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Abstract

This study presents a hybrid neural network-fuzzy mathematical programming approach for
improvement of natural gas price estimation in industrial sector. It is composed of artificial
neural network (ANN), fuzzy linear regression (FLR), and conventional regression (CR). The
preferred FLR, ANN and CR models are selected via mean absolute percentage of error
(MAPE). The intelligent approach of this study is then applied to estimate natural gas price in
industrial sector. Domestic sector is also used to further show the flexibility and applicability
of the hybrid approach. The economic indicators used in this paper are consumer price index
(CPI), population, gross domestic (GDP), and annual natural gas consumption. The stated
indicators could be contaminated with noise and vagueness. Moreover, there is a need to
develop a hybrid approach to deal with both noise and vagueness. The input data were divided
into train and test data sets. A complete sensitivity analysis has been performed by changing
train and test data to show the superiority of the proposed approach. The superiority of ANN
for the domestic sector and FLR for the industrial sector was proved by error analysis. The
results showed that different models may be selected as preferred model, in different cases

and situations.
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Introduction

Energy is a vital input for social and economical developments of any nation. Natural gas is
known as one of the most important energy sources in the world. Estimation of natural gas
price in due time, is a crucial factor for decision makers. Nowadays, there are multiple

methods available for forecasting energy prices. An appropriate method may be chosen based
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on the nature of available data, desired nature, and level of details in the estimation. One
customary approach is to employ more than one method and then, to compare the estimations
to arrive at a more accurate assessment (Azadeh et al., 2011). Conventional regression
analysis refers to a set of methods whereby model parameters are estimated, knowing the
values of a given input-output data set. The goals of the regression analysis consist of finding
an appropriate mathematical model and determining the best fitting coefficients of the model
from the given data. Along with intelligent approaches, regression had been used for energy
consumption estimation (Tso & Yau, 2007). The usage of statistical regression is bounded by
some strict assumptions of the given data (Chan et al, 2004). FLR models have been
successfully applied to various problems such as forecasting (Wang & Tsaur, 2000), and
engineering (Chang et al., 1996; Lai & Chang, 1994). FLR models are aimed at finding a
regression model that fits all observed fuzzy data within a specified fitting criterion.
Depending on which criterion used, different FLR models will be obtained. In general, there
are two approaches of FLR due to different fitting criterions (Peters, 1994). The first
approach is based on minimizing fuzziness as an optimal criterion (Tanaka, 1982). Different
researchers used Tanaka's approach to minimize the total spread of the output (Chang & Lee,
1996). As Wang and Tsaur (2000) point out, the advantage of this approach is its simplicity
in programming and computation, but it has been criticized for providing wide ranges in
estimation which could not offer much help in application.

The second approach uses least squares of errors as a fitting criterion to minimize the
total square error of the output. Hojati et al. (2005) introduced a goal programming-like
approach to minimize the total deviation of upper values of H-certain estimated, corresponded
observed intervals, deviation of lower values of H-certain estimated, and related observed
intervals. Moreover, there is a need for new approaches for such chaotic and hostile markets.
This is why this study presents an integrated flexible approach based on fuzzy mathematical
programming and neural network in addition to conventional regression to cover such issues
in gas market in general and in gas price forecasting in particular. Also, this study uses the
most related indicators to gas price estimation.

1 Methodology : The hybrid neuro-fuzzy simulation

Estimation and assessment of natural gas price could be a complex and nonlinear system
which consist of different parts dealing with noisy, limited, and non-integrated data. It
therefore, requires methods that can alleviate these problems. In order to do so, we propose a

Neuro-Fuzzy Approach.

114



The 6™ International Days of Statistics and Economics, Prague, September 13-15, 2012

According to the proposed approach, ANN, FLR, and CR models are applied to
estimate natural gas price. After determining the input and output variables, related data are
collected. Then, the data are preprocessed in order to decrease multiple correlations and
eliminate the noise. The latest FLR models are compared and the best one is selected with
respect to mean absolute percentage of error (MAPE). The proper CR model is identified, too.
In addition, the best ANN structure with minimum MAPE is selected by six different training
methods. Afterwards, the preferred model among the best ANN, FLR and CR models is
selected according to the minimum value of MAPE. To verify and validate the results, a
sensitivity analysis is also carried out. Hence, the values of MAPE are calculated for ANN,
FLR, and CR models, by changing the number of train and test data sets. As noted earlier, the
economic indicators used in this paper are consumer price index (CPI), population, gross
domestic production (GDP), and annual natural gas consumption. The required data for these
indicators are obtained from central bank of Iran. The price of natural gas in Iran depends on
the stated four indicators. In the following sections, FLR, CR, ANN models, and error
estimation method are described.

1.1  Conventional regression model
Conventional regression is used to determine the best fitting coefficients of the model
from the given data. Different data sets have been used to strengthen the power of
output which is the best fitted coefficient of regression models, and its general equation

is shown below:

Y =B, + A *CPI + A, *POP + A, *GDP+ A, *CONSUMPTION (1)

1.2 ANN models

ANNSs consist of an inter-connection of a number of neurons. There are varieties of
connections under study, such as Multi Layer Perceptron (MLP). In this network, the
data continuously flows forward to the output without any feedback. Figure 2 shows a
typical three-layer feed forward model used for forecasting purposesp.

The input nodes are the previous lagged observations, while the output provides the
forecast for the future value. Hidden nodes with appropriate nonlinear transfer
functions are used to process the information received by the input nodes. The model

can be written as:

Yi :ao+iajf(z4:ﬂij)’t—i+ﬂ0jj+gt (2
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1.3  Error estimation methods
The error estimation method considered in this study is mean absolute percentage of

error (MAPE) with the following equation:

A

Mean Absolute Percentage Error = = Al (3)
n

Xi =X
X

2 Experiment
In this section the steps to provide a proper model for natural gas price estimation are
expressed. Forty years of Iran’s natural gas data, from 1968 to 2008 is considered. The
economic indicators used in this paper are: consumer price index (CPI), population, gross
domestic production (GDP), and annual natural gas consumption. For each model, the input
data is divided into train and test data. First, the FLR models are applied to different test
periods and the best model in each run is selected via MAPE.
3 Experiment
The proposed Hybrid Neuro-Fuzzy Approach is applied to estimate natural gas price in both
domestic and industrial sectors of Iran. In the following sections the results and related
analysis are discussed.
3.1 Domestic sector
The FLR models are applied for different test periods and the best model in each run is
selected via MAPE. The results for the domestic sector are shown in Table 1.

Tab. 1: Results of FLR models for natural gas price estimation in domestic sector

Number of FLR Obtained fuzzy coefficients Adopted parameter(s) MAPE

test periods | model A0 Al A2 A3 Ad of models
5 Peters | 181 | 0.21 0 0 0.05 P=901 0.0367
6 Peters | 1817 | 0.214 0 0 0.054 P=901 0.048
7 Ozelkan | 1798 | 0.204 0 2.6%10° | 1.9*10° H=0.179, u=100 0.094
8 Ozelkan | 179 | 0.207 0 2.6*10° | 6.8*10™ H=0.259, u=100 0.0711
9 Sakawa 0 0.109 | 5.8*10° | 5.6*10° 0 H=0.2 0.1223
10 Peters | 7939 0 0 0 0 P=2400 0.0075
11 Hojati | 1705 | 0.021 | 8.8*10° | 2.3*10° | 0.11 H=0 0.4652
12 Tanaka | 252 | 0.19 0 0 0.011 H=0 0.6391
13 Tanaka | 252 | 0.19 0 0 0.011 H=0 0.6907
14 Tanaka | 256 | 0.207 0 0 0.0015 H=0 0.7259
15 Peters 0 0 0 0 0.208 P=1160 0.7782
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CR model is also used in order to estimate the natural gas price for different test
periods. The results for the domestic sector are shown in Table 2.

Tab. 2: Results of CR models for natural gas price estimation in domestic sector

Number of test Obtained CR Coefficients
MAPE
periods BO Al A2 A3 A4

5 2.55 0.514 -0.000022 -0.000017 -0.152 0.3347
6 1.84 0.491 0.000001 -0.000007 -0.168 0.33167
7 15 0.433 0.000013 0.000008 -0.16 0.350469
8 0.95 0.433 0.000031 0.000021 -0.172 0.380139
9 -0.18 0.303 0.000068 0.000057 -0.19 0.51209
10 2.7 0.488 -0.000027 -0.000027 -0.111 0.15968
11 0.35 -0.011 0.000078 0.000097 -0.045 0.40116
12 1.23 0.053 0.000025 0.000023 0.0661 0.26663
13 2.58 0.136 -0.00002 -0.000032 0.127 0.56636
14 2.56 0.134 -0.00002 -0.000032 0.128 0.531041
15 1.27 0.114 0.000023 -0.000053 0.129 0.8174

Similarly, the ANN models with different training algorithms are used for natural gas
price estimation for different test periods. The results for the domestic sector are shown in
table3.

Tab. 3: Results of ANN models for natural gas price estimation in domestic sector

Number of test ) ) _ _ ) ) Best
eriods Trainb Trainnfg | Trainbr | Traingdx Trainlm Trainrp MAPE
5 0.0327 0.0227 0.0182 0.0190 0.0196 0.0170 0.0170
6 0.0373 0.0206 0.0205 0.0770 0.0556 0.0357 0.0205
7 0.0571 0.0796 0.0618 0.1412 0.0544 0.0527 0.0527
8 0.0906 0.1068 0.0629 0.2099 0.1910 0.0710 0.0629
9 0.3475 0.1467 0.0972 0.2331 0.1291 0.1461 0.0972
10 0.1865 0.2344 0.2237 0.0848 0.2542 0.1826 0.0848
11 0.2099 0.1697 0.2996 0.4762 0.3573 0.3543 0.1697
12 0.2708 0.3237 0.5499 0.6007 0.3249 0.5763 0.1697
13 0.4237 0.4978 0.6294 0.6875 0.4083 0.5212 0.4083
14 0.3450 0.5178 0.4201 0.6533 0.6364 0.5167 0.3450
15 0.5934 0.5267 0.7317 0.7603 0.6943 0.6088 0.5267

Finally, the best model between ANN, FLR, and CR models for each test period is selected

via MAPE. Table 4 shows the preferred model for the domestic sector for each test period.
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Tab. 4. Comparing the best MAPE of each model for natural gas price estimation in

domestic sector

Number of test periods CR ANN FLR Best MAPE | Preferred model

5 0.3348 | 0.0172 | 0.0367 0.0172 ANN
6 0.3316 | 0.0205 | 0.0480 0.0205 ANN
7 0.3504 | 0.0527 | 0.0940 0.0527 ANN
8 0.3801 | 0.0629 | 0.0711 0.0629 ANN
9 0.0520 | 0.0972 | 0.1223 0.0520 CR

10 0.1596 | 0.0848 | 0.0075 0.0075 FLR
11 0.4011 | 0.1697 | 0.4652 0.1697 ANN
12 0.2663 | 0.2708 | 0.6391 0.2663 CR

13 0.5663 | 0.4083 | 0.6907 0.4083 ANN
14 0.5310 | 0.3450 | 0.7259 0.3450 ANN
15 0.8174 | 0.5267 | 0.7782 0.5267 ANN

Average 0.3809 | 0.1868 | 0.3344 0.1753

According to the results, the preferred model for estimation natural gas price in the domestic

sector of is ANN which has the minimum average MAPE in comparison to (the) FLR and CR

models.
3.2

Industrial sector

Similar to the domestic sector, for the industrial sector, the FLR models are applied for

different test periods, and the best model in each run is selected via MAPE. The results for

the industrial sector are shown in Table 5 as follows:

Tab. 5: Results of FLR models for natural gas price estimation in industrial sector

Number of FLR Obtained fuzzy coefficients Adopted parameter(s) MAPE

test periods models A0 Al A2 A3 Ad of models
5 Ozelkan 0.47 0.091 0 7.8*10-6 0 H=0.99, u=20 0.0649
6 Ozelkan 0.24 0.19 0 0 0.0013 H=0.55, u=5090 0.1911
7 Ozelkan 0 0 1.5*10-5 5.5*10-5 0.011 H=0.89, u=1050 0.0950
8 Ozelkan 0.316 | 0.121 0 3.2*10-5 0 H=0, u=131 0.1242
9 Ozelkan 0 0 1.3*10-5 5.7*10-5 0 H=0, u=70 0.2127
10 Ozelkan 0.47 0 0 6.1*10-5 0.024 H=0.5, u=152 0.2722
11 Ozelkan 0 0 1.4*10-5 5.5*%10-5 0.003 H=0,u=50 0.1580
12 Ozelkan 0.49 0 0 5.9*%10-5 0.025 H=0.5, u=105 0.3257
13 Ozelkan 0.25 0.207 0 0 0 H=0, u=42 0.2124
14 Ozelkan | 0.2385 | 0.208 0 0 0 H=0.5,u=101 0.5278
15 Peters 0 0.16 | 1.1*10-5 0 0 P=62 0.6232
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Also, CR model is used in order to estimate the natural gas price for different test periods.
The results for the industrial sector are shown in Table 6.

Tab. 6: Results of CR models for natural gas price estimation in domestic sector

Obtained CR Coefficients
Number of test periods MAPE
BO Al A2 A3 Ad
5 -0.154 0.19 0.000021 -0.000015 -0.0468 0.104043
6 0.114 0.128 0.000014 0.000001 -0.0265 0.20807
7 0.09 0.158 0.000014 -0.000007 -0.0343 0.12768
8 0.005 0.148 0.000017 -0.000004 -0.035 0.13372
9 -1 0.0728 0.000051 0.000025 -0.0538 0.54912
10 0.555 0.134 0.000034 0 -0.0414 0.14085
11 -0.694 0.0728 0.00004 0.000013 -0.0281 0.17104
12 -0.701 0.0748 0.00004 0.000014 -0.0277 0.17076
13 -0.743 0.0758 0.000041 0.000012 -0.0273 0.13953
14 -0.623 0.0946 0.000037 0.000009 -0.0312 0.13077
15 -1.47 -0.0223 0.000066 0.000011 0.0098 0.61114

Similarly, the ANN models with different training algorithms are used. The results for the
industrial sector are shown in Table7.

Tab. 7: Results of ANN models for natural gas price estimation in industrial sector

Number of test periods | Trainb | Trainnfg | Trainbr | Traingdx | Trainlm | Trainrp | Best MAPE
S 0.1728 | 0.1630 | 0.1613 0.1806 0.2031 | 0.1633 0.1613
6 0.1438 | 0.1661 | 0.1523 0.1714 0.1956 | 0.1669 0.1438
7 0.1689 | 0.2363 | 0.1705 0.2949 0.1996 | 0.1627 0.1689
8 0.1694 | 0.1764 | 0.1546 0.2216 0.1813 | 0.1647 0.1546
9 0.2394 | 0.1869 | 0.1757 0.2531 0.2390 | 0.3194 0.1757
10 0.2737 | 0.3377 | 0.2638 0.3864 0.4167 | 0.3143 0.2638
11 0.3757 | 0.2921 | 0.4376 0.3729 0.3936 | 0.4090 0.2921
12 0.4416 | 0.4508 | 0.5559 0.5005 0.4704 | 0.3770 0.3770
13 0.4537 | 0.5396 | 0.5440 0.5458 0.5823 | 0.5238 0.4537
14 0.5333 | 0.6017 | 0.5526 0.6231 0.6313 | 0.5598 0.5526
15 0.7013 | 0.5482 | 0.7699 0.7823 0.7371 | 07514 0.5482

Finally, the best model between ANN, FLR and CR models for each test period is selected via

MAPE. Table 8 shows the preferred model of the industrial sector for each test period.
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Tab. 8: Comparing the best MAPE of each model for natural gas price estimation in

industrial sector

Number of test periods CR ANN FLR Best MAPE Preferred model
5 0.1040 0.1613 | 0.0649 0.0649 FLR
6 0.2080 0.1438 | 0.1911 0.1438 ANN
7 0.1276 0.1627 | 0.0950 0.0950 FLR
8 0.1337 0.1546 | 0.1242 0.1242 FLR
9 0.5491 0.1757 | 0.2127 0.1757 ANN
10 0.1408 0.2737 | 0.2722 0.1408 CR
11 0.1710 0.2921 | 0.1580 0.1580 FLR
12 0.1707 0.3770 | 0.3257 0.1707 CR
13 0.1395 0.4537 | 0.2124 0.1395 CR
14 0.1307 0.5333 | 0.5278 0.1307 CR
15 0.6111 0.5482 | 0.5332 0.5332 FLR
Average 0.2260 0.2978 | 0.2470 0.1705

According to the results, the preferred model for estimating natural gas price in the industrial
sector of Iran is FLR which has the minimum MAPE in comparison to (the) ANN and CR

models.

For the domestic and the industrial sectors, ANN and FLR models are selected as the
preferred models to estimate natural gas price, respectively. This shows that the domestic
sector is associated with severe environmental complexity and nonlinearity. However, the
results of the industrial sector reveal environmental uncertainty and ambiguity. Hence, it is
shown how the flexible approach of this study is ideal for complex, nonlinear, noisy and

uncertain data sets.

Conclusion

This paper presented an appropriate Hybrid Neuro-Fuzzy Approach for the improvement of
natural gas price estimation and forecasting in industrial sector. The latest FLR models were
utilized in the hybrid approach to cover environmental uncertainty and noise. ANNs with six
different training algorithms are used to cover the data nonlinearity and complexity. The
conventional regression approaches were applied to support the mechanism and results of this
study. The preferred model was then selected by MAPE. The proposed approach was applied
to estimate natural gas price in industrial sectors of Iran. Also, it was applied to domestic

sector to show the flexibility of the intelligent approach. The annual population, consumer
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price index (CPI), gross domestic production (GDP) and annual natural gas consumption were
considered as economic indicators. The stated indicators could be contaminated with noise
and vagueness. Moreover, there is a need to develop a hybrid approach to deal with both
noise and vagueness. The input data were divided into train and test data sets. Different
scenarios were designed by varying the number of test periods between 5 and 15. The
superiority of ANN for the domestic sector and FLR for the industrial sector was proved by
error analysis. The results showed that different models may be selected as preferred model,
in different cases and situations. The proposed approach of this study would help the policy
makers to effectively manage natural gas price in vague, noisy and complex manufacturing

sectors.
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