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Abstract: Accurate prediction of short and medium-term monthly natural gas production in a 

country is the basis for understanding the supply capacity of natural gas in different months, and 

for the timely adjustment of natural gas production and import strategies. In China the monthly 

production of natural gas has obvious seasonal and cyclical variations, thus the use of a traditional 

grey prediction model is not very effective. As a result, a novel grey seasonal model is proposed in 

this paper. This is the Particle swarm optimized Fractional-order-accumulation non-homogenous 

discrete grey Seasonal Model (PFSM(1,1) model). This model enhances the adaptability to 

seasonal fluctuation data in two ways: the seasonal adjustment of the original data, and 

improvement of model self-adaptability. We use monthly natural gas production data of China for 

the period 2013-2018 as samples to predict those for the period 2019-2023. To demonstrate the 

PFSM(1,1) model does indeed exhibit better predictive capability, we also use the Holt–Winters 

model and a seasonal GM(1,1) model to predict monthly natural gas production, and compare the 

results with the model proposed here. The prediction results show that monthly natural gas 

production in China will continue to increase throughout the 2019-2023 period, that the 

peak-to-valley differences in monthly production values will also increase, and that the seasonal 

variations in production will become increasingly pronounced. Moreover, although Chinese 

production of natural gas is increasing, it will still be difficult to meet future demand, and hence 

the gap between supply and demand will increase year by year. We conclude that China needs to 

develop a more complete import plan for gas to meet expected natural gas consumption. 

 

Keywords: Grey seasonal model; Fractional order accumulation; Particle swarm optimization; 

Monthly production of natural gas; Gap between supply and demand  
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1. Introduction 

1.1 Background 

Currently, as China is strongly advocating low-carbon development, natural gas has become 

a key energy choice in China’s future energy strategy. However, natural gas currently accounts for 

a much smaller proportion of China’s energy mix than the global average, and although the 

country has implemented a series of measures to improve its natural gas infrastructure, pricing 

systems and monitoring mechanisms, China has yet to increase this proportion significantly 

because of limits to its natural gas production capacity.  

The changes in China’s natural gas production and consumption growth rates from 2007 to 

2017 are shown in Fig. 1 (data from the National Bureau of Statistics of China 

http://www.stats.gov.cn/). It can be seen from Fig. 1 that in recent years the growth rate of natural 

gas production in China has nearly always been lower than its growth rate in consumption, which 

has worsened the gap between domestic production and demand. To fill this gap, in 2018 for 

example, China imported 121.3 billion cubic meters (bcm) of natural gas, which represented a 

year-on-year increase of 31.9%, and accounted for 12.9 % of global natural gas trade, making 

China the world's largest natural gas importer [1]. The global market for natural gas has long been 

one of oversupply, hence the increase in China's natural gas imports has effectively helped 

stabilize the global gas supply market. Moreover, with the significant increase of liquefied natural 

gas (LNG) trade, the regional natural gas market is expected to increasingly develop into an 

international market. As the world's largest natural gas buyer, China's import volume changes will 

to a certain extent affect the buyer's market initiative, and have an impact on the existing natural 

gas pricing model. 

For these reasons, accurately predicting future production of natural gas in China is important 

for understanding the process of China's reform of its energy structures, including its natural gas 

production, utilization and import strategies, as well as for understanding the development 

prospects of the world’s natural gas market as a whole. 
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Fig. 1 Growth rates of the natural gas production and consumption in China 2007-2016 

Research on the prediction of natural gas production covers multiple time scales and 

prediction perspectives. In terms of time scales, the research can be divided into long-term 

prediction (usually more than five years) and medium- and short-term prediction (less than five 

years), while prediction perspectives reflect mainly differentiating annual forecasting from 

monthly or quarterly forecasting. Different time scales and prediction perspectives reflect different 

aspects of natural gas production, and are complementary, such that each research path is useful. 

Long-term production forecasts support long-term strategy making; while medium and short-term 

forecasts generally support more tactical decisions.  

A review of the literature shows that current studies of China’s future natural gas production 

are mainly long-term forecasts. Examples include the following: A multi-cyclic Gauss model was 

used to predict natural gas reserves and production in the Ordos Basin for the 2011-2030 period 

[2]. Generalized prediction models types I and II, and also the Weng model, have been used to 

make predictions of natural gas production in the Sichuan Basin for the 2021-2030 period [3]. A 

multicycle Hubbert model, and a rolling grey model, have been applied to forecast natural gas 

production of China up to 2050 [4]. Production of conventional gas (including tight gas), coalbed 

methane and shale gas in China up to 2050 have been predicted using multiple methods [5]. The 

multicycle Generalized Weng model has been chosen to predict the long-term trend of natural gas 

production in China up to 2100 [6]. And a geologic-resources supply-demand model was used to 

forecast production of unconventional gas in China to 2200 [7]. These forecasts are mainly of 

annual production, and the prediction periods are long-term, and hence the ‘annual + long-term’ 

perspective is the focus of a large proportion of the research into natural gas production in China.  
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These existing ‘annual + long term’ prediction models provide an important basis for the 

formulation of China’s natural gas development strategies, and help put the country’s natural gas 

development on a scientific basis with a view to avoiding imbalance between the ratios of 

different energy supplies that might follow uncontrolled exploitation of one energy source vs. 

another, and thus help ensure the overall sustainable development of the country’s energy supplies. 

However, this does not mean that medium and short-term predictions of gas production have less 

value, as specific medium and short-term plans for the country’s natural gas development can then 

be formulated, which, if combined with existing policies on environmental factors, technical 

conditions, energy market dynamics and other factors, can support the healthy development of the 

natural gas supply market. 

In this context it is important to note that from a monthly or quarterly perspective, China's 

medium and short-term natural gas production is characterized by significant seasonal and cyclical 

fluctuations, as shown for example in Fig. 2 for the period January 2013 to December 2018. As 

can be seen, production of natural gas in China generally tends to be higher in the autumn and 

winter months, and lower in spring and summer months. This is mainly due to the impact of the 

consumer market, where winter heating in the north of the country increases the amount of gas 

required. However, this important feature of seasonal fluctuations in production seems to have 

received relatively little attention within the academic community, as currently there are only two 

academic studies known to us that focus on forecasting monthly gas production, and both apply to 

shale gas production in the United States. One used a hybrid ARIMA and metabolic nonlinear 

grey model to predict the U.S. shale gas monthly production [8], and the other a method that 

integrated linear and nonlinear forecasting techniques, based on grey theory and artificial 

intelligence, to forecast monthly shale gas production in Pennsylvania and Texas [9]. As far as we 

have been able to ascertain, predictions of monthly natural gas production in China have not been 

reported in the academic literature. 
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Fig. 2 Monthly data of natural gas production in China during the period 2013-2018 

Note: Non-zero ordinate. 

Data sources: 

China’s National Development and Reform Commission (http://www.ndrc. gov.cn/) 

International Gas (http://gas.in-en.com/html/gas-2399865.shtml) 

The China Reporting (http://market.chinabaogao.com/nengyuan/041I302A2018.html) 

The National Bureau of Statistics (http://www.stats.gov.cn/). 

With the increased implementation of air pollution mitigation and clean-heating policies in 

China, we expect that the gas usage peak in winter will continue to grow, and the difference 

between seasonal peaks and valleys in natural gas supply will correspondingly increase 

year-on-year. For this reason, this paper researches prediction models with a ‘monthly + medium 

and short-term’ perspective, to provide an improved understanding of China's natural gas 

production. In addition, the prediction results can provide the data to support investigation of the 

impact of environmental protection and energy policies on natural gas medium and short-term 

supply, and hence in the planning of China's natural gas development.  

In this paper we select a grey prediction model for forecasting the production of natural gas 

in China. This is because such models are designed to reduce the randomness of input data, and 

mine the potential ‘law of data’ through the action of a grey generation or sequence operator, to 

predict the changing trend of a time series when the sample data set is small [10]. Such a model 

has the benefit that it has been widely used in energy forecasting. More specifically, this paper 

proposes a particular type of grey prediction model for monthly gas production of China, that of 

the ‘particle swarm optimized fractional-order-accumulation non-homogeneous discrete grey 

seasonal model (PFSM(1,1)). Details of this model are set out in Section 2 of this paper. 
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1.2 Literature review 

To set the above model into context, this section briefly reviews the application of grey 

prediction models for natural gas forecasting, and introduces some of the different ways that have 

been employed for seasonal improvement for grey prediction models. 

1.2.1 Application of grey prediction models in natural gas forecasting 

Up to now, application of grey prediction models for natural gas prediction has mainly 

focused on consumption and production. For different types of data, researchers have chosen 

different grey prediction models to solve the individual problems faced. The literature related to 

the prediction of natural gas by grey models over the last ten years is summarized in Table 1. 

This table shows that the time-spans of grey models for natural gas prediction are all within 

10 years, which supports the idea that the grey prediction is most applicable to small sample 

prediction. The literature shows that use of grey prediction models over the recent ten years has 

mainly been for the prediction of natural gas consumption, while the prediction of production has 

been less. Moreover, most models have been used for annual prediction, with only references [8] 

and [9] being used to forecast monthly production, and where, as mentioned, these have focused 

on the United States. So far there has been no use of grey models for the prediction of monthly 

natural gas production in China. This paper sets out to fill this gap, and hence better understand 

the developmental changes of natural gas production in China.  

1.2.2 Seasonal improvement of grey prediction models 

With the increasing application of grey prediction models, the forms of data involved are 

becoming more complex. The traditional grey prediction model that is applicable to the data of 

exponential change cannot meet the needs of many practical applications. Data with seasonal 

changes has become of increasing interest in the use of grey prediction models in recent years 

because of its wide application. In order to make the grey model suitable for the prediction of 

seasonal changes, numerous researchers have suggested improvements. The literature on seasonal 

improvements of grey models over the recent ten years is summarized in Table 2. 

As the table shows, while there are many methods for making seasonal improvements to the 

grey prediction model, these mainly focus on two aspects. 1) The first is the improvement of 

model self-adaptability, and where improvements to the GM(1,1) power model based on 

oscillating data accounts for a large proportion of this class of improvement. Moreover, data with 

seasonal fluctuations are oscillating data, and the introduction of the GM(1,1) power model 

designed for oscillating data, and the improvement of its prediction performance, have broadened 

the application field of the grey prediction model, making this model more suitable for the 

prediction of data with different changing trends. Based on the improvement methods of other 
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models, the improvement of model self-adaptability is done either by improving the prediction 

model without changing the trends of the original data, or by the establishment of a combined 

model, so that the model is more suitable for the prediction when using seasonal data. 2) The 

second aspect is the seasonal adjustment of the original data, which is to process the original data 

to eliminate its seasonal change and then use the grey prediction model with these processed data 

in order to achieve better predictions. 

Two studies [41,42] further improve the model by combining the above two improvement 

aspects. The research focus of reference [41] is the oscillation sequence. The basic idea is to 

pre-process the original data through an accelerated translation and weighted-mean generation 

operation, and then modify the background value of the GM(1,1) model to improve its prediction 

accuracy. Reference [42] instead adjusts the initial values by separating out the seasonal index of 

the original data, and then applies an adaptive parameter learning mechanism to the SFGM(1,1) 

model to improve its prediction performance. The model proposed in this paper combines the 

improvement concepts of references [41] and [42]. However, the data processing method and 

prediction model itself that we use are greatly different from those in these two references., and 

where our new method is more suitable for the prediction of monthly natural gas production in 

China. We call our method, the ‘Particle swarm optimized fractional-order-accumulation 

non-homogenous discrete grey seasonal model’, i.e., PFSM(1,1). 
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Table 1 Literature on the application of grey models for predicting natural gas production or consumption 

Reference Authors 
Countries or areas 

covered 
 Research area Time-span 

Research  

perspective 
Methods 

[11] Xunbo Shuai (2010) China Production 1995-2001 Year Grey model based on exponential smoothing  

[12] Li and Wang (2014) China Production 2002-2011 Year 
Grey prediction model based on Generalized Weng Model’s logarithmic 

equation 

[13] Weibing Chen (2015) 
Shanghai, Shanxi and Shaanxi, 

China 
Consumption 2012 Year Grey inhomogeneous model 

[14] Liu et al. (2016) Spain Consumption 2010-2015 Year Grey neural network and input-output combined forecasting model 

[15] Zhang and Yang (2016) 
29 provinces  

China 
Consumption 2016-2020 Year Grey metabolic GM(1,1) prediction model  

[16] Jingying Guo (2017) China Consumption 2006-2015 Year Grey relational degree combination model 

[17] Faheemullah et al.(2017) China Consumption 2014-2020 Year Grey Verhulst Model and the Nonlinear Grey Bernoulli Model 

[18] Ma and Liu (2017) China Consumption 2005-2013 Year Time-delayed polynomial grey prediction model 

[19] Wu and Shen (2017） China Consumption 2013-2015 Year Grey-related least squares support vector machine optimization model 

[20] Ye and Chen (2018) China Consumption 2007-2016 Year Residual grey model 

[21] Zeng et al. (2018) China Production 2017-2025 Year Unbiased grey prediction model 

[22] Song Ding (2018) China Consumption 2015-2020 Year Self-adapting intelligent grey model  

[23] Wang et al. (2018) U.S. Production 2014-2016 Monthly Hybrid ARIMA and metabolic nonlinear grey model 

[24] Ma et al.(2019) Chongqing, China Consumption 2007-2016 Year Fractional time delayed grey model 

[25] Ma et al.(2019) 

UAE,Brazil,Bolivia,Denmark,Ne

therlands,Qatar,Nigeria,Turkmen

istan,Brunei,Ltaly,India 

Production 2008-2016 Year The conformable fractional grey system model  

[26] Hu et al.(2019) Sichuan, China Consumption 2018-2027 Year Fractional order grey neural network combination model 

[27] Wang and Jiang (2019) U.S. Production 2017-2018 Monthly 
Nonlinear metabolic grey model - autoregressive integrated moving 

average model 
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Table 2 Literature on the seasonal improvement of grey models 

Reference Authors Methods Improved aspects Notes 

[28] 
Wang et al. 

 (2011) 

Modeling approach for oscillatory sequences 

based on GM(1, 1) power model 

GM(1,1) power model is a nonlinear gray model, in which power exponents can 

flexibly determine the form of the model. These models improve and optimize the 

GM(1,1) power model in different ways to make it suitable for the prediction of 

small-sample oscillation sequences. 

Improvement of model 

adaptability 

[29] 
Zhengxin Wang 

(2013) 

The oscillating GM(1,1) power model with 

system latency and time-varying parameters 

[30] 
Zhengxin Wang 

(2014) 

Grey forecasting method for small sample 

oscillating sequences based on Fourier series 

[31] 
Wang and Luo 

(2017) 

Fractional order discrete grey GM(1, 1) power 

model based on oscillation sequences 

[32] 
Liang Zeng 

(2019) 

Grey GM(1, 1|sin) power model based on 

oscillation sequences 

[33] 
Yang and Cheng 

(2010) 
Grey-cycle epitaxial combination model Based on GM(1,1) model, the residual periodic epitaxy model is established. 

Improvement of model 

adaptability 

[34] 
Wu and Wang 

(2012) 

Integrated optimum grey support vector machine 

model 

GM(1,1) and support vector machine (SVM) are weighted by particle swarm 

optimization (PSO) to obtain a combined model that minimizes the prediction error and 

makes it more suitable for seasonal data prediction. 

Improvement of model 

adaptability 

[35] 
Zhang et al. 

(2017) 
Modified Grey model using Fourier series 

Using the Fourier series to improve the prediction performance of the original grey 

model 

Improvement of model 

adaptability 

[36] 
Rui Guo 

(2018) 
Grey seasonal variation index model 

The variable prediction equation is transformed by the variable period, and the 

prediction equation suitable for periodic data is obtained. 

Improvement of model 

adaptability 

[37] 
Xiao et al.  

(2013) 

An improved seasonal rolling grey forecasting 

model 

The sequence of seasonal fluctuation is converted to a flat sequence using the cycle 

truncation accumulated generating operation 

Seasonal adjustment of 

original data 

[38] 
Wang et al.  

(2017) 

The data grouping approach based grey modelling 

method 

By grouping the original data according to the seasons, a monotone increasing time 

series is obtained, so as to eliminate the seasonal fluctuation of the original data. 

Seasonal adjustment of 

original data 
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[39] 
Wang et al.  

(2017) 
The seasonal GM(1,1) model 

The seasonal fluctuation of the original data is separated by dividing the original data 

by the seasonal index. 

Seasonal adjustment of 

original data 

[40] 
Qian and Dang 

(2009) 
GM(1,1) model based on oscillation sequences 

It turns the oscillation sequence into monotone sequence by means of accelerated 

translation theory, then using the weighted mean value generating operation. 

Seasonal adjustment of 

original data 

[41] 
Fu and Gao 

(2010) 

GM(1, 1) model with modified background 

values 

After preprocessing the original data with by means of accelerated translation and 

weighted mean value generating operations, the background values of a GM(1,1) model 

was modified 

Both 

[42] 
Wang et al. 

(2012) 
APL-SFGM(1,1) model 

Firstly, the seasonal index of the original data is separated to generate the SFGM(1,1) 

model, then an adaptive parameter learning mechanism is applied to the SFGM(1,1) 

model 

Both 
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1.3 Aim, Contribution and Organization 

As mentioned earlier, China's natural gas production has an important impact on the natural 

gas market of both China and the world, and the aim of this paper is to improve the accuracy of 

predictions of monthly natural gas production in China. Based on the literature review of existing 

natural gas grey prediction models summarized in Table 1, and the seasonal improvements shown 

in Table 2, the main contributions of this paper are shown in Fig. 3, and as follows: 

 

Fig. 3 Contributions of this research 

 

The first contribution of this paper is that we focus on China’s medium- and short- term 

production (MSTP) of natural gas, as well as on seasonal fluctuations in MSTP by using monthly 

data. As stated in section 1.1, both long-term production (LTP) and MSTP analyses are necessary 

and important for better understanding China’s future natural gas production. However, current 

studies mainly focus on ‘annual+LTP’ analysis, and only two studies focus on ‘monthly+MSTP’ 

analysis, and where the latter examine U.S. shale gas production. Therefore, in terms of natural 

gas prediction, ‘China+MSTP+Monthly’ analysis, which we focus on, is a new perspective, and 

constitutes a unique contribution to the research area. 

The second contribution of this paper is that we propose a novel grey seasonal prediction 

model, the PFSM(1,1) model. This model combines two seasonal improvement methods: firstly, 

the monthly data (which exhibit seasonal fluctuations) is summed for each year to obtain the 
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annual data to realize the seasonal adjustment of original data. Secondly, a fractional order 

accumulation operator is introduced into the non-homogenous discrete grey model, and particle 

swarm optimization is used to optimize the model, so as to realize adaptive improvement of the 

model. Although there are many seasonal improvement methods about grey model, the modeling 

idea of the PFSM(1,1) model is novel. In particular, there is no similar research idea in the 

existing literature on the processing method of original data and the combination method with 

seasonal factors. Therefore, PFSM(1,1) model provides a new idea for the seasonal improvement 

of grey model.  

Following the introduction and literature review given above, the remainder of this paper is 

organized as follows: The methods and specific model used in this study are described in Section 

2. The prediction of the monthly natural gas production in China is presented in Section 3. ‘Out of 

sample’ prediction results and discussion are given in Section 4, and the conclusions and outlook 

are given in Section 5. 

2. Methods 

2.1 Model selection 

Research on prediction can be divided into two main approaches. One is factor-driven 

structural prediction (multivariate). This kind of prediction seeks to first determine the influencing 

factors of the target problem, and then to predict this target problem based on future changes of 

these influencing factors. The other approach is data-driven extrapolation prediction (univariate). 

This starts from the historical data of the target problem, and forecasts the future by analyzing the 

data itself. Both methods have their advantages and disadvantages. The first considers the 

influence of external factors on the prediction results, but has the disadvantage that the prediction 

of the target problem depends on the future trend of the influencing factors. It is necessary to make 

corresponding prediction on the influencing factors first, and then use the prediction data to 

predict the target problem, which can cause accumulation of prediction errors and increase the 

uncertainty of the prediction results. The second approach only relies on the target data, which 

hence requires less data, and the prediction method can be simple, but this approach lacks the 

consideration of influencing factors of the prediction process. 

Both kinds of prediction approaches are widely used in academic circles. For example, the 

literature summarized in Section 1.2 follows the second kind of prediction approach, and our 

research here also belongs to this. As for the first prediction approach, in the current prediction 

research of grey model, the data of known influencing factors are mostly taken as samples to study 

the prediction performance of the model [43-45], and it is rare to predict target problems with 

unknown influencing factor data. The research in this paper is to predict the unknown data in the 
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future, at the same time, it is difficult to obtain the influencing factors monthly data of natural gas 

production. Therefore, in order to ensure the validity of the prediction, this paper adopts the 

second approach. In this paper, a type of univariate grey prediction model, the non-homogenous 

discrete grey model (NDGM(1,1)), is used as the basic model on which we carry out both 

optimization and improvement. 

2.2 Meanings of abbreviations, symbols and equations  

In the following sections, we will abbreviate the models’ name. Table 3 shows the 

abbreviations of the models and their corresponding meanings. In addition, the meanings 

represented by symbols and equations are shown in Table 4 and 5 respectively. 

 

Table 3 The abbreviation of the model’s name and their meanings 

Index Abbreviation Meaning 

1 NDGM(1,1) Non-homogenous Discrete Grey Model 

2 NDGMr(1,1) Non-homogenous Discrete Grey Model with Fractional order accumulation  

3 PFSM(1,1) 
Particle swarm optimized Fractional-order-accumulation non-homogenous discrete 

grey Seasonal Model 

4 PSO Particle Swarm Optimization  

5 SGM(1,1) Seasonal GM(1,1) Model 

6 HW Holt-Winters model 

Table 4 The meaning of symbols 

Index Symbol Meaning 

1 (0)X  An original time sequence 

2 (1)X  First-order accumulation generation (AGO) sequence of 
(0)X  

3 ( )rX  r-order accumulation generation sequence of 
(0)X  

4 (0)X̂  The simulation time sequence of 
(0)X  

5 (0)Y
 

The annual data sequence  

6 (0)Ŷ
 

The simulation time sequence of 
(0)Y  

7 r  Accumulation order 

8  The parameter of NDGM(1,1) or NDGMr(1,1) model 

9 B ,Y  The intermediate variables in the calculation of parameter with the least square method 

β

β
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10 ( ) ( )ˆr rXα  r-order inverse accumulated generating operator (IAGO) of 
( )ˆ rX  

11 lS  The seasonal factor 

Table 5 The meaning of equations  

Index Equation Meaning 

1 (1) (1)
1 2 3( 1) ( )x k x k kβ β β+ = + +      The original form of NDGM(1,1) 

2 
(1) (1) 1

1 2 1 3
1 1

ˆ1ˆ ˆ ˆ ˆˆ ˆ( 1) (1)
ˆ1

kk
k k j

j

x k x j
ββ β β β
β

−

=

−+ = + +
−∑  

The time response function of 

NDGM(1,1) 

3 (0) (1) (1)ˆ ˆ ˆ( ) ( ) ( 1)x k x k x k= − −  
The regressive reduction formula of 

NDGM(1,1) 

4 
( ) ( )

1 2 3( 1) ( )r rx k x k kβ β β+ = + +
 

The original form of NDGMr(1,1) 

5 
( ) (1) 1

1 2 1 3
1 1

ˆ1ˆ ˆ ˆ ˆˆ ˆ( 1) (1)
ˆ1

kk
r k k j

j

x k x j
ββ β β β
β

−

=

−+ = + +
−∑  

The time response function of 

NDGMr(1,1) 

6 (1) ( )(1 ) ( )(1 ) ( )(1 )ˆ ˆ ˆ( ) ( ) ( 1)r r r r r rx k x k x kα − − −= − −  
The regressive reduction formula of 

NDGMr(1,1) 

7 

(0)

(0)

( )

( )
l

l

x i
S

x i
=  The expression of seasonal factor 

8

 

(0) 1
ˆ ˆ( ) ( 1)

i
i L

L

S
i

x i y
L L

 − ⋅  − = + ⋅  
 

The restored value of sequence 
(0)X  

2.3 Modeling 

This section introduces the modeling process of the three models, and the relationships 

among the three models are independent and progressive. The PFSM(1,1) model proposed in this 

paper is improved on the basis of NDGM(1,1) model. The improvement process and the 

correlation among models are shown in Fig.4. The modeling process of the three models is 

described in detail below. 

 

Fig.4 Correlation between models 
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2.3.1 The NDGM(1,1) model 

While traditional GM(1,1) model and the discrete GM(1,1) model are suitable for the 

prediction of original data sequences with a homogeneous index trend, in practical applications, 

only a few systems can meet this requirement, as most original data sequences are in accord with 

non-homogeneous index trends. However, the NDGM(1,1) model is seen as a prediction model 

suitable for a non-homogeneous index sequence [46]. Thus the NDGM(1,1) model can solve the 

problem that the traditional grey prediction model cannot, in terms of predicting a 

non-homogeneous index sequence, and extends grey model prediction to a wider application field. 

The modeling process is as follows:  

Let the original time sequence be: (0) (0) (0) (0){ (1), (2), , ( )}X x x x n= L , where the 

first-order accumulation generation sequence of the original sequence is 

(1) (1) (1) (1){ (1), (2), , ( )}X x x x n= L                   (1) 

And where (1) (0)

1

( ) ( ), 1,2, ,
k

i

x k x i k n
=

= =∑ L . 

The NDGM(1,1) model is defined by the equation: 

(1) (1)
1 2 3( 1) ( )x k x k kβ β β+ = + +                          (2) 

where 1 2,β β and 3β are parameters of the NDGM(1,1) model and can be obtained by using the 

least-squares method. The formulas for determining the β  parameters are as follows: 

1

1
2

3

ˆ

ˆ ( ) ,

ˆ

T TB B B Y

β
β
β

−

 
 

= 
 
 
 

                        (3) 

where              (1) (1)

(1) (1)

(1) (1)

(1) 1 1 (2)

(2) 2 1 (3)
, ,

( 1) 1 1 ( )

x x

x x
B Y

x n k x n

   
   
   = =
   
   

− −      

M M M M

 

The time response function of the NDGM(1,1) model is: 

(1) (1) 1
1 2 1 3

1 1

ˆ1ˆ ˆ ˆ ˆˆ ˆ( 1) (1) ; 1,2, , 1
ˆ1

kk
k k j

j

x k x j k n
ββ β β β
β

−

=

−+ = + + = −
−∑ L

          (4) 

The regressive reduction formula of NDGM (1,1) is: 

(0) (1) (1)ˆ ˆ ˆ( ) ( ) ( 1), 2,3, ,x k x k x k k n= − − = L                   (5) 
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2.3.2 The NDGMr (1,1) model  

The difference between grey prediction models and other models is that the data used by grey 

prediction models are the accumulated data, rather than the original data. Use of a fractional order 

accumulated generating operator enriches and improves the grey system theory, satisfies the 

principle of new information priority to a great extent, and improves the prediction accuracy and 

stability of the model [47]. It has been shown that when a fractional order accumulated generating 

operator is applied to the NDGM(1,1) model it much improves the accuracy and stability of the 

model [48]. The modeling process of the NDGM(1,1) model is as follows： 

Let the original non-negative sequence (0)X  have the r-order ( )r R+∈ accumulated 

generating sequence as ( )rX , 

( ) ( ) ( ) ( ){ (1), (2), , ( )}r r r rX x x x n= L
,

 

Set 

( ) (0)

1

1
( ) ( ), 1,2, ,

k
r

j

k j r
x k x i k n

k j=

− + − 
= = − 
∑ L ,               (6)

 

where 
1 1 1 ( 1)( 2) ( 1)

1, 0,
0 ( )!

r k k j r k j r k j r r r

k k j k j

− − − + −      − + − − + − += = =     − −     

L
 

is the general Newton binomial coefficient. 

The equation  

( ) ( )
1 2 3( 1) ( )r rx k x k kβ β β+ = + +                     (7) 

is called the NDGMr(1,1) model; when 1r =  it is the traditional NDGM(1,1)  model . 

Similarly, the parameters are obtained by the least square method: 

1

1
2

3

ˆ

ˆ ( ) ,

ˆ

T TB B B Y

β
β
β

−

 
 

= 
 
 
 

                        (8) 

where              ( ) ( )

( ) ( )

( ) ( )

(1) 1 1 (2)

(2) 2 1 (3)
, ,

( 1) 1 1 ( )

r r

r r

r r

x x

x x
B Y

x n k x n

   
   
   = =
   
   

− −      

M M M M

 

 

The time response function of the NDGMr (1,1) model is: 
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( ) (1) 1
1 2 1 3

1 1

ˆ1ˆ ˆ ˆ ˆˆ ˆ( 1) (1)
ˆ1

kk
r k k j

j

x k x j
ββ β β β
β

−

=

−+ = + +
−∑             (9) 

 For ( ) ( ) ( ) ( )ˆ ˆ ˆ ˆ( (1), (2), , ( ), )r r r rX x x x n= L L , the (0 1)r r< < order inverse accumulated 

generating operator is shown as follows: 

(0) ( ) ( ) (1) ( )(1 ) (1) ( )(1 ) (1) ( )(1 )ˆ ˆ ˆ ˆ ˆ( ) { (1), (2), , ( ), }r r r r r r r rX x k x x x nα α α α− − −= = L L
         

 (10)
 

where (1) ( )(1 ) ( )(1 ) ( )(1 )ˆ ˆ ˆ( ) ( ) ( 1)r r r r r rx k x k x kα − − −= − −
. 

The predicted values are:
 

(0) (0) (0) (0)ˆ ˆ ˆ ˆ(1), (2), , ( ), ( 1),x x x n x n +L L  

2.3.3 Optimization of the fractional orderr based on PSO  

For the NDGMr(1,1) model, the value of order r  has a great influence on the prediction 

accuracy of the model. The main idea of finding the optimal value of r  is to minimize the error 

of the NDGMr(1,1) model. The mean absolute percentage error (MAPE) is usually used to 

represent the model error (the calculation of MAPE is given in Section 2.4). However, the 

determination of the optimal order r requires a large number of repeated operations, which is 

difficult to achieve using traditional methods. PSO can provide a good method for the 

determination of the optimal order r . 

PSO is a random search algorithm based on group cooperation developed by simulating the 

foraging behavior of birds [49-50]. It is often considered a form of swarm intelligence. The basic 

idea of PSO is to find the optimal solution through cooperation and information sharing among 

individuals in the group. The advantage of PSO is that it is easy to implement as it does not have 

many parameters to adjust. It has been widely used in function optimization, neural network 

training, fuzzy system control and other application fields. In this paper, PSO algorithm is used to 

determine the optimal order r . 

The basic flow of PSO is as follows:  

Assume that there are m  particles in a D -dimensional target search space, and the 

position of each particle represents a potential solution. The position vector of the i th particle is

1 2( , , , )D
i i i iX x x x= L , the velocity vector of the i th particle is 1 2( , , , )D

i i i iV v v v= L . Its best 

position is recorded asbestp ，the optimal position searched by the whole particle swarm, which is 

recorded as bestg . In each iteration, particle velocity is updated by bestp  and bestg , and the 

formula to calculate the change of particle velocity is: 

1 1 1 2 2( ) ( )d d d d d
i i i i g iV wv c r p x c r p x+ = = − + −                 (11) 

Jo
urn

al 
Pre-

pro
of



18 
 

where, 1iV +  is the velocity of the updated particle, w is inertia vector, 1r and 2r are random 

numbers varying within [0,1], 1c and 2c are accelerating constants (generally 1 2 2c c= = ), iv  is 

limited by a maximum speed of maxv . 

In each iteration, the position of each particle is modified by velocity vector and position 

vector, and the formula to determine the particle position is 

1i i ix x v+ = +
                            (12) 

where, 1ix +  is the updated particle position. 

Iteration termination conditions are determined according to specific problems, generally 

selected as the optimal position searched by particle swarm to meet the preset minimum adaptive 

threshold or reach the maximum iteration number. 

2.3.4 The PFSM(1,1) model 

When there are obvious periodic fluctuations of the data, the NDGM(1,1) and NDGMr(1,1) 

models discussed in the above sections are no longer applicable due to the inability to effectively 

identify and predict the periodic fluctuation of the time series. Therefore, in this paper we propose 

a new model, the PFSM(1,1) model, which is suitable for data showing periodic fluctuations. The 

basic idea of PFSM(1,1) model is as follows: The monthly data (which contains seasonal 

fluctuations) are summed to obtain the annual data for each year. Then the NDGMr(1,1) model is 

used to predict the annual data, and PSO is used to calculate the optimal order. Finally, the 

seasonal factors are used to restore the prediction results of annual data to monthly data, which 

then contains the original data’s seasonal trends. The modeling process of the PFSM(1,1) model is 

as follows: 

The original time sequence with significant periodic (quarterly/monthly) changes is:  

(0) (0) (0) (0){ (1), (2), , ( )}X x x x n= L                    (13) 

Supposing (0)X  has a period of L, the new sequence of annual data is: 

(0) (0) (0) (0){ (1), (2), ( )},
n

Y y y y m m
L
 = =   

L ,                (14) 

where 
2

(0) (0) (0) (0) (0) (0)

1 1 ( 1) 1

(1) ( ), (2) ( ), , ( ) ( )
L L mL

i i L i m L

y x i y x i y m x i
= = + = − +

= = =∑ ∑ ∑L . 

Then using the Eq.(6) - Eq.(10) in Section 2.3.2 to calculate the following equation: 

 { }(0) (0) (0) (0) (0)ˆ ˆ ˆ ˆ ˆ(1), (2), , ( ), ( 1),Y y y y m y m= +L L
.

            (15) 

where the optimal order is determined by PSO, as in Section 2.3.3. 

The seasonal factor is a measure of seasonal change expressed in relative numbers, which 
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describes the typical seasonal characteristics of time series in different months or quarters.  

The corresponding period average method [51] is used to calculate the seasonal factors 

( 1,2, , )lS l L= L : 

(0)

(0)

( )

( )
l

l

x i
S

x i
=                                  (16)

 

where (0)( )ix i  indicates the average of l -quarter (or month) and (0)x represents the average of 

all quarters (or months). 

The predicted value of the original time sequence is: 

(0) (0) (0) (0)ˆ ˆ ˆ ˆ{ (1), (2), , ( ), }X x x x n= L L                    (17)
 

Where 

    (0) 1
ˆ ˆ( ) ( 1) , 1,2, ,

i
i L

L

S
i

x i y i n
L L

 − ⋅  − = + ⋅ =  
L

             (18)
 

A flowchart to illustrate the above modeling process is shown in Fig.5. 
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Fig. 5 The PFSM(1,1) modeling process 
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2.4 Metrics for evaluating accuracy of the models 

 The mean absolute percentage error (MAPE), root mean squares error (RMSE), mean 

absolute error (MAE) and Theil’s U-statistic (U) which are used for evaluating the models’ error 

are calculated as follows. 

(0) (0)

(0)
1

ˆ1 ( )- ( )
MAPE= 100%

( )=
×∑

n

k

x k x k

n x k
             

         (19) 

(0) (0) 2

1

1
ˆRMSE ( ( ) ( ))

=

= −∑
n

k

x k x k
n

               

        (20) 

(0) (0)

1

1
ˆMAE ( ) ( )

=
= −∑

n

k

x k x k
n             

               (21) 

( )

( )

1
2

1 1
1

1
2

1
1

n

k k
k

n

k
k

FRC ARC
U

ARC

−

+ +
=

−

+
=

−
=
∑

∑
                         

 (22) 

In Eq.(19), Eq.(20) and Eq.(21), (0)ˆ ( )x k  and (0)( )x k  are the predicted values and the 

actual values respectively. In Eq.(22), 1

(0) (0)

(0)

ˆ ˆ( 1) ( )
ˆ ( )k

x k x k

k
F

x
RC +

+ −= , the 1kFRC +  is 

forecast relative change. 
(0) (0

1

)

(0)

( 1) ( )

( )k

x k x k
ARC

x k+ = + −
, the 1kARC +  is the actual relative 

change. The smaller the calculation result of the above formulas, the higher the prediction 

accuracy of the model. 

3. Prediction of monthly natural gas production in China 

3.1 Model establishment 

The monthly natural gas production data for the period 2013 - 2018 in China, drawn from the 

data sources shown in Fig.2, were used in the modeling to predict the monthly production data 

from 2019 to 2023. The aim of this section is to highlight the applicability and accuracy of the 

PFSM(1,1) model. To do so, the Holt-Winters model and the seasonal GM(1,1) model, which are 

both suitable for predicting seasonal data, were also used to predict the same data, and hence 

compare and analyze the accuracy of the different models. It should be noted that the prediction 

errors for each model are obtained by comparing the predicted values and the actual values over 
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the period 2013-2018. The forecast results for future monthly natural gas production (i.e., 

2019-2023) are shown in section 4.  

3.1.1 The PFSM(1,1) model 

The modeling process of the PFSM(1,1) model is as follows. 

Step 1. Firstly, monthly natural gas production data are processed according to Eq.(14), and 

the annual natural gas production sequence 
(0)Y  is obtained by summing. 

{ }(0) 113.62,124.13,126.89,136.64,147.91,158.38Y = .
 

Step 2. Using the NDGMr(1,1) model to predict the
(0)Y , and using PSO to select the optimal 

order 0.43r = , was carried out in MATLAB2016b. Then, the parameters 1 2,β β and 3β are 

obtained by the least-squares method. 

1 2 3
ˆ ˆ ˆ( , , ) ( 0.0452,44.7627,133.3564)β β β = −  

Step 3. The corresponding time response function obtained from the above parameters is: 

(0.43) (1) 1
1 2 1 3

1 1

1

ˆ1ˆ ˆ ˆ ˆˆ ˆ( 1) (1)
ˆ1

( 13.9693) ( 0.0452) 44.7627 ( 0.0452) 127.5893, 1,2,3,4,5.

kk
k k j

j

k
k k j

j

y k x j

j k

ββ β β β
β

−

=

−

=

−+ = + +
−

= − × − + × − + =

∑

∑
 

Step 4. By (0.43)Ŷ , the prediction value (0)Ŷ  can be obtained using 0.57-order IAGO. To 

demonstrate the accuracy of the NDGMr(1,1) model, traditional NDGM(1,1) and GM(1,1) models 

with fractional-order accumulation (GM(1,1)r) [52] were also used to predict
(0)Y . The fitted 

results of these different models are given in Table 6.

 Table 6 The fitted results of different models (bcm natural gas/yr.) 

Year Actual value GM0.0004(1,1) NDGM(1,1) NDGM0.43(1,1) 

2013 113.62 113.62  113.62  113.62  

2014 124.13 120.82  122.76  124.13  

2015 126.89 128.80  128.95  126.76  

2016 136.64 137.64  136.73  136.96  

2017 147.91 147.42  146.53  147.71  

2018 158.38 158.24  158.85  158.38  

MAPE(%)  1.06 0.81 0.10 

Table 6 shows that the MAPE of NDGM0.43(1,1) model is much smaller than the other two 

models, indicating that its prediction performance is the best. Therefore, the prediction results of 

the NDGM0.43(1,1) model are used to make subsequent calculations. 

Step 5. The seasonal factors for monthly natural gas production were calculated by the 

corresponding period average method (Eq.(16)). The results are shown in Table 7. 

Table 7 Seasonal factors for monthly natural gas production 
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Month Seasonal factors (Seasonal factors) / 12 

1 1.0994  0.0916  

2 0.9874  0.0823  

3 1.0610  0.0884  

4 0.9519  0.0793  

5 0.9522  0.0793  

6 0.9213  0.0768  

7 0.9498  0.0792  

8 0.9635  0.0803  

9 0.9079  0.0757  

10 0.9895  0.0825  

11 1.0616  0.0885  

12 1.1546  0.0962  

Step 6. Finally, multiplying each item of (0)Ŷ by (seasonal factors)/12 gives the original 

sequence predicted value(0)X̂ , where the fitted results of the PFSM(1,1) model are shown in 

Table 8. 

3.1.2 The Seasonal GM(1,1) model  

The SGM(1,1) model was established by defining a seasonal accumulating generation 

operator [39]. This is an effective prediction method for data having obvious seasonal changes. 

Using the corresponding period average method to calculate the seasonal factors for monthly 

natural gas production (Eq.(16)), the results are also shown in Table 7. Then, the 1-SAGO is 

generated by seasonal factors and the SGM(1,1) model is established, 

where, the parameters are [ ]
ˆ

0.0054,9.1550
ˆ

T

s

s

a

b

 
= − 

  
. 

The corresponding time response function obtained from the above parameters is: 

(0)
ˆ ( 1)(1) 0.0054( 1)

ˆ ˆ(1)
ˆ ( ) 1705.1681 1695.3704

ˆ ˆ(1)
sa k ks s

s
s s s

b bx
x k e e

f a a
− − − 

= − + = +  
 

. 

From (1)ˆ ( )sx k , the prediction value (0)ˆ ( )sx k can be obtained through 1-order IAGO, and 

the results as shown in Table 8. 

3.1.3 The Holt-Winters model 

The basic idea of the HW model [53] is to decompose a time series having a linear trend, plus 

seasonal changes and random changes, and combine it with exponential smoothing to estimate the 

long-term trend, trend increment, and seasonal change of data respectively, and then establish a 

prediction model. The HW model can deal with the seasonal variations of data effectively and 
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filter out the effects of random fluctuations appropriately. Therefore, it is suitable for the 

prediction of time series with seasonal changes. The HW model’s three basic formulas are: 

where, L  is the length of seasonality, I is the seasonal index, S  is the stable 

composition , b is the linear component, , ,α β γ are the smoothing parameters. 

The HW model’s prediction formula is ( )t m t t t m LF s b m I+ + −= + ,where,m is the number of 

cycles. 

The initial values are calculated as follows:  

1t Ls x += , L
L

x
I

x
= , 1 1 2 1 3 1

1

( ) ( ) ( )

3
L L L

L

x x x x x x
b

L
+ + +

+
− + − + −=

× .
 

For the data prediction of the monthly natural gas production, use can be made of the grey 

wolf algorithm [54] to calculate the smoothing parameters of HW model, which are

0.9303, 0.01, 0.01α β γ= = =  respectively. The results of HW model are shown in Table 8. 

Table 8 The fitted values of the different models (bcm natural gas/month) 

Time Actual value PFSM(1,1) HW SGM(1,1) Time Actual value PFSM(1,1) HW SGM(1,1) 

Jan-2013 11.20  10.41  11.20 10.57  Jan-2016 13.1 12.55  11.89 11.58  

Feb-2013 9.02  9.35  9.02 9.50  Feb-2016 11.97 11.27  11.76 11.55  

Mar-2013 9.93  10.05  9.93 9.86  Mar-2016 12.27 12.11  12.91 11.98  

Apr-2013 9.21  9.01  9.21 8.89  Apr-2016 10.58 10.86  11.10 10.81  

May-2013 8.88  9.02  8.88 8.88  May-2016 10.83 10.87  10.67 10.79  

Jun-2013 8.85  8.72  8.85 8.70  Jun-2016 10.16 10.51  10.51 10.57  

Jul-2013 8.98  8.99  8.98 9.02  Jul-2016 10.31 10.84  10.54 10.96  

Aug-2013 8.90  9.12  8.90 9.20  Aug-2016 10.78 11.00  10.52 11.18  

Sep-2013 8.50  8.60  8.50 8.71  Sep-2016 10.15 10.36  10.18 10.59  

Oct-2013 9.23  9.37  9.23 9.63  Oct-2016 10.83 11.29  11.11 11.70  

Nov-2013 10.01  10.05  10.01 10.38  Nov-2016 12.35 12.12  11.69 12.61  

Dec-2013 10.91  10.93  10.91 11.30  Dec-2016 13.31 13.18  13.44 13.73  

Jan-2014 10.99  11.37  10.99 10.17  Jan-2017 13.1 13.53  12.73 12.36  

Feb-2014 10.40  10.21  10.91 10.14  Feb-2017 12 12.15  11.80 12.32  

Mar-2014 10.95 10.97  11.27 10.52  Mar-2017 13.58 13.06  12.94 12.78  

Apr-2014 9.78 9.85  9.90 9.49  Apr-2017 12.2 11.72  12.20 11.53  

May-2014 9.89 9.85  9.84 9.47  May-2017 11.99 11.72  12.26 11.51  

Jun-2014 9.33 9.53  9.61 9.28  Jun-2017 11.55 11.34  11.67 11.28  

1 1

1 1

(1 )( ),0 1.

( ) (1 ) ,0 1.

(1 ) ,0 1

t
t t

t L

t t t

t
t L

t

x
St S b

I

bt S S b

X
It I

S

α α α

γ γ γ

β β β

− −
−

− −

−

= + − + < <

= − + − < <

= + − < <
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Jul-2014 9.83 9.82  9.69 9.62  Jul-2017 11.74 11.69  11.97 11.70  

Aug-2014 9.89 9.97  10.01 9.82  Aug-2017 11.95 11.86  11.98 11.93  

Sep-2014 9.54 9.39  9.37 9.30  Sep-2017 11.15 11.18  11.31 11.30  

Oct-2014 10.31 10.24  10.44 10.27  Oct-2017 12.41 12.18  12.21 12.48  

Nov-2014 11.07 10.98  11.12 11.08  Nov-2017 12.63 13.07  13.36 13.46  

Dec-2014 12.15 11.94  12.10 12.05  Dec-2017 13.61 14.21  13.85 14.65  

Jan-2015 12 11.61  11.61 10.85  Jan-2018 13.6 14.51  13.01 13.19  

Feb-2015 10.47 10.43  10.82 10.82  Feb-2018 12.59 13.03  12.24 13.15  

Mar-2015 11.15 11.21  11.33 11.23  Mar-2018 13.52 14.00  13.56 13.64  

Apr-2015 9.4 10.05  10.06 10.13  Apr-2018 12.89 12.56  12.18 12.31  

May-2015 9.87 10.06  9.49 10.11  May-2018 12.62 12.57  12.90 12.29  

Jun-2015 9.93 9.73  9.57 9.91  Jun-2018 12.18 12.16  12.28 12.04  

Jul-2015 10.1 10.03  10.26 10.27  Jul-2018 12.96 12.54  12.62 12.48  

Aug-2015 10.42 10.18  10.30 10.47  Aug-2018 12.9 12.72  13.18 12.73  

Sep-2015 9.58 9.59  9.86 9.92  Sep-2018 12.18 11.98  12.23 12.06  

Oct-2015 10.39 10.45  10.51 10.96  Oct-2018 13.42 13.06  13.33 13.32  

Nov-2015 11.11 11.21  11.20 11.82  Nov-2018 14.27 14.01  14.45 14.36  

Dec-2015 12.47 12.20  12.14 12.86  Dec-2018 15.25 15.24  15.60 15.63  

The degree of agreement between the different model fitted values and the actual monthly 

values is shown in Figs.6 and 7. 

 

Fig. 6 The fitted values of different models for the period 2013-2015 
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Fig. 7 The fitted values of different models for the period 2016-2018 

 

3.2 Comparison of prediction accuracy 

To effectively compare the prediction accuracy of the three different models discussed above, 

the corresponding MAPE (Eq.(19)), RMSE (Eq.(20)), MAE (Eq.(21)) and U (Eq.(22)) values 

were calculated. The calculation results (i.e. the errors) are shown in Fig.8. 

 

Fig. 8 The errors of the three models 
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The accuracy criteria of MAPE are shown as Table 9. This is the criterion to determine the 

acceptability of the prediction error. When MAPE value is less than 10%, the prediction accuracy 

of the model is considered as “excellent”, which is a strong argument for its subsequent use.  

Table 9 Criteria of MAPE 

MAPE (%)  Forecasting ability 

< 10  Excellent 

10–20 Good  

20–50  Reasonable   

> 50 Incorrect  

The smaller the error, the higher the prediction accuracy. According to Fig.8, the values of 

MAPE, RMSE and MAE of the PFSM(1,1) model are the smallest among the three models, and 

MAPE value is 2.16%, lower than the target level of 10%. These results quantitatively support the 

proposition that the new model proposed here has a high prediction accuracy, and the ability to 

predict the data exhibiting significant seasonal variation. 

4. Out of sample prediction results and discussion 

4.1 The prediction results of natural gas monthly production during 2019-2023 

The PFSM(1,1) model was finally used to predict monthly natural gas production in China 

for the period 2019 - 2023. The results are shown in Table 10. The variation trend of monthly and 

annual production are demonstrated in Fig.9 and 10. 

 

Table 10 Predicted monthly natural gas production for the period 2019–2023 (bcm/month) 

 Months 
Years 

2019 2020 2021 2022 2023 

Jan. 15.46  16.38  17.27  18.13  18.97  

Feb. 13.89  14.71  15.52  16.29  17.04  

Mar. 14.92  15.81  16.67  17.50  18.31  

Apr. 13.39  14.19  14.95  15.70  16.42  

May. 13.39  14.19  14.95  15.70  16.42  

Jun. 12.96  13.73  14.48  15.20  15.90  

Jul. 13.36  14.15  14.93  15.68  16.40  

Aug. 13.55  14.36  15.14  15.90  16.63  

Sep. 12.77  13.53  14.27  14.99  15.68  

Oct. 13.92  14.75  15.56  16.33  17.08  

Nov. 14.93  15.82  16.69  17.52  18.33  

Dec. 16.24  17.21  18.14  19.04  19.92  

Total 168.77  178.83  188.57  197.98  207.10  
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Fig.9 The actual and predicted month production of nature gas 

 
Fig.10 The actual and predicted annual production of nature gas 

As can be seen from Table 10, during the period 2019 - 2023, natural gas production in China 

for each month is forecast to increase year by year, and will be higher during the winter months 

and lower during the summer months. From Fig.9, the gap in natural gas production between the 

summer and winter months is expected to continue to grow; with the maximum peak-to-valley 
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difference expected to increase from 3.07 bcm during 2018 to 4.24 bcm during 2023. Therefore, 

the demands being imposed on China’s capacity to supply natural gas in a stable manner are 

increasing.  

From Fig.10, annual gas production will continue to grow in the next few years, but the rate 

of growth has slowed, and our predictions shows that the annual natural gas production in China 

will be about 180 bcm by 2020, which is significantly less than the target provided in the 13th 

Five Year Plan for Energy, of 220 bcm by 2020, the gap will be 41.17 bcm. Therefore, under the 

current technological conditions and natural gas development level in China, we judge that it will 

be extremely challenging for China to achieve the goals of the 13th Five Year Plan for Energy. 

Furthermore, the ‘energy consumption structure’ target in the 13th Five Year Plan for Energy is to 

increase the share of natural gas consumption in the primary energy mix to 10% or greater by 

2020. However, our predicted natural gas production of China in 2020 is much less than that 

required to meet this target. Imports will therefore need to increase in the future to meet the basic 

domestic demand for natural gas consumption.  

4.2 Discussion of prediction results 

4.2.1 Discussion on the rationality of the prediction results 

(1) Quantitative analysis 

In order to verify the rationality of the prediction results of PFSM(1,1) model, the projections 

of natural gas production in this paper were compared with those predicted by other research. 

However, as no comparable research has yet released data on the future monthly production of 

natural gas in China, only annual data, a direct comparison is not possible. For this reason, the 

forecast monthly production data in this paper are summarized into annual data, and these data 

used in the comparison. The data to make this comparison were selected from [4], [5], [6], World 

Energy Outlook 2018 published by International Energy Agency (IEA-WEO-2018) and BP 

Energy Outlook 2019 edition published by British Petroleum (BP-EO-2019). These sources 

predict China’s gas production over several decades, but here for a more useful comparison we 

compare predictions only up to 2030. The results of this comparison are shown in Fig.11. 
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Fig. 11 China's predicted domestic natural gas production 

As can be seen from Fig.11, the predictions of natural gas production in China from 2019 to 

2023 given in this paper are very close to those of other literature covering this period, indicating 

that the results of this paper are reasonable. Note that the other studies predicting natural gas 

production in China all focus on the long-term trend, while this paper focuses on the seasonal 

change in the medium and short-term to allow more accurate predictions over this time-frame. 

(2) Qualitative analysis 

The fluctuations of monthly production: as an efficient and clean energy, natural gas is 

favored by the government and the market. The project of changing fuel from coal to natural gas, 

as one of the important measures to improve air quality, has been widely promoted. In the future, 

this project will continue to be carried out on a large scale across the country, with the gradual 

implementation and advancement of various environmental protection policies. The demand for 

natural gas in winter will continue to rise, the seasonal difference of monthly production will also 

continue to expand, and the supply will fluctuate with the change of demand. Therefore, the 

prediction results of this paper show that the continuous expansion of peak-to-valley difference of 

natural gas production in the future is a normal development and change of natural gas supply 

market in the future, which conforms to the actual development situation. 

The fluctuations of annual production: at present, natural gas is still in the early stage of 

exploration and development. In the next few years, with the increase of exploration and 

development efforts, natural gas production will increase significantly. However, due to the slow 

progress of upstream institutional reform and insufficient market competition, the production 
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potential and efficiency of natural gas are far from being released. In the medium and short term, 

the growth momentum is insufficient and the growth rate declines somewhat. In addition, the rich 

areas of oil and gas resources and important ecological function areas are objectively overlapped. 

The current laws and policies lack detailed regulations on hierarchical management and 

classification of production and construction activities in the important ecological function areas, 

so the oil and gas production and construction activities in the ecological function areas are 

limited and their output is also affected to some extent. Moreover, with the continuous progress of 

the project of changing fuel from coal to natural gas and other projects, the pressure of natural gas 

supply continues to increase. However, limited by the long construction period of underground 

gas storage and LNG storage tank, it is difficult to meet the demand of market regulation in the 

short and medium term, thus restricting the healthy development of natural gas market. Therefore, 

according to the prediction results of this paper, the annual production will continue to increase in 

the next few years, but the growth rate will decline, which is a normal change under the regulation 

of the policy and the market, in line with the actual development situation, is reasonable. 

4.2.2 Discussion of nature gas import based on prediction results 

(1) Analysis of natural gas import volume 

If we know the gap between the supply and demand of natural gas in China during the period 

predicted in this paper, a better natural gas import strategy can be formulated. To do this we 

compare the projection of China’s natural gas production in this paper with the corresponding 

consumption data predicted by other research. As with production forecasts, there is no research 

on monthly consumption forecasts, and therefore annual data are used for comparison. The data 

for comparison are mainly published by the mainstream institutions in the world. In addition to 

data from the IEA-WEO-2018 and BP-EO-2019 reports, we also use data from World Oil Outlook 

2018 published by Organization of the Petroleum Exporting Countries (OPEC-WOO-2018) and 

Energy Outlook 2018 published by the China National Petroleum Corporation & Economic 

Technology Research Institute (CNPC-ETRI-EO-2018). The results of this comparison are given 

in Fig.12. 
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Fig. 12 Forecasts of China's domestic natural gas production and consumption from different sources 

The average of forecasts from the four mainstream institutions is used as a benchmark for 

future gas consumption. The ratio between annual natural gas production and consumption from 

2019 to 2023 is calculated and listed in Table 11. 

Table 11 The ratio of production to consumption for natural gas 

Year Ratio 

2019 60.67% 

2020 58.84% 

2021 58.23% 

2022 57.36% 

2023 56.29% 

From Fig.12, China's natural gas consumption predicted by the above mainstream institutions 

are that demand will continue to grow until 2040 (and likely well beyond). By comparing this 

paper’s production predictions for China from 2019 to 2023 with the consumption predicted by 

these mainstream institutions, there will still be a large gap between production and consumption, 

reaching some 160 bcm/yr. by 2023, that is, China will need to import some 160 bcm of natural 

gas per year to meet domestic demand. Taking global gas trade in 2018, of 943.4 bcm/yr. as a 

benchmark, China's imports will account for about 17% of global trade volume in 2023, up over 4% 

in absolute terms from 2018. 

According to Table 11, natural gas production in China currently accounts for about 60% of 

the country’s consumption, with this proportion forecast to decrease year by year, indicating that 
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China's dependence on external gas supply will continue to rise. As this increases, it seems likely 

that China will need to seek opportunities for energy cooperation in more countries, and hence 

greater economic benefits to a greater number of gas exporting countries, with a corresponding 

impact on the development of the world economy. 

(2) Uncertainty analysis of natural gas import   

From the above analysis, it can be seen that the gap between supply and demand of natural 

gas will continue to increase in the future, and imported natural gas will become an important 

source to maintain the normal operation of China's natural gas consumption market. However, 

affected by many factors, there are many uncertainties in natural gas import, which directly affects 

the sustainable and healthy development of China's natural gas market. Therefore, this section will 

analyze the uncertainty of natural gas import from the following aspects to provide a reference for 

making a more reasonable natural gas import strategy. 

1) Natural gas production itself is constrained by infrastructure technology and process, so it 

is unlikely to produce large fluctuations in the short term, and there is less uncertainty, so it will 

show a trend of stable development in the short term. However, in terms of demand, due to its 

own uncertainty, it will indirectly lead to fluctuations in the gap between supply and demand, thus 

affecting China's import of natural gas. Therefore, the uncertainty of natural gas import is mainly 

caused by the uncertainty of demand. At present, the uncertainty of natural gas demand market 

mainly has two aspects: on the one hand is the implementation of environmental protection 

policies. China is in a critical period of air pollution control. Driven by environmental protection 

policies, the demand for natural gas continues to increase, but if policy drivers start to weaken in 

the future, gas demand growth will slow and imports will fall. On the other hand is the rise of 

renewable energy. Natural gas has long been considered as an important low-carbon transitional 

fossil energy. As the production of renewable energy increase, part of the demand for high-carbon 

fossil energy will be replaced by renewable energy, which will reduce the demand for natural gas 

and its import. Therefore, the formulation of China's import strategy should not blindly pursue 

increase, it should be reasonably adjusted according to the changes of policies and the market. 

As China has become the world's largest natural gas buyer, how to ensure a stable supply of 

natural gas imported from overseas is a problem that needs to be paid attention to by all parties. 

One of the characteristics of international natural gas supply is unstable, the change of the 

international situation, the fluctuation of the international energy market will have a great impact 

on China's natural gas import. In addition, transnational natural gas import has never been a 

simple trade issue, and it is necessary to effectively connect the upstream natural gas reserves, 

intermediate transport pipelines and downstream consumer markets. Therefore, fluctuations in any 
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of the intermediate links will increase the uncertainty of China's natural gas import trade. It is 

based on this point that when developing the natural gas import strategy, we should diversify the 

import channels as much as possible, so as to reduce the impact of uncertainties in the import 

process. 

5. Conclusions and outlook 

5.1 Main conclusions 

The two main conclusions of this paper are: 

(1) This paper has proposed an innovative medium- and short-term forecasting model 

applicable to data having significant seasonal variation, which we term the PFSM(1,1) model. In 

this model, two approaches (i.e., the improvement of model self-adaptability and of seasonal 

adjustment of original data) are combined to provide an innovative PFSM(1,1) model for the 

prediction of seasonal data. We then compared this model using monthly natural gas production 

data for China with the HW and SGM(1,1) models, which are also suitable for predicting seasonal 

data. The results show that the predictive errors of the PFSM(1,1) model were substantially less 

than with the other two models. 

(2) Prediction of natural gas production over the medium- and short-term, and including 

especially over monthly periods, has seen very little research, and constitutes something of a 

‘research gap’. In this paper we used the PFSM(1,1) model to predict monthly production of 

natural gas in China for the period 2019-2023. The results showed that China's production of 

natural gas will continue to increase in the short and medium term, and that the seasonal variations 

in this production will also continue to increase over this period. Furthermore, the results indicate 

that China is likely to produce about 180 bcm/yr. of natural gas by 2020, which is considerably 

less than the production target outlined in China’s 13th Five Year Plan for Energy, for this date of 

220 bcm/yr. This difference results in a bigger gap than expected between supply and demand, 

and indeed our forecast is that by 2023, China will have to import some 160 bcm/yr. of natural gas 

to meet demand. It can be expected that this rapid growth in natural gas imports is likely to have a 

significant impact on the international natural gas market. 

5.2 Limitations and future research directions  

The category of predictive model used in this paper is univariate data-driven extrapolation 

prediction, which is based on historical and realistic trends of the system in a scientific manner. 

Therefore, the predicted results are the basic trend when the potential influencing factors in the 

future are not significantly different from the historical situation. It has been proved by a great 

deal of evidence that the development process of things, although it may sometimes involve 

certain leaps, is mainly gradual, so the predictions in this paper are a scientific and reasonable 
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judgement of future trends. However, if future external factors such as policies, market conditions 

and technologies change significantly, the actual situation may be greatly deviated from the 

forecast results. But the forecast results of this paper can still be used as the reference for the 

assumption that there is no change, so as to quantify the specific impact of the external factors 

change. 

The forecasts in this paper are primarily from a data-driven perspective, and do not consider 

the possible influence of external factors. Future research could expand forecasts to include a 

range of external factor driven perspectives and consider the influence of these on the prediction 

results. In addition, while considering external factors, other prediction models, such as ARFIMA, 

ARIMA and VAR, can also be used to make corresponding predictions based on the same data of 

this paper, so as to reflect the accuracy and rationality of the prediction results in this paper. 

This paper mainly focuses on the forecast of national natural gas production, however, due to 

the differences in resource distribution and economic development, energy consumption and 

energy supply in different regions of China can be quite different than for the country as a whole. 

Our future work will focus on the natural gas market in different regions within China, so as to 

better analyze these markets which face different economic and resource conditions. We can also 

compare the natural gas production of China with that of other parts of the world in order to better 

understand the development prospects and risks to China's natural gas supply market.  
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Highlights 

� A novel grey seasonal model with particle swarm optimization (PFSM(1,1)) is proposed. 

� The PFSM(1,1) model has the lowest prediction errors compared to other models. 

� The proposed model is used to predict China’s monthly natural gas production.  

� The predict results show that China’s gas production will continue to increase. 

� The gas production can’t meet the demand and the gap is forecasted to increase. 
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