
 

 

  

Abstract—The use of renewable energy sources becomes more 

necessary and interesting. As wider applications of renewable energy 

devices at domestic, commercial and industrial levels has not only 

resulted in greater awareness, but also significantly installed 

capacities. In addition, biomass principally is in the form of woods, 

which is a form of energy by humans for a long time. Gasification is 

a process of conversion of solid carbonaceous fuel into combustible 

gas by partial combustion. Many gasifier models have various 

operating conditions; the parameters kept in each model are different. 

This study applied experimental data, which has three inputs, which 

are; biomass consumption, temperature at combustion zone and ash 

discharge rate. One output is gas flow rate. For this paper, neural 

network was used to identify the gasifier system suitable for the 

experimental data. In the result,neural networkis usable to attain the 

answer. 
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I. INTRODUCTION 

HE use of renewable and sustainable energy resources 

will play a major role in many aspects of electricity 

generation. In particular, due to environment issues and ever 

increasing energy demands, the world is forced to look for 

alternative energy sources. Also, it is anticipated that shortage 

of hydrocarbon fuel will be inevitable. In terms of population 

growth, it has been estimated that by the year 2060, the world 

population will be in excess of 12 billions. Currently, over 

80% of the crude oil reserves are under the control of only 

eight countries. Therefore, a number of strategies, such as 

special tariff and subsidy agreements, have been established in  
 many countries in order to stimulate the research and 
utilization of alternative energy sources [5][6]. 

Biomass is organic material, which has stored solar energy 
 from sunlight in the form of chemical in the plants through 
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the process called photosynthesis. Biomass fuels include 

agricultural wastes, crop residues, wood, and woody wastes 

etc. Unlike fossil fuels, biomass does not add carbon dioxide 

to the atmosphere as it absorbs the same amount of carbon 

while growing. It is the cheapest, eco-friendly, renewable 

source of energy [4]. 

Power generation from biomass has emerged as a very 

interesting complement to conventional sources of energy 

because of its contribution to the reduction of green house 

gases [1]. Biomass is recognized to be one of the major 

potential sources for energy production. There has been an 

increasing interest for thermochemical conversion of biomass 

and urban wastes for upgrading the energy in terms of more 

easily handled fuels, namely gases, liquids, and charcoal in the 

past decade. It is a renewable source of energy and has many 

advantages from an ecological point of view [2]. Biomass 

fuels are characterized by high and variable moisture content, 

low ash content, low density, and fibrous structure [3]. 

Biomass gasification is a technology that transforms solid 

biomass into syngas. It is an important and efficient energy 

conversion technology along with interventions to enhance the 

sustainable supply of biomass fuels can transform the energy 

supply situation in rural areas [2]. 

Gasifier system is an important part to produce fuel gas. 

This paper studied the experimental data which have three 

inputs; biomass consumption, temperature at combustion zone 

and ash discharge rate. Only output is gas flow rate. This is the 

energy conversion technologies which is suitable for small-

scale. 

Backpropagation algorithm refers to the gradient descent 

algorithm based on the Widrow-Hoff learning rule, in which 

the network weights are moved along the negative of the 

gradient of the performance function. The term 

backpropagation refers to the manner in which the gradient is 

computed for nonlinear multilayer networks. There are a 

number of variations on the basic algorithm that are based on 

other standard optimization techniques.[8] 

This paper is divided into five sections. Section 2 presents 

gasification system. Section 3 presents neural network. 

Section 4 shows results. Finally, conclusions are presented in 

section 5. 

II. BIOMASS GASIFICATION 

Biomass gasification is a Technology that transforms solid 

biomass into syngas (hydrogen and carbon monoxide mixtures 

produced from carbonaceous fuel). Biomass fuels are 
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characterized by high and variable moisture content, low ash 

content, low density and fibrous structure. In comparison with 

other fuels, they are regarded as of low quality despite low ash 

content and very low sulfur content [1]. Biomass gasification 

system consists of 2 main parts. They are gasifier and gas 

cleaning system. For the first part, this paper used downdraft 

gasifiers which are simple and robust. The gas exiting the 

reactor flowed through a cyclone and scrubbers just to remove 

a dust and the tars. Next, the clean gas passed through several 

heat exchangers to condense water vapor. After that, the gas 

was conditioned to be used in the internal combustion engine 

[1]. Figure 1 show the biomass gasification system which 

consists of gasifier, gas cleaning system and engine-generator. 

 

 
Fig. 1 Shows biomass gasification system 

 

A. Gasifier 

Biomass gasification converts solid biomass into more 

convenient gaseous form. This process is made possible in a 

device called gasifier. The gasifier was a cylindrical reactor 

which had the moving bed of biomass rested on a perforated 

eccentric rotating grate which was at the bottom of the 

gasifier. The ash fell through the perforated grate to be 

collected in a lower chamber. The biomass feeding at the top 

of gasifier after that biomass was burnt in process zones. 

Finally, the gasifier received producer gas [4].This is the 

energy conversion technologies which is suitable for small-

scale. Figure 2 shows process zone for downdraft gasifiers.  

B. Process zone 

Four distinct process take place in a gasifier as the fuel 

makes its way to gasification. They are[7]: 

a) Drying zone 

b) Pyrolysis zone 

c) Combustion zone 

d) Reduction zone 

 
 

 

III. BACKPROPAGATION NEURAL NETWORK 

Backpropagation is one of the self-learning methods of 

ANN to give desired answers. ANN is a parallel computing 

system emulating the ability of the biological neural network 

by interconnecting many artificial neurons. A three-layered 

network with an input layer, a hidden layer, and an output 

layer is depicted in Fig.1. Each layer consists of several 

neurons and the layers are interconnected by sets of 

correlation weights. The neurons receive inputs from the 

initial inputs or the interconnections and produce outputs by 

transformation using an adequate nonlinear transfer function. 

A common transfer function is the sigmoid function expressed 

by [8] 

 

[ ] ( )
( )

1
. logsig ,

1 n b
f n b

e− +
= =

+                          

(1) 

 

Whereas: 

n is summation output 

b is bias adjust 
 Based on the schematic relationship shown in Fig. 1 [5] 

 

Fig. 2 Shows process zone for downdraft gasifiers

World Academy of Science, Engineering and Technology
International Journal of Chemical and Molecular Engineering

 Vol:5, No:12, 2011 

1094International Scholarly and Scientific Research & Innovation 5(12) 2011 ISNI:0000000091950263

O
pe

n 
Sc

ie
nc

e 
In

de
x,

 C
he

m
ic

al
 a

nd
 M

ol
ec

ul
ar

 E
ng

in
ee

ri
ng

 V
ol

:5
, N

o:
12

, 2
01

1 
pu

bl
ic

at
io

ns
.w

as
et

.o
rg

/5
31

/p
df



 

 

 
Fig. 3 Showsstructure of backpropagation network 

  

Fig.3 shows structure of backpropagation neural network.  

Input patterns have P1, P2,…, PR, 
1a  to be output of hidden 

layer 1 and to be input of hidden layer 2,
2a  to be output of 

hidden layer 2,
3a  to be final output. 

1f ,
2f and 

3f are 

transfer functions
1a ,

2a and
3a can get from the algebraic 

equation as following could:[9] 

 

1 1 1
1,1( )= +a f IW P b                             (2) 

2 2 1 2
2,1( )= +a f LW a b                        (3) 

3 3 2 3
3,2( )= +a f LW a b

                       
(4) 

Whereas: 

1,1IW is weights value connections between input layer with 

hidden layer 1 

2,1LW is weights value connections between hidden layer 1 

with hidden layer 2 

3,2LW is weights value connections between hidden layer 2 

with output layer 
1b  is bias value in hidden layer 1 
2b is bias value in hidden layer 2 
3b is bias value in output value 

 

In the learning process of backpropagation, the 

interconnection weights are adjusted using an error 

convergence technique to obtain a desired output for a given 

output. 

IV. RESULTS AND DISCUSSION 

Neural network was successfully applied to estimate gas 

flow rate.Fig.4-11 show comparison of gas flow rate with 

observed data set 1 and backpropagation network which 

various number of neuronswhich use tansig-purelin function. 

Fig.4-7 show gas flow rate with 5-1 network. Fig.8-11 show 

gas flow rate with 10-1 network.Fig.12-19 show comparison 

of gas flow rate with observed data set 2 and backpropagation 

network which various number of neurons which use tansig-

purelin function. Fig.12-15 show gas flow rate with 5-1 

network. Fig.16-19 show gas flow rate with 10-1 network. In 

the result, neural network which use 10-1 network was better 

to get the answer. 

 
 

Fig. 4 Comparison of gas flow rate with training data set 1 and 5-1 

network 

 
 

Fig. 5 Gas flow rate error with training dataset 1 and5-1 network 

 
 

Fig. 6 Comparison of gas flow rate with testing data set 1 and5-1 

network 

0 5 10 15 20 25 30 35 40
180

190

200

210

220

230

240

250

260

270

280

Time(hours)

G
a
s
 f
lo
w
 r
a
te
(k
g
/h
)

Target

ANN

0 200 400 600 800 1000 1200 1400 1600 1800
10

-6

10
-5

10
-4

10
-3

10
-2

10
-1

10
0

1964 Epochs

T
ra
in
in
g
-B
lu
e
  
G
o
a
l-
B
la
c
k

Performance is 0.000308499, Goal is 1e-005

0 5 10 15 20 25 30 35 40
180

190

200

210

220

230

240

250

260

270

280

Time(hours)

G
a
s
 f
lo
w
 r
a
te
(k
g
/h
)

Target

ANN

World Academy of Science, Engineering and Technology
International Journal of Chemical and Molecular Engineering

 Vol:5, No:12, 2011 

1095International Scholarly and Scientific Research & Innovation 5(12) 2011 ISNI:0000000091950263

O
pe

n 
Sc

ie
nc

e 
In

de
x,

 C
he

m
ic

al
 a

nd
 M

ol
ec

ul
ar

 E
ng

in
ee

ri
ng

 V
ol

:5
, N

o:
12

, 2
01

1 
pu

bl
ic

at
io

ns
.w

as
et

.o
rg

/5
31

/p
df



 

 

 
Fig. 7 Gas flow rate error with testing dataset 1 and5-1 network 

 
Fig. 8 Comparison of gas flow rate with training data set 1 and10-1 

network 

 

 
 

Fig. 9 Gas flow rate error with training dataset 1 and 10-1 network 

 
Fig. 10 Comparison of gas flow rate with testing data set 1 and10-1 

network 

 
Fig. 11 Gas flow rate error with testing dataset 1 and 10-1 network 

 

 
 

Fig. 12 Comparison of gas flow rate with training data set 2 and5-1 

network 
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Fig. 13 Gas flow rate error with training data set 2 and 5-1 network 

 
Fig. 14 Comparison of gas flow rate with testing data set 2 and5-1 

network 

 
Fig. 15 Gas flow rate error with testing data set 2 and 5-1 network 

 
Fig. 16 Comparison of gas flow rate with training data set 2 and10-1 

network 

 
Fig. 17 Gas flow rate error with training data set 2 and 10-1 network 

 
Fig. 18 Comparison of gas flow rate with testing data set 2 and10-1 

network 
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Fig. 19 Gas flow rate error with testing data set 2 and 10-1 network 

V. CONCLUSION 

Gasifier system is an important part to produce fuel gas. It 

is good practice to know the function which can be used to 

predict the results. This study applied the experimental data 

which have three inputs that entry the system are biomass 

consumption, ash discharge rate and temperature at 

combustion zone. Output of system is gas flow rate, which is 

fuel gas that used in the internal combustion engine. In the 

results, backpropagation neural network can identify gasifier 

system to attain an answer and 10-1 network is suitable for 

using for this experiment. 
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