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Abstract: Today, natural gas stands as the dominant source of
global energy supply. Iran holds the second-largest share of
natural gas reserves, accounting for over seventeen percent of the
world's total. However, it is concerning that gas consumption in
Iran is three times the global average. To optimize planning in the
natural gas supply sector, accurately assessing gas demand is
crucial. Predicting natural gas consumption is vital for shaping
energy policy and serves as a powerful tool for decision-makers,
enabling them to effectively guide consumption and manage the
balance between energy supply and demand. This paper
addresses the challenge of predicting gas pressure at city gate
stations (CGS) and analyzing its relationship with climate change.
A significant issue faced in South Khorasan province during the
colder months is the drop in pressure at these CGS, which stems
from various factors, including the imbalance between gas
production and consumption. Any estimates or forecasts
regarding the pressure levels at these stations, which can serve as
indicators of gas consumption, offer managers valuable insights
to take proactive measures and mitigate potential crises. To tackle
this problem, the study employs machine learning techniques.
Data from CGS stations was sourced from the South Khorasan
Province Gas Company, covering the years 2020 to 2024.
Various scenarios were explored, including time series analysis,
regression models, and the impact of temperature fluctuations on
predictions, leading to the selection of the most effective
approach. A notable strength of this research is the application of
deep learning, a cutting-edge and highly promising machine
learning methodology. Furthermore, this study marks the first
instance of predicting CGS gas pressure. The findings underscore
the significant influence of climate change factors on these
predictions.
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Extended Abstract

Introduction

Natural gas is now the primary source of energy
supply, used in many countries as a clean and
efficient energy source. The vast reserves of natural
gas in lIran, its relatively low price, the welfare it
provides to households due to the ease and

continuity of access, lower environmental
pollution, non-energy uses in the oil and
petrochemical industries, and many other

advantages highlight the important role of natural
gas both at now and in the coming years, in
particular, as one of the main energy suppliers for
various consumption sectors of our country.
However, in terms of consumption, our country
ranks fourth in the world, with a consumption rate
three times the global average and 13 times that of
a country like Japan, which reflects the high
consumption of this God-given energy resource.
Studies indicate that among primary energy
sources, natural gas consumption will experience
the highest growth in the coming years with this
growth being more significant in developing
countries. Given the limited resources, the need for
proper management of natural gas production and
consumption is of great importance to prevent
facing a future crisis. In order to plan better for the
natural gas supply sector, understanding the level
of gas demand in various sectors and forecasting
future demand is of great importance. Predicting
natural gas consumption plays a significant role in
shaping energy policies and is a powerful means
for decision-makers to plan appropriately, guide
consumption, and control supply and demand
parameters for energy. Due to the various factors
that influence energy consumption trends and the
high fluctuations associated with it, the need to use
efficient and accurate models to forecast gas
demand in the country is increasingly felt.
Therefore, developing methods for accurately
predicting gas consumption in the country is
essential. Multiple factors are involved in
forecasting gas consumption. Undoubtedly, one of
the main factors in predicting the level of natural
gas consumption is temperature. A recurring issue,
especially in South Khorasan province, is the
annual drop in gas pressure at city gate stations
(CGS), which is the result of increased overall
consumption with the impact of temperature being
quite evident.

Materials and methods

In this research, we aim to use various machine
learning tools to predict consumption by
interpreting it through the inlet pressure of CGS
stations and to examine the effect of temperature
variations on it. One of the key strengths of this
article is that no prior research has been conducted

on predicting the gas pressure at city gate stations
(CGS), which in some way reflects gas
consumption. Studies that predict gas consumption
by subscribers often face issues of data quality and
measurement  validity. Besides, they face
uncertainty in terms of accuracy due to human
involvement in data collection. In contrast, the
pressure and temperature data from CGS stations
are available automatically without human
intervention and are recorded minute by minute.
Secondly, this paper explores various scenarios for
prediction and identifies the best one. Additionally,
deep learning, as one of the most recent approaches
in the field of forecasting, has been employed.
Finally, it is important to emphasize that in
previous studies, the impact of past intervals on
future predictions was considered equally, whereas
in this paper a weighted combination of past
periods is used.

Result

Based on the research findings, it was observed that
considering temperature is effective in predicting
pressure. Various prediction scenarios and different
machine learning methods were examined, and the
best scenario for training and testing the model was
identified. Finally, predictions were made for time
horizons of one week, one month, and one year. It
is important to note that as the prediction window
increased, model accuracy decreased. For example,
weather forecasts for the next day were more
accurate than for the following week.

Discussion and Conclusion

In this article, the issue of gas consumption
prediction is addressed through the lens of
predicting the inlet gas pressure at CGS stations
and its relationship with climate changes. The
reason for considering inlet gas pressure is that
many studies have examined gas consumption by
subscribers but have not concluded that gas
pressure is independent of temperature. This is
because, in the summer, when household
consumption decreases, a larger share goes to
industries. Conversely, in winter, with an increase
in household consumption, the share for industries
decreases. The initial question in this article was
whether gas pressure is a function of weather
changes. For future work, additional factors beyond
climate changes could be considered as inputs to
the learning system. It is well known that gas
consumption depends on many factors, from
technical to non-technical and even political ones.
Considering these factors not only requires specific
analyses but also presents machine learning with
challenges that could be quite interesting.
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1. City Gate Station (CGS)
2. Deep learning
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3. Supervised learning
4. Classification

5. Unsupervised learning
6. Neuron
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2. Artifitial Neural Networks
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. Decision trees

Gated Recurrent Unit (GRU)
Mean Absolute Error (MAE)

. Root Mean Square Error (RMSE)
. Support Vector Machines (SVMs)
. Grey Prediction Model
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1. Radial Basis Function Networks
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1. Gaussian support vector machine
2. Distributed Representations
3. Sparse Representations



YY o OhBed g 510 e e (blo (5 1 50L 1 oolitnl b (6 b9 2 3B HLaS Julili glaolm] 509,9 51 HLid (S

5> Les 501 Jodlo s 13 555 5 bos 5 oLad i S8 L8 f
Peea=f(P,Pe, Tt) il OF L3k 55,
53 Les 50l any g 55 4w 3 los 5 L5 w58 Sl 0
Psa=f(PuPra, Pra, Tt) il 0F il 55,
Ul oy 208 &S gl o g odd S5 (sl g ki o )
Gl Olpear wlad (5158 a5 sel glaosls gl 1y ow i
L solgdn s lacslss 51 (S dalpt Sltl dlas )
Joe 00T 5l oS wlie Vs 53 oS ol ol 23S la_tas
55 Jod laesss bl 338 laeyss s 0T b, &b
DA SV el on a3 8 53 DG sl 3 i i 2050
2 CGS S o 8 55, S5y olid S el =5l Jos 2
PR R P PP L NP YRP L Rt [ PPN R B
Syl Ol 3
sosba ybeay il 6850 Jie Kl g
O S bt g, 5l i ol 530S oalind Juke Syl
GlaaSd n Goes (5500 ) fa 4 s LI
w2135 o6 'DNN (slaess 5 CNN slaass LSTM

bl o
55 Okl 38O pemn f i ameslisl 5 oLl &bl 5o
L Ol Sals 5ol o8l CBS (gladSansl 58 ,L23 B
13 ol 513 s 3550 1 pa ol s
Wosls 48 gazes N0
ol (s Olal 2 Ozl 58 &5, ) M.z@j@}, slresls
Ol cilies glailiw 43 CGS (slaolKiny! cilise oledb
i35 53 a Oy yoa VFY Sl TR Il Sl et el
Sk 53y S 3 38 Lz aSbulil il s Jl L S
el ol A g5 55 SO L S LR ol Gl
Golal LDl (1) g ol 0315 1440 Laosls slis -l ok
Lled o 4D |y i s e (glaosls

oslizul 350 (losls 48 gozes (5 Ll eI (V) Ju

e o lal

1440 sl
F4£/Y) oSl
ARV Sl Gl ol

VEA i

\¥e 4eS

1. Support Vector Regression (SVR)
2. Convolutional Neural Network
3. Deep feedforward neural networks
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