.�This�plot�shows�the�characteristic�pattern�of�each�failure�mode�and� its�

influence�on�the�power�plant�process�measurements.�

4.4.� �ata��reparation�

�efore� the� simulated� data� sets� could� be� processed� by� the� NN�� certain� preparation� was�

necessary.� Each� data� set� consists� of� over� ������ simulation� runs� �one� run� for� every� ���

minutes� in� a� year� with� ����� hours��� representing� the� impact� of� one� failure� mode� under�

various�ambient�conditions.� In� total�2�� failure�modes�have�been� implemented�� resulting� in�

2��data�sets��including�one�set�for�normal�mode�.�These�data�sets�were�split�into�training�and�

testing� sets.� Afterward�� the� 2�� training� and� 2�� test� sets� were� assembled� into� one� large�

training�and�one�large�test�set.�Each�set�contains�input�and�output�values�for�the�NN.�As�the�

units� of�measurements� and� the� corresponding� values� differ� among� the� input� values�� they�

needed�to�be�normali�ed.�Each�input�value�was�divided�by�a�defined�maximum�value��leading�

to�a�data�set�of�numbers�between���and��.�The�maximum�values�were�set�by�searching�for�

the�highest�occurring�values�in�the�dataset�for�each�input�and�rounding�them�up.��

Each�column�of�the�data�sets�represents�one�simulation�run�and�therefore�one�sample�of�NN�

inputs�plus�the�corresponding�label�for�the�simulated�failure�mode.�After�normali�ation��the�

columns� were� shuffled� to� mix� the� failure� modes� and� e�ually� distribute� them� across� the�

whole�set.��

Subse�uently��the�data�sets�were�utili�ed�to�build�the�failure�mode�predicting�networ�.�The�

NN�learned�certain�patterns�by�processing�the�training�data�set.�Evaluation�of�the�achieved�

performance�was�carried�out�by�feeding�the�test�data�set�to�the�NN��see��.�.2�.��

4.4.3 Measurement�Noise��ntegration�

E�SILON� models� deliver� so�called� clean� data.� The� simulation� follows� mathematical�

expressions� and� solves� e�uation� systems� by� iterating� until� a� defined� deviation� limit� is�

reached.� �owever�� real�world� measurements� come� with� systematic� and� random� errors.�

Therefore�� the� applied�methods� of� failure�mode� detection� were� tested� and� trained� using�

clean�as�well�as�noisy�data.��
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�andom�errors�embody�an�unpredictable�variation�of�the�measurement�value.�They�occur�in�

normally� distributed� patterns� and� can� be� minimi�ed� by� ta�ing� the� average� of� repeated�

measurements�over�a�certain�period.��andom�errors�were�simulated�by�adding�noise�to�the�

input�values�of�the�networ�.��

The� noise� was� applied� to� the� data� sets� after� the� normali�ation� process.� Each� input� value�

received� a� random� normally� distributed� deviation� within� defined� ���� inter�als�� �andom�

values�outside�the�����inter�al��ot�a�ne���alue�assi�ne���The�����li�its�of� t�e��istri�ution�

were� set�according�to�measurement�accuracies� in�CCPPs� shown� in� Table� ���.� These�values�

are�based�on�the�long�term�experience�and��nowledge�of�the�experts�of�ENE�SA.��

To�test�the�influence�of�different�levels�of�noise�on�the�networ��performance��a�noise�factor�

was�introduced.�The�defined�measurement�accuracies�were�multiplied�with�the�noise�factor�

and�the�applied�error�values�changed�accordingly.�For�example��a�noise�factor�of�2.��results�

in�a�2�times�bigger�maximum�random�error.�The�model�in��.�.��was�trained�on�data�with�an�

applied�noise�factor�of��.��and�evaluated�on�data�with�noise�factors�between��ero�and�2.�.�

�able�4-�:��easurement�tolerances�

Measured��uantit�� Noise�Factor� Measurement�Tolerance���

Ma�.��andom�Error�

Temperature� �.�� ���.����

Pressure� �.�� ���.����

Mass�flow� �.�� ���.����

Power� �.�� ���.2���

�umidity� �.�� ���.����

�

S�stematic�errors�cause�a�constant�bias�from�the�true�value.�They�can�t�be�minimi�ed�with�

statistical�methods� and�have� to�be�detected� and� corrected� for� affected�measurements� by�

�ualified�engineers.�This�wor��assumes�that�systematic�errors�are�identified�and�corrected�in�

measurement� data� preprocessing� and� evaluation.� �ence� systematic� errors� were� not�

implemented�in�the�simulated�data.��

�
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4.� Neural�Net�or���

Tensorflow�and��eras�provide�access�to�an� immense� library�of�machine� learning�tools.�The�

library� contains� functions� and�classes� for� the� re�uired� structures� to�build�� train� and� test� a�

neural� networ�.� The� following� sub�chapters� explain� the� utili�ed�methods� to� construct� the�

failure�mode�predicting�NN.�

4.�.� �uilding�o��t�e�NN�

The�networ��itself�is�embodied�by�the�so�called�model.�Inside�the�model��the�structure�of�the�

NN� is�defined.� It�contains�all� layers��neurons��connections��and�the�internal�variables�of�the�

networ�.�

�nput��a�er�

The� input� layer� is�the� first� layer�of�every�networ�.� It�consists�of�one�neuron�for�each�input�

value�that�is�passed�to�the�NN.�Therefore��the�shape�of�the�input�layer�is�e�ual�to�the�length�

of�the�input�data�vector.�In�this�case��the�first�layer�had�2��input�values��gray�shaded�lines�in�

Table���2�.�In�the�first�layer��no�activation�function�was�applied�to�the�data.�

�idden��a�ers�

From�the�input�layer��the�input�values�are�multiplied�with�the�weights�and�passed�to�the�first�

hidden� layer.��eras�provides� various� layer� types� that� can�be�utili�ed� as�hidden� layers.�The�

following�list�names��ust�a�few�of�them��

� Dense�layers�

� Convolution�layers�

� Pooling�layers�

� �ecurrent�layers�

In� this� research�wor��� only� dense� layers�were� employed.� Convolutional� and�pooling� layers�

are�used�for�computer�vision�applications�and�recurrent�layers�are�an�important�component�

for� forecasting�programs.��owever�� t�e�ter���dense�� relates�to�the�connection�method�of�

the� neurons.� A� dense� layer� connects� each� neuron� of� the� previous� layer� with� each� of� its�

neurons.��

�ithin� the�hidden� layer�� the�number�of�neurons� and� the�applied� activation� function� were�

chosen.�Defining�a�suitable�number�of�hidden�layers�and�neurons�is�discussed�in��.�.�.��

�

�
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�cti�ation�Functions�

For� each�hidden� layer� and� the� output� layer�� an� activation� function� has� to�be� chosen.� The�

activation�function�is�applied�to�the�weighted�sum�of�each�neuron��see��.2.��.�In�the�hidden�

layers��the�rectified�linear�activation�function���e����was�used.�

The��e���function�results�in���if�the�input�x�is�negative��otherwise��its�output�f�eL��x��e�uals�

the�input�������.�This�was�function�was�applied�in�all�hidden�layers.�

�������� � �����0, ��� �������

In� the� output� layer�� the� normali�ed� exponential� function� �called� So�tma��� was� used.� The�

output� layer� consists� of� N� values�� one� value� for� each� predicted� class.� As� the� investigated�

classification� problem� for� failure� modes� in� CCPPs� consists� of� 2�� different� failure� modes�

�including� failure� mode� ���� the� output� vector� has� 2�� output� values.� Each� value� �� of� the�

output�vector�is�exponentiated�and�normali�ed�according�to�������.�������

������������ �
���

� ����
�

�
�������

The�So�tma��function�results�in�a�vector�representing�the�probability�distribution�among�the�

predicted� classes.� Each� value� of� the� vector� ranges� between� �� and� ��� summing� up� to� �� in�

total.�The�class�with�the�highest�probability�represents�the�predicted�class.�

4.�.� Training�o��t�e�NN�

After�defining�the�NN�structure�with�all�layers��neurons�and�activation�functions��the�training�

of�the�NN�followed.�The�training�process�itself�re�uired�the�following�settings��

The�num�er�o��epoc�s�defines�how�often�the�whole�training�dataset�is�passed�through�the�

networ��before�the�training�is�finished.�This�number�was�set�to���������and�above�because�

the� implemented� callbac�s�� which� measure� the� progress� of� the� fit�� prevent� the� NN� from�

overfitting.�The�training�was�continued�until�no�further�improvement�was�measured.�

The� �atc�� si�e� was� varied� between� 2���� and� ����.� A� smaller� batch� si�e� decreases� the�

computing�speed��but�increases�the�training�progress�per�epoch.�A�larger�batch�si�e�leads�to�

faster�computing�but�a�decrease�in�progress�per�epoch.�

The�learning�rate������defines�the�step�si�e�in�which�the�internal�variables�of�the�networ��are�

ad�usted� in� the�bac�propagation�process.�Setting�an�appropriate�L�� is� critical� for� training�a�

NN.�A�high�L�� leads� to�unstable� learning�behavior��while�a� low�L��slows�down�the� training�

process� significantly.� �eras� provides� a� very� useful� tool� to� set� a� suitable� learning� rate�� the�
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learning� rate�scheduler� �L�S�.�This� scheduler�was�used� to�vary�the� learning�rate�during� the�

training� process� and� to� monitor� the� response� of� the� training� loss.� The� L�� was� slowly�

increased�in�small�steps�after�every�epoch.�Figure�����shows�that�the�learning�rate�reached�a�

point�where�the�training�process�got�unstable.�Therefore��the�L��was�set�slightly�below�the�

unstable�operation�point�to�ensure�a�stable�training�process�at�a�good�training�speed.�

�

Figure�4-�:����ect�o��t�e�learning�rate�on�t�e��alidation�loss�

The� loss� function� calculates� the� difference� between� the� predicted� output� and� the� actual�

value.�The�goal�of�training�the�NN�is�to�minimi�e�this�loss�by�adapting�the�internal�variables�

of� the� networ�.� To� compute� a� loss� value� for� this� multilabel� classification� problem�� the�

Sparse�Categorical�Crossentropy� function� was� utili�ed.� This� function� calculates� the�

difference� between� two� probability� distributions.� In� this� wor��� the� predicted� probabilities�

from� the� Softmax� activation� function� of� the� output� layer� and� the� actual� class� were�

calculated.�

�efore�the�training��the�training�data�set�was�split�up�into�a�training�set�and�a�validation�set.�

The�ratio�between�the�number�of�training�examples�and�validation�examples�was�defined�in�

the� �alidation� split� parameter.� The� networ�� was� trained� on� the� training� set� and� the�

validation� set� was� only� used� to� chec�� if� the� networ�� still� improves� during� the� training�

process.� The� calculated� training� loss� was� utili�ed� by� the� optimi�er� to� ad�ust� weights� and�

biases��while�the�validation�loss�was�used�to�monitor�the�progress�of�the�training�process.�If�

the�training�loss�still�decreases�while�the�validation�loss�rises��overfitting�occurs.�

The�optimi�er� is�the�applied�algorithm�for�ad�usting�the�internal�weights�and�biases.� In�this�

wor���the�adam�optimi�er�is�utili�ed.��esides�weights�and�biases��this�algorithm�also�adopts�

the�learning�rate�during�the�training�process�leading�to�an�efficient�learning�process.�



MODEL�DESIGN� � � �

PAGE�|����

�

Call�ac�s�represent�functions�that�are�executed�during�the�training�process.�These�functions�

can�either�be�self�written�scripts�or� certain� library� implementations.�The�above�mentioned�

learning� rate� scheduler� is� one�of� them.� The� L�S�was� used� in� the� first� approach� to� find� an�

appropriate� learning� rate.� In� the� training� process�� the� EarlyStopping� �ES�� and�

ModelChec�point��MC��functions�were�used.�The�ES�algorithm�compares�the�validation�loss�

of� the�current�epoch�with� the�best�value�achieved�so� far.� If�no� improvement�of� the�model�

was� achieved� for� a� defined� number� of� epochs�� the� training� process� stops� and� is� finished.�

Additionally��the�MC�algorithm�saves�the�new�model�weights�and�biases�if�an�improvement�

occurs.��ith�these�two�methods��the�possibility�of�overfitting�gets�very� low.�Therefore��the�

number�of�training�epochs�doesn�t�have�a�huge�impact�on�the�model�performance��because�

the�training�stops�before�overfitting�happens.�

The� parameters� and� settings� mentioned� above� were� initiali�ed� before� the� training� itself�

started.�The�training�process�was�activated�by�applying�the��it�function�to�the�model.�

4.�.3 �er�ormance�E�aluation��rocess�

As�mentioned�before�� the� initial� simulation�data� sets� for� every� failure�mode�were� divided�

into�training�sets�and�test�sets�and�further�merged�into�one�large�training�and�one�large�test�

set.� This� enables� the� evaluation� of� the� networ�� with� data� it� has� never� seen� before.�

�t�er�ise�� t�e� ��� coul�� �ust� �re�e��er�� t�e� trainin�� �ata� �it�out� learnin�� t�e�

interdependencies�between�the�input�parameters�and�their�resulting�failure�modes.�The�test�

set�was�utili�ed�for�the�following�analy�ing�methods.�

In� the�first�approach�� the�performance�of�the�neural�networ��was�evaluated� concerning� its�

accuracy.�This�provided�a��uic��insight�if�the�trained�networ��reaches�acceptable�accuracies�

or� if� fundamental�problems�occur.�An�accuracy�test�was� carried�out�by�calling�the�evaluate�

function� for� �eras� models.� The� evaluate� function� simply� processes� the� test� data� set� and�

returns� the� overall� accuracy�of� the�NN.� For� further� investigation� on� the� performance�� the�

confusion�matrix�for�the�NN�was�set�up.�

Con�usion�Matri���

To�get�predictions�from�the�networ��the�predict�function�from�the��eras�model�was�utili�ed.�

The�test�data�was�passed�to�the�model�that�returns�a�prediction�matrix.�Every�column�of�the�

matrix� contains� the� probability� values� for� one� test� example�� visuali�ed� in� Figure� ��9.� As�

mentioned� before�� the� class� with� the� highest� probability� represents� the� predicted� failure�

mode.� The� predicted� result� was� compared� to� the� actual� value� and� the� corresponding�

confusion�matrix� entry� was� added.�All� test� examples� were� passed� through� this� procedure�
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resulting� in�a�complete�confusion�matrix.�From�this�matrix��the�precision�and�recall� for� the�

individual�classes�and�the�whole�networ��were�derived�following�the�e�uations�in��.2.2.�

T�res�old�

The� influence�of� a� threshold�on�classification�problems�was� shortly�discussed� in��.2.2.�The�

following�explanation�provides�a�more�detailed�description�of�the�threshold�and�its�impact.�

In�Figure���9�an�example�of�a�probability�distribution�for�a�test�sample� is�shown.�Each�bul��

represents�the�probability�of�the�corresponding�failure�mode��listed�in�Table����.�In�this�case��

the� threshold� was� set� to� ��� percent.� Two� values� exceed� this� border� and� of� course�� the�

highest�value�represents�the�predicted�failure�mode���.��

�

Figure�4-�:��xample�o��a�prediction��rom�t�e�����it��applied�t�res�old�

If�none�of�the�probability�values�is�high�enough�to�pass�the�defined�threshold��the�predicted�

output� is� set� to� failure�mode��.� Failure�mode��� represents� the�normal�operation�mode.� In�

other� classification� problems�� this� mapping� of� all� wea�� results� �results� with� a� probability�

output�below�the�threshold��on�one�defined�other�class�wouldn�t�ma�e�sense.�For�example��

if�we�try�to�classify�different�animals�and�every�time�a�wea��result�occurs�we�say�the�animal�

is� a�mouse.� �ut� in� this� case� of� failure�mode� prediction�� the�mapping� of� a�wea�� result� to�

failure�mode���has� no� impact� on� the� real�life� operation�of� the�power�plant.� �ecause� if�no�

failure�mode�occurs� ��� failure�mode����or� if� the�networ��predicts� a� failure�mode�with� low�

probability�the�result�will�be�the�same.�The�plant�operator�won�t�interfere.�Therefore��every�

wea��result�is�mapped�on�failure�mode��.�
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The�second�option�of�dealing�with�weak�results�would�be�to�say�the�network�can`t�predict�an�

output� with� a� high� enough� probability� and� therefore� no� classification� is�made� at� all.� This�

approach�would�lead�to�a�biased�representation�of�the�network�performance�because�only�

simulation�e�amples�with�a�high�output�probability�would�be�e�aluated.�

Setting�a�threshold�directly�affects�the�predictions�of�the�network�and�therefore�the�resulting�

confusion�matri��for�the�classification�task.��ith�the�change�of�false�positi�e��true�positi�e��

false�negati�e� and� true�negati�e� results�� also� the�performance�parameters� of� the�network�

�ary.��ence�the�accuracy��precision�and�recall�of�the�NN�are�functions�of�the�threshold.�The�

direct� impact�of�the�threshold�on�the�results� is�e�plained�by�the�following�e�ample.��ailure�

mode����was�the�actual�class�and�the�threshold�was�set�to����percent.��igure�4����shows�a�

histogram�of�classifications� in�which�any�other�failure� than� failure�mode����was�predicted.�

�igure� 4���� shows� a� histogram� of� classifications� in� which� failure� mode� ��� was� predicted�

correctly.�

�

Figure�4-10:�Influence�of�the�threshold�on�false�predictions�of�the�NN�for�FM�12�

Impact� on� false� �false� negati�e�� predictions�� E�ery� other� prediction� than� failure� mode� ���

causes�a� false�positi�e� result� in�another�class.� �or�e�ample�� if� failure�mode���� is�predicted�

while�failure�mode����is�present��failure�mode����gets�a�false�positi�e�result�in�the�confusion�

matri�.� �ith� the� specified� threshold�� all� false�positi�e� predictions� that� showed� an� output�

probability�of�less�than����percent�are�mapped�to�failure�mode��.��ecause�e�ery�prediction�

with�a�weak�result�gets�mapped�to�normal�mode.�This�leads�to�a�reduction�in�false�positi�es�

at�all�failure�mode�classes�e�cept�for�failure�mode��.�All�predictions�with�a�probability�abo�e�

the�threshold���M����in��igure�4�����still�cause�false�positi�e�results�at�the�predicted�failure�

modes.��
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Figure�4-11:�Influence�of�the�threshold�on�correct�predictions�of�the�NN�for�FM�12�

Impact�on�correct��true�positi�e��predictions��All�true�positi�es�which�were�predicted�with�a�

probability�below�the�threshold�are�mapped�to�failure�mode����causing�a�small�decrease�of�

true� positi�es� for� failure� mode� ��.� The� results� abo�e� the� threshold� still� represent� true�

positi�e�predictions�for�failure�mode���.�The�optimum�threshold��alue�is�thus�a�compromise�

between�false�positi�es�for�failure�modes�other�than�the�actual�and�false�negati�es�for�this�

failure�mode.�

�

� �
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5 RESULTS�

In� this� chapter�� the� results� of� the� different� network� configurations� are� e�aluated.� The�

influence�of�the�training�data�and�the�hyperparameters�on�the�model�performance�is�shown.�

The�optimi�ed�model�was�tested�on�clean�and�noisy�test�data.��inally�� the�performance�on�

two�acti�e�failure�modes�was�e�aluated.�

5.1 NN�Model�

All�models�were�initially�trained�on�datasets�with�an�e�ual�number�of�training�e�amples�for�

each�failure�mode.�The�upper�and�lower� limits�for�the�specification��alues�of�all�simulation�

runs�are�shown�in�Table����.�

�a�le��-1:��pecification�li�its�

Specificatio�� U�it� Lo�e��Li�it� Uppe��Li�it�

Ambient�Temp� ��� �.�� 4�.��

Ambient�Pressure� bar� �.��� �.���

Ambient��el��um� unitless� �.�� �.��

�ool��ater�Temp� ��� ��.�� ��.��

P�Target�GT� M�� ���� 4���

�ailure�Mode�� unitless� �� ���

�ailure�Impact� unitless� �.�� �.��

�

In� a� first� attempt�� a� model� with� three� hidden� layers� ����� Neurons�� �4� Neurons� and� ���

Neurons��and��eL��acti�ation�functions�was�trained.�This�model�reached�an�o�erall�accuracy�

of��4���until�no�further�progress�could�be�achie�ed.�This�result�ser�ed�as�the�benchmark�for�

further�impro�ements.�

�i��t�E�al�atio��

To�find�areas�in�which�the�model�performed�poorly��the�predictions�for�e�ery�failure�mode�

were�in�estigated.�The�model�was�tested�on�the�test�data�set�which�contains������samples�
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for�each�failure�mode.�The�number�of�correct�and� false�predictions� for� e�ery� failure�mode�

showed�in�which�cases�the�network�didn`t�perform�well.�

After� the� identification� of� classes� with� low� prediction� accuracy�� the� reason� for� the�

underperformance� was� e�aluated.� �igure� ���� shows� the� prediction� for� the� acti�e� failure�

mode�7.�This�failure�mode�was�often�mistaken�for�failure�mode�4��because�these�two�failure�

modes�ha�e�similar�impacts�on�the�measurements� in�the�power�plant.�They�both�affect�the�

low�pressure�section�of�the���SG.�Their� influence�as�well�as� the� impact�of�all�other� failure�

modes�on�the�process�parameters�of�the���PP�can�be�seen�in�the�heatmap���igure�Appendi��

��and��igure�Appendi����.�This�confusion�between��M�4�and��M�7�re�eals�one�limitation�for�

the� failure� mode� predictions� with� NNs.� If� failures� ha�e� nearly� the� same� impact� and� the�

relati�e� impact� is� low�� the� NN� may� not� be� able� to� differentiate� between� them�with� high�

accuracy.�Ne�ertheless��the�NN�could�predict�that�one�of�the�similar�failures�was�present�and�

hence�the�location�of�the�failure�was�limited.�

�

Figure��-1:��redicted�failure��odes�in��000�e�a�ples�for�the�actual�acti�e�failure��ode���

The� heatmap� also� shows� that� some� of� the� failures� ha�e� a� higher� impact� on� the� plant�

operation�than�others.��ailures�with�a�se�ere�influence�were�detected�with�higher�accuracy�

and�the� result��ector�showed�higher�probability��alues.��ases�with� low� impact�also� lead�to�

weaker� probability� results� and� more� false� predictions.� �or� e�ample�� gas� turbine� filter�

clogging��failure�mode�����leads�to�more�false�predictions�than�condenser�gas�accumulation�

�failure�mode��7��which�has�a�greater�impact�on�the�input��alues�of�the�NN.�

5.1.1 �pti�i�atio��

After�the�first� round�of�training�and�testing�the�model��areas�of�underperformance�and�the�

reasons�were�identified.�Subse�uently��methods�for�performance�optimi�ation�were�applied.�
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These� methods� were� di�ided� into� two� categories�� Data� Structure� Optimi�ation� and�

�yperparameter�Tuning.�

�ata�St��ct��e��pti�i�atio���

The�neural�network�highly�depends�on�the��uality�of�the�training�data.�As�mentioned�before��

each�failure�mode�was�represented�by�the�same�amount�of�e�amples�in�the�training�data�set.�

In� the� abo�e�described� e�aluation�� the� failure� modes� with� low� prediction� accuracy� were�

identified.� To� increase� the� model� performance� particularly� on� these� failure�modes�� more�

training�data�with�these�failures�were�generated.�The�new�e�amples�were�mi�ed�with�the�old�

training� set.� Therefore�� a� surplus� of� hard�to�predict� failure�mode� samples�was� created�� to�

train�the�model�specifically�in�these�areas.�

The� specification� �alues� for� all� false� predictions�were� plotted� �see� �igure� Appendi�� ��.� An�

interface� in�which� the� in�estigated� failure�mode� can�be� chosen�was�programmed.��or� the�

desired� failure� mode� all� false� predictions� under� the� specification� �alues� are� displayed.�

�ence��circumstances�that� lead�to�a�higher�number�of� false�predictions�could�be� identified.�

The�o�erhead�on�training�data�was�then�created�in�e�actly�these�areas.��or�e�ample��If�one�

failure�mode�showed�more�false�predictions�on�higher�temperatures��then�training�e�amples�

for�high�temperatures�were�generated.�

��pe�pa�a�ete��T��i���

�esides�the�training�data�for�the�classification�problem��the�structure�of�the�neural�network�

and� its�corresponding�hyperparameters�were�optimi�ed.� The�performance�of�combinations�

of� different�batch� si�es�� acti�ation� functions��number� of� hidden� layers� and�neurons�within�

them� was� e�aluated.� As� it� would� take� enormous� amounts� of� time� to� configure� each�

combination� of� hyperparameters� per� hand� and� e�aluate� them� afterward�� the� Scikit�learn�

library��see��44���was�utili�ed.�This�library�pro�ides�the�GridSearch���class�which�enables�the�

automated� training� and� testing� of� all� defined� hyperparameters� and� their� possible�

combinations.�Table�����shows�the�tested�hyperparameters.�

�a�le��-2:���perpara�eter�test�configurations�

��pe�pa�a�ete�� Te�ted��o�fi���atio���

�atch�Si�e� �����������������

Acti�ation��unctions� �eL���Sigmoid�

One��idden�Layer�

�Neurons���

���������������������

����4��
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Two��idden�Layers�

�Neurons��

�������������������4���

�������������������������

Three��idden�Layers�

�Neurons��

��4���4���4����������4��

������������4���4���

�����������������������

��������������������

�����

�our��idden�Layers�

�Neurons��

��4���4���4��4��

�

The� GridSearch��� function� di�ided� the� training� data� set� into� fi�e� subsets� and� trained� the�

model� in� each� step� on� four� of� the� subsets.� The� remaining� set� was� used� to� test� the�

performance.�This�procedure�was�continued�until�each�set�had�been�used�as�the�test�set.��or�

each�combination�of�sets��a�test�score�was�calculated.�The�fi�e�test�scores�were�then�used�to�

calculate�the�mean�test�score�for�the�in�estigated�model.�The�mean�test�score�is�e�ual�to�the�

mean� o�erall� accuracy� of� the� model.� This� procedure� was� carried� out� for� all� mentioned�

combinations�of�hyperparameters.�Then��the�different�models�were�ranked�by�the�mean�test�

score�which�measures� the�achie�ed�prediction�performance.�The� fi�e�best�combinations�of�

hyperparameters�are�documented�in�Table����.�Each�model�was�trained�for������epochs.�

�a�le��-�:��est�h�perpara�eter�co��inations�

Ra��� �idde��

La�e���

�atc��Si�e� �cti�atio��

���ctio��

Mea��Te�t�Sco�e�

�� ������ ����� �eL�� �.74��

�� ����4�� ����� �eL�� �.7���

�� ������ ����� �eL�� �.7�4�

4� ����4�� ����� �eL�� �.7���

�� ������ ����� �eL�� �.7���

�

The�best�configuration�of�hyperparameters�ranked�on�number�one� �One�hidden� layer�with�

����neurons��batch�si�e�of������and�the��eL��acti�ation�function���was�used�for�all�further�
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models.� It� should�be�noted� that�neural�networks�are�probabilistic�models�and� the�weights�

are�initiali�ed�randomly�at�the�beginning�of�the�training�process.�Therefore��a��ariation�in�the�

achie�ed� performance� occurs� after� e�ery� new� training� process�� e�en� if� the� same�

hyperparameters�are�applied.��

�ith� the� abo�e�described� methods� of� data� structure� optimi�ation� and� hyperparameter�

tuning�the�following�performance�of�clean�data�and�noisy�data�models�was�achie�ed.�

5.1.� �lea���ata�Model�

The� abo�e�mentioned� methods� were� utili�ed� to� build� a� model� that� was� trained� and�

optimi�ed�on�clean�data.�This�clean�data�model�was�created�to�e�aluate�the�efficiency�of�the�

performance�enhancing�methods�and�to�see�which�prediction�performance�can�be�reached.�

The� neural� network� structure�was� set� up� according� to� the� best�ranked�model� found�with�

hyperparameter� tuning.�It�was� trained�on�the�optimi�ed�training�data.�As� the�model�name�

indicates�� no� noise�was� added� to� the� training� data.��owe�er�� the�performance� e�aluation�

was�carried�out�on�clean�and�noisy�test�data�with������e�amples�for�each�failure�mode.�

�e�fo��a�ce�o���lea��Te�t��ata�

�igure�����shows�the�prediction�results�of�the�clean�data�model�on�the�clean�data�test�set.�

�or�e�ery�failure�mode��the�correct�predictions��blue�bulks��and�the�false�predictions��orange�

bulks�on�top�of�the�blue�bulks��were�plotted�as�the�percentage�of�the�test�e�amples.�

�

Figure��-2:��orrect��lue��and�False�orange��predictions�for�e�er��class���lean�data��odel�and�clean�test�data�

The�model� achie�ed� an� o�erall� accuracy� of� ��.4���� an� o�erall� precision� of� �4.���� and� an�

o�erall�sensiti�ity�of���.4��.�Table�Appendi����shows�the�precision�and�sensiti�ity��alues�for�

each�failure�mode.�The�model�performed��ery�well�at�most�classifications��e�cept�for�failure�
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mode��� �normal�mode�.�Although� failure�mode���was�predicted� correctly� in� ��.����of� the�

cases�� its�precision�only�reached���.���� �see�Table�Appendi����.�The� low�precision��alue� is�

caused�by�test�e�amples�of�other�failure�modes�with�a� low�failure� impact.�These�e�amples�

lead�to�a�high�number�of�false�positi�es�for�failure�mode����see�4.�.��.�This�result� indicates�

that�failure�modes�are�more�effecti�ely�detected�when�they�reach�a�higher�le�el�of�impact�on�

the� power� plant� operation� and� therefore� on� the� input� �alues� of� the� NN.� To� pro�e� this�

assumption�� the�model�was�tested�again�on������e�amples� for�each�class��but�with� failure�

impact��alues�from��.����to������.�The�resulting�correct�and�false�predictions�are�shown�in�

�igure����.�

�

Figure��-�:��orrect��lue��and�False�orange��predictions�for�e�er��class���lean�data��odel�and�clean�test�data�

�ith�FI������

As�e�pected�the�precision�for�failure�mode���increased.�It�grew�from�the�pre�iously�achie�ed�

��.����to���.�����because�of�fewer�false�positi�es�for�this�class�caused�by�e�cluding�samples�

with� a� �I� greater� than� �� �.� Samples� with� a� low� �I� are� more� often� mistaken� for� a� plant�

operation�without�any�failure�and�hence� lead�to� false�positi�es� for� failure�mode��.��esides�

the�precision�for�failure�mode����the�o�erall�accuracy���7.������o�erall�precision���7.�����and�

the�o�erall� sensiti�ity� ��7.�����were� impro�ed.� Table� Appendi�� �� shows� the� results� of� the�

test�with�failure�impact��alues�abo�e��.���.�

The�impro�ement�in�performance�parameters�shows�that�the�probability�to�detect�a�failure�

mode�increases�with�its�failure�impact.�

�e�fo��a�ce�o��Noi���Te�t��ata�

It�could�be�shown�that�the�clean�data�model�performs�well�on�clean�test�data.�Subse�uently��

this�model�was�tested�on�noisy�test�data��to�simulate�conditions�under�real�life�applications�
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with�random�measurement�errors.�The�noise�factor�was�set�to��.���hence�errors�in�the�range�

of�Table�4���ha�e�been�applied�to�the�test�data.��igure���4�shows�the�prediction�results�for�

each�failure�mode�of�the�noisy�test�data�set.�

�

Figure��-4:��orrect��lue��and�False�orange��predictions�for�e�er��class���lean�data��odel�and�nois��test�data�

The�model� achie�ed� an� o�erall� accuracy� of� ��.����� an� o�erall� precision� of� ��.���� and� an�

o�erall� sensiti�ity� of� ��.�� �.� This�means� a� decrease� in� accuracy� of� ��.�� ��� a� decrease� in�

precision�of�4�.4���and�a�decrease�in�sensiti�ity�of���.����regarding�the�results�on�clean�test�

data.�The�performance�parameters�for�each�class�are�documented�in�Table�Appendi���.�This�

result� shows� that� the� clean� data� model� was� fit� perfectly� to� the� clean� training� data�� but�

couldn`t� handle� noisy� measurements.� �or� e�ample�� failure� mode� �� wasn`t� e�en� correctly�

identified�once�because�the�model�is��ery�sensiti�e�to�the�small�de�iations� in�the�input�data�

created�by�the�noise.�Therefore��failures�were�predicted�when�failure�mode���was�the�actual�

class.��igure�����shows�the�predicted�classes�when�failure�mode���was�present.�

�

Figure��-�:��redictions�for�an�actual�failure��ode�0�
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In� conclusion�� the� clean�data�model� can`t�be�used� for� real�life� applications�because�of� the�

occurring�measurement�errors� and� the�o�erfitting�of� the�model� on� clean�data.��ence�� the�

noisy�data�model�was�built.�

5.1.� Noi����ata�Model�

The� noisy� data�model� was� trained� on� a� data� set�with� an� applied� noise� factor� of� �.�.� The�

network� structure� was� set� up� according� to� the� best� model� found� with� hyperparameter�

tuning��see��.�.��.�The�following�results�were�achie�ed�on�a�test�data�set�with�a�noise�factor�

of� �.��� e�cept� for� the� e�aluation� regarding� the� influence� of� different� noise� factors� on� the�

precision�of� the�model.� �igure����� shows�the� correct�and� false�predictions� for�each� failure�

mode.�

�

Figure��-�:��orrect��lue��and�False�orange��predictions�for�e�er��class��Nois��data��odel�and�nois��test�data�

An� o�erall� accuracy� of� 7�.����� an�o�erall� precision� of� 7�.���� and� an� o�erall� sensiti�ity� of�

7�.����was� achie�ed.� The�noisy�data�model�performed�much�better� on� the�noisy�data� set�

than� the� clean� data� model�� showing� an� increase� in� accuracy� of� ��.����� an� increase� in�

precision�of���.7���and�an�increase�in�sensiti�ity�of���.���.�This�model�was�more�tolerant�of�

random� errors� because� it� was� already� trained� on� data� with� noise.� Ne�ertheless�� failure�

modes�with�a�small� impact�on�the�plant�operation�� like��M����������4�����and�����were�still�

detected�with� low� precision� and� sensiti�ity.� This� was� caused� by� the� noise� which� leads� to�

de�iations� near� the� ma�imum� impact� of� these� failure� modes.� �ence� confusion� in� the�

prediction�between�the�mentioned�failure�modes�occurred.��or�e�ample��failure�mode���was�

often� mistaken� for� others� ��igure� ��7��� because� of� its� small� relati�e� impact� on� the� input�

�alues�of�the�network.�



�ES�LTS� � � �

PAGE�|��7�

�

�

Figure��-�:��redictions�for�an�actual�failure��ode�1�

Effect�of�Setti���a���edictio��T��e��old�

�or� further� impro�ements�� a� threshold� for� the� prediction� probabilities� was� introduced.� It�

should�be�noted�that�for�the�pre�iously�shown�results��the�threshold�was�set�globally�at�the�

same� le�el� for� e�ery� failure�mode� classification.� E�ery� result�with� a� probability� below� the�

threshold� �alue� was� mapped� to� failure� mode� ��� as� e�plained� in� 4.�.�.� The� performance�

parameters�were�directly� affected�by� the� threshold.�The� resulting� impact� on� the�precision�

and� sensiti�ity� is� shown� in� �igure� ���� on� the� e�ample� of� failure� mode� �.� The� threshold�

reduced�the�number�of�true�positi�e�predictions�but�decreased�the�number�of�false�positi�e�

predictions�stronger��leading�to�increased�precision�and�a�decreased�sensiti�ity.�

�

Figure��-�:��ependence�of�sensiti�it��and�precision�on�the�threshold��alue�
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As� mentioned� before�� the� goal� was� to� build� a� network� with� high� p�eci�io�� for� detecting�

failures.�Therefore��the�threshold��alue�was�tuned�to�achie�e�high�precision�for�the�cost�of�

lower� sensiti�ity.�A�precision� �alue� of� ��.����and� abo�e��while� keeping� the� number�of� TP�

predictions� also� o�er� ��.�� �� of� the� le�el� with� no� threshold� and� hence� pro�iding� good�

sensiti�ity��embodies�an�acceptable�network�performance.�

The� mapping� of� results� below� the� threshold� towards� �M� �� reduced� the� precision� for�

detecting��M���and�the�o�erall�accuracy.�The�decreased�precision�for�the��M���class�is�not�a�

problem�because�the�goal� is�to�predict� failures�and�not�the�normal�plant�operation.��ence�

the�performance�of�the�model�was�measured�on�the�o�erall�precision��e�cluding��M��.�

The� increased� precision� for� �M� ��� shown� in� �igure� ���� is� caused� by� a� reduction� in� false�

positi�e�results�for�this�class.��ut�with�a�higher�threshold��alue��the�true�positi�e�results�also�

decline� �see� �igure� ����.� Therefore�� the� threshold� shouldn`t� be� set� too� high�� to� keep� the�

number�of�true�positi�e�predictions�at�an�acceptable�le�el.��

�

Figure��-�:�Nu��er�of����predictions�for�failure��ode���as�a�function�of�the�threshold�

A� high� precision� �alue� doesn`t� indicate� good� performance� if� the� number� of� true� positi�e�

�alues� falls� to�near� �ero.� This� shows� the� importance�of�obser�ing� the�declining�number�of�

true�positi�es�together�with�the�impro�ement�in�precision�to�find�a�suitable�threshold��alue.�

To�e�aluate�the�influence�of�the�threshold�on�the�model�performance��the�precision�of�the�

model�was�plotted�as�a�function�of�the�threshold��alue�for�test�data�with�a�noise�factor�of��.��

�see��igure������.��esults�for��M���were�e�cluded.�
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Figure��-10:���erall�precision��ithout�FM�0�for�a�noise�factor�of�1�0�

It� was� found� that� precision� can� be� significantly� impro�ed� by� setting� the� threshold� high�

enough.�This�leads�to�the�conclusion�that�predictions�with�high�probability��alues�also�result�

more� likely� in� true� positi�es.� Therefore� the� probability� output� of� the�model� is� not� only� a�

numerical� result� but� also� an� indicator� for� the� actual� probability� for� the� occurrence� of� a�

failure.�

The� small�drop�at�a� threshold�of��.4� is� caused�by� the�fewer�number�of� true�positi�es.� The�

reduction�of�true�positi�e�predictions�mainly�affects�the�failure�modes�with�a�low�impact�on�

the� input� �alues� of� the�NN.� Additionally� to� the�o�erall� precision� the� total� number� of� true�

positi�e� predictions� for� all� failure�modes�� e�cluding� failure�mode� ��� is� plotted� �see� �igure�

�����.� This� graphic� shows� the� discussed� effect� of� a� higher� threshold� on� the� true� positi�e�

predictions�for�all�classes.�

�

Figure��-11:�Nu��er�of�o�erall����predictions�as�a�function�of�the�threshold��ithout�FM0�
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��pact�of��iffe�e�t�Noi�e�Le�el��

The� noisy� data�model�was� tested� on� different� noise� le�els� to� in�estigate� the� influence� of�

measurement�accuracy�on�the�models��precision.��igure������shows�the�precision�for�a�noise�

factor�of��.��and��igure������the�precision�for�a�noise�factor�of��.�.�

A�higher�noise�factor�leads�to�more�false�positi�e�predictions�between�the�failure�modes�and�

therefore� to� less� precise� results.� �ith� the� high� noise� factor�� failure� modes� with� a� small�

impact�on� the�plant�operation�couldn`t�be�predicted�well.��ence�a�decrease� in�the�o�erall�

precision�occurred.��ailures�with�a�se�ere�impact�on�the�power�plant�and�a�high�probability�

results� were� still� predicted� precisely�� which� lead� to� increasing� o�erall� precision� at� higher�

threshold��alues.�

�

Figure��-12:���erall�precision��ithout�FM�0�for�a�noise�factor�of�0���

�

Figure��-1�:���erall�precision��ithout�FM�0�for�a�noise�factor�of�2�0�
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5.1.� Te�t�o��T�o��cti�e��ail��e�Mode��

The�results�abo�e�showed�the�performance�of�the�model�for�detecting�one�acti�ated�failure�

mode�at�a�time.�The�following�e�aluation�deals�with�the�response�of�the�noisy�data�model�on�

two�acti�ated�failures.�The�possibility�to�detect�more�failures�at�once�with�a�model�that�was�

trained�only�on�single�failures�was�tested.��or�this�e�aluation�certain�combinations�of�failure�

modes� were� chosen�� as� it� was� impossible� to� test� all� combinations� of� the� ��� classes� in� a�

reasonable�time.�

The� performance� of� the� model� on� two� failure� modes� is� shown� in� the� e�ample� of� GT�

compressor�fouling���M�����and�GT�turbine�fouling���M����.�These�two�specific�failure�modes�

were�chosen�because�they�ha�e�a�similar�impact�on�the�plant�operation��see��igure�Appendi��

��.�This�test�should�show�if�the�network�can�detect�both�failure�modes�simultaneously�or� if�

the�network�only�predicts�one�of�them.�The�specification��alues�for�the�generated�test�data�

set� were� set� according� to� Table� ���.� The� only� difference� to� the� e�amples� abo�e� was� the�

acti�ation�of�a�second�failure�mode�and�a�corresponding�failure�impact.�The�failure�impacts�

for�the�two�failures�were�set�according�to�the�distribution�e�plained�in�4.4.�

�e�fo��a�ce�o���lea��Te�t��ata��

Initially��the�model�was�tested�on�clean�data.� �igure� ���4�shows�the�results�of� a�prediction�

with�a�failure�impact�of��.7����for��M����and�a�failure�impact�of��4.4����for��M���.��

�

Figure��-14:��redicted�pro�a�ilities�for�the�actual�acti�e�classes�FM�21��FI����������and�FM�2���FI���14�4����

Although�the�failure�impacts�were�set� to�a�low�le�el��the�two�acti�e�failures�were�predicted�

correctly.�The�failure�with�the�higher��I��alue�was�predicted�with�a�higher�probability��which�

presents�a�beneficial�beha�ior�since�the�failure�with�the�highest�impact�should�be�detected�
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first� to�enable�a�fast� inter�ention� in�real�life�applications.��esides�the�acti�e�failure�modes��

�M����and��M��4�were�incorrectly�predicted��but�with�a�small�probability.��

�igure������shows�that�higher� failure� impacts��alues� ��I�������7.�����and��I������4�.������

lead�to�more�precise�predictions.� In� this�case�� the�probability��alues�for�other�classes�were�

negligible.�

�

Figure��-1�:��redicted�pro�a�ilities�for�the�actual�acti�e�classes�FM�21��FI���1���1���and�FM�2���FI���40�12���

In� �igure� ����� the� total� number� of� predictions� for� each� failure� mode� for� all� ����� test�

e�amples� is�plotted.�The�ma�ority�of�predictions�resulted�in�the�actual�classes��M����or��M�

��.� �esides� the� actuals� failure� modes�� �M� ��� was� predicted� in� a� few� cases� in� which� both�

failure�impacts��I����and��I����were�on�a�low�le�el.�

�

Figure��-1�:��redicted�failure��odes�for�the�actual�acti�e�classes�FM�21�and�FM�2��on�clean�test�data�

Additional�to�the�combination�of��M����and��M����which�show�similar� impacts�on�the�input�

�alue�of�the�NN��the�following�combinations�were�tested��



�ES�LTS� � � �

PAGE�|����

�

� �M������SG��ouling��P��and��M������ondenser��ouling�Scaling��

� �M����Letdown�Leakage������ondenser��and��M�����GT��ompressor�Tip��learance��

� �M��7���ondenser�Gas�Accumulation��and��M�����GT��ompressor��ouling��

The� total� number� of� predictions� for� these� combinations� is� shown� in� �igure� Appendi�� 4��

�igure� Appendi�� �� and� �igure� Appendi�� �.� The� failure� modes� which� were� predicted� with�

more�precision� in� the�single� failure�mode�e�aluation�were�also� detected�more�often�when�

two�failure�mode�were�acti�ated.�

�e�fo��a�ce�o��Noi���Te�t��ata�

Additionally� to� the� clean� test� data� results�� the�performance�of� the� model� was� tested� on�a�

noisy�test�data�set�with�a�noise�factor�of��.�.�Again��M����and��M����were�chosen�to�enable�

a�direct�comparison�with�the�results�on�clean�test�data.�The�noise�for�all�measurements�was�

applied�randomly�as�discussed�in�4.4.�.�Therefore��only�the�total�number�of�predictions�for�

all�e�amples�was�plotted��see��igure����7�.��

�

Figure��-1�:��redicted�failure��odes�for�the�actual�acti�e�classes�FM�21�and�FM�2��on�nois��test�data�

The�e�aluation�of�single�prediction�e�amples�wouldn`t�show�the�o�erall� impact�of�noise�on�

the�model�performance��because�the��alue�of�noise�differs�between�all�test�samples.��

Additionally� to� the� total� number� of� predictions�� the� o�erall� predicted� probability� for� the�

failure�modes�was� in�estigated.��igure������shows�that�the�actual�failure�modes����and����

were�predicted�with�a�high�probability.�
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�

Figure�5-18:�Mean�overall�probability�for�every�failure��o�e�for�a�tual�a�tive��la��e��FM��1�an��FM����on�

noi�y�te�t��ata�

The� applied� noise� on� the� data� set� only� showed�a� small� effect� on� the� performance� of� the�

model.�The�activated�failure�modes�were�predicted�in�most�cases�correctly�and�the�number�

of� false�predictions�only� slightly� increased.�This� leads�to� the�conclusion� that� the� combined�

effect� of� the� two� failure� modes� on� the� plant� operation� outweighs� the� disruption� of� the�

applied�noise�to�a�certain�extend.��

This�evaluation�of�the�noisy�data�model�on�two�failure�modes� indicates�that�a�network�that�

was� trained� on� single� activated� failure� modes� is� also� able� to� predict� at� least� two� failure�

modes�at�a�time.�

� �
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6 CONCLUSIONS�

�n�this�work��a�failure�detecting�neural�network�for�a�CCPP�was�created�based�on�simulated�

process�data.�The�model�shows�the�potential�of�automated�failure�prediction�from�process�

parameters� in� CCPPs.� The� trained� neural� network� is� capable� of� recogni�ing� various�

degradation� failure� modes� by� identifying� their� characteristical� impact� on� the� measured�

process�parameters�in�the�plant.�

The� utili�ed� performance�enhancing�methods� showed� a� significant� impact� on� the�models��

prediction� capabilities� and� thus� represent� a� valuable� tool� for� optimi�ing� neural� networks.�

The�resulting�model�achieved�high�prediction�precision�for�the�ma�ority�of�the� investigated�

failure� modes.� �egradation� failures� with� a� high� impact� on� process� parameters� were�

expectedly�recogni�ed�with�higher�precision�than�low�impact�failures.��

Additionally��limitations�in�prediction�accuracy�caused�by�measurement�noise�were�analy�ed�

to� evaluate� the� potential� of� an� application� of� neural� networks� �erive�� fro�� �clean��

simulated� data� in� real�life�applications.� The� applied� random�errors� lowered� the�prediction�

capabilities� especially� for� failures� that� have� a� low� impact� on� the� plant� operation.� �n�

conclusion�� the� measurement� noise� of� sensors� in� real�life� applications� re�uires� applying�

noise�to�the�simulated�training�data�as�well.�Otherwise��overfitting�to�clean�simulated�data�

occurs�which�decreases�the�prediction�performance.��

Although�the�neural�network�was�trained�on�examples�with�one�activated�failure�mode�at�a�

time�only��the�model�was�also�able�to�detect�multiple� simultaneously�activated�failures.� �ts�

capability� to� perceive� at� least� two� present� failure� modes� was� demonstrated� for�

combinations�of�two�selected�failure�modes.��

�n� conclusion�� neural� networks� based� on� simulated� process� data� provide� a� promising�

opportunity�for�automated�failure�predicting�systems�in�the�future.�

� �
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7 OUTLOOK�

The� introduced� workflow� using� Python� scripts� and� the� described� methods� in� the� field� of�

artificial�neural�networks�may�serve�as�a�basis�for�the�future�development�of�applications�for�

failure� identification� and� detection� under� real� plant� operating� conditions.� The� statistical�

evaluation�methods�of�the�NN�model�performance�are�suitable�for�benchmarking�upcoming�

failure�mode�predicting�neural�networks�in�CCPP�applications.�

As�the�next�stage�of�development��the�presented�methods�shall�be�tested�on�existing�power�

plants.� This� re�uires� the� generation� of� thermodynamical�models� of� selected� plants� which�

must� be� capable� to� reflect� the� plants� operating� characteristics.� Although� the� process� of�

modeling�real�plants�� failure�modes��generating�training�data�and�creating�neural�networks�

follows� the� steps� described� in� this� work�� several� additional� steps� of� preprocessing� online�

measured�plant�data�will�be�necessary�before�such�data�can�be�successfully�used�for�failure�

detection.� �or� example�� systematic� measurement� errors� need� to� be� taken� care� of�� e.g.�

through�data� reconciliation� techni�ues�and� steady�state� criteria�which�must�be�defined� to�

assure�stable�plant�operation�during�evaluation�periods.�Additionally��random�errors�shall�be�

minimi�ed� by� applying� ade�uate� averaging� and� outlier� treatment� processes� for� every�

measurement.�

�or� further� improvement� of� the� prediction� accuracy�� an� individual� threshold� for� every�

investigated�failure�mode�may�be�applied.�Optimal�threshold�values�for�every�class�will�help�

operators� to�recogni�e�the� right�moment�of� intervention�to� initiate�maintenance�activities.�

�

� �
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Figure��ppen�i���:��eat�ap�for�t�e�relative�i�pa�t����ale�up�to�15���of�every�failure��o�e�on�t�e�pro�e���

para�eter��
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