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ABSTRACT
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DEPARTMENT OF MECHANICAL ENGINEERING

Supervisor : Prof. Dr. Kadir AYDIN
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: Prof. Dr. Mehmet BILGILI
: Assoc. Prof. Dr. Mustafa OZCANLI
: Prof. Dr. Ertugrul BALTACIOGLU
: Assoc. Prof. Dr. Ertag HURDOGAN

Since experimental studies on internal combustion engines are both time
consuming and costly, various modelling techniques can be used to predict
experimental results. Artificial intelligence techniques are prominent among other
techniques. These techniques can tackle complex, non-linear problems.

In this study, four different engine models were handled which intended to
estimate various engine-out parameters. In Model 1, performance and emission
parameters of a diesel engine operated with biodiesel-alcohol mixtures were
estimated. In Model 2, performance and emission parameters of a diesel engine
operated with diesel fuel with nanoparticle additives were estimated. In model 3,
various operational parameters of a spark ignition engine operated with 95 RON
(Research Octane Number) gasoline fuel were estimated. In model 4, vibration
characteristic of a diesel engine operated with different diesel-biodiesel blends with
HHO (hydroxyl gas) gas addition into intake manifold were estimated.

Regression analysis, artificial neural networks and adaptive neuro fuzzy
inference system methods were used to make predictions. It was concluded that,
regression analysis is not capable of predicting the parameters accurately. On the
other hand, artificial neural networks and adaptive neuro fuzzy inference system
made more accurate estimations.

Key Words: Internal combustion engine, Artificial neural networks, Adaptive
neuro fuzzy inference system, Estimation
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DOKTORA TEZi

CESITLI MOTOR CIKIS PARAMETRELERININ YAPAY ZEKA
TEKNIKLERI KULLANIMI ILE TAHMINI

Erdi TOSUN

CUKUROVA UNIVERSITESI
FEN BiLIMLERIi ENSTITUSU
MAKINE MUHENDISLIGI ANABILiM DALI

Danisman : Prof. Dr. Kadir AYDIN
Yil: 2018, Sayfa: 141
Juri : Prof. Dr. Kadir AYDIN
: Prof. Dr. Mehmet BILGILI
: Dog. Dr. Mustafa OZCANLI
: Prof. Dr. Ertugrul BALTACIOGLU
: Dog. Dr. Ertag HURDOGAN

Igten yanmali motorlar da yapilan deneysel calismalarin hem zaman
kaybina sebep olmasi hem de maliyetinden dolay1, deneysel sonuglarin tahmini icin
cesitli modelleme teknikleri kullanilabilir. Yapay zeka teknikleri diger teknikler
arasinda One ¢ikmaktadir. Bu teknikler karmasik ve lineer olmayan problemlerin
ustesinden gelebilirler.

Bu calismada, cesitli motor ¢ikis parametrelerini tahmin etmeyi amaclayan
dort farkl: motor modeli ele alinmistir. Model 1’de, biyodizel-alkol karisimlar: ile
calistinnllan bir dizel motorunun performans ve emisyon parametreleri tahmin
edilmistir. Model 2’de dizel yakitina eklenen nanopartikuller ile calistirilan bir
dizel motorunun performans ve emisyon parametreleri tahmin edilmistir. Model
3’de 95 oktan benzin ile calistinlan bir benzinli motorun cesitli ¢alisma
parametreleri tahmin edilmistir. Model 4’de emme manifolduna HHO gaz1 verilen
ve farkli biyodizel-dizel karigimlari ile ¢ahstirilan bir dizel motorunun titresim
karakteristikleri tahmin edilmistir.

Regresyon analizi, yapay sinir aglari, uyarlamali sinirsel bulanik gikarim
sistemi yontemleri tahmin yapmak icin kullanilmistir. Sonug olarak, regresyon
analizi dogru tahmin yapmada yetersizdir. Ote yandan, yapay sinir aglarn ve
uyarlamalr sinirsel bulanik gikarim sistemi ile daha dogru tahminler yapilmistir.

Anahtar Kelimeler: igten yanmali motorlar, Yapay sinir aglari, Uyarlamah
sinirsel bulanik ¢ikarim sistemi, Tahmin



EXTENDED ABSTRACT

Energy is a concept that is difficult to explain. It can commonly be
expressed as ability to do work. Energy concerns a very broad area from social life
of humans to country policies.

One of the areas where energy is most needed is the transportation sector.
Internal combustion engines have an important place in this sector. These engines
have shown considerable advances and progress since their invention and are still
used extensively today. Fossil fuels are the fuels of living organisms that die and
stay under the soil for millions of years in an oxygen-free environment. According
to researches done, fossil fuels will be exhausted in the near future.

Fundamentally, internal combustion engines are the machines which
convert the chemical energy in the fuel into mechanical energy. Researchers
perform studies to be able to enhance the performance values of engines and
decrease the combustion based harmful emissions. Especially, there are lots of
experimental studies on this subject in Europa and United States. However, these
conventional research techniques both time consuming and costly. Therefore, new
approaches can be found to replace experimental studies. Computational Fluid
Dynamics (CFD), Artificial Neural Networks (ANN) etc. can be given as examples
for these alternatives. These approaches are frequently used in the automotive
sector.

Acrtificial Intelligence (Al) systems can be used as a tool to handle complex
and ill-defined problems. These systems can be trained. In other words, they can
learn by use of past experiences. They will have the ability to predict and
generalize when they have been taught with enough past experiences. Therefore,
this means that they can overcome complex and ill-defined problems. Expert
systems, artificial neural networks, genetic algorithms, fuzzy logic, adaptive neuro
fuzzy inference systems etc. can be given as examples to artificial intelligence

techniques.
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Combustion process in an ICE is very complex and a mathematical relation
that covers the engine is highly non-linear and they change with time. These all
situations make very hard to obtain governing equations easily and solving them
analytically. Besides that, there is also dependency with environmental conditions
and engine load. Therefore, intelligent systems have widely been used in complex
engineering problems. Software systems containing Artificial Intelligence have
many advantages for controlling, modelling and prediction of the engineering
problems. They are able to rapid learning capacity and they give relationship
between input and output data. Studies on the engines such as performance
enhancement, emission reduction, optimization, etc. require an intense
experimental process. For instance, we might want to see how different alternative
fuels will affect engine performance and emissions. Experimental processes will be
repeated using different fuels on this way. This situation causes a serious waste of
time and cost. Environmental pollution, human health and labour forces are also
drawbacks of experimental studies. Therefore, the emission and performance
characteristics of an engine can be determined with intelligence systems by
avoiding complex and uncertain processes.

Artificial neural networks (ANN) mimic the biological neural networks of
human nervous systems. The human brain is made up of many neural units called
highly interconnected neurons. All human actions such as thinking, moving,
remembering and so on take place by these connections. Artificial Neural
Networks consist of neurons, basically 3 layers (input, secret, output) and these
layers are formed by connecting to each other. These connections are called as
weights. The signal coming from the outside world enters the system through the
input layer. Input signal is transmitted to hidden layer and output layer via weights.
Finally, system generates final output and gives to the external world. Artificial
Neural Networks have lots of capabilities such as learning, classification,

generalization, and optimization. They are often used in engineering applications.
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ANFIS constructs fuzzy if-then rules with proper membership functions to
generate input-output pairs. Just like in artificial neural networks, there is learning
procedure from past experiences.

This learning is provided by the choice of if-then rules created with the
selection of appropriate membership functions. ANFIS can be thought as a mix and
integrated system of fuzzy systems and neural networks. They take the both
advantages of neural networks and fuzzy systems. Automatic determination of
system parameters is provided by artificial neural networks. In these systems, while
creating system rules with fuzzy logic, the system is learned by using artificial
neural network learning algorithm.

In this study, comparison of artificial intelligence modelling and
experimental studies of various internal combustion engines for engine
characteristic predictions were performed. In each model, various predictions were
performed by various techniques and they are compared with experimental results.

In Model 1, performance and emission engine out-parameters were
estimated by using LR and ANN. The inputs are engine speed, cetane number,
heating value and density values of fuels. Engine torque, carbon monoxide were
nitrogen oxides are predicted values. A data set was obtained by operating engine
with different engine speeds and fuels. Some of these data were used for training
purpose of prediction models. Remaining data were used to test the performance of
the model. As seen from results, ANN gives more satisfactory results than linear
regression for prediction of various engine-out parameters.

In Model 2, prediction of performance and emission parameters of a diesel
engine operated by diesel fuel with nanoparticle additives was achieved by use of
regression analysis, ANN and ANFIS. Inputs used for estimations were cetane
number and engine speed. The predicted parameters were engine torque, carbon
monoxide, carbon dioxide and nitrogen oxides. By using experimental results, the
total data set was divided into two groups: training and testing as in previous

Model 1. Total data set contain five blends. 85% of total data was used for training
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purpose. Remaining randomly selected 15% of data was used to test and evaluate
the performance of the model. ANFIS gave satisfactory results.

In Model 3, prediction of operational parameters of a direct injection
turbocharged spark ignition engine operated with gasoline was performed. In
experimental studies, duration of injection, specific fuel consumption and exhaust
gas temperature values were obtained with respect to engine load and speed. Load
and engine speed (rpm) were used as input parameters for estimations. It was
concluded that regression analysis was deficient for predictions. On the other hand,
ANN and ANFIS approximations gave more satisfactory results for estimation of
engine operational parameters.

In Model 4, prediction of engine vibration level of HHO gas generator
installed compression ignition engine operated with different diesel-biodiesel
blends were performed. The engine used for tests is naturally aspirated
compression ignition engine. The engine is the same engine in Model 1 and 2.
Engine spee, HHO flow rate , cetane number , lower heating value were selected as
input to be able to estimate vibration level. Since regression analysis in the
previous models did not give satisfactory results for estimation of engine-out
parameters, only ANN and ANFIS modelling was applied to the data in Model 4.
Acceptable predictions were conducted by use of both ANN and ANFIS methods.

ANFIS gives more accurate results.
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GENISLETILMIS OZET

Enerji ifade edilmesi zor olan bir kavramdir. Ancak yaygin olarak is
yapabilme yetenegi olarak tanimlanabilir. Enerji, insanlarin giindelik yasamindan
ulke politikalarina varincaya kadar ¢ok genis bir alani ciddi sekilde ilgilendirir.

Enerjinin en cok ihtiyag duyuldugu alanlardan bir tanesi de ulasim
sektoriidir. icten yanmali motorlar bu sektorde 6nemli bir yere sahiptir. Bu
motorlar icatlarindan bu yana ciddi gelismeler ve ilerlemeler gdstermis olup ve
glinimizde halen yogun sekilde kullanilmaya devam etmektedirler. Kullandiklar:
bashca enerji kaynagi petrol kokenli fosil yakitlardir. Fosil yakitlar, canh
organizmalarin 6lup, topragin altinda milyonlarca yil oksijensiz ortamda kalmalar
sonucu olusan yakitlardir ve yapilan arastirmalara gore yakin gelecekte tiikenecek
olduklar belirtilmektedir.

Igten yanmali motorlar temel olarak yakitin igerisindeki kimyasal enerjiyi,
mekanik enerjiye dondstiren makinelerdir. Arastirmacilar, bu makinelerin
performans degerlerini yiikseltebilmek ve yanma sonucu olusan zararli emisyonlar
azaltabilmek igin calismalar yapmaktadirlar. Ozellikle Amerika ve Avrupa’da bu
konu ile ilgili yogun deneysel arastirmalar yapilmaktadir. Ancak, bu geleneksel
aragtirma yontemleri hem c¢ok fazla zaman almakta hem de ciddi masraflar
olusturmaktadir. Bu yuzden, bu geleneksel deneysel arastirma yontemleri yerine
kullanilabilecek bazi yaklasimlar bulunabilir. Bu tip yaklagimlara 6rnek olarak;
hesaplamali akigskanlar dinamigi (HAD), yapay sinir aglari (YSA) vb. érnek olarak
verilebilir.  Bu  yaklasimlar  0Ozellikle  otomotiv ~ sektérinde  siklikla
kullaniimaktadirlar.

Yapay zekad sistemleri karmasik problemleri ele alip, ¢ozmede oldukca
basarili sonug verirler. Bu sistemler egitilebilir, bir baska ifade ile ge¢cmis
tecrlibeler kullanilarak herhangi bir olay1 6grenmesi saglanabilir. Kendilerine yeteri
kadar geg¢mis tecribeler tamtildiginda, yani 6gretildiginde, tahmin etme ve

genelleme yapabilme yetenegine sahip olurlar. Bu da karmasik problemlerin
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ustesinden gelebilmeleri anlamina gelmektedir. Uzman sistemler, yapay sinir
aglar, genetik algoritmalar, bulanik mantik, uyarlamali sinirsel bulanik ¢ikarim
sistemleri vb. yapay zeka tekniklerinden bazilarina érnek olarak gosterilebilir.

Icten yanmal: motorlardaki yanma olay: oldukga karmasik bir siirectir ve
oldukca karmasik denklemler ile ifade edilir. Dolasiyla, bu denklemlerin analitik
cozumleri de bir hayli zor olmaktadir. Tum bunlarin yaninda cevresel etmenler ve
motor yiuki gibi parametreler de isi daha karmasik hale getirmektedir. Bu yuzden,
bu tarz mihendislik problemlerinin  ¢6zimlerinde akilli  sistemlerden
faydalanilabilir. Yapay zeka tekniklerini kullanan yazilimlar ile bu problemlerin
cozumine yonelik modelleme, genelleme ve tahminler yapilabilir. Cinki bu
sistemlerin var olan girdi-cikti veri setleri ile egitilip kolayca oOgrenmeleri
saglanabilir.

Motor Uzerine yapilacak her turli calisma (performans iyilestirme,
emisyon azaltma, optimizasyon vb.) yogun deneysel slre¢ gerektirmektedir.
Ornegin farkh alternatif yakitlarin motor performans ve emisyon degerlerine nasil
etki edecegini gormek isteyebiliriz. Bunun igin farkl: yakitlar kullanilarak deneysel
stirecler tekrarlanmalidir. Bu durum hem ciddi bir zaman kaybina hem de masrafa
yol acar. Motorlarda yapilan deneysel calismalarin, c¢evre Kkirliligi ve insan
sagligina olumsuz etkiler, isglict gibi dezavantajlar: vardir. Bu yiizden bu deneysel
caligmalar yerine akilli sistemler (yapay zeka teknikleri) kullanilarak motor
performans, emisyon ve yanmasi gibi karakteristikler kolayca belirlenebilir.

Yapay sinir aglar1 (YSA), insanlarin sinir sistemlerini olusturan biyolojik
sinir aglarini taklit ederler. insan beyni oldukca karmasik yapidaki birbirleriyle
baglantili néron olarak adlandirilan birgok sinirsel birimden olusur. Duslinme,
hareket etme, hatirlama vb. tarzindaki tim eylemler bu baglantilar vasitas: ile
gerceklesir. Yapay sinir aglari néronlardan olusan, temelde 3 katman (girdi, gizli,
cikt) ve bu katmanlarin birbirleriyle baglanmasi ile olusturulur. Bu baglantilar
agirlik olarak adlandirilir. Dis diinyadan gelen sinyal girdi katmani yoluyla sisteme

giris yapar. Giren sinyal agirhklar yardimiyla gizli, oradan da yine agirhklar
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yardimiyla ¢ikti katmanina aktarilir. Ve sistem tek bir sinyal degeri Ureterek dis
diinyaya tekrar geri verir. Yapay sinir aglarinin 6grenme, siniflandirma, genelleme,
optimizasyon vb. gibi bir ¢ok yetenegi vardir ve mihendislik uygulamalarinda
siklikla kullanilir.

Uyarlamali sinirsel bulanik ¢ikarim sistemi (USBGCS) girdi-¢ikti veri setleri
kullanilarak ve bir dizi eger-ise bulanik kurallar olusturularak kurulur. Burada tipki
yapay sinir aglarinda oldugu gibi gecmis tecriibelerden 6grenme s6z konusudur. Bu
dgrenme uygun Uyelik fonksiyonlarinin secimi ile olusturulan eger-ise kurallari ile
saglanir. Uyarlamal: sinirsel bulanik gikarim sistemi, yapay sinir aglari ile bulanik
sistemlerin avantajlarin1  bir araya getiren bitinlesik bir sistem olarak
dustnalebilir. Sistem parametrelerinin otomatik olarak belirlenmesi yapay sinir
aglart ile saglamr. Bu sistemlerde, bulanik mantik ile sistem kurallar
olusturulurken, yapay sinir agi Ogrenme algoritmas: kullanilarak sistemin
Ogrenmesi saglanir.

Bu calismada motor ¢ikis parametrelerini tahmin etmeye yonelik olarak
cesitli yontemlerin kullamildigi 4 farkli motor modeli ele alinmigtir. Her bir
modelde farkli yontemlerle tahminler yapilmis ve yapilan tahmin performanslar
hem birbirleriyle hem de deneysel sonuglarla kiyaslanmstir.

Model 1 olarak isimlendirilen ilk modelde bir dizel motoru kullanilmis,
biyodizel-alkol karisgimlariyla calistirilan motorun performans ve emisyon ¢iktilart
regresyon analizi ve YSA yontemleri ile tahmin edilmeye calisilmistir. Bu
parametreleri tahmin etmek icin kullanilan girdiler motor devri, yakitin setan
sayist, 151l degeri ve yogunluk degeridir. Tahmin edilmeye calisilan motor
parametreleri motor torku, karbon monoksit ve azot oksit emisyonlaridir. Toplam
veri seti iki gruba ayrilmis olup, bir kismi egitim icin kullanilmis, geri kalan
rastgele secilen kismi ise yontemlerin tahmin performansini élgmek igin test verisi
olarak kullanilmigtir. Tahmin sonuglart deneysel sonuclar ile karsilastirildiginda,
YSA yoOnteminin, regresyon analizine gore daha iyi sonu¢ verdigi gorilmustar.

Model 2 olarak isimlendirilen ikinci modelde bir dizel motoru kullaniimis olup,
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dizel yakitina katk: olarak kullanilan gesitli nanopartikller ile ¢alistirilan motorun
performans ve emisyon ciktilari regresyon analizi, YSA ve USBCS yontemleri ile
tahmin edilmeye calisilmistir. Bu parametreleri tahmin etmek icin kullanilan
girdiler motor devri ve yakitin setan sayisidir. Tahmin edilmeye ¢alisilan motor
parametreleri motor torku, karbon monoksit, karbon dioksit ve azot oksit
emisyonlaridir. Egitim veri seti ile sistem 0grenmesi saglanmis, test veri seti ile de
sistem tahmin performanslar: degerlendirilmistir. Bu modelde uyarlamali sinirsel
bulanik ¢ikarim sisteminin tahmin performansinin en iyi oldugu sonucuna
varilmistir. Model 3 olarak isimlendirilen Ugunci modelde direk enjeksiyonlu,
turbosarjli benzinli bir motor, yakit olarak da 95 oktan benzin kullanilmastir.
Deneysel calismalar sonucunda motor yik ve devrine bagl olarak piskirtme
sliresi, 6zgul yakit tlketimi ve turbin girisindeki egzoz gaz sicakligi degerleri elde
edilmistir. Yapilan modellemeler ile motor devir ve yikuni girdi olarak kullanip,
elde edilen bu motor parametreleri tahmin edilmeye calisilmistir. Regresyon
analizi, YSA ve USBCS’nin kullanildigi bu modellerde regresyon analizinin
yetersiz oldugu, YSA ve USBCS’nin daha iyi performans gosterdigi anlasiimustir.
Model 4 olarak isimlendirilen dordiincii modelde Model 1 ve Model 2’deki dizel
motoru kullamlmis olup, farkli biyodizellerin farkli oranlarda dizel yakiti ile
karistirtlip, emme manifoldundan farkli debilerde hidroksil gazinin verildigi ve
motorun farkl: yakit karisimlar: ve verilen hidroksil gazi miktarina gére degisen
titresim karakteristikleri incelenmistir. Motor devri, hidroksil gaz debisi, setan
sayist ve 1s1l degerin girdi parametresi olarak kullanilmis ve motorun titresim
karakteristigi tahmin edilmeye c¢ahsilmistir. Bir Onceki modellerde regresyon
analizinin yetersiz tahmin yetenegine sahip oldugu goérulduglinden burada, YSA ve
USBGS kullamlmigtir.  USBCS’nin tahmin yeteneginin daha iyi oldugu

anlasilmastur.
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1. INTRODUCTION

Although it is very hard to define the term of energy, it can commonly be
described as ability to work. There are various forms of energy as electric, thermal,
solar, mechanical, chemical, nuclear, wind etc.

Energy plays important role in human life and country policies and it is
also very crucial for economic and social development (Bilgili et al., 2015). It is
very essential for human welfare which includes basic necessities, health care,
employment, sustainability etc. (Shakeel et al., 2016). Besides that, increment of
human population cause to occur global energy problems in the world. Energy
consumption of countries is rapidly increasing with parallel to world growth in
human population, dependently. Coal, petroleum and natural gas are the primary
energy sources of the world. Investigations showed that these conventional sources
have limited reserves. Therefore, scientists are trying to find new renewable
alternative energy sources in order to meet energy demand (Demirbas, 2007).

Remarkable amount of energy are consumed in transportation sector
worldwide. Transportation sector has significant and basic features of economic
activities and it is one of the most foremost energy consumers of petroleum based
fuels. This sector is also responsible for environmental problems (Zarifi et al.,
2013). Energy use in transportation sector can be divided into two groups. One is
road transportation sources to environmental problems and the other one is
subjected to energy supply for this sector of countries (Zhang, 2011). There is a
direct and powerful relation in between energy consumption and level of
development. Transportation energy consumption rate constitute between 20 and
25% of total energy consumption in developed countries (Rodrigue et al., 2013).
United States, for instance, consumes huge amount of energy. Kialashaki and
Reisel (2013) stated that, the transportation sector is the second biggest energy

consumer after electric power sector. Sectoral energy distribution in Turkey can be
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seen from Figure 1.1. As seen from the figure that, transportation part of total

energy consumption is notable.

1. 700, 4.50%

® Buildings

= Transportation
® Indlustries

& Agriculiune

® Others

Figure 1.1. Sectoral energy distribution in Turkey (Cetin, 2017)

Progresses on industry cause to high demand on fossil fuels. The invention
and commercialization of internal combustion engines (ICE) enable people to
move efficiently at beginning of twentieth century (Rodrigue et al., 2013). ICEs are
the heart of transportation sector.

A typical ICE converts chemical energy taken from fuel into mechanical
energy. Chemical energy is converted to heat energy by oxidizing fuel with oxygen
in the air, then; this heat energy is converted to useful mechanical energy with use
of a kind of mechanism. Useful energy can be taken on a shaft. The term “internal”
states that combustion occurs in a closed volume.

In 17" and 18" centuries, most of the ICEs are atmospheric. They were
very big and had a single piston cylinder configuration. In these early engines,
exhaust gases are being allowed to cool just after combustion of fuel. Cooling of
products will create a vacuum effect in cylinder and pressure differential across
piston (vacuum versus atmospheric pressure across piston) (Pulkrabek, 2004).
These engines were not very efficient. With parallel to research and development

studies on ICE, much more efficient engines are being produced nowadays.
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In today’s world, two types of ICEs are very widespread; gasoline and
diesel engine. They have some differences in the base of working principle.
Gasoline engines are also called as spark ignition (SI) engines. In Sl engines fuel is
ignited by a spark. On the other hand, diesel engines are also called as compression
ignition engines (CI). In a CI engine, increase in temperature and pressure during
compression stroke is adequate for ignition of fuel by itself (Stone, 1992).
Combustion sources of Sl and CI engines in power stroke can be seen from Figure

1.2.

Spark g Fuel

plug = injector

Aar

Air-fuel
mixture Fuel spray

Gasoline engine Dhesel engine

Figure 1.2. Power strokes in SI and CI engines (Cengel and Boles, 2015)

Besides being power sources of vehicles, ICEs have broad application
areas such as garden equipment, stationary electrical power generation, ships,
locomotives etc. (Caton, 2016).

Performance enhancement and emission reduction studies are very
important issues for scientists. In course of time, there were great advances in
experimentation and research studies in United States and Europa in the latter half
of the 1800s (Pulkrabek, 2004). Especially, in the area of power, propulsion and
energy, with support of developers and manufacturers of them, ICEs play a
dominant role. Since market competitiveness, air pollution and fuel cost issues
have become significant, there were considerable growth in engine research and

development studies (Heywood, 1988).
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Conventional engine research studies are both difficult and costly to meet
the emissions limits forced by legislations. Therefore, conventional methods have
been replaced by cost effective approaches such as artificial neural networks
(ANN), computational fluid dynamics (CFD) and kinetic modelling. Among these
techniques, ANN is remarkable. It has progressively been used as a modelling tool
in automotive area in order to make quick predictions for miscellaneous engine-out
parameters when new strategies in engine operating conditions are being tested. On
the other hand, disadvantage of CFD and chemical kinetic modelling techniques is
requirement of too much computing resources for accurate results (Ismail et al.,
2012).

Acrtificial Intelligence (Al) systems can be used as a tool to handle complex
and ill-defined problems. These systems are able to learning capacity by examples.
Non-linear problems can easily be tackled with them and they are capable of
prediction and generalization capacity after once trained. Expert systems, artificial
neural networks, genetic algorithms, fuzzy logic or combination of them as
adaptive neuro fuzzy inference system (ANFIS) can be given as examples for Al
systems (Rai et al., 2012).

Combustion process in an ICE is very complex and a mathematical relation
that covers the engine is highly non-linear and they change with time. Besides that,
there is also dependency with environmental conditions and engine load. These all
situations make very hard to obtain governing equations easily and solving them
analytically (Behnam et al., 2012). Therefore, intelligent systems have widely
been used in engineering problems. Software systems containing Al have many
advantages for controlling and modelling of the engineering problems. They are
able to rapid learning capacity and they give relationship between input and output
data (Isin and Uzunsoy, 2013). On the other hand, engine manufacturers perform
engine test to determine performance and emission characteristics of an engine.
Engines are also being tested with different engine modifications and operated with

alternative fuels in order to see effects on engine performance. These all processes
4
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are both expensive and time consuming. Environmental pollution, human health
and labour forces are also drawbacks of experimental studies. Therefore, the
emission and performance characteristics of an engine can be determined with
intelligence systems by avoiding complex and uncertain processes (Tasdemir et al.,
2011).

Experiment based approaches as ANN and fuzzy logic are being used with
respect to mathematical models, alternatively (Berber et al., 2011). ANNs are
inspired from biological neural networks (BNN). In BNN, there is flow of
information from synapses through axon. Information goes through from a neuron
to the other and so on (Najafi et al., 2007). The main idea of an ANN is connection
strength and learning concept. Basically, ANNs adjust the connection strengths
which are assigned randomly at the beginning of process. The network must be
supplied with sufficient input data for training purpose of system. Typical network
consist of three main layers: input, hidden (one or more) and output (Taghavifar et
al., 2016). A FIS system uses a set of if-then rules and it can model qualitative
sides of human knowledge and reasoning processes without needing to precise
quantitative analyses. But there is no standard procedure in order to transform
human knowledge or experience into the rule base and also no effective way for
adjusting membership functions. ANFIS can construct set of fuzzy if-then rules
with suitable membership functions to constitute the stipulated input-output pairs
(Jang, 1993). ANFIS combines fuzzy logic and artificial neural networks. It
generates a fuzzy inference system (FIS). Membership function of FIS is arranged
using either a backpropagation algorithm alone or with least square method which
let the fuzzy system learn from data. Relationship between input and output is
identified by self-learning procedure. ANFIS models are able to solve problems by
utilizing training data (Yang and Entchev, 2014).

In this study, comparison of artificial intelligence modelling and
experimental studies of various internal combustion engines for engine

characteristic predictions were performed. Four different engine models were
5
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handled which intended to estimate various engine-out parameters. In Model 1,
performance and emission parameters of a diesel engine operated with biodiesel-
alcohol mixtures were estimated. In Model 2, performance and emission
parameters of a diesel engine operated with diesel fuel with nanoparticle additives
were estimated. In model 3, various operational parameters of a spark ignition
engine operated with 95 RON gasoline fuel were estimated. In model 4, vibration
characteristic of a diesel engine operated with different diesel-biodiesel blends with

HHO gas addition into intake manifold were estimated.
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2. PRELIMINARY WORK

Since Al techniques have notable advantages, these techniques have widely
been used in many engineering areas recently. In literature, many researchers used

various Al models for prediction of engine-out parameters.

2.1. Artificial Neural Network Literature Review

Lucas et al. (2001) modelled diesel particulate emissions with neural
networks. They tested eight different fuels in a diesel engine and investigated
effects of fuel composition on particulate emission with use of neural networks.
Yuanwang et al. (2002) investigated the effect of cetane number on exhaust
emissions of the engine with neural network. They used back-propagation (BP)
neural network algorithm. Total cetane number, base cetane number and cetane
improver, total cetane number and nitrogen content in the diesel fuel were inputs
and hydrocarbon (HC), carbon monoxide (CO), particulate matter (PM) and
nitrogen oxide (NO,) emissions were outputs for prediction. Optimal number of
hidden layers, hidden layer neuron numbers and activation function were
determined with suitable weight and bias values in model. Ismail et al. (2012)
studied an ANN model for a light-duty diesel engine fuelled with blends of various
biodiesel and diesel fuels. They used ANN in order to predict engine-out responses
as carbon monoxide, carbon dioxide, nitrogen monoxide, unburned hydrocarbon,
maximum pressure, location of maximum pressure (crank angle based), maximum
heat release rate, location of maximum heat release rate (crank angle based),
cumulative heat release rate. For prediction, engine speed, torque, mass flow rate of
fuel and biodiesel fuel types and blends were used as input. The model was able to
predict seven out of nine engine-out responses accurately. Yusaf et al. (2011)
studied the effect of using crude palm oil-ordinary diesel blends as fuel on the
performance of compression ignition engine. Different mixture rates of fuel were

used. Experiments were conducted between 1000-3000 engine speeds. ANN model
7
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was constructed to predict power, brake specific fuel consumption, carbon
monoxide, nitrogen oxides and exhaust gas temperature. They showed that the
advantages of such a model usage are being fast, accurate and reliable. Cay et al.
(2013) studied an ANN model to estimate brake specific fuel consumption (BSFC),
exhaust emissions; CO and UHC, air-fuel ratio (AFR) of a Sl engine fuelled with
methanol and gasoline. They divided total data into two groups; training and
testing and they decided BP algorithm was the best choice to use for training the
network. ANN models predicted the outputs, BSFC, CO, UHC and AFR, with
correlation coefficients of 0.998621, 0.977654, 0.998382 and 0.996075 for testing
data, respectively. Jahirul et al. (2013) applied an ANN model for estimating
performance of a dual fuelled internal combustion engine. Levenberg-Marquardt
(LM) and scaled conjugate gradient (SCG) algorithms were used as learning
algorithms. One hidden layer with sigmoid transfer function was selected. Inputs
were engine load, engine speed and diesel-natural gas ratio and outputs for
prediction were engine thermal efficiency, break specific fuel consumption,
exhaust temperature and air-fuel ratio. Arcaklioglu and Celikten (2005) have
performed performance and emission engine experiments with different injection
pressure, engine speed and throttle positions. The investigated parameters were
engine torque, power, brake mean effective pressure, specific fuel consumption,
fuel flow, and exhaust emissions as SO,, CO,, NO, and smoke level. Injection
pressure, engine speed, and throttle position were used as inputs where engine
performance and emission parameters were used as outputs. R? values are 0.9999
and 0.999 for training and testing data, respectively. ANN results with good
correlation and small errors were considered as acceptable for estimation. Wu and
Liu (2012) predicted car fuel consumption using a radial basis function (RBF)
neural network. For training purpose, make of car, engine style, weight of car,
vehicle type and transmission system type were used as input. Fuel consumption of
car was forecasted parameter. The results show that ANN was able to predict car

fuel consumption effectively. Cirak and Demirtas (2014) applied an ANN model to
8
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biodiesel fuelled engine for prediction of engine torque. Biodiesel used in tests
were canola and soybean. Results of experiments were divided into training and
testing sections. Input layer consisted of engine speed, biofuel mixture, coolant
temperature and exhaust gas temperature in order to predict torque. The results
showed that ANN was able to predict engine torque with good accuracy. The
correlation between experimental and predicted results was 0.98. Parlak et al.
(2006) investigated that prediction capability of ANN model for SFC and exhaust
temperature of diesel engine. Back propagation learning algorithm was used in
model. Three parameters; engine speed, mean effective pressure (MEP) and
injection timing; two parameters: specific fuel consumption and exhaust
temperature were used as input and output neurons, respectively. Predictions were
performed with mean absolute relative error less than 2%. Kiani et al. (2010)
studied that estimation of performance and emission characteristics of an Sl engine
operated with gasoline-ethanol mixtures. Engine tests performed with different
percentages (0, 5, 10, 15 and 20%) of ethanol at different load and speeds. Blends,
speed and load of engine were utilized as input for prediction of power, torque and
exhaust emissions as CO, CO,, NO, and HC. Totally, ANN gave fast and accurate
responses for predictions. Muralidharan and Vasudevan (2015) applied ANN for
prediction of performance, emission and combustion characteristics of engine
which have variable compression ratio engine operated with waste cooking oil
biodiesel. Three different ANN architectures with feed forward BP algorithm were
generated. For training purpose, compression ratio, blend percentage and load were
used as input layer neurons. The predicted performance parameters were brake
thermal efficiency, specific fuel consumption, brake power, indicated mean
effective pressure, mechanical efficiency and exhaust gas temperature. The
predicted emission parameters were CO,, CO, HC and NO,. For combustion
parameters prediction, crank angle was also used as input neuron besides
compression ratio, blend percentage and load. The predicted combustion

parameters were combustion pressure, heat release rate, ignition delay, combustion
9
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duration and mass fraction burnt. Ozener et al. (2013) studied ANN model in order
to estimate engine performance and emission parameters of an internal combustion
engine. They predicted torque, power, brake specific fuel consumption and
emissions; CO,, CO, NO,, HC, and filter smoke number. Experimental data were
collected from 4-stroke, 4 cylinder, and turbocharged diesel engine. They finally
concluded that ANN model was satisfactory for estimation of engine-out
parameters. Kannan et al. (2013) aimed to estimate effect of injection pressure and
timing on performance, emission and combustion characteristics of a diesel engine.
In this respect, an ANN model was developed. BP algorithm was used in structure.
Different networks were tested and it was concluded that two hidden layer and 11
neurons for hidden layer gave good correlation for predictions. They suggested
ANN to use for prediction of engine parameters which were performed with
various operating conditions in order to avoid time consuming and complex
experiments. Golcu et al. (2005) modelled an ANN based on variable valve-timing
in an engine. They intended to determine influences of timing of intake valve on
engine performance and fuel economy. They divided total experimental data into
train and test sections. In input layer, intake valve timing and engine speed were
used. Torque and fuel consumption were the predicted variables by using inputs. In
testing period root mean square error (RMSE), fraction of variance (R?) and mean
absolute percentage error (MAPE) values were 0.9017%, 0.9920% and 7.2613%
and 0.2860%, 0.9299% and 7.5448% with respect to torque and fuel consumption,
respectively. They suggested ANN as suitable method for performance predictions
of Sl engine. Yusaf et al. (2010) studied ANN model that predicted some engine
performance and emission parameters. Experimental data were collected from a
diesel engine operated with diesel-compressed natural gas (CNG) mixtures. BP
algorithm was decided as best choice for learning of ANN. Engine speed and
percentage of CNG were used as input. Various activation functions and neuron
numbers for hidden layer were tried and the structure which gave minimum error

for estimations was selected. They suggested ANN for accurate and simple
10
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simulation of engine tests. Shanmugam et al. (2011) investigated prediction of
performance and emission of a hybrid fuelled diesel engine. The engine used is
single cylinder and four strokes. Tests were performed at different loads. 70% of
data was used to train, remaining 30% data was used to test network. BP algorithm
was used. Correlation coefficients of predictions were between 0.975-0.999 and it
means that ANN was very confident method for predictions. Sayin et al. (2007)
studied ANN modelling of a gasoline engine to estimate BSFC, brake thermal
efficiency, exhaust gas temperature and exhaust emissions. The engine was four
cylinders, 4-strokes and it was fuelled with gasoline fuel with different octane
numbers, engine speeds and torque values. The total data set were divided into two
sections; training and testing. Correlation coefficient values were obtained between
0.983-0.996. On the other hand, relative errors were obtained between 1.41-6.66%.
Kapusuz et al. (2015) used different alcohol and unleaded gasoline blends for
performance tests on a Sl engine. An ANN model was generated for prediction of
torque, power and BSFC. Engine speed, ethanol and methanol percentages were
used as input neurons in structure. There were 70 data sets and 60/70 of total data
was used for training purpose and 10/70 was used for testing the performance of
ANN. LM algorithm was selected as training algorithm. Weight and bias values
were updated with the gradient descent with momentum back propagation
algorithm. Transfer function was decided with trial and error method. Totally ANN
gave satisfactory results for predictions. Atik et al. (2013) modelled ANN of a SI
engine for estimation of engine performance and emissions. ANN model was
coded in Visual Basic programming language. Inputs were H,% rate, engine speed
and excess air ratio for estimations. The correlation coefficients were 0.9840,
0.9252, 0.8650 and 0.9605 for power, specific fuel consumption, engine torque,

and exhaust temperature, respectively.

11
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2.2. Adaptive Neuro Fuzzy Inference System Literature Review

Al-Hinti et al. (2009) used neuro-fuzzy approach to see influences of boost
pressure on efficiency, BMEP and BSFC of a single cylinder Cl engine.
Experimental data were used to estimate performance characteristics as input.
Match between experimental results and ANFIS predictions were acceptable.
Percentage errors for estimated efficiency, BMEP and BSFC were 1.64%, 0.15%
and 2.43%, respectively. Taghavifar et al. (2015) constructed an ANFIS model for
accumulated heat from hydrogen-fuelled engine. Crank angle, equivalence ratio,
penetration and mass fraction of H, were used for prediction. They stated that trimf
membership function for each three inputs and linear for output gave best
performance. RMSE and R? values were 0.011527 and 0.999 with these functions,
respectively. Hosoz et al. (2013) studied that application of an ANFIS in order to
model performance and emission of a Cl engine operated with various fuels. The
tests for modelling were performed with a direct injected and single cylinder CI
engine with diesel and diesel-biodiesel blends by varying engine speed and load
under steady state conditions. Predicted variables with use of ANFIS were power,
BSFC, brake thermal efficiency, exhaust gas temperature, HC, CO and NO. 0.940-
1.000 range was obtained for correlation coefficients between experimental and
prediction results. Relative errors were between 1.40-27.40% for emission and
performance parameters predictions. Ozkan et al. (2015) estimated performance
and emission of an engine with use of ANFIS. Engine was operated with alcohol-
diesel mixtures. Experimental results were obtained from direct-injection, single
cylinder, four-stroke engine with various spraying pressures. All data were divided
into training and testing section. Torque, specific fuel consumption, air
consumption, efficiency and lambda were predicted. Correlation coefficients of
predicted outputs were close to 1 and this means that there was good match
between experiment and ANFIS model results. Rai et al. (2015) estimated
performance and emission of dual fuelled CI engines by using ANFIS. Input

parameters were load (%), liquefied petroleum gas (LPG) (%) and injection timing
12
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(IT). These all inputs were used to estimate brake specific energy consumption
(BSEC), brake thermal efficiency (BTE), exhaust gas temperature (EGT) and
smoke. To be able to optimize ANFIS results genetic algorithm (GA) was used.
Prediction accuracy was increased with use of GA except for smoke. Najafi et al.
(2016) used support vector machines (SVM) and ANFIS for estimation of
performance and emission parameters. An Sl engine was operated with ethanol-
gasoline mixtures of 0, 5, 10, 15 and 20 percentages by volume. In ANFIS
modelling, Gaussian curve membership function (gaussmf) and 200 epochs were
selected as the optimum parameters for the training purpose. Correlation
coefficient and accuracy values were in between 0.760-1 and 79.270-98.810 % for
ANFIS results, respectively. They concluded that ANFIS can predict more
accurately than SVM. Roy et al. (2015) studied ANFIS model for estimation of
performance and emission parameters of Cl engine operated with CNG dual-fuel
operation. They showed the effects of load, fuel injection pressure and CNG
energy share on prediction of BSFC, BTE, NO, PM and HC. 0.998875-0.999989
correlation coefficient range was obtained between experimental and model results.
On the other hand, MAPE values varied between 0.08-1.84%. Finally they
suggested their models to use. For various experimental conditions, this
predictive model can be used. Gopalakrishnan et al. (2011) studied modelling
approach to predict emissions of biodiesel fuelled transit buses. They measured
NO,, HC, CO, CO, and PM with portable emission measurement system and they
used two approach called as ANFIS and the Dynamic Evolving Neuro-Fuzzy
Inference System (DENFIS). Totally, ANFIS gave better performance than
DENFIS and the best performance accuracies were obtained for NO, and CO, for
both ANFIS and DENFIS.

13
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3. MATERIAL AND METHOD

The abilities of computers to perform miscellaneous tasks have rapidly
been advancing with parallel to progresses in computer technology since their
invention. Artificial Intelligence (Al) can be defined as machine ability to perform
some functions that characterize human thinking. Al systems aim to design
intelligent machine systems that have intelligence like in human behaviour as
reasoning, learning etc. (Mellit and Kalogirou, 2008). Nowadays, Al techniques
have widely been used in different areas which include medical, automation, games
etc. (Ali et al., 2015). Figure 3.1 summarizes different disciplines on which Al
based on (Rupnawar et al., 2016).

Al focuses on working principle of human brain and creates adaptive
learning systems which can edit the behaviour of the system on the basis of

information supplied (Shambhu and Rinku, 2015).

Computer
Science
Psychaology Blology
Artificial
Intelligence
Mathematics Engineering
Linguistics

Figure 3.1. Different disciplines Al used
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There are various Al techniques used by researchers, namely, artificial
neural networks, fuzzy systems, genetic algorithms, ant colony optimization,
particle swarm optimization, artificial immune systems etc. (Ansari and Bakar,
2014).

3.1. Artificial Neural Networks (ANNS)

It will exactly be more beneficial to explain biological neural networks
(BNN) or human nervous system before passing to ANNS.

The basic component of the human nervous system is called as neuron.
Neurons are excitable units which communicate with other neurons. Human brain
consists of a series of interconnected neurons which help us to perform some
abilities such as think, remember etc. Each neuron can connect with other neurons
up to 200.000 (Amayreh and Saka, 2005).

A typical neuron consists of four basic elements called as dendrites, soma,
axon, and synapses. They get input information from the outside and process them
to perform generally nonlinear operation on result as output signal (Tosun and
Calik, 2016). A biological neuron with its fundamental components can be shown

as in Figure 3.2.

Dendrites _I‘-L
S 1.
N o ™
g P 0 —-
\
o Axon )
I ‘P
- A TN
. kt}_ h/\\
! Synapses
Soma

Figure 3.2. A typical biological neuron (Tosun and Calik, 2016)
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Axons are transmission lines and dendrites are receptive zones of the
system. Synapses which are also called as nerve endings are fundamental units that
make connections between neurons (Haykin, 2009).

A human nervous system can be demonstrated as 3-stage system which
was showed in Figure 3.3 (Haykin, 2009).

=,

Neural Net | f Effectors Response »

o

Receptors

Figure 3.3. Nervous system block diagram

In this block diagram brain is represented by neural net. It continually gets
signals and senses this information. Finally, it makes suitable decisions. The
continuous arrow (from left to right) represents transmitting information in a
forward way. The dashed arrows (from right to left) show the feedback of the
system. Stimuli from human body or external world are converted to electrical
impulses by receptors and then information is transmitted to the neural net. The
effectors convert electrical signals into certain and discernible outputs called as
responses (Haykin, 2009).

Origin of ANN concept comes from BNNs. BNNs consist of high number of
interconnected units called as neurons. Human brain can be thought as complex,
non-linear and parallel supercomputer. An ANN structure contains lots of neurons
which situated in various interconnected layers by links of numbers called as
weights (Boruah and Thakur, 2016).

Studies on human brain have been continuing for years. ANN studies which
are inspired from human brain accelerated with developments in modern
electronics. First ANN model was constructed by an American neurophysiologist
Warren Sturgis McCulloch and logician Walter Pitts in 1943. They modelled a
simple neural network with an electric circuit by inspiring from calculation ability
of human brain (Elmas, 2016).
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An artificially modelled neuron can be seen from Figure 3.4.

. Actvation

x2 ) Function

e i Ouegpruar
Inpur of.) —— ¥
Signals

Summing
Junction

Synaptic
Weights

Figure 3.4. Model of a neuron (Haykin, 2009)

—

As biological neurons, artificial neurons have fundamental units. Every

artificial neuron has 5 basic units (Oztemel, 2012):

Inputs: Information coming from external world. It can also come from
another neuron.

Weights: The importance and effect of information coming to neuron can be
determined by weights. Numerical values of weights (big or small) do not
define the importance of them. For example, a weight can be zero and it can
be very important for the network.

Summing function: This function calculates the net input of a neuron.
Different functions can be used for this purpose. Weighted summation is the
most popular method. In this method, every input value is multiplied by its

own weight and net input can be found.
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Activation function: This function calculates output value by processing net

input coming to neuron. As in summing function, there are various activation

functions. Table 3.1 summarizes various activation functions (Oztemel,

2012). Activation function gives a curvilinear relationship between inputs

and outputs. Selection of suitable activation function is very important. It

directly affects the performance of network (Eryilmaz et al., 2016).

Outputs: It is the output value which is determined by activation function.

Produced output is sent to the external world or to another neuron.

Table 3.1. Various activation functions

Linear Function

F(NET) = NET

Step Function

F(NET) =

1if NET > threshold value
O0if NET < threshold value

Sine Function

F(NET) = Sin(NET)

Threshold Value
Function

F(NET) =

0 if
NET if
1 if

NET <0
O<NET <1
NET =1

Hyperbolic Tangent
Function

F(NET) o (eNET + e—NET)/(eNET _ e—NET)

Sigmoid Function

F(NET) =

1 + g—NET

Figure 3.5 demonstrates the graphical representations of some of the

transfer functions commonly used.
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a = logsig(n) a = purelin(n) a = tansig(n)
Figure 3.5. Graphical representations of some transfer functions (Chandak et al.,
2014)

3.1.1. Mathematical Representation of an Artificial Neuron

Mathematically, a neuron k (Figure 3.4) can be represented by equations

below:
m

Uy = Ewk] Xj (31)
j=1

Vi = @y + by) (3.2)

where xq, x5, ..., X, are input signals; wyq, Wi, ..., Wy are synaptic weights of
neuron k; u; is linear combiner output; ¢(.) is activation function; y, is output

signal of neuron; by, is externally applied bias.

3.1.2. Main Structure of an ANN

Artificial neurons form ANNs by coming together. In network, artificial
neurons appear in some definite parallel layers. These are input, hidden and output
layers (Oztemel, 2012):

Input layer: This layer responsible to conduct the data coming from

external world to the hidden layer.
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Hidden layer: In this layer, data coming from input layer is processed and
it is sent to output layer. A network may have more than one hidden layer.

Output layer: Output layer processes the data coming from hidden layer
and generates an output.

An example of an ANN with its fundamental interconnected parallel layers
can be seen from Figure 3.6.

Input Layer Hidden Layer  Output Loyer
Figure 3.6. A typical ANN structure

3.1.3. Abilities and Applications of Neural Networks

The beneficial properties and capabilities of neural networks can be sorted
as shown below (Haykin, 2009):
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Nonlinearity: A neural network can consist of interconnected nonlinear
neurons. It is very important ability in order to handle nonlinear physical
problem.

Input-output mapping: In network, learning term states arrangement of
synaptic weights by supplying a set of training examples to the system.
These given data to the system for training purpose have definite input
signals and corresponding outputs (response). Synaptic weights are
arranged to minimize difference between desired output and network
output which is generated by input signal with suitable statistical criteria.
Network is trained many times with examples in the set until network
approaches steady case where no further big changes in weight values.
Network constructs input-output mapping and it learns by examples for
problem handled.

Adaptivity: Neural networks are able to adapt their weights for changing in
the environment. For example, when minor changes in environmental
conditions occur, network can be retrained. It is very useful property of
neural networks in order to make adaptive pattern classification, adaptive

signal processing or adaptive control etc.

Learning, classification, generalization, specification and optimization
tasks can be achieved by using ANNSs as functional properties of brain. ANNs can
generate its own experiences and they can make decisions on similar subjects
(Oztemel, 2012).

3.1.4. Learning Strategies in ANN Systems
Learning can be defined as modifying the weight and bias values between
layers of the network. There are various learning strategies in ANN systems.

System which will learn and learning algorithm used changes with respect to these
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learning strategies. Generally, three different learning strategies are used (Oztemel,
2012):

Supervised learning: In this type learning, learning rule is supplied by a
set of examples ({py, t1}.{p1, t:}, ... {pq. t4})- Here, p, and t, are input
and corresponding target, respectively. The network outputs are compared
with target values when inputs are provided to the network. Then, the
learning rule is used to modify the weight and bias values of the network to
obtain more close values of network outputs to target values (Demuth and
Beale, 2002).

Unsupervised learning: The weights and biases are modified by using
inputs only. There are no target values and most of these algorithms used to
perform clustering operations. Categorization of inputs into finite numbers
of classes is achieved. It is beneficial to use applications such as vector
guantization (Demuth and Beale, 2002).

Reinforcement learning: In this strategy, a supervisor helps to the system
which will learn. A supervisor does not show each input and corresponding
output value to the system. Inputs are supplied to the system and it
generates outputs with respect to given input and a signal is generated. This
signal demonstrates whether result is correct or not. Linear vector
quantization (LQV) can be given as example for this learning (Oztemel,
2012).

Table 3.2 demonstrates a comprehensive organization of learning methods

commonly used.
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Table 3.2. Summary of learning methods (Yegnanarayana, 2005)
Categories of learning

Supervised, reinforcement and unsupervised
Off-line and on-line
Deterministic, stochastic and fuzzy
Discrete and continuous
Criteria for learning
Hebbian learning

Basic Hebbian learning
Differential Hebbian learning
Stochastic versions

Competitive learning - learning without a teacher

Linear competitive learning
Differential competitive learning
Linear differential competitive learning
Stochastic versions

Error correction learning - learning with a teacher

Perceptron learning
Delta learning
LMS learning

Reinforcement learning - learning with a critic

Fixed credit assignment
Probabilistic credit assignment
Temporal credit assignment
Stochastic learning

In multilayer perceptron
In Boltzmann machine
Other learning methods

Sparse coding
Min-max learning
Principal component learning
Drive-reinforcement learning
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3.1.5. Backpropagation Algorithm

The backpropagation algorithm (BPA) is very popular learning algorithm
among other supervised learning strategies and it can be applied wide range of
practical problems. In this type of learning algorithm, input signals moves in a
forward way and an error signal which is the difference between target and actual
output value is calculated. Finally, the error is back propagated until error is
minimized, iteratively (Turkson et al., 2016).

Turkson et al. (2016) gave formulations and logic behind the BPA as shown
below:

Assume a feedforward network which have an output and bias, y¥, b¥, in it"
neuron of layer k. The relation between input and output of the network can be

shown as:

k-1
k-1 k-1
Yi=¢ Z wy Dy + bf (3.3)
j=1

Here, ¢ is activation function, wl.(jk_l) is weight input from neuron j of the layer of

k — 1 to the neuron i of the layer of k, y.(k_l)

; is output of neuron j in the layer of

k—1.

If input and target data vectors in training set of data are shown as
(x4, x5, %3, ..., %) and (¥1,¥2,¥3, ..., ), then the weights of the structure is
arranged until each input value x(k) and target output value y(k) is matched with

minimized error. For BPA, error between network output and target output can be

shown as:
m

E= " llye -l (34)
n=1
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Here, y, is network output vector which corresponds to input vector of
x (k).

The beginning point of BPA is setting small random network weights.
Then, the weights are arranged to be able to minimize the error, E. The weight and

bias values are arranged by the help of gradient descent method:

OF
wi P+ 1) =wi V) - 11— D (3.5)

oE
bi(p +1) = bf(P) =N (36)
i

where, 1 is step size.
Weight updating by use of delta rule, weight and bias values can be

arranged with the following equations:
wi o +1) = wi V() +nsfy (37)
b (p + 1) = bf(p) + s} (3.8)

In Equation 3.7 and 3.8, 8 is error for the i*" neuron in k layer. The error

in the last layer K can be determined by the equation below:

5K =g [Z J(ZK D=1 b}‘] (v —¥F) (3.9)

The error term for the rest of the layers can be defined as:
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z

k-1 It — k-2 k-2 k-1
5D = ¢ [Bk2wiPyD bV Bk (w) 55 (3.10)

Figure 3.7 shows the flowchart of iterative back-propagation learning

procedure.

Is errar
salisfacton 7

Yes [Nehﬂ.'nr'l-c autput is demrn*inarq

Adjust weight and bias values

Figure 3.7. Flowchart of BPA

3.1.6. Levenberg-Marquardt Algorithm Derivation

Levenberg—Marquardt Algorithm (LMA) is a supervised BPA which
updates weight and bias values according to Levenberg—Marquardt optimization.
This algorithm is a mixture of steepest descent method and Gauss-Newton method.

Yu (2011) presented derivation of LMA in four parts as shown below
following sections: steepest descent method, Newton’s method, Gauss-Newton’s
method and Levenberg-Marquardt algorithm.

Let the object function be sum square error, E to evaluate training process.

For all training patterns and outputs:
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1 P M
E(x,w) = Ez Z €Zm (3.11)
p=1m=1

here: x and w are input and weight vectors; p is training patterns (from 1 to P); m
is outputs (from 1 to M); e, , is error of training at output m when applying to

pattern p.

epm = dpm ~ Opm (3.12)

where: d and o are desired and actual outputs, respectively.
3.1.6.1. Steepest Descent Algorithm

It is first order algorithm which uses first order derivative of total error

function for minimizing error space. Gradient, g is defined as in Equation 3.13:

_0E(x,w) [0E OE  OE]

- ) y ey (313)
ow dwq ' dw, ' owy
The update rule in steepest descent algorithm is:
Wi = Wii1 — Gk (3.14)

where; a and k are learning constants and training iteration index.

3.1.6.2. Newton’s Method
Assume all gradient components are function of weights and all weights

are independent linearly:
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g1 = Fi(wy,wy, ..., wy)

g2 = Fo(wy,wy, ..., wy) (3.15)

gs = Fs(wy,wy,...,wy)

With first order approximation and Taylor series expand each g;:

091 091 091
~ + == + = o
91 = J10 S Awy dw, Aw, dwy Awy
d 0 0
92 = G20t a—izlAW1 + a—izzAWZ +oe ailzv Awy (3.16)
dg dg dg
In ® Gno T+ O_WIZAwl "'a_WI:AWZ + e+ ﬁAWN
By combining Equation 3.13:
0 (6_E> 2
0gi _ _\dw;) _ 0 (3.17)

where: i and j are weights indices from1to N.
Insert Equation 3.17 into 3.16:

+62EA 9°E I d°E A
g1 % 1o % "1 ow, 0w, W2 ow, 0wy wN
9°E 9°E 9°E
~ Aw, +——Aw, + o+ —— A 3.18
g2 = 920 dw, 0w, 41 3 % w; dw,0wy Wy ( )
+ E + o’ AW, + -+ ZEA
gn = gn, w. w - ——Aw
N=INO T Gwyow, T dwyow, 2 2 N

29



3. MATERIAL AND METHOD Erdi TOSUN

To make total error function E minimum, each gradient vector element

must be zero.

0 +62EA N 0°E I 0°E A

Ngl,() aW% Wl 6W16W2 WZ 6W16WN WN
0 N 9°E A +62EA o 0°E A

= o Ow, 0w, " w3 W2 Ow,0wy e (3.19)

ZE ZE ZE

0~ +——Aw, + Aw, + -+ A

INo T G aw, LT Gwydw, 2 ™
Then, combine Equation 3.13 and 3.19:

OF +62EA . 0°E oy A 9°E A

aW1~ gl,O aW% W1 anaWZ W2 anaWN WN

oE N 9°E A +62EA . 0°E A

ow, G20 ow, 0w, Wi w3 W2 Ow, 0wy W (3.20)
OF N 0°E A+ 0°E A+ +62EA

owy IV T G w1 T wyow, 2 2 BN

Now, we have N equations and N parameters to calculate all of the Aw;.
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9E1 | O°E 9*E
 ow, ow?  Ow;0w,
—:31 oE 0°E 0°E
—go| | =—=—1_
- awz - aW26W1 aW%
—Js3
oE 0*E 9*E
- OWN_ _aWNawl aWNaWZ

This square matrix (NxN) is Hessian matrix, H.

9’E 9*E 9’E

aW% anaWZ anaWN
9*E 9’E d*E

H_ aWZawl aW% aWZGWN
d*E 9*E d*E

[Owy 0w,  OwyOw, owy |

Combine Equation 3.13, 3.21 and 3.22:

—g = HAw

Therefore update rule becomes:

— -1
Wip1 = Wy — Hi gy

31

2

0°E
ow, 0wy A
2 Wi
k| |m| G2
dw, 0wy x
- Awy
0°E
ow?
(3.22)
(3.23)
(3.24)
(3.25)
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3.1.6.3. Gaussian-Newton Algorithm
In Newton’s method, updating weights needs to be calculated second order
derivatives of total error function to obtain Hessian matrix. It is very complex

work. To make calculations simpler, define Jacobian matrix, J:

ey Oeps deqq]
ow, Oow,  dwy
dei, Odeps dey
dw; dwp T Owy
deypy Oeyy deyy
ow ow, 7 ow
j=| 0w Owa o Own (3.26)
depy OJep; depa
ow; dw, 7 Owy
dep, Oepy depo
ow; 0w, owy
aePM aePM aePM
[ 0w, Owy, T Owy |

Integrate 3.11 and 3.13 and obtain each gradient vector element as:

1
_ 0E _a(§ 1Zm 1epm zp:i (3.27)
9= %, ow . oo |
= m=1
Combine Equation 3.26 and 3.27 and:
g=Je (3.28)

Then, the error function:
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_ 6111 .
€12

€M
e=| - (3.29)
€p1
€p2

[ €p M

Insert 3.11 into 3.22, each element (ith row, jth columun) of Hessian

matrix can be calculated as:

1
azE 62 (z Zg:l ZTA;IL=1 e;%m S aep m aep,m
hij = ~ Z Z :

- - (3.30)

+5;

,_.
3
I
-
\.

p=

PLoM 2,
_ pm
P ;Z:: ; awj pm (3.31)

As the basic assumption of Newton’s method S; ; is closed to zero, relation
between Hessian matrix and Jacobian matrix can be defined as:

H=]T] (3.32)

Combine Equation 3.25, 3.28 and 3.32 for updating rule of Gauss-Newton

algorithm:

Wit = Wi — (]l’f]k)_ljkek (3.33)
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3.1.6.4. Levenberg-Marquardt Algorithm
In order to make sure that approximated Hessian matrix, J7/, is invertible,

LMA introduces another approximation to Hessian matrix:
H=]T]+ul (3.34)

where: u is always positive, combination coefficient, I is identity matrix.

From equation 3.34, we can notice that the elements on the main diagonal
of the approximated Hessian matrix will be larger than zero. So, with
approximation (Equation 3.34), it can be sure that Hessian matrix is always
invertible. By combining Equation 3.33 and 3.34, the update rule of LMA

becomes:

Wier1 = wi — (L] + #1)_1]k€k (3.35)

3.2. Fuzzy Logic and Fuzzy Expert Systems

Logic is science of formal principles of reasoning. On the other hand, fuzzy
logic (FL) is relevant with approximate reasoning. In fuzzy case, the precise
reasoning can be thought as limit case (Zadeh, 1988).

The word fuzzy has meanings of cloudy, vague. Therefore, FL contains
uncertainties or it works with uncertainties. The real world we lived has lots of
uncertainties. It means that, we have to study these uncertainties in order to figure
out the ability of human to reach conclusions (Semerci, 2004).

Classical logic (CL) is represented with 0 and 1 for truth values. It means
that the variables can only be assigned as either true or false. This situation brings
some problems when we deal with complex systems. FL can solve these problems
by assigning truth values between 0 and 1. These can be directed by using

linguistic variables with different membership functions (Ttlnci, 2009).
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Figure 3.8 shows examples for modelling with classical and fuzzy logic.
According to CL, each temperature level belongs to certain sets, hot or cold. For
example, according to this logic, 30 °C is a boundary for judgement on
temperature’s being whether hot or cold. Temperatures below 30 °C are stated as
cold, above 30 °C are stated as hot (Figure 3.8a). Therefore, 29.9 °C temperature
can be stated as cold according to CL. Difference between 29.9-30 °C is very low
but very important for CL. But in physical world, this difference is unimportant.
29.9 °C cannot reject being hot. FL removes these sharp borders. While CL says
29.9 °C is cold, FL says it is fairly hot. In CL, there are only hot or cold sets. On
the other hand, FL can accept statements as fairly cold, fairly hot etc. besides cold
and hot sets and tries to explain them mathematically. Here, cold, hot, fairly cold,
fairly hot terms are linguistic variables. The values of these linguistic variables can

be expressed with fuzzy sets (Tutlinct, 2009).

Hot
|l — Cold Hot
i T
i h, /
Cold | /
0 — , 0 "
10 20 30 40 50 60 70 °c 10 20 30 40 50 &0 7O °C
(@) (b)

Figure 3.8. Example for (a) classical logic (b) fuzzy logic model

Fuzzy expert systems (FES) can be constructed by use of FL that related
with uncertainties. These systems use fuzzy sets and imitate human reasoning
process. Decision making process does not consist of only black and white (true-

false). This process commonly contains grey areas. Therefore, we need this type of
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approach (Liao, 2005). FES uses a set of fuzzy if-then rules with FIS in order to
make decisions (Fialho et al., 2016).

3.3. Adaptive Neuro Fuzzy Inference System (ANFIS)

Modelling system with differential equations (conventional mathematics)
is not suitable for uncertain systems. On the other hand, systems with fuzzy
inference which contains a set of if-then rules are able to model human reasoning
and knowledge process with qualitatively. First systematic study on fuzzy
modelling or identification was achieved by Takagi and Sugeno (Jang, 1993).

ANFIS constructs fuzzy if-then rules with proper membership functions to
generate input-output pairs (Jang, 1993). Working principle of ANFIS is alike with
ANN. It learns knowledge from a data set for the fuzzy modelling method. Fuzzy
rules connect system inputs and outputs in form of if-then expressions and
depending on linguistic variables (Ay and Kisi, 2014). A fuzzy inference system

can be seen from Figure 3.9.

| knowlege base !

input i I | output
| | fuzzification database| |rule IIIESEI defuzzification| |
| interface interface I

&

k| X

* decision making unit ]

(Fuzzy) (huzzy)

Figure 3.9, Fuzzylnferencesystem(Jang,1993)

There are various types of fuzzy reasoning in literature. Figure 3.10 shows

most commonly used FIS.
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Figure 3.10. Various types of fuzzy reasoning structures and if-then rules (Jang,
1993)

ANFIS is mix of fuzzy systems and neural networks. In this structure,
neural network is utilized for determining of fuzzy system parameters. The system
parameters are automatically arranged by neural network. Learning ability
advantage of neural network and advantages of rule-based fuzzy system are able to
enhance system performance. In neuro-fuzzy systems FL statements builds the

system, then, it is refined by use of training algorithm of neural network (Rai et al.,
2015).

3.3.1. ANFIS Structure

Jang (1993) demonstrated main structure of ANFIS as summarized below
in detail:

Assume there is two inputs (x,y) and one output (z) FIS. Suppose that,
there are two Takagi and Sugeno’s type if-then rules:
Rule 1: If x isA; and y is By, then f; =pix+quy + 1y
Rule 2: If x is A, and y is By, then f, = p,x + q,y + 1,
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x v

layer 1 layer 2 layer 3 layer 4 layer 5

Figure 3.11. Equivalent ANFIS structure of type-3 fuzzy reasoning
Layer 1: Each node (i) in this layer is square and has a node function of:

0} = pA(x) (3.36)

where, x is input to node i, A4; is linguistic variable (small, big etc.). 0} is
membership function of A;. Generally, bell-shaped with maximum of 1 and

minimum of 0 membership function is selected:

uA(x) = : (3.37)

T

c-8 c c+8 X
— 22—
Figure 3.12. Bell shaped membership function parameters (Jang, 1993)
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a;, b; and c; are parameter sets and they are called as premise parameters.

Layer 2: Each node in this layer is circle. This node multiplies incoming signals

and generates output:

w; = pd;(x) * uB;(y) (3.38)

wherei =1, 2.
Layer 3: Each node in this layer is circle. The node i calculates the ratio of firing

strength of rule i and firing strength of all rules summations.

_ Wi

W= (3.39)

T wy +w,
wherei =1,2.
Layer 4: Each node in this layer is square. Node function is:
0} = wif; = wi(pix + qiy +17) (3.40)

where, w; is output of 3" layer. p;, g; and r; are parameter sets and they are called

as consequent parameters.

Layer 5: The node is circle and it calculates overall output:

0} = overall output = Z wif; = Ziwifi (3.41)
- Xiw;

39



3. MATERIAL AND METHOD Erdi TOSUN

The learning algorithm tries to arrange premise (a;, b; ¢;) and consequent
(pi, q; ;) parameters to obtain optimum results as ANFIS output (Valcic et al.,
2011).

3.4. Regression Analysis
Regression analysis is a technique that sets a functional relation between
dependent and independent variables. It is a statistical method that exhibits

relationships between variables.

3.4.1. Linear Regression
Assume we have a set of data pairs as (x1, 1), (x2,¥2), ..., (xn, ¥,) and fit
a straight line for least-square approximation through these data pairs. The equation

of straight line mathematically (Chapra and Canale, 2010):

y=ap+ax+e (3.42)

where a, and a, are intercept and slope coefficients and e is error between model

and observed data. The error can be defined as:

e=y—ayg— ax (3.43)
YA
5
G -
0 5 X

Figure 3.13. Least-square fit
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It is obvious that the sum of the errors for all data points must be

minimized in order to obtain best fitted line (Figure 3.13).

e = Z(Yi —ap — a;x;) (3.44)

n n
i=1 i=1
where n is total data number.

This approximation brings some deficiencies when calculating total error.
Therefore, some of the squares of differences between measured and calculated

output can overcome deficiencies and it can be expressed as:

n
2
Sy = Z eiz = Z(yi,measured - yi,model) ZZ(%’ — Qg — Cllxi)z (3.45)

n n
=1 i=1 =1

Equation 3.45 must be differentiated with respect to a, and a, in order to

find the values of these coefficients:

as,
Fae= "2 0= a0~ arx) (3.46)
S,

5a. = 2[00~ a0~ ax)x] (3.47)

Set Equation 3.46 and 3.47 zero in order to obtain minimum of S,

0= Z Vi — Z ag — Z a x; (3.48)
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0= Z yix; — Z apx; — Z a,x;? (3.49)

Knowing that, ). a, = nay:

nay + (Z xi) a, = Z Vi (3.50)
(Z xi) %o+ (Z xiz) a1 = Z XiYi (3.51)

Then:

MY XY — XX NYi
= nY x;% — (¥ x;)?

(3.52)

Ay =y — a4 X (3.53)
Here, x and y are mean values of x and y.
3.4.2. Non-linear Regression and Linearization

Relationship between dependent and independent variables may not be

linear many times. For example, nonlinear model can be expressed as shown below
(Chapra and Canale, 2010):

y = alx.B1 (354)
Where, a, and B, are constant coefficients.

There are non-linear regression techniques available to apply experimental

data directly. But there are easier alternatives as transforming equations into linear
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form. Then, linear regression can be used for fitting purpose (Chapra and Canale,

2010). Equation 3.54 can be linearized by taking logarithm of both sides:

logy = B1logx + loga, (3.55)

Figure 3.14 summarizes the linearized forms of nonlinear equations:

W
¥ = ”_zxr'?z ¥
=d3
Iy + X
® X i
Linearizatian Lingarization Linearization
Inya logy 1y a

Slape = f
: Slepie = iy Slope = fyfe;

- Intercept = o,

g — Intercept = l/a,

N / log % 1/x%

T

Intercept = log a;

Figure 3.14. Linearized forms of nonlinear equations (Chapra and Canale, 2010)
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4. RESULTS AND DISCUSSION

4.1. Prediction of Engine-Out Parameters of a Diesel Engine Operated with
Biodiesel — Alcohol Blends (Model 1)

In Model 1, performance and emission engine out-parameters which are
torque, carbon monoxide (CO) and oxides of nitrogen (NO,) were estimated by
using LR and ANN. The engine used for tests is naturally aspirated compression
ignition engine and it was operated with pure diesel, peanut oil biodiesel and
alcohol-biodiesel blends (20% ethanol - 80% peanut oil biodiesel; 20% methanol -
80% peanut oil biodiesel; 20% butanol - 80% peanut oil biodiesel). Table 4.1 and
Table 4.2 show technical details of diesel engine and hydraulic dynamometer
(Tosun et al., 2014).

Table 4.1. Engine specifications in Model 1

Brand Mitsubishi Canter
Model 4D34-2A
Configuration In line 4
Type Direct injection diesel with glow plug
Displacement 3907 cc
Bore 104 mm
Stroke 115 mm
Power 89 kW @ 3200 rpm
Torque 295 Nm @ 1800 rpm
Oil cooler Water cooled
Air cleaner Paper element type
Weight 325 kg

Table 4.2. Dynamometer specifications in Model 1

Torque Range 0-1700 Nm

Speed Range 0-7500 rpm
Body Weight 45 kgf
Total Weight 110 kgf
Body Diameter 350 mm
Torque Arm Length 350 mm
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Beside engine studies, fuel properties of each fuel and fuel blends were
determined. In this way, Zeltex ZX440, IKA-Werke C2000 Bomb Calorimeter and
Kyoto Electronics DA-130 devices were used to measure cetane number, lower
heating value and density values of each fuel, respectively.

A data set was obtained by operating engine with different engine speeds
and fuels (Tosun et al., 2014). Some of these data were used for training purpose of
prediction models. Remaining data were used to test the performance of the model.
Engine torque, CO and NO, were predicted (output) values whereas engine speed,
cetane number, heating value and density of fuels were inputs.

Regression analysis is widely used to define relation between two or more
variables. SPSS (Statistical Package for the Social Sciences) is one of the useful
statistical package programs in order to perform regression analysis. Therefore, it
was selected for regression analysis.

To construct models total data set were divided into two main sections:
training and testing. 80% of data were used for training purpose and remaining
randomly selected 20% of data were used for testing purpose. Table 4.3 shows the
details of linear regression analysis. Following Figure 4.1, 4.2 and 4.3 demonstrate

the graphical representation of prediction performance of equations.

Table 4.3. Linear regression results of Model 1

Yy = Bo + P1x1 + Boxy + Paxz + Pux,

y = By + Bi(engine speed) + B,(cetane number) + B3 (heating value) + B,(density)

y Bo B4 B- B Bs R?
Torque 543.357 -0.102 -0.239 0.05 -0.448 0.726
co -827.513 0.257 -4.194 0.01 0.685 0.898
NO, 4621.616 -0.611 8.886 -0.024 -2.702 0.919

Train data was used to constitute regression equation given above Table

4.3. Remaining test data shows the prediction ability of equations.
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Figure 4.1. Experimental vs linear regression prediction of torque for Model 1
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Figure 4.2. Experimental vs linear regression prediction of CO for Model 1
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Figure 4.3. Experimental vs linear regression prediction of NO, for Model 1

In ANN modelling, MATLAB (matrix laboratory) software was used.
MATLAB contains artificial neural network toolbox. Main structure of ANN
model consists of three layers: input, hidden and output. Figure 4.4 shows the
architecture used in ANN in Model 1. As seen from the figure below that,
information is flowing through forward way. Signals coming from external world
enter to the structure, they are processed and an output signal is generated.
Information is conveyed via neurons and connection between neurons called as

weights.
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Bias Bias

Torgue
co
N,

Input  Weights Hidden Weights  (Output
Laver Laver Layer

Figure 4.4. ANN structure in Model 1

Determining best ANN structure has some important points as selection of
learning algorithm, transfer functions, number of hidden layer, number of neurons
in hidden layer etc.

Selection of learning algorithm is important issue for ANN training.
Levenberg-Marquardt which is back-propagation algorithm was selected as
learning algorithm in this model in order to arrange and optimize the weights for
obtaining more close values to target values. Although some other algorithms were
tried, LMA gave best accurate results. Selection of proper transfer functions is
another important issue. Logistic sigmoid function (logsig) for hidden layer and
linear function (purelin) for output layer were utilized as transfer functions.

Number of hidden layer neuron is usually determined by trial and error method
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(Togun and Baysec, 2010). General structure of ANN can be stated as 4-n-1
(Figure 4.4). Since all outputs are evaluated alone, number of output neuron is 1.
Here, n is number of neuron in hidden layer. The values of n are 7, 9 and 13 for
torque, CO, NO, predictions, respectively. Prediction equations for all outputs were
given in Table 4.4. On the other hand, related weight and bias values can be seen
from Table 4.5, 4.6 and 4.7.

Table 4.4. Mathematical background behind ANN predictions for Model 1

Torque = —7.9755 * F;, + 27.0340 * F, — 93.3236 * F; + 96.4421 + F,
+ 5.7018 * F; — 24.3317 * Fg + 30.9032 * F, + 117.7479

CO = A7.4444 x F, — 1911111 * F, — 142.2222 + F; + 32.5236 * F,
+388.4580  Fs + 83.6667  F, + 99,1133 « F,
— 188.3333  F, — 148.1111 * F, + 391.2086

NOx = 0.5306 x F, + 21.6029 * F, — 0.1043 * F; + 50.1298 * F,
+ 453.4412 % Fs — 28 + F, + 274.7941 * F, + 1.9096 * Fy
+0.3404 * F, + 40.7623 * F,, + 49.5639 * F,, + 48.6242
x Fy, + 48.8891  F,; + 49.0307

_ 1

LT 1+ e Ei

E; = W;; x (engine speed) + W,; * (cetane number) + Wy;
* (heating value) + W,; * (density) + b;
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Table 4.5. Weight and bias values between input and hidden layer for torque
prediction of Model 1

i Wi Woi W3 W, [ b;

1 3.3305 -97.6738 -0.6992 29.3846 1 -104.3517
2 -4.3771 -41.3274 -39.9587 8.4538 2 114.1732
3 53781 97.5159 -0.2034 -11.4652 3 50.2300
4 -4.3680 -1.7581 0.1965 4.7418 4 33.8932
5 0.0228 -5.1877 -0.6637 30.2536 5 -151.2201
6 -2.4200 0.4794 -0.3408 21.5033 6 5.4968
7 -0.6102 -0.3744 0.0480 -6.2920 7 -61.9001

Table 4.6. Weight and bias values between input and hidden layer for CO
prediction of Model 1

[ Wi Woi W3 W, [ b;

1 6.3035  1.4295 -0.3935 3.1566 1 80.4540

2 -2.3156 -0.7944  -0.4867  30.3244 2 -95.9337
3 -16.4184 -0.5451 1.0430 -2.0841 3 -148.1982
4 2.9497  0.7705 0.0647  -14.6638 4 15.6436

5 -0.5917  6.2499 0.0716 2.9751 5 -154.8052
6 145499 0.0468 -0.6872 -2.3568 6 112.0702
7 -7.1104  0.1483 -115.7263 -26.0755 7 -143.7120
8 -24.4875 -2.1424 1.1956  -15.1036 8 45.1141

9 39.7832 -1.4110 -1.3627 3.2666 9 97.9484
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Table 4.7. Weight and bias values between input and hidden layer for NO,
prediction of Model 1

[ Wy Wy W W, [ b;
1 -12.5133 0.5029 0.3404 0,0696 1 -159.0413
2 -42.8641 -0.1102 2.3541 0,4106 2 72.4009
3 19.3421 0.5260 -1.8624 -0,4460 3 -90.5721
4 18.4471 0.0224 -0.2913 3,1840 4 40.9710
5 -3.8993 1.5954 0.2406  -3,2165 5 -185.5012
6 12.1997 0.1933 -0.7819 -4,3650 6 52.6386
7 -6.5627 05023 -0.1990 23,8889 7 95.3561
8 -62.6611 -0.5614  3.8057 5,5248 8 -73.5869
9 -1.4964 1.2212 0.1476  -2,2288 9 -138.0217
10 -6.3243 0.0669 0.7237 -10,0390 10 132.3532
11 -15.119 -0.4025 1.6381 -0,2028 11 -67.4554
12 10.993 -0.3894 -0.1040 1,1023 12 -41.4348
13 1.7183 -0.5865 0.4811 -0,4410 13 46.9212

Both ANN and experimental results were given in the following Figures
4.5,4.6 and 4.7.

— Experimental
— ANMN
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50 1)

P4+ I S e e o e I N e B s

12 3 4568 7T 8 B 1.D11 1213141516 17 181820 21 22 25 24 25
Data
Figure 4.5. Experimental vs ANN prediction of torque for Model 1
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Figure 4.6. Experimental vs ANN prediction of CO for Model 1
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Figure 4.7. Experimental vs ANN prediction of NOy for Model 1

As seen from the above figures, ANN gives more satisfactory results for

prediction of various engine-out parameters. It means that ANN can be suggested
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to estimate engine output parameters quickly in order to eliminate time consuming
and costly experiments.

There are various types of performance evaluation criterions to observe
convergence between target and predicted values as mean error, mean absolute
error, root mean square error, and mean absolute percentage error etc. (Bilgili and
Sahin, 2010)

Mean absolute percentage error (MAPE) was selected to see model
performances for predictions. MAPE can be expressed as stated in Equation 4.1
(Yasar etal., 2012).

n
1 0; — t;
MAPE = —EM. 100 4.1)
=,

Table 4.8. Prediction performance evaluation for Model 1

MAPE
LR ANN
Torque 24.96 16.22
CO 11.9 3.56
NOy 22.1 9.63

Typical MAPE values on the basis of forecasting ability were given in
Table 4.9 (Emang et al., 2010).

Table 4.9. MAPE values for model evaluation

MAPE (%) Evaluation
MAPE < 10% High Accuracy Forecasting
10% < MAPE < 20% Good Forecasting
20% < MAPE = 50% Reasonable Forecasting
MAPE > 50% Inaccurate Forecasting
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Although ANN results are satisfactory, the prediction performance can
obviously be enhanced with using more data during training period. Training with

more data will increase generalization capacity of model.

4.2. Prediction of Engine-Out Parameters of a Diesel Engine Operated by
Diesel Fuel with Nanoparticle Additives (Model 2)

In Model 2, engine performance and emission (torque, CO, CO, and NO,)
estimations by using various techniques were conducted. The engine and
dynamometer are same in Model 1 and the specifications can be seen from Table
4.1 and 4.2. Engine tests were done by Ozgur (2011). He investigated various
nanoparticle additives (MgO, Al,Os, Fe,03, NiO, ZngsNigsFe,O,4 etc.) effects to
conventional diesel and alternative biodiesel. Both changes in fuel properties and
changes in performance and emission results were observed with use of
nanoparticle additives. Details of the experiments can be found in study of Ozgur
(2011). His study was conducted with various types of nanoparticle additions into
both diesel and biodiesel fuels and also with various dosages of nanoparticle
additives. In here, only diesel - MgO, diesel - Al,Os, diesel - Fe,0s, diesel - NiO
and diesel - ZngsNigsFe,0, (100 ppm dosage of each nanoparticle) blend results
were used.

By using experimental results, the total data set was divided into two
groups: training and testing as in previous Model 1. Total data set (54) contain five
blends. 85% of total data (46) was used for training purpose. Remaining randomly
selected 15% of data (8) was used to test and evaluate the performance of the
model. Estimated engine-out parameters are torque, CO, NO, and CO, whereas
cetane number and engine speed are inputs. Zeltex ZX440 device was used to
determine cetane number of each blend.

Table 4.10 and 4.11 show the regression coefficients of linear and non-
linear regression equations. Following Figure 4.8, 4.9 and 4.10 demonstrate the

graphical representation of experimental and regression results.
55



4. RESULTS AND DISCUSSION

Erdi TOSUN

Table 4.10. Linear regression results of Model 2

Yy = Bo + P1x1 + Brx;

y = Bo + Bi(cetane number) + S,(engine speed)

y Bo B B2
Torque 322.063 0.09 -0.05
co 109.993 -1.228 0.099
NO, 1288.835 5.489 -0.247
co, 8.726 0.03 -0.002

Table 4.11. Non-linear regression results of Model 2
y = (1) (x2%2)
y = ag(cetane number™)(engine speed”?)

y Qo aq 2
Torque 5727.96 0.054 -0.457
co 2.818 -0.089 0.636
NO, 11614.49 0.325 -0.484
co, 66.37 0.255 -0.428
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Figure 4.8. (a) Training (b) testing section of torque prediction with regression
analysis for Model 2
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Figure 4.9. (a) Training (b) testing section of CO prediction with regression
analysis for Model 2
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Figure 4.10. (a) Training (b) testing section of NO, prediction with regression
analysis for Model 2
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Figure 4.11. (a) Training (b) testing section of CO, prediction with regression
analysis for Model 2
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The ANN architecture consisted of three main layers called as input,
hidden and output layer (Figure 4.12). LMA was the best choice as learning
algorithm for optimizing the weight to close the target values. Table 4.12

summarizes the details of ANN structure for each estimated engine-out parameters.

Bias Rias

Torgue
co
x0,
coy

Engine Speed (rpm)}

Inpui  Weights Hidden WWeights  Owtput
Laver Laver Laver

Figure 4.12. ANN structure in Model 2

Table 4.12. Details of ANN structure for Model 2

Estimated Learning ANN Hidden Layer  Output Layer
Parameter Algorithm Structure Transfer Transfer
(2-n-1) Function Function
Torque LM 2-16-1 logsig purelin
CoO LM 2-30-1 logsig purelin
NOy LM 2-21-1 logsig purelin
CO, LM 2-19-1 logsig purelin
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Prediction equations for all engine-out parameters were given in Table

4.13. On the other hand, related weight and bias values can be seen from Table
4.14,4.15,4.16 and 4.17.

Table 4.13. Mathematical background behind ANN predictions for Model 2

Torque = 22.1618 * F, — 0.363 * F, + 6.4662 * F, — 36.0932 * F, + 33.292

CO =5.216

* F5 — 44.6394 * F, + 12.8081 * F, + 6.2020 * F; — 16.2669
x Fjg — 2.236 * Fy, + 73.1915 % F,c + 178.7192  F,, — 0.4437

F, — 0.2 % F, + 45.7307 * F; + 100.04 * F, — 23.471  Fi

+ 46.1498 * F, — 14.7348 * F, + 55,5618 * F + 5.3397 * F,
— 139.4286 * F,, + 40.8178 * F,, — 198.6284  F,, + 84.6714
% 3 + 26,8005  F,, + 19.8464 * F,. — 75.4402 * F,
+24.9286 * F,; — 17.9503  Fg + 26.5 x Fyo + 42.9 * Fy,

+ 224511 * F,; + 14.3757 * F,, — 54.4685  F,; + 23.9544

% Fy, — 27.9286 * Fyc + 76.4282 * Fpg — 22.619 * F,,

— 63.4101 * F,q — 54.8156 * F,q — 8,75  Fyo + 92.6076

NO, = 181.3683 * F; + 35.6074 * F, + 7.06 * F3 + 243.9065 * F, + 16.6831

x Fs + 34.875 * F, + 192.8333 « F, + 268.8571 * F,

+ 277.5927  Fy + 2435308 * F,, + 256.0091 * F,, — 7.8214
x Fy, — 246.0534  Fy5 + 601.731  Fy, — 6.7222 % F,;

— 185.4974 * F,, — 126.6601 * F,, — 324.8259 * F,5 — 116.25
x Flo — 487778 x Fy + 21.75 * F,, + 297.6792

CO, = 2.8191 * F, + 2.7036 * F, + 1.973 * F; — 0.2672 * F, + 0.5552 * F;

— 1.4218 * F, — 0.9022  F, — 0.0538 * F5 — 0.0671 * F,
+1.3194  Fyy — 0.6479 * F,, + 1.4085  F,, — 0.8709 * F,
+ 1.5206 * F;, — 3.2995 * F,c — 0.6341 x F,, — 2.4499 * F,,
— 1.4576 * F,5 — 14486 * F,, + 2.5487

Ei:

_ 1
14+ eE

i

W;; * (cetane number) + W,; * (engine speed) + b;
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Table 4.14. Weight and bias values between input and hidden layer for torque
prediction of Model 2

[ Wiy Wy [ b;

1 -2.86054 -9.32531 1 -75.2542
2 -15.3839 -3.50212 2 -61.749

3 4212911 -0.32296 3 -34.4398
4 -49.7432 -4.6634 4 73.68683
5 -1.44055 82.14181 5 -72.7642
6 -29.2546 5.36743 6 62.40284
7 27.10033 -0.58334 7 1.382286
8 -73.3215 1.253154 8 62.3371

9 92.78635 -3.01421 9 -12.4961
10 -61.2714 1.238745 10 50.64481
11 -22.4856 0.449947 11 47.9927

12 -0.04126 -0.6873 12 8.922318
13 -15.8029 0.363507 13 -51.1667
14 -50.0837 1.25326 14 50.96558
15 13.65217 -0.19996 15 56.65958
16 0.012308 -0.00599 16 16.00715
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Table 4.15. Weight and bias values between input and hidden layer for CO
prediction of Model 2

[ Wiy Wy [ b;

1 -26.9167 36.07225 1 -89.043
2 2.523228 -0.50356 2 -5.32475
3 3.975675 74.99846 3 -72.9726
4 1.827833 2.163831 4 0.589161
5 1.107366 -14.7457 5 -94.7477
6 2.503242 -2.61318 6 46.00977
7 -59.3074 7.328965 7 -95.0362
8 5.106689 3.785576 8 46.80806
9 76.30285 1.795578 9 -94.196
10 141.5224 -2.05353 10 -84.0732
11 17.24242 0.10887 11 9.545465
12 -41.5846 -98.9424 12 8.915539
13 -111.545 1.94895 13 -82.9497
14 -22.2401 -2.35453 14 -43.3156
15 0.658875 0.192425 15 -65.5845
16 68.32794 -0.79281 16 -58.9996
17 458.856 -15.2097 17 -801.719
18 -12.9292 1.279268 18 45.71296
19 97.39844 -2.68503 19 56.88979
20 -68.2081 1.825778 20 -92.1161
21 -37.0683 41.62216 21 22.02962
22 62.33493 5458.765 22 35.22625
23 -48.832 -158.585 23 -25.6476
24 9.373054 1.175416 24 45.8314
25 159.4609 -4.76389 25 55.2035
26 21.03884 0.476049 26 -40.1893
27 14.20867 -4.77452 27 82.13312
28 2.706785 -0.22881 28 79.85047
29 -218.155 13.25756 29 66.87218
30 116.8765 -4.37981 30 53.22163
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Table 4.16. Weight and bias values between input and hidden layer for NOy
prediction of Model 2

[ Wiy Wy [ b;

1 181.8093 -8.74283 1 16.24667
2 56.6175 1.853818 2 -89.1431
3 -56.2787 -0.93199 3 -17.3775
4 -22.5529 -0.7766 4 -68.2308
5 -82.6081 -1.7383 5 4458272
6 -843.385 13.61811 6 -58.6527
7 101.2089 -1.66052 7 -60.4956
8 -1.61501 53.25291 8 -68.2462
9 48.85643 -1.16752 9 -26.2973
10 -136.523 1.550448 10 -64.2969
11 -17.8846 -32.083 11 -77.9375
12 -196.96 6.151304 12 53.86599
13 61.09747 -0.34962 13 -61.9517
14 116.2052 -0.36675 14 67.09083
15 -488.689 9.120713 15 43.98672
16 400.982 -9.78151 16 68.75443
17 -70.917 -0.29135 17 112.4102
18 -48.1974 0.522105 18 62.40461
19 -341.585 11.67151 19 57.74086
20 -211.017 4.766546 20 62.65218
21 -103.652 3.672796 21 17.30018
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Table 4.17. Weight and bias values between input and hidden layer for CO,
prediction of Model 2

[ Wy, Wy [ b;

1 1.16466 -0.02852 1 60.07156
2 -1.49101 0.015403 2 83.18655
3 -1.04013 0.041524 3 42.56363
4 0.909665 -0.05404 4 -44.2935
5 1.478063 -0.04 5 35.66466
6 -1.4722 0.063793 6 -15.3574
7 0.856268 0.011764 7 -714.174
8 -0.19672 0.006263 8 -64.5718
9 -0.055 0.017678 9 -61.1334
10 -1.07992 -0.01281 10 74.77333
11 0.421552 0.005182 11 -33.9001
12 0.553088 0.027897 12 -71.6313
13 1.14026 -0.03565 13 -47.256
14 1.042814 0.008967 14 -56.6051
15 1.186215 0.008676 15 -63.4713
16 0.224707 0.020449 16 -63.848
17 -1.53696 0.007988 17 63.71568
18 -1.2688 0.0078 18 28.53518
19 -0.64161 -0.01019 19 41.0182

Comparison of experimental and ANN predictions both for training and
testing sections can easily be seen from the following Figure 4.13, 4.14, 4.15 and
4.16.
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An ANFIS structure consist of multilayer feed forward network which
utilize neural network learning algorithm and fuzzy logic in order to set a
relationship between input and output (Chang and Chang, 2006). ANFIS combines
the advantages of both ANN and fuzzy logic and it gives effective and reliable
results for estimations.

In ANFIS modelling, MATLAB software was used. Basic structure of
ANFIS with two inputs and two fuzzy if-then rules was shown in Figure 3.11.

Determining the number of hidden layer neuron is one of the important
issues in ANN modelling. Similarly, there is no definite rule to define number of
membership functions. Therefore, it can be found by iterative process. But large
number of membership functions is not recommended for time and computational
load problems (Karimi et al., 2013).

ANFIS uses gradient descent back-propagation neural networks to
determine premise parameters. On the other hand, least square method is utilized
for finding consequent parameters. This type of learning called as hybrid learning
(Al-Hinti et al., 2009).

For ANFIS modelling the total data set is divided into two parts: training
and testing as in other techniques. Table 4.18 shows the best ANFIS structures of
Model 2 in order to obtain best prediction performance for each engine-out
parameters. The best structures (number and type of membership functions) were

set after some trial and errors and summarized in following table.
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Table 4.18. Architectures of ANFIS models of Model 2

Input Output
Estimated MF Number FIS Optimization
Parameter MF Type | MF Type | Generation Method
Cetane | Engine
Number | Speed
grid )
Torque 6 6 gbellmf | constant -~ hybrid
partition
, , grid ,
CO 4 4 trimf linear . hybrid
partition
) . grid )
NOx 4 4 trimf linear v hybrid
partition
) grid )
CO, 5 5 trimf constant . hybrid
partition

Details of generated ANFIS architecture for torque, CO, NO, and CO,
predictions of Model 2 can be seen in following Figures 4.17, 4.19, 4.21 and 4.23.
On the other hand, comparison of experimental and ANFIS predictions of engine-
out parameters both for training and testing section can easily be seen from the
following Figure 4.18, 4.20, 4.22 and 4.24.
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Table 4.19. Prediction performance evaluation for Model 2

1 0,
Estimated Method _ MAPE (%) _
Parameter Training Testing
LR 11.81 6
Toraue NLR 14.01 8.39
g ANN 2.49 122
ANFIS 1.17 1.09
T —
LR 16.19 9.41
NLR 14.94 9.16
co
ANN 14.82 5.39
ANFIS 15 4.89
T —
LR 8.87 5.65
NLR 84 .
- 9.8 5.59
ANN 9.58 4.6
ANFIS 1.82 2.72
|
LR 16.61 17.6
NLR 13.33 10.63
€O ANN 7.86 3.91
ANFIS 412 3.1

The summary of above figures of Model 2 can be found in Table 4.19. In
previous Model 1, the prediction performance of ANN was better than linear
regression. Performance of ANN is also superior according to both linear and non-
linear regression analysis in Model 2. Besides that, ANFIS approach which
combines advantages of neural networks and fuzzy logic provided best
performance for engine-out parameters estimations. It means that predictions can
be achieved with less error by using ANFIS. According to Table 4.19, ANN and

ANFIS gave satisfactory results.
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4.3. Prediction of Operational Parameters of a Direct Injection Turbocharged
Spark Ignition Engine Operated with Gasoline (Model 3)

In Model 3, various operational engine parameters; duration of injection,
specific fuel consumption and exhaust gas temperature at turbine inlet (DOI, SFC,
Texn) predictions were achieved. The experiments were conducted on a direct
injection spark ignition engine operated with gasoline (95 RON) in Istituto Motori-
CNR, Napoli. Engine specifications and schematic view of test rig can be seen

from Table 4.20 and Figure 4.25, respectively.

Table 4.20. Engine specifications in Model 3 (Tosun et al., 2017)

Displacement 1368 cm”®
Number of cylinders 4
Bore/stroke 72/84 mm
Compression ratio 10:1
Valves per cylinder 2 for intake, 2 for exhaust

o Variable through camshaft phasing on the intake and
Valves timing exhaust side

Intake system Turbocharging with up to 1,49 bar gauge pressure

Fuel system Wall guided DI at 100 bar, 6 holes nozzle
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Figure 4.25. Schematic view of test rig in Model 3 (Tosun et al., 2017)

Load and engine speed (rpm) are very important and fundamental
parameters in order to obtain engine power that drives vehicle. The values of them
can easily be correlated with crank shaft and throttle positioning sensor values.
Therefore, these two essential parameters were chosen as input for estimation
models. DOI, SFC and T, were selected for estimation parameters. DOI shows
generally linear correlation with load. Prediction of trend of this parameter will be
beneficial for feed-forward and purposes of diagnostic. SFC is another important
and fundamental parameter for implementation of multi-objective optimization.
Therefore, it was chosen as predicted parameter. T, requires to be kept under
certain limits in order to prevent the turbine overheating. Therefore, the prediction
of Tew parameter against engine speed-load curve should be useful for safety

purpose.
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Engine speed was changed between 1000 and 5500 rpm with BMEP value
up to 22 bar as load parameter. Spark timing setting map towards engine speed and

load (bmep) can be seen from Figure 4.26.

2400
& 2200-
= 2000
< 1800
“ 1600-
1400
1200-
1000
8001~
600 ==
4001=
200 £
F

Figure 4.26. Spark timing setting map (Tosun et al., 2017)

By using experimental results, the total data set was divided into two
groups: training and testing as in previous models. The ratio of training data to
testing data is about 4.7 for each estimated parameters. Testing data was randomly
selected from the total data set. DOI, SFC and T, were estimated parameters
whereas engine speed (X;) and BMEP (X,) were input parameters.

Table 4.21 shows the regression coefficients of linear and non-linear
regression equations. Following Figure 4.27, 4.28 and 4.29 demonstrate the

graphical representation of actual (experimental) and regression results.
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Table 4.21. Linear and non-linear regression results of Model 3
y = Po+ BiXy + BX;
X,:engine speed, X,: bmep

y Bo B4 B
DOI (ms) 0.486 0.0000218 0.002
SFC (gkW*h™) 401.738 0.003 -0.101
Texn (°C) 355.152 0.078 0.181

¥ = a(X,“)(X,"?)
X,:engine speed, X,: bmep

y oy a; a;
DOI (ms) 0.02851 -0.041 0.709
SFC (gkW*h™) 990.8319 0.064 -0.26
Texn °C) 18.4502 0.289 0.212
3]
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Figure 4.27. Testing section of DOI prediction with regression analysis for Model 3
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Prediction capabilities of both LR and NLR are nearly same according to
above figures. Especially, SFC results are very bad in regression analysis; because
of this parameter is a result of various complex interactions such as friction,
pumping, losses of combustion etc. Therefore, assuming a correlation like LR or
NLR have less chance to predict results since SFC must be represented and
correlated with much more parameters except engine speed and load.

The ANN structure (Figure 4.30) consisted of three main layers called as
input, hidden and output layer and LMA was selected as learning algorithm for
optimizing the weight to close the target values as in previous models. Table 4.22

summarizes the details of ANN structure for each estimated engine-out parameters.

Biax Biax

Dol
5FC

T

Inpui  Weights Hidden Weights —Owiput

Laver Layer Laver

Figure 4.30.ANN structure in Model 3
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Table 4.22. Details of ANN structure for Model 3

Estimated Learning ANN Hidden Layer  Output Layer
Parameter Algorithm Structure Transfer Transfer
(2-n-1) Function Function
DOl LM 2-5-1 logsig purelin
SFC LM 2-3-1 logsig purelin
Texn LM 2-7-1 logsig purelin

Prediction equations for all operational parameters were given in Table
4.23. On the other hand, related weight and bias values can be seen from Table
4.24, 4.25 and 4.26.

Table 4.23. Mathematical background behind ANN predictions for Model 3

DOI = 0.353968 * F, + 2.172024 * F, + 0.68372 * F, — 2.0028 * F,
— 1.06189 * F + 3.419145

SFC = 7422849  F; — 224132 * F, + 8.647945 « F; + 283.864

Tyun = 25.60757 = F, + 922.8861 * F, + 7143501  F, + 81.66653 * F,
— 257144  Fs — 13,5695 * F, — 47.5116 * F, + 61.76924

1

L7 1 + e Ei

E; = Wy; * (engine speed) + W,; x (bmep) + b;
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Table 4.24. Weight and bias values between input and hidden layer for DOI

prediction of Model 3

[ Wy, Wy [ b;

1 -1.1603 1.878318 1 -17.3055
2 -6.82e-6  0.00509 2 -2.177
3 -0.01872 0.093073 3 -50.6196
4 -0.00179 -0.00611 4 18.02975
5 0.006188 -0.01287 5 10.75479

Table 4.25. Weight and bias values between input and hidden layer for SFC

prediction of Model 3

[ Wy Wy i bi

1 1.85e-5 -0.00898 1 -2.19101
2 -0.35085 2.273407 2 -254.643
3 2.406522 -3.7568 3 1.721461

Table 4.26. Weight and bias values between input and hidden

prediction of Model 3

layer for Texn

[ Wiy Wy [ bi

1 -0.30908 4.653108 1 47.37521
2 0.000499 0.001279 2 -1.467
3 -0.08345 0.051488 3 -22.8368
4 -10.5117 -1.91291 4 14.21196
5 -7.33084 23.05002 5 9.581845
6 -0.92752 1.302635 6 -1.12934
7 -2.09412 1.925848 7 5.266629

Comparison of actual and ANN predictions for testing section can easily be

seen from the following Figures 4.31, 4.32 and 4.33.
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Figure 4.31. Testing section of DOI prediction with ANN for Model 3
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Figure 4.32. Testing section of SFC prediction with ANN for Model 3
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Figure 4.33. Testing section of Ty, prediction with ANN for Model 3

Table 4.27 shows the best ANFIS structures of Model 3 in order to obtain
best estimation performance for each operational parameter. The best structures
(number and type of membership functions) were set after some trial and errors and

summarized in following table.

Table 4.27. Architectures of ANFIS models of Model 3

Input Output
Estimated MF Number FIS Optimization
Parameter | Engine MF Type | MF Type | Generation Method
BMEP
Speed
DO 2 4 | gbellmf | linear grid hybrid
partition
SFC 2 7 trimf linear gr_u_j hybrid
partition
. . grid .
Texn 4 4 trimf linear partition hybrid

Details of generated ANFIS architecture for DOI, SFC and Ty, predictions
of Model 3 can be seen in following Figures 4.34, 4.36 and 4.38. On the other
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hand, comparison of experimental and ANFIS predictions of engine-out parameters
for testing section can easily be seen from the following Figure 4.35, 4.37 and 4.39.
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Figure 4.34.(a) ANFIS architecture (b) (c) membership functions of inputs (d)
membership functions of output (e) fuzzy rules (f) surface view of
rules of DOI prediction for Model 3
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f)
Figure 4.36.(a) ANFIS architecture (b) (c) membership functions of inputs (d)
membership functions of output (e) fuzzy rules (f) surface view of
rules of SFC prediction for Model 3
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Figure 4.37.Testing section of SFC prediction with ANFIS for Model 3
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Figure 4.38.(a) ANFIS architecture (b) (c) membership functions of inputs (d)
membership functions of output (e) fuzzy rules (f) surface view of
rules of Ty, prediction for Model 3
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Figure 4.39.Testing section of T, prediction with ANFIS for Model 3

The summary of above figures of Model 3 can be found in Table 4.28. As

in previous models ANN and ANFIS approximations gave more satisfactory results

for estimation of engine operational parameters.

Table 4.28.Prediction performance evaluation for Model 3

Estimated
Parameter

DOl

SFC

Texh

110

Method MAPE. (%)
Testing
LR 13.83
NLR 10.7
ANN 7.82
ANFIS 7.07
LR 26.24
NLR 17.3
ANN 5.87
ANFIS 10.34
LR 6.52
NLR 10.66
ANN 3.59
ANFIS 2.96
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4.4. Prediction of Engine Vibration Level of HHO Gas Generator Installed
Compression Ignition Engine Operated with Different Diesel-Biodiesel Blends
(Model 4)

In Model 4, engine vibration level was estimated by using ANN and
ANFIS. The engine used for tests is naturally aspirated compression ignition
engine. The engine is the same engine in Model 1 and 2. Specifications can be seen
from Table 4.1 and 4.2. Vibration characteristics of engine were tested with
different fuel mixtures and with various amounts of HHO addition (2 - 4 - 6 L/min)
into the intake manifold. Fuels are pure diesel, 20% and 40% sunflower biodiesel —
diesel blend, 20% and 40% canola biodiesel — pure diesel blend, 20% and 40%
corn biodiesel — pure diesel blend and their specifications are D100, SB20 SB40,
CaB20, CaB40, CoB20, CoB40, respectively. The engine was operated at 1200,
1500, 1800, 2100 and 2400 rpm engine speed and tests were achieved under no
load condition to reduce dynamometer vibration level. The vibration data was
taken from the engine by Soundbook™ universal portable measuring system
operated by SAMURAI v2.6 software from SINUS Messtechnik GmbH and an
accelerometer from PCB electronic (model no: 356A33) has 1.02 mV/(m/s%)
sensitivity and £4905 m/s* measurement range (Uludamar et al., 2017).

Since regression analysis in the previous models did not give satisfactory
results for estimation of engine-out parameters, only ANN and ANFIS modelling
was applied to the data in Model 4.

Engine was operated with 6 different fuels in order to get vibration levels.
Additionally, HHO gas was added with various flow rates through intake manifold.
70% of total data set (84) was used as training data and remaining randomly
selected 30% of total data set (36) was used to test the models. General structure of
ANN used in Model 4 was shown in Figure 4.40. As seen from figure that, engine
speed (rpm), HHO flow rate (HHO), cetane number (CN), lower heating value
(LHV) were selected as input to be able to estimate vibration level. 2 neurons for

hidden layer gave satisfactory results after trying different numbers. The learning
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algorithm was Levenberg-Marquardt and transfer functions were logsig and purelin

for hidden and output layer, respectively.
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Figure 2:40. ANN architecture in Model 4 (Uludamar et al., 2017)

Vibration level of engine can easily be calculated with use of the following

formulas in Table 4.29.

Table 4.29 Mathematical background behind ANN predictions for Model 4
Vibration = —0.42537 » F; — 391.908 * F, + 400.5484

F 1
1= 1+ e—(—0.94—589*1‘pm—57.504—3*HHO—61.2878*CN+5.723653*density+194-.8979)
1
F

- 1+ e—(—0.0016*Tpm+0.009868*HHO+0.031653*CN+0.013392*density—6.87912)

Comparison of experimental and ANN predictions both for training and
testing sections can easily be seen from the following Figure 4.41 and 4.42,

respectively.
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In ANFIS model, data was separated as training and testing section similar
within ANN. Sugeno type ANFIS architecture was used. Trimf type membership
function was selected for each input parameters and the number of membership
functions for each input is 2. Linear was selected as output membership function.
FIS generated by grid partition and optimization method is hybrid.

Details of generated ANFIS architecture for engine vibration predictions of
Model 4 can be seen in following Figure 4.43. On the other hand, comparison of
experimental and ANFIS predictions both for training and testing sections can
easily be seen from the following Figure 4.44 and 4.45, respectively.
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prediction for Model 4
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Acceptable predictions were conducted by use of both ANN and ANFIS
methods according to above figures. The MAPE values of training and testing
sections for ANN were 2 and 2.02. The MAPE values of training and testing
sections for ANFIS were 0.44 and 1.73.
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5. CONCLUSIONS

Combustion phenomenon contains highly non-linear and complex
relations. Therefore, black-box modelling such as ANN and ANFIS can be used in
internal combustion engine applications. Mathematical models can be created

instead of experimental tests in order to save cost and time.

The main aim of this work is comprehensive analysis of usability of Al
techniques for various engine-out parameters estimations.

Actificial neural network and adaptive neuro fuzzy inference system were
used as artificial intelligence technique.

Four different engine models were handled which intended to estimate
various engine-out parameters. In Model 1, performance and emission
parameters of a diesel engine operated with biodiesel-alcohol mixtures
were estimated. In Model 2, performance and emission parameters of a
diesel engine operated with diesel fuel with nanoparticle additives were
estimated. In model 3, various operational parameters of a spark ignition
engine operated with 95 RON gasoline fuel were estimated. In model 4,
vibration characteristic of a diesel engine operated with different diesel-
biodiesel blends with HHO gas addition into intake manifold were
estimated.

For Model 1, the MAPE values for testing period of LR and ANN models
were obtained between 11.9-24.96% and 3.56-16.22%, respectively. For
Model 2, the MAPE values for testing period of LR, NLR, ANN and
ANFIS models were obtained between 6-17.6%, 5.59-10.63%, 1.22-5.39%
and 1.09-4.89%. For model 3, the MAPE values for testing period of LR,
NLR, ANN and ANFIS models were obtained between 6.52-26.24%,
10.66-17.3%, 3.59-7.82% and 2.96-10.34%. For model 4, the MAPE
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values for testing period of ANN and ANFIS models were obtained 2.02%
and 1.73%, respectively.

ANFIS and ANN prediction results were better than classical regression
analysis.

Least difference between experimental and prediction results were
obtained with use of ANFIS.

The number of data used in training period highly affects the performance
of network. It means that providing more experimental data in training

period will improve the generalization capacity of models.

The Al techniques are highly recommended for the estimation of engine-
out parameters instead of time consuming, complex and costly

experimental studies of internal combustion engines.
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Introduction

Given their high power to weight ratio and good cificiency, mtermal combustion en-
gines (ICE) are used on a wide scale for transportation and power production. The ICE are
generally dnven by conventional petroleum based fossil fucls. However, fossil fuel depletion
has been identified as a future challenge by scientists [1]. Both alternative fuel investigations
and studics aimed at efficiency enhancement require intensive laboratory work. Experimental
studics are time consuming and costly processes. In parallel to the development of computer
{ANN) is one of the leading techniques among these. It is a computational medeling technigue
that consists of inmwmmc“md mw :in'qﬁe processing clements refermed um
nodes [2]. In recent years, several rescarchers have applicd neural networks to ICE for predic-
tion of performance, emissions, and combustion charactenstics. Kapusur ef al. [3] investigated
various alcohol-unlcaded gasoline mixturcs that can be used without modifications in a spark-
ignition (S1) engine. Their paper demonstrated that ANN can successfully be used as an alter-
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