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Abstract

Itis well known that the energy content of fuel is characterized by its calorfic value which is usually
measured by using a bomb calorimeter. In many analyss, the calorfic value is usually related with the
proximate analysis results. In this study, the calorifc value predicting program based on the proximate
analysis data using the fuzzy inference system with Mamdani method has been developed. In our
analysis, the proximate analysis data of moisture and volatile matter contents are used as input and
the calorific value as output. The results showed that the influence of the moisture content is more
dominant in determining the calorific value of fuel than volatile matter content. The performance of the
calorific value predicting program also shown that the prediction error is about 0.75% to 5.2%. The

obtained calorific value is well reproduced the experimental data.
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Performance of Fuzzy Inference System for
Calorific Value Predicting by Using The Mamdani
Method
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Departement of Physics, Faculty of Mathematic and Natural Sciences, Halu Oleo University
Kampus hijau bumi tridharma, Anduonuhu, Kendari, 93232, Sulawesi Tenggara, Indonesia
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ABSTRACT

It is well known that the energy content of fuel is characterized by its calorific value which is
usually measured by using a bomb calorimeter. In many analysis, the calorific value is usually
related with the proximate analysis results. In this study, the calorific value predicting program
based on the proximate analysis data using the fuzzy inference system with Mamdani method
has been developed. In our analysis, the proximate analysis data of moisture and volatile matter
contents are used as input and the calorific value as output. The results showed that the influence
of the moisture content is more dominant in determining the calorific value of fuel than volatile
matter content. The performance of the calorific value predicting program also shown that the
prediction error is about 0.75% to 5.2%. The obtained calorific value is well reproduced the
experimental data.

Keywords: calorific value, moisture content, volatile matter content, fuzzy inference system,
Mamdani method

INTRODUCTION

During the time, the world energy demand is increasing. This means that we need the
sustainable and renewable energy. One of the alternative renewable energy is biofuel. The
source of biofuel can be obtained from the biomass. Many researchers try to produce and
characterize biofuel from some kind of biomass in order to find a biofuel with good quality
for domestic cooking applications!'?l. Biofuel quality might be described by its calorific
value and proximate analysis results i.e. moisture, volatile matter, fixed carbon and ash
contents.

The calorific value is the heat quantity of a unit weight of fuel after being completely burned.
In general, the fuel quality depends on its energy content. And it well accepted that the
biofuel energy content is characterized by the calorific value3l. The high moisture content
decrease the calorific value during combustion, since a big part of fuel energy are required
for reducing moisture content. On the other hand, the high volatile matter content increase
ignition process and combustion rate but it rise a more smokel**l, At the end, the high fixed
carbon content increase the calorific value because the remaining char after devolatilisation
process is reacted with oxygen to release heatl!l. Ash is non-combustible element of
biomass so its existence decrease the calorific value and combustion ratel®7].

The calorific value is usually measured by using a bomb calorimeter. The bomb calorimeter
is a sophisticated experimental apparatus which requires expertise in its operation. Also the
calorific value can be estimated based on proximate analysis and this procedure is more
cheaper, easier and faster to conduct®°l. Therefore some researchers interested to find the
mathematical model of relation between the calorific value and the proximate analysis
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results. Initially, the research object focused for predicting the calorific value of coal based
on proximate analysis. Some of them applied multiple linear regression, artificial neural
network and adaptive neuro-fuzzy inference system on their modelling!®!%!1:12], Nowadays
other researchers also predict the calorific value of biofuel based on proximate analysis
result using equation linier and non linier and least square regression analysis(’!3],

In our previous study, we used fuzzy inference system for developing the calorific value
predicting program. In this program, the Tsukamoto method was chosen as method for fuzzy
inference system(!4l, We found that our program can explained the experimental caloric
value quite satisfactory. However, many researcher have also used another method for the
fuzzy inference system that is the Mamdani method!'3]. This method has been proven that it
can quite well explained the problem in many research areas such as engineering, agriculture
and medicall!>1%1718] Tn this respect, we then developed the calorific value predicting
program based on this method. We focus on investigating the performance of this program
and compared the results with the ones obtained by program previously developed!!“l.

METHODS

It is known that the fuzzy logic has three main steps i.e., fuzzification, fuzzy inference and
defuzzification!'®]. Fuzzification changes crisp values of input to fuzzy values. Each degree
membership of the inputs is determined by membership function to appropriate with its
fuzzy set. The fuzzy inference system is a method for interpreting the input values to the
output values by some “if then” rule statements to formulate the conditional statements. In
the fuzzy inference system, the methods which usually used are Tsukamoto, Mamdani and
Sugeno methods. The aggregate result of fuzzy inference rule output is then counted in the
defuzzification process. Centroid of gravity (COG), bisector, middle of maximum (MOM),
largest of maximum (LOM), and smallest of maximum (SOM) are usually used.

We then develop the calorific value predicting program. In our progrsm, we use the shoulder
function for fuzzification. While in the fuzzy inference system, Mamdani method is used.
And in the defuzzifiction process, we use the COG method as the defuzzification formula.

Fuzzification

In the fuzzification process, the fuzzy variables, inputs and output, are divided into two
fuzzy sets with high and low linguistic values. Membership degree of low is determined by
left shoulder function while membership degree of high by right shoulder function (see
Figure 2 for details). In our study, we use the proximate analysis data of moisture and
volatile matter contents as input and the output is the calorific value.

r

My (x)

membership
00 02 04 06 08

3 2 41 0 1 2 3

Figure 1. Shoulder curves as membership function?%],
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Membership degree of low is define as

1, x<a
m(xab)={"  a<x<b, (1)
0, x=>b
and membership degree of high is given by
1,x=>b
up(x,a,b) =4>= , a<x<b _ (2)
0, x<a

In Egs.(1) and (2), g, and uy are the membership degree of low and high, respectively.
And x, a, b are the crisp values.

Fuzzy inference system using Mamdani method

The Mamdani method is firstly introduced by Ebrahim Mamdani in 1975[!5]. Mamdani
method is also known as the Max-Min method. Function min is applied in implication
process on antecedent and function max is applied in aggregation process on the consequent
output of entire rules!?!],

In the fuzzy inference system, we set the rules to manage relation between antecedent and
consequent. This relation should be connected with the appropriate experimental data. The
fuzzy rules are given in Table 1. From Ref. [14], it is already defined the linguistic value of
consequent output for the second and third rules. But we still have to define the linguistic
value of consequent output for the first and fourth rules. Then we need to further investigate
each linguistic value.

Based on the fuzzy inference rule output, we get four possibilities output of fuzzy inference
rules as given in Table 2. In Mamdani method, function min is chosen as implication
function to obtain alpha predicate (o, 02, 03, a4). Every a-predicate is related to the linguistic
value of consequent output. Function max is then applied to get the biggest a-predicate for
each linguistic value. At the end, we have oy and a1 (See Table 2 for details).

Table 1. Fuzzy inference rule of the calorific value predicting program!!*!

Moisture Volatile Matter Calorific value *

[R1] content low content low high,low !
Moisture Volatile Matter Calorific value
[RZ] . tent 1 o2
content high content low low
IF ; THEN .
(R3] Moisture AND  volatile Matter Calorific value
. o3
content low content high high
[R4] Moisture Volatile Matter Calorific value * "
content high content high high,low ¢

* It will be further investigated for each linguistic value
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Table 2. Implementation function max to determine the biggest alpha predicate

Possibility output of FIS Implementation function Max The biggest alpha
predicate
Ri R: R; R4
High Low High High = HLHH 0L 1= OLHI, 0.2= OLLI, 0L3= OLH2, 0L 4= OLH3 agandop
High Low High Low = HLHL 0L 1= 0L HI, 02= OLLI, 0L3= OLH2, 0L4= Ol L2 agand op
Low Low High High = LLHH 0 1= 0lL1, 0.2= 012, OL3= OLHI, 0L4= OLH2 anand ap
Low Low High Low = LLHL 0.1= 011, 0.2= OL12, OL3= OLHI, 0L4= 013 apand ap

Note : H=High, L=Low

The next step is aggregation process. The output fuzzy set that represent the output of each
fuzzy inference rule are combined into a single output of fuzzy set. There are two
possibilities of aggregation result as shown in Figure 2.

The intersection points, z. and zy, is calculated as follows

<o
@ @ oL T
e o [ I
g oo 1 1
L 2 [_\—
=1 o
2 Jal e mTTT . !
= ~ = a ZL Zn b
Calorific value Calorific value
(a) (b
Figure 2. Aggregation result
_{a+a(b—a);aH> ar, 3)
b—ab—a);ay < a;
Defuzzification

In the defuzzification process, we use the COG method. This method has already been
proven to give the better results for predicting the early stage software development effort2%)
The equation of COG is given byl??!
_ Ju@zdz

fu@) dz

where Z is the crisp value of the calorific value in our program.

Z

“)

RESULT AND DISCUSSION

In this section, we discuss the results of our study. We use the proximate analysis data to
predict the calorific value in our program. We then compare the obtained calorific value
with the one from measurement results using bomb calorimeter and other predicting method.
Our design program is similar to the one previously developed!!'4l. The difference is in the
fuzzy inference system where we used the Mamdani method. We also used the same
experimental data, as given in Table 3.
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Table 3. Experimental data

No. Experimental Data MC VM Cv
% % Calorie/gr
1 Sabindo L.O et.al. data [23]
Particle size 20 mesh 11.62 12.78 5292.24
30 mesh 10.84 12.92 5568.73
40 mesh 8.45 13.28 6118.49
2 Nurhilal O et.al. data [24]
Composition 90% : 0 % 5.39 32.40 6211
80% :20% 5.61 33.15 5999
70% :30% 5.84 33.17 5935
60% :40% 6.11 33.36 5911
50% :50% 6.29 33.45 5824
3 Sunardi et.al. data [3]
Pressure 22,42 kg/cm® 40 mesh 6.91 21.28 5571.22
50 mesh 7.82 21.30 5426.40
60 mesh 8.95 21.32 5091.72
Pressure 44,80 kg/cm? 40 mesh 6.18 21.30 5691.15
50 mesh 7.22 21.33 5570.41
60 mesh 8.12 21.35 5553.20

Notes : MC=Moisture Content, VM=Volatile Matter, CV=Calorific Value

Based on fuzzy inference rules, we get four possibilities output of fuzzy inference rules that
may represent phenomena in biofuel. In the evaluation process, we only took one possibility
output of fuzzy inference rule which is closed to the experimental fact. As an example, we
shown the evaluation process in Figure 3. The second data set of Sabindo et.al.[*3 is used.

?‘.'\EI CAL ORI VALLIC PRIDICTH ] i MOISTHRT CONTINT & W00 ATIT MATTER CONTINT
FLE
INPUT GRAPHICS OUTPUT  TABLE OUTPUT
FUZZY VARIABLE CRISP VALUE |MEMBERSHIP ‘I'l_LZ\ SET IANTECT!\'DA’\."I.' |AT.PHA \'.-\['L'E]CI)N’SEQ'EL\IT ITT.m SET ‘KDM’EIN»\51|ALTA MAX ‘QMA) I ~
MOISTURE CONTENT %l
e — VOLATILE MATTER 1291 026 High MC low « VM high 025 23=3.493 High HLHL High=025 | High=13.915
MC (B45 | EE—
RN L ,_ 0T Low 23=5915 Law Low=0T4  Lows35.507
Highest MC 111,62 | MChigh-VMlow 074 £2=5903 High LLHH High= 026 High=3.903
@ 22=5.507 Low Low=074 Low=3307
MC lows VMlow 023 21=3.493 High L High=025  High=3.913
VOLATILE MATTER [*]
zl=5915 Low Low=0J4 Low=5.507
LowestVM  12.78
CALORIFIC VALUE  [5.569 0} High 1+ 1000 [Calosie/gram]
Highest VM 113,28 | 066 Lo
& DEFUZZIFICATION
1z 3ol L= Crisp ERROR Q PREDICTING MEMBERSHIP FUZIYSET
AT VALUE e
i HighLovHighHigh 5613 079693008 % 5611 039 High
LowestCV 15,202 HighLowHighL.ow * 5611 DIATEIT % 061 Low
HighestCV 5 118 LoweLowHighHigh 5613 079593008 %
E LowLowHighLow 5.611 07478914 % v
Unit ix 1000 [Ciloe/gram] Datamumber 2 = CALORIFIC VALUE RESEARCHDATA [3 559 ]
b 1000 [Calotie/gram] k 1
&27:31 PM

Figure 3. Example of the evaluation table

The prediction error of each possibility output of fuzzy inference rules is given. We choose
the results of evaluation process with the smallest predictions values. In this process, we
took the value of 0.75%. Then we repeat the evaluation process using all experimental data
set in BI23124] The results are given in Table 4.
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Table 4. The evaluation result of the fuzzy inference rules output using Mamdani method

Experimental No.

Linguistic value

data with the biggest The smallest prediction error
membership degree %
MC VM Cv HLHH HLHL LLHH LLHL
Sabindo L.O 1 High Low Low 5.20 5.20 5.20 5.20
et.al.?3! 2 High Low Low 0.75 0.75
3 Low High High 4.50 4.50 4.50 4.50
Nurhilal O 1 Low Low High 2.08 2.08
et.al.?4l 2 Low High High 0.96 0.96
3 0.5 High 0.5 1.39 1.39
4 High High Low 0.94 0.94
5 High High Low 2.21 2.21
Sunardi la Low High High 2.87 2.87
et.al.! 2a Low 0.5 High 1.62 1.62
3a High High Low 3.14 3.14
1b Low Low High 0.81 0.81
2b  High High Low 0.89 0.89
3b  High High Low 0.83 0.83
The number of the smallest prediction error 6 13 3 10
that occurs on every composition times times times times

Notes : MC=Moisture Content, VM=Volatile Matter, CV=Calorific Value, H=High, L=Low

We see from Table 4 that the evaluation process for HLHL composition with the smallest
prediction error appears 13 times from 14 data set. It means that the HLHL composition can
represent the relation between the linguistic value of moisture and volatile matter contents
with the calorific value. This results is similar to one obtained with calorific value predicting
program using Tsukamoto method(!'*l. We also found that the relation of linguistic value
based on the biggest membership degree of moisture and volatile matter contents with the
calorific value is similar to the results based on Tsukamoto method. The calorific value is
strongly influenced by moisture contents than volatile matter contents.

Table 5. Prediction of the calorific value with corresponding error

No CV (Experiment) CV (prediction) Prediction error
Calorie/gr Calorie/gr %
1 Sabindo L.O etal. 5292.24 5567 (5292.24") 5.20 (0.00%)
data [23] 5568.73 5611 (5572.37%) 0.75 (0.07%)
6118.49 5843 (6118.49") 4.50 (0.00%)
2 Nurhilal O etal. 6211 6082 (6211.00%) 2.08 (0.00%)
data [24] 5999 6060 (6073.85%) 1.02 (1.25%
5935 6018 (6017.50") 139 (1.39%)
5911 5966 (6017.50%) 0.94 (1.80)
5824 5953 (5824.00%) 221 (0.00%)
3 Sunardi etal. 5571.22 5411 (5571.22%) 2.87 (0.00%)
data [3] 5426.40 5338 (5343.667) 1.62 (1.52%)
5091.72 5252 (5091.72%) 3.14(0.00%)
5691.15 5645 (5691.15%) 0.81 (0.00%)
5570.41 5620 (5619.41%) 0.89 (0.88")
5553.20 5599 (5553.20%) 0.83 (0.00%)

* taken from Ref.[!4].
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The HLHL composition obtained in the evaluation process is then used for testing the
performance of our program. The experiment data in Table 3 is also used. The prediction
results for caloric value are given in Table 5 in comparison with experimental data. The
corresponding prediction error are also given. For comparison, we also shown the prediction
error obtained by Tsukamato method!'#. It is clear that the Mamdani method can predict the
experimental calorific value quite well as the results of Tsukamoto method. But if we
compred more detail, it is found that the the prediction error of Mamdani is slightly larger
than the error of Tsukamoto method. The Mamdani method gave an error of about 0.75 %
to 5.20 % while the Tsukamoto method has an error of 0.00% to 1.52%. Overall, the two
methods can explained the experimental caloric value quit well with the accuracy more than
94%. This mean that our program of the inference system based on Mamdani method can
also be used for predicting the caloric value.

CONCLUSION

We have discussed the performance of the calorific value predicting program using fuzzy
inference system using Mamdani method. We found that our analysis gave same conclusion
with the one using Tsukamoto method!'#. It is also found that the calorific value is strong
influenced by moisture than by volatile matter contents. The obtained of calorific value can
well reproduced the experimental data as the one obtained by using Tsukamoto method. The
difference is only in the prediction error value. The Mamdani method gave an error of 0.75
% to 5.20 %. This is slightly greater than the results of Tsukamoto method. Overall, the
present program is quite appropriate for predicting the calorific value of the biomass.
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