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OZET

GAZLASTIRICI ILE ENTEGRE EDILMIS KATI OKSIT YAKIT HUCRESI
CEVRIMINDE YAPAY ZEKA UYGULAMASI

Fosil kaynaklarin hizla tiikkenmesi ve ¢evre iizerindeki zararli etkileri nedeniyle, enerji
tiretiminde yenilenebilir ve c¢evre dostu kaynaklarin kullanilmasi biiyiik 6nem
tasimaktadir. Yiksek enerji talebini verimli doniisim yontemleri kullanarak
karsilayabilecek bir kaynak olan biyokiitlenin kullanimi son yillarda oldukc¢a ilgi
gormektedir. Biyokiitle gazlastirma, daha az emisyona neden olan ve verimli doniisiim
saglayan umut vadeden bir teknolojidir.

Gazlagtirma prosesinden dretilen yiksek H: igerikli gaz iriinli, dogrudan elektrik
tiretiminde kullanilmaya uygun bir yapidadir. Kat1 oksit yakit hiicresi (KOYH) biyokiitle
tirevi yakitlar i¢in en uygun tip oldugu varsayilan elektrokimyasal reaksiyonlar
kullanarak kimyasal enerjiyi elektrige doniistiirebilen cihazlardir. Literatlrde entegre
olarak calisan gazlastirici-KOYH sistemleriyle ilgili birgok ¢alisma bulunmasina ragmen
bu sistemler hala gelistirilmekte olup yiiksek verimde enerji elde etmek i¢in uygun dizayn
parametreleri ve ¢alisma kosullari tizerinde ¢alismalar yapilmaktadir. Gazlastirma ve
KOYH sisteminin sifir boyutlu (termodinamik) yontem kullanilarak modellenmesi,
proses davranisini belirlemenin en basit yoludur. Yapay sinir ag1 (YSA), termodinamik
tabanli gazlastirma ve KOYH sistemlerini temsil etmek i¢in son yillarda oldukga populer
olan modelleme yontemlerinden biridir.

Bu tezde, Aspen Plus simiilasyonu kullanilarak YSA modellerinin egitimi igin veri
uretmek (zere entegre bir kabarcikli akiskan yatakli gazlastirict ve KOYH modeli
olusturulmustur. YSA modelleri, giris parametresi olarak biyokiitle tiirleri ve ¢alisma
kosullar1 kullanilarak elektriksel verim, net voltaj ve akim yogunlugu acisindan
performans parametrelerini tahmin etmistir. Sonuglar, gelistirilen YSA modellerinin ¢ikti

parametrelerini yliksek dogrulukla tahmin ettigini géstermektedir.



ABSTRACT

ARTIFICIAL  INTELLIGENCE  APPLICATION IN INTEGRATED
GASIFICATION SOLID OXIDE FUEL CELL CYCLE

Due to the rapid consumption of fossil resources and their harmful effects on the
environment, it is very important to use renewable and environmentally friendly sources
for energy production. The use of biomass, which is a resource that can meet the high
energy demand through efficient conversion methods, has attracted much attention in
recent years. Biomass gasification is a promising technology that produces fewer

emissions and enables efficient conversion.

The high hydrogen content gasification is suitable for direct use in power generation. The
solid oxide fuel cell (SOFC) can convert the chemical energy into electricity, which is
probably the most suitable fuel cell type for biomass-derived fuels. The integrated
gasification SOFC systems are still under development to determine suitable design
parameters and operating conditions for high energy efficiency. Modeling the Gasifier-
SOFC cycles using the thermodynamic method is the simplest way to determine the
process behavior. Artificial neural networks (ANN) are one of the modeling methods that
are popular nowadays to represent the thermodynamic based gasification and SOFC

systems.

In this dissertation, an integrated bubbling fluidized bed gasifier and SOFC model was
built to generate data for training the ANN models with Aspen Plus simulation. The ANN
models predicted the performance parameters in terms of electrical efficiency, net voltage
and current density using the biomass types and operating conditions as input parameters.
The results show that the developed ANN models estimated the output parameters with

high accuracy.
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1. INTRODUCTION

The world energy consumption will continue to rise at an accelerated rate in the coming
decades [1]. The United Nations (UN) projects that the world population will grow to over 9
billion by 2040. This considerable increase in population will lead to a similar increase in
demand for clean and consistent energy resources. Traditionally, fossil fuels have been used
to generate electricity using various technologies in gas turbine, internal combustion engine
and steam turbine plants. However, the rapid depletion of fossil fuels poses a major threat to
economic growth and energy security [2]. Therefore, the replacement of conventional fuels
with alternative energy sources is taken great interest [3]. In addition to carbon dioxide (CO3)
emissions, use of fossil sources also releases sulfur oxides (SOx) and nitrogen oxides (NOXx)
pollutants, which have negative impacts on the ecosystem [4].

Among the alternative energy sources such as wind, hydrothermal, solar, etc., biomass has
received considerable attention with its highest potential considering energy efficiency.
Moreover, CO2 neutral characteristic and negligible nitrogen and sulfur content makes
biomass a charming option from environmental point of view. Unlike fossil fuels, biomass is
regenerated quickly and includes a wide variety of waste materials derived from plants and
animals [5]. Further, the technologies based on biomass are provided a great contribution to
the sustainable progress especially in developing countries. In Europe, about 13.6% of the
biomass sources are used to generate electricity, 73.8% and 12.6% to produce heat and
biofuels for heating and transport respectively in 2015 [6]. The biomass should be converted
into the gaseous or liquid forms to provide better performance of its applications [7]. In this
regard, there are many options based on thermochemical routes such as pyrolysis,
combustion, and gasification.

Gasification is a promising pathway that converts carbonaceous materials into a gaseous
product consisting mainly of combustible (hydrogen (H2), methane (CH4), carbon monoxide
(CO)) and non-combustible (CO2, nitrogen) gases. Gasification is a prominent route
considering its higher energy recovery, lower pollutant emissions and lower content of tar
and char in the final product [8]. Performance of the gasification process has been

investigated by means of quantity and quality of syngas [9-11]. The design and operating



conditions of the gasification process such as gasifier type, heat source, pressure and
gasification agent are determined according to the type and quantity of feedstock and the
desired product composition [12]. Selection of the proper gasifier type is one of the key
parameters to obtain the produced gas with higher efficiency. The various gasifier
configurations which are entrained flow, fluidized bed and fixed bed are classified into
according to their distinguishing features. Gasification in fluidized bed are preferable due to
its excellent heat and mass transfer and better carbon conversion efficiency and capability of
handle a wide range of particle sizes. [13]. Fluidized bed gasifiers can be divided into two
subcategories, namely bubbling and circulating bed gasifiers. Comparing the fluidized bed
gasifiers from the point of view of processing and design, the bubbling bed gasifier is
considered to be the simpler type. The gasification agent, which can be steam, air, oxygen
and their mixtures in a certain amount, is supplied to the system as an oxidant to react with
the carbonaceous materials in the gasification process. The gasification agent that promotes
the gasification reactions has an extreme effect on the syngas composition. The use of steam
as an oxidant results in the production of a syngas with relatively high H> content, in contrast,
the use of oxygen or air as a gasification agent results in obtaining a syngas with higher CO>
and CO and lower H2 and contents [14].

The syngas generated from the gasification process is a suitable component to form chemicals
and fuels for the chemical industries and power generation. Between the diverse combined
process systems to generate power by utilizing syngas, fuel cell-based systems are considered
as the most promising one. Fuel cells are the electrochemical devices that can convert
chemical energy into electricity by using electrochemical reactions with less harmful
emissions at higher efficiency [15]. Solid oxide fuel cell (SOFC) is kind of the fuel cell type
that operated higher temperature compared to another types. Besides, it is supposed the most
convenient type for biomass derived fuels due to its higher operating temperature that leads
to flexibility to several fuel and tolerant to contaminants [16].

Even though the integrated gasification and SOFC system is considered more efficient than
other heat and power technologies, it is needed to develop and optimize to get over the
problems related to design and operating parameters. Experiments need extra time and cost

to specify the effect of the operating parameters on the integrated system. Thus, the modeling



of the gasification and SOFC system provides the reliable approach to specify the suitable
configuration and optimum values of the operating conditions [17, 18]. The research related
to modeling have usually conducted by using zero-dimensional (thermodynamic) method.
The thermodynamic model is the simplest way to estimate the process behavior [19]. The
gasification and SOFC are represented as a complex series of reactions. Aspen Plus is the
mostly used software to model the systems on the basis of mass and energy balance [20].
Therefore, using the thermodynamic principles during the developing of the integrated
gasification and SOFC model ensure to obtain the output parameters such as syngas
composition, cell voltage, cell power and efficiencies etc. with simple and reliable way.
Acrtificial neural network (ANN) is another modeling method that is popular nowadays to
obtain process outputs for thermodynamic based gasification or SOFC systems [21]. ANN
models are able to develop a pattern for the input and output parameters of the system through
their prior experience. Compared to other methods, ANN creates a faster response, regardless
of the complexity of the model.

In the previous research studies about gasifier integrated SOFC have been modeled many
times by using Aspen Plus [22-27]. However, ANN model has not been studied in the
literature to optimize the process and examine the influence of the process parameters on the
desired outputs for integrated gasifier and SOFC process [16, 28-31].

The main objectives of this study were:

e To develop a new ANN model with high generalization capability for an integrated
gasification and SOFC system for bubbling fluidized bed gasifier based on a
thermodynamic approach using data generated from the Aspen Plus model, which is
validated with experimental data.

e To examine the effects of operating parameters and feedstock types on the performance
parameters of the integrated gasification and SOFC system by means of artificial
intelligence.

e To contribute to the literature using alternative energy technologies with a novel ANN

approach.

In this dissertation, an integrated bubbling fluidized bed gasifier and SOFC model was



designed to generate data for the training and testing processes of the ANN models using
Aspen Plus. The effects of the biomass types and operating parameters were investigated on
the outputs of the system by performing sensitivity analysis. The input parameters of the
models were selected in a wide range in order to the create comprehensive models that predict
the performance parameters in terms of electrical efficiency, net voltage and current density.
The results show that the developed ANN model has been predicted the output parameters
with high accuracy.

In the following chapter, a literature review on gasification, fuel cells and modeling methods
have been discussed. In the third chapter, the methodology of this work has been presented,
in particular the Aspen Plus models of gasification and SOFC based on thermodynamic
calculations and development of the ANN. Finally, the modeling results of the integrated
gasification and ANN system for several cases have been examined. In the last part, the

conclusions obtained from this work have been presented with suggestions for future studies.



2. LITERATURE

2.1. Gasification

Thermochemical conversion methods of carbonaceous solids consist of three diverse
processes such as combustion, gasification and pyrolysis [32-34]. Depending on their
operating conditions, oxidizing agent and final products, they are summarized in Table 2.1.
Gasification is a thermochemical conversion process in which a carbonaceous solid is
partially oxidized with air, steam or CO; to produce a gaseous mixture of CO, Hz, CO and
CHs named as syngas [35]. The fuels (except ash) are entirely converted into gaseous

products during gasification.

Table 2.1 Thermo-chemical conversion processes

Process Oxidizer Temperature (°C)  Primary Products
Pyrolysis - 200-700 Char, tar, liquid
Gasification 02, CO2, H20 700-1300 H2,CO, COy, ash
Combustion 02 700-1400 COg, ash

Unlike the other conversion methods, the syngas (H2 and CO) produced during gasification
can be utilized as fuel for electricity generation and as feedstock for chemicals [36]. In

addition, gasification has the following advantages over the other methods [37]:

- Generation of useful products from wastes and trashy materials.
- Utilization of different types of raw materials (coal, agricultural, poultry, forest,
petrochemical and municipal wastes).

- Negligible emissions in the syngas.

Gasification consists of two distinctive stages: in the first stage the solid fuels are heated until
phase change occurred in their internal structure, and in the second stage char decomposes
into the gases CO and Ho. In real applications, the sharp boundaries are not always clear, but
they are evaluated separately. These stages, which are assumed to occur sequentially, are
explained in detail as follows. [38].

Drying: The first step where the fuel sample meets the gasifier is drying [33]. Drying ensures



the removal of moisture due to mass transfer and requires a heat source. The temperature is
about 150 °C during the process that takes place [19]. The moisture contained in the inherent

composition of the solid fuel is reduced at this stage without chemical reactions.

Pyrolysis: Thermal decomposition of solid fuels begins in the pyrolysis stage, the
temperature range of 200-500 °C in the absence of oxidizing agent [39]. Organic volatiles
are released, and primary char and tar are formed. The char produced is used to rise the energy

content of the feedstock before the gasification stage.

Gasification: In the gasification or reduction stage, the tar formed in the pyrolysis stage is
cracked into gases. Secondary tar is formed and cracked into gases consecutively.

Heterogeneous and homogeneous gas phase reactions take place [40].

Combustion: The unstable products of pyrolysis are combusted with immensely exothermic
reactions. The oxidation reactions of the combustible gases occur rapidly [41].

A schematic representation of the decomposition process of the solid fuel in the gasification

process is shown in Figure 2.1.

Fuel

W Syngas

Pyrolysis {200-500 °C)

Gasification (700-900 °C)

Combustion (800-1200 °C)

—— - - —

l r Air /Steam

Ash

Figure 2.1 Gasification zones in gasifier [13]



Several number of endothermic and exothermic reactions form in the gasification [42, 43].
The heat needed for the endothermic reactions is provided by the oxidation reactions that
occur in the combustion step or by an external source. The reactions involving solid carbon,
called heterogeneous reactions, are given as (2.1), (2.2), (2.3), (2.4), and (2.5). The main

products of these reactions are CO and Ho.

Boudouard reaction: C + CO2 «> 2CO +172 kd/mol (2.1)
Water-gas reaction: C + H,O <> CO + H; +131 kJ/mol (2.2)
Hydrogasification: C + 2H2 <> CH4 —74.8 kJ/mol (2.3)
Carbon partial oxidation: C + 0.50, — 2CO —111 kJ/mol (2.4)
Carbon oxidation: C + O — CO> —394 kJ/mol (2.5)

Homogenous reactions that occur in the gasification are presented as below:

Carbon monoxide oxidation: CO + 0.50; — CO> —283 kJ/mol (2.6)
Steam methane reforming: CHs + H.O < CO + 3H> +206 kJ/mol (2.7)
Methane partial oxidation: CHs + 202 <> CO2 + 2H,0 —803 kJ/mol (2.8)
Water-gas shift reaction: CO + H2O < CO2 + H> —41.2 kJ/mol (2.9)

The composition and yield of the gas produced are influenced by many parameters related to
the design and operating parameters of the gasification process, as well as the type and

amount of feedstock and oxidant.
2.1.1. Design Parameters

2.1.1.1. Gasification Agent

Depending on the type of gasification agent, the gas produced has different chemical and
physical properties such as composition, calorific value [12]. Gasification processes are
classified into air gasification, carbon dioxide gasification, steam gasification, supercritical
steam gasification and oxygen gasification according to the gasification agent [14]. The

commonly used gasification processes are explained below.



Air gasification: Air is the commonly used gasification agent because it is cheap and
available at any place and time without the need for complicated industrial utilities and
infrastructure [44]. The gas produced has a relatively low calorific value as it contains up to
60% N2 gas and other by-products such as CO, tar and hydrocarbons [45].

Oxygen Gasification: Since the production of pure oxygen has a high cost and some safety
issues, oxygen gasification is not a widely preferred type. The gas produced by oxygen
gasification has higher calorific value compared to air gasification however it has higher
content of CO2 and CO in the syngas [12, 13].

Steam Gasification: Compared to air and pure oxygen gasification, steam gasification is more
economical than pure oxygen gasification and has higher calorific value than air gasification.
Steam gasification offers higher hydrogen content in the syngas related to advanced steam
methane reforming and shift reactions [46, 47].

2.1.1.2. Heat Source of Gasification

Although the exothermic step (combustion) in the gasification process occurs, many of the
gasification steps (drying, pyrolysis, and gasification) are endothermic and require heat. The
required heat can be supplied from an external heat source or exothermic reactions. The
gasification temperature can be adjusted by the gasification agent, with air or oxygen [48].
For the steam gasification process, an external heat source should be placed to provide the
required heat. Even though steam gasification produces a syngas with higher heating value,
the economic and operational constraints can be challenging. Therefore, the amount and
temperature of steam entering the gasifier should be designed to minimize energy input.
Moreover, regardless of the gasification agent, an external heating element is available if the
gasification temperature needs to be above 850 °C [49]. There are two main process types
based on thermal coupling.

Allothermal Gasification: This type of process is referred to as heating the fuel is provided
by an external source such as hot bed materials or heat exchangers [50]. The heat generated

is transferred from the outside to the inside of the reactor.



Autothermal Gasification: Autothermal process means the required heat is generated inside
the reactor by exothermic reactions [51]. Using the heat from combustion part is the more
economical way to drive gasification reactions but the temperature is not as easy to control
compared to the allothermal process.

2.2. Gasifier Types

Gasifier is a type of reactor in which the solid fuel and oxidant react with each other. The
selection of the right type of gasifier is commonly basis of fuel characteristics, capacity, and
economic aspects. The direction in which the fuel and oxidizing agent are in contact with the
reactor and with each other is essential. According to their individual design, gasifier types

are classified as fluidized bed, entrained flow and fixed bed [52].
2.2.1. Fixed Bed Gasifiers

Fixed bed gasifiers can be classified as three types according to the direction of feed and
syngas: Downdraft, Updraft and Crossdraft. This type of gasifier has attracted most attention
due to its simple and low-cost design [53]. Especially in downdraft gasifier, the tar content
is very low because the oxidizing agent and fuel move in the same direction [54]. The
produced gas from downdraft gasifier is directly utilized in the internal combustion engines
or gas turbines after cleaning small amount of tar [19]. On the other hand, gasifying agent
and fuel feed move in opposite direction in updraft gasifiers. Updraft gasifiers are capable of
processing fuels with high ash and moisture content, but the final product is obtained with
high tar content [55]. Therefore, the syngas from updraft gasifier can be used in direct

combustion as a simple application that does not require cleaning.

2.2.2. Fluidized Bed Gasifiers

Fluidized bed gasifiers are separated into two main types: bubbling and circulating. A fine
bed material such as sand, silica behaves like a fluid and can be well mixed with the fuel and
gas in the fluidized bed gasifier [56]. This fluidization process takes place when a fluid is
passed through a granular medium. This is a promising approach and gives them more

uniform temperature distribution and flawless heat and mass transfer capability compared to



fixed bed gasifiers [57]. They are also flexible to utilize various type of fuels. The main
advantage of fluidized bed gasifiers over fixed bed is the higher conversion rate of solid fuels
[33]. However, the design configuration of fluidized bed is more complex and requires higher
capital cost than fixed bed.

2.2.2.1.Bubbling Fluidized Bed Gasifier

In a typical bubbling fluidized bed gasifier (BFBG), the fuel feed is send from the top while
the gasifying agent is fed from the lower part of the reactor [58]. First, the recently fed solid
particles come into contact with the hot bed material, then the particles quickly reach the bed
temperature [59]. The generated gas exits at the top of the gasifier. The BFBG has a simpler
operation and design than the circulating type. The fluidizing agent, which operates the gas
velocity of the BFBG lower than 1 m/s, lifts the fuel particles [60]. The main part of the
conversion takes place almost exclusively in the bubbling region and few amounts of tar is
cracked in the freeboard. The use of BFBG is a rather useful technique to produce Ha-rich
syngas under steam atmosphere. The thermal decomposition of the feedstock is very
satisfactory due to the high operating temperature, which is about 850 °C [61]. Equivalence
ratio and steam to biomass ratio of the system are fluctuated between 0.2-0.4 and 0-1,
respectively. Difference of circulating fluidized bed reactor according to BFBG, unreacted
char and gas are fed to the reactor as recycle through a cyclone in the circulating bed reactor.
Like other fluidized bed gasifiers, the main features of BFBG are intense gas-particle
interaction, complex chemical reactions and high particle concentration [62]. Although it has
many advantages such as good scale-up potential, there are some drawbacks of BBFG such
as lower conversion than circulating bed gasifiers and relatively higher tar content than
downdraft gasifiers [63]. The thermochemical conversion process of biomass sample in
BFBG is presented in Figure 2.2.
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Figure 2.2 Fuel conversion process in BFBG
2.2.3. Entrained Flow Gasifiers

The fuel is entrained in a very short residence time by a gas stream [64]. Entrained flow
gasifiers can be a good alternative for large-scale applications because they operate at
relatively high temperatures and feed rates [65]. Due to the high operating temperatures, the
tar produced as a result of the gasification process can be neglected and the char conversion

efficiency is very high [52].
Entrained-flow gasifiers typically exhibit the following characteristics [66, 67]:

e Solid fuels with high carbon content are used.

e It requires high oxidation and therefore most entrainment gasifiers must blow oxygen
instead of blowing air.

e There is a single temperature profile throughout the reactor.

e Above ash slagging temperatures

e Short reactor residence time
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e High carbon conversion, but low cold gas efficiency

e High level of sensible heat in product gas, heat recovery is required to improve efficiency.

e Environmentally most benign; produced syngas consists of mainly Hz, CO and CO2 with

trace of other contaminants which can be removed downstream of the reactor; glassy slag

is inert and easily disposed.

2.3. Fuel Cells

Fuel cells are devices that can generate electrical energy from the conversion of chemical

energy based on electrochemical reactions [68]. The simple construction of a fuel cell

includes an electrolyte layer between an anode and a cathode. In a typical fuel cell, fuels in

the gas phase and oxidant that can be oxygen or air are repeatedly fed into the anode and

cathode, respectively [69]. The ions of the oxidant or fuel produced by electrochemical

reactions in the cathode and anode transfer to the opposite side of the electrolyte. As a result,

electrons are moved by load and electric current is generated on the electrolyte side. The

direction of the ions determines the direction of the escaping gas. The operating principle of

the fuel cell is shown in Figure 2.3.
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Fuel cells are commonly categorized by the electrolyte used, such as alkaline fuel cell (AFC),
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SOFC, molten carbonate fuel cell (MCFC), polymer electrolyte membrane fuel cell
(PEMFC), and phosphoric acid fuel cell (PAFC) [70]. Fuel cells have some features that
make them superior as power generation devices. They have very low detrimental effects for
the environment (low noise and gas emissions) and higher efficiency compared to the
conventional systems [71, 72]. Moreover, unlike batteries, recharged of the system are not
needed the operations continue as long as the fuel is provided. In Table 2.2, different fuel cell
types are compared based on their electrolyte properties according to their individual

advantages and operating conditions [72].

Table 2.2 Fuel cell types based on electrolyte characteristics.

AFC MCFC PEMFC PAFC SOFC
Electrolyte  potassium molten salt polymer phosphoric ~ ceramic
hydroxide (sulphate, acid oxide
nitrate,
carbonates)
Efficiency 50-70% 40-55% 35-60% 35-50% 45-60%

Operating 50-200°C 630-650°C  50-80°C 160-210°C  600-1000°C
Temperature

Anode Gas H» H2, CH4 H» H» H2, CH4
Cathode Gas Air- 0> Air - O Air - O Air - O Air - O

According to the classification of fuel cells, it can be shown that there are large differences
in the operating temperature with respect to the resistance of the electrolyte material. The
efficiencies of the high operating temperature fuel cells can increase 20% by heat recovery
[69]. Therefore, SOFCs are the most convenient type for cogeneration and integrated power
generation. In addition, SOFC fuel cells are the best candidates for gasifier-fuel cell cycles,
with their low tolerance for inlet gas compositions [73].
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2.3.1. SOFC

SOFC is one of the most promising fuel cell types that differs from the others in many ways
[74]. Firstly, their structure consists entirely of solid materials. Secondly, they operate at
higher temperatures than others, this feature makes them highly tolerant to impurities.
Internal reforming exists for the conversion of hydrocarbons to Hz within the cell [75]. SOFC
is capable of using CO as fuel due to its high operating temperature [76]. The use of
electrocatalysts is not required. The main implementation field of SOFC is stationary power
generation, it is useful for large-scale applications [77, 78]. However, it can also be used as
an auxiliary power generator in transportation applications such as motor vehicles [79, 80].

The basic operating principles of the fuel cell are also valid for the SOFC as well. A SOFC
comprises strict ceramic electrolyte which made of zirconia, and two electrodes. O
molecules from the air stream are ionized by the electrochemical reactions and the oxygen
ions from the cathode to the anode side through the electrolyte [81]. The H, and CO
molecules react with the oxygen at the anode in this way electrical current, CO2 and water

vapor are formed. The anode and cathode half reactions are presented as following:

Anode: Hz + 02 — H,0 + 2¢° (2.10)
Anode: CHg + 402 — 2H,0 + CO; + 8¢ (2.11)
Anode: CO+ 02— CO; + 2¢ (2.12)
Cathode: 1/20; + 2e— O (2.13)

SOFCs are classified based on their cell and stack design (planar, tubular, monolithic),
temperature level (low, intermediate and high), type of support (self and external), flow
configuration (co-flow, cross-flow, counter-flow) and type of fuel reforming (external and

internal). The view of the tubular fuel cell is presented in Figure 2.4.
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Figure 2.4 Tubular SOFC [82]

The discovery of SOFC came after Nernst's work on solid oxide electrolyte in 1899 [71].
Over the years, many researchers carried out their studies to improve fuel cell technologies.
NASA invested a considerable amount of money in Ho-based fuel cells in 1960 in connection
with the space program. Subsequently, the governments agencies of the US, Japan and
Canada outstandingly raised their investments in fuel cell research [83]. Progress in materials
technology and rising energy costs have forced the development of SOFC design and
performance. The 220 kW SOFC with 60% efficiency that considered the most successful

application, was built by Siemens Westinghouse in the last decades [84, 85].

To increase the performance of SOFC, researchers have conducted studies to optimize the
operating parameters and develop more efficient materials [86-88]. Combined cycle or
cogeneration applications of SOFC have received considerable attention in recent years.
Ghaffarpour et al. [89] studied an integrated gasification, SOFC, gas turbine and organic
Rankine cycle plant and concluded that the current density of the SOFC and the biomass flow
rate were the parameters that influenced the energy efficiency of the hybrid plant. Colpan et
al. [90] developed a thermodynamic model for a SOFC using syngas as fuel produced by the
gasification process. They investigated the impact of the SOFC operating parameters on the
electrical efficiency and cell voltage. Gadsbgll et al. [91] conducted an experimental work
for a combined gasification and SOFC system to investigate the commercial potential of this
system, and the results depicted that the electrical efficiency reached up to 46.4%.
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2.4.  Modeling of Integrated Gasification-SOFC system

Modeling is a helpful tool for optimization and design of a complex gasification and SOFC
system. Instead of time consuming and expensive experiments, modeling provides a
comprehensive examination to analyze the process behavior [20]. The operating parameters
such as temperature, pressure, feed rates of fuel and oxidizing agent of the system are
optimized in a short time with good accuracy and minimum financial cost [92].
Thermodynamic method is the simplest among the various modeling approaches, the system
is thought of as a black box [58]. In the black box models, mass and heat balances are solved
for the whole system or calculations can be conducted for specific regions of the system

supported by some assumptions.

Thermodynamic models use equilibrium relationship on the basis of equilibrium point of the
reactions in the system. They are better suited to focus on the calculation of the operating
parameters. These models are categorized as stoichiometric and non-stoichiometric based on
the equilibrium constant and minimization of Gibbs free energy, respectively [93]. The
possible reactions of the system should be inserted with their conversion rates and
stoichiometric coefficients if the stoichiometric method is chosen for the modeling approach.
Because of the complexity of the processes, such as gasification, the definition of all possible
reactions is very difficult and some of the significant reactions are neglected. No specific
reactions are included to be solved, so only the elemental composition of the input is needed
in the non-stoichiometric method [7]. Even if the reactions are not known exactly, all possible
reactions, which are independent of their complexity, are formed in the system [94]. The
solutions of this method can provide various mathematical programming algorithms on the
basis of the minimization of Gibbs free energy. Process simulation programs have the ability
to solve this type of models. Aspen Plus®, developed at Massachusetts Institute of
Technology in the US Department of Energy, is an equation-oriented process simulation
software that can be used to optimize existing systems and simulate new plants under specific
conditions [95]. Recently, Islam Md. [96] developed a fluidized bed gasifier model using
Aspen Plus simulator and investigated the effect of the five different gasifying agents on the

syngas composition and quality of syngas.
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Hauck et al. [18] presented a newly developed model for a reversible SOFC in Aspen Plus
simulation. The important model parameters, inlet gas composition, temperature and pressure
were evaluated by conducting parametric studies. The results depicted that the model
parameters strongly influence the performance of the SOFC.

Doherty W. [97] investigated the feasibility of the biomass gasification and SOFC system as
a combined power and heat process on the basis of a thermodynamic and economic approach
using Aspen Plus. The integrated gasification and SOFC system achieved high efficiency,
but the results of the economic analysis depict that this system was not commercially viable

at that time because of the expensive biomass fuel prices and capital costs.
2.5. Avrtificial Neural Network

Artificial intelligence (Al) leads to create intelligent systems that have the ability to respond
and work like human brains [98]. Artificial neural networks (ANN) as an Al approach have
been developed by inspiring of the structure and functioning of biological neural systems.
ANNSs use computational and statistical methods without requiring a mathematical equation
or description to acquire knowledge and recognize patterns through past experiences and
inferences [99]. Apart from problem solving ability, it has other skills like learning,
reasoning, understanding, perception and awareness of surroundings. ANN is applied in
extensive fields such as computer science, nanotechnology, biomedical, biotechnology,

pharmaceutical, and biological and chemical engineering etc [100].

The learning ability of the model rely on the network structure and training process. ANN is
made up many numbers of neurons, which are the fundamental part of the network structure.
Determining the appropriate structure is directly related to the complexity of the problem
[101]. The number of neurons and their connections affects the mechanism of computations
[102, 103]. Among the different network structures such as modular neural network (MNN),
layered neural network (LNN), feedback or recurrent neural network (RNN), radial basis
function neural network (RBFNN), which differ in the interactions and connections of the
neurons, feedforward neural network (FFNN) is most commonly used for prediction,

classification and approximation applications [98]. Besides, the choice of activation
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functions (hyperbolic tangent sigmoid, logarithmic tangent sigmoid, linear, binary step and
elliot symmetric sigmoid) and training algorithms (Gradient descent, Newton's method,
Levenberg-Marquardt, Quasi-newton method) have a strong impact on the performance of
ANN. Compared to other modeling techniques, ANNs offers non-linearity in an excellent

manner [104]. Further, they have ability to:

e handle multiple inputs and outputs modeling,
e spent less computational time,
e work with noisy data,

e update the model with new data.

ANN is particularly suitable for predicting complex system outputs. Therefore, it can be
implemented for the gasification and SOFC process as a relatively new segment of modeling.

Kartal et al. [105] predicted the LHV of syngas generated from circulating fluidized bed
gasifier. Using large data sets from Aspen Plus, the ANN model was developed, and outputs
depicted that the precited LHV of syngas was found in well agreement with the real values.
The coefficient of determination values were obtained greater than 0.99. These results proved
the high prediction capability of the ANNSs on the nonlinear complex systems like gasification

process.

Sezer et al. [106] developed an ANN model to predict syngas exergy value in bubbling
fluidized bed gasifier. They evaluated the estimation performance of the model at the points
that has highest H> concentration. The results illustrated that the training, test and extra
validation data sets have similar values with the calculated exergy values. The study showed
the superiority of the ANN model that developed a relationship between input and outputs of

the system parameters without the complex and time-consuming calculations.

Milewski et al. [107] implemented an ANN, to simulate the SOFC. The ANN model was
trained and tested with experimental data. Current density, air flow densities, anode
thickness, anode porosity, electrolyte temperature and thickness, anode H> flow density were
used as input parameters of ANN to predict the cell voltage. The test results depicted that

ANN successfully represents the SOFC.
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3. Materials and Methods

3.1. Fuel Characterization

Biomass is the widely available carbon-based fuel sources after oil and coal [108]. Biomass
has high reactivity owing to its higher volatile content and more reactive char however it has
lower calorific value because of lower C and higher O and H contents compared with the
coal [109]. The higher rate of O and H in biomass decreases the energy content of biomass
due to weaker bonds in C-O and C-H than C-C bonds, which have higher energy content
[110]. Although biomass has lower calorific value, it also has lower fixed carbon and higher
moisture contents. These natural characteristics represent low emission levels and make
biomass a proper fuel. Biomass is classified into two main groups non-lignocellulosic and
lignocellulosic. Lignocellulosic biomass types comprise of three major components such as
hemicellulose, lignin and cellulose [111, 112]. The amount of these major components make
the physicochemical characteristics of lignocellulosic biomass several [113]. Herbaceous and
woody wastes, agricultural residues are the widely used and cost-effective lignocellulosic
biomass species and usually chosen as an energy source [114, 115].

Proximate and ultimate analyzes are the most preferred methods for characterizing fuels.
These methods are standardized by major standards institutions such as ASTM, 1SO. Ash
(AC), moisture (MC), volatile matter (VM) and fixed carbon (FC) contents in the fuel sample
are determined by proximate analysis (weight percent, wt%). Generally, MC is obtained by
measuring the weight of the sample before and after drying. The mass loss of the biomass
sample during the defined time and temperature in a closed crucible gives the VM content.
AC is specified by weighing the residual mass after complete combustion. The FC content is
determined by subtracting the VM, MC and AC from 100.

FC = 100 — (VM + MC + AC) (3.1)

The elemental composition of biomass, such as the C, N, O, H, and S contents (wt %), is
determined by the ultimate analysis. The O content of fuels is obtained by subtracting the
sum of the C, H, N and S contents from 100 %, as shown below [116, 117].
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0=100-(N+C+S+H) (3.2)

Investigation of the FC, MC, AC and VC of biomass creates a perspective on fuel quality
and shows its convenience for the gasification process. Exclusively, FC content is the most
substantial parameter to specify the thermal decomposition characteristics and energy
potential of biomass. Conversely, ash that is the inorganic part of biomass, and moisture have
a negative effect on the heating value of biomass. The biomass with higher MC is not suitable
to be transported economically for thermochemical conversion. Volatiles are defined the
components that can be combustible (Hz, CxHy gases or CO) or non-combustible (CO2, NOx
or SO;) gases, except moisture, which are released when biomass is heated even at relatively
low temperatures. In some cases, S and N can be considered negligible because their amount

in the biomass fuels is very low based on the basis of ultimate analysis results.

The selection of proper type of biomass sample for the gasification process in a particular
type of gasifier is carried out according to these analysis outputs. The biomass samples

selected for this study are illustrated in Table 3.1 with their material characteristics.

Table 3.1 Proximate and ultimate analysis results of biomass samples (dry basis)

Fuel MC FC AC VM 0] S C N H Ref.

1 Almond Hulls 652 20.07 6.13 738 3918 0.06 4753 113 597 [118]

2 Cacao 933 1982 826 7192 3147 006 4824 279 918 [119]

3  Hazelnut 13.00 2731 075 7194 4521 0.81 47.06 033 584 [120]
Shell

4 Olive Kernels 876 1952 258 7790 39.01 028 5131 100 582 [121]

5 Pistachio 754 1695 141 8164 4116 022 5020 0.69 6.32 [118]
Shells

6  Sunflower 1050 2190 425 7385 3974 019 4893 086 6.03 [122]
Seed Husk

7 PalmKernels 11.01 1758 514 77.28 37.44 026 4834 262 6.20 [123]
8 Olive Pomace 3.38 19.88 2.08 78.04 36.57 0.10 5470 048 6.07 [124]
9  Cotton Husk 6.90 1820 340 7840 3845 0.00 48.69 135 811 [125]
10 RDF 6.45 1175 1225 76.00 38.62 053 40.75 028 7.57 [126]
11  Corn Stover 500 1455 735 7810 39.67 0.11 46,50 056 581 [127]
12 Wheat Straw 1050 17.79 341 78.80 44.17 012 4597 055 578 [128]
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For this study, different types of biomasses from agricultural, forestry and industrial wastes
were used considering their availability and abundance. These biomass samples are thought
compatible for gasification application in BFBG because they have relatively low MC.
Regardless of their origin, the biomass samples were selected in a wide range based on their
characterization results. The main aim of these selection is to provide a comprehensive

database for the ANN model. 30 biomass samples were used along the training, test and
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3.2. Gasification Process
3.2.1. Development of BFBG Model in Aspen Plus

In this part, the development of the BFBG model for biomass gasification in the Aspen Plus
simulation program is presented. Aspen Plus uses its chemical component database and
library, which contains various unit operations, to simulate models traditionally related to
vapor-liquid processes, such as chemical, petroleum refining, petrochemical, and oil and gas
industries [135, 136]. However, it is also capable of simulating solid-phase processes like
coal and biomass processing, polymers, pulp and paper [136]. The wide database in terms of
thermodynamic properties, chemical reactions and reaction Kinetics allows accurate
prediction of process parameters and behaviors. The simulation model is established by
determining the chemical components and describing the flowsheet with material and energy
flows and unit operations (heaters, reactors, pumps, etc.). Calculator block and Fortran
subroutines can be used to conduct calculations and design specifications that are not present
in the unit operations [137]. Optimization and investigation of the effect of operating
parameters can be performed using model analysis tools such as optimization sensitivity and

analysis sections.

Generally, complex thermodynamic systems like gasification are divided into subprocesses
(drying, pyrolysis, gasification and combustion) in order to simulate them via Aspen Plus.
All steps of the gasification process should be represented one by one to make the system as
close as possible to the real application. Drying zone, pyrolysis zone, combustion zone and
gasification zone are the main parts of the gasification process as mentioned above and are
simulated sequentially by linking unit operation blocks to each other. The sequential modular
approach is carried out to solve each block in the process. Gasification has a number of
complex and different types of chemical reactions (homogeneous, heterogeneous,
endothermic, exothermic), which makes the modeling of the process very difficult. The
equilibrium model allows to model and predict the products of gasification reactions in a
simple way. In the present work, a thermodynamic equilibrium model was developed to

represent the gasification process in Aspen Plus® simulation software (V11 aspenONE

22



Engineering Suite). The assumptions listed below were considered in the simulation of the

gasification process to produce a realistic model:

- The process reaches to steady state conditions.

- No heat and pressure losses occur.

- Devolatilization of the fuel is instantaneous.

- Char consists only of carbon.

- Ash does not react as it is assumed to be inert.

- The reactions reach chemical equilibrium within a reasonable residence time.
- The syngas contains Hz, CHa, CO2, H20, CO gases.

- Hydrogen sulfur (H2S) and hydrogen chloride (HCI) are formed by the S and chlorine (Cl)
that inherently present in the biomass.

- Each gases act as ideal gases.

The flow diagram of the BFBG model in Aspen Plus can be seen in Figure 3.1. The
gasification process was shown from the beginning of the fuel supply to the end of the
production of syngas. The description of each part of the gasification was detailed by using
different reactors and blocks.

:
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Figure 3.1 Flowsheet of the BFBG in Aspen Plus

In this study, two types of components take place: conventional and nonconventional. To
determine the physical properties of the conventional components (Hz, Oz, H20, CO», CHa...)

already present in the Aspen Plus library, the Soave - Redlich - Kwong (SRK) equation of
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state with the free water method (STEAMNBS) proposed in the Aspen Plus User's Guide

was selected.

HCOALGEN and DCOALIGT was chosen as the physical property method for the non-
conventional components to perform the enthalpy and density calculations respectively. The
non-conventional components are currently not available in the Aspen Plus library and
should be defined according to their physical and chemical properties. In the present work,
biomass and ash were introduced as non-conventional components because of their
heterogenous structure. The biomass samples were made known to the system in terms of

their material characterization results (proximate, ultimate and sulfate analyzes).
3.2.1.1. Gasification Steps

In real applications, the gasification steps take place within the BFBG without the sharp
distinctions. However, there is no reactor or block in Aspen Plus to simulate all the reactions
and steps that take place in the BFBG as only a stand-alone unit. Therefore, the simulation
model of the BFBG should be represented individually to create a reliable and realistic model.
Accordingly, the BFBG model was developed considering the four steps: drying, pyrolysis,
gasification and combustion.

The partitioning of gasification into different steps is not sufficient to create a well-developed
model because the gasification reactions are complex and instantaneous. For this reason,
approaches to minimization the Gibbs free energy (non-stoichiometric) or the equilibrium
constant (stoichiometric) are used to develop equilibrium-based models. A simplified model
using one of these approaches gives better results with higher certainties and accuracies with
respect to the gasification reactions. The non-stoichiometric method is simpler than the
stoichiometric way because it is not necessary to identify all possible reactions, equilibrium
constants, or convergence rates [138]. Pyrolysis, gasification and oxidation which are the
main parts of the gasification were carried out based on the principle of minimization Gibbs

free energy.

For multicomponent systems, Gibbs free energy is minimized when the thermodynamic

equilibrium condition occurs at stable temperature and pressure. Gibbs free energy of a given
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system is described as follows [139, 140]:

GT =X, nuy (3.3)

w; = GORT +1In (;%) (3.4)
GT stands for the total Gibbs free energy, u; and n; are the chemical potential and the
number of moles of species i, respectively. R depicts the universal gas constant; T is
temperature and fi represents the fugacity of each species. The superscript 0 depicts the
standard thermodynamic quantity.

y;0;P
PO

AGf; + RTIn + Y Meaie =0 (3.5)

Here AG}’i is standard Gibbs free energy and y; stands for the standard mole fraction of gas

species i. ¢, represents the fugacity coefficient P, P° are the ambient and partial pressures
respectively. The Lagrange’s undetermined multiplier method is implemented where Ak is the
Lagrange multiplier and k element stands for each molecule of species i and aix represents

the number of atoms.
Drying and Pyrolysis

After defining the fuel sample on the basis of its ultimate and proximate analysis results as
nonconventional component, thermodynamic conditions and flow rate of the fuel was
inputted. Biomass should be converted into a conventional form suitable for carrying out the
reactions. Thus, it can be said that the thermal decomposition of biomass was started in this
part. The convergence step was simulated using the yield reactor (RYIELD) named "DCMP",
which can be seen in the BFBG flow diagram. The biomass sample is needed to be introduced
into the simulation as a dry base, but the feedstock enter to the reactor should have the same
moisture content as in its raw form. Therefore, the calculator (flow sheeting options in Aspen
Plus) was used to calculate the conversion of dry basis ultimate analysis to wet basis in the

"DCMP" reactor using the biomass moisture content already defined in the proximate
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analysis. Based on the wet basis values of ultimate analysis, the calculator was also used to
convert the biomass into conventional components (Hz, N2, H20, C and Cl»...). The main aim
of this reactor is to convert the non-conventional form of biomass to the conventional form
with respect to the mass yields of each component, considering the ultimate analysis outputs
in wet basis. This stage can be considered as the first part of the pyrolysis. Consequently, the

stream "CNV-BIO" leaves from the "DCMP" reactor in conventional form.

The function of the following block named "PYR™ represents the drying and pyrolysis
sections using Gibbs reactor (RGIBBS). In this step, the temperature is usually set between
200-500 °C. In this case, the temperature was set at 300 °C and the second step of thermal
decomposition started with pyrolysis. It was not necessary to simulate drying as a separate
part, because the moisture and other volatiles can release in the pyrolysis part. Steam was
preferred as the gasifying agent as it produces higher Hz content in the syngas. The pure
steam flow “STM” was fed into the system through the "SPL-1" block at 250 °C and
atmospheric pressure. The inlet flow of steam was split into two streams at a specific ratio to
establish a steam atmosphere in the pyrolysis and gasification reactors. “STM-1" was sent to
the "PYR" reactor without changing its thermodynamic conditions. The moisture and
volatiles were released and charcoal was formed according to the reactions that occur in the
pyrolysis part based on the principle of minimizing Gibbs free energy. The exit stream "G1"
was formed mainly from CHs4, H20, CO2 and smaller amount of C>H, CO and C2He as a
result of gas and solid phase reactions in the "PYR" reactor. "S1" block was placed to separate
certain amount of CHa to avoid its complete depletion. Because CH4 reaches the chemical
equilibrium in the “GSF” reactor which set at high temperature and cannot be seen in the
syngas. In addition, other gases that do not contribute to the gasification reactions were also
separated via the S1 block. The "G2" stream was sent directly to the "GSF" reactor to perform
gasification reactions. The separated gas called "S-GAS" was flowed into exit stream without

any interaction with the gasification part.
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Gasification and Oxidation

In the gasification part, the main gasification and oxidation reactions take place, namely
water-gas shift, Boudouard and steam-methane reforming. The "G2" stream enters the "GSF"
reactor, where the reactions are carried out according to the principle of minimization of
Gibbs free energy at a temperature beyond 700 °C. Additional stream “STM-2" was flowed
to the reactor to provide pure steam at the same thermodynamic conditions as the inlet steam

(250 °C and atmospheric pressure) for the "GSF" reactor.

The gas formed with undesired by-products and water at the same temperature as the "GSF"
reactor. The exit stream "G3" was mixed with the "S-GAS" which was separated from the
"G1" after the pyrolysis step using the "M1" block. Then the "PG2" was passed through the
"COOL-1" block to obtain the gas mixture the temperature at 500°C. From this stream, the
unwanted by-products (H2S, N2, ash) and moisture should be removed. For this purpose, the
"S2" block was used for the separation process and the "SYNGAS" stream was produced
containing only the gases Hz, CO, CH4 and CO.. The blocks and reactors are shortly listed in
Table 3.2.

Table 3.2 Definition of the gasification steps in Aspen Plus

Simulation Name Definition

Part

DCMP RYIELD Nonconventional biomass is converted into
conventional form.

PYR RGIBBS Pyrolysis step occurs in this reactor.

GSF RGIBBS Gasification step takes place in this reactor.

SPL-1 FSPLIT Steam is split between the two Gibbs reactors.

S1 SEP Specific amount of gases is separated before
gasification step.

COOL-1 HEATX Temperature is fixed at 500°C

M1 MIXER SG and PG2 streams are mixed.

S2 SEP Ash, H,S and N, water are removed from the

produced gas
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3.3. SOFC Process
3.3.1. Development of SOFC Model in Aspen Plus

SOFC modeling is a highly strategic research field to specify safe and optimal operating
conditions [141]. Zero-dimensional models provide a more appropriate solution in terms of
simplicity and speed. Further, zero-dimensional models do not require information about
electrochemical parameters or material properties of the SOFC. Aspen Plus as a simulation
package has been used for modeling SOFC and other type of fuel cells [18, 142, 143].
Although there is no ready-made module for fuel cells, the integration of the specific process
units from the extensive library is used for modeling. In this chapter, the tubular SOFC
configuration was modeled based on the equilibrium-based method using Aspen Plus
simulation. The model works on the basis of principle of Gibbs free energy minimization.
The SOFC models should meet the rapid technological progress in this field. Therefore, there
is a need for models that are reliable and have fast computational skills. Because there is no
present model in Aspen Plus to simulate SOFC as only one stack, the Fortran programming
language linked to Aspen Plus subroutine was employed to conduct the calculations of the
SOFC model. The model was developed to perform mass and heat balances and voltage
calculation considering the ohmic, concentration and activation losses. There are the

assumptions were used during the development of the SOFC model as follows:

- Pressure and heat losses in the unit operation blocks are negligible.
- All gasses are assumed to be ideal.

- The system conducts under steady state conditions.

- Shift and reforming reactions achieve chemical equilibrium.

- The air consists only of the gasses N2 (79%) and O2 (21%).

The tubular SOFC system has the highest potential considering its advanced technology and
commercialization capacity. In the present study, a 120 kW tubular SOFC unit designed by
Siemens Power Generation Inc. was selected to perform. This system has been used by many
researchers in the literature [29, 144-146]. The SOFC was developed by combining different
unit operation blocks. The flow diagram of the model is presented in Figure 3.2.
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Figure 3.2 Flow diagram of tubular SOFC in Aspen Plus.

The “SYNGAS” stream was fed into the compressor block named “CMPR-1" to adjust the
pressure of the fuel stream at desired value. The discharge value of the pressure was set with
the Psyngas/Psorc ratio equals to 3 using the design specification block “D-1”. The temperature,
pressure and composition of the “SYNGAS” were inserted, but its initial flow rate changed
by the design specification “D-5" with respect to the determined stack power. The
compressed stream was heated by the heater block “HEAT-2" and then fed to the “M2” to
mix them with the stream “A-RCYCLE”, which is the recycle from the “ANODE” outlet.
The pre-reformer of the SOFC stack was represented by the combination of the “COOL-2”
block and the “REFORM?” reactor. The main goal of the “COQL-2" is supplying the required
heat to carry out the reforming reactions in “REFORM” from heat released by cooling.
“COOL-2” changes discharge stream “MIX-F2” temperature until the net heat duty of the
“REFORM” reactor was set to zero with “D-3” as it was operated adiabatically.
Consequently, the mixed fuel stream was cooled to simulate the endothermicity of the
reforming process. It is assumed that only Hz can contribute to electrochemical reactions, so
CHs4 and the other higher hydrocarbons are reformed, and CO is shifted to Hz in the

“REFORM?” reactor via the following reactions:

Water-gas shift: CO + H,O <« CO2 + H> (3.6)
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Steam reforming: CxH; + xH20 < (z/2 + X) H2 + XCO (3.7)

Afterward, the outlet stream flows along the "ANODE" reactor and mixes with the oxidant
flow from the “CATHODE” reactor. There is no possibility to simulate the transfer of ions
via the current model, so only one complete reaction was performed for the oxidant and fuel

streams which is given below:
Complete reaction: Hz + 0.502 — H>O (3.8)

The air compressor “CMPR-2" block was used to include the air into the system. The
discharge pressure of the air was set as a bit higher than atmospheric pressure. It was inserted
with its temperature and pressure values and composition. The molar flow rate of air was
arranged using the design specification block “D-4" which changes the flow rate until the air
utilization factor (Ug) is equal to 0.19. The compressed air stream was heated to the air
preheating temperature using the heat exchanger block “HEAT-4". The hot products supplied
the required heat from the combustion reactions in “COMBUST” reactor. The air enters the
block “CATHODE” at the desired temperature and pressure. The function of the
“COTHODE” block is separation of the O2 from the air. The split fraction of O, was arranged

by the calculator block via equations as follows:

NH2,in = NH2 syngas + 1 (NCOsyngas) + 4 (NCH4 syngas) + ... (3.9

Uf == e (3.10)
NO2,cons=0.5NH2,cons (3.11)
Onspiie = a2 (312)

NH2,in IS the total molar flow rate of H> comprised in the syngas. 1(NCOsyngas), 4(NCHa syngas)
and other higher hydrocarbon gasses give the molar flow rate of H» that can be generated by
steam reforming and water gas shift reactions respectively. nHzcons is calculated using the

value of fuel utilization factor (Us) 0.85. Then, nO2,cons is determined by half of nHa cons Using
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Eqg. (3.11). Consequently, O2spiit is found using the ratio of NO2,cons to NO2,in from the molar

flow rate of Oz in air.

The complete reaction was carried out in the “ANODE” reactor using a certain amount of O
from “CATHODE”. Then, a percentage of the out gas from the “ANODE” was recycled and
the recycle ratio was adjusted with respect to the steam to carbon ratio (STC) as 1.8 using
design specification block “D-2”. Residual fuel from “ANODE” was sent to the
stoichiometric reactor “COMB” to combust them with excess oxidant coming from
“CATHODE”. “HEAT-5" was used to preheat the inlet stream of the reactor “COMB”. In
this part, the stoichiometry and conversion rates of the combustion reactions should be
inserted. The combustion reaction products flowed into the “HEAT-4" block to heat the air
before entering the “CATHODE” block. The stack exhaust temperature (stream “EXHST”)

was specified as well. The unit operation blocks are defined in summary in Table 3.3.

Table 3.3 Definition of blocks in the SOFC model

Part Aspen Plus® Name Definition

CMPR-1 COMPR Sets the operating pressure of SOFC.

CMPR-2 Rises the pressure of air a little higher than
atmospheric pressure.

HEAT-2 HEATER Provides preheating to the syngas.

HEAT-3 Provides preheating to the inlet air.

HEAT-5 Provides preheating to the excess air.

COOL-2 COOLER Adjusts the fuel temperature.

M2 MIXER Mixes the syngas with the recycling steam.

REFORMER RGIBBS Forms the water-gas shift and steam
reforming process of methane and other
hydrocarbons.

ANODE RGIBBS Simulates the electrochemical reactions.

CATHODE SEP Separates the oxygen for electrochemical
reactions.

SPL-2 FSPLIT Splits the stream to provide essential S/C ratio
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COMB RSTOIC Simulates the combustion reactions of CO, H»
and CH4 from the anode outlet flow
HEAT-4 HEATX Provides preheating of the air by using the

exhaust gas from combustion reactions

3.3.1.1. Voltage Calculation

The first step of the voltage calculation is started based on its ideal performance. Then the
voltage losses are calculated considering the non-ideal behavior to determine the actual
voltage value. Ideal voltage value (Vig) is the statement of the standard potential where the
voltage is at standard pressure as following [147]:

_A_
Vig = ?"f (3.13)

The Gibbs free energy of formation (Agr) depicts the highest electrical energy generated by
a fuel cell without losses [148]. F represents the Faraday constant (96485 C/mol) and 2
illustrates the number of moles of electrons released in the anode half reaction. The Nernst
voltage (Vnr), known as the reversible or equilibrium potential, is found to be closer to the
actual cell voltage than Vig as more realistic one. The Vnr is obtained using the Nernst
equation which shows how the Vis changes as a function of species gas pressure,

concentration, etc. as seen in Eq. 3.14.

RT , Pu,P§>
Vir = Vig + Em;’Z—Z‘;Z (3.14)

where T is the average temperature of the inlet and outlet streams (K) of the SOFC, and R is
the universal gas constant (8.314 J/mol K). P; represents the partial pressure (bar) of each
species. The partial pressures were calculated as mean values of the inlet and outlet streams
of the cathode and anode. The voltage losses occur are due to the ohmic, activation and
concentration losses.

The activation losses (Va) because of the slow kinetics of the reactions taking place in the

electrodes were calculated using the correlations in Eq. (3.17) and (3.18) that can be seen in
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Table 3.4 [149]. The voltage is lost due to the energy barrier required to pass by the reactants.
The Ra stands for the specific resistance at cathode and anode. kan and kca are the pre-
exponential factors and Ean, Eca activation energy values for anode and cathode
respectively, which are the terms represented in Table 3.4. P° was assumed to be 1 bar
(reference pressure), P; is the partial pressure of each species at the cathode and anode enter
and exit streams. Compared to other fuel cell types the V. is less important in SOFC owing
to its relatively high operating temperature.

Electronic and ionic resistance to electron and ion flows in the fuel cell cause the ohmic
losses (Vo) which is quite essential for the tubular SOFC because they dominant due to the
long current flow roads. The equations were developed by Song et al.[150] for the calculation
of ohmic losses in the tubular SOFC as can be seen in Eq. (3.19) - (3.22) in Table 3.4. The
uniform current density and ionic flux are assumed in circumferential and radial directions.
Current (1) and current density (j) are calculated in terms of H> consumed in electrochemical
reactions using following equations:

1000

[ =2x%F (Hz,cons *ﬁ)

(3.15)
, I

F is Faraday constant and Hzcons is calculated according to Eq. (3.10). The j is obtained as
dividing the I value to SOFC active area (A) that is 96.0768 m?. Ar is the angle is concerned
with the extent of electrical contact, and Bz is the angle radians is interested with the
interconnection while pan, pca, pe and pint are the resistivity terms [151]. Dma is another
expression that seen in Eq (3.19), it represents the average diameter of the cell (m) obtained
from the geometry parameters introduced in Table 3.6. wint (m) is the interconnection width

and tace,int (M) are the cell fragment thickness.
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Table 3.4 Equations for voltage losses

Voltage Losses Eq.
Activation
1 2F Py\™ —E,y
Anode m = mkAN (W) exp (RgTop) (317)
1 4F Po\™ —Ec,
Cathode E = mk(m (W) exp (RgTOP> (318)
Ohmic
; 2
Anode Vo, = JPan(ATDina)” (3.19)
: 8t,
. Y
Cathode Voo = ]‘)C"(8+’WA[A +2(1-A-B)] (3.20)
C
- t ni
Interconnection Vount = JPime " (TDya) (3.21)
Int
Electrolyte Vor = jpete (3.22)

Concentration

R,T, 1—(R;Top/2F)(ta/Dye 9P, j
Anode Ven= gop . (RgTop/2F)(ta/ Dy, ffY:z sopc)].] (3.23)
2F 1+ (RyTop/2F)(ta/ Daesr¥in,oPsorc)i
Vee
Cathode _ RyTop In (PSOFC/502) - [(PSOFC/502) - y82 PSOFC]exp[(RgTOP/4F) (8o, tC/DC,effPSOFC)j]] (3.24)
4F y((J)zPSOFC

Mass transfer constraints cause concentration loss (V¢) in porous electrodes. Diffusion with
convection in the electrodes was assumed. The Eq. (3.25) and (3.26) were obtained from
Fick’s law of diffusion and also Knudsen and ordinary diffusion were taken account to
calculate V¢ [152]. Ordinary diffusion takes place when the material has a large pore diameter
compared to the average free route of the gas particles, while Knudsen diffusion happens
when the pore diameter is small. The effective diffusion coefficients for the cathode and
anode were used to obtain the Knudsen and Ordinary diffusions. The following equations are

established to find the effective Knudsen and diffusion (Knudsen) coefficients:

Dg ers = Dx(e/3) (3.25)
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Dy = 97r(Top/M)">° (3.26)

The model parameters of electrode pore radius (r), porosity (¢) and tortuosity (3) seen in the
Eq (3.25) and (3.26) are presented in Table 3.5. The molecular weights of each gaseous
component are represented by M; where the i depicts the components (O2, H20, N2 or Hy).
There are different methods calculating the ordinary diffusion coefficients developed by
researchers [153, 154]. Among them, the simplest method was chosen for calculation
considering its successful performance (mean error 5%) [155]. On the basis of kinetic theory
of gasses, the ordinary diffusion coefficients for cathode and anode were calculated via the

following equation:

_1x1077TAES (/M1 /M) M

D, =
ik P(vi1/3+v;/3)2

(3.27)

where k and i stand for the gaseous components which compose of the gas mixtures at anode
(H2 and H20) and cathode (O2 and N>), v represents the volume of Fuller diffusion which
represented in Table 3.4. The coefficient of the effective ordinary diffusion and coefficient

of the overall effective diffusion was calculated respectively by equations as follows:

Dikerr = Dix(e/3) (3.28)

1 1 1

= (3.29)
Dierr  Dikerf Dkiiefr

Eventually, the diffusion coefficients of the anode and cathode were determined via Eq. 3.30
and 3.31 respectively:

D -D Yi,0PsoFc D Vi, Psorc 3.30

Aeff = THzerr " Psorc T Dhp0ers PsoFc (3.30)

DC,eff = Doz,eff (331)

5, = KOers (3.32)
02 DK'OZ,eff+D02_NZ,eff '
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y? is the average value of the molar fractions of the gaseous components in the inlet and
outlet streams for the anode and cathode. The concentration losses are low when the air and

fuel concentrations are in normal values.

The actual voltage value (Vact) was calculated by subtracting the total voltage losses from

Vnr using the following equation:
Vact = Vnr — (Vot+VatVe) (3.33)

The calculations were described in the design specification block (D-5) that adjusts the flow
rate of the fuel until the DC power of the SOFC stack is equal to 120 kW. The DC power
(DCP) was obtained by multiplying the Vact value with current.

DCP = Vo X 1 (3.34)

Table 3.5 Model design parameters for voltage losses

Activation Loss

ka (A/m?) 2.13x108
ks (A/m?) 1.49%1010
m (slope) 0.25

Ea (3/mol) 110000
Ec (J/mol) 160000
Ohmic Loss

A 0.804

B 0.13
Concentration Loss

r (m) 5x1077

& 0.5

3 5.9
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Table 3.6 Model geometry and material parameters

Geometry

Cell Diameter (m) 0.022

Cell Length (m) 1.5

ta, tc, te, tint (M) 0.0001, 0.0022, 0.00004, 0.000085
Wint (M) 0.009

Material Characteristics

Pan (2 m) 2.98x10exp(-1392/Top)

Pca (2m) 8.114x107°exp(600/Top)

Py (M) 2.94x10°exp(10350/Top)

Prnt (2 M) 0.025

3.4. Development of Integrated BFBG-SOFC Model

The combined system models for power generation have been studied in the literature by
many researchers [156-158]. It is expected that the system performance can be improved with
integrated models. The waste heat can be used as a useful source in the combined systems.
The syngas from the gasification process should be cleaned and the syngas temperature

should be adjusted to a suitable value before entering the fuel cell [159].

In this study, the developed BFBG model was connected with the SOFC models in the Aspen
Plus simulation environment. The BFBG is an attractive type due to its high energy and H;
contents and low COz and N2 contents in the syngas related to its high conversion capacity.
The higher content of N2 and CO. gasses in the syngas negatively affects the SOFC
performance and causes a drop in the Vnr value. The equipment for applying effective syngas
cleaning is generally expensive. The selection of reliable and relatively inexpensive
equipment may be the major challenge in the design of the gasification system [160]. The
impurities contained in the produced gas depend on different factors such as operating
conditions, design specifications and fuel type. The type of contaminants present in syngas

are found in different compositions and forms. Solid particles are one of the contaminant
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types that contain ash, gasifier bed material and unreacted char. They cause clogging in the
SOFC anode and system equipment may fail during long-term use. The ClI in the biomass
can be converted to HCI during the gasification process. Even if the syngas includes very
small amounts of HCI, it can cause corrosion and should be removed. The S in the biomass
forms the H.S and COS (carbonyl sulfide) which are potent poisons. In addition, they can
convert into SOx gasses which have harmful effects on the environment and human health.
The mixture of heavy hydrocarbons is composed the tar, an organic impurity with no exact
definition. It can condense and accumulate on cold equipment surfaces thus carbon residue
problem occurs in SOFC. The contaminants which include N compounds usually form
ammonia (NHz). Even though the SOFC can use the NH3 as fuel by converting it to Hp, it
was removed from the syngas to avoid the formation of NOx gasses that cause emissions.
The blocks were added to the BFBG model to allow appropriate integration with the SOFC

model. The integrated model in Aspen Plus simulation were presented in Figure 3.3.
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Figure 3.3 Integrated BFBG-SOFC model
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The produced syngas was passed through the cooler block “COOL-1" to maintain a constant
temperature value before the separation process. The temperature was set at 500°C and the
output stream “G5” was fed to the separator block “S2”. According to the assumptions
mentioned in Section 3.2.1. char includes only the C (solid) and it may be present in very
small amount as unreacted char in the syngas. The other solid impurity except the unreacted
char is ash. Further H>S, HCI and N compounds are the impurities that form in the gasifier.
Addition of these, H>O should also be removed from the syngas. The formation of tar is not
possible because the simulation work on the basis of chemical equilibrium and higher
hydrocarbons are converted into the small molecules. All impurities (H2S, HCI, H20,
unreacted char, N compounds, ash) were removed using the separator block “S2” and
separated components were sent to the “WASTE” stream. The “SYNGAS” was generated
from the top of the block “S2” as it consists of only Hz, CO, CHs, CO. and trace amounts of
propane (CsHs), ethane (C2Hs) and butane (C4H1o). The addition of the “COOL-1" and “S2”
blocks to the system to obtain the syngas in suitable fuel form for the SOFC. Furthermore,
some modifications were necessary to make the integrated BFBG-SOFC model run well. The
variable of design specification block “D-5" was changed as the biomass flow rate to obtain
the required amount of syngas. The biomass flow rate was changed until the DCP of the
SOFC achieved 120 kW. The steam flow rate of the gasifier should be changed corresponding
to the biomass flow rate to keep the steam to biomass (S/B) ratio constant. The calculator
block “C-3” was used to calculate the steam flow rate according to the specific SBR value
(0.5, 0.6, 0.7, 0.8, 0.9, 1.0, 1.1). Fortran code in D-5 block was also used to calculate the
overall electrical efficiency (EE) of SOFC based on the energy content of fuel (LHV1uel)
which fed to SOFC and AC power (ACP). DCP is converted into the ACP with 0.92
conversion efficiency and EE is obtained via equation as follow:

__ PDC*0.92
~ 1000

EE /LHVfye; X 100 (3.35)
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3.5. Development of the ANN Models

In the scope of this section an ANN model was developed using the data sets generated from
the integrated BFBG-SOFC model in Aspen Plus simulation.

3.5.1. ANN Model Topology

ANN method plays an important role in creating an advanced Al approach [161]. Based on
the basic principles of reasoning, critical thinking and remembering of ANN like human
mind, it is capable of predicting the desired outcomes with respect to complicated systems
[162]. An ANN includes of a group of artificial neurons lined up in layers that form the
perceptron structure [163]. Computations are carried out and the output signal is produced in
the perceptron which is the simple processing unit of an ANN. Each neuron generally has
multiple input and output connections. The interactions between the neurons provide the flow
of information. The neurons are activated when the input signal has enough intensity to
overcome the bias value of the neurons. Then the received input signal is forwarded to the

subsequent layer. The structure of the perceptron is presented in Figure 3.4.

The neurons arranged in multiple layers create the structure of a multilayer perceptron
(MLP). The varying combinations of neuron connections make the network architecture
different. Based on the connections, feedforward and feedback (recurrent) are grouped. MLP
is also known as feed-forward neural network based on the directions of information flow.
The MLP structure has many number of perceptron forming a layered structure (input, one
or more hidden layers and output). The neurons in the input layer receive the input data and
then transferred it to the hidden layers. The neuron number in the input layer refers to the
input variable number. After processing the data and executing the calculations in the hidden
layer the meaningful output is generated by the following output layer [164]. The number of
hidden layers and neurons in the hidden layer related to the difficulty of the process affect
the architecture and learning ability of the ANN. The neurons in the completely connected
MLP structure have a numerical value called weight. The randomly appointed initial value
of the weights is adjusted during the learning process. These topological features were
arranged to perform the training process successfully.
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3.5.2. Training Process

The training process is one of the essential parts that determines the prediction capability of
the ANN model. Training is conducted by updating the network weights until the error value
between the input and target datasets reaches the minimum. The training algorithm is used to
minimize the error value and it should be selected appropriately with respect to the specific
applications. The back propagation algorithm with feed forward network (FFBP) is one of
the training algorithm that is often preferred in MLP structure [165, 166]. The back
propagation algorithm propagates the error signal, which calculated from the target and
predicted datasets, behind from the output to the input layers of the network. Then the bias

and weight values are iteratively modified to reduce the error value by the FFBP algorithm.
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Figure 3.4 Perceptron structure

The input value (xi) is multiplied by the network weight (w;i), then the total value is summed
with the bias value (bj) to produce the output (y;) of the ANN. The first values of the biases

and weights are incidentally assigned. The y; are described by the following equation:
y] = Z(Z?:l le-xl- + bj) (336)

The wij stands for the weights related to the connection between the nodes in the input (i) and
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hidden (j) layers. z is called the activation or transfer function that activates the neurons and
determines the response of the network corresponding to the input data. The activation
function supplies the nonlinear transformation and promotes the expression capability to
compute complex relationships [167]. The most commonly used activation functions
according to the ANN structure consist of tangent sigmoid, RelLu, sigmoid, ELU,
exponential, etc. In this study, the tangent sigmoid function was selected due to its faster
training capacity, and higher sensitivity to small deviations. This function is the modified
version of the sigmoid function. The output values are limited between -1 and +1 thus it has
positive and negative responses, which is the important superiority over the sigmoid function
(has only positive response). The equation of the tangent sigmoid function is represented by

the following equation:

f(x)=(*—e™)/(e*+e7¥) (3.37)

Different optimization algorithms which use the performance function gradient is employed
to regulate the weights and biases. The Levenberg-Marquardt (L-M) algorithm that provides
a higher training speed even in the case of large data sets was preferred to optimize the
network [168]. It carries out the combination of the superiorities of the gradient descent
method (stable convergence) and Gauss-Newton algorithm (high convergence rate). The L-
M method allows to reduce nonlinear function problems with an approximate solution using

following equations for calculation of increment in weights [169]:
Aw=[]JTJ+A]tx JTxe (3.38)

where | stands for the identity matrix a, J refers to the Jacobian matrix and vector network
error were represented by

e. A is a scalar which is to be adjusted using the decay rate according to the outputs.
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3.5.3. Error Evaluation of the ANN model

The bias and weights values are updated to obtain a satisfactory result in the training part
using the error value. The large data set should be used to train the ANN model and aid to fit
the training data sets successfully. For this reason, using a large amount of data and
evaluating the estimation performance of ANN are the methods applied to avoid the over-
fitting problem. Mean-square error (MSE), mean error (ME), root mean square error
(RMSE), mean absolute percentage error (MAPE) Mean Relative Absolute Error (MRAE)
are the substantial criteria to assess the prediction capacity of ANN model. In this work, the
MSE was used as a performance function during the development of the FFBP network
model. The MSE has many advantages that make it the generally preferred statistical
measure. First, the meaning of the error signal which has net physical meaning is defined in
a natural way, it also has the simple calculations. It does not memorize and independent of
another data, so it is calculated for each sample. The calculation of MSE value is expressed

using the equation as follow:
n P2
MSE = 2=Cot (3.39)

The ME, RMSE, MAPE and MRAE were preferred to check the forecasting capability of the

ANN. They found via the equations as follows:

ME = —?=1(7f"_’) ) (3.40)
RMSE = \/Ziw (3.41)
MAPE = 222 51 |(Ci;ipi)| (3.42)
MRAE =~ 7., % (3.43)

where P; stands for the predicted value, C; represents the calculated value, C depicts the mean

of the calculated values for the model and n is the size of data.

43



The coefficient of determination (R?) is the uncertainty measure that has the statistical metric
in range between 0 and 1. R? was used to visualize the estimation performance of the ANN

model via the following equation:

R2 =1— Z?=1(Ypredicted_yactual)z (344)

n
Zi=1 (Ypredicted _Ymean) 2

where “n” depicts the size of data, “Y predicted” @aNd “Yactua” are the estimated and target values
of the ANN model respectively, and “Ymean” represents the avarage value of the target

outputs.
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4, RESULTS AND DISCUSSION
4.1. Model Validation Results of BFBG

The accuracy of the BFBG model should be approved after accomplishment of the model
development. The reality of the developed process was tested using the experimental data
sets from literature studies. Two different BFBGs were used to validate the model via
following procedure. The operating conditions, fuel sample and gasification agents with their
flow rates were described to system same as the experimental conditions which are presented
in Table 4.1.

Table 4.1 Operating conditions of the validation data sets.

1[170] 2 [134]
Fuel Type Rice Husk Pine Sawdust
Gasification Agent Steam, Air Steam, Air
Fuel Feed Flow (kg/h) 2.5 0.445
Equivalence Ratio 0.35 0.22
S/B Ratio 0.5 1.35
Gasifier Temperature (°C) 850 800

The rice husk and pine sawdust as fuel samples were used for the first and second
experimental works respectively. The air and steam at different amounts were preferred
together for both studies. After conducting the simulation under same operating conditions
with experiments, the syngas flows for molar fraction of Hz, CHs, CO and CO, were

compared and outputs were showed in Figure 4.1 (a) and (b).
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Figure 4.1 Comparison of the model and experimental works

(@) First experimental work [170]

(b) Second experimental work [134]

46



Comparison results showed that the model works very well even there are slight differences
between the mole fractions. These differences in results are in the acceptable range like the
other literature studies [171, 172]. Although the model works based on some assumptions
independent of the reaction kinetics and design of the reactor which mentioned in Section
(3.2.1), the model showed the extraordinary simulation performance to represent the real

gasification.
4.2. Model Validation Results of SOFC

The SOFC stack model was developed in Aspen Plus simulation based on the tubular SOFC
technology. The developed SOFC model needs to validate with the experimental or approved
data sets. Operating parameters of the SPGI 100 kW SOFC stack model was used to verify
the model. System outputs were compared for the simulation and experimental works. The
SOFC operating parameters are listed in Table 4.2.

Table 4.2 Operating parameters of the SOFC model in literature study.

Parameters Specifications

Fuel inlet composition (%, mole) CH, 81.3%, C2Hs 2.9%, C3Hsg 0.4%,
C4H10 0.2%, N2 14.3%, CO 0.9%

SOFC Operating Temperature (°C) 910

SOFC Operating Pressure (bar) 1.08

DCP output (kW) 120

Active Area (m?) 96.1

Cell Number 1152

Inlet Air Temperature (°C) 630

Inlet Fuel Temperature (°C) 200

DC to AC inverter efficiency (%) 92

Uf, Ua 0.85, 0.19

STCR 2.5

PrueL/Psorc 3

Temperature difference between the exit of hot 10
and cold stream in the “HEATEX3’ block
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Thermal Losses 2%

The operating parameters were set and fuel was introduced to system identically with the
experimental work. The outputs were compared by means of the cell voltage, current density,
gross AC efficiency and temperature and composition at the specific streams. Comparison

results can be seen in the Table 4.3.

Table 4.3 SOFC model validation results.

Parameters Experimental- Model — Model — Model Results
Literature Literature Literature
[173] [144] [97]
Voltage (mV) Not 700 683 683
Available
Current Density 180 178 182.86 189
(mA/cm?)
Pre-reforming 550 536 535 544
Temperature (°C)
Cathode Inlet Not 821 823 826
Temperature (°C) Available

Stack Exhaust 847 834 833 836
Temperature (°C)

Anode Inlet Gas ~ Not 27.9% H,0, 27.8% H.0, 27.8% H-0,
Composition (%, ~ AVvailable 23.1% CO2, 23.1% CO;,  23.1% COy,
mole) 27% Ha,  26.9%Hz,  26.9% Hy,
56% CO, 56%CO, 5.6% CO,
6.2% N2 6.2% N, 6.2% N,
10.1% CHs  10.4% CH;  10.4%CHj
Anode Exhaust  48% H0, 50.9% H,0, 50.9% H;0, gggzﬁ 2601
Gas Composition  28% CO,, 24.9% CO2, 24.9% COg, 11.60/ H 2
(%, mole) 14% Hy, 116% Ha,  1L6%H, 20 ‘EOZ’
5% CO, 74%CO,  74%CO, 0
5% N2 5.1% N 5.1% N - 2
Gross AC 50 52 51.28 51.19

Efficiency (%,

LHV)
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The model outputs showed the well similarity with the experimental results. However, there
are small deviations in the composition and temperature values, the model showed the

remarkable performance in terms of voltage, current density, and gross AC efficiency.

After the successful validation studies for the BFBG and SOFC models. The integrated
BFBG-SOFC model was used to generate data for the development of the ANN model.

4.3. Parametric Study for Integrated BFBG-SOFC Model

The output parameters of the BFBG and SOFC models are influenced by many parameters
related to operating conditions and fuel types. Operating temperature and steam flow rate for
the gasification process were selected the main parameters to evaluate the syngas
composition at the gasifier exit. The composition of the fuel which fed to the SOFC is one of
the important parameters for the system performance. Therefore, operating conditions and
biomass samples which preferred for the BFBG are the considerable parameters for SOFC
as well. Effect of steam to biomass ratio (S/B), BFBG temperature and anode temperature
was examined on the EE, j and Vat of SOFC for 30 diverse biomass samples. The operating

parameters for integrated BFBG-SOFC model was specified in Table 4.4.

Table 4.4 Operating parameters of BFBG-SOFC system

Parameters Value
Gasifier Pressure (bar) 3
SOFC Pressure (bar) 1

Us 0.85
Ua 0.19
DC to AC conversion efficiency 0.92
SCR 1.85
Active Area (m?) 96.076
Power (kW) 120
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4.3.1. Effect of the Gasification Temperature on Syngas Composition

The operating temperature of gasification process is one of the key parameters that effects
the syngas composition and quality as well. The equilibrium reactions occurred in the
gasification are extremely influenced by the temperature because most of them are
endothermic. Fluidized bed reactors for biomass gasification process are generally operated
at lower than 1000 °C to prevent defluidization and agglomeration that occur as a result of
ash softening. In this study, effect of gasifier temperature on the syngas composition was
investigated using sensitivity analysis tool in Aspen Plus simulation. The simulation results
are presented for the concentration change of the H, CO, CH4 and CO> versus temperature

that varied between 700-900 °C while the S/B ratio was kept stable as 0.7 in Figure 4.2.
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Figure 4.2 Change of gas concentrations in syngas according to temperature (S/B:0.7)
(@) Haz, (b) CO, (c) CO2, (d) CHa4

As seen in Figure 4.2 the syngas composition was highly influenced by the temperature
change. The results depicted that H> and CO concentrations enhanced with temperature while
CH4 and CO:2 concentrations reduced. Even if all samples showed similar behavior with
temperature, their concentration changes were not same according to varying
physicochemical characteristics of the biomass samples. Cacao sample showed highest H>
concentration in syngas (61.98%) among the other samples. Mustard husk, RDF, cotton husk
and groundnut shell samples followed it with higher H> content compared with others. H>
concentrations in syngas achieved their maximum values when the temperature was changed
between 750-850 °C inside the gasifier at different points for each biomass samples. Their
CO concentrations in syngas also increased notably with temperature. Initially syngas
contained more CO; and CHjs than final for each biomass samples. Their concentrations in
syngas dramatically decreased between the temperature 700-800 °C, the decreasing behavior

continued slowly the temperature above 800 °C. The forward reactions of the endothermic
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char conversion and steam-methane reforming reactions accelerated while the exothermic
hydrogasification and methanation reactions oriented backward with temperature rise [51].
According to the above statement, results were found in well agreement with the Le
Chatelier's principle [174]. Therefore, high temperature was attributed the decomposition of
char and conversion of the CH4 and other large hydrocarbons to small gasses such as H» and
CO. As the gasifier temperature further rise, the concentration of CO> decreased, and CO
increased because of extremely endothermic Boudouard Reaction. Similar trends of
concentrations in syngas were also cited by many researchers in the previous works. Faraji
and Saidi [175]. found the composition change of syngas from algal biomass gasification as
same with these outputs. Monteiro et al [176]. also obtained the same trend in syngas
composition using a CFD model. Couto et al [177]. investigated the effect of gasification
temperature on the syngas quality in terms of composition and other parameters and they

reported similar results for the change of syngas composition.
4.3.2. Effect of the S/B Ratio on Syngas Composition

S/B ratio is a significant parameter having a notable influence on the syngas composition. It
can be obtained from dividing of the mass flow rate of the steam to biomass feed flow rate
[178]. Addition of the steam provides higher partial pressure for H2O inside the gasifier. The
higher partial pressure of H2O encourages the forward reactions of the steam methane
reforming, water gas and water-gas shift reactions. This behavior leads to increase production
of Hz and CO; and reduce of CO and CHa. The results related to effect of S/B ratio on the
gas concentrations in syngas are presented in Figure 4.3. for each biomass samples used in
the present study. The evaluation range for S/B ratio was selected between 0.5 and 1.1 when

the gasifier temperature fixed at 800 °C.
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As seen in Figure 4.3, increasing steam amount showed the favorable effect on the H»
concentration but it was also raised the CO2 concentration which is the undesired product.
Addition of more steam immensely supported the decomposition reactions of hydrocarbons
thus the H> content of syngas upsurged and reached the 63.61% for cacao sample.
Furthermore, CHs concentrations showed decreasing trend because of the extremely
activated steam methane reforming reaction. The magnitudes of CO, and CO in syngas was
mainly affected by the water-gas shift reaction and they showed opposite behavior for each
biomass sample as seen in Figure 4.3 (b) and (c). All biomass samples showed similar trend,
but the concentrations change had not been identical related to different physicochemical
characteristics. Even if the studies were conducted under different operating conditions and

fuel samples, they found in agreement with these outputs [179-181].
4.3.3. Effect of the Gasification Temperature on SOFC

The whole system should be considered while discussing the influence of operating
parameters for the performance evaluation. Gasification temperature was thought is the
mainly effective parameter on the integrated BFBG-SOFC system because syngas
composition was changed remarkably with temperature. The performance parameters of
SOFC (EE, j and Vact and biomass feed flow) are calculated according to syngas composition
and molar flow directly or indirectly. Therefore, effect of gasification temperature on the
performance parameters of SOFC was investigated. The BFBG temperature was enhanced
from 700 to 900 °C while the S/B ratio and anode temperature of SOFC were fixed at 0.7 and

910 °C respectively. Results can be seen in Figure 4.4 for each biomass samples.
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Figure 4.4 Effect of the BFBG temperature on SOFC
(a) EE, (b) Vac, () j, (d) biomass feed flow
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Impact of varying BFBG temperature on the SOFC EE as illustrated in the Figure 4.4 (a).
The EE value continuously decreased about 3-4% for each biomass samples while the
temperature increased between 700-900 °C. The immense drop in EE and Vst as same with
the CH4 concentration change in syngas (Figure 4.2 (d)) and rise in j and biomass feed flow
occurred at the temperature raising from 700 to 800 °C. These changes continued slower at
temperature above 800 °C. Related to reduced CHg4 concentration in syngas with temperature
as mentioned above supports the reverse water-gas shift reaction at higher temperature
because of the increasing operating temperature of reformer. The endothermic reaction likely
to occur does not cause the temperature to drop due to the low amount of CHa. The decreasing
trend of the SOFC EE can be explained with the increasing H2O concentration in the anode
inlet stream. The outputs depicted that the low temperature provides higher overall EE for
SOFC. Even though temperature increase did not show a good effect on EE, tar in syngas
that can be formed at lower temperature should be taken into account while adjusting the
temperature value. Decreasing behavior of CH4 concentration leads to reduce of Hz,cons and
O2,cons values as well as nO.,in which refers the molar flow of Oz in air according to Eq. (3.12).
These changes in molar flows caused the drop in partial pressure of O, and enhancement in
partial pressure of H20. Thus, the j and biomass feed flow increased to acquire 120 kw DCP.
In Figure 4.4 (b), Vact showed decline because increasing amount of j cause the losses in
voltage as seen in the calculation of voltage losses Eq. (3.19) — (3.24). The obtained results
showed consistency with the literature studies [143, 182-184]. Biomass feed flow was
increased almost 1-2 kg/h with temperature for each sample as depicted in Figure 4.4 (d).
Considering the decrease in voltage and increase in biomass feed flow electrical power

production was conducted with lower EE at higher BFBG temperature as seen in Figure 4.4

(a).
4.3.4. Effect of S/B Ratio on SOFC

Steam as gasifying agent leads to obtain a syngas with high Hz content compared to others.
SOFC has flexibility to impurities in fuel however higher Hz content fuel is more desirable
to produce electrical energy with higher efficiency. The tendency in EE, Vat, j and required

amount of biomass as performance parameter of SOFC was observed to according to varying
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S/B ratio. The parametric study was carried out by fixing the BFBG and SOFC operating

temperatures at 800 °C and 910 °C, respectively. Result can be seen in the Figure 4.5 for

each biomass sample.
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Figure 4.5 Effect of S/B ratio on SOFC
(a) EE, (b) Vac, (C) j, (d) biomass feed flow
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The impact of S/B ratio on the syngas composition was discussed above and results depicted
that the H> and CO concentrations increased in the syngas with increasing ratio. Even if
there was insignificant drop in CH4 concentration, it did not cause a negative impact on the
performance of SOFC. Furthermore, increasing Hz concentration almost 4-5% supported the
electrochemical reactions in anode. The results presented in Figure 4.5. (b). illustrated that
the Vact Value increased related to the increase of the partial pressure of H; at the anode inlet.
Due to the increased in Vac, the desired power generation (120 kW) was achieved with a
lower amount of biomass and j accordingly as illustrated in Figure 4.5 (d). The lower amount
of j provided a decrease in voltage losses that is also showed good impact on the Vact. Thus
EE of SOFC increased for each sample and it raised above 42% for mustard husk, RDF and
cacao samples particularly as depicted in Figure 4.5 (a). The obtained outputs showed similar
manner with the literature [185].

4.3.5. Effect of Anode Temperature on SOFC

Anode is the main part that electrochemical reactions take place. The impact of anode
operating temperature on the performance of the SOFC was investigated considering the
reaction rate which highly affected by temperature. The anode operating temperature was
changed between 900-980 °C, while the BFBG temperature and S/B ratio were kept constant
at 800 and 0.5 respectively. To represent how anode temperature impacts EE, Vaq, j and
biomass feed flow as SOFC performance parameters, Figure 4.6 was plotted and illustrated
their sensitivity to the temperature.
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Figure 4.6 Effect of anode temperature on SOFC
(a) EE, (b) Vac, () j, (d) biomass feed flow
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As depicted in Figure 4.6 (a) raising of the operating temperature of SOFC created a positive
influence on the EE due to the increasing rate of the electrochemical reactions. The EE
increased remarkably, between 2-3% for each biomass. The rising rate of the electrochemical
reactions increased the O flow into the anode part. The lower amount of j and biomass flow
were found enough to reach 120 kW DCP as seen in Figure 4.6 (c) and (d). Thus, j value
dropped with a parallel tendency to the required biomass feed flow. The decreasing amount
of the biomass feed flow about 3-4 kg/h also influenced the voltage losses and EE at higher
temperature. This increment in partial pressure of O, advanced the Vat value related to
decreasing amount of j and voltage losses. Even though there was a substantial progress in
SOFC performance with temperature increase, the SOFC that have high operating
temperature needs to the more resistant material compared with the low temperature
operation. Therefore, SOFC temperature should be optimized to reduce cost of high

resistance material and maintain time.
4.4.  ANN Model Results
4.4.1. Input Selection of the ANN Models

The conducted parametric studies showed that the operating parameters and selected biomass
type remarkably influenced the overall system performance. It is very important to select the
inputs among the parameters that affect the network significantly to create a suitable model.
The input variables were determined in a wide range to develop generalized models. The
chosen parameters that are O, C and H contents of biomass, S/B ratio and operating
temperature of BFBG, operating temperature of SOFC anode and biomass feed flow can be

seen with their ranges and increments in Table 4.5.
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Table 4.5 Input parameters for the ANN model development

Parameter Range Increment
O Content (wt%) 31.47 - 45.61 -

H Content (wt%) 5.42-9.18 -

C Content (wt%) 40.75-54.70 -

Biomass Feed Flow (kg/h) 39.63 - 63.37 -

BFBG S/B Ratio 05-11 0.1

BFBG Temperature (°C) 700-900 25

SOFC Anode Temperature (°C) 900-980 10

The ranges for input parameters were determined considering suitable operating conditions
for BFBG and SOFC. Biomass samples have different physicochemical characteristic as well
as varying composition of O, C and H. The O, C and H contents of biomass samples were
preferred from 31.47-45.61% for C, 40.75-54.70 for O and 5.42-9.18% for C to represent the
comprehensive biomass ranges. The S/B ratio was changed between 0.5 and 1.1 with the
increment of 0.1. The BFBG temperature range was selected among the 700-900 °C
considering the reactions carry out in gasification. Moreover, anode operating temperature
was increased from 900 to 980 °C with rise of 10 °C to create a realistic model. The range
for the biomass flow rate was determined based on the data obtained from the simulation
results. The value of biomass feed flow was adjusted to achieve 120 kw DCP for each
operating condition. Simulations were run for constant O, C and H contents at varying S/B,
BFBG and anode operating temperatures. A total of 15122 data sets were generated at the

determined working conditions and biomass samples to be used in the ANN models.

Although sensitivity analysis showed that there is a correlation between input and output data
sets, correlation matrix is a good and quick way to see the relations among them by
visualizing as a heatmap. The correlation matrix was present in Figure 4.7 for input and
output parameters of the ANN models using in this study. The color scheme was coded to
indicate the positive, negative and zero correlations. Lowest negative correlations values (-
1.0) were represented by black while highest positive correlation values (+1.0) colored by

beige. A gradual coloring scale represented the values in between (-1.0 and +1.0) and zero
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correlation was displayed as purple.
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Figure 4.7 Correlation matrix for input and output parameters of the ANN models.

As illustrated in Figure 4.7, the correlation matrix displayed many significant correlations
among the input and output parameters. It was observed that there was a negative correlation
between the C and H content of the biomass and its feed flow rate, while there was a positive
correlation between the O content. These results proved when using biomass samples with a
high C and H content, a smaller amount of biomass is needed than those with a high O
content. The correlation between O, C, H contents of biomass and EE, Vact and j values were
represented by the colors which represent the zero and values close to it. This illustrates the
nonlinear relationship between O, C, H as input parameters and EE, Vact and j values as output
parameters. S/B ratio also showed the nonlinear relationship with each variable. Anode
operating temperature and j were found in lowest negative correlation however it has a
highest positive correlation with Vat and relatively high positive correlation with EE value.
These correlation results showed a well consistency with the parametric studies which proved
the positive effect of temperature increase on the EE and voltage and negative impact on the
J (Section 4.3). The correlation between BFBG temperature and EE, Vact values demonstrated
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a considerable negative while j has positive. The biomass feed flow has also high negative
correlation with the EE and V.t values because low amount of voltage needs more biomass
feed and system electrical efficiency decreases with flowing of more biomass. Vact and j value
have lowest negative correlation because the rising of the j causes increment in voltage losses.
Therefore, total Vact value drops with enhancing j value. As related to EE calculations (Eq.
3.35) higher voltage promotes the EE of the system, this relation proves the slightly positive
correlation between them as seen in Figure 4.7. j and EE values was showed lowest negative
relationship because higher amount of j means lower voltage as well as lower EE. As seen in
correlation matrix most of the variables are not in a strong linear relationship that confirm

the use of the ANN models to represent integrated system.
4.4.2. Structure of ANN Models

The sensitivity analysis results obtained from Aspen Plus simulations was used to create the
ANN based models that predict EE, Vact and j values of the integrated BFBG-SOFC system
individually. Design, training, test and validation processes of the models were performed in
MATLAB R2021a using Neural Network Toolbox. The ANN architecture was created by
connected input, output and hidden layers based on MLP structure. The dividing of data sets
to use them for training, test and validation steps is one of the most important issues to create
a powerful model. In this study, a total of 15122 datasets were randomly split for 55%
training, 35% testing, and 10% validation to create each model. The FFBP training method
with tangent sigmoid activation function was preferred to conduct training procedure. L-M
algorithm was considered as a best optimizer due to its speed and reliability for convergence
and selected to optimize networks. The layered structure was created with 7 neurons that
represent the input variables of the ANNSs in input layer, 8 neurons in hidden layer and one

output for three different models as seen in Figure 4.8.
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Figure 4.8 MLP structure of the developed ANN models
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This neural network structure with 7, 8 and 1 neurons in input, hidden and output layers

respectively were determined to be most suitable for prediction of the EE, Vact and j values.

Data division, network structure, training and optimization algorithms were selected identical

while epoch number was determined different for each ANN model. The specifications that

belong to three different models were summarized in Table 4.6.

Table 4.6 Specifications of the ANN models

Properties

Specification

Number of neurons in the input layer
Number of neurons in the hidden layer
Number of neurons in the output layer
Network type and training algorithm
Transfer function

Performance function

Optimization algorithm

Number of epochs (EE, Vact, J)

Size of data for each model

Data division (training, test, validation), %
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7

8

1

FFBP

Tangent sigmoid
MSE

L-M

286, 186, 281
15122

Random: 55, 35, 10



4.4.3. Performance Assessment of the ANN Models

The hyperparameters of the ANN models was updated to acquire the minimum MSE values
as the performance function for training, test and validation data sets. The models were
trained with the randomly selected data then test and training sections were performed to
evaluate the network performance using the data sets which have not seen in the training.
Iterations were continued until the MSE values reaches minimum to obtain the predicted

results at desired precision as seen in Figure 4.9 for each model.
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Figure 4.9 Performance analysis of training, test and validation data sets in terms of MSE
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Iterations were stopped at different epoch number because the models reached best fit with
varying iteration number. As depicted in Figure 4.9 (a). the developed ANN model for EE
prediction reaches the minimum error (0.0011) at epoch 286. After the best performance
value was reached, the iterations were not continued any longer to prevent the over-fitting of
the network. The MSE value was minimized as 1.2749x10 at epoch 186 for model that
predicts Vact value of the integrated BFBG-SOFC system, can be seen in Figure 4.9 (b). The
0.5645 MSE value reached in 281 iterations proved that the estimation of j was successfully
conducted using developed model as illustrated in Figure 4.9 (c). Likewise, the developed
model for EE prediction, the iterations were finalized shortly after the reaching minimum
MSE values for models developed for prediction of the Vactand j values as well. Drops in
error values displayed the identical tendency for training, test and validation data sets. This
consistent behavior proves that the models were well developed to perform the prediction

processes successfully.

The R? value gives a correlation between estimated and real values. This method is
commonly preferable to measure the prediction capability of the ANNSs. For this study, the
estimated and real values of EE, V4t and j values were compared and results were represented

in Figures 4.10, 4.11 and 4.12 for the training, test and validation data sets respectively.
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Results for training were represented with their respective R? for each model in Figure 4.12.
The observed R?results illustrated that the networks were successfully estimated the EE, Vact
and j values for the integrated BFBG-SOFC process during training. R? values were obtained
greater than 0.999 for each model. It can be said that prediction capability of the models was

proved in terms of R? for training processes.

Although satisfying R? results were obtained for the training processes of the models, it is
not adequate to prove that a generalized model has been created. Therefore, R? parameter
was employed the analysis regression studies for test and validation processes as well.
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As depicted in Figure 4.11 and 4.12, R? between estimated and real values were found quite
close to 1 for test and validation processes of each model. The fairly promising R? values
from test (0.9993, 0.9992, 0.9996) and validation (0.9993, 0.9993, 0.9996) proved the high
prediction accuracy of the models. The data sets showed homogeneous distributions around
the trendlines for training, test and validation data sets of each model. This behavior shows
that the model can establish consistent relationships between input and output parameters
without memorizing. These results also showed that the established models well predicted
the data sets have never been seen during the training without over-fitting.

Moreover, the error between estimated and real values of EE, Vac and j were brought in

Figure 4.13 as error histogram plots.
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As seen in Figure 4.13. the error values displayed similar trend for training, test and validation
data sets. The vertical bar numbers were determined as 20 on the histogram plot. The error
values mostly collected around the zero error and the points close to it as depicted in Figure
4.13. The peak point of the error axis corresponds to zero. The prediction performance of

each model is found trustworthy in convincing level.

The precision of estimation was also analyzed by applying statistical error evaluation terms
that are ME, RMSE, MAPE and MRAE. The results of error evaluation in terms of four
different statistical parameters were summarized in Table 4.7 for training, test and validation

processes of each model.

Table 4.7 Error evaluation results

Parameters Process MAPE RMSE ME MRAE

Training 0.0484 0.0288 -0.0003 0.5830

EE Test 0.0499 0.0299 -0.0011 0.1375
Validation 0.0529 0.0324 -0.0007 0.1011

Training 0.0359 0.0004 8.41x1077 0.0786

Vact Test 0.0354 0.0004 0.6840 0.3852
Validation 0.0352 0.0004 7.71x10°® 0.0608

Training 0.0280 0.7395 -0.0026 0.0712

J Test 0.0280 0.7357 -0.0168 0.0552
Validation 0.0278 0.7513 -0.0486 0.0950

The obtained error values were found very close to zero for training, test and validation data
sets of each model. EE, Vet and j values were estimated with quite low errors, these results
provide a confirmation for model prediction capability. Even though the system is
complicated and influenced by many parameters, the ANN proved to be a powerful tool for
modeling such systems. If the results are compared with the diverse applications that used
ANN as a modeling tool, it was observed that the acquired results gave better outputs [186-
190]. Thus, the obtained results indicated that the developed ANN models well represent the
thermodynamic-based integrated BFBG-SOFC system.
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5. CONCLUSION

Essential conclusions obtained from this thesis study are summarized as below:

In this study, for the first time, a new integrated BFBG-SOFC model developed by using
Aspen Plus.

The developed thermodynamic based integrated BFBG-SOFC model was validated
separately based on BFBG and SOFC with literature studies in Aspen Plus simulation
environment successfully. Thus, the comprehensive data sets were generated from the
Aspen Plus model, which obtained results compatible with the experimental data to train
the ANN models.

The effects of operating conditions on SOFC and BFBG performance were investigated
in developed simulation model where 30 diverse biomass samples were used as fuel by
performing the sensitivity analysis in Aspen Plus program.

It was revealed from the evaluation of syngas composition under varying operating
conditions that steam gasification in BFBG has well potential to produce high H, content
syngas which can be proper fuel for SOFC.

Raising of the operating temperature of SOFC created a positive influence on the EE due
to the increasing rate of the electrochemical reactions. The EE increased remarkably,
between 2-3% for each biomass.

The increment in BFBG temperature created a negative impact on CH4 concentration and
accordingly EE, Vat and j values while the S/B ratio was increased the Hz content
substantially and EE for each sample and it rised above 42% for mustard husk, RDF and
cacao samples particularly.

The novel ANN models which developed to represent the integrated system estimated
the EE, Vact and j values successfully. The results of the examination studies applied to
measure the prediction capability of the models depicted that the developed ANN models
are the effective tools to predict output parameters with good accuracy.

The R? value was found to be greater than 0.999 for the training, testing and validation
results of all models. Moreover, MAPE, RMSE, ME and MRAE which are the other

statistical evaluation parameters, was obtained very close to zero.
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e The ANN proved to be a powerful tool for modeling such complicated systems. Thus,
the obtained results indicated that the developed ANN models well represent the
thermodynamic-based integrated BFBG-SOFC system without to need any complex

calculations and expensive simulation programs.
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