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Abstract

Due to the increasing dependence of human life on energy, it plays a crucial
role in the functioning of the various economic sectors of the countries, potentially and
actually. Fuel products, especially gasoline, given their importance in the
transportation sector, play major roles in the economic growth and development of
countries. Hence, the authorities in each country have to control the fuel supply and
demand parameters accurately with a more accurate prediction of fuel consumption
and proper planning in the direction of consumption. The purpose of this study is to
find appropriate methods and approaches for forecasting gasoline consumption in
Tehran using data mining methods. For this purpose, daily consumption data of
gasoline stations were collected in 5 different regions of Tehran during the period of
2008-2013. Then, these numbers were predicted on a daily, weekly, monthly, and
seasonal basis for analyzing the consumption at different time intervals. The
standardization method was also used to match the scales. After data pre-processing,
gasoline consumption was predicted using the multi-layer perceptron (MLP) neural
network method. The gasoline consumption forecast was evaluated based on the mean
squared error (MSE), mean, and mean absolute error (MAE) criteria. The results
indicate that the artificial neural network (ANN) can accurately predict gasoline
consumption in five different regions of Tehran.
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I. Introduction

The refinery industry is one of the critical and infrastructural industries in every
country. With the advancement of information technology (IT), it is now possible to
extract signs and symptoms existing in time intervals. Because of the possibility of
producing various products such as ethanol and methanol, this industry should be able
to exploit all its capacities optimally.

Nowadays, the consumption of light petroleum products, especially gasoline is very
important for many countries that face increasing gasoline consumption due to
population growth. Gasoline is one of the most widely used consumer products in the
world. This liquid is one of the energy carriers that is less productive than other carriers.
This product has certain conditions in Iran such that billions of Iranian Rials and dollars
annually are spent on its subsidies and imports
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Iran has a wealth of energy resources, large oil, and natural gas reservoirs, huge
underground mines, and energy potential. However, in Iran, efforts in the management
sector focus on energy supply and less attention is paid to energy demand management.
Meanwhile, energy demand management and efforts to optimize energy use in all
developed countries of the world are among the most important drivers of sustainable
industrial development.

The prediction of energy consumption demand can be of great assistance in
determining the energy sector policies. Currently, the issue of limiting energy
consumption, especially petroleum products such as gasoline, is a hot topic in the
government’s economic policies. Therefore, the issue of forecasting gasoline
consumption has been paid special attention by researchers from various fields of civil
engineering, traffic, computer science, chemistry, and organic materials.

Researchers in these fields using IT systems because of the nature of their information
technology. Clearly, the use of these systems is not limited to the field of gasoline
consumption and these systems are also applied in other areas such as the consumption
of other fuels (Diesel fuel, Kerosene, etc.).

Various solutions have been offered for dealing with gasoline and other fuels
consumption forecasts. One of the most important approaches for solving this problem
is the intelligent approach. This approach is based on a black box that provides a limited
interpretation of its operation. An advantage of these methods, such as data mining, is
that they do not need many assumptions for solving the problem. Because of using
advanced technologies, fuel organizations have a huge body of data. Analyzing these
data using data mining techniques can help managers make the right decisions. Since
the subject of this research is among the predictive issues in the field of data mining
and the field of critical consumer goods, it is closely related to demand management
and data mining. One of the methods of data mining in the prediction is artificial neural
networks (ANNS). Because of the high ability of ANNs in data analysis, several studies
have been done on fuels such as gasoline

Nasser and Badr [111] developed an ANN to forecast optimum gasoline consumption in Lebanon

Baba Zadeh [I1X] investigated the hybrid approach of the ANN and time series to
optimally predict gasoline consumption. This paper presents a hybrid approach based
on an ANN and an autoregressive moving average model for assessing and forecasting
gasoline consumption

Simie and Dindarlou [I] predicted fuel consumption of gasoline trucks using the ANN.

Assadi et al [I1] predicted gasoline consumption in Fars province using ANN and time
series models.

Nasla Toghan and Baizis [V1] forecasted torque and fuel consumption of the gasoline
engine using ANNSs. This research provides an ANN model for predicting the torque
and fuel consumption of a gasoline engine. Rahimi Ajdadi and Abbaspour [111] applied
ANN and stepwise regression to predict tractor fuel consumption. Also, ANNs were
used to evaluate different gasoline characteristics using radial systems. A genetic
algorithm (GA) was utilized as an optimization algorithm to optimize the maximum
number of neurons and extend the model. The results show that the developed model
is suitable for estimating effective and accurate empirical data. In addition, the
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comparison between this model and a previously reported model in the literature shows
the superiority of this model

As can be seen, regarding the importance of the gasoline issue, several studies have
been conducted on gasoline price and consumption forecast using smart methods. In
the present study, we extend the ANN-based study of Baba Zadeh [IX] on gasoline
consumption. The novelty of the present work is that none of the previous studies has
forecasted gasoline consumption on daily, weekly, and monthly bases. Therefore, in
this research, demand for gasoline is predicted based on the data from the time series
data of the Statistical Center of Iran using the ANN method on daily, weekly, and
monthly bases. These data include the amount of gasoline sold at the gasoline stations.
The remainder of this multi-section research project is organized as follows. Section 2
shows the stages of the prediction model using data mining. Section 3 is an analysis of
the prediction model. Finally, Section 4 provides some concluding remarks

Il.  Steps of the Gasoline Consumption Demand Forecast Model
The stages of each of these three phases can be summarized as follows:

e Data pre-processing

e Forecasting

e Data post-processing (method evaluation)
The most important feature of this study is introducing a comprehensive model for
predicting gasoline consumption (daily, weekly, and monthly) and storing the obtained
data in a database. To this end, different configurations of neural network methods were
combined.

e The overall structure of the proposed approach is summarized in the

following.
2. Weekly
Stage 1. Data pre- S 3. Monthly
Pprocessing .
4. Seasonal

L T

Collection of Tehran Integration of data on Normalization of data
i > gasoline stations in 5 > using maximum and

gasoline station data
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Seperation of training
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Figure 1. Conceptual model of the research
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The first stage in the conceptual model:

Data preparation

At this stage, which is the most elementary stage in the methodology, data in the fuel
database are prepared for data mining and analysis. This section is divided into the
following sub-sections:

e Data collection and aggregation
e Data normalization
e Missing data

Standardization of data

In this step, the normalization process is done on the data. Due to the difference in the
unit of each of the indices, it is necessary to standardize the values of these indices
based on a similar unit. Normalization has been used to normalize the data in this
research. This method applies a linear transformation to the original data as follows:

The missing data

In this research, the identification technique was used to correct incomplete or missing
data.

e Identification
Another way to deal with incomplete data is to use a common value to determine an
incomplete attribute. In this way, it is not required to delete the entire record just due
to the uncertainty of a particular value.

I11. The Second Stage of Gasoline Consumption Forecast

At this stage, after pre-processing the data and preparing them for modeling,
the training data are separated and the necessary tests are performed for using these
data in the ANN. In this research, an ANN approach combined with the Levenberg-
Marquardt (LM) algorithm was used in order to predict gasoline consumption.

Neural networks are based on simulating the behavior of biological nervous systems.
Since the 1950s, ANNs have been used persistently to predict in the target attribute
regression and classification fields. The neural network is a directional graph composed
of a series of nodes called neurons. The nodes are connected with arches, called
dendritic or synapses. Each arch has a specific weight, and there is an activation
function on each node that is applied to the input values to the node. The inputs are
imported to the node by arches, and each arch has its own weight. The learning phase
is done by introducing the observations contained in the training data set and adjusting
the weight of the arcs.

The reasons for using ANNSs to predict fuel consumption are their high efficiency and
no need for initial assumptions. In addition, this method is also used extensively in the
literature.

The multi-layer perceptron (MLP) feedforward network is one of the most important
ANN architectures. Typically, these layers consist of a set of sensory units (basic
neurons) as an input layer, at least one hidden layer, and an output layer. The input
signal is transmitted through the network and in the forward direction in a layer-to-
layer manner. This type of network is commonly referred to as an MLP
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Levenberg-Marquardt (LM) algorithm: The LM algorithm was selected among
several training methods of error back-propagation because of the faster convergence
in the training of medium-sized networks. The error back-propagation algorithm
changes network weights and bias values in a given direction such that to reduce the
performance function at a faster rate.

The ANN proposed in this study is comprised of an input layer (4 neurons), a
hidden layer (3 neurons), and an output layer (1 neuron). These neurons are connected
through their special weights, which are calculated after training the network.

Post-processing (estimating prediction model)

After estimating each prediction model, it is necessary to compare the ability and
predictive power of the different models in order to determine the best prediction
method. There are several criteria for assessing the performance of various predictive
methods. Among these criteria, mean absolute error (MAE) and mean squared error
(MSE) used to compare the predictive power and select the best method for prediction.
These criteria can be expressed as relations (1) and (2).

IV. The analysis of the proposed model

In this section, gasoline consumption prediction is analyzed for different time
intervals. For this purpose, the data are explained, the proposed approach is performed,
and the results are expressed and analyzed.

Data collection

The data used in this study were collected from the Statistical Center of Iran. The data
available in the database of this organization during the period of 2008-2013 (6 years)
were used in order to forecast gasoline consumption. These data are time series and
include the amount of gasoline sold at the gasoline stations. These values are also
continuous.

Missing data

According to the existing database, we realized that on some days, some gasoline
stations did not sell any gasoline. With further investigation, we found that these values
were zero due to repairs at the gasoline stations. Therefore, assuming that the required
guantities were supplied by other gasoline stations, the applied data of all gasoline
stations in all regions were considered as the gasoline consumed on that specific day.
The following tables summarize the data used for the various time intervals (daily,
weekly, monthly,) for the five study areas.
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Table 1: Basic information on raw data for each region on a daily basis

Table 2: Basic information on raw data for each region on a weekly basis

Table 3. Basic information on raw data for each region on a monthly basis

Aggregation of data
For comprehensive examination and accurate prediction of the amount of gasoline
consumption, all the data of the regions in different periods of time were aggregated.

Normalization

According to the previous literature in the field of prediction, to increase the accuracy
of prediction methods, an MLP with an LM algorithm and an MLP was designed and
normalized based on the time interval. For this purpose, the maximum and minimum
values are determined at each time interval, and then all input data are transmitted to
an interval between 0 and 1.
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V. Daily gasoline consumption forecast based on the proposed model

Regarding normalized daily data and considering 5 different delay modes,
predictions were made and the MSE and MAE criteria were measured. These results
are presented in Table 4.

Table 4. Prediction results of the designed networks based on the MSE and
MAE MSE and MAE for the daily time interval

MLP+LM | 0.0052 | 0.0512 | 0.0050 | 0.0507 | 0.00502 | 0.05070 | 0.0050 | 0.04980 | 0.0050 | 0.490

As shown in Table 4, in the MLP-LM method, the error rate is almost equal for all time
periods. Owing to the less complex computations, for a 2-day mode, this interval is
recommended. In Fig. 2, the correlation coefficient (R) is presented based on model
outputs and real values. As can be seen, the 3-day delay mode has obtained the best fit
for this criterion (R = 0.89492).

Regression: R=0.88929 Regression: R=0.89018

Regression: R=0.89452
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Fig. 2. The R-Chart using the proposed method for the daily time interval

The weekly gasoline consumption forecast based on the proposed model
Regarding normalized weekly data and taking into account 5 different delay modes,
predictions were made, followed by measuring the MSE and MAE. These results are
presented in Table 5.
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Table 5. Prediction results of the designed networks based on the MSE and
MAE for the weekly time interval

MLP+L | 0.477 | 0.130 | 0.011 | 0.0719 | 0.012 | 0.074 | 0.01 | 0.0717 | 0.011 | 0.0763
M 426 714 159 15 42 824 1005 | 31 81 87

In this method, the error rate is approximately equal for 3-week and 5-week intervals.
Because of the less complex computations in the 3-week mode, this interval is
recommended for this purpose.
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Fig. 3. The R-chart using the proposed method for the weekly time interval
The monthly gasoline consumption forecast based on the proposed model

Regarding normalized monthly data and taking into account 5 different delay modes,
predictions were made and the MSE and MAE criteria were measured. These results
are presented in Table 6.
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Table 6: Prediction results of the designed networks based on the MSE and
MAE for the monthly time interval

MLP+ | 0.750 | 0.245 | 0.025 | 0.118 | 5.237 | 0.484 | 2.433 | 0.286 | 0.108 | 0.198
LM 608 696 512 071 976 325 155 458 577 854

As shown in Table 6, in this method, the error rate for the 4-month and 5-month time
periods is very high and thus these intervals are not recommended for prediction.

In the following figures, the correlation coefficient is shown based on model outputs
and actual values. The 3-month and 5-month delay modes have had the best and worst
performance in this method, respectively.
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Fig.4. The R-chart using the proposed method for the monthly time interval

V1. Conclusion

The present study was conducted to propose appropriate methods and
approaches for forecasting gasoline consumption in Tehran using data mining methods.
The results demonstrate the high accuracy of the MLP ANN trained by the LM
algorithm.

In addition, it was observed that when the time intervals become larger, the prediction
power of the method is reduced and more errors are observed. According to the
obtained results, it can be stated that at different time intervals, the appropriate period
for prediction should be detected and then future forecasts should be made. The
research could be updated for future gasoline consumption forecasts by adding newer
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data to the model. Also, the results obtained from this study can be used to plan and
manage the production, distribution, and storage of gasoline in Iran.

In this study, a new approach was proposed to forecast gasoline consumption in Tehran.
The following suggestion may be used to improve this approach.

Using new and affective variables on gasoline consumption

Using extensive data to increase the generalizability of the data and the
accuracy of the models

Using combined statistical and artificial intelligence techniques for more
accurate diagnosis

Considering gasoline consumption forecast on a seasonal basis
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