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ABSTRACT

Energy crisis and emerging negative impacts on environment are the leading factors
of industries to increase the share of sustainable resources in the energy production.
Biomass based solutions have become as an alternative for fossil fuels due to its
availability and sustainability. There are several energy conversion method to utilized
biomass, among them. gasification is the one of main energy conversion method.
However, biomass gasification has shortcomings due to the barriers like unpredictable
variability of biomass properties, process complexity, and controllability of the
process.

There are several types of gasification types. Downdraft back bed biomass gasifire is
the most suitable one for small power application (10-1000kW) and it is beneficial
over the other types because of less complexity of construction and low carbon

footprint.

Aim of this study is to develop an artificial neural network based on plant controller
for biomass gasifier. Biomass gasification process model was developed using
feedforward neural network model (FFNN) and neural network based nonlinear
autoregressive model with external output (NNARX). According to results, NNARX
showed the best performance for prediction of process output.

The effectiveness of the neural network based internal model controller (IMC) was
successfully tested for gasification plant. Two experiments were carried out using 12kg
of coconut shells. One experiment plant was run with proposed neural network internal
model controller (NNIMC) while second experiment was done without NNIMC and

blower was operated at constant reference RPM.

Developed NNIMC was tested using 15kW pack bed imbert type downdraft biomass
gasifire and controller algorithms. Performance of introduced IMC was analysed using
72 minutes of continuous plant operation. The analysis revealed that 12% of
gasification efficiency can be improved while increased the performance in terms of
stability by the introduced of NNIMC.
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1.0. INTRODUCTION

1.1. Background

Sri Lankan industrial energy demand is being increased with the population growth
and urbanization [1]. Therefore, the cost of electricity and fossil fuel, which are the
primary energy sources of current Sri Lanka is also continuously going up. In this
context, usage of renewable energy sources is becoming more popular, particularly,
industrial sector is interested in biomass-based solutions to meet their thermal,
electricity and other forms of energy demands due to low cost [4]. At the same time,
biomass is the cheapest energy source available in Sri Lanka. And it also can save the

foreign exchange and minimise the net carbon emission as a developing country.

Biomass is generally all materials that contain organic carbon, produced by plants due
to photosynthesis. It was the oldest fuel for mankind. Although, the discovery of fossil
fuel was a turning point of worldwide energy demand due to its easy applicability
compared to biomass, it has been revealed that the growing energy demand would not
be satisfied only by the currently available fossil fuel reserves. Therefore, researchers
have started searching for alternative methods to convert energy by innovative and

sustainable manner to address the growing demand [5].

Interest towards all renewable energy sources including biomass was renewed during
1970s as a result of crude oil crisis, but development of biomass technologies is yet
impeded by high energy density of fossil fuel with the detection of new fossil fuel
reserves. In 1980s, global warming and climate changes due to emission of CO>
resulting from fossil fuel consumption were thoroughly concerned, and then
documented as an objective of Kyoto protocol to reduce the CO, emissions due to
human activities [6]. Renewable energy sources would have to provide considerable
part of energy requirement in order to attain the Kyoto objective, therefore, in this
century, biomass has become the most vital renewable energy source [4, 6]. At the

same time, there are different types of biomass conversion methods into usable energy.

“Gasification” is one of the process of converting solid fuel, which was invented
during World War 11 [1]. In this process, there is a thermochemical conversion of solid

fuel into high calorific and useful gaseous fuel or chemical products [5], which can
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directly use for internal combustion engine and gas burners. However, this technology
Is still not much acquainted for small scale domestic power generation application.
Because of complexity and operation difficulties of those processes such as
maintaining continuous process output due to process uncertainties and process
disturbances like fuel properties. Most of past researchers tried to overcome those
problems by improving reactor geometry and fuel pre — processing. In this study,
process stability and efficiency is going to be improved using artificial neural network

based control technology, which is highly applicable for non-linear, uncertain process.

1.2.  Significance of the Study

Biomass gasification is renewable and sustainable energy conversion method. This
method is very much effective for developing countries that import fossil fuels.
However, gasification has considerable operational problems arose due to process
nonlinearity and uncertainty of fuel properties. Therefore, past researchers studied
about gasification enhancing reactor geometry. But, there is very little literature on use
of artificial neural networks (ANNSs) and process control techniques for improving
process efficiency and dynamics of biomass gassifire. Therefore, in this research, ANN

with process control is used to enhance efficiency of biomass gasifire.

1.3. Aim
Aim was to develop an artificial neural network based plant controller for biomass

pack bed downdraft gasifire with enhanced efficiency and stable plant output.

1.4.  Objectives
Objectives were to develop

e abiomass down draft gasifier for small scale power application
e agasification plant model

e abiomass gasification plant controller with enhanced plant efficiency.

12



2.0. LITERATURE REVIEW

2.1.  Gasification

“Gasification” is one of the principal energy conversion process, which produces
combustible gas from solid fuel (coal, peat) or biomass that can be consequently used
for internal combustion engine or turbine engine to generate electricity and/or process
heat requirement. The overall efficiency of electricity generation by gasification
process is higher than direct combustion of biomass [5]. Typically biomass gasification
includes steps as drying, pyrolysis, combustion and char reaction (gasification) as
illustrated in Figure 2.1 [7].

Gases
_’ J—
(CO, Hy,
Gas — phase
P CO, Hz, CHa,
iqui reactions
N Liquids . _ H,0, CO;
. : - (tar, oil, (cracking, i .
Biomas [®| Drying [ Pyrolysis | cracking +
reforming,
5%products
Oxygenate combustion,
> d - shift)
Compoun
CO, Hz, CHa,
N Solid Char gasification ,  H:0,CO;
(Char) reactions (gasification, unconverted
combustion, shift) carbon

Combustion Gasification
Figure 2. 1: Schematic Diagram of Gasification Process [6]

Drying zone is the zone where bounded water of biomass irreversibly removes at
above 100°C due to heat from high temperature zone (combustion zone). Moisture
content of fresh wood and dry biomass is usually between 30% - 60% and 10-20%

respectively.

In the stage of pyrolysis, large hydrocarbon molecules in biomass are broken down in
to small hydrocarbons and char due to lack of oxygen at relatively low temperature as
shown in Figure 2.1. Gasification pyrolysis occurs between 300°C - 650°C, which is
called as pyrolysis temperature. Quality of process out puts depends on heating rate

and pyrolysis temperature.
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— = ‘ Methane
J

- w4 Hydrogen
- @=@=@ Carbon dioxide

s =) Carbon monoxide

- ?t Steam
Pyrolysie

Process

Acatic acid

N ' Benzene

Figure 2. 2: Large Hydrocarbons Decomposition into Mall Hydrocarbons during
Pyrolysis Process [7]

Equation 2.1 represents the generic reaction of biomass pyrolysis.
CnHmOP (BiomaSSM’ Zliquid (CXHyOz) + Zgas (CaHbOc) + Hzo +C ...... (21)

Figure 2.3 shows combustion of a biomass particle, where oxygen is richest. Therefore,
particular quantity of gas and liquid which has been realised during pyrolysis contact
with oxygen and burn out. Heavy hydrocarbons (tar) decompose to low weight
hydrocarbons due to higher temperature, and some low weight hydrocarbons burn and
produce CO», CO, H20 and C (char).

Remained char reacts in gasification zone. Steam released from drying and combustion

of hydrocarbons goes through red hot char and produces CH4 and H2 while CO2 from

14



combustion zone reacts with red hot char and create CO. Chemical reactions occur in

gasification zone at 800°C-1000°C are as shown as below.

Radiative and G?s
convecltive
heaat \
Thermal o
boundary ™ Ligquid
layer /
i
N, = Tar » Char
Conduction > -
and pore |
convection | Gas
Primary decomposition Gas-phase secondary
reactions lar-cracking reactions

Figure 2. 3: Combustion of Biomass Particle

2C + 2H20 ——— CO» + CHa (GaSification)  -««---rrererrrrersrememmenns (2.2)
C+HO0 ———>CO+H;(Gasification) —  «veoevvreviiiiiiiiiiin, (2.3)
C+H20 —— CO2+Hp(Gasshift) oo (2.4)
CO +2H2 — > CO30H (Methanol)  coeeeie e (2.5)
C+C0O2 ——>2CO (Boudouard) ~  +reeeerrmrminneereriii (2.6)
CO+3H2 ———H,0 + CHyg (Methanation) — ---eeeeeeeeeemeenemneennnnnnn 2.7)

At higher temperature (1200°C-1400°C), gasification output consists of CO and Ho,
which is called as bio syngas while at lower temperature (800°C-1000°C), gasification
output varies to CO, Hz, CH4 and CxHy [5]. Therefore, gasification temperature is one

of the main process parameter that depends on fuel, gasification agent and rector type.

2.2.  Types of Gasification Reactor and Construction

Gas — solid contacting mode and gasifying medium are the primary classification
factors of gasifiers. Gasifiers are further categorised into three principal types based
on gas —solid contacting mode as entrained flow, fixed or moving bed, and fluidized
bed. Each type of those three subdivides into specific categories as shown in Figure
[5, 7].

The type of gasifier should be selected based on the power generation range. To

illustrate that for small scale power requirement (5kW-10MW) can be provided by
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fixed bed/moving bed gasifire, while medium scale power range fluidized bed are
more appropriate for 5SMW-100MW. Furthermore, entrained flow gasifire is used for
large capacity units (>50MW).

Gasification Technologies

Entrained Flow Fluidized Bed
o Koppers — Totzek e Lurgidry-
gasifier bottom gasifier
e Seimens SFG gasifier e BGL slagging
o E-gas gasifier Moving Bed gasifier
e MHI gasifier Lurgi dry
* EGGLE gasifier bottom gasifier
e BGL slagging
gasifier
Bubbling Twin
bed
dCoa>;lial Opliiﬁsed Circulating
owntiow Downdraft Crossdraft

Updraft

Figure 2. 4: Classification of Gasifier [7]
2.2.1. Fixed/moving bed gasifier
In fixed/moving bed gasifire, fuel particles keep stationary on grate, which is designed
according to relative motion with fuel particle for ash removing and better contact
between char and gases. There are three different reactors such as updraft, downdraft

and cross draft in fixed/moving bed gasifire as illustrated in Figure 2.5.

One of main feature of fixed bed/moving bed gasifier is clearly separated zones as
drying, pyrolysis, combustion and gasification (char burning). This type of reactor is
not effective for large scale power requirement for the reason that poor heat and mass
transfer across the cross section of reactor. However, construction of this type of

gasifire is relatively not expensive and less complex.
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Figure 2. 5: Different Constructions of Fixed Bed / Moving Bed Gasifier (Left to
right: Downdraft, Updraft, and Cross Draft)

2.2.1.1. Updraft gasifire

Updraft gasifire is also called as counter current gasifire, which is the oldest and
simplest of all of designs. Fuel feeds at the top of gasifire while gasification agent
feeds at the bottom of reactor. Then, the gasification agent passes through hot char,
combustion zone, pyrolysis zone and drying zone respectively. Produced gas removes
at the top of the updraft reactor. Updraft gasifire is appropriate for biomass having
higher ash amount (up to 25%) and higher moisture content (up to 60%) [7]. Higher
tar production is the main drawback of this gasifire since it causes a significant damage
for downstream equipment in plant such as, internal combustion engines and gas
burners. All the micro scale cooking gasifier are updraft gasifiers, and dry ash gasifire

and slagging gasifier are examples for commercially available large scale applications.

2.2.1.2. Cross draft gasifier
Cross draft gasifire is another simple gasification design. Unlike co-current or counter

current gasifire, air (gasification agent) enters from side direction of reactor (right hand

side drawing in Figure 2.5) and produced gas removes from opposite side direction of
wall, which air enters. However, fuel entry from upper part of the gasifire is alike other
fixed bed/moving bed gasifire. Cross draft has the most light power capacity, where
output gas directly connects to the internal combustion engine after gas is cleaned [7,

9]. Low respond time for load change and low tar generation are the main advantages
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of this type, thus, it is required a simple gas cleaning system. Cross draft gasifire is not
suitable for fuel contents higher ash amount, but it can handle fuels having higher

moisture.

2.2.1.3. Downdraft gasifier

Downdraft gasifier is a co-current reactor where air enters to gasifier at a certain height
below the top. Product gas flows downward as implies from the name and leaves
through a bed of hot ash as shown in Figure 2.6. Since it passes through high-
temperature zone of hot ash, tar in the product gas finds favourable conditions for
cracking. Therefore, downdraft gasifier has the lowest tar production rate (0.015-
3g/nm?) among all those types [7, 9, and 11]. It is the main reason of downdraft gasifire
for well performance as internal combustion engine. The engine suction draws air
through the bed of fuel, and gas is produced at the end. Furthermore, ignition and
required time for reactor to get active temperature for downdraft gasifire is shorter than

updraft type.

Biomass

Tar o .
Gas, tar «—— lformation 200-500 °C (drying)
500-700 °C (pyrolysis)
Flaming pyrolysis—g=4 4 & sda oo o o |l oo Lo 2N

' 1000-1400 °C

Alr —s— —<+—Air (combustion)

Gasification 800-1000 °C

NMANTMANATANAN -~~~ ~~~~=-=f--=--=---- (gasification)

2 BN
Ash Temperature
Figure 2. 6: Schematic of Downdraft Gasifier and Temperature Gradient with
Height [7]

According to geometrical shape, there are two types of downdraft gasifire; Downdraft

Imbert gasifier and Stratified Downdraft gasifire as illustrated in Figure 2.7.
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(@) (b)

Figure 2. 7: (a) Imbert Downdraft Gasifier, (b) Stratified Downdraft Gasifier [10]

2.2.14. Stratified gasifier

Stratified gasifier is also called as open top, or throat less, where the top is exposed to
the atmosphere, and there is no narrowing in gasifier vessel because walls are vertical
as shown in Figure 2.7(b). Conical groove type fuel flow is avoided in this
construction. Therefore, it is better for low shrinkage fuel (light weight and finer).
Moreover, best performance is in pelletized fuel rather than fine light biomass,
however, additional cost is added for fuel pelletizing. As well as, moisture content of
fuel must not exceed 25%. Similarly, another negative point is that large amount of
residual as ash and dust in the product gas. And lower gasification temperature is

resulted due to higher temperature at exit.

Georges Imbert invented the original design of throated or constricted gasifier in
1920s, which is popularly known as an Imbert gasifier [7] which is displayed in
Figure 2.7(a). It has a cross-sectional area that is reduced at the throat and expanded

afterwards.
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Here, fuel is fed at the top, and then descended along the cylindrical section that serves
as storage. At the height of about one-third of way up from the bottom, air is injected
just above the constriction through nozzles. Air pyrolysis the biomass and all of those
pyrolysis gas is forced to pass through the narrow passage, because oxidation
(combustion zone) facilitates at the narrowest part of the throat. There, pyrolysis
products are burnt. A uniform temperature distribution, char gasification and cracking
of the most of tar are appeared because the entire mass of pyrolysis product moves
through this hot and narrow zone, over the cross-section. However, throated downdraft
gasifiers are not advantageous when scale-up to larger sizes because they do not allow

for uniform distribution of flow and temperature in the constricted area.

2.2.2. Fluidized —bed gasifier

Fluidized - bed is prepared using granular solids, known as bed materials where those
materials are kept in fluidized state (semi-suspended condition) by the passage of
gasifying medium through them at appropriate velocities. Excellent mixing and
temperature uniformity are the key features of the fluidized-bed gasifiers. However,
this type of gasifier is relatively insensitive to fuel’s quality because of this excellent
gas—solid mixing and the large thermal inertia of the bed (Basu, 2006). Hence, risk of
fuel agglomeration is reduced significantly by the temperature uniformity. The
fluidized-bed design is specially evidenced that it is beneficial for biomass
gasification. Tar production rate of this type of gasifier is usually around 10 g/nm?,

which lies between downdraft (~1 g/nm?) and updraft (~50 g/nm?) gasifiers.

2.3.  Gasification Modelling and Control

Marketable fuel or products are created by gasification with the means of low value
feedstock. This conversion process is considerably more complex than combustion,
and influenced by a number of factors, including amount of oxidant, feedstock

composition, gasifier temperature, reactor geometry and mode of gas—solid contact.

Modelling is very effective in order to optimize the operation of an existing gasifier
and explore operational limits instead of sizing of reactor. A model can identify the
sensitivity of gasifier performance according to the variations of different operating
and design parameters [12]. Furthermore, there are different modelling approach, such
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as thermodynamic equilibrium, Kkinetic, computational fluid dynamics and artificial

neural network.

2.3.1. Equilibrium modelling

The maximum yield that can be accomplished a desired product in a reacting system
can be calculated using a thermodynamic equilibrium model. Equilibrium of
thermochemical system is determined based on the equilibrium constant or
minimization of Gibbs free energy [8, 12]. Furthermore, there are two equilibrium
models such as Stoichiometric and Non stoichiometric depending on above two
techniques. Stoichiometric approach requires a detailed specification of all the
chemical reactions and species involved in the model while non-stoichiometric method
is relied on Gibbs free energy minimization. Moreover, in non-stoichiometric method,
it needs not to consider each and every individual chemical reactions in gasifire, but
global chemical reaction which represents the input and output only.

Thermal chemical equilibrium is practically not possible in gasifire reactor [12]
because gasification is a dynamic process. The main advantage of the equilibrium
model is that its independence from gasification geometry. Different authors had been
developed gasification equilibrium models both in non-stoichiometric and
stoichiometric models for downdraft gasifire [20, 21]. The main purpose of
equilibrium modelling is to predict the performance of gasifier in design stage.
However, high computation time is required due to several complex nonlinear
thermochemical equations and equilibrium describes only the stationary gasification
process, thus, equilibrium model is not appropriate for online plant control. Similarly,
equilibrium models do not estimate the difference between required time to reach
equilibrium and residence time, and assume that all reactions reach chemical
equilibrium. But, gasification process involves heterogeneous char reactions that occur

slowly.

2.3.2. Kinetic model
Development of kinetic models to evaluate and imitate the gasifier behaviour is caused
by the inadequacy of equilibrium model to correlate the reactor design parameter with

the final product gas composition. Reaction rate, residence time, reactor
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hydrodynamics (superficial velocity, diffusion rate) and length of reactor are the
kinetic model parameters, therefore, a wide range of dimensions are provided by
kinetic model to investigate the behaviour of a gasifier via simulation. Further, they
are more accurate but intensive in computations. It is difficult to formulate the exact

reaction pathways and simulate for quite extensive process of biomass gasification.

Majority of models model for reduction reaction and often separate sub-models for
pyrolysis, oxidation and reduction. Simplifying the model by separating the overall
process into sub- models of pyrolysis, oxidation and reduction zones provides a better
understanding of downdraft gasifier behaviour [12]. Ozgun Yucel 2016 [22] has
developed a kinetic model for downdraft and predicted the reactor performance for
different throat angles. However, due to nonlinearity and complexity of the model,

gasifire kinetic model is also difficult to use for online plant control.

2.3.3. Artificial neural network modelling

When developing a mathematical model (equilibrium or kinetic modelling), many
idealized assumptions have to be considered due to complexity of the gasifier system.
Anrtificial neural networks (ANNS) is a useful tool especially, when the primary aim is
to optimize the process parameters and output of a complex system. ANNSs are
extensively used in the field of pattern recognition, signal processing, function
approximation and process simulation. However, they have not been used in the field
of biomass gasification modelling, therefore none or very limited literature could be

found on it.

Hybrid multilayer feedforward neural networks (HMFNN) were improved by Guo et
al. (2001) [23] to forecast the plant output of fluidised bed gasifire and they had only
considered temperatures of gas and bed as model inputs. Furthermore, Puig- Arnavat
et al. (2013) [25] developed an ANN model for fluidised bed gasifire. That model
consisted of input output layer; one hidden layer; and composition of the biomass in
terms of C, H, and O, equivalence ratio, gasification temperature, ash and moisture
content as model inputs. Predicted output were percentage values of CO, CO2, H> and

CH4 in produced gas as illustrated in Figure 2.8.
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Figure 2. 8: ANN Model Structure to Predict Produced Gas Composition of CFB
Gasifier [25]
A summary of different biomass gasification models are presented in Table 2.1.
Equilibrium and kinetic models are useful in prediction of gasifier performance under
number of different stationary operating conditions therefore, they are often used for
preliminary design and optimisation purposes. According to [26], many equilibrium
models have been verified just on several particular operating points or with data
derived due to lack of extensive measurements. Less number of artificial intelligence
systems based on biomass gasification models have been reported because ANN

model does not create intensive measurement.

ANN is a universal function approximator that can approximate any continuous
function to an arbitrary precision even without a prior knowledge on structure of the
function that is approximated [24]. Furthermore, ANN models have proven their
potential of forecasting the process parameters in energy related processes such as in
biodiesel production process [27] and applied for different thermochemical reactor
applications such as flotation column, packed distillation column [28,29]. For that,
ANN models use a non-physical modelling approach which correlates input and output

data to form a process prediction.

23



Table 2. 1: Summary of Gasification Modelling

Process Advantages Disadvantages
Modelling
Approach
More realistic process All possible process reactions
= description are not considered as different
ko Extensive  information model reaction coefficients
= regarding process and kinetics constants
2 operation Dependable on the gasifier
k= Good for gasification design
X design and improvement Impractical for online process
purposes control
Independent from Describe  only  stationary
gasifier type and design gasification process
KT or specific range of Do not offer insight in
§ operating conditions gasification process
= Useful in prediction of
= gasifier performance
= under various different
El operational parameters
L Easy to implement
Fast convergence
Applicable for Only some reactions are taken
© describing complex into consideration
5 _ reactions in general Reaction mechanisms must be
E § clearly defined
s = Equilibrium  constants  are
S highly dependable on
@ specific range of process
parameters

Non-
stoichiometric
Model

Simplicity of input data

Describe gasification process
only in general

Artificial

Neural
Network

Model

Do not need extensive
knowledge  regarding
process

Applicable for
process control

online

Depends on large quantity of
experimental data
Many idealised assumptions

Knowledge regarding process
IS needed
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3.0. METHODOLOGY

3.1. Downdraft Gasifire Designing and Implementation

3.1.1. Gasifire sizing

Design of an Imbert type downdraft gasifire is based on the specific gasification rate,
that is also called as hearth load Gp. It is defined as the amount of produce gas to be
obtained per unit cross-sectional area of the throat, which is the smallest area of cross-
section in the reactor. It is generally expressed in terms of Nm3/hcm?, where N
indicates the calculated volume of gas at normal pressure and temperature.
Furthermore, it is reported that the gasifier can be operated with Gy in the range of
0.1-0.9 Nm3/hcm? [7, 14].

Figure 3.1 shows key dimensions of the main design of a downdraft Imbert type
gasifire. As the first step, volumetric gas production rate was determined. Then, Imbert

diameter was calculated.

Figure 3. 1: Design Parameter for Imbert- Type Gasifier

In this research, gasifire plant was designed for engine shaft output of 3-5kW. Typical

efficiency of internal combustion (IC) engine was approximately 20%. Therefore,
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predicted plant output power was 15-25kW. Average heating valve of biomass
downdraft gasifire is 4.6 - 6.00 MJ/m? [13].

Required plant output per hour for 25kW = 25x1000x360
=90 MJ/h

Required volume of produced gas per hour = (Required plant output per hour)

(Produced gas calorific energy)

= 90MJhY/4.6MJIm?
=19.56m%/h

Specific gasification rate = (Volumetric gas production rate)
(Hearth cross section area)

Maximum specific gasification rate for downdraft biomass gasifire was 0.9Nm?/h [14],

therefore, hearth diameter (dn) was calculated as below;

0.9Nm*/h (Gn) = 19.56m3n"}/Hearth cross section area
Hearth cross sectional area = 21.39cm?
Therefore, hearth cross section diameter (dn) = 52.2mm

Likewise, all dimensions of main design were selected according to Table 1, based on
the calculated hearth cross section diameter (dn) of 52.2mm. Therefore, selected hearth
cross section diameter (dn) from Table 3.1 is 60mm. According to Table 3.1, selected

values are 268mm, 150mm, 80mm, and 7.5mm for dr, dr, h, and dm respectively.

Number of nozzles should be an odd number to avoid hitting jet from one nozzle with
the jet of opposite side and ensure a dead space in between. And the total nozzle area
is typically 4 to 7% of the throat area [7]. Therefore, in this design, 5 number of air

inlet nozzles were used.
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Table 3. 1: Sizes of Imbert —Type Gasifier

d/d, d d d& h H R A d, RangeofGas  MaximumWood  Air Blast
(=) (mm) (mm) (mm) (mm) (mm) (mm) (o) (mm) Output(Nm'/h) Consumption (kg/h) Velocity (m/s)

26860 60 268 150 80 256 100 5 75 430 14 24
300100 100 300 208 100 275 115 5 105 10-77 36 294
400130 130 400 258 110 370 155 7 105 17-120 57 326
400150 135 400 258 120 370 155 7 12 21-150 71 326
400175 175 400 308 130 370 155 7 135 26-190 90 314
400200 200 400 318 145 370 153 7 16 33-230 110 312

o ———————————————————————————————————————
Variables not defined in the figure are defined as follows:

I, = inner diameter of the tuyere

A = number of tuyeres
Source [7, 15]
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3.1.2. Gasifire design and implementation
There are various approaches for handling inlet and out gas. It is essential to maintain
a higher temperature inside of the reactor for proper gasification and minimisation of

tar in produced gas [16, 17, and 18]. In Figure 3.2, there are three different produce
gas outlets and reactor contractions.

=

Design 01 Design 02 Design 03

. Dryingzone (7 Pyrolysis zone . Combustion zone

Figure 3. 2: Different Locations of Produce Gas Outlet

Table 3.2 summarises properties of different gas output concepts of above three reactor
designs shown in Figure 3.2.

Table 3. 2: Properties of Different Produce Gas Outlets

Design | Output gas Output gas quality Heat recovery Energy for
No. temperature of reactor biomass drying
01 High Medium ash and dust | High Low
02 High High ash and dust Low Low
03 Low Low ash and dust High High

When temperature of output gas is high, subsequently, it results a low thermal
efficiency and requires an external cooling process because high output temperature
produced gas is not appropriate for internal combustion engine applications. In

addition to that, higher content of ash and dust in produced gas increases a gain for gas
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cleaning. In Design 03 shown in Figure 3.2 has a properly insulated reactor, which
increases the heat absorption for biomass drying, thereby, temperature of produced gas

becomes low whereas thermal efficiency is high.

Figure 3.3 illustrates different orientations for air (gasification agent) inlet. In first
three, air is reached to combustion zone at lower temperature which causes for
reduction of temperature at combustion zone. Low temperature of the reactor leads to
high tar and poor gasification. But, according to fourth orientation, input air is
preheated by produced gas flow and radiation heat come from the reactor. As well as
this can reduce output temperature of produced gas. Thus, finalised conceptual design

of gasifier based on those facts is shown in Figure 3.4.
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Figure 3. 3: Different Air Inlet Concepts
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Figure 3. 4: Finalized Conceptual Design of Gasifire
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3.2.  Gasification Plant Design

Plant arrangement and its equipment depend on energy application and gasifire type.
If produced gas is applied for an internal combustion engine, the plant must have a gas
cooling unit and higher filtering system. However, in this study, direct combustion was
applied as shown in Figure 3.7, because cost of plant construction for IC engine is

more expensive than direct combustion application.

Blower 1

B Toumer

Cyclone

Reactor Filter
Figure 3. 7: Schematic Diagram of Gasification Plant for Direct Combustion

3.2.1. Design of cyclone

Cyclones are simple and inexpensive dust and droplet separators which are fixed to
the very next produced gas outlet of reactor. Hot gas cyclone separators are well suited
to remove solid particles larger than 10 um as a pre-filters. Cyclone separator of this
research was developed relying on proportions shown in Appendix 1 and engineering

drawing of cyclone construction displays in Appendix 2.

3.2.2. Gas moving system

It is important to provide a suitable method to gas for pulling or pushing through the
gasifier where air supply rate is the key parameter. Further, equivalence ratio (ER)
which is defined in Equation 3.1, depends on air supply rate [17, 30, and 31].
Gasification efficiency is high at low ER value. Therefore, performance is better in
terms of pulling than pushing the gas through gasifire. Operation range of downdraft
gasifire is 0 — 20 inch H20 according to [7]. Therefore, 8 inch H20 0.5 hp centrifugal
blower was selected as shown in Figure 3.8.

Actual fuel / air G.1)

Equivalence ratlo (ER) = - - . S
Stoichiometric fuel / air
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Figure 3. 8: 8 inch H20 0.5hp Centrifugal Blower

3.2.3. Swirl burner

The ignition propagation rate of produced gas is low [7, 8] thus, it takes some
considerable time for ignite. In swirl type burner, gas circulation time is more than
direct burner hence it is better to biomass gasification produced gas. Swirl burner
during operation is displayed in Figure 3.9.

Figure 3. 9: Image of Swirl Burner

3.2.4. Instrumentation

Experimental set-up of biomass gasification plant is shown in Figure 3.10.
NI USB6211 analog input output model which was used for data acquisition and
K type thermocouples were used to measure the temperature. Table 3.3 and 3.4 present

all specification about instrumentation equipment (sensors, actuators, controllers and
signal amplifiers).
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Table 3. 3: Specification of Sensors

Requirement

Measurement

Sensor type

Remarks

Temperature
measurement

300°C -1300°c | K
thermocouple

-200 to 1400°C linear
amusement range
= | ow cost

type | =

Air flow rate
measurement

Q)

0 -100m%h

Differential
pressure sensor

» Measures the pressure
different between orifice
plate

= QxvVaAP

Table 3. 4: Specification of Other Equipment

Requirement

Other Equipment

Remark

Data acquisition

NI USB 6211

16 analog input

2 analog output

-10V to 10V and -200mC to 200mV
input output range

4.8uV sensitivity

USB interface

Amplified
signal condition of

and

thermocouple

output voltage

Quarter  channel
analog
thermocouple

amplifier

Compatible for K type
thermocouple

Supply voltage 5-32v

0-10v out put

+/-3°C initial accuracy

Rotary grate motor
speed control

10-90V input
0-15A current out
Max power 1000W
0-5V control signal

Control blower

speed

Variable frequency
controller

Frequency range 0-400Hz
Max power 0.75 kw

230V 50Hz signal phase input
Three phase output
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Figure 3. 10: Experimental Set-up of Downdraft Gasfier

3.3. Al Development

In 1940s, neural networks developed to understand the complexity of the nervous
system for cognitive scientists. Progress of neural networks was steady hence, they
were implemented in many areas of science, mainly inspiration in numerical structures
of ANNSs for learning the process of human brain was remarkable. Diversity of
problems in fields of system identification, forecasting, pattern recognition,
classification, process control was solved using this alternative mathematical tool [32,
33, 34, and 35] and consolidation of theoretical background and development of
underlying learning and optimization algorithms of ANN were caused as a
mathematical tool due to its emerging interest. For an example, modelling in
simulating of chemical process was one of interested research area. Mathematical
difficulties and inaccuracies were found in implementation of mechanistic models that
depends on fundamental material and energy balances as well as empirical
correlations. Neuron-based modelling is a confident substitution for such situations
due to the favourable features entailed in their use such as simplicity, fault and noise
tolerance, plasticity property (retention of predicting efficiency even after the removal
or damage of some of its neurons), black box modelling methodology, capability to
adapt to process changes according to Shahaf and Marom, (2001).

35



3.3.1. Artificial neural network topology

Figure 3.10 shows single-input neuron. There, scalar input p is multiplied by scalar
weight of w to form ‘wp’, which is sent to X. The other input, 1, is multiplied by a bias
b and then passed to X . n is the output of X , often refers as the net input, which goes
into a transfer function f that produces scalar neuron output a (also called as

“activation function” ). Equation 3.2 shows the calculation of neuron output.

AT T (WP D) (3.2)
where,

w and b are adjustable scalar parameters of the neuron

Designer usually selects the transfer function and then the parameters w and b will be
adjusted by some learning rule so that the neuron input/output relationship meets some
specific goal.

Input  Neuron with bias

N N

P ° w I Z n » f a ’
lb

. J
a = f(wp+Db)

Figure 3. 11: Single Input Neuron

Neural Network consists of many transfer functions and appropriate transfer functions
are selected according to network type, training method and application. Most

common are hard-limit, linear and log-sigmoid transfer functions.

Sigmoid type transfer function is widely used for back propagation networks but in
part because it is differentiable. Leaner type transfer functions are used as linear
approximators and hard limit type transfer function is used in “Perceptron,” to create

neurons that make classification decisions [35, 36].
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Generally, a neuron has more than one input. Figure 3.12 displays a neuron with R
inputs where individual inputs are p1, p2,...,pr and wy1,wi2,... ,Wir are weights of
corresponding elements that form weight matrix W. In order to include more detail
and reduce the complexity of network, abbreviated notation is introduced. As shown
in Figure 3.12 (b), solid vertical bar represents input vector P and its dimensions are
displayed as R x1, indicating that the input is a single vector of R elements. These
inputs go to the weight matrix W, which has R columns but only one row in this single
neuron case. Constant 1 enters to neuron as an input and is multiplied by a scalar bias
b. The net input to the transfer function f is n, which is the sum of bias b and product
W,. Output of neuron is a scalar in this case. If there had more than one neuron, the

network output would be a vector.

a = logsigin a = puredinin
(a) (b) (c)

Figure 3. 12: (a) Log — sigmoid Function, (b) Leaner Function, (c) Hard — limit
Transfer Function [35]

A network with several layers are shown in Figure 3.12 where each layer has its own
weight matrix, bias vector, net input vector and output vector as W, b, n and a
respectively. Introducing some additional notation to distinguish between these layers
are essential, therefore, superscripts are used to identify the layers, particularly,
appending the number of the layer as a superscript to the names for each of these
variables. For an example, weight matrix for the first layer is written as W?, and the
weight matrix for the second layer is written as W?2. This notation is used in the three

layer network shown in Figure 3.13.

According to Figure 3.12, there are R inputs, S* neurons in the first layer, S neurons
in the second layer, etc. and different layers can have different numbers of neurons.

The outputs of layers one and two are the inputs for layers two and three. Thus, layer
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2 can be viewed as a one-layer network with R = S inputs, S = S? neurons, and any

weight matrix of S1 x S?is W2. The input to layer 2 is al, and the output is a2.

A layer whose output is the network output is called an output layer while other layers
are called hidden layers. In Figure 3.13, output layer is layer 3 and two hidden layers
are layer 1 and 2.

Input Neuron w Vector Input Input Neuron
N7 A\ r Nfr A
J” ) o
JE: 7] -] @ . \ n o
24 » /> f
. f 1x1 .
p. W
(AN J J
a = {Wp +b) a=fiWp +b)
(a) (b)
Figure 3. 13: (a) Multiple Input Neuron, (b) Abbreviated Notation
Inputs Layer 1 Layer 2 Layer 3

a' =1 (IW"p+b") 2= (LW"a'+b) a' = (LW"a’+b))

a’ = F (LW (LW (IW"'p+b)+b)+b’)

Figure 3. 14: Multiple Layer Neural Network Architecture
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Input Layer 1 Layer 2 Layer 3

Six1 v 52 L 5ix1

ar = f1(IWup +by) a2 = f2(LW21 a1 +b2) a3 =3 (LWs.2a2+b3)

a3 =13 (LW32 {2 (LW21if1 (IWL1p +b1)+b2)<b3 -y

Figure 3. 15: Abbreviated Notation of Multiple Layer Neural Network Architecture

3.3.2. Feedforward neural network

ANNs can be categorized as single and multi-layer feedforward neural networks
(FFNN), feedback neural networks (FBNN), recurrent neural NETWORKS (RNN),
self-organized networks in terms of topology. Moreover, they can be classified in
terms of application, connection type and learning methods. FFNN is the most
common type of networks in the field of modeling and prediction as shown in Figure
3.16, which is composed of one input layer, one output layer and a minimum of one
hidden layer. As implies as its name the way in which the output of the FFNN is
calculated from its input layer-by-layer throughout the network. In this case, cycles are
not formed in connections between network neurons. Building block is a simple
structure called neuron regardless the complexity of network that performs a weighted
sum of its inputs and calculates an output using certain predefined activation functions.
Activation functions for hidden units are needed to introduce nonlinearity into the
network. Most common choices for the activation Sigmoidal functions are logistic,
tanh, and Gaussian function. Linear transfer function is used to output layer because if
last layer of a multilayer network has sigmoid neurons, then the outputs of the network
are limited to a small range. If linear output neurons are used, the network outputs can
take on any value.

Number of neurons and the way in which neurons are interconnected, are used to
define the neural system architecture. The network is fed with a set of input—output
pairs and trained to reproduce outputs. The training is done by adjusting the neurons

weights using an optimization algorithm to minimize the quadratic error between
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observed data and computed outputs. A good reference on the FFNN and their

applications is given by Fine (1999) [36].
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Figure 3. 16: Multi-Layer Feedforward Networks

In order to improve the numerical condition for the optimization problem and for better
behaviour of the training process, input-target training data are usually pre-treated as
explained. Training, validation and testing subsets are the usual three subsets that data
are normally divided. Training subset data are used to accomplish the network learning
and fit the network weights by minimizing an appropriate error function. Back
propagation is the training technique generally used for this purpose which refers to
the method for computing the gradient of the case-wise error function with respect to
the weights for a feedforward network. Independent evaluation of error function using
the validation subset data was carried out to compare the performance of the networks.
To measure the generalization of network, testing subset data are used (i.e. how
accurately the network predicts targets for inputs that are not in the training set) this is

sometimes referred to as holdout validation.

3.3.3. Dynamic network

Dynamic and static are the broad categories of neural networks. There are no feedback
elements for static (feedforward) networks and no delays; the output is calculated
directly from the input through feedforward connections. “Back propagation” is also
used same as FFNN for training of static networks. In dynamic networks, the output
depends not only on the current input to the network, but also on the current or previous

inputs, outputs, or states of the network. Moreover, they can also be divided into two
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categories: those that have only feedforward connections, and those that have

feedback, or recurrent, connections.

3.4. Gasification Plant Control System

First step of developing control system for gasification plant is identifying input,
controlled, manipulated variables and plant parameter which capable to describe plant
performance. Plant input variables for biomass gasifire are calorific value of fuel, inlet

air flow rate and plant output power that depends on calorific value and flow rate of

output gas.
Table 3. 5: Process Variables and Parameters
Manipulated Control variables Disturbance Plant parameters
variables
Input air flow rate | Flue gas | Properties  of | Reactor temperature

temperature fuel

Rotary grate RPM | Flue gas flow rate

Biomass gasification process is a time delaying process according to process dynamic
since changing on upper stream input variable takes a considerable time to respond at
downstream. Also most of the process input and output variables cannot measure
directly like calorific value of product gas and input biomass. Therefore, internal
model controller (IMC) architecture was selected for development of controller of bio
mass gasification. Furthermore, artificial neural network can be used for internal
model control [33, 34]. In this structure, a system forward and inverse model are used
directly as elements within the feedback loop. IMC has been thoroughly examined and

shown to yield transparently to robustness and stability analysis [34].

Figure 3.17 shows a controller architecture of the internal model control. P, C and M
are nonlinear plant, nonlinear controller and nonlinear plant model respectively. F is
first order liner filter. The important characteristics of IMC are summarised with the

following properties [34].
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Property P1: Assume that plant and controller are input-output stable and that the
model is a perfect representation of the plant. Then the closed-loop system is

input-output stable.

Property P2: Assume that inverse of operator describing the plant model exists, that
this inverse is used as the controller, and that the closed-loop system is input-output

stable with this controller. Then the control will be perfect, i.e.y = y®.

Property P3: Assume that the inverse of the steady state model operator exists, that the
steady state controller operator is equal to this, and that the closed-loop system is input-
output stable with this controller. Then offset free control is attained for asymptotically

constant inputs.

All system variables and parameters are shown in Table 3.6 which used to develop
forward plant model. Considered process parameters were same as an input of the

model and biomass gasifire control structure displayed in Figure 3.18.

Difference between plant output and model output is the feedback signal (yr) as in
Equation 3.3 and set value is y* and error (e) is the difference between set value (y®)
and feedback (yf) in Equation 3.4 .Infinity gain is required to be a perfect controller
but it is impossible in real situation and will lead sensitivity problem under model
uncertainty therefore filter (F) was introduced for controller input. F is a linear filter.

M is the forward model of the plant and C (controller) is the inverse model of the plant.

v

Figure 3. 17: Structure of Neural Network Based Internal Model Controller [34]
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\4

Figure 3. 18: Structure of Neural Network Based Internal Model Controller for
Downdraft Gasifier [34]

Table 3.6 shows measurement and symbol of control and manipulated variables and

process parameters of the down draft gasifier.

Table 3. 6: Control and Manipulated Variables, and Process Parameters

Measurement Symbol
Manipulated Inlet air flow rate Output voltage of | Piniet
variables (u) differential pressure
Sensors
Rotary grate RPM | Pulse minute Grpm

Control

variables (y)

(Flue gas
temperature) X
(Flue gas flow
rate)®->

(Thermocouple
voltage) X (Mout Of
differential pressure

sensor)®®

Thurmer X (Pburner )0'5

Process

parameter (q)

Temperature at
throat

Thermocouple

voltage

Tthroat

Disturbance (d)

Properties of fuel
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3.4.1. Plant identification

Development of internal model control is the first step of developing plant model. NN
is the powerful tool for creation of system model for nonlinear dynamic system. Figure
3.19 shows the plant identification structure. Identifying plant when off line is the
advantage in NNIMC.

In order to develop plant model, nonlinear autoregressive network with exogenous
inputs (NARX) model is used while NN time series tool in Matlab is used for
developing the plant model. NARX models are commonly used in the system of
prediction area [35]. The nonlinear autoregressive network with exogenous inputs
(NARX) is a recurrent dynamic network, with feedback connections enclosing several
layers of network and based on the linear ARX model, which is commonly used in

time-series modelling.

'

1 1
1 1
! Lym Y
1 [}
—> — )
| |
1 1
Lol I oM
Learning
Algorithm

A

Figure 3. 19: Plant Identification Structure
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Figure 3.20 illustrates the standard NARX network which consists of two-layer
feedforward network, with a sigmoid transfer function in the hidden layer and a linear

transfer function in the output layer.
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Figure 3. 20: Standard NARX Networks [35]

This network also uses tapped delay lines (d) to store previous values of the input, x
(t) and output, y (t) sequences. First, load the training data and use tapped delay lines
with two delays for both input and output, so training begins with the third data point.
There are two inputs to the series-parallel network, the x (t) sequence and the y (t)
sequence. Notice that the y (t) sequence is considered a feedback signal, which is an

input that is also an output (target). The model can be shown as in Equation. 3.5.
Ve = f(t—l)ry(t—z) v Y(t=d) s Ue=1) U(g=2) s+ =+ y U(y—d) we e (35)

It also has been reported that gradient descent learning can be more effective in NARX

networks than in other recurrent architecture [38, 39].

To generate training data set for gasifire which runs 340 min., average value for each
5s of the input, output variable was record and process parameters were obtained at

the data point of 4080 as a NN model training dataset as shown in Figure 3.21.

Using data in Figure 3.21, NN model for gasification plant was trained and network
structure displayed in Figure 3.22 was achieved NARXNN, and Figure 3.23 displays

response of output element 1 for time series 1, which was a training result of NN based
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biomass gasification model. Further, Figure 3.24 illustrates NN training performance
as best fit at 70 epoch.
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Figure 3. 21: Training Data Set for NN Model
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Figure 3. 22: View of NARX Neural Network
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Best Validation Performance is 0.014319 at epoch 70

Train
Validation
——Taest
Best

Mean Squared Error (mse)

10° 1 | | 1 1 | |
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76 Epochs

Figure 3. 23: Training Result of NN Based Biomass Gasification Model
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Figure 3. 24: NN Training Performance

3.4.2. NN based controller
If the model of plant is invertible, the inverse of plant can be approximated in a similar
way to the plant. This model is then used as the controller as shown in Figure 3.25.
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There are three tanning methods used to train the inverse model of plant. Those
methods are shown in Figure 3.26 (a), (b), and (c) as direct inverse method, specialized

inverse learning structure, and general learning architecture respectively.

A 1

I
1
VS e ! Iu yP
L0 F | s PO
I
1

Figure 3. 25: Controller of Neural Network Based Internal Model Controller

Direct inverse method is an online training method which is used to real plant, however
for development of proper inverse model, training network is required for a long data
range and for it large data is needed. That implies online training is more expensive.
In addition, controller which can get decided output from plant is essential. Therefore,
plant model inverse was selected rather than the inverse of the real plant. Compared to
remaining two training architectures, general learning architecture is the simplest one
[35, 32]. This learning structure also contains a trained forward model of the system
placed in parallel with the plant and error signal for the training algorithm in this case
is the difference between the controller output signal and model input.
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Figure 3. 26: (a) Direct Inverse Method, (b) Specialized Inverse Learning Method,
(c) General Learning Architecture
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4.0. RESULTS AND DISCUSSION

4.1.  ANN Based Biomass Gasification Plant Model

Neural network of three inputs, five neurons in hidden layer with one output was tested
for both two layered feedforward neural network and NARX dynamic neural network.
4608 data points, which were collected during 384 min. from continuous plant
operation were used for model training. Obtained regression of NARX dynamic NN
model and feedforward NN are shown in Figure 4.1 (a) and (b) respectively. According
to Figure 4.1(a), NARX dynamic neural network achieved the best fit curve along with
the line of 45° to the horizontal, which was the well trained NN suitable for energy

prediction (Toumer X Pourmer) Of downdraft gasifier.

Table 4.1 and 4.2 present the obtained parameters (IWj,i, LW, byj, b2) of the best fit
for five neurons in the hidden layer of developed ANN in the forward plant model.
These parameters were used in the proposed model to predict the output values. In

consequence, the proposed ANN model follows Equation 4.1.

_ \'5 1
Ym = Xj=1 [LWL i <(1+e—2?=1(fwj.ipi+b1,j)) + bz)l .................................. 4.1

Table 4. 1: Parameters of Input Layer (Input Weight Matrix)

Tbuner(t)>< Pburner(t)
Tburner(t—l) X Pburner(t—l)

Tthroat(t)
Grpm)
Pinlet(t-1)
Tthroat(t-1)
Grpm(t1)

Pintet(y

-
N
w
SN
o
o
~
©

0.2844 0.9999 0.3057 -0.1324 | -1.0101 | -0.6587 | -2.2376 0.9075
-0.2744 | -1.0746 2.8068 0.1666 1.1018 -2.4252 2.4329 -1.5875
0.3962 0.6605 -0.0390 | -0.4304 | -0.5886 0.0761 -0.6682 1.8631
0.2899 | -0.3880 1.0961 0.9726 -0.8731 | -0.2185 | -0.3413 | -0.5033
-0.5192 | -1.1408 | -1.8412 0.6862 -1.3676 | -0.2501 | -0.9953 | -0.2662

gl B~ W N
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Figure 4. 1: (a) Regression of NARX Neural Network Model, (b) Regression of Feedforward Neural Network
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Table 4. 2: Table Output Weight Matrix and Base Values of Hidden Layer

j 1 2 3 4 5
LW -0.5238 0.7194 0.4295 0.1229 0.3083
b1 0.7461 0.6195 1.3412 -1.1761 -2.0366

Evaluation process based on the neural network weight matrix and Garson equation
[25] were used to assess the relative importance of input variables. Garson proposed
an equation based on the partitioning of connection weights. The numerator describes
the sum of absolute products of weights for each input while the denominator
represents the sum of all weights feeding into hidden unit, taking the absolute values.
The proposed equation, adapted to the present ANN topology, which is presented in
Equation 4.2: where | is the relative influence of the i input variable on the output
variable. The relative importance of different input variables, for each ANN, was
calculated using Equation 4.2, and is illustrated in Figure 4.1. As it can be observed,
all variables have a strong effect on the outputs. It can be noted that inlet air flow rate
(Pintet) had less influenced on output relatively other inputs. Feedback of the output
strongly affected on the prediction of future valve of plant. Because it may be that a
wide range of air flow rate was not used for training the NN, though, air flow rate is
the main control factor generally in combustion system. The effect of rotary grate had
not been considered in most of researches related with the downdraft gasifire, however,

Figure 4.2 shows its impact on plant output.

5 |I” J'.i| > ]
:_ LW,
2]_1|:<Zi8=1 IWj.i *l 1’]|

; ; IWj,i > ]} .........................................................
> 2.= < *|LW N
i 1{ i=1 Z?=1|1Wj,i| | 1 ]l

Figure 4.3 and 4.4 show the testing results of biomass gasifire plant model for 10 min.

Ii=

and 46 min. operation respectively. The mean square error of prediction for both tests
were 5.07876e2 and 1.9317e! respectively.
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4.2. Neural Network Based Plant Controller

Basically NN controller is the inverse model of the process. Plant inverse model, which
generates control inputs of the plant was trained according to plant output feedback.
NN controller of one input and 10 neurons in the hidden layer which generates an
output is required blower RPM. Figure 45 illustrates the view of NARX neural network
of plant inverse model while training performance of plant inverse model is shown in
Figure 46.

4 NARX Neural Network (view) - O

Figure 4. 5: View of NARX Neural Network of Plant Inverse Model (Controller)

Figure 4.7 shows the data set, which was used to train neural network controller. The
blue colour line represents the blower RPM in Volt. It is feedback of the variable speed
controller (Shenzhen EDS800 0.55kW). The orange line displays the amplified DC
signal of flue gas temperature. They were measured to attain proper training dataset

for gasifire to be operated at various blower speeds.

Developed neural network gasification plant model and neural network plant inverse
model were used to create neural network internal model plant controller to control the
biomass downdraft gasification plant. There, developed gasification model and plant
inverse model were used as the internal model and control block respectively.
Afterthat, designed controller using MATLAM was implemented on LabVIEW
graphical inter face. The LabVIEW programme blog diagram is attached in Appendix
03.
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Two experiments were arranged to investigate the performance of proposed IMC
system for biomass downdraft gasifire. In first experiment, gasifire was operated with
the proposed IMC system using 12kg of coconut shells. Set value was fixed during the
operation as the ash colour line in the Figure 4.8. Step response was provided at
t = 306, and t = 465 to controller within the range of set value from 960 K to 980K.
According to the Figure 4.8, flue gas temperature follows the set value and it levells

off all over the operation as indicated in orange line.

Secondly, gasifire was operated at constant blower speed of 3260 rpm for 12kg of
coconut shells. Blue colour line represents the flue gas temperature at burner and it is
not stable in second experiment. Also, ignition was disturbed and flame did not appear

particularly at the lowest temperature points.
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Figure 4. 8: The Graph of Flue Gas Temperature vs. Time

Figure 4.9 displays the variation of power output for both experiments. Flue gas flow
rate was remained at a constant value of 0.029kg/s, therefore, variation of power output

is proportionate to the flue gas temperature changes.

Total energy output without controller =73878.75 kJ
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Total energy output with IMC = 83201.58 kJ
Energy content for 12kg of coconut shells = 14644 kJ/kg x 12kg

= 175728kJ

_ 738785
17572.00

Gasification efficiency (without controller) x 100%

=42.04%

_ 83201.58
175728.00

Gasification efficiency (plant operated by IMC) X 100%

=47.34%

_ 47.34-42.04

Efficiency improving over normal operation 704

x 100

=12.60%

According to the calculated result, gasification efficiency of the downdraft gasifire
operated under introduced IMC system and without IMC are 47.34% and 42.04%
respectively. The overall improvement of efficiency is 12.60%.
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Figure 4. 9: The Graph of Power Output vs. Time

Figure 4.10 shows the fluctuation of the error during the operation with IMC system.

The plant output gently reaches to set temperature, while error moves from (-10) to
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zero until t = 250 from the beginning. Also, moving average of the error remains at
zero up to t = 313. The set point of burner flue gas temperature increases to 983K at
t =306 as in Figure 4.8 and at the same time, error presents a swift rise of positive 20K
at around t = 313 as displayed in Figure 4.10. Rapid changes indicated by blue color
line in Figure 4.10 at t = 313,391,495 and 560 are resulted due to variations of set

temperature in burner.

30

Error (K)

Time (in 5 seconds)

—Error ——25 per. Mov. Avg. (Error)

Figure 4. 10: The Graph of Error vs. Time

DC voltage signal is the output of neural network control, which illustrated in Figure
4.11. The orange colour line represents the moving average of blower RPM .There is
a significant deviation near t = 306 and t = 676 as a result of fluctuation in set flue gas
temperature. Initially, RPM decreases from 3265 to 3260 while variation of error at
the beginning shifts from zero to (-10) as displayed in Figure 4.10. When flue gas
temperature is high, blower RPM remains at a higher value. Also, while set value of

flue gas temperature decreases, blower RPM slowly reaches to a lower value.

Figure 4.12 and 4.13 show temperatures at different locations; char and throat, when
gasifier was operated with and without proposed internal model control. According to

the temperature variations, introduced IMC system operates the gasifire at higher
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process temperatures. Higher gasification temperatures reflect a better oxidation, low
tar production and higher calorific value of syngas [11].
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Figure 4. 11: The Graph of Blower RPM vs. Time

Higher gasification temperatures provide better CO, CH4 and H formation rate which
lead to higher syngas heating value which is shown in Figure 4.8. When introduced
IMC system operates gasifire, flue gas temperature of the burner is higher than without
IMC. There are high temperature impulses indicated by orange colour line in Figure
4.12 at around t = 309 and 50. Those are resulted by the stuck char particles at throat.
When the pressure difference increased by them across the throat, it causes a rapid
high air flow and consequently flame at combustion area goes to char burning zone
and throat.
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5.0. CONCLUSION

In this study, main objectives were to develop a biomass downdraft gasifire for small
scale power application and process model to forecast process output, and thereby
create a plat controller for enhancing the efficiency. Biomass downdraft gasifire was
developed and modeled using artificial neural networks. Then, the model output was
tested with actual process outputs. Based on the literature review and analysis of
measured data, two different modelling approaches for prediction of process parameter
have been developed which were depend on dynamic network architecture and
feedforward NN architecture. According to model validation results, dynamic neural

network was performed well than the feedforward neural network.

Relative influence of all parameters were calculated using Equation 4.2. The analyzed
results show that the plant output, rotary grate rpm, temperature at throat and
temperature of char have a significant influence on predicting future plant output. That
was the reason for better performance of dynamic neural network in prediction than
feedforward neural network. However, result of relative influence of air flow (Piniet)
is required to train for wide range of air flow in the network. Most of researchers had
not considered about effect of rotary grate dynamics when developing process model.
But, according to the results of this study, it is depicted that importance of evaluating

rotary grate dynamics and its effects.

Internal model based control architecture was used for developing plant controller
because of high process nonlinearity of biomass gasification process. Plant inverse
model was also developed by using neural network. And developed biomass
gasification plant model was then used as the internal model. The neural network
technics can be easily combined with IMC control architecture. Furthermore,
according to the results, neural network can be effectively used to model and control

nonlinearity system.

Figure 4.8, 4.9 show that the syngas production stability is improved by IMC all over
the plant operation. At the same time, IMC increases power output of the gasification.
However, the plant output takes more time to reach to the set value because gasification

is time delaying process.

63



During the development of plant model, it revealed the importance of grate shaking
effect. However, the effect of grate shaking could not be considered for implementing

the control because of a technical problem i.e., burnout of the grate shaking motor.

In this research, the neural network based IMC has been trained only for coconut
shells. Therefore, this plant control may not applicable for other biomass types. As
future directions, network should be developed for different biomass with different

physical properties.

Moreover, gasification plant with internal combustion engine is one of very popular
application. However, composition of gasification produced gas is not constant. This
issue disturbs for smooth running of internal combustion engine because of the ignition
preparation of gas component is different, for an example, ignition propagation of H:
Is high and ignition propagation of CO is very low than H,. Therefore, advanced

predictive controller will be an effective solution for smooth governor control.

64



REFERENCES

[1]

[2]

[3]

[4]

[5]

[6]

[7]
[8]

[9]

[10]

[11]

[12]

Sri Lanka Sustainable Energy Authority “’Sri Lanka Energy Balance 2007
and Analysis of Energy Sector Performance’’, Chapter 5, 2017

Training Workshop on Biomass to Energy in Industrial Applications
Organized by Sri Lanka Sustainable Energy Authority Funded by United
Nations Development Project, 2015.

Fournel, S., Palacios, J.H., Morrissette, R., Villeneuve, J., Godbout, S., Heitz,
M., and Savoie, °’ Influence of biomass properties on technical and
environmental performance of a multi-fuel boiler during on-farm combustion
of energy crops’’, Applied energy, 141, 2015, pp. 247-259

Johansson, T.B.; Kelly, H.; Reddy, A.K.N.; Williams, R.H. Renewables for
fuels and electricity, 1992, UNCED.

K. Milieuonderzoek, et al, > Review of applications of gases from biomass
gasification- ECN Biomass’’, 2006.

R. Budhathoki, “’Three zone modeling of Downdraft biomass Gasification:
Equilibrium and finite Kinetic Approach‘’, 2013.

P. Basu, Biomass Gasification and Pyrolysis, 1st Ed.

Available: http://www.bios-bioenergy.at/en/electricity-from
biomass/biomass-gasification.html accessed on 22/ 11/2016

Available: http://biofuelsacademy.org/web-
modules/process/gasification/cross-draft-gasification/ accessed on

22/ 11/2016

A. Z. Mendiburu, et al, <> Thermochemical equilibrium modelling of a
biomass downdraft gasifier: Constrained and unconstrained non-
stoichiometric models’’, Energy, xxx, 2014, pp. 1-14.

A. Z. Mendiburu et al, > Thermochemical equilibrium modeling of biomass
downdraft gasifier: Stoichiometric models’’, Energy xxx, 2014, pp. 1 — 14.
T. K. Patra and P. N. Sheth, *’Biomass gasification models for downdraft
gasifier: A state-of-the-art review’’, Renewable and Sustainable Energy
Reviews, 50, 2015, pp. 583-593.

65


http://85.25.64.83/docs/Gasifiers/Review_Applications_Of_Gases_From_Biomass_Gasification_2006.pdf
http://85.25.64.83/docs/Gasifiers/Review_Applications_Of_Gases_From_Biomass_Gasification_2006.pdf
http://www.bios-bioenergy.at/en/electricity-from%20biomass/biomass-gasification.html
http://www.bios-bioenergy.at/en/electricity-from%20biomass/biomass-gasification.html
http://biofuelsacademy.org/web-modules/process/gasification/cross-draft-gasification/
http://biofuelsacademy.org/web-modules/process/gasification/cross-draft-gasification/

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

P. N. Sheth and B.V. Babu, °° Experimental studies on producer gas
generation from wood waste in a downdraft biomass gasifier’’, Bio resource
Technology, 100, 2009, pp.3127-3133.

V. V. N. Kishore, Renewable Energy Engineering and Technology:
Principles and practice.

Handbook of biomass downdraft gasifire system,1988.

N. S. Barman et al, ‘’Gasification of biomass in a fixed bed downdraft
gasifier — A realistic model including tar’’, Bio resource Technology, 107,
2012, PP. 505-511.

H. Ghassemi and R. Shahsavan - Markadeh, “’Effects of various operational
parameters on biomass gasification process; a modified equilibrium model”’,
Energy Conversion and Management, 79, 2014, pp. 18-24.

L. E. Taba et al, *'The effect of temperature on various parameters in coal,
biomass and CO-gasification: A review’’ Renewable and Sustainable Energy
Reviews, 16, 2012, pp. 5584-5596.

R. Mikulandric et al, > Process performance improvement in a co-current,
fixed bed biomass gasification facility by control system modifications’’
Energy Conversion and Management, 104, 2015, pp. 135-146.

A. Z. Mendiburu et al, Thermochemical equilibrium modeling of a biomass
downdraft gasifier: Constrained and unconstrained non-stoichiometric
models, Energy xxx, 2014, pp. 1-14.

A. Z. Mendiburu et al, “’Thermochemical equilibrium modeling of biomass
downdraft gasifier: Stoichiometric models’’, Energy 66, 2014, pp.189 — 201.
O. Yucel, and M.A. Hastaoglu, ’Kinetic modeling and simulation of throated
downdraft gasifier’” Fuel Processing Technology, 144, 2016, pp.145-154.
Bing Guo et al, “’Simulation of biomass gasification with a hybrid neural
network Model’’ Bio resource Technology, 76, 2001, pp. 77-83.

Robert Mikulandric et al, “’Artificial neural network modelling approach for
a biomass gasification process in fixed bed gasifiers’” Energy Conversion and

Management, xxx, 2014, pp. XXX—XXX.

66



[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]
[36]

M. Puig-Arnavat et al, “’Artificial neural network models for biomass
gasification in fluidized bed gasifiers’’, Biomass and bioenergy, 49, 2013, pp.
279-289.

T. Y. Ahmed et al, “’Mathematical and computational approaches for design
of biomass gasification for hydrogen production: A review’’ Renewable and
Sustainable Energy Reviews, 16, 2012, pp. 2304— 2315.

R. Piloto-Rodriguez et al, <’Prediction of the cetane number of biodiesel using
artificial neural networks and multiple linear regression’’ Energy Conversion
and Management, 65, 2013, pp. 255-261.

S. Mohanty, ¢’ Artificial neural network based system identification and
model predictive control of a flotation column’’, Journal of Process Control,
19, 2009, pp. 991-999.

J. C. Macmurray and D. M. Himmelbealj, ©° Modeling and Control of A
Packed Distillation Column Using Artificial Neural Networks’’, Computers
chem. Lligng, 19(10) 1995, pp.1077-1088.

C. Di Blasi, ©° Dynamic behaviour of stratified downdraft gasifiers’’
Chemical Engineering Science, 55, 2000, pp. 2931-2944.

J.J. Hernandez et al, ©° Characterisation of tars from biomass gasification:
Effect of the operating conditions’” Energy 50, 2013, pp. 333-342.

F. S. Mjalli, et al, “’Use of artificial neural network black-box modeling for
the prediction of wastewater treatment plants performance’’, Journal of
Environmental Management, 83, 2007, pp.329-338.

K.J. Hunt, and D. Sbarbaro, ‘’Neural networks for nonlinear internal model
control”’, IEE Proc.-D, 138(5), 1991.

K. J. Hunt et al, “’Neural Networks for Control Systems Survey’’ 1992
International Federation of Automatic Control Automatica, 28 (6), 1992, pp.
1083-1112.

Matlab NN Tool Box User Guide.

M. T. Hagan and H. B. Demuth, “’Neural Networks for Control’’Proc.
American Control Conference, San Diego: California, 1999.

67



[37]

[38]

[39]

[40]

T. L. Fine, “’Feed Forward Neural Network Methodology’’, New York,
Springer, 1999.

B.G. Horne, and C.L. Giles, ° An Experimental Comparison of Recurrent
Neural Network’’, 1995, pp.697.

J. M. Caswell, > A Nonlinear Autoregressive Approach to Statistical
Prediction of Disturbance Storm Time Geomagnetic Fluctuations Using Solar
Data’’ Journal of Signal and Information Processing, 5, 2014, pp. 42-53.

G. Mustafaraj, et al, ”Prediction of room temperature and relative humidity
by autoregressive linear and nonlinear neural network models for an open
office’” Energy and Buildings, 43,2011, pp. 1452-1460.

68



ANNEXES

69



Appendix 1

260005

Figure 1.a: Proportions of a High Efficiency Cyclone [15]
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Appendix 2
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Figure 2.a: Engineering Drawing of Cyclone Construction
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Appendix 3
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Figure 3.a: LABVIEW Block Diagram
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