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Abstract: Effect of CO, emission was highly risked toward the climate change which arising from a natural
process and human activities. This study presents a model of Adaptive Neuro-Fuzzy Inference System (ANFIS)
for estimating the CO, emission. This model 15 built based on input variables from the using of energy in
producing the rubbing alcohol company which includes electrical energy and coal. The traming of ANFIS
analyzed by using hybrid LSE recursive then the performance of ANFIS analyzed by using RMSE. The
experiment is performed by optimizing the parameter value of ANFIS. The proposed models are examined using
a real word data as a dataset that was collected from rubbing alcohol company in Indonesia. The data was
divided mnto 60% traimng data and 40% testing data. The experimental result shows that ANFIS provides small
RMSE 0.0000259. Tt indicates that the ANFIS Model as a promising tool to ease company in estimating CO,
emission and even can contribute to practice as a tool for decision making to control CO, emission.
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INTRODUCTION

Issues relating to Green House Gas emissions (GHG)
become a major concern both from the perspective of
governments, company and society for many people in
the world. This problem has resulted in the development
of local GHG nventories (Dodman, 2009). These issues
have also induced the mtroduction of footprint
calculation methodology (Druckman and Jackson, 2009).
The biggest producer of GHG 1s Carbon dioxide (CO,)
which arise from natural processes and from human
activities (Eggleston et al., 2006). The growing of CO, is
directly proportional to the increase of human population
and economic activity. There are some parties who are
responsible for controlling CO, emission. First, the
government whose act as regulators which making
appropriate policies in order to reduce CO, emission.
Second, a manufacturing that fully responsible for the
production process and delivery of products. The last
parties are the amount of CO, emissions from the
customers who have an awareness of the environmental
damage. Each party required mnmediately control the
emissions of CO, and should have the responsibility to
reduce the impact of climate change (Fang et al., 2011).

The concept of “carbon footprint” as references in
the measurement of CO, emissions has attracted the
attention of government, company and consumers
(Wiedmann et al., 2006). The industries are central to
paving the way toward a low-carbon society, since, a
large portion of CO, produced from industrial production
(Hoffmarm and Busch, 2008). More than 75% of the
atmosphere 13 CO, that contributing to global warming. In
order to reduce the climate change, the first thing to do is
to reduce the amount of CO, emissions that produced
from various activities (Shi ef al, 2012, Roos and
Tjarnemo, 201 1). This problem is newly-emerging that still
under discussion which is no unified and acknowledged
method to calculate the carbon footprint (Dong et al,
2014). A related study on managing problem CO, was
given a significant contribution and become direction
for another researcher in order to improve and make a
decision with applying some method (Schmidt, 2009,
Lenzen, 2008. Moreover, the guidelines for national
greenhouse gas is another direction for calculating CO,
emission (Eggleston et al., 2006). The application of these
concepts very useful for identifying the mmpact CO,
emissions as & basic fundamental in order to determine the
emission  reduction  strategies  (Postorino  and
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Mantecchini, 2014). Because the CO, emissions were
difficult to be calculated accurately. However, this
research proposed the calculation of CO, emissions using
one of soft computing technique based on the real data.

Literature review: Recently, soft computing techmque
increasingly used by researcher and practitioner to solve
many problems, since this techmique adopting human
intelligence and have the ability to learn in the uncertainty
environment (Sumathi and Surekha, 2010). According by
Tian and Gao (2010) was studied the estimation of CO,
emissions by using Artificial Neural Network Model
(ANN). The study was considering variables such as coal
consumption, energy efficiency, population, income per
capita and consumption per capita. According by Hosoz
et al. (2013) presented that ANFIS can be applied to
estimate the emitted of CO, emission from diesel engines
that using various fuels. The emitter of CO, emissions on
these research is based on the variable performance of the
engine, the air temperature, fuel specification and brake
thermal efficiency. The results of these study can be seen
that ANFIS has a good ability to solve the problems of
estimating CO, Gholizadeh and Sabzi (2017) was
developed ANN and ANFIS Models and successfully
predict the carbon dioxide sorption in several Poly Tonic
Liquuds (PILs) with considering Group Centribution (GC)
method. This study was allowing input variable such as
the chemical structure of PILs, temperature, pressure and
as output concentration of carbon dioxide in PIL as
output. The result shows that both ANN and ANFIS
Models were accomplished to predict CO, sorption.
Moreover, the comparison between ANFIS Model and
Artificial Neural Network (ANN) to estimate the
concentration of Carbon Monoxide (CO) that contained in
the daily Earth’s atmosphere show that ANFIS
Model gets the best results compared to the model ANN
(Noori et al., 2010). Another study was considering a
model for managing the risk by buying and selling carbon
emission futures. They develop three model and one of
the models was an Adaptive Neuro-Fuzzy Inference
System (ANFIS). Because ANFIS is a hybrid model that
has the ability to self-leamning without experts and
universal estimator (Atsalakis, 2016; Ghiasi et al., 2016).
This shows the advantage that can be adobe for estimate
carbon dioxide. It can be concluded that ANFIS Model
has shown great performance in order to solve many
problems and especially CO, emission. In this study, we
unplement ANFIS Model to solved CO, emission on
rubbing alcohol company. The expectation of this
model will provide a better result as a basis for
decision-making in order to support firm’s carbon
management and will gain competitive advantage along
with governmental policy-making.

MATERIALS AND METHODS

As mentioned in the previous study, we implement
ANFIS Model to solved CO, emission on rubbing alcohol
company. The step of this research showed in Fig. 1. The
process of designing ANFIS Model was started from
collecting real-world data such as Electrical energy, coal
and CO, emission. The data 1s historical data that
retrieved from rubbing alcohol company mn Yogyakarta,
Indonesia. The data 1s related to energy consumption that
used from the begmning until the end of the production
process mcluding electrical energy in kilowatt-hour (kWh)
and burning ceal in kilogram (kg). Electrical energy is used
to mun the electric motors, lighting and for other
purposes related to the production process. Another
hand, ceal is used for a steam boiler that is utilized in a
distillation unit. Electrical energy and coal are selected as
the variables because they directly affect the change of
CO, emission.

The burmng of fossil fuels produces CO, from the
production process and transportation from suppliers to
consumers (Wiedmann et al, 2006). Moreover, CO,
emission data are taken from the total emitted CO, from
electrical energy consumption and coal. In order to
calculate the CO, emission, all energy consumption must
be converted first into the value of CO, emission (kg CO,).
There are several steps to implement this, first is to
convert the value of electrical energy into the value of
CO, emission. Second is converting the value of coal
consumption into the value of CO, emission. The third is
summing the value of CO, emission from electrical energy
consumption and coal consumption. Conversion of
electrical energy is obtained by multiplying the amount of
energy used and the calorific value or emission factor.

Ef, =A 5 EFg, (1)

E*; = Total CO, Emission from electrical energy
consumption (kg.CO,)

Ay = Electrical Energy used (kWh)

= Electrical Emission factor (kg/kWh)

The value of the emission factor equal to 0.725
kg/lkWh for electricity that has been determining
Perusahaan Listrik Negara (PLN). The amount of CO,
emissions combustion of fossil fuels results depends
on many and the type of fuel bumed. The
amount of fuel represented as activity data wiile fuel
types are represented by the emission factors. The
equation used to estimate CO,
coal are as follows:

emissions from
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Fig. 1: Designing ANFIS Model for estimation CO,

Where:
E CC o2

Eto, = A <EE,

A (C) = Coal energy consumption (TT)

EF (C) = Emission Factor (kg/TT)

where A (C) must be converted first to:

Ay = Q%P

(2

= CO,; Emission from combusted fuel (kg.CO,)

3)

Where:
Q = The quantity of coal energy used (kg)
P, = Calornfic value (TT/kg)

Description: The next step, once historical data was
analyzed and converted then in order to design ANFIS
Model we determine variable electrical energies and
burning coal are categorized as nput variables. The
output variable (CO, emission) data are taken from the
total emitted CO, from electrical energy consumption and
coal as mentioned before. The relationship between the
input and output variables 13 defined as:

{ {Electrical energy
1

] } Y, = [Carbon dioxide emission]}
burning coal

(4
X, = Input attributes, Y, = Cutput

Adaptive Neuro-Fuzzy Inference Systemn (ANFIS) is a
linear equation with variables that suitable for the input
variables. ANFIS functionally same with fuzzy rule base
TSK Model orde-1 as follows:

IF(x is A, .., (%, 18 A)
THEN z =p,/*x,+, ..+ p, %, +q

(5)

If ¢-predicate for both rules is w, and w, and fuzzy
sets A1, Bi, 1= 1, 2 then the weighted average calculated
by using this Eq. &:

WY TWLY,

Y = = ¥, T, ¥, (6)

W, TW,

ANFIS architecture consists of 5 structure. However,
inthis study, we determine the amount of neuron in every
structure with 2 rules as follow:

» IFx;18A andx;1s B, and x, 18 C, and x, 18 D, then y,
=Cp x, 0, 10,

» IFx 18 A andx,1s B, and x; 18 C, and x, 13 D, then y,
=Gy %105, %10y,

Figure 2 shows the relation 2 inputs and 1 output
where x, = Electrical energy, x, = Burming Coal
and y, = CO, emission.

In Fig. 2, each layer has a different procedure. In the
first layer, an adaptive node towards the parameters of
activation functions. The output of each neuron is
membership degrees that given by the input membership
functions with maximum equal to 1 and mmimum equal to
0 are calculated as follows:
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Fig. 2: ANFIS Model architecture with 2 rules

px = H{X_OTJ (7)

With a, b and ¢ as parameters, typically the value of
the parameter b = 1, ¢ 1s the mean value and a its standard
deviation value is called the premise parameters. If the
value of these parameters changes, the shape of the
resulting curve will also change.

Layer 2: Each neuron is a fixed neuron and the output
value is the result of input from the first layer. In the
second layer, the operator that usually used 13 AND
operator. Each node is presented firing strength of the
rule number 1.

@ = (U o MBI 1 =12 &)
Layer 3: Each neuron in this layer is the result of ratio

calculation from a predicate (w). The results in this layer
are called the normalized firing strength.

= W ithi=1,2 ®)
W, W

1 2

Layer 4: Each neuron in this layer 1s adaptive towards an
output node:

o =o (Cy x,+Cy, x,+C, ) (10)
withi=1,2

w; 18 normalized fire strength in the third layer and
{C1, €2, C0} are the parameters in these neurons.
Parameters in this layer are called the consequent
parameters. Layer 5: Each neuron mn the fifth layer 1s a
fixed node which is the sum of all inputs and labeled as X:

2 —
2.0

£ =

2
i=1

Normalization of input values for each measured
attribute in the training will help speed up the learning
stage. Data normalization 1s used to equalize the data
among the attributes in order to obtain equal weight in the
calculation of each attribute. Formula to normalize data is
as follows:

W= X-ern (1 2)
XX

mazx min

After all data processing is done, the data that have
been normalized will be denormalized in order to restore
the real data and denormalized is used to compare the
result of real data:

K=X(X__-X_ X (13)

min

The first step in ANFIS 1s to divide the data randomly
into training data 60% and testing data 40%. The best
model was selected based on the testing steps. Then
several modifications were made in order to achieve the
best result. A hybnd algorithm i1s used to set the
parameters C; in advance (forward) and will set the
parameters {ai, bi, ci} is backward (Bacloward). At the time
set advanced parameters, nput the network will creep
forward until the fourth layer and the parameters will be
identified using the least-squares method. While, on a
step bacle, the error signal will propagate backward and
parameters {a, b, ¢;} will be repaired by the method of
gradient-descent. Results of the fourth layer output which
is used as a parameter coefficient matrix in finding
parameter values of C,,, C,, C,;, Gy, C,5, C,;. Parameter
values found using hybrid algorithms recursive LSE
{(Least Square Error Recursive). Calculated by using the
equation:

} P, a,, ag, P, (14

P =
K+1 k T
IHag,, By ay.,

Opn =010, &y, (Yk+1_a;-1 0.) (15)

In this step, the adaptive network will be trained in
order to get the value of the parameter a and c. The
parameter a and ¢ improved by using gradient descent
error propagation model, so, the sum square error can be
calculated with the followng equation:
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N (L)
E, = Y (d,-X, ) (16)
k=1

After the value of each parameter obtained, the
output value of the fifth layer, it can be said that the
network 1s ANFIS owned. Then, the
performance evaluation designated to evaluate on

complete

how well the network can learn, so, it will be easily
recognized when compared with the new pattern.
Generalization error represents the difference between
actual output and the target. To test how close, the
approximation to the actual value, the measures that
commonly used 1s the Root Mean Square Error (RMSE)
where n is the total value of the observation that can be
seen as follow:

RMSE — \/ E(Act'ual-“Pred.wiction)2 (17)
n

RMSE 1s the sum of squared errors on the difference
between the actual and the estimated value then divides
that number by the amount of time and data estimation
then pull the square roots.

RESULTS AND DISCUSSION

The tool that will conduct for this experiment is
ANFIS Editor MATLAB r 2010 for estimate the emission
of CO, ANFIS editor in MATLAB tools box offers
different types of MFs, after doing the evaluations
eventually Gbell MF yields the best result then epoch will
be training until yielding the graphic of steady state and
the best result is 200 epochs. The ANFIS parameter that
used 18 hybrid Algorithm, error tolerance 1s used to create
a training stopping criterion which is related to the error
size. The training will stop after the training data error
remams with this error setting in this study the error
value is 0. Then the result after train the data with error
value = 0, epoch = 200 and using hybrid optimization was
shown in Fig. 3.

The result was obtaned 1in developmg CO,
emission estimation model using ANFIS shows the
error or RMSE 0.0000259. The training error shows
that close to 0. However, we need to evaluate the
with  the data  to
understand that the estimation model was successfully
trained.

The result shows that estimation model was
satisfactory. As we can see m Fig. 4 that testing data

training  model testing
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Fig. 3: Training error result
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Fig. 5: Estimation result of ANFIS Model

(blue dot) was fit into data training (star). Moreover, to
make sure the model was significantly optimized, we make
another comparison from the data actual and the
estimation result in Fig. 5.

Comparison between actual vs estimated data was
performed by the denormalized process and the result
shows the biggest error that occurred 15 6.129 and the
lowest result is 0.003. This value was representing
differences between the actual data minus the estimated
data.

Based on the experiment, the result on actual and
estimation data was successfully designing model for
estimate CO, emission.
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CONCLUSION

This study focuses on the problem of greenhouse
gases, especially, CO, emission that results from the
production process. This research proposes the using of
ANFIS Model to estimate the amount of CO, emissions.
Traiming result showed the smallest error RMSE 1s
0.0000259, then the estimation result of ANFIS Moedel
between actual output and estimation output show the
lowest error 15 0.003. Based on the experiment, ANFIS
Model show has a good ability and good
performance in order to solve the problem of estimations
CO, emission.

RECOMMENDATIONS

For further research, several recommendations are to
extend this research by adding a number of rules on
ANFIS Model or add the number of input variables which
certainly has a correlation to the variable output. The
contribution in this study as practice giving awareness for
the company about the damage of CO, emission for the
environment, particularly in deciding the best way to
reduce CO, emission.
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